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A B S T R A C T   

A scalar intensity measure (IM) could be insufficient to represent the earthquake intensity and variety in fragility 
estimation. Introducing multiple IMs to conventional regression of fragility functions can be computationally 
demanding and require priori assumptions of functional forms. In this study, multivariate seismic classifiers with 
multiple IMs as inputs are developed based on artificial neural networks (ANNs) to address the above disad
vantages of traditional regression approaches. Case studies of a four-story code-conforming benchmark building 
indicate that fragility estimates from multi-IM ANN classifiers lead to higher accuracy (5.0% to 7.7%) in system- 
level and element-level damage classification than the single-IM traditional fragility curves. Further studies of IM 
combinations show that the ANN performance can be improved by more IMs correlated with structural responses 
while compromised by redundant irrelevant IMs. The optimal IM set should be determined by correlation ranking 
and ANN predictive performance together. Moreover, the ANN configuration of the case-study building is 
optimized with five readily available IMs as inputs, which enable a near real-time (within 0.3 ms) prediction of 
future earthquake damage while maintain high predictive performance. Overall, the multivariate ANN seismic 
classifier can be a promising tool for simultaneous seismic fragility estimation and damage assessment.   

1. Introduction 

Seismic fragility analysis has been widely used in performance-based 
earthquake engineering. It mainly estimates the probabilities of a 
structure entering various limit states of interest as a function of a 
ground motion intensity measure (IM), which is often referred to as 
various smooth fragility curves based on a scalar IM. Mathematically, 
the fragility estimate can be defined as a probability of an engineering 
demand parameter D exceeding the structural capacity C, conditioned 
upon an IM through an approximate fragility function p[D > C|IM]. The 
accuracy of the traditional fragility curves largely depends on whether 
the selected IM sufficiently characterizes the earthquake record-to- 
record variation [1], because the earthquake variation has been 
widely demonstrated to be the primary uncertainty in seismic fragility 
analysis and damage evaluation [2–5]. Traditional smooth single-IM 
fragility curves were usually generated by the Cloud method [6], In
cremental Dynamic Analysis (IDA) [7], Multiple Stripe Analysis (MSA) 
[8], and the improved approaches based on the former metamodels 
[9–12]. The Cloud method is introduced to illustrate the generation of 
traditional single-IM fragility curves. In the Cloud method, a seismic 

demand model needs to be built as shown in Equation (1), 

D̂ = aIMb or lnD̂ = b∙lnIM + lna (1) 

where D̂ is the median estimate of engineering demands in terms of 
IM with two regression parameters a and b. In the logarithmic space, lnD 
is assumed to follow a normal distribution with its median lnD̂ given in 
Equation 1 and the standard deviation βD|IM estimated from Equation (2), 

βD|IM ≅

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑ [

(lndi) − ln
(
aIMb

i

)]2

N − 2

√

(2) 

where di and IMi correspond to the engineering demand D and IM of 
the ith ground motion record, and N is the total number of used ground 
motion records. The probability of D exceeding a certain demand d at a 
certain IM level is defined as Equation (3), 

p[D ≥ d|IM] = 1 − Φ

[
lnd − ln

(
aIMb)

βD|IM

]

(3) 

where Φ[.] is normal distribution function. The median value Ĉ of the 
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structural capacity C is also assumed to follow a lognormal distribution. 
Thus, in conjunction of these two lognormal distribution models, the 
probability of seismic demand D exceeding C at a certain IM level, i.e., 
the fragility estimate p[D > C|IM], can be calculated by Equation (4), 

p[D ≥ C|IM] = Φ

⎡

⎢
⎣

ln(D̂/Ĉ)
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
β2

D|IM + β2
c

√

⎤

⎥
⎦ (4) 

where βc is the lognormal standard deviation of C. Although the 
Cloud method is mainly based on statistical assumptions, it has been 
widely used due to its simplicity and reliability [13–16]. 

With the wide application of fragility function Equation (4), different 
improvements were proposed to enhance the fragility estimation. For 
example, robust fragility curves based on a single IM with a desired 
confidence interval were proposed to better consider the earthquake 
variation [12,17,18]. However, the uncertain fragility range instead of a 
determinate fragility value made it hard for the post-earthquake loss 
estimation and response decision making. On the other hand, vector- 
valued IMs with two or more elements were introduced based on the 
traditional regression approaches [19–23], to address the insufficiency 
of a scalar IM in fragility estimation. Du et al. [24] used stepwise 
regression methods based on the second order polynomial response 
surface model and second order polynomials to build the vector-IM 
seismic demand models for non-collapse and collapse states of the 
structures, respectively, to facilitate more accurate and reliable regional 
seismic risk estimates. However, introducing multiple IMs to conven
tional regression of fragility functions could be computationally 
demanding and require priori assumptions of functional forms (e.g., 
interactions between IMs). In the past two decades, multi-parameter 
ANNs have been widely used for the continuous estimation of seismic 
demands [25–31] to address the above disadvantages of conventional 
regression approaches. Fragility estimates based on these ANN contin
uous seismic demand models were demonstrated to be close to those of 
the traditional single-IM fragility curves. Recently, Kostinakis and 
Morfidis [32] and Morfidis and Kostinakis [33,34] used ANNs as a 
classifier to classify the earthquake-induced damage states of reinforced 
concrete (RC) buildings. In their studies, up to 14 IMs were selected as 
feature inputs of ground motion records and a significant conclusion was 
that ANNs could reliably and rapidly predict the damage states of RC 
buildings in real time after an earthquake. However, despite the suc
cessful application of ANNs in seismic damage classification, a simul
taneous seismic fragility estimation is still absent, which is critical for 
the post-earthquake loss estimation. 

To facilitate the simultaneous, direct end-to-end mapping of multiple 
IMs to not only the seismic damage classification but also the seismic 
fragility estimates, we develop the multivariate ANN seismic classifiers 
in this study. We first introduce the methodology of the multivariate 
ANN seismic classifiers, similar to the methodology in [32–34]. We then 
prepare training data based on the nonlinear time history analysis 
(NLTHA) of a code-conforming benchmark building. Next, a system- 
level ANN seismic classifier is trained to evaluate the global damage 
of the benchmark building. Different IM selections are used to train the 
system-level ANN classifier in order to shed some light on IM selection. 
The fragility estimates and damage classification of the system-level 
multi-IM ANN classifier are compared with those of the single-IM ap
proaches. Furthermore, 72 element-level multi-IM ANN classifiers are 
trained to predict the local beam and column damage states. A damage 
map of beams and columns is generated by the 72 ANN classifiers and is 
validated by the map from NLTHA results. Similarly, different IM se
lections are used to train the element-level ANN classifiers to study the 
influence of IM selections on the ANN performance. For practical ap
plications requiring computation-efficient training and deployment, a 
unified element-level ANN classifier is trained to predict the damage 
states of all elements instead of 72 individual classifiers. Both the 
system-level and element-level multi-IM ANN seismic classifiers of the 

benchmark building are retrained with five IMs that are readily avail
able from the ShakeMap product by the United States Geological Survey 
(USGS) organization [35]. With these five readily available IMs, the 
multi-IM ANN seismic classifiers of a target structure can generate the 
fragility estimates and predict the resulting damage state of a future 
earthquake event in near real time. Finally, a few conclusions are drawn 
and future studies are directed. 

2. Methodology of the multivariate ANN seismic classifier 

A structure can be regarded as a classifier of ground motion records, 
which categorizes records to different resulting damage states of the 
structure. The classification function of a structure can be simulated by 
multivariate ANN seismic classifiers. Taking the system-level ANN 
classifier as an example, the classifier can be built by a three-layer 
perceptron shown in Fig. 1. The ANN input layer consists of an 
ensemble of selected IMs from the IM candidate pool listed in Table 1, 
which represents different characteristics of ground motion records like 
the intensity, duration, and frequency etc. Although flexible, two hidden 
layers with 20 hidden neurons in each layer are a good option to start 
with [36,37]. The output layer contains five output neurons corre
sponding to five damage states of the benchmark building: None, Slight, 
Moderate, Extensive, and Complete defined in HAZUS [38]. Neurons from 
layer to layer in the ANN classifier are fully connected by synaptic 
connections. Synaptic weights are assigned to these connections to form 
the weight matrices WL1

20,N+1, WL2
20,21, and WL3

5,21, as shown in Fig. 1. The 
activation functions σ1(∙) and σ2(∙) in the two hidden layers are rectified 
linear units (ReLU), given in Equation (5) [39], and the activation 
function σ3(∙) in the output layer is a softmax activation function 
defined by Equation (6) [40,41]. 

σ1(s) = σ2(s) =
{

0 if s ≤ 0
s if s > 0 (5)  

σ3(s) =

{
esi

∑J
k=1esk

}

, i = 1, 2,⋯, J, J is the length of vector s (6) 

Steps 1–4 represent the process of how the IMs of a ground motion 
record are fed forward in the ANN seismic classifier to generate the 
fragility estimates and damage classification. In Step 1, the vector X =

{1, x1, x2, x3,⋯, xN} comprised of N + 1 elements is input to the ANN 
seismic classifier, where 1 is the bias item and xi, i = 1, 2,⋯,N are the 
selected N IMs of the record. In Step 2, X is propagated into the hidden 
layer L1 to output a new vector aL1 = WL1

20,N+1⋅XT (T means vector 
transposition). The elements of aL1 will be fed into the 20 hidden neu
rons to pass through the activation function σ1(∙). Then, the new vector 
ZL1 = {1, σ1(aL1 ) } is produced by the L1 hidden layer, as the input to 
hidden layer L2. In Step 3, similar to Step 2, the output of L2 plus the 
bias item forms ZL2 = {1, σ2(aL2 ) } as the input to output layer L3, where 
aL2 = WL2

20,21⋅ZL1 T. In Step 4, a vector aL3 = WL3
5,21⋅ZL2 T and its softmax 

activation function ZL3 = σ3(aL3 ) are calculated. Here, ZL3 consists of five 
elements that represent the probability estimates of different damage 
states. Then, the damage state resulted from the ground motion record is 
categorized to the state that corresponds to the largest damage proba
bility estimate. The arrow line on the top of Fig. 1 depicts the feedfor
ward direction of the multiple IMs in the ANN seismic classifier to output 
fragility estimates and damage classification. 

The performance of ANN seismic classifiers highly depends on the 
synaptic weights and the activation functions, which determine the in
formation propagation in the ANN architecture. The activation function 
ReLU is selected for the two hidden layers due to its computational ef
ficiency and convergence [42]. The softmax activation function is used 
in the output layer which has been widely used in ANN multi
classification tasks [43]. The optimal synaptic weights can be obtained 
through ANN training to achieve the best performance. Before training, 
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a suite of ground motion records is collected as training samples. The 
resulting damage states to the structure by these records are obtained 
from NLTHA as the ground-truth states. Then, the IMs of training sam
ples are fed into the ANN classifier to predict the damage states. The 
ANN predicted damage states are compared with the ground-truth states 
to calculate the classification error. An error function of cross-entropy 
loss is used to calculate the classification error E [44], as defined in 
Equation (7), 

E = −
∑J

k=1
ykln

(
ZL3

k

)
(7) 

where yk (0 or 1) is the label of the kth damage state, and ZL3
k is the 

output in Step 4, which is a function of input X and all learnable synaptic 
weights W (WL1

20,N+1, WL2
20,21, and WL3

5,21). Therefore, E is a function of 
input X and W. The classification error E(X, W) is backpropagated from 
the output layer to the first hidden layer through the gradient ∂E(X,W)

∂W via 
the gradient Chain rule. During the backpropagation, the learnable 
weights will be updated by Equation (8), 

Wnew = Wold − η ∂E(X,W)

∂W
(8) 

where η is a small positive value, known as the learning rate. Equa
tion (8) is a basic gradient descent optimization algorithm. There are 
many more advanced optimization algorithms that can be found in the 
widely available literatures [45]. The training samples can be iteratively 
fed into the ANN classifier and in every iteration the learnable weights 
will be updated. When the best performance (usually lowest classifica
tion error on a separate test dataset) is achieved, the training process 
stops. To build the multivariate ANN seismic classifier for a target 
structure, the seismic responses and damage states of the structure under 
selected earthquake records are first obtained through NLTHA. Each 
record will then be labelled by its resulting damage state. Next, an IM- 
vector X of each record is calculated to characterize the record. IM 

vectors of many records are iteratively fed to the ANN seismic classifier 
until the classifier performs well on a separate test set of ground motion 
records. Finally, a well-trained ANN seismic classifier can be used to 
generate the seismic fragility estimates and damage evaluation of a 
future record based on its IMs. 

3. Data preparation for multivariate ANN classifiers 

3.1. The benchmark building 

A representative, code-conforming RC benchmark building is 
selected to conduct the case study of the multivariate ANN seismic 
classifiers [46]. According to Haselton et al. [46], the four-story rect
angular building of 4 × 6 bays resisted lateral loads through four 
moment-resisting frames around its perimeter, which was designed to 
comply with the 2003 International Building Code. The building was 
designed for the Los Angeles basin to represent a typical urban site in the 
high seismic region of California. Out of eight structural design options 
from A to H, Design A scheme is selected as the case-study structure. 
Table 1 shows the design information of its beams and columns. The 
perimeter frame of Design A is shown in Fig. 2(a). Fig. 2(b) represents 
the distributed-plasticity fiber element model [47]. Beams and columns 
are discretized into fibers and each fiber element has five integration 
points along its length. Nonlinear hysteretic characteristics of the 
element cross sections are captured by the uniaxial materials in Open
SEES [48], Concrete02 material model for unconfined and confined 
concrete (a nominal compressive strength 35 MPa), and Steel02 material 
model for reinforcement (a yield strength 460 MPa), respectively. Fig. 2 
(c) shows the static pushover curves from [46] and this study, respec
tively. The lumped plastic hinges of an extra gravity frame caused a 
convergence problem in [46], which was addressed by gradually 
increasing the convergence tolerance and switching among multiple 
solution algorithms at each analysis step. Thus, the simulation time of 

Fig. 1. The architecture of propsoed multivariate ANN seimic classifiers using multiple IMs as input and damage states resulted from ground motion records 
as output. 

Table 1 
Beam and column section properties.   

Beam Column 

Section Tag BS2 BS3 BS4 BS5 CS1 CS2 CS3 CS4 CS5 CS6 

h (inch) 42 36 32 32 30 40 33 34 30 28 
b (inch) 24 24 24 24 30 30 30 30 30 24 
Long. Bar # 9 9 9 9 9 10 9 8 9 8 
ρg (%) 1, top 1, top 0.9, top 0.8, top 2.7 1.8 2.4 1.2 1.8 1.6 

0.8, bot 0.8, bot 0.6, bot 0.5, bot  
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more than 20,000 records would be significantly increased. Since the 
gravity frame was not typically considered to provide lateral resistance 
for the building [46], we only simulated the perimeter frame in this 
study to facilitate the NLTHA. A close pushover result to that of [46] was 
obtained as shown in Fig. 2(c), which validated our model only 
including the perimeter frame. Without the gravity frame, the 
perimeter-frame model converges under large deformations. Modal 
analysis shows that the fundamental period of the perimeter-frame 
model is 0.724 s (s for second), slightly shorter than 0.75 s of the orig
inal flexible-base model. Haselton et al. [46] also indicated that there 
was no statistically significant difference between the results of fixed- 
base and flexible-base models. Overall, the perimeter-frame model in 
this study can capture the structural properties of the benchmark 
building. Similar to the multi-IM ANN seismic demand model [31], we 
focus on the record-to-record uncertainty in this study and do not 
consider the material uncertainty which has been found to have very 
minimal influence on the seismic demand in previous studies [2–5,31]. 
Since only one RC building is used as the case-study structure, the 
structural geometry uncertainty is not considered in this study and 
recommended to be included in the input to ANN classifiers when many 
structures in the same class are studied. 

As reported in [46], the peak drift ratio at collapse of the benchmark 
building would be in the order of 0.07–0.12. According to [38], for a RC 
moment-frame structure of 4–7 stories located in seismic active zones 
with most stringent seismic design requirements, like this selected office 
building in Los Angeles, the mean interstory drift threshold of Slight 
damage state is at 0.0033, Moderate at 0.0067, Extensive at 0.0200, and 
Complete at 0.0533. The threshold of Complete state conservatively in
cludes the collapse range in [46]. These threshold values of HAZUS can 
lead to reasonable damage classification of the benchmark building 
based on the response range given in [46]. Therefore, a peak interstory 
DR < 0.0033 is defined as the damage state None, 0.0033 ≤ DR < 0.0067 

as Slight, 0.0067 ≤ DR < 0.02 as Moderate, 0.02 ≤ DR < 0.0533 as 
Extensive, and 0.0533 ≤ DR as Complete. 

3.2. Ground motion records 

A total of 1,993 ground motion records with their peak ground ac
celeration (PGA) larger than 1.47 m/s2 are selected from the Pacific 
Earthquake Engineering Research Center (PEER) database 
(https://ngawest2.berkeley.edu/). Fig. 3 shows the locations of the 
selected earthquake events around the world, indicated by dots. The 
main consideration of this selection is to include a wide variety of re
cords with different combinations of IM values. The preliminary PGA 
threshold is used mainly for the selection of strong ground motions such 
that enough severe damage states can be obtained. However, only 7 
ground motion records of the original 1,993 records lead to Complete 
failure of the perimeter frame. In order to obtain enough Complete-state 
records in this study, one way to generate a large number of strong re
cords is to scale up the historical ground motions [7] and realistic re
cords could be obtained when the scaled records reach the target 
pseudo-spectral acceleration level at the fundamental period of the 
structure [49]. But excessive scaling can introduce bias to the numerical 
seismic response and a proper scaling limit is controversial. 

According to [49], acceptable ground motion scaling limits varied 
widely from one (no scaling) to 10 or more in the engineering seis
mology community to limit excessive scaling of ground motion records. 
They found the scale-induced bias in seismic response also depended on 
the structural properties, intensity and considered dynamic responses, 
validated by other studies in [7,50]. Haselton et al. [46] scaled the 
ground motions up to 5 times in their study of the benchmark building, 
including near-fault ground motion records that are representative to 
the Los Angeles area. Since the main purpose of scaling is obtaining 
ample strong records of the Complete state instead of reaching a specific 

Fig. 2. Modeling and analysis of the perimeter frame: (a) elevation view of the frame; (b) illustration of the fiber distributed-plasticity element; (c) static pushover 
curves of Haselton et al. (2008) and this study. 
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target pseudo-spectral acceleration level or fitting to a specific 
geographical area, the original 1,993 ground motion records are simply 
scaled by the acceptable limits of 2 to 10 times in amplitude with an 
increment of 1, which is a common way to obtain enough strong records 
in other studies [10,30,46,59–61]. The scaled ground motions amount 
to a pool of 19,930 training samples. In addition, 2,500 spectrum- and 
energy-compatible synthetic accelerograms from the original ground 
motion records are generated [54], to enrich the variety of training re
cords. All together of the historical, scaled, and artificial records, 22,430 
accelerograms are collected and are used to run the NLTHA of the 
benchmark building. To make sure that the scaled and artificial ground 
motions result in realistic seismic responses, we further screen the 
ground motion records based on their DR responses and exclude the 
records whose DRs are higher than 0.12 of the collapse range. The main 
reasons are that excessive DRs beyond the collapse range are unrealistic 
[46] and not suitable for building the traditional fragility curves in the 
later comparison to ANN classifiers. Therefore, they are excluded to 
guarantee fragility curves and ANN classifiers are compared by the same 
training and test datasets. A later examination of the excluded ground 
motions indicates that most of them are scaled with a factor over 8. The 
remaining 17,647 accelerograms were divided into five groups accord
ing to their DRs: 4,467, 3,249, 5,112, 3,953, and 866 ground motions 
labelled as None, Slight, Moderate, Extensive, and Complete state, 
respectively. Particularly, the 866 Complete ground motions are dis
aggregated into 327 and 511 records that result in the mechanism of first 
(37.8%) and third (59.0%) story, respectively, which are in general 
agreement with first (39%) and third (61%) story failure mechanism in 
[46]. To ensure the high performance of trained ANN ground motion 
classifiers, 866 records were randomly selected from each limit state 
(except for the Complete state) to form a balanced big dataset of 4,330 
samples. 

3.3. Intensity measures 

IMs of the selected 4,330 ground motion records are calculated and 
used as input to the ANN seismic classifier. Many IMs have been pro
posed in the past to characterize a ground motion record. The correla
tion between different IMs and structural responses has been widely 
studied [1,35,55–61]. Since this study focuses on a direct mapping of 
multiple IMs to seismic fragility estimates and damage classification, for 
the sake of comprehensiveness, up to 50 IMs are selected from these 
previous studies to represent a ground motion record. As listed in 
Table 2, these 50 IMs are categorized into five groups related to the 
acceleration, velocity, displacement, duration, and frequency features of 
each ground motion, and are normalized to remove the effect of unit and 
scale differences [62] by Equation (9), 

z =
x − xmin

xmax − xmin
(9) 

where xmin and xmax are the minimum and maximum values of each 
IM, and z ∈ [0,1] is the normalized value of x. For consistency, the 
minimum and maximum values given in Table 2 follow the basic units: 
meter (m) for displacement and second (s) for time. The first four periods 
of the benchmark building in elastic range are T1 = 0.724 s, T2 = 0.247 s, 
T3 = 0.130 s, and T4 = 0.086 s. Only T1/ Tm was proposed to incorporate 
ground motion frequency contents in [59], where Tm represented the 
mean period of the ground motion. In this study, higher modes of the 
benchmark building are also included to potentially capture their 
contribution to the structural damage. 

4. System-level multivariate ANN seismic classifier 

4.1. Correlation ranking of selected IMs 

Feature ranking and selection is essential to remove irrelevant in
formation and improve the performance of predictive models, where the 
filter feature selection methods use statistical models to score the cor
relation between input and target variables, and features with high 
scores are regarded as important features [63]. Therefore, a correlation 
ranking between the 50 IMs and the seismic demand DR is studied first to 
provide a guideline for IM selection from the 50 IMs. Riddell [57] 
measured the correlation between an IM and several considered struc
tural responses by measuring the regression fitness R2 of Equation (1). 
Padgett et al. [1] used indicators like Efficiency (βD|IM of Equation (2)), 
Practicality (b of Equation (1)), and Proficiency (ζ = βD|IM/b) etc. to find 
the most correlated IM to seismic demands. Higher b and R2, lower βD|IM 

and ζ mean higher correlation. We generate the βD|IM, b, ζ, and R2 for 10 
IMs, as listed in Table 3. EPA and Ih are the two most important IMs as 
EPA has the highest b and lowest ζ, while Ih has the lowest βD|IM and 
highest R2. 

Since R2 is usually used for IM selection in Cloud method, which will 
be compared to the ANN seismic classifiers later, we also use R2 to 
roughly rank the 50 IMs for IM selection in ANN training, as shown in 
Fig. 4. Although the Cloud method typically uses unscaled historical 
ground motions, scaled records have also been used to obtain sufficient 
data points for Cloud method [10,31,51–53]. To study the influence of 
different IM selections to the ANN performance, the 50 IMs and their 10 
subsets of various numbers (1, 6, 11, 16, 21, 26, 31, 36, 41, and 46) are 
selected in two groups. The first group is generated from the most 
important Ih to the least important RDV. For example, the subset with 
one IM is Ih only. The subset with six IMs consists of Ih, CSA, EPA, PGV, 
Sa-1.0, and VC1. The second group is generated from the least important 
RDV to the most important Ih. 

Fig. 3. Locations of selected earthquake events worldwide.  
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Table 2 
Definition of selected IMs and their minimum and maximum values.  

Type IMs Definition Notes Max Min  

PGA 
max 

⃒
⃒
⃒
⃒üg(t)

⃒
⃒
⃒
⃒

Peak ground acceleration.  242.2  1.47   

ASQ ∫ ttot
0

[

üg(t)
]2

dt  
Squared acceleration, where ttot is the total duration of a record.  1.6 × 104  0.11    

ARS ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∫ ttot

0

[

üg(t)
]2

dt

√ Root square of ASQ.  127.0  0.33    

Ia π
2g

∫ ttot

0

[

üg(t)
]2

dt  
Arias intensity, where g is the gravitational acceleration.  2.6 × 103  0.02    

Arms ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
ttot

∫ ttot

0

[

üg(t)
]2

dt

√ Root-mean-square acceleration.  16.7  0.02    

Ic Arms1.5∗t2
0.5  Characteristic intensity, where t2 is a duration-related IM below.  248.8  2.7 × 10-3  

Acceleration-related 
IMs 

EPA 1
2.5

∫ 2.5

0.1
Sa(T,0.05)dT  

Effective peak acceleration from Sa  88.0  0.06   

SaTf1 Sa(T1,0.05) Spectral acceleration Sa at fundamental period T1 of a structure with 5% 
damping.   

132.9  0.02  

SaTf2 Sa(T2,0.05) Spectral acceleration Sa at second period T2   601.5  0.26  

SaTf3 Sa(T3,0.05) Spectral acceleration Sa at third period T3   319.0  1.03  

SaTf4 Sa(T4,0.05) Spectral acceleration Sa at fourth period T4   365.6  1.34  

Sa- 
0.3 

Sa(T = 0.3,0.05) Spectral acceleration Sa at 0.3 s   463.0  0.24   

Sa- 
1.0 

Sa(T = 1.0,0.05) Spectral acceleration Sa at 1.0 s   113.6  0.01   

Sa- 
3.0 

Sa(T = 3.0,0.05) Spectral acceleration Sa at 3.0 s   22.6  2.0 × 10-3   

CSA 
Sa(T1,0.05)

(
Sa(2T1,0.05)
Sa(T1 ,0.05)

)0.5  Cordova spectral acceleration.  82.4  8.7 × 10-3    

ASI ∫ 0.5
0.1 Sa(T,0.05)dT  Acceleration spectral intensity.  150.3  0.12   

CAV ∫ ttot
0

⃒
⃒
⃒
⃒üg(t)

⃒
⃒
⃒
⃒dt  

Cumulative absolute velocity.  432.1  0.32   

PGV 
max 

⃒
⃒
⃒
⃒u̇g(t)

⃒
⃒
⃒
⃒

Peak ground velocity.  8.2  0.01  

VSQ ∫ ttot
0

[

u̇g(t)
]2

dt  
Squared velocity.  118.3  6.3 × 10-5   

VRS ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∫ ttot

0

[

u̇g(t)
]2

dt

√ Root-square velocity of VSQ.  10.9  0.01   

Velocity-related IMs Vrms ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
ttot

∫ ttot

0

[

u̇g(t)
]2

dt

√ Root-mean-square velocity.  1.28  6.1 × 10-4   

Ih ∫ 2.5
0.1 PSv(T,0.05)dT  Intensity of pseudo-velocity spectrum PSv  21.2  6.3 × 10-3  

CAD ∫ ttot
0

⃒
⃒
⃒
⃒u̇g(t)

⃒
⃒
⃒
⃒dt  

Cumulative absolute displacement.  130.4  0.01   

SvTf1 Sv(T1, 0.05) Sv at the fundamental period T1 of a structure with 5% damping.  15.3  2.0 × 10-3  

SvTf2 Sv(T2, 0.05) Sv at the second period T2  22.4  0.01  

SvTf3 Sv(T3, 0.05) Sv at the third period T3  5.7  0.02  

SvTf4 Sv(T4, 0.05) Sv at the fourth period T4  4.1  0.01  

VC1 PGV∗t2
0.25  A compound index of PGV and t2.  13.8  0.01  

VC2 PGV2/3∗t2
1/3  A compound index of PGV and t2.  9.8  0.06  

Displacement-related 
IMs 

PGD max 
⃒
⃒ug(t)

⃒
⃒ Peak ground displacement.  58.7  2.3 × 10-4  

DSQ ∫ ttot
0

[
ug(t)

]2dt  Squared displacement.  4.3 × 105  1.4 × 10-8  

DRS ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∫ ttot

0
[
ug(t)

]2dt
√ Root-square displacement of DSQ.  659.1  1.2 × 10-4  

(continued on next page) 
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Table 2 (continued ) 

Type IMs Definition Notes Max Min 

Drms ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
ttot

∫ ttot

0

[
ug(t)

]2dt

√ Root-mean-square displacement  38.0  3.3 × 10-5   

CAI ∫ ttot
0

⃒
⃒ug(t)

⃒
⃒dt  Cumulative absolute intensity.  9.5 × 103  3.2 × 10-4  

SdTf1 Sd(T1,0.05) Sd at the fundamental period T1 of a structure with 5% damping.  1.8  2.2 × 10-4  

SdTf2 Sd(T2,0.05) Sd at the second period T2  0.83  3.6 × 10-4  

SdTf3 Sd(T3,0.05) Sd at the third period T3  0.1  3.2 × 10-4  

SdTf4 Sd(T4,0.05) Sd at the fourth period T4  0.05  1.7 × 10-4  

DC PGD∗t2
1/3  A compound index of PGD and t2.  240.2  3.1 × 10-4  

Duration-related IMs t1 t(0.75Ia)-t(0.05Ia) Time duration between 75% Ia and 5% Ia.  33.2  0.1  

t2 t(0.95Ia)-t(0.05Ia) Time duration between 95% Ia and 5% Ia.  216.1  0.33  

t3 − The time elapsed between the first and last excursions of acceleration above 
0.02 g.  

286.7  0.51   

t4 − The time elapsed between the first and last excursions of acceleration above 
0.05 g.  

275.5  0.12   

Frequency-related IMs RVA PGV/PGA A compound index of PGA and PGV.  0.9  7.5 × 10-3  

RDV PGD/PGV A compound index of PGV and PGD.  41.1  0.01  

Tm 

Tm =

∑
iC2

i ×
1
fi∑

iC2
i  

Tm is the mean period of ground motion. Ci is the Fourier amplitude at a 
frequency fi.   

2.4  0.06   

Tr1 T1/ Tm First period T1 over Tm  12.1  0.31  

Tr2 T2/ Tm Second period T2 over Tm  4.1  0.10  

Tr3 T3/ Tm Third period T3 over Tm  2.2  0.06  

Tr4 T4/ Tm Fourth period T4 over Tm  1.5  0.04  

Table 3 
βD|IM, b, ζ, and R2 of selected 10 IMs.   

IMs 

Parameters PGA EPA Sa-1.0 CSA CAV PGV Ih CAD Sa-3.0 Sa-0.3 

b  1.082  1.409  1.079  1.125  1.061  1.380  1.242  0.808  0.833  1.067 
βD|IM   1.094  0.602  0.621  0.586  0.962  0.616  0.545  0.929  0.835  1.018 
ζ   1.011  0.428  0.575  0.521  0.906  0.446  0.439  1.149  1.003  0.954 
R2  0.412  0.822  0.811  0.831  0.546  0.814  0.854  0.576  0.657  0.491  
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Fig. 4. Correlation ranking of the selected 50 IMs to the peak interstory DR.  
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4.2. ANN training 

The selected 4,330 records were divided into two datasets for 
training and test, respectively. The training dataset has 2,500 samples, 
500 from each of the five damage states. The test dataset consists of 
1,830 samples, 366 from each damage state. The holdout test dataset is 
not involved in the training process and mainly for the unbiased model 
test on unseen data. The output matrix for training is 2,500 × 5, where 
2,500 is the number of training samples and 5 corresponds to the 
number of damage states. The input matrix for training is 2500 × U, 
where U represents the number of the IMs of a ground motion record. To 
fit in the built-in ANN training framework in MATLAB platform, the 
2,500 training records are further divided into three subsets for training, 
validation, and test with ratios of 80%, 10%, and 10%. The training 
subset is iteratively fed to the ANN classifier to compute the gradient and 
update the weights, as defined in Equation (8). The validation subset is 
used to monitor the performance of the ANN performance. When the 
validation error starts to rise while the training error decreases, an 
overfitting problem appears and the training should stop to generate the 
best ANN performance. An overfitting ANN classifier will lose perfor
mance on unseen data like future ground motions. The test subset is also 
monitoring the model training. When a minimum test error is signifi
cantly different from the validation error, it indicates a poor division of 
the 2,500 training samples and a retraining of the ANN classifier should 

Fig. 5. Confusion matrices of the three susbets and the whole traning dataset where green and red cells are the percentages of right and wrong classifications in the 
current subset, respectively: (a) training subset; (b) validation susbset; (c) test subset; (d) whole dataset of the three combined subsets. 

Fig. 6. Confusion matrix of the test dataset comprised of 1830 unseen records 
where green and red cells are the percentages of right and wrong classifications 
in the test dataset, respectively. 
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be considered. The scaled conjugate gradient (SCG) backpropagation 
algorithm is used in the ANN training [64]. Six key training parameters: 
epochs, goal, time, lr, min_grad, and max_fail are needed to control the 
training process. Here, epochs is the maximum number of epochs to 
train, where one training epoch means all samples in the training subset 
are used to train the ANN classifier once; goal is the expected perfor
mance goal; lr is the learning rate; time is the maximum time to train in 
seconds; min_grad is the minimum performance gradient; and max_fail is 
the maximum number of validation failures. In this study, lr is set as 0.01 
and the training will be stopped when epochs = 1,000 or goal = 0 or 
min_grad = 10-6 or max_fail = 10, whichever arrives first. More details of 
the ANN training parameters can be found in [65]. After the ANN 
classifier has been trained, the test dataset of the remaining 1,830 
samples will be used to understand its performance. 

Fig. 5 shows the classification performance of the 50-IM ANN seismic 
classifier on the training dataset in the form of confusion matrices. A 
confusion matrix shows the classification result of each damage state by 
the ANN classifier. Taking Fig. 5(a) of the training subset as an example, 
rows of the confusion matrix show the prediction states (denoted as 
Output Class) of the 2,000 ground motion records. For instance, in the 
second row of Slight state, the ANN classifier predicts 439 (90 + 251 +
98) records as Slight-state ground motions including 188 (90 + 98) false 
positive cases. Indeed, 90 of the false Slight records belong to the None 
state while 98 belong to the Moderate state. The true positive ratio in the 
second row is 57.2%, known as the precision ratio pr. On the other hand, 
columns of the confusion matrix in Fig. 5(a) show the true states 
(denoted as Target Class) of the 2,000 records. For instance, the second 
column shows that, among 396 (50 + 251 + 82 + 11 + 2) true Slight- 
state records, 251 records are correctly predicted by the ANN classifier 
while 145 records are misclassified as other damage states. The correct 
classification ratio in the second column is 63.4%, known as the recall 
ratio rc. The overall classification accuracy of the 2,000 records is given 
in the lower right corner cell of the matrix as 71.0%, which is the ratio of 
the correctly classified records in the whole training subset. To 
comprehensively evaluate the performance of the ANN classifier, a 
compound index F-measure of pr and rc is used [66], which is defined as 
Equation (10), 

F-measure =
(
1+ β2) pr∙rc

β2∙pr + rc
(10) 

where β is an importance weighting factor on rc over pr. In the 
seismic-induced damage classification task, pr and rc are deemed equally 
important because most true samples should be identified in each 
damage state without raising too many false alarms. Thus, β is equal to 1. 

A higher F-measure of a damage state, closer to 1, indicates better per
formance of the ANN classifier for that particular damage state while a 
higher overall accuracy closer to 1 means better performance of the ANN 
classifier for all damage states. In this study, we use the F-measure and 
the overall accuracy to evaluate the performance of the ANN seismic 
classifier. Fig. 5 shows that the overall accuracies of the three subsets 
and combined training dataset are not significantly different from each 
other, meaning no overfitting of this ANN classifier. Fig. 6 shows the 
confusion matrix of the test dataset, which is comprised of the 1,830 test 
ground motions. These ground motion records are not involved in the 
previous training and are regarded as unseen future records. The 
confusion matrix shows that the ANN seismic classifier has an overall 
prediction accuracy of 67.5% on the test dataset. 

Fig. 7 depicts the F-measure for each of the five damage states and 
the overall accuracy against different IM subsets previously generated by 
the correlation ranking in Fig. 4. It can be seen from Fig. 7(a) that the 
ANN prediction performance changes very slightly with the additional 
IMs as long as the most correlated IM is included. Specifically, the ANN 
classifier trained with the single top-ranking Ih achieves 65.4% overall 
accuracy, then the highest 68.9% with 36 IMs, and 67.5% with 50 IMs as 
inputs. The increase of the overall accuracy at a single optimal IM to 36 
IMs is not significant but cannot be considered as negligible, indicating 
that it is beneficial to combine more IMs with the optimal IM for damage 
classification. On the other hand, the decrease of the overall accuracy 
from 36 IMs to 50 IMs shows that extraneous or irrelevant IMs might 
compromise the ANN performance. The optimal number of IMs should 
be selected based on correlation ranking and model performance 
together. Fig. 7(b) shows that the ANN prediction performance only 
achieves an overall accuracy of 29.5% with the least correlated IM RDV, 
54.3% with 6 IMs, and the highest 67.5% with 50 IMs. The remarkable 
growth of the overall accuracy from a lowest-ranking IM to 6 IMs reveals 
a practical benefit of using multiple IMs, that is, when higher-ranking 
IMs are unknown or hard to access, a group of less correlated IMs can 
generate comparable classification performance to that of the most 
correlated IM, enabling more flexibility of IM selection in seismic 
fragility estimation and damage classification. It is also noticed in Fig. 7 
(b) that the overall accuracy tends to be steady after 6 IMs, indicating it 
is less beneficial to add more IMs after a certain amount. In contrary, 
redundancy of IMs can compromise the ANN performance, e.g., 41 IMs 
in Fig. 7(b). This phenomenon is also observed in Fig. 8 and 11(b). 
Overall, Fig. 7 validates the correlation ranking of IMs in Fig. 4 and 
shows that multiple IMs can improve the performance of ANN seismic 
classifiers. However, the optimal number of IMs should be determined 
by correlation ranking and model performance together to remove the 

Fig. 7. System-level ANN classification performance based on different subsets of IMs: (a) IM subsets selected in the most to least correlation order; (b) IM subsets 
selected in the least to most correlation order. 
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extraneous IMs which may compromise the ANN performance. 
To further understand how the IM and DR correlation affects the 

ANN performance, the lower-ranking IMs are gradually removed. Fig. 8 
shows that the overall accuracy with the initial single IM in (a)-(f) is 
33.4%, 30.6%, 40.9%, 43.7%, 42.8%, and 60.8%, respectively. The 
overall increase of accuracy shows that higher-ranking IMs tend to 
generate better ANN performance, indicating the correlation ranking of 
IMs can provide a good guideline of IM selection for ANN seismic clas
sifiers. Moreover, Fig. 8 coincides with the observations and discussions 
in Fig. 7. 

4.3. ANN classifier vs. traditional fragility analysis 

When predicting the global damage state of the benchmark building 
caused by a ground motion record, the activation softmax function σ3(∙)
defined in Equation (6) of the ANN output layer generates the proba
bility for each damage state based on the input IMs. For example, if the 
input IMs of a ground motion record lead to a damage probability vector 
of [0.001, 0.123, 0.638, 0.236, 0.002] via the ANN classifier, it means 
the probability p[DR < 0.0033|input IMs] of this ground motion record 
resulting a None damage state is 0.001, and so on. Thus, we know the 
probability p[DR ≥ 0.0033|input IMs] is equal to 1–0.001 = 0.999, p[DR 
≥ 0.0067|input IMs] = 1–0.001–0.123 = 0.876, p[DR ≥ 0.02|input IMs] 
= 1–0.001–0.123–0.638 = 0.238, p[DR ≥ 0.0533|input IMs] =

1–0.001–0.123–0.638–0.236 = 0.002. These fragility estimates gener
ated by the ANN seismic classifier are compared with the fragility esti
mates of Cloud method. Based on the same training and test datasets, 
Fig. 9 shows the fragility estimates obtained from a single-IM ANN 
classifier and the Cloud method with the same optimal IM Ih. The Cloud 
method may smooth out the details of damage state information as 
observed in [67]. Unlike the smooth traditional fragility curves, the 
fragility estimates obtained from ANN classifiers fluctuate as the IM 
increases. This fluctuation might be caused by the so-called “weaving” 
interaction observed in IDA curves [7], where a stronger ground motion 
may result in a lower absolute peak response and a lower fragility es
timate due to earlier yielding. Thus, the seismic fragility estimates by 
ANN seismic classifiers might reflect this “weaving” interaction of scaled 
records while traditional fragility curves smooth out this detail. How
ever, more studies like a direct comparison between the IDA method and 
the ANN classifier needs to be conducted in the future to validate this 
explanation. Besides, it is noticed that the discrepancy between fragility 
estimates by ANN classifiers and the fragility curves increases with 
higher IM values. As explained previously, the shape of Cloud fragility 
curves is governed by two parameters, i.e., the mean structural response 
and the standard deviation estimated by Equations (1) and (2), respec
tively. However, these two Equations could be false in the range of high 

Fig. 8. ANN performance when less correlated IMs are gradually removed.  
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IMs, as proved in [7]. Thus, in the range of higher IM values that tend to 
cause the Complete damage to structures, the difference of fragility es
timates between the ANN method and the Cloud method increases. This 
phenomenon is also observed in the non-parametric fragility curves in 
[67]. 

To further compare the ANN and Cloud approach, we generate the 
classification results of the same test dataset based on the fragility es
timates obtained from the previous 50-IM ANN classifier, the single-IM 
classifier, and single-IM Cloud method. Their F-measure for each dam
age state and overall accuracy are compared in Fig. 10. The 50-IM ANN 
classifier outperforms the single-IM classifier and the Cloud method in 
terms of the overall accuracy and F-measure of all damage states except 
the Moderate. Particularly, the overall accuracy of the 50-IM ANN clas
sifier is 67.5%, which is 5% higher than 62.5% of the Cloud method. 
These results demonstrate the superiority of directly mapping multiple 
IMs to the fragility estimates via the multivariate ANN seismic classifier. 

5. Element-level multivariate ANN classifier 

For post-event decision making of responses and repairs, additional 
knowledge of the local damage states of structural elements such as 
beams and columns is desired. The 72 element-level multivariate ANN 
classifiers for the two ends of 16 beams and 20 columns of the bench
mark building are trained in the same way with the system-level ANN 

classifier. The plastic hinges formed at the ends of beams and columns 
are considered as important indicators of the seismic-induced local 
damage in frame structures [68]. In this study, the plastic hinge size at 
the ends of beams and columns is categorized into three states: Small, 
Medium, and Large based on a ductility μ of the outmost rebar of the cross 
section of beams and columns. The strain ductility μ is calculated by 
dividing the peak rebar strain with the steel yield strain of 0.00207. A 
plastic hinge is considered as Small when μ < 5, Medium when 5 ≤ μ <
15, and Large when 15 ≤ μ [69–71]. Take one side floorbeam on the 
second floor (Level 2) and one exterior column between the third (Level 
3) and fourth floor (Level 4) as examples. For the four ends of the beam 
and column, denoted as BeamLeft, BeamRight, ColumnBottom, and 
ColumnTop in Fig. 12 (a), four element-level ANN classifiers are trained 
and tested using the previous 4,330 records. Their overall accuracy 
performance is presented in Fig. 11. Like the system-level ANN classifier, 
the number of selected IMs does not make a big difference to the ANN 
performance when the most correlated IM is included. Unlike the 
system-level classifier, the six least correlated IMs together may not 
provide highly accurate prediction of damage states. When the 21 less 
important IMs are included, the four element-level classifiers can ach
ieve an overall accuracy of 80%-82%, which is close to 86%-89% of the 
50 IMs. Despite the slightly different observation than the previous 
system-level ANN seismic classifier, the IM selection approach previ
ously concluded for training multivariate ANN classifiers generally 
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Fig. 11. Element-level ANN classification performance based on different subsets of IMs: (a) IM subsets selected in the most to least correlation order; (b) IM subsets 
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applies to the elemental-level ANN classifiers. 
To understand the distribution of plastic hinges in the benchmark 

building and further validate the ANN performance, the local structural 
damage map under a synthesized Chi-Chi Earthquake ground motion is 
obtained from the NLTHA, as presented in Fig. 12(a), and predicted by 
the trained 72 element-level ANN classifiers with 50 IMs, as shown in 
Fig. 12(b). Based on the NLTHA, the ground motion results in the 
Complete state to the perimeter frame with the peak interstory DR 
occurring between Level 3 and Level 4, which is consistent with the local 

damage distribution in Fig. 11(a). Specifically, five columns between 
Level 3 and Level 4 experience large plastic hinges at both ends while 
columns at other levels still have at least one small plastic hinge. 
Therefore, the story between Level 3 and Level 4 experiences the peak 
interstory drift based on the local damage distribution. Most beams are 
found to form large plastic hinges at both ends, which indicates more 
severe damage to the beams than columns because the perimeter frame 
was designed under the strong-column weak-beam provisions [46,72]. 
By comparing Fig. 12(b) with Fig. 12(a), the number of large hinges (17 
in columns and 30 in beams) identified by the 72 element-level ANN 
classifiers is very close to the number of the large hinges (21 in columns 
and 26 in beams) obtained from NLTHA. The comparison shows that the 
ANN results can provide insightful information for the damage locations 
at the ends of beams and columns. The local element damage classifi
cation from the 72 ANN classifiers also identifies the peak interstory drift 
between Level 3 and Level 4. Therefore, the element-level ANN classi
fiers can complement the system-level ANN classifier for post-event 
damage evaluation. 

Although the 72 individual element-level ANN seismic classifiers 
achieve good performance in the damage assessment of beams and 
columns of the frame structure, it is desirable in engineering practice to 
develop a unified element-level ANN classifier for the prediction of 
damage states in all elements. In this case, the input layer of the unified 
ANN classifier includes three neurons in addition to the IMs as illustrated 
in Fig. 1: two Cartesian coordinates relative to the left bottom column 
end as a reference origin to account for the location of each element end, 
and an integer to represent the end type of the element. The left and 
right ends of each beam are labeled as 1 and 2, respectively. The bottom 
and top ends of each column are 3 and 4, respectively. Fig. 13 compares 

(a) Local damage distribution from the NLTHA

(b) Local damage distribution from the 72 ANN classifiers
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Fig. 12. Local damage distribution of the perimeter frame under a synthesized Chi-Chi Earthquake ground motion: (a) local damage distribution from the NLTHA; (b) 
local damage distribution from the 72 ANN classifiers. 
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Fig. 13. Overall accuracy comparison between the unified element-level ANN 
classifier and the four individual element-level ANN classifiers. 
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the overall prediction accuracies between the unified element-level ANN 
classifier and the four individual ANN classifiers as marked in Fig. 12(a). 
It can be seen from Fig. 13 that, although slightly lower than that of the 
four individual classifiers, the overall accuracy of the unified classifier 
remains over 80%. The unified classifier thus has a satisfactory gener
alization ability for 72 element ends while it significantly reduces 
training and prediction time in practical applications. 

6. Practical considerations 

6.1. Readily available IMs 

Readily available IMs are desired in engineering application [1]. 
Since the ShakeMap [35] can update five IMs in near real time in the 
wake of an earthquake event, an attempt is made to associate the pro
posed multivariate ANN classier with the five readily available IMs from 
the ShakeMap: PGV, Sa-1.0, Sa-3.0, Sa-0.3, and PGA (listed in Table 2 
and 3). The system-level and the BeamLeft element-level ANN seismic 
classifiers are retrained with these five IMs. According to Fig. 4, PGV, Sa- 

1.0, Sa-3.0, Sa-0.3, and PGA were ranked 4th, 5th, 14th, 23rd, and 26th, 
respectively. PGV is the most correlated IM to DR of the benchmark 
building while PGA is the least correlated. Fig. 14 compares the fragility 
estimates from the system-level single-IM ANN classifier to the tradi
tional fragility curves with PGV and PGA, respectively. PGA appears to 
give a better agreement between the ANN approach and the fragility 
analysis for low-intensity induced damage while PGV is for high- 
intensity induced damage likely due to the velocity pulses in near- 
fault ground motions. Fig. 14 further validates the observation on the 
“weaving” interaction as observed in Fig. 9. 

Fig. 15 compares the F-measure of each damage state and the overall 
accuracy of the ANN classifier and Cloud method, respectively. The 
Cloud method uses the most correlated PGV as the input IM. The accu
racy of the 5-IM ANN classifier is 7.7% (system level) and 6.3% (element 
level) higher than the Cloud method. The two 5-IM ANN classifiers also 
outperform the corresponding Cloud method in terms of F-measure in 
each damage state. The superior classification performance of multi-IM 
ANN classifiers validates that multivariate ANN seismic classifiers can 
better predict the post-earthquake damage states than the single-IM 
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Fig. 14. Fragility estimate comparison of single-IM ANN approach and traditional fragility curves with: (a) PGV; (b) PGA.  
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Cloud method. 

6.2. Optimization of ANN configuration 

As previously mentioned, this study configurated the ANN classifier 
with two hidden layers, each with 20 neurons, according to [36,37]. In 
engineering practice, however, an optimal configuration is desirable to 
achieve superior predictive performance. Although only a slight 
improvement on the overall accuracy seemed to have achieved when a 
second hidden layer was added into an ANN [34], an attempt was made 
to further investigate the optimal number of neurons in two hidden 
layers in this study. Specifically, the number of hidden neurons was 
selected to vary from 5 to 60 with an interval of 5. To ensure the 
generalizability of ANN models on unseen data in practice, the multifold 
cross-validation scheme [37] was adopted to train the ANN classifiers 
with the five readily available IMs as inputs. The collected samples were 
approximately divided evenly into K folds, one of which was used as 
unseen data for validation and the remaining K-1 folds were used for 
ANN training. The fold as unseen data for validation was rotated until all 
the folds have been chosen once so that the predictive model would be 
tested by the whole samples to guarantee its generalizability. The 
multifold cross-validation scheme degenerates into the leave-one-out 
(LOO) method when each fold contains one sample only. In this study, 
we divided the 4,330 samples into 10 folds, each having 433 samples. 
The mean value of the 10 overall accuracies in all 10 rotations was used 
to evaluate the ANN performance. Fig. 16 shows the mean overall ac
curacies of the ANN models with a different combination of neuron 
numbers in the two hidden layers. It can be seen form Fig. 16 that the 
ANN model with 10 and 25 neurons in the first and second hidden 
layers, respectively, achieves the highest mean overall accuracy of 
68.61%. The ANN model with 5 and 15 neurons in the first and second 
hidden layers, respectively, achieves the lowest mean overall accuracy 
of 66.33%. Therefore, the improvement of the ANN accuracy by 
changing the number of neurons in hidden layers is relatively small. In 
fact, Fig. 16 clearly indicates many local maxima and local minima in 
the range of neuron numbers considered. There is no obvious global 
optimal accuracy observed in Fig. 16. The neuron numbers (10, 25) 
should not be regarded as a conclusive result for the optimal ANN ar
chitecture since no direct method is available to determine the optimal 
number of hidden neurons [34]. Instead, the trial-and-error method 
could be used to select the number of hidden neurons, as illustrated in 
Fig. 16. 

6.3. Near real-time prediction 

The computational efficiency is also an important factor in practical 

application. The training time of the 5-IM ANN seismic classifier is 
around 0.6 s with prepared training dataset while the test time of the 
1,830 ground motion records is around 0.5 s, 0.27 ms per ground motion 
record in average. The ANN training and test are completed on the 
MATLAB platform in a regular PC with Intel (R) Core (TM) i5-2400 CPU 
@3.10 GHz (4 processors totally) and 8G RAM space. Once an ANN 
seismic classifier is well trained with the five ShakeMap IMs which will 
be updated near real time after an earthquake event, the saved ANN 
seismic classifier of the benchmark building can generate the fragility 
estimates and corresponding damage classification within 0.3 ms, which 
is near real time. This multivariate ANN seismic classifier can be used in 
conjunction with previously mentioned multi-parameter ANN seismic 
demand models [30,31]. The multi-parameter ANN seismic demand 
model can generate huge training data for the multivariate ANN seismic 
classifier in a short time without NLTHA. Thus, the performance of the 
multivariate ANN seismic classifier can be improved with more training 
data. The multivariate ANN seismic classifier can be incorporated in the 
framework of seismic fragility analysis and post-event damage evalua
tion as a promising tool. 

7. Conclusions 

The multivariate ANN seismic classifier is proposed to utilize mul
tiple IMs as inputs for simultaneous seismic fragility estimation and 
damage classification. The system-level ANN classifier of a code- 
conforming benchmark building was trained to predict the global 
damage state measured by the maximum interstory drift ratio. As 
companions to the system-level ANN classifier, the element-level clas
sifiers of the benchmark building were trained for the local damage 
classification of beams and columns and validate the global damage 
classification. Using the same test dataset, the multi-IM ANN seismic 
classifiers are 5% to 7.7% more accurate in overall classification than 
the single-IM fragility curves by Cloud method. The unified ANN clas
sifier for all elements can be trained to satisfactorily predict the element- 
level fragility and damage state. By means of the multivariate ANN 
seismic classifier, the intensity and variety of earthquakes can be suffi
ciently considered without dealing with the mathematical difficulties of 
traditional multi-parameter regression approaches. 

The ANN performance with different IM selections based on corre
lation ranking and model performance is investigated. Generally, more 
IMs which are highly correlated with the seismic structural responses 
will improve the ANN performance while redundant irrelevant IMs will 
compromise the performance. The optimal number of IMs that generates 
the best performance will vary with the classification targets like the 
system-level and element-level damage states. To select the optimal IM 
set, all IM candidates can be first ranked based on their correlation 
scores and then different IM combinations based on their ranking order 
(e.g., from the highest to lowest) can be experimented to select the 
optimal IM subset. Moreover, studies of IM selection show that even a 
few of the least correlated IMs, (6 for the system-level ANN classifier and 
21 for the element-level ANN classifier) can achieve steady and high 
predictive performance, enabling more flexibility of IM selection in 
engineering practicality when the most correlated IMs are unknown or 
hard to access. 

In practical considerations, first, five IMs (PGV, PGA, Sa-1.0, Sa-3.0, 
and Sa-0.3) readily available from the USGS ShakeMap are used as input 
to the multivariate ANN seismic classifiers, which achieve higher per
formance in both system level and element level than the traditional 
fragility curves by Cloud method. Second, an optimization of the ANN 
configuration classifier with the five readily available IMs is conducted 
by means of the 10-fold cross-validation. It shows that the ANN per
formance can be minorly improved with optimum configured networks. 
What’s more, such a trained 5-IMs ANN classifier can generate the 
fragility estimates and damage state of a future ground motion record on 
the benchmark building in near real time (0.3 ms) using a general- 
purpose computer. Thus, the multivariate ANN seismic classifier can 

Fig. 16. The mean overall accuracy of the ANN models with different numbers 
of neurons in two hidden layers. 
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be a promising tool for seismic fragility estimation and post-event 
damage classification in the wake of an earthquake. 

The architecture and methodology of the proposed multivariate ANN 
seismic classifier is applicable to all types of buildings. Future studies 
can be directed to account for the effect of building configuration and 
geometry as part of the input to the multivariate ANN seismic classifier 
for simultaneous seismic fragility estimation and damage classification 
so that a well-trained classifier can be applied to estimate the distribu
tion of damage states in an earthquake-stroke region. In addition, future 
studies of site-specific historic earthquakes are more realistic for ANN 
training than scaling historical ground motion records worldwide. It is 
also worthy to introduce methods like Small Sample Learning (SSL) to 
the multivariate ANN seismic classifiers, to reduce the computational 
efforts in this study which requires a large set of records for training. 
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