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Tab.1 Pseudocode for the main part of the CSSA algorithm

WA AR X 15. END
il AL E zbest B 3 N B {H fitnesszbest 16. FOR i = (pNum-+1) to sizepop by 1
1. %ﬂﬁﬁ‘fh%"%‘ﬂl:r_lﬂ‘ ?’E%& dim, 3% %4’-2()\%51 \l\/[d)(‘gen\ﬂéﬂ’fi SICPODS | s g

FRE L1 5 popmin FHE T A popmax

2.FOR 7 1 to sizepop by 1 18. END
3. VRN EE R R LR 19. FOR j =1 to length(s) by 1
4. END 20. TEfG K I, JBR A T 1 1) o2 B 510
5.FOR i=1 to dim by 1 21. END
6. IR 1 BE SR B A7 B 22.FOR j=1,2 ,+-,sizepop do
7. END 23. IF fitness(j )<< fitnessgbest(j) THEN
8. FOR =1 to sizepop by 1 24, AR B AL 3E IR A B S BT
9. T IE N A 25. END
10. END 26. IF fitness (j) << fitnesszbest THEN
11. FOR t=1 to maxgen 27, TR B AL 38 I B A B BT
12, AR 17 JBE {0 IR 4 R AT HE P 28. END
13. FOR i=1 to pNum by 1 29. END
14, A7 25 ) o7 B3 B 30. END
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Fig. 3 Comparison plot of prediction errors of 5 models on 3 datasets
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Fig. 4 Comparison chart of the number of network iterations on 3 datasets of 5 models
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Tab.2 Error evaluation index values of five models

MAE RMSE MAPE
g PR SR
2 3 1 2 3 1 2 3

F, 7.349  6.194 13.962 17.249 10.953 26.479 0.015  0.008  0.013

GA - BP F, 18.485 15.213 19.594 21.919  29.447 53.974 0.046  0.032  0.264

F, 13.786 11.306 15.233 26.514 24.783 28.192 0.031 0.016  0.050

F, 7.069  6.875  8.905 14.075 16.398 12.975 0.025  0.007  0.009

PSO - BP F, 14.144 10.290 15.424 33.011 19.829 27.615 0.059  0.044  0.751
F, 13.506 11.922 15.396 34.357 22.918 29.103 0.037 0.017  0.115

F, 7.912  5.848 10.069 10.938 10.225 17.957 0.015  0.006  0.012

SSA - BP F, 13.853 16.175 11.409 256.329 27.301 20.370 0.091 0.015  0.113
F, 12.523 10.300 11.739 20.253 18.677 20.447 0.034  0.011  0.034

F, 8.755  5.232 13.739 19.939  7.053  23.342 0.018  0.005 0.016

LSSA - BP F, 13.295 12.221 14.063 77.110 24.082 24.655 0.082  0.033  0.044
F, 12.163 8.896 11.935 26.211 18.246 20.276 0.033  0.013  0.030

F, 5.952 4.468  8.162 13.433 8.846 11.504 0.014  0.005  0.008

CSSA - BP F, 8.243 12.074 9.299 13.632 19.808 17.905 0.036  0.011 0.075
F, 8.685  7.954 9. 606 15.551 13.959 17.985 0.028  0.008  0.025

%3 RHAE 3 HEIRE LI, CSSA — BP S 4 IR I F5 475 A % oAl 4 FpA sl gy A8 fb %, A3 3 7
LIE H ,CSSA - BP B4 5HiR 2% (MAE) I GA - BP 1% 34. 5% . I PSO — BP 4% 35. 4%, b SSA -

BP F&AI% 23.8% ., Ht LSSA — BP B&1IE 19. 5% ; CSSA ~ BP ¥ 1% 22 (RMSE) It GA -~ BP F&{X T 40.
3% .t PSO — BP F&ME T 44 % .t SSA — BP F&1I 20. 1% . Ht LSSA — BP [&1IK 25% ; CSSA — BP (1 44

$FE 4 EiR 22 (MAPE) [t GA — BP F&1I% 36. 5%, It PSO — BP &1 51. 8%, [t SSA - BP F&1{Ik 23. 7%, Ik

LLSSA — BP &Ik 23. 3%. CSSA — BP £ RUAH X HoAth 4 Fh 5 80 pg SE ) S ET R L GA -BP 27+ 1. 25%,

b PSO - BP &7+ 4. 01 %, kb SSA — BP #£F 0. 62% , It LSSA — BP #£F+ 0. 52%. Bt v LAF H , CSSA —
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Tab.3 CSSA — BP compares the evaluation index change rate of the four models ( %)

i 31 B MAE RMSE MAPE o0 o A A AR R A/ Y
1 37 41.3 9.6 0.31
2 29.6 43.6 50 0. 81
GA - BP
3 36.9 36.2 50 2.63
B 34.5 40. 3 36.5 1.25
1 35.6 54.7 24.3 0.94
2 33.2 39.1 52.9 0.92
PSO - BP
3 37.6 38.2 78.2 10. 17
W 35.4 44 51.8 4,01
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1 30. 6 23.2 17.6 0.62
2 22.7 25.2 27.2 0.3
SSA - BP
3 18. 1 12 26. 4 0.93
W 23.8 20.1 23.7 0.62
1 28.5 40. 6 15.1 0.52
2 10.5 23.4 38.4 0.51
LSSA - BP
3 19.5 11.2 16. 6 0.52
¥l 19.5 25 23.3 0.52
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Optimizing Neural Network Based on Chaotic Sparrow
for Traffic Flow Forecasting

WANG Jingyue'?, LOU Jungang'”’
(1. School of Information Engineering, Huzhou University, Huzhou 313000, China;
2. Zhejiang Province Key Laboratory of Smart Management & Application
of Modern Agricultural Resources, Huzhou 313000, China)

Abstract: The swarm optimization neural network model can approximate various complex func-
tions with arbitrary accuracy. and has been well applied in various nonlinear prediction problems inclu-
ding traffic flow prediction. In view of its strong local optimization ability and fast convergence speed,
the sparrow algorithm is used to optimize the parameters of the adaptive neural network traffic flow pre-
diction model; chaotic mapping is introduced in the sparrow algorithm to increase the uniformity and
randomness of the search traversal, thereby optimizing the overall situation Optimal performance. Ex-
perimental results on multiple actual traffic flow data sets show that the method proposed in this paper
improves the average prediction accuracy by 0.52% ~4.01% compared with the commonly used swarm
intelligence optimization neural network method.

Keywords: intelligent transportation system; sparrow algorithm; tent mapping; parameter optimi-

zation; traffic flow forecasting
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