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Study on Bayesian network structure learning algorithm based on
ant colony node order optimization
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Abstract: K2 algorithm is the classical learning algorithm of Bayesian network structure. Aiming at the problems that K2 algorithm
depends on the maximum number of parent nodes & node order and ant colony optimization algorithm has large search space, this paper
proposes a new Bayesian structure learning algorithm - MWST-ACO-K2 algorithm. Firstly, through calculating the mutual information,
the algorithm establishes the Most Weight Supported Tree (MWST) and obtain the maximum number of parent nodes. Secondly, ant
colony optimization algorithm is adopted to search the Most Weight Supported Tree and obtain the node order. Finally, combining with
K2 algorithm, the proposed algorithm can obtain the optimal Bayesian network structure. The simulation experiment results show that the
proposed algorithm not only solves the problem that K2 algorithm relies on prior knowledge, but also reduces the search space of ant
colony algorithm, simplifies the search mechanism and obtains good Bayesian structure. The proposed algorithm was applied to the
operation data of the cement rotary kiln in Jidong Cement Company, established the Bayesian network structure model of the cement
rotary kiln and achieved precise and rapid fault diagnosis.
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Fig.1 The ant transition diagram
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Fig.2  Most weight supported tree of Asia network
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Fig.3 The most node connection
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Table 1 Aisa network simulation comparison

CS t/s
MWST-ACO-K2 HC /s MWST-ACO-K2 HC t/s MWST-ACO-K2 HC t/s
500 5 4.5 6.8 7.9 5 2.7 15.429 036 23.386 327 2.745 371
3 000 4.8 4.5 7.2 4.7 5.8 1.5 14.623 478 23.634 970 2.858 084
5 000 4.6 3.7 7 4.7 6 1.5 10.314 974 22.665 935 2.898 342
10 000 5 3.2 7.5 3.8 7 1.3 12.225 175 25.688 966 2.987 148
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Table 2 Car network simulation comparison
CS t/s
MWST-ACO-K2 HC t/s MWST-ACO-K2 HC t/s MWST-ACO-K2 HC /s
500 6 2.4 5 4.4 8.2 45.2 29.550 229 39.499 011 4.081 978
3 000 5.6 5.2 7.8 4.8 5.2 2.2 29.896 599 57.498 521 4.601 856
5 000 5.5 3.4 8.5 3.6 7.2 0.5 25.191 230 59.985 437 4.590 844
10 000 6.2 3.6 8.4 3 7 0.7 30.212 635 85.452 098 4.737 166
MAK M K2 M I-ACO-E M HC CSIEMiiy MSZEKL RSHEIHL AS 2Nl

CS MS RS AS | CcS MS RS
2 000 %4 3 000K His

CS MS RS AS| CS MS RS AS
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Fig.7  Alarm network simulation comparison
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Table 3 The data sample examples and quantized data

il

7

1

2

3

4

5

MR/ (1-h7h)
MR/ (1-h™")
FHLIL/A
AT (% )
NO ¥/ ( x107°%)
CO #eJE (% )
R/ C
PAMTFEE (% )

302.335 54(2)
12.120 04 (2)
777.394 95(2)
1.417 78(1)
485.519 16(1)
0.005 20(1)
1002.514 04(1)
55.67(1)

320.824 61(2)
11.661 72(2)
802.857 23(2)
3.370 85(2)
492.463 52(1)
0.013 02(1)
956.471 49(1)
55.612(1)

223.038 08(1)
11.483 48(2)
544.771 42(1)
4.267 824(2)
730.543 85(2)
0.039 92(2)
962.811 82(1)
55.671(1)

343.219 84(2)
10.415 31(1)
761.481 01(2)
5.077 98(2)
425.914 33(1)
0.001 73(1)
1058.461 06(2)
66.673(2)

221.475 64(1)
14.725 38(3)
912.405 57(3)
8.164 79(3)
422.442 23(1)
0.010 41(1)
1 .000.468 68(1)
66.612(2)
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Table 4 The prior probability table for C and M

R 1 1EH 2 Mz 3
P(C) 0.178 0.721 0.101
P(M) 0.120 0.784 0.096

x5 EHRETHFEHHER
Table 5 The conditional probability table for T’

ERBEAAER P(T/C,M)

M C OBk M i T2 o
b 1 b 1 0.250 0.535 0.215
1EH# 2 Rz 1 0.050 0.367 0.583
W% 3 b 1 0 0.115 0. 885
iz 1 2 0.650 0.306 0.044
1EH# 2 2 0.097 0.853 0.050
Wz 3 2 0.032 0.260 0.708
b1 % 3 0.807 0.193 0
1EH# 2 W% 3 0.621 0.355 0.024
Wz 3 W% 3 0.223 0.564 0.213
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P(C,M/T =3) = —P(geﬁf’f;” _
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P(T =3) - P(T =3)

(8)
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R C ek M ARSI SR, ANk 6 iR .
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Table 6 The posterior probability table for C and M

M C WORHE M P(C,M/T =3)
b 1 iz 1 0.005
1EH 2 b 1 0.050
% 3 b 1 0.011
iz 1 IEH 2 0.006
IEH 2 IEH 2 0.028
iz 3 EH 2 0.056
b 1 % 3 0
1EH# 2 Wiz 3 0.002
W 3 (FEZR 0.002
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Table 7 The reasoning result table
RS S BREEE BOIRAS
e T HEFRLE

cC M ¢/(t+hh)y M/(t-h7h)
13 3 2 14.725(3)  343.219(2) TEH
2 2 2 2 12.120(2)  322.517(2) TEA
303 1 1 11.617(2)  321.276(2) H iR
4 2 2 2 11.642(2)  330.329(2) TEH
5 1 1 2 10.415(1)  329.940(2) TEH

T TSR SR AT 3 25 2 AR A B v TR 2 BT R A
| D,,,. | 4% 8 Fis .
*8 IEMISHTHREL
Table 8 Correct number of diagnoses
FEAS KL 100 200 300 400 500
R0 76 154 235 314 400
FEAEL 600 700 800 900 1000
NRGEA 497 591 674 761 850
THE BN (RS Wi % H 2R
At [ D DUREACES B AT LS 5045 12 T 1 4 7 56
M, sl 10 foR o
86
84t T i
o »
st i
% ,
80t J
78| o
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Fig. 10 The accuracy of the diagnosis model
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