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1 EPDM ClassSetcs =return ClassesOfMCD( k. adjlist 1 ) :
€ E). C (ii) MCD
T ECCC VersionSet vs =
return VersionsOfMCD( k. adjlist i ) ;
2 ( 1ii)
. . M
A N
B B A if ( sqart( cs. nums* cs. nums /M* M +
B . vs. nums*  vs. nums /N* N)) > = Value)
3 Java visited 1 =1;
¢ (v
c, -+ C, p =k. adjlist 1 . FirstEdge;
EDM while (p) {
{c, ¢, - C} 2 if (! visited p—>adjvex )
SelectMCD( k value p-> adjvex) ;
p = p—> next;
}
}.
1) . 2 Java
R, = { ¢, G - G}
(v} Java i-1 i Java
c, C, - C, Java
2)
R, - R, 2.1
Ri. = q C] Cz ......
Ck} {Vi ' V]} > V. Vi e :
{ vV} Vi Vi Algorithm Annealing <D 7 > ( d: D; tmax tmin
C, Cy oo C, . a. real; kmax: int; f: Z->real; Init: D->7Z; N: Z->
1849 Se(2))
begin
. letx = Init(d) t = tmax xbest = x;
SelectMCD. while (t > tmin) do
K( K let k = 0;
) Value. while (k < kmax) do
Valued if (IN(x) | =0) then break;
MCDSet let r = Random(0 IN(x) 1) x"= N(x r
: delta = f(x) —{(x7);
/* MCDSet *f if (delta <0) | exp( —delat/t) <
MCD MCDSet; Random(0 1)) then
int intvisited ; // X < =X
void SelectMCD ( LinkedGraph * k int value int i) if (f(x) < f( xbest)) then xbest < —x;
{ /
MCD * p; k < -k+1;
(1) MCD t < —a*t
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return xbest;

end.

1 1
F2A oy B k>
Mo = | F 5 ( . ) 5=
A, k=1
6 MQ
f MQ -1 1
MQ
A, i i
N;
M E t J
E;, N; N, i b
€ij
2) x’
2 LT (
) P,
P,
P, P, ;
P, P,
P, P,
Java annealingl annea—
ling2 annealingl  annealingl 1
annealingl
annealing? 1
1
annealingl .
num g tmax
tmin a kmax.

g

GraphPartion annealingl ( int num Graph g float

tmax float tmin float a int kmax)

{
(1)
(i)

GraphPartion init = new GraphPartion( g) :

num g ;

nit

(iii) 1

num -1

num

num
int 1 =0;
for(;i< =num-2;i+ +){
NodeSet k1 =new NodeSet( ) ;
k1. add( 1) ;
init. add( k1) ;
}
NodeSet k1 =new NodeSet( ) ;
for( ;i< =g. getNodeNum( ) —1;i+ +)
k1. add( i) ;
init. add( k1) ;
(iv)
return annealing2( init tmax tmin a kmax) :

}.

annealing2

. annealing2.
nitPartion tmax

tmin a kmax.

GraphPartion annealing( GraphPartioninitPartion
float tmax float tmin float a int kmax)

{

GraphPartion x x1 xbest;

float t:

xbest = initPartion;

t = tmax; x = xbest. Clone( ) ;

while( t > tmin) {

int k =0;

(i)

Random rand = new Random() :
Random randl = new Random( ) :

Random rand2 = new Random( ) ;

(ii)

while ( k < kmax) {
(iii) 2
firstNodeSet

int num = initPartion. getSize( ) ;

secondNodeSet

int numOfFirstSet = rand. nextInt( num) ;

int numOfSecondSet = randomGenerateSet ( rand
numOfFirstSet) ;

x1 =x. Clone( ) ;
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firstNodeSet = x1. getNodeSet( numOfFirstSet) ;
secondNodeSet = x1. getNodeSet ( numOfSecond—

Set) ;
(iv) randl “ 7
: 1
1 1 kl
firstNodeSet secondNodeSet  ;
(v) “ 7 sand2
firstNodeSet ~ secondNodeSet 2
kl k2
{

k1 =firstNodeSet. getNode( numOfNode( rand2) ) ;
secondNodeSet. add( k1) ;
firstNodeSet. delete( k1) ;
k2 =secondNodeSet. getNode( numOfNode( rand2) ) ;
firstNodeSet. add( k2) ;
secondNodeSet. delete( k2) ;
}
(vi)
float delta =x. calMQ() —xl1. calMQ() ;
if( ( delta <0) |1
( Math. exp( -delta/t) <
Math. random( ) ) ) {
x =x1;
if( x. calMQ() > xbest. calMQ()) xbest =x;
}
k+ +;
}
t=a* t;
}

return xbest;

20

LR, LR, 3 ;
SemLR, SemLR, SemLL

: TLRTuning

LL SemLL

{LR, SemLR,} {v, v, v;}); {LR, Sem-

LR,} {v, v, vi v,}); {LL SemLL} {v, v,
vs} ).

TKeyWordMan

| TOutputManager| | TSentenceMana

MQ 1
1 8
MQ
1~8 .
1 MQ x 100%

1 8.333 300 10.416 600

2 14.999 999 16.499 999

3 17. 187 500 18.750 000

4 12.585 033 20. 138 888

5 9.861 112 16. 300 000

6 7.999 999 17.500 000

7 6.547 619 10. 119 048

8 2.343 750 4.017 800

9 3.125 000

10 -0.277 700 ~3.333 333

MOJO
2122 MOJO 2
MOJO

2

R_MOJO( i j) =(1-MOJO(i j) /N) N 2
R_MOJO
2 . 2
3
75%
(
75%) ; 6
( R_MOJO 100%)
R
MOJO 75%
3
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The Research on Java Software Clustering Based on
Software Evolution Dependency

ZHONG Linhui LI Junjie ZHANG Nengwei HUANG Xiaoming

( School of Computer Information and Engineering JiangXi Normal University Jiangxi 330022 China)

Abstract: Software clustering can be used to solve the software partitioning problem and realize the software modu—
larization. However traditional software clustering methods have not considered the potential relation between soft—
ware elements which cannot be identified by using the static analysis method. So it may lead to software not meet
the "high cohesion low coupling" feature after clustering. In order to solve the above problem a strategy by introdu-
cing the software evolution information into the software clustering process and propose a software clustering algo—
rithm based on the extended Java dependence model and simulated annealing idea have been proposed. Experiments
show that this method can improve the accuracy of software clustering.

Key words: software clustering: software evolution information: high cohesion; low coupling



