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[ Abstract |

consumption and small amount of sample data. A prediction model for aircraft spare parts demand based on principal component analy-

In order to solve the problem of poor forecasting effect due to the large number of influencing factors of aviation material

sis (PCA) , improved particle swarm optimization (IPSO) , and least squares support vector machine (LSSVM) was proposed. Firstly,
the principal component analysis method was used to screen the main influencing factors of aviation spare parts, and then the improved
particle swarm optimization algorithm was used to optimize the least square support vector machine parameter combination, and finally
the selection results and optimization parameter combination were used to complete the PCA-IPSO-LSSVM aviation spare parts demand
prediction model training. The results show that compared with the other four prediction models, the PCA-IPSO-LSSVM model has the
highest prediction accuracy, and the RMSE and MRE of the test set are 3. 24 and 4. 23% , respectively, indicating that the model has
good prediction precision and fitting effect.

[ Keywords |
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Table 1 Factors affecting spare parts of aviation materials
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Table 2 Data of aviation material demand and influencing factors from 2010 to 2017

75 AT A ] CATRIE S B IR S AR R N GUEAR NI TR
1 145 39 0.389 0.401 9.6 0.371 0.597 9
2 198 55 0.367 0.389 9.2 0.837 0.681 12
3 133 34 0.243 0.355 6.9 0.383 0.404 7
4 177 40 0.314 0.424 7.2 0. 664 0.354 11
29 178 45 0.399 0.487 7.2 0.423 0.421 9
30 158 40 0.377 0.348 7.2 0. 664 0.477 9
31 138 50 0.317 0.305 6.2 0. 605 0.309 8
32 98 19 0.172 0. 156 5.2 0.247 0.428 13
R3 IRELEE
Table 3 Standardized data
5 RATHF ] AT SH B S AR e NGUBAAR NBHARIKF
1 -0.42 -0.23 0.43 -0.01 0.59 -0.90 0.86
2 0.79 1.08 0.24 -0.09 0.39 1.18 1.41
3 -0.69 -0.64 -0.85 -0.33 -0.73 -0.84 -0.40
4 0.31 -0.15 -0.22 0.16 -0.58 0.41 -0.73
29 0.33 0.26 0.52 0.60 -0.58 -0.67 -0.29
30 -0.12 -0.15 0.33 -0.38 -0.58 0.41 0.07
31 -0.58 0.67 -0.20 -0.68 -1.07 0.14 -1.03
32 -1.49 -1.86 -1.47 -1.72 -1.55 -1.45 -0.25
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Table 4 Correlation coefficient matrix R

Ty

1.000 0 0.804 8 0.820 5 0.830 0 0.790 0 0.762 7 0.646 3
0.804 8 1.000 0 0.680 7 0.753 9 0.678 5 0.814 9 0.576 0
0.820 5 0.680 7 1.000 0 0.573 9 0.607 9 0.504 9 0.695 3
i 0.830 0 0.753 9 0.573 9 1.000 0 0.765 3 0.707 4 0.480 8
0.790 0 0.678 5 0.607 9 0.765 3 1.000 0 0.599 9 0.528 0
0.762 7 0.814 9 0.504 9 0.707 4 0.599 9 1.000 0 0.416 3
0.646 3 0.576 0 0.695 3 0.480 8 0.528 0 0.416 3 1.000 0
A;=0.2109,A,=0.168 1,1, =0.060 7, &6 IPSO #HE
*E?E:—Et(f) ) HEAHEZETTHRE N :p, =0.720 3, Table 6 TIPSO parameter table
p, =0.109 5,p, =0.063 0,p, =0.044 4, p, =0.030 1, ’é‘i i
i 2
po =0.0240,p, :/g.ooiajo o P »s
R (4) AT 4 DR R TTHE N AR R 200
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PRI B AT 4 A~ PR 22 1T LA 58 A L B 4 K rm;f ‘;‘j;’;{ﬁ 2
A A T 4 2 b BT L B 2 Sl -9
o N WA fo/IME 0.4
Xﬂ‘/ﬂ\:ﬁﬂ‘ﬂa—’ﬂﬁﬂ‘iﬂ,Ua—ftﬁfﬂ/ﬁitj‘j wE e E [100,1 000 ]
N B [0.001,0.01]
Y= (12) o B I 0.5
. max . min . . l_lljfﬂs/%';é& [001 ’300J
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it(J {Ew:.yl TSR 7 2SR IR KCA i e
mw/IMH.
IH—Ab a5 an e 5 B B RT 24 R R
N S . N TS 0.032+
MNRAE 5 8 dEEL 43 i 4E
0.031
x5 FA—HHE
Table 5 Normalized data 0.028[
= P ALz ALz, e
o kAT kAT SR SHA P 21 0.026f
5 him R Ry OOR )
1 0.3016 0.4167  0.564  0.3858 0.2857 00241
2 0.5820 0.7500  0.520  0.3669 0.7143 0001
3 0.2381 0.3125  0.272  0.3134  0.0000
4 0.4709 0.4375  0.414  0.4220 0.5714 oo2l .
. . . . . . 0 25 50 75 100 125 150 175 200
: : : : : : HEALAREL
29 0.4762 0.5417  0.58  0.5213  0.2857
30 0.3704 0.4375  0.540  0.3024 0.2857 B2 3 R 2R
31 0.2646 0.6458  0.420  0.2346 0.1429 Fig.2 Fitness curve

32 0.0529  0.000 0 0.130 0.0000  0.8571
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Fig. 3 Comparison chart
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Table 7 Comparison of predictive performance

RLAY 2, R RMSE MRE/%
LSSVM 12.32 13.43
PSO-LSSVM 10.67 11.13
IPSO-LSSVM 9.56 9.32
k[ 19] 8.09 5.98
PCA-IPSO-LSSVM 3.24 4.23
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