Algorithm 3 KNN Query (record q, k, BT trees {T;})

1: for each T; io o
2:  Initialize C; and C) using the info of key(q, ®;)
3: Initialize each element in array status as 0
4: e =MAX
5: while TRUE do
6: for eﬁh T, do
T if Cr.next(e)! = NULL then
8: rld = C—>’T.getNe:rt()
9: status[rld] + +;
10: if status[rid] == L then
11: checkList.add(rId)
12: if <C_’l.neﬂﬂt(e)! = NULL then
13: lld= a.getNext()
14: status[lId] + +
15: if status[lId] == L then
16: checkList.add(l1d)
17: if (Cannot getNext in all trees)
&& (checkList.empty==TRUE) then
18: Return {kNN List}
19: for each element el; in checkList do
20: if mlcwlc(/cey(eh7 ®;) + ckey(els, ®;)) > e then
21: continue;
22: else if Can be filtered by R-EMD then
23: continue;
24: else if Can be filtered by LBy then
25: continue;
26: else
27: if EMD(el;,q) < € then
28: kNN List.add(el;)
29: if kNN List.size ==k + 1 then
30: Delete the one in kNNList with the
largest EMD to ¢
31:

e = max(EMD(kNN List[i], q))

trees and O(Nd®) time on distance refinements. This leads
to the total complexity of O(LN + Nd*). Restate that L is
normally a small constant and N can converge the infinity,
which means the time complexity of TBI is better than that
of SAR.

F. EXPERIMENT SETUP

In this section, we introduce the setup of the experiments,
including the data preparation, experimental environment
and parameter settings. We begin with describing the three
real data sets we used.

RETINAL1 Data Set: This is an image data set consists
of 3,932 feline retina scans labeled with various antibod-
ies. For each image, twelve 96-dimensional histograms are
abstracted. Each bin of the histogram has a 2-dimensional
feature vector. A feature represents the location of its corre-
sponding bin and is used for the ground distance calculation.
IRMA Data Set: This data set contains 10,000 radiogra-
phy images from the Image Retrieval in Medical Application
(IRMA) project [1]. The dimensionality of each histogram in
TRMA is 199 and the feature of each bin is a 40-dimensional
vector. Thus, IRMA becomes the most time-consuming data
set for each individual EMD calculation amongst our three
real data sets.

DBLP Data Set: This is a 8-dimensional histogram data

769

Parameters |

search range RETINA1-60
search range IRMA-0
search range DBLP-0

k of kNN query

ground distance

DBLP data size

Varying Range |
0.3,0.35,0.4,0.45,0.5
0.3,0.4,0.5,0.6,0.7
0.1,0.15,0.2,0.25,0.3
2,4,8,16,32,64
Euclidean, Manhattan
50,100,150,200,250 (x10%)

Table 2: Varying parameters

set with 250,100 records, and it is generated from the DBLP
database retrieved in Oct. 2007. The 8 dimensions of each
histogram represent 8 different domains in computer sci-
ence, including artificial intelligence, application, database,
hardware, software, system, theory and bio-information. We
define the feature of each bin/domain considering its corre-
lation to the following three aspects, i.e., computer, mathe-
matics and architecture. As thus, each histogram dimension
will have an 3-dimensional feature vector. For the other spe-
cific content of DBLP data set, please refer to [31].

RETINA1L and IRMA data sets are also used by literature
[29]. We calculate the ground distance between arbitrary
two bins based on their feature vectors. For example, on
IRMA data set, the ground distance between bin i and bin
j can be the Euclidean Distance between their corresponding
40-dimension feature vectors.

The reported results in our experiments are the averages
over a query workload of 100. Each complete data set is di-
vided into a query data set containing 100 query histograms
and the remaining data form the database to be queried.
Therefore, the cardinalities of the RETINA1, IRMA and
DBLP databases are 3,832, 9,900 and 250,000 respectively.
We compare our similarity query algorithm with the scan-
and-refine algorithm (we named it as SAR) proposed in lit-
erature [29]. The SAR algorithm, to the best of our knowl-
edge, is the most efficient exact EMD-based k-NN algorithm
over high-dimensional histograms. The dimension reduction
matrixes used in SAR are the most excellent ones accord-
ing to the experimental results in [29]. Specifically speak-
ing, we use the 18-dimensional reduction matrix generated
by FB-ALL-KMed method on RETINA1 data set and use
the 60-dimensional reduction matrix yielded by also the FB-
ALL-KMed method on IRMA data set. The default filter
function chain we used in our TBI methods follows BT
Tree Index — R-EMD(EMD on reduced space)— LBry —
UBp — EMD(EMD on original space)’. Particularly, we
leave out the UBp filter in the k-NN query. And we skip
the R-EMD filter on the DBLP data set, for the histogram
dimensionality in DBLP is 8 and it is already very low. To
verify the efficiency of our algorithm, we measure the Query
Response Time, the Number of EMD Refinement, Querying
1/0 cost in our experiments.

In Table 2, we summarize the parameters and their vary-
ing ranges in our experiments. The default value of each
parameter is highlighted in bold.

All the programs are compiled by Microsoft VS 2005 in
Windows XP and run on a PC with Intel Core2 2.4GHz
CPU, 2G RAM and 150G hard disk.





