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Abstract

An important problem for many location-based applications is the continuous
evaluation of proximity relations among moving objects. These relations express
whether a given set of objectsisin a spatial constellation or in a spatia constel-
lation relative to a given point of demarcation in the environment. The challenge
lies in the continuous processing of large numbers of such relations as the lo-
cation position information of the objects change. In this paper, we propose an
adaptive location constraint indexing technique for solving this problem. The pro-
posed indexing technique adapts well to the change of movement patterns of the
mobile objects, stabilizes the system performance, and reduces the cost for contin-
uously processing the proximity relations for both in-memory processing and for
1/O-incurring environment.

1 Introduction

With the advances in wireless communication and location positioning technology [23],
the potential for tracking, correlating, and filtering information about moving objects
has greatly increased. For example, it has become possible to track the location of
mobile users in a wireless network or in a building [23, 16], the discrete location of
vehicles or packages in delivery [1] and even the movement of livestock or fish for
environmental purposes [2]

An important problem in the context of applications that leverage this tracking po-
tential is how to efficiently determine whether for any given number of sets of moving
objects, the objects per set are close to one another or close to a given point of de-
marcation. We refer to this problem as the location constraint matching problem. In
a wireless network, for example, an operator may want to offer alerting services that
notify members of a group (e.g., a group of friends or family), if they are close to each



other (e.g., friend finder and buddy tracking application) or close to a designated point
in the environment (e.g., the CN Tower in Toronto). In a goods and packages delivery
chain, the operator may want to know if a set of packages routed to the same or similar
destinations are close to one another and may benefit from common delivery to amor-
tize delivery cost. In ad hoc networking, for example, given a set of mobile devices,
one may want to know if they are close to each other to benefit from the proximity for
resource sharing (e.g., content, communication, caching and computation).

To model the position correlation among a set of n moving objects and a set of
moving objects and a point of demarcation, we introduce two types of constraints,
the n-body constraint and the n-body static constraint. We refer to these constraints
as location constraints, as they are defined over the location position of the objects.
close-to-relation is only a special case of the correlation specified by the constraints.
The general location constraints are formally defined as follows:

1. The n-body constraint is of the form [p:¢, po?, ..., pn| op d (the operator op is
either < or >). It is matched if the n moving objects, identified by, p1, pa, ..., Pns
can(<) or can not (>) be enclosed by a sphere with diameter d, , at some time,
t. p; (1 <14 < n) is the identifier of object 4. In our notation p;* is interpreted as
the coordinate of object ¢ at time ¢. d is referred to as the alerting distance.

2. The n-body static constraint is of the form | A, p1 ¢, p2?, ..., pt| op d (the operator
op is either < or >), where A is the coordinate of some static point. It is matched
if the n moving objects, identified by, p1, pa, ... , Pn, are within (<) or out of (>)
the given range d, of the static point A at some time, ¢.

The location constraint matching problem can then be stated as follows: Given
a set of location constraints C = {c¢y, ¢a, ..., ¢}, Which designate the desired loca-
tion relationship among a set of m, possibly, moving objects P = {p1,pa,...,Pm }
continuously determine all constraints ¢; in C that are matched. The location con-
straints are continuous queries that once submitted to the system remain active until
explicitly revoked. If we define the moving objects associated with constraint ¢; as
P! = {p1*,p2', ...,pn'}, the above constraints could be shorthanded as | P}, | op d and
|A, Pt | op d, respectively. The definition above does not include the operator =, <
and > because these operations can be expressed with the negation of operator < and
>. For example, P!, < dissimply =P}, > dand P!, = dis (P}, > d)A—~(P!, < d).

close-to-relation corresponds to the constraints with the smaller than operator(<).
Henceforth, we restrict our discussion to the < operator. The constraints with > op-
erator can be resolved symmetrically. Fig. 1 shows the data flow of a typical location-
based service employing location constraint evaluation, as illustrated by the location
constraint matching problem. Location updates of mobile objects are streamed into
the system and trigger the evaluation of constraints by the constraint solver. Constraint
matches are communicated back to the interested subscribers via notifications.

Existing data management and indexing techniques for moving objects [8, 3, 13,
14, 10] are well suited to support relatively smaller numbers of range queries or near-
est neighbor queries. These techniques are not suited to solve the location constraint
matching problem, because they do not address the efficient evaluation of correlations
over a large number of sets of these objects. In a wireless network, often thousands of
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Figure 1: Data Flow for Location Constraint Matching

moving objects could be involved. If these objects continuously move and frequently
change location vectors, the underlying database would be busy updating the objects’
location without being able to evaluate the location constraints among different sets of
objects.

The location constraint matching problem is different from the nearest neighbor
problem [7, 22] in that the nearest neighbor problem determines the nearest object(s)
among all the objects in the space to a given point, while the location constraint match-
ing problem determines whether a specific set of objects are in a given spatial con-
stellation to each other at one point in time. Our work focuses on how to evaluate a
large number of constraints efficiently; it does not primarily focus on solving a single
constraint over static data.

Our algorithm can be customized with different metrics for calculating the prox-
imity relation and is not strictly tied to the application of the smallest enclosing circle
relation. Moreover, in later sections we show how to support different query types,
such as continuous reverse range queries and continuous reverse KNN queries.

In prior work [19], we developed a space partitioning and a Grid-file based indexing
scheme for solving the location constraint matching problem. The approach statically
decides on a space partitioning. This approach works well when the movement pattern
of objects is regular and stable (i.e., objects only move within static clusters). This sup-
ports location constraint matching for areas with well know hotspots, such as shopping
malls, stadiums, and resorts. However, the performance of this approach deteriorates,
if the clusters themselves move, objects form new clusters, and objects move across
the plane. Scenarios supporting this are the movement of crowds through a city, com-
muters (bus, train, planes), ad hoc assembly of crowds. In these cases, the static index
can not cope with the evolving and changing movement patterns. In the worst case, the
performance can not even compete with the naive approach, where all the constraints
are evaluated sequentially.

These limitations are the driver underlying this work. \We propose an adaptive
space partitioning scheme supported by two indexing structures to solve the location
constraint matching problem. The algorithms adapt to the change in the movement
patterns of objects and support a wide-range of query types and proximity relations.



We develop a detailed analytical model to quantify the cost of constraint evaluation
for both in-memory and I/O-incurring environments. We experimentally validate the
efficiency of our algorithm against various movement patterns, compare to alternative
approaches, and demonstrate the scalability of the approach.

In Section 2, we describe the location constraint matching algorithm. In Section 3,
we develop the analytical model to asses the constraint evaluation cost, determine sys-
tem parameters, and estimate secondary storage access cost. The system architecture
of the location constraint processing is described in Section 4. Section 5 presents the
experimental evaluation of the algorithm. In Section 6, we put our work in perspective
to related approaches.

2 Location Constraint Matching Algorithm

Our solution is based on space partitioning. The intuition behind our approach is that,
a space partition that approximates the location of the moving objects, rather than the
exact position of each object, is sufficient for most constraint evaluations. The details
will be illustrated in the following subsections. Below we describe our space parti-
tion schemes and show how they benefit our approach for efficient location constraints
evaluation.

2.1 Space Partitioning

The intuition of space partitioning is that partitions with sufficient granularity can ap-
proximate the position of the objects inside the partition and with this partition in-
formation, certain constraints can be resolved with confidence and therefore can be
pruned.

To partition the space, we propose the adaptive k-d-tree (AKDT) and the adaptive
multi-layer grid (AMLG) indexing that can dynamically adapt to movement patterns
and constraint workloads.

AKDT is fundamentally a k-d-tree, except that it partitions the space rather than
the objects in the space (as a traditional k-d-tree does). In the AKDT tree (see Fig. 2),
each leaf node (n3,n7,ng ...) represents one basic partition of the space and every
internal node represents the partition which is the union of all the leaf node partitions
underneath it; the internal node also stores the information of the splitting line. For
instance, in Fig. 2 the node n4 stores not only the information of the partition (Sz + S3)
which is the union of n; and ng but also the splitting line L, that separates S, and
S3. The root node of the tree represents the whole space. Initially, each object can be
associated with a leaf node partition by tracing from the root node to the leaf node and
the branching decision is made depending on which side of the splitting line the object
takes. For example, object a is associated with partition S3 (node ng) because a is on
the left side of L, (left branch of root) and under L, and L4 (right branch of node n,
and ny).

We assume that the position of each object is retrieved with GPS, ground-based
sensors or other location positioning technology [23]. We call each position retrieval
a location update and we call it a partition update when an object moves from one



partition to another. To avoid the overhead of top-down scan for each partition update
a backtracking algorithm is used to quickly associate the object with the new partition.
Fig. 2 shows this, for object a moving from partition S3 to S2. The association process
only backtracks from node ng to node n4 and realizes that a is still inside the partition
represented by n4, therefore, the association process is tracing downwards from node
n4 t0 ny (because a moves across Ly).

Nu1:
IIl (S1+...+Se,L1)
S1 .p4 /\
® - Lo S4 N2: Ns:
° [ ] (S1+S2+S3, L2) (S4+S5+S6, L3)
® L3— N/\N
= L5 4 5 NG:/\N7:
\SZ s je |GV (S2+§3L4)  (Sa) (S5+S6.Ls)
J IO
./ — Ss Se / N /\ .
=/ ® Sz ~[4 ° Ns: No: l(\lslg) l(\l;;)
5 9) ne en ® (S2) (S3)
P
2.5 unit
QY (8)

Figure 2: Space Partitioning with AKDT

A simple alternative method we propose as point index is the adaptive multi-layer
grid index (AMLG) which is based on the grid file [9], In AMLG (see Fig. 3), the
whole space is partitioned with different layers of grids, the grids in the same level are
of equal-sized cells. The association from the object to the partition is similar to the
AKDT.
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Figure 3: Space Partitioning with AMLG

Partition information (an approximation to the precise position) of the object may
already allows us to tell that some location constraints are satisfied * . In Fig. 2, the 2-
body constraint |b, ¢| < 3 must be satisfied because b and ¢ are in the same partition and
the diagonal of the partition is less than 3. Likewise, the partition information alone
also may tell that some constraints are unsatisfied. For instance, 2-body constraint

LA constraint is satisfied if it is matched no matter where the associated objects locate within their par-
titions. A constraint is unsatisfied if it cannot be matched no matter where the associated objects locate
within their partitions. And a constraint is uncertain if it cannot be evaluated solely based on the partition
information of the associated objects.



le,d| < 1 must be unsatisfied because the smallest distance between partitions S3
and S, (where ¢ and d is located) is at least 1.5. And a constraint is uncertain if the
result can not be determined from the partition information. Only the constraints that
are uncertain needs to be further evaluated with the precise position information. The
constraints that are satisfied or unsatisfied are immediately pruned.

2.2 Adaptive Adjustment of Space Partitioning

This section describes how to dynamically adjust the space partitioning to account
for changes in the movement patten of objects over time. To address this, AKDT
dynamically sets and relinquishes the splitting lines as the movement pattern of the
objects and constraint load changes. For the adjustment, each partition S; (i is the
partition ID) maintains the following additional information:

1. Us,: The number of uncertain constraints associated with the objects in partition

i

Si.
2. Objg,: the total number of mobile objects inside partition S;.

The adaptive space partition algorithm consists of two stages, name-ly, the ini-
tial partitioning and the adjustment stage. The initial partitioning simply breaks the
whole space into small cells with sufficient granularity. The adjustment stage tunes
the partition according to the objects’ movement on a periodical basis. The adjustment
frequency is set to be proportional to the average velocity of the moving objects, which
is derived from the recorded location updates over time.

The adjustment process is composed of the split (see Fig. 4) and the merge process
(see Fig. 5). The split process creates two new smaller partitions from a leaf node par-
tition by adding a tentative splitting line (line 3) inside the candidate leaf node. The
candidate leaf nodes are selected (line 2) such that the nodes contain the largest num-
ber of uncertain constraints or they are chosen randomly, if the number of uncertain
constraints is the same.

The split process may enhance the partition granularity and reduce the number of
uncertain constraints, but it also induces more partition update overhead. The number
of objects Objs, serves as an estimation of the partition update rate that is incurred for
the leaf node partition when splitting lines are added. The algorithm only commits the
splitting line in the partition where it leads to the greatest reduction in the number of
uncertain constraints (recorded in set ' in line 7) and the smallest increase in parti-
tion update rate (recorded in T’y in line 8). Only these tentative splitting lines inside
partitions 'y N T are confirmed (line 9). The final number of partition splits depends
on the size of I'c and T'p, which are controlled by the parameters N, and Np,,.
These two parameters are the main indicator of the adaptation speed, which is directly
coupled with, and therefore adjusted according to, the speed of the evolution of the
movement pattern. The reduction in the number of uncertain constraints is computed
in line 5.

Lemma 2 in Section 3 shows that the uncertain constraints after the splitting are a
subset of the uncertain constraints before splitting, therefore, only the original uncertain



constraints are considered when computing the number of uncertain constraints after
splitting (line 4). This reduces the overhead of the split process.

Procedure Split_ Adjust(INTEGER Nr,, Nr,)
1: begin

for each candidate leaf node S;

3 S,-' = S; + a tentative splitting line [;
4 compute Ug,+ based on Si'

5 AUs, =Us;, = Uy

6: end for
7

8

9

N

I'y =top Nr,, partitions with highest AUsg,
o =top Nr,, partitions with lowest Objs;

replace S; with Si' ifS;el’'ynTo

Figure 4: Partition Adjustment (Split)

The merge process is an reverse operation of the split process. It removes the cur-
rent splitting lines and merges the leaf node partitions. The merge process is targeted
at reducing the partition update overhead at the cost of a minor increase in the num-
ber of uncertain constraints. The candidate nodes are selected (line 2) such that the
nodes contain the most objects (therefore the highest expected partition update rate)
or they are chosen randomly, if all of the nodes contain the same number of objects.
Based on Lemma 2 in Section 3, the uncertain constraints before merging are a subset
of the uncertain constraints after merging, therefore, the original uncertain constraints
must be included (without computation) when computing the number of uncertain con-
straints after merging (line 4). This reduces the overhead of the merging process.

The candidate splitting line generated in the splitting process is random in terms of
its orientation (horizontal or vertical) and its position could be strict (e.g. bisects the
partition equally) or follows some given distribution (e.g., normal distribution). Split
and merge processes run periodically to split the partition that has not been partitioned
to the granularity (to reduce the number of uncertain constraint) or to merge the par-
tition that cause too many partition updates. For AMLG indexing, the splitting and
merging process is similar to that of AKDT.

2.3 Matching Algorithms

With the space partition, the evaluation of location constraints can be performed very
efficiently. The matching algorithm consists of two parts, the constraint evaluation
based on partition information and constraint evaluation based on exact position in-
formation. For the evaluation based on the exact position, WelzI’s algorithm [17] is



Procedure Merge_Adjust(INTEGER N, Nr,,)
1: begin

2: for each candidate second level node S;
Si' =.5; - splitting line in S;
compute U+ based on S

AUs, = Usg,;r — Usg,

end for
I'y =top Nr,, partitions with lowest AUsg;,

T'o =top Nr,, partitions with highest Objs,
replace S; with Si' ifS;el'ynNlo

10: end

Figure 5: Partition Adjustment (Merge)

adopted, which computes the smallest circle that encloses n points in O(n) time. Be-
low, we introduce partition-based evaluation that happens only when some object up-
dates its partition or when the partition scheme is adjusted. The implementation of the
algorithms is orthogonal to the space partitioning methods, it takes advantage of the
space partitioning and uses the partition as a rough estimation for the position of the
moving objects. For certain constraint evaluations, this approximation is enough to de-
termine a result. In the following, we present our partition-based evaluation algorithms
in detail.

Partition-Based Evaluation for N-body Constraint: For n-body location constraint
Ip1t, pat, ..., pnt| < d, when some object p; moves into a new partition S;, all the con-
straints it is associated with need to be re-evaluated based on the partition information
(Fig. 6). Suppose that c; is the constraint p; is associated with and P = {p1, p2, -..,pn}
is the set of bodies involved in ¢; (p;€P).

If the partitions that contain the objects in P cannot all be intersected by the circle
with diameter d (this is checked by function Intersect in line 4), c¢; is unsatisfied. On
the other hand, if all objects in P are in the partitions whose union can be covered by a
circle with diameter d (this is checked by function Enclose in line 6), ¢; is satisfied. If
¢; does not fall into the above two categories, the constraint is uncertain (line 9).

The result of an evaluation is valid as long as the objects remain in their partitions
and the partition scheme does not change. Fig. 7 illustrates partition-based evaluation.
The 4-body constraint |a, b, ¢, e| < 3 is unsatisfied because a, b, ¢ and e are contained
inside the partitions Sy1, So1 and Sss, and Intersect(S11,S21,555) > 3 (the distance
between Sq; and Sss is 3v/2 and the diameter of the circle intersecting both Sy; and
Ss5 must be larger than 3v/2 > 3). Constraint la,b,c,d| < 3 is satisfied because
Enclose(S11, S12,521) = 2v/2 < 3. However, constraint |e, £, g, h| < 3 is uncertain
because Intersect (Ss4, Sas,553, S55) < 3 and Enclose (S34, Sas, S53, Ss5) > 3.



procedur e Partition_Based _NB(MobileObject p)

1: begin

2: for each Constraint ¢ that p is associated with

Let P = {p1,p2, ..., pn } be the set of bodies in ¢;

if (Intersect(J;—, pi-partition)> c.d))
c.result = unsatisfied,;

elseif (Enclose(|J;_, p;.partition)< c.d)
c.result = satisfied,;

else

: c.result = uncertain;

10: end for

11: end

o N R W

Figure 6: Partition-Based Evaluation for N-body Constraint
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Figure 7: llustration of Partition Based Evaluation (N-body)

Partition-Based Evaluation for N-body Static Constraint: The n-body static con-
straint, |A, p1%, pat, ..., pnt| < da, is matched if and only if all p; (i€1..n) are in the
circle O with static point A as center and d 4 as radius. Depending on whether the
partition is inside, intersecting, or outside the boundary of O, we identify the internal,
bounding, and external partitions of O (e.g., the partition completely inside O is identi-
fied as internal partition and so on.) The distance between the moving object and static
point A can be tracked according to the type of partition the object is in.

The partition-based evaluation (see Fig. 8) is as follows: if some object in P =
{p1,p2, .--.pn} is in the external partition, the constraint is unsatisfied (line 6); if all
objects are in the internal partition, the constraint is satisfied (line 8); if the constraint
does not belong to the above two cases, the constraint is uncertain (line 10). Fig. 9
illustrates the partition-based evaluation. The 1-body static constraint |I,e| < 2 is
unsatisfied because Ss5 (where e is located) is an external partition w.r.t. O (a circle



with I as the center and 2 as the radius). On the other hand, constraint |1, f| < 2 is
satisfied because Ss4 (where f is located) is an internal partition w.r.t. O. However,
constraints |I,a| < 2, |I,b] < 2, |I,¢| < 2,|I,d| < 2,|I,g9|] < 2and |I,h| < 2, are
uncertain because S11, Si2, So1, Ss3, S45 are bounding partitions w.r.t. O.

procedur e Partiton_Based_NBS(MobileObject p)

1: begin

2 for each Constraint ¢ that p is associated

4 let P =[p1,p2,-.., pn] be the set of bodies in ¢;
5 if (3p; C P,p; € external partition)

6: c.result = unsatisfied;

7 elseif (Vp; C P, p; € internal partition)

8 c.result = satisfied;

9: else //in bounding partition
10: c.result = uncertain;

11: end for

12: end

Figure 8: Partition-Based Evaluation for N-body Static Constraint

Constraint Evaluation Algorithm: Change in location information triggers constraint
evaluation as shown in Fig. 10. We distinguish the case where the location change leads
to partition updates and where no such updates are incurred.

For a partition update, all constraints an object is associated with have to be eval-
uated using the partition-based evaluation function (line 5, 6) and the uncertain con-
straints of the object have to be explicitly evaluated afterwards (with Match_Uncertain_Constraints
in line 7). This evaluation is based on the exact location position information. The
number of uncertain constraints and the number of objects in the previous and current
partitions are updated afterwards (line 8, 9).

On the other hand, if the location update does not incur partition update, only
uncertain constraints (line 11) need to be evaluated. Partition-based evaluation is in-
voked every time an object changes partition or when the partition is adjusted, but not
for every location update.

2.4 Conflicting and Congruous Constraints

We notice that there could be constraints that are conflicting with each other. For
instance, |p1t, p2t| > d and |pit, p2f| < d cannot be satisfied at the same time. If
one constraint is evaluated to be satisfied(true), the other must be unsatisfied(false).
Likewise, constraint could also be congruous; i.e. if a constraint is satisfied, some
other constraint must also be satisfied. For instance, if |p1?, po?, p3t| < d is satisfied,

10
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Figure 9: Illlustration of Partition-Based Evaluation (N-body Static)

then it must follow that |p;?, p2f| < d is also satisfied. Notice that the conflicting and
congruous relation is asymmetric. In the above example, |p1¢, p2f| < d is unsatisfied
might not indicate |p:?, po?| > d. Also even if [p1?, pa?| < d, |pi?, pot, p3t| < d might
not be true. To amortize the evaluation cost, a secondary graph structure is used to
index the conflicting and congruous constraints. This graph structure is constructed
and incrementally updated when the new constraint is inserted or removed from the
system; and this can also be done offline for the constraints are known beforehand.
The conflicting or congruous relationship are identified with a set of rules as follows.
Suppose that ¢; and ¢ are conflicting or congruous constraints and each is associated
with a set of mobile objects (P, for ¢; and P» for ¢2). Depending on the result of the
constraint, there could only be four possible cases:

1. ¢; is satisfied — ¢5 satisfied(congruous):
al)ci.op=co.op="<”andec;.d <cp.dand P, D P;.
a2)ci.op=coop=">"andc;.d > cy.dand P, C P;.

2. ¢ is satisfied — ¢, unsatisfied(conflicting):

b.1l)ci.op="<”andcs.op=">"0r” =" and¢;.d < cy.dand P, D Ps.
b.2)ci.op=">"andcy.op=" <”or” =" and ¢;.d > ca.dand P, C Ps.
b.3)ci.op="="andcr.op=" <” and ¢;.d > ca.dand P; C P>.
b4)ci.op="="andc.op=">"and¢;.d < cp.dand P, DO P>.

3. ¢ is unsatisfied — ¢» satisfied(conflicting):
cl)ciop=">"andcy.op="<”andci.d < ca.dand P, D Ps.
c2)ci.op="<"andcy.op=">"andc¢;.d > cy.dand P, C Ps.

11



procedur e Evaluation(MobileObject p)

1: begin

p.prev_partition = p.partition;

p.partition =Find_New_Partition(p);

case 1: p.prev_partition # p.partition
Partition_Based_NB(p);
Partition_Based _NBS(p);
Match_Uncertain_Constraints(p);
Update Up.partition and Up.prev_paTtition;
update Objp.partition and Objp.prev_partz'tion;

10: case 2: p.prev_partition = p.partition

11: Match_Uncertain_Constraints(p);

12: end

Figure 10: Evaluation Algorithm

4. ¢; is unsatisfied — ¢, unsatisfied(congruous):
dl) C1.0p = C2.0p = ?<”ande¢p.d > ca.dand P, C Ps.
d.2)ci.op=cgop=">"andc¢;.d < co.dand P; D Ps.

The outcome of the constraints may be partially conflicting or congruous with each
other. This happens when the object sets of the constraints are not completely the same
(P, # P,) and their intersection P; N P, contains more than two objects. Because
of the overlap of the involved object sets, the result of some constraint may be valu-
able partially for the evaluation of other constraints. For instance, if [p ¢, po?, p3t| < d
is satisfied, then [p2?, pst, p4¢| < d would probably also be satisfied, since both con-
straints involve p» and ps and |p2?, pst| < d. This is what we call partially congruous.
Likewise, if [p1t, pot, p3t| > d is satisfied, then |p2¢, ps?, p4t| < d would probably be
unsatisfied. This is what we call partially conflicting. To fully make use of the corre-
lation information embedded in those constraints with object sets partially overlapped,
the notion of the virtual constraint is adopted. A virtual constraint, ¢,, involves the
mobile objects that is the join of the object sets of both constraints(e.g., P, N P), and
its operator ¢, .op and alerting distance ¢, .d are defined with the following rules:

1. ¢, is satisfied — ¢y, co are satisfied(congruous):
a.l) ifci.op =c2.op=">",thenc,.op =" > " and ¢,.d = max;=1 2(c¢;.d)
2. ¢, is satisfied — ¢1, ¢o are unsatisfied(conflicting):
b.1) if c;.op = cp.op = 7 < 7 or ”=", then ¢,.op = 7 > 7 and ¢p,.d =
max;—1,2(¢;.d)
3. ¢y is unsatisfied — ¢1, ¢, are satisfied(conflicting):

c.l)ifcy.op=co.op=">",thenc,.op =" <” and ¢,.d = max;— 5(c;.d) +
€(e>0)

12



4. ¢, is unsatisfied — ¢, ¢ are unsatisfied(congruous):
d.1) if ¢1.0p = c2.0p =7 <7, then ¢cy.op =” < ” and ¢,.d = max;—1 2(c;.d)

5. ¢, is satisfied — ¢; is satisfied(congruous), ¢z is unsatisfied(conflicting):

el)ifci.op=">"and cz.op =" < 7, thenc,.op =" > " and ¢,.d =
max;—1,2(¢;.d)

6. ¢, is unsatisfied — ¢; is satisfied(conflicting), cs is unsatisfied(congruous):

fl)ifcp.op =7 > 7 and cp.op =” < 7, then ¢,.op =7 < 7 and ¢,.d =
max;=1,2(¢;.d) + € (€ > 0)

Notice that we deliberately neglect the low-probability cases. For example, when
cy, With ¢y.op = 7 = 7 and ¢,.d = ¢;.d, is satisfied, ¢;, with ¢;.op =7 < 7 or
7 > 7, will be unsatisfied. But the probability that ¢,, with equality operator is satisfied
is very low, the pruning base on this virtual constraint is not likely to be efficient. In the
evaluation, the constraint of the virtual node has higher priority and they will always
be evaluated before other constraints.

Similar to n-body constraints, the rules for conflicting and congruous relationship
for n-body static constraint can be likewise derived as below:

1. ¢; is satisfied — ¢, satisfied(congruous):

a.1)ci.op = ca.op =" <7 and dist(cy.A, 2. A) < ca.d—cy.dand ey .d < ¢o.d
and P D) Ps.

a.2) ¢cy.op = cp.0op =" > and dist(cy.4,co.A) < ¢p.d—cy.dandey.d > ¢a.d
and P, D P».

2. ¢ is satisfied — ¢, unsatisfied(conflicting):
b.1) ¢1.op = co.op =" < ” and dist(c1.4,¢2.4) > ¢1.d+ca.dand P, N Py #
@.
b.2) ¢c;.op =" < ” and ¢y.op =" > ” and dist(c1. A, ce.A) < ca.d — ¢1.d and
c1.-d < cq.dand P, N Py # ¢.

3. ¢1 is unsatisfied — ¢ unsatisfied(congruous):

c.1)ci.op = cr.0p =7 < ” and dist(cy.4A, c3.A) < ¢;.d—cy.dandey.d > ¢o.d
and P - Ps.

c2)cr.op=">"and ce.op =" < ” and dist(cy.4,c2.A) > ¢1.d + ¢co.d and
PLC P,

To construct the graph structure, initially, each constraint(including the virtual con-
straint) is regarded as node in the graph, it is then connected to its conflicting and
congruous constraints (other nodes) with unidirectional edges (asymmetric relation),
each appropriately labeled with transit condition, e.g. satisfied — unsatisfied (short-
handed as s — w) etc. Then, the nodes with the same neighbors and are connected
to those neighbors with the same transit condition are merged into a compound node.
Reversely, when the constraint is removed, the corresponding node may need to be
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Figure 11: Pruning that is not Possible with Space Partition

deleted. Notice that this graph maybe disconnected and is partition into discrete com-
ponents. one constraint in a node is computed, a width-first transverse of the graph
starting from that node is followed, and the results of the constraints represented with
those nodes are immediately evident without computation. Precaution for the loop is
taken appropriately with boolean bit indicator for the visited node. Virtual constraints
are evaluated based on adaptive space partition just as an ordinary constraint. This sec-
ondary graph data structure is most effective on conflicting and congruous constraint
pruning when the constraints represented by the nodes are uncertain, because the cor-
responding redundant computation cannot be pruned with space partition. Notice that,
the constraint pruning with conflicting and congruous property is based on the syn-
tax and it is orthogonal to the space partition pruning. In the following Fig. 11, the
constraints |B,C,D| < 2.5, |A,C,D| < 2.5, |A,B,D| < 2.5, [A,B,C| < 2.5,
|A,B| < 2.5,|A,C| <25,|A4,D| < 25,|B,C| <25, |B,D| <25,|C,D| < 2.5
are not possible to be pruned based on partitions where A, B, C, D are located, be-
cause the minimum size of the circle enclosing any two or three of them is larger than
2.5 and the minimum size of the circle intersecting any two or three of them is smaller
than 1. But all of them can be pruned (as satisfied) if we know that | A, B,C, D| < 2.5
is satisfied.

In the following Fig. 12, we give an example of conflicting or congruous constraints
indexed with unidirectional graph structure. The five constraints being indexed are
shown in node N1, N3, Ny Ny and Ng. The constraints in node N5 and N4 share the
same objects p2 and ps, therefore a virtual node N, representing constraint |p2, p3| > d
is constructed. If the virtual node N, is satisfied, the both node N3 and N, will be
unsatisfied (unidirectional edge from N, to both N3 and N,). Also, if N3 or Ny is
satisfied, then N, must be unsatisfied (unidirectional edge from both N3 and N, to
N5). Since the two unidirectional edges between N, and N3 (and N4) have the same
label (s — wu), they are combined as a single bi-directional edge. Observe that N3
and N, are connected to the edges with the same label to other nodes, therefore they
can be combined to form a compound node. All the other transit edges are based on
the rules listed above. An example of constraint processing is that when the object p,
updates its location, then the constraint |pa, ps| > d in Ny will be evaluated first (given
it is uncertain) because virtual node has higher priority. If it is unsatisfied, then the
constraint in N is satisfied because the transit condition from N5 to N7 isu — s. Since

14



Combound node

d'>d u:unsatisfied  s:satisfied

Figure 12: Graph Structure for Conflicting and Congruous Constraints

there is not edge coming out from N; labeled with s — x, the transverse terminates.
On the other hand, if constraint in N, is satisfied, then constraints in compound node
N3& N, and N5 must be unsatisfied(s — w). Other scenarios can be likewise verified.

2.5 Extended Constraints

In this section we illustrate how the partition-based evaluation algorithm can be applied
to other constraints. The illustration is based on a continuous reverse range query
(CRR) and a continuous reverse k-nearest neighbor query (CRKNN).

1. Given a rectangular region R, a continuous reverse range query, CRR(R, o)
continuously checks whether a moving objects o is inside R.

2. Given a static point P, a continuous reverse k-nearest neighbor query, CRK NN
(P, o), continuously checks whether P is the KNN of o.

In the discussion below we refer to these queries as constraints to emphasize the inverse
character of the problem, i.e., given a potentially large set of constraints and changing
object location information, we are looking for the matched constraints. As in the
previous section, the objective of the partition-based evaluation is to reduce the number
of constraints that have to be evaluated against precise position information.

Suppose object o is located inside partition S,. The partition-based evaluation for
CRR(R, o) works as follows. If S, is disjoint with R, the constraint is unsatisfied. If
S, is completely enclosed by R, the constraint is satisfied, otherwise (S, intersects R),
it is uncertain. Fig. 13(A) shows three rectangular areas, Ry, R» and Rz and three ob-
ject o1, 02, and o3. Since partition S;, which accommodates o1, is disjoint with Ry, the
constraint CRR(R;,01) can not be satisfied, therefore it is unsatisfied. CRR(R2, 01)
is a satisfied constraint since S; is completely inside R, and CRR(R3, 01) is uncertain
since Ry partially intersects S;. Likewise, we may conclude that CRR(R;,02) is
uncertainand CRR(R5, 02), CRR(R3,02), CRR(R1,03), CRR(R>,03) and CRR(R3,03)
are unsatisfied.
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Figure 13: (A) CRR query and (B) CRKNN query

The partition-based evaluation for CRK N N (P, o) works as follows. Suppose P
is inside the partition Sp. For object o, the system maintains the partition where o is
located (S,) and the partitions where its KNNs are located (without loss of generality,
suppose they are S; (1 < i < k)). If the nearest distance between S, and Sp is greater
than the furthest distance between S, and S;, or N(S,, Sp) > mazi<i<kF (S, Si)
(function N and F' return the nearest distance and furthest distance between two par-
titions. If one of the partition is degraded to a point then they return the nearest dis-
tance and furthest distance between a partition and a point), then P can not be one
of the kNNs of o, and CRK NN(P, o) is unsatisfied. However, if the furthest dis-
tance between S, and Sp is smaller than the smallest distance between S, and S; (for
some i), or F'(S,,Sp) < JiN(S,,S;), then P must be one of the KNNs of o, and
CRKNN(P,o) is satisfied and the current KNNs have to be updated. If a constraint is
not unsatisfied or satisfied, it is uncertain.

Fig. 13(B) shows a continuous reverse 3 nearest neighbor constraint CR3N N (P, o).
Suppose the current 3 nearest neighbors of o are A, B, and C, and object o triggers a
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partition-based evaluation (e.g., due to a partition update). Since N'(S,, Sp) = v/20 >
mamiE{A,B,C}F(SOJSi) (F(SO;SA) = F(SO;SB) = \/ﬁ, F (SOJSC) = \/ﬁ), P
cannot be one of o’s 3 nearest neighbors, CR3N N (P, o) is unsatisfied. However, if o
is inside partition S,/, the constraint will be satisfied, because F'(S,, Sp) = V13 <
N(S,,S4) = 4. Similarly, if o is inside partition S, , the constraint is uncertain.

Continuous query CRR or CRK N N all produces a result as a boolean value (yes
or no answer). Next we show that the partition-based method can be applied to process
the traditional continuous queries that has non-boolean result. Here, we focus our
study on two most popular spatial queries, the continuous range query (CR(R), R is
the range) and continuous & nearest neighbor query (CK N N(q), q is the query point).

First, for each continuous range query CR(R), two lists, (the internal list and
bounding list) are maintained. The internal list stores the references to the objects
that are in the internal partition (those are inside the query range) of R and bounding
list stores the reference to the objects that are in the bounding partition (those are in-
tersecting the query range) R. Moreover, to keep track of the objects in the bounding
list, a boolean vector bv, with each bit corresponding to an object, indicates whether it
is inside (true) or outside (false) the range. The query result is simply all the objects in
the internal list plus the objects in bounding list with the bv bits marked as true. When
the object does not change partitions, containment condition is checked only for the
objects in the bounding list and the boolean vector are also updated accordingly. Other
location updates are pruned and the result of the query is partially updated each time.
If the partition update occurs, the list should be appropriately modified incrementally
to reflect the change. The partition update only involves the incremental update of two
list. As an example, in Fig. 13(A) oy is in the internal list of C R(R) and bounding
list of CR(R3), o2 is in bounding list of CR(R;), therefore C R(R) always includes
o1 as result, and CR(R;) and CR(R3) may or may not includes o, and o, as result,
respectively. No query includes oz as result, so any location update from it is safely
pruned.

There are two types of continuous k nearest neighbor query (C K NN (q)), the order
sensitive CK NN and order insensitive CKNN. For the order sensitive CK NN,
the order (based on the distance to the query point from near to far) of the objects
distinguishes the query results, e.g., < o1, oo > is different from < 02, 0; > since
o1 is closer to the query point in the first result but o5 is closer to the query point in
the second result. However, for the order insensitive C K N N, the order of the objects
does not differentiate the result, e.g., < o1, 02 > is considered to be the same as < o,
01 >.

To incrementally process the order sensitive CK N N, each CK N N keeps a record
of current & nearest neighbors and the partitions that they are located (overhaul algo-
rithm [21] can be used to get the initial result). To incrementally update the rank and
query result, array sd[¢](fd][¢]) is used to record the smallest(largest) distances between
the query point and the partition that contains sth nearest neighbor (1 < i < k).

We call the partition whose smallest distance to the query point is smaller than
the fd(k) the k-neighborhood partition and we call the partition whose largest dis-
tance to the query point is no larger than sd(k) the k-internal partition. Then the
k nearest neighbors are a subset of all the objects inside k-neighborhood partitions
and are a superset of all the objects inside the k-internal partitions. Particularly, the
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k-neighborhood partition that is not k-internal partition may contain objects that are
not k& nearest neighbors, but k-internal partition definitely contains only the objects
in k nearest neighbors. It is clear that location updates outside k-neighborhood par-
tition are immediately pruned because they would not affect the result anyway. Only
the location updates involving the k-neighborhood partitions need to be further pro-
cessed and this dramatically reduces the computation because only the objects within
the vicinity of the query point are involved in the evaluation. The details are elabo-
rated with the following few cases. If one of the k nearest neighbor is moving out
of the k-neighborhood partition, then it is removed as one of the &£ nearest neighbors
and the 1 nearest neighbor query is issued [21] and the result becomes the new kth
nearest neighbor. Now suppose that the object moves into the k-neighborhood parti-
tion (this includes the case where the object moves within the k-neighborhood partition
with or without partition update) or moves from a non-k-neighborhood partition into a
k-neighborhood partition and suppose the destination partition is P. Then if the inter-
val [N (P, q), F(P,q)] does not overlap with any interval [sd[i], fd[i]](1 < ¢ < tr) (or
fd[i] < N(P,q), F(P,q) < sd[i + 1] for some 3), this object becomes one of the i + 1
nearest neighbor , and the original nearest neighbors further away than this object need
to increase their order by 1 and the original kth nearest neighbor is dropped from the
answer list. Now, what if the interval [N (P, q), F'(P, q)] overlaps with some interval
[sd[i], fd[{]]J1 < @ < k). Then only the objects inside these partitions are compared
with the new position of object and the order of the nearest neighbor are appropriately
adjusted. Order insensitive CK NN is much simpler than order sensitive CK NN,
because any movement within the k-internal partitions is neglected since they would
not affect the result anyway.

In Fig. 14, the current four nearest neighbors of the query ¢q are < A, B, C,
D > in increasing order and they are located in partitions S4, Sg, Sc and Sp. The
sd and fd arrays record the distance from ¢ to each partition, sd[1] = N(S4,q),
fd[1] = F(Sa,q), sd[2) = N(Sp,q), fd[2] = F(Sp,q), sd[3] = N(Sc,q), fd[3] =
F(Sc,q), sd[4] = N(Sp,q) and fd[4] = F(Sp,q). Suppose that A is moved from
partition S4 to Sp (dashed arrow), then its new position is compared only with the
original ith nearest neighbor if the interval [N (Sg,q), F(SB, q)] intersects with the
interval [sd][i], fd[i]]. Inthis case, [N (S, q), F(Sg, q)] intersects with [sd[1], fd[1]],
[sd[2], fd[2]] therefore, B is compared with A. In this case, A is further away than
B, so A and B change their order which makes current result < B, A, C, D >, and
sd and fd are updated accordingly. On the other hand, suppose £ moved into parti-
tion Sgr, since Sg and Sg: are both non-k-neighborhood partition, nothing needs to
be done, the new position is simply discarded. But if it is moved to Sg~, its position
has to be compared with the position of the third nearest neighbor C' (because the in-
terval [N (Sg»,q), F(SE»,q)] intersects only with [sd[3], fd[3]]) and their orders are
adjusted and the fourth nearest neighbor D is dropped from the original result, making
the currentresult < A, B, E, C >.

3 Analytical Model

In this section, we develop an analytical model for the cost of evaluating constraints.
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Figure 14: CKNN query

In our model n. denotes the number of constraints. There are O objects in the
2D plane and each constraint is associated with @ objects on average. Among the n.
constraints, on average C' of them are uncertain. The model estimates the matching cost
for in-memory and 1/O-incurring environments and formalizes algorithmic properties.
For a random movement pattern, we derive an estimation for the optimal partition size
that results in the least matching cost.

3.1 Cost for In-memory Processing

We assume all the objects update their location with some fixed frequency, f. Since the
frequency of the partition adjustment processes is much lower than the location update
frequency, the cost for maintaining the index data structure is ignored.

Constraint evaluation cost is comprised of two factors: The cost for evaluating
a constraint based on precise location position information (denoted as Cost;,,) and
the partition-based evaluation cost when an object updates its partition (denoted as
Costy,). Suppose that for a duration, ¢, a total of / location updates are received, p of
which incur partition updates. For each location update, the system needs to evaluate on
average Ca/O uncertain constraints. If each of them takes approximately a processing
time, then the cost for a location update during one unit time equals (Ca/tﬂ. Since
f= &, the above location update cost can be expressed as:

Costy, = Coaf 1)

However, when the object is moving into a new partition then all the constraints it is
associated with (on average n.6/O) have to be subjected to partition-based evaluations.
If partition-based evaluation incurs 3 processing overhead, the cost of a partition update
per unit time is w. p/l is a good estimation of the probability of an object
updating its partition (Pp,,), or P, = p/l. The above cost for partition update can be
rewritten to:

Costyy =108 f Ppy (2
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The value of « and 8 depend on the processing power and can be estimated experimen-
tally. Putting together Eq. 1 and Eq. 2, the average cost per unit of time for the adaptive
algorithm is given as:

Costodapt = Costyy + Costyy @3)
= Coaf + n.opfPpy

The per unit time cost for the naive approach is simply the cost for evaluating all
constraints:
Costpaive = Neoaf 4)

In Eq. 3, if Py, is small then the second term could also be neglected and the cost can
be approximated to:

Costodept = Coaf = %Costna;ve (5)

Discussion: Our algorithm outperforms the naive approach when Costogapt <
Costngive. However, with static space partitioning, this performance point can not be
guaranteed. For instance, if the majority of the constraints are uncertain or P, is too
high, then the performance of the algorithm is much worse. On the other hand, with
adaptive space partitioning, the partition adjustment algorithm tries to reduce P,,, and
the number of uncertain constraints so that an overall performance increase can be
expected.

Given a fixed space partitioning, P, depends only on the movement pattern (e.g.,
the velocity and the position) of the objects while the constraint evaluation depends
on the correlation of the position of objects. There is no direct relationship between
P,,, and the number of uncertain constraints. Also, in general, given the frequency of
location sampling, there is no direct dependency between P,,, and the partition scheme.
For example, even when the space is partitioned sparsely, the object could still generate
a large number of partition updates by moving back-and-forth across a splitting line,
and conversely, an object could move with fast speed without generating any partition
update at all in a densely partitioned region (e.g., it is moving inside a partition).

This makes an analysis to derive the optimal partition scheme difficult. For exam-
ple, it is not possible to answer the question what is the optimal size of the partitions
to reduce the evaluation cost to a minimum?”’. More generally, we can not even claim
that there is a trade off between the number of uncertain constraints and the partition
update rate. Reducing uncertain constraints by making the partition size smaller may
not result in a higher P,,. Therefore, for a system with stringent quality-of-service
requirements (e.g., regarding response time and accuracy, for example), a practical
way would be to sample a number of partition scheme choices and choose the best
one (i.e, the one that leads to smaller Costaqqpe). This is exactly what our evaluation
algorithms does. It samples the partition space by tentatively inserting or deleting par-
titions through the splitting and merging process. Eventually, it makes the real partition
change that will ultimately reduce the overall cost.

Based on this discussion, below, we develop a simpler model to estimate the opti-
mal partition size. This model is based on the following additional assumptions:

1. All objects follow the random movement pattern, with an average speed of v. As
a result, the distribution of the objects on the plane is uniform.
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2. The partitions are equal-sized squares with the length of each side equal to a,
which is much smaller than the extension 2 of the whole space s (a < s) and the
size of the partition is much smaller than the size of the whole space S(a? < S).

3. All the constraints have a unique alerting distances, denoted as d (¢ < d < s).

First, for the n-body constraint, we claim that the size of the diameter of the small-
est circle enclosing a set of objects is uniformly distributed. With the uniform distri-
bution, the probability of a constraint being uncertain (satisfied or unsatisfied) can be
expressed with the partition size, space size and the alerting distance and therefore,
the estimation of the optimal partition size becomes possible. This is stated in the
Lemma 1:

Lemma 1. Under random movement of objects in Euclidean 2D space, the dis-
tribution of the size of the diameter of the smallest circle enclosing a set of objects is
uniform.

Proof (sketch): we only need to prove that the probability that the diameter of the
enclosing circle equals to a particular value d; is the same as it equals to another par-
ticular value d2. The random movement pattern results in the even distribution of the
objects in space. Let’s denote the center of the circle (enclosing object i, 1 < i < n)
with the diameter d; as o1, then we can map the position p; of each object ¢ to another

position p;’ such that ’;ji'—;’: = j—j. This is a one to one mapping from one placement
of the objects into another placement (shown in Fig. 15 ). That means if there is a
setting of a placement of the objects whose smallest enclosing circle is dy, we can find
another setting of a placement such that the smallest enclosing circle is d». Since the
objects are uniformly distributed, each placement is equally probable. Therefore the
size of the diameter is also equally probable, which implies the uniform distribution of
the diameter of the circle. O

Based on Lemma 1 and the aforementioned assumptions, we can estimate the op-
timal size of the partition that minimizes the evaluation cost. This is stated in the
following theorem.

Theorem 1. Under random movement of objects in Euclidean 2D space, the opti-
mal partition size for n-body constraint is %ﬂ for some constant g. (recall that o« and 3
are the average cost for evaluation based on precise position and partition information,
respectively.)

Proof: Since the length of the edge of the partition is a and the size of the diameter
of the smallest enclosing circle is uniformly distributed (according to Lemma 1) over
the range [0, s], a constraint is unsatisfied with probability 1 — %, is satisfied with
probability % and uncertain with probability <.

With random movement pattern, P,,, is a proportional to the speed of the object v
and inversely proportional to the length of the edge of the partition a, so P, can be
expressed as £ for some constant g. According to Lemma 1, in the random move-
ment pattern, the constraint is uncertain with probability <, therefore, the number of

2The extension of the space is defined as the maximum possible distance between two points inside the
space. Given the extension of the space s, the size of the space S = ¢x s%¥™, for some constant c in the dim
dimensional space. For instance, for 2D square space, s is the diagonal of the square, therefore S = s2/2;
for 2D circular space, s is the diameter of the circle, therefore S = ws2/4. Likewise, for 3D cubic space,
S = 53/3+/3 and for 3D spheral space, S = 4ms3/3.
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Figure 15: Mapping From one Placement to Another

uncertain constraints C' = n.%. The cost of the matching algorithm in Eqg. 3 can be
rewritten as:

Costogapt = Coaf +nc0B8fPpy
= nc3oaf +n.oBfL-
Remember that « and /3 are the average cost for evalation based on precise position

and partition information, respectively. Solving for the optimal length of the edge with
8Co08stadapt

De = 0 and get a* = \/gq’aﬂ Notice that C' has only one local minimum,
therefore it is also the global minimum. The optimal size of the partition is given as

(6)

a*? = _gvﬁs x v @)
a

m|

First, with uniform distribution, the probability that a constraint is uncertain can
be estimated. A n-body static constraint is uncertain iff there is no object in the
external partitions and not all the objects are in the internal partitions. Therefore

the the probablllty of being uncertaln is approximated as (”(‘”“)2)0 — (”(d a)® ) =
—1

sdan(x(40)?)" | (bt aldy |y (nldy” Y sdarn ()
A CRR constraint is uncertain iff the obJect is |n the partition that is on the boundary of

the query range. Therefore, the probability is 2¢*, where B P, is the average length of the
perimeter of the query range. Finally, a CRKNN constraint is uncertain iff the object is
either the kth or the k + 1th nearest neighbor of the static point and kth and the & + 1th
nearest neighbors can not be distinguished from the partitions where they are located.
Therefore, this object is about r = \/g (O’%2 = k because the range r includes ex-
actly k of the objects) away from the static point, assuming uniform distribution of the
object in random movement. And an object is located in such partitions (with distance
r away from the static point) with probability w = ‘”%. Replacing C
in Eq. 3 with this probability times n., the optimal size for each of the constraints is
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unique and can be computed by solving % = 0, (as in Theorem 1) and they
are stated in the following theorems.
Theorem 2. Under random movement of objects in Euclidean 2D space, the opti-

mal partition size for n-body static constraint is % for some constant g.
Theorem 3. Under random movement of objects in Euclidean 2D space, the opti-
mal partition size for CRR constraint is % for some constant g.

q

Theorem 4. Under random movement of objects in Euclidean 2D space, the opti-

mal partition size for CRKNN constraint is % for some constant g, and r = ,/%.

Apparently, different constraint has different optimal partition size. This make it
even more difficult to derive a universal partition scheme because this depends not only
on the constraints but also on the percentile distribution of the constraint types, which
is different from region to region. This justifies that an optimal global partition scheme
is not feasible and dynamic partition adjustment is the only way to solve the problem.

Discussion: If the movement pattern is not random, we can not compute a globally
optimal partition size. However, if we interpret a local distribution as random, then
there still exists a local optimum, which gives us a locally optimal partitioning. We
approximate this local optimum by rescheduling the partitioning in the area that is not
yet optimized based on merging and splitting.

We say a partition scheme, ps, is the ancestor of partition scheme, ps’, (conversely,
ps is the descendant of ps), if ps can be reached from ps by adding splitting lines.
This descendant relationship is denoted as ps' > ps. Consider two partition schemes,
ps and its descendant ps’, then the following lemma states that with the splitting pro-
cess alone, the number of unsatisfied and satisfied constraints is non-decreasing and
the number of uncertain constraint is non-increasing.

Lemma 2: If ps > ps, an unsatisfied constraint in ps is also an unsatisfied con-
straint in ps’; a satisfied constraint in ps is also a satisfied constraintin ps'; an uncertain
constraint in ps’ is also an uncertain constraint in ps.

Proof (sketch for n-body constraint case): Let’s consider the partition-based evalu-
ation of a constraint |p¢, p2!, ..., pn?| < d. We denote the smallest circle intersecting
the partitions in ps (ps ) which contains p;(1 < i < n) as O (O").

(1)an unsatisfied constraint in ps is also an unsatisfied constraint in ps’: By contra-
diction, if not, then the diameter of O is strictly larger than d, and the diameter of ©" is
smaller than or equal to d. But since ps > ps, the partition containing p;(1 < ¢ < n)
in ps is completely covered by the partition containing p; in ps. Therefore any circle
intersecting the former one also intersecting the later one. It can be concluded that ol
intersects all partitions containing p; in ps and since the diameter of @ is not larger
than the diameter of O, O is not the smallest intersecting circle, a contradiction.

(2) a satisfied constraint in ps is also a satisfied constraint in ps’: Since ps’ > ps,
the partition containing p;(1 < ¢ < n) in ps is completely covered by the partition
containing p; in ps. Therefore, the circle enclosing the partition containing p; in ps
also encloses the partition containing p; in ps , therefore a "satisfied” constraint in ps
is also a “satisfied” constraint in ps .
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(3) Since number of constraints remains the same in two partition schemes, an
uncertain constraint in ps  is also an uncertain constraint in ps. O

Lemma 2 helps to reduce the computational cost in the splitting and merging pro-
cess as stated in Section 2.2. The splitting process aims at a reduction of the number
of uncertain constraints at the cost of a small increase of the partition update rate, and
conversely, the merging process aims at a reduction of the partition update rate at the
cost of a small increase of the number of uncertain constraints.

The actual number of partitions affected is tuned according to the movement pat-
tern (e.g. with higher speed, more partitions are expected to adjust their layout and vice
versa). Our adaptive algorithms, AKDT and AMLG, adapt to a hon-uniform environ-
ment and evolve with the change of the movement patterns to reach a locally optimal
partitioning. This balances the updates required against the evaluation overhead. In the
next section, we will experimentally validate these insights.

3.2 Cost under Secondary Storage Access

For applications that need to manage a large number of moving objects with a large
number of constraints, secondary storage access cost of the algorithm may become
a performance degrading factor. For instance, objects maybe associated with large
profiles, as is common in telecommunications applications, or the application may be
collocated with other applications, thus not have exclusive access to main memory.
The cost (1/0) for accessing data in secondary storage is typically orders of magnitude
larger than accessing data residing in main memory and thus it becomes the major
overhead that outweighs anything else. So reducing the number of secondary storage
accesses becomes a primary issue in this environment.

Our algorithm is well suited for reducing 1/0 access to the secondary storage. To
show this, we consider a simplified model where the main memory space is restrained
only to allow the AKDT and AMLG structure, user’s position information and only m
of all n. constraints (m < n.). Other location n, — m constraints reside in secondary
storage and are loaded to memory on demand. In our matching algorithm, for effi-
ciency, we allow as many uncertain constraints as possible to be loaded into the main
memory, so among those m constraints in memory, min(C,m) are uncertain con-
straints and the rest of max(C — m, 0) uncertain constraints are still on the secondary
storage. (C'is the number of uncertain constraints, C' < n. ) Note, when secondary
storage is accessed, data is fetched in pages rather than in records and each access to
secondary storage will transfer a constant unit of data into memory. Suppose each page
contains at most npq4. CONstraints, then each disk access may fetch § (1 < 0 < npage)
constraints. 6 depends on how constraints are organized in the disk. In the best case
where the constraints are redundantly grouped by the each associated objects, each ac-
cess may fetch exactly § = np,q. cONstraints. In the worst case when the constraints
are randomly stored, however, it may only fetch one constraint for one page access.
The 1/0 cost is measured as the number of accesses to the data on the secondary stor-
age device. Next, we claim and prove the following theorem about the cost of the space
partition algorithm:

Theorem 5. If all the uncertain constraints can be hold in the main memory, the cost
of the matching algorithm is only P,,, times that of the naive approach.
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Proof: When the objects change partitions, the algorithm has to retrieve all the con-
straints for classification. Assuming that each time exactly one page is loaded into the
memory due to the space restrain, then the number of secondary storage access for
partition updates per unit time is given as:

(nc - m)ap |nc - m|5pru

pu _ -
Costio = oot = ) (@)

and for the location update, only the disk access for the on-disk uncertain con-
straints is necessary, thus:

max(C —m,0)ol  maz(C —m,0)of ©)
oot B 0
Therefore the total cost per time unit is:

lu _
Costry =

adapt puU lu
Cost}o Costy, + Costiy

= ((ne —m)Ppy + max(C —m, 0))% (10)

With the naive approach, all the constraints in the disk (%%ﬁ) need to be fetched
out. The cost is:
(ne —m)ol  (n.—m)of

COStIO == OHt = 0 (ll)

Clearly, when the memory is not sufficient for all the constraints (n. > m) n, —
m > maz(C — m,0) (since n. > C). The space partition approach outperforms
the naive approach when P, is relatively low (which render Cost?, to diminish) or
when m is larger than C' (which render Cost%, to diminish). In the later case where
maz(C —m,0) =0,

—ml|ofP,
Costadort — % = P,paCostnaive (12)

, Which proves the Theorem 2. O

This result is somewhat surprising, it means that even with limited memory, re-
ducing the partition update rate by some proportion causes the evaluation cost to be
reduced with the same proportion. So in situations were memory is the limiting factor
the system performance can be improved by adapting the space partitioning so as to
reduce the partition update rate (given that all uncertain constraints can be loaded in
memory).

We show experimentally that with adaptive space partitioning, the uncertain con-
straints can be reduced by 30% and the partition update rate can be reduced by 70%.
Theoretically, for the random movement pattern, the uncertain constraint is only a
small portion of the total number of constraints (¢ as stated in Lemma 1) and can be
easily fit into the main memory.
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Figure 16: End-to-end System Architecture (fully implemented)

4 System I mplementation

We have developed a complete end-to-end location-based service incorporating the lo-
cation constraint matcher developed in this paper. This was a collaborative project with
DigitalWizards, Inc., a Canadian Media and Design company; it tracks the wildlife in
Canada and sends the sighting notifications to the nearby users (Fig. 17). The sys-
tem was deployed as a proof of concept on the Bell Mobility wireless network. We
summarize the system’s architecture and some of the more practical lessons learned.
The overall system architecture is shown in Fig. 16. In our implementation, the
system uses the mobile network to obtain location position information of subscribers.
The network exports location tracking capabilities via a Web service. Location po-
sition data is retrieved through a location position server over the Internet. Different
solutions for obtaining location position data are available in practice. In our case, the
operator combined GPS, network triangulation, and cell site location technologies to
position subscribers, aiming to provide the most accurate position for a required pre-
cision, specified as part of the location request input. Different from the envisioned
concept of streaming the location updates to the constraint solver, in our end-to-end
system implementation, a location update manager must schedule the location request
on behalf of subscribers and pulls the position data from the mobile network carrier’s
location position server. The pulling frequency is constrained by the performance of
executing the request (several seconds for our trials). Moreover, each location request
is charged by the network operator. Through the experience of real system, we also
find that the accuracy of the location information is very coarse in the bad weather con-
ditions or for indoor environment. The precision is ranging from few meters (sunny,
outdoor) to over a hundred meters (rainy) or even above one kilometer (indoor).

5 Experiments

In this section, we present the experimental results that demonstrate the performance
of the algorithms. In the experiments we simulate mobile objects moving in a test
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Figure 17: GeoTracker Applcation: GUI(left) and Sighting Notification (right)

field of size 40km x40km. We model two movement patterns, random movement and
clustered movement. In the random movement pattern, the random direction model is
used [12]. This model maintains a uniform distribution of the objects in the test field.
In the clustered pattern, the moving objects form groups and leave the clusters with a
small probability. Clusters are static or mobile. Fig. 18 illustrates the movement pattern
a possible space partitioning.

Figure 18: Movement Patterns and the AKDT Space Partitioning

We set the mean of the velocity of the objects to 5m/s, which simulates walking
pedestrians, unless otherwise stated. Prior to the experiment, a number of constraints
are generated; each constraint is randomly associated with n bodies among a total of
10,000 mobile objects in the field. The alerting distances are uniformly distributed with
a certain mean (e.g., 500m).

By changing the mean, the matching load can be adjusted. The matching load is
defined as the ratio between the average number of satisfied constraints and the total
number of constraints.

For simplicity, all moving objects update their location with the same frequency, f
(0.5/sec)®. We call the time period of 1/f seconds one round. In each round, all the
moving objects update their location. All constraints are evaluated accordingly and the
total matching time is averaged over many rounds. Splitting and merging is carried
out once every minute to optimize the partition scheme as needed. The choice of the
location update frequency only has an effect on the precision of the evaluation. It has

3f is location updates per unit of time.
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no influence on the efficiency of the algorithm evaluation.

5.1 Performance Under Random Movement Pattern

This experiment is conducted under random movement pattern where the objects are
uniformly distributed. This experiment consists of three groups, with 100,000, 300,000
and 500,000 2-body constraints each. With the adaptive algorithm (both AKDT and
AMLG indexing), we measure the average matching time, the number of partition
updates and the average number of uncertain constraints per round and compare the
results to the static index based on the SPKDT tree over different fixed partition sizes
in square kilometers (see Fig. 19). To make the figure clear, the result of the naive
approach, which evaluates all the constraints sequentially, is not shown, because its
matching time is an order of magnitude higher than that of our matching algorithm.
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Figure 19: Comparison on Different Indexes

Across those three groups, we observe that, for all adaptive index schemes, the
matching time is roughly proportional to the number of uncertain constraints (as shown
in Eg. 5). The number of uncertain constraints evaluated with AKDT is very close to
that of AMLG (AKDT’s is slightly lower). This means that both space partition scheme
work equally well in terms of pruning away the satisfied and unsatisfied constraints.
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Even though the partition computation for AMLG is more efficient than that of
AKDT, which has to traverse the tree structure to find the new leaf node, the aver-
age matching time for AKDT is comparable to that of AMLG. Clearly, both partition
schemes have reduced the partition update rate to the minimum and they no longer
make that much a difference to the total cost even though partition computation for
AMLG is more efficient. The total matching cost is in fact proportional to the average
number of uncertain constraints (see Fig. 19(A, B)).

Within each group, we also observe the impact of the partition size on the perfor-
mance of the matching algorithm with static indexing: The smaller partition size brings
about more partition updates (see Fig. 19(C)), thus more time is required for partition-
based evaluation. However, it also leads to less uncertain constraints that need to be
evaluated (see Fig. 19(B)), as predicted by Lemma 2. With partition size 5km?, our
algorithm performs best and consumes the least amount of matching time. This means
that 5km? is close to the optimal partition size given the experimental conditions (as
suggested by Theorem 1). Other partition schemes fail because, either the cost of a
partition update is too high (for 2km?), or the cost for evaluating uncertain constraints
is too high (for 10km?). With the adaptive algorithm, AKDT and AMLG are self-
adjusting to the best partition size and achieve the best possible matching efficiency.
Although the partitions scheme is evolving with time (due to the on-going adjustment
processes), the average partition size stays close to 5km?2.

Assuming adaptive indexing eventually results in the optimal partition size, we
validate the relationship between the average velocity of the objects and the optimal
partition size. Fig. 20 shows that the optimal partition size is almost proportional to the
average velocity of the objects (as confirmed by Theorem 1).
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Figure 20: The Effect of the Velocity of the Objects on The Optimal Partition Size

Further experiments with more than two bodies and even with n-body static con-
straints yield similar results. They are omitted due to space limitations.
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5.2 Adaptation to the Change of Movement Patterns

This experiment evaluates how AKDT and AMLG, adapt to movement patterns. The
results are compared against non-adaptive solutions to the location constraint matching
problem. With 100,000 constraints and 10,000 uniformly distributed objects under the
random movement pattern, we evaluate the adaptation of the algorithms over time. We
initially set the average partition size to 25km? and measure the matching time and the
average partition size. Fig. 21(A,B) show the matching time and partition size during
the first 12 minutes of the simulation.
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Figure 21: Adaptation to Movement Patterns

Since the SPKDT and Grid indexing are static, they do not evolve at all over time
to better accommodate the movement pattern. The matching time for both SPKDT and
Grid is around 250ms and the partition size is 25km? (see Fig. 21(A,B)).

AKDT and AMLG actively evolve to reduce, either the evaluation load (by reduc-
ing the number of uncertain constraints through splits), or the partition update over-
head (by reducing the number of partition updates through merges). We see that within
seven minutes, the matching time of both AKDT and AMLG is reduced and stabilizes
below 100ms and the partition size is adjusted to around 5km?2. This performance gain
comes about through the pruning of large numbers of uncertain constraints at the cost
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of moderate increases due to partition updates. The adaptive algorithm finds the opti-
mal partition size through self-adjustment and reaches the balance between the number
of uncertain constraints and the number of partition updates.

In a further experiment, we evaluate the adaptation of the algorithm with the evo-
lution of the movement pattern. We start with a random movement pattern, and the
objects gradually form clusters within the next 50 minutes and then the clusters are
moving (randomly). We see from Fig. 21(C) that the moving clusters create huge prob-
lems for the static indexes. Their matching time is not only high but also very unstable
with many spikes resulting from the large partition update overhead when the clusters
move crossing the splitting lines. However, the AKDT and AMLG handle this quite
well. The matching time is relatively low and much more stable.

5.3 Secondary Storage Access Evaluation

In this experiment, we measure the number of disk access required for 10,000 objects
and 100,000 2-body constraints. We assume that the AKDT and the AMLG data struc-
ture, the position information of the objects and a certain number of location constraints
are residing in memory. Other location constraints have to be swapped in and out of
memory on demand. As page replacement strategy, we use the least recently used re-
placement (LRU) scheme. The size of each page is 4k. We store as many uncertain
constraints in memory as possible, so that the disk access is already small.

Fig. 22 plots the number of secondary storage accesses against the number of
pages that are allowed in memory. For this test, we run the simulation on AKDT
and AMLG against objects with various movement patterns and compare them with
the non-adaptive SPKDT and Grid-based indexes. Fig. 22 shows that the disk ac-
cesses for both adaptive and non-adaptive matching algorithms are much less than
that of the naive approach because of the limited number of constraints accessed, a
benefit resulting from the pruning capability of the partitioning scheme. All space
partition approaches have a critical point of the page number after which the num-
ber of disk accesses is almost proportional to the disk accesses for the naive approach
(around 80 pages for adaptive and 120 pages for non-adaptive). This is the point where
all the uncertain constraints fit into main memory. The adaptive algorithms (AKDT
and AMLG) greatly reduce the uncertain constraints (by 30%), therefore less memory
pages are required to maintain them.

When the page number exceed this point, the number of disk accesses equals
Py Costidive, as predicted by Theorem 2. The line with the adaptive algorithm is
much flatter than the non-adaptive one after the critical point. Based on Theorem 2,
we can deduce that the adaptive algorithms have partition update rates that are much
lower (about 70% lower in this example) than the non-adaptive algorithms. Therefore,
the adaptive algorithms outperform the non-adaptive algorithms in the I/O incurring
environments.
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6 Reated Work

Determining the close-to relationship among, either a set of mobile, or static entities
has received some attention in the literature. Corral et al. [5] study the problem of de-
termining the K closest pairs between two spatial sets of static points. Their approach
is similar to a join query and discovers the K smallest distances between two sets of
points. Different from the location constraint processing, this work does not consider
the close-to relationship involving more than two objects. Moreover, the approach par-
titions all objects into two groups and does not consider the distance of objects from
the same group.

The nearest neighbor problem determines the nearest object(s) to a given point
among all the objects in the space [11, 21]. This is a different query type from the
location constraint matching problem that determines whether a specific set of objects
are in a given spatial constellation to each other at a given point in time.

The buddy tracking system [15] is the only work known to us that is looking at a
problem statement similar to the location constraint matching problem we are stating.
The approach is exclusively looking at a 2-body problem in the 2D space. The ap-
proach is based on a distributed algorithm for solving the problem. It assumes that the
mobile objects communicate with each other directly to resolve the 2-body constraints.
The objective is to reduce the communication cost (i.e., the messages exchanged be-
tween mobile entities.) A non-distributed quadtree-based algorithm is also sketched,
but not evaluated. However, it only works for 2-body constraints. The approach does
not support adaptive space partitioning. We therefore expect it to perform similarly
to a static space partitioning scheme, which performs poorly under a skewed or clus-
tered movement pattern. Moreover, the solution in the paper is restricted to one global
alerting distance for all registered constraints, which is a severe limitation.

In prior work we have build a location-based service [18] processing proximity re-
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lations based on the location constraints defined in this paper. We have also evaluated
the precision of available location positioning technologies [20] in the same application
context. These systems were based on a non-adaptive, static solution to the constraint
matching problem [19]. This approach does not adapt with changing movement pat-
terns and requires knowledge of object clusters in advance to setup the data structures.
The AKDT and AMLG in this paper address these limitations through a dynamic space
partitioning scheme.

The location constraint matching problem also reminds one of the publish/subscribe
matching problem [6]. Indeed, location constraints could be interpreted as subscrip-
tions and location updates as publications. However, location constraints are not of the
form commonly assumed by publish/subscribe systems, which makes the application
of these matching algorithms difficult. An extension of publish/subscribe for process-
ing location-aware data (i.e., notify a subscriber with a matching subscription close to
a publishing entity) has been proposed by Burcea and Jacobsen [4].

7 Conclusions and Future Work

Location constraint processing is essential for location based applications that aim at
tracking, correlating, and filtering information about moving entities. In this paper, we
define two types of location constraints, the n-body constraint and the n-body static
constraint, which capture a proximity relation among sets of moving objects. We pro-
pose adaptive space partition with AKDT and AMLG index and the constraint match-
ing algorithm to evaluate large sets of location constraints. The dynamic index with
AKDT and AMLG partitions the whole space into smaller parts and evolves with the
change of the movement pattern of the objects. The distance between the partitions
serves as bounds to the distance between objects lying inside these partitions. Using
the partition information of the moving objects, only the constraints that are likely to
be satisfied (yet uncertain) are chosen for further consideration.

Our experimental results show that the performance of AKDT and AMLG index
schemes is very close and for all movement patterns, the matching time is roughly pro-
portional to the number of uncertain constraints, which is much less than the naive
approach and non-adaptive approach. We show and experimentally validate that with
random movement pattern, there exists optimal space partition, the size of which is
proportional to the average velocity of the moving objects. The experiment shows that
the AKDT and AMLG adapt themselves to the movement pattern and the partition
scheme they produce is very close to the optimal partition one can get manually with
non-adaptive index. We further show that our approach is well suited for large con-
straint loads that go beyond capabilities of main memory processing. When the mem-
ory space enough for uncertain constraints is available, the number of disk accesses
is proportional to the partition update probability. Experimental results also show that
comparing with the non-adaptive indexing, the adaptive indexing reduces the number
of uncertain constraints by 30% and the partition update rate by 70%.

In future work, we intend to model a correlation between the certainty of a con-
straint match and the projected object positions at time of match and time of notifica-
tion. That is, besides reporting the constraints that are satisfied, we will also report on
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the likely accuracy of the matched constraint at a given point in time. This will provide
insights on how to adjust the location update frequency in order to achieve a desired
level of accuracy. We also intend to study how to predict possible future matches and
matching in the environment with obstacles.
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