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Research on knowledge mining of washing and sweeping vehicles
based on Apriori algorithm
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Abstract: In order to explore the implicit knowledge of washing and sweeping vehicle products, the Apriori algorithm in
association rules is used to mine and analyze the correlation between the main components of the washing and sweeping vehicle.
Firstly, the data of the 18t series of washing and sweeping vehicles in the SQL database is transformed and standardized. Secondly,
the minimum support, minimum confidence, and improvement are set using SPSS Modeler software, and the Apriori algorithm is
used for mining. Finally, the mined rules are presented through a visual network diagram. The implicit knowledge obtained through
mining provides a reference basis for the design process of washing and sweeping vehicles, and also provides a foundation for
achieving knowledge reuse.
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Fig. 2 Schematic diagram of infrequent sets
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sweeper
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Table 2 Boolean data sheet for parts of sweeper parts

TID DP1 DP2 DP3 DP4 DP5 FCJ1FCJ2FCJ3 CS1 CS2 GYSB1 GYSB2 DYSB1 DYSB2 QZQSX1 QZQSX2 FFDJ1 FFDJ2 FFDJ3 FFDJ4 FFDJ5 FJ1

FJ2 YYMD1 YYMD2 XP1 XP2 LJX1 LJX2 LJX3

1 100001900190 1 o0 1 o0 1 0 1 0 ©0 0 ©0 10 1 0 1 0 1 0 0
20 1.0 0001 001 0 1 o0 1 0 1 0 1 0 0 ©0 01 0 1 1 0 0 1 0
310 0 0001001 0 1 1 o0 1 0 1 0 0 0 0 01 0 1 1 0 0 1 0
4 0 010000 1 10 1 o0 1 0 0 0 0 o0 1 0 0 1 0 1 0 0 1 0 0 1
5000 100501150 1 o0 O 1 0 0 ©0 o0 ©0 1 ©0 01 1 0 0 1 0 0 1
6 0 00 01 001 150 1 o0 1 o0 ©0 0 ©0 o0 ©0 o0 1 1 0 1 0 0 1 0 0 1
®3 RAEFRHBIRSHER PR AN 5 B o 38 G SR RS A A A
Table 3 Corresponding table of some models of sweepers T 1 290 /%{ﬁ E %,ﬁ; E/‘J %)rL]‘ I)_IIJ %lg i}.gﬁ %E% %J[E U]JJ D‘IL
HAE EARIESS HERS 4,
T DFHIISOEXS bP1 %4 Aprioni HAKAE RSB LHEANDS
DFH1180BX DP2 Table 4 Part of the table of strong association rules for sweepers
EQI180TLEV] DP3 knowledge mining of Apriori algorithm
EQ1180GTZEV]1 DP4 . YR = B
© o8 i e
DFV1182GP6N] DPS HZ HZ
) FFDJ3 DP3 33.3333 100
Al 180.49.010 FCIL DP3 FFDJ3 33.333 3 100
181.49.010 FCJ2 FFDJ4 DP4 33.3333 100
182.49.010 FCJ2 DP4 FFDJ4 33.3333 100
GYSBI1 LJX3 50.000 0 100
8 5 N CS1 LJX3 50. 000 0 100
1 1 Y MY 5;:1'5 I_II'I[ 4z
2.1.2 A][irlorl SRR XGRS A R I R A2 VYMDI L3 50,000 0 100
AR Apriori FIEFE SPSS Modeler #0441 csl GYSBI 66. 666 7 100
WA TUR A BR8] ) IR 4T e 4 GYSBI Csl 66.666 7 100
Y FFDJ2 DP2 66. 666 7 100
e ey it /_’ﬁﬂ 1 Fr
HO"H T AR BIRR R S A SPSS Modeler 4 DP2 FFDJ2 66. 666 7 100
PR J5 v FARCE BRI B B S ID Y FFDJ2 DP2 66. 666 7 100
PR R HE S YR 1 bP2 Q05X 6.0067 100
_ YYMDI1 GYSBI1 and CS1 66. 666 7 100
> }Fu” SET . Sl B3 N R E k¢ ” 52
géi %%BﬁT*j\j 4%/]‘16 ’r? 7 1D B/J ﬁj@ 126'*4:j\7 CS1 GYSBI1 and YYMDI1 66. 666 7 100
LSRR PR E T I A R CAA aEE B N GYSBI CS1 and YYMDI 66. 666 7 100
ARRTSEHRAE . 15 Aprior AT HEE, VR 4T rey 09 frc‘ifmf;‘;ﬁgf]gl 50.000 0 100
. N N N anc O anc
PR & SR MR PR RAE 7 BERn I, WA - BRI 3 and F .
XP2 LJX3 and FCJ3 and GYSBI 50.000 0 100
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Fig. 5 Flow chart of Apriori algorithm mining sweeper parts rule
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Table 5 Filtered table of association rule sections

J& T IR YHEE B/ % BAGEE O % PETHEE
FFDJ2 DP2 33.333 3 100 6
DP2 FFDJ2 33.333 3 100 6
DP2 QZQSX2 33.333 3 100 6
QZQSX2 DP2 33.333 3 100 6
QZQSX2 FFDJ2 33.333 3 100 6
FFDJ2 QZQSX2 33.333 3 100 6
FFDJ2 DP2 and QZQSX2 33.333 3 100 6
DP2 FFDJ2 and QZQSX2  33.333 3 100 6
QZQSX2  DP2 and Q QZQSX2  33.333 3 100 6
FCJ1 LIX1 50. 000 0 100 3
LIX1 FCJ1 50.000 0 100
FFDJ3 DP3 66. 666 6 100 2
DP3 FFDJ3 66. 666 6 100 2
FFDJ4 DP4 66. 666 6 100 2
DP4 FFDJ4 66. 666 6 100 2
FFDJ5 DP5 66. 666 6 100 2
DP5 FFDJ5 66. 666 6 100 2
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Fig. 6 Cleaning and sweeper knowledge mining results visualization

network diagram construction process
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Fig. 7 Visualization network diagram of association rule results
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Fig. 8 A network diagram of the collated association rule results
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