[ Downloaded from marine-eng.ir on 2026-01-02 ]

[ DOR: 20.1001.1.17357608.1401.18.36.3.6 ]

[ DOI: 10.52547/marineeng.18.36.24 |

TF-YIOVE VYl g 5mb / Y00, les | poze Lo

Lo owiigeo 4 pul

B ikt (99 I 8Ol b I3 5 bk gl (S5 )9 (2 Pl (b5

XGBoost

T edl ! (g ¢ £ y15 LS pozxo

MIZarei @CMU.ac.ir olels by pols o (63,555 olSly ) igee 80815 ¢kl |
IMehdi@aut.ac.ir .S el  sio olKiily dyyd wtige 018l ¢lutils

PRV

)l oo Al e sl (ST o5l cias JoSaT ould Cuol sl e el ()]
s S5 0l s Sl ol ol jee ial38l g ley 8Ll ol ol el
G50l e oy, &l e cpl Lol Bas Wgd co (kS ol (5, Cud b alS
i,y oled Sl plouul aulxe sl XGBOOSt o ol 51 solatwl b puisle
hiws Glpcwl sgame Lol sasxie sla s gl jleslainl b S5 ol )5 b oadicg g
b o ysSl cnl ) 95290 (gloyal )y yle (i XGBOOSE oy 5551 51 (Sae i (55 &
a5 ae oo i gy cpl 3l el bl el odd die (i Silwdings b,y 5l el
Gl » Jolaie slaig, 5l 5YL s XGBOOSE oo digy pi,65d) 5l oolazwl &ds

alio Oledb|

tllis dzesiy b
VEN VY callie il o ol
VENVY i ndy gl

sl S
0 Cugli (3,9
S

oeile 6 S0k
XGBoost
o Sledinp

Ultimate strength assessment of cracked stiffened plates using optimized

XGBoost method

Mohammad Reza Zareei'”, Mehdi Iranmanesh?

! Assistant Professor, Marine engineering faculty, Chabahar Maritime University (CMU), mrzarei@cmu.ac.ir

2 Associate Professor, Marine engineering faculty, AmirKabir university of technology

ARTICLE INFO ABSTRACT

Article History:
Received: 02 May 2022
Accepted: 24 Sep 2022

Assessing the ultimate strength of the stiffened plates forming the ship
structure is the first step in assessing its ultimate strength. Over time
and increase the life of the structure, failures such as cracks reduce the

Keywords: load-bearing capacity of the structure. The main purpose of this paper is

Ultimate strength
Stiffened plates

to present a machine learning method based on XGBoost algorithm to

Crack calculate the ultimate compressive strength of stiffened plates with

Machine learning
XGBoost
Bayesian optimization

crack failure using the results of multiple finite element analyzes. To
achieve the best possible results from the XGBoost algorithm, some of

the hyperparameters in this algorithm have been optimized using the
Bayesian optimization method. The results of this method show that the
accuracy of using the optimized XGBoost algorithm is much higher
than conventional methods based on linear regression.
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