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A B S T R A C T   

Commonly, seismic fragility is used as an assessment tool rather than a design constraint for 
existing building structures. In addition, the degree of seismic fragility safety margin after ret-
rofitting existing structures is usually unknown during the early retrofit design stage. The current 
study proposes a framework that allows the designer to assign the preferred seismic fragility 
margin as a design variable before retrofit of a structure using soft computing techniques. In 
addition, it provides the design damping ratio to achieve the optimal damper capacity distribu-
tion required for retrofit. To this end, a machine learning model (MLM) is used to construct safety 
margin curve (SMC) graphs for the structural system considering different limit states to obtain 
the design damping ratio. This MLM is trained with a wide range of structural systems subjected 
to various levels of ground motion intensities for predicting seismic responses of the system. The 
main role of the MLM and SMC is to provide a reasonable approximate range for damper capacity 
in each story to reduce the computational time required for the optimization process. After that, a 
genetic algorithm (GA) optimization process is implemented to obtain the optimum capacities of 
the energy dissipation devices (EDDs) required for retrofitting the structure using the design 
damping ratio obtained from the SMC. Displacement-dependent EDDs are used in the current 
study because of their effectiveness in dissipating seismic energy. The EDDs are arranged such 
that the seismic demands are controlled to achieve the required basic seismic safety objective 
maintaining the optimal EDD capacity for each story. The reliability and robustness of the 
framework are investigated using various case-study examples and validated by comparing the 
results with those obtained from nonlinear time history (NLTH) and nonlinear static methods. The 
proposed framework is validated for low-rise moment-resisting frame buildings that can be 
represented using a single degree of freedom (SDOF) system. The framework is expected to enable 
researchers and engineers to effectively implement the required level of seismic safety in retro-
fitted structures with less computational cost and allows the designer to select the most suitable 
retrofit scheme considering multiple limit state criteria checks.   

1. Introduction 

Earthquakes have large socio-economic impacts on communities and urban areas. This makes seismic retrofit of existing structures 
important for the resilience of structures [1,2]. In addition, retrofit of existing structures has an environmental impact that is highly 
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related to selecting the most suitable retrofit scheme [3]. More emphasis is placed these days on considering seismic vulnerability as an 
important element that needs to be considered in obtaining optimal and efficient retrofit schemes for deficient structures [4]. This 
means that seismic vulnerability (fragility) needs to be considered as an integrated element in retrofit design frameworks of existing 
structures. 

Next-generation performance-based seismic design [5] and seismic risk assessment frameworks have motivated many researchers 
to use seismic fragility assessment to investigate the seismic performance of different types of structures and components such as steel 
moment frames [6], reinforced concrete buildings [7], and structural walls [7]. Different artificial intelligence (AI) techniques such as 
pattern recognition, machine learning, and deep learning are gaining popularity in structural engineering applications [8]. These 
techniques are evolving at a rapid pace in the earthquake engineering domain; particularly, in system identification and damage 
detection, seismic hazard analysis, and seismic fragility assessment [9]. 

Many studies investigated the implementation of AI techniques such as machine learning (ML) in seismic fragility assessment 
applications [10]. For example, Kiani et al. [11] applied machine learning classification-based tools to derive seismic fragility curves. 
Zhu et al. [12] used machine learning and symbolic regression fusion algorithms to make seismic fragility analyses of reinforced 
concrete bridges. Rémi et al. [13] used active learning on support vector machines to estimate seismic fragility curves. Lagomarsino 
et al. [14] constructed fragility curves for masonry buildings using a heuristic vulnerability model. Mangalathu and Jeong [15] 
proposed a framework utilizing machine learning and a stripe-based approach to generate bridge-specific fragility curves. Sun et al. 
[16] established a machine learning-based seismic fragility analysis framework to assess structures subjected to seismic excitations. 
Zhang et al. [17] presented an assessment framework for the post-earthquake structural safety of damaged buildings using classifi-
cation and regression predictive models. Other studies [18,19] applied soft computing optimization techniques such as genetic al-
gorithms for seismic retrofit of structures. For example, Falcone et al. [20] used genetic algorithms for seismic retrofit of existing RC 
structures. Di Trapani et al. [21] proposed a new genetic algorithm-based framework for retrofitting deteriorated shear-critical and 
ductility-critical RC structures using steel-jacketing retrofit. Papavasileiou et al. [22] investigated and assessed the cost-effectiveness of 
three seismic retrofit approaches for non-code-conforming frame buildings with a steel-concrete composite column using a 
specially-developed structural optimization procedure. 

Most studies are highly concerned with applying machine learning techniques for predicting maximum seismic drifts response 
[23–25] or investigating drift capacity in vulnerability assessments [26,27]. However, seismic assessment of retrofitted structures 
needs more than one engineering demand parameter (EDP) to be considered, such as acceleration and base shear (not only drift). These 
EDPs are essential for other criteria such as serviceability, which is an important design consideration. In addition, most studies are 
concerned with the life-safety design, which is the main goal of most seismic design codes and guidelines [28]; however, multi-level 
seismic hazards (e.g., immediate occupancy and collapse prevention, [29]) should be checked if the building performance objective 
entails different limit states [5]. 

In many retrofit cases, different levels of safety are required for different structures based on the importance and functionality of the 
structure itself. For example, critical facilities such as nuclear power plants require a higher fragility safety margin compared to 
common residential buildings. The conventional structural design philosophy considers mainly structural safety and, when required, 
serviceability considerations are checked. Nevertheless, the level of safety in terms of the seismic fragility of the structure remains 
unknown. 

In common seismic design practice, the level of seismic fragility safety impeded in the structure after retrofit remains unknown. 
Most studies use seismic fragility as an assessment tool [30–32] rather than being a design constraint that needs to be considered from 
the very early stage of design for the retrofit of an existing structure. Design and retrofit of structures considering fragility safety margin 
require a huge computational effort to construct fragility curves for the structure using numerous nonlinear time history analyses 
(NLTHA). In addition, the damping ratio required to satisfy the given level of fragility safety margin is considered unknown in the early 
design stage of the retrofit scheme. Nonlinear static methods [29,33] are considered an efficient tool in providing a quick estimation of 
displacement response with reasonable accuracy. In addition, they can provide some insight into the overall structural performance 
and the critical distribution of demands throughout the structural elements [30]. However, there are some limitations in nonlinear 
static methods such as being suitable for low-to mid-rise buildings with limited irregularity where the first mode dominates the overall 
behavior of the structure. Also, it is assumed that the shape of this mode remains invariant throughout the analysis [33]. This means 
that it is necessary to make a relationship between the level of fragility safety margin and the corresponding additional damping ratio 
for the structure under consideration. This relationship should have two main characteristics: firstly, it should be established quickly 
before and after retrofit because it will be used in the early design stage where quick decisions are highly needed for selecting the 
suitable retrofit scheme; secondly, it should be available for any damping ratio value. 

In the current study, a fragility-based retrofit framework is proposed utilizing machine learning and genetic algorithm (GA) 
techniques. The framework allows the designer to provide the suitable retrofit and amount of damping ratio required for a preferred 
level of seismic fragility safety margin. Graphs relating fragility safety margin and different damping ratios can be established for 
structural systems that can be represented by an equivalent single degree of freedom (SDOF) systems such as regular low-rise moment- 
resisting frame buildings. Moreover, the framework considers multi-limit states and different EDPs to consider multi-criteria checks. 

The main contribution of the current study compared to previous studies [e.g., 25 and 28] are twofold. First, seismic fragility curves 
are constructed for a huge number of SDOF systems to be used for finding the design damping ratio directly without going into an 
iterative process as in Ref. [24]. Commonly, fragility curves are not an integrated part of obtaining the design damping ratio as in 
Ref. [24]. Secondly, GA optimization is used to distribute the energy dissipation devices (EDDs) in an optimum fashion on each story 
rather than using a fuzzy inference system [24] or support vector machine technique [24]. The latter techniques are not as accurate as 
GA in terms of obtaining the most optimum distribution of EDDs throughout the structure. 
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2. Outline of the proposed framework 

Machine learning model (MLM) is an important subfield of artificial intelligence (AI) that deals with the development and design of 
algorithms that can learn from the available data in a specific domain to make predictions based on learning the hidden patterns in this 
data. Commonly, it refers to the capability of computers to learn without being explicitly programmed. If there is available data for a 
specific natural phenomenon or physical experiment model (e.g., finite element modeling) that has input variables and corresponding 
output values, then an algorithm can be developed to link the input and output mathematically. This algorithm (or MLM) can predict 
the output of any input variable without conducting the physical experiment again. This is the reason that MLM is called a ‘data-driven 
model’ that replaces the actual ‘physical experiment model’. The availability of more input-output pairs (which is called dataset) 
provides the algorithm with more training data to achieve more accuracy in predicting new instances. In this section, the overall 
framework and the data set diversity required for the machine learning model are discussed. More details will be provided for each step 
in later sections. 

2.1. Main steps of the proposed framework 

The proposed framework provides an efficient approach for obtaining the optimum capacities of EDDs required for seismic retrofit 
of existing structures based on the required fragility safety margin preferred by the designer. Firstly, a huge number of NLTHAs are 
conducted for different SDOF systems. After that, the input variables and the corresponding output response of the SDOF systems are 
used as the training data set for the MLM. The NLTHAs are conducted once (for training the MLM), and after that the MLM will be used 
for predicting the responses for any SDOF system that has not been used in the training data set. Using the trained MLM, fragility curves 
are constructed for any SDOF system quickly without conducting NLTHAs, which requires a huge computational effort. Using fragility 
curves for different limit states and damping ratios, safety margin curves (SMCs) are constructed by relating damping ratios with 
different levels of fragility safety margins. From SMCs, the preferred level of fragility safety margin is selected and the corresponding 
design damping ratio is obtained. This damping ratio will be used to provide the optimum EDD for each story of the building using the 
GA optimization process. The proposed framework consists of three main steps as shown in Fig. 1 and can be described briefly as 
follows:  

Step1 In this step, the data set (input and output pairs) required for training the machine learning model (MLM) is prepared. The input 
dataset is represented by the main controlling characteristics of the building structure and the earthquake event. The former is 
represented through the stiffness and strength of the equivalent SDOF system of the building. The latter is represented by the 
earthquake frequency content (i.e., response spectrum) and the peak ground acceleration (PGA). The output dataset is rep-
resented by three different engineering demand parameters (EDPs) of the structure under any earthquake. These parameters 
are the maximum inter-story drift ratio (D), maximum roof acceleration (A), and maximum base shear (V). The first two EDPs (i. 
e., D and A) cover both safety and serviceability aspects required for the design of the building. The third EDP (i.e., V) is highly 
associated with the increase in seismic demand on foundation and first-story columns due to the strengthening or retrofit of an 
existing structure. The EDPs are obtained by conducting numerous nonlinear time history analyses (NLTHAs) on different SDOF 
systems using different damping ratios. The input and output dataset pairs are used to train an ML model to predict the 
structural response under any earthquake event.  

Step 2 In this step, fragility curves are constructed using the predicted responses obtained from the previous step for different damping 
ratios for an equivalent SDOF system of the original structure. The required fragility safety margin is defined based on the 
designer’s preference. This safety margin is defined as the ratio of the difference between the magnitude of the intensity 
measures (IMs) of the structure before and after retrofit to the magnitude of the IM of the original structure before the retrofit. 
All IMs are obtained from the fragility curve (FC) at a 50% probability of reaching or exceeding a specific limit state. Three 
different limit states are considered in the current study, which are immediate occupancy (IO), life safety (LS), and collapse 
prevention (CP). 

A safety margin curve (SMC) is constructed for each limit state (i.e., IO, LS, and CP). The SMC relates different damping ratios to 
corresponding safety margins for the same system. Using the required safety margin, the corresponding damping ratio is obtained 
for each limit state. The damping ratio that satisfies the safety margins required for all limit states will be used as the design 
damping ratio for the next step in the retrofit design framework. One of the main contributions of the current study compared to 
previous studies [e.g., 25, 28] is constructing a relationship between the safety margins and damping ratios for different limit 
states. 

Fig. 1. The overall proposed framework.  
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Step 3 In this step, the design damping ratio obtained from the previous step is used to obtain the approximate capacity of the energy 
dissipating device (EDD) in each story. After that, the optimum EDD capacity is obtained using a genetic algorithm (GA) to meet 
the basic safety objective required by the designer. It is worth mentioning here that any suitable method can be used for 
achieving the approximate distribution of dampers. In the current study, GA is selected since it is a reliable and accurate 
optimization method. 

2.2. Input dataset description, diversity, and controlling parameters 

The generalization potential of the proposed framework relies primarily on the diversity of the input data set for the ML model. On 
the other hand, too many input variables may decrease the overall performance accuracy of the ML model. Therefore, the most 
relevant variables should be used as input for the model to predict the EDPs. In the current study, the important features related to the 
structural system as well as the ground motion excitation are used. 

2.2.1. Structural systems 
The input dataset that represents the structural system should contain the controlling parameters related to the system. In the 

current study, the system will be represented by the natural period (T) of the system and the strength ratio (SR = fy/ (m.g)), which 
represents the ratio between the system strength (fy) and its weight (m.g). The system’s natural period and strength ratio are used in the 
current study to represent structural characteristics of low-rise moment-resisting frame buildings with limited irregularities as used in 
previous studies [33–36]. It should be noted that the proposed framework is not suitable for structures with long periods. 400 SDOF 
systems have been created covering practical ranges of the fundamental period T (0.45–4 s varying in 20 steps) and SR (0.04–0.9 in 20 

Fig. 2. A histogram showing the diversity of variables used in the input dataset: (a) natural periods; (b) strength ratios.  
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steps). These ranges are considered a reasonable and practical representation of a wide range of real structures according to previous 
studies [33]. 

To enhance the overall performance of the machine learning model and increase the learning rate during the training process, 
domain knowledge is highly required to be applied to the features selected for the input dataset. The ML model performance can be 
enhanced by assigning more data points to the commonly used practical ranges (to make it denser) compared to other less-used ranges 
in practice. The histograms of T and SR parameters are shown in Fig. 2(a) and (b), respectively. A larger portion of the data are devoted 
to the most practical range for many low-rise building structures, which is between 0.45 s and 1.31 s. The remaining data points are 
scattered on the entire range in descending order till reaching a very long period range where few points exist. Similarly, the system 
strength ratio (SR) histogram is shown in Fig. 2(b), where the range between 0.04 and 0.16 is provided with more than 160 different 
systems. Many low-to mid-rise real buildings fall into this range. The remaining systems are scattered on the remaining ranges with few 
systems represented at very large SR values. It is important to highlight that the main focus of the current study is low-to medium-rise 
buildings, which represent more than 90% of construction in many countries worldwide including the US [29]. 

2.2.2. Ground motion excitations 
Different natural earthquake events (153 events) are obtained from the PEER database [37] to represent various earthquake 

characteristics (Table 1). Fig. 3(a) and (b), respectively, show the PGA histogram and response spectra of the ground motions used for 
the ML model. As shown from these figures, the selected earthquake events are covering a wide range of PGA (peak ground accel-
eration) values with more events selected to represent the most commonly used range of design (approximately from 0.3g to 0.6g). 
Moreover, a wide range of spectral accelerations is covered by the selected earthquakes as shown in Fig. 3(b). The ground motion 
features that should be selected for training the ML model should be highly correlated with the required system response. In the current 
study, the most relevant EDP commonly used for constructing fragility curves is used, which is the maximum displacement response (e. 
g., maximum inter-story drift). 

Previous studies [29,33] showed that the frequency content of the ground excitation is highly correlated to the response of inelastic 
systems. Moreover, recent studies [38,39] showed that machine learning models trained with frequency content as the main feature of 
the ground excitation showed superior accuracy compared to other features such as source information (e.g., source distance, fault 
type, magnitude, etc.) or peak values of excitation (e.g., peak ground displacement and peak ground velocity). In the current study, 
frequency content (i.e., response spectrum) and the PGA of the ground excitation are used for training the machine learning model. 
These features are not only important for accurately capturing the nonlinear responses of structural systems but also they are widely 
accepted and commonly used in practice. 

3. Main steps of the proposed framework 

In this section, the main steps of the proposed framework are explained in detail. 

3.1. Step1: machine learning model for system response estimation 

In this section, the output dataset (system responses) required for training the ML model is prepared. After that, the components of 
the proposed ML model are discussed. Fig. 4 shows a flowchart of this step. 

3.1.1. Dataset output variables (system EDPs estimation) 
After preparing the SDOF systems and the earthquakes as explained in the previous section, nonlinear time history analyses 

(NLTHAs) are conducted (400 systems x 153 earthquakes = 61,200 runs) for each damping ratio level (damping ratios range between 
2% and 30% with 2% step size). After conducting NLTHAs, the EDPs of the system such as the maximum drift (D), maximum ac-
celeration (A), and maximum base shear (V) are obtained. OpenSees [40] and Matlab [41] software are used to conduct the NLTHAs 
with the aid of a parallel computing scheme utilizing multiple cores. Previous studies [33] used the elastic-perfectly plastic hysteresis 
model as a reference model since it is reliable and approximately provides maximum displacement response similar to other hysteresis 
models (e.g., cyclic stiffness degradation, strength deterioration, pinched hysteresis shape, etc.) for natural period larger than 0.6 s [29, 
33]. The main concern of the current study is low-to mid-rise buildings, which have natural periods commonly larger than 0.6 s. It is 
recommended that the proposed framework should not be used for systems with very poor energy-dissipating capabilities. 

3.1.2. Dataset processing 
Processing the data set before training the ML model is considered an important step to obtain an accurate and robust model. One of 

the challenges that may reduce the efficiency of the ML model is having a different scale of the dataset variables. To have a uniform 
scale of all dataset variables, a suitable normalization technique should be utilized without losing the main features and characteristics 
of the original data. The minimum-maximum normalization technique can be used in this case since it is a linear transformation 
mapping that provides a uniform scale of the data set within a range of zero to one. In addition, it does not distort the features and 

Table 1 
Ranges of the input earthquake parameters used for the input dataset.   

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  
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Fig. 3. Diversity and distribution of ground motion excitations.  
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characteristics of the original data. The following equation can be used for this normalization technique [24]. 

yn =

(
yun − yomin

yomax − yomin

)

(ynmax − ynmin) + ynmin (1)  

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. 

Another important challenge for the ML model is the existence of outliers in the data. Generally, outliers may cause bias and in-
crease the error variance of statistical tests and can affect the basic assumption of regression. In some cases, NLTHA provides very large 
system responses that can be attributed to the dynamic instability of the solver and hence can be considered outliers. Based on that, in 
the current study, outliers’ management technique (detection and removal) is applied to the dataset to enhance the efficiency of the ML 
model. To avoid overfitting, the dataset has been divided randomly into three different divisions for training (70%), cross-validation 
(15%), and testing (15%). 

3.1.3. Components of the machine learning model 
Using the dataset pairs (input-output), a machine learning model is constructed using three different artificial neural networks 

(ANNs). These ANNs are connected in parallel (as shown in Fig. 4), and each one is used to predict individual EDP. One of the ANN 
architectures is shown in Fig. 5. The weight and bias values of each ANN are updated using various back-propagation optimization 
algorithms. Bayesian regularization (BR), Scaled Conjugate Gradient (SCG), and Levenberg-Marquardt (LM) are used as optimization 
algorithms, and the one providing the highest accuracy is used for training, validation, and testing of each ANN. The ANN model 
hyperparameters, such as the number of hidden layers and the number of neurons per layer, are examined using different values to 
achieve the best accuracy that can be obtained from the model. For example, 3 types of hidden layers (one, two, and three layers) are 
examined with 4 different numbers of neurons per layer (10, 20, 30, and 40). In addition, 3 different activation functions (Log sigmoid 
transfer function (LOGSIG), linear transfer function (PURLIN), and hyperbolic tangent sigmoid (TANSIG)) have been examined to 
investigate the best performance. All alternations have been investigated and it is found that using 2 hidden layers (each with 10 
neurons) and LM (Levenberg-Marquardt) training algorithm and TANSIG activation function guarantees the highest accuracy over all 
other alternatives. The accuracy of the model is investigated through the normalized mean of squared errors (MSE) and linear cor-
relation factor (R) [24] as follows: 

MSE=
I × J × MS

∑J
j=1

I
∑I

i=1
d2

ij −
( ∑I

i=1
dij

)2

I

(2)  

MS=
1
I
∑I

i=1

∑J

j=1

(
dij − yij

)2 (3)  

R=

∑I

i=1
(di − d)(yi − y)

I( ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅∑I

i=1
(di − d)2

I

√

×

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅∑I

i=1
(yi − y)2

I

)√ (4)  

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 and y are the means of these solutions, respectively. di and yi 
are the estimated and target solutions for the ith series of data. If R is near 1.0 and MSE is near zero, this means good accuracy of the 
prediction potential of the ANN. Moreover, to have a quick judgment on the overall errors of the ANN model between target and 
estimated values, the error histogram is constructed. 

3.2. Step 2: design damping ratio and multi-limit state checks 

3.2.1. Safety margin curve (SMC) 
This step can be divided into two different sub-steps as shown in Fig. 6. The first sub-step is dedicated to constructing fragility 

curves for different damping ratios of the SDOF system. A fragility curve is a graph that relates different levels of an intensity measure 
(IM) and the probability of reaching or exceeding a particular predefined limit state (P). The conditional probability that the structural 
capacity of a system ‘C is smaller than the seismic demand ‘D’ can be provided using the lognormal cumulative distribution function as 
follows [42,43]: 

P[C <D | IM = x] = 1 − Φ
ln(Ĉ/D̂)

βTOT
(5)  

where Φ[.] is the normal distribution function; Ĉ is the median structural capacity for a specific limit state; D̂ is the median structural 
demand that can be obtained from the previous step; βTOT is the uncertainty related to the structural collapse (can be assumed 0.6 
according to FEMA P-695 [44]). Three different limit states are assumed in the current study, which are immediate occupancy (IO), life 
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Fig. 4. Step 1: Machine learning model for system response estimation.  
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safety (LS), and collapse prevention (CP). 
Fragility curves for different damping ratios (DRs) are constructed for any SDOF system using the predicted responses of this system 

obtained in the previous step. Three graphs are constructed for each SDOF system representing fragility curves of IO, LS, and CP limit 
states. Commonly, drift is used for constructing fragility curves, but other engineering demand parameters such as acceleration or 
velocity can be used if required. 

In the second sub-step, SMCs are constructed. To construct SMCs, firstly, the safety margin (SM) should be calculated as 

SM =(B − A)/A (6)  

where, A and B are the values of the intensity measure (IM) at P = 50% of the original structure (i.e., without supplemental damping; 
commonly DR = 2% for steel structures and 5.0% for concrete structures) and the same system with additional supplemental damping 
(for example, DR = 25%), respectively. 

The SMs are calculated for different damping ratios (with a step size of 2%) for any SDOF system in ascending order till DR = 30%. 
For each limit state, the values of the SMs are plotted on a graph relating SM and DR (as shown in Fig. 6). The number of graphs is equal 
to the number of selected limit states. It is important to note that tabulated data can be used instead of constructing graphs, but graphs 
are used here for explanation and illustration purposes only. 

At this stage, the designer can use the preferred safety margin based on the type, function, or importance of the structure under 

Fig. 5. Arrangement of one of the ANNs; (a) The ANN topology; (b) Activation function (Tan-Sigmoid).  
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consideration. For example, if SM of 20% across all limits is preferred, then a horizontal line is drawn crossing the three graphs and the 
corresponding damping ratio (DR) for each limit state is obtained as shown in the figures. The design damping ratio (DRdes) is taken as 
the maximum damping ratio obtained for each limit state SMC (i.e., DRdes = Max {DRIO, DRLS, DRCP}). The DRdes will be used in the 
next stage for the optimal distribution of dampers using the GA. 

It is worth mentioning that the proposed framework allows the designer not only to assign SM based on the type and function of the 
structure itself but also to assign different safety margins for different limit states in the same structure. If a specific limit state is 
deemed important for the structure under consideration, a higher safety margin (SM) can be assigned for this limit state compared to 
other limit states. 

3.3. Step 3: optimum damper distribution 

3.3.1. Approximate damper capacity 
After obtaining the effective damping ratio required for satisfying the limit states from the previous step, an approximate yield 

capacity (Ffy) of the energy dissipation devices (EDD) in all story levels should be estimated. In the current study, displacement- 
dependent energy dissipation devices will be considered since they have been proved to be reliable according to previous studies 
[45–48]. Other types of energy dissipating devices can be used if required. The approximate value of Ffy, which can be obtained from 
the work done by the damper device, will be used to assign a practical range for starting the GA optimization process. The work done by 
all EDD on all stories of a structure can be calculated as follows [29]: 

Fig. 6. Step 2: Design damping ratio considering fragility safety margins.  
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∑

j
Wj =

(
βeff − β

)
.(4πWk) (7)  

where Wj is the work done by device j in one complete cycle corresponding to story displacements δi, and the summation extends over 
all devices j; βeff is the effective damping ratio (obtained from the previous step using the fragility safety margin required); β is the 
inherent damping in the framing system (0.02 and 0.05 for steel and RC framing systems, respectively); and Wk is the maximum strain 
energy in the framing system, which can be calculated using the following equation: 

Wk =
1
2
∑

i
Fi.δi (8)  

where Fi is the inertia force at story level i, δi is the corresponding story displacement, and the summation extends over all story levels. 

3.3.2. Optimum damper distribution using genetic algorithms 
Genetic algorithm (GA) is considered to be a reliable metaheuristic optimization technique; however, it requires a huge compu-

tational time if the range of the main design variable is large, which will increase the number of iterations required for obtaining the 
optimum solution. To alleviate this challenge, a reasonable range is provided for the approximate value of the damper capacity (Ffy) 
based on the required fragility safety margin as discussed before. This is considered the main advantage of using the machine learning 
model for constructing the safety margin curves discussed previously. After obtaining an approximate value for the damper capacity 
(Ffy) as discussed in the previous section, a practical range is assigned to Ffy, which is the range of the initial set of the possible solutions 
for the GA. The main role of the GA process is to obtain an optimum damper capacity for each story based on the exact seismic demand 
on that story [49]. A genetic algorithm (GA) is a metaheuristic optimization technique inspired by the process of natural selection. 
Fig. 7 shows the implementation of the GA process in the current study. First, the initial population (i.e., Ffy, called the individuals) is 
provided along with the input ground motion that represents the required level of seismic hazard level of design (in the current study, 
basic safety earthquake is used). 

A simulation process based on NLTH analyses is conducted using a population of randomly generated individuals. In each gen-
eration, the fitness of every individual in the population is evaluated based on the objective function used. The maximum inter-story 
drift (MIDR) corresponding to a specific limit state (e.g., MIDRLS) is taken as the objective function. The extensive computation 
involved in this step requires a parallel computation scheme to be coded within the GA algorithm. In each generation, the fitness of 

Fig. 7. Step 3: Genetic algorithm process for obtaining optimum damper distribution.  
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every individual in the population is evaluated based on the condition of the (MIDR < MIDRLS). After that, a new generation is formed 
in the next iteration of the optimization process to select new Ffy per story using selection, cross-over, and mutation techniques. The 
design vector in the GA process contains the capacity of the EDD in each story of the building. Based on that, the design vector di-
mensions are nx1, where n is the number of stories in the building. In the GA selection operation, EDD capacities (or chromosomes) are 
selected from the generation for the next reproduction. If this chromosome is a highly fitting one, it will be likely to be selected more 
times for reproduction. This means that the value of the EDD capacity selected by the selection process may be used for several 
generations during the GA process. Consequently, the EDD capacity value is very close to the optimum value among other search space 
candidates. In the GA crossover operation, new individuals are created by applying crossover (or making recombination) on the 
candidates from the previous generation (which are called parents). The mutation operation tries to randomly change a bit in the 
created chromosomes to avoid premature stagnation of the algorithm. The iterative process continues until a satisfactory fitness level is 
achieved for the population or a maximum number of generations is reached. 

4. Machine learning accuracy, verification, and comparison with other methods 

To guarantee the performance of the proposed framework practically, the accuracy of the machine learning model needs to be 

Fig. 8. Prediction accuracy of the machine learning model: (a) drift (D); (b) acceleration (A) 
[Top: Mean square error (MSE); Middle: Error histogram; Bottom: Linear correlation factor (R)]. 
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investigated. Moreover, the superiority of the proposed framework should be highlighted through comparison with one of the 
commonly used methods for estimating seismic demands to guarantee the practicality of the framework. In this section, the perfor-
mance of the proposed ML model is assessed and the results are validated using NLTHA results considering D, A, and V. Selected case 
study models and earthquakes used in the assessment process are discussed. After that, the superiority of the proposed framework is 
presented through comparison with one of the famous nonlinear static methods used in practice. Since the involved computation in the 
proposed framework is huge, especially, during the training and validation stages, a multi-core (16 CPUs) workstations cluster is used, 
and each core has a 3.8 GHz speed. A 64 GB graphic card (1530 MHz) and 184 GB ram are used. 

4.1. Accuracy of the machine learning model prediction 

To minimize the error associated with the machine learning model, the entire dataset is randomly shuffled and divided into three 
different sets, which are training, validation, and testing. The first two sets are used for training and validating the model, and the third 
set is used for testing the model. The EDP (i.e., D, A, and V) prediction accuracy of the machine learning model is an important 
indication of the overall accuracy of the proposed framework. Fig. 8 shows three different prediction accuracy metrics, which are the 
mean square error (MSE), error histogram with 30 bins, and linear correlation factor (R). MSEs for D and A, as shown in the figure, are 
0.001 and 0.002, respectively. Generally, when MSE is close to zero, it indicates high accuracy. On the other hand, when R is 

Fig. 9. Configuration of the case study models.  
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approaching one, it indicates high accuracy. 
The same figure shows the error histogram with 30 bins, which shows the relation between the error instances and error values. An 

error value indicates how the predicted value is differing from the target value. Each bin represents a vertical bar on the graph, which 
represents the number of samples from the dataset in this range of error. The figures show that most of the dataset is near zero or has 
very small errors for both D and A predictions. 

Fig. 8 shows the R values for training, validation, testing, and all samples for D and A predictions. Generally, higher accuracy is 
indicated by R-value approaching one. The figure shows that for both D and A predictions, R equals 99% and 97% for D and A, 
respectively, which indicates a very accurate prediction capability of the machine learning model. 

4.2. Case study models and ground motion scenarios 

Different case-study models are used to show the applicability and reliability of the proposed framework. Fig. 9 shows the con-
figurations of the models, which are two 2D models (3 and 5-story) and one asymmetric 3D model (3-story). The 2D models are RC 
moment frames designed for gravity loads only (4.1 kN/m2 and 2.5 kN/m2 for dead load and live load, respectively). These models 
have been used in previous studies [43,47]. Table 2 provides the cross-section and reinforcement details of the 2D models. The yield 
strength of the reinforcement steel and the compressive strength concrete are 413 MPa and 20.7 MPa, respectively. The fundamental 
periods of the 3 and 5-story models are 0.94 and 1.25 s, respectively. The strength ratios are found to be 0.34 and 0.82, respectively. 
The 3D asymmetric RC model is used as a benchmark building model in previous studies and more details about it can be found 
elsewhere [50]. The 3D model has a natural fundamental period and strength ratio of 0.45 s and 0.13 in the x-direction; and 0.58sec 
and 0.27 in the y-direction, respectively. 

It is assumed that in each direction, the seismic load of the entire structure is carried by the peripheral moment frames at the edges 
of the structure. Each load-bearing frame resists half of this seismic load. The interior frames are considered as gravity frames and are 
assumed to have no contribution to the lateral load resisting system of the structure in each direction. EDD will be attached to one of 
the bays of the edge frames for dissipating the seismic energy of the ground excitation. The lateral stiffness contribution of the gravity 
columns is neglected. The concrete slab is assumed to be a rigid diaphragm that is capable of distributing the lateral load to the lateral 
load resisting system efficiently when inertia forces are developed during the ground motion excitation. It is permissible to use 2D 
frames as representative of the lateral load resisting systems according to ASCE 41 [29] as long as there is no significant torsional 
irregularity in the structure and there is a rigid diaphragm on each floor. 

The software OpenSees [40] is used for nonlinear modeling required for NLTH analysis. Beams and columns are modeled as elastic 
beam-column elements connected with zero-length elements at the ends. These elements represent the nonlinearity concentration 
during plastic hinge formation at the ends of beams and columns. Flexural strength and the corresponding rotation are defined 
independently at the section level based on the dimensions and the reinforcement of the section. An elastic-perfectly plastic model is 
used with zero post-yield stiffness to represent the moment-rotation relationship. OpenSees automatically calculates these values for 
each section. The lumped mass technique is used to distribute the modal mass of the structure to the nodes of the beams and columns. 
Newmark integration technique is used to implement the direct integration method for conducting NLTH analysis. A modal damping 
ratio of 5.0% of the critical damping is used for nonlinear dynamic analyses considering a fixed base at the bottom of columns as the 
boundary condition. Rayleigh damping concept is based on assuming the modal damping ratio (which is assumed 5.0%) for the modes 
of interest, then the corresponding coefficients that will be used for the linear combination of the mass and stiffness matrices are 
obtained to form the damping matrix. In the case of the hysteretic energy dissipation devices such as slit dampers used for seismic 
retrofit, a bilinear plastic element with an elastic perfectly plastic force-deformation model is used from the OpenSees library. This 
element is connected between the middle of the beam and supporting V-braces for each story. The deformation at which the damper 
reaches the plastic state in tension and compression is set to a very small value (1.0 mm) such that the damper can dissipate the energy 
through the stable hysteretic behavior in an early stage of the ground excitation. The yielding force capacity of the damper is assigned 
by setting the initial stiffness and plastic deformation tags in the OpenSees modeling file when the GA process is executed. The capacity 
design concept is used to design the V-braces such that they remain elastic by considering their design force double that of the damper 
capacity. Hollow structural steel (HSS) section of 100 mm × 100 mm ×12.0 mm is found sufficient for the V-braces in all cases. It is 
worth mentioning that the braces may cause little increase in the story stiffness when the dampers are responding in the elastic range. 
However, after dampers experience small deformations that can trigger the inelastic behavior, the added initial stiffness of the braces 

Table 2 
Section properties and element details of the case-study models.    

Longitudinal 
Reinforcement 

Transverse Reinforcement/Notes 

Model Dimensions 
(mm) 

Top Bottom  

Beams D8, 2legs@150 mm The yield strength of reinforcement steel and the compressive of strength concrete are 
413 MPa and 20.7 MPa, respectively 3 and 5- 

story 
250x400 4 

D20 
4 D20 

Columns 
3-story 300 x 300 6 D14 
5-story 400 x 400 8 D16 

D: diameter in mm. 
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will have a marginal effect on the overall response of the structure. 
Different natural ground motion excitations are used to validate the proposed framework. Three different levels of ground exci-

tation are used, which have return periods of 75, 475, and 2475 years, respectively (i.e., 50%, 10%, and 2% probability of exceedance 
in 50 years). The corresponding limit states of these seismic hazard levels are immediate occupancy (IO), life safety (LS), and collapse 
prevention (CP) limit states, respectively [29]. Each level of the seismic hazard is represented by 15 natural ground excitations 
retrieved from PEER ground motion database [37] for a location in the US with latitude and longitude coordinates of 34.0, and − 118.2, 
respectively, with stiff soil layers underneath. The response spectra of the ground motions used in the analysis are depicted in Fig. 10. 
The characteristics of the ground motions can be found elsewhere [27]. 

4.3. Validation of response prediction 

In this section, the mean values of the three EDPs (i.e., D, A, and V) predicted by the proposed machine learning model are 
compared with the same results obtained from NLTHA results. As mentioned in the previous section, three different hazard levels are 
used to validate the prediction capability of the machine learning model. 

Fig. 11 shows that, in the case of the 3-story model, the difference between the predicted mean values and those obtained from 

Fig. 10. Natural ground motion spectra used for validation and assessment: return period of (a) 75 years; (b) 475 years; and (c) 2475 years.  

M. Noureldin et al.                                                                                                                                                                                                    



Journal of Building Engineering 54 (2022) 104641

16

NLTHA for V was found to be in the range of 10%–11% for CP and IO limit states; however, for the LS limit state, the difference was 
only 3%. Similar results were observed in the case of D, except that in the case of LS limit state, the difference turned out to be 9%. In 
the case of A, the differences for CP, LS, and IO limit states were found to be 3%, 5%, and 12%, respectively. 

For the 5-story model, the differences in mean values between the predicted and the exact values obtained from NLTHA for V were 
found to be 8%, 9%, and 9%, respectively for CP, LS, and IO limit states. In the case of A, the previous values turned out to be 8%, 12%, 
and 13%, respectively. In the case of D, those values were 3%, 12%, and 11%, respectively. 

In the case of the 3D model along the y-direction, the difference was found to be less than 3% for all EDPs in the IO limit state. For 
the LS limit state, the differences were found to be 10%, 13%, and 6%, respectively, for V, A, and D. For the CP limit state, these values 
turned out to be 7%, 8%, and 6%, respectively. 

These results indicate that the machine learning model predicts the response values with high accuracy compared to the exact 
results obtained from NLTHA. 

Fig. 11. Validation of D, A, and V prediction with NLTHA results.  
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5. Application and validation of the retrofit design procedure 

5.1. Application of the fragility-based retrofit design 

In this section, the proposed framework is applied to the seismic retrofit of the three case-study buildings used in the previous 
sections. It is assumed that at least 20% fragility safety margin is to be maintained for three different limit states (i.e., IO, LS, and CP). 
These limit states can be mapped, for example, to drift limits of 1.0%, 2.0%, and 3.5%, respectively, or any other preferred drifts limits 
based on the type of structure under consideration. 

The first step is to draw the fragility curves for different damping ratios of the ESDOF system of the structure using the database 
established before (step one in the framework), and to construct the SMCs, as explained in section 3. Fig. 12 shows the fragility curves 
of the ESDOF system of the 3-story model for a range of damping ratios of 20%–30% for IO, LS, and CP limit states. From these fragility 

Fig. 12. Fragility curves obtained using the MLM for the ESDOF of the 3-st model 
(Hint: for each group of curves, 20% at the top and 30% at the bottom). 

Fig. 13. Safety margin curves obtained using the MLM for the ESDOF system of the 3-st model.  
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Fig. 14. Fragility curves from NLTHA and MLM before and after retrofitting (3-st model).  

Fig. 15. Fragility curves obtained using the MLM for the ESDOF of the 5-st model 
(Hint: for each group of curves, 20% at the top and 30% at the bottom). 
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curves, the SMCs are constructed in Fig. 13. Since a 20% safety margin is required (at least) in seismic fragility for each limit state, a red 
arrow is originating from the 20% point on the vertical axis toward the blue line that connects the points of damping ratios between 
20% and 30%. The crossing point of the red arrow and the blue line indicates the exact required damping ratio on the horizontal axis. 
In the case of the 3-story model, the required damping ratios for IO, LS, and CP limit states, respectively, are 26%, 15%, and 8%. This 
means that the design damping ratio for retrofitting this model needs to be, at least, 26%. After that, this damping ratio is used to obtain 
an approximate damper capacity for each story of the model structure. This yield strength of the energy dissipation device (steel slit 
dampers) is used to provide a practical range (which is between 20.0 kN and 35.0 kN for this case-study model) for the GA process to 
obtain the optimum damper capacity, which is found to be 30.0 kN, 27.5 kN, and 25.0 kN, respectively, for the first, second, and third 
story of the model. Fig. 14 shows the fragility curves before and after retrofit of the 3-story model obtained from NLTH analysis and the 
proposed MLM. The figure shows that there is a very good agreement between the fragility curves of the NLTH analysis (denoted as 
NLTH-Bare and NLTH-Ret on the graph, for the bare and retrofitted models) and those obtained from the proposed MLM (denoted as 
MLM-Bare and MLM-Ret on the graph). Also, the figure shows that at a 50% probability of reaching or exceeding the limit state (at a 
value of 0.5 on the vertical axis of the graph), the corresponding fragility safety margins are, approximately, 20.0%, 40.0%, and 63.0%, 
respectively, for IO, LS, and CP limit states. This indicates that the proposed MLM can provide the required safety margin for this 
specific case-study model. Fig. 21 shows the damper arrangement on the model after the retrofit. 

Fig. 15 shows the fragility curves of the ESDOF system of the 5-story model for a range of damping ratios of 20%–30% for IO, LS, 
and CP limit states obtained from the proposed MLM. From these curves, SMCs are constructed as shown in Fig. 16. It can be noticed in 
this graph that to achieve, at least, a 20% fragility safety margin, the required damping ratio should be the maximum of 24%, 15%, and 
20% (which are corresponding to IO, LS, and CP limit states, respectively). This means that the model needs to have a design damping 
ratio of, at least, 24% to achieve the required 20% fragility safety margin. Using this design damping ratio and the equations in section 
3.3.1, the practical damper capacity that will be used for the GA process is from 80.0 kN to 110.0 kN. Using the GA process, the 
optimum damper capacity distribution is 100, 97.5, 95.0, 92.5, and 90.0 kN, respectively, starting from the first story to the fifth story. 
Fig. 17 shows the fragility curves before and after retrofit of the 5-story model obtained from NLTH analysis and the proposed MLM. 
The figure indicates that the fragility curves obtained using the proposed MLM are tracing well those obtained from the exact NLTH 
analysis curves. In addition, it can be noticed that the actual fragility safety margins after retrofitting the model are 23.6%, 35.3%, and 
31.1%, respectively, for IO, LS, and CP limit states. This means that the MLM can provide the minimum required safety margin (i.e., 
20.0%) according to the preliminary design assumption. The arrangement of the dampers is shown in Fig. 21(b). 

The 3D model in Fig. 9(c) is retrofitted in the y-direction in such a way that at least a 20% fragility safety margin is ensured in all 
design limit states. To accomplish this design objective, the ESDOF system of the 3D model in the y-direction is obtained first, and its 
fragility curves are constructed using the proposed MLM for damping ratios ranging between 20% and 30% for IO, LS, and CP limit 
states as shown in Fig. 18. After that, the SMCs are constructed as shown in Fig. 19. From these figures, the minimum required damping 
ratio to maintain the 20% fragility safety margin is 22.0% (the maximum of 19.5%, 22.0%, and 20.0%, respectively, for IO, LS, and CP 
limit states). Using a design damping ratio of 22.0%, the practical damper capacity required for the GA process is from 15 kN to 50 kN. 
After implementing the GA process, the story-wise optimum damper distribution turns out to be 40.0, 30.0, and 20.0 kN, respectively, 
for the first, second, and third story of the 3D model. The energy dissipation devices are installed in the outer 3.0 m bay along the y- 
direction as shown in Fig. 21(c). Fig. 20 shows the comparison of the fragility curves obtained from the NLTH analysis (assumed to be 
exact) and the proposed MLM. The graphs show that the fragility safety margins for IO, LS, and CP limit states are 24.0%, 24.6%, and 
39.5%, respectively. This means that the proposed MLM was successful in providing the required safety margin for design. It is 
noteworthy that there is a noticeable discrepancy between the fragility curves between the NLTH and the MLM, especially in the CP 

Fig. 16. Safety margin curves obtained using the MLM for the ESDOF system of the 5-st model.  
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Fig. 17. Fragility curves from NLTHA and MLM before and after retrofitting (5-st model).  

Fig. 18. Fragility curves obtained using the MLM for the ESDOF of the 3D-y model 
(Hint: for each group of curves, 20% at the top and 30% at the bottom). 
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Fig. 19. Safety margin curves obtained using the MLM for the ESDOF system of the 3D-y model.  

Fig. 20. Fragility curves from NLTHA and MLM before and after retrofitting (3D-y model).  

Fig. 21. Retrofitted case-study models.  
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limit state. This may be attributed primarily to the fact that there are many dynamic instabilities encountered during the NLTH an-
alyses, which may not be well predicted by the MLM. However, this discrepancy in fragility curves does not affect the design damping 
ratio directly, since the safety margin for this particular limit state (i.e., 39.5%) is larger than that required for design (i.e., 20.0%). 

6. Conclusions 

In the current study, a new fragility-based framework for the seismic retrofit design of existing buildings was proposed using 
intelligent computational techniques such as machine learning and genetic algorithm optimization. The framework allows structural 
designers to assign the preferred level of seismic fragility safety margin required for the structure in a very early stage of retrofit design 
before selecting a proper retrofit scheme. 

The level of seismic fragility safety margin required by the structural designer was assumed first as a design requirement. After that, 
SMCs were constructed using an equivalent SDOF system of the structure and a machine learning procedure trained with a wide range 
of structural systems subjected to various levels of ground motion excitations for predicting seismic responses of the system. SMCs were 
used to obtain the design damping ratio required to maintain the required fragility safety margin considering multiple limit states such 
as IO, LS, and CP. The design damping ratio was used to start a genetic algorithm (GA) optimization process to achieve the most 
optimum story-wise distribution of the energy dissipating devices for the structure. The framework could be used not only for fragility- 
based retrofit of existing structures but also as a quick assessment tool for checking other design criteria such as structural service-
ability of structures after the retrofit. 

The main contrition of the current study compared to previous studies [24,27] can be attributed primarily to the inclusion of 
seismic fragility as a design constraint at the early design stage of the retrofit scheme. In addition, the machine learning technique is 
used along with the safety margin curves to provide a reasonable capacity range for each EDD that will narrow down the searching 
space of the GA process, consequently, reducing the whole time for obtaining the optimum EDDs distribution. Finally it needs to be 
mentioned that the proposed framework has some limitations; for example, it should be implemented for low-rise moment-frame 
buildings that can be represented by equivalent SDOF systems. In addition, the system should have limited irregularity with relatively 
short natural period. Moreover, the framework is not recommended for systems with very poor energy-dissipation capabilities. 

The main findings of the current study can be summarized as follow:  

• The prediction accuracy of the machine learning model (MLM), which is an important part of the proposed framework, showed that 
it is a reliable tool for predicting different EDPs (with R near 1.0 and MSE near zero for drift, acceleration, and base shear response 
variables).  

• The validation of the developed MLM using NLTH analysis results for 75-, 475-, and 2475-year return period earthquakes and 
different case-study models revealed that most of the predicted EDPs show little discrepancy compared to NLTH analysis results 
(within 10%).  

• The framework applied to the three case study buildings to estimate the required design damping ratio to maintain a 20% fragility 
safety margin turned out to produce the required safety margin with marginal discrepancies with those obtained by NLTH analysis. 
This is an indication of the reliability and robustness of the proposed framework.  

• The framework was used to assess the performance of the model structures after retrofit using steel slit dampers, and the results 
indicated that drift and base shear were reduced after the retrofit; however, acceleration rather increased in the 3- and 5-story 
models, which should be considered in the seismic retrofit design of existing structures.  

• It needs to be mentioned that, as equivalent single degree of freedom systems are used in the machine learning model, the 
framework is most suitable for low to mid-rise structures with limited irregularities. 
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