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This paper uses the method of Logistics chaotic mapping to initialize the position of the firefly, and improve the cultivability of
the firefly population; this paper introduces a new inertia weight calculation method to improve the formula of the firefly
position movement and enhance the FA global optimization ability. The improved FA (IFA) was used to optimize the initial
weights and thresholds of BPNN, and a long-distance pipeline external corrosion rate prediction model based on IFA-BPNN
was established. Taking 111 sets of long-distance pipeline external corrosion detection data as an example, the simulation
calculation is carried out in MATLAB, and PSO-BPNN, GA-BPNN and unoptimized BPNN are used as comparative models for
comparative analysis. The IFA model is used to initialize the BPNN model, which greatly improves the prediction accuracy of
the BPNN model. The IFA-BPNN model was used to predict and analyze the external corrosion rates of 12 groups of pipelines,
the average relative error was only 5.94%, and the R* of the prediction results was 0.995 95. The prediction results of IFA-BPNN
model are superior to those of BPNN model, PSO-BPNN model and GA-BPNN model in all aspects. [FA-BPNN has good
accuracy and robustness as a tool to predict pipeline corrosion rate.

KEY WORDS: firefly algorithm; BP neural network; chaos initialization; inertia weight; oil pipelines; corrosion rate prediction
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Fig.1 Schematic diagram of BPNN model
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Objective function fitness(X), X = (X;, ***, Xq)"
Logistics chaos initialize the position of fireflies x; (i = 1,

2’ ..5 n)

Initializes the basic parameters

y=a % Absorption coefficient of light intensity

a=b % Step length factor

Bo=c % Maximum attraction

Max T=d % Maximum iteration number
while (The termination condition is not met)
fori=1:n

forj=1:1

Calculate the light intensity of fireflies

if (1> 1)

Fireflie x; towards Xx; in all d dimensions
end if

Calculate the relative attractiveness
New solution=mx+B*(xj—x;)+a*(rand—-0.5)
Calculate the new light intensity
end for j
end for i
Determine the optimal firefly location
end while
Output the optimal solution
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Tab.2 External corrosion data set of long-distance pipeline
Corrosion ) N BD/ CC/ BC/ SC/
Entty mmen’y T2 PHPPVOREAQm) WCM% 0T (k10 %) (<10 Y  REMY
1 0.055 26 7.5 —-0.65 15.7 20.3 1.28 8.27 12.65 136.4 235
2 0.163 26 6.01 —0.67 13.3 29.4 1.3 69.05 5.55 40.43 96
3 0.100 26 7.04 -0.71 10 34.1 1.21 38.26 12.87 106.8 93
4 0.100 25 5.8 -0.88 8.8 33.9 1.15 11.58 8.32 321.1 263
5 0.103 26 6.22 -0.77 10.8 27.4 1.17 27.99 5.1 143.2 92
6 0.038 25 6.37 -0.85 46.8 30.4 1.16 14.06 11.1 284.3 88
7 0.043 25 573 -1.36 18.7 29.8 1.19 17.09 27.74 83.6 309
8 0.047 25 529 -0.75 86.3 29.1 1.12 6.62 5.55 60.47 275
9 0.055 23 4.6 -0.8 129.3 20.8 1.27 8.8 9.71 98.1 130
10 0.031 29 6.61 —1.11 9.1 30.8 1.28 18.49 5.55 30.97 59
11 0.076 29 535 -1.05 34.5 21.7 1.26 13.33 13.87 308.4 190
12 0.059 20 6.11 -0.8 87.8 20.1 1.22 12.33 16.65 54.85 150
13 0.046 22 5.28 -0.77 17.6 23.9 1.25 19.06 8.32 158 339
14 0.144 27 5.3 -0.62 36.5 25.3 1.23 109.8 10.65 374.3 17.3
15 0.151 28 5.16 -0.79 60 23.9 1.36 109.8 11.87 95.57 108
16 0.198 42 6.13  —0.47 6.8 32.4 1.21 104 15.01 379.1 117
17 0.200 42 6.5 -0.47 10.4 31.3 1.2 128.5 28.99 288.2 98
18 0.019 42 7.09 -0.48 107.1 16.8 1.34 30.96 29.65 101.2 138
19 0.197 42 6.2 -0.49 10.3 38.9 1.22 56.14 33.47 146.8 98
20 0.037 42 7.79  —-0.47 7.3 39.3 1.3 18.41 29.55 399.9 99
£3 GAUBRLSH pae
Tab.3 GA initialization parameters 5 A %ﬁdﬁ
Parameter Value Parameter Value Sy ke G BB ST, SNt BPNN AJUCSGHR BE , 7EiE
Population size 80 | Crossover probability 0.6 T2z hi, XTET%@Z% AT IH— L EAE, IB—4
Max T 100 |Mutation probability ~ 0.05 2 MW (30) .
Training accuracy 1076 X = Xpin
xnormalization = —x (30)
#4 PSO ML oW T Xomaion ML, X o Xy W
Tab.4 PSO initialization parameters 4&13‘1![*?%"}%& zation e ma
—_ x E v
Pa.rame.ter Value Parameter Value BRI 55 R S5 S 00 2 6 & 3 FE 4
Population size I e 2 g 6 AL A FTIRZEL LAY BPNN Fl 38 1 ok
Max T 1001 Voo b FR R, AR 2% (Max RE) iK% T
Learning factor ¢ 2 Training accuracy 10~ 30.88%, E‘%/J\?FHXH‘&% ( Min RE) 7'{] 14.17%; i
Learning factor ¢, 2 BRI AF S TFA-BPNN BRI, HLHUMIZE SR Max
%5 IFAMBLSS RE 4 8.82%, Min RE {{} 1.47%, iR HiRZEKX
e Nl - 0 0/7. i3 _ _
Tab.5 I FA initialization parameters Eﬁg}j‘g 4,&%2 %] ; AHEE T P*S“(;UBPNI\-] 1 GA-BPNN
TR (it 22 X ], IFA-BPNN A5 &Y ) [Min RE,Max RE]
Parameter Value Parameter Value E‘JEX{E%/J\ 95 R 5 /N . YEW T IFA-BPNN [f STRE
Population size 80 | Minimum attraction 0.2 BELME T BPNN. PSO-BPNN L)% GA-BPNN, ik
Max T 100 17 ! — 4 HTIRIE TFA-BPNN (i FIALE, % BPNN,
Step length a 0.1 1™ 0.7 PSO-BPNN., GA-BPNN . [FA-BPNN K i il 5 5 i/ 47
Py ! 6 k 0.4 MAE 4, 2555510 22.26% . 15.03%. 10.74%.
Training accuracy 10~ Range of w [0.2,1] 5.94%. *Hiﬁc? BPNN. PSO-BPNN. GA-BPNN il
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Tab.6 Model prediction error statisticstable
Measured BPNN PSO-BPNN GA-BPNN IFA-BPNN
Entry corrosionﬁl Prediction  Relative  Prediction  Relative  Prediction  Relative  Prediction  Relative
rate/(mm-a ") value/(mm-a’') error/% value/(mm-a’') error/% value/(mm-a’') error/% value/(mm-a”') error/%
1 0.073 0.053 27.40 0.065 10.96 0.085 16.44 0.076 4.11
2 0.023 0.029 26.09 0.018 21.74 0.027 17.39 0.025 8.70
3 0.124 0.101 18.55 0.113 8.87 0.134 8.06 0.128 3.23
4 0.074 0.086 16.22 0.089 20.27 0.071 4.05 0.069 6.76
5 0.046 0.038 17.39 0.053 15.22 0.041 10.87 0.043 6.52
6 0.204 0.141 30.88 0.228 11.76 0.231 13.24 0.201 1.47
7 0.038 0.047 23.68 0.033 13.16 0.04 5.26 0.035 7.89
8 0.034 0.044 29.41 0.029 14.71 0.038 11.76 0.037 8.82
9 0.031 0.039 25.81 0.024 22.58 0.036 16.13 0.033 6.45
10 0.24 0.274 14.17 0.208 13.33 0.225 6.25 0.255 6.25
11 0.048 0.036 25.00 0.054 12.50 0.042 12.50 0.044 8.33
12 0.072 0.081 12.50 0.061 15.28 0.077 6.94 0.074 2.78
0.30 = Measured values EﬁTﬁj{mEEEg%ﬂ‘ ’ E_ IFA'BPNN E‘J?Jﬁi)ﬂ”%rgﬂl
® Predicted values of BPNN . N N N
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