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Efficient Sub-Window Nearest Neighbor
Search on Matrix
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Abstract—We study a nearest neighbor search problem on a matrix by its element values. Given a data matrix D and a query
matrix ¢, the sub-window nearest neighbor search problem finds a sub-window of D that is the most similar to g. This problem
has a wide range of applications, e.g., geospatial data integration, object detection and motion estimation. In this paper, we
propose an efficient progressive search solution that overcomes the drawbacks of existing solutions. First, we present a generic
approach to build level-based lower bound functions on top of basic lower bound functions. Second, we develop a novel lower
bound function for a group of sub-windows, in order to boost the efficiency of our solution. Furthermore, we extend our solution
to support irregular-shaped queries. Experimental results on real data demonstrate the efficiency of our proposed methods.

Index Terms—nearest neighbor, similarity search
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1 INTRODUCTION

Multimedia databases [22], [24], [33] support similarity
search on image objects by their feature vectors. In contrast,
we consider a similarity search problem on a matrix (e.g.,
pixel value in an image) by its element values. Specifically,
given a data matrix D and a query matrix ¢, the Sub-
Window Nearest Neighbor Search (SWNNS) problem finds
a sub-window ¢ of D such that ¢ is the best match of ¢
with the same size, i.e., having the smallest distance from
q [34]. The typical distance function dist(g,c) is the L,-
norm distance (usually L; or Lo).

This problem has a wide range of applications, e.g.,
geospatial data integration [8], [9], [11], motion esti-
mation [27], object detection [6], [14], [23], image
editing [10] and compact encoding for scientific array
databases [35]. Figure 1 illustrates the SWNNS problem on
satellite images in two applications. Note that each pixel in
a satellite image represents a certain area on Earth.

o Weather forecasting involves estimating cloud motion
on a sequence of weather satellite images [1], [5]. In
this case, D can be the latest image (cf. Figure 1a),
and q is a cloud pattern (cf. Figure 1b) extracted from
a previous image. SWNNS returns the best match (i.e.,
yellow rectangle in Figure la), whose location can
then be utilized to estimate cloud motion.

o An example of geospatial data integration is to stitch
multiple satellite map images into a single map im-
age [8], [9], [11]. Let D be a map image (cf. Fig-
ure 1d), and ¢ be a road junction pattern (cf. Figure le)
extracted from another map image. The best match
position of SWNNS enables us to stitch map images.
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In subsequent discussion, the query ¢ can either take a
rectangular shape [2], [17], [18], [28], [29], [34], [38] or
an irregular shape [3], [13], [30], [31], [39]. We illustrate
rectangular queries in Figures 1b and e and irregular-shaped
queries in Figures lc and f, respectively.
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Fig. 1: Sub-window nearest neighbor search (SWNNS)
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Dual-Bound [34] is the state-of-the-art exact method
for the SWNNS problem on rectangular queries. The
idea is to utilize both lower and upper distance bound
functions (LB(q,c)/UB(q,c)) for candidates (i.e., sub-
windows) such that LB(q,c) < dist(q,c) < UB(g,c).
This method terminates when the smallest upper bound
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is less than the lower bounds of all other candidates. In
addition, it iteratively refines the bounds of candidates by
using a sequence of tighter lower and upper bound func-
tions. However, this solution may invoke a large number of
bounding functions per candidate in the worst case, leading
to a high cost.
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Fig. 2: Illustration of our progressive approach

Our preliminary work [7] focuses on rectangular queries.
Specifically, we contribute a solution with a group-based
lower bound function LBg.ou, and a level-based lower
bound function LBjcyer,¢, as shown in Figure 2. Instead
of examining candidates individually, we first gather candi-
dates into groups and attempt pruning unpromising groups
by using LBg.,.p. For the surviving groups, we divide
them into smaller groups and repeat the above process.
When a group degenerates to a candidate, we attempt
pruning it by using LBjeyere. Our LBy e is designed
in a fashion such that: (i) it is generic and can take any
lower bound function as a building block, (ii) it limits the
worst-case cost by using a logarithmic number of levels
(for /).

To obtain meaningful results in the aforementioned ap-
plications, it is important to ignore irrelevant pixels in
the ‘background’ of a query (e.g., Figure 1b) and exclude
them from matching. As such, it is more appropriate to
model a query (e.g., cloud, road junction) by an irregular
shape, as shown in Figure lc. The state-of-the-art exact
method for this problem [13] is an extended version of
Dual-Bound [34]. To cope with an irregular shape, it incre-
mentally partitions candidates into rectangles on-the-fly in
order to tighten their lower and upper bounds. However,
this solution needs to maintain a set of rectangles for
each candidate, thus incurring high overhead on both the
memory space and the response time.

Compared to our preliminary work [7], our new con-
tribution is to develop an efficient solution for answering
SWNNS on irregular-shaped queries (Section 5). To reduce
the memory space for managing candidates, we adopt
the same partitioning scheme for all candidates. In this
approach, it is desirable to find the optimal partitioning
scheme that can minimize the computation cost. We show
that it is hard to find the optimal partitioning efficiently,
and then propose several heuristics for this issue.

The rest of the paper is organized as follows. Section 2
elaborates on the related work. Section 3 defines our
problem and introduces background information. Section 4
presents our proposed solution for rectangular queries.

Section 5 studies the SWNNS problem for queries with
irregular shapes. Section 6 discusses our experimental re-
sults. Section 7 concludes the paper with future research
directions.

2 RELATED WORK
2.1

The nearest neighbor (NN) search problem has been exten-
sively studied in multimedia databases [22], [24], [33] and
in time series databases [15], [32], [42].

Multimedia databases [22], [24], [33] usually conduct
similarity search (i.e., NN search) on feature vectors of
images (e.g., their color / texture histograms) rather than on
raw pixel values in images. Various techniques on index-
ing [4], [21], [33], data compression [41], and hashing [20],
[37] have been developed to process NN search efficiently.
Recall that those multimedia techniques require knowing
feature vectors in advance. Those techniques are applicable
to our problem context, when the query size N, (i.e. total
number of pixels in query) is fixed, as we can convert
each candidate (sub-window) c;, to a N,-dimensional
feature vector offline. However, those techniques become
inapplicable if we need to support arbitrary query size (i.e.,
N, is only known at the query time). It is infeasible to do
precomputation for every possible query size as it would
require O(NV, D3) storage space, where Np is the data image
size (in pixels).

Generic NN search algorithms [25], [36] are applicable
to any types of objects and distance function dist(q,c).
Ref. [36] requires using a lower bound function LB(q,c),
where LB(q,c) < dist(q,c) always holds. Its search
strategy [36] is to examine candidates in ascending order
of LB(g,c) and then compute their exact distances to g,
until the current LB(q,c) exceeds the best NN distance
found so far. Ref. [25] takes an additional upper bound
function U B(g, ¢) as input and utilizes it to further reduce
the searching time. Observe that the lower bound functions
for a specific problem (e.g., our SWNNS problem) are
not provided in [25], [36]. In this paper, we focus on
developing lower bound functions like LBjcyei ¢; LBgroup
for the SWNNS problem.

Nearest Neighbor Search on Feature Vectors

2.2 Similarity Search Methods on Matrix

Similarity search methods on matrix can be classified
along two dimensions: (i) whether they support rectangular
queries or irregular-shaped queries, and (ii) whether they
support range search or NN search.

We first discuss the works for rectangular queries on
a matrix. Various lower bound functions [2], [17], [18],
[28], [29], [34], [38] have been developed for similarity
search problems on a matrix, in order to prune unpromising
candidates efficiently and thus avoid expensive distance
computations. Ouyang et al. [29] propose a unified frame-
work that covers range search solutions [2], [17], [18],
[28], [38]. The state-of-the-art NN search method is [34]. It
applies both lower and upper bound functions to accelerate
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NN search. Its lower / upper bound functions are based on
a Fourier transform on matrix (called the Walsh-Hadamard
transform), which can only support query of the size 2" x 2"
but not arbitrary query size. Also, [34] has not explored our
group-based lower bound function LB g;.,p, Which enables
efficient pruning for a group of candidates.

Although the idea of multi-level pruning originates from
[17], our method (in Section 4) differs from [17] in two
aspects. First, our method is applicable to any rectangular
query, but [17] can only handle square queries of the size
u” x p" (where p and r are integers). Second, as we
will explain in Section 4, our multi-level pruning takes a
a given lower bound function LBp,s;. as building block.
Thus, our method is extensible and can benefit from future
developments of LBpgsic.

Ref. [26] assigns candidates into groups and exploits
the similarities of candidates within the same group for
pruning. However, it still processes candidates in each
group one-by-one. In contrast, our group-based pruning
technique enables pruning at the group granularity.

We then discuss the works for irregular-shaped queries
on a matrix [3], [13], [30], [31], [39]. Like [3], our method
partitions an irregular-shaped query into regions. While
Ref. [3] allows only partitioning with square regions of
sizes 2" x 2", we allow a more flexible partitioning with
rectangles. Our partitioning leads to fewer regions than [3]
and thus reduces the computation overhead during pruning.
Several heuristics [30], [31], [39] have been proposed to
compute the results, but they do not always return the
best match. The state-of-the-art method for NN search [13]
is an extension of [34]. This method decomposes each
candidate into a set of disjoint rectangles, and associates
each rectangle R; with a lower bound [b; and an upper
bound ub;. When it refines the bound of a candidate,
it chooses the rectangle with the largest ub; — lb;, then
splits that rectangle based on an entropy idea. While this
approach tends to produce a good partitioning for each
individual candidate, it incurs high space and time overhead
on maintaining the above partitions / rectangles. In contrast,
our method eliminates such overhead by using the same
partitioning scheme for all candidates.

The above works assume that the image and the query
have the same orientation. Several methods have been de-
veloped to deal with deformation or rotation of images dur-
ing matching [6], [10], [23]. A representative method [10]
requires solving template matching (SWNNS) as a sub-
problem. As such, our proposed method can be applied
to speed up the method in [10].

The similarity search on a time series [15], [32], [42]
can be considered as a special case of our problem, where
both the data image D and the query g are modeled
as vectors instead of matrices. While some simple lower
bound functions (e.g., LBg) originate from them, our
proposed level-based and group-based lower bound func-
tions (L Bievel e, LBgroup) are specifically designed for the
SWNNS problem.

3 PRELIMINARIES

We first give our problem definition and provide back-
ground on prefix-sum matrices and lower bound functions.

3.1

In this paper, we represent each image as a matrix. Let D
be the data matrix (of size Np = Lp x Wp) and ¢ be the
query matrix (of size Ny = L, x W,). A candidate c, , is
a sub-window of D with the same size as q.

Problem Definition

Coyll. Ly, 1. Wy =Dlz.(x+ Ly —1),y..(y + Wy — 1)]

The subscript of ¢, , denotes the start position in D; we
drop it when the context is clear.

Problem 1 (Sub-window NN Search). Given a query
matrix q and a data matrix D, this problem finds the
candidate cpesy such that it has the minimum dist(q, Cpest),
where the distance is the L, norm:

Ly Wy
dist(g,c) = (Y > lali, 4] — i, j]I”)»

i=1 j=1
The value of p is predefined by the application.

Figure 3 shows a query ¢ of size 4 x 4 and a data matrix
D of size 8 x 8. There are (8—4+1)? = 25 candidates in D.
For instance, the dotted sub-window refers to the candidate
cs,3. The right-side of Figure 3 enumerates the distances
from ¢ to each candidate, assuming the L; distance (i.e.,
p = 1) is used. In this example, the best match is c3 3 as
it has the smallest distance dist(q, c3,3) = 27 from g.

1 2 3 4 5 6 7 8

X candidate ¢
1|16 24 26 13 18 16 20 13
1 2 3 4 2014 10 11 le disty(q.c)
116 13 22 21 3|24 25120 16 23 20117 19 103 109 77 /16 89
2018 17 20 11 4116 12117 16 22 11118 14 95 79 7Y/ 719 77
313 15 20 22 5|11 15114 15 21 25117 24 88 86 127187 86
4115 32 22 22 6117 19“%_?9_%_%6_,:25 31 70 91 74 105 110
y 7|14 26 22 33 26 19 20 20 98 96 98 108 106
query ¢ 8 (23 21 18 21 24 23 18 22

distances from g

. to candidates
data matrix D

Fig. 3: Example for the problem

3.2 Prefix-Sum Matrix & Basic Lower Bounds

For convenience, we define a shorthand notation below,
which will be used in later discussions.

Definition 1 (Accessing a matrix by region). Let R =
[€1..x2,y1..y2] be a rectangular region and let A be a
matrix. The notation A[R) represents A[x1..22,Yy1..y2].

As we will introduce shortly, lower bound functions
require summing the values in a rectangular region in a ma-
trix. We can speed up their computation by using a prefix-
sum matrix [19], also known as an integral image [40] in
the computer vision community.

Definition 2 (Prefix-sum matrix). Given a matrix A (of size
Ny = La x Wa), we define its prefix-sum matrix P4 with
entries: Palz,y) =7, >°9_ Ali, ]
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The prefix-sum matrix occupies O(NN,4) space and takes
O(Na4) construction time [19]. It supports the following
region-sum operation, i.e., finding the sum of values of a
rectangular region (say, R = [x1..72,y1..y2]) in a matrix
A, in O(1) time, according to Equation 1.

Alr2,y2] ifz; =1,y1 =1
PA[.TQ,yQ] — PA[ZL‘l — 1,y2} if 1 > l,yl =1
ZA[R]: Palza, y2] — Palz2,y1 — 1] ifez; =191 >1
Palx2,y2] + Palz1 — 1,41 — 1]
—Pa[z1 — 1,y2] — Pa[z2,y1 — 1] otherwise

(€]

Figure 4 illustrates a data matrix D and its corresponding
prefix-sum matrix Pp. The sum of values in the dotted
region ([4..7,2..5]) in D can be derived from the entries
(7,5), 3,1), (3,5), (7,1) in Pp.

T D[4.7.2.5] = Ppl7.5] - Ppl3.5] - Pyl7.1] + Pp[3.11
1 2 3 4 5 ‘ 6 7 8 1 2 3 4 5 6 7 8

1[T6 24 26 13 18)16 20 13 *  1[16 40 66 79 97 |113 133 146
2|14 10 11112719 14 16! 16 2|30 64 1011126 163 193 229|258
3|24 25 20116 23 20 1719 3054 113 1701211 271 321 3741422
416 12 17116 22 11 18! 14 4|70 141 215'272 354 415 486 | 548
s/ 15 14115 21 25 17024 s| 81 167 (2551327 430 516 [604 | 690
6|17 19 14 30 24 26 25 31 6| 98 203 305 407 534 646 759 §76
7|14 26 22 33 26 19 20 20 7| 112 243 367 502 655 786 919 1056
8]23 21 18 21 24 23 18 22 8| 135 287 429 585 762 916 1067 1226
y y

data matrix D prefix-sum matrix P, of D

Fig. 4: Example of a prefix-sum matrix

We introduce the basic lower bound function LBypgsic,
which is used as a building block in Figure 2. We require
that: (i) LBpasic(q,c) < dist(q,c) always holds, and
(i) LBpasic supports any query size. In this paper, we
introduce two functions that satisfy the above requirements
of LBypgsic- The first one (LBg/(q,c)) is given in [42].
The second one (LBa(q,c)) is derived from the triangle
inequality of the L, distance [12], [21]. Both of them can
be computed in O(1) time, by using a prefix-sum matrix as
discussed before. Regarding the summation term for ¢, we
can compute it once and then reuse it for every candidate c.
For LBg(q, ¢), the term Zf:ql Z]W:ql cli, §] can be derived
from the prefix-sum matrix Pp (of data matrix D). For
LBAa(q,c), the term ZiL:ql ijqu |c[i, 4]|P can be derived
from the prefix-sum matrix Pp., where the matrix D’ is

defined with entries: D’[i, j] = | D[4, j]|P.
L‘I Wq L‘I Wq
LBg(q,¢) = AT Talin gl = >0 clin ) ©)
i=1j=1 i=1j=1
Lq Wq Lq Wq
LBa(g,e) = | P[> > lali, dlp = 7| D> leli, ]I (€)
i=1j=1 i=1j=1

As a remark, we are aware of lower bound functions
used in the pattern matching literature [2], [18], [28], [29],
[38]. However, since those lower bound functions take more
than O(1) time, we choose not to use them as L Bys;. (the
building block) in our solution.

4 PROGRESSIVE SEARCH APPROACH

We first present our idea and algorithm in Section 4.1.
Then, we elaborate the lower bound functions used in the
algorithm in Sections 4.2, 4.3, 4.4.

4.1

We illustrate the flow of our proposed NN search method
in Figure 5. Like [25], [36], we employ a min-heap H in
order to process entries in ascending order of their lower
bound distance. The main difference is that H contains
two types of entries: (i) a candidate and (ii) a group of
candidates. As discussed before, a candidate corresponds to
a sub-window of D. On the other hand, a group represents
a region of candidates. Initially, H contains a group entry
that represents the entire D.

When we deheap an entry from H, we check whether it
is a group or a candidate.

The Flow of Proposed Algorithm

1) If it is a group G, then we divide it into several
smaller groups G;. For each G;, we compute the
group-based lower bound LBy, u,(q, G;) and then
enheap G; into H.

2) If it is a candidate c, then we compute the level-based
lower bound LBjeyer (g, c) at the next level ¢, and
then enheap c into H again.

During this process, a group would degenerate into a candi-
date when it covers exactly one candidate. Similarly, when
a candidate reaches the deepest level, we directly apply the
exact distance function dist(q, c) on it and update the best
NN distance found so far 7p.4;. The search terminates when
the lower bound of a deheaped entry exceeds Tpes:.

apply LB, to these groups, then enheap them
a group
(of candidates) . ideitinto 1= =11 = -
! 1 s 1
| . 4 groups o
! ! ==y
: 1 [
deheap an entry ! L L
\ increment
level / /
acandidate o Compme
(atlevel ))  exact distance

apply LB, to it, then enheap it
Fig. 5: The flow of our progressive search method

Table 1 lists the lower bound functions to be used in
our NN search method. We measure the cost of each
function as the number of region-sum operations (i.e.,
calls to Equation 1). We have introduced LBy,sic (€.8.,
LBA, LBg) in Section 3.2. We will develop a level-based
bound LBjcyer¢ and a group-based bound LBy, in
Sections 4.2 and 4.3, respectively. Section 4.4 explores an
efficient technique for computing L Bg,o.p, Which involves
a tunable parameter «.

We summarize our method in Algorithm 1. Like [25],
[36], we employ a min-heap H in order to process entries
in ascending order of their lower bound distance. We also
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TABLE 1: Types of lower bound functions

[ Function [ Apply to [ Cost: # of region-sum operations |
Basic: LBpgsic candidate 1
Level: LBjeyer,e | candidate 47
Group: LBgroup group «

maintain the best distance found thus far 7.s; during the
search. The algorithm terminates when the deheaped entry’s
lower bound distance is larger than 7.5 (Line 10), as the
remaining heap entries can only have the same or larger
bounds than the deheaped entry. The main difference from
[25], [36] is that we apply multiple lower bound functions
on candidates (Line 20) and also consider lower bound
function for groups of candidates (Lines 6 and 15).

As a remark, at Line 19, /..« denotes the maximum
possible level, which is computed as follows:

Emax = [logQ(ma‘X{L(p Wq}ﬂ (4)

Algorithm 1 Progressive Search Algorithm for NN search

1: procedure PROGRESSIVE SEARCH(query g, data matrix D)

2 Thest < 00 €pest < 0 > the best entry found so far
3 create a min-heap H

4: create a heap entry eroot

5: eroot-G < [0..Lp — 1,0.Wp — 1] > the entire region
6: eroot-bound < LBgroup(q, €.G)

7 enheap eroot to H

8 while H # 0 do

9: e <— deheap an entry in H

10: if e.bound > Tpes: then > termination condition
11: break

12: if |e.G| # 1 then > group entry
13: divide e into 4 entries e, ez, €3, €4

14: for each e;, i + 1 to 4 do

15: e;.bound < LBgroup(q, €;.G)

16: e+ 0

17: if e;.bound < Tpes; then enheap e; to H

18: else > candidate entry
19: if e./ < fmax then

20: e.bound < LBjeyel,0(q, €)

21: increment e./

22: if e.bound < Tpes: them  enheap e to H

23: else > the deepest level
24: temp <« dist(q, e)

25: if temp < Tpest them  Tpegp <— temp; epest <— €

4.2 Progressive Filtering for Candidates

As discussed in Section 1, the lower bound L Bpqsic and
the exact distance dist have a significant gap in terms of
computation time and bound tightness (cf. Figure 2). In
order to save expensive distance computations, we suggest
applying tighter lower bound functions progressively.

In this section, we present a generic idea to construct
a parameterized lower bound function LBjcye; ¢ by using
L Bpgsic as a building block. The level parameter ¢ controls
the trade-offs between the bound tightness and the compu-
tation time in L Bjcyei,¢. A small £ incurs small computation
time whereas a large ¢ provides tighter bounds.

Intuitively, we build LDBjeye;¢ by using divide-and-
conquer. We can partition the space [1..L,, 1..1W,] into 4°
disjoint rectangles {R, : 1 < v < 4%}, and then apply
LBy,sic (for ¢ and ¢) in each rectangle R,.! Then, we

1. In general, the space [1..Lq, 1..W,] may have less than 4¢ disjoint
rectangles.

combine these 4¢ lower bound distances into LBjeyel e in
Equation 5. LB)eye;,¢ takes at most 4¢ region-sum opera-
tions, as each LBy,s;. takes one region-sum operation.

4* 1/
LBlevel_’z(q,C): (ZLBbasic(q[Rv]vc[Rv])p) ’ (5)

v=1

For example, in Figure 6, when ¢ = 2, both the query ¢
and the candidate ¢ are divided into 4° = 16 rectangles.
We apply LBy4sic On each rectangle in order to compute
LBlevel,é(qv C)'

Next, we show that LB, ¢ satisfies the lower bound
property.

Lemma 1. Let LByusic(q,¢) be a lower bound function
for dist(q,c). It holds that, LBjeyer(q,c) < dist(q,c),
for any candidate c. [ Proved in Ref. [7] ]

Note that [17], [42] have considered a similar lemma,
but only for the case where LBypysic(q,¢) = LBg(q,c). In
contrast, our lemma is applicable to any LBy,sic(q, ¢).

During search, we apply LBjcyer,¢ On a candidate c¢ in
the ascending order of ¢ as shown in Figure 6. If we cannot
filter ¢ at level ¢, then we attempt to filter it with minimal
extra effort, i.e., at level £+ 1.

apply LBy, to each region R,

Fig. 6: LBjcyer ¢ at different levels

4.3 Progressive Filtering for Groups

We first introduce the concept of a group and then propose
a lower bound function for it. A group G represents a
consecutive region of candidates as shown in Figure 7.
Specifically, we define G as the region [Zstart.-Zstart +
Ly — 1, ystart--Ystart + Wy — 1], where (1) L, and W,
represent the size of the group, and (i) Tsiqrt and Ysiart
represent the start position (i.e., top-left corner) of the
group. In order to cover all candidates in the group (e.g.,
those at bottom-right corner), we define the extended region
of G as exty(G) = [Tstart--Tend,Ystart--Yend], Where
Tend = Min(Tspare + Lg + Lg — 2,Lp) and Yepa =
min(Ystare + Wy + Wy — 2, Wp). Then, Dlexty(G)] =
DlZstart--Tend, Ystart--Yend) Tepresents the submatrix of D
in the region ext,(G).

Our lower bound functions require the following con-
cepts.

Definition 3 (The lowest/highest k elements in D[ext,(G)]
). We define Ly(Dlexty(G)]) and Hi(Dlext,(G)]) as
the lowest and highest & elements in the submatrix
Dlext,(G)] respectively.

Definition 4 (Summation of the lowest/highest k ele-
ments in Dlext,(G)]). We define SLy(Dlext,(G)]) as
the sum of lowest & elements in Dlext,(G)], and
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(Xstart ' yslart)

candidates W

group region

extended group region

Bl
(Xend ’ yend)

Fig. 7: A group with L, x W, consecutive candidates

SHy(Dlexty(G)]) as the sum of highest k£ elements in
Dilext,(G)].

We illustrate these concepts in Figure 8. Assume

that the query size is N, = 2 x 2 = 4. Con-
sider the group G = [2..5,2..5] (as dotted square)
and the extended region ext,(G) = [2..6,2..6] (as

bolded square). In this example, the lowest IV, values in
Dlext,(G)] are: Ly, (Dlexty(G)]) = {9,9,10,10}. Thus,
SLy,(Dlexty(G)]) =9+9+104 10 = 38.

111 10 11 10110

il 11 2] 1111

group region G

extended region ext,(G)

queryq

(S
<
N W e
ENIN ORI
<
® N > A W N e

510 4 10 4 2

y
data matrix D

Fig. 8: Illustration of Ly, (D[ext,(G)]) (in light color)
and Hy, (Dlext,(G)]) (in dark color)

Group G

fau=nloil
A ‘ 2.C 2.0 ‘ 2.0

sL,, (Dlext, (G)) SH,, (D[ext, (G))

Accumulation
Value

Fig. 9: Illustration of the idea in LBgioup(q, G)

We then extend basic lower bound functions (e.g.,
LBg, LBA) for a group GG. We propose the lower bound
functions LB,,,, and LBg,,,, for G in Equations 6, 7.
In Equation 7, the term D°P denotes the element-
wise power of the matrix D with power index p, i.e.,
D°?li,j] = (DJi,j])P. These functions serve as lower
bounds of LBg/(q,c), LBa(q,c) for any candidate ¢ in G

(cf. Lemmas 2,3).

Lemma 2. Given a group G, for any candidate c in G, we
have: LBY . (q,G) < LBg(q,c).

group

Lemma 3. Given a group G, for any candidate c in G, we
have: LB, (q¢,G) < LBA(q,c).

group

The proofs of Lemmas 2 and 3 can be found in our
preliminary work [7]. Figure 9 explains why LBS,,,. (¢, G)
is a lower bound function. We use three query points
q1,q2,q3 (with same size N,) to illustrate the three
cases in LBgoup(q, G), respectively. For convenience, we
drop the subscript N, in the notations SL and SH.
By Equation 2, the lower bound between query ¢ and
candidate ¢ depends on two summation terms (3, ¢ and
>, c= Zf:ql Z;W:ql cli, 7]). The latter term ) ¢ is always
bounded between SL(D[exty(G)]) and SH(D[exty(G))),
provided that ¢ is a member of the group G. For example,
for query gq;, the lower bound distance is the difference
between » . ¢1 and SL(Dlext,(G)]). For query go, it
is symmetric to the above case, so the lower bound
is the difference between ), ¢» and SH(Dlext,(G)]).
For query ¢s, the lower bound distance is zero because
>, gs falls into the range between SL(Dlext,(G)]) and
SH(Dlext,(G)]). The above idea can also be applied to
LBgﬁ“oup(Qa G)

During our search procedure (cf. Figure 5 and Algo-
rithm 1), we apply LBgroup(q, G) on a group G. If we
cannot filter GG, then we partition its group region G
into four sub-groups G'1, Go, G3, G4 accordingly and apply
LBgroup(q,Gi) on each sub-group G;. We will discuss
how to compute LBg,oup(q,G) efficiently in the next
subsection.

4.4 Supporting Group Filtering Efficiently

The lower bound LBgroup(g,G) involves the terms
SLy,(Dlexty(G)]) and SHy, (D[ext,(G)]) (Equation 6)
or SLy, (D°Plexty(G)]) and SHy, (DPlext,(G)]) (Equa-
tion 7), which require finding the lowest IV, and the highest
Ny values in Dlext,(G)] or D°Plext,(G)].

In this section, we design a data structure called prefix
histogram matrix to support the above operations efficiently.
The parameter « allows trade-off between the running time
and the bound tightness. A larger « tends to provide tighter
bounds, but it incurs more computation time.

We proceed to elaborate on how to construct the prefix
histogram matrix for a data matrix D. First, we partition
the values in matrix D into « bins and convert each value
Dli, j] to the following bin number 8(D]i, j]):

8Dl = |+ ol Pt |4y
where D,,,;,, and D,,,,, denote the minimum and maximum
values in D, respectively. Consider one example using
Figure 8, D[2,2] = 11, Dyin = 1 and Dy, = 12 in
this case. We can notice that 5(D[2,2]) = 6 when we set
o = 6 bins.

We define the prefix histogram matrix PHg as a matrix
where each element PHgl[i, j] is a count histogram:

PHﬂU?.j] = <P1[i7j]’P2[i7j]"" 7Pa[i’j]>

where

Pﬂ[ivj] = count(z y)e[1..4,1..5] (ﬁ(D[l‘7yD = U)
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Q/N .
- (SLN, (Dlextq(G)]) = 2. q)  if SLn, (Dlextq(G)]) > 3. q
o _ N, .
EBgroun(® ) Y8(S, a — SH, (Dleaty (D) if SHu, (Dlexty(G)) < 3, q ©
0 otherwise
(/SEN (DoPlextq(G)]) — X/3 . lali, g]IP it SLn, (DPlextq(G)]) > 32, Iqlé, 5]IP
LBgAroup(% G) = (/z lq[z, 5]1P — (/S'HNQ (DePlextq(Q)]) if SHN, (D°Plextq(G)]) < 32, Iqli, 5|7 )
otherwise
qu (SL' N (CHpleaty (@) — 24 @) if SL'N(CHplext,(c)) > 2ou q
o _ ¥/N, .
LBgroup(9: &) (24 0= SH' N (CHpleaty () if SH' NG (CHpeat, () < 2. 4 ®)
0 otherwise
Lq Wq Lq Wq

where Zq— ZZ [2,4] and Z:|qZ JIP = ZZV][Z ks

i=1j5=1

i=1j5=1

As a remark, the prefix histogram matrix occupies O(aNp)
space.

Figure 10a illustrates a histogram matrix PHpg in which
each element PHpgli, j] stores a count histogram for values
in region [1..7,1..5] in the data matrix D.

123456 78
X

& L ) 14
2| . 12
8 ‘ extended region 10
4} exty(G) g
5
4
pd | >[ II ;
7 0 . 1 value
8| Y onles \m \'»

\’55’\q

(b) count histogram for D[ext,(G)]

(a) prefix histogram matrix PH;,
(= PHy[6,6] -~ PHy[6,1] - PH,[1,6] + PH,[1,1])

Fig. 10: Prefix histogram matrix,
a =0, Dpin =1, Dipae = 12

Given an extended group region ext,(G), we first re-
trieve count histograms at four corners of Dlext,(G)],
and then combine them into the histogram as shown in
Figure 10b. With this histogram, we can derive bounds for
the sum of minimum / maximum N, values of D[ext,(G)]
ie. Sy, (Dlexty(G)]) and SHy, (Dexty(G)]) by Defi-
nition 5.

Definition 5 (Sum of the lowest / highest IV, values in
a count histogram). Let CHpiest,(c)) be a count his-
togram for Dlext,(G)]. We define SL'N,(CHpieat,(c)])
as the sum of the lowest Ny values in CHpjeat, (), and
SH'N,(CHpleat,())) as the sum of the highest N, values
in CHpiest, (a))-

While scanning the bins of CHpjeqt,(c) from left to
right, we examine the count and the minimum bound of
each bin to derive SL'n, (CHpjeqt, (c)))- A similar method
can be used to derive SH'n, (CHpleat,(c)))- The cost of
computing a group-based lower bound equals to o region-
sum operations because C'Hp|eqt,(c)) contains « bins and
each bin requires 1 region-sum operation to compute.

As an example, consider the count histogram
CHplext, () obtained in Figure 10b. Assume that
o = 6 and N, = 4. Thus, the width of each bin is

Dmae=Dmintl — 12 — 9 Since the count of bin 9..10 is

above ?Vq, we deri\?e: SL' N, (CHplext,(c)) =9 -4 = 36.
Note that SL'n,(CHpieat,(cy)) = 36 is looser than
the actual value SLy,(Dlext, (G)]) = 38 (obtained in
Figure 8). Then we propose LB!? G) in Equation 8
to replace LB, ,,,(q,G).

Since SL'n, (CHpieat,(c)))
and SH’ N, (CHD ext (G)]) > SHNq (D[emtq(G)]),
LB, (q G) < LBgoup( ,G). Similarly, we can
adapt the above technique to derive a lower bound of
LB2.,..(q,G) efficiently.

group

group (Q7

< SLy,(Dlexty(G)))

5 EXTENSION FOR IRREGULAR-SHAPED

QUERIES

As discussed in the introduction, some applications may
need to deal with irregular-shaped queries. For example,
in geospatial data integration [8], [9], [11], the query can
be a road junction which may have a T-shape. In cloud
motion detection [5], the query can be an irregular cloud.
Figure 11 illustrates the differences between rectangular
queries and irregular-shaped queries. For each irregular-
shaped query, we employ a binary mask matrix to indicate
irrelevant pixels [13]. The binary mask matrix can be
extracted by image segmentation methods or by application
requirements [5], [9], [39].

rectangular queries

irregular-shaped queries

[ it |

R :
: ' Y
g H

(a) cloud with (b) junction with
background background

]
T -"'-.J‘l—r—
P 4

(d) junction

-

(c) cloud

Fig. 11: Examples of irregular-shaped queries

Problem 2 (Sub-window NN Search for Irregular-Shaped
Query). Given a query matrix q, a binary mask matrix
m, and a data matrix D, this problem finds the candidate
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Chest such that it has the minimum dist®(q, cyes;) where
the distance is defined as:

= (Y il

1=15=1

dist® (g, c dli i1~ cliq)) " ©)

We illustrate this problem in Figure 12. In the mask,
relevant entries have mli, j] = 1 and irrelevant entries have
m[i, j] = 0. The best match is indicated by the candidate
in a dashed square.

1 2 3 4 5 6 7 8

2131 4 y
3 1720 2  1[1624261318 1620 13
13152022  2|M41011 12191416 16  [g5776 41 50 56
33221 302425126 16 23 2011719 |57 47 41 49 42
query q 4|16 12‘17 16 22 11,18 14 56 51 :'16 54 47
511 15114 15 21 25!17 24 36 51 34 61 64
0 6117 lgh]:l!_Z_g__Z_ll__Z_G_ 25 31 50 65 67 64 58
1 7114 26 22 33 26 19 20 20 .
1 8|23 21 18 21 24 23 18 22 distances from q
y to candidates
1

data matrix D

mask m

Fig. 12: Example for the irregular-shaped query

We will present two approaches in extending our pro-
gressive search method to solve the above problem. First,
we propose an intuitive extension in Section 5.1. Second,
we develop a more efficient extension by partitioning the
mask in Section 5.2.

5.1

Recall that our progressive search method (Algorithm 1)
applies two lower bound functions LBjcye; ¢ and LB gy oup.
The correctness of the algorithm depends on whether both
LBicver,¢e and LBgyoyp satisfy the lower bound property. In
the following, we demonstrate that, for the case of irregular-
shaped query, (i) LBgoup can be slightly modified to
satisfy the lower bound property, and (ii) LB)cye1,¢ Violates
the lower bound property.

We can modify LBg.,., (Equations 6,7) in order to
satisfy the lower bound property. Intuitively, we replace
Ny (i.e., the size of ¢q) by the number of relevant entries in
the mask matrix m. For this purpose, we define the set of
relevant entries as

Is Progressive Search still applicable?

M, ={(,7):m[i,j] =1} (10)
By using M,, we revise the equations for LBy, into
LBE:$,,(q,G) and LBL:S, (¢, G), in Equations 11 and

12, respectively. We omit the proofs of their lower bound
property as they are similar to the proofs of Lemmas 2
and 3. Figure 13 illustrates how to compute LBS’?O%p( ,G).
Note that there are |AM,| = 5 relevant entries in g. For the
group G, we indicate the lowest 5 and the highest 5 entries
in light gray and dark gray, respectively. Then we obtain:
LBGS,(0,G) = ([12+14+16 416+ 16| — [7+5+ 5+
54 5|) =47.

However, it is not trivial to simply extend LBjcyei, -
We provide an example to show that LBj.,e; ¢ can violate

the lower bound property. Consider the candidate c3 3 (in

8
a dashed square) in Figure 12 and assume p = 1. By
Equation 9, the exact distance is: dist®(q,c33) = 16.

For the lower bound distance, suppose that we use LBg
as an instance of LBpgsic. At level £ = 0, we compute:
LBicver,0(q,c33) = LBg(q,c33) = | >, 4=,
[190 — 319] = 129. This violates the lower bound prop-
erty a8 LBjeyer0(q,¢3,3) > disto(q,c;»,,g). This happens
because LBy,sic considers all entries (including irrelevant
entries) in a candidate. To prevent such violation, a simple
solution is to disable LBjcyel -

We then summarize how to extend our progressive search
algorithm (Algorithm 1) for irregular-shaped queries. First,
we disable LBj¢yer,¢ by removing Lines 18-21. Second, we
replace LB,y by LBg,Oup at Lines 6 and 15. Third, we
replace dist(q,c) by dist®(q,c) at Line 23, and compute
it efficiently by Equation 13.

S laliog] i)

(3,5)€Mq
5.2 Extension for LB,.,.; based on Partitioning

dist®(q,c) = (13)

To achieve efficient extension of Algorithm 1, it is im-
portant to develop a replacement for the level-based lower
bound LBjcyer,e-

We plan to decompose the mask m into a set of disjoint
rectangles. To enable the lower bound property, we should
use a partition that covers no ‘0’-entry of m. We formally
define a valid partition as follows.

Definition 6 (Valid partition). Let I' be a set of disjoint
rectangles, where each rectangle R € I' can be described
by [R-Istart"R-xendy R~ystart~-R~yend]-

Given a mask matrix m, we call T' a valid partition if,
VRel,V(ij)€R m(ij=1

Figure 14 illustrates a mask m and a valid partition of
three rectangles: I' = {[1..1,3..3],[2..3,2..4],[4. 4, 3..3]}.
Note that a valid partition cannot cover any ‘0’-entry of m.

Given a valid partition I' of a mask m, we define the
lower bound function LBr(q, c) in Equation 14.

( > " LBiasic(q[R], ¢[R]) )Up

Rel

LBr(q,c (14)
Since each term L By,sic(q[R], c[R]) takes one region-sum
operation, the cost of computing LBr(q,c) equals to ||
region-sum operations.

Then we prove that LBr(g, ¢) satisfies the lower bound
property (cf. Lemma 4).

Lemma 4. LBr(q,c) < dist®(q,c).
Proof:
disto(q,c)p =

Zq: i mli, jllq[i, j] — elé, 51"

i=1 j=1
> > Y mlijllali, ] — cfi, 51
ReT (i,j)ER
> Z LBbasic(Q[R]a C[RDP
Rel’

= LB[‘((], c)p
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Yt (SLyar, (D eaty (@) = Sy, @) if SLyar, (D eatq (G)]) > iy, 4

[Mq|

LB;%‘(SJ,p(qv G) = M, ]
q
0

Yl (S ar, @ = SHjagy (D ewtq (G)])) if SHyag, (DO [extq(G)]) < Sy, 4

an

otherwise

{/S L1011 (D [eatq (@) — {/Sy, lali NP i SLyas, | (D [ewtq(G))) > Sy, lalis 17

LB3S(a,G)
0

where £|Mq|(D[G’.Re“]) is the lowest | M, values in the submatrix D[G.R®¢]

> o

SL i, (D™ [exty(Q)]) =

{501, 100617 = §/SHyat, (DPleaty (@) it SHyg, (D leata(G)]) < Xy, lalis )P

(12)
otherwise
(13)

vEL|pr,| (DIG.Rewt])

1 2 3 4 5 6 7 8

1114 12 12 14 19 23 28 32
2110 14 16 16 30 29 26 23
319 10 17 8 15 33 37 39
410 8 7 9 105 6 7
5 22
6 26
7 29
8 35

query q y

group region G

data matrix D
extended region exty(G)

Fig. 13: Group-based lower bound for irregular-shaped

1 4querv1 2 3 4
110 1 0 oxl 0 1 0 O
210 1 1 0 21011 1]0
3111 1 311 1]
410 1 1 0 41011 1|0
y y

Fig. 14: A valid partition I" of a mask m

O
In general, we may employ a sequence of valid partitions
(T'o,I'1,T'2,+++,Tyo ;) with an increasing number of
rectangles, where E@IM denotes the number of levels.
During search, we apply LBr, on a candidate c in the
ascending order of ¢ as shown in Figure 15. If we cannot
filter ¢ at level ¢, then we attempt to filter it with minimal
extra effort, i.e., at level £+ 1.

apply LBy, to each rectangle

T, T, T, Ty

Fig. 15: Level £ in irregular partition plan

We propose to apply the same sequence I'y., for all
candidates. This would eliminate the overhead of on-the-
fly partitioning and allow us to manage each candidate with

O(1) space only (i.e., the current lower bound and level of
the candidate).

We then discuss the extension to the progressive search
algorithm. First, before Line 1, we construct a sequence
of valid partitions I'seq = (T'o,I'1, T2, - ’Féiiax—1> from
the mask m, by using heuristics to be discussed in Sec-
tion 5.2.2. Second, at Line 19, we replace LBjeyer ¢(q,€)
by LBr,(q,e).

5.2.1 Cost Formulation and Hardness

We first formulate the computation cost of our algorithm.
The cost depends on a query matrix ¢, a binary mask
matrix m, a data matrix D, and a sequence of parti-
tions I'seq = (T, I'1,T9, - =Fe§2m—1>- To simplify our
analysis, we disable group-based pruning and measure the
computation cost as the total number of rectangles used in
calling LBr,(q, ¢c), dist®(q,c) only.
Given a candidate ¢ of D, we have:

cost(LBr,(g,¢)) = |T't|
cost(dist®(q,c)) = | M,|

where M, was defined in Equation 10.

We denote the NN distance by 7,,; = min, dist®(q,c).
order of lower bound distance until reaching 7., For
simplicity, we can assume that 7,,; is known in advance
in this model. If a candidate ¢ can be pruned before or at
level £5,,,, —1, then it incurs cost "5 |, | only, where

F(q, ¢) denotes the last level for computing the lower bound
LBF@ (‘L C):

F(ch) = mln({é : LBFZ (q, C) 2 TOpt} U {Enofmx - 1})

In addition, we must compute the exact distance
dist®(q, c) for the following subset of candidates:

Cezact = {C : F(Qac) = Ey?w,z_la LBFZQ ’ 71(Q7 C) < Topt}

In summary, the total cost of I',, is:

F(q,c)
COSt(Fseqa Q7maD) = Z Z |Fé| + |Cexact”Mq|
c =0
Generally, we wish to find the best sequence
(Fo, T4, Tg,--- Ty ) that minimizes

m

cost(Lseq, ¢, m, D) MAlthough our solution computes
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T'seq only once, we cannot afford to spend too much time
(e.g., more than O(NpN,) which is the time complexity
of brute force method) to compute I'y,. Unfortunately,
we will show that this problem is NP-hard, let alone to
solve it in O(NpNN,) time.

In Theorem 1, we will show that the decision version
of our problem (in Definition 7) is NP-hard via reduction
from a known NP-complete problem called the Rectilinear
Picture Compression (RPC) decision problem [16] (p.232)
(in Definition 8).

Definition 7 (I'-decision problem).

INSTANCE: (g, D, m, €3, ..., L Bbasic, K), where q,D are
matrices, m is a binary matrix, (3,,., K are integers, and
L Bpasic is a basic lower bound function.
PROBLEM: Is there any sequence
(Do, Ty, Ty, - -+ 7F£§>,m171> such that it satisfies Definition 6
and cost(Lseq,q,m, D) < K?

Definition 8 (RPC-decision problem).
INSTANCE: (K',m/[1..n,1..n]), where K',n are integers,
and m' is a n X n binary matrix.
PROBLEM: Is there any set S of disjoint rectangles
{R1, Ra, ...} that satisfies both conditions below?

o |S| <K'

° URZGS R, = {(27.7) : m/[imj] = 1}
Theorem 1. The I'-decision problem is NP-hard.

Proof:
First, we present the reduction scheme from the RPC-
decision problem to our I'-decision problem.

e Set m[l..n,1..n] to m/[1..n,1..n]

o Set g[1..n,1..n] with all ‘0’ entries

e Set D[l..n,1..n] with all ‘1’ entries

e Set K to K’, set £2 . to 1, and set LBpgsic to LBg
The above reduction scheme takes polynomial time.

We proceed to show that the RPC-decision instance
returns true if and only if the T'-decision instance returns
true. For convenience, we define the notation M, = {(¢, j) :
mli, j] = 1}. Since D has only one candidate ¢, we obtain:

1_‘seq =

Topt = dist®(q.0) = (Lgiear, 10-107) " = (M|

If the RPC-decision instance returns true, then there
exists a set S of disjoint rectangles such that:

e |S|<K' =K

. URzeS R, = M, (since m = m/)
Thus, S also satisfies the valid partition condition in Defini-

tion 6. We then set 'y = S and plan to show that I'-decision
instance returns true. By Equation 14, we derive:

(LBry(g,))" = > LBa(q[R:],c[R:])"

R,€lg
/IR o N
- > (V] sl en])
R.€lg & (i,j)ER

R,€lg
We get LBr,(q, c) > Topt and thus F'(¢,c) = 0. Then we

obtain: cost(I'seq,q,m, D) = |I'y|+0 < K. Therefore, the
I"-decision instance returns true.

R;€lg

) (V]'%ZRTZM)P— S R =0,

If the I'-decision instance returns true, then there exists
(To) such that cost(I'seq,q,m, D) < K. Since D has only
one candidate, we have two cases to consider:

Case when |Cepqct| = 1

We have: cost(Tseq, q,m, D) = |To|+ |M,| < K. Since
K = K’ and |Ty| > 0, we get |M,| < K’'. We then set
S = {[i..i,4..7] : m[i,j] = 1}. Since |M,| < K’ and
m = m/, we infer that S covers m’ exactly and thus the
RPC-decision instance returns true.

Case when |Cepoct| =0

We have: cost(Tseq,q,m, D) = [Ty] < K = K'. Since
|Cepact| = 0, we derive: LBr,(q,c) > Top. By the lower
bound property of LBr,, we get T,y = dist®(g,c) >
LBr,(g,c). Thus, we obtain LBr(g,c) = Top:. By substi-
tuting g, ¢, 7,p¢ into the above equation, we get:

Y IR =M.

R.€lo

By Definition 6, I'y contains disjoint rectangles that cover
only ‘1’-entries. Combining this fact with the above equa-
tion, we infer that I'y covers all ‘1’-entries in M, (i.e., in
m).

Finally, we set S = TI'y. The RPC-decision instance
returns true because we have shown that: (i) |Ty| < K',
and (ii) I'g covers all ‘1’-entries in m/. O

5.2.2 Split-and-Mend Partitioning

In this section, we present several O (N, )-time heuristics for
partitioning a mask m at level £. We propose a split-and-
mend strategy to obtain good partitioning heuristics. First,
we apply ‘split’ to divide m into at most 4¢ rectangles.
Second, we apply ‘mend’ to ensure that each rectangle is
valid (cf. Definition 6).

We consider two ‘split” heuristics based on tree structures
for 2D points:

o Quad-tree split: We build a level-¢ quad-tree on m,

and then output each leaf node as a rectangle.

o KD-tree split: We build a level-2¢ KD-tree on ‘1’-
entries of m. Note that the KD-tree divides m by the
x-axis and the y-axis in an alternate manner. Then, we
output each leaf node as a rectangle.

We show the results of Quad-tree split at level £ = 1 in
Figure 16a and KD-tree split at level £ = 2 in Figure 16b,
respectively.

Suppose that, after splitting, we obtain the rectangles
in Figure 17a. However, the top-right and the bottom-
left rectangles are invalid because they cover some ‘0’-
entries in m. We then suggest ‘mend’ heuristics on the
above rectangles in order to generate a valid partition (cf.
Definition 6).

o Drop: We simply drop invalid rectangles, as shown in

Figure 17b.

e Grow: Consider the bottom-left invalid rectangle in
Figure 17c. We choose a ‘1’-entry (in gray color) and
then find the maximal rectangle containing it.

While ‘Drop’ returns fewer rectangles, ‘Grow’ tends to
produce rectangles that lead to tighter bounds. We will
compare them in the experimental study.
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110 0 110 0

1 1.1 0 1 110

1111 1111

01 1 1 01 1 1

(a) Quad-Lree split (b) KD-tr:ee split

Fig. 16: Examples on split

T 1[0 0 T 10 0 T 10 0
b b o Lo b y@o
1 1 [1 1 11 [ 1 1 1)1 1
0 1 [1 1 0&1 1 01 |1 1

(a) after splitting (b) refine by dropping (c) refine by growing

Fig. 17: Examples on mend
Based on the split-and-mend strategy, we obtain four
combinations of heuristics for partitioning the mask: Quad-
Drop, Quad-Grow, KD-Drop and KD-Grow.

6 EXPERIMENTAL EVALUATION

We present our experiments for rectangular queries and
irregular-shaped queries in Sections 6.1 and 6.2, respec-
tively. We implemented all algorithms in C++ and con-
ducted experiments on an Intel i7 3.4GHz PC running
Ubuntu.

6.1 Experiments for Rectangular Queries
6.1.1 Experimental Setting

We summarize our methods and the state-of-the-art [34]
(denoted as Dual) in Table 2a. We label our progressive
search methods with the same prefix PS. Their suffixes
represent which techniques are used.

o PSL applies LBjcye; only, and
o PSLG applies both LBjcye; and LB g;oyp.

The subscripts (e.g., @ or A) indicate whether their lower
bound functions are built on top of LBg or LBA.

TABLE 2: The list of our methods and the competitors

[ Method [  Techniques used |
Dual [34] [34]
PSLg Section 4.2
PSLA Section 4.2
PSLGg Sections 4.2 and 4.3

(a) methods for rectangular queries

[ Method [ Techniques used ]
iDual [13] [13]
iPSG Section 5.1
iPSLquad,dTO;nv iPSLquad,g'r‘ow Section 5.2

iPSLid,drop, iIPSLid, grow
iIPSLGquad,drops iIPSLGguad,grow
iPSLGgd,drop> IPSLGrd, grow
(b) methods for irregular-shaped queries

Sections 5.1, 5.2

Note that each method (in Table 2) requires a preprocess-
ing step — scan a data image D to compute its prefix-sum
matrix. This step is done only once before queries arrive.

For example, the preprocessing time is only 0.22s per image
for the Weather dataset in Table 3.

Table 3a lists the details of our datasets and queries. We
collect these datasets from [1], [29]. Photo640, Photo1280
and Photo2560 [29] contain 30 images of the size 640x480,
1280 x 960 and 2560 x 1920 respectively. Weather [1]
contains 30 weather satellite images of the size 1800 x 1800;
the timestamps of these images are from 00:00 on 1/4/2014
to 06:00 on 2/4/2014. For each image, we generate 10
random starting positions by the uniform distribution to
extract queries from that image. Since our competitors
only support the Lo norm, we use the Ls norm in all
experiments.

In each experiment, we execute the methods for 300
queries (= 30 images x 10 queries) and then report the
average response time.

TABLE 3: Our datasets and queries

Dataset Image size Number of Number of
’ H ‘ images queries per image
Phot02560 2560 x 1920 30 10
Photo1280 1280 x 960 30 10
Photo640 640 x 480 30 10
Weather 1800 x 1800 30 10

(a) the setting for rectangular queries

Dataset Number of Number of Query extraction
images queries per image method
[ Photo2560 ] 30 [ 10 [ Matlab segmentation |
[ Weather H 30 [ 1 [ Manual extraction ]

(b) the setting for irregular-shaped queries
6.1.2 Results

First, we study the effect of the number of bins « on
the response time of our method PSLGg. Figure 18 plots
the running time as a function of a. When « increases,
the group-based lower bound LBg.,,, becomes tighter
(i.e., higher pruning power) so the response time drops.
Nevertheless, when « is too large, it incurs high overhead
to compute LBgroyp s0 the response time rises slightly. In
subsequent experiments, we set & = 16 by default.

T T T = 0.4 T T T T
0.8 " o PSLGg —5— PSLGg
50.6 r g
aé 0.4 E 0.2 n
[S S
0.2
1]
0 | | | | 0 I I I I
21 22 23 24 25 26 21 22 23 24 25 26
a a

(a) Photo2560 (b) Weather

Fig. 18: Effect of the number of bins «

We have also collected measurements to study the ef-
fectiveness of techniques in PSLGg, at the default setting
(aw = 16). First, the exact distance calculation incurs only
5% of the running time, whereas the computation of bounds
incurs 95% of the running time. Second, the majority of
candidates (99%) are pruned at the group level and the
remaining candidates are pruned at the candidate level.

Next, we evaluate the scalability of methods with respect
to the query size N,. Figure 19 shows the response time
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of methods versus the query size IV,. Since Dual [34] can
only support query size of the form 2" x 2", we use query
sizes like 322,642, --- in this experiment. Thanks to the
group lower bound function, PSLGg outperforms all other
methods and scales better with respect to /V,. On the other
hand, Dual, PSLA and PSLg need to obtain candidates
one-by-one and incur higher overhead on maintaining the
min-heap. Since PSLg performs better than PSLa, we omit
PSLA in the next experiment.

0.56 [ —— pual B 0.48 [ —— ll)ual N
0.48 - — PSlLa B 0.4 - —% PSLa i
§o4r SRR T Boxn o g g
0 ® u Y. D
o 0.32 | ] ;0 24 i
£024  —— 2o
0.16 [;/E,/’EI‘E] 0.16 ¢
0.08 |- 7 008F "=
0 | | 0 1 1
162 322 642 1282 162 322 642 1282
query size query size

(a) Photo2560 (b) Weather

Fig. 19: Effect of the query size N,

Then, we test the scalability of methods with different
data sizes (by using three datasets Photo640, Photo1280
and Photo2560), while fixing the query size to 64 x 64.
Figure 20 shows the response time of methods with respect
to the data size. Our methods perform better than the
competitor Dual. When the data size increases, our group-
based pruning technique becomes more powerful and thus
the gap between PSLGg and the other methods widens.

Time (sec)

640x480 1280x960 2560x1920
data size

Fig. 20: Effect of the data size Np

To test the robustness of methods, we follow [34] and
add Gaussian noise into each query image. The query size
is fixed to 128 x 128 in this experiment. Figure 21 shows
the response time of methods as a function of the noise
(in standard deviation). The performance gap between our
methods and Dual widens as the noise increases. At a
high noise, the pruning power of all lower bound functions
becomes weaker. In the worst-case, Dual may invoke a long
sequence of bounding functions per candidate, whereas our
methods invoke at most a logarithmic number of LBjcy.;
(in terms of N,) per candidate. In summary, our methods
are more robust than Dual against noise.

6.2 Experiments for Irregular-Shaped Queries
6.2.1 Experimental Setting

We summarize our methods and the state-of-the-art [13]
(denoted as iDual) in Table 2b. We label our methods
with the same prefix iPS. Their suffixes (G or L or both)
represent which lower bound techniques are used. Their
subscripts represent which partitioning techniques are used.

160 7 T T

120 -

Time (sec)
<3}
S

40

012 5 10 15 20

noise noise

(a) Photo2560 (b) Weather
Fig. 21: Effect of the noise

012 5 10 15 20

Table 3b lists the details of our datasets and queries.
The experiments in [13] have tested with three synthetic
query shapes only. In contrast, we test with a wider variety
of query shapes in our experiments. For the Photo2560
dataset [29], we apply the Matlab segmentation function
on each rectangular query in order to obtain an irregular-
shaped query. For the Weather dataset [1], we follow the
same approach as in [39] and manually extract a cloud
pattern from each data image.

The response time of our iPSLG methods includes the
partitioning time. In all of our experiments, the partitioning
time is at most 1.2% of the response time only, implying
that our partitioning heuristics incur very low overhead.

6.2.2 Results

We first compare the effectiveness of our partition-
ing heuristics and name these methods as iPSLyqg drop,
iPSLquad,dTop iPSLkd,grow and iPSLquad,grow- Figures 22a
and b plot the response time of these methods with respect
to the Gaussian noise as described in Section 6.1.2. In
general, ‘grow’ is better than ‘drop’ because ‘grow’ can
produce more rectangles and thus provide tighter bounds.
On the other hand, ‘quad’ performs slightly better than ‘kd’.
The best method iPSL;yq4,grow 18 faster than others up to
20% and 40%, on the Photo2560 and the Weather datasets,
respectively.

In Section 5.2, we have formulated a cost equation to
express the computation cost of our method. We then
measure this cost in the above experiment and show it in
Figures 22¢ and d. We observe that the trends are similar to
those in Figures 22a and b. Again, iPSLyq4,gr0w achieves
the lowest cost, and it performs better than other methods
by up to 37% and 53%, on the Photo2560 and the Weather
datasets, respectively.

In the next experiment, we compare the competitor
(iDual) with three variants of our methods: one using
group-based lower bound (iPSG), one using level-based
lower bound (iPSL4yqd,grow), and one using both types of
lower bounds (iPSLGgyq4d,gr0w)- Figure 23a and b show
the response time of these methods as a function of the
noise. iDual is the worst since it incurs high overhead
on maintaining a set of rectangles for each candidate.
Both iPSL44,gr0w and iPSLGgyqd,grow outperform iPSG,
implying that our lower bounds in Section 5.2 are more
powerful than the simple bound in Section 5.1. We then plot
the maximum heap space of these methods, in terms of the
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Fig. 22: Comparisons of partitioning heuristics, varying
the noise

number of rectangles, in Figure 23c and d. iDual occupies
considerable amount of space on maintaining rectangles
for candidates. iPSLgyqd,grow Te€quires only O(1) space per
candidate. Since iPSLGgyqd,grow can perform group-based
pruning, it consumes the smallest amount of space.
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(a) response time on Photo2560 (b) response time on Weather
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Fig. 23: Comparisons of methods, varying the noise

Finally, we test the effect of the query size on the
response time of our method iPSLyyqd,grow and the com-
petitor iDual, without noise. We measure the query size as
the number of ‘1’-entries in the mask. The sizes of queries
range from 960 to 16384 in the Photo2560 dataset and
from 5400 to 84710 in the Weather dataset. We plot the
results in Figure 24. Both the average response time and
the worst-case response time of iPSLyyad,grow oOutperform
iDual significantly.
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Fig. 24: Effect of query size, fixing o =0
7 CONCLUSION

The contribution of our work is twofold. First, the proposed
technique can support irregular-shaped queries. This new
flexibility makes the new solution much more effective.
Second, this new advantage is achieved with substantially
less computation in comparison with the current state of
the art, about 20 times faster when the noise level is low
to medium and at least 9 times faster when the noise
level is high. Our experiments on real datasets indicate that
the proposed method is capable of real-time computation
and therefore enables a wide range of new applications
not possible before. In the future, we plan to investigate
approximation algorithms to further reduce the running time
with theoretical guarantee.
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