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Table 2 Simulation results of five algorithms

" . w il V- E b 2
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10 4 30 4 10 4k 30 4k 10 4 30 4k
PSO 0.018 478 6.990 167 0.073 771 13.014 24 0. 042 782 5. 180 994
LPSO 6.41E-05 5.696 458 0. 144 626 204. 126 4 0. 350 239 114.521 6
Sphere APSO 0. 000 285 33.137 06 0.017 199 75. 688 33 0. 024 996 31.325 95
RPSO 1. 18E-18 3.513 912 7.95E-06 11.903 11 3. 04E-05 6.873 913
1PSO 4.75E-15 0. 545 052 3. 68E—09 1. 960 469 9.22E-09 0. 935 945
PSO 0.758 358 44. 038 63 6.984 691 101. 227 2. 683 208 40.614 16
LPSO 4.123 622 46. 605 09 7.975 662 274. 387 1.582 365 152.319 8
Rosenbrock APSO 2.554 999 91.612 42 6.955 081 205. 460 5 2.019 491 79.555 54
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Figure 2 Average fitness curve of five algorithms for four test functions (30D)



%1

Pk, 25 . Pk PSO-BPNN 53 3k 78 4 3 6 ik 7005000 v 1 197 FH 31

PLE A0 L Al L AP 33 TPSO HoAT T i il
SECH B G G 1) - 235 N 3R W R T A
(1) 8 A2 T R FH 2
3.2 IPSO-BPNN ¥ il /& {h %5 18 Fol 5 38 fE 008
3.2.1 HIERR

T IR AE AR SCHR 1A TPSO-BPNN AR B () 7
TPERE , N SCHR [ 16-21] Rl E T 161 4 FL 5L
TR BRI ] T E R Ao EE T, B 1A
79 EAE I 66 AR S 54k, 13 A EE
TIGAE B0 48 2 A 82 A8l , Hoh 66 4l ¥k =
545,16 HEHR A TRUE, ASCEET 5 HH
FAE R AN E B 300 A L (HUE X42 ~
X100, 85 7 M mERE L FENK) F
A (BUE 323 ~1 320 mm) 4 38 B (UE
4.67~22.9 mm) SFAEHE (BUE 0~15 mm) | 6k
B (HRE 0~1 110 mm) . KR8 JE 7 J2 i i A8
i, L0 MPa,
3.2.2 HBETALE

TS A A R B B G R kA T
SIS AR A, B TR TP 5 AR
3 KT T AN [ 1 49 5 AR S B A
B AT A AR X Bk H — AR,
— TR (9) fiw .

i min
atm A Fein (9)
ma: in

3.2.3 iRfEARE

PIAR 12455 10 00 4 BB 1) 4 A A o7 38 4 X iR 2
( MAE ) Y7 iR 2% ( RMSE ) 1346 %5 6 4
iR ( MAPE )™ Hisg XN

n

1
MAE =—% [ (y. =30 |5 (10)

=1

n

1 )
RMSE:\/HZ (v =¥ (1)
i=1

1 n L_" —- i}’
MAPE :—Z M x 100%, (12)
n ;=i y’,

sy, SRR B " A A

ARETE ; n AEEAREE
3.2.4 AHEKE

AP 3 2 AWML 55 S N AR
RURL T AR R 25 05 e )2 A s R B8 =X
(13) K 3~13 1

Ny =A/n, +n,, +oa (13)

K on, AR B E 0, R R
FIANE 0 R 0~10 BYH AL,

ARG TH AT 20 5y 4y 2030 AT e R Y
T3 AR 22 e /N AR 1 ORI Sy B2 7 Y I 44
H. 3 A, Y B2t iy s58Ch 9 B
25 I 2% ToU 1) 1 5 AR 25 N

2.0g
1.8+
)
g 1.6+
14}
12
3 4 5 6 7 8 9 10 11 12 13
Raset = A 2 6 AN B

B3 HARRESERBETRZEMNXR
Figure 3 Relationship between root mean square error

and hidden layer notes

IPSO Z ¥ ik & . FliE R/ 40, K4 i o
64,22 > K1 ¢, Fl ¢, ¥R 25 B0 AER B9 fae/IMEL AT
B RAEAT 50 0.4 F1 0.9k F R N[ -1,1];
KA EAE N[ 4,45 283U RN 0.1, 2%
ZEHIHEAR A 0. 8,

3.2.5 ZR5H

ST L M L R AR R B ofE g v
IPSO-BPNN 5 £ % ol IH (LR ) . A R ot 7+ #r
(FEA) [R5t il 45 [ 4% ( BPNN) FUkL + #F 5 vk
A2 R 2% (PSO-BPNN) 7E 2 >4 48 v 1 150 )
SERIEAT T XL, A TR AR A0 3 Bis , T &5
) ARG 2 22 X HL n 8] 4 TR

3 SHEBMKER
Table 3 Test result of five models

g 1V (3 79 ABE)

Bt g 217 (3 82 %K)

FEL 7Y MAE MAPE/ % RMSE 7Y MAE MAPE/ % RMSE
LR 1.969 9 14.59 2.419 9 LR 3.900 8 42.90 5.6115
FEA 1.911 5 14. 41 2.434 2 FEA 0.986 1 3.12 1.117 4
BPNN 1.070 0 8.51 1.284 1 BPNN 1.3317 4.93 1.361 3
PSO-BPNN 0. 639 2 4.83 0. 803 8 PSO-BPNN 0. 828 2 2.78 0.978 8
IPSO-BPNN 0.525 4 3.77 0.672 6 IPSO-BPNN 0.718 5 2.68 0.947 2
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Application of Improved PSO-BPNN Algorithm in Corroded Pipelines Prediction

XIAO Bin, ZHANG Hengbin, LIU Hongwei

(School of Computer Science, Southwest Petroleum University, Chengdu 610500, China)

Abstract; Due to the impact of buried environment and medium transported, oil pipelines will be gradually
corroded with the increasing of service life. Traditional methods for calculating the residual strength of corroded
pipelines included formula calculation and finite element analysis, etc. Aiming at the problems of low calcula-
tion accuracy of formulas and too complicated finite element analysis (FEA) in the prediction of the residual
strength of corroded pipelines, an improved particle swarm optimization neural network model (IPSO-BPNN)
was proposed to predict the residual strength of corroded pipelines. Firstly, based on the traditional particle
swarm optimization, a new nonlinear decreasing inertia weight was proposed to update the velocity and location
of elements quickly, and the genetic crossover operator was introduced to increase the diversity of particles,
then form an improved particle swarm optimization algorithm (IPSO). Secondly, the IPSO algorithm was used
to optimize the weights and thresholds of the neural network, and initialize the neural network with optimized
weights and thresholds to establish the IPSO-BPNN model. Finally, the linear regression( LR) , FEA, back-
propagation neural network ( BPNN ), particle swarm optimization back-propagation neural network ( PSO-
BPNN) and IPSO-BPNN model were experimented on real pipelines test blasting data sets to predict the resid-
ual strength of the corroded pipelines. MAE, RMSE and MAPE were used as indicators to evaluate the predic-
tability of the models. The results on the test set of two data sets showed that the MAE of the IPSO-BPNN mod-
el was 0.525 4, 0.718 5; the MAPE was 3.77% , 2. 68% ; the RMSE was 0.672 6, 0.947 2, respectively.
The three indicators were significantly improved compared to LR, FEA, BPNN and PSO-BPNN. It showed that
this method could improve the accuracy of predicting the residual strength of corroded pipelines, and could
provide a more accurate basis for pipeline inspection.

Keywords: particle swarm optimization; nonlinear decreasing inertia weight; neural network; corroded pipe-

lines; residual strength



