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Abstract

In a moving-object database system that supports continuous queries (CQ), an important problem is to
keep the location data consistent with the actual locations of the entities being monitored, in order to produce
correct query results. This goal is often difficult to achieve due to limited network resources. However, if an
object is not required by any query, its value need not be refreshed. Based on this observation, we redefine the
notion of temporal consistency of data items with respect to the query result, where only data items that are
relevant to the CQs need to be fresh. To exploit this correctness definition, we develop an adaptive time-based
update technique called Query-Result Update (QRU). The advantage of this technique is that it identifies objects
with different levels of significance to the correctness of query results. Locations of objects that have more
impact to the query result are acquired more frequently than the ones that do not.

To achieve this objective, queries are classified into rank-based (i.e., ranks of objects are critical to
query results) and non-rank-based. For each query class, QRU decides the time instant that an object should
send a location update based on the predicted impact of the object to the query result. Moreover, the location
update frequency of each object is continuously adjusted in order to adapt to the accuracy of the prediction
model used. We evaluate the effectiveness of QRU by simulating execution of CQs over synthetic and real data
sets. We also compare QRU experimentally with existing location update policies, namely the distance-based
method, the time-based method, the speed dead-reckoning method, as well as the safe region strategy.

Keywords: moving objects, continuous queries, update generation schemes, temporal correctness

1 Introduction

Due to advances in mobile communication technologies, novel location-based applications have emerged in
recent years. One important application is monitoring systems. These systems keep track of the locations of
objects for control and management purposes in a real-time fashion [WCDJ97, WSCY99, GL04]. For example,
a bus management system monitors the locations of buses and adjusts bus schedules dynamically to alleviate
traffic congestion. In another example, the moving paths of courier service carriers are constantly tracked to

facilitate optimal planning of job assignments.
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In these systems, databases have to be used to store location data. In addition, Continuous Queries (CQs)

are used to monitor remotely the status of the moving objects. These are queries that reside in the system for an
extensive amount of time, with their answers being refreshed if necessary [GL04, OJW03]. An example CQ is a
Range Count Query (RCQ) that reports the number of buses within a user-defined region. This number is
updated whenever a location update from the objects being monitored is received. Figure 1 illustrates the results
returned by this CQ during its lifetime in solid lines, where the number of buses increase or decrease at discrete

time points.
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Figure 1 : Results from the ideal situation and the actual situation of a RCQ as a function of time.

A location update can be obtained from moving objects through either the pull scheme (where the
system requests objects to obtain their locations) or the push scheme (where moving objects send update
messages to the system without being requested) [LRO1]. Ideally, these update mechanisms should ensure that
the location values in the database are the same as the actual locations of the moving objects. This is difficult to
achieve in practice due to limited resources, such as limited network bandwidth, instability of network
transmission (especially in wireless networks), and battery power of portable devices. Besides, a CQ may have
to be recomputed every time a location report is received, and causes heavy burden to the system.

Hence the database values are often different from the current locations of the moving objects. This is
termed temporal inconsistency in [R93]. A direct consequence of temporal inconsistency is that query results
can be incorrect. This is illustrated in Figure 1, where the dotted line corresponds to the “ideal result” — the true
number of objects satisfying the RCQ. It is different from the results reported by evaluating the database values

since the locations of objects are not timely reported to the system. Two kinds of errors can occur: if an object is
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included incorrectly in the answer, an over-count is generated; if it is wrongly excluded from the answer, an

under-count is produced. These errors must be reduced in order to provide users with high quality answers.

Intuitively, the query result of evaluating the database can have higher quality by requesting moving
objects to report location updates more frequently, so that the discrepancy between the database and the external
environment can be reduced. However, this imposes a heavier communication load on the system. Thus, there is
a trade-off between the frequency of location update and the correctness of query results. This is also known as
the location update problem in [WSCY99], the focus of this paper.

An important observation is that if a data item is not accessed by any query, it does not matter whether it
is temporally inconsistent or not. These data items can be allowed to report updates less frequently, in order to
save more system resources. We thus propose temporal consistency to be studied from the viewpoint of a query:
we achieve high quality results by only maintaining correctness of data that are relevant to the execution CQs.
We adopt the notion of fidelity [DKPRO1], defined as the probability that a CQ is correct during its execution
time, in order to measure temporal consistency. We will see how such a definition allows us to design better
protocols that reduce communication costs significantly.

In particular, we propose Query-Result Update (QRU) to control the rate of location updates for
multiple concurrently executing continuous queries. The goal of QRU is to yield high fidelity with low
communication costs. In QRU, the update generation rate is adaptively assigned based on the impact of the
uncertainty in location of the objects to query answers, as well as accuracy of location prediction. QRU also
handles different location management problems, such as network disconnection and loss of update messages.

The specific details of QRU depend on the query class to which the CQ belongs. Recall that QRU is
designed to achieve a high level of fidelity, which measures query correctness. Each query class has its own
definition of fidelity. More importantly, each query class has a different level of “tolerance” to temporal
consistency. Consider an object O accessed by a RCQ that counts the number of objects inside an area. If there
are thousands of objects inside the area, the failure to provide the accurate position of O to the query introduces
little error to the result. However, if O is accessed by a query that returns the nearest neighbor of a point, and O

happens to be the current nearest neighbor, a slight error in the position of O can render an incorrect result.
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QRU recognizes these differences by mapping queries into two classes, namely rank-based query and non-

rank-based query — the former performs some “ranking operations” on location data to produce results, while
the latter does not. QRU then applies different update timing mechanisms to each query class.

Although the proposed techniques are applied to CQs, they may be used to support “past queries”, such
as answering “Which vehicles were in the area of an accident that happened at 6:30pm yesterday?” If this area
is constantly monitored, we can store all the versions of the updates that are generated by our mechanism. By
interpolating the stored location data, the objects’ locations at the time specified by the past queries can be used
to obtain the query answers.

To summarize, our main contributions are:

(1) Use of fidelity to measure correctness of the results of CQs for different query classes. Fidelity measures
are also developed for answers that return single values (value-based) or sets (entity-based);

(2) Development of a novel time-based location-update scheme, called Query-Result Update (QRU), to
yield high fidelity results with low update costs;

(3) Presentation of QRU algorithms for both non-rank-based queries (e.g., range query) and rank-based
queries (e.g., k nearest-neighbor query); and

(4) Extensive experiments for comparing the effectiveness of QRU with existing location-update techniques.

The rest of this paper is organized as follows. Related work is presented in Section 2. Section 3
discusses the system model. Section 4 describes a query classification scheme and fidelity, and in Section 5 we
present the details of QRU. Section 6 presents simulation results and Section 7 concludes the paper.

2 Related Work

The location update problem has been the subject of interest for mobile communication systems and location-
dependent applications, and various update mechanisms have been proposed recently [PSO1]. These methods
can be classified into push (reporting) and pull (querying) schemes [LRO1]. For continuous queries, it has been
shown that push schemes are more efficient than pull methods [DKPRO1]. The conditions for pushing
information are usually based on the distance moved or the time elapsed since the last location update. In

particular, the time-based (TB) scheme requires that an object reports its location at every fixed period. In the
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distance-based (DB) scheme, an object generates a location update if the distance traveled from the last location

is more than a pre-defined threshold.

To further reduce location update cost, various mobility prediction schemes were proposed [WAO2,
WSCY99]. In [SWCD97], the Moving Objects Spatio-Temporal (MOST) model was proposed for modeling
object movement and predicting locations. In MOST, plain dead-reckoning (pdr) method [WCDJI97] was
proposed where an update is generated to refresh the object’s location and re-define its location function when
the deviation of its current location is greater than a pre-defined threshold. In [WSCY99], three types of dead-
reckoning policies were developed. First, the adaptive dead-reckoning (adr) extends pdr by computing the
threshold not only based on deviation but also based on update costs. The second policy, known as the speed
dead-reckoning (SDR) scheme, requires an object to produce an update if its current position is farther than the
predicted location by a distance threshold. Finally, the disconnected detecting dead-reckoning (dtdr) policy
handles network disconnection problems by continually decreasing the threshold after the latest update is
received. In this scheme, the object should have more chance to send an update as time goes by; if no update is
received after some extensive amount of time, the system knows that a network disconnection occurs.

While these methods succeed in bounding the location uncertainty of moving objects with lower cost, the
information needed by continuous queries is not considered. Even if an object is not required by any CQ, its
location information is still “pushed” to the system. As a result some objects are kept fresh unnecessarily. Our
update mechanism exploits query information, and adjusts the update frequency based on the object’s
significance to the queries. This saves system resources (such as wireless network bandwidth and processing
time), since mobile objects that are not relevant to any queries are given less amount of update bandwidth.

Some recent work, including [PX02], [OJW03] and [MPBTO5], exploits the information about
continuous queries in order to reduce the number of updates. The main idea of this work is to send a maximum
bound (or region) to the object based on the conditions of the query. In these “query-aware distance-based
policies”, an object only needs to report its location if it moves beyond the bound in order to guarantee
correctness. Particularly, [PX02] computes a “safe region”, which is derived based on the boundaries of the

range queries. The safe region is sent to the object, and as long as the object does not cross the boundary of the
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safe region (i.e., stays outside any of the query ranges), it does not need to generate any update. The bounds of

the objects for satisfying exact k-nearest-neighbor queries were studied in [MPBTO0S5]. “Adaptive filters” were
introduced in [OJWO03], where the bound widths can be adjusted dynamically according to the system
conditions while meeting precision requirements of queries. Recently, by assuming that there is sufficient
amount of memory and computation power, [CHC04] proposed that range queries relevant to the object can be
sent to it to judge directly whether an update should be sent.

The main assumption of these “query-aware distance-based” algorithms is that if the system does not
receive any updates from the objects, it assumes they do not move outside the bound, and the query answer is
guaranteed to be correct. In reality, disconnection between data sources and the system in a wireless
environment can happen, and also network packets can be lost [WSCY99]. Thus, query correctness can be
violated without the system being notified. Instead of sending a bound to the object, the protocol presented in
this paper sends a time value which indicates when the object has to send its next location update. Thus, if the
system does not hear from the object at the expected time, it can suspect some network problem (e.g., network
disconnection). We will discuss the advantages of this “time-based” approach in Section 4.1. Another
assumption made by the existing algorithms is that transmission of messages in the network is instantaneous. As
we have explained in Section 1, network packets often experience propagation delay in a wireless environment.
When the object necessitates an update (e.g., its location moves beyond the maximum bound), its location may
not be sent to the system immediately, and incorrect query results can be produced (e.g., Figure 1). We define
“fidelity” in Section 4 in order to quantify the effect of network problems to query correctness.

Other ways for reducing re-evaluation cost of continuous queries in the server are semantic load
shedding [DCO02] and spatial query techniques [PX02]. They may be combined with QRU (that reduces
communication costs) to further improve performance. In our approach, less updates are generated by the
sources, and so less updates are received by the system, resulting in a lower re-evaluation effort.

3 System Model
Our system model consists of a location database system and a number of moving objects connected by a

mobile network, as shown in Figure 2. The location database system maintains a moving object database which
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records the location information of moving objects. Periodically, the moving objects submit location updates to

the location database system. From the locations in successive updates, the system derives information about
the movement pattern for each object, e.g., its speed and direction of movement. The clients submit CQs to the
location database system. Here we assume that the clients are stationary, and are connected to the system
through a fixed network.' For example, a control center can submit queries to monitor the movement of buses
and courier carriers. Each CQ, namely Q; (i=1,...,n), is associated with a monitoring set S; of moving objects, as
well an activation period [begin_time; end time;], during which the CQ is being evaluated. We assume that at
the start of a query Q; its set S; is known to the system, and §; remains unchanged throughout the activation
period. Whenever the system receives an update of an object in S, Q; is recomputed and returns the updated

result to the user.
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Figure 2: The System Model.

The model does not assume a moving object has high processing capability. It can generate location data
with a positioning device, e.g., GPS, and perform simple calculations such as speed evaluation. However, it is
not able to perform complex processing, such as evaluating a CQ or computing the traveling distance to a
destination in a road/path network. These operations may be too complicated for common low-cost instruments
like portable devices and location sensor networks. Moreover, the resources of these devices can be limited (e.g.,
the battery power of a sensor is scarce); by assuming that only simple operations are performed the amount of

power consumed can be kept small.

"QRU needs to be revised when the movement of clients is considered, which we will consider in our future work.



4 Query Classification, Temporal Consistency, and Fidelity

In order to achieve high fidelity, QRU maps queries into classes. Each query class has its own definition of

fidelity, and requires different treatment by QRU. This section describes how queries are classified, and also

presents the formal definitions of temporal consistency and fidelity.

4.1 Classification of Continuous Queries
Continuous queries can be classified into two categories. First, we classify them based on whether ordering

(ranking) operations are performed:

1. A rank-based query is one where a “partial-ordering” operation is performed on the data items to produce
an answer. A typical example is a nearest-neighbor query (NNQ), where the identity of the object with the
shortest distance to the query point is reported [KGT99].

2. A non-rank-based query is any query that is not rank-based, e.g., the range count query (RCQ), which
returns the number of objects that fall within a specified range. In RCQ, whether each object is included in
the answer is independent of its rank.

A query can also be classified based on the nature of answer, which can be a single value, or a set of objects

[CKPO3]:

1. A value-based query returns a single real value. For example, querying the distance of a particular object
from a specified query point returns a single value.

2. An entity-based query returns a set of objects that satisfy the condition of the query. One example is the

range query (RQ) that returns a set of objects with locations inside the query range.

Query Class Value-Based Entity-Based

Non-Rank-Based | Range Count Query (RCQ) Range Query (RQ)

Rank-Based Nearest Distance Query (NDQ) Nearest Neighbor Query (NNQ),
K-Nearest Neighbor Query (KNNQ)

Table 1: Classification of Continuous Queries.

Based on the above discussions, we obtain four query classes (Table 1). This classification does not
capture every kind of queries (e.g., queries that evaluate sub-queries and return both value- and set-based
answers). However, it applies to a wide range of common queries. We further assume the queries have certain

“selection constraints” imposed on their answers (e.g., for range query, the answer is within a region; for
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nearest-neighbor queries, the answer has to be the nearest-neighbor). Queries with no selection constraints like

“what is the location of a particular object?”” are not discussed here.

4.2 Temporal Consistency of Continuous Queries

Suppose at 3pm, John is located at (10,30), but his coordinates stored in the database are (10,25). The stored
location value is said to be temporally inconsistent with the actual location value [R93]. Given a value v(¢) of a
data item and its corresponding actual value a(¢) at time ¢, we can measure temporal consistency of v(¢) with
respect to a(?) by computing their differences. Maintaining a high degree of temporal consistency is important,
since it affects the accuracy of query results.

As explained before, it is hard to ensure a high level of temporal consistency for every object in a
resource-limited environment. To address this, [KLAO3] defines temporal consistency of discrete objects, such
as stock values from the perspective of a real-time query. We extend this notion to support continuously-
evolving data for CQs. Examples of continuously evolving data include locations of moving objects,
temperature, and other sensor data. Suppose each CQ informs the system about the set of objects that it is
interested in at the time it is submitted to the system (for example, a query for monitoring the movement of
certain types of vehicles in an area). Since an item not monitored by any CQ does not affect query correctness
(even if it is not updated), the system then only has to focus on the temporal consistency of data that are relevant
to the CQs.

Specifically, we define an evaluated result as a query result derived from database values, and a true
result as the result computed by using the actual data values. In some models (e.g., [PX02, CHC04, MPBTO5]),
the true result may be obtained by dispatching the query information to the mobile objects where the queries are
executed on the actual values. Alternatively, the true result may be approximated by techniques like prediction
or interpolation. The temporal error ratio is defined as the relative difference between the evaluated result and
the true result. The definition of temporal error ratio is different for each query class. An object is said to
observe temporal consistency if the temporal error ratio is bounded by a threshold called temporal consistency

constraint (TC). It can be set by the query issuer depending on what degree erroneous answers are accepted
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(alternatively, default values can be set by the system). As we will see next, the specific definition of TC

depends on the query classes. In general, the lower the value of TC, the harder it is to achieve high fidelity.

4.2.1 Temporal Consistency of Value-Based Queries

Suppose the system has n continuous queries actively running. Let Q; be the i-th CQ (i=1,...,n). Each Q; is
associated with a monitoring set S; of objects that it is interested in, and an activation period [begin time;,
end_time;], during which the CQ is active in the system.

The temporal consistency for value-based queries is defined as follows.

DEFINITION: Temporal consistency in the result of a value-based query Q; is observed at time ¢ if:

| I/ideal (Qz’t) - dease (Qz ’t) | <€

E. =
) Ve (0,21)| l

(1),

where Ej(t) is the temporal error ratio of Q;, & is the TC of Q; (in this case being a real-valued system
parameter), Vipase(QO;t) 1s the result of Q; at time ¢ by using the database information, and Viz..(Q;t) is the result
of Q; at time ¢ using perfect knowledge of the location data. That is, Vi 1s generated by assuming the system
has instantaneous information about the moving objects. Essentially, Eqn. (1) expresses the difference between
the true result (Vizq) and the result retrieved from the database (Vi pse). The value of E(f) can be interpreted as
the fraction of the value returned that is incorrect. The result of Q; is considered temporally consistent only if
Ei(?) 1s smaller than &. An example query that uses this metric is RCQ in Figure 1. In order to have a small
value of E{(¢) and maintain temporal consistency, the relevant items have to be refreshed appropriately.
4.2.2 Temporal Consistency of Entity-Based Queries

While a value-based query returns a real-valued answer, the answer of an entity-based query is a set of
objects. This section discusses temporal consistency for both rank-based queries and non-rank-based entity
queries. For non-rank-based entity queries, the definition of temporal consistency is based on false positives and

false negatives, similar to recall and precision in the Information Retrieval literature [HGPO3].

DEFINITION: The ratio of false positives of O; at time ¢, denoted by f (0, ?), is defined as:
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where Sapase(O;t) 1s the result set of Q; at time ¢, evaluated using the object database; Sizq(Q;?) is the result set
of Q; at time ¢, evaluated using true information. Here, [Sapase( Q1) — Sidear( Qi t)| represents the number of objects
that appear in Sgpase but not in Sizeq. Thus, £ (O,t) measures the fraction of objects wrongly included in the

answer of Q; at time ¢.

DEFINITION: The ratio of false negatives, denoted by f , is defined as:

- | S'deal (Qi’t) _Sdbase (Qnt) |
L) =— 3),
/@) | Sidear (i1 | ®

which measures the fraction of objects appearing in Sjz,; but not in Sgp.se of O; at time ¢ Using Eqn.(2) and

Eqn.(3), we can define temporal consistency for non-rank-based entity queries.

DEFINITION: Temporal consistency in the result of a non-rank-based entity query (; is maintained at time ¢ if:
E(@)=f"(Qut) +f(O:D) < & 4,

where E(7) is the temporal error ratio of Q;at time ¢, and &, the temporal consistency constraint (TC), is a real-
valued system parameter for Q,. Temporal consistency is maintained if £4¢) is lower than &

For rank-based entity queries, the rank of a query answer should deviate from the required rank by not
more than a threshold. We denote rank(0O)) to be the true rank of object O;. For instance, if O, is actually the m-

th nearest neighbor, rank(O;) equals to m.

DEFINITION: Temporal consistency in the result of a rank-based entity query (; is maintained at time ¢ if:

Edt) = max o 0 sabase(0ir) rank(0y) < & (5),

where E(?) is the error of the query answer of Q;at time ¢, and &, the temporal consistency requirement (TC), is
an integer-valued system parameter for ;. For a NNQ, since Sy, contains only one item (say, Ouvy), the
above definition is equivalent to rank(Oaw) < &. For a KNNQ, Sipse contains k items returned to the user, and

the above definition requires the lowest rank of the object in Sz. to be less than &. Note that the definitions of
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temporal consistency (Equations (1), (4), (5)) are based on a query, rather than on an object. Thus, data items

not in S; may have values in the database that deviate significantly from the values of the entities they model.
4.3 Fidelity of Continuous Queries

So far we have defined temporal consistency for query Q; only at time instant ¢. Since Q; is active during
[begin time, end time/], it is useful to measure the fraction of Q;’s activation period when temporal consistency
is observed. Here we adopt the definition of fidelity [DKPRO1]. Let F(¢) be a function that returns 1 if E(t) <

&, and 0 otherwise. Then the fidelity of Q; is defined as:

end _time;
- F,
d l _ J.begin_time[ l(t)dt 6
ﬁ elity; = ( )

end_time, - begin_time,

We can view fidelity as the probability that a query is temporally consistent during its activation period. To
measure the effectiveness of the system in achieving fidelity, we define fidelity of the system (FS):

DEFINITION: The fidelity of the system (FS) consisting of n queries is defined as:

Fo Z}: fidelity ,

n

(7,

which is the average of fidelity of all continuous queries in the system. We also define the average error ratio

(E)) for a query over its activation period:

J«end _time; El_ (t)dt

begin _time;

: end_time, - begin_time,

which is used to define the accuracy of the system:

DEFINITION: The system accuracy consisting of n queries is defined as:

Y (1-E)

system accuracy =-L——— (8),
n

where for every query Q;, 1 — E; is the accuracy of the query result throughout its activation period, and the

system accuracy is an average over all (1-E))’s.



13
4.4 Sensitivity of Fidelity to False Information

The temporal consistency of rank-based and non-ranked queries exhibits a different level of sensitivity to false
information (e.g., uncertainty in locations of moving objects). Observing this difference can help us design
better location update policies in order to achieve higher fidelity. In general, more stringent conditions for
generating updates should be adopted if the fidelity of a query is more sensitive towards false location
information. Consider a RQ, which belongs to the non-rank-based entity class. If a database system uses the
false location of an object, the effect on the answer is the inclusion of a false positive or a false negative; /" and
f may only change slightly and the temporal consistency of the query can still be maintained. On the other
hand, the temporal consistency of a rank-based entity query may be much more sensitive, and may be heavily
affected by even a single fault. For example, in a NNQ, if outdated location data of an object x is used, and the
outdated location has the minimum distance from the query point, the query will wrongly return x as the answer.
Temporal consistency may then be violated, even though all objects except x have reported accurate location
values to the system.

A similar situation occurs in value-based queries. Consider a RCQ, which is non-rank based. If the RCQ
uses false location data of one object, the result just differs from the true count by 1. Thus the temporal
consistency of the RCQ may still be maintained. However, a NDQ can return a result that deviates a lot from
the true minimum distance, since it may use a wrong object to compute the minimum distance. Its result may
not observe temporal consistency, even though the false information of only one object is used.

Fidelity is also sensitive to the number of the objects that contribute to the result. For example, in a RCQ,
if many objects satisfy the query, a false positive or a false negative may affect the fidelity of RCQ only lightly;
if the number is small, the query may be more sensitive to false information. The number of objects that satisfy
the RCQ also depends on the size of the query range. A RCQ with a smaller query range is more likely to have
fewer numbers of objects than a RCQ with a large query range. Hence, the fidelity of a RCQ with a small query
range may be more sensitive than one with a large query range.

The effect of false information on various query types is treated carefully by QRU. In particular, QRU is

customized to handle each query class in a different manner — the location-update generation frequencies of
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objects are different, according to the class of the query. For example, if an object is the current nearest

neighbor in the result of a NNQ, it will be required to report its location more frequently than an object which is

the 100th nearest neighbor, since the position of the nearest neighbor is more important to the result of the NNQ.
Let us now examine the QRU algorithm, which aims at maintaining high query fidelity.

5 Query-Result Update (QRU) Scheme

The Query-Result Update (OQRU) scheme is designed to achieve high system fidelity by carefully controlling the

generation of location updates. We will discuss the basic idea of QRU (Section 5.1), followed by explaining

how to set the values of two key parameters of QRU, namely Predicted Time Interval (PTI) (Section 5.2) and x-

proportion (Section 5.3). Section 5.4 proposes a modified scheme that improves the performance of QRU.

5.1 Design Overview

QRU is a time-based scheme i.e., an object is informed about the time interval between generating
successive updates. Rather than using a distance-based scheme where an object notifies the system its location
once it moves beyond a distance limit, we base our design on a time-based scheme because it can detect
network disconnection and loss of update messages. If an object does not report to the system at the assigned
report time, time-based schemes may conclude that the object is disconnected from the system. The system can
then still return query results including information to the user that the result is not reliable. It may also include
the maximum possible error in the reported results due to disconnection. In a distance-based scheme, if
disconnection happens, the system may wrongly deduce that the object is within a distance threshold.

Unlike traditional time-based schemes where an object is assigned a fixed time threshold, QRU adjusts
the time threshold assigned to an object dynamically. The threshold is based on: (1) the impact of the object to
query fidelity; and (2) the prediction accuracy of the object’s movement. We term a message sent by the system
to an object a control message, and a message sent by the object to the system a data message. Two phases,
namely /nitialization Phase and Refresh Phase, are executed for each CQ. The Initialization Phase is executed

once in order to prepare for a repeated execution of the Refresh Phase.

Initialization Phase. In this phase, the system initializes the state required for correct execution.
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1. The system retrieves the set of items that Q; is interested in, i.e., the monitoring set S; (we assume when

Q; is submitted to the system, it has told the system what S; is).

2. The system sends a control message to each object in S;, and asks each object to: (i) send its current
location value to the system, and (ii) wait for L. time units before sending its next position, where L;;y.
is a system parameter that specifies the minimum time threshold for generating the next update.

3. The objects in S; respond by sending their location values to the system.

4. The system evaluates the CQ based on the values just obtained in ;.

Notice that if S; changes during its query execution period, the initial phase is re-executed to cope with
the change in S;.

Refresh Phase. Next, the system evaluates Q; repeatedly during its activation period, as shown in Figure 3.

1. While begin_time; < current time <end_time; do
2. Upon receiving a location value from object o //S; do
Evaluate O; with the new location of 0 and return the result to the user.
Predict the speed and direction of o.
Compute the predicted time interval (PTI) and adjust the x-proportion of o based on (b).
Compute the new time threshold of o based on the results of (c).
Send a control message to o to inform it about the new time threshold.

PROFTS

Figure 3: Algorithm - Refresh Phase

In Step (a), the new result is computed by using the new value of 0. Next, it predicts the velocity of o
(Step (b)) by using the movement history of 0. For example, the predicted speed can be obtained by dividing the
difference in locations between the past samples by their difference in timestamps, while the direction can be
predicted by considering the location reported in the current data message compared to the location in previous
messages. The predicted speed and direction are used to compute a parameter called predicted time interval
(PTI) and to adjust an error factor called x-proportion (Step (c)). Using these two parameters, a new time
threshold is computed (Step (d)) and sent to o, which uses the threshold to calculate the time instant for
generating the next update (Step (e)). We will explain Steps (¢) and (d) in detail in Sections 5.2 and 5.3. Notice
that if an object is accessed by more than one CQ at the same time, the time threshold of the object being

accessed by each CQ may be different. In this case, QRU evaluates the object’s time threshold values for all
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CQs accessing it, and then generates a control message with the minimum of these values. For our purpose, we

also define the answer region of a CQ:
DEFINITION: The answer region of a CQ is a close region such that if an object o is located inside it, o

satisfies the CQ); otherwise o does not.

For example, the answer region of a RQ is simply the query region specified in the query: the objects
satisfying the RQ are the ones inside the query region (answer region). The answer region is fixed throughout
the lifetime of the RQ. On the other hand, the answer region of a NNQ is a circle, centered at the query point ¢
specified by the query, with radius of length |¢ — the location of the nearest neighbor of g|. Any object that
enters the answer region of the NNQ has to be included in the answer. If this happens, the answer region shrinks
since the answer (the nearest neighbor) has changed. The answer region of a NNQ is expanded if the current
nearest neighbor moves away from ¢ and is still closer to ¢ than other objects. In general, an answer region is
defined when queries have certain “constraints” on answers, such as the user-specified range in a RQ.

We now discuss P71 and x-proportion in Figure 3 Step (c) which are used to decide on a good time
interval for update generation.

1. Predicted Time Interval (PTI). This parameter is a prediction of:

(1) the amount of time an object currently outside the answer region of a CQ needs to enter the

answer region; or

(2) the amount of time an object currently inside the answer region of a CQ needs to exit the region.

Whenever an object enters or leaves the answer region, the answer of a CQ changes. Therefore, P71 is
the amount of time that the change of location of the object does not influence the result to query CQ. The value
of PTI assists in the process of setting the next location report time, as will be explained next.

As an example, since the answer region of a RQ is exactly the user-specified range, the P77 of an object
will be the predicted amount of time it takes an object to leave or enter the range. If the P77 of a moving object
is large and the object currently satisfies the condition of the CQ, then it is assumed that it will not fail the

condition in the near future. A corresponding assumption holds if the object currently fails the condition. Hence,
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a large update time threshold may be assigned to this object without severely affecting the correctness of the

answer. If an object’s P77 is small, it is predicted to have a good chance of satisfying/failing the CQ soon; a
smaller time threshold may be set to track the object more closely in order to have a more accurate query result.

The exact prediction method used for computing P77 is flexible and application-dependent. Many
appropriate mobility prediction models like the stochastic model and Gauss-Markov model [LH99] can be used.
Statistics about roads can also be applied to improve prediction accuracy [WAO02]. Since our focus is not on the
effectiveness of various prediction techniques, we choose a simpler prediction model — linear prediction — for
illustration purposes.” It allows us to understand the behavior of QRU more easily.

In particular, we assume the P77 of object O; is computed by the following formula:

predicted distance for O, to exit or enter the answer region

PTIof O, = )

predicted speed of O, to exit or enter the answer region

where the value of the nominator (distance) depends on the roads/paths to the answer region from the current
location of the object. The denominator (speed) can be decided by the speed and direction obtained in Figure 3
Step (b). The accuracy of this value depends on: (1) the movement characteristics of the object; and (2) the
movement behavior of other objects on the paths/roads connecting the object to the answer region. We simplify
the model by predicting objects move in straight lines, without using information about connections of roads
and paths (in the experiments, however, objects move in a non-linear fashion). In Section 5.2, we develop
algorithms for computing P77 for different query classes using this prediction model.

2. x-proportion. Can we simply set the update time threshold of an object based on the PTI value? The
answer is negative, because the actual speed of an object may differ from its predicted value, and incorrect
results may be produced. To explain this, suppose P71 is used to decide the next time the location of object O is
received, which is accessed by an RQ. The system assumes that O arrives at the boundary of the query range of
the RQ at about the time it receives the update. In reality, O moves faster than predicted and passes through the

query region long before it sends back the update. The system can then fail to include O in its result.

2 Section 5.2.3 demonstrates how PTI can be evaluated for NNQ using a more general prediction model.
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The x-proportion, a real value between 0 and 1, reduces the negative impact of inaccurate prediction on

query fidelity. It is used to fine-tune the time threshold according to prediction accuracy. Instead of using the
whole PTI value to set an object’s threshold, QRU only uses a fraction of it, so that the system has a smaller
chance of failing to include (exclude) the object into (from) the query result, even if prediction is inaccurate.
Specifically, the new time threshold for an object O,, upon receiving O;’s update in Figure 3 Step (d), is:

Time threshold for O; = current time + max(PTI of O; Lk-proportion of O;, Lym.) (10)

For a moving object with a highly predictable movement pattern, a large x-proportion suffices. If the
prediction error is large, QRU adjusts x-proportion in order to alleviate the effect of poor prediction on fidelity.
If the object moves faster than predicted in entering or exiting the answer region, x-proportion is reduced so
that the location information of the object arrives earlier. On the contrary, a larger x-proportion is used if the
movement is “slower” than predicted. We discuss the setting of x-proportion again in Section 5.3.

5.2 Evaluation of Predicted Time Interval (PTI])

In Figure 3 Step (c) of the Refresh Phase, each time a location update is received, a new P77 is computed. A
non-rank-based query sets the P77 in a manner different from a rank-based query. In Section 5.2.1, we discuss
how to set P77 for non-rank-based queries, using RQ and RCQ as examples. Sections 5.2.2 and 5.2.3 illustrate
the evaluation of PTI for two rank-based queries — NNQ and KNNQ, respectively. Section 5.2.4 extends the
algorithms to support a generic movement prediction model.

5.2.1 Computing P71 for Non-Rank-Based Queries

For a non-rank-based query, the estimation of P77 is based on the answer region of the query, the current
locations, predicted speeds and directions of the objects. We consider RQ and RCQ, which are non-rank-based
queries deciding which objects fall within a user-specified range R. They use the same algorithm, P7] Range

(Figure 4), to decide on the P71 value assigned to an object O; in their monitoring sets.

Algorithm PT] Range uses the range R; of query O; and O; ’s current location, predicted speed and
direction (from Step (b) of Refresh Phase (Figure 3)) to decide on the P77 of O,. If it is predicted that O; is not

moving, its P77 is assigned a value of PTI MAX to reduce its frequency of generating location updates (Step 1).
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Otherwise, a vector P is generated to predict the moving path of O,, and the shortest distance d O; can travel

until it reaches the range of the query is computed (Steps 2-4). We then calculate the P77 based on Eqn.(9) (Step
5). The system parameters, PT/ MAX and PTI MIN, are defined to ensure that the computed P77 is within
[PTI MIN, PTI MAX] (Step 6). By default, PTI MIN is equal to L., the minimum time threshold. In Section

6, we investigate the impact of different values of PT/ MIN and PT] MAX on the performance of QRU.

PTI Range(R;, O;)
1. if(O;speed == 0) then return PTI _MAX;,
P = a vector with starting point O;./ocation and direction O;.direction;
if( P does not intersect R; ) then return PTI_MAX;
d = predicted distance from O;.location to R; along P;
PTI : = d/O..speed,
return min(PTI MAX, max(PTI MIN, PTI));

SNk wd

Figure 4: Algorithm PTI_Range - Computing the P77 of O, for a RQ/RCQ.

Figure 5 illustrates PT/ Range. Three objects, O;, O, and Os, are members of the monitoring set of an
RCQ, with range R. Vectors P;, P, and P; are generated for them correspondingly (Step 2). Since P; does not
intersect R nor travel towards R, its P71 is PTI MAX (Step 3). The shortest distance of O; (0») to cross R along

the direction of P (P,) is d; (d) (Step 4). Their PTIs are computed in Steps 4 and 5.

d
O,.speed

0,.PTI =

Figure 5: Calculating the P71 of objects for a RQ/RCQ.

Complexity. All steps except Steps 3 and 4 need O(1) times. If R; is a m;-sided polygon, O(m;) times are needed
to find if P intersects R; (Step 3), and which intersection gives the minimum distance (Step 4). This is done by

testing the line segment of P against each side of R;. The complexity of PTI Range is O(m;) + O(1) = O(m;).
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5.2.2 Computing PTI for Nearest-Neighbor Queries

Evaluating PTIs for objects accessed by a rank-based query is not trivial since its answer region is not fixed. For
example, the answer region for an NNQ is a circle centered at the query point with dyy, the distance of the
current nearest neighbor N; to the query point, as radius. The answer region may change due to the movement of
N; and other relevant objects. Since the evaluation of P77 involves answer regions (Eqn. (9)), the system has to
keep track of the changes in the answer region. Thus, the system not only has to monitor the nearest neighbor,
but also has to be aware of the objects that can modify the current answer region.

Algorithm PTI NN (Figure 6) computes the P77 of an object O; [7S;, given the latest nearest neighbor N;
and the query point g; of query Q;. If O;is the current nearest neighbor, PTI NN quits (Step 1). Steps 2 and 3
initialize variables CurrentNN and N;. Steps 4 and 5 compute for all objects in S;their predicted velocities and
point-to-point distances from g;. Then, using the loop in Step 6, the time needed for the next object to become
the nearest neighbor is predicted. The whole process is repeated until O, is found to be the nearest neighbor (we
will explain Step 6 again in more detail). Step 6(i1) computes the value of 7, which is the time needed for O; to
become the nearest neighbor. If T is greater than P71 MAX, the search will stop (Step 7). The PTI of O; is then

assigned to be the minimum of P71 MAX and max(PTI_MIN, T) (Step 8).

PTL_NN(g; O, S, N)
1. if( O,==N;) then return PTI_MIN;
2. CurrentNN = N;; // current nearest neighbor
3. T:=0;
4. for each object obj //S; do {// initialize with last update location information
a. v = component vector of predicted velocity of obj with direction towards the query point;
b. d, := point-to-point distance of obj from the query point;

34

}
do {
i.  Next Candidate : = The first object in §; to take over CurrentNN as the new nearest neighbor;
ii. 7 :=T+ (time it takes for Next Candidate to take over CurrentNN as the new nearest neighbor);
iii. for each object obj //S; do { Update the values of v,,;and d,; at time T };
iv.  CurrentNN := Next Candidate; // shifting current nearest neighbor
7. } while( CurrentNN # O; and T < PTI_MAX)
8. return min(PTI MAX, max(PTI MIN,7));

Figure 6: Algorithm PTI_NN - Computing the PT1’s in an NNQ.

&

To predict when an object becomes the nearest neighbor (Steps 6(1) and (ii)), we consider eight
scenarios. As shown in Figure 7, in cases 1 to 5 the current nearest neighbor NN is moving towards query point

¢, while in cases 6 to 8, NN is moving away from ¢. In cases 5 and 8, O;will not replace NN as the next nearest
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neighbor if the moving speeds and directions of both O; and NN remain unchanged. Otherwise, O; may become

the nearest neighbor.

PTI NN next (Figure 8) refines Steps 6(1) to (1i1) of P71 _NN based on the observation in Figure 7. First,
Step 2 defines 7, as the minimum time needed for a new object to become the nearest neighbor. Steps 3 and 4
define vyn and dyy, which correspond to the current nearest neighbor’s velocity vector towards the query point
gi and the distance from g, respectively. Step 5 computes the time needed for O; to become the next nearest
neighbor (i.e., implements P7/ NN’s 6(i)), based on the eight different cases shown in Figure 7. We explain
Step 5 in more detail. Step 5 calculates the time it takes each object O, to become the nearest neighbor as needed
for Step 6(ii) of PTI NN. Step 7 updates the values of v, and d, for each object as needed for Step 6(iii) of
PTI NN. It considers whether the object has moved towards ¢; (Step 7(A)(I)) or away from ¢; (Step 7(A)(II)).
The former case is divided into two subcases: (i) ¢; has been reached by the object before 75, (Step 7(A)(I)(b))

and (ii) g; has not yet been reached (Step 7(A)(I)(¢c)).

Case 1: both O; and NN move towards g; O; will never Case 5: O; moves away from g, and NN moves towards
move faster than NN, but NN will pass ¢ sooner than O; q; but NN moves slower than O;
will do, and then move away
<“—0 o> o9
o> e —»o ¢ 0, NN
o ,~NN q NN <+“—0 O NNO» @ ¢
o> @ o—»
Case 2: both O; and NN move towards g; O; takes Case 6: O; is moving towards g and NN moves away
over NN before it reaches ¢ fromgq
o—» o> @y Ogp <o o q
0O: NN
’ O NN 0
NN &> 6——> @ 9 <+ > oy
Case 3: both O; and NN move towards g; O; will not take Case 7: O; and NN move away from ¢; NN is moving
over NN before it reaches g faster than O;
o—»p —>» o0y <4“04¢—0 0y
o NN O; NN
q NN NN
0,0—6—p *—>» +“—0 <o @q
Case 4: O, moves away from ¢, and NN moves towards ¢g; NN will Case 8: O; and NN move away from g; NN is moving
soon pass ¢, and will then move faster away from ¢ than O; does slower than NN
O; NN
“«oo—>p oy “«—0 0 oy
O; NN
4—. 0[ q
<490, Y NNg_» <4+® NN (]

Figure 7: Different scenarios of the current nearest neighbor (NN) and an object O,.
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Step 5, the crucial step for computing the time that O, takes over CurrentNN as the newest nearest

neighbor, is divided into two sets of cases — whether the nearest neighbor is moving towards ¢, (Step 5(A))
or away from ¢g; (Step 5(B)). Specifically, Step 5(A) implements Cases 1 to 5 and Step 5(B) takes care of
Cases 6 to 8 in Figure 7. To understand how 7, is computed for Case 1, notice that since vp < vy,
CurrentNN reaches g; before obj does, after time interval 7yy. At that time, obj 1s (dopj — Vo Tvy) units
away from ¢;. Let ¢ be the amount of time needed for obj to become the next nearest neighbor after
CurrentNN has reached g;. Then, ¢ is the time needed such that both obj and CurrentNN have the same
distance from ¢, i.e.,
(dobj — Vobj" TNN) — Vorj 't = VN - t

Hence, t is equal to (dos — Vory*Taw)/( Voni + vaw), and the time needed for obj to be the next nearest
neighbor, Ty, 15 equal to Ty + (dobj — Vori Tnn)/( Vo + viw). These steps are detailed in Step 5(A). The

reasoning for other cases is similar and is skipped here.

1. Next Candidate := NULL;
2. T, = infinity;
3. vy :=component vector of velocity of CurrentNN with direction towards ¢g;;
4. dyy = distance of CurrentNN from g;;
// PTL NN Step 6(i): find the first object in S; to take over CurrentNN as the new nearest neighbor
5. for each object 0bj except CurrentNN do {
A. if (vyy>0) then {// the nearest neighbor is moving towards g;
I. Ty :=dw/van; // time cost for CurrentNN to reach query point
IL. if (—vav <Vop <vwy ) then
a. // obj does not move towards or not move towards faster than CurrentNN
b. //i.e. CurrentNN reaches g; first. Case 1 or 4
€. T := Taw + (dotj — Vor Taw)/( Vobi + vivw);
IIL else if( v,; > vyy ) then {
a. Ty = (dopj — dnn)/(Vorj — viw); // Case 2
b. if ( T,p > Ty ) then T, == Ty + (dosj — Vo Tan)/ ( Vosj + vaw); // Case 3
h
IV. else continue; // Case 5. Check next object.
V. if( Tobj < Tmin ) then {
a. Tmin = Tgbj;
b. Next Candidate = obyj;
}
}
B. else { // the nearest neighbor is moving away from g;
L. if (v, > vy ) then { // obj does not move away or does not move faster
a.  Top i= (dopj — dan)/ (Vo — viw); // Case 6 or 7
b. if ( Top < T,in ) then {
L Tun = Tobj;
ii. Next Candidate = obj;
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}

II. else continue; // do nothing for case 8

}
}

// PTI_NN Step 6(ii)
6. T:=T+ Ty

/I PTI_NN Step 6(iii): update v, and d,;; of each object at time 7+7,,,
7. if (Next_Candidate # NULL) then {
A. for each object obj [/S; do { // update velocity and distance
I. if (v, >0) then {// the object is moving towards g;
a. Tobj = dobj/vabj;
b. if ( T,n > Top; ) then { // reach query point before T,
i dobj = | vnbj'( Tmin - Tabj) |5
ii.  Vvop = Vo // moving away

c. else
i dolg/’ = | dobj - Vobj'Tmin |:
h
II. else // moving away from query point
a. dobj = | dubj - V()bj'Tmin |,}

Figure 8: Algorithm PTI_NN_next - Computing the time for object O, to become NN.
Example We now use an example to illustrate P7/ NN. We suppose that a NNQ observes three objects

(Oy, O, and 03), and PTI NN is evaluated at time #y. The following explains how P77 is computed for Os.

(a) Initially, O, is CurrentNN at time ¢.

Oy (CurrentNN) i
<o 0 q

0
*—>»

03

(b) First loop: PTI NN claims that O, becomes CurrentNN at time fy + tp,, by predicting that O,
uses the shortest time (#p;) to take over O; as the next nearest neighbor (according to Case 6 of
PTI NN next). The calculated time is thus advanced to #y+20,, as shown below.

0,
<o ey

O, (CurrentNN)
——>»

03
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(c) Second loop: PTI NN predicts that O; becomes CurrentNN at time ¢, + tgy+1p3, since it takes the

shortest time (z0;) to take over O, after the time instant 7+, as the next nearest neighbor (according

to Case 1 of Algorithm PTI NN _next). Oj’s PTI is thus equal to #) + tp,+103, which is the time

needed for O; to become the nearest neighbor, and P7I NN stops. The following figure shows the

scenario at time ¢y + fo>+tp3.
0,

0;

O3 (CurrentNN)

Computing P71 for the monitoring set  The P7I’s of all objects in the monitoring set of Q; (S;) are
usually updated at the same time. The performance of PT/ NN can be improved by not computing P77 of
the same object repeatedly. In particular, we have developed Algorithm P7I NN Batch (Figure 9), a
slightly modified version of PT/ NN (Figure 6), which saves computation time by evaluating P77 only
once for each object. While PTI NN computes P71 for a single object, PTI NN Batch computes PT] for
each object in S;. As we can see in Step 4, once an object is examined, it is not further considered.
Another important step is Step 4(B), which is modified to exclude objects that have been examined.

Notice that PTI NN Batch has a time complexity of O(n%), the same as PTI NN.

PTI_NN_Batch(q[, S,‘, N,)
1. N.PTI=PTI MIN;
2. CurrentNN := N;; // current nearest neighbor;
3. T:=0;
4. While (not all objects in (S; — N;) have their PTI’s computed) {
A. for each object obj [/S; do {// initialize with last update location information
L v, := component vector of velocity of obj with direction towards g; at time T;

1L d,;; := distance of 0bj from q; at time T;

}
B. Next Candidate : = The first obj in S; to take over CurrentNN as the new nearest neighbor and not examined yet;
C. T:=T+ (time it takes for Next Candidate to take over CurrentNN as the new nearest neighbor);

D. CurrentNN := Next Candidate; // shifting current nearest neighbor
E. CurrentNN.PTI = min(PTL_MAX, max(PTI_MIN,7));

Figure 9: Algorithm PTI NN _Batch
Complexity. The running time of PT/ NN is O(n*), where n is the number of objects in a query. In the

worst case, the do-while loop iterates O(n) steps; each step checks all n objects to find the next candidate.
In practice, the number of steps is much smaller than O(n°) since as shown in Section 6, the condition for

PTI being larger than PTI MAX is easy to satisfy. For PTI NN Batch, Step 4 iterates for O(n) times for a
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total of |Si-Nj| objects. Inside the While-do loop, Step 4(A) takes n steps to complete. Steps 4(B) to 4(E)

needs O(n) times to complete. Thus the running time of PTI NN Batch is O(r°) .

5.2.3 Computing PTI for k-Nearest-Neighbor Queries

Algorithm PTI NN can be extended to compute P77 for KNNQ (a rank-based query). In Algorithm
PTI KNN (Figure 10), the major change is the separation of the set of relevant objects into two sets: Sr
(the set of objects whose distances are farther than the kth nearest neighbor) and Sy (the set of objects
whose distances are nearer than the kth-nearest neighbor). Again, Step 4 computes v, (the velocity
vector of obj towards g;) and d,; (the distance of obj from ¢;) for each object obj. Step 5 is the main loop
that repeats itself until O; is the newest k-nearest neighbor (called CurrentkNN). Step 5(a) partitions the
objects into two sets: S and Sy. Then, from Sr, we find the first object, Next Candidater, that will take
over CurrentkNN as the next nearest neighbor among the members in Sr0{CurrentkNN} , and the time
that this happens, 7r (Step 5(b-c)). Also, from Sy, we find the first object, Next Candidatey, that will take
over CurrentkNN as the next farthest neighbor among the members in Sy {CurrentkNN}, and the time Ty
(Step 5(d-e)). Notice that steps 5b to Se can be implemented by changing P7/ NN next (Figure 8)
slightly. Steps 5(f) to 5(i) reassign CurrentkNN to Next Candidater (Next Candidatey) it Tr < Ty (Tp 2

Ty). Finally, step 7 returns the minimum of PTI._MAX and max(PTI_MIN,T).

PTI_KNN(g;, O;, S, Ny)

if( O; == N;) then return PTI_MIN;
CurrentKNN = N;; // current k-nearest neighbor
T:=0;
for each object obj [1.S; do { // initialize with last update location information
a. v,y :=component vector of velocity of obj with direction towards ¢;;
b. d,; := distance of obj from g;;
}
5. do{
a. Based on {d,;}, partition the set of objects relevant to the query into two sets Sy and Sy;
/I Sr is the set of objects whose distance is farther than CurrentkNN
// Sy is the set of objects whose distance is nearer than CurrentkNN
b. Next Candidater : = The first object to take over CurrentKNN as nearest neighbor among

b=

SrOd{CurrentkNN}

c. Tr:=time it takes for Next Candidater to take over CurrentKNN as nearest neighbor among
Sr0{CurrentkNNY};

d. Next Candidatey : = The first object to take over CurrentKNN as farthest neighbor among
Sy {CurrentkNNY};

e. Ty:=time it takes for Next Candidatey to take over CurrentKNN as farthest neighbor among
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SyO{CurrentkNN},
f. T::T+min{Tp,TN};
g. for each object 0obj //S; do { Update the values of v,,;and d,,; at time T };
h. if( 7r < Ty) then

1. CurrentKNN := Next_Candidater; // shifting current k-nearest neighbor
i. else

1. CurrentKNN := Next _Candidatey; // shifting current k-nearest neighbor

H
6. while( CurrentKNN # O; and T <PTI_MAX);
7. return min(PTI_MAX, max(PTI_MIN,7));

Figure 10: Algorithm PTI KNN(q;, O, Si, N;) - Computing the PTI’s in KNNQ.
Example We now explain P71 KNN with an example. Suppose we have seven objects (O, O.,...,
0y), and we evaluate a KNN query with k£ = 3. PTI KNN is evaluated at time 7. The following steps

illustrate how P71 is computed for O, using Algorithm P7/ KNN.

(a) Initially, O;is CurrentKNN at time t.

0,
<o e y
0:
<+
O3 (CurrentKNN)
o—>
on
o—>
Os
<4——0
Os
o—>
0;
<+—0

(b) First loop: At time ¢y, PTI KNN evaluates that Sy = {O,, O3}, Sr= {O4, Os, Og, O7}. Among

the objects in Sy[1{0s}, O, will take over Oj as the next CurrentKNN, i.e., Next Candidatey =0,.
Among the objects in Sx[1{O;}, it is found that O, will take over O; as the next CurrentKNN i.e.,
Next_Candidater=0,. Since Ty =tos< Ty, we advance the time to #y+¢o,, as shown below.

]
<0 ® g4
0,
<+
0;
o—>
Oy (CurrentKNN)
*—>
Os
<4——-0
Os
o—>
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(c) Second loop: PTI KNN predicts that at time t+¢o4, CurrentKNN = Oy, Sy= {0, O,}, and Sg =
{05, Os, Og, O7}. Among the objects in Sy[1{O,}, O, will take over O, as the next CurrentKNN,
i.e., Next_Candidatey =0,. Among the objects in Sp [J{O4}, it is found that O; will take over O, as
the next CurrentKNN i.e., Next Candidater=0; Since Ty =to,< Tr, the PTI of O, can be
computed as #y+tostto;, and PTIL KNN stops at this point. The following figure shows the

scenario predicted at time #)+zo,0;. 0,
<o ® 4
O; (CurrentKNN)
<o
0;
o—»
o
*—>»
Os
«—o0
Os
o—>
0
<+—0

Complexity. The running time of PT/_KNN is O(n*), where n is the number of objects in a query. This is
because in the worst case, the do-while loop iterates O(n) steps; each step checks all n objects to find the

next candidate.’

5.2.4 Computing PTI Using a Generic Prediction Model

We have already presented how PTI is computed for different queries using a linear prediction model.
These algorithms can, in fact, be extended to support a general prediction model, which is not necessarily
linear. We use NNQ as an example, but the idea can be applied to other queries. Here we assume that the
velocity function vector, v(s), from a specific movement prediction model, is known. Specifically, v(s)
predicts the velocity of the moving object at time s. Assuming the current time is 7, Algorithm
PTI NN next generic (Figure 11) is a modified version of the previously presented PTI NN next (Figure
8) for supporting a general prediction movement model. It uses the same framework as P7I NN next
except that all the checking conditions incorporate the use of the instantaneous velocity vector v(s),

instead of a single distance vector value in the linear prediction model. In particular, the distance moved

by object obj between the time [7, ¢+7], namely ITT+tv (s)ds, 1s used extensively. For example, in Step

obj

3 We assume a randomized select algorithm is used to partition Sy and Sy with an average of O(n) time.
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6(A)(I), the expression min{t

d —J.TTHVNN(S)dS:O} is the minimum time that object CurrentNN

arrives at the query point. Other lines in PT/ NN next are modified in the same manner.

1. Next Candidate := NULL,
2. T, = infinity;
3. vy :=component vector of velocity of CurrentNN with direction towards g;;
4. dyy = distance of CurrentNN from g;;
5. // PTL NN Step 6(i): find the first object in S; to take over CurrentNN as the new nearest neighbor
6. for each object obj except CurrentNN do {
A.if exists 1:dyy ="'y (s)ds =0 then {
// the nearest neighbor is moving towards ¢;
L Tyy = min{t dyy — J.;Hv ay (8)ds = O} ; // time cost for CurrentNN to reach query point
. . T+t . T+t T+t
IL if mm{t d o) —.[T Voij ($)ds = O} >Tyy AND exists ¢:d,, - JT Vopj ($)ds < -[T+TNN vy ($)ds then
/'i.e. CurrentNN reach qi first. Case 1, 3 or 4
. T+t T+t
a. Ty = mln{t d o1 —_[T Vopj (8)ds < IHTW VAN (s)ds} ;
. . T+t ds =0b <
IIL. else if (min{|d,;,; jT Vo (5)ds =0 < Ty ) then // Case 2
. T+t T+t
a. Tob]- = mln{t do,y- - IT vob]-(s)ds <dyy -~ IT VN (s)ds} ;
IV. else continue; / Case 5. Check next object.
V. if( Tobj < Tmin ) then {
a. Tmin = Tobj;
b. Next Candidate := oby,
}
B. } else {// the nearest neighbor is moving away from g;
L ifexists 1:d —ITTH Vo (8)ds <d yy —ITT+t vy (s)ds then {// Case 6 or 7
/] obj does not move away or does not move away faster than CurrentNN
. T+t T+t
a. Ty = mln{t dopy = _[T Vo (8)ds <dyy = _[T Van (s)ds}
b. if( Tub/ < Tmin ) then {
i Tmin = Tz)bj;
ii. Next Candidate = oby;
}
}
IL. else continue; // do nothing for case 8§
}
}
/I PTI_NN Step 6(ii)
T. T:=T+ Tn;

// PTI_NN Step 6(iii): update v,;; and d,;; of each object to time 747,
8. if(Next Candidate # NULL) then {

A. for each object 0obj //S; do // update distance

T+T,
I. dobj = dobj _J.

T " Vabj (s)ds 5

}

Figure 11: Algorithm PTI NN _next _generic - Computing the PTI in NNQ using a generic prediction model.
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5.3 Evaluation of x-proportion

The value of x-proportion for an object is related to the amount of error in predicting the movement of the
object. The initial value of x-proportion can be decided based on factors like temporal consistency
constraints and the current network workload (for example, if the TC of a CQ is tight, x-proportion can be
made smaller). When the prediction quality is poor, x-proportion is adjusted to achieve better prediction.

QRU uses a feedback approach to perform this adjustment.

last current -
update update @  The time when o
1 ! [ .
® 1 is predicted to
'€ ' PTI, R :
(a) ) | . | I enter/exit the
! ' tud @  answer region
! ' ¢
1
| [
(b) '—— Pl Y
: °
' [ ]
1
(C) :<_ PTl,e, _’:
| ®
1

Figure 12: Relationship between old PT1, new PTI and t,,.
Specifically, let the P71 computed from the last update be PT1,,. Also, let ¢,; be the difference

between PT1,,; and the time elapsed between the last and the current update. Then ¢, is the PTT evaluated
at the time of the current update, but without using the current update information (Figure 12). In Figure
12 (a), O; evaluates PTl,, after its last update. At the time the current update is completed, #,;; is the
predicated time of O; entering/exiting the answer region of the CQ (using the information of P77,;; only).
When the Refresh Phase is executed after the current update is completed, a new value of P77 (called
PTl,.,) is actually computed — using the current location of O;. In both Figure 12 (b) and (c), if P71,
differs from #,,;, the prediction is inaccurate. We can quantify the prediction error by P71,

:PTlnew_told (11)

tnld

PTI

which is evaluated in Step (c) of the Refresh Phase (Figure 3). Observe that P71, becomes high when
the movement of the object is very different from the predicted movement. Moreover, PT1,,,,, 1s used in

QRU to adjust the x-proportion. There are two cases to consider:
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(1) PTILer > 0. This means the object is moving slower than expected (Figure 12 (b)). The time

threshold may be slightly increased without reducing fidelity. By increasing the time threshold, the
bandwidth utilization is also reduced. QRU increases the time threshold with the following rule:
when PTl,,,, is larger than vy, a larger x-proportion, min(x+9, 1), is set, where y and 0 are system
parameters.

(2) PTL., < 0. This indicates the object is moving faster than predicted (Figure 12 (c)). Hence an
object that moves across the answer region may not be noted by the system, leading to reduction in
fidelity. To avoid this, the time threshold may be reduced. QRU reduces the time threshold with this

rule: when PTl,,,, s less than —y, x-proportion is set to max(x—9, 0).
Hence, the value of the x-proportion is continuously tuned with the arrival of a new update.

5.4 Reducing Control Message Load

In adaptive time-based schemes such as QRU, control messages may be sent from the system to the
objects for coordination purposes (e.g., adjusting time thresholds). The network load of control messages
can be high. To reduce control message workload, QRU sends time thresholds to objects only when the
new time thresholds evaluated in Step (d) of the Refresh Phase (Figure 3) deviate from the old ones by
more than a pre-defined value. The object keeps using the current threshold until it receives a new one
from the system.

Usually, the bandwidth channel for sending control messages (called downlink channel) has much
more bandwidth than the uplink channel (for sending information from objects to the system). Also, our
experiments in the next section show that for many objects, there is no need to refresh the time thresholds:
when they are far from entering/exiting the answer region, they are often assigned the maximum time
threshold; when they are close to entering/exiting the answer region, they are often given the minimum
time threshold. Thus, this small change is effective in reducing control message load.

We conclude this section by presenting a summary of QRU. Table 2 describes the parameters

used in QRU. Table 3 presents the computation methods of P77 and x-proportion for each query class.
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Parameter Meaning Comments
Liime Minimum time threshold Limits the update workload
PTI MIN, PTI MAX | Lower and upper bounds of PT/ The default value of PTI MIN is Ly,
T Error threshold of PT1,,,,, Controls when x-proportion is changed by £
0 Adjust x-proportion by & when Magnitude affects sensitivity to P71, and
\PT1,0/] >y bandwidth utilization
Table 2: Parameters of QRU.
Non-rank-based query Rank-based query
Examples RCQ, RQ NNQ, KNNQ
Computing P71 | The answer region is fixed. Can estimate The answer region is dynamic. Need to
when O will enter the answer region consider interactions between O and other

independently of other objects. For instance, | objects. For example, PTI_NNN predicts how
PTI _Range predicts how long it takes for O | long it takes for O to take over the nearest

to reach the range boundary. neighbor.
Complexity: O(m) where m is the number Complexity: O(n’) (for both PTI NN and
of sides of the query range PTI NN _Batch, where n is the number of
relevant objects of a query.)
Adjusting x- When |PT1,,,,,/>Y, x-proportion is adjusted by 0.
proportion Complexity: O(1)

Table 3: Setting P77 and x-proportion of object O in QRU.

6 Performance Evaluation

We have conducted experimental evaluations to study the effectiveness of QRU. Section 6.1 presents our
simulation model. In Section 6.2 we report the performance results of QRU compared with other location

update schemes using synthetic data. Section 6.3 presents the results using a real dataset.

6.1 Simulation Model
We have conducted an experimental evaluation to compare the performance of QRU with three push-
based update mechanisms: the time-based method (TB), the distance-based method (DB), and the speed
dead-reckoning method (SDR).* We choose TB and DB for comparison because: (1) they represent two
distinct classes of update schemes (using time and distance); (2) their simplicity facilitates better
understanding of QRU’s properties; and (3) QRU is an adaptive time-based scheme while TB and DB are
fixed threshold methods. A comparison with these methods allows us to illustrate the benefits of using an
adaptive threshold assignment method. We remark that SDR is an extension of DB.

Initial experimental results revealed that the number of updates generated by any of these methods

is much larger than those required by QRU. This is hardly surprising, as QRU only generate updates for

* Section 2 provides description of these update schemes.
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objects that are needed by CQs, while in other methods all objects generate updates. To obtain more

interesting results, TB, DB and SDR are modified to MTB, MDB and MSDR correspondingly (the word
“M” stands for “Modified”). In these new protocols, an object only generates updates if it is required by a
CQ. Control messages are employed to obtain the initial locations of the objects being accessed by CQs.
Control messages are also used to inform objects about their update thresholds during initialization.

We use the model in Figure 2, where clients submit CQs to the system. We simulate two queries:
RCQ (a non-rank-based value query) and NNQ (a rank-based entity query). The monitoring set for each
CQ is generated randomly, i.e., all the objects are selected with the same probability. For a RCQ, the
distances of objects from the query range, either inside or outside, are also generated randomly. For a
NNQ, we randomly generate the nearest neighbor to the query point and the relative distances of the
objects from the query point. We use P77 NN (Figure 6) to computing PTI for NNQ.

Our first set of experiments use synthetically generated movement data. Instead of simulating the
behavior of moving objects in the service area, we model their movement relative to the answer regions
of the queries. At each time unit, we update the distance traveled by the objects relative to the answer
region. The distance traveled is computed as the product of two random numbers: speed and direction.
The speed 1s used to simulate the distance traveled by the object in a time unit. It is randomly generated
using a uniform function within a range of speeds. The direction is also produced by a uniform number
generator with the range of —1 to +1. Its purpose is to simulate changes in the direction of movement of
an object, relative to the answer region. A negative value means the object is moving away from the
answer region. The speed of an object is generated every time unit while the direction is computed once
every random period. This simulates the non-linear movement of an object towards a destination, where
its speed can be changed slightly (by varying the speed factor slightly during each time unit), and a
change of destination (by changing the movement direction after a relatively large time period). Notice
that although we are using a one-dimensional movement model, we can view it as a projection of a two-

dimensional movement onto the x-axis or the y-axis.
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After updating the movement of the objects, the queries are evaluated to obtain the true results (i.e.,

results that are obtained using the true location data). We present the fidelity of the system (FS) in Eqn. (7)
under different testing conditions. We also measure the system accuracy, which is the average accuracy
of completed queries defined in Eqn. (8).

Table 4 summaries the model parameters and their baseline values. Since the purpose of the
simulation is to investigate the general properties of QRU rather than its performance in a particular
mobile application, we investigate the impact of changing the values of many of the parameters (x-
proportion, PTL MIN, PTI MAX, X;,; and communication delay between the system and moving objects)
on QRU. This allows us to see how QRU performs under different environmental and workload
characteristics. Values of other parameters, such as the number of objects and their speed, are fixed. They
reflect realistic values as they can be found in real systems or were used in previous studies [GL04]. The
simulation time for each run is 800,000 sec. The length of the simulation is determined by some trial runs
using different simulation lengths until stable results are obtained, i.e., the results are within 0.5%

accurate compared to longer simulation runs.

System Parameters

Name Baseline Value

Number of moving objects 10,000

Number of relevant objects ina CQ 80 to 100 (uniformly distributed)

Query length (end time — begin time) 3000 sec to 5000 sec (uni formly distributed)
Speed factor 5 to 10 m/sec (uniformly distributed)
Direction factor (w) -1 to 1 (uniformly distributed)

Time period for changing direction factor 600 sec to 900 sec (uniformly distributed)
Query types RCQ and NNQ

Temporal Consistency Constraint (TC) RCQ: £=0.01; NNQ: g=1
Communication delay between object and system 0

Parameters for QRU

Name Baseline Value

Smallest time threshold (L) 50 sec

PTI MIN 50 sec

PTI MAX 500 sec

Adjustment factor (8) of x-proportion 0.1

Error threshold (y) of x-proportion 0.1

Initial value for x-proportion (X, 0.5

Table 4: Parameters and the baseline values.
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6.2  Performance Results for Synthetic Data

Three sets of experiments have been performed. First, we compare the performance of QRU with MDB,
MSDR and MTB. Then we test QRU for RCQ and NNQ. Since MTB outperforms MDB and MSDR by
achieving a higher fidelity with the same update cost, the third experiment compares QRU and MTB with
different parameter values (PTI_MIN, PTI MAX, X;,;, and TC).

6.2.1 QRU vs. MDB, MSDR and MTB

Figure 13 shows the fidelity (FS) as a function of message cost (number of update messages per object for
MTB, MDB and MSDR, and total number of update and control messages per object for QRU). For MTB,
MDB and MSDR, we vary their update thresholds in order to obtain different update costs. For QRU, we
vary the x-proportion from 0.1 to 0.9 to vary message costs. As shown in Figure 13, for RCQ, QRU
provides high fidelity with little message overhead. The other mechanisms, in contrast, achieve high
fidelity only at higher update costs (MTB, MDB), or almost not (MSDR). For a given message cost, MTB

has slightly higher fidelity than MDB. While MTB is a synchronized update scheme, both MDB and
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MSDR are not. For MTB, all objects required by a query generate location updates at the same time. This

makes the database state consistent with the actual state at the update time. The performance of MSDR is
relatively poor, because the system needs to predict the speed and movement, and, subsequently the
distance, of each moving object. In our simulation, the speed and direction of moving objects change
quite frequently, and so the prediction can be inaccurate which also leads to poor fidelity. However, if
the change of the movement is less frequent, MSDR should have a better performance.

Figure 14 shows that the system accuracy of the three methods (QRU, MTB and MDB) is similar
and is maintained at a high value. Increasing the message cost slightly improves the system accuracy.
The curve of MSDR is not shown since it is very low (close to 0.1) in this experiment. Some curves in
Figure 14 oscillate compared with Figure 13 (which measures fidelity). This is due to the fact that system
accuracy is a function of Ei(f), which can be any value between 0 and 1 (Equation 8), while fidelity is a
function of F(¢) (Equation 6), having either a value of 0 or 1. Therefore, the value of fidelity has less
variation. Correspondingly, we can see Figure 13 yields smoother curves than Figure 14.

Figure 15 shows the results for NNQ. Again, QRU obtains higher fidelity with lower message
costs than both MTB and MDB. Similar to the results for RCQ, MSDR has the worst performance.
Comparing Figure 13 and Figure 15, higher fidelity is obtained with the same message cost for RCQ than
NNQ. As explained in Sections 3.4 and 3.2.2, the evaluation of NNQ is more sensitive to errors, and it is
more difficult to have an accurate prediction for NNQ than for RCQ. This also explains why the effect of
x-proportion to QRU in RCQ is smaller than in NNQ as shown in Figure 17. One way to improve the
fidelity for QRU is to use a smaller PTI MIN and PTI MAX i.e., a higher update frequency. Figure 16
shows the results when PTI MIN is 30, PTI MAX is 300. We can see that QRU attains a higher fidelity
with a slight rise in message cost. In the same figure, the TC of NNQ (Eqn. (5)) is relaxed from 1 to 3 in
order to further improve the fidelity. This relaxation not just improves the performance of QRU but of all
methods (i.e., MTB, MDB and MSDR). We will use these parameter values (PTI _MIN=30,

PTI MAX=300, TC=3) in our subsequent experiments for NNQ.
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The better performance of QRU is due to the adaptability of the time threshold assignment. The

threshold value is generated based on the object movement and the answer regions of the CQs. If an
object is unlikely to enter the answer region, its P77 and time threshold will be larger. On the contrary, a
smaller P77 is assigned to an object entering the query region soon. The update is effective even though
its P71 is small. By utilizing the query information, QRU can better decide which objects should be given
more network bandwidth for propagating their updates. Figure 17 shows that a high percentage of objects
uses PTI MAX. The figure shows the percentage of objects assigned PTI MAX for increasing x-
proportion values (Xj,;). For RCQ, around 90% of all objects have PTI MAX assigned, while for NNQ

the fraction of objects using PTI_ MAX is between 0.72 and 0.85.

6.2.2 RCQ and NNQ

By comparing the fraction of objects using PTI MAX for RCQ and NNQ (Figure 17), we observe that
the fraction is higher for RCQ and is less sensitive to x-proportion. The higher value for RCQ is due to
fewer variable factors in the prediction. For example, the answer region of RCQ is fixed while that of
NNQ is dynamic. Interestingly, the PTI MAX percentage of NNQ soars when Xj,; is small (0.1) and
large (0.9). A small X;,, implies close monitoring, and QRU discovers that some objects do not need close

monitoring. When X, is large, QRU does little monitoring and uses large P77 values for many objects.
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Figure 17: PTI_MAX percentage vs. x-proportion. Figure 18: Average number of loops in NNQ.

The good performance with QRU may come at the price of high costs for evaluating P77 values.

Section 5.2.1 explains that computation is not costly for RCQ (a complexity of O(1) since m = 1 in our
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experiments). The complexity of NNQ is theoretically higher (O(n”)). In practice, PTI computation cost

in NNQ depends on the movement and the distribution of the objects. Figure 18 shows that this cost is
low. The average number of loops (Figure 6 Step 6 of Algorithm P7/ NN) is only between 2.4 and 3.3 for
different x-proportion values.

We also studied the effect of different values for the time period after which an object changes its
direction. We found that the longer the period, the better are the results for system fidelity and accuracy.

This is not surprising, since the prediction of the movement becomes more accurate.
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6.2.3 QRU vs. MTB
Since MTB shows better results than MDB and MSDR, we focus on QRU and MTB. Here we use the
notation “MTB-y” to represent MTB using a y-second time threshold. We also use “QRU-UPDATE” and

“QRU-CTRL” to denote the number of client update messages and system control messages respectively.
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Figure 19 shows that fidelity decreases gradually with an increase in PTI MIN for RCQ, while

the message cost is not affected much by changes in PTI MIN (Figure 20). The fidelity for QRU is still
significantly better than that of MTB, except when MTB uses a small time update threshold (15 sec) —but
its update cost rises (Figure 20). The better performance of MTB with small update threshold, however,
comes at the price of high message costs (Figure 20). Figure 21 and Figure 22 show the results of varying
PTI MAX. As shown in Figure 21, increasing the value of PTI MAX does not affect the fidelity but the
message cost drops with larger PTI MAX values (Figure 22). The fidelity of QRU is significantly higher
than that of MTB for different PTI MAX even when MTB uses a small update time threshold. The reader
is reminded that, however, PTI MAX allows a disconnected object to be detected. Hence, its value
should not be too large.

Figure 23 to Figure 26 show the effect of PTI MIN and PTI MAX for NNQ. We see that fidelity
is much more sensitive to PTI MAX for NNQ than RCQ. Again, this is due to the presence of more
variable factors in NNQ and the difficulty in prediction. For different PTI MIN and PTI MAX values,
QRU is in general much better than MTB. To conclude, for RCQ, we can use a large PTI MAX and a
small PTI_ MIN in order to have low message costs and high fidelity. For NNQ, smaller values should be

used since it is more sensitive towards changes in PTI_MIN and PTI MAX.
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Figure 27 and Figure 28 show the effect of changing the communication delay between the objects
and the database on QRU and MTB (for RCQ). Increasing the delay decreases the fidelity percentage of
the system (FS) due to delayed installments of updates (Figure 27). Consistent with the results in Figure
19 to Figure 22, the fidelity of QRU in RCQ is better than that of MTBs with a lower message cost

(Figure 27 and Figure 28). Similar results have been obtained for NNQ.
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The final experiment studies the temporal consistency constraint (TC) of queries. Since RCQ
performs well even under a tight temporal consistency constraint, we only present the results for NNQ. In
Figure 29, the fidelity of QRU rises with an increase in the TC value, due to a looser correctness
constraint. The fidelity provided by x-proportion of 0.3 and 0.5 is similar. Although the fidelity of MTB

is high if the TC is larger than 3, the advantage is paid by a higher update cost (Figure 30).
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6.3 Performance Results for a Real Dataset

In this section, we present results using a real dataset [PO3]. The dataset contains the spatial-
temporal information of school buses in the municipal area of Athens, Greece. The baseline value for the
query length is 3600 seconds and we assume that multiple queries are being executed concurrently, at an
arrival rate of 0.002 per second. The values of other parameters are the same as those stated in Section 6.1.

Each data point is obtained by averaging over 100 trials. We also compare QRU with a technique that

guarantees perfect fidelity, known as the “Safe Region” method [PX02].

Fidelity

Figure 31: Fidelity vs. Query Arrival Rate

Figure 33: Message Cost vs. Query Arrival Rate
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Multiple Concurrent Queries We examine the effect of executing multiple continuous queries

(RCQ) in the system. Figure 31 and Figure 32 show the fidelity and the system accuracy respectively.
Under a wide range of mean query arrival rates, QRU achieves higher fidelity and system accuracy than
MTB. In fact, both values increase with the query arrival rate. With more concurrent queries, there is a
higher chance that the update thresholds are smaller, since it is more likely that an object is close to any
of the query boundaries. Thus the database is kept fresh, and a higher fidelity and system accuracy can be
achieved. On the other hand, this means a rise in the message cost. As shown in Figure 33, the message
cost for QRU increases with the query arrival rate, while MTB is unaffected. For MTB, the time threshold
is set independent of queries, and thus the message cost is unaffected by the increase in the number of

concurrent queries.
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Figure 35: System Accuracy vs. Mean Query Lifetime Figure 36: Message Cost vs. Mean Query Lifetime

Safe Region Next, we compare our approach with the “safe region” method proposed in [PX02]. As
discussed in Section 2, a safe region guarantees that no update is necessary if an object does not travel
across the boundary of the region. Here we implement the SafeSphere algorithm [PXO02], which
represents a safe region in a circular form. Since the safe region information is conveyed to the object,
the object knows exactly when to send the update, and thus fidelity and system accuracy are always equal
to 1, as shown in Figure 31 and Figure 32. The message cost of SafeSphere, as illustrated in Figure 33,
increases with the number of concurrent queries. This can be explained by two reasons. First, the
existence of more concurrent queries implies that a safe region is smaller, and therefore it is more likely

that an object’s path cuts the safe region boundary; an update is necessitated in order to maintain perfect
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fidelity and system accuracy. Secondly, when a new query is admitted to the system, the safe region has

to be recomputed and sent to every object. In QRU, control messages are sent to the objects only if their
new time thresholds deviate from the old ones significantly (Section 5.4). Therefore, although QRU has
less fidelity and system accuracy than SafeSphere, it attains a lower message cost than SafeSphere when

more concurrent queries are being executed.

Query Activation Period The final experiment examines the effect of query activation period (i.e., the
time during which the CQ is being evaluated) on the performance of QRU, MTB and SafeSphere. As
shown in Figure 34 and Figure 35, QRU achieves higher fidelity and system accuracy than MTB
throughout the experiment, while SafeSphere attains a value of 1 for both fidelity and system accuracy. In
terms of message costs, however, both the performance of QRU and SafeSphere degrades as the query
activation period is increased (Figure 36). When a query has a longer activation period, it has a higher
chance of running concurrently with other CQs. This renders more frequent exchange of messages for
both QRU and SafeSphere. Similar to the situation in Figure 33, the message costs increase for both
schemes. MTB is independent of the activation period, and its message cost is unaffected. Nevertheless,

under the range of activation periods studied, QRU needs lower message costs than SafeSphere and MTB.

We remark that although SafeSphere provides better fidelity and system accuracy than QRU, it
also requires comparatively higher message costs. With QRU, the fidelity and system accuracy is higher
than 0.92 in most cases, which is achieved with a significant reduction of message costs. Moreover, while

SafeSphere assumes the network is perfect, QRU can detect network disconnection.

7 Conclusions

We addressed the issues of maintaining temporal consistency of data for CQs in a moving-object
environment. We used fidelity to measure the answer correctness of each class of CQ. We also proposed
the QRU scheme, which is an adaptive time-based update generation scheme. In QRU, the time threshold
assigned to an object is based on (1) the object’s predicted movement, (2) the query class (rank-based or

non-rank-based), and (3) prediction accuracy. We performed extensive experiments to study the
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effectiveness of QRU compared with MTB, MDB and MSDR. In general QRU achieves a higher fidelity

with lower update costs than these methods. As part of our future work, we plan to study how QRU can
be adapted to “moving queries” i.e., the issuer of the query can move.
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