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Abstract

To address the difficulty in calculating the axial compressive bearing capac-
ity of tapered concrete-filled double skin steel tubular (TCFDST) members
caused by sectional variation, heuristic algorithms such as genetic algorithms
(GA), particle swarm optimization (PSO), simulated annealing (SA), and ant
colony optimization (ACO) were applied to a back propagation neural network
(BPNN), and a TCFDST axial compressive bearing capacity prediction model
combining global and local optimization was proposed. A total of 1362 sets
of experimental and finite element simulation data were selected to establish a
TCFDST axial compression database. Ten member dimensional and material
parameters were used as input parameters, and the axial compressive bearing
capacity was taken as the output parameter. Four BPNN models optimized by
heuristic algorithms were established, respectively. By comparison with four
classical machine learning algorithms and code formulas, it was demonstrated
that the heuristic-algorithm-optimized BP neural network has higher prediction
accuracy. Combined with parametric analysis, the variation patterns of the bear-
ing capacity predicted by the model with each input parameter were obtained,
verifying the general applicability of the prediction model. The BPNN axial
compressive bearing capacity prediction model optimized based on heuristic al-
gorithms can provide an important reference for solving the bearing capacity
calculation problem of TCFDST structures and promoting their application.
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Abstract: To address the difficulty in calculating the axial compressive bearing
capacity of tapered concrete-filled double-skin steel tubular (TCFDST) mem-
bers caused by cross-sectional variation, this paper applies heuristic algorithms
—including genetic algorithms (GA), particle swarm optimization (PSO), sim-
ulated annealing (SA), and ant colony optimization (ACO)—to a BP neural
network (back propagation neural network, BPNN), and proposes a TCFDST
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axial compressive bearing-capacity prediction model that combines global and
local optimization. A total of 1,362 sets of experimental and finite-element sim-
ulation data were selected to construct a TCFDST axial-compression database.
Ten member-size and material parameters were adopted as input parameters,
and the axial compressive bearing capacity was taken as the output parameter;
four BPNN models optimized by heuristic algorithms were established respec-
tively. By comparison with four classical machine-learning algorithms and code
formulas, it is demonstrated that the BP neural network optimized by heuristic
algorithms has higher prediction accuracy. Combined with parametric analy-
sis, the variation laws between the bearing capacity predicted by the model
and each input parameter were obtained, verifying the general applicability of
the prediction model. The BPNN axial-compressive bearing-capacity prediction
model optimized by heuristic algorithms can provide an important reference for
solving bearing-capacity calculation problems and promoting the application of
TCFDST structures.
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CLC number: TU311 Document code: A DOI: 10.11776/j.issn.1000-
4939.2026.03.006
Article ID: 1000-4939(2026)03-0554-17 CSTR: 32414.14.cjam.issn.1000-
4939.2026.03.006

Compression bearing capacity of tapered concrete-
filled double skin steel tubular members based on
heuristic algorithm optimized BP neural network

LIU Xianghongl, YANG Zixuanl, SONG Yinxuanl, SUN Qingl, WANG
Jiantao2, WANG Shuhong3

(1. School of Human Settlements and Civil Engineering, Xi’ an Jiaotong Uni-
versity, 710049 Xi’ an, China;

2. School of Civil Engineering, Xi’ an University of Architecture & Technology,
710055 Xi’ an, China;

3. Economic and Technical Research Institute, State Grid Zhejiang Electric
Power Co., Ltd., 310008 Hangzhou, China)

Abstract: To address the computational challenges posed by the cross-sectional
variations in tapered concrete-filled double skin steel tubular (TCFDST), this
paper employs four heuristic algorithms—genetic al-
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gorithms (GA), particle swarm optimization (PSO), simulated annealing (SA),
and ant colony optimization (ACO) to enhance a backpropagation neural net-
work (BPNN). This paper proposes a predictive model that integrates global
and local optimization strategies. A database comprising 1 362 experimental
and simulation results was established, with dimensional and material parame-
ters as inputs and axial compressive capacity as the output. Four BPNN mod-
els optimized using heuristic algorithms were developed and validated against
other machine learning algorithms and current design standards; the results
indicate superior predictive accuracy. Parametric analysis reveals consistent re-
lationships between the predicted load-bearing capacity and the various input
variables. The proposed method provides a reliable reference for addressing the
challenges of load-bearing capacity calculations for TCFDST structures.

Key words: tapered concrete-filled double skin steel tubular column; compres-
sion bearing capacity; heuristic algorithm; back propagation neural network;
machine learning

Concrete-filled double skin steel tubular (CFDST) structures, owing to their
excellent axial compression, flexural, torsional, fire-resistance, and impact-
resistance performance, can serve as primary supporting structures for various
long-span structures, bridge piers, underground structures, and high-rise
or super high-rise buildings[1-2]. As the principal devices for generating
wind energy, offshore and onshore wind turbines depend critically on the
safety of their supporting structures to ensure the long-term safe operation
of wind turbine units. Traditional wind-power support structures mostly
adopt single-layer steel towers; when wind power exceeds 12 MW, the design
height of the tower top section can reach 220 m. Under axial compression and
eccentric compression loads from the upper nacelle and blades, such ultra-high
single-layer steel tubular structures are prone to tower-collapse accidents
because of insufficient axial bearing capacity[3-4].

The tapered concrete-filled double skin steel tubular (TCFDST) structure was
developed from the traditional CFDST structure. Compared with ordinary
CFEFDST columns, the cross section of TCFDST, which gradually increases from
the bottom to the top, adapts to the cross-sectional bending moment that grad-
ually increases along the column body under horizontal loads, thereby reducing
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the self-weight of the structure. However, its variable-section design also makes
it impossible for designers to accurately apply existing CEFDST design codes
to select the calculated section and accurately compute the structural bearing
capacity. Therefore, accurately predicting the axial compressive capacity of
TCFDST members and reducing the redundancy rate in structural design are
of significant value for promoting and applying TCFDST members as primary
supporting structures in building design. In recent years, scholars in China and
abroad have carried out extensive experimental studies on the axial compression
performance of CEFDST members and, on this basis, have established calculation
formulas for axial compressive capacity through linear and nonlinear regression
methods combined with confinement theory, unified theory, and superposition
theory[5]. In addition to axial compressive capacity formulas based on mechani-
cal principles, as machine-learning algorithms have gradually matured, applying
deep-learning algorithms to engineering design to solve structural design prob-
lems has become a new approach in building structural design and performance
analysis.

NGUYEN et al.[6] used the social chain search optimization (SCSO) algorithm,
a gray wolf optimization-whale optimization algorithm, and artificial rabbit
optimization (ARO) to tune the hyperparameters of the gradient boosting re-
gression (GBR) algorithm, and analyzed the prediction accuracy of different
optimization algorithms for the axial compressive capacity of CFDST. WANG
et al.[7] adopted three methods—support vector machine (SVM), random forest
regression (RFR), and neural network (NN)—to train eccentric-compression test
samples of concrete-filled steel tube (CFST) members in a database, establish-
ing a machine-learning model with dimensional and material parameters as the
input layer and flexural bearing capacity as the output layer. HONG et al.[8],
by comparing multiple machine-learning algorithms with code-based bearing-
capacity calculation formulas, concluded that the K-nearest neighbors (KNN)
algorithm has relatively high accuracy in predicting the axial compressive capac-
ity of CFDST members. CHANDRAMOULI et al.[9] used six machine-learning
models to predict the axial compressive capacity of CFDST members and pro-
posed an optimal calculation model applicable to core concrete confined by var-
ious fiber composites and steel materials. Zhao Junhai et al.[10] compared and
analyzed the prediction performance of a back propagation (BP) neural network
(back propagation neural network, BPNN) and a particle swarm optimization-
back propagation neural network (PSO-BPNN) for the axial compressive capac-
ity of CFDST members, and recommended a member bearing-capacity predic-
tion model in combination with domestic and international codes. Domestic
and international codes mostly use the top minimum section and a modified
length for conservative calculation of the bearing capacity of TCFDST mem-
bers, leading to relatively large errors in the calculated bearing capacity[11-
12]. Scholars in China and abroad have gradually broadened their focus to
using machine-learning algorithms to predict the bearing capacity of CFDST,
whereas for those with tapering

--and different hollow ratios remains insufficient for machine-learning prediction
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models of TCFDST members.

Following a data-driven strategy, the axial-compressive bearing capacities cor-
responding to axial-compression test data for 182 CFDST and TCFDST mem-
bers and numerical simulation data for 1,180 TCFDST members were assembled
into an analysis database. Heuristic algorithms, including the genetic algorithm,
particle swarm optimization, simulated annealing, and ant colony optimization,
were combined to optimize a multilayer feed-forward neural-network model for
predicting the axial-compressive bearing capacity of TCFDST members, and
the feasibility of the model was analyzed. The advantages of the heuristic-
algorithm-optimized model were further assessed by comparison with several
classical machine-learning algorithms—random forest regression, the K-nearest-
neighbor algorithm, support vector machine regression, and radial basis func-
tion neural networks—as well as with code formulas for bearing capacity. Fi-
nally, parametric analysis was used to reveal the variation patterns between the
model-predicted bearing capacity and the input variables.

1 Test Database
1.1 Finite Element Calculation Database

ABAQUS was used to establish a simulation model for axially compressed
TCFDST members. The inner and outer steel tubes and the sandwiched con-
crete were modeled using S4R shell elements and C3D8R solid elements, respec-
tively. The sandwiched concrete and steel adopted a shell-solid plastic damage
constitutive model and a five-stage quadratic plastic-flow model, respectively
[13 — 14]. Surface-to-surface contact was used between the inner and outer
steel tubes and the sandwiched concrete; hard contact and the Coulomb fric-
tion model were adopted for the normal and tangential behaviors, respectively,
with a friction coefficient of 0.6 [15 — 16]. At the loading end and the fixed
end, MPC rigid beams were used to couple the inner and outer steel tubes and
the sandwiched concrete to the centroidal reference point of the section. At the
fixed end, translational degrees of freedom in the x, y, and z directions were
constrained; at the loading end, loading was applied in the y direction while
translational degrees of freedom in the x and z directions were constrained, as
shown in Fig. 1. TCFDST members have strong plastic deformation capacity
under axial compression, and residual stress has no significant effect on the peak
bearing capacity of the members. Therefore, the effects of residual stress and
initial imperfections on the axial-compression performance of the members were
neglected in the analysis [17].

Fig. 1 labels: Disp; U, = U, = 0; RP;; H; 0; Dy,; Do, RP,, U, = U, =
U,=0.

Fig. 1 Finite element model of a TCFDST member under axial compression
Fig. 1 TCFDST finite element model under axial compression

A total of six axial-compression test datasets for TCFDST members were se-
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lected for model validation. By comparing the consistency between the axial-
compressive load-displacement curves and failure modes obtained from tests
and numerical simulations in Refs. [18 — 19], the effectiveness and accuracy of
the numerical model in predicting the axial-compression behavior of TCFDST
members were verified. The load-displacement curves and failure modes ob-
tained from the literature tests and numerical simulations are shown in Figs. 2
and 3.

Fig. 2 subfigures and visible legends:

a) C118): C1-Test, C1-FEM-Ref, C1-FEM.

) C2018l: C2-Test, C2-FEM-Ref, C2-FEM.

) C3[18]; C3-Test, C3-FEM-Ref, C3-FEM.

) C418l: C4-Test, C4-FEM-Ref, C4-FEM.

) CT119): CT1-Test, CT1-FEM-Ref, CT1-FEM.
) CT219): CT2-Test, CT2-FEM-Ref, CT2-FEM.
) CT309: CT3 Test, CT3-FEM-Ref, CT3-FEM.
) CT4M): CT4- Test, CT4-FEM-Ref, CT4-FEM.
Axes: load/kN; displacement/mm.

Fig. 2 Load-displacement curves from numerical calculation and tests of
TCFDST members under axial compression

Fig. 2 Load-displacement curves by numerical calculation and test of TCFDST
members under compression

(a) C3-1  (b) CT22  (c) CT4-1

Fig. 3 Failure modes by numerical calculation and test of TCFDST members
under compression [18-19]

1.2 Experimental Database

To use data-driven machine-learning algorithms to predict the axial compressive
bearing capacity of TCFDST members, a database of axial compression of the
members was first established. This database consists of axial-compression test
data for 182 CFDST and TCFDST members, as well as validated finite-element
simulation data for 1,180 TCFDST members. The parameters and axial com-
pressive bearing capacities of the database samples are shown in Table 1.

Table 1 Basic information and sources of the TCFDST axial-compression
database
Tab. 1 Source and summary of the TCFDST members database

NumberD,, /mmD,, /munt,/mm D,,/mmD,,/mmt,/mm H/mm N_,/kN Reference

6 114.00~300(0D~300.00 48.00~16BAD~1653000 342.00~JWBLED~3 [20]
331.00

1 165.00 165.00 3.54 60.00 60.00 2.85 480.00 1 [21]
660.00
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NumberD, , /mmD,, /munt,/mm D,,/mmD,,/mmt,/mm H/mm N,/kN Reference

9 538.00 538.00 3.76~5.6318.00~4BMD~47Y.65) 1 ) [22]
500.00 966.80~8
949.70

5 250.00~3hE~35880 165.00~2H0MD~23A.9®) 750.00~1 3 [18]
050.00 103.00~5
448.00

12 164.80~16BL ZD~1H6366.042.50~76L3(h0~7R FH~3.2495.00 1 [23]
831.00~3
322.00

9 157.00~ 15 (D~ 1H9ME.138.00~1 BRAW~11H9iD-2.1450.00 378.00~96820

2 356.00 356.00 5.50 168.00~2BBAD~2139.30 1 7 [25]
068.00 242.00~8
516.00

8 114.30 114.30 2.73~5.850.30 60.30 2.52~5.7345.00 734.60~1 [26]
666.41

12 188.90~1IBRIN~H2HE.733.70~1 BB 6W~1 (3L (8+4.1670.00 2 [27]
376.00~3
286.00

6 398.00 300.00~32146M63.5292.00~3BRLAD~2ZAMB.00 1 2 [28]
465.00 094.00~2
885.00

12 170.00~190DO0~172.78 115.00~I4BAD~13B1T® 510.00~570.00 [19]
100.00~1
420.00

5 300.00~382MD~3B8D.9210.00~3OR D~ 8 DEH.9900.00~1 6 [29]
080.00 051.00~9

950.00
16 139.20~1IBD70~1B0AB.506.00  76.00 2.00 1 732.10~1 [30]
000.00~263.50
500.00
8 140.00~18MED~BB0MmE.048.00~788M0~7SMD~5.0600.00 1 [31]
223.70~1
852.20
9 114.30~165 BD~1630H6.088. 30~ 1068 6D~ 1 (2L %H-3.3000.00~500.00 [32]
145.00~1
665.00
9 538.00 538.00 3.76~5.6318.00~4BAD~47Y.68) 1 5 [33]
507.00 966.80~8
949.70
9 160.00 160.00 1.00~2.187.00~11B7@WM~1120H-2.1000.00 378.00~9683A)D
4 398.20~8IBAD~B)00B63.0239.60~280HD~BL0(RA3.02 1 2 [35]

002.00~323.00~3
502.00 423.00
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NumberD, , /mmD,, /munt,/mm D,,/mmD,,/mmt,/mm H/mm N,/kN Reference

2 114.30 114.30 2.73~5.850.30 60.30 2.56~4.7343.00 758.61~1 [36]
622.25
3 160.00 160.00 2.99 60.00 60.00 2.00  420.00 1 [37]
487.00~1
542.00
6 140.00~45MED~456MEB.006.00~4 0 @D~40H0EID-8.0020.00~TWHLHED~8 [38]
906.00
5 203.00~3UB@D~300166.006.00~20%/B MD~2034000  600.00~900.09 [39]
751.40~9
783.80
8 270.00~320 W~29%.00 170.00~32MAD~174.00 1 8 [40]
500.00~327.13~11
000.00 016.61
6 250.00~ZEED~30000 100.00~13HED~13600 150.00 8 [41]
628.00~12
015.00

Table 1 (continued)

QuantityD,, /mmD , /mnt,/mm D;,/mmbD,, /mm?¢,/mm H/mm N,/kN Reference

8 165.00- 165.00- 2.45- 89.00- 89.00- 2.68- 495.00- 1 [42)
273.00 273.00 2.78 165.00 165.00 3.00 819.00 320.00-
4
845.00
2 120.00 120.00 1.96 60.00 60.00 1.96 1 578.00- [43]
324.00 715.00
1180 360.00- 360.00 2.50- 110.00- 110.00- 2.50- 1 3 FEM
740.00 6.00 715.00 335.00 6.00 000.00- 181.73-
3 7

000.00 661.93

Note: Dy, D, and t, are the diameters at the top and bottom and the wall
thickness of the outer steel tube; D;;,, D;,, and ¢, are the diameters at the top and
bottom and the wall thickness of the inner steel tube; H is the member height;
and N, is the measured axial compressive bearing capacity of the member.

The cited studies tested concrete specimens of sizes specified by different codes
to obtain the concrete compressive strength, where f . 100 is the compressive
strength of a cylindrical specimen with a diameter of 100 mm, f., ;50 is the
compressive strength of a cubic specimen with a side length of 150 mm, and
Jeu,100 18 the compressive strength of a cubic specimen with a side length of 100
mm.
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Because the various concrete strengths do not have common statistical charac-
teristics, they were converted, with reference to Eq. (1) given in Ref. [7], into
Jey,150, the standard cylindrical compressive strength:

167 x 150 %112 £ 100

fcu.150
feya50 = [076 +0.21g ( 19.6 ) feu,150 (1)
0.9fcu,100

The database samples were tested using the Shapiro-Wilk method. The results
showed significance (P < 0.05); the absolute kurtosis of the samples was less
than 10 and the absolute skewness was less than 3. The normal plots were
essentially bell-shaped, and the samples can basically be accepted as normally
distributed, as shown in Fig. 4.

Visible subplot annotations in Fig. 4:

o (a) D, diameter/mm; frequency; mean = 444.06; standard deviation

= 126.71.

e (b) D.: diameter/mm; frequency; mean = 342.38; standard deviation
= 63.01.

o (c) t,: thickness/mm; frequency; mean = 3.11; standard deviation =
0.62.

e (d) Dy,: diameter/mm; frequency; mean = 319.59; standard deviation
= 131.41.

e (e) D diameter/mm; frequency; mean = 217.79; standard deviation =
81.17.

o (f) t;; thickness/mm; frequency; mean = 3.03; standard deviation =

0.51.

e (g) f.: compressive strength/MPa; frequency; mean = 43.92; standard
deviation = 12.94.

e (h) fyo: yield strength/MPa; frequency; mean = 423.78; standard devi-

ation = 74.58.
o (i) fyu: yield strength/MPa; frequency; mean = 420.80; standard devi-
ation = 70.13.

Fig. 4 Parametric distribution of some basic input parameters in the database
of TCFDST members under axial compression.

To intuitively analyze whether there is a strong correlation between the input
parameters and the output parameters, Pearson, Spearman, and Kendall meth-
ods were used to calculate the correlation coefficients between the input and
output parameters, as shown in Fig. 5.
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Fig. 5 Correlation coefficients between input parameters and output parame-
ters

Fig. 5 Correlation coefficient between input parameter and output parameter

2 Load-Bearing Capacity Prediction Based on BP
Neural Networks

2.1 Standard BP Neural Network

The standard BPNN model includes two processes: forward propagation and
backpropagation. In forward propagation, input data pass through the hidden
layer to the output layer, and the output of each node is obtained by weighted
summation and computation with the activation function. In backpropagation,
the error between the output and the expected value is propagated backward,
and the error is reduced by adjusting the weights and thresholds

44

The core idea of the BPNN algorithm is to continuously adjust the weights and
thresholds of the network according to the network output error, so that the
final output of the network is as close as possible to the expected output. Since
the weights and thresholds of a BPNN are usually randomly initialized before
training begins, the initial values have an important influence on the training
performance of the network; therefore, how to select the optimal initial weights
and thresholds is critical.

2.2 BP Neural Network Optimized by Genetic Algorithm

The genetic algorithm (GA) is a search and optimization algorithm that sim-
ulates natural selection and genetic mechanisms. Through operations such as
selection, crossover (hybridization), and mutation, it simulates the “survival of
the fittest” principle in Darwinian evolutionary theory within a population of
solutions, with the aim of finding the optimal solution.

The genetic algorithm searches the global variable space through population
selection, crossover, and mutation, thereby avoiding the problem that random
values may cause gradient descent to fall into a local optimum. The main proce-
dure is as follows: encoding: convert the weights and thresholds of the BPNN
model into chromosomes, i.e., the encoding process; initialization: randomly
generate a certain number of individuals as the initial population; fitness evalu-
ation: take the error of the trained network when applied to the validation set as
the fitness-evaluation criterion—the smaller the error, the higher the individual
fitness; selection: use roulette-wheel selection to select individuals with high
fitness; crossover and mutation: generate new individuals through crossover

chinarxiv.org/items/chinaxiv-202606.00175 Machine Translation


https://chinarxiv.org/items/chinaxiv-202606.00175

ChinaRxiv [$X]

and mutation of the encoding to increase population diversity; generation of
a new population: form a new population from the individuals after selection,
crossover, and mutation, replacing the original population; termination con-
dition: terminate the optimization when the maximum number of iterations is
reached or when the fitness satisfies the preset threshold.

2.3 BP Neural Network Optimized by Particle Swarm Al-
gorithm

Particle swarm optimization (PSO) is an optimization algorithm based on swarm
intelligence that simulates the foraging behavior of bird flocks. In the PSO
algorithm, each solution is regarded as a particle in the solution space, and each
particle has its own position and velocity. The optimal solution is sought by
simulating the flight of each particle (solution) in the solution space.

The particle swarm algorithm dynamically adjusts and searches the global vari-
able space by continuously updating the velocity and position information of
particles, in order to find the weight and threshold configuration that enables
the BPNN model to achieve the minimum error. The main procedure is as
follows: initialization: randomly initialize the position and velocity of each
particle in the swarm; fitness evaluation: train the network using the training
set and evaluate the network performance using the validation set, taking the er-
ror as the fitness-evaluation criterion; update the individual and global optimas:
for each particle, update its individual optimum and the global optimum of the
entire swarm; update velocity and position: update the velocity and position
of each particle according to the current velocity, the individual optimum, and
the global optimum; termination condition: terminate the optimization when
the maximum number of iterations is reached or when the fitness satisfies the
preset threshold.

2.4 BP Neural Network Optimized by Simulated Annealing
Algorithm

The simulated annealing algorithm (SA) is a probabilistic search algorithm
based on the annealing process of materials. During annealing, a material is
heated and then slowly cooled; its internal structure becomes disordered during
heating, and as it cools slowly, atoms gradually move to lower-energy states,
ultimately reaching a more stable structure.

The simulated annealing algorithm determines the probability of accepting a
new solution through the cooling process of the system from high temperature
to low temperature, and effectively searches the global variable space by setting
random perturbations, thereby seeking the global optimum. The main proce-
dure is as follows: initialization: set a high initial temperature, cooling rate,
etc.; fitness evaluation: train the network using the training set and evalu-
ate the network performance using the validation set, taking the error as the
fitness-evaluation criterion; generate and evaluate a new solution: based on the
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current solution, generate a new weight and threshold configuration (i.e., a new
solution) through random perturbation; acceptance criterion: if the solution
is better, use it; otherwise, determine the acceptance probability of the solution
using the temperature and the difference between solutions; lower the system
temperature according to the prescribed cooling rate, and then

Then the above steps of generating a new solution and applying the acceptance
criterion are repeated until the stopping condition is satisfied.

2.5 Optimization of the BP Neural Network by the Ant
Colony Algorithm

Ant colony optimization (ACO) is a heuristic algorithm that simulates the for-
aging behavior of ants in nature. It is mainly used to solve path-optimization
problems, such as the traveling salesman problem (TSP) and the vehicle routing
problem (VRP).

The ant colony algorithm marks paths by releasing pheromones as ants move,
and other ants choose paths according to the retained pheromone concentration
on those paths. The main procedure is as follows: initialization: set parameters
such as the colony size, pheromone evaporation rate, and pheromone importance
factor, and calculate the pheromone concentration on all paths; fitness evalua-
tion: construct the objective function and minimize the network training error;

pheromone updating: each ant selects a path according to the pheromone con-
centration and heuristic information, such as the magnitude of the weights and
their relevance to the problem, that is, it selects the combination of weights and
thresholds in the BPNN; selection of new weights and thresholds: at the end
of each generation, the pheromone is updated according to the best solution
found by all ants or the best solution in the current iteration, so as to increase
the probability of successfully finding a better solution in subsequent iterations;

model evaluation: the performance of the BPNN is evaluated on the valida-
tion set according to the new weights and thresholds; termination condition:
when the maximum number of iterations is reached or the BPNN performance
satisfies the preset threshold, the algorithm terminates.

The structural procedure for optimizing the BP neural network using the above
four heuristic algorithms is shown in Fig. 6. First, the heuristic algorithm is used
to select the initial weights and thresholds of the BPNN model; then the L-M
(LEVENBERG-MARQUARDT) method is adopted to train the database sam-
ples and obtain the calculated weights and thresholds of the prediction model.
During this process, the heuristic algorithm continuously optimizes the values
of the weights and thresholds within the initial value range until the initial value
that yields the minimum calculated RMSE within the number of iterations is
found, which constitutes global optimization. Subsequently, the heuristic algo-
rithm is used to perform secondary adjustment of the calculated weights and
thresholds; the L-M method is no longer used for network training, and instead
the prediction error is substituted into the heuristic algorithm to adjust the cal-
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culated weights and thresholds, which constitutes local optimization. To avoid
model overfitting, the heuristic algorithm takes the simultaneous reduction of
errors in both the training set and the validation set as the optimization crite-
rion. In summary, selecting global and local optimization strategies can enable
the BPNN model to achieve higher accuracy and broader applicability.

Translated text in Fig. 6:

o TCFDST axial-compression database
— Literature test data
— Finite-element calculation data
e Data correlation analysis
— a) Input parameter types
* 7 member dimensional parameters
% 2 steel material parameters
% 1 concrete material parameter
— b) Output parameter
* Axial compressive bearing capacity
e Dataset preprocessing
Random sequence partitioning
e Dataset partitioning
¢ Optimal training model
e Heuristic-algorithm-optimized BPNN model
o Optimized learning rate (L;) and number of hidden-layer nodes
Ty,
e BPNN hyperparameter optimization
— BPNN model prediction
— Validation set (15%)
— BPNN model training
— Training set (70%)
¢ Optimal BPNN model testing
e Heuristic algorithms: GA/PSO/SA/ACO
— Standard BPNN model training
Weights I, threshold b
— Define the fitness function (Globalfitness)

—t=1+1

— GA/PSO/SA/ACO global optimization objective min(E,,,;,) and
judgment:
Etrain(i) < min(Etrain> && Evalid(i) < min('Evalid)

— Weights I, threshold b

— Define the fitness function (Localfitness)

—t=1+1

— GA/PSO/SA/ACO local optimization objective min(F,,,;,) and
judgment:

Etrain(i) < min(Etrain
¢ Globalfitness
— LEVENBERG-MARQUARDT

) && Evalid(i) < min(Evalid)
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— BPNN model training: training set (train)
— BPNN model validation: validation set (valid)
- Etrain(i)7 Evalid@)

¢ Localfitness
— BPNN model prediction: training set (train)
— BPNN model prediction: validation set (valid)
- Etrain(i)’ Evalid@)

o Test set (15%)

Fig. 6 Architecture diagram of the BPNN model optimized by heuristic algo-
rithms

Fig. 6 Architecture description of the BPNN based on optimization algorithm

2.6 Model Evaluation Indicators

When machine-learning algorithms are used to predict axial compressive bearing
capacity, the following indicators are commonly adopted to measure the accu-
racy and reliability of the prediction results. Root mean square error (egpmsg):
the square root of the mean squared difference between the predicted value and
the actual value, used to measure the discrepancy between the predicted and
actual values; mean absolute error (eyap): the mean of the absolute differ-
ences between the actual and predicted values, used to evaluate the deviation of
the prediction results; mean absolute percentage error (eyppg): the mean of
the absolute difference between the actual and predicted values divided by the
actual value, usually expressed as a percentage; coefficient of determination
(R?): reflects the degree of fitting between the actual and predicted values, with
R? lying in the interval [0, 1].

st = | = D0 (0~ )’ 2)

1N

EMAE ~ n Z 9; — il (3)
i=1
1 |5 — v

ExapE = — 2 yyiy % 100% (4)

i=1 i
R2=1-3"(y )%/ (v — ) (5)

=1 =1

where ¥, is the model-predicted value, y; is the true value, y is the mean of the
true values, and n is the number of test samples.
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2.7 Hyperparameter Tuning

The experimentally measured data and numerical simulation data were inte-
grated into a unified database and randomly shuffled and divided. To avoid
overfitting of the model to specific data, the hold-out method was used to di-
vide the data into training, validation, and test sets at a ratio of 70 : 15 : 15.
Through 10 random divisions and averaging of the performance calculations, the
uncertainty caused by a single division was reduced [6]. For the hyperparam-
eter calculation of the BPNN model, the range of hidden-layer node numbers
was calculated by Eq. (5), and the search range of the learning rate was set
to [0.005,0.145]. By setting the error matrices corresponding to the number of
hidden-layer nodes and the learning rate, the training set and validation set were
trained 50 times, and heat maps of the mean validation-set errors corresponding
to the hyperparameters were obtained, as shown in Fig. 7.

The parameters corresponding to the minimum mean egygg obtained by the
prediction model were selected as the baseline hyperparameters of the BPNN
network; the recommended network hyperparameters of the BP neural network
are shown in Table 2. Among them, the activation function of the hidden layer
adopts the tansig function, and the activation function of the output layer
adopts the purelin function. When different optimization algorithms are used
to perform initial tuning of the BPNN weights and thresholds, different popula-
tion sizes have a certain influence on the final model error accuracy. Usually, a
larger population size improves the global search capability of the optimization
algorithm, but also increases the computation time.

n, =+/n; +n,+a (6)

where n,, is the number of hidden-layer nodes, n, is the number of input-layer
nodes, n, is the number of output-layer nodes, and « is any integer in [1, 10].

Table 2. Recommended network hyperparameters for BPNN

Hyperparameter name Value
Number of input-layer nodes (n;) 10
Number of output-layer nodes (n,) 1
Number of hidden-layer nodes (n},) 15
Learning rate (L) 0.105

Therefore, four initial population sizes were selected for model calculation, as
shown in Fig. 8. When the initial population size was n, = 30, all four optimiza-
tion models obtained relatively good global optimal solutions, with a moderate
time cost.

Fig. 7. Error optimization heatmap under the influence of the num-
ber of hidden-layer nodes and learning rate
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Subfigures: (a) RMSE; (b) MAE; (¢c) MAPE.
Axes: hidden-layer node count; learning rate. Color bars: epysy, Evag, and

emapg/%-

Fig. 8. egygg-iteration curves for the training set and validation set
under different initial populations

Subfigures: (a) n, = 10; (b) n, = 20; (c) n,, = 30.

Axes: egygg; number of iterations.

Legends: GA—training set; GA—validation set; PSO—training set; PSO—valida-
tion set; ACO—training set; ACO—validation set; SA—training set; SA—valida-
tion set. Reference lines: BPNN—validation set = 178.54; BPNN—training set
= 124.56.

3 Comparison of Optimization Effects
3.1 Comparison of Model Performance Metrics

Based on the above hyperparameter optimization results and the recommended
initial population sizes, the error metrics of the standard BPNN model and the
BPNN models optimized by four heuristic algorithms on the training set and
validation set were calculated, respectively. The calculation results are shown
in Table 3.

As shown in Fig. 9(a), compared with the BPNN model, the GA-BPNN model
reduced the training-set egygp by 58.03%, eyap by 56.07%, and eyapr by
59.02%, while increasing the goodness of fit R? to 0.9992; for the validation
set, epusy decreased by 36.74%, eyag by 42.27%, and ey pg by 43.99%, while
the goodness of fit R? increased to 0.9959. The optimization performance of
the GA-BPNN model depends to a large extent on the degree of exploration of
the global solution space, which helps avoid local minima and thereby better
optimize the weights and thresholds.

Table 3 Characteristic parameters of multiple machine-learning mod-
els for predicting axial compression bearing capacity

Tab. 3 Characteristic parameters for multiple machine learning mod-
els for predicting axial compression bearing capacity

TrainiflgainidgainifiifainilalidaMalidaMelidaMalidatiest Test Test Test
Algorithtn  set set set set set set set set set set set

2 2 2
modekpyispevar 7 EmaprdMseeMar I EMaPEIRMSEEMAE I emapr/ %

BPNN24.5660.8070.975 1.98 178.5424.6120.972 2.12 187.3731.8750.973 1.90
RF 516.78842.520.917 7.02 567.11254.308.897 7.93 545.259260.57@.885 8.32
KNN86.33468.6170.970 2.46 302.46131.776.941 3.48 193.03310.056.946 2.84
SVR 442.46226.560.939 5.49 459.84835.788.930 6.44 436.42944.610.926 7.16
RBFNK78352.0750.998 1.65 181.7420.0490.989 1.86 265.42221.346.973 2.78

chinarxiv.org/items/chinaxiv-202606.00175 Machine Translation


https://chinarxiv.org/items/chinaxiv-202606.00175

ChinaRxiv [$X]

TrainiflainifdgainifiiFainilalidaMalidaMalidaMalidatiest Test Test Test
Algorithitn  set set set set set set set set set set set

2 2 2
modekgyspénmar B EMAPEIRMSEEMAE I EMAPEIRMSEEMAE I emapr/%

GA- 51.15226.7100.999 0.81 112.9373.0950.996 1.19 127.9124.5440.991 1.09
BPNN
PSO-53.55226.6810.999 0.82 81.64938.9230.998 1.18 147.58A7.8320.994 1.12
BPNN
SA- 73.96234.8600.998 1.18 87.89142.1280.998 1.57 100.5983.7680.996 1.13
BPNN
ACO-56.93326.8130.999 0.81 83.85639.9470.998 1.26 117.1508.2870.996 1.11
BPNN

As shown in Fig. 9(b), compared with the BPNN model, the PSO-BPNN model
reduced the training-set eppgp by 57.01%, epap by 56.12%, and eyapgp by
58.67%, while increasing the goodness of fit R? to 0.9991; for the validation
set, epmsy decreased by 54.27%, eyiag by 47.83%, and ey pg by 44.22%, while
the goodness of fit R? increased to 0.9979. The optimization performance of
the PSO-BPNN model depends on parameters such as particle swarm positions
and inertia weights. By preventing the model from prematurely converging to
a suboptimal solution, the overall performance of the model on the training set
and validation set is improved.

As shown in Fig. 9(c), compared with the BPNN model, the SA-BPNN model
reduced the training-set egygp by 40.62%, eyap by 42.67%, and eyapr by
40.47%, while increasing the goodness of fit R? to 0.9983; for the validation set,
erpmsk decreased by 50.77%, eyag by 43.54%, and ey ppr by 25.89%, while the
goodness of fit R? increased to 0.9975. The optimization performance of the
SA-BPNN model stems from its ability to accept poorer solutions to avoid the
algorithm falling into local minima, which is beneficial for selecting solutions
after the initial iterations. However, when the search space for solutions is
large, compared with algorithms such as GA and PSO, the SA-BPNN model
converges relatively slowly, which limits the optimization efficiency of the model.
At the same time, the choice of cooling schedule and initial temperature has an
important influence on model convergence; therefore, its optimization effect is
relatively poor.

As shown in Fig. 9(d), compared with the BPNN model, the ACO-BPNN
model reduced the training-set epygp by 54.29%, eyag by 55.91%, and eyapp
by 59.38%, while increasing the goodness of fit R? to 0.9990; for the validation
set, egmsy decreased by 53.03%, eyiap by 46.46%, and eypppp by 40.74%, while
the goodness of fit R? increased to 0.9977. The ACO-BPNN model searches
for and reinforces the selection probability of the optimal path through an it-
erative process. However, owing to the pheromone-updating mechanism, ACO
converges more slowly than optimization algorithms such as GA and PSO, and
parameters such as pheromone evaporation rate and transition probability affect
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the convergence speed of the model.

From the error analysis of the training set and validation set, it can be seen
that heuristic optimization algorithms can improve the learning performance
of the BPNN model on the training set and reduce the prediction error on
the validation set. Because the validation-set error is introduced into heuristic
algorithms as the fitness function for optimization, new data must be used to
test the optimized network. Therefore, 200 new sample data points were selected
to test the final optimized models, as shown in Table 3.

Fig. 9. Distribution of predicted bearing capacity and measured
bearing capacity obtained by GA-, PSO-, SA-, and ACO-optimized
BPNN models

¢ Common axes:

— Vertical axis: axial compressive bearing capacity (predicted value) /
(10 kN)

— Horizontal axis: axial compressive bearing capacity (measured value)
/ (103 kN)

— Reference lines: y =z, y = 2 + 10%, y = = + 20%

« (a) GA-BPNN optimization results (training set and validation
set)
Legend: GA-BPNN—training set; GA-BPNN—validation set.
Training set: R2 = 09992, ERMSE — 5115, EMAE — 2671, EMAPE —
0.81%.
Validation set: R% = 0.9959, epyse = 112.94, eyap = 43.09, eyapr =
1.19%.

« (b) PSO-BPNN optimization results (training set and validation
set)
Legend: PSO-BPNN-—training set; PSO-BPNN—validation set.
Training set: R? = 0.9991, eppsg = 93.55, eparp = 26.68, eyapr =
0.82%.
Validation set: R? = 0.9979, egyse = 81.65, eyarp = 38.92, eyapr =
1.18%.

¢ (c) SA-BPNN optimization results (training set and validation
set)
Legend: SA-BPNN—training set; SA-BPNN—validation set.
Training set: R2 = 09983, ERMSE — 7396, EMAE — 3486, EMAPE —

1.18%.
Validation set: R2 = 09975, ERMSE — 8789, EMAE — 4213, EMAPE —
1.57%.

e (d) ACO-BPNN optimization results (training set and validation
set)
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Legend: ACO-BPNN—training set; ACO-BPNN—validation set.

Training set: R? = 0.9990, egyse = 56.93, eyap = 26.81, eyape =
0.81%.

Validation set: R? = 0.9977, egyse = 83.86, eyarp = 39.95, epape =
1.26%.

Among them, for the GA-BPNN model, the test-set error indices epyses EMmars
and ey ppg decreased by 31.73%, 38.03%, and 42.63%, respectively, and the
goodness of fit R? increased to 0.991. For the PSO-BPNN model, the test-
set error indices egpgrs Envan, and eyapp decreased by 21.24%, 33.45%, and
41.05%, respectively, and the goodness of fit R? increased to 0.994. For the SA-
BPNN model, the test-set error indices erysy, Emag, and eyapg decreased by
46.31%, 39.11%, and 40.53%, respectively, and the goodness of fit R? increased
to 0.996. For the ACO-BPNN model, the test-set error indices epyses EMARS
and ey app decreased by 37.48%, 32.82%, and 41.58%, respectively, and the
goodness of fit R? increased to 0.996.

In summary, the BPNN models optimized using algorithms such as GA, PSO,
SA, and ACO not only exhibit high fitting accuracy for the original sample
data in the training set, but also maintain good validation performance on
the validation set, and achieve relatively high prediction accuracy on the final
test set. The global and local optimization strategies of the heuristic algorithms
are evaluated through the validation-set error, effectively improving the learning
efficiency of the BPNN model for the training samples. This strategy clarifies the
direction for reducing the errors of the training set and validation set, ensures
the prediction accuracy of the final model, and reduces the risk of network
overfitting and underfitting.

3.2 Comparison with Other Machine Learning Methods

To comparatively analyze the advantages of the BPNN models optimized by
the four heuristic algorithms over other classical machine learning algorithms,
four classical machine learning algorithms were selected: random forest (RF),
K-nearest neighbors (KNN), support vector regression (SVR), and radial ba-
sis function neural network (RBFNN). The same training set, validation set,
and test set described above were used to evaluate the learning and prediction
performance of the various algorithms. The results of the feature calculation
parameters are shown in Table 3.

As shown in Fig. 10, among the four classical machine learning algorithms, the
random forest (RF) algorithm yields the largest prediction errors for the training
set, validation set, and test set, followed by the support vector regression (SVR)
algorithm. Compared with the above two algorithms, the K-nearest neighbors
(KNN) algorithm shows reduced prediction errors, while the prediction errors of
the radial basis function neural network (RBFNN) algorithm are close to those
of the standard BPNN algorithm. In summary, compared with common machine
learning algorithms, the error indices (epysg, B2, emapEs Emag) Obtained by the
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proposed prediction model are superior for the training set, validation set, and
test set.

Fig. 10 Column charts of the error metrics of different machine-learning models
(a) RMSE; (b) MAE; (c) R?; (d) MAPE

Legend: training set; validation set; test set.

Horizontal axis: prediction model.

4 Comparison of Code-Calculation Results

Existing bearing-capacity calculation methods usually use the calculation for-
mulas for straight CFDST members and adopt the dimensional parameters of
the top cross section of the conical member to approximately calculate the axial-
compression bearing capacity of TCFDST members. The formulas commonly
used at present for calculating the axial-compression bearing capacity of CFDST
include: ACI 318—19 code [45], AISC 360—22 code [46], EC4 code [47], T/CCES
7—2020 code [48], and GB 50936—2014 code [49], among others. The specific
expressions of the code formulas are shown in Eqgs. (3)-(11), and Table 4 gives
the predictive performance of five code formulas and four optimized models.

Nu,ACI = fsyoAso + O85chc + fsyiAsi (7)
Np
Np — Ny 2
Nuaso =9 N = =5z = A)" F fands ®)
r p
fcrAso + 070chc + fsyiAsi
tofsyo

Nu,EC4 =1+ Me D f chc + 1, (fsyoAso + fsyiAsi) (9)
Nu,T/CCES = fscy (Aso + Asc) + fsyiAsi (10)
Nu,GB = fscAsc + fsyiAsi (11)

Table 4 Comparison of evaluation metrics between design codes and heuristic-
algorithm-optimized BPNN models

COdE/mOdel ERMSE EMAE R2 €MAPE/
ACI 318— 1 161.105 997.702 0.479 18.17
19

AISC 360 1 340.139 1 158.649 0.307 19.95
—22
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Code/model ERMSE EMAE R? eMAPE/
EC4 608.397 540.668 0.857 11.39
T/CCES 7 473.692 366.799 0.913 7.10
—2020
GB 50936 1 204.306 1071.743 0.440 19.17
—2014
BPNN 187.373 71.875 0.973 1.90
GA- 127.912 44.544 0.991 1.09
BPNN
PSO- 147.580 47.832 0.994 1.12
BPNN
SA-BPNN 100.595 43.768 0.996 1.13
ACO- 117.150 48.287 0.996 1.11
BPNN

As shown in Fig. 11(a), the modified ACI 318—19 code formula treats the axial-
compression bearing capacity of the member as the outer steel tube, inner steel
tube, and sandwich concrete

contributing axial compressive bearing capacities, and, at the same time, uses a
reduction factor to calculate the axial compressive bearing capacity contributed
by the core concrete in a conservative manner; therefore, the calculated bearing
capacity of the test set is lower than the measured value.

As shown in Fig. 11(b), the modified AISC 360—22 code formula treats the axial
compressive bearing capacity of the member as the superposition of two parts:
the inner steel tube and the outer steel tube-sandwich concrete. The super-
posed value obtained after applying reduction factors to the bearing capacities
contributed separately by the outer steel tube and the sandwich concrete is
taken as the bearing capacity of the composite section, and the confinement
effect of the outer steel tube is considered only when calculating the buckling
bearing capacity of the composite section. Therefore, the calculated bearing
capacity of the test set is lower than the measured value.

As shown in Fig. 11(c), the modified EC4 code treats the axial compressive
bearing capacity of the member as the superposition of the bearing capacities
contributed by the sandwich concrete and by the outer steel tube-inner steel
tube. It also considers the strength reduction effect of the outer steel tube-inner
steel tube under composite loading and the strength enhancement effect of the
sandwich concrete; therefore, the errors in the calculated bearing capacity of
the test set are generally less than 20%.

As shown in Fig. 11(d), the T/CCES 7—2020 code treats the axial compressive
bearing capacity as the superposition of the axial compressive bearing capacity
contributed by the outer steel tube-sandwich concrete composite section and
that contributed by the inner steel tube. Through parameters such as the steel
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ratio of the section, the nominal steel ratio, and the confinement coefficient, it
accounts for the enhancement effect of the outer steel tube confinement on the
strength of the sandwich concrete; therefore, the errors in the calculated bearing
capacity of the test set are generally less than 20%.

As shown in Fig. 11(e), the modified GB 50936—2014 code treats the axial com-
pressive bearing capacity as the superposition of the axial compressive bearing
capacity contributed by the outer steel tube-sandwich concrete composite sec-
tion and that contributed by the inner steel tube. The axial compressive bearing
capacity of the composite section is calculated as the product of the composite
compressive strength of the section and the converted section area; therefore,
the errors in the calculated bearing capacity of the test set are generally smaller
than the predicted values.

As shown in Fig. 11(f)-Fig. 11(i) and Fig. 12, the predicted axial compressive
bearing capacities obtained from the four BPNN models optimized by heuris-
tic algorithms have higher fitting accuracy than those obtained from the code
formulas. Moreover, compared with the BPNN model, their prediction perfor-
mance on both the training set and the test set is improved to a considerable
extent, and all error indices are better.

Fig. 11 Graph of predicted-actual bearing capacity relationships obtained from
specifications and heuristic-algorithm-optimized BPNN models

Subfigures:
(a) ACI 318—19; (b) AISC 360—22; (c) EC4; (d) T/CCES 7—2020; (e) GB 50936
—2014; (f) GA-BPNN; (g) PSO-BPNN; (h) SA-BPNN; (i) ACO-BPNN.

Axes in each subfigure: horizontal axis, axial compressive bearing capacity (ob-
served value)/kN; vertical axis, axial compressive bearing capacity (predicted
value) /kN. Reference lines: y = z, y = = + 10%, and y = = + 20%.

Fig. 12 Residual plots of the training and testing sets for the BPNN model
optimized by multiple heuristic algorithms

¢ (a) Residual plot for the GA-BPNN training and testing sets. Leg-
ends: BPNN—training set; GA-BPNN—training set; BPNN—testing
set; GA-BPNN—testing set. Axes: residual/kN; number of samples.

e (b) Residual plot for the PSO-BPNN training and testing sets. Legends:
BPNN—training set; PSO-BPNN—training set; BPNN—testing set;
PSO-BPNN—testing set. Axes: residual/kN; number of samples.

e (c¢) Residual plot for the SA-BPNN training and testing sets. Legends:
BPNN—training set; SA-BPNN—training set; BPNN—testing set; SA-
BPNN-—testing set. Axes: residual/kN; number of samples.

¢ (d) Residual plot for the ACO-BPNN training and testing sets. Legends:

BPNN—training set; ACO-BPNN—training set; BPNN—testing set;
ACO-BPNN—testing set. Axes: residual/kN; number of samples.
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5 Prediction Model Parametric Analysis

Because machine-learning algorithms construct complex implicit nonlinear map-
ping relationships between input and output parameters, it is not possible to
intuitively analyze the variable-bearing-capacity relationships established by
the prediction models. Therefore, an interpolation method was used to establish
test sets with a single variable as the control parameter, and the single-variable-
bearing-capacity variation curves were plotted according to the prediction mod-
els.

As shown in Fig. 13(a), when the hollow ratio of the bottom section is kept
unchanged, increasing the bottom-section diameter of the outer steel tube, D,
causes the axial compressive bearing capacity of the test samples to exhibit
an increasing trend. This is because the increase in the bottom diameter of
the member reduces the slenderness ratio and enlarges the effective compressed
cross-section. The four prediction models fit well with the increasing trend
of the member bearing capacity. The code formula conservatively calculates
the bearing capacity of the member using the minimum cross-section at the top,
and corrects the calculated length of the member through the taper formula. As
the bottom diameter increases, the calculated length of the member decreases;
consequently, the predicted bearing capacity increases with increasing D .

As shown in Fig. 13(b), when the hollow ratio of the top section of the member
is kept unchanged, increasing the top-section diameter of the outer steel tube,
D,,, causes the axial compressive bearing capacity of the test samples to exhibit
an increasing trend. This is because the enlargement of the effective compressed
cross-section of the member plays a dominant role in influencing the member
bearing capacity. The four prediction models and the code formula all show an
increasing trend.

As shown in Figs. 13(c) and 13(d), when the taper of the member is kept
unchanged, increasing the bottom diameter of the inner steel tube, D;,, or the
top diameter of the inner steel tube, D;,, causes the axial compressive load of
the test samples to exhibit a decreasing trend. This is because the hollow ratio
of the member section increases as the diameter of the inner steel tube (top or
bottom) increases, reducing the effective compressed area of the member. The
four prediction models and the code formula reflect the same decreasing trend.

As shown in Figs. 13(e) and 13(f), when the wall thickness of the outer steel
tube, t,, or the wall thickness of the inner steel tube, ¢;, is increased, the axial
compressive bearing capacity of the test samples exhibits an increasing trend.
This is because the effective compressed area of the outer (inner) steel tube
increases and its confining effect on the sandwiched concrete is strengthened.

The four prediction models and the code formula all show an increasing trend.

As shown in Fig. 13(g), as the height of the member increases, the axial com-
pressive bearing capacity of the test samples continuously decreases. This is
because the slenderness ratio of the member increases with height, the stabil-
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ity coefficient of the member decreases, and the bearing capacity is reduced.
The four prediction models and the code formula all reflect the same decreasing
trend.

Fig. 13 Parameter analysis of the BPNN model optimized by multiple heuristic
algorithms

Fig.

13 Parameter study of multiple heuristic algorithms optimizing BPNN

model

Visible plot annotations:

(a) Outer steel tube bottom diameter-axial compressive capacity
(simulation)

x-axis: D,y /mm; y-axis: axial load/kN.

D, = 360 mm, ¢, = 3.00 mm, fy,, = 420.00 MPa;

D, =110 mm, ¢; = 3.00 mm, fy,; = 420.00 MPa;

H = 1500 mm, f, =42.07 MPa.

(b) Outer steel tube top diameter-axial compressive capacity [18]
x-axis: D, /mm; y-axis: axial load/kN.

D,, = 350 mm, ¢, = 3.82 mm, £, , = 439.30 MPa;

Dy, = 231 mm, t; = 2.92 mm, f,,; = 396.50 MPa;

H =1050 mm, f, =44.39 MPa.

(c) Inner steel tube bottom diameter-axial compressive capacity
24]

x-axis: Dy, /mm; y-axis: axial load/kN.

D, = 158.00 mm, t, = 1.50 mm, fy,, = 308.00 MPa;

D, = 158.00 mm, ¢; = 1.50 mm, fy,; = 308.00 MPa;

H =450 mm, f, = 18.70 MPa.

(d) Inner steel tube top diameter-axial compressive capacity sim-
ulation

z-axis: Dy /mm; y-axis: axial load/kN.

D, = 360 mm, ¢, = 3.00 mm, f,,, = 420.00 MPa;

D, =360 mm, ¢, = 3.00 mm, f,,; =420.00 MPa;

H =1000 mm, f, =42.07 MPa.

(e) Outer steel tube thickness-axial compressive capacity [32]
z-axis: t,/mm; y-axis: axial load/kN.

Dy, = 114.30 mm, D,, = 114.30 mm, f,,, = 438 MPa;

Dy, = 48.30 mm, Dy, = 48.30 mm, f,,; = 425 MPa;

t, =2.90 mm, H =400 mm, f, = 63.40 MPa.

(f) Inner steel tube thickness-axial compressive capacity [26]
z-axis: t;/mm; y-axis: axial load/kN.

Dy, = 114.30 mm, D,, = 114.30 mm, f,,, = 455 MPa;

Dy, = 60.30 mm, Dy, = 60.30 mm, f,,; = 353 MPa;

t, =5.85 mm, H = 345 mm, f, = 38.34 MPa.
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e (g) Specimen height-axial compressive capacity [30]
x-axis: H/mm; y-axis: axial load/kN.
D, =139.20 mm, D, = 139.20 mm, f,, = 418 MPa;
Dy, = 76.00 mm, Dy, = 76.00 mm, f,; — 324 MPa;
t, = 3.00 mm, ¢, = 3.00 mm, f, = 27.72 MPa.

o (h) Sandwich concrete strength-axial compressive capacity (sim-
ulation)
x-axis: f,/MPa; y-axis: axial load/kN.
D, = 386.67 mm, D, = 360.00 mm, fy,, = 355 MPa;
Dy, = 311.67 mm, D;; = 285.00 mm, f,; = 355 MPa;
t, = 3.00 mm, ¢; = 3.00 mm, A = 1000 mm.

Legend: GA-BPNN; PSO-BPNN; SA-BPNN; ACO-BPNN; ACI 318—19; AISC
360—22; EC4; T/CCES 7—2020; GB 50936—2014; TEST.

As shown in Fig. 13(h), as the strength of the sandwich concrete increases,
the axial compressive capacity of the test specimens increases. This is because
the increase in the sectional strength of the composite member raises the load-
bearing capacity of the member. When the strength of the sandwich concrete
continues to increase, however, the confining effect of the outer steel tube on
it decreases, causing the increase in load-bearing capacity to gradually dimin-
ish. The four prediction models and the code formulas all agree well with the
variation trend of the member capacity.

6 Conclusion

Based on the standard BP neural network model, heuristic algorithms were
introduced to perform global and local optimization of the initial weights and
thresholds of the BPNN. A BPNN prediction model for the axial compressive
capacity of TCFDST members optimized by heuristic algorithms was proposed,
and the following conclusions were obtained.

1) The established database takes member dimensions—including the bottom
diameter of the outer steel tube, top diameter of the outer steel tube, wall
thickness of the outer steel tube, bottom diameter of the inner steel tube,
top diameter of the inner steel tube, wall thickness of the inner steel tube,
and member length—and material strengths—including concrete strength,
yield strength of the outer steel tube, and yield strength of the inner
steel tube—as input parameters, with the axial compressive capacity of
the member as the output variable.

2) The BPNN axial-compressive bearing-capacity prediction model opti-
mized using four heuristic algorithms has smaller errors than machine-
learning algorithms such as BPNN, RF, KNN, SVR, and RBFNN in all
error indicators on the training set, validation set, and test set; after
model optimization, the fitting performance on the test set is improved.

3) Compared with the code-based formulas, the BPNN prediction models
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optimized by the four heuristic algorithms all show good accuracy in pre-
dicting axial-compressive bearing capacity on the training set, validation
set, and test set: the goodness of fit is greater than 0.99, and the mean
absolute percentage error is less than 2%.

4) The parametric analysis shows that the prediction model can effectively
capture the variation pattern between the input variables and the
axial-compressive bearing capacity. Compared with the axial-compressive
bearing-capacity formulas proposed in the various codes, the bearing-
capacity development curves of the prediction model under the key
parameters have higher accuracy.
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