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Abstract; Complex fault mechanism and operation parameters of the tunnel boring machine
(TBM) were analyzed, and the method of rough set and decision tree algorithm applying to data
mining was studied. Take several MATLAB 7.0 dispersed data of tunnel boring machine cutter
head as an example, the redundancy attribute of fault samples was reduced by the combination
with the rough set attribute reduction algorithm. The rules were extracted with the decision-making
tree algorithm. The C4.5 algorithm and the improved C4. 5 algorithm were implemented with the
data mining tool Clementine, with the results compared. The data was tested by the VB
programming. The results showed that the fusion algorithm is a rapid,
approach for fault detection and diagnosis.
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Fig. 1 Influence factors of TBM construction
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Fig. 2 Diagnosis decision tree model
based on rough set
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Fig. 3 Basic fault diagnosis model
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Fig. 4 Flow chart of rough set attributes reduction
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Table2 TBM data distinguishable matrix
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Table 3 TBM fault sample training set
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Fig. 5 Cutter head fault decision-making tree
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Table 4 Comparison of two algorithms
simulation results

(RG] #E EWETEs IERR/%
C4.5 8k 8 0.37 98.5
kR C4. 5 Bk 4 0.30 98.5
4 4 e

1) A4 i 98 2E AL T £ i — 28 ST A 5 s
1, 5350 R ] CA. 5 SEYEFNRRIERY C4. 5 FEEERTHKL
B SRR A AT DR SRR 4B, A5 B Y 45 SRR — 3K
B, B ekt i) C4. 5 SR JE IEA Y.

2) A H %472 2 T 2 Clementine S8 T
C4. 5 B4E 42 4, DL st $2 BT BB 12 W 9 R0 00 5
Clementine {j B 45 5 R, it 1 C4. 5 Bk
TR AR IBORTS W SR 1 T AR £, 48
TiZWrs .

3) HHABR A BRI RE R R K &
(1) A 5 2 491 504 v A5 BB 43 2 B R I X
S ) A T B3 R U] e e TRV I, S 3
T BEEIS W BT 55, RRAE KR B2 = 12 ks L.

SR

[1] DaiYY, Zhao J S. Fault diagnosis of batch chemical
processes using a dynamic time warping based artificial
immune system [ J]. Industrial & Engineering Chemistry
Research ,2011 ,50:4534 - 4535.

[2] Lee S W,Chang S H,Park K H,et al. TBM performance and
development state in Korea[ J|. Procedia Engineering 2011,
14.3170 -3175.

[31  3kKS, ARDe%, BRAkK 55, B TRERMER T TBMRZS Mal 5=
Gl EMIE[ ). RGEVTEAER ,2013,25(8) 11716 — 1723

(Zhang Tian-rui,Dai Yuan-xing,Wu Ji-jiang, et al. Research
on simulation for TBM monitoring system based on virtual
instrument[ J ]. Journal of System Simulation,2013,25(8) .
1716 - 1723.)

(4] #3884, 55 BT 2Rl B G L
BREs W) ], T E TAEPLRSAA,2012,10(2) 1222 -227.
(Huang Ke,Zhao Jiong,Zhou Qi-cai, et al. Fault diagnosis on
shield machines based on multivariable statistical process
monitoring [ J]. Chinese Journal of Construction Machinery,

2012,10(2) ;222 -227.)
(T#% 541 W)



