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Abstract: The elastic buckling critical load is a crucial indicator for accurately assessing the load-bearing ca-
pacity of cold-formed steel components. The artificial neural networks were used to predict the buckling loads
on cold-formed flanged steel columns, with geometric parameters and finite strip method results as the dataset.
Six optimization algorithms based on the optimization theory were applied to train the networks, with their per-
formances compared. Optimal hyperparameters were determined through random grid search. Three statistical
parameters were used to evaluate the networks’ post-training performances. The Levenberg-Marquardt ( L-M)
algorithm demonstrates higher accuracy in nonlinear least squares problems, significantly reducing prediction

errors after multiple trainings, and outperforming other algorithms.
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Table 1 Ranges of sectional dimensions of cold-formed lipped channel steels (unit: mm)

component min max
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Table 2 Runtime lengths of various training algorithms

training algorithm average time/s ratio min time/s max time/s
GDX 1.29 1.00 1.16 1.41
GDM 3.93 3.05 0.32 4.18
GD 4.13 3.21 4.10 4.19
SCG 9.36 7.27 7.81 37.75
BFG 24.80 19.26 16.93 167.68

L-M 132.10 102.62 110.54 135.84
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Table 3 Validation set errors for various training algorithms

training algorithm average MSE ratio min MSE max MSE
L-M 2.01E4 1.00 1.67E4 2.56E4
BFG 4.48E4 2.16 3.89E4 5.74E4
SCG 5.69E4 2.74 4.95E4 6.74E4
GDX 8.73E3 42.10 6.20E3 1.30E2
GD 8.67E2 417.85 6.92E2 1.16E1
GDM 8.99E2 433.52 5.09E2 2.02E1

FRE 2.3 Pt L-M SCG 1 BFG 3 Fll 51k SCG . BFG Fl L-M fiz K epoch A 5 000, HoAth % 2%
SHURFEAZE  FBIZER 20 I AE AT AR LT (3R 4) , W LIAS 2] L-M B3E AR ZRI 75 22 (0 725 ) [i]
LZ T BFG H1 SCG SR H NN T YNZRA  H N 5 o] LIASH, XA S L-M 7E5aur4E LR El 1 &
K & — 30, P MSE 5%, SO HA PR 7L 19 0.57 £5.

HARERE RIS, B SCG A1 BFG U8 K epoch 134 5 000, 1 FH 5L 1 B X AP I 2Rk #0A
REHIIEREA epoch, ULHH SCG \BFG #H I T i LA I A. L-M BILBEIE2 1728 1K epoch (L3 6)
WA R EW R A IS, e S B AL AP RE , X A ZE R B R A I Zibr, L-M Sk RS it — 25 e b L
OO AER B R I e A R R AL N 2R T80 L-M, X pi 28 X 48 R A TR AL T 2.
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Table 4 Comparison of training durations between BFG and SCG algorithms

training algorithm average time/s ratio min time/s max time/s
BFG 40.23 1.00 22.46 64.90
SCG 45.27 1.13 19.40 208.06
L-M 363.35 9.03 107.76 1 359.262

&5 BFG Ml SCG $iESE MSE XJ [t
Table 5 Comparison of validation set MSE between BFG and SCG algorithms

training algorithm average MSE ratio min MSE max MSE
BFG 3.40E4 1.00 2.40E4 8.6E4
SCG 3.40E4 1.00 2.70E4 4.5E4
L-M 1.95E4 0.57 1.68E4 2.33E4

# 6 BFG Ml SCG epoch Xt
Table 6 Comparison of epochs between BFG and SCG algorithms

training algorithm average epoch ratio min epoch max epoch
BFG 1191.90 1.00 657 1957
SCG 2 358.55 1.98 1247 4185
L-M 1 344.75 1.13 394 5 000
42 L-MEx
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S IY 25%. 09 1 B Ik 4, ISR IIESE A9 MSE 4% 6 Yk , W45 111 2. — 4 epoch f345
JIFAG A A3 3k IO 4% 114 5 B T ) RS 11154 , 586K epoch B35 47 1 000,807 PR BCTE Bt 243 1 tanh BRUER, T B
o 2 U2 P purelin PR o 2 ORI B0 ol 00 SIF £ 1k BE 1k B e A A0 B 80, X S B Bl 45 1 AR 1Y)
LS.

B 6 25 T3 ok BE AL RS 48 2R A5 H 1A [ 2 50 5 %o i 28 I 45 I s R 1 s i), FLAAR SRR 328 £ 7 i



138 A R~ G SO | ) = 2025 4 5 46 &

] H MSE PIASERERR bR _L 1T LA M B 28 100 246 rpodf 2o e 384 I, A58 ) MSE 222 BT T2 T e )
e R T UM AR A4 B 5 G RIS AR BB TR B M 3 S e T SR TR R BE BT A AN
AU ot ZUGEA N ZRASRIE , /MK MSE 4 8.56x 107, X B Y e L i S MU~ > < 0.001 , Bk
JERZITTAEON 124 IR 21 572.6 s IXAUESEAE SRR LRI T R Ep0rERE , BN 2 i
USRSV NG S8

7% FE B BEH LA b AT R (i Ao 2 ) 45 11 v e ok 1) SR BR Al 8 A A R T e L S B B 2
DRI G5 10 2 S iy AT By 190 R BB HILA9D &y 26 1 100 75 ) 1 BE 90 380, DA T i A3 B DAy T 5 ) 190 2% 1 RE A
i 3 AR R B R o SRR SN Zhad B, T AP R B AR RO BB A 3R X4 o 1 M 22 [ A4 A8 1) Tt A2,
FEPEFNZALRE

3.5x10" : : : : : : :
—®— learning rate is 0.1 —®— learning rate is 0.1
—#— learning rate is 0.01 4| —*%— learning rate is 0.01
—#— learning rate is 0.001 210 F —m— learning rate is 0.001
4 learning rate is 0.000 1 learning rate is 0.000 1
2.5x10 ]

O yise
/s

By 1x10°t 47
1.5%10°t ] A

[/
r/
3 = -
TR Y g me s al'y

40 80 120 0 40 80 120
number of neurons number of neurons

5x10°
0

B 6 MSE Fl 5 Bl i 22 oo A0 AR 1k
Fig. 6 MSE and computation time changes with the number of neurons
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Fig. 7 Comparison between neural network model predictions and CUFSM calculation results
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Fig. 8 Comparison of MAPE values between the GPU-accelerated SCG algorithm and the non-GPU-accelerated L-M algorithm
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