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Motivation

Motivation

Context

1 Large amount of trajectory data is produced daily

2 Analysis of such data requires development of sophisticated
techniques

Example queries we want to answer:

1 Identify all vehicles in proximity of location p0, at time t0, and in
proximity of location p1 at time t1 (STP With Time)

2 Identify all vehicles in proximity of location p0, and later in proximity
of location p1 (STP With Order)

Existing solutions (using spatial indexes) degenerate to linear scan!
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Preliminaries

Preliminaries

Trajectory Indexing

1 Split each trajectory into smaller chunks

2 Take the MBR of each chunk

3 Index MBRs using spatial index
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Figure 2: Approximating a trajectory with multiple MBRs.

the trajectories are approximated using a large number of
Minimum Bounding Rectangles [19, 9], which are then in-
dexed using a spatio-temporal index structure like the R-
tree [8, 18] or the MVR-tree [21, 9]. With minor modifi-
cations to our framework, other approximation techniques
are applicable as well. Every MBR inserted in a leaf level
of the tree is associated with the identifier of the trajectory
that it belongs to, and bounds a small time-interval of the
object’s movement history. An example of this indexing
scheme is shown in Figure 2, where a trajectory has been
approximated using a total of three MBRs.

For the rest of this section we assume that the MBRs are
indexed using a secondary spatio-temporal index structure,
with data entries pointing to the raw trajectory data on disk.
Raw data is stored on sequential data pages per trajectory.

Among STP queries with time, we first discuss queries
that contain multiple range predicates, since they can be
evaluated in a straightforward way. We then consider
queries with multiple NN predicates and present various
algorithmic approaches to evaluate them. Finally we dis-
cuss queries that consist of combinations of range and NN
predicates.

3.1.1 Range Predicate Evaluation
Assuming a pattern query that contains only range spatio-
temporal predicates, there are two obvious evaluation
strategies to consider. The first approach produces the can-
didate results of all predicates concurrently using the index,
and then loads from storage only the trajectories that be-
long to the intersection of the partial answer sets. The sec-
ond strategy evaluates the most selective predicate first (as-
suming selectivity information is available), then the raw
trajectory data is loaded from storage and the rest of the
range predicates are answered in main memory, using the
retrieved data. Which approach is better depends on the
actual selectivities of the queries and the size of the trajec-
tories.

3.1.2 Nearest Neighbor Predicate Evaluation
Consider an STP query that contains only nearest neigh-
bor predicates. The basic idea behind our approach is to
use the index structure and the trajectory MBRs to compute
approximate object distances that will enable fast pruning
of many trajectories, without having to load the raw trajec-
tory data. Our technique runs one best-first-search algo-
rithm per query predicate that returns, successively, the ob-
ject with the smaller distance from that predicate. The total
distance of a single trajectory from the query can be com-
puted as the sum of individual distances from all predicates.
Intuitively, by utilizing the trajectory MBRs we can com-
pute both upper and lower-bounds of the actual distance of

a trajectory from a given predicate, as shown in Figure 2.
By combining approximate distances for all query predi-
cates we will be able to prune trajectories that have lower-
bounding distances larger than any known upper-bound.

A simple 1-dimensional example is shown in Fig-
ure 3(a). This STP query is expressed as Q =
{(NN(0), 1), . . . , (NN(0), 5)}. Conceptually, it can be
thought of as a time-interval nearest neighbor pattern: “Lo-
cate the object that stays closer to the origin during time-
interval [1, 5]”. Trajectory P1 is the answer to this query
since it minimizes the sum of distances from all five points,
with distance D(Q,P1) = 5.5. Trajectory P3 does not
qualify since it partially intersects the query lifetime and
has infinite distance for some time-instants. Using this sim-
ple example, we will illustrate two evaluation strategies,
called lazy and eager, and will discuss their advantages.
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Figure 3: (a) Three trajectories and an STP query. For each
query point the 1-NN MBRs (solid gray) are retrieved. (b) The
MBRs belonging to P1 cover the query, while those of P2 do not
cover points 4 and 5. GivenD(Q, P1) = 5.5 andLBD(Q, P2) ≥
5.7, trajectory P2 can be pruned (any missing MBRs for points 4
and 5 should be at least as far as D(q4,5, P1) = 1 unit from the
query).

Let D(Q, P ) denote the actual distance of trajectory
P from Q. Also, let LBD(Q, P ) (UBD(Q, P )) denote
a lower-bound (upper-bound) distance of P from Q com-
puted by using the distances of the MBR approximations
of P from the query predicates. A threshold Λ needs to
be computed so that all trajectories with LBD(Q, P ) > Λ
can be pruned. In order to achieve this we incrementally
locate the 1-NN, 2-NN, etc. MBRs individually for each
query predicate. These MBRs should also contain the pred-
icate in the temporal dimension. After a number of MBRs
have been reported per qi, for every discovered trajectory
P (i.e., a trajectory for which at least one MBR has been
reported) there are two cases: (1) the union of P ’s MBRs
contain all query points in the time dimension and we say
that P covers the lifespan ofQ, or (2) some points ofQ are
not covered. For example, in Figure 3(a) the 1-NN MBRs
for each point are reported first (solid gray rectangles). At
this step, no discovered trajectory MBRs cover all query
points. In Figure 3(b) the 2-NN MBRs are retrieved. This
time, the MBRs belonging to trajectory P1 cover all query
predicates.

In the first case both LBD(Q, P ) and UBD(Q, P ) can
be computed without having to access the raw trajectory
data. The upper-bound can be used as a pruning thresh-
old Λ. The lower-bound can be used to prune the tra-
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Preliminaries

Preliminaries, cont

Query

Q = {(Q1,T1), (Q2,T2) . . . (QM ,TM)}
Qi is a NN(qi ) or range query

Ti is a time instant, or a time interval (or empty).

Notation

D(Q,P) is distance from query Q to trajectory P

LBD(Q,P) is lower bound distance from Q to P
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the trajectories are approximated using a large number of
Minimum Bounding Rectangles [19, 9], which are then in-
dexed using a spatio-temporal index structure like the R-
tree [8, 18] or the MVR-tree [21, 9]. With minor modifi-
cations to our framework, other approximation techniques
are applicable as well. Every MBR inserted in a leaf level
of the tree is associated with the identifier of the trajectory
that it belongs to, and bounds a small time-interval of the
object’s movement history. An example of this indexing
scheme is shown in Figure 2, where a trajectory has been
approximated using a total of three MBRs.

For the rest of this section we assume that the MBRs are
indexed using a secondary spatio-temporal index structure,
with data entries pointing to the raw trajectory data on disk.
Raw data is stored on sequential data pages per trajectory.

Among STP queries with time, we first discuss queries
that contain multiple range predicates, since they can be
evaluated in a straightforward way. We then consider
queries with multiple NN predicates and present various
algorithmic approaches to evaluate them. Finally we dis-
cuss queries that consist of combinations of range and NN
predicates.

3.1.1 Range Predicate Evaluation
Assuming a pattern query that contains only range spatio-
temporal predicates, there are two obvious evaluation
strategies to consider. The first approach produces the can-
didate results of all predicates concurrently using the index,
and then loads from storage only the trajectories that be-
long to the intersection of the partial answer sets. The sec-
ond strategy evaluates the most selective predicate first (as-
suming selectivity information is available), then the raw
trajectory data is loaded from storage and the rest of the
range predicates are answered in main memory, using the
retrieved data. Which approach is better depends on the
actual selectivities of the queries and the size of the trajec-
tories.

3.1.2 Nearest Neighbor Predicate Evaluation
Consider an STP query that contains only nearest neigh-
bor predicates. The basic idea behind our approach is to
use the index structure and the trajectory MBRs to compute
approximate object distances that will enable fast pruning
of many trajectories, without having to load the raw trajec-
tory data. Our technique runs one best-first-search algo-
rithm per query predicate that returns, successively, the ob-
ject with the smaller distance from that predicate. The total
distance of a single trajectory from the query can be com-
puted as the sum of individual distances from all predicates.
Intuitively, by utilizing the trajectory MBRs we can com-
pute both upper and lower-bounds of the actual distance of

a trajectory from a given predicate, as shown in Figure 2.
By combining approximate distances for all query predi-
cates we will be able to prune trajectories that have lower-
bounding distances larger than any known upper-bound.

A simple 1-dimensional example is shown in Fig-
ure 3(a). This STP query is expressed as Q =
{(NN(0), 1), . . . , (NN(0), 5)}. Conceptually, it can be
thought of as a time-interval nearest neighbor pattern: “Lo-
cate the object that stays closer to the origin during time-
interval [1, 5]”. Trajectory P1 is the answer to this query
since it minimizes the sum of distances from all five points,
with distance D(Q,P1) = 5.5. Trajectory P3 does not
qualify since it partially intersects the query lifetime and
has infinite distance for some time-instants. Using this sim-
ple example, we will illustrate two evaluation strategies,
called lazy and eager, and will discuss their advantages.
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Figure 3: (a) Three trajectories and an STP query. For each
query point the 1-NN MBRs (solid gray) are retrieved. (b) The
MBRs belonging to P1 cover the query, while those of P2 do not
cover points 4 and 5. GivenD(Q, P1) = 5.5 andLBD(Q, P2) ≥
5.7, trajectory P2 can be pruned (any missing MBRs for points 4
and 5 should be at least as far as D(q4,5, P1) = 1 unit from the
query).

Let D(Q, P ) denote the actual distance of trajectory
P from Q. Also, let LBD(Q, P ) (UBD(Q, P )) denote
a lower-bound (upper-bound) distance of P from Q com-
puted by using the distances of the MBR approximations
of P from the query predicates. A threshold Λ needs to
be computed so that all trajectories with LBD(Q, P ) > Λ
can be pruned. In order to achieve this we incrementally
locate the 1-NN, 2-NN, etc. MBRs individually for each
query predicate. These MBRs should also contain the pred-
icate in the temporal dimension. After a number of MBRs
have been reported per qi, for every discovered trajectory
P (i.e., a trajectory for which at least one MBR has been
reported) there are two cases: (1) the union of P ’s MBRs
contain all query points in the time dimension and we say
that P covers the lifespan ofQ, or (2) some points ofQ are
not covered. For example, in Figure 3(a) the 1-NN MBRs
for each point are reported first (solid gray rectangles). At
this step, no discovered trajectory MBRs cover all query
points. In Figure 3(b) the 2-NN MBRs are retrieved. This
time, the MBRs belonging to trajectory P1 cover all query
predicates.

In the first case both LBD(Q, P ) and UBD(Q, P ) can
be computed without having to access the raw trajectory
data. The upper-bound can be used as a pruning thresh-
old Λ. The lower-bound can be used to prune the tra-

Sketch of Algorithm

1 Set k to 1

2 For each point qi retrieve the k-NN MBRs.

3 If enough MBRs have been retrieved for a trajectory P to cover Q,
and D(Q,P) < LBD(Pi ,Q); return P

4 Update pruning threshold; increment k ; goto 2
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the trajectories are approximated using a large number of
Minimum Bounding Rectangles [19, 9], which are then in-
dexed using a spatio-temporal index structure like the R-
tree [8, 18] or the MVR-tree [21, 9]. With minor modifi-
cations to our framework, other approximation techniques
are applicable as well. Every MBR inserted in a leaf level
of the tree is associated with the identifier of the trajectory
that it belongs to, and bounds a small time-interval of the
object’s movement history. An example of this indexing
scheme is shown in Figure 2, where a trajectory has been
approximated using a total of three MBRs.

For the rest of this section we assume that the MBRs are
indexed using a secondary spatio-temporal index structure,
with data entries pointing to the raw trajectory data on disk.
Raw data is stored on sequential data pages per trajectory.

Among STP queries with time, we first discuss queries
that contain multiple range predicates, since they can be
evaluated in a straightforward way. We then consider
queries with multiple NN predicates and present various
algorithmic approaches to evaluate them. Finally we dis-
cuss queries that consist of combinations of range and NN
predicates.

3.1.1 Range Predicate Evaluation
Assuming a pattern query that contains only range spatio-
temporal predicates, there are two obvious evaluation
strategies to consider. The first approach produces the can-
didate results of all predicates concurrently using the index,
and then loads from storage only the trajectories that be-
long to the intersection of the partial answer sets. The sec-
ond strategy evaluates the most selective predicate first (as-
suming selectivity information is available), then the raw
trajectory data is loaded from storage and the rest of the
range predicates are answered in main memory, using the
retrieved data. Which approach is better depends on the
actual selectivities of the queries and the size of the trajec-
tories.

3.1.2 Nearest Neighbor Predicate Evaluation
Consider an STP query that contains only nearest neigh-
bor predicates. The basic idea behind our approach is to
use the index structure and the trajectory MBRs to compute
approximate object distances that will enable fast pruning
of many trajectories, without having to load the raw trajec-
tory data. Our technique runs one best-first-search algo-
rithm per query predicate that returns, successively, the ob-
ject with the smaller distance from that predicate. The total
distance of a single trajectory from the query can be com-
puted as the sum of individual distances from all predicates.
Intuitively, by utilizing the trajectory MBRs we can com-
pute both upper and lower-bounds of the actual distance of

a trajectory from a given predicate, as shown in Figure 2.
By combining approximate distances for all query predi-
cates we will be able to prune trajectories that have lower-
bounding distances larger than any known upper-bound.

A simple 1-dimensional example is shown in Fig-
ure 3(a). This STP query is expressed as Q =
{(NN(0), 1), . . . , (NN(0), 5)}. Conceptually, it can be
thought of as a time-interval nearest neighbor pattern: “Lo-
cate the object that stays closer to the origin during time-
interval [1, 5]”. Trajectory P1 is the answer to this query
since it minimizes the sum of distances from all five points,
with distance D(Q,P1) = 5.5. Trajectory P3 does not
qualify since it partially intersects the query lifetime and
has infinite distance for some time-instants. Using this sim-
ple example, we will illustrate two evaluation strategies,
called lazy and eager, and will discuss their advantages.
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Figure 3: (a) Three trajectories and an STP query. For each
query point the 1-NN MBRs (solid gray) are retrieved. (b) The
MBRs belonging to P1 cover the query, while those of P2 do not
cover points 4 and 5. GivenD(Q, P1) = 5.5 andLBD(Q, P2) ≥
5.7, trajectory P2 can be pruned (any missing MBRs for points 4
and 5 should be at least as far as D(q4,5, P1) = 1 unit from the
query).

Let D(Q, P ) denote the actual distance of trajectory
P from Q. Also, let LBD(Q, P ) (UBD(Q, P )) denote
a lower-bound (upper-bound) distance of P from Q com-
puted by using the distances of the MBR approximations
of P from the query predicates. A threshold Λ needs to
be computed so that all trajectories with LBD(Q, P ) > Λ
can be pruned. In order to achieve this we incrementally
locate the 1-NN, 2-NN, etc. MBRs individually for each
query predicate. These MBRs should also contain the pred-
icate in the temporal dimension. After a number of MBRs
have been reported per qi, for every discovered trajectory
P (i.e., a trajectory for which at least one MBR has been
reported) there are two cases: (1) the union of P ’s MBRs
contain all query points in the time dimension and we say
that P covers the lifespan ofQ, or (2) some points ofQ are
not covered. For example, in Figure 3(a) the 1-NN MBRs
for each point are reported first (solid gray rectangles). At
this step, no discovered trajectory MBRs cover all query
points. In Figure 3(b) the 2-NN MBRs are retrieved. This
time, the MBRs belonging to trajectory P1 cover all query
predicates.

In the first case both LBD(Q, P ) and UBD(Q, P ) can
be computed without having to access the raw trajectory
data. The upper-bound can be used as a pruning thresh-
old Λ. The lower-bound can be used to prune the tra-

Sketch of Algorithm

1 Set k to 1

2 For each point qi retrieve the k-NN MBRs.

3 If enough MBRs have been retrieved for a trajectory P to cover Q,
and D(Q,P) < LBD(Pi ,Q); return P

4 Update pruning threshold; increment k ; goto 2
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the trajectories are approximated using a large number of
Minimum Bounding Rectangles [19, 9], which are then in-
dexed using a spatio-temporal index structure like the R-
tree [8, 18] or the MVR-tree [21, 9]. With minor modifi-
cations to our framework, other approximation techniques
are applicable as well. Every MBR inserted in a leaf level
of the tree is associated with the identifier of the trajectory
that it belongs to, and bounds a small time-interval of the
object’s movement history. An example of this indexing
scheme is shown in Figure 2, where a trajectory has been
approximated using a total of three MBRs.

For the rest of this section we assume that the MBRs are
indexed using a secondary spatio-temporal index structure,
with data entries pointing to the raw trajectory data on disk.
Raw data is stored on sequential data pages per trajectory.

Among STP queries with time, we first discuss queries
that contain multiple range predicates, since they can be
evaluated in a straightforward way. We then consider
queries with multiple NN predicates and present various
algorithmic approaches to evaluate them. Finally we dis-
cuss queries that consist of combinations of range and NN
predicates.

3.1.1 Range Predicate Evaluation
Assuming a pattern query that contains only range spatio-
temporal predicates, there are two obvious evaluation
strategies to consider. The first approach produces the can-
didate results of all predicates concurrently using the index,
and then loads from storage only the trajectories that be-
long to the intersection of the partial answer sets. The sec-
ond strategy evaluates the most selective predicate first (as-
suming selectivity information is available), then the raw
trajectory data is loaded from storage and the rest of the
range predicates are answered in main memory, using the
retrieved data. Which approach is better depends on the
actual selectivities of the queries and the size of the trajec-
tories.

3.1.2 Nearest Neighbor Predicate Evaluation
Consider an STP query that contains only nearest neigh-
bor predicates. The basic idea behind our approach is to
use the index structure and the trajectory MBRs to compute
approximate object distances that will enable fast pruning
of many trajectories, without having to load the raw trajec-
tory data. Our technique runs one best-first-search algo-
rithm per query predicate that returns, successively, the ob-
ject with the smaller distance from that predicate. The total
distance of a single trajectory from the query can be com-
puted as the sum of individual distances from all predicates.
Intuitively, by utilizing the trajectory MBRs we can com-
pute both upper and lower-bounds of the actual distance of

a trajectory from a given predicate, as shown in Figure 2.
By combining approximate distances for all query predi-
cates we will be able to prune trajectories that have lower-
bounding distances larger than any known upper-bound.

A simple 1-dimensional example is shown in Fig-
ure 3(a). This STP query is expressed as Q =
{(NN(0), 1), . . . , (NN(0), 5)}. Conceptually, it can be
thought of as a time-interval nearest neighbor pattern: “Lo-
cate the object that stays closer to the origin during time-
interval [1, 5]”. Trajectory P1 is the answer to this query
since it minimizes the sum of distances from all five points,
with distance D(Q,P1) = 5.5. Trajectory P3 does not
qualify since it partially intersects the query lifetime and
has infinite distance for some time-instants. Using this sim-
ple example, we will illustrate two evaluation strategies,
called lazy and eager, and will discuss their advantages.
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Figure 3: (a) Three trajectories and an STP query. For each
query point the 1-NN MBRs (solid gray) are retrieved. (b) The
MBRs belonging to P1 cover the query, while those of P2 do not
cover points 4 and 5. GivenD(Q, P1) = 5.5 andLBD(Q, P2) ≥
5.7, trajectory P2 can be pruned (any missing MBRs for points 4
and 5 should be at least as far as D(q4,5, P1) = 1 unit from the
query).

Let D(Q, P ) denote the actual distance of trajectory
P from Q. Also, let LBD(Q, P ) (UBD(Q, P )) denote
a lower-bound (upper-bound) distance of P from Q com-
puted by using the distances of the MBR approximations
of P from the query predicates. A threshold Λ needs to
be computed so that all trajectories with LBD(Q, P ) > Λ
can be pruned. In order to achieve this we incrementally
locate the 1-NN, 2-NN, etc. MBRs individually for each
query predicate. These MBRs should also contain the pred-
icate in the temporal dimension. After a number of MBRs
have been reported per qi, for every discovered trajectory
P (i.e., a trajectory for which at least one MBR has been
reported) there are two cases: (1) the union of P ’s MBRs
contain all query points in the time dimension and we say
that P covers the lifespan ofQ, or (2) some points ofQ are
not covered. For example, in Figure 3(a) the 1-NN MBRs
for each point are reported first (solid gray rectangles). At
this step, no discovered trajectory MBRs cover all query
points. In Figure 3(b) the 2-NN MBRs are retrieved. This
time, the MBRs belonging to trajectory P1 cover all query
predicates.

In the first case both LBD(Q, P ) and UBD(Q, P ) can
be computed without having to access the raw trajectory
data. The upper-bound can be used as a pruning thresh-
old Λ. The lower-bound can be used to prune the tra-

Sketch of Algorithm

1 Set k to 1

2 For each point qi retrieve the k-NN MBRs.

3 If enough MBRs have been retrieved for a trajectory P to cover Q,
and D(Q,P) < LBD(Pi ,Q); return P

4 Update pruning threshold; increment k ; goto 2
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the trajectories are approximated using a large number of
Minimum Bounding Rectangles [19, 9], which are then in-
dexed using a spatio-temporal index structure like the R-
tree [8, 18] or the MVR-tree [21, 9]. With minor modifi-
cations to our framework, other approximation techniques
are applicable as well. Every MBR inserted in a leaf level
of the tree is associated with the identifier of the trajectory
that it belongs to, and bounds a small time-interval of the
object’s movement history. An example of this indexing
scheme is shown in Figure 2, where a trajectory has been
approximated using a total of three MBRs.

For the rest of this section we assume that the MBRs are
indexed using a secondary spatio-temporal index structure,
with data entries pointing to the raw trajectory data on disk.
Raw data is stored on sequential data pages per trajectory.

Among STP queries with time, we first discuss queries
that contain multiple range predicates, since they can be
evaluated in a straightforward way. We then consider
queries with multiple NN predicates and present various
algorithmic approaches to evaluate them. Finally we dis-
cuss queries that consist of combinations of range and NN
predicates.

3.1.1 Range Predicate Evaluation
Assuming a pattern query that contains only range spatio-
temporal predicates, there are two obvious evaluation
strategies to consider. The first approach produces the can-
didate results of all predicates concurrently using the index,
and then loads from storage only the trajectories that be-
long to the intersection of the partial answer sets. The sec-
ond strategy evaluates the most selective predicate first (as-
suming selectivity information is available), then the raw
trajectory data is loaded from storage and the rest of the
range predicates are answered in main memory, using the
retrieved data. Which approach is better depends on the
actual selectivities of the queries and the size of the trajec-
tories.

3.1.2 Nearest Neighbor Predicate Evaluation
Consider an STP query that contains only nearest neigh-
bor predicates. The basic idea behind our approach is to
use the index structure and the trajectory MBRs to compute
approximate object distances that will enable fast pruning
of many trajectories, without having to load the raw trajec-
tory data. Our technique runs one best-first-search algo-
rithm per query predicate that returns, successively, the ob-
ject with the smaller distance from that predicate. The total
distance of a single trajectory from the query can be com-
puted as the sum of individual distances from all predicates.
Intuitively, by utilizing the trajectory MBRs we can com-
pute both upper and lower-bounds of the actual distance of

a trajectory from a given predicate, as shown in Figure 2.
By combining approximate distances for all query predi-
cates we will be able to prune trajectories that have lower-
bounding distances larger than any known upper-bound.

A simple 1-dimensional example is shown in Fig-
ure 3(a). This STP query is expressed as Q =
{(NN(0), 1), . . . , (NN(0), 5)}. Conceptually, it can be
thought of as a time-interval nearest neighbor pattern: “Lo-
cate the object that stays closer to the origin during time-
interval [1, 5]”. Trajectory P1 is the answer to this query
since it minimizes the sum of distances from all five points,
with distance D(Q,P1) = 5.5. Trajectory P3 does not
qualify since it partially intersects the query lifetime and
has infinite distance for some time-instants. Using this sim-
ple example, we will illustrate two evaluation strategies,
called lazy and eager, and will discuss their advantages.
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Figure 3: (a) Three trajectories and an STP query. For each
query point the 1-NN MBRs (solid gray) are retrieved. (b) The
MBRs belonging to P1 cover the query, while those of P2 do not
cover points 4 and 5. GivenD(Q, P1) = 5.5 andLBD(Q, P2) ≥
5.7, trajectory P2 can be pruned (any missing MBRs for points 4
and 5 should be at least as far as D(q4,5, P1) = 1 unit from the
query).

Let D(Q, P ) denote the actual distance of trajectory
P from Q. Also, let LBD(Q, P ) (UBD(Q, P )) denote
a lower-bound (upper-bound) distance of P from Q com-
puted by using the distances of the MBR approximations
of P from the query predicates. A threshold Λ needs to
be computed so that all trajectories with LBD(Q, P ) > Λ
can be pruned. In order to achieve this we incrementally
locate the 1-NN, 2-NN, etc. MBRs individually for each
query predicate. These MBRs should also contain the pred-
icate in the temporal dimension. After a number of MBRs
have been reported per qi, for every discovered trajectory
P (i.e., a trajectory for which at least one MBR has been
reported) there are two cases: (1) the union of P ’s MBRs
contain all query points in the time dimension and we say
that P covers the lifespan ofQ, or (2) some points ofQ are
not covered. For example, in Figure 3(a) the 1-NN MBRs
for each point are reported first (solid gray rectangles). At
this step, no discovered trajectory MBRs cover all query
points. In Figure 3(b) the 2-NN MBRs are retrieved. This
time, the MBRs belonging to trajectory P1 cover all query
predicates.

In the first case both LBD(Q, P ) and UBD(Q, P ) can
be computed without having to access the raw trajectory
data. The upper-bound can be used as a pruning thresh-
old Λ. The lower-bound can be used to prune the tra-

Sketch of Algorithm

1 Set k to 1

2 For each point qi retrieve the k-NN MBRs.

3 If enough MBRs have been retrieved for a trajectory P to cover Q,
and D(Q,P) < LBD(Pi ,Q); return P

4 Update pruning threshold; increment k ; goto 2
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Figure 2: Approximating a trajectory with multiple MBRs.

the trajectories are approximated using a large number of
Minimum Bounding Rectangles [19, 9], which are then in-
dexed using a spatio-temporal index structure like the R-
tree [8, 18] or the MVR-tree [21, 9]. With minor modifi-
cations to our framework, other approximation techniques
are applicable as well. Every MBR inserted in a leaf level
of the tree is associated with the identifier of the trajectory
that it belongs to, and bounds a small time-interval of the
object’s movement history. An example of this indexing
scheme is shown in Figure 2, where a trajectory has been
approximated using a total of three MBRs.

For the rest of this section we assume that the MBRs are
indexed using a secondary spatio-temporal index structure,
with data entries pointing to the raw trajectory data on disk.
Raw data is stored on sequential data pages per trajectory.

Among STP queries with time, we first discuss queries
that contain multiple range predicates, since they can be
evaluated in a straightforward way. We then consider
queries with multiple NN predicates and present various
algorithmic approaches to evaluate them. Finally we dis-
cuss queries that consist of combinations of range and NN
predicates.

3.1.1 Range Predicate Evaluation
Assuming a pattern query that contains only range spatio-
temporal predicates, there are two obvious evaluation
strategies to consider. The first approach produces the can-
didate results of all predicates concurrently using the index,
and then loads from storage only the trajectories that be-
long to the intersection of the partial answer sets. The sec-
ond strategy evaluates the most selective predicate first (as-
suming selectivity information is available), then the raw
trajectory data is loaded from storage and the rest of the
range predicates are answered in main memory, using the
retrieved data. Which approach is better depends on the
actual selectivities of the queries and the size of the trajec-
tories.

3.1.2 Nearest Neighbor Predicate Evaluation
Consider an STP query that contains only nearest neigh-
bor predicates. The basic idea behind our approach is to
use the index structure and the trajectory MBRs to compute
approximate object distances that will enable fast pruning
of many trajectories, without having to load the raw trajec-
tory data. Our technique runs one best-first-search algo-
rithm per query predicate that returns, successively, the ob-
ject with the smaller distance from that predicate. The total
distance of a single trajectory from the query can be com-
puted as the sum of individual distances from all predicates.
Intuitively, by utilizing the trajectory MBRs we can com-
pute both upper and lower-bounds of the actual distance of

a trajectory from a given predicate, as shown in Figure 2.
By combining approximate distances for all query predi-
cates we will be able to prune trajectories that have lower-
bounding distances larger than any known upper-bound.

A simple 1-dimensional example is shown in Fig-
ure 3(a). This STP query is expressed as Q =
{(NN(0), 1), . . . , (NN(0), 5)}. Conceptually, it can be
thought of as a time-interval nearest neighbor pattern: “Lo-
cate the object that stays closer to the origin during time-
interval [1, 5]”. Trajectory P1 is the answer to this query
since it minimizes the sum of distances from all five points,
with distance D(Q,P1) = 5.5. Trajectory P3 does not
qualify since it partially intersects the query lifetime and
has infinite distance for some time-instants. Using this sim-
ple example, we will illustrate two evaluation strategies,
called lazy and eager, and will discuss their advantages.
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Figure 3: (a) Three trajectories and an STP query. For each
query point the 1-NN MBRs (solid gray) are retrieved. (b) The
MBRs belonging to P1 cover the query, while those of P2 do not
cover points 4 and 5. GivenD(Q, P1) = 5.5 andLBD(Q, P2) ≥
5.7, trajectory P2 can be pruned (any missing MBRs for points 4
and 5 should be at least as far as D(q4,5, P1) = 1 unit from the
query).

Let D(Q, P ) denote the actual distance of trajectory
P from Q. Also, let LBD(Q, P ) (UBD(Q, P )) denote
a lower-bound (upper-bound) distance of P from Q com-
puted by using the distances of the MBR approximations
of P from the query predicates. A threshold Λ needs to
be computed so that all trajectories with LBD(Q, P ) > Λ
can be pruned. In order to achieve this we incrementally
locate the 1-NN, 2-NN, etc. MBRs individually for each
query predicate. These MBRs should also contain the pred-
icate in the temporal dimension. After a number of MBRs
have been reported per qi, for every discovered trajectory
P (i.e., a trajectory for which at least one MBR has been
reported) there are two cases: (1) the union of P ’s MBRs
contain all query points in the time dimension and we say
that P covers the lifespan ofQ, or (2) some points ofQ are
not covered. For example, in Figure 3(a) the 1-NN MBRs
for each point are reported first (solid gray rectangles). At
this step, no discovered trajectory MBRs cover all query
points. In Figure 3(b) the 2-NN MBRs are retrieved. This
time, the MBRs belonging to trajectory P1 cover all query
predicates.

In the first case both LBD(Q, P ) and UBD(Q, P ) can
be computed without having to access the raw trajectory
data. The upper-bound can be used as a pruning thresh-
old Λ. The lower-bound can be used to prune the tra-

Sketch of Algorithm

1 Set k to 1

2 For each point qi retrieve the k-NN MBRs.

3 If enough MBRs have been retrieved for a trajectory P to cover Q,
and D(Q,P) < LBD(Pi ,Q); return P

4 Update pruning threshold; increment k ; goto 2
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the trajectories are approximated using a large number of
Minimum Bounding Rectangles [19, 9], which are then in-
dexed using a spatio-temporal index structure like the R-
tree [8, 18] or the MVR-tree [21, 9]. With minor modifi-
cations to our framework, other approximation techniques
are applicable as well. Every MBR inserted in a leaf level
of the tree is associated with the identifier of the trajectory
that it belongs to, and bounds a small time-interval of the
object’s movement history. An example of this indexing
scheme is shown in Figure 2, where a trajectory has been
approximated using a total of three MBRs.

For the rest of this section we assume that the MBRs are
indexed using a secondary spatio-temporal index structure,
with data entries pointing to the raw trajectory data on disk.
Raw data is stored on sequential data pages per trajectory.

Among STP queries with time, we first discuss queries
that contain multiple range predicates, since they can be
evaluated in a straightforward way. We then consider
queries with multiple NN predicates and present various
algorithmic approaches to evaluate them. Finally we dis-
cuss queries that consist of combinations of range and NN
predicates.

3.1.1 Range Predicate Evaluation
Assuming a pattern query that contains only range spatio-
temporal predicates, there are two obvious evaluation
strategies to consider. The first approach produces the can-
didate results of all predicates concurrently using the index,
and then loads from storage only the trajectories that be-
long to the intersection of the partial answer sets. The sec-
ond strategy evaluates the most selective predicate first (as-
suming selectivity information is available), then the raw
trajectory data is loaded from storage and the rest of the
range predicates are answered in main memory, using the
retrieved data. Which approach is better depends on the
actual selectivities of the queries and the size of the trajec-
tories.

3.1.2 Nearest Neighbor Predicate Evaluation
Consider an STP query that contains only nearest neigh-
bor predicates. The basic idea behind our approach is to
use the index structure and the trajectory MBRs to compute
approximate object distances that will enable fast pruning
of many trajectories, without having to load the raw trajec-
tory data. Our technique runs one best-first-search algo-
rithm per query predicate that returns, successively, the ob-
ject with the smaller distance from that predicate. The total
distance of a single trajectory from the query can be com-
puted as the sum of individual distances from all predicates.
Intuitively, by utilizing the trajectory MBRs we can com-
pute both upper and lower-bounds of the actual distance of

a trajectory from a given predicate, as shown in Figure 2.
By combining approximate distances for all query predi-
cates we will be able to prune trajectories that have lower-
bounding distances larger than any known upper-bound.

A simple 1-dimensional example is shown in Fig-
ure 3(a). This STP query is expressed as Q =
{(NN(0), 1), . . . , (NN(0), 5)}. Conceptually, it can be
thought of as a time-interval nearest neighbor pattern: “Lo-
cate the object that stays closer to the origin during time-
interval [1, 5]”. Trajectory P1 is the answer to this query
since it minimizes the sum of distances from all five points,
with distance D(Q,P1) = 5.5. Trajectory P3 does not
qualify since it partially intersects the query lifetime and
has infinite distance for some time-instants. Using this sim-
ple example, we will illustrate two evaluation strategies,
called lazy and eager, and will discuss their advantages.
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Figure 3: (a) Three trajectories and an STP query. For each
query point the 1-NN MBRs (solid gray) are retrieved. (b) The
MBRs belonging to P1 cover the query, while those of P2 do not
cover points 4 and 5. GivenD(Q, P1) = 5.5 andLBD(Q, P2) ≥
5.7, trajectory P2 can be pruned (any missing MBRs for points 4
and 5 should be at least as far as D(q4,5, P1) = 1 unit from the
query).

Let D(Q, P ) denote the actual distance of trajectory
P from Q. Also, let LBD(Q, P ) (UBD(Q, P )) denote
a lower-bound (upper-bound) distance of P from Q com-
puted by using the distances of the MBR approximations
of P from the query predicates. A threshold Λ needs to
be computed so that all trajectories with LBD(Q, P ) > Λ
can be pruned. In order to achieve this we incrementally
locate the 1-NN, 2-NN, etc. MBRs individually for each
query predicate. These MBRs should also contain the pred-
icate in the temporal dimension. After a number of MBRs
have been reported per qi, for every discovered trajectory
P (i.e., a trajectory for which at least one MBR has been
reported) there are two cases: (1) the union of P ’s MBRs
contain all query points in the time dimension and we say
that P covers the lifespan ofQ, or (2) some points ofQ are
not covered. For example, in Figure 3(a) the 1-NN MBRs
for each point are reported first (solid gray rectangles). At
this step, no discovered trajectory MBRs cover all query
points. In Figure 3(b) the 2-NN MBRs are retrieved. This
time, the MBRs belonging to trajectory P1 cover all query
predicates.

In the first case both LBD(Q, P ) and UBD(Q, P ) can
be computed without having to access the raw trajectory
data. The upper-bound can be used as a pruning thresh-
old Λ. The lower-bound can be used to prune the tra-

Sketch of Algorithm

1 Set k to 1

2 For each point qi retrieve the k-NN MBRs.

3 If enough MBRs have been retrieved for a trajectory P to cover Q,
and D(Q,P) < LBD(Pi ,Q); return P

4 Update pruning threshold; increment k ; goto 2

Marios Hadjieleftheriou, George Kollios (BU) Complex STP Queries May 30, 2012 6 / 14



STP With Order

STP With Order (NN) - Preliminaries

Problem

To answer an STP query With Order, basically requires one to project out
the temporal dimension. Degenerates to a linear scan over data.

Solution

1 Create a grid over the 2D-space

2 With each cell, store a list of intersecting trajectories

Marios Hadjieleftheriou, George Kollios (BU) Complex STP Queries May 30, 2012 7 / 14



STP With Order

STP With Order (NN) - Preliminaries - cont

may use any dynamic space partitioning structure like the
adaptive grid files, kdb-trees, etc. [6]. The goal in this case
would be to guarantee that all nodes (equivalent to cells)
of the structure, contain approximately the same number of
data, such that the corresponding lists have similar sizes,
which depends on the spatial density of the dataset. That
way, the grid granularity is adaptive.

3.2.2 Nearest Neighbor Predicate Evaluation

We now consider STP queries With Order that contain only
nearest neighbor predicates. An object trajectory satisfies
the query if it minimizes the sum of the distances from the
query predicates and in the correct order. One straightfor-
ward approach is to use the incremental ranking nearest
neighbor algorithm introduced for STP queries With Time
with two needed modifications: (1) The pruning threshold
Λ needs to be updated only if a candidate trajectory truly
minimizes the distance in the correct order and not arbitrar-
ily; and (2) the best first search queues should be populated
even with entries that do not contain the predicates in the
temporal dimension. However, this solution is expected to
yield poor query performance since it does not inherently
prune using predicate ordering but needs to postpone order-
ing verifications until a trajectory is loaded from storage.
Also, the increased number of nodes that will be inserted in
the queues will slow down execution, intensify the search
cost, and increase the memory requirements. Moreover,
similar with the case of range predicates, an approach that
first uses a 2-dimensional projection to eliminate the tem-
poral dimension is expected to make matters even worse.
Finally, since there is no way of evaluating if an MBR at the
top of a queue is a possible candidate in a satisfiability list
for the query Q, such MBRs cannot be pruned or replaced
by subsequently discovered MBRs. Instead, all MBRs need
to be retained, while the lower-bounding distances of each
discovered trajectory needs to be computed according to
the nearest MBR to every query predicate. This in itself
means that the lower-bounds cannot be improved during
evaluation, thus, no trajectories can be pruned unless a truly
small Λ is computed. Hence, it is expected that this tech-
nique will need to load an excessive number of trajectories
from storage, in order to prune all candidates and terminate
the search. To conclude, it is reasonable to say that a tradi-
tional spatio-temporal index structure cannot be efficiently
used to answer these queries, because it will deteriorate to
sequential scan, or even worse. This is corroborated by our
experimental evaluation.

On the other hand, the space partitioning index structure
proposed in the previous section can be used to speed up the
execution of these queries as well. Once more, we utilize
the incremental ranking algorithm described above. How-
ever, instead of using the best first search strategy per query
predicate, the algorithm iteratively en-queues and examines
all the cells adjacent to the cell containing the query. For
every query predicate qm a sorted queue of satisfiability
predicates Sqm(P, ti) is maintained. This queue is popu-
lated with all the entries contained in adjacent cells. In each
phase, the process increases the number of adjacent cells

examined by moving one cell further away from the query
in every direction (hence, in the beginning it examines the
cell containing the query, then the eight cells adjacent to
the query, and so on). For all new entries Sqm(P, ti) that
are added in the queue at each step, the lower-bound dis-
tance LBD(qi, P ) is computed pessimistically; i.e., assum-
ing that the actual trajectory would be as close as possible
to the query.

Then, all the predicates are evaluated in a round robin
fashion. Simultaneously, for every new cell added in the
queue of a query predicate, the algorithm first joins it with
the queues of all other predicates. Trajectories that visit
the predicates in the correct order are loaded from storage
as soon as they have appeared in all queues, and the exact
distances are computed. The pruning threshold Λ is up-
dated accordingly. For trajectories with incorrect order the
exact distance computation is postponed. Next, the lower
bound distance from the query needs to be computed for
all candidate trajectories that appear in at least one of the
queues. Assume that a trajectory entry Sqm(P, t) exists in
the queue for qm. The minimum partial distance of P from
qm is equal to MinDist(qm, C), where C is the cell that
contains P at time-instant t. ‡ Assume that no entries for
trajectory P are contained in the queue of predicate qm.
Then, P has not been discovered yet for qm, thus it has to
lie at least as far as the farthest explored point for qm in
every direction. This distance is equal to the minimum of
the distances of qm from the sides of the rectangle defined
by the perimeter of the explored cells (this will be clarified
with an example next). Given the total lower bounding dis-
tance of each trajectory from the query and Λ, trajectories
can be safely pruned in every step.
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Figure 6: An example of the incremental nearest neighbor algo-
rithm.

The actual algorithm is omitted since the modifications
can be straightforwardly applied in Algorithm 1. The en-
queue, join and merge procedure is shown in Algorithm
4. We further illustrate the details of the algorithm using
an example. Figure 6 depicts an STP query with two NN
predicates q1, q2 in that order, a 6 × 4 grid, and three tra-
jectories. The grid cells have identifiers A,B, . . . ,X, Y
starting from the lower left corner (not all cell identifiers
are depicted). In the first phase of processing, the com-
bined list of q1 consists only of the entries in cell H , which
contains element Sq1(P2, 8). Similarly, the list of q2 con-
tains entry Sq2(P3, 7). The partial distance of P2 from q1

is set to 0, while the pessimistic distance from q2 is equal
to the minimum distance of q2 from the sides of cell R.

‡The minimum distance of a point from a rectangle is defined as usual
[20].

Trajectory Lists

CID List
B {(P2, t9)}
H {(P2, t8)}
N {(P1, t5), (P1, t6), (P3, t2)}
. . . . . .

Marios Hadjieleftheriou, George Kollios (BU) Complex STP Queries May 30, 2012 8 / 14



STP With Order

STP With Order (NN)

may use any dynamic space partitioning structure like the
adaptive grid files, kdb-trees, etc. [6]. The goal in this case
would be to guarantee that all nodes (equivalent to cells)
of the structure, contain approximately the same number of
data, such that the corresponding lists have similar sizes,
which depends on the spatial density of the dataset. That
way, the grid granularity is adaptive.

3.2.2 Nearest Neighbor Predicate Evaluation

We now consider STP queries With Order that contain only
nearest neighbor predicates. An object trajectory satisfies
the query if it minimizes the sum of the distances from the
query predicates and in the correct order. One straightfor-
ward approach is to use the incremental ranking nearest
neighbor algorithm introduced for STP queries With Time
with two needed modifications: (1) The pruning threshold
Λ needs to be updated only if a candidate trajectory truly
minimizes the distance in the correct order and not arbitrar-
ily; and (2) the best first search queues should be populated
even with entries that do not contain the predicates in the
temporal dimension. However, this solution is expected to
yield poor query performance since it does not inherently
prune using predicate ordering but needs to postpone order-
ing verifications until a trajectory is loaded from storage.
Also, the increased number of nodes that will be inserted in
the queues will slow down execution, intensify the search
cost, and increase the memory requirements. Moreover,
similar with the case of range predicates, an approach that
first uses a 2-dimensional projection to eliminate the tem-
poral dimension is expected to make matters even worse.
Finally, since there is no way of evaluating if an MBR at the
top of a queue is a possible candidate in a satisfiability list
for the query Q, such MBRs cannot be pruned or replaced
by subsequently discovered MBRs. Instead, all MBRs need
to be retained, while the lower-bounding distances of each
discovered trajectory needs to be computed according to
the nearest MBR to every query predicate. This in itself
means that the lower-bounds cannot be improved during
evaluation, thus, no trajectories can be pruned unless a truly
small Λ is computed. Hence, it is expected that this tech-
nique will need to load an excessive number of trajectories
from storage, in order to prune all candidates and terminate
the search. To conclude, it is reasonable to say that a tradi-
tional spatio-temporal index structure cannot be efficiently
used to answer these queries, because it will deteriorate to
sequential scan, or even worse. This is corroborated by our
experimental evaluation.

On the other hand, the space partitioning index structure
proposed in the previous section can be used to speed up the
execution of these queries as well. Once more, we utilize
the incremental ranking algorithm described above. How-
ever, instead of using the best first search strategy per query
predicate, the algorithm iteratively en-queues and examines
all the cells adjacent to the cell containing the query. For
every query predicate qm a sorted queue of satisfiability
predicates Sqm(P, ti) is maintained. This queue is popu-
lated with all the entries contained in adjacent cells. In each
phase, the process increases the number of adjacent cells

examined by moving one cell further away from the query
in every direction (hence, in the beginning it examines the
cell containing the query, then the eight cells adjacent to
the query, and so on). For all new entries Sqm(P, ti) that
are added in the queue at each step, the lower-bound dis-
tance LBD(qi, P ) is computed pessimistically; i.e., assum-
ing that the actual trajectory would be as close as possible
to the query.

Then, all the predicates are evaluated in a round robin
fashion. Simultaneously, for every new cell added in the
queue of a query predicate, the algorithm first joins it with
the queues of all other predicates. Trajectories that visit
the predicates in the correct order are loaded from storage
as soon as they have appeared in all queues, and the exact
distances are computed. The pruning threshold Λ is up-
dated accordingly. For trajectories with incorrect order the
exact distance computation is postponed. Next, the lower
bound distance from the query needs to be computed for
all candidate trajectories that appear in at least one of the
queues. Assume that a trajectory entry Sqm(P, t) exists in
the queue for qm. The minimum partial distance of P from
qm is equal to MinDist(qm, C), where C is the cell that
contains P at time-instant t. ‡ Assume that no entries for
trajectory P are contained in the queue of predicate qm.
Then, P has not been discovered yet for qm, thus it has to
lie at least as far as the farthest explored point for qm in
every direction. This distance is equal to the minimum of
the distances of qm from the sides of the rectangle defined
by the perimeter of the explored cells (this will be clarified
with an example next). Given the total lower bounding dis-
tance of each trajectory from the query and Λ, trajectories
can be safely pruned in every step.
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Figure 6: An example of the incremental nearest neighbor algo-
rithm.

The actual algorithm is omitted since the modifications
can be straightforwardly applied in Algorithm 1. The en-
queue, join and merge procedure is shown in Algorithm
4. We further illustrate the details of the algorithm using
an example. Figure 6 depicts an STP query with two NN
predicates q1, q2 in that order, a 6 × 4 grid, and three tra-
jectories. The grid cells have identifiers A,B, . . . ,X, Y
starting from the lower left corner (not all cell identifiers
are depicted). In the first phase of processing, the com-
bined list of q1 consists only of the entries in cell H , which
contains element Sq1(P2, 8). Similarly, the list of q2 con-
tains entry Sq2(P3, 7). The partial distance of P2 from q1

is set to 0, while the pessimistic distance from q2 is equal
to the minimum distance of q2 from the sides of cell R.

‡The minimum distance of a point from a rectangle is defined as usual
[20].

Sketch of Algorithm

1 For each query point qi , initialize an empty list li

2 For each qi , Expand(qi , li )

3 Check if any trajectory P covers the query Q, while satisfying order

4 If true, calculate new pruning threshold D(Q,P)

5 Prune result sets using new threshold

6 If empty stop; goto 2 otherwise
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may use any dynamic space partitioning structure like the
adaptive grid files, kdb-trees, etc. [6]. The goal in this case
would be to guarantee that all nodes (equivalent to cells)
of the structure, contain approximately the same number of
data, such that the corresponding lists have similar sizes,
which depends on the spatial density of the dataset. That
way, the grid granularity is adaptive.

3.2.2 Nearest Neighbor Predicate Evaluation

We now consider STP queries With Order that contain only
nearest neighbor predicates. An object trajectory satisfies
the query if it minimizes the sum of the distances from the
query predicates and in the correct order. One straightfor-
ward approach is to use the incremental ranking nearest
neighbor algorithm introduced for STP queries With Time
with two needed modifications: (1) The pruning threshold
Λ needs to be updated only if a candidate trajectory truly
minimizes the distance in the correct order and not arbitrar-
ily; and (2) the best first search queues should be populated
even with entries that do not contain the predicates in the
temporal dimension. However, this solution is expected to
yield poor query performance since it does not inherently
prune using predicate ordering but needs to postpone order-
ing verifications until a trajectory is loaded from storage.
Also, the increased number of nodes that will be inserted in
the queues will slow down execution, intensify the search
cost, and increase the memory requirements. Moreover,
similar with the case of range predicates, an approach that
first uses a 2-dimensional projection to eliminate the tem-
poral dimension is expected to make matters even worse.
Finally, since there is no way of evaluating if an MBR at the
top of a queue is a possible candidate in a satisfiability list
for the query Q, such MBRs cannot be pruned or replaced
by subsequently discovered MBRs. Instead, all MBRs need
to be retained, while the lower-bounding distances of each
discovered trajectory needs to be computed according to
the nearest MBR to every query predicate. This in itself
means that the lower-bounds cannot be improved during
evaluation, thus, no trajectories can be pruned unless a truly
small Λ is computed. Hence, it is expected that this tech-
nique will need to load an excessive number of trajectories
from storage, in order to prune all candidates and terminate
the search. To conclude, it is reasonable to say that a tradi-
tional spatio-temporal index structure cannot be efficiently
used to answer these queries, because it will deteriorate to
sequential scan, or even worse. This is corroborated by our
experimental evaluation.

On the other hand, the space partitioning index structure
proposed in the previous section can be used to speed up the
execution of these queries as well. Once more, we utilize
the incremental ranking algorithm described above. How-
ever, instead of using the best first search strategy per query
predicate, the algorithm iteratively en-queues and examines
all the cells adjacent to the cell containing the query. For
every query predicate qm a sorted queue of satisfiability
predicates Sqm(P, ti) is maintained. This queue is popu-
lated with all the entries contained in adjacent cells. In each
phase, the process increases the number of adjacent cells

examined by moving one cell further away from the query
in every direction (hence, in the beginning it examines the
cell containing the query, then the eight cells adjacent to
the query, and so on). For all new entries Sqm(P, ti) that
are added in the queue at each step, the lower-bound dis-
tance LBD(qi, P ) is computed pessimistically; i.e., assum-
ing that the actual trajectory would be as close as possible
to the query.

Then, all the predicates are evaluated in a round robin
fashion. Simultaneously, for every new cell added in the
queue of a query predicate, the algorithm first joins it with
the queues of all other predicates. Trajectories that visit
the predicates in the correct order are loaded from storage
as soon as they have appeared in all queues, and the exact
distances are computed. The pruning threshold Λ is up-
dated accordingly. For trajectories with incorrect order the
exact distance computation is postponed. Next, the lower
bound distance from the query needs to be computed for
all candidate trajectories that appear in at least one of the
queues. Assume that a trajectory entry Sqm(P, t) exists in
the queue for qm. The minimum partial distance of P from
qm is equal to MinDist(qm, C), where C is the cell that
contains P at time-instant t. ‡ Assume that no entries for
trajectory P are contained in the queue of predicate qm.
Then, P has not been discovered yet for qm, thus it has to
lie at least as far as the farthest explored point for qm in
every direction. This distance is equal to the minimum of
the distances of qm from the sides of the rectangle defined
by the perimeter of the explored cells (this will be clarified
with an example next). Given the total lower bounding dis-
tance of each trajectory from the query and Λ, trajectories
can be safely pruned in every step.
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Figure 6: An example of the incremental nearest neighbor algo-
rithm.

The actual algorithm is omitted since the modifications
can be straightforwardly applied in Algorithm 1. The en-
queue, join and merge procedure is shown in Algorithm
4. We further illustrate the details of the algorithm using
an example. Figure 6 depicts an STP query with two NN
predicates q1, q2 in that order, a 6 × 4 grid, and three tra-
jectories. The grid cells have identifiers A,B, . . . ,X, Y
starting from the lower left corner (not all cell identifiers
are depicted). In the first phase of processing, the com-
bined list of q1 consists only of the entries in cell H , which
contains element Sq1(P2, 8). Similarly, the list of q2 con-
tains entry Sq2(P3, 7). The partial distance of P2 from q1

is set to 0, while the pessimistic distance from q2 is equal
to the minimum distance of q2 from the sides of cell R.

‡The minimum distance of a point from a rectangle is defined as usual
[20].

Sketch of Algorithm

1 For each query point qi , initialize an empty list li
2 For each qi , Expand(qi , li )

3 Check if any trajectory P covers the query Q, while satisfying order

4 If true, calculate new pruning threshold D(Q,P)

5 Prune result sets using new threshold

6 If empty stop; goto 2 otherwise
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may use any dynamic space partitioning structure like the
adaptive grid files, kdb-trees, etc. [6]. The goal in this case
would be to guarantee that all nodes (equivalent to cells)
of the structure, contain approximately the same number of
data, such that the corresponding lists have similar sizes,
which depends on the spatial density of the dataset. That
way, the grid granularity is adaptive.

3.2.2 Nearest Neighbor Predicate Evaluation

We now consider STP queries With Order that contain only
nearest neighbor predicates. An object trajectory satisfies
the query if it minimizes the sum of the distances from the
query predicates and in the correct order. One straightfor-
ward approach is to use the incremental ranking nearest
neighbor algorithm introduced for STP queries With Time
with two needed modifications: (1) The pruning threshold
Λ needs to be updated only if a candidate trajectory truly
minimizes the distance in the correct order and not arbitrar-
ily; and (2) the best first search queues should be populated
even with entries that do not contain the predicates in the
temporal dimension. However, this solution is expected to
yield poor query performance since it does not inherently
prune using predicate ordering but needs to postpone order-
ing verifications until a trajectory is loaded from storage.
Also, the increased number of nodes that will be inserted in
the queues will slow down execution, intensify the search
cost, and increase the memory requirements. Moreover,
similar with the case of range predicates, an approach that
first uses a 2-dimensional projection to eliminate the tem-
poral dimension is expected to make matters even worse.
Finally, since there is no way of evaluating if an MBR at the
top of a queue is a possible candidate in a satisfiability list
for the query Q, such MBRs cannot be pruned or replaced
by subsequently discovered MBRs. Instead, all MBRs need
to be retained, while the lower-bounding distances of each
discovered trajectory needs to be computed according to
the nearest MBR to every query predicate. This in itself
means that the lower-bounds cannot be improved during
evaluation, thus, no trajectories can be pruned unless a truly
small Λ is computed. Hence, it is expected that this tech-
nique will need to load an excessive number of trajectories
from storage, in order to prune all candidates and terminate
the search. To conclude, it is reasonable to say that a tradi-
tional spatio-temporal index structure cannot be efficiently
used to answer these queries, because it will deteriorate to
sequential scan, or even worse. This is corroborated by our
experimental evaluation.

On the other hand, the space partitioning index structure
proposed in the previous section can be used to speed up the
execution of these queries as well. Once more, we utilize
the incremental ranking algorithm described above. How-
ever, instead of using the best first search strategy per query
predicate, the algorithm iteratively en-queues and examines
all the cells adjacent to the cell containing the query. For
every query predicate qm a sorted queue of satisfiability
predicates Sqm(P, ti) is maintained. This queue is popu-
lated with all the entries contained in adjacent cells. In each
phase, the process increases the number of adjacent cells

examined by moving one cell further away from the query
in every direction (hence, in the beginning it examines the
cell containing the query, then the eight cells adjacent to
the query, and so on). For all new entries Sqm(P, ti) that
are added in the queue at each step, the lower-bound dis-
tance LBD(qi, P ) is computed pessimistically; i.e., assum-
ing that the actual trajectory would be as close as possible
to the query.

Then, all the predicates are evaluated in a round robin
fashion. Simultaneously, for every new cell added in the
queue of a query predicate, the algorithm first joins it with
the queues of all other predicates. Trajectories that visit
the predicates in the correct order are loaded from storage
as soon as they have appeared in all queues, and the exact
distances are computed. The pruning threshold Λ is up-
dated accordingly. For trajectories with incorrect order the
exact distance computation is postponed. Next, the lower
bound distance from the query needs to be computed for
all candidate trajectories that appear in at least one of the
queues. Assume that a trajectory entry Sqm(P, t) exists in
the queue for qm. The minimum partial distance of P from
qm is equal to MinDist(qm, C), where C is the cell that
contains P at time-instant t. ‡ Assume that no entries for
trajectory P are contained in the queue of predicate qm.
Then, P has not been discovered yet for qm, thus it has to
lie at least as far as the farthest explored point for qm in
every direction. This distance is equal to the minimum of
the distances of qm from the sides of the rectangle defined
by the perimeter of the explored cells (this will be clarified
with an example next). Given the total lower bounding dis-
tance of each trajectory from the query and Λ, trajectories
can be safely pruned in every step.
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Figure 6: An example of the incremental nearest neighbor algo-
rithm.

The actual algorithm is omitted since the modifications
can be straightforwardly applied in Algorithm 1. The en-
queue, join and merge procedure is shown in Algorithm
4. We further illustrate the details of the algorithm using
an example. Figure 6 depicts an STP query with two NN
predicates q1, q2 in that order, a 6 × 4 grid, and three tra-
jectories. The grid cells have identifiers A,B, . . . ,X, Y
starting from the lower left corner (not all cell identifiers
are depicted). In the first phase of processing, the com-
bined list of q1 consists only of the entries in cell H , which
contains element Sq1(P2, 8). Similarly, the list of q2 con-
tains entry Sq2(P3, 7). The partial distance of P2 from q1

is set to 0, while the pessimistic distance from q2 is equal
to the minimum distance of q2 from the sides of cell R.

‡The minimum distance of a point from a rectangle is defined as usual
[20].

Sketch of Algorithm

1 For each query point qi , initialize an empty list li
2 For each qi , Expand(qi , li )

3 Check if any trajectory P covers the query Q, while satisfying order

4 If true, calculate new pruning threshold D(Q,P)

5 Prune result sets using new threshold

6 If empty stop; goto 2 otherwise

Marios Hadjieleftheriou, George Kollios (BU) Complex STP Queries May 30, 2012 9 / 14



STP With Order

STP With Order (NN)

may use any dynamic space partitioning structure like the
adaptive grid files, kdb-trees, etc. [6]. The goal in this case
would be to guarantee that all nodes (equivalent to cells)
of the structure, contain approximately the same number of
data, such that the corresponding lists have similar sizes,
which depends on the spatial density of the dataset. That
way, the grid granularity is adaptive.

3.2.2 Nearest Neighbor Predicate Evaluation

We now consider STP queries With Order that contain only
nearest neighbor predicates. An object trajectory satisfies
the query if it minimizes the sum of the distances from the
query predicates and in the correct order. One straightfor-
ward approach is to use the incremental ranking nearest
neighbor algorithm introduced for STP queries With Time
with two needed modifications: (1) The pruning threshold
Λ needs to be updated only if a candidate trajectory truly
minimizes the distance in the correct order and not arbitrar-
ily; and (2) the best first search queues should be populated
even with entries that do not contain the predicates in the
temporal dimension. However, this solution is expected to
yield poor query performance since it does not inherently
prune using predicate ordering but needs to postpone order-
ing verifications until a trajectory is loaded from storage.
Also, the increased number of nodes that will be inserted in
the queues will slow down execution, intensify the search
cost, and increase the memory requirements. Moreover,
similar with the case of range predicates, an approach that
first uses a 2-dimensional projection to eliminate the tem-
poral dimension is expected to make matters even worse.
Finally, since there is no way of evaluating if an MBR at the
top of a queue is a possible candidate in a satisfiability list
for the query Q, such MBRs cannot be pruned or replaced
by subsequently discovered MBRs. Instead, all MBRs need
to be retained, while the lower-bounding distances of each
discovered trajectory needs to be computed according to
the nearest MBR to every query predicate. This in itself
means that the lower-bounds cannot be improved during
evaluation, thus, no trajectories can be pruned unless a truly
small Λ is computed. Hence, it is expected that this tech-
nique will need to load an excessive number of trajectories
from storage, in order to prune all candidates and terminate
the search. To conclude, it is reasonable to say that a tradi-
tional spatio-temporal index structure cannot be efficiently
used to answer these queries, because it will deteriorate to
sequential scan, or even worse. This is corroborated by our
experimental evaluation.

On the other hand, the space partitioning index structure
proposed in the previous section can be used to speed up the
execution of these queries as well. Once more, we utilize
the incremental ranking algorithm described above. How-
ever, instead of using the best first search strategy per query
predicate, the algorithm iteratively en-queues and examines
all the cells adjacent to the cell containing the query. For
every query predicate qm a sorted queue of satisfiability
predicates Sqm(P, ti) is maintained. This queue is popu-
lated with all the entries contained in adjacent cells. In each
phase, the process increases the number of adjacent cells

examined by moving one cell further away from the query
in every direction (hence, in the beginning it examines the
cell containing the query, then the eight cells adjacent to
the query, and so on). For all new entries Sqm(P, ti) that
are added in the queue at each step, the lower-bound dis-
tance LBD(qi, P ) is computed pessimistically; i.e., assum-
ing that the actual trajectory would be as close as possible
to the query.

Then, all the predicates are evaluated in a round robin
fashion. Simultaneously, for every new cell added in the
queue of a query predicate, the algorithm first joins it with
the queues of all other predicates. Trajectories that visit
the predicates in the correct order are loaded from storage
as soon as they have appeared in all queues, and the exact
distances are computed. The pruning threshold Λ is up-
dated accordingly. For trajectories with incorrect order the
exact distance computation is postponed. Next, the lower
bound distance from the query needs to be computed for
all candidate trajectories that appear in at least one of the
queues. Assume that a trajectory entry Sqm(P, t) exists in
the queue for qm. The minimum partial distance of P from
qm is equal to MinDist(qm, C), where C is the cell that
contains P at time-instant t. ‡ Assume that no entries for
trajectory P are contained in the queue of predicate qm.
Then, P has not been discovered yet for qm, thus it has to
lie at least as far as the farthest explored point for qm in
every direction. This distance is equal to the minimum of
the distances of qm from the sides of the rectangle defined
by the perimeter of the explored cells (this will be clarified
with an example next). Given the total lower bounding dis-
tance of each trajectory from the query and Λ, trajectories
can be safely pruned in every step.
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Figure 6: An example of the incremental nearest neighbor algo-
rithm.

The actual algorithm is omitted since the modifications
can be straightforwardly applied in Algorithm 1. The en-
queue, join and merge procedure is shown in Algorithm
4. We further illustrate the details of the algorithm using
an example. Figure 6 depicts an STP query with two NN
predicates q1, q2 in that order, a 6 × 4 grid, and three tra-
jectories. The grid cells have identifiers A,B, . . . ,X, Y
starting from the lower left corner (not all cell identifiers
are depicted). In the first phase of processing, the com-
bined list of q1 consists only of the entries in cell H , which
contains element Sq1(P2, 8). Similarly, the list of q2 con-
tains entry Sq2(P3, 7). The partial distance of P2 from q1

is set to 0, while the pessimistic distance from q2 is equal
to the minimum distance of q2 from the sides of cell R.

‡The minimum distance of a point from a rectangle is defined as usual
[20].

Sketch of Algorithm

1 For each query point qi , initialize an empty list li
2 For each qi , Expand(qi , li )

3 Check if any trajectory P covers the query Q, while satisfying order

4 If true, calculate new pruning threshold D(Q,P)

5 Prune result sets using new threshold

6 If empty stop; goto 2 otherwise
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may use any dynamic space partitioning structure like the
adaptive grid files, kdb-trees, etc. [6]. The goal in this case
would be to guarantee that all nodes (equivalent to cells)
of the structure, contain approximately the same number of
data, such that the corresponding lists have similar sizes,
which depends on the spatial density of the dataset. That
way, the grid granularity is adaptive.

3.2.2 Nearest Neighbor Predicate Evaluation

We now consider STP queries With Order that contain only
nearest neighbor predicates. An object trajectory satisfies
the query if it minimizes the sum of the distances from the
query predicates and in the correct order. One straightfor-
ward approach is to use the incremental ranking nearest
neighbor algorithm introduced for STP queries With Time
with two needed modifications: (1) The pruning threshold
Λ needs to be updated only if a candidate trajectory truly
minimizes the distance in the correct order and not arbitrar-
ily; and (2) the best first search queues should be populated
even with entries that do not contain the predicates in the
temporal dimension. However, this solution is expected to
yield poor query performance since it does not inherently
prune using predicate ordering but needs to postpone order-
ing verifications until a trajectory is loaded from storage.
Also, the increased number of nodes that will be inserted in
the queues will slow down execution, intensify the search
cost, and increase the memory requirements. Moreover,
similar with the case of range predicates, an approach that
first uses a 2-dimensional projection to eliminate the tem-
poral dimension is expected to make matters even worse.
Finally, since there is no way of evaluating if an MBR at the
top of a queue is a possible candidate in a satisfiability list
for the query Q, such MBRs cannot be pruned or replaced
by subsequently discovered MBRs. Instead, all MBRs need
to be retained, while the lower-bounding distances of each
discovered trajectory needs to be computed according to
the nearest MBR to every query predicate. This in itself
means that the lower-bounds cannot be improved during
evaluation, thus, no trajectories can be pruned unless a truly
small Λ is computed. Hence, it is expected that this tech-
nique will need to load an excessive number of trajectories
from storage, in order to prune all candidates and terminate
the search. To conclude, it is reasonable to say that a tradi-
tional spatio-temporal index structure cannot be efficiently
used to answer these queries, because it will deteriorate to
sequential scan, or even worse. This is corroborated by our
experimental evaluation.

On the other hand, the space partitioning index structure
proposed in the previous section can be used to speed up the
execution of these queries as well. Once more, we utilize
the incremental ranking algorithm described above. How-
ever, instead of using the best first search strategy per query
predicate, the algorithm iteratively en-queues and examines
all the cells adjacent to the cell containing the query. For
every query predicate qm a sorted queue of satisfiability
predicates Sqm(P, ti) is maintained. This queue is popu-
lated with all the entries contained in adjacent cells. In each
phase, the process increases the number of adjacent cells

examined by moving one cell further away from the query
in every direction (hence, in the beginning it examines the
cell containing the query, then the eight cells adjacent to
the query, and so on). For all new entries Sqm(P, ti) that
are added in the queue at each step, the lower-bound dis-
tance LBD(qi, P ) is computed pessimistically; i.e., assum-
ing that the actual trajectory would be as close as possible
to the query.

Then, all the predicates are evaluated in a round robin
fashion. Simultaneously, for every new cell added in the
queue of a query predicate, the algorithm first joins it with
the queues of all other predicates. Trajectories that visit
the predicates in the correct order are loaded from storage
as soon as they have appeared in all queues, and the exact
distances are computed. The pruning threshold Λ is up-
dated accordingly. For trajectories with incorrect order the
exact distance computation is postponed. Next, the lower
bound distance from the query needs to be computed for
all candidate trajectories that appear in at least one of the
queues. Assume that a trajectory entry Sqm(P, t) exists in
the queue for qm. The minimum partial distance of P from
qm is equal to MinDist(qm, C), where C is the cell that
contains P at time-instant t. ‡ Assume that no entries for
trajectory P are contained in the queue of predicate qm.
Then, P has not been discovered yet for qm, thus it has to
lie at least as far as the farthest explored point for qm in
every direction. This distance is equal to the minimum of
the distances of qm from the sides of the rectangle defined
by the perimeter of the explored cells (this will be clarified
with an example next). Given the total lower bounding dis-
tance of each trajectory from the query and Λ, trajectories
can be safely pruned in every step.
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Figure 6: An example of the incremental nearest neighbor algo-
rithm.

The actual algorithm is omitted since the modifications
can be straightforwardly applied in Algorithm 1. The en-
queue, join and merge procedure is shown in Algorithm
4. We further illustrate the details of the algorithm using
an example. Figure 6 depicts an STP query with two NN
predicates q1, q2 in that order, a 6 × 4 grid, and three tra-
jectories. The grid cells have identifiers A,B, . . . ,X, Y
starting from the lower left corner (not all cell identifiers
are depicted). In the first phase of processing, the com-
bined list of q1 consists only of the entries in cell H , which
contains element Sq1(P2, 8). Similarly, the list of q2 con-
tains entry Sq2(P3, 7). The partial distance of P2 from q1

is set to 0, while the pessimistic distance from q2 is equal
to the minimum distance of q2 from the sides of cell R.

‡The minimum distance of a point from a rectangle is defined as usual
[20].

Sketch of Algorithm

1 For each query point qi , initialize an empty list li
2 For each qi , Expand(qi , li )

3 Check if any trajectory P covers the query Q, while satisfying order

4 If true, calculate new pruning threshold D(Q,P)

5 Prune result sets using new threshold

6 If empty stop; goto 2 otherwise

Marios Hadjieleftheriou, George Kollios (BU) Complex STP Queries May 30, 2012 9 / 14



STP With Order

STP With Order (NN)

may use any dynamic space partitioning structure like the
adaptive grid files, kdb-trees, etc. [6]. The goal in this case
would be to guarantee that all nodes (equivalent to cells)
of the structure, contain approximately the same number of
data, such that the corresponding lists have similar sizes,
which depends on the spatial density of the dataset. That
way, the grid granularity is adaptive.

3.2.2 Nearest Neighbor Predicate Evaluation

We now consider STP queries With Order that contain only
nearest neighbor predicates. An object trajectory satisfies
the query if it minimizes the sum of the distances from the
query predicates and in the correct order. One straightfor-
ward approach is to use the incremental ranking nearest
neighbor algorithm introduced for STP queries With Time
with two needed modifications: (1) The pruning threshold
Λ needs to be updated only if a candidate trajectory truly
minimizes the distance in the correct order and not arbitrar-
ily; and (2) the best first search queues should be populated
even with entries that do not contain the predicates in the
temporal dimension. However, this solution is expected to
yield poor query performance since it does not inherently
prune using predicate ordering but needs to postpone order-
ing verifications until a trajectory is loaded from storage.
Also, the increased number of nodes that will be inserted in
the queues will slow down execution, intensify the search
cost, and increase the memory requirements. Moreover,
similar with the case of range predicates, an approach that
first uses a 2-dimensional projection to eliminate the tem-
poral dimension is expected to make matters even worse.
Finally, since there is no way of evaluating if an MBR at the
top of a queue is a possible candidate in a satisfiability list
for the query Q, such MBRs cannot be pruned or replaced
by subsequently discovered MBRs. Instead, all MBRs need
to be retained, while the lower-bounding distances of each
discovered trajectory needs to be computed according to
the nearest MBR to every query predicate. This in itself
means that the lower-bounds cannot be improved during
evaluation, thus, no trajectories can be pruned unless a truly
small Λ is computed. Hence, it is expected that this tech-
nique will need to load an excessive number of trajectories
from storage, in order to prune all candidates and terminate
the search. To conclude, it is reasonable to say that a tradi-
tional spatio-temporal index structure cannot be efficiently
used to answer these queries, because it will deteriorate to
sequential scan, or even worse. This is corroborated by our
experimental evaluation.

On the other hand, the space partitioning index structure
proposed in the previous section can be used to speed up the
execution of these queries as well. Once more, we utilize
the incremental ranking algorithm described above. How-
ever, instead of using the best first search strategy per query
predicate, the algorithm iteratively en-queues and examines
all the cells adjacent to the cell containing the query. For
every query predicate qm a sorted queue of satisfiability
predicates Sqm(P, ti) is maintained. This queue is popu-
lated with all the entries contained in adjacent cells. In each
phase, the process increases the number of adjacent cells

examined by moving one cell further away from the query
in every direction (hence, in the beginning it examines the
cell containing the query, then the eight cells adjacent to
the query, and so on). For all new entries Sqm(P, ti) that
are added in the queue at each step, the lower-bound dis-
tance LBD(qi, P ) is computed pessimistically; i.e., assum-
ing that the actual trajectory would be as close as possible
to the query.

Then, all the predicates are evaluated in a round robin
fashion. Simultaneously, for every new cell added in the
queue of a query predicate, the algorithm first joins it with
the queues of all other predicates. Trajectories that visit
the predicates in the correct order are loaded from storage
as soon as they have appeared in all queues, and the exact
distances are computed. The pruning threshold Λ is up-
dated accordingly. For trajectories with incorrect order the
exact distance computation is postponed. Next, the lower
bound distance from the query needs to be computed for
all candidate trajectories that appear in at least one of the
queues. Assume that a trajectory entry Sqm(P, t) exists in
the queue for qm. The minimum partial distance of P from
qm is equal to MinDist(qm, C), where C is the cell that
contains P at time-instant t. ‡ Assume that no entries for
trajectory P are contained in the queue of predicate qm.
Then, P has not been discovered yet for qm, thus it has to
lie at least as far as the farthest explored point for qm in
every direction. This distance is equal to the minimum of
the distances of qm from the sides of the rectangle defined
by the perimeter of the explored cells (this will be clarified
with an example next). Given the total lower bounding dis-
tance of each trajectory from the query and Λ, trajectories
can be safely pruned in every step.
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Figure 6: An example of the incremental nearest neighbor algo-
rithm.

The actual algorithm is omitted since the modifications
can be straightforwardly applied in Algorithm 1. The en-
queue, join and merge procedure is shown in Algorithm
4. We further illustrate the details of the algorithm using
an example. Figure 6 depicts an STP query with two NN
predicates q1, q2 in that order, a 6 × 4 grid, and three tra-
jectories. The grid cells have identifiers A,B, . . . ,X, Y
starting from the lower left corner (not all cell identifiers
are depicted). In the first phase of processing, the com-
bined list of q1 consists only of the entries in cell H , which
contains element Sq1(P2, 8). Similarly, the list of q2 con-
tains entry Sq2(P3, 7). The partial distance of P2 from q1

is set to 0, while the pessimistic distance from q2 is equal
to the minimum distance of q2 from the sides of cell R.

‡The minimum distance of a point from a rectangle is defined as usual
[20].

Sketch of Algorithm

1 For each query point qi , initialize an empty list li
2 For each qi , Expand(qi , li )

3 Check if any trajectory P covers the query Q, while satisfying order

4 If true, calculate new pruning threshold D(Q,P)

5 Prune result sets using new threshold

6 If empty stop; goto 2 otherwise
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Performance Evaluation

Performance Evaluation

Test Setup

1 Spatial area is 1000× 1000 miles.

2 Synthetic data-set with 5× 105 moving objects, generated over a real
road network

3 3× 105 trajectories, each approximated by 20 MBRs, stored in R-tree

4 R-tree uses 6.1× 104 pages

Test Queries

Random Patterns based on consecutive nodes in the road network,
with time constraints

Relevant Patterns based on parts of the trajectories in the data-set,
but skewed in time and space
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Performance Evaluation - STP With Time

4.1 STP Queries With Time

For this type of queries trajectories were split into multiple
MBRs and then indexed using an R-tree and an MVR-tree.
For our experiments we approximated the datasets using
on average 20 MBRs per trajectory (for a total of approxi-
mately 6,000,000 MBRs) [9]. We set the page size for all
indices to 4 KBytes, and used a 256 pages LRU buffer (e.g.,
in comparison to a total of 61,477 pages present in an R-
tree indexing 300,000 trajectories). For clarity we present
the results only for the R-tree in the graphs, but very similar
conclusions were drawn for the MVR-tree as well.

We use four query sets: RANDOMPATTERN, RELE-
VANTPATTERN, COMBINEDPATTERN and INTERVALPAT-
TERN. All query sets contain sets of NN predicates only,
except from the COMBINEDPATTERN that contains com-
binations of NN and range predicates. All sets have 100
queries and each query consists of a number of predicates
at increasing time instants. For all queries we provide the
top-20 results. Queries in the RANDOMPATTERN set have
predicates that lie on consecutive nodes of the network,
reachable from each other given the maximum velocity of
objects and the temporal constraints of the query. The REL-
EVANTPATTERN set contains queries that are formed from
partial segments of object trajectories already contained in
the dataset, slightly skewed in time and space from the
original, with random location/time-instant tuples dropped
in-between. With the COMBINEDPATTERN set, we evalu-
ate the algorithms using query sets that are a mix of NN
and range predicates. In particular, we randomly replace
a number of NN predicates with range searches centered
at the same positions. Finally, the INTERVALPATTERN set
is generated similarly to the RELEVANTPATTERN, and in-
cludes only NN predicates but with time-interval temporal
constraints.

Comparison vs. Linear Scan. Since our query sets
contain NN predicates, we can only compare against a lin-
ear trajectory scan (since the traditional search algorithms
for spatial index structures cannot be applied). We com-
pared the linear scan against our techniques for all subse-
quent experiments. Although, since the total I/O of this
straightforward approach was, on average, three orders of
magnitude higher than the other algorithms, we exclude it
from the graphs in order to preserve detail. Hence in the
rest we concentrate on the relative performance of the lazy
and eager algorithms.

Performance vs. Number of Predicates. We test our
algorithms for queries with increasing number of predi-
cates. The results are shown in Figure 7 for the RANDOM-
PATTERNS and Figure 8 for the RELEVANTPATTERNS,
where we plot the index I/O, the trajectory I/O and the
total I/O for each technique. Clearly, for RANDOMPAT-
TERNS and numerous predicates the lazy algorithm dete-
riorates substantially. Many index nodes need to be ac-
cessed before a tight threshold can be computed, hence,
the NN searches become very expensive. On the contrary,
for RELEVANTPATTERNS all algorithms remain practically

unaffected, since a nearest neighbor is discovered fast and
the searches terminate faster.

In terms of average trajectory loads (LR-T and ER-T),
for RANDOMPATTERNS all algorithms need to load an in-
creasing number of trajectories, as the number of predicates
increases. In order to find the top-20 results the probability
that many trajectories satisfy the query decreases propor-
tionately and the searches start expanding correspondingly,
thus many trajectories are being discovered. The eager al-
gorithm loads a larger number of trajectories in all cases.
Assuming one random I/O per trajectory access, the ea-
ger achieves the best performance overall, balancing the
trajectory accesses and the index overhead, especially for
large numbers of predicates, where the searches become
expensive. For RELEVANTPATTERNS all algorithms load
the same number of candidate trajectories. Since there ex-
ist many trajectories similar to the given query, the top-20
candidates are found very fast, and only few extra trajecto-
ries cannot be pruned using the lower bounds.
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Performance vs. Dataset Size. Next, we run scale-up
experiments with increasing numbers of trajectories. Fig-
ures 9 and 10 summarize the results. We used both RAN-
DOMPATTERN and RELEVANTPATTERN query sets with
10 predicates per query. As expected, we observe that for
all index structures the average number of node accesses
per query increases, since the total number of nodes in the
structures increases as well, and the trees become deeper.
The total number of trajectory accesses remains stable for
RELEVANTPATTERNS, since the top-20 results per query
are discovered very fast, irrespective of the total number
of objects in the dataset. On the contrary, for RANDOM-
PATTERNS there is a linear increase in the number of tra-
jectory access, since with a larger dataset size and looser
thresholds, more trajectories are discovered during the NN
searches. In terms of total I/O the eager algorithm is once
more the best choice overall, providing better results for the
RANDOMPATTERNS.

Query Runtime vs. Number of Predicates. Figure 11
reports the average computational cost (as the total wall-

4.1 STP Queries With Time

For this type of queries trajectories were split into multiple
MBRs and then indexed using an R-tree and an MVR-tree.
For our experiments we approximated the datasets using
on average 20 MBRs per trajectory (for a total of approxi-
mately 6,000,000 MBRs) [9]. We set the page size for all
indices to 4 KBytes, and used a 256 pages LRU buffer (e.g.,
in comparison to a total of 61,477 pages present in an R-
tree indexing 300,000 trajectories). For clarity we present
the results only for the R-tree in the graphs, but very similar
conclusions were drawn for the MVR-tree as well.

We use four query sets: RANDOMPATTERN, RELE-
VANTPATTERN, COMBINEDPATTERN and INTERVALPAT-
TERN. All query sets contain sets of NN predicates only,
except from the COMBINEDPATTERN that contains com-
binations of NN and range predicates. All sets have 100
queries and each query consists of a number of predicates
at increasing time instants. For all queries we provide the
top-20 results. Queries in the RANDOMPATTERN set have
predicates that lie on consecutive nodes of the network,
reachable from each other given the maximum velocity of
objects and the temporal constraints of the query. The REL-
EVANTPATTERN set contains queries that are formed from
partial segments of object trajectories already contained in
the dataset, slightly skewed in time and space from the
original, with random location/time-instant tuples dropped
in-between. With the COMBINEDPATTERN set, we evalu-
ate the algorithms using query sets that are a mix of NN
and range predicates. In particular, we randomly replace
a number of NN predicates with range searches centered
at the same positions. Finally, the INTERVALPATTERN set
is generated similarly to the RELEVANTPATTERN, and in-
cludes only NN predicates but with time-interval temporal
constraints.

Comparison vs. Linear Scan. Since our query sets
contain NN predicates, we can only compare against a lin-
ear trajectory scan (since the traditional search algorithms
for spatial index structures cannot be applied). We com-
pared the linear scan against our techniques for all subse-
quent experiments. Although, since the total I/O of this
straightforward approach was, on average, three orders of
magnitude higher than the other algorithms, we exclude it
from the graphs in order to preserve detail. Hence in the
rest we concentrate on the relative performance of the lazy
and eager algorithms.

Performance vs. Number of Predicates. We test our
algorithms for queries with increasing number of predi-
cates. The results are shown in Figure 7 for the RANDOM-
PATTERNS and Figure 8 for the RELEVANTPATTERNS,
where we plot the index I/O, the trajectory I/O and the
total I/O for each technique. Clearly, for RANDOMPAT-
TERNS and numerous predicates the lazy algorithm dete-
riorates substantially. Many index nodes need to be ac-
cessed before a tight threshold can be computed, hence,
the NN searches become very expensive. On the contrary,
for RELEVANTPATTERNS all algorithms remain practically

unaffected, since a nearest neighbor is discovered fast and
the searches terminate faster.

In terms of average trajectory loads (LR-T and ER-T),
for RANDOMPATTERNS all algorithms need to load an in-
creasing number of trajectories, as the number of predicates
increases. In order to find the top-20 results the probability
that many trajectories satisfy the query decreases propor-
tionately and the searches start expanding correspondingly,
thus many trajectories are being discovered. The eager al-
gorithm loads a larger number of trajectories in all cases.
Assuming one random I/O per trajectory access, the ea-
ger achieves the best performance overall, balancing the
trajectory accesses and the index overhead, especially for
large numbers of predicates, where the searches become
expensive. For RELEVANTPATTERNS all algorithms load
the same number of candidate trajectories. Since there ex-
ist many trajectories similar to the given query, the top-20
candidates are found very fast, and only few extra trajecto-
ries cannot be pruned using the lower bounds.
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Performance vs. Dataset Size. Next, we run scale-up
experiments with increasing numbers of trajectories. Fig-
ures 9 and 10 summarize the results. We used both RAN-
DOMPATTERN and RELEVANTPATTERN query sets with
10 predicates per query. As expected, we observe that for
all index structures the average number of node accesses
per query increases, since the total number of nodes in the
structures increases as well, and the trees become deeper.
The total number of trajectory accesses remains stable for
RELEVANTPATTERNS, since the top-20 results per query
are discovered very fast, irrespective of the total number
of objects in the dataset. On the contrary, for RANDOM-
PATTERNS there is a linear increase in the number of tra-
jectory access, since with a larger dataset size and looser
thresholds, more trajectories are discovered during the NN
searches. In terms of total I/O the eager algorithm is once
more the best choice overall, providing better results for the
RANDOMPATTERNS.

Query Runtime vs. Number of Predicates. Figure 11
reports the average computational cost (as the total wall-

Figure: Left: Random. Right: Relevant.
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Performance Evaluation - STP With Order
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Figure 19: RELEVANTPATTERN: Number of predicates.

these queries works the best, in contrast to STP queries
With Time, where the eager strategy was the best alterna-
tive.

5 Related Work
Modelling and expressing complex spatio-temporal queries
has been investigated in [7]. In this paper we use a very
general expression mechanism, that can utilize any previ-
ous definition of spatio-temporal predicates. Applying the
incremental ranking algorithms for answering STP queries
withNN predicates has been inspired by the Threshold Al-
gorithm (TA) proposed in [4]. The TA algorithm is used for
ranking objects with multiple features given any monotonic
preference function. Here, we show how this algorithm can
be applied in the case of spatio-temporal data using index
structures instead of materialized sorted lists. Traditional
nearest neighbor queries have been addressed in previous
work including [1, 5, 10, 20]. None of these approaches
has focused on efficient evaluation of combinations ofNN
predicates (with the exception of GNN queries [16]). To
the best of our knowledge, no work has appeared for an-
swering combinations of spatial predicates with order and
without temporal constraints.

Related to the STP range queries with order (after the
grid reduction) is the work in [12] which considers non-
contiguous pattern queries on string sequences. However,
our structures are more suitable for spatio-temporal data
and can answer more general queries. Mouza and Rigaux
[3] introduced mobility pattern queries, where patterns are
expressed using regular expressions. This work is a special
case of STP queries, concentrating on STP queries With
Order and Range predicates. The techniques introduced
therein cannot handle distance based predicates, neither ex-
plicit temporal constraints. Furthermore, the patterns are
limited to predefined ranges, which have been determined
in advance by partitioning the space into areas of interest.
In contrast, here we present more general techniques that
can handle arbitrary query ranges, distance based predi-
cates, and temporal constraints.

Any trajectory indexing scheme that can answer nearest
neighbor, range queries, and other spatial predicates can
be used with the STP query algorithm described here [22,
15, 2, 13, 18, 21]. were there is an inherent uncertainty in
moving object trajectories [23].

6 Conclusions
We introduced and formalized a novel type of spatio-
temporal pattern query for trajectories. We designed spe-
cialized spatio-temporal index structures and algorithms to

effectively reduce the computation and I/O operations per
query, when compared with existing approaches. Finally,
we presented a thorough experimental evaluation. For fu-
ture work we plan to extend the techniques for answering
pattern queries that impose constraints between groups of
predicates, and for including relative temporal constraints
(e.g., 10 minutes before or after, etc.) We will also inves-
tigate solutions for environemnts were there is an inherent
uncertainty in moving object trajectories [23].
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Conclusion

Conclusion

1 Introduced and formalized a new type of spatio-temporal pattern
query

2 Introduced spatial structures and algorithms reduces IO costs
significantly vs state of the art

3 Experimentally validated
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Conclusion

Critique

Strong Points

1 Relevant problem!

2 Likely much better than state of the art

3 Extensive testing, tweaking several parameters

Weak Points

1 Too complicated presentation of simple algorithms

2 Errors in several algorithms

3 Only tested with synthetic data set
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