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Abstract

The proliferation of spatial data applications and rising spatial data volumes demand

efficient processing capabilities. Although most relational databases support spatial

extensions of SQL, they offer limited scalability. Traditional relational database

follows a pull-based model of query processing. This is inefficient for processing

large volumes of data. Specialized systems, such as those extending Hadoop and

Spark, improve scalability but often lack comprehensive SQL support or suffer from

the overheads of the pull-based model.

This thesis introduces a distributed spatial query processing system using the Push-

based query compilation approach, generating C++/UPC++-based query plans for

both single node and distributed execution on a high-performance framework using

the Partitioned Global Address Space paradigm. It also proposes two new morsel-

driven parallelism algorithms for scalable spatial query execution. Experiments on

real-world datasets show significant performance gains over leading systems, includ-

ing Apache Sedona, Citus - a distributed database based on PostgreSQL, and Post-

greSQL in single-node configurations.
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Chapter 1

Introduction

Relational database management systems (RDBMS) are widely used for enterprise

data management, partly due to the popularity of SQL. RDBMS engines follow an

iterator-based “tuple-at-a-time” model, which is also known as the Volcano model [25].

However, their main focus was to minimize disk I/O and CPU utilization was less

important, so they could not take full advantage of the improvements in processor

technology and show poor performance on modern CPUs [40] [2]. Hence, they suffer

from performance bottlenecks on modern CPUs. They are inherently inefficient in

terms of performance due to processing each tuple by making repeated calls to the

next function call for each relational operator in the query plan from an input tuple

stream [40].

Driven by advances in computer architecture, modern machines are equipped with

large main memory and several processing cores. Since larger amounts of data can

fit in the main memory than was previously possible, optimizing code for memory

usage and adopting CPU-efficient techniques have become more important. In recent

years, query compilation-based execution model has attracted considerable attention

from the research community [47, 40, 31].

Although query compilation can offer significant performance benefits, re-architecting
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SQL query engine to incorporate data-centric compilation is challenging because of

the associated complexity. Due to the wide adoption of traditional and emerging geo-

spatial applications, providing support for spatial operations became a necessity for

information management systems. Furthermore, adapting query compilation tech-

niques for spatial workloads entails additional complexities. This thesis presents a

compilation-based spatial query processing, which combines high-performance com-

puting with parallel and distributed data processing.

1.1 Motivation

The volume of spatial data is rising due to many factors, including the spread of GPS-

enabled mobile devices and sensors, geo-social media, advances in remote sensing and

satellite imaging, and improving storage capacity. In response to the challenges of

spatial big data, several specialized systems were proposed that extended cluster

computing frameworks Hadoop and Spark. These systems enabled practitioners to

process spatial data by leveraging a cluster of machines. Although they provide good

scalability, they were still slow in executing the queries [61]

Query compilation generates query-specific and data-centric code and is different

from traditional interpretation-based query processing. A lot of research is focused on

query compilation techniques for single node and on non-spatial workloads. Although

query compilation can offer significant performance benefits, re-architecting an SQL

query engine to incorporate data-centric compilation is challenging because of the

associated complexity. Consequently, existing RDBMSs have either not adopted it at

all, or they support a very limited form of query compilation. For example, currently,

PostgreSQL supports just-in-time (JIT) query compilation for tuple materialization

and expression evaluation only. This requires building PostgreSQL from source with

the flag --with-llvm or building it with OMR JitBuilder support [18]. Adapting
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query compilation techniques for spatial workloads entails additional complexities.

To our knowledge, only one previous research made an endeavour [54], where they

identify why existing query compilation techniques are not quite effective for spatial

queries. They propose a generative query compilation approach, LB2-Spatial, which

transpiles a spatial SQL query into a source program (in Scala or C) and it then gets

compiled into native code and executed. To our understanding, LB2-Spatial focuses

on MBR-based spatial query execution (essentially, the Filter step of the 2-step

Filter-Refinement process). Moreover, LB2-Spatial is based on a single node. Such

an approach is not scalable, particularly, in view of rapidly growing data volume.

1.2 Thesis Statement

Execution time of spatial queries can be significantly reduced using query compi-

lation techniques like Push-based model [40]. This technique generates code that

is data-centric and then further improves the query execution speed using dynamic

parallelism and can easily handle volumes of data using distributed computing.

1.3 Research Questions

The following research questions (RQ) have been pursued to support the thesis state-

ment:

• RQ 1: How can we create a query execution engine for spatial queries using

Push-based model and support dynamic parallelism and distributed comput-

ing?

• RQ 2: How does the system created in RQ1 perform against single node

RDMS and distributed RDBMS?

3



1.4 Thesis Contributions

The work presented in this thesis has the following contributions:

• We propose a query compilation-based spatial SQL query processing system,

that can generate code for a single node or a distributed runtime based on

PGAS paradigm.

• We introduce two algorithms for morsel-driven parallel processing of spatial

queries: Monolithic Tile-based Morsel-driven Parallelism (MTMP) and Gran-

ular Tile-based Morsel-driven Parallelism (GTMP).

• We present two index organization techniques, Global Index and Tile Index

and show how they can be used with different kinds of spatial joins.

• We present extensive experimental results involving two real-world datasets.

4



Chapter 2

Background and Related Work

This chapter explains the concepts related to query processing, query compilation,

spatial data and spatial query processing. It also discusses the distributed aspect

of query processing and discusses libraries and frameworks used to build the system

presented in this thesis. Finally, it explores the related work in the field and how

our system tackles their shortcomings.

2.1 Background

This section gives an overview of how query processing works and the query execution

techniques used by different query engines. It also discusses spatial query processing

and its components.

2.1.1 Query Processing

A declarative language such as Structured Query Language (SQL) is used to define

a query, which is processed by the query engine to extract data from the database

as per the constraints defined in the query. This whole process is called query

processing. Query processing has the following stages [52]:

5



538 Chapter 12 Query Processing

query
output

query parser and
translator

evaluation engine

relational-algebra
expression

execution plan

optimizer

data statistics
about data

Figure 12.1 Steps in query processing.

Given a query, there are generally a variety of methods for computing the
answer. For example, we have seen that, in SQL, a query could be expressed in
several different ways. Each SQL query can itself be translated into a relational-
algebra expression in one of several ways. Furthermore, the relational-algebra
representation of a query specifies only partially how to evaluate a query; there are
usually several ways to evaluate relational-algebra expressions. As an illustration,
consider the query:

select salary
from instructor
where salary < 75000;

This query can be translated into either of the following relational-algebra ex-
pressions:

• �salary <75000 (�salary (instructor ))

• �salary (�salary<75000 (instructor ))

Further, we can execute each relational-algebra operation by one of several
different algorithms. For example, to implement the preceding selection, we can
search every tuple in instructor to find tuples with salary less than 75000. If a
B+-tree index is available on the attribute salary, we can use the index instead to
locate the tuples.

To specify fully how to evaluate a query, we need not only to provide the
relational-algebra expression, but also to annotate it with instructions specifying
how to evaluate each operation. Annotations may state the algorithm to be used

Figure 2.1: Steps in query processing [52]

• Parsing and Translation: When the query engine first receives an SQL query,

the Lexical Analyzer part of the query engine breaks it into tokens having

distinct meanings. These tokens can represent keywords, operations, constants

or identifiers. The Syntax Analyzer receives the tokens and makes sure that

the SQL is following the defined grammar and checks that all the tokens are

valid. Finally, the Translator converts the appropriate tokens into Relational

Algebra operators.

• Optimization: A Relational Algebra expression can be represented in many

forms, and each of the forms has an associated cost related to it. In this stage,

the optimizer calculates the cost of expressions and annotates them with an

evaluation strategy, also known as an evaluation plan. The optimizer then

chooses the most optimal evaluation plan using statistics like tuple count, index

available on the table and system factors like disk access, CPU, and network

communication. Finally, it creates a physical query plan.

6



• Evaluation: The physical query plans inform the engine about the exact op-

eration to perform on the Relational Algebra operator and finally, they are

executed to get the final result.

2.1.2 Query Compilation

Many of the database engines were developed when I/O was dominating the overall

processing time and the main memory capacity was low. The popular way of query

processing is to generate a query execution plan (QEP) tree, where each node cor-

responds to a relational operator. Each operator calls next to get a tuple from its

child operator until it reaches the leaf node of the tree. This tuple-at-a-time/Volcano

model [25] is a bottleneck for modern CPUs as the processing power has grown sig-

nificantly in the last few decades. In addition, the capacity of the main memory has

increased significantly. Therefore, database researchers are trying to mitigate the

performance bottleneck by using query compilation techniques [47, 40, 31].

The main concept behind query compilation is to process the data in a tight loop

and perform operator fusion. A tight loop is a loop having little to no function

call, minimal memory allocations, efficiently uses hardware resources and overall has

minimal overhead. In this way, the code and data reside in the CPU cache, thereby,

producing better performance. Instead of iterating over every operator in the QEP

tree for each tuple, the query compilation technique generates high-level/low-level

code. The query compilation approach, proposed by Krikellas, Viglas and Cintra

[31], generates code for every operator. Hence the operator boundaries were explicit.

Later, Neumann et al. [40] formally define pipeline breaker as an operation that

takes a tuple out of the CPU register and spills it to the memory during query

processing. They introduced Push-based model and showed how operator fusion can

improve performance significantly by combining multiple operators in a tight loop

until there is a pipeline breaker, such as join. Fig. 2.2 shows a relational algebra

7



plan with pipeline boundaries. In this thesis, this approach of query compilation for

spatial data is chosen. In addition, the generated code can be executed in distributed

environments.

select *
from R1,R3,

(select R2.z,count(*)
from R2
where R2.y=3
group by R2.z) R2

where R1.x=7 and R1.a=R3.b and R2.z=R3.c

Figure 2: Example Query

R1

R2 R3

x=7

y=3

z;count(*)

a=b

z=c

R1

R2 R3

x=7

y=3

z;count(*)

a=b

z=c

original with pipeline boundaries

Figure 3: Example Execution Plan for Figure 2

data is always pushed from one pipeline-breaker into another
pipeline-breaker. Operators in-between leave the tuples in
CPU registers and are therefore very cheap to compute. Fur-
thermore, in a push-based architecture the complex control
flow logic tends to be outside tight loops, which reduces
register pressure. As the typical pipeline-breakers would
have to materialize the tuples anyway, we produce execution
plans that minimize the number of memory accesses.

As an illustrational example consider the execution plan in
Figure 3 (� denotes a group by operator). The corresponding
SQL query is shown in Figure 2. It selects some tuples
from R2, groups them by z, joins the result with R3, and
joins that result with some tuples from R1. In the classical
operator model, the top-most join would produce tuples by
first asking its left input for tuples repeatedly, placing each of
them in a hash table, and then asking its right input for tuples
and probing the hash table for each table. The input sides
themselves would operate in a similar manner recursively.
When looking at the data flow in this example more carefully,
we see that in principle the tuples are always passed from one
materialization point to another. The join a = b materializes
the tuples from its left input in a hash table, and receives
them from a materialized state (namely from the scan of R1).
The selection in between pipelines the tuples and performs no
materialization. These materialization points (i.e., pipeline
boundaries) are shown on the right hand side of Figure 3.

As we have to materialize the tuples anyway at some point,
we therefore propose to compile the queries in a way that
all pipelining operations are performed purely in CPU (i.e.,
without materialization), and the execution itself goes from
one materialization point to another. The corresponding
compilation for our running example is shown in Figure 4.
(Note that we assume fully in-memory computation for now to
keep the example readable.) Besides initialization, the code
consists of four fragments that correspond to the pipeline
fragments in the algebraic plan: The first fragment filters
tuples from R1 and places them into the hashtable of Ba,b,
the second does the same for R2 and �z, and the third
transfers the results from �z into the hashtable of Bz=c. The
fourth and final fragment passes the tuples of R3 along the
join hash tables and produces the result. All four fragments
in themselves are strongly pipelining, as they can keep their

initialize memory of Ba=b, Bc=z, and �z

for each tuple t in R1

if t.x = 7
materialize t in hash table of Ba=b

for each tuple t in R2

if t.y = 3
aggregate t in hash table of �z

for each tuple t in �z

materialize t in hash table of Bz=c

for each tuple t3 in R3

for each match t2 in Bz=c[t3.c]
for each match t1 in Ba=b[t3.b]

output t1 � t2 � t3

Figure 4: Compiled query for Figure 3

tuples in CPU registers and only access memory to retrieve
new tuples or to materialize their results. Furthermore, we
have very good code locality as small code fragments are
working on large amounts of data in tight loops. As such,
we can expect to get very good performance from such an
evaluation scheme. And indeed, as we will see in Section 6,
such a query evaluation method greatly outperforms iterator-
based evaluation. The main challenge now is to translate a
given algebraic execution plan into such code fragments. We
will first discuss the high-level translation in the next section,
and then explain the actual code generation in Section 4.

3.2 Compiling Algebraic Expressions
When looking at the query code in Figure 4, we notice

that the boundaries between operators are blurred. The
first fragment for example combines the scan of R1, the
selection �x=7, and the build part of Bc=z into one code
fragment. The query execution code is no longer operator
centric but data centric: Each code fragment performs all
actions that can be done within one part of the execution
pipeline, before materializing the result into the next pipeline
breaker. The individual operator logic can, and most likely
will, be spread out over multiple code fragments, which makes
query compilation more di�cult than usual. In addition,
these code fragments have a very irregular structure. For
example, for binary pipeline breakers materializing an input
tuple from the left will be very di↵erent from materializing an
input tuple from the right. In the iterator model everything
is a simple next call, but here the complex operator logic
directly a↵ects the code generation. It is important to note
that this is an advantage, not a limitation of the approach!
The iterator model has a nice, simple interface, but it pays
for this by using virtual function calls and frequent memory
accesses. By exposing the operator structure, we can generate
near optimal assembly code, as we generate exactly the
instructions that are relevant for the given situation, and we
can keep all relevant values in CPU registers. As we will
see below, the abstractions that are needed to keep the code
maintainable and understandable exist, i.e., all operators
o↵er a uniform interface, but they exist only in the query
compiler itself. The generated code exposes all the details (for
e�ciency reasons), but that is fine, as the code is generated
anyway.

From the point of view of the query compiler the operators
o↵er an interface that is nearly as simple as in the iterator
model. Conceptually each operator o↵ers two functions:

• produce()
• consume(attributes,source)
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select *
from R1,R3,

(select R2.z,count(*)
from R2
where R2.y=3
group by R2.z) R2

where R1.x=7 and R1.a=R3.b and R2.z=R3.c

Figure 2: Example Query
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data is always pushed from one pipeline-breaker into another
pipeline-breaker. Operators in-between leave the tuples in
CPU registers and are therefore very cheap to compute. Fur-
thermore, in a push-based architecture the complex control
flow logic tends to be outside tight loops, which reduces
register pressure. As the typical pipeline-breakers would
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As an illustrational example consider the execution plan in
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from R2, groups them by z, joins the result with R3, and
joins that result with some tuples from R1. In the classical
operator model, the top-most join would produce tuples by
first asking its left input for tuples repeatedly, placing each of
them in a hash table, and then asking its right input for tuples
and probing the hash table for each table. The input sides
themselves would operate in a similar manner recursively.
When looking at the data flow in this example more carefully,
we see that in principle the tuples are always passed from one
materialization point to another. The join a = b materializes
the tuples from its left input in a hash table, and receives
them from a materialized state (namely from the scan of R1).
The selection in between pipelines the tuples and performs no
materialization. These materialization points (i.e., pipeline
boundaries) are shown on the right hand side of Figure 3.

As we have to materialize the tuples anyway at some point,
we therefore propose to compile the queries in a way that
all pipelining operations are performed purely in CPU (i.e.,
without materialization), and the execution itself goes from
one materialization point to another. The corresponding
compilation for our running example is shown in Figure 4.
(Note that we assume fully in-memory computation for now to
keep the example readable.) Besides initialization, the code
consists of four fragments that correspond to the pipeline
fragments in the algebraic plan: The first fragment filters
tuples from R1 and places them into the hashtable of Ba,b,
the second does the same for R2 and �z, and the third
transfers the results from �z into the hashtable of Bz=c. The
fourth and final fragment passes the tuples of R3 along the
join hash tables and produces the result. All four fragments
in themselves are strongly pipelining, as they can keep their

initialize memory of Ba=b, Bc=z, and �z
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for each tuple t3 in R3

for each match t2 in Bz=c[t3.c]
for each match t1 in Ba=b[t3.b]

output t1 � t2 � t3

Figure 4: Compiled query for Figure 3

tuples in CPU registers and only access memory to retrieve
new tuples or to materialize their results. Furthermore, we
have very good code locality as small code fragments are
working on large amounts of data in tight loops. As such,
we can expect to get very good performance from such an
evaluation scheme. And indeed, as we will see in Section 6,
such a query evaluation method greatly outperforms iterator-
based evaluation. The main challenge now is to translate a
given algebraic execution plan into such code fragments. We
will first discuss the high-level translation in the next section,
and then explain the actual code generation in Section 4.

3.2 Compiling Algebraic Expressions
When looking at the query code in Figure 4, we notice

that the boundaries between operators are blurred. The
first fragment for example combines the scan of R1, the
selection �x=7, and the build part of Bc=z into one code
fragment. The query execution code is no longer operator
centric but data centric: Each code fragment performs all
actions that can be done within one part of the execution
pipeline, before materializing the result into the next pipeline
breaker. The individual operator logic can, and most likely
will, be spread out over multiple code fragments, which makes
query compilation more di�cult than usual. In addition,
these code fragments have a very irregular structure. For
example, for binary pipeline breakers materializing an input
tuple from the left will be very di↵erent from materializing an
input tuple from the right. In the iterator model everything
is a simple next call, but here the complex operator logic
directly a↵ects the code generation. It is important to note
that this is an advantage, not a limitation of the approach!
The iterator model has a nice, simple interface, but it pays
for this by using virtual function calls and frequent memory
accesses. By exposing the operator structure, we can generate
near optimal assembly code, as we generate exactly the
instructions that are relevant for the given situation, and we
can keep all relevant values in CPU registers. As we will
see below, the abstractions that are needed to keep the code
maintainable and understandable exist, i.e., all operators
o↵er a uniform interface, but they exist only in the query
compiler itself. The generated code exposes all the details (for
e�ciency reasons), but that is fine, as the code is generated
anyway.

From the point of view of the query compiler the operators
o↵er an interface that is nearly as simple as in the iterator
model. Conceptually each operator o↵ers two functions:

• produce()
• consume(attributes,source)
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(b)

Figure 2.2: (a) Relation algebra plan (b) plan with pipeline boundaries [40]

2.1.3 Morsel-driven Parallelism

Parallelism is achieved in the Volcano model using exchange operators [24]. This

operator encapsulates the parallelism such that the other operators are not aware

of the parallelism. It acts as a bridge between the operators running on different

threads by routing the tuple streams between them. The degree of parallelism is

statically determined by the optimizer so, the parallelism is plan-driven and heavily

influenced by the partitioning scheme of the data. While exchange operators simplify

the support for parallelism in new operators, they introduce performance bottlenecks

due to context switching, data transfer between threads, and static parallelism. Ad-

ditionally, load-balancing challenges arising from the chosen partitioning scheme can

further impact performance.

To overcome these limitations, Morsel-driven parallelism [32] was introduced. It

achieves parallelism by running the operator pipelines in parallel on separate threads

and these threads are bounded by the number of hardware threads of the processor.
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The data is divided into small fixed-sized chunks, called “morsels” and then assigned

to the threads working on a pipeline. Once a morsel is processed, the worker is as-

signed another morsel and keeps executing the same until the next pipeline breaker.

A key feature of this approach is that task distribution occurs at run-time, enabling

effective load balancing. It supports dynamic parallelism, with the degree of paral-

lelism determined independently of the query plan.

2.1.4 Apache CalciteApache Calcite SIGMOD’18, June 10–15, 2018, Houston, TX, USA

Figure 1: Apache Calcite architecture and interaction.

BigDAWG is called an island of information. Each island of informa-
tion has a query language, data model and connects to one or more
storage systems. Cross storage system querying is supported within
the boundaries of a single island of information. Calcite instead
provides a unifying relational abstraction which allows querying
across backends with different data models.

Myria is a general-purpose engine for big data analytics, with
advanced support for the Python language [21]. It produces query
plans for other backend engines such as Spark and PostgreSQL.

3 ARCHITECTURE
Calcite contains many of the pieces that comprise a typical database
management system. However, it omits some key components,
e.g., storage of data, algorithms to process data, and a repository for
storing metadata. These omissions are deliberate: it makes Calcite
an excellent choice for mediating between applications having one
or more data storage locations and using multiple data processing
engines. It is also a solid foundation for building bespoke data
processing systems.

Figure 1 outlines the main components of Calcite’s architecture.
Calcite’s optimizer uses a tree of relational operators as its internal
representation. The optimization engine primarily consists of three
components: rules, metadata providers, and planner engines. We
discuss these components in more detail in Section 6. In the figure,
the dashed lines represent possible external interactions with the
framework. There are different ways to interact with Calcite.

First, Calcite contains a query parser and validator that can
translate a SQL query to a tree of relational operators. As Calcite
does not contain a storage layer, it provides a mechanism to define
table schemas and views in external storage engines via adapters
(described in Section 5), so it can be used on top of these engines.

Second, although Calcite provides optimized SQL support to
systems that need such database language support, it also provides
optimization support to systems that already have their own lan-
guage parsing and interpretation:

• Some systems support SQL queries, but without or with lim-
ited query optimization. For example, both Hive and Spark
initially offered support for the SQL language, but they did
not include an optimizer. For such cases, once the query has
been optimized, Calcite can translate the relational expres-
sion back to SQL. This feature allows Calcite to work as a
stand-alone system on top of any data management system
with a SQL interface, but no optimizer.

• The Calcite architecture is not only tailored towards op-
timizing SQL queries. It is common that data processing
systems choose to use their own parser for their own query
language. Calcite can help optimize these queries as well.
Indeed, Calcite also allows operator trees to be easily con-
structed by directly instantiating relational operators. One
can use the built-in relational expressions builder interface.
For instance, assume that we want to express the following
Apache Pig [41] script using the expression builder:

emp = LOAD 'employee_data ' AS (deptno , sal);

emp_by_dept = GROUP emp by (deptno );

emp_agg = FOREACH emp_by_dept GENERATE GROUP as deptno ,

COUNT(emp.sal) AS c, SUM(emp.sal) as s;

dump emp_agg;

The equivalent expression looks as follows:

final RelNode node = builder

.scan("employee_data")

.aggregate(builder.groupKey("deptno"),

builder.count(false , "c"),

builder.sum(false , "s", builder.field("sal")))

.build ();

This interface exposes the main constructs necessary for
building relational expressions. After the optimization phase
is finished, the application can retrieve the optimized rela-
tional expression which can then be mapped back to the
system’s query processing unit.

4 QUERY ALGEBRA

Operators. Relational algebra [11] lies at the core of Calcite. In
addition to the operators that express the most common data manip-
ulation operations, such as filter, project, join etc., Calcite includes
additional operators that meet different purposes, e.g., being able to
concisely represent complex operations, or recognize optimization
opportunities more efficiently.

For instance, it has become common for OLAP, decision making,
and streaming applications to use window definitions to express
complex analytic functions such as moving average of a quantity
over a time period or number or rows. Thus, Calcite introduces a
window operator that encapsulates the window definition, i.e., up-
per and lower bound, partitioning etc., and the aggregate functions
to execute on each window.

Traits. Calcite does not use different entities to represent logical
and physical operators. Instead, it describes the physical properties
associated with an operator using traits. These traits help the opti-
mizer evaluate the cost of different alternative plans. Changing a
trait value does not change the logical expression being evaluated,
i.e., the rows produced by the given operator will still be the same.

Figure 2.3: Apache Calcite architecture [11]

Apache Calcite [11][8] is an open-source dynamic data management framework. Cal-

cite offers a great foundation for building a database engine, some key features include

SQL Parser and Validater to parse and validate SQL queries, and query optimiza-

tion which offers rule-based and cost-based optimization techniques. It provides

Relational Algebra support, which can be used to represent the SQL queries as a
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relational algebra operator and can further transform and optimize them. Calcite

optimizes queries by repeatedly applying planner rules to a relational expression. A

cost model guides the transformation process and the planner engine generates an

alternative expression that has the same semantics as the original but at a lower

cost. Calcite can connect to various data sources including relational databases,

NoSQL data stores and streaming data sources using the adapter architecture. It

provides schema adapters to read data from sources like Apache Arrow [27], Apache

Cassandra [13], MongoDB [38], Redis [50] and many others including CSV files. It is

widely used by open-source data processing systems like Apache Hive [30], Apache

Flink [23], Alibaba MaxCompute [36] and various others for SQL parsing, query opti-

mization, data virtualization/federation, and materialized view rewrite [11]. Calcite

also supports building database drivers through Avantica [10], which is a sub-project

of Calcite. Apache Calcite is widely adopted in the open-source community and sup-

ports various data sources, extensible and pluggable query optimizer with relation

algebra support.

2.1.5 Spatial Data Processing

Spatial data represents location, shape, and relationship with other objects in a

space. Spatial data can be broadly categorized into two types, Raster data and Vec-

tor data. Raster data represents data as a grid of cells or pixels. Each of these cells

depicts a value corresponding to a particular feature or attribute, like, temperature

or elevation of ground. Vector data represents data in the form of geometrical shapes

like points, lines and polygons. We can use a point to represent a landmark, or a

line to represent a road and a building or a park with polygons. The system devel-

oped in this thesis currently only handles Vector data. Spatial data is analyzed and

visualized in Geographic Information Systems (GIS) and is vital for them. The first-

generation GIS were proprietary systems and only dealt with spatial data [19]. All
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IBM’s DB2 Spatial Extender

6

Like document- and image-management systems and other specialized applications,
GIS products are moving away from separate, proprietary software to full integration
with the RDBMS. Figures 1 and 2 show the increasingly complex queries users want
to ask and how the GIS’s architecture is evolving to satisfy these requirements.

In a first-generation GIS, the vendor’s GIS software runs as an application on top of
a file system. All GIS data and indexes are stored in flat files, and the GIS software
is required to interpret and manipulate the data. These first-generation systems are
designed to meet the needs of users at the project or departmental level where all
required data is within the user organization’s domain. Primary users of early GIS
products have been local, state, and federal governments.

While many organizations use a first-generation GIS very successfully, these systems
have several limitations. First, they can handle only spatial data, as illustrated in the
first query in Figure 1. This is probably the most significant disadvantage from the
end-user’s perspective. A query that combines spatial data with other business data
requires “glue code” as part of the application that runs on top of the GIS.

A first-generation GIS also uses a proprietary data model and interface; it is a
separate, self-contained system for accessing and managing all spatial and related
data. The GIS itself must manage the security, backup and recovery, and integrity of
its data and indexes in the file system.

Evolution of GIS Product Architectures
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Development of second-generation GIS was driven by the GIS vendor’s desire to
take advantage of the built-in data-management capabilities of the RDBMS. A
second-generation GIS product can initiate a “handshake” with the RDBMS in order

First-generation GIS
is proprietary and
only handles spatial
data

Second-generation
GIS stores data in
the RDBMS

Figure 2.4: Evolution of GIS [19]

GIS data and indexes were stored in flat files in the system and the vendor’s GIS used

to run as an application on top of the stored files. They had several disadvantages,

they only dealt with spatial data and required “glue code” if a query had to interact

with spatial and other business-related data. Moreover, they used proprietary data

models and had to manage the security, integrity, backup and recovery of their data

in the file system. The second-generation GIS took advantage of some of the built-in

capabilities of the existing RDBMS systems. It allowed GIS to save spatial data

into RDBMS as Binary Large Objects (BLOBs) and transfer some of the data man-

agement burden to the RDBMS. It enabled support for complex queries involving

both spatial and other business-related data. Second-generation GIS were still not

able to directly integrate with the underlying RDBMS as GIS control the RDBMS

schema and use the proprietary API to access and analyze the spatial data. GIS

maintained its own indexes and could not use the performance benefits offered by
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the RDBMS system. It also added additional responsibility of maintaining both the

GIS and RDBMS system to the database administrator (DBA). Object Relational

Database Management Systems (ORDBMS) paved the way for third-generation GIS.

It treated spatial data as first class database objects and changed the GIS from being

a GIS-centeric to DBMS-centric. It implemented the spatial data and spatial indexes

as abstract data types, user-defined functions and user-defined indexes and treated

them as another datatype within the ORDBMS. This ensured that the performance

benefits offered to ORDBMS also applied to the spatial data and removed the addi-

tional burden introduced by second-generation GIS on the DBA. Fig 2.4 shows the

evolution of GIS, and shows various generations of GIS.
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Figure 1: Geometry class hierarchy 
Figure 1 is based on an extended Geometry model with specialized 0-, 1- and 2-dimensional collection classes 
named MultiPoint, MultiLineString and MultiPolygon for modeling geometries corresponding to collections of 
Points, LineStrings and Polygons, respectively. MultiCurve and MultiSurface are introduced as superclasses that 
generalize the collection interfaces to handle Curves and Surfaces. Figure 1 shows aggregation lines between the 
leaf-collection classes and their element classes; the aggregation lines for non-leaf-collection classes are 
described in the text. Non-homogeneous collections are instances of GeometryCollection.   
The attributes, methods and assertions for each Geometry class are described below. In describing methods, this 
is used to refer to the receiver of the method (the object being messaged). 

6.1.2 Geometry 

6.1.2.1 Description 

Geometry is the root class of the hierarchy. Geometry is an abstract (non-instantiable) class. 

The instantiable subclasses of Geometry defined in this Standard are restricted to 0, 1 and  
2-dimensional geometric objects that exist in 2, 3 or 4-dimensional coordinate space (ℜ2, ℜ3 or ℜ4). Geometry 
values in R2

 have points with coordinate values for x and y. Geometry values in R3
 have points with coordinate 

values for x, y and z or for x, y and m. Geometry values in R4
 have points with coordinate values for x, y, z and m. 

The interpretation of the coordinates is subject to the coordinate reference systems associated to the point. All 
coordinates within a geometry object should be in the same coordinate reference systems. Each coordinate shall 
be unambiguously associated to a coordinate reference system either directly or through its containing geometry.  

The z coordinate of a point is typically, but not necessarily, represents altitude or elevation. The m coordinate 
represents a measurement.  

All Geometry classes described in this standard are defined so that instances of Geometry are topologically 
closed, i.e. all represented geometries include their boundary as point sets. This does not affect their 
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Figure 2.5: Spatial data types [53]

2.1.6 Spatial Data Types

A regular database supports numbers, strings and dates data types. A spatial

database includes all of these data types and adds an additional type, called Spatial

data type to represent vector spatial data. Open Geospatial Consortium (OGC) has
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Geometry
Type

WKT representation Geometry

Point Point(10,10)

LineString
LineString(10 10, 20 35, 35 55, 55 45,

50 30)

Polygon
Polygon((10 10, 20 35, 35 55, 55 45,

50 30, 10 10))

MultiPoint
MultiPoint((10 10),(20 35),(35 55),

(55 45),(50 30))

MultiLineString
MultiLineString((10 10, 20 35, 35 55,

55 45, 55 30),(45 30, 30 10))

MultiPolygon
MultiPolygon(((10 10, 20 35, 35 55,

55 45, 55 30, 10 10)), ((55 25, 30 10,

45 10))

Geometry
Collection

GeometeryCollection(Point(45, 10),

Linestring(55 25, 30, 10), Polygon(10

10, 20 35, 35 55, 55 45, 55 30, 10 10))

Table 2.1: Geometries represented in WKT
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standardized the geometrical storage models that are used to represent 2-D geomet-

ric objects like Point, Line, Polygon, Multi-Point, Multi-Line and many more. This

standard is called Simple Feature Access [53] and Fig 2.5 depicts how geometrical

shapes are categorised in this standard. Vector spatial data can be represented in

the following ways:

• Well-Know Text (WKT): This form uses a standard syntax to represent

geometrical objects. This way of representing spatial data is human-readable

and easy-to-use. WKT can represent geometries in 0-, 1- and 2- dimensional

objects. Geometries represented by WKT usually can have x, y, z dimensions

depending on the shape they are representing, and m coordinates where, m is

a measurement. Table 2.1 shows a few geometries represented in WKT.

• Well-Know Binary (WKB): Binary format for representing the WKT and

is designed for efficient storage and processing.

• GeoJSON: This format use JavaScript Object Notation (JSON) object to

represent geometrical objects and its associated attributes. It uses a geographic

coordinate reference system, World Geodetic System 1984, and units of decimal

degrees.

{ "type": "FeatureCollection",

"features ": [

{ "type": "Feature",

"geometry ": {"type": "Point", "coordinates ": [102.0 ,

0.5]},

"properties ": {"name": "Point example "}

},

{ "type": "Feature",

"geometry ": {

"type": "LineString",

"coordinates ": [

14



[102.0 , 0.0], [103.0 , 1.0], [104.0 , 0.0], [105.0 ,

1.0]

]

},

"properties ": {

"name": "LineString example"

}

},

{ "type": "Feature",

"geometry ": {

"type": "Polygon",

"coordinates ": [

[ [100.0 , 0.0], [101.0 , 0.0], [101.0 , 1.0],

[100.0 , 1.0], [100.0 , 0.0] ]

]

},

"properties ": {

"name": "Polygon example"

}

}

]

}

Listing 2.1: GeoJSON representing a point and a line and a polygon

• Shapefile: This format is a popular vector data format for GIS software

and stores location, shape, and attributes of geographic features. It is devel-

oped and maintained by Environmental Systems Research Institute (ESRI). A

shapefile contains collection of files with different extensions and must have at

least a Shapefile shape format (.shp) file, Shapefile index format(.shx) file and
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Shapefile attribute format (.dbf) files. A .shp file contains the geometry data

and the geometry object is stored as a set of vector coordinates in binary. It

also contains the positional index of the geometry objects, and can be used

to seek backwards and forwards in the .shp file. The .dbf file contains the

attributes related to the geometries.

2.1.7 Bounding boxes and Spatial Index

A bounding box, also known as Minimum Bounding Rectangle (MBR), describes the

smallest rectangle that completely encloses a given geometric object and is parallel to

the coordinate axes. MBRs are effectively used in spatial indexing and in optimizing

spatial queries.

(a) (b) (c)

Figure 2.6: (a) MBR of a line, (b) MBR of a polygon, (c) MBRs of line and polygon
intersecting each other

Indexing allows working with large datasets and it allows for fast access to subsets of

data. For a regular workload (non-spatial), we use B+tree [39, 15, 32] for indexing

the dataset. A B+tree partitions the data using the natural sort order of the regular

workload, which includes numbers, strings and dates. Determining the natural sort

order for all of these data types is straightforward, as each value is either less than,

greater than or equal to others. In contrast, the spatial data is very different, and

the natural sort order of the spatial objects is complex to determine, as they could

be multi-dimensional and for each of the dimension we need to maintain a separate
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Figure 2.7: R-tree based indexing using MBRs [46]

index.

R-tree [26] is used commonly to index spatial data. It uses the MBR of spatial

objects to partition the data and it organizes the data into a hierarchy of rectangles,

sub-rectangles, and so on. Figure 2.7, shows how the whole dataset is divided into

rectangles, each of which contains other smaller rectangles. An R-tree indexes these

rectangles (MBR) and as groups of MBRs of spatial objects into a bigger MBR. In

the Figure 2.6(c), to answer questions like “Check if the green triangle touches the

red line”, we can use the R-tree index in the following way. We first find the biggest

MBR that intersects the MBRs of both of the shapes. If it does not then we can

safely say that the shapes do not touch each other, else, we try to find whether the
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MBR of the red line touches the MBR of the triangle and if it does then only we

evaluate whether the actual shapes touch each other or not. The first phase of using

the index is called Filtering Phase and the final predicate evaluation phase is called

Refinement Phase. This two-phase process helps in filtering out many spatial objects

and effectively reducing our search space, especially if we are doing spatial joins.

2.1.8 Spatial Functions

For processing spatial data we need a set of functions, called Spatial Functions. These

functions are defined and standardized by Open Geospatial Consortium (OGC) in

their Simple Feature Access [53] standard. They can be roughly classified into the

following categories.

• Conversion: Functions that convert spatial objects to different formats for

representing them.

• Geometric: Functions that deal with geometric operations, such as finding the

area of a geometric object, finding the centroid.

• Relational: Functions that deal with the relationship between two spatial ob-

jects, like if two objects are equal, or if they intersect each other.

• Transformation: Functions that change the structure of a spatial object and

change it to create a new spatial object.

Table 2.2 list out some of these spatial functions with their description

2.1.9 Spatial Partitioning

Spatial partitioning is a technique that is used to divide the spatial data into smaller

regions called partitions or tiles. They are vital for the analyzing, processing and

querying of spatial data in applications like GIS and spatial databases. It enables
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Function Type Function Name Desciption
Conversion ST_GeomFromText Converts a WKT to geometry
Conversion ST_GeomFromWKB Converts a binary object to geometry
Conversion ST_GeomFromGeoJSON Converts a GeoJSON to geometry

Geometric ST_Length
Calculates length of a LineString
or MultiLineString

Geometric ST_Area Calculates area of a geometry
Geometric ST_Perimeter Calculates 2D perimeter of a geometry

Geometric ST_Distance(A,B)
Calculate the shortest
distance between geometry A and B

Relational ST_Equals(A,B)
Checks if geometry A is identical
to geometry B

Relational ST_Intersects(A,B)
Checks if geometry A and geometry B’s
boundary or interiors intersects

Relational ST_Disjoint(A,B)

Checks if geometry A and geometry B
are disjoint, i.e. if they have
no point in common

Relational ST_Crosses(A,B)

Checks if geometry A and geometry B’s
interior intersects with the interior
of A at some but not all points

Relational ST_Overlaps(A,B)

Checks if geometry A and B overlaps.
Two geometries overlap if they have
the same dimension, their interiors
intersect in that dimension and each has
at least one point inside the other

Relational ST_Touches(A,B)

checks if geometry A and B touch their
boundaries,
but do not intersect in their interior

Relational ST_Within(A,B)
checks if geometry A is
completely within geometry B

Relational ST_DWithin(A,B, x)
checks if geometry A is with
x meters of geomtery B

Table 2.2: Spatial Functions
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algorithm is run for each partition by passing the function
DiscoverWaypointsðÞ. When the initial population is gen-

erated, the process of generating new offspring is repeated

n# 1 times, where n is the number of epochs.

Following Dobrkovic et al. (2018), a good waypoint

candidate is a point that has many AIS points in its prox-
imity. We formalize it with a simple circle-like equation.

Firstly, we need to define a gene – in our case, it’s a triple

(x, y, r), where x represents longitude, y latitude, and r ra-
dius (constant for all genes). A single chromosome con-

tains a fixed number of genes (referred to as a chromosome

length). A set of chromosomes constitutes a population.
Contrary to the method of Dobrkovic et al. (2018), we

initialize our population drawing random AIS points from

the actual population.

4.2.3 Fitness Function

We calculate the fitness value of a chromosome f using the
following formula:

f ¼ 1

N

XN

i¼1

#fðx; yÞ 2 P : havðx; y; xci ; yciÞ% rg; ð4Þ

where N is the number of points (x, y) in a given partition

P. Every single gene in the chromosome carries a waypoint
candidate ðxci ; yciÞ, which actually denotes the center of the

circle with a radius r (in degrees). The # operator marks
cardinality of a set. For calculating the great circle distance

between (x, y) and ðxci ; yciÞ, we use the standard haversine

formula:

Fig. 2 Spatial partitioning methods in the area of the German Bight. Blue dots mark AIS points after filtering with the CUSUM algorithm and
red rectangles denotes separate partitions (color figure online)

123

440 D. Filipiak et al.: Extracting Maritime Traffic Networks, Bus Inf Syst Eng 62(5):435–450 (2020)

Content courtesy of Springer Nature, terms of use apply. Rights reserved.

Figure 2.8: Quadtree-based spatial partitioning [21]

efficient processing of large data by dividing them into tiles and processing each

tile or subset of tiles at once. Moreover, it allows for building efficient indexes

like the Quadtree-based [22] and Grid-based [45, 51] spatial indexes. Quadtree-

based partitioning scheme divides the data into four quadrants recursively. Fig. 2.8

shows a Quadtree partitioned dataset. It considers density and dense areas are sub-

divided more and helps in reducing data skew. Spatial data is characterized by data

skew and processing skew. Data skew is caused by uneven distributions of tuples,

and processing skew is caused by variations in computation time in the Refinement

Phase due to the difference in object sizes and complexity. Grid-based spatial indexes

divide the data uniformly so that each of the tiles has the same dimensions. This

does not consider the density of spatial objects, and so it is more prone to data skew.

Partitioning the data ensures that all the spatial objects whose MBRs can intersect

each other are in the same tile. If any spatial object lies on the tile boundary, then

it is replicated in all the tiles whose boundaries it is intersecting.
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Figure 2.9: Spatial Join

2.1.10 Spatial Joins

In spatial databases, spatial joins combine two or more tables based on their spatial

relationship, unlike joins in a non-spatial workload where joins are performed on a

particular column. Spatial joins can be broadly categorized into the following.

• Spatial Join: It finds object pairs from tables satisfying a spatial predicate

like ST TOUCHES, ST OVERLAPS and geometric other relational functions listed

in Table 2.2. Fig. 2.9 shows an example of the Spatial Join, where join is

performed when two lines intersect each other. In a spatial partitioned dataset,

when performing Spatial Join, we only need to look at the corresponding tiles

from all the tables involved in the join.

• Spatial Range Join: It finds object pairs from tables where the objects

are within a drawn radius of the query object. ST DWITHIN can be used for

this join. Fig. 2.10 shows an example of the Spatial Range Join, where join

is performed for all the spatial objects inside the drawn radius. In a spatial

partitioned dataset, when performing Spatial Range Join, we need to look at

all the tiles, because the radius around the query object could be greater than

the tile boundaries and could extend to other tiles.

• Spatial Distance Join: It finds object pairs that satisfy a particular distance

predicate. ST DISTANCE can be used for this join. Fig. 2.11 shows an example
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Figure 2.10: Spatial Range Join

x > 5 && x < 10

x > 5 && x < 10

x > 5 && x < 10
Figure 2.11: Spatial Distance Join

of the Spatial Distance Join, where join is performed when the distance between

two spatial objects is less than 10 units but greater than 5 units. In a spatial

partitioned dataset, when performing Spatial Distance Join, we also need to

look at all the tiles, because the distance predicate between two objects could

be greater than the tile dimension.

2.1.11 PGAS and UPC++

Partitioned global address space (PGAS) [5] is a parallel programming model for

developing high-performance applications on computer clusters. It provides a global

address space partitioned among the cluster nodes. One significant aspect of PGAS

is its support for one-sided communication, allowing processes or threads to access

memory on remote nodes without requiring explicit synchronization with processes

on those nodes. One-sided communication improves performance by decoupling pro-

22



Array A[]

Distributed Array in
Global Address Space

Thread 0 Thread 1 Thread n

Local
Variable

Shared Segment

Private
Segment

Private
Segment

Private
Segment

X X X

Shared Segment Shared Segment

Figure 2.12: PGAS memory organization

cess synchronization from data transfer but requires the developer to think about

appropriate synchronizations that will be needed between reads and writes. PGAS

programs are based on a single program, multiple data (SPMD) [17] model running

on a cluster. At run time, a PGAS program consists of multiple processes executing

the same code on different nodes. Each process has a rank, which is the identifier of

the node it runs on. The processes can access the global address space partitioned

into local address spaces for each process. Local addresses can be accessed directly.

Remote addresses belonging to different processes are accessed using API calls, also

known as remote procedure calls (RPC). Figure 2.12 illustrates the memory orga-

nization of a PGAS system. PGAS contains two segments, a shared segment where

the data is shared globally and a private segment where the data is private to each

thread. The array A[] is a shared distributed data structure. Each process can

access it. GASNet [12], a PGAS network protocol, provides both synchronous and

asynchronous versions of reads and writes.

UPC++ [63, 1] is a C++ library that supports the Partitioned Global Address

Space (PGAS) programming model, and is designed to inter-operate smoothly and

efficiently with MPI [58], OpenMP [16], CUDA [34] and other HPC frameworks. It
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leverages GASNet-EX to deliver low-overhead, fine-grained communication, includ-

ing Remote Memory Access (RMA) and Remote Procedure Call (RPC). UPC++

exposes a PGAS memory model, including one-sided communication (RMA and

RPC).

2.1.12 Distributed Spatial Query Processing

The volume of spatial data is increasing rapidly due to advances in GPS-enabled

devices, social media, remote sensing and satellite imaging, oceanographic data and

many more. Processing this huge volume of data can be beyond the capabilities

of a single machine. A distributed system can offer an effective solution to tackle

large volumes of data, which can introduce scalability and enhance performance

through parallel processing. Distributed spatial query processing involves analyzing

the spatial data to extract the desired information with the help of a declarative

language like SQL, across multiple nodes in a distributed system.

2.2 Related Work

The topic of scalable processing of spatial data has a long history. Paradise [44] is

one of the earliest parallel databases developed for scalable, geo-spatial data storage

and retrieval. Paradise is based on an object-relational data model that supports

an extended version of SQL for spatial queries. The PostGIS spatial extension of

PostgreSQL played a role in popularizing spatial SQL query processing.

The advent of MapReduce and an open-source implementation Hadoop [28], re-

sulted in researchers introducing Hadoop-based spatial data systems, including Spa-

tialHadoop [20] and Hadoop-GIS [3]. To take advantage of the aggregate memory

pool of a compute cluster, Spark [62] has been introduced, which offers significantly

better performance than Hadoop. Subsequently, several Spark-based spatial sys-
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tems have been proposed. They include Apache Sedona [7] (previously, GeoSpark),

SpatialSpark [60], Simba [59], Magellan [35], STARK [29], and LocationSpark [55].

As noted by Yu et al. [61], among the Spark-based systems only Sedona supports

standard spatial extensions to SQL [9]. Another limitation of some of these systems

is that they support only point objects or MBR-based filter-oriented spatial query

processing. Similar findings were reported by a study [43].

The focus of the above-mentioned systems is long-running spatial queries involving

complex operations, such as spatial join. A few spatial data systems have been

proposed that aim at frequent updates and relatively short-running queries on points,

such as spatial range and kNN queries. MD-HBase [41] is one of the earliest systems

in this category, followed by systems such as DISTIL+ [37]. These systems do not

support SQL.

Data and processing skew are significant issues with spatial query processing. Ni-

harika [48], introduces a spatial partioning scheme and several load-balancing al-

gorithms for handling data skew. ARF [4] presents a one-dimensional range query

filter approach for disk-resident data. AQWA [6] is designed to address spatial com-

putation skew in MapReduce-based systems. LocationSpark provides an optimized

query plan for managing spatial query skew with spatial range join and kNN join

operators. The SPINOJA [49] approach focuses on processing skew caused by varia-

tion in computation time in the refinement step due to object (geometry) size. This

involves a skew-resistant partitioning approach involving splitting each object along

tile boundaries.

2.3 Summary

This chapter discusses query execution techniques like the Volcano model and its dis-

advantages and then talks about how researchers are looking into query compilation-
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based query execution techniques, such as the Push-based model and how they over-

come the disadvantages of the Volcano model. This chapter also mentions the work

related to spatial query processing and how distributed systems based on Hadoop,

Spark and other RDBMS are processing spatial data. Further, this chapter intro-

duces the concepts, tools and frameworks that are going to be used to pursue RQ1.
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Chapter 3

Design and Implementation

This chapter discusses the design and implementation of the spatial query processing

engine of CasaDB [14, 57] developed in this thesis. It presents a detailed description

of the architecture of CasaDB. It also describes two novel approaches for Spatial

Joins, Monolithic Tile-based Morsel Driven parallelism (MTMP) and Granular Tile-

based Morsel Driven parallelism (GTMP) used in the spatial query engine. It also

discusses the different type of Spatial Joins and how MTMP and GTMP is used with

them.

3.1 CasaDB

CasaDB is an in-memory, relational database named after our research group Center

for Advanced Studies-Atlantic (CASA). CasaDB generates query-specific and data-

centric C++ Code which is then compiled to machine code. Recent work [57] in

CasaDB, introduced a new intermediate representation code (IR), called CasaIR,

which effectively reduced the compilation time of generated C++ code significantly.

This thesis extends CasaDB to support efficient spatial query processing for single

node and also for distributed computing by generating data-centric C++/UPC++

code.
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3.2 Architecture

The high-level architecture of CasaDB - Single Node is shown in Figure 3.1, and the

CasaDB - Distributed architecture is shown in Figure 3.2. The query compilation en-

gine of CasaDB consists of several modules: Query Plan Generator, Code Generation

module, Machine Code Generation module, Data Partitioning module, and Data As-

signment module. The Data Partitioning module and Data Assignment module are

only available in CasaDB Distributed. In the case of Single Node, there is only one

Spatial Morsel-driven Parallelism module and in the Distributed architecture, each

node has an independent Spatial Morsel-driven Parallelism module. This module
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supports spatial morsel-driven parallelism (Section 3.5) in each of the nodes, which

helps them to efficiently process each pipeline independently. Finally, the generated

C++/UPC++ code is compiled into native code, which runs on the PGAS runtime

for Distributed CasaDB, to produce the query output. We will discuss more about

these modules in the next few sections.

3.2.1 Query Plan Generator Module

A SQL query is passed through various phases in query execution. In the query

parsing phase, the SQL query is passed through the Lexer to divide the query text

into tokens, which are then fed to the Syntax Analyzer to make sure that the query

adheres to the SQL grammar. In the next phase, it is passed through the Query Op-

timizer, which first takes the tokens from the Syntax Analyzer and transforms them

into a Logical Plan using logical operators. Then the Logical Plan is transformed

into a Physical Plan after choosing the best plan based on a cost model. All these

phases are taken care by Apache Calcite [11] and is part of the Query Plan Generator

module. We have implemented a wrapper on top of Apache Calcite, which converts

the Physical plan generated by Calcite to a CasaDB-specific Physical plan. This

CasaDB-specific Physical plan helps us to easily interact with the code generation

module.

3.2.2 Code Generation Module

We use the Push-based model [40] to generate the C++ / UPC++ code for an input

SQL query. This model introduces two separate functions, produce() and consume(),

to generate the code, as shown in Fig. 3.3. The generated code is data-centric and

keeps the tuples in the CPU registers as long as possible, and only materializes the

tuples at pipeline breakers. It pushes the data towards the operators, which results in

more efficient code and data locality. One thing to note about this technique is that
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Figure 3.3: Produce-Consume Model

the produce() and consume() function calls on the operators are not present in the

final generated C++/UPC++ code but instead we use these functions to generate

parts of the final generated code. The output of the Query Plan Generator module

is then ingested by the Code Generation module, which generates query-specific,

data-centric C++ code for CasaDB-Single Node and UPC++ code for CasaDB-

Distributed. A physical query plan generated by CasaDB for a Spatial Join query

is shown in Figure 3.4(b). CasaDB has a set of physical operators and they all

correspond to Relational Algebra (RA) operators. Each of these physical operators

has produce() and consume() defined on them. Calling produce() on any of these

operators will call produce() on its child and so on, and calling consume() will emit

the operator-specific code. The CTableScan operator listed in Table 3.1, emits code

related to reading tuples from a table, whereas CIndexScan is responsible for emitting

code related to index scan. The operator CSpatialJoin emits code that performs the

actual spatial join operation and spatial predicate evaluation. The operator CApply

performs the projection operation and emits the code related to that. Finally, the

CStore operator is responsible for materializing the results and it emits code related

to that. All of these operators have there pre-defined C++/UPC++ templates,
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Figure 3.4: Code generation

which are used to generate data-centric code. As can be seen in Figure 3.4(b),

the root of the tree CStore calls produce() on its child CApply, and the CApply

calls produce() on its child, and this continues until we reach the leaf node. When

CTableScan determines that it has no child to call produce on, it will call consume()

on its parent with the emitted code, which is highlighted in the Figure 3.4. Then the

parent of CTableScan will call consume() on its parent, and it will continue until we

reach the root node. There is a CompilerState object in the Code generation module

that knows where to place the emitted block of code in the final generated code.

Calcite Operators CasaDB Operators Description
EnumberableTableScan CTableScan, CIndexScan Read tuples from a table

or index
EnumberableNestedLoopJoin CSpatialJoin Performs spatial join
EnumberableProject CApply Projection operator
- CStore Stores the final result

in a data structure

Table 3.1: Calcite and CasaDB operators
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3.2.3 Machine Code Generation Module

The Machine Code Generation module takes the code generated from the Code

Generation module and then compiles it using g++ in CasaDB - Single Node and

for CasaDB - Distributed it uses UPCXX to compile. Then the compiled code is

sent to other nodes in the cluster and they are processed by the UPCXX runtime.

3.2.4 Data Partitioning Module

In a typical relational distributed query execution system, regular (non-spatial) data

is statically partitioned using Range or Hash partitioning so that each node in the

cluster gets equal relevant data. In a spatial partitioned dataset, Spatial Joins use

the spatial boundary of spatial partitions or tiles to perform computation. So, such

type of partitioning scheme will not work with spatial data. We also need to effi-

ciently deal with the data skew, which is caused by the variation in the number of

tuples in each partition and also need to deal with processing skew, which is due to

the complexity and difference in the size of spatial objects. We use a spatial parti-

tioning scheme that tries to create balanced spatial partitions and to deal with the

inherent skew in spatial data. This is based on a recursive partitioning of the spatial

domain, resembling Quadtree [22] partitioning. In each round of the algorithm, our

partitioning approach finds the tile with the highest number of objects and partitions

it into four quadrants of equal size. This process continues until the total number

of generated tiles reaches a threshold. This threshold can be configured to generate

partitions with a configurable number of tiles, that is specified by a parameter. The

results of the performance evaluation of our runtime with the parameter set to 512,

1024, 2048 and 4096 are available in Chapter 4.
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3.2.5 Data Assignment Module

This module is only present in CasaDB - Distributed. Once the data is partitioned,

it is the responsibility of the Data Assignment module to assign data partitions to

the nodes in the cluster. It makes sure that nodes read only the data they will be

processing. Section 3.3 discusses how data partitions are assigned to the nodes in

detail.

3.2.6 Spatial Morsel Parallelism Module

The Machine Code Generator module produces optimized machine code, which is

then sent to all of the nodes in the cluster. Each of these nodes supports an inde-

pendent Spatial Morsel-driven Parallelism Module. This module supports two novel

parallelism approaches Monolithic Tile-based Morsel Parallelism (MTMP) and Gran-

ular Tile-based Morsel Parallelism (GTMP) in each of the nodes, which helps them

to efficiently process each pipeline independently. Section 3.5 discusses both MTMP

and GTMP in detail.

3.3 Tile Assignment

For CasaDB - Distributed, after partitioning the data, we need to make sure that we

only read data that is required by the node. We achieve this by range-partitioning

the number of tiles and then assigning a range of tiles to each of the nodes. This

ensures that each node only deals with the tiles it is assigned. This assignment is

handled by the Data Assignment Module. Each node is assigned less than or equal

to nt tiles. nt is defined as:

nt <=

⌈
number of tiles

number of nodes

⌉
(3.1)
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This tile distribution plays a major role in the final join operation in the Spatial

Morsel-driven Parallelism module. When a tuple from the probe table is processed,

we only examine the tiles it belongs to within the indexed table, eliminating the need

to search through irrelevant tiles. This significantly reduces our search space.

(c) Tile Data

(a) Tile Index

(b) Global Index

Figure 3.5: Index organization

3.4 Index Organization

Indexing can speed up the join operation. Ideally, we build the index on the smaller

table and then use the same index on all of the nodes, but in our system index
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creation depends on the type of spatial join (section 2.1.10) being performed. We

formally define two different types of indexes. In the first one, called Tile Index, for

each tile, we build a separate R-tree index and for the Global Index, we create an

index on the whole table. We use the Sort-tile-recursive (STR) packing algorithm [33]

for both types of indexes. For Spatial Join Query, CasaDB uses the Tile Index to

perform the join, where in the Filtering Phase, objects belonging to the same tile

are processed together. In the case of Distance Join Query, employing Tile Index

or Global Index is not useful, because we need to calculate the distance between

each object pair, and then check if they satisfy the specified distance or not. For

Spatial Range Join Query, Tile Index does not prove useful, because we could be

checking whether an object is within the radius of a query object located in some

other tile. So for this case, we use the Global Index. Our system does not support

kNN Join Query yet, but it could also benefit from the tile-wise index to find top-

K nearest neighbours satisfying a spatial predicate. Building an index dynamically

enables CasaDB to fully utilize the degree of parallelism (DoP) through our spatial

Morsel-driven parallelism approach.

3.5 Spatial Morsel-Driven Parallelism

The original morsel-driven parallelism [32] works well for regular workloads, but

for tile-based/partitioned spatial workloads, using this approach presents additional

challenges. Especially when it comes to “defining” a morsel and also dealing with

inherent processing skew in spatial workloads. We propose two different algorithms

based on morsel-driven parallelism for parallel spatial query processing: Monolithic

Tile-based Morsel-driven Parallelism (MTMP) and Granular Tile-based Morsel-driven

Parallelism (GTMP). In both of these algorithms, each tile is treated as a morsel, but

in the GTMP we introduce granularity at a sub-morsel level, these are called “gran-
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ules” and instead of processing a morsel, we process its granules. The scheduling of

these work units involves a dispatcher assigning a morsel (in MTMP) or granule (in

GTMP) to a worker thread. Once a thread is done processing its assigned entity

(morsel or granule), it receives the next one until all of the entities are processed.

In our experimental evaluation, we found that sometimes MTMP is affected by data

skew, especially when both of the tiles in a spatial join operation have a lot of tuples

(i.e. a large morsel). The worker assigned to this morsel takes a lot of time, while

the other workers are done with their morsels and the overall process is waiting for

this worker to finish. GTMP handles this scenario by employing job-decomposition

technique. It breaks each morsel into granules and processes them efficiently such

that the other waiting workers can take up the granules from the big morsel for

processing. By doing so, we ensure that even if a thread is busy processing a morsel,

which may contain complex geometric shapes, and takes much longer time to process

compared to other morsels, other threads can process other morsels in the meantime.

In this way, we ensure that no thread is in an idle state and they are always busy

doing useful work.

3.5.1 Monolithic Tile-based Morsel Parallelism (MTMP)

In this algorithm, all the tuples in a tile make one morsel, - essentially we are process-

ing one tile at a time. So, if we have used a partitioning scheme that divides the data

into 512 tiles, for example, then the number of morsels will be 512. The number of

tuples in a morsel (or the morsel size) in this approach is dynamic, compared to the

original morsel-driven approach, where they set the morsel size to a fixed number,

for instance, 10,000 tuples. The morsel size in our approach is equal to the number of

tuples in a particular tile. So, the morsel size is dynamic but the number of morsels is

static. This approach was our first attempt at introducing morsel-driven parallelism

in our spatial query engine. It has three components, MTMPWork, MTMPWorker
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and MTMPDispatcher. MTMPWork defines the work that needs to be done. It

contains the morsel, the id of the tile the morsel belongs to and the kind of pro-

cessing that needs to be done on the morsel, which is defined by WorkState. This

WorkState indicates the MTMPWorker the kind of work that needs to be done on

the morsel. The work could involve processing the tiles, or waiting for all the other

workers to finish their processing when all the morsels are assigned to the workers,

or the final state when all the processing is done. MTMPWorker does the actual

processing of the morsel. As soon as such a MTMPWorker is spawned it asks for

MTMPWork, and based on the WorkState of the MTMPWork, it performs the ac-

tual work. A worker is alive as long as there is some work to process. As can be seen

in Algorithm 1, MTMPDispatcher is responsible for managing the MTMPWorker

and assigning the MTMPWork to them. It divides the dataset into morsels and

finally gives them to the workers to perform the actual work when they ask for it. It

also keeps track of the overall state of the actual processing we are doing and stores

the final result. One key thing about this approach is that it does not need an index

to process Spatial Join Operations since the MTMPWorker knows which tile it is

processing and it has access to the morsel in that particular tile from both of the

tables. Fig. 3.6 shows how this works and Algorithm 1 shows how work is assigned

to the workers. In Section 4 we will show how this approach works in different kinds

of joins.

3.5.2 Granular Tile-based Morsel Parallelism (GTMP)

This algorithm introduces the concept of a granule, which is the basic unit of pro-

cessing. In MTMP, the basic unit of processing is a morsel. In GTMP, a morsel is

composed of granules. The number of granules depends on the morsel size in the

corresponding tile. So, the number of granules can be a dynamic entity, in the same

way the morsel size can be dynamic in MTMP. GTMP uses index for different join
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Algorithm 1: Pseudo-Code for getWork() MTMPDispatcher

Input: dispatcherState, tileIdQueue

Output: MTMPWork
1 if dispatcherState == probingMorsels then
2 if tileIdQueue.isEmpty() then
3 dispatcherState = doneProbingMorsel;
4 return MTMPWork with JobState::waitingProbe;

5 end
6 currentTileId, gets current processing tile from tileIdQueue.front();
7 probeMorsel, get morsel for currentTileId;
8 assign probeMorsel to MTMPWork with JobState::probe and also

include the currentTileId;
9 return MTMPWork

10 else if dispatcherState == doneProbingMorsels then
11 if all workers are done probing then
12 return MTMPWork with JobState::done;
13 else
14 return MTMPWork with JobState::waitingProbe;
15 end

16 else
17 return MTMPWork with JobState::done;
18 end

Algorithm 2: GTPMWorker/MTMPWorker

1 isAlive = true;
2 while isAlive do
3 get next available Work from Dispatcher, by calling getWork() ;
4 get WorkState from Work;
5 if WorkState == build then
6 noOp;
7 else if WorkState == waitingBuild then
8 noOp;
9 else if WorkState == probe then

10 Iterate the morsel/granule and do the processing according to the
spatial predicate. Store result in global data structure using
Dispatcher;

11 else if WorkState == waitingProbe then
12 Wait for all of the workers to finish the probing
13 else
14 isAlive = false

15 end

16 end
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Algorithm 3: Pseudo-Code for getWork() GTMPDispatcher

Input: dispatcherState, tileIdQueue, granuleSize,

granuleStartIndex, granuleEndIndex

Output: GTMPWork
1 if dispatcherState == probingMorsels then
2 if tileIdQueue.isEmpty() then
3 dispatcherState = doneProbingMorsel;
4 return GTMPWork with JobState::waitingProbe;

5 end
6 currentTileId, get current processing tile from tileIdQueue.front();
7 probeMorsel, get morsel for currentTileId;
8 granuleStartIndex = granuleEndIndex;
9 granuleEndIndex = granuleStartIndex + granuleSize;

10 if granuleEndIndex >= probeMorsel.length() then
11 granuleEndIndex = probeMorsel.length();
12 tileIdQueue.pop()

13 end
14 Slice a granule from probleMorsel using granuleStartIndex and

granuleEndIndex and assign it to GTMPWork with JobState::probe

and also include the currentTileId;
15 if granuleEndIndex >= probeTuples.length() then
16 granuleStartIndex = granuleEndIndex = 0;
17 end
18 return GTMPWork

19 else if dispatcherState == doneProbingMorsels then
20 if all workers are done probing then
21 return GTMPWork with JobState::done;
22 else
23 return GTMPWork with JobState::waitingProbe;
24 end

25 else
26 return GTMPWork with JobState::done;
27 end
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operations. It needs an index because a morsel (i.e. a tile) is divided into granules,

and each of these granules can be processed by different workers hence, we need a

way to process the granules within a morsel with those in the other table in the same

morsel. For Spatial Join, GTMP uses Tile Index, and for Spatial Range Join it uses

the Global Index on the table because the query object could be present in some

other tiles.

GTMPWork component, contains the tile id, granule and the WorkState. The worker

here is called GTMPWorker and its function is different from its counterpart in the

MTMP, as it uses index (Global or Tile Index Fig. 3.5). The dispatcher in GTMP

is called GTMPDispatcher and it is responsible for handling the GTMPWorker and

creating granules from each morsel and assigning them to the workers. Algorithm 3

shows how work is assigned to the workers and Figure 3.7 provides a holistic view

of this approach. We show how this algorithm works with different kinds of join

categories in section 3.6.

3.5.3 Distributed MTMP/GTMP

Each node in the cluster has its own MTMP or GTMP Dispatcher and Worker. The

Dispatcher spawns as many workers as the machine-dependent threads are supported

in a node. The main node in the cluster runs the Data Assignment module (Fig-

ure 3.2) and is responsible for dividing the tiles equally and assigning them to all the

nodes including itself. Once each of the nodes loads its needed data, it processes the

data in morsel/granule-driven fashion independently. Finally, when the Dispatch-

ers of all the nodes complete their tasks, the main node aggregates the results and

produces the final output.
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3.6 Query Processing

In the following sections we discuss how Monolithic Tile-based Morsel-driven Paral-

lelism (MTMP) and Granular Tile-based Morsel-driven Parallelism (GTMP) support

different types of Spatial Join queries.

3.6.1 Spatial Join processing

Spatial relational functions (Table 2.2) like ST_TOUCHES, ST_OVERLAPS can be used to

perform Spatial Join as discussed in section 2.1.10. In a non-indexed join operation

on non-partitioned table, there are two nested loops, where the loops iterate over

the two tables involved in the join. We compare the tuples from the outer (loop)

table with each of the tuples in the inner (loop) table and then do spatial predicate

evaluation (Refinement Phase) on both of the tuples. If the pair of tuples successfully

passes the predicate evaluation, we add it to the final result. In the case of an index-

based join operation, we have a pre-built index on the smaller table (less number

of tuples). The outer loop is to iterate over the bigger table and then inside that

loop, we do index lookup using the MBR of the outer-loop tuple (Filter Phase). We

iterate over the objects returned by the index lookup and perform the Refinement

to get the final output.

MTMP and GTMP both deal with spatial partitioned datasets. In the case of

MTMP, each tile corresponds to a morsel, we just need to perform the Refinement

Phase on the morsels from both of the tables belonging to the same tile. The Filter

Phase is implicitly done by using the tiles, so using an index is not necessary. We can

directly proceed to the Refinement Phase. MTMPWorker receives a tile id, and its

associated morsels from both the tables and then it uses the non-indexed nested loop

join approach to do the final predicate evaluation (Refinement). The main advantage

of this algorithm is that it achieves faster Spatial Join processing without using an
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index.

In GTMP, morsels are divided into granules and these granules are then assigned to

the GTMPWorker. GTMPWorker worker could be processing a granule in a morsel,

while another GTMPWorker could be processing another granule of the same morsel.

Hence, if we do predicate evaluation on the granules of both the tables then we will

get incomplete (or partial) results, as we are not comparing against the entire morsel.

So, to get complete results, we pre-build the Tile Index and then perform the Filter

Phase with the granules using the index. After the Filter step, we use the result of

the index lookup and do the predicate evaluation between granules and the index

query result to get the final output. MTMP and GTMP show similar performance

in most of the cases, but GTMP outperforms MTMP whenever there is a significant

data skew in morsels.

3.6.2 Spatial Range Join processing

As per the discussion in section 2.1.10 ST_DWITHIN(geomA, geomB, 1) can be used

to implement queries involving radius. This spatial predicate checks if geomA is

within 1 unit distance of geomB.

We can use the global index in the Filter Phase and can make our query execute

faster by eliminating a lot of tuples. We can not use the Tile Index in this scenario

because the query object and the object from the table could be outside of the tile.

In MTMP, we create morsels from the query object table and we use the pre-built

Global Index on the other table. We then create a buffer object on the query object

using the ST_BUFFER and the radius mentioned in the ST_DWITHIN and then use the

buffered object to query the global index. The objects returned by the index undergo

actual predicate evaluation to obtain the final result. By using the global index, we

can effectively filter a lot of tuples from the other table.

GTMP is very similar to MTMP in this join operation. It also uses the pre-built
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global index and creates the granules from the query object morsels. It uses the same

approach of creating buffer objects and then querying the buffer objects against the

index to filter out tuples. Finally, the tuples from the index and the query granules

undergo predicate evaluation to produce the final output.

3.6.3 Spatial Distance Join processing

As per the discussion in section 2.1.10 ST_DISTANCE(geomA, geomB) can be used to

implement Spatial Distance Join. There is no easy way to use an index in this query

and we have to find the distance between each tuple pair from both tables to check

if it satisfies the distance condition.

In MTMP, we implement this join by replicating the smaller table across all of the

nodes. The MTMPWorker receives the whole small table and the morsel it needs to

process. It then uses the Nested Loop Join approach to iterate the small table and

compare it with the tuples in the morsels from the other table. For each tuple in

the small table and in the morsel we do the predicate evaluation and then store the

final result if it satisfies the predicate.

In GTMP, we also replicate the small table across all of the nodes. The GTMP-

Worker also receives the whole small table and the granule from the morsel assigned

to the worker and uses the same approach of predicate evaluation as that of MTMP

to get the final output.

3.7 Summary

This chapter discusses CasaDB and its architecture and how its various modules

are used in both CasaDB-Single Node and CasaDB-Distributed. It then discusses

how tiles are assigned to each node in CasaDB-Distributed and then talks about two

different types of spatial indexes are used in CasaDB. It then describes two different
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new algorithms MTMP and GTMP and how they are used in different kinds of

Spatial Joins. Adding support for distributed spatial query processing with MTMP

and GTMP, pursue RQ1 in this chapter.
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Chapter 4

Evaluation

In this section, the experimental setup, datasets used and various queries used to

test the system are explained. Finally, our system’s performance is compared with

PostgreSQL, Apache Sedona and Citus - distributed database based on PostgreSQL.

4.1 Experimental Setup

Two different hardware platforms both running Linux are used for the experiments.

To evaluate CasaDB - Single Node’s performance, a machine with Intel Xeon Gold

5120 Processor with 112 cores clocked at 2.2 GHz with 128GB main memory is

used. CasaDB - Single Node’s performance is compared with PostgreSQL v14.8.

For evaluating the performance of CasaDB - Distributed, a cluster of 6 machines is

used, each having a Dual-Core AMD Opteron Processor 2222 clocked at 3 GHz and

16 GB main memory and its performance is compared with Apache Sedona v1.4.0.

JDK 11 is used for our code generator and UPC++ 2023.9.0 to run the distributed

code. We compile generated UPC++ code using g++ version 9.4.0.
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4.2 Dataset

Two different datasets are used for the experiments: TIGER [56] California and

OpenStreetMap [42] (OSM) UK.

4.2.1 TIGER Dataset

TIGER stands for the Topologically Integrated Geographic Encoding and Referenc-

ing system and represents the U.S. Census Bureau’s geographic spatial data. It

contains spatial information about various geographic features in the United States,

such as roads, rivers, railroads, boundaries, landmarks, and more. Table 4.1 provides

more details about the tables in the TIGER dataset.

Table Name Geometric Shape No. of tuples
Arealm Polygon 6,708
Areawater Polygon 40,799
Pointlm Point 49,837
Edges Line 4,251,911

Table 4.1: TIGER Dataset

4.2.2 OSM Dataset

OpenStreetMap (OSM) is a free map data provided by the website openstreetmap.org.

It is one of the most popular geographic data created by volunteers. Many companies

use the OSM map as a reference map, and they put an overlay showing their data.

Table 4.2 provides more details about the tables in the OSM dataset.

Table Name Geometric Shape No. of tuples
poi point uk Point 907,914
bld poly uk Polygon 12,982,472
lwn poly uk Polygon 2,742,757
rds line uk Line 593,706

Table 4.2: OSM Dataset for UK
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4.2.3 Queries

A set of Join queries are evaluated for each of the datasets, which involves spa-

tial predicates, such as ST TOUCHES, ST CROSSES, ST OVERLAPS and ST WITHIN. The

Queries for datasets are listed in Table 4.3 and Table 4.4.

Query Name Query

TIGER Q1
select * from arealm join areawater on
ST TOUCHES(arealm.geom, areawater.geom)

TIGER Q2
select * from edges join arealm on
ST CROSSES(edges.geom, arealm.geom)

TIGER Q3
select * from edges join edges as edges2 on
ST CROSSES(edges.geom, edges2.geom)

TIGER Q4
select * from edges join areawater
on ST CROSSES(edges.geom, areawater.geom)

TIGER Q5
select * from areawater
join areawater as areawater2 on
ST OVERLAPS(areawater.geom, areawater2.geom)

TIGER Q6
select * from pointlm join areawater on
ST WITHIN(pointlm.geom, areawater.geom)

TIGER Q7
select * from pointlm join areawater on
ST DWITHIN(pointlm.geom, areawater.geom, 1)

TIGER Q8
select * from pointlm join areawater on
ST DISTANCE(pointlm.geom, areawater.geom) >= 1

Table 4.3: TIGER dataset queries

Query Name Query

OSM Q1
select * from rds lin uk join bld poly uk on
ST TOUCHES(rds lin uk.geom, bld poly uk.geom)

OSM Q2
select * from rds lin uk join lwn poly uk on
ST CROSSES(rds lin uk.geom, lwn poly uk.geom)

OSM Q3
select * from poi point uk join lwn poly uk on
ST WITHIN(poi point uk.geom, lwn poly uk.geom)

OSM Q4
select * from bld poly uk join lwn poly uk on
ST OVERLAPS(bld poly uk.geom, lwn poly uk.geom)

Table 4.4: OSM dataset queries
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4.3 Code Generation and Compilation

Code generation times for TIGER queries are listed in Figure 4.4 and are roughly

the same for both CasaDB - Single Node and CasaDB - Distributed. The code

generation times are not significant compared to the actual spatial query execution

times (as can be seen in the next few sections).

Code compilation times for TIGER queries for CasaDB - Single Node and CasaDB

- Distributed are shown in Fig 4.2 and Fig 4.3. For CasaDB - Single Node, all of the

queries take around 6 to 7 seconds to compile and for CasaDB - Distributed, it took

around 17 seconds to compile. This extra overhead is due to the UPC++ libraries.
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4.4 Execution Time Breakdown

Figure 4.4 shows the query execution time breakdown for TIGER Q3 with GTMP

algorithm. The Refinement Phase takes up 84% of the execution time, while filtering

phase took only 5% of the time. Index creation took only 1%, and creation of

granules for GTMP took 5% of the time. As expected the refinement phase is the

most dominant phase in spatial query processing.
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4.5 CasaDB - Single Node Evaluation

CasaDB - Single Node, generates C++ code for each of the queries, the execution

time for each of the TIGER and OSM queries is measured and compared with Post-

greSQL in this section.

4.5.1 Performance analysis of GTMP and MTMP

We evaluated the performance of MTMP and GTMP with varying tile sizes on a

single node. Figures 4.5, 4.6, 4.7, 4.8 shows the execution times for various TIGER

queries for both MTMP and GTMP algorithms. With increasing the tile sizes the

query execution time is decreasing, and it is true for both MTMP and GTMP.

GTMP performs significantly better than MTMP when the tile size is 512, whereas

with increasing the tile sizes MTMP achieves better performance than GTMP. With a

smaller number of tiles (512) there is a possibility of more skewness in data compared

to a higher number of tiles (2024, 4096), which means some tiles could have more

tuples and some tiles will have less. This shows that GTMP is more skew resilient

compared to MTMP. This is more evident in TIGER Q3 (Fig 4.6), where GTMP

with 512 tiles is 3.8x faster than MTMP with 512 tiles. In contrast, MTMP with

4096 tiles is 2.3x faster than GTMP with 4096 tiles and it shows that MTMP has

the potential of performing significantly better than GTMP when data has less skew

and MTMP’s Dispatcher can spawn a greater amount of workers (in this case, 128).

Surprisingly, TIGER Q5 (Fig 4.7) does not follow the trend of reduced execution

time on increasing the number of tiles, this behaviour is due to the replication of

data while declustering the data, so in case of more number of tiles, there is an

increase of number of tuples to process and hence, this trend is observed. Another

unusual result is shown in TIGER Q7 (Fig 4.8), here, the results are also affected by

the data replication due to partitioning but one more unusual thing is that MTMP is
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always performing better in 512 tiles and 1024 tiles partitioning scheme. Although,

the GTMP is more resilient for data skew, in this case, since one of the tables

involves point data type, MTMP with a larger number of workers was able to process

those point tuples with ease compared to GTMP, where there was some overhead in

creating granules and processing them. In TIGER Q8 (Fig 4.8), which is a Distance

Join, GTMP outperformed MTMP.
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4.5.2 Comparison with PostgreSQL

The performance of CasaDB - Single Node with GTMP algorithm and 4096 parti-

tion granularity is evaluated in this section on TIGER and OSM datasets against
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PostgreSQL. Figure 4.9 shows the execution time for all TIGER queries. TIGER Q1

is 68x faster in CasaDB than PostgreSQL, TIGER Q2 is 125x faster, TIGER Q3 is

7x faster, TIGER Q4 is 279x faster, TIGER Q5 is 39x faster, TIGER Q6 is roughly

2x faster, TIGER Q7 is 3x faster and TIGER Q8 is 14x faster. In conclusion, Spa-

tial Join queries are 2x to 279x faster, Spatial Range Join is 3x faster, and Spatial

Distance Join is 14x faster in CasaDB than in PostgreSQL on TIGER dataset.

Figure 4.10 shows the execution time for all OSM queries. OSM Q1 is 146x times

faster in CasaDB than PostgreSQL, OSM Q2 is 89x faster, OSM Q3 is 10x faster,

and OSM Q4 is 54x faster than PostgreSQL. For OSM dataset, CasaDB - Single

Node is 10x-146x faster than PostgreSQL
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4.6 CasaDB - Distributed Evaluation

CasaDB - Distributed, generates UPC++ code for each of the TIGER and OSM

queries, the execution time for the queries on 2, 4 and 6 nodes cluster is measured

and compared with Apache Sedona and Citus in this section.

4.6.1 Partitioning granularity analysis

We wanted to determine the optimal partition granularity for our algorithms in the

cluster, so the datasets are partitioned with varying number of tiles: 512, 1024, 2048

and 4096. We conducted experiments involving all these sizes and using a combina-

tion of 2 nodes, 4 nodes and 6 nodes in the cluster. Figures 4.11, 4.12, 4.13, 4.14

present the execution time of TIGER queries on 2, 4 and 6 nodes cluster with 512,

1024, 2048 and 4096 tiles size. It can be seen that for queries TIGER Q2 (Fig 4.11),

TIGER Q3 (Fig 4.12), TIGER Q4 (Fig 4.12) and TIGER Q6 (Fig 4.13) the setting

of 4096 tiles performs better than all the others and it also scales well with increasing

the number of nodes in the cluster, however, there are some interesting cases. In

TIGER Q1 (Fig 4.11), though the difference in execution time is insignificant, the

setting of 1024 tiles performs better across all nodes. This behaviour is due to the

additional overhead of processing more tiles in 2048 and 4096 configuration and also

processing more tuples due to replication. Same behaviour can be seen in TIGER Q5

(Fig 4.13) and TIGER Q7 (Fig Figure. 4.14). In TIGER Q8 (Fig 4.14), in 2 nodes,

4096 tile configuration is performing worst among all, but on 4 and 6 nodes, 4096 is

performing the best.

4.6.2 Performance analysis of GTMP and MTMP

We evaluate the performance of GTMP and MTMP by running the TIGER queries

listed in Table 4.3 on 2 nodes, 4 nodes and 6 nodes cluster and measured the exe-
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Figure 4.11: GTMP performance for TIGER Q1, TIGER Q2 with different partition
granularity for TIGER dataset
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Figure 4.12: GTMP performance for TIGER Q3, TIGER Q4 with different partition
granularity for TIGER dataset
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Figure 4.14: GTMP performance for TIGER Q7, TIGER Q8 with different partition
granularity for TIGER dataset

cution time of all of the queries. As we found in the previous section 4096 partition

granularity works best for our algorithms, so we used 4096 tiles setting for these

experiments. For the majority of the queries both, GTMP and MTMP have similar

execution times, apart from the Spatial Join queries involving larger tables (Edges).

For TIGER Q3 (Fig 4.16), GTMP is roughly 2x faster than MTMP. This is be-

cause of the high degree of data skew in the tables (Edges) involved in this query.

While MTMP’s Dispatcher could sometimes provide large morsels to its workers,

GTMP’s Dispatcher breaks the large morsels into granules and gives them to its

workers. As a result, GTMP’s workers complete their work more quickly and then

move on to their next task. GTMP shows much more resilience to data skew than

MTMP, which is an important consideration when it comes to spatial query pro-

cessing. GTMP also outperforms MTMP in Spatial Range Join (TIGER Q7) and

Spatial Distance Join (TIGER Q8). TIGER Q7 (Fig 4.18) is 2.1x - 2.6x faster than

MTMP and TIGER Q8 (Fig 4.18) is 5.4x - 5.6x faster than MTMP.

4.6.3 Scalability of our system

Figure 4.19 shows the scalability of CasaDB (4096 Tiles, GTMP) on the cluster

using TIGER dataset. For long-running Spatial Join queries like TIGER Q3, our

system performs 1.7x to 2.6x better on 4 and 6 nodes respectively when compared
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Figure 4.16: GTMP vs. MTMP for TIGER Q3 and TIGER Q4 queries
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Figure 4.18: GTMP vs. MTMP for TIGER Q7 and TIGER Q8 queries

to 2 nodes, and also for TIGER Q4, it scales well with 2x to 2.7x performance boost

on the cluster. Short-running Spatial Join queries like TIGER Q1 also scales 1.4x

to 1.9x on 4 and 6 nodes, and TIGER Q6 scales 1.5x to 3.45x. Spatial Range Join,

TIGER Q7 performs 3.3x to 8.5x faster on 4 and 6 nodes, when compared to 2 nodes.

Spatial Distance Join, TIGER Q8 shows performance improvement of 3.8x to 8.4x

on 4 nodes and 6 nodes when compared to 2 nodes.

Figure 4.20 shows the scalability of CasaDB (4096 Tiles, GTMP) on the cluster

using OSM dataset. OSM Q1 scales well and shows a performance boost of 1.7x on

4 nodes and 2.4x on 6 nodes cluster when compared to 2 nodes. OSM Q2 performs

1.6x to 2.2x faster on 4 and 6 nodes respectively. OSM Q3 performs 1.1x to 1.6x

faster on 4 and 6 nodes. Finally, OSM Q4 shows 1.8x to 2x performance boost on 4

and 6 nodes when compared to 2 nodes.

Overall, the system shows significant scalability when increasing cluster size on both

TIGER and OSM datasets.

4.6.4 Comparison with Apache Sedona and Citus

We evaluate CasaDB against Apache Sedona and Citus, Fig. 4.21 shows execution

times for TIGER queries running on 6-node cluster. CasaDB’s fastest-running Spa-
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Figure 4.20: CasaDB - Distributed with OSM Dataset

tial Join query on TIGER dataset was TIGER Q6 and it took 212 ms to finish, while

the same query took 415 ms to execute on Citus and roughly 32 seconds on Sedona.

Another short-running Spatial Join query, TIGER Q1 took 424 ms on CasaDB, 912

ms on Citus and around 30 seconds on Sedona. CasaDB’s longest-running Spatial

Join query on TIGER dataset was TIGER Q3, and it took 48.4 seconds to execute,

while on Citus it took 68.4 seconds to execute and Sedona took roughly 4 mins. An-

other long-running Spatial Join query, TIGER Q4 took approximately 40 seconds

on CasaDB, Citus took 4.2 minutes and Sedona took 94 minutes to execute. Short-

running Spatial Join queries are 2x faster on CasaDB than Citus and 58x - 70x faster
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than Sedona. Long-running Spatial Join queries are 1.4x - 6.4x faster on CasaDB

than Citus and 5x - 143x faster than Sedona. Other TIGER Spatial Join queries

(TIGER Q2, TIGER Q5) are 1.3x to 7x faster than Citus and 20x - 58x faster than

Sedona. Spatial Range Join Query, TIGER Q7 on CasaDB is around 3x faster than

Citus and 611x faster than Sedona. Spatial Distance Join Query, TIGER Q8 on

CasaDB is 2x faster than Citus and 60x faster than Sedona. Overall, CasaDB is

1.3x to 7x faster than Citus and 5x to 611x faster than Apache Sedona on TIGER

dataset.

We also evaluated the performance of CasaDB on OSM dataset on 6 nodes. Fig. 4.22

shows execution times for OSM queries running on 6-nodes cluster. Longest-running

query, OSM Q1 took roughly 19 minutes to execute on CasaDB, Citus took 28.4

minutes and Sedona took roughly 96 minutes to execute, OSM Q4 took 17 minutes

to finish on CasaDB, while Citus took 26.7 minutes to finish and Sedona took 46

minutes to execute it. The short running query, OSM Q3 performed best on Citus

with just 10.3 seconds, while CasaDB took 1.8 minutes to finish and Sedona finished

in 17 minutes. Overall, CasaDB is at least 5x to 9.5x faster than Sedona and at

most 1.5x times faster than Citus DB on OSM dataset.
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Figure 4.21: CasaDB vs. Citus vs. Apache Sedona for TIGER
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Figure 4.22: CasaDB vs. Citus vs. Apache Sedona for OSM

4.7 Summary

The Spatial query processing engine of CasaDB developed as part of the research

in this thesis is evaluated in this chapter. We first evaluated the performance of

CasaDB - Single Node and started by comparing the GTMP and MTMP algorithms

and showed how GTMP performs better when data is skewed, and also showed the

potential of MTMP when data is not skewed. We then compared the performance

of CasaDB - Single Node with PostgreSQL and found it to be 2x to 279x faster

on TIGER dataset and 10x to 146x faster on OSM dataset. We then evaluated the

performance of CasaDB - Distributed and started by evaluating the system at various

partitioning granularities and found that 4096 partitioning granularity performs best

on the cluster of machines. We then evaluated the performance of MTMP and GTMP

and showed that GTMP handles processing skew elegantly and overall performed

better than MTMP. Then we evaluated the scalability of our system on 2, 4 and

6 node clusters. Finally, we compared the performance of CasaDB - Distributed

against Apache Sedona on TIGER dataset and OSM dataset. The results show that

our system scales well and is 1.3x to 7x faster than Citus and 4x to 611x faster than

Apache Sedona on TIGER dataset. On OSM dataset, CasaDB is almost 1.5x faster
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than Citus and 5x to 9.5x faster than Apache Sedona.
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Chapter 5

Conclusion and Future Work

This chapter summarizes the key contributions of the thesis and propose future

research directions.

5.1 Conclusion

This thesis presents a compilation-based single node and distributed spatial query

processing engine for CasaDB. The system generates a query-specific and data-centric

C++ code for single node and UPC++ code for a cluster of machines, which is

then executed using PGAS runtime. To further improve the performance of the

system and deal with the inherent processing skew present in spatial data, this

thesis proposed two new morsel parallelism-based algorithms, Monolithic Tile-based

Morsel Parallelism (MTMP) and Granular Tile-based Morsel Parallelism (GTMP).

This thesis also proposed two index organization techniques, Global Index and Tile

Index and how they can be used with different kinds of spatial joins. Finally, we

evaluated the performance of our system on single-node configuration (CasaDB -

Single Node) with PostgreSQL. We also evaluated our system on a cluster (CasaDB

- Distributed) with a Spark-based distributed spatial processing system, Apache

Sedona and Citus, a distributed database based on PostgreSQL. Experiment results
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showed that the CasaDB Single Node is 2x to 279x faster on TIGER dataset and 10x

to 146x faster on OSM dataset compared to PostgreSQL and CasaDB Distributed is

1.3x to 7x faster than Citus and 4x to 611x faster than Apache Sedona on TIGER

dataset, and on OSM dataset CasaDB is almost 1.5x faster than Citus and 5x to

9.5x faster than Apache Sedona.

5.2 Future Works

This section discusses the potential for improvements to the proposed system.

5.2.1 Code Compilation Time

Compilation-based processing systems usually suffer from the code compilation time.

Our system is also affected by the same, but recent work [57] proposed a new MLIR-

based query processing dialect, called CasaIR for CasaDB, and it has helped to

reduce the compilation time for non-spatial workload processing by a huge margin.

CasaIR could be extended to support spatial data types and spatial operations in

the future to reduce the compilation time for spatial workloads effectively.

5.2.2 Spatial Distance Join Processing

Our system supports Spatial Distance Join using ST DISTANCE. Query execution

time for such types of query is relatively higher than other Spatial Join and Spatial

Range Join queries. This behaviour is expected as this kind of join can not utilize

a spatial index, which other joins can. Note that for Spatial Distance Join, the

execution times of Apache Sedona, PostgreSQL and Citus are also high compared

to other joins, and our system still performs better than them. There is still scope

for further optimizing the Spatial Distance Join processing using the metadata of

partitioned tiles. We can use the tile dimensions and the distance constraint together
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to filter out other tiles.
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