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Abstract

With the proliferation of the Internet of Things (IoT) infrastructure, the trajectory data
is dynamically emerging. This data originates from a variety of moving objects, con-
taining big volumes of multi-dimensional information such as space, time, seman-
tics etc. The underlying information can be potentially applied to create added value
through scienti ¢ research, decision-making, emergency management etc.

However, due to the special properties of the trajectory data, namely high frequency,
cardinality, dimensionality, heterogeneity etc., traditional data management systems
face dif culties in handling such data. Even though some distributed solutions or big

data solutions exist in other elds, they are not designed considering the modelling, ac-
cessing, distributing and querying characteristics of this special spatio-temporal data.

Given the spatial data management problems, a clustering/indexing solution for high
dimensional Point Cloud (PC) by Space- lling Curve (SFC) considering the hetero-
geneous data spatial distribution has been developed, advocated and validated by a
series of research nished at the Geo-Database Management Centre (GDMC), Delft
University of Technology (TU Delft).

However, it is uncertain whether the framework can be extended to other types of
space-related phenomena. Furthermore, whether distributed database techniques can
be utilized remains to be explored and what adjustments should be made is still un-
clear. To some extent, this thesis is an expanded study based on the PC research men-
tioned above.

To address these data management challenges, this thesis focuses on trajectory data
modelling and compression, indexing and clustering, partitioning and distributing.
Also, the querying strategies are studied. More speci cally, the three main results of
this thesis are:

(1) Model the trajectory as the sequence split by semantic attributes and spatio-
temporal cube. This modelling takes the proximity (locality) preservation and tra-
jectory preservation into account at the same time, resulting in a balanced level of
exibility and aggregation, mitigating the storage burden by row-wise compression.
For different subdivision resolutions (depth of Octree for space partitioning), the com-
pression ratio can be up to 10.

(2) Access the trajectory data by SFC. The SFC indexing method maps the 3D (high
dimensional) indices to 1D (low dimensional) indices, overcoming the contradiction
between high dimensionality and high cardinality. Adaptive Octree is used to mitigate
the heterogeneity of the trajectory data. Based on the experiment results, the optimal
tree depth is 4 or 5. The query optimization (speci cally, the range merging technique)
is also preliminarily explored.
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(3) Distribute the data on the distributed machines . This distributed deployment
results in higher (nearly linearly in the experiment) scalability (horizontal expansion of
disk, memory and Central Processing Unit (CPU) resources) and speed-up. The SFC-
based distributing strategy results in a better load-balancing. However, due to the lack
of exibility of the distributed database platform used (speci cally, Greenplum), the
localization of data and computation (such as local aggregation) is limited.
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This chapter gives an introduction to this thesis.

Section 1.1 introduces the background: more and more trajectory data are collected,
different kinds of applications are emerging and new data management technologies
are evolving. This section proves the signi cance of this thesis.

Section 1.2 introduces the previous researches done at GDMC, TU Delft: SFC is used to
manage multi-dimensional data, histogram tree is used to deal with the uneven data
spatial distribution and convex polytope is used to do shape querying. This section
gives the contexts (management of PC, a similar spatial data to trajectory) for this the-
Sis.

Section 1.3 presents the motivation: the dif culties in managing trajectory data because
of its properties, the objectives of the solutions and the scope of this thesis while less-
relevant contents are omitted.
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Section 1.4 comes up with the main research question and sub-questions based on the
previous discussions: how to model trajectory data, how to access trajectory data and
how to distribute (deploy) trajectory data.

At the end of this chapter, Section 1.5 gives a comprehensive outline of the thesis and
a reading guide for the readers.

1.1. Research Background

1.1.1. Emergence of Trajectory Data

With the advancements in mobile 10T infrastructure and the popularization of corre-
sponding devices, massive amounts of various spatio-temporal data are emerging, col-
lected and stored, indicating the advent of the big data era in the eld of Geographical
Information System (GIS) (L1, ). Among them, trajectory data (shown and de ned
in Figure 1.1) of moving objects (such as vehicles, humans ( , ), animals
etc.) collected by the Global Navigation Satellite System (GNSS), Global System for
Mobile Communications (GSM) etc., is uniquely valuable because of the large amount
of information it contains ( , ).

(a) Continuous Sequences (b) Discrete Points

Figure 1.1. Trajectory Data De nition: a trajectory is a sequence of 3D or nD points in
3D(X, Y, T) or nD(X, Y, Z, ..., T) spatio-temporal domain, each point may
have some attributes as semantics such as the work state. For consecutive
points, these state attributed may be the same, resulting data redundancy.

Generally, a trajectory is a continuous line in the space (shown in Figure 1.1(a)). How-
ever, due to the discrete nature of the sensing and storing processes ( ,

), the trajectory is always recorded as a series of discrete points (shown in Fig-
ure 1.1(b)). Different understandings of the trajectory may lead to different models.
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1.1.2. Abundance of Trajectory Applications

The underlying information of the trajectory data has potential applications in scien-
ti c research (e.g. migratory patterns of animals), decision-making (e.g. road net-
work optimization), emergency management (e.g. emergency responses for traf c ac-
cidents), and particularly real-time applications (e.g. autonomous vehicles), for added-
value extraction ( : ; , ; , ).

(a) 15-minute City Quanti cation, adopted (b) Traf c Condition Identi cation,
from ( ) adopted from TomTom

Figure 1.2. Trajectory Data Applications: in Sub- gure(a), the 15-minute city quanti -
cation is done by analysing the time cost of travelling from a district to
other spaces by mobile phone data. In Sub- gure (b), the traf ¢ conditions
are identi ed using real-time GPS positioning of vehicles.

For example, mobile phone data can be used to quantify crowd activity behaviour
(shown in Figure 1.2(a)) to support the speci cation of urban planning policies and
designs ( : ). Or, the real-time trajectory data of vehicles can be used
to identify traf ¢ junctions (shown in Figure 1.2(b)) to remind relevant departments or
drivers to respond in time.

1.1.3. Limitations of Centralized Solutions

However, due to the special properties of the trajectory data (detailed in Sub-section 1.3.1),
there are dif culties in trajectory data management. Speci cally, it faces limitations
related to query types, access speeds, storage, scalability and more ( ,

). This seriously hinders the added-value extraction through data analysis or min-
ing technologies.

Although the storage burden can be solved by horizontally extending inexpensive stor-
age media (the data is stored in blocks of les), the query side: the retrieval speed and



1. Introduction

reproduction of trajectory data is still limited by the large size and complex structure
of the trajectory data, especially in the real-time environment.

Figure 1.3. Data Management Solutions: traditional single-node Database Manage-
ment System (DBMS) is unable to t with the huge amount of data. The
new multi-node DBMS could deal with a bigger size of data.

To cope with the query, computation and analysis of massive data, distributed data
storage and computation, iconic products represented by GFS ( : ),
Bigtable ( , ) and MapReduce ( , ), shown in
Figure 1.3(b) are gradually replacing traditional centralized strategies, with Apache
Hadoop and Massively Parallel Processing (MPP) ecosystems as the dominant ones.
While Hadoop is suitable for high-throughput applications, MPP is more suitable for
low-latency applications ( , ).

Although these technologies can be well applied in industries such as the Internet and
Finance, actions to expand them to the eld of GIS are still progressing. Consider-
ing the characteristics of trajectory data (non-structural, dynamically evolving, multi-

dimensional, strict order for temporal dimensions etc.), itis still necessary to reconsider
multiple aspects adapted to trajectory data, such as modelling, accessing, distributing
etc. These functionalities are not directly embedded in distributed database products.

1.2. Research Context

Starting from (external) le-based methods ( , ; , ), a
series of DBMS researches and solutions (Liu, ) for high dimensional PC have been
developed at the GDMC, TU Delft (Liu, ). Some applications such as visualization
( , ), ood risk analysis ( , ) and web-based data transmission
( , ) have also been validated.

The trajectory data shares certain similar properties with the PC data, and some initial
attempts to extend the PC solutions to the trajectory data have also been explored

( : : : ; , ; L, ). PC
solutions may be a useful starting point and foundation for trajectory management
research. The latest relevant results are introduced below.
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1.2.1. PlainSFC Solution for Point Cloud

As for the PC solution, the initial idea is to encode (integrate) the organizing dimen-
sions (usually the spatial dimensions (X, Y, Z) and temporal dimension T) to SFC codes
(usually the Morton or Hilbert curves are used) after offsetting and scaling. The codes
themselves represent the exact dimension values (decoding is needed) and also func-
tion as the indexing keys with 1D indexing methods such as Balanced Tree (B-Tree) or
Block Range Index (BRIN) for data organization.

Figure 1.4. PlainSFC Solution for Point Cloud: recursively partitioning the extent of
data according to SFC regions to match different query geometries, for se-
lecting data in the index-organized table, adopted from ( ).

The typical application is to query the data by a shape: given the implicit relationship
between the SFC code and the n-Dimensional Partitioning Tree (Quad-tree in 2D while
Octree in 3D), the shape querying process is a traversal of the tree and testing the over-
lapping relations of the shape and cells (nodes), approximating the shape, resulting in
a list of ranges (a range represents the left and right extremes of the code). This whole
methodology is called the PlainSFC solution.

1.2.2. HistSFC Solution for Point Cloud

Despite the good performance for evenly distributed data, PlainSFC encounters per-
formance bottlenecks when dealing with in-homogeneously distributed points, partic-
ularly in higher dimensions (when also integrating other dimensions in the SFC code
such as R, G and B of the colour information). It is unnecessary to re ne the hyper-cells
where there is no data or nearly no data as the CPU costs of overlapping tests in higher
dimensions are high and numerous empty ranges are generated.

To address these challenges, the HistSFC solution is introduced which involves an nD-
histogram tree (it could be called adaptive Quadtree in 2D and adaptive Octree in 3D)
that optimizes space decomposing according to point density ( : ). When
overlapping tests are performed on sparse data areas, early pruning of the tree can be
performed, reducing the generation of vacant ranges, and thereby enhancing querying
performance ( , ).
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Figure 1.5. HistSFC Solution for Point Cloud: it records the count of points inside an
nD node. If the count exceeds a threshold, i.e., the capacity of a leaf node,
then the node is decomposed, adopted from ( ).

1.2.3. Convex Polytope Query Approach

When it comes to the details of the overlapping tests, several spatial relation-checking
methods between convex polytopes (represented by a set of half-spaces) with the nD
boxes are also proposed.

Figure 1.6. Convex Polytope Query Approach: The white nodes are outside, green
nodes are inside and red nodes are on the boundary, adopted from
( ). The process is to re ne the shape one level by one level.

The intuitive approach is to test the relationship over all the vertices of the nD box and
the half-spaces. However, this would lead to a high CPU cost in higher dimensions
as the number of the half-spaces and the number of vertices in higher dimensions are
all high. Another approach is to check the circumscribed circle of the box with all the
half-spaces, therefore, there is no need to traverse all the vertices. However, this would
lead to a large amount of unneeded data retrieval in higher dimensions.

Other indeterministic methods are also proposed to promise a signi cant reduction in
false positives and enhanced query performance through adaptive strategies tailored
to the dataset's distribution ( , ).
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1.3. Research Motivation

To some extent, this thesis is a continuation of many previous works mentioned above.
Based on a similar direction, different models are used for different geographical phe-
nomena and implemented on different platforms (distributed databases).

1.3.1. Research Di culties

Although the technology to deal with non-spatial big data (such as nancing, market-
ing or multimedia) is quite mature. The main dif culties arise from some properties of
trajectory data (spatio-temporal data).

High Frequency: Trajectories are generated with high frequency and dynamism. Tak-
ing taxi data as an example, for 1 taxi, there may be 1 record per second. Assuming
there are 3000 taxis in a city, on the one hand, every second, there would be 3000 (inser-
tions) transactions into the database, which would be a big burden due to the poten-
tial performance degradation due to contention between high-frequency data insertion
and concurrent data queries.

High Cardinality:  On the other hand, The high frequency also directly leads to 60
60 8 3000= 8.64 10’, eighty million records per one day (Assume the driver
would work 8 hours a day) which is a huge size. The high cardinality does not only
represent the size of the data. Assuming that the accuracy of the data is 1m in space
and 1sin time, and all data are within a range of 10 km by 10km by 24h space, then
the possible choices of spatio-temporal coordinate might be 10000 10000 60 60
24= 8.64 102 eight trillion choices. This makes some traditional indexing methods
(such as Bitmap) less ef cient or even impractical due to the vast number of potential
index entries.

High Dimensionality: Even only considering the 2D space and the 1D time together
(in a 3D) would lead to such a sparse data distribution ( (8.64 107)/ (8.64 10'?) =
10 ®) while the vast majority of the potential data space is empty. When more dimen-
sions such as (speed, direction, state etc.) are added, the curse of dimensionality occurs
reducing the selectivity. The selectivity is especially degenerated when querying by the
condition involving multiple dimensions, nearly all irrelevant data would be loaded

to be checked.

High Heterogeneity:  This is mainly the properties of the space-related phenomenon
which means the data may be unevenly distributed in the space. Usually, the spatial
homogeneity (spatial auto-correlation) of space-related data is used for data clustering
(storing similar data that are more likely to be queried simultaneously in adjacent data
storage media) to improve data selectivity, however, this is not the case for distributed
database as data must be partitioned and distributed. In addition, trajectory data is
different from PC data since there may be strong connections between points on the
same trajectory, the locality preservation used to block neighbour points for PC data is
not enough as there is also trajectory preservation.
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Other properties of the data such as uncertainty, dirty (noise data), real-time, multi-
sourced, multi-structured, and multi-scaled are not the main concerns in this thesis,
although they may be differently important in different application scenarios, they are
excluded from the scope of this research.

1.3.2. Research Objectives

This research is aimed to explore the possibilities to extend the distributed technologies
for trajectory data management. Speci cally, this research will be motivated to reduce
the pressure of data storage, accelerate the speed of data queries, and balance the space
and time complexity, as well as the complexity of developing and programming (for

the ease of database administrators).

Time Aspect: The main focus is on enhancing the query (especially spatio-temporal
related ones such as selection by polytope) speed, meeting the client's demands.

Storage Aspect: Though not the primary focus, the research aims to minimize the
redundancy in the original data, exploring compression strategies for ef cient storage.

Complexity Aspect: Based on Occam's Razor principle?, the resultant systems should
be simple and easily understandable. For instance, intricate algorithms may bene tin
a small domain but sacri ce the generality and make the solutions complex and hard
to maintain, increasing the development cost which is not optimal from the software
engineering perspective ( , ).

1.3.3. Research Scope

This research is mainly divided into two parts: scienti ¢ research and engineering im-
plementation. The engineering implementation as the basis of everything includes
database deployment, Python-DBMS interface implementation, and basic applications
such as visualization. From the scienti ¢ research perspective, a certain degree of dis-
cussions of the theories of spatio-temporal data, distributed database systems and SFC
are given, leading to the main concepts and the engineering decisions.

Detailed system parameters like tuning disk allocation for swap, and cache size for
instance etc. in the production environment with extremely large volumes of data is

not included due to time and device limitations. Since experiments are held in the vir-

tual environment with a subset of data, this research would not focus on the absolute
speed due to the different hardware and software environments (The interfaces imple-
mented in compiling language and Python must not be comparable). However, the
relative scale-up or speed-up due to the different virtual resources, different task sizes
and different data-distributing strategies will be tested.

10ccam's razor is the problem-solving principle that recommends searching for explanations con-
structed with the smallest possible set of elements.
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The geometrical and semantic information of the trajectory is the rst concern while
the topology is less concerned in this study. In some other studies, the trajectory data
could be organized in graph form, but are not relevant here. Cleaning and re ning the
data and correcting for outliers are also outside the scope of this study. This study only
focuses on data management and retrieval-related queries while the complex (compu-
tationally intensive) operations for data mining such as iterations (take the k-means
algorithm as an example) and recursions are also not included. In addition, only the
trajectory data is taken into consideration, in the multi-source data case: spatial joins
done between several tables are not included.

1.4. Research Question

Based on the above discussions, the main question and sub-questions are proposed.

Main Question: What is the potential of integrating the SFC accessing methods and dis-
tributed databases for the ef cient management of trajectory data with a huge volume?

1.4.1. Sub-question 1: Trajectory Modelling

How to perform the trajectory modelling? Is it better to model it as a sequence instead of a point
cloud or grid?

1.4.2. Sub-question 2: Trajectory Accessing

How to perform the spatial accessing? Is it possible to use the SFC to do indexing and clustering
with data awareness for a better querying performance?

1.4.3. Sub-question 3: Trajectory Distributing

How to perform data distributing in distributed DBMS? Is it possible to use the SFC to do so
and what are the potential bene ts? Will the speed-up and scale-up of distributed databases be
guaranteed?

1.5. Thesis Outline

1.5.1. Thesis Organization

Chapter 1 introduces this thesis, including research background, context, motivation
and the posed research questions.
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Chapter 2 gives the theoretical background of the thesis and the general concepts that
should follow. These discussions explain the reasons for many engineering decisions
in the later parts.

Chapter 3 gives the literature review, including the modelling, accessing and distribut-
Ing, some existing counterparts, and the discussions based on them.

Chapter 4 gives a quick description of the methodology for an immediate impression
including how to model, access and distribute the trajectory data.

Chapter 5 gives the implementation details which are one-to-one mapping to the Method-
ology. It describes the exact details focusing more on the pseudo-codes of speci c al-
gorithms and many remarks during the implementation.

Chapter 6 gives the designs and results of experiments to con rm the superiority of
the methodologies presented in the previous chapters.

Chapter 7 summarizes, concludes and discusses the full thesis in terms of the method-
ology, implementation, experiments, ndings etc. from a higher perspective.

1.5.2. Reading Guide

For readers who want to grasp the main ideas and results, please directly refer to Chap-
ter 4, Chapter 6 and Chapter 7.

For readers who want to understand the conceptual framework and engineering deci-
sions, Chapter 2 and Chapter 3 provide more details.

For readers who want to dive into the implementation, please refer to the Chapter 5
and Appendix C. For a speci c algorithm, it is better to have a look at the source code
at Github.

Appendix A gives the values of the experiment results rather than the diagrams while
Appendix D gives a discussion about the range merging optimization problem which
is not tightly relevant but interesting and potentially useful for future work.

10
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This chapter gives the theoretical background of the thesis and the general concepts
that should follow. These discussions explain the reasons for many engineering deci-
sions in the later parts.

Section 2.1 gives a more detailed description of the spatial data properties and the
deriving dif culties of using traditional data management solutions. Possible solutions
are also presented.

Section 2.2 gives an overview of the modern (distributed) database system architec-
tures, presenting key features and the corresponding design principles. Typical classi-
cations of products are also presented.

Section 2.3 gives an introduction to the SFC, a strong mathematical "weapon” used
for dimensional reduction, proximity preservation and distributing (in this case, the
pseudo-random sampling strategy).

At the end of this chapter, Section 2.4 concludes the above three sections and integrates
them into an abstract framework that helps solve the research questions.

11
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2.1. Real World: Trajectory Phenomenon

The trajectory is a spatio-temporal phenomenon, in addition to inheriting some char-
acteristics from geographical phenomena (e.g. elevation), it also inherits some charac-
teristics from social phenomena (e.g. population).

2.1.1. High Cardinality

As discussed in Sub-section 1.3.1, the high cardinality characteristic of the trajectory
data makes the query performance highly inef cient, as the selectivity is low (if a full
scan of the table is done). There are some typical solutions and the corresponding
limitations.

1. Solution 1. The Itering methods could be used to reduce cardinality, however,
this would lead to information loss which may not meet the requirements. Some
(down) sampling methods keep the entire information which means the original
data could be recovered.

2. Solution 2: The pyramid, vario-scale and data cube (in Onllne Analytical Process-
ing (OLAP)) methods ( , ; , ; ,

; , ) could be used, however, there may also be problems such as
data redundancy or data type limitation (only numerical data supported) these
methods are usually used for visualization ( : ; ,

).

3. Solution 3: The aggregation method, on the one hand, could aggregate multiple
items into one item (aggregation with information loss), but on the other hand,
aggregate multiple items into one set of items (lossless aggregation) 1. By using
the latter alternative, the cardinality of the index entries could be reduced.

The above three solutions seek the cardinality reduction from the modelling aspect.
In addition, for the query execution, the indexing method is still needed to quickly
nd the pointers to the location of the requested data. The core idea is the dividing
and conquering principle which explicitly or implicitly maintains a tree structure or
lookup table.

Several classical indexing methods for 1D data are shown and compared in Table 2.1.
Traditionally, the hashing method does not care about the implicit order of the spatial
data and fails to preserve spatial locality, which can lead to inef cient query perfor-
mance for range searches?.

The B-Tree and BRIN indexing methods are the traditional optimal solutions for the 1D
data while BRIN needs data to be sorted and is more suitable for querles where data
size is huge and batch processing happens ( , ; , ;

: )-

1A typical case of this kind aggregation is to group multiple points into a MultiPoint record.
2L ocality-preserved hashing does exist that can preserve the order and locality of the data. However,
it is not supported in many database systems.
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Table 2.1. 1D Indexing Methods
Method Cardinality Dimensionality Application

Hashing Low Low Key-Value
B-Tree High Low Small ltems
BRIN High Low Large Range

2.1.2. High Dimensionality

Solving high-cardinality and high-dimensional problems is often at odds with each
other. For example, the Bitmap method is suitable for high dimensionality but is only
suitable for data with very low cardinality in column-wise tables ( , ).
It struggles with high cardinality due to the sheer volume of the unique Bitmaps re-
quired.

Other indexing methods for multi-dimensional data are shown and compared in Ta-
ble 2.2. Another example of the contradiction between high dimensionality and car-
dinality is B-Tree which can not easily deal with high dimensionality data as for each
dimension on tree structure is needed, traversal of these threes would be costly in time.

Table 2.2. nD Indexing Methods
Method Cardinality Dimensionality Application

Bitmap Low High Column-wise
R-tree Medium Medium Spatial Data
KD-tree Medium Medium Spatial (Point) Data
Quad-tree Medium Medium Spatial Data

The Rectangle Tree (R- Tree) KD-tree, and Quad -tree are typical indexing methods for
spatial data ( , , ). R-tree ef -
ciently manages spatial data using boundlng rectangles but faces overlapping prob-
lems in high dimensions or with concave shapes (for example, several parallel long
line strings may share nearly equivalent big bonding boxes.). KD-tree excels in point-
based searches using hyper-planes to construct the tree and is more suited for k-nearest
neighbour queries. Quad-tree (and its variants) evenly subdivide the spaces into quad-
rants, however, they are sensitive to the data distribution. These methods can deal with
spatial data indexing in different scenarios.

In addition to the indexing methods, there exist other solutions to deal with the high
dimensionality of the data, however, these methods are more suitable in the data anal-
ysis use cases rather than the data management use cases.

1. Solution 1: Principle component analysis (PCA) or t-distributed stochastic neigh-
bour embedding (T-SNE) dimension reductions could reduce the dimensionality,
but they also cause the loss of exact information which does not meet the require-
ments (e.g. selecting the geometries of trajectories that intersected with a face).

13
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2. Solution 2: OLAP Data Cubes facilitate multidimensional analysis and aggrega-
tion but struggle with geometrical dimensions (like line strings) that lack explicit
hierarchies.

3. Solution 3: Vector Databases excel in facilitating similarity and nearest neighbour
searches through ef cient indexing of vector spaces, but they are less effective for
handling range queries that involve attributes beyond similarity.

2.1.3. High Heterogeneity

The spatial homogeneity (uniformity within a space) and the heterogeneity (diversity
within a space) are unique properties of the geospatial phenomena. There are two
generally recognized geographical laws about these properties.

The rst one is the spatial homogeneity law proposed by ( ): "Everything is
related to everything else, but near things are more related than distant things.” and
the second one is the spatial heterogeneity law proposed by ( , ):

"Spatial heterogeneity could be called the second law of geography”.

Figure 2.1. Scale Effects of Heterogeneity: the Sub- gure(a) shows the point cloud
(blue dots for lake while green dots for grassland) retrieved from laser scan-
ning and the Sub- gure(b) shows the positioning points (red dots for data
in the urban area while green dots for data in the rural area).

When observing spatial phenomena, especially social-related ones, we can nd that
the complexity and heterogeneity of geographic spaces increase with granularity. For
example, for the laser scanning data shown in Figure 2.1(a). When considered glob-
ally, the spatial distribution of the data is uneven because it is almost impossible to
obtain laser re ection from the water surface. However, when considered locally (only
observing the interior of the water surface or the interior of the grassland), it can be
found that the data is relatively evenly distributed in space. The same is true for tra-
jectory data, shown in Figure 2.1(b).

This special property (global heterogeneous but locally homogeneous) could be used
for data clustering which means storing similar (local) data together. This also suggests
the need to care about spatial distribution (not storing distant data together)when do-
ing indexing (data awareness) and the data distributing strategy for load-balancing in
distributed databases (which are discussed in the later sections).

14
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2.2. Digital World: Database Systems

As we transition from the speci c data storage problem within the GIS domain to

a broader perspective, it becomes essential to understand the macro classi cation of
DBMS architectures. This understanding is crucial not only for grasping the funda-
mental structures of data storage solutions but also for the scalability, performance,
and easy-to-use considerations that in uence the choice of architecture for applica-
tions.

2.2.1. Database System Architectures

The database system architectures could generally be classi ed by whether the re-
sources are tightly coupled or locally shared ( , ; , ; ,

; , )

Figure 2.2. Typical DBMS Architectures: the P represents the processor (CPU), the M
represents the memory while the D represents the Disk.

Shared-Memory: In this architecture, CPU, Memory, and Disk resources are locally
shared and tightly coupled (shown in Figure 2.2 (a)). Depending on the application,
the bottlenecks may occur at the CPU cache or 10, causing a decline in performance.

Shared-Storage: In this architecture, disk resources are locally shared (shown in Fig-
ure 2.2 (b)). Vertical scaling is possible (though expensive), and the bottleneck may still
be associated with 10 operations.

Shared-Nothing: Inthis architecture, CPU, Memory, and Disk are all distributed (shown
in Figure 2.2 (c)). Horizontal scaling helps to alleviate the bottlenecks mentioned in the
previous two models, but it may introduce additional communication and data ex-
change costs and marginal effects such as complexity. There are three typical products,
Haddop, Spark and MPP.

The shared-nothing architecture and products are what will be used and experimented
with within this project due to their high scalability, remember that one main focus is
to deal with a huge amount of data and possibly big queries (a typical example of big
guery is to select all the data and do visualization).
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2.2.2. Distributed Database Features

The distributed database is built upon a hierarchical organization which facilitates ef-
cient data management and retrieval by separating the database system into distinct
levels, each with its speci c role and functionality. This hierarchy can present at almost
any item in the computer system. For example, multiple shared-memory machines
could be composed to a bigger shared-nothing product (shown in Figure 2.3) 2.

Figure 2.3. Database Hierarchical Organization: the P, M and D have the same meaning
in Figure 2.2, the thin line represents the BUS (high speed) while the thick
line represents the external network (low speed).

Parallelism: Parallelism in database system architecture leverages the power of mul-
tiple processors or machines to perform database operations concurrently, signi cantly
improving system performance and throughput.

1. Coarse granular parallelism: There are multiple nodes (machines) that work to-
gether, and each node solves a smaller part of the bigger problem.

2. Fine granular parallelism: For each node, multiple processors work together, and
each processor solves a piece of a small problem.

3. Data parallelism: The big data is partitioned across nodes/processors to enable
simultaneous operations on different segments/cores.

4. Task parallelism: The big task or query is partitioned across nodes/processors
and these sub-tasks are executed in parallel.

Localization: Localization within database system architecture focuses on optimiz-
ing data storage and access by considering the spatial or logical proximity of data.
This concept aims to reduce latency and improve performance by ensuring that data is
stored closer to other data that would be most frequently accessed or processed at the
same time, minimizing network traf c and data transfer times. For multiple dimen-
sions (such as space and time), their dominance may vary depending on the nature
of the data or the needs of the application. The local powerful CPUs could be fully
utilized to deal with compression and decompression.

This concept also takes into account geographically distributed data centres and the
need to ensure that local data storage or processing is done in local data centres as

SEven the internal structure of modern CPUs is hierarchical to a certain extent, featuring multiple levels
of cores and caches.
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much as possible to reduce network communications. At the same time, the distri-

bution of data centres needs to consider data fault tolerance (for example, data in
earthquake-prone areas may need to be backed up in other data centres). However,
fault tolerance and recovery are not included in this thesis.

2.2.3. Distributed Database Products

There are several matured distributed computation and database products such as
Hadoop, Spark and MPP databases (e.g. Greenplum) ( , ).

Hadoop: The Hadoop # ecosystem, anchored by the Apache Hadoop core, embraces
distributed computing for large-scale data processing. With a shared-nothing architec-
ture, Hadoop facilitates parallel computation and fault tolerance, making it a versatile
and scalable solution for diverse big data needs. However, the IO cost is high as for
each computation, the data would be read and written from/into the disk. Some vari-
ants such as Spark convert disk-based calculations into memory-based calculations,
reducing latency.

Spark: Spark ° optimizes Hadoop's framework by shifting from disk-based to in-
memory processing, signi cantly accelerating data analysis and supporting advanced
analytics and real-time applications more effectively. The above two are all "comput-
ing” frameworks while a lot of database functions such as ACID (Atomicity, Consis-
tency, Isolation and Durability) are weak ( , ).

Table 2.3. Shared-Nothing Products

Feature Traditional Database Hadoop Spark MPP Database
Volume GB-TB PB-EB TB-PB TB-PB
Robustness High High High  Medium
Scalability Low High High  High

Latency Medium High Low  VeryLow
Throughput Low High High  Medium

Data Type Structured All All Structured

MPP (Massively Parallel Processing) Ecosystem: MPP ecosystems excel in high-
performance data management through a shared-nothing DBMS-based architecture,
distributing CRUD (Create, Read, Update and Delete) tasks across multiple nodes for
ef cient handling of large datasets. Horizontal scalability enhances its suitability for
complex analytics and data warehousing applications ( : ; , ). A
general data retrieval process is shown below. These products are highly encapsulated
(for example, many data types are already available) which means they are easy to use
as the requirements of development are low compared with Hadoop (the MapReduce

“https://hadoop.apache.org/
Shttps://spark.apache.org/
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functions may be dif cult for junior developers). Remember that reducing develop-
ment costs is also a motivation ( , ). However, it may also pose exibility
issues as the customization is seldom supported.

l_ogical Query Plans

Result Result

: SQL .
Client ! Q Master Segments! Master ! Client

2.3. Math World: Space-Filling Curve

As mentioned in the Section 1.2, the SFC serializes multi-dimensional data for ef cient
guerying in databases while keeping the proximity and evenly partitioning and dis-
tributing data for balanced computation.

2.3.1. Dimension Reduction

The SFC could be used to do dimension reduction, mapping the nD tuple to a 1D value

( , ; , ). Take the simplest Row curve (shown in Figure 2.4, it may
also be called Sweep curve ( , )) as an example, the mapping
rule is: the index of the x coordinate is multiplied by the base (which is 2 raised to the
power of the depth), and then the index of the y coordinate is added to this product.

Figure 2.4. Space Filling Curve Example: Row Curve: It shows the Row curves in the
2D case with depth 1 to 3.

Take the two tuples of a row curve with depth 3 as an example, the mapping calculation
is shown below.

Xx=6,y=5! rowcodes 6 23+ 5= 53
Xx=7,y=4! rowcodes 7 22+ 4= 60

2.3.2. Proximity Preservation

However, the Row curve is not considered a good SFC that preserves the proximity
(locality). Take the Morton curve (shown in Figure 2.5, it may also be called Peano
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curve or Z-order curve ( , )), with a more complex mapping rule
but good proximity preservation as an example. The mapping rule is: interleaving the

binary representations of the components of tuples in a multidimensional space to one
value in a linear one-dimensional space.

Figure 2.5. Space Filling Curve Example: Morton Curve: It shows the Morton curves
in the 2D case with depth 1 to 3.

Take the same two tuples shown above, the mapping calculation is shown below.

x = 110(6), y = 101(5) ! mortoncode= 111001(57)
x = 111(7),y = 100(4) ! mortoncode= 111010(58)

For the same two tuples that are closer in the 2D space, the Row codes are 53 and 60
while the Morton codes are 57 and 58. If the two tuples are stored in the 1D array disk
based on the codes, it is obvious that the Morton method helps more to store closer
tuples also closer in the disk.

In addition to the Row curve and Morton curve, there are many other curves. It is
argued that the Hilbert curve may be better at proximity preservation ( , ).
However, the mapping rule of the Hilbert curve is far more complicated and the cal-
culation is more time-consuming. Considering this, the Morton curve is used in this
thesis.

2.3.3. Pseudo-random Sampling

The space- lling curve could also be used for the data partltlonlng which may be use-
ful in the distributed database ( : ; , ;

, ). Take the 2D Morton code as an example There exist two partitioning
methods, block-based partitioning and sample-based partitioning.

Assume, there is an image data shown in the Figure 2.6, each pixel is indexed by the
Morton code, the target is to evenly partition it into 4 parts. The rst intuition is to
partition the ordered list of codes into 4 continuous parts (blocks) and the results are
shown in Figure 2.7. This is very easy to explain visually, just fold this image in half
two times and then tear it apart.
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Figure 2.6. Distributing Strategy: Original Data: An gray 512 512 image of Pikachu
from Wikipedia.

Figure 2.7. Distributing Strategy: Blocking by Morton Curve: 4 256 256 images cor-
respond to four quadrants of the original image.

However, this is not an even data partition. Considering that different partitions have
different areas of black areas (no data areas) if quadtree compression is used, the data
size of the last partition is very small. An alternative is to use the random, however,
the locality will be broken and it is hard to reassemble the four parts of the data to the
original one.

Thus, a pseudo-random sample method is designed. Assume four neighbouring pixels
are one unit, the idea is to allocate the same quadrants of all the units as partitions,
assume the 2d data is serialized by a Morton cure in a 1D array, which could be easily
implemented by Python list method serie§ :: 4].

Figure 2.8. Distributing Strategy: Sampling by Morton Curve: 4 256 256 images cor-
respond to four samples of the original image, it may not be obvious, but if
zoom in, the Pikachu's thumbs are different in these four Sub- gures. The
thumb in the rst Sub- gure is sharp while round in the second Sub= gure.

It can be found that the four new Sub- gures obtained are almost the same (which

means the data partitioning is even leading to load-balancing). Even though each one
is the result of down-sampling, they can be restored to the complete original image
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since the mapping of the SFC is deterministic.

2.4. Chapter Conclusion

To summarize the above discussion, to solve the research questions raised in Chap-
ter 1, there is a need to design a distributed multidimensional database (the concept
is shown in Figure 2.9). Among them, multi-dimensionality corresponds to the high
dimensionality of trajectory data, and SFC is used to reduce dimensionality and main-
tain locality. Distribution is to solve the problem of high cardinality of trajectory data.
When distributing data, it is also necessary to consider the spatial heterogeneity of
data.

Figure 2.9. Conceptual Framework: The conceptual model is broken into three main
components: the Math World, the Logic World, and the Digital World. Each
of these components is related to a speci ¢ aspect of the database's oper-
ation and functionality, and they interact with each other to process and
manage spatio-temporal data.

These conceptual designs will be mapped to a speci ¢ distributed database utilizing
the parallelism and localization features (the framework is shown in Figure 2.10). Con-
sidering that the data size may not exceed the EB scale and data retrieval is the main
application rather than complex computations, and the latency of data retrieval is an
iImportant consideration, the MPP architecture is used (speci cally, the Greenplum).

Under the above framework, a typical data ow (a user use case shown in Figure 2.11)

is that the client sends a data request (usually querying the data inside a shape) to
the master node. The master node analyzes the shape and sends the corresponding
indices to each segment node. The segment nodes fetch the data based on the indices
(possibly there is post-processing) and return the data to the master node, which sends
the returned data to the client.

21



2. Theories and Concepts

Figure 2.10. Implementation Framework: it is a client-server distributed database ar-
chitecture with a central master server, a stand-by master for redundancy
(in case of malfunction of master), and multiple segment servers for dis-
tributed data processing.

Figure 2.11. Typical Use-case Data- ow: The red arrows show the forward data ow,
the blue arrows show the backward data ow while the black arrows show
the internal data ow.
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This chapter gives the literature review and the discussions based on them.

Section 3.1 presents four types of trajectory modelling methods considering different
levels of exibility and aggregation.

Section 3.2 presents the clustering, indexing and partitioning methods to speed up the
access to data and improve the load-balancing and localization in database systems.
Everything could be uni ed by the SFC.

Section 3.3 presents different kinds of queries that should be supported in a trajectory
database system.

Section 3.4 presents four exsisting products of trajectory data management systems
and gives intuitions derived.

At the end of this chapter, Section 3.5 concludes the lessons learnt from all the related
work.

3.1. Trajectory Modelling

After the real-world phenomenon is abstracted into a conceptual model, a data model
(data structure) and corresponding storage structure in the computer world must be
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determined as well.

Depending on the aggregation level and whether structured, the trajectories are typi-
cally modelled as points, segments, sequences (they may also be called sub-trajectories)
and grids ( : ).

Figure 3.1. Typical Trajectory Models: The sub- gures (a) to (d) follow an increasing

aggregation level (form lossless aggregation to aggregation with informa-
tion loss). The sub- gures (e) and (h) demonstrate the query limitations
of point-based and grid-based modellings. The sub- gures (f) and (g) give
two directions of line string splitting.

3.1.1. Point-Based Modelling

24

1. Modelling (shown in Figure 3.1 (a)): It takes the individual points as the basic

storage element. Each dimension is encoded as individual columns in the table or

mtegrated as the geometrical point or space- Illng code ( ,
). An example

table schema is shown in Table 3.1.

. Advantage: Simple for clustering and indexing by space, exible for all kinds of

gueries.

. Disadvantage: No explicit geometries, no trajectory preservation and queries

require a lot of pre-reconstruction costs (shown in Figure 3.1 (e)). Generally,
the state is an attribute whose value is the same for consecutive points such as
whether the car windows are open or whether there are passengers. This brings
data redundancy.



3.1. Trajectory Modelling

Table 3.1. Point-Based Modelling
Field | Id State Geometry
Example |i0 sO  Point(x_0y 0t0)

3.1.2. Segment-Based Modelling

1. Modelling (shown in Figure 3.1 (b)): It takes the successive two points as the

basic storage element ( , ). The lineString ge-
ometrical data structure may be used and an example table schema is shown in
Table 3.2.

2. Advantage: Explicit geometries are kept, good for queries.
3. Disadvantage: Still too scattered, there is no trajectory preservation. All points
are stored twice, worsening the storage burden.

Table 3.2. Segment-Based Modelling
Field | Id State Geometry
Example \ i0 sO LINESTRING(p .0, p_1)

3.1.3. Sequence-Based Modelling

1. Modelling (shown in Figure 3.1 (c)): It takes the vector-based lineString as the
basic storage element after reconstructing meaningful sequences of points (those
points are geometrically or semantically correlated). The semantics are assigned
to each sequence as attributes. Dependlng onthe appllcatlon sequences are often
modelled in 3D or 4D space ( , ; : ; , ).
An example table schema is shown in Table 3.3.

2. Advantage: Based on the trajectory preservation ( , ; ,

), there is a potential for row-wise compression to reduce redundant infor-
mation. While in a distributed environment, the cost of compression and decom-
pression could be alleviated by localizing the computations.

3. Disadvantage: Complexity and dif culty of pre-processing.

Table 3.3. Sequence-Based Modelling
Field | Id State Geometry
Example \ i0 sO LINESTRING(p .0, p_1, ..., p.n)

3.1.4. Grid-Based Modelling

1. Modelling (shown in Figure 3.1 (d)): It takes the regular cell/cube as the basic
storage element. Pre-calculation/aggregation of certain semantics at certain cells
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in the regular spatial-temporal cubes is needed ( : ). An
example schema is shown in Table 3.4, and another example is shown by the
Python numpy array: grid = numpy.zeros((height, width, depth))

2. Advantage: This kind of modelling is especially good for OLAP applications due
to its regular multi-dimensional nature.

3. Disadvantage: Geometries are lost, and querying types are limited (shown in
Figure 3.1 (h)).

Table 3.4. Grid-Based Modelling
Field | Semantic  Value

Example

"Speed” fff v_0,v_1g,fv_2,v_3gg, ff v_4, v 5g,fv_6, v_79gg

Table 3.5. Comparison of Different Modellings

Model Flexibility Cardinality Volume Representation

Point High High High Multi-col, SFC, SFS 1
Segment High High Extreme High SFS

Sequence Medium Medium Medium SFS

Grid Low Low Low Data Cube

The comparison of the above 4 modelligns is shown in Table 3.5. The sequence-based
modelling is a compromise/balance between point-based modelling and grid-based
modelling, aggregating at certain levels (reducing redundancy) while keeping the ge-
ometries. The main disadvantage is the unstructured nature such as different sampling
rates or lengths for each trajectory. Thus, the core when doing sequence-based mod-
elling is how to transform the unstructured trajectories into structured ones.

aggregate aggregate aggregate
Point Segment Sequence ¥
deconstruct deconstruct

Grid

After the reconstruction of the whole trajectory, further splitting is needed which is a
preparation for spatial accessing methods. Typically, there are irregular splitting and
regular splitting (shown in Figure 3.1 (f) and (g)). The irregular method splits the
trajectory geometrically (such as by turning points) or semantically (such as by driving
state). The regular method splits the trajectory by a regular spatio-temporal cube.

In combination with two splittings, the trajectory is better to be rst irregularly split

by state (such as whether the taxis are working) and then regularly split. In this way,
the length of each sequence can be controlled, and the sequence can be contained in
the cells to facilitate subsequent clustering and indexing.
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3.2. Trajectory Organizing

It is better to organize the data by clustering and indexing to speed up the CRUD op-
erations in DBMS. There are many existing spatial accessing methods and they could
be mainly classi ed into two groups which are discussed in details below. Since the
distributed database is used, partitioning and distributing are other important issues
to be considered.

3.2.1. Clustering and Indexing

1. Clustering: Clustering keeps closely related objects, often selected together due
to spatial proximity, stored together to enhance retrieval ef ciency.

2. Indexing: Indexing swiftly locates storage locations for speci ¢ objects, optimiz-
ing how spatial data is sorted for quick searches.

Spatial clustering is to use spatial locality to store the closer elements in the real world
(or user-de ned space) and also closer in the storage media which linearly organizes
data. The locality is usually application-dependent and speci ed by clients. There are
several ways to de ne the closeness such as SFC (

, ), and some machine learning algorithms such as K- Means
could be used, too.

Dynamically Balanced Search Tree - Explicit Tree:  Itis exempli ed by R-Tree and its
variants (R*tree, R+tree, Hilbert R-tree, etc.), which dynamically consider the distribu-
tion of objects during dimensional space partitioning ( ,

, ). The primary advantage lies in achieving a balanced index structure ex-
ibly maintaining objects within each node (both leaf and intermediate nodes), thereby
contributing to retrieval performance.

However, the construction and updating of this balanced tree index are intricate, pos-
ing challenges for practical deployment, especially in distributed environments. As the
data volume increases, the depth of the index tree grows, resulting in a rapid decline
in retrieval ef ciency. Dynamically balanced search trees are well-suited for scenarios
where the spatial distribution of objects is uneven, but their complexity in construction
and updates make them less suitable for distributed environments or applications with
rapidly increasing data volumes. Also, the requirement for big memory is needed (

: )-
Regular Dimensional Space Partitioning - Implicit Tree: Itis represented by SFC,
involving static regular subdivision of dimensional space (Liu, ; , ). The

primary advantage lies in its simplicity of construction and maintenance, eliminating
the need for adjustments when adding new data and ensuring ease of use.

However, this approach struggles with the adaptive handling of data distribution.
Some units represented by their indices may become too dense, while others may re-
main devoid of data, resulting in unstable retrieval ef ciency. Regular dimensional
space partitioning is well-suited for scenarios prioritizing easy construction and main-
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Figure 3.2. Comparison of Explicit and Implicit Tree Clustering: The left case shows
the R-Tree method which is adaptive while the right case shows the SFC
method which is rigid.

tenance, particularly in environments where data distribution remains relatively sta-
ble, and frequent adjustments to the index structure are undesirable.

In seeking a compromise between the two mainstream accessing methods, SFC incor-
porating spatial distribution, and multi-level indexing hybridizing multiple strategies
emerge as potential solutions. It becomes evident that no single method universally
suits all scenarios. The optimization for speci ¢ re nement and complexity may result

in diminished performance in alternative applications.

Notably, while regular methods may excel in distributed environments, each approach
presents trade-offs, emphasizing the importance of selection based on the speci c de-
mands and characteristics of the given data. In conclusion, the diverse nature of spatial
indexing methodologies underscores the need for a understanding and careful consid-
eration of trade-offs to ensure optimal performance in varied scenarios.

3.2.2. Partitioning and Distributing

The rst question comes up when storing data in the distributed database is how to
partition and distribute the data. This is achieved by partitioning the whole data into
fragments and allocating unrelated objects evenly across different machines for load-
balancing while maintaining data locality within each node to optimize distributed
environments and manage larger datasets ef ciently ( : ).

Assume the regular dimensional space partitioning method is used, similar to what
has been discussed in Sub-section 2.3.3 there are two types of partitioning strategies,
the block-based method and the sample-based method, their differences can be shown
in Figure 3.3.

It can be seen that the sample-based method would give a more balance distributed
data over the four nodes which is a representation of good load-balancing. For a shape
guery, the sample-based method would distribute the task over all the nodes and pos-
sibly speed up the retrieval process especially when some post-processing is needed.

A more intuitive illustrations of the two partitioning strategies are shown in Figure 3.4
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Figure 3.3. Comparison of Partitioning Strategies: The left case shows the block-based
partitioning while the right case shows the sample-based partitioning, the
purple shape is the query shape used.

Figure 3.4. More Intuitive Partitioning Strategies: The blue circle represents the shape
to be queried and the blue arrows represent the data transmission. The left
case shows the data ow of block-based partitioning while the right case
shows the data ow of the sample-based partitioning.

3.3. Trajectory Querying

There are a lot of different kinds of queries that are needed for the trajectory data ap-
plications. Only the ones that are implemented are shown below.

3.3.1. Querying by Attributes

Querying by Identi er: It selects the features that belong to speci c objects, in the taxi
trajectory case, it is to select the records by the unique identi er of the vehicle.

Querying by Semantics: It selects the features with certain attributes, in a taxi trajec-
tory example, it is to select the records that the taxi is working.

3.3.2. Querying by Shape (Polytope)

Selection by Containment: It selects the features that are contained inside the query-
ing shapes (such as polyhedron or sphere). It is also called range selection. An in-
depth research was done in the PhD thesis of ( ) and the comparisons of them
are shown in Table 3.6.

Selection by intersection: It selects the features that intersect with the querying fea-
tures (such as lineString or polygon), it could be considered as a special case of the
containment selection.
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Table 3.6. Comparison of Different Shape Querying Solutions

Solution Operation Certainty CPU Cost 10 Cost
Vertex All corners direction test  High High Low
Sweep Two corners direction test Medium  Medium  Medium
Sphere One centre distance test Low Low High

3.3.3. Querying for Visualization

The below three kinds of queries could mainly be used for visualization. Note that for
the preparation of the visualized data, some post-processing computations are needed
which can be localized.

Aggregation:  Aggregation provides a comprehensive overview of the spatial-temporal
cube, essential for understanding large datasets holistically.

Projection:  Projection enables users to view 2D maps with each cell representing ag-
gregated values over a period, offering a simpli ed perspective.

Simpli cation:  Simpli cation allows users to visualize simpli ed line strings. Sim-
pli cation is used to reduce transmission costs while keeping the general geometries.

Examples of these queries can be seen in the Figure 6.10.

3.4. Existing Products

Some trajectory management systems do exist. However, some of them are still limited
in the centralized database domain and some of them care little about the properties of
the trajectory data.

HERMES: A Trajectory DB Engine for Mobility-Centric Applications The HER-
MES is a centralized database built upon Oracle with OGC-compliant spatial extension

( , ). The trajectory is modelled as a sequence, but the number of points
of one sequence is limited by the size of the node of the TB-Tree (a speci ¢ accessing
method adopted from ( )) because they should t in the page size of
the operating system. Although this TB-Tree indexing method considers trajectory
preservation, it does not consider spatial distribution.

MobilityDB: A Mobility Database Based on PostgreSQL and PostGIS The Mobili-
tyDB is a centralized database built upon PostgreSQL with PostGIS extension (

, ). The trajectory is modelled as a sequence, which is indexed by a space par-
titioning method implemented by the SP-GiST index. However, the spatial distribution
is also not taken into consideration.
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UlTraMan: A unied platform for big trajectory data management and analytics
The UlTraMan is a distributed system built upon Spark with an embedded key-value
store ( , ). The trajectory is modelled as sequence, but they are indexed by
the STR-Tree which is also proposed by ( ). Though the load-balancing
Is taken into consideration, the spatial distribution of the data is not.

JUST: JD Urban Spatio-Temporal Data Engine  The JUST is a distributed database
built upon Hbase which means ef cient read and write operations are also achieved

( , , ). The trajectory is modelled as a sequence, but with a special
space-partitioning method, named Z2T and XZ2T, which consider the different scales
of different dimensions for different applications (some dimensions may be less se-
lective). The distributing strategy is random to avoid hot-spot problem, however, the
spatial distribution is still missed. It is a matured product for one of the biggest E-
commerce companies Jingdong in China.

3.5. Chapter Conclusion

In this chapter, the related work about modelling, accessing, organizing and typical
gueries are presented and discussed. speci cally, sequence-based modelling stands out
because of its exibility and potential for compression. The R-tree indexing methods
are not suitable for trajectory indexing because of the data volume and the geometrical
properties of the trajectories, thus, the SFC method is used instead. The heterogeneity
is a special property of the spatial data, thus, a pseudo-random sampling method is
used in the distributing process.

As for the queries, the querying by attributes, querying by shape and querying includ-
ing post-processing should be implemented. The above three types of queries could
well represent the requirements for trajectory data retrieval and analysis. A product
analysis has also been done, and it can be concluded that there is still a limited im-
plementation based on the MPP architecture, which is valuable for exploration. In
addition, the spatial distribution of the trajectory data is seldom taken into considera-
tion.
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This chapter gives a description of the methodology mainly using the visualization
language for an immediate impression. The overview of the methodology is shown in
Figure 4.1.

Figure 4.1. Overview of the Methodology: The boxes represent data in Comma-

Separated Values (CSV) les, Pandas dataframes or database tables while
the circle represents auxiliary data structure. The solid arrows represent
processing operations while the dashed arrows represent the query. The
work ow starts from the ETL (Extraction, Transformation and Loading)
processes, the source data is processed in the form of sequence-based mod-
elling while some other attributes such as indexing _key, distributing _key
and state are also calculated. Then, the processed data is loaded into the
database and some deployments such as distributing and indexing creation
are executed, the analysis of data spatial distribution is also executed here.
Finally, the queries could be executed with the help of the data spatial dis-
tribution.

Section 4.1 and Section 4.2 present the modelling of the trajectory data which is outside
the database.
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Section 4.3 presents the data loading and database deploying, the accessing and dis-
tributing are nally done here (the calculations are done outside the database).

Section 4.4 presents the data distribution metadata generation and the idea of querying
data based on the data-aware SFC-based accessing method.

4.1. Trajectory Splitting

As discussed in the Section 3.1, the sequence-based modelling outperforms other mod-
ellings (point-based, segment-based and grid-based) because it preserves the geome-
tries, supports more operations (e.g. intersection test with a face) and gives the poten-
tial of compression due to a certain degree of aggregation. The unstructured nature of
sequences-based modelling makes the need to split the sequences (as line strings) se-
mantically (e.g. attributes like states) and spatially by a regular spatio-temporal cube.

Figure 4.2. Trajectory Splitting: The blue and green dots represent trajectory points
with different semantics while the black dots represent the intersected
points with the edges. The blue and green lines represent trajectory seg-
ments with different semantics.

The general work ow of the trajectory splitting is shown below.

1. First, the point records of a speci c trajectory are sorted by the time dimension.
This is used to reconstruct the whole trajectory as the order of the points may be
a mess in the source data.

2. Then, the reconstructed points should be split by the states, which means there
is a need to group the points with the same states. This is achieved by a traversal
of all the points, once a new state appears, a new group is created.

3. Finally, the sequences which cross several cells are split by the faces of the spatial-
temporal cube. This could be considered as nding the points that intersected
with the faces of the spatio-temporal cube.

After the tasks shown above, the original unstructured trajectory becomes more struc-
tured, the points of each sequence have the same semantics and the length of sequences
is controlled (a sequence must be contained in a cell of the spatio-temporal cube).
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4.2. Indexing and Distributing Keys Encoding

As discussed in the Section 3.2, the SFC-based indexing method is suitable for index-
ing not only because of its simplicity but also because of the nature of the modelling
(the cell could approximately represent the space that a sequence occupied). Also, the
coordinates of the cells could not be directly used for indexing because they are tuples
(they have a certain order but the order is not good at locality preservation), thus, there
Is a need to encode the coordinate tuples of each cell to Morton code and assign this
indexing key to the sequences that are inside the corresponding cell.

Figure 4.3. Keys Encoding: The color of the boxes represent their quadrants in the 2D
space. The tuples in sub- gure (a) represent the coordinates of the cells
while the numbers in sub- gure (b) represent the Morton codes. The sub-
gure (b) means the whole data is partitioned and distributed into 4 groups
by the distributing function.

To patrtition the whole dataset and distribute them evenly into nodes and enhance
the localization (store closer objects also closer in storage media but separate distant
objects), a distributing key is calculated based on the indexing key by division and int
cast functions, which means distributing neighbouring elements in the same machines.
By using this distributing strategy, the 8 neighbours (in our 3D case) could be accessed
together without wasting the seeking time.

4.3. Data Loading and Deploying

After all the pre-processing outside the database, we data could be inserted or copied
into the database. In addition to inserting (loading) the processed data into the database,
there is a need to cluster and index the data and possibly do some compression.

1. Asforthe ID attribute: B-Tree is used for indexing because of the high cardinality
of this attribute.

2. As for the indexing _key: B-Tree and BRIN are all tested for indexing because of
the high cardinality of this attribute.

3. As for the state attribute: Bitmap is used for indexing because of the low cardi-
nality.

The distributing _key is not indexed as they are not relevant to queries. Row-wise com-
pression could be done as the points of one sequence are close. The time cost for
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compression and decompression could be alleviated by powerful local CPUs in the
distributed database.

4.4. Distribution Analysing and Shape Querying

After the data loading, there is a need to analyse the data spatial distribution and create
an auxiliary data-aware data structure (adaptive Octree) as it can help end the tree
traversal early to save time. To retrieve the data distribution, a full scan of the table
iIs needed. This step could be done in the pre-processing step, however, the data is
compressed using the database function, so it is better to use the data (size) distribution
after the compression.

Figure 4.4. Distribution Analysing: The rst two sub- gures are the same as the previ-
ous gures. The ™:*” in the sub- gure (c) represents the Morton code and
the data size (in this example, the number of points) in each cell respec-
tively.

The retrieved data distribution is used for Octree construction. Some parameters such
as the tree construction depth and node size threshold should also be speci ed dur-

ing the construction process. This process may be complicated so is detailed in the
Chapter 5.

Figure 4.5. Octree Constructing: The opacity of the colour represents the size of the
node. In this case, the threshold of the node size is set to 4, therefore, the
rst two nodes are not further subdivided.

After the deployment and the Octree construction. The spatial-temporal related queries
could be done. Due to the implicit relationship between the Octree and the Morton
curve, the general idea is to query the Octree and nd the corresponding Morton

36



4.4. Distribution Analysing and Shape Querying

ranges (a range is composed of two extremes of Morton codes). Some parameters
such as the tree search depth and node size threshold could also be speci ed which
are different from the construction settings (the construction depth could be deep but
the search depth could be shallower and the construction node size threshold could be
ne but the search node size threshold could be coarser).

Figure 4.6. Shape Querying: The rst three Sub- gures show the process of shape
querying, the red boxes represent the nodes that intersect with the shape,
the blue boxes represent the nodes that are fully contained in the shape
while the green box represents the nodes that are outside the shape. In
Sub- gure (d), the purple round boxes mean these nodes are selected. Note
that the nodes with Morton code 8 are empty here. The nodes with Morton
range 0-3 and 4-7 are small in size, thus, they are not further re ned.
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This chapter gives the implementation details which are one-to-one mapping to the
Chapter 4. Different from using the visualization language to give a glance, this chap-
ter describes the exact details focusing more on the pseudo-codes of speci ¢ algorithms
and many remarks during the implementation. The overview of the implementation

is shown in Figure 5.1, and the entire project can be seen at Source Code.

Section 5.1 describes the necessary pre-processing steps, they can be considered as the
data cleaning and encoding steps of the traditional extraction process in data ware-
housing.

Section 5.2 describes the steps for points interpolating (adding the intersected points
with the cube faces) and the sequences splitting (subdividing the whole trajectory into
pieces), they are the geometry-related operations.

Section 5.3 describes the steps for indexing keys (keys for doing indexing, the Morton
code here) and the distributing keys (keys for partitioning and distributing) calculat-
ing, they are the SFC-related operations.
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Figure 5.1. Overview of the Implementation: The single boxes represent data in the
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form of CSV les or speci c data objects in Python. The collections of
boxes represent data in the form of Pandas dataframes or data tables in
DBMS. The 2D four quadrants diagrams represent the original data, pro-
cessed data, query shape and queried data in a visualization form. The

solid arrows represent the operations while the dashed arrows represent
the data ow.



5.1. Pre-processing

Section 5.4 describes the steps for data loading (from the processed le to the database).
Also, some deploying manipulations (indexing, clustering, compression etc.) are also
presented here.

Section 5.5 describes the steps for data spatial distribution analysis and the following
shape querying process. Some other types of queries are also described here.

5.1. Pre-processing

5.1.1. File Reorganizing

Due to the large size of the original data and the limited memory resources, it is nec-
essary to reorganize (split) the original le into several sub- les based on the ID of
the moving objects like what is shown in the rst line of Figure 5.1. It embodies the
principle of divide-and-conquer: each time, independent pieces of data are processed
individually, mitigating the out-of-memory issue.

Given a Pandas dataframe containing the original data with the schema shown in Ta-
ble 6.2. The "reorganizing” can be directly implemented by the method groupby 1.
Note that the Input process could be optimized by using the chunk-by-chunk read-
ing mechanism especially when loading big-sized data is slow. However, the Output
should be taken more carefully as the records belonging to the same moving object
may appear in different chunks.

5.1.2. Extremes Analysing

Note that the original le is the CSV le without standardization, it is necessary to
do the data cleaning, avoiding the "NaN” values or duplicated records. Besides, all
the attributes should be rst transformed to decimal encoding: the time in the string
should be transformed into a timestamp, and the geographical coordinates should be
transformed into projection coordinates. These can be executed le by le without
worrying about global dependence.

After the cleaning and re-encoding, for the preparation of the offsetting and scaling,
there is a need to calculate the two extremes (minimum and maximum values) of the
X, y and time dimensions. These values should be the global ones which means rst
the local extremes of one le are calculated, and then the global extremes are obtained
by comparisons. The reconstructing step can be executed in the meantime: just sort the
records in each le based on time.

1This algorithm is described in a (virtually) centralized way without parallelism consideration, and
the 10 process is omitted for simplicity. Many algorithms in this chapter can also be |mplemented in
the distributed environment or with multi-core processing ( ,
). However, since the performance is already acceptable for experlmentmg they are omltted
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5.1.3. O setting and Scaling

To support the indexing method (based on the SFC) and for the convenience of split-
ting, the x, y and time dimensions should be offset and scaled.

O setting:  For the offsetting, all the dimensions are offset to the origin of the space.
An example for one dimension values is 1.0, 2.0, 3.0, 4.0, 5.0, 6.0, 7.0. First, the offset
value is the minimum value 1.0. Then, all the values are offset (minus) by 1.0. The
resultant values are 0.0, 1.0, 2.0, 3.0, 4.0, 5.0, 6.0.

Scaling: For the scaling, all the dimensions are scaled based on the depth of the Oc-
tree and the current maximum values. Based on the example above, and assuming the
depth of the Octree is 2, therefore, the space should be subdivided 2 times and there
should be 22 = 4 intervals for that dimension.

Since the current maximum value is 6.0, all the values are scaled (timed) by 4/6.0 =
0.67. The resultant values are 0.0,0.67,1.33,2.0,2.67,3.33,4.0. After scaling, it is easy
to directly identify which interval one value belongs to. For example, the value 0.0
belongs to the interval 0 and the value 3.33 belongs to the interval 3. To avoid the case
4.0 (interval 4 does not exist), the trick is to further offset the maximum value by a
small step.

5.2. Trajectory Splitting

5.2.1. Interpolating

Instead of following the work ow mentioned in the methodology chapter ( rst do
irregular splitting and then do regular splitting), a better method is to rst nd (in-
terpolate) the points that intersected with the cube faces (called intermediate points)
but leave the splitting operations later. The pseudo-code of the interpolating step is
shown in Algorithm 1. Note that this process can be executed for each moving object
individually without worrying about the dependence.

The calculation of the intermediate points is not the main focus and is quite complex.
To give an easy understanding, the general idea and the examples of interpolating
in 2D and 3D cases are shown in Figure 5.2. For the details, readers could refer to
the Source Code: m-2: transform, Core: intermediate_points(), Core: next_point() and
Core: get.cell().

5.2.2. Splitting

After the insertion of the intermediate points, the splitting can be executed considering

the spatio-temporal related attributes and the semantic attribute (in this case, only a
state attributed with boolean value) at the same time. The pseudo-code of the splitting
step is shown in Algorithm 2.
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Algorithm 1 Interpolating Algorithm

Input:  Alist of points P,
Output: A list of points Pg
Begin:
for consecutive point pair pj, pj+1in P, do
if pj and pj+4 are in the same cellthen
Append p; into Po
else
Calculate the intermediate points Py
Append p; and Py into Py
end if
end for
Append the last point p, of P, into Po
End

(a) 2d (b) 3d

Figure 5.2. Splitting Results: The calculation of the next point is based on the coordi-
nate of the current point and the direction. First, for each dimension, the
predicted next boundary (edge in 2D and face in 3D) could be obtained
by the ceil function. Then, based on the predicted next boundaries, the
predicted intersected points could be obtained. Based on the predicted in-
tersected points, the predicted distance could be obtained. Among all the
possible distances, the minimum one is the correct prediction.
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Algorithm 2 Splitting Algorithm

Input:  Alist of points P
Output: A list of line strings L
Begin:
Initialize an empty line string |
for consecutive point pair p;, pj+1 in P do
if p; and pj+ 1 are in the same cell and with the same statethen
Append pj into |
else
Append p; and pj+ 1 into |
Append | into L

Empty |
end if
end for
Append | into L

End

The resultis a list of line strings and the points inside each line string are guaranteed to
be in the same cell and are in the same state. The indices (a tuple of the 3 coordinates)
of the cells and states should be assigned to that line string (the result is a table with 3
columns: index, state, geometry).

5.3. Indexing and Distributing Keys Encoding

5.3.1. Indexing Key

Note that the resultant indices above are tuples with 3 components (x, y and time)
which are not suitable for the indexing use in the database. Therefore, these tuples
should be transformed into 1D values (Morton code) based on the depth of the Oc-
tree. The mapping rule of the tuples and Morton code is already explained in Sub-
section 2.3.2. For the details, readers could refer to the Source Code: m-2: transform
and core: encode morton().

def encode_morton(x, y, t, depth):

x_b = bin(x)[2:].zfill(depth)
y_b = bin(y)[2:].zfill(depth)
t_b = bin(t)[2:].zfill(depth)
m_b = ""

for i in range(depth):
m_b += x_b[i] + y_b[i] + t_bJi]
return int(m_b, 2)
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5.3.2. Distributing Key

The distributing key is calculated based on the resultant indexing key above and the
method is also already explained in Sub-section 2.3.3. For the details, readers could
refer to the Source Code: m-2: transform.

5.4. Data Loading and Deploying

5.4.1. Data Loading

Although the performance of insertion one record by one record is already acceptable
for experimenting, the data loading process can be further improved by the external
(foreign) table technique with parallelism (speci cally gpfdist function in Greenplum).
The whole work ow starts with moving or copying the resultant CSV le above to the
server (it could be the master, segments or a specialized server dealing with Extraction,
Transformation and Loading (ETL) issues). Then, run the command shown below in
the server where the dataset resides to enable the gpfdist function.

gpfdist -d /home/gpadmin/ -p 8081 -m 1048576

In the master node, use Structured Query Language (SQL) statement to create an ex-
ternal table with the same Data De nition Language (DDL) as the real table but point
to the location of the CSV le.

CREATE READABLE EXTERNAL TABLE traj_external (
taxi_id BIGINT,
geometry GEOMETRY (LINESTRINGZ)
) LOCATION (‘gpfdist://192.168.59.101:8081/test.csv’)
FORMAT 'csv' (HEADER)
LOG ERRORS SEGMENT REJECT LIMIT 50 ROWS;

In the master node, use SQL to insert the data from the external table into the real table,
this is different from simple insertion as the process is optimized and parallelized.

INSERT INTO traj
SELECT * FROM traj_external;

5.4.2. Database Deploying

After the above process, more mechanisms of Greenplum could be used, for example,
data compression.

CREATE TABLE traj_compressed(
taxi_id BIGINT,

geometry GEOMETRY (LINESTRINGZ)
) WITH (APPENDONLY = TRUE, COMPRESSTYPE = ZSTD, COMPRESSLEVEL = 19
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The partitioning and distributing could also be executed in this step.

CREATE TABLE traj_distributed(
taxi_id BIGINT,
distributing_key INT,

geometry GEOMETRY (LINESTRINGZ)
) DISTRIBUTED BY (distributing_key);
PARTITION BY RANGE (taxi_id);

All the techniques could be combined in the SQL command of data table creation. And
the indexing and clustering can follow.

CREATE INDEX traj_index_indexing_key ON traj USING brin (indexing_key);
CREATE INDEX traj_index_taxiid ON traj USING btree (taxiid);

CREATE INDEX traj_index_state ON traj USING bitmap (state);

CLUSTER traj USING traj_index_indexing_key;

5.5. Distribution Analysing and Shape Querying

5.5.1. Distribution Analysing

Distribution Querying:  After the data loading, a full scan of the table with the SQL
function pg _column _size(geometry) could give the data distribution with the nestres-
olution.

SELECT indexing_key, sum(pg_column_size(geometry)) AS size
FROM traj
GROUP BY indexing_key;

After querying the result as a dataframe in Python, there is a need to gradually ag-
gregate (each time group 8 neighbour cells in a bigger cell) the data distribution into
coarser resolution till there is only one indexing _key (one cell containing all the data).
For the details, readers could refer to the Source Code: m-4: analysis.

Octree Constructing:  After the retrieval of the data distribution, the data distribution
could be used for the adaptive Octree construction. The de nition and initialization of
the Octree are quite complex, for the details, readers could refer to the Source Code:
Core: nDNode and Core: nDTree. This is only the general idea, a lot of SFC-related
mappings should be done, note that other parameters such as the tree depth limitation
and node size threshold could early stop the subdivision of the tree nodes.

5.5.2. Shape Querying

Shape querying is one of the most important applications, therefore, it is introduced
emphatically, the general idea is shown in Algorithm 3.
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Algorithm 3 Querying Algorithm

Input: A querying shape S, A queried Octree T

Output: A list of ranges R

Begin:

Traverse T in a depth- rst order

if the shape is inside the tree nodethen
Continue to re ne this tree node

else if the tree node is inside the shapethen
Append the corresponding range into R
Omit all the children of the tree node

else if the tree node is outside the shapethen
Omit all the children of the tree node

else
Continue to re ne this tree node

end if

End

Note that for the rst few iterations, there may be cases that the shape is fully contained

in the node which should be taken into consideration. Besides, there are other param-
eters such as the search tree depth limitation that could early stop the tree traversal
process. For the details, readers could refer to the Source Code: Core: nDTree: shape-
Query(), Core: point _box_relation(), Core: check relation() and Core: tree_shape relation().

The explanation of how to determine the relationship between the node and shape is
omitted here. However, it is the foundation of the implementation, a comprehensive
discussion and implementation can be found in the PhD thesis of ( ). After the
list of ranges is obtained, the consecutive ranges with these same tags (inside, inter-
sected or outside) can be directly merged. More discussions about the range merging
are shown in Appendix D.

condition_template = '(%s <= indexing_key AND indexing_key <= %s )’
conditions = ]

for r in ranges:
condition_str = condition_template % (r[0], r[1])
conditions.append(condition_str)

condition = ' OR '.join(conditions)

The expression should t into the WHERE condition of the SQL statement below.

SELECT *
FROM traj
WHERE ({}) AND (geometry IS NOT NULL);

There are two methods to do the selection based on the ranges, the rst one is to encode

the WHERE expression inside the SQL which is called the "expression” method shown
above, the fg is a placeholder for the condition. The second one is to rst create a
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range table and use the table join method with BETWEEN expression which is called
the "range join” method shown below.

SELECT *
FROM traj t JOIN range r
ON t.indexing_key BETWEEN r.left_key AND r.right_key;

5.5.3. Other Queries

Aggregation: The result of the aggregation function is a 3D cube. The idea is to use
the group by function in SQL to aggregate the records with the same indexing key.
It is also possible to aggregate the 3D cube to a coarser resolution (implemented by
/8 :: INTEGER).

CREATE OR REPLACE FUNCTION aggregation(indexing_key INTEGER, depth INTEC
RETURNS INTEGER([]
AS
$$
m_b = bin(indexing_key)[2:]. zfill(depth * 3)
x_b, y b, tb =" """
for i in range(depth):
X_b += m_b[3 * i]
y b += m_b[3 * i + 1]
t b += m_Db[3 * i + 2]
return [int(x_b, 2), int(y_b, 2), int(t_b, 2)]
$$ LANGUAGE plpythonu;

The fg in the SQL statement is the place holder for tree depth.

SELECT aggregation(indexing_key / 8::INTEGER, {}) AS coordinate, sum(st_length(g
FROM traj

WHERE geometry IS NOT NULL

GROUP BY indexing_key / 8::INTEGER;

Projection:  The result of the projection function is a 2D raster. The idea is to remove
one dimension of the 3D cube by accumulating all the values on this axis to a plane.

CREATE OR REPLACE FUNCTION projection(indexing_key INTEGER, depth INTEGE
RETURNS INTEGER([]
AS
$$
_b = bin(indexing_key)[2:].zfill(depth * 3)
b, y b ="
i in range(depth):
X_b += m_b[3 * i]
y b += m_b[3 * i + 1]
return [int(x_b, 2), int(y_b, 2)]
$$ LANGUAGE plpythonu;

The fg in the SQL statement is the place holder for tree depth.
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SELECT projection(indexing_key, {}) AS coordinate, sum(st_length(geometry)) AS ler

FROM traj
WHERE geometry IS NOT NULL
GROUP BY projection(indexing_key, {});

Simpli cation:  The result of the simpli cation function is a set of generalized line
strings. The st.simplify function is used. This is usually used for visualization to re-
duce the network (data transmission) cost and latency.

SELECT st_simplify(geometry, 10) AS geometry
FROM traj;
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This chapter gives the designs and results of experiments to con rm the validity of the
methodologies presented in the previous chapters.

Section 6.1 rst shows the hardware and software used for the experiments and then
the original and transformed experiment data schemas.

Section 6.2 shows the experiments done in the centralized database. It rst gives an
analysis of the spatial distribution, then evaluates the compression (storage) and selec-
tion (speed) performance of the sequence-based modelling and data-aware SFC-based
indexing with varying spatio-temporal cube resolution (the depth of the Octree).

Section 6.3 shows the experiments done in the distributed database. It rst evalu-
ates the speed-up (constant problem size with increasing resources) and scale-up (in-
creasing problem size with increasing resources) performance with varying numbers
of nodes, then examines the possible bene ts of data and computation localization.

At the end of this chapter, Section 6.4 concludes the lessons learnt from all the experi-
ments.

6.1. Experiment Preparation

The hardware and software settings for the experiments are shown below:

Hardware Information:  The hardware used is a personal laptop: ThinkBook 14 G5+IRH,
CPU: 13th Gen Intel(R) Core(TM) i7-13700H 2.40 GHz, RAM: 32.0 GB, OS: Windows
11 Family.
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Virtual Machines Information:  The virtual machines are set up on VMware Work-
station Pro 17. Their cores are CentOS Linux 7 with 4G memory, 4 CPU and 20G disk.
The SSH client WindTerm is used instead of the native Linux command line.

Software Information:  The distributed database is deployed on Greenplum 6.25.3.
PostGIS 2.5.4 is used for spatial datatype and functions. Python 3.8.8 is used for data
pre-processing and interaction with the database.

Table 6.1. Properties of Sample Data

property value

number of taxis 1000
number of records 6655063
sampling interval  10s

spatial range [113.4,22.2,113.4, 22.4]
temporal range [2021-10-14 00:00:00, 2021-10-15 00:00:00]
total size 367.85MB

The trajectory data used here is the taxi data from Zhuhai City (China) with a 1,724.32
km? urban area and a 2,439,585 urban population. There are more than 3,000 taxis' data,
with an average sampling interval of 10 seconds. 1,000 taxis' data in 2021-10-14 within
the area of latitude from 22.2 to 22.4 and longitude from 113.4 to 113.4 is chosen as
the experiment data. The total size is 367.85MB. The table form of the data properties
is shown in Table 6.1. Heat-maps of the trajectory length in 2D and 3D are shown in
Figure 6.10.

Table 6.2. Sample of Original Data

taxi_id longitude latitude gps _time state

7091110149 113.530618 22.22945 2021-10-14 00:00:03 2
7091110149 113.531048 22.228835 2021-10-1400:00:13 2
7091110149 113.531411 22.228315 2021-10-14 00:00:23 2

For simplicity, only 5 attributes (they can also be considered as 5 dimensions: taxi _id,
longitude, latitude, gps _time and state) are Itered out and a sample is shown in Ta-
ble 6.2. After the transformation as described in the implementation chapter, the data
was loaded into the database. A sample of the transformed data is shown in Table 6.3.

Table 6.3. Sample of Transformed Data

taxi _id distributing _key indexing key geometry state
7091110149 12 100 LINESTRING Z(...) O
7091110149 12 101 LINESTRING Z(...) O
7091110149 12 102 LINESTRING Z(...) O
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6.2. Experiments for Modelling and Accessing

6.2.1. Distribution Test

The rst experiment is about the spatial distribution properties of the taxi data with
varying Octree depth.

Experiment Design: The independent variable is the depth of the Octree while the
dependent variables are:

1. The empty ratio: It is calculated by the number of empty cells divided by the
number of all the cells. It represents the sparsity of the data.

2. The global difference: It is calculated by the standard deviation of the cell sizes
(including empty cells). It represents the global data skew.

3. The between-group difference: It is calculated by the standard deviation of the
group sizes (the group size is measured by the mean of the 8-neighbour cell sizes).
It represents the global data skew in a coarser resolution.

4. The within-group difference: It is calculated by the average of the standard devi-
ations within all the groups. It represents the local data skew.

For the comparisons between different Octree depths, the later three metrics are nor-
malized by the overall dataset size 1. Given that the three metrics assess the differences
at different resolutions, normalization should also account for the volumes of the cells

and groups.

Figure 6.1. Distribution Test Analysis: With the increasing Octree depth, the empty
ratio, global difference and between-group difference increase while the
within-group difference remains rather stable.

Experiment Result: The experiment result is shown in Figure 6.1, it can be found that
with the further subdivision of the space, the cells are becoming more and more sparse.

1Different resolutions lead to different redundant points which causes the differences in the overall
dataset sizes, this is not taken into account for normalization (shown in Sub-section 6.2.2).
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In the meantime, the spatial distribution is becoming more and more uneven as more
and more empty cells are introduced 2. However, the spatial distribution inside one
subdivision can remain relatively stable which also con rms the previously discussed
"global heterogeneity and local homogeneity”.

Such severe sparsity and global heterogeneity should be carefully considered while
the "global heterogeneity and local homogeneity” property of the taxi data could be
potentially used.

6.2.2. Compression Test

The second experiment is about the compression performance of the sequence-based
modelling with varying Octree depth.

Experiment Design: The independent variable is the depth of the Octree and the size
of the original le is constant while the dependent variables are:

1. The table size without compression: It is calculated by the pg _table_size() func-
tion.

2. The table size with compression: It is the table size after ZSTD (with level 19)
compression.

3. The compression ratio: It is calculated by the size of the original le divided by
the size of the table with compression.

4. The B-Tree indexing size: The B-Tree indexing for the to the indexing key at-
tribute, it is considered as a table and calculated by the same function.

Figure 6.2. Compression Test Analysis: With the increasing Octree depth, the table size
(with or without compression) and the indexing size all show a trend of rst
stabilization and then exponential growth. This leads to the quick drop of
the compression ratio after Octree depth 4.

2The heterogeneity can be seen in Figure 6.10 (a) and (b) while the data will be sparse in the early
morning and data will be concentrated in city centres (especially train stations and customs).
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Experiment Result: The experiment result is shown in Figure 6.2, it can be found that
with the further subdivision of the space, more and more intermediate points (inter-
sections with the cube faces) are introduced which not only increases the size of the
table in the database but also increases the number of the individual records leading
to the potential danger of high cardinality (which can be seen from the increasing size
of B-Tree). Fewer similar (adjacent) points in each record also lead to the de ciency of
compression.

Making transformed data much bigger than the original le is unacceptable, thus, a
smaller Octree depth may reduce the data storage burden. However, the selectiv-
ity due to the coarse subdivision should also be explored which is shown in Sub-
section 6.2.3.

6.2.3. Selection Test

The third experiment is about the selection performance with the data-aware SFC-
based indexing with varying Octree depth. For simplicity, only the typical spatial
selection (box containment selection) is conducted. Given a box (in this case, a box
with a size of 20% by 20% by 20% of the whole space shown in Figure 6.5), a set of
index ranges is generated to preselect the records by indexing_key.

Figure 6.3. Selection Test Case Design: The two extreme corners of the box are (0.1, 0.1,
0.1) and (0.3, 0.3, 0.3).

Experiment Design: The independent variable is the depth of the Octree and the size
and position of the box are constant while the dependent variables are:

1. The range number: The number of the resultant index ranges.

2. The record number: The number of the resultant (selected) records.

3. The time without indexing: The median time cost 2 for the selection without
B-Tree indexing.

4. The time with indexing: The median time cost for the selection with B-Tree in-
dexing.

3All the experiments related to time are done 10 times and the median values are chosen as the repre-
sentatives.
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Note that the time includes the time of execution and fetching but the time for generat-
ing index ranges (this process is done outside the database which is not comparable).
Also, it is only for experiments, in real applications, the intersected and inside ranges
should be further distinguished, the inside ranges could be directly used while the
intersected ranges need further Itering (re nement).

In addition, there are two methods to do the selection, the rst one is to encode the
WHERE expression inside the SQL which is called the "expression” method while the
second one is to rst create a range table and use the join method with BETWEEN
expression which is called the "range join” method. The query depth is set the same
as the Octree depth while the node threshold is set to 100 (these parameters are not
further explored in this research).

Figure 6.4. Selection Test Analysis: With the increasing Octree depth, the time costs
and resultant record number all rst decrease and then increase.

Experiment Result: The experiment result is shown in Figure 6.4, it can be found
that with the further subdivision of the space, selection performance rst increases
and then decreases. It can also be found that the B-Tree indexing could reduce the time
cost whether the "expression” method or the "range join” method is used.

The rst improvement in performance comes from the progressively ner resolution
while less redundant data is selected. For example, all the data is selected with Octree
depth 0 as there is only one cell (shown in Figure 6.5(a)). The later decline of the perfor-
mance comes from the increasing number of records (cardinality) and the increasing
redundancy of the intermediate points (overall size). For example, from the perspec-
tive of visual interpretation, there is almost no difference between Figure 6.5(h) and
the previous three Sub- gures, however, there are more records and bigger data size
for the Sub- gure (h).

Surprisingly, the "expression” method could give a better result than the "range join”
method which is perhaps because the number of ranges is small, with more ranges, the
time consumption for the SQL statement transmission may be bigger. After observing
the query plans, the "expression” method uses a method that replicates ranges to all
the segments and then uses the sequential scans to all the indices while the "range-
join” method uses a method that loops the ranges and then uses indexing scans to the
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(a) Depth O (b) Depth 1 (c) Depth 2 (d) Depth 3

(e) Depth 4 () Depth 5 (g) Depth 6 (h) Depth 7

Figure 6.5. Selection Test Result: With the increasing Octree depth, the selectivity rst
increases (the set of ranges better approximates the shape) then the geome-
tries of the selected data remain relatively the same.

indices. The "range-join” method may be more ef cient as it avoids full table scans.
However, due to the relatively small size of the data and ranges, the edge cost (such as
range table creation or table join operation communications.) might cover the perfor-
mance gains.

The BRIN indexing may not perform better than the B-Tree perhaps also because of the
relatively small number of ranges. It can also be found that the Clustering would not
usually introduce better results. At rst, the range number is suspected as the reason
for the later performance decline. However, in such a low-dimension case (3D), the
range number does not increase after Octree depth 5 (depth 0-2: 1 range, depth 3: 10
ranges depth 4-7: 15-16 ranges). However, the number of ranges in higher dimensions
would be huge (possibly more than 10,000 (Liu, )) which can surely reduce the ef -
ciency of the range join operation. A preliminary idea for merging ranges is discussed

in Appendix D.

Some of the ndings above are not further explored and explained in detail as they are
guery optimization issues. However, it is obvious that the decomposition of the space
should not be too re ned nor too coarse due to storage and speed reasons. For later
distributed database related experiments, an Octree depth of 5 is a suitable start.

6.3. Experiments for Distributing

6.3.1. Speed-up Test

The fourth experiment is about the speed-up of different queries with the increasing
number of nodes (hardware resources) in the distributed database. Five test cases are
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designed which are shown in Figure 6.6.

() t-4-c (Needle(b)t-4-d (Slice (c) t-4-e (Dice
Used) Used) Used)

(d)t-4-a (ID Se-(e)t-4-b (State(f) t-4-c (Needle (g) t-4-d  (Slice (h) t-4-e  (Dice
lection) Selection) Selection) Selection) Selection)

Figure 6.6. Speed-up Test Cases Design and Result: Sub- gures (d) and (e) are the re-
sults of Selection by 100 taxi IDs and further ltered by state=0. Sub- gures
(), (g) and (h) are the Selection results of the box containment Selection sub-
gures (a), (b) and (c)

Experiment Design: The independent variable is the number of nodes while the de-
pendent variables are the relative speedup of all the queries.

1. t-4-a (Identi er selection): Select data by a set of taxi IDs (100 in this case).

2. t-4-b (State selection): Select data by a state. There are only two states (0 and 1),
this query just adds a conditional statement WHERE state = O to the query t-4-a.

3. t-4-c (Spatio-temporal needle selection): Select the data inside a narrow space
domain but cross a wide time domain.

4. t-4-d (Spatio-temporal slice selection): Select the data inside a narrow time do-
main but cross a wide space domain.

5. t-4-e (Spatio-temporal dice selection): Itis a query that is between query t-4-c and
query t-4-d.

Experiment Result: The experiment result is shown in Figure 6.7, it can be found
that all tests show relatively good speed-up, a linear trend. After observing the query
plans between "single-node” and "multi-node” queries, the main difference is that the
"multi-node” case could use parallelism which leads to the speed up.

Due to the limited hardware resources, only 4 nodes are used, it is expected that the
speed-up curves will tend to be horizontal when reaching a threshold of node number.
Among them, t-4-b may be negatively affected by the combined indexing search with
B-Tree for taxiid and Bitmap for state.
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Figure 6.7. Speed-up Test Analysis: The blue dashed line represents the ideal linear
relative speed-up, and the other solid lines represent the relative speedup
of different queries (all of them are slightly worse than the ideal speed-up).

6.3.2. Scale-up Test

The fth experiment is about the scale-up of different queries with the increasing num-
ber of nodes in the distributed database. It is different compared to the speed-up as not
only the number of nodes would be increased, but the "size” of the queries (problems)
should be increased.

Experiment Design: The independent variable is the number of nodes and size of the
gueries while the dependent variables are the relative scale-up of all the queries.

1. t-5-a (Identi er selection): It remains, but the number of IDs is changing from 100
to 400 based on the number of nodes.

2. t-5-b (State selection): Similar as before but with a changing number of IDs.

3. t-5-c (Spatio-temporal dice selection): Itis the remained spatio-temporal selection
with changing volumes shown in Figure 6.8.

Experiment Result: The experiment result is shown in Figure 6.9, it can be found that
the relative scale-ups of all tests oscillate between 0.9 and 1.1 because of randomness,
indicating a relatively good scalability.

Among them, the oscillation of t-5-c is relatively strong. After analysis, it is because
although the volume scaling of the box is strictly controlled, the actual queried record
number of the data (and also the data size represented by the black dashed line) does
not show a strictly corresponding trend. For example, even if the box is extremely
small, queries will also be slower if the data is very dense. It can be seen from here that
spatio-temporal query performance is closely related to the spatial distribution of data
which proves once again the need for the data-aware SFC-based indexing method.
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(a) t-5-c-1 (Small) (b) t-5-c-2 (c) t-5-c-3 (Big)  (d) t-5-c-4 (Huge)

(Medium)

(e) t-5-c-1 Result  (f) t-5-c-2 Result  (g) t-5-c-3 Result  (h) t-5-c-4 Result

Figure 6.8. Scale-up Test Cases Design and Result: Sub- gures (e), (f), (g) and (h) are

the selection results of the box containment (spatio-temporal dice) selection
sub- gures (a), (b), (c) and (d)

Figure 6.9. Scale-up Test Analysis: The blue dashed line represents the ideal linear rel-
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ative scale-up, and the other solid lines represent the relative scale-up of
different queries. Being lower than the blue dashed line represents better
performance, and the black dashed line represents the relative record num-
ber resulted from query t-5-c, indicating a non-linear scale-up of the query
size. Note that the gure is vertically stretched which exaggerates the uc-

tuation.



6.3. Experiments for Distributing

6.3.3. Localization Test

The last experiment is about the localization of data and computation with different
distributing strategies (hashing distributing by indexing _key or by distributing _key).
Three typical test cases are designed and are shown in Figure 6.10.

(a) t-6-a (Aggregation) (b) t-6-b (Projection) (c) t-6-c (Simpli cation)

Figure 6.10. Localization Test Result: The three sub gures show the results of aggre-
gation to cube by scatters, projection to raster by attened bars and the
simpli cation.

Experiment Design: The independent variable is the number of nodes and the dis-
tributing strategies while the dependent variables are the time costs of all the queries.

1. t-6-a (Aggregation for visualization): Aggregate the numeric values of 8 neigh-
bour cells to a spatio-temporal cube.

2. t-6-b (Projection for visualization): Project the numeric values (aggregate the
number values by one axis, in this case, Z, to a plane) of cells to raster.

3. t-6-¢c (Simpli cation for visualization): Simplify the geometries of the result of the
query t-4-d. The querying shape is chosen because simplifying all the data would
be too time-consuming which will push down the curves of other queries.

Experiment Result: The experiment result is shown in Figure 6.11, it can be found
that the query speed increases with the increase of nodes, which is consistent with the
speed-up mentioned previously. However, the dashed and solid lines of each query
almost overlap, proving that different data-distributing strategies do not signi cantly

in uence the performance of these queries.

This gives a negative result, inconsistent with the wanted design achievement. There
are three possible reasons:

1. The most possible reason is that the Greenplum ignores the data distributing de-
sign, the data reshuf ing over different nodes is done as usual even though all the
data needed is in the same node which is shown in Figure 6.12. No localization

is achieved.
2. The Greenplum does what is expected, however, the edge cost of the localization

is too high to cover the bene ts.
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Figure 6.11. Localization Test Analysis: The solid line indicates that indexing _key is
used for distribution, and the dashed line indicates that distributing _key

is used for distribution.

Figure 6.12. Ideal and Actual Localization Processes: Though the systems not imple-
mented in Hadoop, the logic of aggregation in Greenplum must be sim-
ilar to the MapReduce. An example is given for counting the number of
fruits. Generally, shown in sub- gure (a), the data is reshuf ed based on
the keys (the names of the fruits), for example, all the apples are shuf ed
to Node 3, and then the counting is done in each node. If the data distri-
bution is specially designed, as shown in sub- gure (b), the ideal case is
that the counting could be directly done in each node without reshuf ing.
However, since the system does not know the designed distributing, the
reshuf ing is done as usual, negatively in uencing performance.
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3. The main bottleneck comes from the virtual machines such as data transfer time
(network latency and bandwidth) from the server to the client.

Although the localization is not proven to be functioning, the distribution strategy can
improve the loading-balancing (evenly distributed data over nodes) while preserving
the locality.

Table 6.4. Comparison of Different Distributing
Attribute Used  Max Min Difference

Distributing Key 87,796 62,287 29.05%
Indexing Key 81,476 71,649 12.06%

Taxiid 84,699 65,029 23.22%
Geometry 90,150 71,617 20.56%
State 345,125 17,931 94.80%

The number of rows in each node could be calculated. A metric, namely the percentage
difference between max & min could be calculated to evaluate the data skew which is
shown in Table 6.4, the smaller, the better. Indeixng _key, taxiid or geometry could lead
to good load-balancing, however, they can not help to preserve the locality. And it is
quite clear that the state attribute is very bad for doing distributing.

6.4. Chapter Conclusion

The rst three experiments are done in a centralized environment as they are not rele-
vant to the distributed system features.

1. The distribution experiment is to analyse the spatial distribution properties of the
taxi data with varying Octree depth.

2. The compression experiment is to test the compression performance of the sequence-
based modelling with varying Octree depth.

3. The selection experiment is to test the selection performance with the data-aware
SFC-based indexing with varying Octree depth.

It can be seen that the properties of spatial distribution are where spatial data are very
signi cantly different from other types of data. For example, taxi IDs may be com-
pletely randomly distributed (or very regular because some of them belong to the same
company) without physical meaning. These properties severely in uence the perfor-
mance of spatial-related queries, thus, a data-aware SFC-based indexing method is
needed.

The resolution of spatial subdivisions should not be too coarse (reduce selectivity) nor
too ne (increase cardinality and redundant data). This helps the developers and ad-
ministrators balance the storage and speed based on the needs of certain applications.
In addition, how to reduce data redundancy (through merging) is of value for explo-
ration.
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The other three experiments are done in a distributed environment to con rm the su-
periority of the distributed database.

1. The speed-up experiment is to test the speed-up of different queries with the
increasing number of nodes (hardware resources).

2. The scale-up experiment is to test the scale-up of different queries with an in-
creasing number of nodes and increasing side of queries.

3. Thelocalization experiment is to test whether the localization of data and compu-
tation with different distributing strategies (hashing distributing by indexing  _key
or by distributing _key) would help.

It can be seen that introducing the distributed database and increasing hardware re-
sources will improve performance. At least, the performance could come from the
multi-node or multi-core processing. However, whether localization can help in the
distributed system is still only theoretically valid.
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This chapter summarizes, concludes and discusses the full thesis in terms of the method-
ology, implementation, experiments, ndings etc. from a higher perspective.

Section 7.1 rst presents an overview of the work and contributions of the thesis. It
answers the research questions with conclusions and discussions of the experiment
results and ndings.

Section 7.2 nally nishes by offering discussions about limitations and unresolved
iIssues encountered during the thesis. Corresponding recommendations for future en-
hancements and directions are also given.

7.1. Summary and Contribution

This thesis aims to design and implement a distributed database solution to enhance
the management and querying of trajectory data. The proposed questions in Chapter 1
are answered here.

7.1.1. Answers to Research Questions

As for sub-question 1: How to perform the trajectory modelling? Is it better to model it as
a sequence instead of a point cloud or grid?

Instead of modelling trajectories as points or grids, it is better to be modelled as se-
guences mainly due to the application requirements (e.g. trajectory-face intersection
test). Sequence-based modelling is more consistent with people's intuitive understand-
ing of trajectory phenomena. Besides, this kind of modelling somewhat reduces the
cardinality of the original data, enhancing the compression and later accessing perfor-
mance.
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As for sub-question 2: How to perform the spatial accessing? Is it possible to use the SFC
to do indexing and clustering with data awareness for a better querying performance?

Drawing on the idea of PC data management, it is also possible to index the spatio-
temporal aspect of trajectory sequences by the combination of SFC and B-Tree. This
takes into account the dimensional and (linear) shape characteristics of the trajectory.

As for sub-question 3: How to perform data distributing in distributed DBMS? s it
possible to use the SFC to do so and what are the potential bene ts? Will the speed-up and
scale-up of distributed databases be guaranteed?

The distributed database (Greenplum) with the embedded spatial data type is bene -
cial to the performance with good scalability. It turns out that the SFC could not only
be used for indexing but also used for distributing. A suitable data distribution can
promote load balancing. However, enhancing the localization of data and computa-
tion with the designed distributing strategy is still hard without diving into the source
code of Greenplum, although it is theoretically possible. The high degree of integration
of the Greenplum system also brings exibility issues with dif culties in customizing.

Till now, the main question: What is the potential of integrating the SFC accessing methods
and distributed databases for the ef cient management of trajectory data with a huge volume?
Is answered.

The experiments veri ed the possibility of SFC accessing methods and also proved the
bene ts of distributed databases.

7.1.2. Conclusion and Re ection

Different from PC solution (each point is directly encoded as the indices), the trajec-
tories are split by the spatio-temporal cubes while each cube becomes the indexing.
By doing experiments, it can be found that the subdivision resolution in uences the
data compression and data selectivity. A coarser resolution gives a better compres-
sion. However, the space-temporal queries are negatively in uenced by a too-coarse
or too- ne resolution.

Similar to the PC solution, the data distribution of the trajectory data is sparse and
uneven which is also veri ed by the experiments, the data awareness of this spatial
distribution is crucial for the ef ciency of queries. By doing experiments, it can also be
found that the data follows a globally heterogeneous but locally homogeneous spatial
distribution which is used for the data localization. However, the histogram tree is
easy to construct for points (the counts represent the nodes' size), which is not the case
for the trajectory line strings. An adaptive modelling method is needed.

Distributed databases (more nodes or more hardware resources) can improve perfor-
mance including the speed-up and scale-up for the trajectory data management, they
are veri ed by positive experiment results. However, the data-distributing strategy
(pseudo-random sampling) does not help for localization.

Finally, the main lesson learnt from this research is the "adaptiveness” concept. If
extending a proven effective point cloud data modelling method to the trajectory data,
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itis needed to do some adaptive changes. The geometry of the data is no longer a point
without a volume but a line, making splitting a requirement.

adaptive modelling (trajectory splitting) +
Distribution % adaptive accessing (trajectory indexing) + § Distributed
Awareness adaptive distributing (trajectory partitioning) + Architecture

adaptive querying (range merging)

In terms of performance, distributed databases can improve performance, but spatial
data itself has unique characteristics of homogeneity and heterogeneity. Thus, adaptive
changes are also needed to be made during the process of data accessing and distribut-
ing. This adaptiveness idea (although some are implemented and left for future work)
was applied throughout the process of the study.

7.2. Future Work

7.2.1. Completeness Aspect

Due to the time limitation, there is still something to be done to make the research more
complete.

Software Test. The current outcome is a simple demo with an experiment held on
small test data. Other edge cases may exist because of the precision of oating point
operations in splitting algorithms. Therefore, more test cases are needed to validate
the robustness of the programs.

Mathematical Proof:  Although some of the hypotheses are proved by the experi-
ments, some methodologies are quite intuitive. There are risks in simply ignoring
some other factors. Therefore, there is a need to use mathematical tools to make more
serious proof. For example, "given a certain amount of data with certain dimensions
and distribution, what resolution would be theoretically superior?”

Other Application:  Although efforts have been made to cover as many application
scenarios as possible. Many other types of queries are not |mplemented and exper-
imented such as nearest neighbourhood search ( , ; , ),
matching and bundling ( , ). Their interaction-intensive or
recursion-intensive natures make the management task more complex considering the
typical operation is one-turn data retrieval in the database domain. These operations
are more suitable to the reals of big data or cloud computing. These more comprehen-
sive test scenarios are needed for practical applications.
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7.2.2. Applicability Aspect

As mentioned above, this project is a demo, to make it more applicable in the produc-
tion environment, it is necessary to do system integration, realistic benchmarking and
test the applicability for different sources of data.

System Integration:  The current solution is implemented in Python, for a certain ap-
plication, there is a need to interact with the Python and DBMS several times which
does not show the real performance. Therefore, it is needed to integrate the auxiliary
data structures (such as the adaptive Octree) and algorithms (such as Shape Query-
ing) into the database by compiling language. Other kinds of supports should also be
considered such as multi-user applications (for example, when the query is big, can
the system dynamically allocate more resources to that user?), only in this way can it
become a usable product.

Realistic Benchmarking: Current tests of solutions only compare themselves (with
changing parameters) while the comparisons between other counterparts such as mod-
elling based on point or implemented using different platforms (such as Hadoop) are
not done. Therefore, it is needed to do a full benchmarking with other solutions in a
real physical distributed environment instead of the virtual machines. Only then can it
truly demonstrate the superiority of this solution rather than just pointing out a possi-
bility. Also, there is a need for not only comparing cases with different node numbers
but also other database settings such as different thread numbers.

Data Comparison: In this thesis, only taxi data is tested. Other types of data such
as ship data and wildlife data may have different spatial distributions and other char-
acteristics. These phenomena and differences in data types may bring certain impacts
and in uence the applicability of this solution, therefore, comparison with different
data is also of certain signi cance.

7.2.3. Optimization Aspect

To achieve competitive advantages in performance, ef ciency and innovation com-
pared to other systems. It is necessary to optimize many of the factors such as data
structures, algorithms and the combination of parameters.

Work ow optimization: The work ow (life cycle) of the data may be optimized. For

instance, the trajectory splitting and the spatial distribution analysis could be inte-

grated instead of separating to several steps. For example, a new "adaptive splitting”
algorithm could avoid splitting some trajectories too much in places where the data is
sparse.

Algorithm optimization: Many algorithms such as the splitting are implemented in a
straightforward (brute) way. To reduce the time complexity of these algorithms, more
advanced data structures and algorithms may be taken into account. There is also an
issue with the range mering problem which is detailed in Appendix D.
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7.2. Future Work

Learning-based optimization: According to the design, there are many parameters.
The combination of these parameters will lead to different performance. Learning-
based tuning can solve this cost-based optimization problem for the optimal parameter
combinations. At the same time, it is necessary to have a deeper understanding of the
database optimizer.
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Chapter Contents
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This appendix gives the results (in table form) of all the experiments.
A.1l. Experiment Results for Modeling and Accessing
A.1.1. Distribution Test Result
Table A.1. Distribution Test Result
tree depth 0 1 2 3 4 5 6 7
gloabl _difference 0.0 6.05e-07 7.74e-07 9.35e-07 1.17e-06 1.34e-06 1.55e-06 2.02e-06
between_group _difference 0.0 0.0 6.15e-07 7.97e-07 9.53e-07 4.75e-07 1.30e-06 1.55e-06
within _group _difference 0.0 6.05e-07 3.13e-07 2.92e-07 3.13e-07 8.92e-07 3.16e-07 4.11e-07
empty _ratio 0.0 00 0.0 0.07 0.31 0.55 0.72 0.84
A.1.2. Compression Test Result
Table A.2. Compression Test Result
tree depth 0 1 2 3 4 5 7
size_original _le (MB) 367.85 367.85 367.85 367.85 367.85 367.85 367.85 367.85
size_without _compression (MB)  96.0 105.0 118.0 134.0 160.0 206.0 280.0 462.0
size.with _compression (MB) 31.0 310 320 320 370 460 640  102.0
size_btree_index (MB) 141 198 291 451 742 130 280 830
compression_ratio 11.87 11.87 115 115 9.94 8.0 5.75 3.61
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A.1.3. Selection Test Result

Table A.3. Selectivity Test Result

tree depth 0 1 2 3 4 5 6 7
number _range 1 1 1 10 16 15 15 15
number _record 49303 6608 8710 2204 164 255 473 998
without _index_(expression) (s) 0.3 0.08 0.08 0.08 009 0.13 019 0.35
without _index _(range join) (s) 1.55 0.13 014 022 047 088 159 3.03
with _index _(expression) (s) 1.59 005 0.05 0.02 0.0 0.0 0.06 0.06
with _index _(range join) (s) 1.47 0.2 023 029 05 0.87 163 3.26
A.2. Experiment Results for Distributing
A.2.1. Speed-up Test Result
Table A.4. Speed-up Test Result
node number 1 2 3 4
t-4-a (s) 449 237 16 123
t-4-b (s) 145 0.85 0.56 0.49
t-4-c (s) 202 126 088 0.7
t-4-d (s) 1536 839 593 4.64
t-4-e (s) 8.33 492 335 275
A.2.2. Scale-up Test Result
Table A.5. Scale-up Test Result
node number 1 2 3 4
t-5-a (s) 422 434 467 45
t-5-b (s) 1.51 1.45 1.47 1.51
t-5- (s) 8.85 7.71 9.09 8.8
record number for t-5-c 12640 34567 142781 148807

A.2.3. Localization Test Result
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Table A.6. Localization Test Result

node number 1 2 3 4
t-6-a (s) 097 099 0.65 0.4
t-6-a-d (s) 1.02 101 064 042
t-6-b (s) 7.54 415 293 223
t-6-b-d (s) 7.63 391 278 218
t-6-c (s) 9.92 535 3.97 3.39
t-6-c-d (s) 10.08 5.6 419 3.28




B. Virtual Machine Set-up Description

This appendix gives the setup steps for the Greenplum virtual machines.

B.1. Create Template Machine

Hardware Setup: The VMware Workstation 17 Pro is used. The con guration of the
template machine is:

Name: greenplum100

Memory: 4G

CPU:2 2

Disk: 20G (1G + 2G + 17G)
CD/DVD(IDE): CentOS-7.5-x86-1804
Network: NAT

ogkwnNE

ID Address Setup: The dynamically distributed IP cab be rst checked by ip addr.
The network con guration can be modi ed by vi/etc/syscon g/network-scripts/ifcfg-
ens33, while the changes below should be done.

BOOTPROTO="static"
IPADDR=192.168.59.101
GATEWAY=192.168.59.2
DNS1=192.168.59.2

After modi cation, the machine name can be checked by hostname and there is a need
to restart the network services by systemctl restart network.

Libraries Setup: It is needed to install some libraries such as epel-release by yum
install -y epel-release and other libraries by yum install -y vim net-tools psmisc nc
rsync Irzsz ntp libzstd openssl-static tree iotop git.

Firwall Setup: For the convenience of later setup, it is better to stop the rewall and
disable restarting by systemctl stop rewalld and systemctl disable rewalld. After the
above settings, the rewall status can be checked by systemctl status rewalld.

Hosts Setup: For machine communication, there is a need to modify the host map-
ping le by vim /etc/hosts. Inside the le, add the mappings below:

192.168.59.101 greenpluml101
192.168.59.102 greenpluml102
192.168.59.103 greenplum103
192.168.59.104 greenpluml1l04
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192.168.59.105 greenplum105

After the settings, there is a need to reboot the machine by reboot.

B.2. Clone Other Machines

Based on the template machine created above, four machines can be directly cloned,
the only thing that should be changed is their host names by vi /etc/hostname and IP
addresses by vi /etc/syscon g/network-scripts/ifcfg-ens33. Don not forget to reboot
these machines by reboot.

B.3. Set System Environments

Libraries Setup: For all the machines, there is a need to install other dependent li-
braries by yum install -y apr apr-util bash bzip2 curl krb5 libcurl libevent libxml2
libyaml zlib openldap openssh-client openssl openssl-libs perl readline rsync R sed
tar zip krb5-devel.

SELinux Setup: For all the machines, there is a need to disable SELinux by vim
/etc/selinux/con g and modify SELINUX=disabled.

Shared Memory Setup: There is a need to calculate the minimum and maximum
shared memory for later usage.

1. Minimum value: echo $(expr $(getconf -PHYS_PAGES) / 2) which should be
482946 in this case.

2. Maximum value: echo $(expr $(getconf _PHYS_PAGES) /2 $(getconf PAGE_SIZE))
which should be 1978146816 in this case.

After the calculation, the system con gurations can be modi ed by vim /etc/sysctl.conf
while the contents below should be added.

# Change based on the above calculations
kernel.shmall = 482946

kernel.shmmax 1978146816
kernel.shmmni 4096

# See Segment Host Memory
vm.overcommit_memory = 2

# See Segment Host Memory
vm.overcommit_ratio = 95

# See Port Settings
net.ipv4.ip_local_port_range = 10000 65535
kernel.sem = 500 2048000 200 40960
kernel.sysrqg = 1

kernel.core_uses_pid = 1

kernel.msgmnb 65536

kernel.msgmax 65536
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kernel.msgmni = 2048
net.ipv4.tcp_syncookies = 1
net.ipv4.conf.default.accept_source_route = 0
net.ipv4.tcp_max_syn_backlog = 4096
net.ipv4.conf.all.arp_filter = 1
net.core.netdev_max_backlog = 10000
net.core.rmem_max = 2097152
net.core.wmem_max = 2097152
vm.swappiness = 10
vm.zone_reclaim_mode = 0

vm.dirty _expire_centisecs = 500
vm.dirty_writeback_centisecs = 100

# See System Memory
vm.dirty_background_ratio = 3
vm.dirty_ratio = 10

Assume the modi cation is done in greenplum101, there is no need to repeat the pro-
cess in other machines, the best way is to send the le to all the other machines by scp
-r letc/sysctl.conf greenplum102:/etc/.

System Resources Limits Setup: The below settings should be added to two les:
vim /etc/security/limits.conf and vim /etc/security/limits.d/20-nproc.conf.

soft nofile 65536
hard nofile 65536
soft nproc 131072
hard nproc 131072

* ¥ * X

Do not forget to send the les to all the other machines by scp -r /etc/security/lim-
its.conf greenplum102:/etc/security/ and scp -r /etc/security/limits.d/20-nproc.conf
greenplum102:/etc/security/limits.d/.

SSH Threshold Setup: Modify the SSH Threshold by vi /etc/ssh/sshd _con g and
do the below modi cation. After modi cation, do not forget to restart the SSHD by
systemctl restart sshd.

MaxSessions 200
MaxStartups 100:30:1000

Language Set Setup: Change the language set by localectl set-locale LANG=en US.UTF-
8.

Time Uni cation:  There is a need to unify the time over all the machines by ntpdate
cn.pool.ntp.org.

B.4. Install the Greenplum

User Creation: First, it is better to create grennplum users for each machines.
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groupadd gpadmin

useradd gpadmin -r -m -g gpadmin
passwd gpadmin

1234

Then, there is a need to grant power to the users by vim /etc/sudoers and do the below
modi cation.

root ALL=(ALL) ALL
gpadmin ALL=(ALL) NOPASSWD:ALL

SSH Setting: There is a need to set the SSH Login without password by creating key
by ssh-keygen -t rsa and send the key to other machines by ssh-copy-id greenplum102.

Con guration Creation:  There is a need to create some con gurations in the master
node (greenplum101) before the real installation by the below commands.

mkdir -p /home/gpadmin/conf
touch /home/gpadmin/conf hostlist
touch /home/gpadmin/conf seg_hosts

After the creation of these con gurations, there is a need to add the contents to them.
For the vim /home/gpadmin/conf hostlist, add the below content.

greenplum101
greenplum102
greenplum103
greenplum104
greenplum105

For the vim /home/gpadmin/conf seg _hosts, add the above content without the rst
line (master).

Real Installation: There is a need to rst create a directory for the software by mkdir
-p /home/gpadmin/software and transfer the Greenplum installation package.

For the Greenplum installation and the PostGIS installation, the below commands
should be used in the master node.

sudo yum -y install ./open-source-greenplum-db-6.25.3-rhel7-x86_64.rpm
sudo chown -R gpadmin:gpadmin /usr/local/greenplum-db*
gppkg -i postgis-2.5.4+pivotal.8.build.1-gp6-rhel7-x86_64.gppkg

Connection Setting: T connect all the servers, the below commands can be used in
master node.

source /usr/local/greenplum-db-6.25.3/greenplum_path.sh
gpssh-exkeys -f /home/gpadmin/conf/hostlist
mkdir -p /home/gpadmin/data/master
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cat <<EOF >> /home/gpadmin/.bashrc

source /usr/local/greenplum-db/greenplum_path.sh

export PGPORT=5432

export PGUSER=gpadmin

export MASTER_DATA _DIRECTORY=/home/gpadmin/data/master/gpseg-1
export PGDATABASE=gp_sydb

export LD _PRELOAD=/lib64/libz.so0.1 ps

EOF

To con gure the environment variable GPHOME, rstenter the le by vim /usr/local/greenplum-
db/greenplum _path.sh and modify it directly.

GPHOME=/usr/local/greenplum -db

Then, some other con gurations should be done.

gpssh -f /home/gpadmin/conf/hostlist

gpcheckperf -f /home/gpadmin/conf/hostlist -r N -d /tmp

mkdir /home/gpadmin/gpconfigs

cp /usr/local/greenplum-db/docs/cli_help/gpconfigs/gpinitsystem_config /home/gpadmin.

Real Initialization:  Then the initialization can be done by gpinitsystem -c /home/g-

padmin/gpcon gs/gpinitsystem  _con g -h /home/gpadmin/gpcon gs/host le _gpinitsystem.

If something goes wrong, the system can be deleted by gpdeletesystem -d /home/gpadmin/data/mast
1-f

A database can be created by createdb trajectory and the echo "host all gpadmin 0.0.0.0/0
trust” ¢,¢, /home/gpadmin/data/master/gpseg-1/pg _hba.conf and gpstop -u should
be run for the remote connection.

Sometimes, some nodes may be shut down and the gpstop and gpstart should be used.
To change the number of nodes, there is a need to rst delete the system, and then
modify the hostlist and seg _hosts les, and nally, initialize he system again.

77






C. Code Structure Description

This appendix gives the structure of all the code modules (the implementation and
experiments), many of which are referred by the Chapter 5 as it is better to refer to the
source codes rather than pages of complex pseudo-codes of algorithms.

Figure C.1. Code Structure: One box represents one module while the arrows represent
the dependence relationship.

The core module is highlighted in blue, which contains all the classes and functions
that all the other modules rely on such as the function that is used to split the trajectory
and the classes of the adaptive Octree.

The implementation modules are highlighted in green, which contains the whole life
cycle of the data. The rst three modules deal with the extraction, transformation and
loading processes of the data. The fourth module deals with the analysis of the data
spatial distribution which is used to create the adaptive Octree data structure. The nal
module deals with the de nitions of all the SQL functions for the applications

The experiment modules are highlighted in orange, which contain the codes for exper-
iments and visualizations shown in Chapter 6.

The example modules are highlighted in yellow, which contain the codes to generate
demos for the readers to better understand the concepts and methodologies. The dia-
grams of these demos are also used in the Chapter 2 and Chapter 4. The last module
(el-cover) is used to generate the cover of this thesis.
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D. Range Merging Problem

This appendix discusses the de nition of the range merging problem from a theoretical
view and gives simple examples.

The range merging problem comes from the huge number of ranges after the shape
guerying, which causes the de ciency in range joining especially when the dimension
is high (more than 10,000 ranges would be generated). It is argued that reducing the
number of ranges would have potential bene ts. Reducing the number of ranges is the
main constraint and then, the question becomes given a list of ranges, which two suc-
cessive ranges would be the optimal merging pair. By repeatedly merging the optimal
merging pair, the number of ranges can be gradually reduced.

Instead of merging the ranges based on the gaps (e.g., the Morton distances between
each range), a data-aware range merging method is proposed. The ranges inside the
shape are "clean” which could be directly selected without re nement. The ranges in-
tersected or outside the shape are "dirty” which should be further re ned. If a "clean”
range is merged with a "dirty” range, then the merged range is also "dirty”. Then,
the question is transformed into an optimization problem that reduces the number of
ranges without introducing many "dirty” ranges, in other words, the target is to intro-
duce less redundant data. An example of cost calculation and two iterations of range
merging is shown in Figure D.1.

Figure D.1. Range Merging Method: All the spatial distribution information of the
guadrant that the shape is fully contained is queried. The cost (redundant
data size introduced) for each iteration could be calculated. Speci cally,
different weights could be assigned to different types of ranges, for ex-
ample, the ranges that are outside should be harder (in this case 5 times
harder) to be included.

A more comprehensive example is shown in the Figure D.2, the data size (from 0 to 10)
is randomly generated in the 8 by 8 grid, which means the construction depth of the
guadtree is 3. The search depth is also set to 3 and the node size threshold is set to 1.
The weight for introducing outside ranges is set to 5 which means, that only when the
sizes of the outside ranges are 5 times smaller than the inside ranges, would they be
introduced.
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D. Range Merging Problem

(a) Quadtree Example (b) Merging Process Before Iteration 10

(c) Iteration O (d) Iteration 9 (e) Iteration 18 () Iteration 27

Figure D.2. Range Merging Example: Sub- gure (a) shows the spatial distribution and
the querying result while the opacity represts the size of the data. Sub-
gure (b) shows the range merging process, in each iteration (y-axis), two
ranges would be merged. Sub- gures (c)-(f) show the results of the range
merging with different iterations, note that the number of ranges becomes
smaller. It can also be seen that if there is one more iteration after sub-
gure (f), all the ranges will be merged as one.

Generally speaking, reducing the number of ranges can improve query performance as
the seeking time is reduced. However, performance may decrease again as more and
more redundant data is introduced. At the same time, the query will also be closely
related to the spatial distribution of the data. Assuming that data only exists inside
the shape, even if we merge all ranges, no redundant data will be introduced, and the
performance at this time is the best.

The experiment is not conducted in this thesis, rst because of the nature of the taxi
data, the data is modelled in low(3D) dimension without a severe sparsity problem.
The second reason is due to the less control of the hardware resources, making the
exploration of the relationship between the parameters and the hardware performance
impossible.

However, this interesting question was deeply discussed during the thesis process, the
potential directions should be mentioned here in the appendix in case of need espe-
cially when the dimensionality is high and the data distribution is skewed. Further
investigations, potentially using advanced machine learning techniques for parame-
ter optimization, are recommended to validate the effectiveness of range merging in
real-world scenarios.
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