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Abstract

Trajectory analysis has received significant contributions in recent years. With
the rapid explosion of GPS-enabled devices, several large-scale datasets have been
created, e.g., the Geolife GPS dataset (17,621 trajectories) and the bdd100k dataset
(100,000 trajectories). This has provided enormous streaming spatiotemporal data,
benefiting many real-world applications, e.g., urban planning, mapping services, and
carpooling. These applications benefit from performing many types of search queries
on spatial data, such as range query and join query. Despite the importance of these
types of queries on streaming data, many systems do not support them. Many also
fail to handle the scalability and efficiency problems when the input data is too large.
This thesis proposes the first predictive in-memory multi-level indexing algorithm
called PIMMLI. We introduced predictive indexing to enhance the scalability of the
indexing process and compared it against an existing state-of-the-art algorithm called
DITA. We have conducted extensive experiments on real-world streaming datasets
and compared the performance of PIMMLI against DITA on different hyperparame-
ters. Our results show that PIMMLI (1) has a similar range query performance with
DITA; (2) has at least a 5.8% improvement in join query performance compared to

DITA; (3) has an average improvement of 28.10% for trajectory indexing.
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1 Introduction

1.1 Background

This section presents the formal definitions of terms used in trajectory analysis
algorithms together with existing challenges, related works on trajectory analysis,
and our contributions to this field of research. Trajectory analysis involves analyz-
ing and processing the movement patterns of objects in various applications. These
algorithms aim to extract meaningful information from trajectory data, such as iden-
tifying patterns, predicting future movements, or detecting anomalies. Trajectory
analysis can benefit many real-world applications such as transportation optimiza-
tion, navigation systems, bioinformatics, and road network planning [1, 2, 3, 4, 5].
However, it is a challenge to process and mine trajectory data [6]. Firstly, efficiently
storing a large amount of trajectory data on a single machine is extremely difficult.
Secondly, indexing and querying trajectory data pose significant challenges in terms
of time and space complexity. Addressing these challenges requires a combination of
domain knowledge, algorithmic advancements, and computational resources. In this
research, we propose PIMMLI, a predictive trajectory analysis algorithm designed to

overcome these challenges.



1.1.1 Trajectory

The increasing use of GPS-enabled devices has created a tremendous amount of
trajectory data capturing movements of human and vehicles. Trajectory data is a
type of data that can be found in a spatial-temporal dataset. This data can be
generated by technologies such as Global Position Systems (GPS), RFID sensors,
and GSM beacons [7]. Trajectory is defined as a sequence of points generated from a
moving object and is ordered by time. This data can be generated by any devices that
incorporate GPS technology. A single point in a trajectory contains spatial-attributes
such as longitude and latitude. Several other non-spatial-attributes such as time, id,
device specification can also be included in a single data point of a trajectory.

By definition, a point p is a location in d-dimensional space, i.e. p € R% A
trajectory 7 is a sequence of points from a moving object ordered by time, i.e.,
T = (po,P1, P2y - Pu|Di € Rd). In this paper, we assume the objects traverse a
two-dimensional space, i.e., p; € R2. The trajectory data points also include other
attributes such as timestamp, user ID, name, and home city [8].

Figure 1.1 shows an example of a 2-dimensional trajectory of an object in which
each point p; represents the object’s location at timestamp ¢;. Therefore, the trajec-

tory in this figure can be formally defined as 7 = ((p;, t;)|p; € R?,t; € RT).

(ps: t5)

N R (Parta)

(P1, 1) (P2 t2) (P3, t3)

(po» to) O Sample point
. p; Location

E t;  Timestamp

Figure 1.1: Example of a 2-dimensional spatiotemporal trajectory



1.1.2 Trajectory Stream

A trajectory stream is a series of points p; ordered by time that records the
location of a moving object at timestamp i. A trajectory stream is an unbounded
stream of time-series data [9, 10]. Therefore, it does not have a start and end point. A
streaming trajectory algorithm must be able to respond to multiple real-time queries
on the streaming data [11]. In order to achieve this, a sliding window of size w is
applied to the data. The window slides forward as more streaming data arrive and
captures at most w data points in the trajectories. In this research, we use the notion
of the sliding window to discretize the trajectory stream into separate batches and

perform data indexing and querying on them.

1.1.3 Trajectory Distance

A trajectory distance measure is a function that returns the distance between two
trajectories. We denoted the function as D and the distance between two trajectories
71 and 79 as D(1,72). There are several trajectory distance measures such as Fréchet
distance, EDR, LCSS, DTW, DFD, LSED, etc [12]. Dynamic Time Warping (DTW)
[13]) is a robust and popular method in trajectory analysis. DTW is a two-level DP-
matching algorithm [14] that finds the best alignment between a reference pattern
and another pattern [15]. This is equivalent to minimizing the Euclidean distance
between two aligned spatial-temporal trajectories. Therefore, we will use DTW as
the similarity measure for PIMMLI.

Given two trajectories 7 = (xg, T1,Ta,...,Ty) and 7o = (Yo, Y1, Y2, ---» Yn), the



DTW between them is defined as follows

ZZO dZSt(xza 90)7 iftn=0

S dist(xo,y;), ifm=20

DTW (r1,m) =4 ~77° ! (1.1)
dist(2m,yp) + min(DTW (rm=L, 7271,

DTW (1" ', 1), DTW (11, 737)), otherwise,

where 77" is the trajectory 7, without the last k points and dist(x,,,y,) is the

Euclidean distance between the data points x,, and y,

dist(z,y) = (1.2)

1.1.4 Range Query

Given a point p in a two-dimensional space, i.e. p € R?, a spatial range threshold
e € RT, a trajectory-based distance measure d, and a set T of trajectories, the range
query operation finds all trajectories 7 € T such that D(p,p;) < €,3p; € 7. Range
queries find all trajectories that intersect or fall into the spatial range € [16, 17]. For
example, range queries can assist road planning by querying all vehicles that pass
through a specific road in the city between a time interval. This data can then be
used to determine the traffic flow and road development [18]. Figure 1.2 shows an
example of a range query that retrieves all trajectories that interest with a circle

centered at point p with radius e.
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Figure 1.2: Example of a range query

1.1.5 Join Query

Join query retrieves information from two or more spatial data sets [19]. An ex-
ample of a join query is: “Find all vehicles that use the same road from Los Angeles
to Oregon”. This information could be visualized and provide insight into the prob-
lem of interstate highway development [20]. Given sets of trajectories T} and T3, a
trajectory distance threshold €, a trajectory-based distance measure D, the join query
operation finds all pairs of trajectories (7;, 7;) from the Cartesian product 77 x T3 such
that D(7;, 7;) < €. Figure 1.3 shows an example of a join query that finds trajectories

with similar shape from two different data sets.



Figure 1.3: Example of a join query

1.1.6 Spatial Data Indexing

The fast retrieval of large trajectory data is crucial for trajectory analysis algo-
rithms. These algorithms rely on a specialized data structure that can effectively
capture the spatial characteristics of the data. One such data structure is the R-Tree,
which has gained recognition and is widely used in spatial database management sys-
tems [21, 22, 23, 24, 25]. The R-Tree is a height-balanced tree data structure that
efficiently stores spatial data. Each node in the R-Tree represents a region with min-
imum coverage area that encompasses all of its child nodes, known as the minimum
bounding rectangle (MBR). Figure 1.4 provides an example of a valid MBR that
covers all the spatial data points and two other invalid MBRs in which one fails to

capture all data points and the other does not have a minimum coverage area.
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Figure 1.4: Examples of valid and invalid MBRs

The leaf nodes contain the actual spatial data points in the database. The search
key of an R-tree is the MBR of each node. Querying data in an R-tree takes as input
a circle-shaped query region described by its center point and its radius [26]. Figure
1.5 shows an example of how the data are distributed spatially and figure 1.6 shows

the tree representation of the data.
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Figure 1.5: Spatial data points and MBRs in an R-tree
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Figure 1.6: R-Tree representation of figure 1.5

1.1.7 Distributed Computing

Due to the increasing amount of trajectory data, centralized systems for processing
data pose a great efficiency challenge. To tackle this problem, many state-of-the-art
trajectory analysis algorithms use distributed computing systems [27, 28, 29]. These
systems allow data partitioning and parallel computation across multiple nodes within
a distributed network. Data partitioning is an operation in distributed systems to
divide data evenly across different network nodes to ensure load-balancing [30]. This
allows the spatial query time to be divided among the nodes, thus, reducing the total
execution time of a query. Moreover, combined with filtering techniques, the query
will not need to access the nodes that do not contain the candidate results, which

can further reduce the execution time and transfer costs.

Apache Spark

Apache Spark is an engine for processing big data processing on clusters. It has
been adopted as a reliable and scalable framework by the spatial database develop-
ment community [31, 32]. Figure 1.7 shows the master-slave architecture of a Spark

system. The driver runs the master node and the executors run across the worker



nodes in the cluster. A Spark cluster manager is used to acquire cluster resources for
executing Spark jobs. The cluster manager handles resource sharing between Spark
nodes [33]. The stream data arrives at the driver and the cluster manager partition
the data across the worker nodes. The executors process the spatial queries and send
the results on worker nodes back to the driver program that resides on the master

node.

Driver Program

Cluster Manager

Worker Node Worker Node Worker Node

A

A
Y
Y

| Executor | Executor | Executor |

Figure 1.7: Spark master-slave architecture

1.2 Problem Statement

Trajectory analysis algorithm suffers from a problem of high cost in time and
space in data indexing and querying operation. Indexing trajectory data requires
large data storage with high scalability, which often presents a tremendous problem
in centralized systems [34]. In addition, many algorithms do not support parallel
search in important query operations such as range query and join query [35, 36,
37]. Previous work on PIMMLI focused solely on developing the algorithm that

works on streaming data in centralized systems. This poses a challenge when dealing



with large-scale streaming trajectory data. In this work, we touch on the problem
of distributed computing, enabling PIMMLI to perform in distributed environments
and benchmark its performance against other state-of-the-art distributed trajectory

analysis algorithm.

1.3 Challenges

Several challenges have been identified in the field of trajectory analysis and are
the main focus of many research on trajectory analysis [38, 39, 40]. Below, we provide

the discussion on some known challenges within this field.

Data Imbalanced

The efficient storage and fast retrieval of large data is important in trajectory
analysis. One aspect of the data storage requires trajectory algorithms to handle
data balancing efficiently. This requires using data structures suitable for spatial
indexing such as R-Tree [27, 41|, Quad-tree [42], Grid-index [35], and Frame struc-
ture [43]. Furthermore, trajectories represent spatial streaming data characterized
by irregular distribution and increasing data size over time. Therefore, an efficient
data partitioning technique [44, 45, 46] can enhance the performance by balancing
the data across multiple partitions. Since these partitions are disjoint, the trajectory
algorithm can perform trajectory data mining in parallel using a distributed comput-
ing framework such as Spark. However, many algorithms suffer from performance

issues due to lacking support for distributed computing [35, 36, 37, 47, 48].

10



Similarity Analysis

Many similarity measures have been used to compare two trajectories. Mea-
surements that performs trajectory-to-trajectory comparison include Fréchet, DTW,
ERP, Hausdorff, LCSS, and EDwP [49, 50, 13, 51, 52, 53, 54]. Many similarity
measures also suffer from time complexity issue and noise in data [55]. Moreover,
computing distances between two trajectories generally requires a dynamic program-

ming solution with a time complexity of O(N?).

1.4 Related Works

Numerous studies have been conducted on the analysis of trajectory data. Addi-
tionally, many of these studies primarily focus on offline trajectory data, which may
not be suitable for real-world applications that involve streaming data in an online
fashion. Below, we provide an overview of several existing works in this field, along

with their respective findings.

Simba

Simba [56], also known as Spatial In-Memory Big data Analytics, provides a scal-
able and efficient solution for spatial query and analysis. By extending the Spark
SQL engine, Simba supports streaming trajectory data and various spatial queries
such as range query and kNN query. It incorporates a query optimizer that ensures
low latency and high throughput in spatial data indexing. Experimental results have
demonstrated that Simba outperforms other spatial data analytics systems. For in-
stance, Simba achieves 51 times lower latency and 45 times higher throughput than
SpatialHadoop for kNN queries. Additionally, when compared to Spark SQL, Simba’s

performance remains largely unaffected by the size of the dataset.
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DITA

The DITA [41] algorithm introduces a data partitioning mechanism that addresses
the issue of data locality by utilizing global and local indexes. These indexes are built
using an R-tree structure to index the pivotal spatial points of trajectories, enabling
trajectory pruning and enhancing query efficiency. DITA also incorporates a filter-
verification framework that estimates trajectory similarity using pivot points, allowing
for the removal of dissimilar pairs. DITA supports both join query and range query
on streaming data. In benchmark tests against the Simba [56] and DFT [57], DITA
demonstrated superior scalability. This is attributed to its load-balancing mechanism,
resulting in a higher scale-up performance. Additionally, DITA exhibits greater scale-

out capability, enabling the handling of larger datasets compared to Simba.

UlTraMan

UlTraMan [58] is a comprehensive platform that leverages Apache Spark for man-
aging and analyzing large trajectory data. UlTraMan supports ID query, range query,
kNN query, and trajectory clustering on streaming data. It incorporates a unified stor-
age and computing engine, integrating a key-value store within Spark’s internal block
manager. This integration enables efficient data processing and reliable data man-
agement. UlTraMan enhances Spark’s MapReduce and RDD capabilities to create
TrajDataset, a distributed computing paradigm that efficiently handles distributed
computational operations at global and local levels. Comparative results demonstrate
that UlTraMan outperforms baseline methods in terms of performance for both range

and join queries.

12



Dragoon

Dragoon [27] trajectory management system is based on Spark. It supports ID
query, range query, and kNN query by featuring a mutable resilient distributed
dataset (mRDD), including RDD Share, RDD Update, and RDD Mirror, which en-
ables hybrid storage of non-streaming and streaming trajectories. This is essentially
different from other existing algorithms that use Spark immutable RDD. Experimen-
tal results showed that Dragoon has a similar offline trajectory query performance
compared to the Ul'TraMan [58] algorithm. Dragoon decreases up to doubled storage
overhead compared with UlTraMan during trajectory editing. Dragoon improves scal-
ability by at least 40% compared to other streaming processing frameworks such as

Spark Streaming. It also doubles the performance for online trajectory data analysis.

1.5 Contributions

This thesis introduces a highly efficient trajectory search algorithm, specifically
designed for use in distributed environments. We present a novel algorithm called
Predictive In-Memory Multi-Level Indexing (PIMMLI) that addresses the challenge
in data indexing. We build on previous thesis research of Abdul Samad [59] by incor-
porating the join query operation, addressing current bugs, implementing the brute
force algorithm, deploying PIMMLI in a distributed environment, and evaluating its
performance against benchmark algorithms. Our main research contribution lies in
incorporating predictive indexing into trajectory analysis, with the aim of reducing the
indexing time. This is pivotal for the development of spatial databases capable of pro-
cessing real-time large-scale spatio-temporal data. Our experiments were conducted
using 9 computers from the computer science lab in conjunction with UMD’s Ukko

server. We evaluated the performance of PIMMLI against DITA by varying different

13



hyperparameters that govern spatial data indexing and querying. The experimental
results demonstrate that PIMMLI outperforms DITA by 28.10% in terms of index-
ing time and exhibits similar performance in range query and 5.8% improvement in
join query. In Chapter 2, we outline the proposed algorithm and provide details on
the predictive indexing and multi-level indexing processes. Chapter 3 presents the
findings from our investigations, while Chapter 4 concludes the thesis and discusses

future work.

14



2 Algorithm Description

This chapter explains the main idea behind PIMMLI. We first present the dis-
cretization of continuous data stream for indexing purpose in 2.2. We then discuss and
provide the pseudo-code for predictive indexing in 2.3. This involves the algorithm
for predicting future spatial points and model validation for retraining models. In
2.4, we present the implementation of multi-level indexing mechanism, which is used
to select candidate partitions as well as candidate trajectories for querying similar

spatial trajectories.

2.1 Introduction

PIMMLI utilizes Apache Spark for processing large-scale data. It handles stream-
ing spatial trajectory data by applying a fixed-length window to the data stream to
create separate batches. Subsequently, it conducts spatial point prediction for each
trajectory within the batch. The prediction algorithm utilizes the existing data points
from previous batches to predict the next set of spatial points for each trajectory. In
the event of an incorrect prediction by the trajectory model, a new model is trained
and updated. The discussion and pseudo-code for spatial data discretization and
predictive indexing can be found in section 2.2 and section 2.3, respectively.

To create both the global and local index, the trajectories are indexed using the R-
tree data structure. PIMMLI utilizes global partitioning to separate the trajectories

into distinct partitions and distributes them across nodes in the distributed network.

15



This global partitioning ensures that similar trajectories are stored within the same
partition by indexing their first and last spatial points. This optimization enhances
the query process by filtering out trajectories that do not share the same starting
and ending spatial points. Additionally, the local index partitions the trajectories
within each global partition based on their pivot points. As a result, the local index
can group trajectories with similar shapes together, facilitating more efficient query
operations. In section 2.4, we present an in-depth discussion of multi-level indexing

and the pseudo-code of the global and local indexing process.

2.2 Batch Processing

The increasing prevalence of GPS devices leads to a significant rise in the volume
of spatial data being generated. This poses a major challenge for trajectory analysis
algorithms, as the data size is unbounded. When the data becomes larger, many
algorithms struggle to perform real-time analysis and indexing efficiently. To address
this issue, PIMMLI employs a data discretization technique by processing incoming
data points in separate batches. PIMMLI periodically reads the data and ensures
that each batch has the same size. Subsequently, PIMMLI conducts model training
and prediction on one batch at a time, using the data points to create the database

index. Figure 2.1 provides an illustration of continuous spatial data batch processing.

16



Input Stream

Figure 2.1: Continuous Data Stream Discretization.

2.3 Predictive Indexing

2.3.1 Model Training

Per each trajectory, PIMMLI constructs a predictive model to predict forthcom-

ing points along that trajectory based on its most recent w points p,, pn_1, Pn_2,

wovy Pn—ws1- The model predicts the subsequent k points within the trajectory by

computing the average Euclidean distance d and the average angle § computed be-

tween successive pairs of points at any time instance t. We present the formula for

computing the average distance and average angle as follows

n—1 .
- . dist iy Pi
d(T, w) _ Zzn—w—l—ul) — 1(]) p +1) (2‘1)
n—1 Pi+1-Y—Pi-yY
9_(7-’ w) = Zi:n_w"'l arctan (p¢+1~x*m~$) : (2.2)

w—1
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where 7 = (p1, pa, ..., pn) and dist(p;, p;) is the function that computes the Euclidean
distance between two spatial points p; and p; of 7. Figure 2.2 illustrates an example

of the distance d and angle 8 of two points in a trajectory.

0@

\4

Figure 2.2: Example of distance d and angle 6 between two spatial points 1 and 2

One notable benefit associated with the utilization of this model lies in its simplic-
ity. Given that PIMMLI needs to efficiently handle substantial volumes of trajectories
in real-time, it becomes imperative that the algorithm updates all models and gener-

ate predictions in a timely manner.

2.3.2 Model Validation

PIMMLI leverages predicted points to achieve a one-step advantage in the in-
dexing phase. It expands the minimum bounded rectangles (MBRs) to initiate the
periodic reconstruction of the R-tree, as opposed to performing this operation during
each batch processing iteration. Before predicting the future points of a trajectory,
we validate the model by computing the average Euclidean distance and angle of the
latest w points. We then compute the average distance dr and angle f7 among all tra-
jectories. Finally, we compute the Euclidean distance of (dr, f7) against the model’s
(dar,Oar). If the distance exceeds a threshold e, we retrain all trajectory models and

rebuild the indexes.
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2.3.3 Point Prediction

We apply a training window of size w on every batch of data to train the predictive
model of the trajectories. At each batch prediction, we also predict the k future
points for each trajectory. The predicted points will be prepended to the trajectories
for indexing purposes. We use the spatial points to build the local and global index
of the trajectories.

Figure 2.3 illustrates an example of applying a training window of size w on a
batch data at time 7 to predict the future points of each trajectory. The streaming
data is discretized by applying a fixed-size window to create separate batches of data.
When PIMMLI receives the first batch, it applies a fixed-size training window on
the w most-recent data points and train the models for the trajectories in the batch.
The result models make prediction on the incoming data points of the trajectories
and temporarily prepend the predicted points to the trajectories. When PIMMLI
processes the next batch, it removes the previous predicted points from the trajectories
and prepend the new data in the batch to the existing trajectories. It then repeats

the entire process again.

training window size: w

-----------------------------------------------------------------

Predicted points

Batch i-1 Batch i

Figure 2.3: Example of batch training

Each trajectory has its own predictive model. We use the model to predict the

19



future points of the trajectory based on the average distance and angle of each con-
secutive pair of spatial points. The future point can be predicted by displacing the
last point p, in the trajectory 7 by a distance d with an angle §. The formula for

computing the coordinate of the next point is p,+1 = (Pn+1.2, Prt1.y) Where

Pn+1-L = Pn.T + d-cosf
(2.3)

Pri1.Y = Pp.y +d - sinf.
We present an example of the future point prediction and the pseudo-code for pre-
dictive indexing, model training, model validation, and point prediction in figure 2.4,
algorithm 1, 2, 3, and 4 below respectively.
In the example in figure 2.4, the trajectory 7 has four data points 7 = (py, pe, ps, p4)-
To predict the next future point, we use the coordinates of the points py, ..., ps. We
compute the Euclidean distance and angle in radian of the successive pairs of points

by using these formulas

d(pi, pi-1) = \/(pr — pi—1-0)% + (piy — Pi-1.y)? (2.4)

(pzwy —Pi-1.Y
pi-¥ — Pi—1.%

0(p;, pi—1) = arctan (2.5)

This gives us (dLQ, 9172) = (2, 0), (d2737 €273) = (25, 0643), (d3’4, 0374) = (266, 0345)
We compute the displacement of the predicted point from the last point in the trajec-
tory by finding the average distance d = w = 2.39 and angle § = w =

0.33. We then compute the coordinate of the predicted point using the formula 2.3.

The predicted point of the trajectory 7 has a coordinate p,.eq = (8.76,3.17).
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O

Data point of the trajectory

Predicted data point of the
trajectory

d=2, 6=0rad

(6.5, 2.4)

(8.76, 3.17)

Figure 2.4: Example of batch prediction

Algorithm 1 Predictive Indexing

Require: db: trajectory database, models: predictive models, batch: current batch,
1: current batch index, ¢: training interval, w: training window size, k: prediction
size, e: validation threshold

1: function PROCESSBATCH(db, models, batch, i, t, w, k, €)
2 db < db U batch

3 if (i =1 or ¢ mod ¢t = 0) or (VALIDATE(db, models, batch, €)= False) then
4 models <— TRAIN(db, models, w)
5: extendedD B < db
6 for all trajectory in db do

7 points <— PREDICT(models, trajectory, k)

8 extendedD Bltrajectory| < trajectory.CONCAT(points)
9 end for

10: indexes <— BUILDINDEXES(extendedDB)

11: end if

12: end function
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Algorithm 2 Model Training

1: function TRAIN(db, models, w)

2 for all trajectory in db do

3 n < |trajectory| —w

4 trainSet < trajectory[n : n + w + 1]

5: models[trajectory] < DISTANDANGLE(trainSet)
6 end for

7 return models

8: end function

Algorithm 3 Model Validation

1: function VALIDATE(db, models, batch, ¢)

2 errors < {}

3 for all trajectory in db do

4 cur Headings <— DISTANDANGLE(models|trajectory))
5: nxtHeadings < DISTANDANGLE(batch[trajectoryl)

6 errors(trajectory| <— DIST(cur Headings, nxtHeadings)
7 end for
8 return MEAN(errors) < €
9: end function

Algorithm 4 Point Prediction

1: function PREDICT(models, trajectory, k)

2 last Point < trajectoryllast]

3 futurePoints < ||

4 for i <~ 1to k do

5: dist,angle < DISTANDANGLE(models[trajectoryl)
6 nextPoint < MOVE(lastPoint, dist, angle)
7 futurePoints. APPEND(next Point)

8 lastPoint < futurePoints|last]

9 end for

10: return futurePoints

11: end function
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2.4 Multi-Level Indexing

The data points are indexed using a multi-level indexing scheme. This scheme
utilizes an R-Tree structure to distribute the trajectories across the nodes in the dis-
tributed network. The global index is responsible for grouping trajectories with sim-
ilar start and end points, as defined by their minimum bounding rectangles (MBRs),
into the same partitions. On the other hand, the local index is utilized to divide
the trajectories within each global partition into multiple local partitions based on
their pivot points. As a result, trajectories within the same local partition will share

similarities in terms of their starting points, ending points, and shapes.

2.4.1 Global Index

The process of indexing trajectories begins by extracting the first and last points
of each trajectory. We utilize these points to create global partitions that group the
trajectories based on their respective first and last points. We group the start points
into distinct buckets. Within each bucket, we further group the trajectories based on
their end points, creating multiple sub-buckets. Each sub-bucket forms a partition.
These partitions are then stored on the nodes across the network.

Figure 2.5 illustrates an example of forming the global partitions of a spatial
dataset. In the example, the trajectories are grouped into multiple MBRs by their first
points, forming three rectangles that contain the trajectory {Fy, Fy, F5, F;}, {F3, Fs},
{F,}. For each MBR, we group the trajectories inside by their last points and form
the sub MBRs. For example, the MBR {F}, Fy, F5, F7} has 2 sub MBRs {L;} and
{Ly, L5, L7 }. This procedure groups the trajectories into multiple partitions, forming
a tree-like structure in the figure below where each leaf node is a partition containing

the actual trajectory.
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F1,F2,F5,F7| | F3.Fg | | Fa |
LY | [tetstr] [ Lebs | [t |
Partition 1 Partition 2 Partition 3 Partition 4

Figure 2.5: Example of spatial partitioning

Subsequently, we use the data points to construct two R-Trees for trajectories
indexing through their start points and end points. The collection of all start points
forms a global minimum bounding rectangle (MBR), which is the root node of the
first R-Tree in figure 2.6. The points within the global MBR are grouped together
to create sub-MBRs recursively. Each sub-MBR forms an internal node within the
first R-Tree. Additionally, trajectories with closely located end points form a second
global MBR. Similar steps are then followed to generate the second indexing R-Tree
for these end points. The leaf nodes of the trees contain references to the partitions

holding the trajectories. By utilizing the two R-Trees, we can efficiently locate the
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candidate trajectories with starting and ending points that are in proximity to the
input query.

Figure 2.6 and 2.7 show the example of constructing the start-points and end-
points R-Tree index from the example in figure 2.5, respectively. We also present the
pseudo-code for constructing the global index in algorithm 5 below. Figure 2.6 shows
all first points of the trajectories in figure 2.5. We start by constructing the rectangle
that captures all data points, forming the global MBR. For all points in the global
MBR, we group them by their distance, forming the sub MBRs which correspond
to the sub rectangles A, F, and G in the figure below. For each sub MBR, we then
repeat the steps above recursively. Finally, this constructs the global index on the
start points of the trajectories, which is a R-Tree structure where each node is a MBR

and the leaf nodes reference to the partitions holding the actual data.

R={F+1,F2.,F3,F4.FsFeF7}

[A=F1FaFsF} | [F=(FaFe} ] [G=(Fa}]
Partition 3 Partition 4
[B=tF4} ] [c=F2FsFa |
Partition 1
[D=F2Fs} | [E=tF7} ]
Partition 2 Partition 2

Figure 2.6: Example of global index on start-points of the trajectories
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In figure 2.7, we repeat the same steps using the end points {L1, Lo, .., L7} of the
trajectories. The R-Tree created from this procedure allows us to find the trajectories
that have the end points in close proximity to the end point of the input query. Using
the two R-Trees above, we can use a bidirectional search to quickly locate partitions

and the candidate trajectories.

[R={Ly Lol lalslels) |

| A={Ly,Lp.Ls L7} | | F={L3 Lg} |
Partition 3 Partition 4

B={L} [C={LyLs L7}

Partition 1

[D={a} | [E={s L7l
Partition 2 Partition 2

Figure 2.7: Example of global index on end points of the trajectories
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Algorithm 5 Global Index Construction

Require: db: trajectory database
1: function BUILDGLOBALINDEX(db)

2: Group trajectories in db into multiple buckets based on the first points

3: for each bucket do

4: Group trajectories in bucket into multiple sub-buckets based on the last
points

5 The trajectories in each sub-bucket form a partition
6 end for

7: Build R-Tree TY;,s using the first points

8 Build R-Tree T}, using the last points

9: return partitions, Tirst, Tlast

10: end function

2.4.2 Local Index

We create a tree-like structure for each global partition to index the trajectories
within it. To construct the root MBR that covers all points, we choose pivot points
from the trajectories along with their start points and end points. In the second level
of the R-Tree, we group the start points into sub-MBRs, which become the children
of the root node. The third level of the tree consists of MBRs that cover the end
points of the trajectories.

The subsequent levels of the tree consist of MBRs that cover the pivot points
1,2,...,n of the trajectories. A pivot point is defined as a point of inflection. Given
a trajectory 7, for any three consecutive data points A, B, C', we measure the angle
formed by these points L ABC' in radians. The value 7 — L ABC' is the weight for
point B. A large weight indicates that B is a pivot point of 7. Figure 2.9 provides
an illustration of constructing local indexes, while algorithm 6 below presents the
corresponding pseudo-code.

In this example figure 2.8, we locate the pivot points of each trajectory. For

example, trajectory 1 has only 1 pivot point with a maroon color. The angle formed
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by the point Fi, the pivot point, and the point after it is greater than a certain
threshold such that if we remove the pivot point, the shape of the trajectory will be
affected. Therefore, we use it in the local indexing step. Trajectory F} also contains
a non-pivot point. Since the angle formed by the non-pivot point, the point before
it, and the point L, is relatively straight, therefore, removing it will not affect the

shape of the trajectory. We continue to identify the pivot points of the remaining

trajectories using the point of inflection strategy.

O First / Last point
. Pivot point
O Non-pivot point

Figure 2.8: Pivot point selection using the example in figure 2.5.

After identifying the pivot points, for each partition, we construct a local index
based on the pivot points of the trajectories stored in that partition. The local index
is a tree-like structure where the second level of the tree contains the first points
of the trajectories, the third level contains the last points, and each level after that
contains the i** pivot point of the trajectories. Similar to the global indexing step,
each node in the local index tree forms an MBR that groups the neighboring points
together. The constructed local indexes from figure 2.8 are illustrated in the figure 2.9

below. Using the local indexes, we can narrow down the list of candidate trajectories
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by filtering out the trajectories that do not share similar shape.

Local Index of Partition 1 Local Index of Partition 2 Local Index of Partition 3 Local Index of Partition 4
Root Root Root
First point ------.- E:l [ FaFs | EZl
Last Point -------- E—Zl E‘D
First Pivot point -------- |I| EZl P14
SeCoNd PiVOt POINt -« -« ccvverremmaneaeaeaaas. Poo Ezz
Third Pivot POint -« oo P3.3

Figure 2.9: Local indexes of the example in figure 2.5

Algorithm 6 Local Index Construction

Require: partitions: all partitions storing the trajectories

1: function BUILDLOCALINDEX (partitions)

2 for all pt in partitions do

3 Create root node containing all trajectories in pt
4 trajs <— FILTERFIRSTLASTPIVOT(trajectories)
5: LOCALINDEX(trajs, root)

6 end for

7: end function

8:

9: function LOCALINDEX(trajectories, root)

10: p 4+ trajectories. HEAD

11: Group trajectories into multiple buckets based on p
12: for all bucket in buckets do

13: Build a node for bucket using the MBR constructed from p
14: root. ADDCHILD(node)

15: trajs < trajectories. TAIL

16: LOCALINDEX(trajs, node)

17: end for

18: end function
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3 Experimental Results

This chapter examines the experimental outcomes and performance evaluation
of PIMMLI. Section 3.1 presents the experimental setup, hardware specifications,
dataset, parameters setup, and evaluation metrics in our studies. Section 3.2 delves
into our discoveries and assesses the performance of PIMMLI when varying different

parameters in a distributed environment.

3.1 Experiments

3.1.1 Experimental Setup

We compiled PIMMLI using Scala 2.11.12, Java 1.8.0, Maven 3.6.2 and ran the
algorithm using Apache Spark 2.2.0. Spark Engine provides high-level APIs for data
engineering in distributed computing. We also setup a Python script to emulate the
data streaming process. This script generates streaming trajectory files, which are
then stored in a directory monitored by PIMMLI. Each trajectory file comprises a
timestamp, trajectory ID, and trajectory points separated by forward slashes. The
trajectory points are delimited by semicolons, and each data point contains coordi-

nates separated by commas. Below is an illustration of a trajectory data file:

0/38¢c1lc0abl176d4b5f612c42¢7/79.95,232.66;79.99,232.61;79.94,232.65
0/241e648b5c44750a7b184afe /79.91,232.83;79.91,232.83;79.91,232.83

We ran the experiments on the Ukko server at the University of Minnesota-Duluth.
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In addition to that, we also utilized the machines from the Computer Science lab e.g.
csdev02, csdev03, csdev05, etc. as the worker nodes for our distributed computing

network. Section 3.1.2 presents in detail the specifications of these machines.

3.1.2 Hardware

We used the machines provided by the Computer Science Department of the Uni-
versity of Minnesota Duluth. This includes the Ukko server and 9 other machines, i.e.
csdev02, csdev03, csdev05, etc. All machines use Ubuntu version 22.04.3 LTS (Jammy

Jellyfish). The hardware configurations for all machines are listed in Table 3.1 below.

Name CPU RAM

Intel(R) Xeon(R) CPU E5-2690 v4 @ 2.60GHz
ukko 512GB

56 threads (28 cores, 2 threads/core, 2 sockets)

13th Gen Intel(R) Core(TM) i9-13900KF

csdev0d
48 threads (24 cores, 2 threads/core, 1 socket) 32GB
12th Gen Intel(R) Core(TM) i9-12900K

csdev06
32 threads (16 cores, 2 threads/core, 1 socket)

csdev(2

csdev03

csdev0T7

— 11th Gen Intel(R) Core(TM) i7-11700 @ 2.50GHz
csdev08 16GB

—1 16 threads (8 cores, 2 threads/core, 1 socket)

csdev09

csdevl10

csdevll

Table 3.1: Hardware configurations
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3.1.3 Datasets

The Geolife GPS trajectory dataset provided by Microsoft Research Asia includes
GPS data collected from 182 users over a period of more than three years [60, 61, 62].
This dataset captures users’ outdoor activities such as commuting, sports, shopping,
dining, and more. The trajectories were recorded using various GPS devices with
different sampling rates. The dataset comprises 17,621 trajectories covering a total
distance of 750,000 miles, 24.8 million data points, and an average trajectory length
of 1,411 data points. These trajectories were recorded in Beijing, China and are

depicted in Figure 3.1.

I e T B o
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L EEm

Figure 3.1: Visualization of sampled GeoLife GPS trajectory dataset
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3.1.4 Parameters

Table 3.2 and 3.3 list the parameters used in our experiments. The default value
of all parameters are highlighted in bold. When we varied a parameter, the other
parameters were set to their default values. We present further descriptions of these

parameters below.

Parameter Value Description

Ng 4, 8,16, 32, 64 Branching factor of global index
Ny, 4, 8, 16, 32, 64 Branching factor of local index

r 0.25, 0.5, 0.75, 1 | Global index MBRs sampling rate

Table 3.2: PIMMLI parameters

Parameter | Value Description
Ny, 3, 6,9 | Number of workers
Wi 16 Worker memory (GB)

Table 3.3: Apache Spark parameters

Global Index Branching Factor Ng

The global index branching factor N dictates the number of global partitions. As
the global indexing procedure takes in only the first and last points of each trajectory,
the height of the index tree remains constant at 2. Each internal node will possess
a branching factor of Ng, meaning that every node will have N¢ child nodes. Thus,
the space complexity of the global index is O(Ng * Ng). A global index tree with

N¢g = 8 will have at most 64 global partitions.
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Local Index Branching Factor N,

The branching factor N, determines the number of local partitions that PIMMLI
creates for each global partition. Since the local indexing process takes in the first,
last, and pivot points of any given trajectory, the number of local partitions depends
on the height of the index tree and its branching factor Ny. An index tree with height

h and branching factor Ny, will have a space complexity of O(N7}).

R-Tree Sampling Rate r

The R-Tree sampling rate r determines the portion of data points in the database
that will be sampled to create the R-Tree indexes. Using the entire dataset results
in an R-Tree with a large branching factor and smaller MBR coverage area. A small
sampling rate will create a tree with smaller branching factor but with larger MBR
coverage area. This can have a trade-off in terms of indexing time and query time.

A large sampling rate can result in longer indexing time since more data points
will be taken into the tree construction. But this also results in a denser tree, which
can lead to more similar trajectories being in the same MBR. This can ultimately
allow the query to filter out the non-candidate trajectories. A smaller sampling rate
can lead to a smaller indexing time but ends up with large MBRs that contain both

candidate and non-candidate trajectories, which will slow down the querying process.

Number of Spark Workers N,

The parameter N, determines the number of worker nodes within the distributed
system. Adjusting N,, involves a trade-off between query time and index time. By
increasing the number of workers, the query time can be reduced as data partitions

on worker nodes are disjoint. As long as data are evenly distributed among work-
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ers, adding more nodes can decrease the workload of query operations. However,
increasing NV, may lead to a longer indexing time due to the communication required
between all nodes during the indexing process. Consequently, adding more workers

can introduce additional overhead to data partitioning.

3.1.5 Evaluation Metrics

We evaluate the indexing time and query time of PIMMLI, DITA, and the brute
force approach through range and join query operations. In our range query ex-
periment, we streamed 300 batches, each consisting of 30-90 data points for each
trajectory. For the join query experiment, we streamed 20 batches of trajectory data,
with each batch containing 30-90 data points for each trajectory. Each experiment
was repeated 5 times, and the average index, range query, and join query times were
calculated to derive the final result. The experimental results are reported by calcu-

lating the cumulative execution time in milliseconds and presented in section 3.2.

3.2 Results

3.2.1 Impact of Global Index Branching Factor Ng

We evaluate PIMMLI and DITA in terms of the indexing and query time when
varying the number of global partitions Ng. We pick Ng = {4,8,16,32,64} as the
values for Ng and perform the experiment using range and join queries.
3.2.1.1 Range Query

Figure 3.2 shows that Ng has an effect on the range query time of PIMMLI.

Setting N = 8 produces the best result for range query. Any value smaller or larger
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than this results in higher range query time. This result shows that Ng should not
be too small or too large in order to achieve the most optimal performance. Ng = 64

results in approximately 10.52% higher query time compared to Ng = 8.
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Figure 3.2: Cumulative Range Query Time of PIMMLI when Varying Ng

We also measure the query time of PIMMLI and DITA under different settings
of Ng. Figure 3.3 shows that the performance of both algorithms in terms of query
time are mostly similar. In all experiments that we conducted in Figure 3.3, DITA
has a shorter query time compared to PIMMLI. The difference becomes bigger when
we increase Ng above 8. However, the difference is negligible since DITA has only
1.18% performance improvement compared to PIMMLI on average. Both algorithms
outpeformed the brute-force approach in all test cases and are approximately 14.18X

faster than the brute-force method.
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Figure 3.3: Cumulative Range Query Time of PIMMLI and DITA when Varying
Ng

3.2.1.2 Join Query

Figure 3.4 shows that N has an effect on the join query operation. The parameter

Ng = 4 produces the best result for join query. Increasing N¢ also increases the join
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query time of PIMMLI. The figure shows that larger value of Ng results in bigger
join query time e.g. Ng = 64 has the highest query time among all testing values.

N¢g = 64 has approximately 17.61% higher query time compared to Ng = 4.
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Figure 3.4: Cumulative Join Query Time of PIMMLI when Varying Ng

Figure 3.5 shows that the performance of both algorithms in terms of join query
time are mostly similar. In the join query experiments that we conducted in Fig-
ure 3.5, PIMMLI performs 3.99% better than DITA with join query. However, both
algorithms underperformed significantly compared to the brute-force approach. The

exhaustive search is 3.63X faster than both PIMMLI and DITA.
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Figure 3.5: Cumulative Join Query Time of PIMMLI and DITA when Varying Ng

3.2.1.3 Index Time

Our experiment shows that Ng = 4 has the lowest indexing time in Figure 3.6. As

we increase the value of the branching factor, the indexing time also increases. This
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is expected because increasing Ng will also increase the number of global partitions
which introduces additional overhead in the indexing phase. We found that Ng = 32
has the highest index time, approximately 25.66% higher than that of Ng = 4, which
is about 746 seconds difference in cumulative time at batch 300. In addition, because
PIMMLI uses predictive indexing, this allows the indexing process to execute less
frequent than DITA. Figure 3.7 shows that PIMMLI outperformed DITA in terms of

index time by approximately 27.43%.
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zoom

106 4

295.0 297.5

105 4
DITA(Ng = 4)
DITA(Ng = 8)
DITA(Ng = 16)
PIMMLI(NG = 4)
PIMMLI(Ng = 8)
PIMMLI(Ng = 16)

104 4

Cumulative Index Time (milliseconds)

0 50 100 150 200 250 300
Batch

Figure 3.7: Cumulative Index Time of PIMMLI and DITA when Varying Ng

40



3.2.2 Impact of Local Partitions Ny,

In this experiment, we study the effect of the value of local index branching
factor N on the query operations and the index time. We use 5 different values for

N =1{4,8,16,32,64} and discuss our findings below.

3.2.2.1 Range Query

Figure 3.8 shows PIMMLI’s cumulative range query time that we obtained from
varying N;, = {4,8,16, 32,64} while setting the default value for other parameters.
The result that we obtained did not show significant relationship between Ny and
the query time. In this experiment, N;, = 16 results in the highest query time,

approximately 6.1% slower, while N;, = 32 produces the shortest query time.
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Figure 3.8: Cumulative Range Query Time of PIMMLI when Varying N

Figure 3.9 compares the performance of PIMMLI against DITA under different
values for Np. We found that both PIMMLI and DITA have very similar performance
when performing range query operation. This result is consistent with their perfor-

mances when varying Ng in 3.2.1.1. An explanation for the similarity of these per-
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formances is that range query operation is not computationally expensive. Therefore,
any differences in the performance of these algorithms are negligible. We compared
the performance of PIMMLI against DITA at each batch and found that PIMMLI
is 0.96% faster than DITA on average. In addition to that, both algorithms outper-

formed the exhaustive search by a factor of 13.97X.
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Figure 3.9: Cumulative Range Query Time of PIMMLI and DITA when Varying
Ny,
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3.2.2.2 Join Query

In the join query experiment, we found that as the number of batches gets bigger,
Ny, also has a stronger effect on the query time of PIMMLI. As we double the value
of Ny, the query time also increases by 2.69% on average. N; = 64 has the longest

query time, approximately 8.9% longer than N; = 4.
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Our experiment also compared the performance of PIMMLI against DITA and
the exhaustive search method. We found that in all cases, PIMMLI offers a slightly
better performance than DITA. Our experimental result shows that PIMMLI is 3.69%
faster than DITA. Although PIMMLI offers a very small improvement, it is worth
noting that at batch 20, this equates to about 29 seconds difference in the cumulative
query time between both algorithms. In addition to that, our result shows that
the exhaustive search method outperformed both PIMMLI and DITA by an average
factor of 2.41X.
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3.2.2.3 Index Time

Our experiment shows that Ny = 8 results in the lowest indexing time according

to Figure 3.12. It seems that N does not have any strong correlation with the index
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time. In addition, we found that N; = 4 has the highest index time and N, = 8
offers the lowest index time. N; = 4 is approximately 33.19% slower than N;, = 8 on
average, which amounts to 941 seconds at batch 300. Finally, we compared the index
time of PIMMLI against DITA and presented the result in Figure 3.13. We found
that PIMMLI offers a lower index time than DITA, outperformed the non-predictive

version by approximately 27.74% on average.
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3.2.3 Impact of Sampling Rate r

We investigate the effect of the value of R-Tree sampling rate r on the algorithm.
Varying r can effectively alter the structure as well as the denseness of the index tree,
thus affecting the query and index time. In this experiment, we use 4 different values

for r = {0.25,0.5,0.75,1} and present our findings below.

3.2.3.1 Range Query

We conducted the experiment to measure range query time of PIMMLI by varying
r = {0.25,0.5,0.75,1} and presented our findings in Figure 3.14 and Figure 3.15.
From the figure, we found that r does not have strong correlation with the query
time. However, as we discussed previously, a low sampling rate could result in a
tree with larger MBRs, which has shorter index time but with longer query time.
The experimental result from Figure 3.14 supports our hypothesis. In addition to
that, a denser tree seems to give better performance. All other values of r that we
experimented have lower query time compared to r = 0.25. A sampling rate of 0.25

is roughly 13.96% slower than r = 0.5 on the GeoLife dataset.
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The performance comparison analysis between PIMMLI and DITA indicates that

both algorithms have similar performance, with a variance of roughly 0.7% on average.

In addition, both PIMMLI and DITA outperformed the exhaustive search method by

a factor of 14.56X, which amounts to a difference of 354 seconds in cumulative query

time at batches 300.

Cumulative Query Time (milliseconds)

Cumulative Query Time (milliseconds)

105 4

104 4

103 4

102 4

zoom

290 295

Exhaustive(r =0.25)
DITA(r=0.25)
PIMMLI(r = 0.25)

50

100

150 200 250 300
Batch

105 4

104 4

103 4

102 4

Zzoom

290 295

Exhaustive(r=0.75)
DITA(r=0.75)
PIMMLI(r = 0.75)

50

100

150 200 250 300
Batch

Cumulative Query Time (milliseconds)

Cumulative Query Time (milliseconds)

105 4

104 4

103 4

102 4

zoom

290 295

Exhaustive(r=0.5)
DITA(r=0.5)
PIMMLI(r=0.5)

100

150
Batch

200 250 300

105 4

104 4

103 4

102 4

zoom

290 295

Exhaustive(r=1)
DITA(r=1)
PIMMLI(r=1)

100

150
Batch

200 250 300

Figure 3.15: Cumulative Range Query Time of PIMMLI and DITA when Varying

r

3.2.3.2 Join Query

For this experiment, we measured the run time of join query when testing different

sampling rates. Our experimental result shows very similar performance of the join

query regardless of the choice for r. Figure 3.16 shows that » = 1 seems to give the



best overall performance as opposed to » = 0.75. This is what we expect based on
the discussion in 3.1.4. For r = 1, PIMMLI will sample the entire dataset to create
the MBRs of the index tree, which can create a very dense tree with small MBRs.
This can ultimately filter out any MBRs that contain non-candidate trajectories and
reduce the execution time of the query. Our result shows that r = 1 is approximately

4.86% faster than r = 0.75.
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Figure 3.16: Cumulative Join Query Time of PIMMLI when Varying r

We also studied the performance of PIMMLI against DITA and the exhaustive
join query. Figure 3.17 shows that PIMMLI has a similar performance compared
to DITA. In addition, DITA’s execution time seems to rise faster than PIMMLI as
the database gets larger from our observation on the figure below. We calculated
the performance of both algorithms and found that PIMMLI is 4.86% faster than
DITA, which is approximately 381 seconds difference at the final batch. However,
both algorithms significantly underperformed compared to the brute-force method

by a factor of 2.18X.
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3.2.3.3 Index Time

We studied the effect of r on index time. The result that we obtained was expected
from the previous discussion. As we increases r from 0.25 to 0.75, the index time also
increases. This is because using more sampled data points can result in a denser
tree with more MBRs. This can lead to higher index time. However, figure 3.18
shows that » = 1 has the lowest index time. This is due to the size of the GeoLife
dataset is not sufficiently large. Therefore, using the entire dataset for indexing is
more cost-effective than performing random subsampling.

Next, we compared the index time of PIMMLI against DITA. The result from

Figure 3.19 shows that PIMMLI has lower index time than DITA regardless of the
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choice for the sampling rate r. In addition, we computed the average execution time

and found that PIMMLI is 27.99% faster than DITA in terms of index time.
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3.2.4 Impact of Spark Workers N,

In this section, we discuss the performance of PIMMLI and DITA when changing
the number of Spark workers in our distributed network. We measure the performance
of both algorithms using N,, = {3,6,9}. Each worker has 16G of memory and is

physically located close to one another.

3.2.4.1 Range Query

Figure 3.20 shows that the query time decreases as we increase the number of
workers. Our experimental result shows that doubling the number of workers reduces
the query time of PIMMLI by approximately 4.59%. This result is in line with
what we discussed previously in section 3.1.4. Since trajectory search operations are
independent of each other, increasing the number of workers can, in turn, decrease

the query time.
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Figure 3.21 presents a comparison of the range query time of PIMMLI against
DITA. Both algorithms exhibit very similar performance. PIMMLI is only 0.86%
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slower than DITA. Furthermore, both algorithms outperformed the brute-force query
method by a factor of 16.79X.
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Figure 3.21: Cumulative Range Query Time of PIMMLI and DITA when Varying
Ny

3.2.4.2 Join Query

Next, we studied the effect of N,, on the execution time of join query. The result
that we obtained is also in accordance with the result of range query. As we increase
the number of worker nodes, the join query time decrease by approximately 12.8% on
average. In addition to that, the effect seems to diminish when N,, is above 6. We then
compared PIMMLI against DITA and the exhaustive method. Both PIMMLI and

DITA have very similar join query performance. However, they all underperformed
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the exhaustive search by a factor of 1.91X.
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3.2.4.3 Index Time

Finally, the result from Figure 3.24 shows that the index time increases as we
increase the number of Spark workers. The effect of N, on the index time starts
becoming more evident when the amount of indexed batches gets larger. Our result
shows that increasing N,, will increase the indexing time of PIMMLI by roughly
8.94%. This result is in accordance with what we expect from the previous discussion.
Since the index phase requires communication between every node in the network,
increasing N,, introduces additional overhead in the distributed system, which can,

in turn, increase the index time of the trajectory data.
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Figure 3.24: Cumulative Index Time of PIMMLI when Varying N,

Lastly, figure 3.25 shows that N,, has a proportional effect on the index time of
both algorithms. However, PIMMLI is approximately 29.22% faster than DITA in
terms of index time. This is because PIMMLI uses predictive modeling during the
index phase, which allows the size of the MBRs to capture the unseen future points
a few steps ahead. This can ultimately allow PIMMLI to perform the data indexing

less frequent than DITA.
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4  Conclusions & Future Work

In this chapter, we summarize the experimental results from Section 3.2 and out-

line future work to conduct more in-depth analyses and improvements on PIMMLI.

4.1 Conclusions

o We introduced PIMMLI, the first predictive trajectory analysis algorithm that
predicts future points for data indexing. PIMMLI is highly scalable by using
Apache Spark — a framework for large-scale data processing in distributed
streaming environments. PIMMLI implements an R-Tree data structure to

index the spatial trajectories from the data stream.

e In addition, PIMMLI builds multiple predictive models for each trajectory to
predict their future points. This allows it to expand the minimum bounding
rectangles (MBRs) that cover the data points ahead of time, which can reduce
the index time significantly. However, this can also creates a trade-off between
time and space complexity. A larger MBR can encompass a greater number
of data points within the trajectories, enabling less frequent data indexing.
However, this may lead to an imbalance indexing, where one partition contains
more trajectories than another. This can ultimately affect the performance of

a query.

o Both PIMMLI and DITA outperformed the exhaustive search method in range
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queries by a factor of 14.88X. However, we noticed that both algorithms un-
derperformed significantly compared to the exhaustive method in join queries.
This could be because we conducted the experiment with only 20 batches due
to the high cost of join query. Therefore, the data that we collected was not
enough to reflect the correct performance of PIMMLI and DITA against the

brute-force method.

Range and Join Query

The choice of Ng depends on the selected dataset and has some effects on the
range query time. Picking a small value for Ng seems to result in better perfor-
mance. We observed that an optimal choice for Ng can reduce the query time
by approximately 9.52%. However, Ng does not have a strong improvement on

join query time.

We observed an average improvement of 5.74% when selecting an optimal value
for Np. We found that picking a large value for Ny can result in the best
performance for range query. A value of Ny = 32 has the best performance for
range queries at every batch iteration during our experiment. However, that
effect diminishes as Ny, gets too large. In the join query experiment, we found

that N does not have strong effect on the query time.

We conducted an experiment to study the impact of the random sampling rate
r and found that an optimal value for r can reduce the range query time by
roughly 12.25% using the GeoLife dataset. We observed that r = 0.5 achieve
the best overall performance. A low value for r will result in an R-Tree with low

branching factor. This has a poor performance on the query time because both
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of the candidate and non-candidate trajectories can fall into the same MBR.
As for the join query, » = 1 gives the best performance, approximately 4.86%

faster than the non-optimal choice for » = 0.75.

Last but least, because queries can be executed on the partitions independently,
we expect that increasing the number of worker nodes can, in turn, decrease
their query time. Our experiments confirmed this. As we increase the number of
nodes, the range and join query time decreases by 4.59% and 12.8% on average,
respectively. However, we also noticed that the effect is smaller when N,, is

larger than 6.

Trajectory Indexing

Firstly, we observed that a small value for Ng seems to give the lowest indexing
time. This is because increasing N¢ also increases the number of global parti-
tions, which will introduce additional overhead. As a rule of thumb, N should

be set to a small value for an optimal index time.

Secondly, we found that picking N; = 8 gives the most optimal index time. A
local branching factor that is either too small or too large will result in very

high index time, approximately 33.19% higher than when N; = 8.

Thirdly, the random sampling rate r has a strong effect on the index time.
As we increase the sampling rate, the index time also increases, respectively.
However, we noticed that » = 1 gave the lowest index time. This is because our
experimental dataset GeoLife is not large enough. Therefore, using the entire

dataset to build the MBRs gave the best performance.
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o Fourthly, we measured the index time as we vary the number of worker nodes.
We found that the value of N,, is positively correlated with the index time of
PIMMLI. Setting N,, = 3 gives the most optimal performance and the index

time increases roughly 8.94% every time we add 3 more nodes into the network.

o Lastly, PIMMLI has a significant lower index time compared to DITA. This is
because PIMMLI employs a predictive indexing technique that allows expanding
the coverage area of the MBRs ahead of time. This allows the algorithm to
rebuild the R-Tree less frequent than DITA. In all experiments, we found that
PIMMLI is roughly 28.10% faster than DITA in terms of indexing time on

average.

4.2 Future Work

o We introduced PIMMLI, the first trajectory analysis algorithm that uses pre-
dictive modeling to reduce the index time. We implemented a simple trajectory
prediction model and reduced the index time by roughly 28.10%. It maybe
interesting to analyze the performance of more complex predictive models to

study the trade-off between the accuracy and the index time.

o By predicting the future points of the trajectories, PIMMLI can expand the
area of the MBRs that are covering these trajectories. Even though this helps
reduce the index time, it is important to note that this can affect the space
complexity of the algorithm. It may also be interesting to study the trade-off

between time and space complexity.

» Next, it may be interesting to compare PIMMLI against other state-of-the-art

trajectory analysis algorithms to further understand the benefits and drawbacks
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of predictive modeling in trajectory indexing.

Next, we mentioned the use of different similarity measures in trajectory analy-
sis algorithms in subsection 1.1.3. PIMMLI uses DTW to measure the similarity
between two trajectories. It may be interesting to see how the algorithm per-

forms when using other existing similarity metrics.

Finally, the development of a distributed trajectory analysis algorithm is a very
important task. One advantage of distributed systems over centralized systems
is the vertical and horizontal scalability. However, distributed systems often
come with network overhead compared to centralized systems. We saw this
affecting the performance of PIMMLI in 3.2.4 in which increasing the number
of nodes can reduce the query time but at the same time, increase the index
time. It may be interesting to conduct further experiments to study PIMMLI
in both environments and address the benefits as well as the drawbacks of the

two computational systems.
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