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Abstract: This work presents the design and application
of a low-cycle reciprocating loading test on 23 recycled
aggregate concrete-filled steel tube columns and 3 ordinary
concrete-filled steel tube columns. Additionally, a systematic

study on the influence of various parameters (e.g., slenderness
ratio, axial compression ratio, etc.) was conducted on the
seismic performance of the specimens. The results show that
all the specimens have good hysteresis performance and a
similar development trend of skeleton curve. The influence
of slenderness ratio on the seismic index of the specimens is
more significant than that of the axial compression ratio and
the steel pipe wall thickness. Furthermore, artificial intelli-
gence was applied to estimate the influence of parameter
variation on the seismic performance of concrete columns.
Specifically, Random Forest with hyperparameters tuned
by Firefly Algorithm was chosen. The high correlation
coefficients (R) and low root mean square error values
from the prediction results showed acceptable accuracy.
In addition, sensitivity analysis was applied to rank the
influence of the aforementioned input variables on the
seismic performance of the specimens. The research results
can provide experimental reference for the application of
steel tube recycled concrete in earthquake areas.

Keywords: low-cycle reciprocating loading test, machine
learning, recycled concrete-filled steel tube columns, slen-
derness ratio, seismic performance prediction

1 Introduction

According to preliminary forecasts, the amount of con-
struction waste to be treated in China will reach 3.2 bil-
lion tons by 2022 and is expected to exceed 4 billion tons
by 2026 [1]. Such a huge amount of construction waste
not only requires huge treatment costs, but also causes a
series of environmental problems such as soil pollution,
air pollution, water pollution, and so on [2–4]. Faced with
this situation, recycled aggregate concrete came into being
[5–7]. To expand the application scope of recycled con-
crete, scholars are considering combining concrete-filled
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steel tubes with recycled concrete to form a new type
of recycled concrete-filled steel tube composite structure
[8–10]. This new structure makes use of the hooping effect
of the steel pipe on the recycled concrete core, effectively
improving the defects of recycled concrete, and pioneering
the broader use of recycled concrete [11–14].

Although there have been some research results on
the mechanical and seismic performance of recycled
aggregate concrete-filled steel tube column (RACSTC)
[15–17], the method is not perfect; more experiments,
simulations, and theoretical research are still needed
[18–20]. Xu et al. [21] established a fiber-based RACSTC
finite element model based on the measured hysteresis
curve and conducted a complete parameter analysis. The
author used the verified numerical model to study the
influence of the key parameters controlling themechanical
properties of the recycled concrete aggregate and steel
pipe on the hysteresis characteristics of circular RACSTC.
Tang et al. [22] tested nine recycled concrete-filled steel
tubular columns (RCSTC) and one ordinary concrete-filled
steel tubular long column, carrying out low-cycle repeated
loading tests, to explore the effects of axial compression
ratio and steel tube wall thickness on seismic indexes
including hysteresis performance, ductility, energy dissi-
pation capacity, and stiffness degradation of members.

In recent years, the properties of concrete materials
have been studied extensively using artificial intelligence
techniques [23–25]. Machine learning (ML) models show
excellent generalization ability and ideal prediction accu-
racy when dealing with non-linear tasks [25–27]. However,
few researchers attempted to use ML methods for RACSTC
analysis, likely owing to the limitation of the data. To fill in
the gap, this study enlarged the dataset by integrating the
results from the current laboratory tests and the previous
work, proposing the ML methods with the hyperpara-
meters tuned by the metaheuristic algorithm.

The artificial neural network (ANN), support vector
regression (SVR), and random forest (RF) are three widely
used ML models which are suitable for use with various
construction materials [17,28]. ANN and SVR are inde-
pendent ML models, that have been used to forecast con-
crete strength and conductivity [29]. The latter (RF) is an
integrated model that shows a low probability of over-
fitting problems. RF also has better tolerance than inde-
pendent ML models when there are outliers or noise in
the dataset. In addition, due to the existence of dimen-
sion and central limit theorem, the success of the whole
model is better than that of the single model to some
extent. Therefore, the RF model is expected to perform
better than individual models when solving high dimen-
sionality problems.

The accuracy of the RF model mainly depends on two
hyperparameters: the total number of trees (numTree) and
the minimum sample number of a leaf node (minNumLeaf).
The numTree has a significant influence on the model’s
ability and the minNumLeaf controls splitting conditions
and determines the relationship among various decision
trees. However, the traditional process of determining
hyperparameters is a method that takes a long time but,
if time is not a problem, it can be adopted. At present,
metaheuristic algorithms are more popular because they
can automatically find optimal hyperparameters through
generation selection. Commonly used metaheuristic algo-
rithms include particle swarm optimization, genetic algo-
rithm, and the beetle antennae search, all of which require
a large amount of computation [30,31]. The Firefly algo-
rithm (FA) uses the luminescence characteristics of glow-
worms for random optimization to search the optimal
hyperparameters so that it converges rapidly and signifi-
cantly reduces calculation time.

In this work, the test is designed with steel pipe
thickness, effective steel pipe length, concrete design
strength, solid waste content, and axial pressure ratio
as the changing parameters. A total of 23 specimens are
loaded repeatedly under low-cycle, and the influence of
the changing parameters on the seismic performance of
the specimens is studied. The established ML models can
be applied effectively in the simulation of RACSTC before
doing laboratory tests to increase efficiency.

2 Materials and methods

2.1 Specimen preparation

The research object of this test is RCSTC. Taking the axial
compression ratio, steel pipe wall thickness, and slender-
ness ratio as the variable parameters, a total of 23 RCSTC
and 3 concrete-filled steel tubular comparison columns
were designed and fabricated. Table 1 shows the detailed
design parameters of the various test pieces. The naming
convention for the test pieces is as follows: L stands for
steel pipe with total length of 2,700mm and effective
length of 1,980mm, M stands for steel pipe with length
of 2,200mm and effective length of 1,480mm, and S
stands for steel pipe with length of 1,700mm and effective
length of 980mm; E stands for steel pipe wall thickness
of 8mm, T stands for steel pipe wall thickness of 10mm,
and W stands for steel pipe wall thickness of 12mm; C
stands for concrete-filled steel tubular comparison column.
The structural drawing of the test piece is shown in Figure 1.
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This test abandons the traditional concrete base and
adopts a 1,300mm × 600mm × 500mm steel base to
reduce the amount of concrete. A hollow pipe with a
diameter of 205 mm is reserved in the center of the steel
base to facilitate the installation and disassembly of the
steel pipe column and to save a lot of test preparation
time. This steel base is the invention being patented by
our research group. After numerous tests, the deforma-
tion of the hollow pipe in the center of the base is very
small and can be ignored. A photograph of the test site
and setup is shown in Figure 2.

2.2 Raw materials and mix proportions

2.2.1 Concrete

2.2.1.1 Cement
This test is 42.5R ordinary Portland cement, and its phy-
sical and chemical properties are shown in Tables 2
and 3.

2.2.1.2 Aggregate
Sand: river sand, continuous polar matching, maximum
particle size 5mm. Natural coarse aggregate: continuously

Table 1: Design parameters of test pieces

Specimen
number

d (diameter) × t
(wall thickness) × L
(effective
height) (mm)

Steel pipe
strength
(MPa)

Recycled
concrete
strength (MPa)

Replacement rate of
recycled
aggregate (%)

Axial
compression
ratio

Slenderness
ratio

SE1 203 × 8 × 980 Q235 C50 100 0.2 38.62
SE2 203 × 8 × 980 Q235 C50 100 0.4 38.62
SE3 203 × 8 × 980 Q235 C50 100 0.6 38.62
ST1 203 × 10 × 980 Q235 C50 100 0.2 38.62
ST2 203 × 10 × 980 Q235 C50 100 0.4 38.62
ST3 203 × 10 × 980 Q235 C50 100 0.6 38.62
SW1 203 × 12 × 980 Q235 C50 100 0.2 38.62
SW2 203 × 12 × 980 Q235 C50 100 0.4 38.62
SW3 203 × 12 × 980 Q235 C50 100 0.6 38.62
SE1-C 203 × 8 × 980 Q235 C50 0 0.2 38.62
LE1 203 × 8 × 1,980 Q235 C50 100 0.2 78.03
LE2 203 × 8 × 1,980 Q235 C50 100 0.4 78.03
LE3 203 × 8 × 1,980 Q235 C50 100 0.6 78.03
LT1 203 × 10 × 1,980 Q235 C50 100 0.2 78.03
LT2 203 × 10 × 1,980 Q235 C50 100 0.4 78.03
LT3 203 × 10 × 1,980 Q235 C50 100 0.6 78.03
LW1 203 × 12 × 1,980 Q235 C50 100 0.2 78.03
LW2 203 × 12 × 1,980 Q235 C50 100 0.4 78.03
LW3 203 × 12 × 1,980 Q235 C50 100 0.6 78.03
LW3-C 203 × 12 × 1,980 Q235 C50 0 0.6 78.03
ME3 203 × 8 × 1,480 Q235 C50 100 0.6 58.33
MT1 203 × 10 × 1,480 Q235 C50 100 0.2 58.33
MT2 203 × 10 × 1,480 Q235 C50 100 0.4 58.33
MT3 203 × 10 × 1,480 Q235 C50 100 0.6 58.33
MW3 203 × 12 × 1,480 Q235 C50 100 0.6 58.33
MT2-C 203 × 10 × 1,480 Q235 C50 0 0.4 58.33

Figure 1: Schematic diagram.
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mixed, with particle size of 5–20mm. Recycled coarse aggre-
gate: 5–20mm recycled aggregate produced by Shenzhen
lvfa Pengcheng Environmental Protection Technology Co.,
Ltd shall be used for continuous grading. The basic proper-
ties of coarse aggregate are shown in Table 4.

2.2.1.3 Concrete mix design
The mix proportion of recycled concrete and ordinary
concrete is calculated according to ⟪Specification for design
of proportion of ordinary concrete⟫ (JGJ55-2011) [32] and

⟪Technical specification for application of recycled con-
crete⟫ (DG/tj08-2018-2007) [33]. The content of each raw
material is shown in Table 5.

2.2.1.4 Concrete strength
Referring to the determination method of compressive
strength in ⟪Standard for test methods of mechanical prop-
erties of ordinary concrete⟫ (GBT50081-2019) [34]: mea-
suring the compressive strength of 6 150mm × 150mm ×
150mm cube specimens, the arithmetic mean value shall be
taken as the strength value of this group of specimens. A
total of 12 groups of cube specimens were made in this test.
After standard curing, the test results meet the above provi-
sions, and the results are valid. Table 6 shows the details of
the compressive strength of each series.

2.2.2 Steel pipe

The steel pipes purchased for this experiment are Q235
seamless steel pipes from Foshan Maohong Trading Co.,
Ltd. A series of tests was carried out on the steel pipes in
this study, and the detection unit is microspectrum tech-
nology. Table 7 shows the results of steel inspection report.

2.3 Basic parameters of test pieces

According to the calculation method in ref. [35], the design
value Nu of the axial compression bearing capacity of con-
crete-filled steel tubular column can be obtained. The
calculation results are shown in Table 8; fa is the yield

Figure 2: Loading diagram of test site of specimen assembly
(unit: mm).

Table 2: Physical properties of cement

Term order Fineness (%) Specific surface
area (m2·kg−1)

Setting time (min) Compressive
strength (MPa)

Flexural
strength (MPa)

Initial
setting

Final
coagulation

3 days 28 days 3 days 28 days

Standard — ≥300 ≥45 ≤600 ≥22.0 ≥42.5 ≥4.0 ≥6.5
Inspection
result

0.9 376 150 203 30.9 52.7 6.2 8.7

Table 3: Chemical composition of cement

Chemical composition Magnesium oxide (%) Sulfur trioxide (%) Chloride ion (%) Loss on ignition (%)

Standard requirements ≤5.0 ≤3.5 ≤0.06 ≤5.0
Inspection results 3.51 2.23 0.013 3.15
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strength of steel pipe, fcu is the cube compressive strength
of concrete, fc is the design value of concrete compressive
strength, θ is the hoop index of the concrete-filled steel
tube, Nu is the design value of axial compression bearing
capacity, n is the axial compression ratio, and N is the
actual applied axial force during the test.

2.4 Test device and loading system

2.4.1 Test device

This test is to simulate the seismic conditions, and the
loading mode of low-cycle reciprocating load is adopted,
i.e., constant axial pressure applied vertically downward

and the horizontal force of round-trip cycle are applied
to the specimen. The horizontal force of the round-trip
cycle is applied by the loading actuator installed on the
reaction wall (the rated loading capacity is 500 kN). The
constant axial pressure is provided by an LTA hydraulic
control system (purchased from Liuzhou Litian prestressed
equipment factory), which is composed of a hydraulic
jack and console with a range of 4,000 kN, as shown in
Figures 3 and 4.

2.4.2 Loading system

The loading method used in this test is full displacement
loading, which was loaded according to the relevant

Table 4: The basic performance of coarse aggregate

Aggregate type Particle size (mm) Bulk density (kg·m−3) Apparent density (kg·m−3) Water absorption (%)

Natural coarse aggregate 5–20 1,456 2,861 0.83
Recycled coarse aggregate 5–20 1,294 2,624 4.57

Table 5: The design of the core concrete’s mix proportion

Test piece Strength
grade

Dosage per cubic meter (kg) Water cement
ratio

Water Cement Sand Recycled
aggregate

Natural
aggregate

Recycled concrete-filled steel
tube specimen series

C50 185.03 349.05 640.09 1226.17 0 0.53

Ordinary concrete-filled steel
tube specimen series

C50 209.92 395.80 663.63 0 1179.36 0.53

Table 6: Compressive strength of concrete (fcu)

Test piece SE series ST series SW series SE1-C

Average value of measured cube strength (MPa) 52.2 50.7 54.3 53.5
Test piece LE series LT series LW series LW3-C
Average value of measured cube strength (MPa) 50.7 51.4 53.8 51.6
Test piece ME3 MT series MW3 MT2-C
Average value of measured cube strength (MPa) 52.2 53.5 50.3 52.2

Table 7: Steel inspection report

Sample name Test items Unit Detection result Reference standard

Q235 seamless steel tube Tensile strength MPa 477 GB/T228.1-2010
Yield strength MPa 283
Elongation % 27.5
Bend test — No crack GB/T 232-2010

Note 1: Laboratory environment: temperature (23 ± 2)°C; Humidity (50 ± 5)% RH.
Note 2: The bending test type is external surface bending, with the indenter diameter of 20 mm and the bending angle of 180°.

Machine learning-based prediction for seismic performance of RACSTC  853



provisions in ⟪Seismic test code for buildings⟫ (JGJ/t101-
2015) [36].

Preloading was carried out before the formal test, so
that the structure could quickly enter the normal working
state, and the reliability of loading equipment and devices
could be checked. Then, it was loaded to full load, and LTA
hydraulic control system was used to keep the shaft

pressure at the set value during the experiment. In addi-
tion, preloading was carried out before the horizontal load
was applied to test whether the loading equipment and
devices work normally.

The horizontal repeated load was loaded in the way
of displacement control. To determine the yield load of
the steel pipe, it was loaded level by level with 1 mm (1, 2,

Table 8: Calculation results of axial compression bearing capacity of the test pieces

Test piece fa (MPa) fcu (MPa) fc (MPa) θ Nu (kN) n N (kN)

SE1 283 52.2 34.9 1.45 2290.2 0.2 458.0
SE2 283 52.2 34.9 1.45 2290.2 0.4 916.1
SE3 283 52.2 34.9 1.45 2290.2 0.6 1374.1
ST1 283 50.7 33.9 1.92 2510.3 0.2 502.1
ST2 283 50.7 33.9 1.92 2510.3 0.4 1004.1
ST3 283 50.7 33.9 1.92 2510.3 0.6 1506.2
SW1 283 54.3 36.3 2.23 2821.2 0.2 564.2
SW2 283 54.3 36.3 2.23 2821.2 0.4 1128.5
SW3 283 54.3 36.3 2.23 2821.2 0.6 1692.7
SE1-C 283 53.5 35.8 1.41 2312.8 0.2 462.6
LE1 283 50.7 33.9 1.488 2006.4 0.2 401.3
LE2 283 50.7 33.9 1.488 2006.4 0.4 802.6
LE3 283 50.7 33.9 1.488 2006.4 0.6 1203.8
LT1 283 54.3 36.3 1.796 2294.3 0.2 458.9
LT2 283 54.3 36.3 1.796 2294.3 0.4 917.7
LT3 283 54.3 36.3 1.796 2294.3 0.6 1376.6
LW1 283 50.3 33.6 2.229 2619.7 0.2 523.9
LW2 283 50.3 33.6 2.229 2619.7 0.4 1047.9
LW3 283 50.3 33.6 2.229 2619.7 0.6 1571.8
LW3-C 283 51.6 34.5 2.229 2619.7 0.6 1572.0
ME3 283 52.2 34.9 1.45 1960.8 0.6 1176.5
MT1 283 53.5 35.8 1.82 2201.2 0.2 440.2
MT2 283 53.5 35.8 1.82 2201.2 0.4 880.4
MT3 283 53.5 35.8 1.82 2201.2 0.6 1320.7
MW3 283 50.3 35.8 2.41 2351.5 0.6 1410.9
MT2-C 283 52.2 34.9 1.87 2144.5 0.4 857.8

Figure 3: Hydraulic jack. Figure 4: Hydraulic control system.
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3 mm, etc.). When there is an obvious inflection point in
the resultant load displacement curve, it is regarded as
the yield of the steel pipe, and the corresponding displa-
cement value when the steel pipe yield is the yield dis-
placement of the steel pipe. After the yield point is
reached, the displacement control method varies, the
value of the displacement increment is an integral mul-
tiple of the yield displacement. Each level of loading is
repeated three times. When the specimen has obvious
damage or the horizontal load drops to 85% of the max-
imum, the loading process should be stopped, as shown
in Figure 5.

2.5 Experimental phenomenon

(1) The test phenomena and failure forms of the 23 speci-
mens are similar. Before the steel pipe yields, the
lateral displacement of the specimen is small, and
there is no obvious phenomenon on the steel pipe
surface. After the steel pipe yields, the lateral displa-
cement of the specimen gradually increases, and a
small drum begins to appear at the bottom of the steel
pipe column. The reason for the bulging deformation
is that when the load is about 3–5 times that of
the yield displacement, the micro buckling starts to
appear. With the forward and reverse loading and
unloading of the horizontal load, the micro buckling
on one side of the steel pipe gradually recedes, and
the buckling on the other side starts to occur. During this
repeated loading and unloading process, the degree and
range of buckling of the steel pipe gradually increase
[37,38]. After the horizontal thrust reaches the peak

value, the bulging at the bottom of the steel pipe column
gradually becomes more obvious. When the load is
about five times the yield displacement, the buckling
failure develops rapidly, and the buckling degree and
range in the steel pipe increase rapidly. In the final
stage, the buckling surface of each specimen forms an
“elephant leg” shape of drum failure. Under the axial
compression ratio of 0.6, the outer diameter of the drum
is at its largest. The failure mode of the test piece is
shown in Figure 6.

(2) The drum height of each specimen is within 10–80mm
from the column bottom, and there is a small differ-
ence in the drum degree on the front and rear sides of
the specimen. This is mainly caused by the loading
system error. During the loading process, because
the test piece has only front and rear constraints and
no lateral constraints, when the horizontal displace-
ment reaches a certain degree, the test piece tends to
offset to the side, and the vertical axial force applied by
the jack fluctuates slightly, resulting in inconsistent
stress on the cross section of the steel pipe in all direc-
tions. In addition, when pouring the core concrete into
the steel pipe, it is impossible to achieve complete
uniformity of the concrete aggregate, which is also
the reason for the asymmetry of the degree and range
of steel pipe bulging.

3 ML models

3.1 RF

RF is a decision tree (DT) model based on bagging algo-
rithm. RF adopts a sampling with replacement method to
randomly collect samples from the original dataset to
form multiple sample sets of the same size, and each
sample set is used in the training process of different
DTs. The random nature includes random sample extrac-
tion and random feature extraction. The final result is
obtained by voting in the classification problem, and
the mean value of the above model is used as the final
result in the regression problem. The bagging method
proposed by Breiman [39] not only effectively reduces
the prediction variance but also improves the prediction
performance and stability. The RF algorithm is described
in Figure 7. The training set can be expressed as Rn in
equation (1), where X is the input vector with m features
( { }= …X x x x, , , m1 2 ), and Y is an output scalar.

{( ) ( ) ( )}= …R X Y X Y X Y, , , , , , .n n n1 1 2 2 (1)
Figure 5: Loading system diagram.
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In the training process, samples are randomly selected
from the training set by repeated sampling, and the prob-
ability of each sample being selected in each selection is 1/n.

The abovementioned sample collection process is called
“bootstrap,” and the resulting dataset can be expressed as

Rn
θ. Afterward, the DT is split from the root node to the leaf

Figure 6: Typical failure mode of test piece.

Figure 7: Construction of an RF model.
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node based on the dataset Rn
θ. If an RF consists of k DTs,

then k prediction functions â(X, Rn
θ) are constructed after

the training process, where = …k k1, 2, , . Finally, the RF
outputs the final prediction result Y through the output

({ }…Y Y Yˆ , ˆ , , k̂1 2 ) of an average of k DTs, and the output
equation is shown in equation (3).

{( ) ( ) ( ) }= …    R X Y X Y X Y, , , , , , ,n n n1 1 2 2 (2)

( )∑=

=

Y
k

a X R1 ˆ , .
i

k

n
θ

1

i (3)

3.2 Baseline models

Constructing a baseline model as a comparison object
helps to evaluate the target model from multiple perspec-
tives. When dealing with regression problems in the
construction field, multiple linear regression (MLR) and
logical regression (LR) are relatively popular models [40].
As mentioned above, this study proposes these two base-
line models (LR and MLR) as the comparison objects of
the RF and back propagation neural network models, and
evaluates their prediction differences from the perspec-
tive of performance evaluation. The LR and MLR models
suitable for multivariate prediction are shown in equa-
tions (4) and (5).

∑

−

= +

=

p
p

b b xln
1

,
k

n

k k0
1

(4)

= + + + … +Y β β x β x β x ,n n0 1 1 1 2 (5)

where xk is an independent variable and p is a dependent
variable; b0 and bk are the constant coefficients, Y is the
output, xn is the multiple predictive variables, …β β, , n1
denote the regression coefficients.

3.3 FA

Naturally inspired algorithm is one of the powerful opti-
mization algorithms. FA comes from the unique social
behavior of fireflies [41,42]. Fireflies can not only emit
short and regular flashes but also be attracted by other
flashes. This is because fireflies rely on flashes to find
mating partners. It is worth noting that the flash of
fireflies decreases with the increase in the distance
between two fireflies, and the attraction of the flash
also decreases. FA idealized the flash characteristics of
the firefly: low brightness firefly will spontaneously
move toward the brighter firefly; the fireflies with the
highest brightness will move randomly; although attrac-
tiveness is proportional to brightness, both are inversely
proportional to distance; the brightness of fireflies depends
on the objective function of the problem. Equation (6) repre-
sents the position change of a low-brightness firefly i as it
moves toward a high-brightness firefly j. The pseudocode of
FA is shown in Figure 8.

( ) ( )= + − + − /

+ −x x x xβ e α rand 1 2 ,i
t

i
t γr

j
t

i
t1

0 ij
2 (6)

Begin 
Define objec�ve func�on  ( ) ( )  
Set the search space, total number of genera�on, and fireflies
Obtain light intensity  at  by ( ) 
Set light absorp�on coefficient 
Generate ini�al popula�on, 
While ( ) do 

Update the genera�on number, 
Tune randomisa�on parameter using adap�ve iner�a weight 
Tune a�rac�veness parameter using Guass/mouse chao�c map 

for  : no. fireflies 
for  : no. fireflies

if ( ＞ ) 
move firefly toward by levy flight

end if 
change a�rac�veness with distance 

end for  
end for  
Rank the fireflies and find the current best

end while 
Obtain results 
End 

Figure 8: The pseudocode of FA.
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= −x xr ,ij j
t

i
t (7)

where the positions of fireflies i and j at the t-th iteration
are xi

t and xj
t, respectively; rij is the linear distance

between two fireflies, as shown in equation (7); β0 repre-
sents the maximum attractiveness of fireflies when rij is
equal to zero; γ is the absorption coefficient, controlling
the influence of distance and medium on brightness, ran-
ging from zero to one. α is a random parameter derived
from Gaussian distribution, and rand is a random vector;
the values of both are from zero to one.

The limitation is that the FA is a metaheuristic opti-
mizer, thus it possesses inherent stochastic properties.
Thereby, this procedure fails to provide a highest predic-
tion accuracy if the program is only carried out one time.
Several run times are conducted and the statistical out-
comes are compared to verify the feasibility of the pro-
posed procedure. In this article, the results of only one
run time are presented.

3.4 Cross validation (CV)

For the RF model, two hyperparameters (numTree and
minNumLeaf) have a significant impact on the final
model performance. The numTree parameter represents
the number of regression trees in the model, which affects
the computational efficiency and generalization ability of
the model. The minNumLeaf parameter represents the
minimum sample number of leaf nodes, which is an
important parameter for constructing regression trees.

The empirical ranges of numTree and minNumLeaf are
from 1 to 50 and from 1 to 5, respectively. The initial
values of both are 40.

The dataset is first randomly divided into two parts,
one of which accounts for 30% for the test model and the
other 70% for the training and verification model. 70% of
the datasets were divided into 5 blocks, 4 of which were
used to train the model, while the other one was used to
verify the model. According to the above division method,
repeated division for 5 times, you can get 5 groups of
validation sets that do not overlap between the training
set of partially overlapping datasets. Then, the model com-
pletes 50 iterations in the 5 groups of divided datasets, and
the FA will dynamically select the optimal hyperpara-
meters in the iteration process. Finally, the one with the
optimal root mean square error (RMSE) is selected from the
five models completed by iteration as the final model, and
the test set is used to evaluate its final effect. Figure 9
shows the iterative process of the RF model.

3.5 Performance evaluation

Model evaluation is an important part of building solutions
using ML. In this study, we selected the common and effec-
tive evaluation indexes in ML, namely, RMSE and correla-
tion coefficient (R). Their definitions are as follows:
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Figure 9: RF model training by 5-fold CV and FA.
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where n represents the number of samples involved in the
evaluation; yi

⁎ means the prediction result of the model; yi
means the actual result of the sample set; y⁎ and ȳ are the
average of the model prediction results and the average
of the actual value of the sample set, respectively.

3.6 Variable significance determination

Sensitivity analysis is an analytical method to study the
relationship between input variables and output results.
This method can evaluate the impact of inputs on outputs
by changing the value of input variables in a feasible
range [43]. Sensitivity analysis includes global sensitivity
analysis (GSA) and local sensitivity analysis (LSA). Because
LSA lacks the ability to search for uncertainty, this study
uses the GSA method as it can evaluate all input variables.
Finally, the impact of input variables on the output results
is quantified as a percentage and visualized in the form of
bar charts. Equation (10) shows a gradient metric used to
estimate the resulting change and relative importance of the
output [44].
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where ε is the analyzed input variable;yε j, represents the
susceptibility reaction indicator for xε,j; and Rε is the rela-
tive importance of the variable.

4 Experimental results

4.1 Hysteresis behavior

Due to the large number of specimens and limited space,
only representative specimens are listed in the hysteresis
curve.

As shown in Figure 10, the hysteresis curves of each
specimen are relatively full, without bow, shuttle, and
anti-s shape and pinch shrinkage, which shows that the
RACSTC has good hysteresis and energy dissipation per-
formance. Before yielding, the specimen is in the elastic

stage. In the process of horizontal force loading and
unloading, the lateral displacement of the specimen
is small. The hysteresis loop surrounded by forward
and reverse loading and unloading is shuttle shaped,
with a small area, less energy consumption, and small
residual deformation. After yielding, the specimen enters
the elastic–plastic stage. With the improvement in the
displacement loading level, the lateral displacement and
residual deformation of the specimen gradually increase,
the stiffness degradation accelerates, the area of the hys-
teresis loop surrounded by forward and reverse loading
and unloading increases, and the energy consumption
increases.

Comparing the hysteresis curves of each specimen in
Figure 10, the peak horizontal load shows an increasing
trend with the increase in axial compression ratio. Under
the same axial compression ratio, with the increase in
wall thickness, the area proportion of steel increases,
and the peak horizontal load of the specimen noticeably
increases. Under the same axial compression ratio and
wall thickness, the peak horizontal load of the specimen
decreases significantly with the increase in slenderness
ratio.

4.2 Skeleton curve

Due to the large number of specimens and limited space,
and for the convenience of comparison, only representa-
tive specimens are listed in the skeleton curve.
(1) As shown in Figure 11, the skeleton curve trend of

each specimen is similar, with obvious elastic, strength-
ening, and strength degradation sections. Before the
steel pipe yields, the specimen is in the elastic stage,
and the load displacement curve is approximately an
oblique line. After the steel pipe yields, plastic deforma-
tion occurs, and the gradient of the load displacement
curve decreases, but it still shows an upward trend until
it reaches the peak load. Then, the curve, and the spe-
cimen, enters the downward strength degradation sec-
tion, resulting in residual deformation.

(2) For the specimens SE1, SE2, and SE3 with a single
parameter change in axial compression ratio, the elastic
stiffness of the specimen increases slightly with the
increase in axial compression ratio. The decline speed
of the falling section of the skeleton curve is faster,
indicating that the specimen with a large axial compres-
sion ratio has small failure displacement and poor
deformation capacity, but the peak water level bearing
capacity of the specimen tends to increase.
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Figure 10: Hysteresis curve of typical specimens.
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(3) For the specimens SE1, ST1, and SW1 with a single
parameter change in wall thickness, the elastic stiff-
ness increases slightly with the increase in wall thick-
ness. The horizontal bearing capacity of the specimen

increases and the displacement at failure decreases,
which shows that increasing wall thickness is con-
ducive to improving the bearing capacity of RACSTC.

(4) For the specimens with a single parameter change in
slenderness ratio (ST1, LT1, and MT1), which has a
great impact on the mechanical properties of the spe-
cimens, the elastic stiffness and horizontal bearing
capacity decrease significantly with the increase in
the slenderness ratio, but the displacement at failure
increases slightly.

4.3 Ductility analysis

The RACSTC do not display an ideal elastic–plastic rela-
tionship. The yield displacement value observed according
to the load displacement curve will be affected by sys-
tematic error. At present, the commonly used methods
to determine the yield displacement of components are
the energy equivalence method and geometric drawing
method. In this work, the geometric drawing method

Figure 11: Skeleton curve of typical specimens.

Table 9: Characteristic values of the skeleton curve of each specimen

Number Py Δy Pm Δm Pu Δu μ θy θu

SE1 140.03 17.28 142.82 33.95 121.40 88.47 5.12 0.018 0.091
SE1-C 127.47 16.04 156.66 33.96 133.16 86.33 5.38 0.016 0.088
SE2 127.11 11.64 147.70 23.97 125.55 75.34 6.47 0.012 0.077
SE3 135.77 11.25 149.74 20.05 127.28 56.81 5.05 0.011 0.058
ST1 147.32 15.47 187.99 77.96 159.79 90.96 5.88 0.016 0.093
ST2 130.24 11.21 159.91 23.99 135.92 66.89 5.97 0.011 0.068
ST3 142.30 14.36 179.04 33.01 152.18 52.11 3.63 0.014 0.053
SW1 148.34 13.75 221.36 49.96 188.16 89.96 6.54 0.014 0.092
SW2 186.51 15.87 228.27 44.99 194.03 82.30 5.19 0.016 0.084
SW3 232.47 16.75 243.33 32.00 206.83 57.33 3.42 0.017 0.059
LE1 36.62 17.00 54.93 51.00 118.76 136.00 8.02 0.009 0.068
LE2 36.00 16.00 58.1 48.00 42.5 96.00 6.03 0.008 0.048
LE3 39.75 14.00 60.46 42.00 47.2 84.00 5.94 0.007 0.042
LT1 39.99 19.00 61.20 57.00 52.83 114.00 6.04 0.010 0.057
LT2 50.01 18.00 60.00 36.00 49.7 90.00 5.02 0.010 0.049
LT3 53.30 17.00 70.70 34.00 49.69 85.00 4.98 0.009 0.043
LW1 50.40 24.00 83.70 96.00 73.53 144.00 6.04 0.012 0.072
LW2 62.91 22.00 82.00 44.00 61.00 110.00 5.03 0.011 0.055
LW3 65.67 18.00 79.30 54.00 62.00 90.00 4.99 0.050 0.045
LW3-C 68.02 20.01 84.33 40.00 48.80 100.00 4.99 0.011 0.050
MT1 63.49 15.86 121.78 78.09 103.52 103.64 6.53 0.011 0.069
MT2 65.92 14.99 84.23 32.01 71.60 86.87 5.79 0.010 0.058
MT2-C 65.92 14.93 92.28 32.38 78.44 76.86 5.15 0.010 0.051
MT3 63.48 14.92 84.19 34.07 71.56 56.75 3.80 0.010 0.038

Note 1: Py and Δy are yield load and yield displacement, Pm and Δm is peak load and peak displacement, Pu and Δu is failure load and failure
displacement, respectively.
Note 2: Refer Section 2.1 for the description of each test piece number in the table.
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is used to determine the yield displacement of RACSTC,
Δy. The corresponding displacement value when the
peak load decreases to 85% is taken as the limit displa-
cement, Δu. Then, the ductility coefficient, μ = Δu∕Δy, is
calculated. Yield displacement angle, Θy = Δy/L, and ulti-
mate displacement angle, Θu = Δu∕L, are also calculated.
The calculation results are shown in Table 9.

Analysis of Table 9:
(1) The ductility coefficient of each specimen is greater

than 3, indicating that the RACSTC has good ductility.
(2) For multi-storey and high-rise steel structures, the

limit value of the elastic interlayer displacement angle
subject to frequent earthquakes is 1/250, and the limit
value of the elastic–plastic interlayer displacement
angle of the weak layer subject to rare earthquakes
is 1/50 [45]. In this work, the elastic interlaminar dis-
placement angle of each specimen is 0.007–0.012, and
the elastic–plastic interlaminar displacement angle is
0.042–0.072, which are greater than the limit value
specified in the code. This indicates that the deforma-
tion capacity of the specimen in the elastic stage and
the anti-collapse capacity in the elastic–plastic stage
meet the design requirements.

(3) For the specimen with a single parameter change in
axial compression ratio, the influence law of axial
compression ratio is different between the specimen
groups with different slenderness ratios. Among the
low slenderness ratio specimens, the middle axial
compression ratio specimens have the best ductility;
the low axial compression ratio is the second and the
high axial compression ratio is the worst. In the
group of medium and high slenderness ratio speci-
mens, the specimens with low axial compression
ratio have the best ductility, the medium axial com-
pression ratio is the second, and the high axial com-
pression ratio is the worst. The ductility coefficients
of the specimens with medium and high axial com-
pression ratios under the condition of high slender-
ness ratio are not different. The above rules can show
that, in general, the specimens with low axial com-
pression ratio have the best ductility, and the speci-
mens with high axial compression ratio have the
worst ductility. However, when the slenderness ratio
is large, the influence of axial compression ratio on
ductility is significantly reduced.

(4) For the specimen with a single parameter change in
wall thickness, the ductility coefficient of the spe-
cimen with steel pipe wall thickness of 8mm is larger
and better. With the increase in the wall thickness,
the ductility of the specimen decreases. However,
under the condition of high slenderness ratio, the

ductility coefficient of the specimens with wall thick-
nesses of 10 and 12 mm is almost the same. It also
shows that when the slenderness ratio is large, the
influence of steel pipe wall thickness on ductility
decreases significantly.

(5) For the specimen with a single parameter change in
slenderness ratio, the high slenderness ratio spe-
cimen has the worst ductility under the condition of
medium and low axial compression ratio, while it has
the best ductility under the condition of high axial
compression ratio.

4.4 Energy dissipation performance

The area of the hysteresis loop obtained in this test
directly reflects the energy dissipation capacity of the
specimen, and the equivalent viscous damping coeffi-
cient, ζeq. The ζeq calculation results of each typical spe-
cimen are shown in Figure 12.

According to the analysis in Figure 12:
(1) The equivalent viscous damping coefficients of the

specimens are above 0.4, while the equivalent vis-
cous damping coefficients of ordinary reinforced con-
crete columns are only 0.1–0.2, indicating that the
RACSTC have good energy dissipation performance.

(2) For the specimen with a single parameter change in
axial compression ratio, the ζeq−Δ curve of the speci-
mens with a high axial compression ratio is always
located above the ζeq−Δ curve of the specimens with a
low axial compression ratio. This shows that the

Figure 12: Curves of ζeq vs Δ of typical specimens.
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energy consumption of RACSTC increases with the
increase in axial compression ratio.

(3) For the specimen with a single parameter change in
wall thickness, the ζeq−Δ curve of the specimen with a
wall thickness of 8 mm is always located above the
ζeq−Δ curve of the specimens with wall thicknesses of
10 and 12 mm. This shows that the equivalent viscous
damping coefficient of the specimen decreases signif-
icantly with the increase in wall thickness.

(4) For the specimen with a single parameter change in
slenderness ratio, in the initial stage of loading, the
ζeq−Δ curve of the specimen with a low slenderness
ratio is located above the ζeq−Δ curve of the specimen
with a high slenderness ratio. Also, when the displa-
cement cyclic loading grade is about 4–5 times the
yield load, the ζeq−Δ curve of the specimens with
medium and low slenderness ratios is located below
the ζeq−Δ curve of the specimen with a high slender-
ness ratio. This shows that the specimen with a high
slenderness ratio has higher energy dissipation per-
formance in the later stage of loading.

4.5 Stiffness degradation

In this work, the secant stiffness is used to represent the
stiffness of the specimen according to the provisions in the
paper [44], and the secant stiffness (∣ ∣ ∣ ∣)= + + − /K F Fi i i
(∣ ∣ ∣ ∣)+ + −X Xi i , where +Fi and −Fi represent the load value
of the i-th forward and reverse peak points, respectively;
+Xi and −Xi represent the displacement value of the ith
forward and reverse peak points, respectively. The secant
stiffness degradation curve of the typical specimens is
shown in Figure 13.

According to the analysis in Figure 13:
(1) For the specimen with a single parameter change in

axial compression ratio, the stiffness degradation
curve of the specimen with a high axial compression
ratio is always above the stiffness degradation curve
of the specimens with medium and low axial com-
pression ratios. This indicates that the initial stiffness
of the specimen with a high axial compression ratio is
larger and the stiffness degradation rate is faster.
When the displacement loading level is four times
the yield displacement, the stiffness decline ampli-
tude and rate slow down, and reach the later stage
of loading. There is little difference in the residual
stiffness of each specimen.

(2) For the specimen with a single parameter change in
wall thickness, the stiffness degradation curve of
thick-walled specimens is always above the stiffness

degradation curve of thin-walled specimens. This
indicates that the specimens with a thicker steel
wall have greater initial stiffness and faster stiffness
degradation rate, which gradually slows down in the
later stage of loading, and there is little difference in
residual stiffness during failure.

(3) For the specimen with a single parameter change in
slenderness ratio, the stiffness degradation curve of
the specimen with a low slenderness ratio is always
above the stiffness degradation curve of the specimens
with medium and high slenderness ratios. This shows
that specimens with smaller slenderness ratios have
larger initial stiffness, faster stiffness degradation rate,
and the overall stiffness of the specimen in the whole
loading process is larger, while the stiffness of the speci-
mens with medium and high slenderness ratios show
little difference.

5 ML prediction results

The detailed parameters, ductility coefficient, and equiva-
lent viscous damping coefficient of each specimen are
shown in Appendix A. 23 groups of test data are obtained
in this experiments, and the others are obtained from our
previous work.

5.1 Hyperparameter tuning

The model FA–RF in this study ran 50 iterations in the
5-fold CV method and generated 5 corresponding RMSE

Figure 13: Stiffness degradation curve of typical specimens.
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values, which were determined according to the balance
between the training time and RMSE reducing effi-
ciency [46,47].

Figure 14a shows the results of the CV iteration of the
model for predicting the displacement ductility coeffi-
cient, which shows that the RMSE of the 1st fold is the
smallest. Figure 14b represents the iterative process of
the 1st fold. Similarly, Figure 15a shows the results of the
5-fold CV iteration for the model used to predict equivalent
damping coefficient. It can be observed that the RMSE
obtained at the 5th fold is optimal. Figure 15b represents
the detailed iterative process of the 5th fold. The RMSE
value’s reduction can be clearly observed within the first
10–20 iterations and basically maintains the minimum
value after 20 iterations (or occasionally changes), illus-
trating that the RMSE reaches the local minimum.

According to the above experiments, the optimal
hyperparameters (numTree and minNumleaf) of the
two models are finally obtained. For the displacement
ductility coefficient prediction model, the optimal hyper-
parameters are numTree = 15 and minNumleaf = 1. For
the equivalent damping coefficient prediction model,
the optimal hyperparameters are numTree = 16 and
minNumleaf = 1.

5.2 Performance of FA–RF modeling

Figures 16–18 are the prediction errors of the FA–RF
model, including the errors on the training set and the
errors on the test set. The model uses the optimal hyper-
parameters obtained by FA adjustment.

Figure 14: The CV results of displacement ductility coefficient prediction and the optimal fold iterative process. (a) 5-fold CV results. (b) The
iterative process of optimal fold.

Figure 15: The CV results of equivalent damping coefficient prediction and the optimal fold iterative process. (a) 5-fold CV results. (b) The
iterative process of optimal fold.
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Figures 16 and 17 are the error diagrams of the pre-
diction of displacement ductility coefficient and equiva-
lent damping coefficient, respectively, and their differ-
ences are expressed by the difference between the actual
value and the predicted value. The prediction is relatively
accurate since no outlier or large error is observed. Thus,
the mapping relationships from input variables (i.e., con-
crete strength, pipe length, etc.) to output results (i.e.,
equivalent damping and displacement ductility coeffi-
cients) are properly acquired by the ML model.

Figure 18 is a linear regression graph, which shows
the difference between the coefficients by the correlation

between the actual value and the predicted value. Figure
18a shows the experimental results of the model for pre-
dicting the displacement ductility coefficient, and Figure
18b shows the experimental results of the model for pre-
dicting the equivalent damping coefficient. The coordi-
nates in the figures are composed of predicted values
and actual values. Blue points and red points are data
on the training set and test set, respectively. The black
diagonal line represents the highest correlation, meaning
that the predicted value equals the actual value. The dis-
tance between the points and the black diagonal is inver-
sely proportional to the model prediction ability. The

Figure 17: Scatter plot of simulated and actual equivalent damping coefficient for training and test sets. (a) Training dataset. (b) Testing
dataset.

Figure 16: Scatter plot of simulated and actual displacement ductility coefficient for training and test sets. (a) Training dataset. (b) Testing
dataset.
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RMSE and R of the displacement ductility coefficient pre-
diction model on the training set are 0.5476 and 0.924,
respectively, and the RMSE and R on the test set are
0.7826 and 0.9276, respectively. The RMSE and R of
the equivalent damping coefficient prediction model on
the training set are 0.0254 and 0.0457, respectively,
and the RMSE and R of the test set are 0.0457 and
0.9218, respectively. It can be observed that the points in
the image are mostly distributed near the black diagonal,
indicating that the predicted results are close to the actual
results, and there is no underfitting. The distribution of

Figure 19: Performance evaluation of three models by (a) displacement ductility coefficient prediction boxplot and (b) equivalent damping
coefficient prediction boxplot.

Figure 18: Scatter plot of simulated and actual values for training and test sets: (a) displacement ductility coefficient prediction and
(b) equivalent damping coefficient prediction.

Table 10: Evaluation of displacement ductility coefficient and
equivalent damping coefficient test groups by the three models

Model Displacement ductility
coefficient

Equivalent damping
coefficient

RMSE R RMSE R

FA–RF 0.783 0.928 0.046 0.922
LR 1.352 0.764 0.058 0.892
MLR 1.513 0.645 0.075 0.805
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blue dots and red dots is basically the same, indicating
that the model does not have overfitting.

5.3 Comparison of RF, LR, and MLR

To further evaluate the necessity of the selected model in
prediction, this study selects the baseline model MLR and
LR as the comparison objects.

Figure 19 presents a performance evaluation of the
RF, MLR, and LR models as a boxplot diagram. The red
cross represents the abnormal point, and the upper and

lower black horizontal lines represent the upper and
lower limits, respectively. The upper and lower bound-
aries of the rectangular box represent the upper quartile
and the lower quartile, respectively, and the red line
inside indicates the median. In the prediction of the dis-
placement ductility coefficient, the FA–RF model has
fewer outliers, a narrower quartile range, and lower
median. In the prediction of equivalent damping coeffi-
cient, the FA–RF model performs slightly worse, but it
still has fewer outliers and the difference is not large.

Figure 20 is the Taylor diagram, which evaluates the
model from three aspects: standard deviation, correlation
coefficient, and RMSE. The predicted results are closer to

Figure 20: Performance evaluation of three models by (a) displacement ductility coefficient prediction Taylor and (b) equivalent damping
coefficient prediction Taylor.

Figure 21: Variable importance analysis of FA–RF model for displacement ductility coefficient prediction.
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the real data (i.e. higher accuracy) if the distance between
the ML points and the black point “Actual” is closer. For
both displacement ductility coefficient prediction and
equivalent dampingcoefficient prediction, themodel FA–RF
showed better results in standard deviation, correlation
coefficient, and RMSE than the MLR and LR models.

Table 10 shows the evaluation results of the model on
the test set for the prediction of displacement ductility
coefficient and equivalent damping coefficient. It can be
observed that the FA–RF model has better in RMSE and R
than other models.

Combined with the box plot and Taylor plot analysis,
the FA–RF model is more effective than LR and MLR in
displacement ductility coefficient prediction and equiva-
lent damping coefficient prediction. Table 10 also sup-
ports this conclusion. The results show that the FA–RF
model performs the best in displacement ductility co-
efficient prediction and equivalent damping coefficient
prediction.

5.4 Variable significance analysis

In sensitivity studies, input variables are analyzed to
obtain the impact of each input variable on prediction
results (usually shown in percentage). Figures 21 and 22
are the analysis results of the variable importance of the
FA–RF model for the prediction of displacement ductility
coefficient and equivalent damping coefficient, respectively.
It can be observed in Figure 21 that the axial pressure ratio,
solid waste content, and concrete design strength are of
high importance for displacement ductility coefficient pre-
diction; 41.72, 36.53, and 17.35%, respectively. Steel pipe

thickness and effective steel pipe length are less important;
3.36 and 1.04%, respectively. Figure 22 shows that steel
pipe thickness is the most important variable for equiva-
lent damping coefficient prediction, accounting for
41.26%. Less important variables were effective steel
pipe length, concrete design strength, solid waste con-
tent, and axial pressure ratio; 18.56, 15.38, 14.95, and
9.85%, respectively.

6 Conclusion

This article presents a systematic study on the influence
of parameters comprising slenderness ratio, axial com-
pression ratio, and steel tube wall thickness on the
seismic performance of 26 specimens. The main conclu-
sions can be drawn as follows:
(1) Recycled concrete-filled steel tube members have

good hysteretic behavior, ductility, and energy dissi-
pation capacity. According to the parameter sensi-
tivity analysis, the slenderness ratio has the largest
impact on the ductility of the members, while redu-
cing the axial compression ratio and using thin-
walled steel tubes can improve the ductility to a
certain extent.

(2) The skeleton curves and the stiffness degradation
curves of all specimens have a similar development
trend. Increasing the slenderness ratio, reducing the
axial compression ratio, and reducing the wall thick-
ness will weaken the peak horizontal bearing capa-
city of the members, but can effectively reduce their
stiffness degradation rate.

Figure 22: Variable importance analysis of FA–RF model for equivalent damping coefficient prediction.
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(3) In this article, an ML method for predicting the perfor-
mance of recycled aggregate modified concrete-filled
steel tubes is proposed. The predicted performance
includes displacement ductility coefficient and equiva-
lent damping coefficient. This method is based on the
RF algorithm, and has higher prediction ability and
reliability than other ML models.

Since it is time-consuming and expensive to obtain
data, this study is limited by small datasets. In future
work, more variables and more complex and larger data-
sets may be considered. The more types and quantities of
data processed by the model, the better prediction and
generalization ability.
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Appendix A

Table of ductility coefficient and equivalent viscous damping coefficient of each specimen

Solid
waste
content

Concrete
design
strength
fc (MPa)

Steel pipe
thickness
(mm)

Effective
steel pipe
length
(mm)

Steel
strength
(MPa)

Axial
pressure
ratio

Displacement
ductility coef-
ficient μ

Equivalent
viscous
damping
coefficient
Zeq

Data sources

0.50 29.9 6 1,120 235 0.2 9.5717 0.417 The research
group's previous
experimental
data

0.50 29.9 6 1,120 235 0.4 9.4925 0.533

0.50 35.7 8 1,000 235 0.2 5.13 0.441 The research
group's previous
experimental
data

0.50 35.7 8 1,000 235 0.4 4.34 0.558
0.50 35.7 8 1,000 235 0.6 4.28 0.53

0.50 27.2 6 1,000 235 0.2 9.63 0.429 The research
group's previous
finite element
simulation data

0.50 27.2 6 1,000 235 0.4 9.24 0.41
0.50 27.2 6 1,000 235 0.6 8.11 0.42
0.50 27.2 6 1,200 235 0.2 7.12 0.47
0.50 27.2 6 1,200 235 0.4 6.78 0.469
0.50 27.2 6 1,200 235 0.6 6.68 0.478
0.50 27.2 6 1,400 235 0.2 5.45 0.453
0.50 27.2 6 1,400 235 0.4 5.43 0.441
0.50 27.2 6 1,400 235 0.6 5.28 0.468
0.50 27.2 8 1,000 235 0.2 5.27 0.45
0.50 27.2 8 1,000 235 0.4 5.46 0.463
0.50 27.2 8 1,000 235 0.6 6.12 0.397
0.50 27.2 8 1,200 235 0.2 5.08 0.431
0.50 27.2 8 1,200 235 0.4 5.13 0.444
0.50 27.2 8 1,200 235 0.6 5.02 0.43
0.50 27.2 8 1,400 235 0.2 4.07 0.449
0.50 27.2 8 1,400 235 0.4 4.03 0.444
0.50 27.2 8 1,400 235 0.6 3.92 0.448
0.50 27.2 10 1,000 235 0.2 4.56 0.442
0.50 27.2 10 1,000 235 0.4 4.61 0.451
0.50 27.2 10 1,000 235 0.6 4.63 0.443
0.50 27.2 10 1,200 235 0.2 4.4 0.431
0.50 27.2 10 1,200 235 0.4 4.44 0.416
0.50 27.2 10 1,200 235 0.6 4.34 0.443
0.50 27.2 10 1,400 235 0.2 3.9 0.428
0.50 27.2 10 1,400 235 0.4 3.84 0.416
0.50 27.2 10 1,400 235 0.6 3.75 0.421
1.00 33.9 8 1,980 235 0.2 7.11 0.615 Test data in this

article1.00 33.9 8 1,980 235 0.4 6.12 0.601
1.00 33.9 8 1,980 235 0.6 5.86 0.798
1.00 36.3 10 1,980 235 0.2 6 0.491
1.00 36.3 10 1,980 235 0.4 5.2 0.616

(Continued)
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1.00 36.3 10 1,980 235 0.6 4.78 0.784
1.00 33.6 12 1,980 235 0.2 5.91 0.565
1.00 33.6 12 1,980 235 0.4 5 0.743
1.00 33.6 12 1,980 235 0.6 4.84 0.789
1.00 34.9 8 1,480 235 0.6 3.54 0.879
1.00 35.8 10 1,480 235 0.2 6.53 0.525
1.00 35.8 10 1,480 235 0.4 5.79 0.679
1.00 35.8 10 1,480 235 0.6 3.8 0.815
1.00 35.8 12 1,480 235 0.6 3.91 0.712
1.00 34.9 8 980 235 0.2 5.12 0.607
1.00 34.9 8 980 235 0.4 5.89 0.703
1.00 34.9 8 980 235 0.6 5.05 0.819
1.00 33.9 10 980 235 0.2 5.88 0.485
1.00 33.9 10 980 235 0.4 5.97 0.652
1.00 33.9 10 980 235 0.6 5.41 0.732
1.00 36.3 12 980 235 0.2 6.12 0.561
1.00 36.3 12 980 235 0.4 5.19 0.627
1.00 36.3 12 980 235 0.6 3.42 0.823

(Continued)
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