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Application of BP neural network in yarn evenness prediction based on immune
Genetic Algorithm
ZHA Liugen XIE Chunping
( Key Laboratory of Eco-Textiles Ministry of Education Jiangnan University Wuxi 214122 China)

Abstract: In order to avoid uncertainty caused by randomly generating initial weights and threshold values of BP
neural network and obtain higher prediction accuracy and speed of yarn evenness CV value weights and threshold
values of traditional single BP neural network were optimized with the aid of immune genetic algorithm. The unique
concentration adjustment mechanism of immune algorithm effectively works in solving the problem of premature
convergence in later period of genetic algorithm. Matlab was applied to construct a single BP neural network model
genetic BP neural network model and immune genetic BP neural network model to predict yarn evenness CV value.
Comparative analysis of simulation training results indicate that the BP neural network developed via optimization with
immune genetic algorithm performs more accurately quickly and stably in predicting yarn evenness CV value.
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Tab.1 Cotton yarn production quality data

/mm /(eN - dtex ") CV/%
1 4.4 29.7 83.3 14.3 29.9 12.4
2 4.4 29.8 83.3 14.2 30.1 12.0
3 4.5 29.8 83.3 14.3 30.1 12.3
4 4.4 29.5 82.6 16.4 28.8 12.6
5 4.3 29.4 82.6 16.1 29.0 12.7
6 4.3 29.4 82.6 16.1 29.0 12.8
7 4.4 29.4 82.8 15.8 29.0 13.0
8 4.3 29.3 83.0 15.9 28.6 13.2
9 4.4 29.3 83.0 15.9 28.6 12.7
10 4.3 29.1 82.7 16.4 28.5 12.9
11 4.4 28.8 82.5 17.2 28.2 12.6
12 4.4 28.9 82.7 16.9 28.2 12.6
13 4.2 27.3 71.8 16.0 26.3 12.4
14 4.5 28.8 82.6 17.7 27.9 12. 4
15 4.3 28.7 82.7 18.4 28.2 12.4
16 4.2 28.6 82.7 18.8 28.3 12.3
17 4.0 28.7 82.6 19.2 28.4 12.4
18 4.1 28.8 82.7 19.3 28.1 12.8
19 4.1 28.7 82.6 18.6 27.9 13.1
20 4.2 28.6 82.6 18.4 28.0 12.7
21 4.3 28.5 82.5 17.9 27.8 12.6
22 4.1 27.4 79.4 17.5 26.7 12.7
23 4.2 28.8 82.4 19.0 28.0 12.7
24 4.2 28.8 82.4 19.2 28.0 12.6
25 4.3 28.7 82.2 19.1 27.9 12.9
26 4.3 28.7 82.3 18.9 27.9 13.1
27 4.3 28.8 82.5 18.9 27.9 13.2
28 4.4 28.8 82.5 18.7 28.1 13.2
29 4.3 28.7 82.5 18.7 28.2 13.0
30 4.3 28.7 82.7 18.2 27.9 12.6
31 4.0 26.5 76.6 17.2 25.9 12.8
32 4.1 26.3 76.4 17.1 25.9 12.9
33 4.1 26.4 76.5 17.1 25.9 12.8
34 4.5 28.7 83.2 17.1 27.7 12.6
35 4.4 29.7 83.3 14.2 29.9 12.4
36 4.4 29.8 83.3 14.2 30.0 12.0
37 4.5 29.8 83.3 14.3 30.1 12.3
38 4.4 29.2 82.6 16.4 28.8 12.6
39 4.3 29.4 82.7 16.1 29.0 12.7
40 4.3 29.4 82.6 16.2 29.0 12.8
41 4.4 29.5 82.8 15.8 29.0 13.0
42 4.3 29.3 83.0 15.9 28.5 13.2
43 4.4 29.3 83.0 15.9 28.6 12.8
44 4.3 29.0 82.7 16.4 28.5 12.9
45 4.4 28.8 82.5 17.2 28.2 12.6
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/mm /(cN - dtex™") CV/%
46 4.4 28.7 82.7 16.9 28.2 12.6
47 4.2 27.3 78.9 16.0 26.3 12.4
48 4.5 28.8 82.6 17.6 27.9 12.4
49 4.3 28.7 82.7 18.4 28.3 12.4
50 4.2 28.6 82.7 18.8 28.3 12.4
51 4.0 28.7 82.6 19.1 28.4 12.4
52 4.1 28.8 82.8 19.3 28.1 12.8
53 4.1 28.7 82.6 18.8 27.9 13.1
54 4.2 28.6 82.6 18.4 28.2 12.7
55 4.3 28.5 82.5 18.0 27.8 12.6
56 4.1 27.5 79.4 17.5 26.7 12.7
57 4.2 28.8 82.3 19.0 28.0 12.7
58 4.2 28.8 82.4 19.1 28.0 12.6
59 4.3 28.7 82.2 19.1 28.0 12.9
60 4.3 28.6 82.2 19.1 27.9 12.9
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Tab.3 Yarn Evenness CV prediction values BP
cv o
/% /%
51 12,4 12.00 3.21 12.99 4.77
52 12.8  12.41 3.07 12.19 4.53 ’
53 13.1  12.70  3.05 13.69 4.52 BP
54 12.7 13.12 3.34 13.28 4.58
55 12.6  13.04 3.48 13.20 4.75 BP
56 12.7  12.37 3.26 12.05 5.13
57 12.7  13.11 3.24 13.31 4.84 .
58 12,6 12.98 2.99 13.22  4.96
59 12,9 12.53  2.87 12.30  4.60
60 1229  13.30 3.13 13.54  4.97 |
1% - - 3.164 - 4.765 I
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