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Abstract

Hail disasters are one of the major natural hazards causing damage to agricultural production facilities
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and economic losses, necessitating the development of an efficient and accurate hail impact force pre-
diction model. This study employs a PSO-BP neural network approach, grounded in wind-hail coupling
experiments on arched greenhouse films. The resultant model demonstrates superior performance
with a mean absolute error (MAE) of 0.22929, a mean bias error (MBE) of -0.09017, and a determina-
tion coefficient (R%) of 0.99704. It surpasses traditional linear regression methods in handling large
datasets, adaptability, fitting accuracy, and mitigating the issue of local minima in BP models.
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Figure 1. Schematic diagram of the experiment
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Table 1. Table of text conditions

F 1 e TRE

IKEEAR UKL LB P
(mm) (m/s) (m/s) 0
20 20.5/21/21.5/22/22.5/23 7/9/11 0/15/30/45/60
25 22.5/23/23.5/24124.5/25 7/9/11 0/15/30/45/60
30 24124.5/25/25.5/26/26.5 7/9/11 0/15/30/45/60

2.2. HExEFSHEIELE

A TR b3 SR8 P IR B AN (7] KGRI R DR b DL ) 100 288 A1 o Skt
o BARSERMIKERAR IR MG KA A ARARAE, DUt I E A RAE, Sl 4R
SRy SRR AR R 70 J7 R T 10-4 58 )ARAIE T KB AT AL G 70 10, Horb 8 i AE il 2Rk
N 2 NSRS N, AL ERERE 10 Uk, %073 R SRR ) v A P [ I A R At 1 AT
.

WA SRR AE S LR 0 s R R SR AT 5 — e AR PR LAV B B AN R i ade RN RS8R 72, TG

DOI: 10.12677/hjce.2025.142032 281 +ARTHRE


https://doi.org/10.12677/hjce.2025.142032

WAtk 5%

JH—AL 7775 min-max J7i%. Z-Score br#Efk. log PREL. atan BRELEE 51k, &7 ROLE RN A S AN
A, ASCRHA min-max H—757%, %07 VE DR R AR AR H ] — A0, LIX IR A, HAE A,
R 52 A0 A . Min-max 7RI A RN

x—min(x)

X' = @

-~ max (x)—min(x)
oA x NRIAEEIE 2 xR R EEE A min() AZEFIE R B/ IMEL s max(X) 2 12 REAE F) B AH -
3. PSO-BP &M RE
3.1. BP & MR R)E

MWRIEEHELE R, —MEA LW 2 LT RT BN 2 ] DUE AL fESE R . Ik, B &I
B T R A R A ) R, R AR TR ) S Dy R U ISR I R o B e 4 e U AR R B0 U
BEE AR AR A A 4 39 S B T2 AME, AR R BRGA e e B E N 3 MR, AP
LRI EERG W] 2 P

BP#4Z W 4 4544
| mmA—1k |
BAR B
| kEBEE |
\ﬂ
| kBEE | ‘
)
| RE |
= 0%
| REfa |

Figure 2. Neural network model architecture
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Table 2. Parameters related to particle swarm optimization algorithm
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Figure 3. Fitness value changes of PSO-BP models with different population sizes
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Table 3. Model evaluation metrics
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Figure 4. Neural network training performance graph
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Figure 5. Neural network prediction comparison diagram
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