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(1) BIEE—AHT £ Root;

(2) FHEELFD SF0 % 1 T,

(3) For each a e F,

(4) EpisodeGrow( o)

(5) Output(Root)

Procedure EpisodeGrow ( Episode o)
B FHER I o

(1) For each B e F,

(2) y=a+B

(3)  1f PSTFind(sub_vy e y)

(4) . Mano = ComputeMano( o, )
(5) If |y. Mano| =min_sup

(6) Add B to a as a child node
(7) EpisodeGrow ( Episode B)
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(1) Timestamp i,j,k
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(3) j=k
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(5) Ifi. Ts>(j—1).Te and i. Te <j. TS
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Procedure PSTFind( Episode +y)
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I« True/False

(1) Current = Root

(2) for each sub_y ey

(3) if Current. name. contains( sub_y. name)
(4)  Current = CurrentNode. NextNode

(5) else

(6) return false

(7) return true
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Procedure CutSub( Episode )
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it sub_y

(1) Set sub_y =@

(2) fori=1 toy.len-l

(3)  a=sub(y.name,1,i-1) +sub(~y. name,i +1, v.len)

(4)  sub_y.add(a)
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Table 1 Frequent episodes

e PR BUNHAEES R AR R SRR

1 <A> {[1,11[5,5]1[9,9]} 3

2 <AB > 111,2705,71[9,117} 3

3 <ABC > {[1,4]09,12]§ 2

4 <AC> {[1,4]09,12]} 2

5 <B> 112,2707,7][ 11,117} 3

6 <BA> 102,5107,911 2

7 <BC> f[2,4]011,12]} 2

8 <C> 1[4,4]012,12]} 2

{[1,1[19{3,]5}1 {[4,4][12 12}

{[1.2][5,7]

(9,117} {[2.4]11,12}

{[1.4][9.12]}
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Fig.2 Prefix shared tree
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The Lithologic Pattern Filling of Drilling Histogram

WANG Jia-jia, TU Wen-sen, XIAO Liang
(School of Computer Science and Engineering, Nanjing University of Science and Technology, Nanjing 210094 ,P. R. China)

[ Abstract] Drilling histogram is commonly used in GIS tools, and lithologic pattern is needded when drawing the
histogram. Lithologic pattern is one to one correspondence with the lithologic name. A new method of vector pattern
fill is mainly proposed aims at the characteristics of drilling histogram. The pattern is decomposed into several type
of lines, then drawing the line according to the parameters of the line. At the same time, given to the complexity of
layer, it also discusses a composite vector pattern filling algorithm which considers the scaling factor relationship be-
tween patterns. This algorithm can fill several patterns into one area. The experimental result about the histogram of
zijin northwest mine, is fully proved the high efficiency of the algorithms.

[ Key words|  drilling histogram lithologic pattern vector composite pattern
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Algorithm for Mining Frequent Episodes Based on the Prefix Shared Tree

DING Yong', ZHU Hui-sheng’, GAO Guang-yin'
(Taizhou College of Science and Technology' ;

School of Computer and Science , Taizhou College® , NJUST, Taizhou 225300, P. R. China)

[ Abstract] Algorithm NONEPI and its improved algorithm NONEPI + to find non-overlapped frequent episodes
exist some defects such as high complexity and "over computing" , etc. In this paper, support based on minimal and
non-overlapped occurrence is definited, presents an algorithm called PST_NONEPI for mining frequent episodes
based on the prefix shared tree, the algorithm uses a depth-first search strategy, compress frequent episodes have
been found to the prefix shared tree, to discover all frequent episodes by maintaining the prefix shared tree. the al-
gorithm only needs to scan the event sequences once, which improves the efficiency of mining frequent episodes.
Experiments show that, PST_NONEPI algorithm can effectively mine frequent episodes.

[ Key words] event sequence frequent episode minimal and non-overlapped occurrence prefix

shared tree



