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Abstract: Multidimensional time sequences are an important kind of data stored in the information system.
Similarity search is the core of their applications. Usually, these sequences are viewed as curves in multi-space, and
the Euclidean Distance is computed to measure similarity between these curves. Although Euclidean Distance can
reflect the whole deviation between two sequences or subsequences, it ignores their inherent changing features. To
remedy it, this paper presents a new algorithm. In this algorithm, the shape features of sequences or subseguences
are subtly combined with spatial index structure (k-d tree), which makes it possible to match shape of sequences or
subsequences without any extra cost whiling searching the tree. The experimental result demonstrates that the
algorithm is effective and efficient.
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3) SF, Inf.SF ;
4) Next, Inf.Next
2.3 —k-d
231 k-d
k-d . k-d P :
1) SF=[SF,. SFY, (P ,
Ki(P)(i=0,....k-1)  ;
2) Disc(0<Disc<k-1), SF , Disc(P) ;
3) FNPnt,
. FNPnt(P) ;
4) LeftSon RightSon, LeftSon(P)  RightSon(P)
k-d P, j=Disc(P),
1) P L, Ki(L)<K;(P);
2) P R, Ki(P)<K;(R);
3) FNPnt(P) SF
k-d ‘ . ( 0 ) 0, 1 1,..., k1
k-1, k 0, k+1 1, .
Disc(LeftSon(P))=Disc(RightSon(P))=(Disc(P)+1) mod k.
P (o} q FNPNt(P) , P ,
P Successor (P,q) : SF(P) o.SF , P; , j=Disc(P),
9.5F[j1<K;(P), LeftSon(P); , RightSon(P).
232 k-d
: kd : q,
Root k-d Insert(Root,q)

Insert(Root,q){
if (Root==NULL) then {

SF(P)=q.SF;
Disc(P)=0;
FNPnt(P).Next=q;
LeftSon(P)=RightSon(P)=NULL;
return;
}
T=Root;
do {
R=T;
T=Successor (R,q);
} until ((T==NULL) or (T==R))
if(T==NULL) then{ // q.SF

S=(P)=q.SF;
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Disc(P)=(Disc(R)+1) mod k;
FNPnt(P).Next=q;
LeftSon(P)=RightSon(P)=NULL;
j=Disc(R);

if (.SF[j]<K;(R) then LeftSon(R)=P;
€else RightSon(R)=P;

}
if(T==R)then ¢ FNPnt(R) ;

2.4
Q, w, h, Root k-d g,

SmilarityQuery(Root,Q,&,w,h){
Q wo | ) Fos--»Qi-15
gi(0<i<l-1){
P=SearchTreeNode(Root,q); // g.SF P
InfoNodeSet_i=get(P); // P r
infoNodeSet=M atch(InfoNodeSet_0,...,InfoNodeSet_|-1,w); // InfoNodeSet_i
ResultSet=Real Dis(InfoNodeSet,Q,s); // InfoNodeSet ,

Q

, SearchTreeNode(Root,q)  Insert(Root,q) , .
Match(InfoNodeSet_0,...,InfoNodeSet_I-1,w) : InfoNodeSet , InfoNodeSet_0
r, InfoNodeSet_i(i=1,2,...,1-1) t, t.ID=r.ID t.offset=r.offset+i-w,
r InfoNodeSet, InfoNodeSet.
Real Dis(InfoNodeSet,Q, ¢) : SubSequenceSet - InfoNodeSet
ID  offset, Len(Q) SubSequenceSet ,
Resul tSet , SubSequenceSet s, D(sQ)<g, S ResultSet, ResultSet.

, Q :
1) Len(Q=w ,Q (o} , InfoNodeSet_0,
Match 3
2) Len(Q>w ,Q I=int(Len(Q)/w) , I ,  InfoNodeSet_O,...,
InfoNodeSet_|-1;
3) Len(Q<w ,Q a, Match . O.SF
, SearchTreeNode(Root,q) )
SearchTreeNode(Root,g){
TreeNodeSet=g; //
fmin=0.SF “0", h;
fnax=q.SF “17, h;
Queue ;
Enqueue(Queue,Root); //
While (NotEmpty(Queue)) { //
P=Degueue(Queue); //
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fmin fmin[i] {

if (finli] &Ki(P))==fminli]) then { //q.SF[i]  Ki(P)
TreeNodeSet=TreeNodeSetUP;

}

j=Disc(P);

if((Kj(P)>fminlj]) & & (K;j(P)<fmali])) then {
Enqueue(Queue,LeftSon(P));
Enqueue(Queue,RightSon(P));

}

elseif (K;(P)<fmin[j]) then Enqueue(Queue,RightSon(P));

else Engqueue(Queue,LeftSon(P));

Vol.17, No.10, October 2006

}
return TreeNodeSet;
}
}
SearchTreeNode(Root,q) TreeNodeSet , InfoNodeSet.
3
S S M,
N-(M—-w+1). k-d m,
L=N-(M-w+1)/m. [5] ,  k-d O(logom). ,
SF , k-d O(MN:-logz(MN)). Q, Len(Q=w
. I=int(Len(Q)/w), SearchTreeNode O(l-log,m),Match O(l-L),RealDis
o(L); Len(Q<w ,SearchTreeNode ,
O(MN:-Len(Q)). , , .
[4] , Drorm O(Len(Q)?), R
O(p-logym), ,m u P , MBR
: (4
4
. h w
k-d (CTime) (TNode) (Height) 10 000 (QTime)
(prune) :
Prune=( - )( - ).
1 hw CTime TNodeHeight QTime
1) w ,h ,
2) h , , , , k-d
1 h 4 5
k=3,Len(Q)=36,w=36,h=5, Len(S (CTime)
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[4]

Q, w=36,h=5. QTime
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Len(Q) w ,QTime
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QTime

2055

( k=3,Len(S=500000)

, ScanTime
Len(Q)

ScanTime

Tablel Relationship between (h,w) and (CTime, TNode, Height, QTime, prune)

(4]

w,QTime ;

1 hw CTimeTNodeHeight,QTime prune
h w CTime(s) TNode Height QTime (9) Prune
3 37 1.203 422 18 0.531 0.892
4 37 1.265 689 19 0.047 0.921
5 36 1.375 3733 26 0.046 0.936
6 37 1.453 9240 30 0.062 0.949
7 36 1.546 20 107 31 0.079 0.934
8 33 1.609 48 849 37 0.062 0.965
9 37 1.687 49 095 38 0.063 0.978
10 41 1.765 50 823 39 0.063 0.994
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