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ARTICLE INFO ABSTRACT

Keywords: Steel shear panel dampers are widely used as passive energy-dissipation devices in earthquake-resistant struc-
Machine learning tures. The out-of-plane buckling stress of the core plate included in the steel shear panel damper is critical for
Uncertainty

obtaining the desired lateral force-resistant and hysteretic energy-absorbing capacities. However, the existing
calculation method of buckling stress of the steel shear panel damper cannot well address the effects of the steel
material’s and geometries’ inherent uncertainties. This paper intends to develop the probabilistic buckling stress
prediction models of steel shear panel dampers using machine learning methods considering the steel material’s
and geometries’ uncertainties. To this end, the nominal buckling stress prediction models are first developed
using different machine learning algorithms based on finite element analysis results where the efficiency of the
finite element models has been validated through test results. The analysis results confirm the highest accuracy of
the artificial neural network (ANN) model. The SHapley Additive exPlanations (SHAP) and feature importance
analysis methods are adopted for interpreting the developed prediction models. The analysis results indicate that
the yielding stress of steel (fy), the height-to-width ratio (a), the width-to-thickness ratio (#), and the initial
imperfection () show significant influences on the nominal buckling stress of the steel panel damper while the
thickness of the core plate (t) shows negligible effects. The probabilistic buckling stress prediction models are
further developed based on the trained ANN model considering the combined uncertainties of steel materials and
geometries by the Latin hypercube sampling method. The efficiency of the developed probabilistic buckling
stress prediction models is confirmed by capturing the probability density of the numerical simulation results.
The global sensitivity analysis (GSA) method is introduced for investigating the influence of the design pa-
rameters on the discreteness of the probabilistic buckling stress. It has been found from the analysis results that
the uncertainties of the yielding stress of steel (fy) and the initial imperfection (5) have significant influence, that
of the height-to-width ratio (a) have limited influence, and that of the width-to-thickness ratio () and the
thickness of the core plate (t) have negligible influence on the buckling stress of the steel panel damper. For
practical application, the interactive software named “PBSSD” is developed and provided for predicting the
probabilistic buckling stress by inputting the nominal design parameters of steel material and geometries.

Probabilistic buckling stress
Steel shear panel damper
Global sensitivity analysis

1. Introduction

During Northridge and Kobe earthquakes, many steel structures
failed with low ductility due to the brittle fracture of local structural
members (e.g., beam-to-column connections), which is difficult, costly,
and even impossible to be repaired. Since then, significant efforts have
been made to improve the seismic performance of lateral force-resisting
systems by enhancing ductility, hysteretic energy-dissipation capacity,
and collapse-resistant capacity. Passive seismic control technology is
one of the efficient ways to protect building structures suffering from

earthquakes [1-6,77].

The steel shear panel damper (SSPD) is one kind of passive energy-
dissipation device and has been widely used in engineering structures
located in seismic regions [7]. SSPDs are designed to resist the in-plane
shear [8] and the shear-yielding behavior of the steel core plate develops
plum hysteretic properties of SSPDs for absorbing the input energy of
seismic events and efficiently protecting the building structures. Based
on past experimental investigations [9,10], the out-of-plane buckling
behavior of the core plates and premature failure of the plate boundary
are two main issues that could deteriorate the energy-absorbing and
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lateral force-resisting capacities. The premature failure of the plate
boundary can be well controlled by properly designing the boundary
elements. However, the out-of-plane buckling of the core plates is
inevitable, especially in the plastic stage [11-13]. Based on the theory of
the plate’s shear buckling [14], the buckling stress can be used for
quantifying the out-of-plane force-resistant capacity of the core plate
where the core plate with higher buckling stress has the higher capacity
to resist out-of-plane deformation. Accordingly, buckling stress is one
key parameter for ensuring the excellent performance of SSPDs. For the
elastic buckling behavior, the buckling stress is usually influenced by
geometric parameters, including the height-to-width ratio, the width-to-
thickness ratio, and initial imperfection. For the plastic buckling
behavior, the buckling stress is also influenced by the material proper-
ties. In this case, the traditional theory of the elastic shear buckling plate
[14] cannot accurately capture the buckling stress of the core plate.

Extensive past investigations have been made for calculating the
buckling stress of shear plates. Gerard [15], Wang et al. [16,17], and
Inoue [18] developed the theory of the plastic shear buckling plate for
calculating the plastic buckling stress with the consideration of the
hardening behavior of the material. However, the necessary theoretical
hypothetical leads to the sacrifice of estimation’s accuracy. Zhang et al.
[19] experimentally investigated the shear buckling stress of low-yield-
strength steel plates considering the plastic behavior. Jain et al. [20]
experimentally investigated the post-yield buckling behavior of
aluminum shear panels. These studies confirmed that physical tests can
accurately estimate the buckling stress of the shear plate, but it is
impossible to conduct the tests for all potential shear plates. Alterna-
tively, the finite element (FE) method can also accurately capture the
buckling stress of the shear plate with a low cost. Many parametric
numerical studies have been conducted to investigate the buckling
behavior of shear plates based on advanced FE models [21-23].
Nevertheless, the influence of the inherent uncertainties of material,
geometries, and initial imperfection on the buckling stress was not well
addressed in past investigations. Moreover, it is costly and time-
consuming to investigate the influence of the uncertainties of material,
geometries, and initial imperfection through physical tests and FE
models because thousands of samples are usually needed for a specific
design case.

Machine learning technology has been widely used in civil engi-
neering in recent years for addressing highly nonlinear issues [24-30].
Jeon et al. [31] developed machine learning models to accurately pre-
dict the strength of reinforced concrete connections. Le et al. developed
machine learning models for predicting the strength of concrete-filled
steel tubular structural members [32,33]. Mangalathu et al. developed
different machine-learning models using various algorithms for pre-
dicting the strength of reinforced concrete beams [34], flab slabs [35],
and shear walls [36]. These past investigations have confirmed that
well-trained machine-learning models can rapidly predict the desired
results with excellent accuracy. Nevertheless, the influence of the steel
material’s and geometries’ uncertainties on the strength prediction of
structural members was not well considered in past investigations. For
addressing this issue, Hu et al. [37] propose a two-stage machine
learning framework and develop the probabilistic strength prediction
model of RHS-CHS T-joints. The analysis results indicate that the
developed probabilistic strength prediction model can accurately cap-
ture the strength of RHS-CHS T-joints considering the uncertainties of
material and geometries, confirming the efficiency of the proposed
framework [37]. However, the research on developing the machine
learning models for predicting the probabilistic buckling stress of SSPD
considering the steel material’s and geometries’ uncertainties is limited.

For filling the aforementioned research gap, this paper intends to
develop the explainable probabilistic buckling stress prediction models
of SSPDs using existing machine learning algorithms considering the
uncertainties of the steel material and geometries. To this end, the
nominal buckling stress prediction models are first developed using
different machine learning algorithms based on analysis results where
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the efficiency of the FE models will be validated through test results. The
SHapley Additive exPlanations (SHAP) and feature importance analysis
methods are adopted for interpreting the developed prediction models.
The probabilistic buckling stress prediction models are further devel-
oped considering the combined uncertainties of steel materials and ge-
ometries by the Latin hypercube sampling (LHS) method. The global
sensitivity analysis (GSA) method is introduced for investigating the
influence of the design parameters on the discreteness of the probabi-
listic buckling stress. For practical application, the interactive software
named “PBSSD” is developed and provided for predicting the probabi-
listic buckling stress of SSPDs by inputting the nominal design param-
eters of steel material and geometries.

2. Nominal buckling stress prediction model of SSPDs
2.1. FE model of SSPDs

As shown in Fig. 1, the considered SSPD consists of two connectors,
one core plate, and two flange plates. These components are connected
by welding. The FE models of the considered SSPDs were developed
through ABAQUS software [38]. Three-dimensional solid elements with
reduced integration points (i.e., C3D8R) were used for modeling the
SSPDs. The tie constraint was used for connecting the core plate to the
boundary members. The elements of core plates and flange plates were
discretized into three layers to accurately capture the buckling behavior.
As shown in Fig. 2(b), two reference points (i.e., RP-A and RP-B) were
established and coupled with the top and bottom surfaces of the SSPD.
The loads and boundary conditions were applied by the reference points.
All degrees of freedom were fixed for the bottom surface of the SSPD and
the lateral displacement was applied to the top surface to simulate the
shear behavior of the SSPD. The static general was used for loading the
model. The large deformations were considered in the numerical
simulation. The Chaboche combined hardening model was used to
simulate the nonlinear behavior of steel material. The initial imperfec-
tion was considered based on the first buckling mode of the SSPD. The
maximum value of the initial imperfection was represented using the
parameter §. Different § values will be considered for investigating the
influence of initial imperfection on the buckling stress of the SSPD in the
following sections.

The verification of the introduced FE modeling method of SSPDs was
evaluated based on the tests conducted by Inoue [18]. Table 1 shows the
geometries of the tested SSPDs, where d, L, t are the width, height, and
thickness of the core plate, respectively, and t; and c are the thickness
and width of the flange plate. a and g are the height-to-width ratio and
width-to-thickness ratio, respectively, and are defined in Egs. (1) and
(2), receptively. Fig. 2(a) shows the sketch of the test arrangement in the
reference [18]. The shear force F was applied through the actuator at the
top of the specimen. Fig. 2(d) shows the test results provided in [18],
where U is the shear deformation (see Fig. 2(a)) and Fy and Uy are the
yield shear force and corresponding displacement, respectively. The
parameters of the Chaboche combined hardening model were deter-
mined based on the test results of the steel coupon in the reference [18].
As shown in Fig. 2(c), the Chaboche combined hardening model can well
capture the nonlinear behavior of the steel used in the considered
damper. Fig. 2 compares the numerical simulation results and the test
results. It can be observed from Fig. 2 that numerical simulation results
can match well with the test results for all considered test specimens. In
particular, the strength deterioration of the SSPD specimens caused by
out-of-plane buckling behavior can be well captured by the developed
FE models, confirming that the introduced numerical modeling method
can accurately simulate the nonlinear behavior of the SSPD under shear
forces.
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Fig. 1. Steel shear panel damper.
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Fig. 2. Test and numerical simulation of steel shear panel dampers: (a) sketch of the tested specimen in [18], (b) sketch of the numerical model, (c) simulation of the
nonlinear behavior of steel, and (d) buckling stress obtained from tests and numerical simulations.

Table 1

Geometries of the tested MSPDs [18].
d (mm) ¢ (mm) t (mm) tr (mm) B c/ty [ (mm) a
180 168 4.44 11.74 40.5 14.4 360 2.0
225 204 4.44 11.74 50.7 17.4 450 2.0
270 176 4.44 15.36 60.8 11.4 540 2.0
315 208 4.44 15.36 71.0 13.6 630 2.0

p=2 (2)

2.2. DEFINITION OF BUCKLING STRESS

Past investigations [10] indicate that before the development of out-
of-plane buckling behavior, the core plate in the SSPD can achieve pure-
shear conduction where the shear stress in the core plate is uniform.
After the out-of-plane buckling behavior occurs, the shear stress in the
core plate becomes nonuniform because of the local bending deforma-
tion of the core plate [40]. Accordingly, the out-of-plane buckling
behavior introduces the nonuniform shear stress and out-of-plane
deformation of the core plate. Based on the investigation by Zhou
et al. [41], the out-of-plane deformation can be used for evaluating the
occurrence of out-of-plane buckling behavior of the core plate in the
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Fig. 3. Shear stress vs shear angle curves of the SSPD.

SSPD. Fig. 3 shows the shear stresses of two positions, which were
randomly selected, in the core plate and the out-of-plane deformation of
the core plate under shear loading. When the maximum out-of-plane
deformation is larger than 0.1 times the core plate thickness, the shear
stresses of the selected two positions become different, indicating the
occurrence of the out-of-plane buckling behavior. The shear stress where
the maximum out-of-plane deformation is equal to 0.1 times the core
plate thickness is defined as the buckling stress of the SSPD [41].

2.3. Database of the buckling stress

Parametrically numerical simulation was conducted in this section
using the verified FE models to generate the database of the buckling
stress of SSPDs. The buckling stress of the SSPD is influenced by the
material, geometries, and initial imperfection. The nominal yielding
stress of steel (fy), the thickness of the core plate (&), the height-to-width
ratio (@), the width-to-thickness ratio (), and the initial imperfection (5)
were considered as the key design parameters of the SSPD [8,9,43-48].
Table 2 shows the considered values of the design parameters. The ge-
ometries of the boundary members (i.e., ¢ and ty) were set as large
enough values for ensuring a strong boundary. It is worth noting that
these design values shown in Table 2 were selected based on the past
tests of SSPDs for covering the potential practical design cases
[8,9,43-48]. As shown in Table 2, 9 values of fy, 8 values of a, 10 values
of g, 5 values of t, and 9 values of § were considered for developing the
database of the buckling stress of SSPDs, and 32,400 simulation results
were achieved. If the training database and testing database are directly
obtained from this database, some design parameters in the testing
database may be the same as that in the training database. For example,
the combination [fy = 100 MPa, t = 6 mm, a = 0.6, # = 30, and § =
0.002 t] is the training data and the combination [fy = 100 MPa, t = 6
mm, a = 0.6, # = 60, and § = 0.002 t] may be the test data. 4 design
parameters in the training and testing datasets have the same values. In
this case, even though the developed machine models can achieve
excellent accuracy, the accuracy is not credible. Thus, the 32,400
simulation results were used as the training dataset. To reliably avoid
the overfitting of the machine learning model, additional 9,700 nu-
merical models were established and analyzed for developing the test

Table 2
Considered values of design parameters.
Parameters fy (MPa) a p t (mm) 6 (mm)
Number 9 8 10 5 9
Value 80, 100, 0.5, 0.6, 30, 35, 3,6,9, 0.001¢ 0.002¢,
120, 140, 0.7, 0.8, 40, 45, 12,15 0.005 ¢, 0.007 ¢,
160, 180, 1.0, 1.5, 50, 60, 0.01¢0.03¢,
200, 225, 2.0,2.5 65, 70, 0.05t,0.07 ¢,
250 75, 80 0.1t
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dataset, where the design values of fy, a, f, t, and 6 were randomly
selected and were not included in Table 2 for ensuring the test dataset’s
credibility.

2.4. Machine-learning models for predicting the nominal buckling stress of
the SSPD

Various machine learning algorithms have been developed and
adopted in civil engineering [24-30,37], for finding the most efficient
machine learning algorithm for predicting the buckling stress of the
SSPD, ten commonly used machine learning algorithms, including linear
regression, ridge regression, lasso regression, K-nearest neighbor
regression (KNN), Support Vector Regression (SVR), decision tree
regression (DT), random forest regression (RF) [49], extreme gradient
boosting (XGBoost) [50-52], adaptive boosting (AdaBoost), and artifi-
cial neural network (ANN) [53,54], were used in this section to develop
the prediction models of the nominal buckling stress of the SSPD based
on the 32,400 training data. The coefficient of determination (Rz),
which can be calculated through Eq. (3), and the root mean square error
(RMSE), which can be calculated through Eq. (4), were adopted for
evaluating the effectiveness of the developed machine learning models
based on the 9,700 test data. The following briefly introduces the used
machine learning algorithms and the corresponding hyperparameters:

(1). Linear regression.

Linear regression is the simplest machine learning algorithm. Asso-
ciations between the input and output variables were assessed by linear
relationships [55]. The linear regression algorithm has no
hyperparameters.

(2). Lasso regression.

The lasso regression overcomes the over-fitting problem of linear
regression by adding a regularization term to the cost function [56]. This
algorithm uses the absolute value of the weight as the regularization
term.

(3). Ridge regression.

Unlike the lasso regression, ridge regression uses the square of the
weight as the regularization term [56]. The ridge regression algorithm
aims to eliminate the weight of the least important features. The
hyperparameter o in this algorithm was set as 1.0 based on the research
by Mangalathu et al. [51] .

(4). KNN.

The KNN algorithm uses a similarity measure to predict the output
[58]. This algorithm determines the model output based on the values of
k data points that are close to the test data point. And k is the main
hyperparameter in this algorithm. Based on the recommendation from
[51], k was taken as 5 in this research.

(5). SVR.

The SVR algorithm fits data within a decision boundary [59]. The
goal of the algorithm is to find the hyperplane containing the largest
number of data points within a certain threshold. Based on the recom-
mendation from [60], the hyperparameters (i.e., C and y) are set as 600
and 0.001, respectively.

(6). DT.

The DT uses a tree-like decision structure for the classification of data
points and their regression [61]. The source data is split into many
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smaller subsets in a tree. This splitting process terminates when the
maximum depth of the tree is reached or no split can be found to reduce
the used metrics. According to Xu et al. [60], the minimum number of
samples to split a leaf node for the decision tree was set as 30.

(7). RF.

The RF consists of many decision trees on different subsets of a given
dataset. This algorithm can effectively reduce the risk of overfitting. The
hyperparameters of this algorithm are selected according to the study in
[51], where the number of estimators and the minimum number of
samples to split a leaf node were set as 200 and 2, respectively.

(8). AdaBoost.

AdaBoost combines several weak learning models to develop a strong
algorithm [61]. The algorithm adaptively reweights the data based on
the previous performance of the weak learners, helping weak learners to
perform better. For obtaining better performance, the number of esti-
mators is set as 100 and the learning rate is set as 1.0 based on past
investigations [51].

(9). XGBoost.

XGBoost is a modified form of the Gradient Boosted decision trees
algorithm, which further uses the second-order Taylor expansion of the
loss function [61]. The number of trees, the maximum depth of the trees,
and the learning rate for XGBoost were set as 100, 4, and 0.3, respec-
tively, based on prior studies [62].

(10). ANN.

The ANN is a mathematical model constructed by imitating the
structure of the human brain, in which neurons are connected to form a
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network [63]. Each neuron unit is assigned a weight w. The ANN algo-
rithm adjusts the weights of all nodes to minimize the error between the
predicted value and the actual value. This algorithm has many hyper-
parameters to optimize during the training process. Based on past in-
vestigations [1], three hidden layers were adopted and 30 neurons were
set in each hidden layer in this research.

~1\2

27:1 i — y)z
in which n, y;, ¥;, and y = test samples’ number, the actual data, the
prediction data, and the mean of the test data, respectively.

RMSE = [=> " (v =3’ )

The performance of the trained machine learning models based on
the ten algorithms is shown in Fig. 4, where the values of R? and RMSE
are also included. Note that the buckling stress of the SSPD was
normalized in Fig. 4. As shown in Fig. 4, the ANN model can achieve the
lowest value of RMSE (i.e., 0.0094) and the highest value of R? (i.e.,
0.9952) within the developed ten machine learning models, demon-
strating the best effectiveness of the ANN algorithm in predicting the
buckling stress of the SSPD. Moreover, the R* and RMSE of the ANN
model are close to 1.0 and zero, respectively, confirming the excellent
accuracy and reliability of the developed ANN model. The developed
ANN model will be used in the following sections.

3. Interpretation of the developed ANN model

SHAP is an effective solution based on the game theory to explain the
supervised machine-learning models and has been widely used in past
studies [36,64,65]. The additive feature attribution method, where the
output is equal to the linear addition of inputs, is adopted in SHAP to
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Fig. 4. Performance of the trained machine learning models.
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develop the interpretable model. The explanation model based on the
SHAP method can be modeled using Eq. (5). The detailed description of
the SHAP method can be found in [36,64-66].

g =+ Y bz )

in which M = number of design parameters, ¢; = SHAP value related to
the jth design parameter, and z; is the simplified design parameter.

Fig. 5 shows the SHAP value’s distribution obtained based on the
developed ANN model in Section 2.4. The magnitude of the SHAP value
reflexes the importance of the design parameter, i.e., a larger absolute
SHAP value indicates the higher importance of the design parameter. As
shown in Fig. 5, the nominal yielding stress of steel (fy), the height-to-
width ratio (a), the width-to-thickness ratio (), and the initial imper-
fection (5) show significant influence on the buckling stress of the SSPD
while the thickness of the core plate (t) shows negligible effects with the
absolute SHAP values lower than 15. It is worth noting that the negli-
gible effects of the thickness of the core plate (t) on the buckling stress of
the steel shear panel damper were achieved because the width-to-
thickness ratio () was considered as the design parameters in this
research. The yielding stress of steel (fy) shows the highest importance
with the absolute SHAP value larger than 110. Fig. 6 shows the average
absolute SHAP values of the considered design parameters. The average
absolute SHAP values for fy, a, §, t, and 6 are 50.93, 10.54, 16.37, 1.52,
and 11.94, respectively, confirming the highest importance of f; and the
lowest importance of t. @ and 5 show a similar influence on the buckling
stress of the SSPD while $ shows a higher influence than a and § but a
lower influence than fy.

Moreover, it can also be found in Fig. 5 that with the increase of a, f3,
and 6, the coloring has a smooth decrease in shape values, and with the
increase of fy, the coloring has a smooth increase in shape values,
confirmed by the partial dependent plots in Fig. 7. Although Figs. 5 and
7 show the same SHAP values, the deeper insight about the variation and
spread of the SHAP value with the design parameters can be achieved by
the partial dependent plots in Fig. 7. As shown in Fig. 7(a), 7(e), 7(3), 7
(n), and 7(r), SHAP values tend to increase with the increase of f; and
decrease with the increase of a, , and §, indicating that the height-to-
width ratio (a), the width-to-thickness ratio (), and the initial imper-
fection (5) have a negative relationship with the buckling stress of the
SSPD while the yielding stress of steel (fy) has the positive relationship
with the buckling stress of the SSPD, which are consistent with the past
investigations [67,68]. Moreover, the coloring in the partial dependent
plots in Fig. 7 can reflect the interaction effects between different design
parameters. For example, as shown in Fig. 7(j), when j greater than 55, a
larger value of fy leads to a smaller negative SHAP value for $, and when
p < 55, a larger value of f; leads to a larger positive SHAP value for g,
indicating that fy will emphasize the effect of # on the buckling stress of
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Fig. 5. SHAP values of the considered design parameters.
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Fig. 6. Average absolute SHAP values of the considered design parameters.

the SSPD. As shown in Fig. 7(a), 7(b), 7(e), 7(j), and 7(r), fy and a, fy and
f, and fy and 6 are dependent on the effects for the buckling stress of the
SSPD.

The above analysis results on the global importance and dependence
of the design parameters can provide sufficient references to the engi-
neer or researcher for selecting the parameter values to design the SSPD.

4. Probabilistic buckling stress prediction model of SSPDs

The ANN model developed in Section 2 can only predict the specific
buckling stress of the SSPD with the specific inputs of fy, a, f, t, and 6.
However, in practical construction, the actual buckling stress of the
SSPD is usually different from the nominal value because of the inherent
uncertainty of geometries and materials. In the traditional method, the
inherent uncertainty of geometries and materials can be considered
through numerical simulations, which is costly and time-consuming. It is
worth noting that the developed ANN model can quickly give the
buckling stress value of the SSPD by inputting fy, @, §, t, and 6. The
reliable accuracy of the ANN model developed in Section 2 brings a
potential way for considering the influence of the inherent uncertainty
of geometries and materials on the buckling stress of the SSPD by using
the ANN model as the proxy model of FE models.

The LHS was used in this section for considering the inherent un-
certainty of geometries and materials. The LHS, also called the stratified
sampling method, was initially introduced by MacKay et al. [69]. This
method can assure that the parameters used in the sampling process are
non-overlapping. For creating multivariate samples with statistical dis-
tribution, the LHS is an effective way. Each random variable’s distri-
bution may be divided into m intervals with equal probability in the
LHS. One point within each interval will be randomly selected, ensuring
the selected samples can cover the distribution of the considered vari-
able. Fig. 8 explains the sampling process using the LHS method, where
two design parameters were considered. The sampling process includes
the following steps:

1st step: Divide the range of each considered random parameter into
m intervals based on the cumulative probability and ensure the proba-
bilities for each interval are the same. In the example shown in Fig. 8, the
distribution of the considered random parameter was divided into 5
intervals with the same probability of 0.2.

2nd step: Randomly chose a point in each interval of the considered
variables. In Figs. 8, 10 points were selected for X; and X,.

3rd step: The selected points for each considered variable should be
associated randomly. 5 values of X; and 5 values of X, were randomly
associated to generate 5 combinations of X; and X», as presented in Fig. 8
(o).

Based on the suggestion in JCSS [70], the normal distribution was
used for describing the distribution of geometries of the SSPD, including
the width d, height [, and thickness t of the core plate in the SSPD. Based
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Fig. 8. Illustration of the steps of LHS.

on the investigation by Rahman et al. [71], 10008/1 follows the expo-
nential distribution. According to the studies by Shi et al. [72], the
yielding stress of steel f, follows the normal distribution. Table 3 gives
the parameters for developing the distribution functions of fy, a, $, t, and
d.

The prediction models of the probabilistic buckling stress of the SSPD
considering the inherent randomness of the geometries and materials
can be following developed based on the ANN models and LHS method.
The number of samples (i.e., the value of m in the LHS) may affect the
prediction values of the probabilistic buckling stress of the SSPD. Four
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Table 3
Distribution values of the considered design parameters.

Parameters  Distribution Distribution parameters
type
fy Normal mean value = nominal design value, coefficient of
variation = 0.05
d,land t Normal mean value = nominal design value, coefficient of
variation = 0.005
10006/1 Exponential A = 8.4993
Table 4
Selected specific nominal values of design parameters.
Parameters fy (MPa) a p t (mm) Expect value of § (mm)
Example 1 100.0 0.56 73.6 8.34 0.001 I/
Example 2 100.0 1.34 39.3 6.98 0.001 I/
Example 3 160.0 1.29 74.0 6.52 0.001 I/
Example 4 225.0 1.51 44.7 12.48 0.001 I/

examples were considered for investigating the influence of m. Note that
the design parameters for the four examples in Table 4 are randomly
selected. Table 4 shows the nominal values of fy, a, f, t, and ¢ for the
considered four examples. 10 values of m were considered for predicting
the probabilistic buckling stress of the SSPD, including 200, 400, 600,
800, 1,000, 2,000, 4,000, 6,000, 8,000, and 10,000. Fig. 9shows the 5%,
25%, 50%, 75%, and 95% percentiles of the buckling stress with
different m for the 4 considered cases. As shown in Fig. 9, when m <
2,000, the considered percentiles of the predicted buckling stress
changes with the increase of m, and when m > 2,000, the change of m
shows a negligible influence on the considered percentiles of the pre-
dicted buckling stress. These results indicate that m > 2,000 can well
capture the distribution of the buckling stress of the SSPD. m = 2,000
was used for developing the prediction models of the probabilistic
buckling stress of the SSPD. For evaluating the effectiveness of the
developed prediction models, the numerical models with the considered
combination of fy, a, §, t, and 6 were also developed and analyzed.

110
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Fig. 10 shows the distribution of the buckling stress of the SSPD obtained
from numerical simulations and prediction models. As shown in Fig. 10,
the probability densities of the buckling stress obtained from the
developed prediction model can well capture that obtained from FE
simulation for all considered cases. The Two-sample Kolmogorov-
Smirnov test (denoted as KS test) was further conducted to evaluate the
efficiency of the developed machine learning prediction model. The KS
test results show that the buckling stress of the SSPD obtained from
numerical simulations and machine learning prediction models are from
populations with the same distribution at the 1% significance level,
validating the accuracy and reliability of the developed prediction
model. For promoting the practical application of the developed pre-
diction model, the software named “PBSSD” was developed and pro-
vided in the appendix for predicting the probabilistic buckling stress by
inputting the nominal design parameters of steel material and geome-
tries. Fig. 11 presents the software’s user interface, where the proba-
bility density function (PDF) and cumulative distribution function (CDF)
can be directly achieved by inputting the nominal values of fy, a, $, t, and
o.

The developed prediction model of the probabilistic buckling stress
of SSPDs was further compared to the existing calculation method for
the shear buckling stress of steel. As shown in Egs. (6) - (9), based on the
experimental results of LYS160 steel with the yielding stress of 160 MPa,
Zhang et al. [19] proposed the formula for calculating the shear buckling
stress of steel considering the plastic behavior. It can be seen from Egs.
(6) — (9) that this calculation method cannot consider the influence of
the initial imperfection and the inherent uncertainties of geometries and
materials. 10 design cases were considered in this part and Table 5
shows the corresponding design parameters. Fig. 12 compares the shear
buckling stress results obtained from the developed machine learning
prediction model and Egs. (6) — (9). As shown in Fig. 12, for case 1, the
buckling stress obtained from Egs. (6) - (9) can fall in the range from 5%
to 95% quantiles of the buckling stress obtained through machine
learning models. However, for the other cases, Egs. (6) — (9) would
overestimate or underestimate the shear buckling stress with significant
deviation. These results confirm that the existing simplified formula
cannot provide a reliable prediction of the shear buckling stress of steel
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and it is important to consider the influence of the initial imperfection
and the inherent uncertainties of geometries and materials on estimating K, =3.96+ ? forg = ->1 (7)
the shear buckling stress of steel. Nevertheless, although the insufficient
accuracy, the Egs. (6) — (9) have better interpretability than the pro- E, = 31068 5% ®8)
posed machine learning prediction model, which needs to be considered

in practical applications. 4\ 1
¥ = 5200 (7)

B n’E, 1?2
= Koiar e ) ©

)]

in which y is the poison’s ratio and was taken as 0.3 in this research.
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Table 5
Design parameters for the design cases.
Case ID fy (MPa) a p t (mm) Expect value of § (mm) 7 (x107%rad) E, (MPa) K, 7o (MPa)
1 160 0.5 40 12.4 0.001 I/4 5.65 11942.72 18.08 121.97
2 160 0.5 50 3.5 0.001 I/2 3.74 14999.18 18.08 98.04
3 160 0.6 35 6.6 0.001 I/2 7.23 10420.34 13.24 101.79
4 160 0.6 40 9.4 0.001 I/4 5.65 11942.72 13.24 89.32
5 160 0.7 30 11.5 0.001 I/2 9.62 8902.576 10.32 92.28
6 160 0.7 50 10.5 0.001 I/2 3.74 14999.18 10.32 55.97
7 160 0.7 60 5.6 0.001 I/2 2.66 18068.72 10.32 46.82
8 160 0.8 40 8.2 0.001 I/4 5.65 11942.72 8.43 56.85
9 160 1.0 40 9.6 0.001 I/ 5.65 11942.72 6.20 41.83
10 160 1.0 45 5.6 0.001 I/2 4.54 13469.15 6.20 37.27
160 g =D 14
=D a4
R é in which S; is the sensitivity mainly influenced by the input parameter x;.
§ 120+ * é * The total-order sensitivity index can be finally calculated through:
— A
A D_;
2 £ ., 4 HE i ST=1-Sa=1-— 15)
3 801 =
7]
0 . - . e . .
£ . in which ST is the sensitivity mainly caused by the input parameter x;
_— A
S I 25%~75% quantiles N R fmd the lr{teractlons between x; and all Fhe other input variables, and D..;
& 404 T 5%-95% quantiles A is the variance caused by all the other input variables except for x;. The
— 50% quantile LHS was used in this section to calculate ST. 500 cases were analyzed,
4 Egs. (6)-(9) and the m was set as 100,000 in the LHS for each case to well consider
0-— : : . - ; r T T the uncertainties of the design parameters (i.e., fy, a, f, t, and 6).
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Case ID

Fig. 12. Comparison between the prediction stress obtained from the machine
learning model and Egs. (6)-(9).

5. Global sensitive analysis

This section intends to investigate the influence of uncertainty of the
design parameters (i.e., fy, a, f, t, and 6) on the probabilistic buckling
stress of the SSPD. The sensitivity analysis is an effective method for
evaluating the influence of the uncertainty of inputs on the outputs. The
sensitivity analysis method includes the local sensitivity analysis
method (LSA) and global sensitivity analysis method (GSA). Compared
to the LSA, GSA can well consider the interactions between the input
variables and account for the full range of uncertainties of the input
parameters. Various methods have been developed in past investigations
[73] for conducting the GSA. Among these developed methods, Sobol’s
method [73-76] is one of the efficient and robust methods by charac-
terizing the relationship between the inputs and outputs considering the
input variable’s high-order interactions. In Sobol’s method [73-76], the
output function f(x) with an n-dimensional hypercube can be described
as:

f) =f+ iﬁ () + D i (,25) 4 F framen (X252, 0, %) (10)
i=1 i<j
fo= /f(x)dX;X = {x1,x2, =+, X } 11)
The total variance can be calculated as:
D= [t ax—g (2)
The biased variance can be obtained through:
Dy iyoiy = /ﬁ_izs“_i‘dx,-ldxfz wedx;, 13)

The first-order sensitivity index can be calculated by:

10

Fig. 13 shows Sobol’s index (i.e., SiT ) for each considered design
parameter. Note that a higher Sobol’s index indicates that the uncer-
tainty of the considered design parameter has a higher impact on the
outputs (i.e., the probabilistic buckling stress of the SSPD). As shown in
Fig. 13, the values of the Sobol’s index for fy and § are much higher than
that for the other parameters (i.e., @, $, and t), indicating that the
buckling stress of the SSPD is significantly sensitive to the uncertainty of
the yielding stress of steel fy and the initial imperfection 6. Moreover, as
shown in Fig. 13(c) and 13(d), the values of the Sobol’s index for # and t
are nearly equal to zero, demonstrating that the uncertainties of the
width-to-thickness ratio (f) and the thickness of the core plate (t) have
negligible influence on the buckling stress of the SSPD. In Fig. 13(b), the
values of the Sobol’s index for a are larger than zero but most of them are
lower than 0.2, indicating that the uncertainties of the height-to-width
ratio (@) have a non-negligible but limited influence on the buckling
stress of the SSPD. These results confirm the importance of considering
the uncertainties of geometries and materials while evaluating the
buckling stress of the SSPD.

Fig. 14 plots the distribution of the buckling stress of the analyzed
500 cases. In Fig. 14, the red area represents the probabilistic buckling
stress of the SSPD with the consideration of uncertainties of all design
parameters and the blue area represents the probabilistic buckling stress
without considering the concerned design parameter but with consid-
ering the uncertainties of the other design paraments. For example, in
Fig. 14(a), the red area shows the probabilistic buckling stress consid-
ering the uncertainties of fy, a, f, t, and §, and the blue area only con-
siders the uncertainty of a, 3, t, and §. As shown in Fig. 14(a), the blue
area is smaller than the red area, especially for the cases with buckling
stress higher than about 100 MPa, indicating that the uncertainties of
the yielding stress of steel (fy) have a significant influence on the
buckling stress of the SSPD and this influence is more significant while
the SSPD has larger buckling stress. It can also be observed from Fig. 14
(b) that the uncertainties of the height-to-width ratio @ have an obvious
influence on the buckling stress of the SSPD and the influence is more
significant when the SSPD has larger buckling stress. As can be seen in
Fig. 14(c) and 14(d), the difference between the red area and blue area
can be ignored, indicating the negligible effects of the uncertainties of
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Fig. 14. Distribution of the buckling stress of the analyzed cases.

the width-to-thickness ratio ($) and the thickness of the core plate (t) on
the buckling stress of the SSPD. Moreover, the difference between the
red area and blue area becomes smaller with the increase of buckling
stress, indicating that the uncertainty of the initial imperfection (5) has
significant effects on the buckling stress of the SSPD and this effect is
more significant while the SSPD has lower buckling stress.

6. Conclusions

This paper developed the probabilistic buckling stress prediction
models of steel shear panel dampers using machine learning methods
considering the steel material’s and geometries’ uncertainties. The
nominal buckling stress prediction models were first developed using
different machine learning algorithms based on FE analysis results
where the efficiency of the finite element models has been validated
through test results. The elastic buckling, inelastic buckling, and shear-

yielding behavior were well considered by the advanced numerical
models. The SHAP and feature importance analysis methods are adopted
for interpreting the developed prediction models. The probabilistic
buckling stress prediction models are developed based on the trained
ANN model considering the combined uncertainties of steel materials
and geometries by the Latin hypercube sampling method. The GSA
method is introduced for investigating the influence of the design pa-
rameters on the discreteness of the probabilistic buckling stress. Based
on the achieved results, the following conclusions can be obtained:

e The ANN model can achieve the lowest value of RMSE (i.e., 0.0094)
and the highest value of R? (i.e., 0.9952) within the developed ten
machine learning models, demonstrating the best effectiveness of the
ANN algorithm in predicting the nominal buckling stress of the SSPD.

o The probability densities of the buckling stress obtained from the
developed machine learning prediction model can agree well with

11
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that obtained from FE simulation for all considered cases, validating
the accuracy and reliability of the developed machine learning pre-
diction model.

The nominal yielding stress of steel (fy), the height-to-width ratio (),
the width-to-thickness ratio (), and the initial imperfection (5) show
significant influence on the nominal buckling stress of the SSPD
while the thickness of the core plate (t) shows negligible effects.
The height-to-width ratio (@), the width-to-thickness ratio (), and
the initial imperfection (5) have a negative relationship with the
nominal buckling stress of the SSPD while the yielding stress of steel
(fy) has a positive relationship with the nominal buckling stress of the
SSPD.

The uncertainties of the yielding stress of steel (fy) and the initial
imperfection (5) have significant influence, that of the height-to-
width ratio (a) have limited influence, and that of the width-to-
thickness ratio () and the thickness of the core plate (t) have
negligible influence on the buckling stress of the SSPD.

It should be noted that the probabilistic buckling stress prediction
models of steel shear panel dampers were developed based on numerical
simulations in this paper and further research opportunities are pro-
vided to evaluate the reliability of the developed prediction model using
test data.
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