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A B S T R A C T   

In this study, a new machine learning-based procedure is proposed for seismic design and qual-
itative assessment of structures considering safety and serviceability aspects. The procedure is 
composed of three different intelligent computational techniques, which are artificial neural 
network (ANN), fuzzy inference system (FIS), and ensemble bagged tree (EBT) classification al-
gorithm. The procedure provides a qualitative assessment of structures based on their basic 
structural characteristics, which are the natural period and the strength ratio. Numerous 
nonlinear time history analyses (NLTHA) (more than 60,000 runs) are conducted to prepare the 
required dataset for training, validation, and testing. Many case-study examples with different 
characteristics under different ground excitations are used to validate the proposed procedure. 
The procedure results showed a very good agreement with NLTHA results and proved to be su-
perior compared to conventional methods. After that, the implementation potential of the pro-
posed procedure is shown through different applications in seismic design and assessment. Firstly, 
two case-study models are qualitatively classified and then the required design stiffness and 
strength for seismic retrofitting are quantified. Secondly, the median collapse capacity and 
seismic fragility of a case-study model are estimated and compared with those obtained from the 
incremental dynamic analysis (IDA) and fragility curves using NLTHA. Besides being a quick 
assessment tool, the results indicated that the proposed procedure is reliable and accurate with far 
less computational cost compared to the traditional NLTHA method.   

1. Introduction 

Earthquakes cause devastating damages to buildings and civil structures and have a great impact on socio-economic life in general. 
It is important to assess structural performance to identify the damage susceptibility of structures due to different seismic hazard levels. 
Based on that, seismic assessment of structures plays a crucial role in the earthquake engineering field. Recent trends in earthquake 
engineering such as next-generation performance-based seismic design (PBSD) [1] highlighted the importance of inclusion of 
multiple-limit states in the design process (e.g., operational, fully operational, life safety, etc.) to guarantee the required seismic 
performance under different earthquake scenarios [2]. This multi-level seismic design criterion is a highly demanding computational 
process if a nonlinear time history analysis (NLTHA) procedure is involved. In many cases, the structural designer needs a quick 
assessment tool to select among different lateral resisting systems for a new structure or to select the most appropriate retrofitting 
scheme for a deficient one. This necessitates a quick yet reliable tool with less computational cost and without compromising accuracy 
to be implemented. Soft computing applications are considered a promising solution to reduce the large computational cost required in 
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structural engineering problems in general [3], and in the earthquake engineering field in particular [4]. 
Emerging soft computing techniques, such as machine learning models (MLMs), are gaining momentum in seismic engineering, and 

more utilization of these techniques is expected in the future [5–7]. This is primarily due to the capability of these techniques of 
nonlinear mapping in data modeling [8]. For example, Ferrario et al. [9] used bootstrapped ANNs for seismic analysis of structural 
systems. Onat and Gul [10] applied ANN to predict the out-of-plane response of infill walls using a shaking table. Machine learning 
models (MLMs) are used also for quick seismic damage evaluation of bridges [11] and stripe-based fragility analysis of multi-span 
concrete bridges [12]. Other studies applied intelligent computational techniques for the assessment of structures. For example, 
pattern recognition is used to assess residual structural capacity [13]. Machine learning is used in assessing the seismic hazard safety of 
reinforced concrete buildings [14]. Uniform design–based Gaussian process regression is used in fragility assessment [15]. Recently, 
deep learning approaches started to attract the attention of many researchers. For example, Duan et al. [16] used a CNN-based damage 
identification method and applied it on tied-arch bridges using spatial-spectral information. Zhang et al. [17] predicted nonlinear 
structural seismic response using deep long short-term memory networks. Kim et al. [18] quantified uncertainty in seismic responses 
using the deep learning method for structural systems. 

Despite the wealth of literature in the application of ML models in earthquake engineering, most studies are generally concerned 
with response prediction, assessment of structural damage, fragility assessment, or making prediction models for interpreting 
experimental data at the component level. However, providing a comprehensive framework for assessment and prediction that can be 
easily implemented in practice is very rare. 

Most studies commonly use drift as the main representative engineering demand parameter (EDP) for seismic assessment. How-
ever, other EDPs are necessary to be included during the design stage to guarantee the required serviceability performance and 
functionality of the structure. For example, acceleration is an important EDP for serviceability assessment [19], and neglecting it 
during the design stage may hinder the functionality of the structure as the case in the famous John Hancock Tower in Boston [20]. In 
addition, base shear is an important EDP that needs to be considered in design and assessment in the case of retrofitting existing 
structures. This is because retrofitting structures for reducing drifts commonly attracts more seismic demands at the foundation level 
[21], which can be quantified by base shear. Based on that, more EDPs such as acceleration and base shear (not only drift) are 
necessary to be included in the design and assessment of structures. 

Another important research area that needs more attention is the multi-level seismic assessment of structures at different limit 

Fig. 1. Overall design procedure proposed.  
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Fig. 2. Flowchart of the design stage and performance check.  
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states. This requires numerous NLTHAs to assess the seismic performance at these limit states. Besides, these limit states are commonly 
assumed to be abrupt limits in most studies; however, they are inherently fuzzy [22]. This is due to the uncertainty caused by the 
vagueness and the gradual change of the structural damage level and the overlap of damage limit states. 

Most studies tend to rely on quantitative assessment approaches rather than qualitative ones. In other words, they tend to use crude 
factors and numbers rather than classes and categories for seismic design and assessment of structures. For example, in the early 
structural design stage, where only a little information of the structure is available (such as overall stiffness and strength), the designer 
needs a qualitative tool to classify the structural performance quickly rather than numbers that might be not accurate at this early 
stage. These qualitative assessment tools are highly required, especially, for next-generation performance-based seismic design (PBSD) 
[1]. Even nonlinear static procedures [2] that are widely used in practice are highly limited by linear regression models obtained from 
limited experimental data [23]. 

In the current study, a comprehensive machine learning-based procedure for seismic assessment and design of structures is pro-
posed. The procedure provides a qualitative assessment of any structure based on its overall initial stiffness (period) and strength. The 
assessment is based on three different EDPs, which are maximum inter-story drift ratio (D), maximum roof acceleration (A), and 
maximum base shear (V). These three EDPs cover the serviceability and strength requirements of the structure. Performance-based 
design is embedded in the procedure by including multiple-limit states in the process considering the fuzziness of each limit state. 
The procedure can be used for both new and existing structures. 

2. Proposed analysis and design procedure 

In this section, the flow of the proposed analysis/design procedure and the diversity of the input data set are discussed. The details 
of each stage will be discussed in the next section. The proposed procedure comprises three main stages as shown in Fig. 1. 

2.1. The flow of the proposed procedure 

2.1.1. Stage 1 
The first stage is dedicated to preparing a data set, which contains a wide range of input SDOF systems and earthquake events (the 

input data set). The range covers the practical domain that is commonly relevant for seismic design of low to mid-rise buildings. 
Numerous NLTHAs are conducted on these SDOF systems to obtain their responses (the output data set). 

After that, a machine learning model (MLM) is trained using the input-output data set to predict the main engineering demand 
parameters (EDPs) of the system under any ground excitation. These EDPs are maximum inter-story drift ratio (D), maximum roof 
acceleration (A), and maximum base shear (V). After that, the three EDPs are used as inputs for a fuzzy inference system (FIS) that will 
be used to obtain an evaluation ratio (ER) of the SDOF system. This ER represents the performance of the SDOF system based on 
prescribed EDP thresholds considering limit states fuzziness. 

2.1.2. Stage 2 
The ER of each SDOF system obtained from the previous stage is used to classify this system qualitatively using a classification 

algorithm (CA). The output classes are “Not Recommended”, “Moderate”, and “Recommended”. These classes are based on the ER 
(ranges from zero to one). Many classification algorithms are trained and tested and the one with the highest accuracy is used. The CA 
with the highest accuracy will be used to predict the class of any system using the main characteristics of both the system (such as 
natural period and strength ratio) and the earthquake (such as response spectrum). 

2.1.3. Stage 3 
In this stage, as shown in Fig. 2, the performance objective is defined and the original structure (MDOF system) is transformed to an 

equivalent SDOF system. Then, the system is classified using the CA trained in the previous stage using the natural period, T, which 
represents the stiffness and the strength ratio (SR) of the system. This process will be repeated for as many earthquakes as required at 
the design phase. The input stiffness and strength ratio of the system can be modified, if required, to provide a suitable class for design 
(i.e., moderate or recommended classes). After that, the final stiffness and strength ratio of the system are used for the design and 
performance check based on the predefined performance objective. More details about this stage will be explained in section 2. 

2.2. Diversity of structural systems and ground excitations (input dataset) 

The diversity of the input data set is important for having a reliable procedure that can be used for generalization. There are two 
main important inputs required for the proposed procedure. The first is related to the building (the structural system information); the 
second is related to the ground motion excitation characteristics. For an SDOF system, the fundamental period (T = 2π

̅̅̅̅̅̅̅̅̅
m/k

√
) rep-

resents both stiffness (k) and mass (m) of the system. On the other hand, the system strength ratio (SR = Vy/(m.g), represents the ratio 
between the system strength (Vy) and its weight (m.g). These two parameters provide the key information of any structural system [24, 
25]. In the current study, the ranges for T and SR are (0.45–4 s) and (0.04–0.9), respectively, with 20 steps each (i.e., the total number 
of systems is 400). These ranges are similar to those used in FEMA 440 [24] and are considered to be a practical range for many 
structures. 

Applying domain knowledge to the input data set is an important step to enhance the overall performance and accuracy of the 
machine learning model. In addition, it increases the learning rate of the model during the training process. Fig. 4(a) and (b) show the 
distribution of the fundamental period (T) and system strength ratio (SR). As can be observed from the fundamental period distri-
bution, the range covers the periods of most common and practical range of low-to mid-rise buildings. A larger number of systems is 
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dedicated to the period range between 0.45 s–1.31 s, where the fundamental periods of many low-rise buildings fall into it. The 
remaining portion of the systems is distributed in a decreasing fashion till reaching a large fundamental period (i.e., 4.32 s, where very 
few systems are represented). Fig. 4(b) shows the distribution of the system strength ratio (SR), where a large number of systems (161 
systems) are allocated to the range between 0.04 and 0.16. This is because most real low-rise building systems fall into this range. On 
the other hand, the remaining systems are distributed in a decreasing step-wise fashion to represent different building strength ratios. 

The diversity in ground motion excitations is achieved through introducing different values of PGA, magnitude, source to site 
distance, fault mechanism, etc. 153 natural earthquake events are selected from the PEER database [26] that represents a wide range of 
earthquake characteristics (Table 1). Each earthquake event is represented in the MLM by a PGA and the corresponding response 
spectrum (i.e., frequency content). Recent studies [23,27] highlighted that these parameters are the most relevant and accurate inputs 
for representing earthquake events; especially when it comes to the nonlinear behavior of the structure, which is highly affected by the 
frequency content. Using these parameters for training the proposed machine learning model guarantees its prediction accuracy and 
enhances its capability to capture the nonlinear response of the structure. In addition, these parameters are widely accepted by 
structural engineers as suitable representatives of ground motion excitation and readily available to use. The earthquake spectra used 
for training the machine learning model are shown in Fig. 3. As described in the figure, the spectra cover a wide range of spectral 
accelerations. In addition, the PGA histogram (Fig. 4) shows that the PGAs are highly scattered over a wide range while more 
earthquakes belong to the common range of seismic design (e.g., 0.3g–0.5g). The proposed procedure is dedicated to low-to mid-rise 
buildings, which in many countries (e.g., United States) represent more than 90% of construction [28]. 

It is worth mentioning that the two main characteristics of the ground motion that are used as input in the current study (i.e., the 
PGA and the frequency content) are considered the most ideal for model training because they are highly correlated with the output 
system response (i.e., D, A, and V). This is particularly true if the ultimate goal required from the machine learning model is the 
maximum responses rather than the entire time history of the system responses. Moreover, it is important to highlight that selecting the 
response spectrum as one of the main features in the input data set is based on recommendations in recent studies regarding the 
important effect of frequency content (i.e., response spectrum) on the nonlinear response of structural systems [18,23]. For example, it 
is indicated in a study conducted by Kim et al. [23] that neural networks that are trained with frequency content (i.e., response 
spectrum) showed much better performance compared with other ground excitation features such as peak values of excitation (e.g., 
PGV, PGD) or source excitation information (i.e., magnitude, epicentral distance, soil class, etc.). 

3. Details of the main components of the procedure 

3.1. Stage 1: system response prediction and evaluation ratio 

3.1.1. Dataset preparation 
Fig. 5 shows the flowchart of Stage 1, which is dedicated to the prediction of the system responses and obtaining a quantitative 

evaluation ratio of the system based on these responses. Firstly, the input and output pairs are arranged to prepare the dataset. The 
input comprises two sources, which are related to SDOF systems and earthquake characteristics. The former is represented by a 
fundamental period (T), strength ratio (SR), and damping ratio (ζ). The latter is represented by its PGA and response spectrum. The 
total input data set will be 61,200 (400 systems x 153 EQs). NLTHAs are conducted for these systems to obtain the corresponding 
maximum engineering demand parameters (EDPs) of the system, which are maximum drift (D), maximum acceleration (A), and 
maximum base shear (V). These EDPs are necessary to accurately assess the system response from the safety and serviceability per-
spectives. Drift (D) is a widely used EDP for assessing the overall structural safety. On the other hand, floor acceleration (A) is 
important to assess structural serviceability, especially, when important equipment is existent in the structure. Base shear (V) is an 
important indicator of increasing seismic demand on foundations and first floors, especially, in the case of retrofitting of deficient 
structures. OpenSees software [29] and a Matlab code [30] are used to obtain D, A, and V by conducting numerous NLTHAs using a 
parallel computing scheme. The elastic-perfectly plastic model is used to represent the hysteretic behavior during nonlinear dynamic 
analyses. This hysteretic model proved to be reliable since it has been widely used in previous studies and used as a reference hysteretic 
model in FEMA 440 [24]. A constant damping ratio of 5.0% of the critical value is used for the dynamic analysis. The structural models 
of the SDOF systems are made based on the required stiffness and the strength of the 400 systems. A loop is created to change the 
stiffness and strength of each SDOF system. The SDOF moment-rotation relationship is controlled by assigning one variable for the 
stiffness (the slope of the linear part) and another variable for the strength (the end of the linear part and the beginning of the plastic 
part). A uniaxial material element with bilinear behavior for flexure is used from the OpenSees library for modeling. Rayleigh damping 
technique is used for dynamic analysis, and a direct solver for unsymmetric sparse matrices is used. The Modified Newton method is 
used as a solution algorithm with 1.0E-8 convergence test tolerance, and the Newmark-integrator with 0.5 gamma parameter is used as 
the transient integrator. 

The current study is focused on structural systems of low-to mid-rise buildings that have fundamental period larger than 0.6 s. 

Table 1 
Ranges of the input earthquake parameters for all earthquake records.   

Limit PGA 
(g) 

Magnitude 
(Mw) 

Source to Site 
distance (km) 

Vs30 (m/ 
sec) 

Lowest Useable 
Frequency (Hz) 

Source-Fault Mechanism 

Limits of 
parameters 

Upper 1.8 7.62 218.13 1428.14 3.75 Normal; Reverse; Reverse 
Oblique; strike-slip Lower 0.017 4.2 0.56 169.84 0.025  

M. Noureldin et al.                                                                                                                                                                                                    



Journal of Building Engineering 50 (2022) 104190

6

According to FEMA 440 [24] and ASCE 41–17 [2], the effect of pinched hysteresis shape, cyclic stiffness degradation, and strength 
deterioration on the maximum displacement response is approximately the same as that obtained using elastic-perfectly plastic (EPP) 
model if the period of the system is larger than 0.6 s. Nevertheless, it is recommended not to use the proposed procedure for systems 
that show poor energy dissipation behavior such as old buildings. 

3.1.2. Machine learning model 
After the data set is prepared, a machine learning model is established using three different ANN architectures connected in parallel 

as shown in Fig. 5. Each ANN is dedicated to a specific EDP (i.e., D, A, and V) as shown in Fig. 6. Each ANN is trained, validated, and 
tested using different backpropagation optimization algorithms to update weight and bias values. Three algorithms are investigated, 
namely, Levenberg-Marquardt (LM), Bayesian regularization (BR), and Scaled Conjugate Gradient (SCG). Different ANN architectures 
including the number of layers and number of neurons in each layer are investigated. Three different hidden layers (one, two, and three 
layers) and four different number of neurons per layer (10, 20, 30, and 40) with three different activation functions (Log sigmoid 
transfer function (LOGSIG), linear transfer function (PURLIN), and hyperbolic tangent sigmoid (TANSIG)) have been investigated. The 
optimum ANN is selected considering the optimization algorithm and the architecture that provide the highest accuracy. It is found 
that ANNs having two hidden layers with 10 neurons using LM (Levenberg-Marquardt) training algorithm and TANSIG activation 
function provide the highest accuracy for the prediction of the D, A, and V. Accuracy is estimated through two widely accepted 
performance parameters, which are the normalized mean of squared errors (MSE) and linear correlation factor (R) [31]. 

MSE=
I × J × MS

∑J
j=1

I
∑I

i=1
d2

ij −
( ∑I

i=1
dij

)2

I

(1)  

MS=
1
I
∑I

i=1

∑J

j=1

(
dij − yij

)2 (2)  

R=

∑I

i=1
(di − d)(yi − y)

I( ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅∑I

i=1
(di − d)2

I

√

×

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅∑I

i=1
(yi − y)2

I

√ ) (3)  

where I is the number of test data, J is the number of neurons in the output layer, dij and yij are the estimated and target solutions for the 
ith series of data at the jth neuron of the output layer, respectively, and d y are the means of these solutions, respectively. di and yi are 
the estimated and target solutions for the ith series of data. ANN performance is considered better if R and MSE are close to one and 
zero, respectively. In addition, the histogram of the errors between target and estimated values (error histogram) is constructed to have 
a sense of all model errors at a glance. 

3.1.3. Fuzzy inference system (FIS) 
A fuzzy inference system (FIS) is a nonlinear mapping mathematical model that links between the input and output spaces utilizing 

the fuzzy logic concept [31]. The main role of the FIS is twofold; 
First, it takes into consideration the natural fuzziness and vagueness inherent in the assumed limit states; secondly, it relates the 

EDP to two different limit states at the same time using their membership functions. This is because any EDP value may belong to one 
limit state to one extent and another limit state at the same time if it occurs between these two limit states. Mamdani procedure is used 

Fig. 3. Response spectra used for the input dataset of the machine learning model.  
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to establish the FIS [32] in the current study. The details of the FIS are shown in Fig. 7. 
The first step in the FIS is the fuzzification step, which means that each EDP limit state is associated with a particular membership 

function. Each EDP is mapped onto those membership functions to estimate the degree of association of each EDP value to those 
functions (fuzzy sets). The degree of association of each EDP to a particular member function is represented as a number in the interval 
(0,1). After that, the fuzzy operators (AND or OR) are used to form the fuzzy rules. The T-norm (minimum) and S-norm (maximum) are 

Fig. 4. Histograms showing the diversity of variables used in the input dataset: (a) natural periods; (b) strength ratios; (c) earthquake PGAs.  
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Fig. 5. Stage 1: system response prediction and evaluation ratio.  
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used, respectively, to represent the logic connective ‘AND’ and ‘OR’ [33]. The number of rules depends on the number of the limit 
states associated with member functions, which is 27 in our case. 

The antecedent of each rule is estimated using fuzzy operators to obtain the consequent, which is a unique number between 0–1. 
The fuzzy number resulting from the logic operations is related to the consequent using an implication relation that is assigned by the 
inference engine for each rule. The system allows the designer to assign a different weight for a particular rule to represent its 
importance compared to other rules. This is important for cases where the system is more associated with a particular EDP; for 
example, for structures that contain very expensive types of equipment, more attention should be given to accelerations compared to 
other EDPs. In this case, the rules related to acceleration will be given a higher weight than other rules. In the current study, all rules 
are given the same weight. 

The maximum composition operator is used to aggregate the output fuzzy number of each rule. The output fuzzy numbers are 
transformed to a crisp output number using the center of the area (CoA) of the fuzzy set through the defuzzification process. A number 
(n) of sub-areas is used to divide the total area of the membership function distributions. Then, the defuzzified value (z*) of a discrete 
fuzzy set is obtained using these sub-areas as follows: 

z* =

∑n
i=1zi.μ(zi)
∑n

i=1μ(zi)
(4)  

where zi is the sample element, μ(zi) is the membership function, and n is the number of elements in the sample [32]. 

Fig. 6. ANN models: (a) Topology and arrangement of ANNs; (b) Activation function (Tan-Sigmoid). 
(TANSIG activation function, LM training algorithm, and 10 neurons per layer.) 
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3.2. Stage 2: classification algorithm training and selection 

After obtaining the evaluation ratio (ER) of each system at stage 1, every system will be labeled “Recommended”, “Moderate”, or 
“Not recommended” based on the value of the evaluation ratio. These classes are mapped to three different levels of the evaluation 
ratio as (ER > 0.7), (0.5 > ER > 0.7), and (ER < 0.5), respectively. “Recommended” class means that for a particular T, SR, and EQ, the 
system responses are within the recommended limits and the system characteristics (i.e., T and SR) are recommended for design. The 
“Not recommended” class implies that the system responses are exceeding the maximum limits and the system characteristics (i.e., T 
and SR) need to be modified. The “Moderate” class is the middle between the two aforementioned classes. In stage 2, as shown in Fig. 8, 
the building structural characteristics (i.e., stiffness and strength ratio) and the earthquake response spectrum are provided as input. 
The output is the classification of the building (i.e., recommended, moderate, not recommended). 

Different classification algorithms (e.g., support vector machine, fine decision tree, etc.) are used to achieve the highest accuracy of 
classification. To avoid overfitting, the data set is divided into 70% for training, 15% for cross-validation, and 15% for testing. Different 
parameters (such as kernel functions, convergence rate, acceptable error, and penalty factor) are optimized using MATLAB code [30] 
to achieve the highest accuracy possible. Different accuracy indicators are used such as confusion matrix, scatter plot, and receiver 
operating characteristic (ROC) curve to check the quality of the classifiers. At the end of this stage, the classifier learner achieving the 
highest accuracy will be selected. This step will shorten the time required for classifying the building without going into the ANN and 
FIS modules. The output from this stage will provide a predicted qualitative description of the system based on its structural char-
acteristics and responses. 

3.3. Stage 3: performance-based design and seismic performance check 

In this stage, as shown in Fig. 2, the design limit states and the seismic hazard are defined based on the required structural per-
formance objective of the building. After that, the building system, which is an MDOF system, is transformed into an equivalent SDOF 
system as shown in Fig. 9. The transformation is usually performed using the pushover curve of the original MDOF after pushing the 
building laterally using a lateral load pattern compatible with the fundamental mode shape amplitudes. It is assumed that the dynamic 
response of the MDOF system is dominated by the fundamental mode shape throughout the dynamic analysis. The capacity curve of the 
MDOF system (base shear - roof displacement relationship) is idealized to a force-displacement relationship of an ESDOF system 
provided that the areas under the two curves are equal. More details of the transformation can be found elsewhere [34–36]. 

The design response spectrum along with the initial stiffness (Ki) and the initial strength ratio (SRi) of the ESDOF system is used as 
input for the classification algorithm obtained from stage 2. The ESDOF output class should be “Moderate” or above, otherwise, (Ti) 
and (SRi) should be modified to obtain the final stiffness (Tf) and the final strength ratio (SRf). After some trials, the final stiffness and 

Fig. 7. Fuzzy inference system (FIS) process.  
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strength ratio will be obtained. 
Performance-based design requires at least two different limit states corresponding to different hazard levels to be defined for 

design. In the current study, two limit states, which are life safety (LS) and collapse prevention (CP), are used for the design [2]. The 
former corresponds to the design basis earthquake (DBE: with a probability of 10% occurrence in 50 years; for short 10%/50). The 
latter corresponds to the maximum considered earthquake (MCE: with a probability of 2% occurrence in 50 years; for short 2%/50). 
The drift responses of the ESDOF are obtained using the machine learning model trained in stage 1. Then, the ESDOF drifts are 
transformed into drifts of the original building. The maximum inter-story drift ratio of the MDOF system (Dm) can be obtained from the 
ESDOF drift predicted from the MLM (D) as follows (assuming uniform drift ratio along the building height): 

Dm =D
Γ.φr

Н
(5)  

where; φr is the modal amplitude at the roof of the fundamental mode shape; H is the height of the structure; and Γ is the modal 
participation factor, which can be calculated as 

Γ=
∑n

1
miφi

/
∑n

1
miφ2

i (6)  

where mi and φi are the mass and modal amplitude assigned to the DOF “i" of the fundamental mode shape normalized to have a unit 
maximum amplitude, and n is the number of DOFs considered. 

Then, using Dm obtained for each earthquake, the MIDRmean is calculated for each set of earthquakes. The MIDRmean should be less 
than the defined limit state, otherwise, Tf and SRf should be modified till this criterion is satisfied. The final stiffness and strength ratio 

Fig. 8. Stage 2: classification algorithm training and selection.  
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will be used for designing the elements and components of the structure. 

4. Training, accuracy, and performance of the proposed ML model 

In this section, the performance and accuracy of the proposed procedure are assessed. First, the data set processing and training are 
discussed. After that, the ANN accuracy of predicting D, A, and V is assessed. Then, several classification learners are examined to select 
the one with the best performance to be used for the design stage. All computations in this section are performed using a parallel 
computing scheme using a supercomputer with 16 CPUs each of 3.8 GHz with a total 184 GB ram and double 32 GB graphic cards with 
a clock speed of 1530 MHz are used for training the ANNs and classifier learners. The scheme simply allows MATLAB software to use 
multiple cores on the machine using available local workers to speed up large calculations. This is particularly useful when OpenSees 
files are called to run in different loops from the controlling MATLAB file, which involves a highly intensive calculation. This scheme 
opens a parallel pool of workers and runs the computation across the available workers. 

4.1. Training and data set 

The implementation of the data set into the MLM has an important impact on the overall accuracy of the procedure. In our case, the 
data set variables have a highly-different scales. This may reduce significantly the MLM performance unless a suitable normalization 
technique is used. Based on that, a minimum-maximum normalization technique is used to have a uniform scale of all data set within 
the range of 0–1. Since this normalization technique is linear, all characteristics of the original data set are well-kept and unaffected. 
The normalization is achieved as follows [37]: 

yn =

(
yun − yomin

yomax − yomin

)

(ynmax − ynmin) + ynmin (7)  

where yn and yun are the normalized and un-normalized values, respectively; yomin and yomax are the minimum and maximum of the 
original (un-normalized) data range, respectively; and ynmin and ynmax are the minimum and maximum of the normalized data range, 
respectively. 

Some NLTH analyses provide excessively large EDP values. These data points are considered outliers. Data set processing such as 
outliers’ detection and removal is conducted on the data set to maintain the high accuracy of the MLM. The data set is divided 
randomly into three different portions to avoid overfitting, which are training, cross-validation, and testing, respectively, with ratios of 
70%, 15%, and 15%. 

4.2. ANN prediction accuracy 

Different ANN architecture, activation functions, and optimization algorithms have been checked to achieve the highest prediction 
accuracy of the system responses. As mentioned before, it is found that ANNs having two hidden layers with 10 neurons using LM 
(Levenberg-Marquardt) training algorithm and TANSIG activation function are providing the highest accuracy for the prediction of the 
V, A, and D. It is worth mentioning that using one ANN for predicting combined “VAD” showed lower accuracy in prediction compared 
to the case of using three different ANNs in parallel to predict each EDP separately. 

Fig. 9. MDOF-SDOF Transformation process.  
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Fig. 10 shows the prediction accuracy of two of the EDPs, which are D and A. The figure shows three different graphs representing 
linear correlation factor (R), mean square error (MSE), and error histogram. As shown, R exceeds 95% for all data cases including 
training, validation, and testing. MSE was found to be 0.0059 and 0.00498, respectively, for D and V, which are considered very small 
values. In addition, the error histograms show the tendency of having very small errors for the entire data set with a higher tendency 
toward zero error. 

Fig. 11 shows the comparison between two different sets of representation for the input ground motion on the overall accuracy of 
the MLM regarding D. The first input data set is a combination of peak ground acceleration (PGA) and response spectrum (RS), whereas 
the second input data set is a combination of peak ground acceleration (PGA), peak ground velocity (PGV), Arias Intensity (AI), and 
response spectrum (RS). As can be observed from the figure, the second set (i.e., PGA + PGV + AI + RS) shows a higher accuracy 
compared to the first set (i.e., PGA + RS). This indicates that PGV and AI can improve the accuracy of the proposed machine learning 
model if included as input variables. 

5. Verification and comparison with other methods 

Conventional seismic design codes and guidelines usually suggest simplified methods (instead of nonlinear time-history analysis 
method) and simplified models such as SDOF system (instead of MDOF system) to alleviate the computational effort involved to obtain 
engineering demand parameters of the system. For example, ASCE 41 [2] uses displacement coefficient method, which is based on 
SDOF simplification. FEMA 440 [24] provided different simplified methods based on SDOF system simplification to be used by re-
searchers and engineers. Recent studies (e.g. Refs. [18,23]) provide a more advanced alternative of simplification, which is based on 

Fig. 10. ANNs prediction accuracy for: (a) drift (D); (b) Acceleration (A) ( 
Top 
Linear correlation factor (R); Middle 
Mean square error (MSE); Bottom: Error histogram). 

Fig. 11. Influence of different ground motion representations on the overall accuracy of the machine learning model: (a) normalized mean of squared errors (MSE); (b) 
linear correlation factor (R). 
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soft computing techniques using SDOF systems. In this section, the proposed procedure prediction accuracy is verified through a 
comparison with NLTH analysis results related to all EDPs (i.e., D, A, and V). After that, to show the superiority of the proposed 
procedure, the results are compared with one of the most commonly used methods in practice for estimating system drifts, which is the 
displacement coefficient method (DCM), which is recommended by ASCE 41 [2]. Then, the results from both methods are compared 
with NLTHA results. Several test-bed RC models are used, namely, 2D frames and 3D irregular models to show the applicability, 
robustness, and reliability of the proposed procedure. 

Fig. 12. Configuration of the case study models: (a) structural plan of the 2-bay frame model; (b) 2-bay 2D frame elevations; (c) structural plan of the 3-bay model; (d) 
3-bay 2D frame elevations; (e) structural plan of an asymmetric 3-story 3-D building; (f) 3D view of the asymmetric 3-story model. 
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5.1. Structural models and earthquakes 

The structural models used in the current study for verification and assessment are selected to represent a different configuration of 
structures: 2D reinforced concrete (RC) frames with two bays and 3 and 5 stories as shown in Fig. 12(a) and (b) (the selected 2D frames 
are in the short direction of the plan). The models are designed for gravity loads of 4.1 kN/m2 and 2.5 kN/m2 for dead load and live 
load, respectively. The yield strength of reinforcement steel and the compressive of strength concrete are 413 MPa and 20.7 MPa, 
respectively. The cross-section and reinforcement details are provided in Table 2. The fundamental periods of the 2-bay 3- and 5-story 
models are found to be 1.1 s and 1.8 s, respectively, from the modal analysis. The strength ratios of the same models are 0.19 and 0.16, 
respectively. Another configuration of structures is represented by a 2D-RC frame with three bays having 3- and 7-stories as shown in 
Fig. 12(c) and (d) (the selected 2D frames are in the short direction of the plan). The fundamental periods of the 3-bay 3- and 7-story 
models are found to be 0.94 s and 2.47 s, respectively. The strength ratios of the same models are 0.34 and 0.22, respectively. ASCE 41 
[2] is used to define the nonlinear plastic hinges at the ends of the beams and columns. 

Another configuration of structures is represented by a 3D asymmetric reinforced concrete (RC) benchmark building model [34]. 
This building has plan asymmetry as shown from Fig. 12(e) and (f). The details of cross-section dimensions and steel reinforcement can 
be found in Fajfar et al. [34]. Similar nonlinear modeling details mentioned above for the RC models are used for this building. The 
natural fundamental period and strength ratio of this building are 0.45 s and 0.13 in the x-direction, and 0.58sec and 0.27 in the 
y-direction, respectively. 

Modal damping ratios of the RC models are assumed 5% of the critical damping for dynamic analyses. As shown above, the test-bed 
models are diversified to investigate the robustness and reliability of the proposed framework. Some of these models will be used for 
validation of the framework, whereas other models will be used for assessment as will be discussed in the next sections. 

The earthquakes used for validation and assessment should be diversified enough to examine the reliability of the framework. 
Three levels of seismic hazards (i.e., the probability that a ground motion will occur in a particular site, within a specific window of 
time, and with ground motion intensity exceeding a given threshold) are used for validation corresponding to 50%, 10%, and 2% 
probability of exceedance in 50 years (for short, 50%/50, 10%/50, and 2%/50) or return period of 75, 475, and 2475 years. These 
levels are mapped to immediate occupancy, life safety, and collapse prevention limit states, respectively [2]. 15 earthquakes for each 
hazard level are obtained from the PEER NGA Database [26] as shown in Table 3. Fig. 13 shows the response spectra of these 
earthquakes along with their arithmetic mean and the target response spectra for each return period. The target spectra are assumed to 
be for a stiff soil profile location in Los Angeles with latitude and longitude coordinates of 34.0, and − 118.2, respectively. 

5.2. Validation with NLTHA results 

In this section, the mean - values of D, A, and V obtained from the proposed framework are compared with the same results obtained 
from NLTH analyses for some case-study models. Three different earthquake sets, each set has 15 earthquakes, representing three 
different hazard levels are used as discussed above. The mean value of each set is compared with that obtained from NLTH analyses. As 
can be seen from Fig. 14, for the 3-story (2 bays) model. the maximum percentage difference with the NLTH results is capped with 12%. 
The difference was found to be at the same level for IO limit state for D, A, and V, which is in the range of 10%–12%. However, for the 
LS limit state, the difference was significantly decreased in the case of A and V compared with D. For the CP limit state, it is found that A 
shows the least difference (approximately 3%) compared with A and V (approximately 10%). 

In the 5-story (steel) model, the percentage of difference in IO and LS limit states is less in the case of V (approximately 8.6%) 
compared to D and A (approximately 11–12%). On the other hand, higher agreement with the NLTH results is achieved for the CP limit 
state in the case of D, which is found to be 3.3%. However, for the same limit state, A and V percentages turned out to be 8%. 

In the case of the 3D-y axis model, it is noticed that there is very good agreement between the predicted values and NLTHA results in 
the case of the IO limit state for all EDPs. The percentage is found to be within the range of 2–3% for D, A, and V. In the case of the LS 
limit state, the discrepancy reached the highest level at A with 13%; and is reduced for V (10%) and D (6%). For the CP limit state, all 
EDPs maintain a similar discrepancy percentage in the range of 6–8%. 

Table 2 
Section properties and element details of the RC model structures.   

Model 
Dimensions (mm) Beams  

Longitudinal Reinforcement Transverse Reinforcement 

Top Bottom  

3, 5 and 7-story (2 & 3 bays) 250 × 400 4 D20 4 D20 D8, 2legs@150 mm    
Columns    

Longitudinal Reinforcement  
3-story (2 &3 bays) 300 × 300 6 D14 D8, 2legs@150 mm 
7-story (3 bays) 300 × 300 (6-7 story) 6 D14 

400 × 400 (3-5 story) 8 D16 
500 × 500 (1-2 story) 8 D16 

5-story (2 bays) 300 × 300 (4-5 story) 
400 × 400 (1-3 story) 

6 D14 
8 D14  
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Table 3 
Earthquake characteristics used for validation and assessment.  

75 YEARS probability of exceedance in 50 years Sequence Number Earthquake Name PGA(g) Magnitude Fault Type Source Distance (km) Scale Factor 

50% 1 “Northwest Calif-01′′ 0.15007 5.5 Strike-Slip 53.58 2.2387 

2 “Northern Calif-05′′ 0.16339 5.6 Strike-Slip 28.73 1.4349 

3 “Borrego Mtn" 0.25319 6.63 Strike-Slip 45.66 1.4566 

4 “Managua_ Nicaragua-02′′ 0.13267 5.2 Strike-Slip 4.98 0.7752 

5 “Coyote Lake" 0.07795 5.74 Strike-Slip 20.67 2.4103 

6 “Imperial Valley-06′′ 0.14112 6.53 Strike-Slip 21.68 1.219 

7 “Imperial Valley-06′′ 0.14492 6.53 Strike-Slip 17.94 1.0384 

8 “Imperial Valley-06′′ 0.11796 6.53 Strike-Slip 21.98 1.193 

9 “Imperial Valley-06′′ 0.61014 6.53 Strike-Slip 3.86 0.3276 

10 “Imperial Valley-06′′ 0.11110 6.53 Strike-Slip 24.61 1.657 

11 “Imperial Valley-07′′ 0.07052 5.01 Strike-Slip 13.04 2.6273 

12 “Imperial Valley-07′′ 0.11478 5.01 Strike-Slip 10.58 1.2871 

13 “Imperial Valley-08′′ 0.15050 5.62 Strike-Slip 9.76 1.3336 

14 “Livermore-01′′ 0.14970 5.8 Strike-Slip 17.24 1.4271 

15 “Livermore-02′′ 0.11128 5.42 Strike-Slip 32.13 3.3532  

475 years probability of exceedance in 50 years Sequence Number Earthquake Name PGA(g) Magnitude Fault Type Source Distance (km) Scale Factor 
10% 1 “El Alamo" 0.03363 6.8 Strike-Slip 121.7 6.9256 

2 “Hollister-02′′ 0.05920 5.5 Strike-Slip 18.08 5.5341 
3 “Borrego Mtn" 0.13267 6.63 Strike-Slip 45.66 3.2028 
4 “Borrego Mtn" 0.04132 6.63 Strike-Slip 129.11 8.6356 
5 “Imperial Valley-06′′ 0.26993 6.53 Strike-Slip 7.29 1.3829 
6 “Imperial Valley-06′′ 0.23570 6.53 Strike-Slip 22.03 1.0624 
7 “Imperial Valley-06′′ 0.14492 6.53 Strike-Slip 17.94 2.2832 
8 “Imperial Valley-06′′ 0.07606 6.53 Strike-Slip 15.25 3.4774 
9 “Imperial Valley-07′′ 0.23394 5.01 Strike-Slip 12.11 3.629 
10 “Imperial Valley-07′′ 0.14049 5.01 Strike-Slip 10.31 3.7551 
11 “Imperial Valley-07′′ 0.12871 5.01 Strike-Slip 10.94 4.6489 
12 “Livermore-01′′ 0.14970 5.8 Strike-Slip 17.24 3.1379 
13 “Livermore-01′′ 0.04874 5.8 Strike-Slip 53.82 5.1005 
14 “Livermore-02′′ 0.25460 5.42 Strike-Slip 11.4 3.1169 
15 “Livermore-02′′ 0.18375 5.42 Strike-Slip 14.12 2.8665  

2475 years probability of exceedance in 50 years Sequence Number Earthquake Name PGA(g) Magnitude Fault Type Source Distance (km) Scale Factor 
2% 1 “Imperial Valley-02′′ 0.28080 6.95 Strike-Slip 6.09 2.2918 

2 “Northern Calif-03′′ 0.16339 6.5 Strike-Slip 27.02 3.0717 
3 “Hollister-01′′ 0.05897 5.6 Strike-Slip 19.56 6.431 
4 “Northern Calif-05′′ 0.25319 5.6 Strike-Slip 28.73 5.5834 
5 “Borrego Mtn" 0.13267 6.63 Strike-Slip 45.66 5.6679 
6 “Imperial Valley-06′′ 0.26993 6.53 Strike-Slip 7.29 2.4472 
7 “Imperial Valley-06′′ 0.11598 6.53 Strike-Slip 50.1 6.0977 
8 “Imperial Valley-06′′ 0.14492 6.53 Strike-Slip 17.94 4.0405 
9 “Imperial Valley-06′′ 0.11796 6.53 Strike-Slip 21.98 4.6421 
10 “Imperial Valley-06′′ 0.11110 6.53 Strike-Slip 24.61 6.4475 
11 “Imperial Valley-06′′ 0.07606 6.53 Strike-Slip 15.25 6.1539 
12 “Imperial Valley-07′′ 0.09720 5.01 Strike-Slip 15.42 7.3997 
13 “Imperial Valley-07′′ 0.21954 5.01 Strike-Slip 11.23 5.1242 
14 “Imperial Valley-07′′ 0.11478 5.01 Strike-Slip 10.58 5.0082 
15 “Livermore-01′′ 0.14970 5.8 Strike-Slip 17.24 5.5531  
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5.3. Comparison with a conventional method for estimating building response 

In this section, the response prediction potential of the proposed framework is compared with a widely used method recommended 
by ASCE 41 [2], which is the displacement coefficient method (DCM). Since the DCM is used primarily to obtain the target 
displacement of a structure, drift (i.e., D) will be used as the main EDP for comparison purposes. NLTHA results will be used as a 
reference in this comparison. 

Fig. 15 shows the comparison between the proposed machine learning model (MLM), DCM, and NLTHA for “D” mean values. The 
models used for this comparison are the 3-story (2 bays), 5-story (2 bays), and 3D structure in x and y directions. Three different sets of 
earthquakes (15 earthquakes for each set) with different return periods are used; namely, 75, 475, and 2475 years. It is evident from 
the figure that the DCM generally overestimates the mean value of drift response for almost all models and all earthquake return 
periods. On the other hand, the proposed MLM shows better agreement with NLTHA results compared to the DCM. It is noticed that 
there is a very good matching between the responses from the MLM and NLTHA results especially for the cases of 475 and 2475 YRP. 
These levels of hazards are equivalent to LS and CP limit states, which are important for the design of important structures. Considering 
all earthquakes (i.e., 45 earthquakes), the MLM shows much better agreement with NLTHA results compared with the DCM results. 

Fig. 13. Earthquake spectra used for validation and assessment: return period of (a) 75 years; (b) 475 years; and (c) 2475 years.  
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Fig. 16 shows the comparison between the MLM, DCM, and NLTHA for “D” for all of the 45 earthquakes. As can be observed from 
the figure, the MLM results for most earthquakes are closer to the NLTHA results compared to the DCM results. It is noticed that 
excessively large values for D are obtained from the NLTHA for the earthquakes compatible with the 2475 YRP (number 30 to 45 on the 
graph). This can be attributed to the high intensity of these earthquakes which may have led to dynamic instability during analysis 
causing excessively large values of drift. 

6. Applications of the proposed procedure 

After validation of the proposed procedure and assessing its EDPs prediction accuracy, the procedure is used for different seismic 
assessment and retrofit applications and is compared with NLTHA assessment. The first application is related to the classification of 
existing/new structures to obtain the required stiffness and strength to meet the required design objective. The second application is 
related to quantifying the median collapse capacity of a structure through drawing incremental dynamic analysis (IDA) curves. The 
third application is related to constructing fragility curves for different limit states of one of the model structures in literature to 
quantify the probability of reaching or exceeding these limit states. 

6.1. Qualitative assessment of structures using different EDPs 

In many cases, especially when designing a new structure or retrofitting an existing one, structural designers need a qualitative 
assessment of the structure under consideration. This is imperative for selecting a suitable lateral resisting framing system for a new 
structure, or deciding the most appropriate retrofitting scheme for a deficient existing structure. 

Fig. 14. Validation of D, A, and V prediction with NLTHA results.  
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Fig. 15. Mean values of the drift (D) predictionAbbreviations 
Displacement Coefficient Method (DCM); Machine Learning Model (MLM); Nonlinear Time His. 
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In this section, the 3- and 7-story models (3 bays) are qualitatively assessed based on the proposed procedure, then the appropriate 
retrofitting scheme is decided. Commonly, jacketing of RC columns is widely used as a retrofit scheme for RC structures, because it 
contributes to achieving the strong column-weak beam concept for existing RC structures that are not designed based on seismic 
regulations. In addition, it is a very practical and easy retrofit option for most building owners with limited budgets. 

Using stage 3 of the proposed procedure, it is found that for the 3-story model with an initial period and strength ratio of 0.94 s and 
0.34, respectively, the model class falls in the M classification (i.e., Moderate). Based on that, some trials are made to increase the 
initial stiffness and strength ratio to achieve the R classification (i.e., Recommended). These trials take trivial time since it is done using 
the best classification algorithm trained with the data set. The suggested period and strength ratio to achieve the R class are found to be 
at least 0.6 s and 0.77, respectively. Based on that, column cross-sections of the model are increased to achieve the aforementioned 

Fig. 16. Prediction of the drift (D) of the model structures subjected to 45 earthquakes.  
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values. It is found that increasing the column cross-sections will enhance the seismic performance of the model to achieve the R class. 
The details of the model before and after retrofit for one selected design earthquake are shown in Table 4. As shown in the table, to 
improve the model class, the column cross-sections need to be increased by at least 38%. This retrofit will decrease the natural period 
of the model by 41% and increase its strength ratio by 80%. This retrofit will decrease the drift demand (i.e., D) by 39.1%; however, it 
will increase A and V by 29.7% and 3.6%, respectively. This means that there is a tradeoff between decreasing the drift demand and 
increasing roof acceleration and base shear values. 

In the case of the 7-story model, the initial period (2.47 s) and strength ratio (0.22) are used to obtain the model class. It is found 
that the model falls into the NR (not recommended) class. After several trials, the proposed procedure suggested that the period and 
strength ratio of the model need to be at least 1.15 s and 0.77 to achieve the M (moderate) class. Based on that, the cross-sections of 
columns are increased to achieve the required stiffness and strength values. Table 4 provides the details of the model before and after 
retrofitting for one selected design earthquake. The table shows that increasing column cross sections by approximately 19%–31% will 
decrease the natural period by 72% and increase the model strength ratio by 113%. Based on this retrofit scheme, the drift demand (D) 
will be decreased by 47%; on the other hand, the A and V will be increased by 19% and 12%, respectively. 

It is worth mentioning that for the 7-story model, many trials have been carried out to improve the class from the M (i.e., moderate) 
class to the R class (i.e., Recommended), but the trials were not successful. This is mainly due to the large values of A and V obtained 
when the column cross-sections are increased. The impeded FIS in the proposed procedure decides the class based on the three EDPs (i. 
e., V, A, and D) at the same time. This means that even if the D is decreasing, the other EDPs (i.e., A and V) values are making the fuzzy 
inference engine provides a lower class for the whole model. This highlights the important role of the FIS in the proposed procedure 
since it plays a crucial role in deciding that using a specific retrofit scheme (such as increasing columns by jacketing) may not be 
suitable for this model to achieve the recommended design class. 

6.2. Median collapse capacity assessment using incremental dynamic analysis (IDA) curves 

One of the important concepts in assessing structures under natural hazards such as earthquakes is to investigate the structural 
performance till reaching the collapse state. If this process is applied in an incremental fashion starting from very low earthquake 
intensities to very high ones, the seismic performance can be monitored while the structure is passing over different limit states until it 
reaches its final stage of failure. At this particular stage, the median collapse capacity of the structure can be obtained if many ground 
excitations are used to reach this stage. This assessment can be achieved by constructing incremental dynamic analysis (IDA) curves 
[38]. The major challenge of constructing these IDA curves is the high computational cost involved in conducting NLTHAs for many 
ground excitations. One of the important applications of the proposed procedure in the current study is constructing IDA curves for any 
required EDP to assess the collapse capacity of structures avoiding the huge computational effort involved. 

In this section, IDA curves are constructed for a 2D reinforced concrete (RC) frame with 5 stories as shown in Fig. 17. The model has 
been used in previous studies [39,40]. The model is designed using ACI 318 [41] for gravity loads only. The compressive strength of 
concrete and the yield of the reinforcement steel are 20.7 MPa and 413 MPa, respectively. The dimensions of beams and columns are 
250 × 400 and 400 × 400 mm, respectively. 4 bars of diameter 20.0 mm are used for beam reinforcement at the top and bottom. 8 bars 

Table 4 
Details of the models before and after retrofitting to achieve the required class.  

Item Before retrofit After retrofit % Difference 

(a) 3-story (3 bays) 

D (MIDR) 2.2% 0.92% − 39.1% 

A (g) 0.37 0.48 +29.7% 
V (kN) 23.9 24.75 +3.6% 
CLASS Moderate (M) Recommended (R) – 
C 1ST (mm) 300 × 300 365 × 365 +38% 
C 2ND (mm) 300 × 300 365 × 365 +38% 
C 3RD (mm) 300 × 300 365 × 365 +38% 
T (sec) 0.94 0.62 − 41% 
SR 0.34 0.8 +80%  

(b) 7-story (3 bays) 

D (MIDR) 2.70% 1.67% − 47% 

A (g) 0.900 1.090 +19% 
V (kN) 76.821 86.384 +12% 
CLASS Not recommended (NR) Moderate (M) – 
C 1ST (mm) 500 × 500 550 × 550 +19% 
C 2ND (mm) 500 × 500 550 × 550 +19% 
C 3RD (mm) 400 × 400 450 × 450 +23% 
C 4TH (mm) 400 × 400 450 × 450 +23% 
C 5TH (mm) 400 × 400 450 × 450 +23% 
C 6TH (mm) 300 × 300 350 × 350 +31% 
C 7TH (mm) 300 × 300 350 × 350 +31% 
T (sec) 2.47 1.17 − 72% 
SR 0.22 0.79 +113%  
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of diameter 16.0 mm are used for column reinforcement. 2 legs of 8.0 mm diameter stirrups are used each 150.0 mm as transverse 
reinforcement for both beams and columns. Cracked sections are used in the analysis as recommended by ACI 318 [41]. ASCE 41 [2] is 
used to define the nonlinear plastic hinges at the ends of beams and columns. The fundamental period of this 5-story RC frame model is 
found to be 1.25 s from the modal analysis. The strength ratio is found to be 0.82. 

30 natural earthquakes, listed in Table 5, are used to construct the IDA curves. These earthquakes are retrieved from the PEER NGA 
Database [26] to have a mean-response spectrum that is matching the target design response spectrum as shown in Fig. 18. According 
to ASCE 7 [28], the spectral accelerations of this targeted spectrum at short periods and 1-s are 0.7g and 0.38g, respectively. 

The proposed procedure will be used in this case for predicting the “D” using the stiffness and strength of the model and using the 30 
natural earthquakes with increasing intensities till collapse. These earthquakes have not been used in training the MLM (or invali-
dation and testing). For each earthquake, the intensity is scaled up every step then the corresponding D is obtained from the MLM using 

Fig. 17. RC model structure used for constructing IDA and fragility curves.  

Table 5 
List of earthquake records used in IDA and fragility analyses (5-st RC model).  

Sequence Number Earthquake Name PGA(g) Magnitude Fault Type Source Distance (km) 

1 “LA - Hollywood Stor FF" 0.22476 6.61 Reverse 22.77 
2 “Tolmezzo" 0.35713 6.5 Reverse 15.82 
3 “Delta" 0.23570 6.53 Strike-Slip 22.03 
4 “El Centro Array #11′′ 0.36681 6.53 Strike-Slip 12.56 
5 “El Centro Imp. Co. Cent" 0.35726 6.54 Strike-Slip 18.2 
6 “Poe Road (temp)" 0.47498 6.54 Strike-Slip 11.16 
7 “Capitola" 0.51113 6.93 Reverse Oblique 15.23 
8 “Gilroy Array #3′′ 0.55912 6.93 Reverse Oblique 12.82 
9 “Petrolia" 0.59079 7.01 Reverse 8.18 
10 “Coolwater" 0.28368 7.28 Strike-Slip 19.74 
11 “Yermo Fire Station" 0.24452 7.28 Strike-Slip 23.62 
12 “Beverly Hills - 14,145 Mulhol" 0.44341 6.69 Reverse 17.15 
13 “Canyon Country - W Lost Cany" 0.40361 6.69 Reverse 12.44 
14 “Nishi-Akashi" 0.48323 6.9 Strike-Slip 7.08 
15 “Shin-Osaka" 0.22500 6.9 Strike-Slip 19.15 
16 “Arcelik" 0.21008 7.51 Strike-Slip 13.49 
17 “Duzce" 0.31191 7.51 Strike-Slip 15.37 
18 “CHY101′′ 0.33966 7.62 Reverse Oblique 9.94 
19 “TCU045′′ 0.47308 7.62 Reverse Oblique 26 
20 “Bolu" 0.73925 7.14 Strike-Slip 12.04 
21 “Abbar" 0.51456 7.37 Strike-Slip 12.55 
22 “Hector" 0.26547 7.13 Strike-Slip 11.66 
23 “LA - Hollywood Stor FF" 0.042228 7.36 Reverse 117.75 
24 “El Centro Array #9′′ 0.033627 6.8 Strike-Slip 121.7 
25 “Cholame - Shandon Array #5′′ 0.4438 6.19 Strike-Slip 9.58 
26 “LB - Terminal Island" 0.009716 6.63 Strike-Slip 199.84 
27 “Barcis" 0.02918 6.5 Reverse 49.38 
28 “Karakyr" 0.70171 6.8 Reverse 5.46 
29 “Boshrooyeh" 0.10553 7.35 Reverse 28.79 
30 “Rio Dell Overpass - FF" 0.061634 7.2 Strike-Slip 76.26  

M. Noureldin et al.                                                                                                                                                                                                    



Journal of Building Engineering 50 (2022) 104190

24

the stiffness and strength of the model. 
Fig. 19 shows the IDA curves using both NLTHA and MLM methods. Every point on the IDA curve indicates the maximum inter- 

story drift (D) caused by a specific earthquake scaled to a particular intensity level. Generally, there is a very good agreement between 
the IDA curves obtained from NLTHA and MLM methods as shown. To show this agreement in a better way, the median IDA curve 
obtained from each method is plotted in Fig. 20. As can be observed in the graph, there is a good matching between the two curves at 
small drift values till 2.0%. After that, there is a little difference between the two curves. This can be attributed primarily to the 
nonlinear response of the model after reaching 2.0% drift. This nonlinearity may lead to dynamic instability of the model during 
nonlinear dynamic analysis that overestimates the actual response of the model. 

Fig. 21 shows the distribution of collapse capacity that has been obtained from IDA curves. As it can be shown, the distributions 

Fig. 18. Response spectra of ground motion records used for IDA (5-story RC model).  

Fig. 19. IDA curves of the 5-story model obtained from: (a) NLTH; (b) MLM.  

M. Noureldin et al.                                                                                                                                                                                                    



Journal of Building Engineering 50 (2022) 104190

25

obtained from NLTHA and MLM methods are almost identical. The median collapse capacities, shown as dotted vertical lines on the 
plot, obtained from the two methods are 1.0 and 0.9 g, respectively for NLTHA and MLM methods. This difference, as mentioned 
before, can be attributed to the excessive response values obtained from the NLTHA method during the nonlinear dynamic analysis at 
large intensity levels of ground excitations. 

6.3. Seismic fragility assessment 

The seismic fragility of a structure is considered an important response assessment tool that provides the probability of exceeding a 
certain limit state given an intensity level. For any specific seismic intensity measure (SI = x), the probability of the seismic demand 
“D” being larger than the structural capacity of the structure “C”, can be modeled using the conditional probability model that utilizes 
the lognormal cumulative distribution function using the following equation [42]: 

P[C <D @ SI = x] = 1 − Φ
ln(Ĉ/D̂)

βTOT
(8)  

where Φ[.] is the normal distribution function; Ĉ is the median structural capacity at a specific limit state; D̂ is the median structural 
demand; βTOT is the uncertainty related to the structural collapse, which is taken as 0.6 based on the FEMA P-695 [43] 
recommendation. 

The 5-story model and the earthquakes used in the previous section (IDA curves) are used here to construct the fragility curves. For 
each spectral acceleration, the drift demand (i.e., D) is obtained using the MLM for each earthquake from the 30 earthquakes listed in 
Table 5. The median of the responses is estimated for each spectral acceleration to estimate the normal distribution variate as 
mentioned in the above equation. After that, the probability of reaching or exceeding a specific limit state is calculated. Three limit 
states are used, which are IO, LS, and CP corresponding to 1%, 2%, and 3% drifts, respectively. The fragility curves obtained using the 

Fig. 20. Median IDA curves of the 5-story model obtained from NLTHA and MLM methods.  

Fig. 21. Median collapse capacity of the 5-story model obtained from NLTHA and MLM methods.  
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MLM are compared with those obtained from existing studies [39,40] using NLTHAs for the same model structure and earthquakes as 
shown in Fig. 22. The figure shows a very good agreement of the MLM and NLTHA results. A little higher probability (in the range of 
4–7%) of exceeding the limit states, especially for the IO and LS limit states, are found when using the NLTHA method. This can be 
observed for low spectral acceleration values (in the range of 0.25–0.5g), but generally, there is a very good agreement along the 
fragility curves. These results prove the capability of the proposed MLM to be a reliable and rapid fragility assessment tool that can be 
used for assessing existing structures or during the preliminary design stage of new ones. 

7. Conclusion 

In the current study, a machine learning-based procedure was proposed for seismic assessment and performance-based design of 
structures. 61,400 NLTHA runs were conducted to train the machine learning model. The procedure considered the structural period 
and strength ratio as input and predicts the output structural responses. Based on the responses such as maximum drift, maximum 
acceleration, and base shear, the structure was qualitatively classified as “Not recommended”, “Moderate”, or “Recommended”. Six 
different models, including 2D and 3D models, with various characteristics, were used for validation and assessment of the proposed 
procedure with the NLTHA method. Three different hazard levels (comprising 45 earthquakes) were used for comparison with NLTHA 
and displacement coefficient methods. Another set of 30 earthquakes has been used for estimating the median collapse capacity and 
construction of IDA curves. Fragility curves were constructed using the same earthquakes for IO, LS, and CP limit states. Based on the 
analytical results obtained in the current study, the following conclusions could be drawn:  

● The proposed MLM provides high accuracy in predicting the main EDPs. For example. In the case of D and A, the linear correlation 
factor (R) turned out to be above 95%. On the other hand, mean square error (MSE) was found to be 0.0059 and 0.00498, 
respectively, for these EDPs.  

● The Ensemble bagged tree (EBT) classification learner showed high accuracy in system classifications with accuracy reaching 95% 
with a training time of 25.3 s.  

● Validation with NLTHA results showed that the proposed procedure consumes much less computational time compared to NLTHA 
without compromising accuracy. For example, the majority of the case-study model results related to D, A, and V showed a very 
small difference from those obtained from NLTHA (in the range of 2%–12.5%).  

● The proposed procedure was superior in predicting seismic drift demands in comparison with the widely used method for obtaining 
drift in practice, which is the displacement coefficient method.  

● The proposed procedure could provide a qualitative classification assessment of structures. In addition. It could predict the required 
additional stiffness and strength for 2 different case-study models to improve their class.  

● The degree of effectiveness of a specific retrofitting scheme can be efficiently evaluated based on three different EDPs using the 
proposed procedure. This is an important feature of the proposed procedure that can be used by the structural designer before 
retrofitting an existing deficient structure to select a suitable retrofit scheme.  

● The prosed procedure can be used in estimating median collapse capacity and seismic fragility. The results of a 5-story model 
showed a very good agreement with those obtained from NLTHA using IDA and fragility curves.  

● The proposed procedure is most suitable for low-to mid-rise buildings which are dominated primarily by first mode shape with 
limited irregularities. 

In this study, it was observed that by training the machine learning model using large amount of data on SDOF system, much 
insights about the seismic performance of low-rise buildings could be achieved. Even though the machine learning model for SDOF 
system or a structure with a few DOF may not have significant advantage over conventional nonlinear analysis techniques, it may be 
quite useful for probabilistic seismic performance assessment of large inventory of buildings. 
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