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(extreme learning machine, ELM) Bk IR 1 A4 22 R 4% (back propagation neural network, BPNN) i
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Bearing capacity prediction of SPRC coupling beams with small
span-to-height ratio based on machine learning method
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Abstract: In order to predict the bearing capacity of steel plate-concrete reinforced composite (SPRC) coupling
beams more conveniently. In this paper, it is of great significance to study the bearing capacity prediction model of
SPRC coupling beams by machine learning (ML) method. Firstly, the SPRC coupling beam database is established
by collecting the existing experimental data. On this basis, six ML algorithms, including extreme learning machine
(ELM ) algorithm, back propagation neural network ( BPNN) algorithm, support vector machine ( SVM )
algorithm, K-nearest neighbor ( KNN) algorithm, random forest ( RF) algorithm and extreme gradient boosting
(XGBoost) algorithm were used for data regression training. Through the comparative analysis of model performance
indicators, it is found that the prediction model based on XGBoost algorithm has the best robustness and
generalization ability. Compared with the softened strut-and-tie model (SSTM) , it has higher calculation accuracy

and stability. A high-precision SPRC coupling beam bearing capacity prediction model based on ML method is
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proposed. In addition, the sensitivity analysis of the parameters affecting the bearing capacity of SPRC coupling
beams is also carried out. The results show that the influence degree of each characteristic parameter on the bearing
capacity of SPRC coupling beams is in descending order as follows: steel plate ratio (p,), coupling beam section
height (h) , coupling beam section width (b) , span-depth ratio ([, /h) ,stirrup yield strength (f ), longitudinal
reinforcement ratio (p, ) ,longitudinal reinforcement yield strength (f, ) ,stirrup ratio (p,) ,steel plate yield strength
(f,y) ,concrete compressive strength (f,,).

Key words: small span-depth ratio; SPRC coupling beam; machine learning; robustness; bearing

capacity prediction
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FRSEHT, IR BE 1 5 5R 1042 UM VR LR A 2% R A AE — o 25 57, SCPR A B0 T 5 41 5 e A
BEF) SPRC & 32 R 38 TH R BABMERE . IR FHPL#%2% 2 (machine learning, ML) B J57: %} SPRC
2GR T R ) AR 5T B B R E

VAR | 1 TIHEALE SR TE, AN T8 fiE (artificial intelligence, AT) 5 KEHE 34T 0 A5 2 1 80P Ay
R, ML J7 i N TR BER— N33, F Tl e g 2870 7 S SR SEXE R, 78 + R TR G A5 3 1
B Sz J A, ) PR AR B3 2 20 5 7 5 R A B W0 g 17 PR 20 R P B2 0 O ik e 4540 AR AR 1B
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Xof A B A TR O 8 D IR B s AT T IR AR 2R A B b BE T XGBoost 1943 SRR HA fi s 1 T
RERE  TOAG B2 553k 97% . MA FEUOMl T 6 Fi ML S0k ey 1 B TR+ TR (0 B R 4 ) A A e v
T XGBoost MHLBT AR S AL LB B r ML RE . WANG 251 ffi 1] 8 Fft ML S35 HE N7 T Wi £F 4k 3
F 24 (carbon fiber reinforced polymer, CFRP ) fIl [& A4 50/ TR R - AL AR 48 ) TUIAR A L5 1ok EFE Fp %ot
[t , 3T XGBoost 332 (14 T AR AR ELA S 1) 0000 1 B, TR RAR(R) ik 0.985 0,

BT ML 57 R TR 2 0 T A SCE R 6 F ML 556k 446 4 Fbs— Sk R0 2 A oy
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1.1 ML &ZENE

SCHR A R 4 b B — B AU 5 B BR 2% 2 AL ( extreme learning machine, ELM ) 8%k R i) f£4% wh
2% (back propagation neural network , BPNN ) 44 k! 37 % [ £ 4L ( support vector machine, SVM ) %
7 KT ( K-nearest neighbor, KNN) 591570 1 2 Fh4E 5l 8 A0 45 . FEAL AR AK (random forest, RF ) 4.
11207220 T A i b B 4R T (extreme gradient boosting, XGBoost ) 23 2 XF A /NES L H SPRC i 28 HEA T
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Fig. 1 Schematic diagram of ML algorithm
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Table 1~ Optimal hyperparameter setting of ML model

R3] WS e e R SSi] WS HfE
ELM hidden_layers 20 KNN n_neighbors 3
activate_model sig weights uniform
BPNN hidden_layers 5 RF n_estimators 500
max_iteration 1000 Max_features 5
learning_rate 0.100 Min_samples_leaf 5
SVM C 20 XGBoost n_estimators 300
kernal RBF Max_depth 1
gamma 0.1 Learning_rate 0.100

1.2 EEEEITMIER

AT SE AT TS [ ML AR B ) F5000 1 RE , SR FH B2 R (R?) (X 7 MRAR 22 (root mean square error,
RMSE) 48 %§ 1% 2% ( mean absolute error, MAE ) F1-F 3445 X H 43 H 1% 2% ( mean absolute percentage error,
MAPE)4 bR, TR
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1 n
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1) Bl SPRC ERE L (L, /h) SN 0.9~2.5,

2) BB AR SPRC 7% 4189 R 1 (g ma B, o bl 5 TR EE + Z M B 2 — 1 R &R
TEC A BRI F SEP4 FIR A SFP6 SR FH W 34 12 A A ot TUHE A A 4 7 fin [, Hofth SPRC 3% 23
o FEBRR PR R B 4T, LIRS T A S TR R 1 =22 1] A P )

3) Hdi E g SPRC i G2 0 A H SRR TR R B 455 1, b R b SRR

M R bRife | SRR ZE L E T 48 LA SPRC &R IR 27 eah, b T oM I BdE 1A
S, AR SR g6 PRCB-21) Sy 3AE i i S0, SHES7 T 12 A BROGER  BEAKE 3L 60 41,
HA1709% HFINASERL, 30% FFIRAEA , R4 a5 112 AL AR T, DI 248 R AR REAR S5 R FH A L 5

2 45 TS 30T SPRC ¥ RIS B IBUE R L, o A R b 4350028 SPRC 34 B2 A 8 1A a1 B R 58
5 1,/h N SPRC RS T Wsp, | p, Fl p, 4351 SPRC 4 52 (AR BC MR 3 | A5 A5 2 A0 40 90 P 4 5

S T A 53 500 R RS et e B A A3 et I e 3 0 G A5 St A B2 5 e Sl SPRC. 3 R4 5 O3 A IR Bk 15 Ty
PR SR EE AL 150 mm x 150 mm % 150 mm FRUES TR PUESRE (£) o
F 2 SPRC ERSHEVETEE
Table 2 Value range of SPRC coupling beam parameters

B b/mm  h/mm 1,/h fu/MPa  f./MPa f,/MPa f, /MPa  p/% p/ % p,/% V/KN  n
BT 160 320 1.5 41.18~69.30 440 343 358 0.86 0.63 4.42 352~471 2
WFFs 160 320 1.0~2.5 62.5~81.25 440 343 358 1.31~2.67 0.63~1.05 2.76~5.53 346~572 12
SUBEDI 413! 182 300 2.4 41.8~49.8 332~338 0 295~325 1.78~2.78 0 3.42~478 200~222 2
CHENG'™® 150 300 1.30~2.20 42.40~61.00 462~500 0 200~270 0 245~3.22 4.92~12.43 310~711 16
LAW!>? 120 600 1.20 51.20 549 426 311 0.67 0.23 2.39 474 1
SUEN'®! 150 300 1.00~2.00 37.00~52.90 467~536 0~443 241~353 0~0.75 1.61 2.46~3.69 290~405 8
TIAN 4134 160~180 320~350 0.90~2.00 34.90~69.30 435~463 318~343 235~370 0.56~0.63 0.85~1.79 3.07~5.11 454~657 6
HOU Z!2-2.%! 160 400 1.00~2.50 40.00~50.80 445~472 412~523 305~367 0.63 0.88 3.62~6.03 362~796 8
DENG"" 120 400 1.50~2.50 55.30~61.50 427 405 248 0.56 1.12~2.23 4.21 377~455 4
ZHANG 150 300 2.50 42.30 381 308 345 0.56 1.99 1.63 198 1
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g.2  Pearson correlation coefficient of characteristic parameters
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B3 ML EEHNLE R
Fig.3 Comparison of ML model prediction results

3.2 ML #EE T BE b

&l 4 T — ML B35 A T8 i ML B0 O A A0 ) PR BB Xl LU 18], 755 — ML 5% BPNN
TR R FD SVM AR AL 1Y) RMSE #411IK T 46 kN, MAE ik T 38 kN, MAPE {XF10%, $Rifi , KNN 51 R
{4 0.76 ,MAPE 4 14.23% , J2& 5i— ML RV TINRE BE fe AR A AREAL AN, Ry 1 56 UE I 2455 0 A T D00 250
B (RS P FNZ AL BE T, 6 2B AEHEA T T BEMLTIIN , 25 SR 3R B, T SVM il il 453 284 7 000 KS 5 o i, 5
Al L — B T ASE AR AR L, LA () B2 PR T4 e /N R AR R S AR RL ) XGBoost Al RF il
AR RMSE {H5351°8 27.96 .40.87 kN, MAE {64354 23.53.31.19 kN, MAPE {H435°4 5.63% .7.47%,
3 4 T HEA ML R PEREFEAR TR, Horp 3T XGBoost 1) T ASE 7Y LA H57 = 114 TOUIURS FEE R 45 5 114
FEME, MLZT, EREE T RF SO A, P RE I WAL T2 T30 — 5051 SVM Tt A A |
T PR A B5CHRE 118 2 S P AR 2 M X A ] %) B A R 3 1 AN [R] , AR AR ST % SR8 R v, 6 F XGBoost
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Fig.4 Comparison of ML model prediction performance
*3 MLEEMNEEES
Table 3 Performance metrics of ML models
T 2051 R2 RMSE/kN MAE/KN MAPE/%
ELM Y4 0.930 30.970 24.280 5.460
4 0.920 45.890 37.220 8.220
BPNN Y2t 0.960 29.860 21.350 4.680
4 0.910 42.900 31.410 6.810
KNN YLtk 0.780 65.040 47.660 10.180
iR 0.760 71.790 53.800 14.230
SVM Y24 0.980 20.860 13.570 2.900
4 0.940 36.650 29.980 6.830
RF ERS 0.960 43.570 30.760 6.710
izt 4 0.930 40.870 31.200 7.470
XGBoost Il 254 0.970 23.740 18.980 4.130
iR 0.960 27.960 23.530 5.630
*F 4 REHE RIS XGBoost TR Lb
Table 4  Comparison of test or simulated bearing capacity with XGBoost prediction model
B NG ) BRI SR STV, /KN HZER V,, /KN Ve Ve
AR gy 37) PRCB-1 453 464.220 0.980
PRCB-2 471 468.250 1.010
AR ) PRCB-T5 346 400.320 0.860
PRCB-T6 387 410.420 0.940
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B 5 PrN G =) RIS S BHIRE T V. /KN WMLV, kN View/ Ve

PRCB-T10 524 517.880 1.010

PRCB-Z14 475 468.250 1.010

PRCB-Z18 475 468.250 1.010

PRCB-720 475 468.250 1.010

PRCB-G60 482 468.250 1.030

PRCB-G80 477 468.250 1.020

PRCB-LI1 572 546.240 1.050

PRCB-C65 445 468.250 0.950

PRCB-C75 473 468.250 1.010

PRCB-C80 482 468.250 1.030

SUBEDI %31 5FP4 220 187.890 1.170

5FP6 222 229.030 0.970

CHENG 245132 1P8S-25 320 338.490 0.950

1P10S-25 353 344.850 1.020

1P16S-25 520 544.720 0.950

1P208-25 650 638.170 1.020

1P8S-20 427 386.670 1.100

1P10S-20 447 436.300 1.020

1P20S-20 634 657.360 0.960

2P8S-25 267 251.930 1.060

2P108-25 310 308.150 1.010

2P20S-25 524 517.880 1.010

2P8S-20 244 278.390 0.880

2P10S-20 315 328.020 0.960

2P20S-20 581 552.280 1.050

3P8S-25 430 459.740 0.940

3P10S-25 486 509.420 0.950

3P208-25 711 741.780 0.960

LAM!25-27] SPre-Bg 474 479.050 0.990

SUEN!3 M15/P4-S1 374 376.490 0.990

M15/P6-S0 371 369.790 1.000

C10/P4-S1 431 437.970 0.980

C15/P4-S1 398 360.010 1.110

(20/P4-S1 300 294.530 1.020

C15/P4-S0 290 333.850 0.870

C15/P4-82 378 363.320 1.040

C15/P6-S1 405 393.600 1.030

TIAN % (34-35] PRC-CBI 587 571.340 1.030

PRC-CB2 638 626.580 1.020

PRC-CB3 657 629.170 1.040

PRC-CB6 742 704.540 1.050

PRC-CB7 584 561.100 1.040

PRC-NS1 456 473.740 0.960

HOU £5[28-29,30] PRHTC-8t 641 615.560 1.040

PRHTC-10t 722 665.190 1.090

PRHTC-12t 796 807.300 0.990

PRHTC-1.0 708 693.510 1.020

PRHTC-2.0 500 550.080 0.910

SPRC-1 362 381.610 0.950

SPRC-2 428 420.110 1.020

SPRC-3 453 469.740 0.960

XS Hj o (30 CB-1.5 430 459.790 0.940

DB-1.5 456 473.740 0.960

CB-2.5 378 325.470 1.160

DB-2.5 393 322.810 1.220

e L38) CB25-1 198 179.370 1.100
SEHIE 0.9903
FrifE 22 0.066 8
AT 0.0675
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3.3 ML MilRE 5@ E AR LR

/NES T HE SPRC. 1 BEEAE S Aar B E FH S A% 2 A 2B BT IR | ol T AN [a) 3 B TR B - R 118 22 S N
HRARBRLRS 22 57 FESTUIMERTT , T/ R 52 2%, b By 7R 48 ok B8 7 i S AR Mk LA 5
PE, R ML 7k B A B — 2 R BRPE (S TS bR TR A7 oK, s O MR L 38 T8y 5 i, 2
T SSTM, 7E/N5 &5 Lt SPRC MR I HT BT KA ML 25 SR 360 10— 25 T /N o PO - 27 4R
#E 1 (steel plate-fiber reinforced concrete, SPFRC) ZH & 22T BT R 2R 1A 4558, =l (5) i .

Vpre = ( Cds+C(]u ) Sil’l 9 (5>
C(ls = O-d,maxAslrul ( 6 )
1 cos(6,-0)
Oy e = D——FF 7
o AW[ S (7)
Cp= 'nyAp (8)

A, T IREE X A AT TR A S B A F AT i AR 0 S AT P AR T, 32 2 e
2 49 BT RIRRI B 55 1) SR ZEL 5 T8 D oA 32 S PN R R S BILAR BT R A B 5 5, S SR i AR SR AL 5 0 DA £ T
FERLHI A 50, SR %5 i HLARTA 5 SCHIR[ 42 ] HE BASOOT 6 A o BBUREE I 2 ) 8% , AR SCHREAF I y =3%
K5 45 1T 5T SSTM FY/IN 85 e SPFRC 3 ST B9 AR BT BT 45 RANA SCHE T XGBoost ST T L
FUTFE A5 RS LU, AT LR B, BT ML J7 125 B S0 00K 2 S iy A B (AR o 2 1 S BRIV

1.6

»»»»»» Mean+St.d, SSTM
Lar . Mean+St.d, XGBoost

e SSTM = XGBoost
0.4F Mean=1.00 Mean=1.00
St.d=0.09 St.d=0.05
Cov=0.09 Cov=0.05

0 l2 4Il 6 8 IIO 1I2 1;1 1I6
R
5 SPFRC 48 HHMxT EL
Fig.5 Comparison of shear capacity prediction of SPFRC coupling beams
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