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Abstract

In radio astronomy, radio frequency interference (RFI) refers to any signal captured
by a radio telescope that did not originate from the observed target in the sky. RFI
from terrestrial and other sources is a recognized problem that contaminates the
desired signal and must be tracked and ultimately removed. RFI corrupts observed
data and may even damage radio telescope equipment. Astronomers, therefore,
seek to store data on RFI to mitigate or prevent future interference events. At the
MeerKAT radio telescope (a precursor to the Square Kilometre Array, and one of the
largest and most sensitive radio telescopes in the world to date), RFI is captured
in different formats using a variety of devices including telescopes, sensors and
scanners; however, the combination of data from these multiple sources does not
only yield storage problems but also data integration challenges.

In this work, we present two designs for the scalable database model. In the first
design, RFI data is stored in multiple databases (PSQL, SciDB, and Accumulo). Our
findings indicate that PSQL outperforms both SciDB and Accumulo. Consequently,
in the second design (alternative), all RFI data is stored exclusively in PSQL.
However, we observed that the performance of the alternative model is impacted
by the transformation of SciDB (array data) and Accumulo (key-value data) into
PSQL (relational data). Our results recommend storing RFI data in its appropriate
database rather than transforming it into another format, as this approach boosts the
model’s performance.

Our model demonstrates a response time of less than 12 seconds for 1 MB RFI
data (bulk request), with latency below 0.14 seconds—well within the acceptable
maximum latency of 1 second in scalable databases. We found that the native
database API is slightly faster (5%) than a third-party API, with no significant
impact on the model’s performance. In addition, this work indicates the direction
for improvement in join queries involving disparate databases, which remains
a limitation in heterogeneous environments. Our model facilitates fast queries
across various databases, underscoring the importance of storing each data type
in the appropriate database system. Lastly, our RFI database model offers good
performance and scales effectively with increasing data volumes, multiple users,
and varying workloads, making it suitable for the MeerKAT and SKA radio
telescopes.
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Chapter 1

Introduction

The Square Kilometre Array (SKA) telescope project aims to construct one of the
largest and most sensitive telescope in the world, with the first phase (about 10%
of the planned full SKA) expected to complete in 2023 [1]. The SKA precursor,
MeerKAT [2], is currently in operation in South Africa and comprises approximately
1% of the final SKA, but is already one of the most sensitive radio telescopes in the
world [3]. The full SKA is expected to produce data volumes equal to the current
global total internet traffic [4].

RFI is an important issue for radio telescopes, such as the MeerKAT/SKA.
Radio frequency interference refers to any signal captured by a radio telescope
that did not originate from the observed target in the sky. RFI sources range from
human-generated ones to natural objects such as the sun. RFI signals are typically
stronger than the weak celestial signals of interest and therefore have a dramatic
deleterious effect on observation data [5]. With the expansion of technology, RFI
contamination of the radio signal is constantly growing with time. Additionally,
the radio spectrum allocated to radio astronomy is limited, the greater part of the
spectrum is reserved for commercial purposes [6]. As a result, radio astronomical
observations are susceptible to human-made RFI.

Figure 1.1 illustrates potential sources of RFI likely to interfere with radio
observations, such as television (TV), FM radio, digital audio broadcasts (DAB),
satellite communication, cellular networks (GSM, UMTS), wireless computer
networks (WLAN). While some sources of RFI originate from legally allocated
communication services licensed by regulatory authorities ICASA in South Africa)
[7], the majority remain unidentified.

FIGURE 1.1: Potential RFI sources in radio astronomy [8].

There is no complete solution to eliminating RFI, but several approaches have
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been introduced to reduce the damage on celestial signals [9, 10, 11]. These
approaches range from regulatory to technical methods. The first approach in
RFI mitigation is prevention: this is provided for explicitly in the Astronomy
Geographical Act (AGA) of South Africa, which protects areas suited to radio
astronomy [12]. The second approach involves the detection and monitoring of RFI
signals. Monitoring RFI at MeerKAT is implemented using two devices: a fixed
monitoring system that provides continuous monitoring, and a mobile monitoring
system that resides on a vehicle that can be deployed anywhere within or beyond
the telescope array [13].

Radio astronomers collect and store RFI data to explore and understand the
nature of the RFI sources. The RFI data are dynamic and diverse, including
measurement sets, arrays, tables, text, spectral images, and JavaScript Object
Notation (JSON) [14]. Such complex data sets vary widely in quality, coverage,
accuracy, and period, making data storage a concern: diverse data impacts data
interpretation and is cumbersome [15]. The advantage of collecting RFI in different
formats is that it provides a subtle and detailed picture of the nature and source of
the interference. In addition, RFI data collected in isolation (from MeerKAT and
other international radio telescopes) hinders data integration [16]. This problem
is likely to be exacerbated in the future as a consequence of high data volumes
generated at high rates during large survey observations at the SKA in the future.

Traditional flat-file formats, such as CSV, are commonly used by many scientists
for their data storage. However, flat files lack the structure necessary for indexing
multiple files [17]. Structured file systems, such as Hierarchical Data Format
Version 5 (HDF5) [18] and Network Common Data Form (NetCDF) [19], have
been introduced to deal with large and diverse scientific datasets but are still
built on the basic principle of flat files [17, 20] and do not fully support indexing,
caching, structure-like queries, reliability and scalability [21], essential for many
science applications that require real-time support, cross-platform querying, detail
analytics, and data visualization [22].

A database management solution is preferable, but the most serious challenge
in using databases to store scientific data lies in integrating several data elements.
Previously, Fridman et al [10]. proposed the creation of an RFI database at each radio
telescope for further reference of the RF environment to ensure that the environment
around the telescope is free from RFI signals. However, the challenge faced by the
traditional relational database models (RDBMS) is the inability to scale and integrate
data in multiple formats without compromising the essential READ and WRITE
database operations. In particular, using RDBMS for storing RFI would mean that
only well-structured data that fits appropriately into tables would be stored.

Previously, RDBMS would handle only structured data. Today, RDBMS support
semi-structured data like JSON and XML. However, unstructured data, such as
images, scanned documents, sensor data, audio, and video, are still not supported.
Therefore, unstructured data would have to be discarded, despite all the valuable
information they might contain. In general, a large portion of the science data
comprises multi-dimensional structures that are inadequate for the traditional 2D
relational models.

Previous studies on scientific databases have recommended PostgreSQL (PSQL)
[23] and SciDB [22] as solutions for astronomy. PSQL has been used in astronomy
as it supports complex data objects and astronomy-specific functions [24]. SciDB
has been used in EarthDB to store moderate resolution imaging spectroradiometer
data on earth dynamics and supports fast searches, bulk loading, and ad-hoc
analysis [25]. Stonebraker et al. [21] have demonstrated SciDB on imagery from the
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Large-aperture Synoptic Survey Telescope (LSST) [26] using the array data model
to find space objects, such as galaxies. However, this supports a single modality of
data that disregards several data models found in scientific data.

We focus on radio astronomical data, specifically on RFI. Our primary focus is
on efficiently storing RFI data rather than identifying it. We argue that efficient
RFI storage is a fundamental prerequisite for successful RFI identification. In our
approach, we emphasize the use of database systems over traditional file systems.
While file systems can handle large volumes of data, they lack the comprehensive
database functionalities required for RFI data management. Therefore, our research
centers on new and scalable database models, particularly Scalable SQL (PSQL),
NewSQL (SciDB), and NoSQL (Accumulo). These models offer scalability without
compromising performance, making them well-suited for managing the substantial
volume of RFI data.

It’s worth noting that our focus is on MeerKAT data collected before and during
the construction of the telescope, which consists of 64 antennas. We do not consider
data from the ongoing SKA international telescope project, which involves an
additional 133 antennas. At MeerKAT, RFI interference from terrestrial and other
sources has been a persistent issue that contaminates the astronomical signals of
interest. RFI is recorded by various devices, including telescopes, sensors, and
scanners. However, integrating data from these diverse sources into a unified RFI
database model presents a significant challenge. Addressing this challenge holds the
potential to greatly benefit radio astronomers by improving RFI coordination and
analysis, consequently enhancing the quality of radio astronomical observations.

To address the primary research question, we initiated a requirements survey
targeting potential users of the RFI database, including radio astronomers,
engineers, and computer scientists at the MeerKAT radio telescope in South Africa.
This diverse group of scientists was selected for their ability to provide valuable
insights into the specific needs of the RFI database. Through this survey, we
collected, analyzed, and interpreted qualitative data to gain insight into the RFI
storage challenges at the MeerKAT radio telescope.

We designed a database based on the foundational principles of conceptual,
logical, and physical database models. The conceptual database model outlines the
core entities necessary in the RFI database environment and their relationships. The
logical database model provides detailed specifications of these entities, including
attributes, primary keys (unique entity identifiers), and foreign keys (establishing
relationships between entities). Finally, the physical database model translates the
logical model into an actual DBMS implementation, specifying how data is stored
and accessed. Therefore, this comprehensive approach enables us to assess the
scalability and performance of the database models in handling RFI data effectively
at the MeerKAT radio telescope.

Subsequently, we evaluate these database models in data-intensive settings,
including scenarios with increasing data volumes, multiple users, varying
workloads, bulk uploads, and API environments. In an environment with increasing
data volumes, data records double over time, creating an exponential growth
pattern. The multi-user environment simulates situations with a growing number
of concurrent users who can access the database simultaneously. Varying workloads
encompass a combination of database operations, such as Inserts, Reads, and
Updates. The bulk upload environment tests the ingestion of large data files into
the database, evaluating its capability to handle significant data loads. Finally, API
environments involve two methods of accessing the database: a native API, inherent
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to the database model, and a third-party API, which is web-based and external to the
model.

Finally, the thesis is structured as follows. In Chapter 1, we explore modern
radio astronomy and define RFI and how it can be mitigated. We then focus on
the MeerKAT radio telescope in South Africa and discuss the contextual inquiry of
the RFI storage problem in Chapter 2. In Chapter 3, we present existing database
models suitable for this project. Further, we highlight the challenges each model
encounters with the current needs of science data. In Chapter 4, we describe the
database designs and the research approach. Here the thesis focuses on three design
guidelines involving the conceptual, logical and physical models while designing
the RFI database. In Chapter 5, we describe the experimental design and the
test environments. Our results and related discussions are presented for each
experiment in Chapter 6. Finally, in Chapter 7, conclusions and possible directions
for future work are discussed.
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Chapter 2

Background

In this chapter, we discuss the context of this work in light of current literature.
We start by describing modern radio astronomy and the next-generation radio
telescopes, such as the MeerKAT/SKA radio telescope in South Africa. We
describe radio frequency interference (RFI) in radio astronomy data, focusing on
the existing storage challenges. Lastly, we describe RFI mitigation approaches for
radio astronomy.

2.1 Modern Radio Astronomy

In radio astronomy, radio observations offer numerous benefits for understanding
the Universe. Astronomers utilize radio waves emitted by celestial objects to
gain invaluable insights into fundamental processes and the formation of the
Cosmos. Radio observations enable scientists to study distant objects, including
stars, galaxies, pulsars, quasars, and interstellar objects [27]. Moreover, radio
waves can penetrate cosmic dust, interstellar gas, and Earth’s atmosphere, unveiling
insights into various astrophysical phenomena such as black holes, star formation,
and galaxy evolution that would remain unknown in visible light [28]. Additionally,
the extended radio observation window is not hindered by sunlight interference,
enabling continuous data collection over a wide range of frequencies and facilitating
the exploration of transients [29]. Lastly, radio observations have enabled
scientists to conduct comprehensive multi-wavelength studies. By combining radio
observations with observations from other wavelengths, researchers have made
significant discoveries and unraveled many mysteries of the Universe. For example,
radio observations can complement optical or X-ray observations of galaxies,
allowing the detection of unique objects like pulsars or fast radio bursts (FRBs), as
well as enabling cosmological observations of neutral hydrogen using the 21 cm
signal [30, 31].

For over five decades, astronomers have been able to measure radio waves using
telescopes. A radio telescope is an instrument that consists of a receiver system and
an antenna that focuses the waves on the focal point of the receiver (see Figure 2.1).
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FIGURE 2.1: A radio telescope at the South African Radio Astronomy
Observatory, Northern Cape [32].

Today, modern astronomers use highly sensitive radio telescopes to detect and
study weak celestial radio emissions. The electromagnetic (EM) spectrum ranges
from short-wavelength radiation (gamma rays and x-rays) to long-wavelength
(radio waves). However, a large portion of the EM spectrum is absorbed by the
Earth’s atmosphere, blocking the EM radiation from reaching the Earth‘s surface
(see Figure 2.2).

FIGURE 2.2: Earth‘s atmospheric transmittance at different
wavelengths [33].

The Earth’s atmosphere is transparent to visible light and radio waves with
frequencies (wavelengths) of 30 MHz to 300 GHz (or 10 m to 1 cm), which is,
therefore, suitable for ground-based telescope observations.

In 1933, Karl G. Jansky [34] detected radio frequency interference (RFI) from
unknown origins. RFI refers to the undesired radio signals captured by a radio
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telescope while observing celestial objects. These signals corrupt the observed data.
Jansky further found that the strongest RFI emission was coming from the center of
the Milky Way galaxy. His study was, however, limited to low frequencies (approx.
20.5 MHz), but was later (in 1940) verified by Grote Reber [35]. Reber created the
first radio map of the Galaxy observed at higher frequencies (approx. 160 MHz)
than Jansky.

Modern telescopes operate over a wide range of frequencies (30 MHz to 300
GHz). For example, the MeerKAT radio telescope with its low surface brightness
sensitivity can image sources not seen in previous observations by other telescopes
(MeerKAT International GHz Tiered Extragalactic Exploration – MIGHTEE survey)
[36].

2.2 Radio Telescopes

A single-dish telescope is a radio telescope that consists of one radio antenna.
The world’s largest single-dish radio telescope is the Five-hundred-meter Aperture
Spherical Telescope (FAST) [37]. It consists of a fixed 500-meter diameter dish
located in a natural depression landscape in the Guizhou Province in southern
China [38]. The largest fully steerable (capability to observe in any direction) single
telescope in the world is known as the Robert C. Byrd Green Bank Telescope (GBT)
[39, 40]. It measures 110 meters and is located at Green Bank, West Virginia, USA.
The size of a radio telescope is limited by mechanical considerations and costs.

To improve the resolution of the telescope while maintaining sensitivity,
astronomers require larger apertures. This can be achieved through the use of an
arraying technique known as an interferometer [41]. The separation between two
antennas in the interferometric array is referred to as the baseline [42, 43]. By
combining signals from multiple antennas, an interferometer creates an effective
aperture equivalent to the distance between the antennas, which is impractical to
build with a single antenna telescope [44, 45]. The antennas measure the phase
and amplitude of the combined signals to extract information about the location,
size, and spectral characteristics of celestial objects. Interferometers provide
high-resolution and sensitivity, enabling scientists to conduct detailed studies across
a wide range of astrophysical phenomena, from distant galaxies to pulsars and
cosmic microwave background [46]. Further advancements in interferometric
techniques, coupled with the construction of next-generation array telescopes like
the MeerKAT/SKA radio telescope, hold great promise for cutting-edge discoveries
and a deeper understanding of the Universe.

Some of the famous interferometers in radio astronomy include the Very Large
Array (VLA) [47], Westerbork [48] and the Australian Telescope Compact Array
(ATCA) [49]. The Australian SKA precursor instruments include the mid-frequency
Australian SKA Pathfinder (ASKAP) and the low-frequency Murchison Wide-field
Array (MWA) located at the Murchison radio-astronomy observatory in Western
Australia [50]. The MeerKAT radio telescope, located in South Africa, along with
the Hydrogen Epoch of Reionization Array (HERA), serves as a precursor to the
Square Kilometer Array (SKA) [51, 52]. The MeerKAT has been fully constructed
and will eventually become an integral part of the international SKA telescope,
which is set to be one of the largest and most sensitive radio telescope worldwide
[53]. HERA is dedicated to studying the large-scale structure during the pivotal
period when the Universe transitioned from a neutral to an ionized state known as
the Epoch of Reionization (EoR). It consists of an array of low-frequency antennas
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designed to detect the faint radio signals emitted by neutral hydrogen during the
EoR [52]. With its large collecting area, HERA enables the detection of weak signals,
while its wide field of view facilitates efficient mapping of extensive sky regions.
Precise calibration techniques are employed to mitigate instrumental effects and
errors. HERA has provided significant scientific insights into 21-cm cosmology,
power spectrum measurement of neutral hydrogen, and cross-correlation studies,
contributing to our understanding of cosmic dawn and the EoR [54].

Although interferometers are fully steerable and highly sensitive, they present
several infrastructure and computing challenges. For instance, the cost of equipment
for building an interferometer is exceptionally high [55]. Further, the computational
load for SKA is predicted to be very large (150 Petaflops 1), which is costly to process
considering computer software, memory and computational time [57].

2.3 Primary Beam and Field of View

The response of a radio telescope to a point source is not uniform across the entire
sky. The beam of an ideal paraboloid is just the Airy pattern with a central Airy
disk (main lobe) comprising 83% of the radiation surrounded by fainter concentric
rings (side lobes) [58]. Airy patterns in the main lobe of antennas are diffractive
patterns characterized by the wave nature of light and the limited size of the antenna
aperture, manifesting as bright and dark rings surrounding a central bright spot. The
beam of the interferometers is more complex. The instrument resolution is usually
measured by the width of the main lobe at half power (Half Power Beam Width,
HPBW). Further, the resolution of the instrument of diameter D depends on the ratio
λ/D, where λ is the wavelength. The primary beam from the main lobe is Gaussian,
(Full Width Half Maximum, FWHM) approx. 1.2λ/D, and the limited field of view
is approx. λ/D.

Figure 2.3 illustrates a longitudinal section of the beam showing received power
in polar coordinates as a function of the angle of arrival of the signal, θ. In the
Figure 2.4, the main lobe is identified from the intensity of the central Airy disk and
sidelobes from the intensity of the Airy rings. In general, the first sidelobe is a few
percent of the peak, but likely to increase as a result of aperture obstructions or other
surface inaccuracies. Consequently, this degradation in image quality arises from the
trade-off between reducing sidelobes to a minimum while sacrificing the effective
area. Ideally, an interferometer’s beam exhibits high sidelobes (approximately 15%),
although certain numerical modifications can be employed during the imaging
process to mitigate this effect [58].

1A petaflop is one thousand million million floating-point operations per second of raw processing
power [56].
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FIGURE 2.3: A representation of the primary beam [59]

FIGURE 2.4: Field of view, taken from [59].

In interferometry, the visibility function is used to measure the visibility in
relation to the sky. Let’s consider the distance between two antennas, denoted as
p and q, also referred to as the baseline. The coordinates u, v, and w represent
the vector components of the baseline in units of wavelength. The u and v
coordinates are oriented towards the east and north directions, respectively, while
the w coordinate points towards the phase center of the observed field [60]. The Van
Cittert-Zernike therom [61, 41] presents the nominal observed visibility as

Vnom(v, u) =
∫

l

∫
m

Io(l, m)√
1 − l2 − m2

e−2πiϕ(u,v,w){d}l{d}m. (2.1)

Given Io(l, m) as sky distribution, l, m as direction cosines, ϕ(u, v, w) = ul + vm +
w(n − 1), and n =

√
1 − l2 − m2. The correlator introduces a compensating delay to

ensure ϕ = 0 at the center of the field. When the fringe stopping is in effect, the term
n− 1 is introduced instead of the term n. Consider a pair of antennas p and q forming
a baseline upq = (upq, vpq, wpq), the equation for the visibility data in relation to the
primary beam patterns εp(l, m) and εq(l, m) , which define the directional sensitivity
of each of the two antennas, is given by

Vpq(v, u) =
∫

l

∫
m

εp IoεH
q√

1 − l2 − m2
e−2πiϕ(u,v,w){d}l{d}m. (2.2)
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Alternatively, the effect of the primary beam can be expressed as the convolution
of its Fourier transform and the aperture illumination function, Ap(u, v) [60]. (See
equation 2.3).

Vpq = Ap ◦ Vnom
pq ◦ AH

q . (2.3)

2.4 RFI in Radio Astronomy

A limiting factor for ground-based telescopes is human-generated RFI, which is
often stronger (many billions of times) than the weak celestial signals of interest,
drowning them out and corrupting observational data [9, 5]. Potential sources
of RFI likely to interfere with radio observations are typically television (TV), FM
radio, digital audio broadcast (DAB), satellite communication, cellular networks
(GSM, UMTS), wireless computer networks (such as the WLAN) and air navigation
systems, such as Distance Measuring Equipment(DME)) (Figure 1.1). Although
some of the RFI sources are unidentified, one source of RFI includes legally allocated
communication services licensed by regulatory authorities, such as the ICASA in
South Africa [7].

2.4.1 Effects of RFI

Radio telescopes suffer from RFI in the same way that optical telescopes suffer from
light pollution. Broadband RFI raises the general noise level of receivers which,
consequently, degrades telescope sensitivity. Narrow-band RFI may imitate spectral
lines. The human-generated RFI entering the receiver chain of the radio telescope
has much higher power than the natural astronomical signals. The latter’s power
is generally 60 dB below the receiver noise level [62], and thus even a relatively
weak man-made RFI source can completely obscure astronomical signals, which
negatively affects scientific observations.

Figure 2.5 and 2.6 display observational images of the northern sky obtained
from the LOFAR test station in the Netherlands [63]. The image in Figure 2.5
is an observation without RFI (transmitter), while the image in Figure 2.6 is an
observation made with the presence of the transmitter, introduced at the horizon
of the sky. Here, the observation has been affected by the RFI coming from
the transmitter, resulting in the radio sources Cyg A and Cas A being obscured,
compared to the image above in which Cyg A and Cas A are more visible.
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FIGURE 2.5: Effect of RFI on observations without RFI. Astronomical
sources (Cyg A and Cas A) are more visible in the observation

without RFI [63].

FIGURE 2.6: Effect of RFI on observations with RFI (bottom).
Astronomical sources (Cyg A and Cas A) are less visible in the

observation with RFI [63].

Figure 2.7 shows measurement studies conducted to guide the selection process
of SKA candidate sites with low levels of interference [64]. The top panel
displays signal interference as the interference-to-background-noise ratio, which is
utilized to estimate the levels of interference (RFI) from 100 MHz to 2000 MHz.
The interference-to-background-noise ratio (I/N) represents the ratio of the signal
strength of RFI (I) to the background noise (N) [65]. There are high levels of
interference (approximately 50 dB) from 100 to 600 MHz, 1000 to 1100 MHz, and
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1500 to 1900 MHz frequency ranges. The rest of the channels have relatively low
interference (approximately 0 dB).

FIGURE 2.7: Effect of RFI on frequency channels (100 to 2000
MHz): RFI given in terms of signal to noise ratio (top), and channel

occupancy over time (bottom) [64].

The bottom panel presents the channel occupancy of RFI from 100 MHz to
2000 MHz. Channel occupancy refers to the level of interference within a specific
frequency band and is used to estimate the amount of either desired astronomical
signals or unwanted interference occupying the bandwidth of a given channel [66].
The channel occupancy from 100 to 600 MHz, 1000 to 1100 MHz, and 1500 to 1900
MHz are close to one. This means that RFI emission dominates these channels.
Persistent RFI can span the entire frequency channel for long periods and may
block out several channels, resulting in total loss of data. Radio astronomers use
occupancy statistics to determine the amount of time in which the radio telescope is
available for undisturbed radio observations in a particular band. Occupancy close
to zero implies that interference in those channels is less likely.

2.4.2 Sources of RFI

In radio astronomy, telescopes, such as the MeerKAT/SKA, operate at designated
radio frequencies governed by the International Telecommunication Union (ITU).
Should the same radio frequencies be used by other transmission services close to
the telescopes, interference is likely. Sources of RFI are classified as either external
or internal to the telescope environment. Internal RFI is interference produced by
the telescope system itself. External RFI encompasses all interference generated by
sources on the Earth and its satellites. We describe the two classes of RFI sources in
the Sections below classified as either internal or external. These sources are further
divided into two groups: intentional and unintentional RFI.



Chapter 2. Background 13

FIGURE 2.8: RFI sources divided into intentional or unintentional
transmitters, taken from [67].

Figure 2.8 illustrates the two groups of RFI sources (intentional and
unintentional) and also provides examples of each. Intentional transmitters are those
licensed by ICASA to transmit deliberately in a designated frequency band (FM
radio, TV broadcasts). Intentional transmitters fall into two groups: ground-based
transmitters, which include TV, radio, GSM and WiFi, and space or aero-based
transmitters which include GPS, Geostation, DME and radar. These transmitters are
relatively easy to find because they have known, published frequencies and their
effects on radio astronomy observations can be avoided by selecting RFI-free bands.

Unintentional transmitters are devices such as computer controllers and
processors (digitizers, microprocessors), liquid crystal displays (LCD cameras
& monitors), uninterrupted power supplies (UPS), and electric fences. These
transmitters are difficult to detect, and their impact on the measurements is difficult
to estimate [68, 69]. Such unintentional transmitters are shielded, when affecting the
telescope, depending on their harmfulness. Ideally, their spectral measurements are
taken to establish the harmfulness, before they are allowed to operate under strict
permissions.

2.4.3 Internal RFI

Radio observatories are facilities that house radio telescopes and are themselves a
significant source of RFI [5, 70]. These radio facilities consist of several emitting
devices, such as telescope steering electronics required to operate a steerable radio
telescope, fluorescent and LED lamps, computing equipment, such as personal
computers and notebooks, computer screens, wiring cables, etc. Most of them are
internal and required for radio astronomical studies. Therefore, they cannot be
avoided, and they generate narrowband and broadband emissions. These emissions
enter and interfere with the telescope detection system, especially if adequate
shielding is not properly installed to attenuate the emissions [71]. Internal RFI from
the radio telescope is the most persistent type of RFI and, even when very weak, can
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affect the observations when not shielded. External RFI sources need to be stronger
to have the same interfering effect.

2.4.4 External RFI

External RFI comes from the surrounding environment of the observatory. These
sources are either fixed or movable and transmit at all bands, sometimes including
protected bands. External RFI may occur naturally or be human-generated. For
instance, naturally occurring sources of RFI include the ground, Sun, lightning,
or other bright radio sources. Human-made interference may arise from
broadcast services (TV, radio), voice and data communications (mobile telephones,
two-way radio, wireless IT networks), navigation systems (GPS, GNSS), secondary
surveillance radar (SSR), remote sensing, military systems, electric fences, car
ignitions and domestic appliances (e.g., microwave ovens) [8, 5]. Ground-based
RFI is often more harmful due to its high transmission power and proximity to
the ground-based radio telescope. Space- and aero-based RFIs are increasing due
to growing air traffic and satellite communication transmissions. Air traffic uses a
significant number of frequencies for navigation and communication utilising DME
and SSR radars in South Africa [67].

2.4.5 Characteristics of RFI

Some astronomical sources exhibit similar signal characteristics to those of RFI
sources. Unintentional RFI in particular is usually transient, intermittent and
broadband. Some astronomical sources, such as pulsars [72], fast radio bursts (FRBs)
[73], or rotating radio transients (RRATs) [74], also emit transient 2) signals. As a
result, it is difficult to distinguish RFI from astronomical source signals [76]. Both
strong and weak RFI signatures can affect specific or several adjacent channels.
The RFI signature in observed data is studied in terms of its morphology, which is
broadly either broadband or narrowband (Figure 2.9). A signal is broadband when
distributed over many or all channels, and narrowband when confined to only a few
specific channels or frequencies [77].

2A transient is a radio source that is not constant, either changing significantly in brightness or
appearance, usually lasting for a limited period [75].
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FIGURE 2.9: Top – Persistent broadband RFI from digital TV
measured by MWA (Murchison Widefield Array) [78]. Bottom – The
broadband RFI lasts for the entire observation time through several
channels. Transient narrowband and broadband RFI by LOFAR
(Low-Frequency Array) [77]. Both broadband and narrowband RFIs
last for a short time before they will re-appear; this can happen in a

single or many channels.

Figure 2.9 shows two axes representing time and frequency, with the plotted
quantity being the magnitude of the visibility (i.e., the fundamental measurement
from an interferometer), which inherently constitutes a complex quantity. The RFI
contamination can be visually identified as the bright streaks in the image, indicating
a large magnitude in comparison to the generally smooth and faint background
signal.

Depending on the originating source and observation time during the day, the
source can either be transient or persistent [77, 78]. Transient RFI sources may have
similar characteristics to real astronomical transients, exacerbating the identification
problem. Many RFI sources exhibit highly variable signal characteristics that follow
a non-Gaussian probability distribution [10]. RFI signals vary significantly from
each other in shape and hence are difficult to identify or distinguish. This is an
inherent characteristic of the majority of RFI sources [10]. Table 2.1 lists some of the
characteristics of common RFI detected at the SARAO [79]. SARAO is the national
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center for optical and infrared astronomy in South Africa responsible for astronomy
and astrophysics research.

TABLE 2.1: A summarized list of RFI sources with their characteristics

RFI source Characteristics
Two way radio Narrowband, Intermittent, High-powered,

Mobile, Polarised
GPS satellites Narrowband, Persistent, High-powered,

Stationary, Polarised
Electric fences Broadband, Burst-like, power dependent

on distance, Polarised
Ethernet cables Broadband, Intermittent, High-powered,

not Polarised
Lightning Broadband, Burst-like, High-powered, not

Polarised
Television Narrowband, Persistent, High-powered,

Stationary, Polarised

An intermittent source transmits on and off for periods of minutes to hours.
A burst-like RFI source transmits in short bursts in the order of milliseconds to
seconds. A High-powered RFI is more powerful than the instrument noise, while
a low-powered RFI has similar power to the instrument noise. Stationary RFI
characteristic is fixed in one location. Polarised RFI has a definite direction relative
to the direction of propagation of the EM waves. Each RFI characteristic affects the
observed data differently, making mitigation difficult [10, 5].

2.4.6 Harmful RFI Levels

Radio telescopes are intrinsically exceptionally sensitive to RFI, and the presence of
RFI (internal or external) can affect radio astronomical observations in several ways
and be detrimental to a radio astronomical receiver. Single-antenna observations
are more susceptible to RFI than interferometer (array telescope) observations that
cancel out some RFI due to the separation or distance between antennas. For
instance, in modern amplifiers a gallium arsenide field-effect transistor (GaAsFET)
and a high-electron-mobility transistor (HEMT) can be damaged by a signal power
of 0.1 and 0.01 Watts, respectively [80]. In South Africa, the South African Radio
Astronomy Service (SARAS) defined the threshold levels of harmful RFI across the
entire frequency band (70 MHz to 25.25 GHz) 2.10. These threshold levels are more
stringent than those in Australia, hence ideal for single-antenna observations.
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FIGURE 2.10: Threshold levels of harmful RFI listed in Australia
(AUS) and South Africa (RSA). The line labeled Rec-769 is for
frequency bands allocated to the radio astronomy service (RAS)

under the ITU-R radio regulations [81].

2.5 The MeerKAT and SKA Radio Telescopes

The MeerKAT radio telescope in the South African Karoo is a precursor to the SKA
project [53] and follows the Karoo Array Telescope (KAT7). The MeerKAT radio
telescope consists of 64 antennas (Figure 2.11), each with a diameter of 13.5 meters
(Figure 2.12). The frequency of the MeerKAT receivers ranges from 900 MHz to 1670
GHZ (Table 2.2) [53, 82]. Commissioning of MeerKAT was done in phases to allow
verification of the system, early resolution of any technical issues, and initial science
exploitation. MeerKAT is now fully online [83].

FIGURE 2.11: An overview of some of the 64 MeerKAT antennas
(Photo credit: SARAO [82].
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FIGURE 2.12: A single MeerKAT antenna (Photo credit: SARAO [82].

MeerKAT will be integrated into the international SKA telescope, which will be
the largest and most sensitive radio telescope in the world. There will be two sites:
one in the Northern Cape in South Africa (with remote stations throughout Africa)
and the other in Australia [53]. The SKA is to be constructed in two phases.

Phase 1 (SKA1) in South Africa and Australia will provide 10% of the total
collecting area [84]. The first phase of the SKA will consist of two arrays: SKA1-low
will observe at low frequencies (50 MHz to 350 MHz). This array will comprise
512 stations spread over a large area (65 km), and each station will consist of
256 antennas, totaling over 130,000 antennas located in Australia. SKA1-mid will
observe at mid-frequencies (350 MHz to 14 GHz) and will consist of 197 dishes (133
SKA dishes and 64 MeerKAT dishes) located in South Africa [85]. This array will
extend to about 150 km, although the majority of the dishes would be concentrated
at the core of the array [86].

Phase 2 (SKA2) will represent the largest capacity of the full array of over 2400
dishes, which will involve expansion into other African countries and wider areas
of Australia. The second phase will include the addition of mid-frequency aperture
arrays and expanding the Phase 1 arrays over larger areas. The full SKA will
comprise about 3000 dishes covering thousands of kilometers (over 3000 km) to
operate at frequencies up to about 10 GHz [87].

The image at the top-left of Figure 2.13 was the first light image produced in
2017 using 16 antennas [88]. This image shows a small patch of sky covering
less than 0.01 percent of the entire celestial sphere, where MeerKAT revealed 20
times more galaxies than previously known, in this location. The second image
(Figure 2.13 top-right), was produced in 2018 and shows the to-date most detailed
view of the central region of our Galaxy in radio wavelengths. At the distance of
the Galactic Center (within the white area near the image center), the 2-degree by
1-degree panorama corresponds to an area of approximately 1,000 light-years by
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500 light-years. The image reveals never-before-seen features and a clearer view of
known supernova remnants, star-forming regions and filaments [83].

FIGURE 2.13: Top (left) – MeerKAT‘s First Light Image captured by
16 antennas in 2017 [88] (Photo credit: SARAO). Top (right) – So far
the finest image of the center of the Milky Way galaxy captured by
64 MeerKAT dishes in 2018 [83] (Photo credit: SARAO). Bottom (left)
– The image of the X-shaped giant radio galaxy PKS 2014-55 best
described as a ’double boomerang’ phenomenon, captured in 2020
[42] (Photo credit: UP; NRAO/AUI/NSF; SARAO; DES). Bottom (right)
– The image that reveals new features in the distant galaxy (European
Southern Observatory – ESO 137-006), produced in 2020 [89] (Photo

credit: Rhodes University/INAF/SARAO).

The image at the bottom-left of Figure 2.13 was recorded in 2020, in the study
of the X-shaped giant radio galaxy PKS 2014-55 [42]. This image indicates the old
X-shaped radio jets, the younger jets closer to the central black hole, and the region of
influence dominated by the central galaxy’s stars and gas (disk of stars in the galaxy).
The curved arrows denote the direction of the backflow of material that forms the
horizontal components of the X. The MeerKAT observations enabled imaging of
this source in unprecedented detail, which enabled the explanation of a previously
blurry radio image of an ‘X-shaped’ galaxy as a double boomerang phenomenon
[42]. The image at the bottom-right of Figure 2.13 is one of the latest images from
MeerKAT captured in 2020. This image uncovers new features of the galaxy ESO
137-006. Ramatsoku et al. [89], describe these features as extremely collimated
threads of radio emission connecting the lobes of the galaxy. The study further
suggested that the radio emission from the threads is likely synchrotron radiation
caused by the high-energy electrons spiraling in a magnetic field.

2.5.1 RFI Bands at the MeerKAT Radio Telescope

In South Africa, the regulatory authority body for the radio spectrum is known as
the ICASA. ICASA monitors and regulates the use of the radio spectrum and the
development of new radio applications. ICASA aligns its frequency allocations with
those of the ITU under the ITU Radio Regulations (ITU-R RA.769-2) – protection
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criteria used for radio astronomical measurements [12, 90, 6]. The ITU is the
radio frequency spectrum controlling authority worldwide that ensures coordinated
use of the spectrum around the world. The standardization of radio frequencies
has enabled international projects, such as the Very-Long-Baseline Interferometry
(VLBI), which has enabled astronomers to see the universe in greater detail than ever
before [43]. The EM spectrum allocated to radio astronomy is limited, leaving the
majority of the spectrum for commercial purposes [6] (Appendix A). Consequently,
radio observations have been mainly affected by human-generated RFI. The TV and
FM radio transmitters and GSM cellular networks emit high levels of RFI in the
astronomical bands reserved for scientific observations, for instance, the MeerKAT
bands (900 MHz to 1670 GHz) in South Africa (Table 2.2) [90].

TABLE 2.2: A summary of RFI bands at the MeerKAT radio telescope

Freq. Bands (MHz) RFI Source Description
925 - 960 Terrestrial (Global

System for Mobile
Communications) GSM
towers

Sporadic in both time and frequency
occupancy. Will be reduced over time
as alternative communications system is
deployed. Currently 925 MHz to 935
MHz is unoccupied

1085 - 1095 Airborne (Secondary
Surveillance Radar) SSR

Persistent, but variable, during hours of
air traffic (∼ 06h00 to 23h00)

1082 - 1150 Airborne DME
interrogators

Sparse frequency occupancy (5̃ visible at
any one time), narrow band (<1 MHz)
signals, variable time occupancy during
hours of air traffic

1164 - 1300 (Global Navigation
Satellite System) GNSS
Satellites

Entire band occupied continuously

1467 - 1492 WorldSpace Satellite Strong and persistent. Does not occupy
entire band. May be decommissioned in
the future

1525 - 1610 GNSS and Inmarsat
Satellite

Strong and persistent

1616 - 1626.5 Iridium Satellite,
Geostationary Operational
Environmental Satellite
(GOES)

Persistent

The frequency band from 925 MHz to 960 MHz is susceptible to terrestrial
or ground-based GSM towers, usually sporadic in time and frequency occupancy.
The frequency band from 1085 to 1095 MHz is susceptible to airborne-based RFI
sources, e.g., SSR 3 radars and DME 4 interrogators. RFI from SSR radar is persistent
and dependent on the air traffic period (06h:00 to 23h:00). RFI generated by
the DME interrogator has sparse frequency occupancy, affects narrow-band, and
depends on air traffic hours. The frequency band from 1164 MHz to 1626.5 MHz
is susceptible to global telecommunication satellites (GNSS, Inmarsat, Iridium).
Although some forms of satellite interference (e.g., WorldSpace) can be avoided,
global geostationary and non-geostationary satellite transmissions are strong and
persistent.

3SSR – Secondary Surveillance Radar.
4DME – Distance Measuring Equipment.
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2.5.2 RFI Mitigation Pipeline at MeerKAT

In radio astronomy, RFI mitigation are techniques to remove RFI from radio
observations. Several mitigation approaches have been introduced to reduce the
damage on the desired signal in radio astronomy [10, 91, 9]. These are broadly
classified as preventive (proactive) and reactive strategies, implemented at different
stages of mitigation process[91]. Prevention is the first stage and involves modifying
the local and regional radio frequency environment by setting up regulatory
measures [9]. This is followed by the application reactive strategies tat occur within
the receiver system. Common approaches include detection algorithms, physical
filter systems and legislative actions [70, 92]. It is important to note that not all
approaches are universally applicable to all radio telescopes, as each telescope has a
unique physical, legislative and radio frequency environment [10, 93].

At MeerKAT, RFI monitoring is the first step in the mitigation pipeline. Human
experts can successfully identify RFI through visual inspection, specifically by
looking for "bright spots" (indicating large amplitudes) in waterfall plots, as
exemplified in Figure 2.9. However, the vast amount of data has rendered
manual identification impractical and infeasible. While explaining the detailed
workings of automated pipelines falls outside the scope of this thesis, it is worth
noting that various machine learning algorithms, including K-Nearest Neighbour
(k-NN), Random Forest Classifier (RFC), and deep learning Convolutional Neural
Networks (CNNs), have been utilized to some extent in mimicking the human visual
inspection for RFI detection in radio astronomy [94, 95].

Monitoring at MeerKAT is implemented using two types of equipment: fixed
monitoring systems (FMS), which provide continuous monitoring of the central site
of the MeerKAT, and SKA Phase 1 mid-Frequency telescopes and mobile monitoring
systems (MMS) that either reside on a vehicle or act as self-supporting platforms,
which can be deployed anywhere within the telescope array and beyond [13].

FIGURE 2.14: Showing the introduction of RFI database component
in the current mitigation pipeline at the MeerKAT radio telescope.

The monitoring equipment provides access to, and visualization of, the spectral
data collected in raw formats. At this stage, the RFI is detected, but not permanently
removed [96]. Characterization of RFI signals is an essential step that follows the
monitoring and detection stages [9], as it identifies easily a single RFI source based
on the strength, geographical location or position of the source. However, factors,
such as polarization, direction, orientation, periodicity over time, bandwidth,
frequency distributions, modulation and encoding can make the process difficult
[96, 69].
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2.5.3 RFI Storage at MeerKAT/SKA

The RFI data is detected, measured and collected at the MeerKAT site in a range of
different file formats, including images, text, documents, arrays and tables (Figure
2.15). The advantage of collecting RFI in different formats is to provide a subtle and
detailed picture of the nature of the RFI source. However, the variety in RFI data
formats has created a storage and access concern for the RFI data at the MeerKAT
radio telescope. It is clear that working with multiple heterogeneous files limits data
analysis and is also quite cumbersome.

FIGURE 2.15: A sample RFI dataset in radio astronomy: a) receiver
key-value data in JSON documents, b) tabulated list of licensed
transmitters in spreadsheet, c) realtime analyzer (RTA) array data
(3600 rows X 14700 columns) in HDF5 files, and d) spectrum image in
jpeg/png showing RFI variation in specific radio frequency bands.

Data from the MeerKAT telescope is transferred from the Karoo processing
building in Northern Cape to the Centre for High-Performance Computing (CHPC)
in Cape Town [97]. It is thereafter transferred from CHPC to Inter-university
Institute for Data Intensive Astronomy(IDIA) regional Science Data centers (at the
Universities of Cape Town, the Western Cape, and Pretoria) [98] and released
to scientists, researchers, and students for processing, analysis, and scientific
discoveries [99]. The Science Data Processor (SDP) at IDIA processes about 4 TB/sec
of MeerKAT data [100]. Large datasets of MeerKAT vary from 1 TB to 1.5 TB, while
larger datasets are partitioned into 12 frequency ranges (i.e., 880-930 MHz, 930-980
MHz, 980-1030 MHz, 1030-1080 MHz, 1080-1130 MHz, 1130-1180 MHz, 1280-1330
MHz, 1330-1380 MHz, 1380-1430 MHz, 1430-1480 MHz, 1480-1530 MHz, 1630-1680
MHz) for efficient processing and storage [101].
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The MeerKAT telescope uses HDF5 file format to store most of its data. Flexible
Image Transport System (FITS) files are also used to store images or tables along
with metadata but are not flexible enough for radio astronomy; hence astronomers
resort to Measurement Sets (MS) or HDF5 datasets. While these files provide storage
for astronomical data, they create artificial barriers in data, particularly during data
analysis and integration. This is because measurement data is not mostly available
in one file but rather stored in several files [17]. For instance, scientists who would
like to retrieve and analyse data from other studies would need to write a new
application program for each task [17, 20]. In addition, MS is unable to accommodate
varying channel widths introduced by the baseline-dependent correlator, rendering
it an incomplete solution for RFI storage. Therefore, these approaches are not
sustainable, and thus, we suggest a database application.

Overall, RFI data collected in isolation has created a data integration problem.
Moreover, large future volumes of data generated at high speeds during large survey
observations at the SKA are likely to exacerbate the problem making storage and
access excessively difficult. Such limitations have stimulated the development of
innovative database models.



24

Chapter 3

Databases and Database Models

In this capter, we discuss database models suitable for storing RFI data, with a
review of existing and emerging database models. Thereafter, we explore databases
for scientific applications, focusing on scientific case studies. Lastly, we describe
suitable techniques to evaluate these database models. An RFI database would store
a list of all sensors, transmitters, locations and permit information. A permit is a
document issued after thorough measurements of an emitting device or transmitter.
This document details restrictions on the usage of the device at the telescope site. A
database consists of data models that define how data is connected and how data can
be processed and stored inside the database system. For example, an RFI data model
would define the relationships among the RFI data objects, i.e., transmitters, sensors
and locations, etc. Each data object consists of a unique data model responsible for
determining how RFI data is stored and accessed from the database.

There are three main database models: the traditional relational database
(Structured Query Language – SQL) model in which all data is represented in terms
of tuples (rows of data) grounded into relations (tables) [102]; the non-relational
(NoSQL) model in which data is modeled by means other than the tabular relations
found in the relational databases [103, 104]; and the new-relational (NewSQL)
model which conforms to the traditional relational principle but adds the scalability
functionality [22].

3.1 Relational: SQL Model

Traditional RDBMS are regarded as SQL models primarily because they adopted
SQL as their querying language [105, 102, 104]. In the relational model, the data is
represented as a collection of relations linked together with quick and easy data
retrieval (Figure 3.1). The relational model is dominant in the business sector
(banking, insurance and e-commerce), whose top priority is to maintain reliable
and consistent transactions. This is mainly because of the Atomicity, Consistency,
Isolation and Durability (ACID – explained below) compliance property inbuilt in
the relational model to ensure that financial transactions are completed correctly and
securely. Relational models are supported by SQL, which is technically a standard
for manipulating data in RDBMS. SQL syntax is simple, easy to learn and interpret.
However, the highly structured nature of relational models is a drawback. Relational
models use tables: a set of data (images, text, arrays, documents and videos) that do
not fit in a table structure is difficult to accommodate.

ACID database properties are defined for conventional relational databases
[106]. Atomicity guarantees that a transaction can be either successful or
unsuccessful, but not both. Consistency guarantees that, in case of a transaction
failure, the system reverts to the previous stable state, so that the system always
remains stable. The isolation property guarantees that a transaction is completed
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FIGURE 3.1: Illustration of two relations: CUSTOMER (parent
entity) and INVOICE (dependent) linked via a defined relationship
(CustomerID). A record of CustomerID (1001) is referenced twice
in the INVOICE table; that is, InvoiceNo (01) valued at $100, and
InvocieNo (02) valued at $200. Therefore CustomerID = 1001 with

CustomerName "Joe Doe" has invoices amounting to $300.

without any interference and is processed independently. Lastly, the durability
property guarantees that all committed transactions are saved in logs and will
not be lost. This property helps in the recovery of transactions in case of
abnormal terminations. Typical ACID databases are predominately characterized
by consistent transactions. Essentially, use cases (financial, military and health
care industry), whose transactions need to be consistent, are more appropriate in
relational ACID databases [103, 102].

PostgreSQL [23] is a relational DBMS with many modern features, such as SQL
sub-queries, multi-version concurrency control (guarantees consistent READs across
the database) [107], as well streaming and replication, partly to accommodate the
current database demands. In database systems, Multi-Version Concurrency Control
(MVCC) is a technique responsible for concurrent control and transaction isolation,
ensuring data consistency without relying on locks. MVCC permits each transaction
to read a snapshot of the database at any given time, rather than accessing the
persisted state of the data. This enables multiple transactions to read and write
data simultaneously without interfering with one another. MVCC creates duplicate
copies of records so that data can be safely read and updated at the same time. This
technique ensures consistency in a database transaction as data is being read and
updated simultaneously [107, 108]. A subquery is a query that is nested inside
another query or subquery. Replication in databases refers to copying data from
a primary database to one or more replica databases. Replicas not only ensure
reliability during database system failovers but also speed up query processing.

3.2 Non-relational: NoSQL Model

NoSQL, also "not only SQL" model, does not store data in traditional table structure,
but also provides other scalable means of storage including key-value, columnar,
document-oriented and graphs discussed in more detail below [104]. NoSQL is
classified as aggregate- or non aggregate-oriented. Aggregate-oriented models
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comprise a collection of data objects considered as a unit of data or an aggregate.
These database models (key-value, columnar and document-oriented) collect data
from nodes in a cluster and then re-arrange it into different aggregate formats.
This approach allows users to operate on data in units that have a more complex
structure, where each unit can have a specific data structure. This is useful when
the same aggregate is used frequently within the database cluster. Non-aggregate
models (graph databases – see below), on the other hand, are a superset of
aggregate-oriented that rely heavily on relations of a limited data structure. Both
models are schema-less – no predefined data structures, while the only difference
is that an aggregated model splits relations to operate on specific aggregates in a
cluster [109].

The NoSQL database model supports web applications for which relational
database models are not well-suited [102]: these are applications characterized by
a data structure that does not fit well into relational tables: more READs than
WRITEs, a high degree of scalability, availability, and performance, and a certain
level of consistency [110, 111, 112]. High performance means it supports many
users’ queries, and high availability means that the database remains available, even
during node failure within the cluster. Scalability means that both the data and
database operations are evenly distributed across several nodes [22, 113]. NoSQL
database models sacrifice some level of consistency (Basic availability, Soft-state,
and Eventual consistency – BASE compliance) to achieve high availability and
performance [106, 113].

BASE properties are defined to support NoSQL applications, such as social
networks, wikis, blogs, and large-scale applications [106, 114]. Basic availability
ensures the apparent availability of the data, implies that when a single node fails,
the data is partially inaccessible, but the rest of the data layers remain functional.
The soft-state property allows for temporary inconsistencies within the database.
This means that during concurrent updates, partial updates can cause replicas of
the same data item to hold different values. Nevertheless, the system eventually
achieves consistency by synchronizing all replicas to the same value. The eventual
consistency means that transactions are not updated instantly, but are propagated
subsequently to all nodes.

3.2.1 Key-Value Model

The key-value stores (dictionaries or hash tables) store data as keys with their
associated values [115]. A unique key is given to every object inserted into the
database and is ordered for faster access. Data access is by primary key only, and a
hash function is used to calculate the location of the data given a key. The data is
usually semi-structured or unstructured, ranging from scalar data types (integers)
to complex structures, such as JSON, Lists or BLOB (Binary Large Objects – image,
video). As a result of its data model, key-value stores have a flexible schema and are
highly scalable. Examples of key-value NoSQL models include Voldemort, Redis
and Riak [104, 113].

3.2.2 Column-oriented Model

Columnar (also Column-oriented or Column-Family) stores are based on the Google
Bigtable architecture [116]. Here, data is stored in cells of columns and grouped
into column families, which is particularly essential for data organization and
partitioning. The concept is similar to that of row-oriented relational databases.
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However, the Column-Family follows a column orientation (writes data to disk by
column), in which data is processed by each column using a key index distributed in
multiple nodes [117]. The columnar database model performs I/O operations only
on the sections of the disks corresponding to columns being read or updated. This
leads to effective use of memory since only a portion of the data is accessed instead
of the entire data block [109]. Moreover, it is also faster as most tables contain several
columns, which are rarely used simultaneously by queries. Columnar databases are
best suited to queries that involve a single column or column family. While columnar
stores allow for the aggregation of data, it is not efficient when queries need to access
multiple columns that do not belong to the same family.

Columnar databases are less efficient for Writes compared to row-oriented
databases. When inserting a new record into a columnar database, all the column
files need to be rewritten because the data needs to be inserted in the middle of a
sorted table. On the other hand, in a row-oriented database, inserting a new record
only requires writing the data at the end of the current data since the data is written
in sequential order [113, 117]. Furthermore, columnar databases lack standard query
notation, resulting in queries that consist of several lines of commands.

FIGURE 3.2: Columnar model showing user information (UserID,
name, DateOfBirth, Email) grouped by attribute and stored as
columns in multiple locations on the disk. All usernames are stored
together as columns in one partition, all Dates of Birth stored together

as columns in another partition [112].

Examples of column-oriented databases include Cassandra [118], HBase
(Hadoop) [119] and Accumulo [117]. Unlike Cassandra, HBase and Accumulo
database runs on top of the Hadoop Distributed File System (HDFS)[120] in the
Hadoop Stack. HBase in particular, works entirely with HDFS, which is associated
with several performance overheads. HDFS is responsible for organizing data
storage on each node into a single, large and redundant file system. For Accumulo
to achieve a good performance, the data and operations should be uniform across
the cluster [121].

3.2.3 Document-oriented Model

In document-oriented Databases, the data is represented in JSON format [122]. A set
of documents is called a ’collection’. Each document has attribute metadata listing
the fundamental data type, such as dates, arrays, numbers, strings, binary data, or
a sub-document. Data can be indexed and queried based on the attributes [123,
124]. Collections in document-oriented databases are suitable for storing large and
unstructured datasets due to their dynamic schema (without predefined schemas):
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documents within documents (nested documents) and arrays of documents. Nested
documents are an efficient way to store related data, particularly when the data is
frequently accessed together. However, this may cause an impact on Reads as data
volumes increase in a document. There is no strict schema that documents have to
conform to, thereby eliminating the need for schema migration efforts [113]. Schema
migration involves translating data from one schema to another, which may affect
the data quality. MongoDB [125] is one of the popular document-oriented database
systems.

3.2.4 Graph Model

Graph databases store and display data, using nodes and relationships between the
data. The nodes and edges can have any number of properties associated with them.
Nodes and edges can be analogized to the entities and relationships in relational
databases. Additionally, they possess the capability to ensure ACID transaction
properties. Graph databases hold the relationships between data as a priority. As a
result, this leads to fast queries. There can be more than one relationship between
two nodes. A graph database model is suited to applications requiring a need to
query the relationship between entities and their properties. These applications
may include location and navigation-based services, network and IT infrastructure,
fraud detection, metadata management and social networking (Facebook, Twitter
and Dating Apps) [124, 113]. Neo4j [126] is an example of a graph database system.

In summary, the strength of the graph databases lies in the shortest path (distance
of one node to another), networked data, and other relationship-based applications.
However, they lack the stability to work in a distributed cluster [113]. Key-value
stores have fast lookups, although the store lacks a schema [115]. Document stores
are effective in storing sparse data. However, they are slow at queries requiring
fetching data from a cluster [113, 124]. The column-oriented databases have fast
lookups and great performance in a distributed environment. On the other hand,
they have a limitation in query notation or syntax [112, 121]. Generally, NoSQL
employs denormalization, aggregation and secondary indexing [117, 127]. Database
normalization involves removing redundancy (duplicate data), so only a single copy
exists of each data. Normalization reduces inconsistency and supports data integrity.
Denormalization, on the other hand, adds redundant data to the existing data to
improve the read performance of the database. Besides relational databases, data in
the NoSQL database is denormalized to provide for high availability and scalability.
Therefore, this makes NoSQL thrive in a distributed environment more than SQL
databases [128].

3.3 New-relational databases: NewSQL Model

NewSQL or the modern relational model is designed to conserve the properties of
the traditional relational model while incorporating some properties of the NoSQL
model, such as availability and scalability [104]. Here, the data is managed in several
ways to ensure data integrity and consistency, while considering fault tolerance
in the database cluster. Thus, several NewSQL databases provide horizontal
and vertical scalability to achieve full functionality: horizontal scaling relates to
increasing the number of commodity nodes (hardware) in the cluster, whereas
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vertical scaling involves enhancing the CPU and RAM capabilities of the commodity
hardware [22].

NewSQL has been used in a range of scientific applications, such as astronomy,
oceanography, fusion, remote sensing, climate modeling and seismology [21].
Scientific data have the natural structure of an array [22].

FIGURE 3.3: Array database model composed of connected cells.
Each cell in an array contains a vector of data values (a composite

data type) [21].

The dimensions of an array can be user-defined data types, such as strings, floats,
latitude and longitude. A basic array can store and manage larger files of higher
dimensions; for instance, a data file of wind speed, temperature and conditions,
each with 5000 iterations captured from five sensors over a specific period (Figure
3.3) [21]. SciDB is a new relational DBMS with Postgres-style user-defined functions
(UDF). SciDB has a native data model with data stored as n-dimensional arrays and
not fixed 2-dimensions (tables) found in relational databases. UDFs can support
ad hoc queries that are common in scientific discoveries. SciDB also supports most
functionalities found in PostgreSQL [129].

3.4 Polystore Model

The BigDAWG (Big Data Working Group) [130, 131] polystore model has storage
engines or data stores that are distinct and accessed separately through their
query engine. The data stores are heterogeneous: stores that can handle data of
different formats. The polystore approach uses several data models (SQL, NoSQL
and NewSQL), languages, and store engines to yield a significant performance
advantage (Table 3.1) [132, 133], through polyglot persistence: using many data
stores for different scenarios or application needs [134, 135]).
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TABLE 3.1: Comparison of performance metrics for current database
models.

SQL NoSQL NewSQL Polystore
Example PostgreSQL Accumulo SciDB BigDAWG
Application Transactions Search Analysis All

Data Model
Relational

Tables
Key-Value

Pairs
Sparse

Matrices
Associative

Arrays

Math
Set

Theory
Graph
Theory

Linear
Algebra

Associative
Algebra

Consistency X X
Volume X X X
Velocity X X X
Variety X X
Analytics X X
Usability X X

Table 3.1 compares the capabilities of store technologies. The polystore approach
combines each store’s capability to enhance its full functionality. For example,
the SQL database model cannot handle large volumes of data, high-velocity data
and detailed analytics, but guarantees strict consistency on both Reads and Writes.
Consistency means that data must align with all data points in the database
during Read and Write operations. This property helps SQL to ensure data
consistency. NoSQL does not have strong consistency (but rather offers weak or
eventual consistency). Weak consistency means that the changes made are not
instant but ultimately come into effect. NoSQL store has a procedural query
language but provides high performance for very large data volumes, high velocity,
variety and detailed analytics. NewSQL cannot ensure consistency, variety and
usability but guarantees support for large volumes, high velocity and deep analytics.
The polystore provides for most storage demands through the combination of
capabilities across different stores [130, 136, 131].

Several databases are integrated; but each maintains application-specific
properties, integrity control and safety control [137, 138, 139]. Each database system
requires independent operation environments, database engines 1, data structures,
and semantics – and must also maintain the accuracy of a query during schema
translation as data moves from one system to another. The polystore model has an
integrated middleware that coordinates the isolated database environments, distinct
data models, languages and engines [136, 131, 130]. The middleware enables the
polystore to match and query data across multiple data stores.

FIGURE 3.4: Basic polystore database framework [136]

1The engine in a DBMS is a core component of the database system used to create, read, update,
and delete data in a database.
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Figure 3.4 shows a basic polystore framework with the four components of
the middleware that coordinate operations across engines: the planner, executor,
migrator, and monitor [133]. Incoming queries may interact with one or more of the
underlying storage systems based on the query characteristics. For instance, a linear
algebraic query operation on time-series data may utilize only the array database,
while a join operation between time-series data and catalog data may access both
the array and relational databases. Join operations involve data stored in two or
more places or data stores. To do this, the planner parses an incoming query into
a collection of data objects to identify possible query plan trees. The query plans
are then sent to the monitor to determine the ideal engine for execution based on
the experience of related queries. The executor determines an optimal method from
a combination of operations with the help of a migrator that moves objects within
engines or islands, once required by the query plan [140, 130].

The polystore model includes islands, shims, and casts. The islands provide
information on data models. The casts facilitate the migration of data between
engines, and the shims facilitate the translation of data from one data format
model to another. The data may be stored in one file or a directory, or via some
other mechanism that defines the scope of data used by a group of applications.
Each database creates an island of information about itself, even if the database is
partitioned and distributed over multiple machines [131]. Location independence
in polystore allows users to operate on the data without explicit knowledge of the
location, thus reducing the overheads associated with data transfer across multiple
storages. Semantic completeness supports a wide range of complex queries [131,
136].

3.5 DBMS Case Studies

In this section, we discuss case studies of databases and database systems that have
been used in different scientific applications.

3.5.1 PostgresSQL

PostgresSQL has been used in astronomy to support several storages and
cross-matching tools, such as VizieR, SIMBAD, and TOPCAT, to improve the
capability of handling astronomical data [24]. Cross-matching in astronomy
involves searching an entry of a source in one catalog corresponding to another
catalog using the source location as a focal point [24]. VizieR [141] provides access
to astronomical catalogs and data tables online. These tables are created in Postgres
and the description links to physical and astronomical sources found in the reference
catalog [142]. The tables are available via a file transfer protocol (FTP) service that
enables users to browse data tables to discover and extract information. TOPCAT
(Tool for OPerations on Catalogues And Tables) [143] is an interactive graphical
viewer and editor for tabulated data. It offers numerous data views: a browser
for the cell data, information about tables and columns (metadata), an interactive
higher-dimensional (3D) visualization, and computing statistics, as well as joining
tables using flexible cross-matching algorithms. Cross-matching tables from large
surveys result in large tables. PostgreSQL is used in a 3D (XYZ coordinate system)
as the database index and applies other techniques to enable high-speed searches
and cross-matching huge catalogs. SIMBAD [144] is a reference database that
offers cross-identifications, bibliography, and measurements of astronomical objects
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outside the solar system [145]. SIMBAD has a variety of query modes, i.e., object
name, coordinates, and various criteria. The Postgres queries in SIMBAD and VizieR
may consist of small lists of objects and scripts.

These tools do not support large catalogs during cross-matching tasks. However,
the extensible features of PostgresSQL have allowed scientists to create user-oriented
cross-match tools such as QuadTree Cube (Q3C) [24] used to improve the quality of
identification continuously and increase the number of cross-matching records to
tens of millions of lines.

3.5.2 SciDB

SciDB can store data in multi-dimensional arrays. It automatically distributes and
computationally loads data across several nodes while providing a unified system
view to a user [146]. Not only do multi-dimensional arrays provide a natural
structure for scientific data, but they also allow the construction of an ever-growing
library of efficient mathematical operators [147]. These libraries can enhance SciDB’s
functionality through the use of user-defined types. SciDB outperforms not only
traditional DBMS, but also other large-scale tools used for data storage.

EarthDB [25, 148] is a database project based on SciDB that focuses on analyzing
NASA’s Moderate Resolution Imaging Spectroradiometer (MODIS) data [148]. The
MODIS data consists of imagery obtained in 36 spectral bands, encompassing visible
and infrared from solar and thermal radiation. These images are captured at three
distinct spatial resolutions: 250 m, 500 m, and 1 km pixels. Unsurprising aspect
is that a MODIS swath can cover the entire Earth within a single day, spanning
a width of 2330 km [25, 148]. The collected MODIS data is divided into granules
ranging from 64 MB to 10 MB at every 5-minute intervals during orbit time. These
volumes accumulate when data is data gathered for long-term (seasonal, annual,
decadal) analysis, which poses significant challenges in terms of storage and analysis
capabilities [25]. EarthDB uses the SciDB multi-dimensional array database to
analyze MODIS, level 1 satellite data from NASA [25, 149]. MODIS data is sourced
from orbiting satellites (Terra MODIS and Aqua MODIS) that scan the entire surface
of the Earth to understand global dynamics and processes occurring on the land, in
the oceans, and the lower atmosphere.

EarthDB imports MODIS data into SciDB. EarthDB consists of a preprocessor and
parallel loader component for importing large datasets. The preprocessor extracts
MODIS HDF-EOS (HDF- Earth Observing Systems) data sample, and the parallel
loader increases the ingest rate of the system by taking advantage of SciDB’s ability
to perform distributed loading from several nodes. EarthDB has multidimensional
schemas that represent MODIS data as unified storage. EarthDB uses a high-level
query language for fast filtering and analysis of MODIS data. EarthDB’s capability to
define and reconfigure the entire data analysis pipelines, using the SciDB database,
has enabled rapid ad hoc analysis [25, 149].

3.5.3 Polystore

The MIMIC-II medical dataset [150] health records for thousands of critical care
patients, including patient metadata, free text-form data (such as notes taken
by medical professionals), semi-structured data (such as prescriptions and lab
results), and waveform data (measurements from bedside devices such as heart rate,
pulse). MIMIC-II is a polystore that uses many stores of different types to manage
heterogeneous data in a medical environment [130, 136]. Here, PSQL stores all
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patients’ metadata in well-structured tables. SciDB is used to compute and store
the FFT of a patient’s waveform data and compare it to what is considered normal.
Accumulo is used for text searches, such as looking up a patient’s notes or text from
medical professionals.

Polystores have been used for ocean metagenomics data [151], which contains
data on bacteria found in seawater samples. This dataset comprises sample and
sensor metadata, genome sequences of about 20 million sequences per sample,
cruise reports, and streaming sea flow data. They use data stores (Accumulo,
PSQL, S-Store and SciDB) [131] to optimize different data applications. PSQL stores
structured data such as sensor and sample metadata and historical data collected
from the SeaFlow instrument. Accumulo is used to store free-form text reports
and pieces of the genomics dataset. S-Store is used for recording and processing
streaming SeaFlow data. SciDB stores and processes components of the genomic
data [133].

Each store of the polystore is used to optimize different applications (exploration,
navigation, text and geo-analytics, and heavy analytics) on the metagenomic data
[133, 152]. For instance, PSQL gives researchers a quick look at the overall dataset.
The navigation application uses streaming data from SeaFlow to reduce the cost of
data collection cruises. Here, a researcher enters a parameter of interest in the system
and uses historical tracks stored in PSQL and real-time streaming tracks in S-Store to
offer navigational suggestions. Text and geo-analytics application help researchers
look for details about cruise stations and search cruise logs within a particular region
stored in Accumulo and PSQL. Heavy analytics applicant provides researchers
with analytics that cut across metadata and genomics data. This application looks
for metadata stored in PSQL and genomic data migrated from SciDB. The spatial
predictive models for analyzing track data make use of PSQL and SciDB [133].

3.6 Database Evaluation

Databases are benchmarked by executing a specific workload against a given
dataset. Benchmarks are vendor-specific, which means users can compare
performance or select a system based on specific vendor target workloads,
configurations or infrastructure, but comparison across different vendor systems
is not possible [153, 154]. Therefore, new database benchmarks have emerged for
scalable databases (such as ScalableSQL, NewSQL and NoSQL).

3.6.1 Yahoo! Cloud Serving Benchmark (YCSB)

YCSB [155, 156] is a benchmarking methodology proposed by Yahoo for the
performance evaluation of scalable databases. The performance of the benchmark
has been tested on four widely used systems: Apache HBase, Apache Cassandra,
Yahoo!’s PNUTS, and a distributed MySQL implementation [157]. Studies [103]
show YCSB as the best benchmark for evaluating scalable databases. The benchmark
measures latency characteristics as the server load increase [157]. YCSB++ is
an extension of YCSB that supports multiple-phase workload definitions and
coordination of several clients to increase the load on the database server [156].

YCSB runs on several platforms and supports a wide range of database
applications [157, 158, 159]. The YCSB benchmark consists of two components:
a generator of data and a set of performance tests to assess Read and Update
operations. Each test scenario is regarded as a workload defined by either a
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percentage of Read and Update operations, total number of transactions or number
of records [160]. Table 3.2 shows a list of YCSB default workloads.

TABLE 3.2: YCSB Workloads

Workloads Operations (sec)
A – Update Heavy Read: 50% Update: 50%
B – Read Mostly Read: 95% Update: 5%
C – Read Only Read: 100%
D – Read Latest Read: 95% Insert: 5%
E – Short Ranges Scan: 95% Insert: 5%
F – Read-Modify-Write Read: 50% Read-Modify-Write: 50%

Workload A (also regarded as ’Update Heavy’) consists of 50% Read and 50%
Update operations; Workload B (’Read Mostly’) consists of 95% Read and 5% Update
operations; Workload C (’Read Only’) constitutes 100% Read operations; Workload
D (’Read Latest’) consists of 95% Read (newly inserted inclusive) and 5% Insert
operations. In this workload, the newly-inserted records are treated as the most
recent Reads. Workload E (’Short Ranges’) consists of 95% Scan and 5% Insert
operations. This workload involves a small range of records (e.g., from 1 to 100
records) instead of considering a single record. It also involves 5% insertion of
new records. Lastly, Workload F (’Read-Modify-Write’) involves 50% Read and 50%
Read-Modify-Write operations. In this workload, a record is read and updated, and
all the modifications are written or saved. Other workloads extended to include
heavy Update operations include Workload G (5% Reads and 95% Updates) and H
(100% Updates only) [161].

3.6.2 Database Response Time and Speed

Database response time, latency and speed are common measurement parameters
used in database evaluation. Database response time refers to the time the database
takes to return the result – also known as the total execution time taken upon a
query completion. The response time varies depending on the database and the
optimization mechanisms. Most scalable databases use volatile memory to reduce
the overall response time, though this is more costly [161]. Volatile memory, such
as cache memory, loses data when the device is not powered. The databases using
volatile storage experience shorter execution times due to the fast speeds of volatile
memory compared to the speed of retrieving files stored on the hard disk [160, 162].
Some of the databases with the fastest response times experience between 4 to 20
seconds while fetching bulk workloads of about 10,000 and 100,000 records [163,
164]. Response time is a key parameter in determining the speed of the database,
although it often depends on the execution machines. The shorter the execution,
the faster the speed of retrieval. Due to the rapid proliferation of new and scalable
database systems that differ greatly in applications and workload, there has been
a standardization challenge. Therefore, studies have not decided on the standard
acceptable values for download speed and response time [102, 160, 162].

3.6.3 Database Latency

In databases, latency refers to the delay for the data to become available for
download from the database. Database latency is different from query latency which
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refers to the time it takes to execute a query and receive the results [165]. Database
latency forms a small component of the total response time. The database latency is
caused by several factors, such as distance, propagation delay, internet connection,
data content, wireless network, the router and other networking devices [166]. In
other words, latency in databases is due to mostly delays at the server and the
network path.

Database latency determines the ability of the database to handle realtime
applications. Real-time databases must download as soon as the query transaction
occurs (zero latency). In contrast, near-realtime requires the data to download
after a set delay interval. The acceptable minimum latency without interruption
at the database server is one second or less [167, 168, 157]. Beyond the maximum
acceptable latency (> 1 second), the database is likely to experience a high variance
in latency. This is undesirable as high variance will impact the overall response time
of the database, consequently affecting the performance of the database [167]. On
the other hand, low and stable latency is generally acceptable and most suited for
real-time and near-time applications such as the onsite RFI monitoring and detection
at the MeerKAT/SKA telescope.

In conclusion, several database models have been developed to match the
current data needs. However, each database model serves specific applications. It
is, therefore, imperative for our study to choose the right database models suitable
for RFI storage and monitoring at the MeerKAT/SKA radio telescope.
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Chapter 4

Design

In this chapter, we aim to design a scalable database model that can store RFI data in
diverse formats. Our approach has four key phases: requirements analysis, database
design (which involves three successive design stages, i.e., conceptual, logical, and
physical), implementation, and evaluation (Figure 4.1).

We begin the design process by gathering user requirements. This is followed
by creating the database model using the three fundamentals of database design:
conceptual, logical, and physical designs [169, 170]. We create the conceptual design,
followed by the logical and physical design using a polystore architecture. We also
present an alternative design for storing RFI data within the same architecture.
Subsequently, we discuss the structure of the polystore. Figure 4.1 illustrates

FIGURE 4.1: Phases of database design and implementation [171, 172]

the database design phase following a successful requirements analysis. The
implementation and evaluation phases are carried out concurrently in an iterative
fashion. The approach then follows the fundamentals of database designs [171, 169].
Our design philosophy is to leave data in its native format to avoid unnecessary
translations that may lead to a loss in data quality.
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4.1 Requirements Analysis

Over the course of three weeks, we gathered users’ requirements from a group of
23 participants that included radio astronomers, engineers, and computer scientists.
The data was organized in Google spreadsheets with an electronic questionnaire
formulated with the help of Google Forms (free online survey tool) [173]. The
purpose of the questionnaire was to investigate the nature of RFI data and how
the RFI database would be used. Therefore, our questions were structured mainly
around RFI data sources, RFI data types, and usage of the RFI database (see
Appendix B).

The questionnaire was emailed to the RFI Working Group mailing list that
included scientists from SARAO, South African Astronomical Observatory (SAAO),
University of Cape Town (UCT), University of the Western Cape (UWC) and Rhodes
University. We collated all responses and grouped similar responses under one
requirement. These requirements were then mapped onto the database components
necessary to support them (Table 4.1).

TABLE 4.1: RFI database user requirements and corresponding
database design components.

User requirements Database components
1. Input ad hoc queries
2. Load raw files

Standard API

3. Store metadata
4. Store monitoring data
5. Store archive and reports

Integrated RFI storage

6. Discover unknown RFI
7. Flag and update RFIs

Rapid RFI identification

8. Generate occupancy plots
9. Compare new vs. old RFI tests
10. Plan measurements and
observations

Timely statistics

Meeting all the user requirements thus required four design components: a basic
interface – users required the database to have a web-based platform to provide
uniform access; RFI storage – they required the database to store and integrate all RFI
data efficiently; RFI identification – they needed to plug into the database detection
algorithms to detect RFI; and timely statistics for which users required to generate
RFI plots and aggregated data.

The first two design components had to be achieved first to support the other
two. However, according to the preliminary analysis, the data showed that about
80% of the respondents rated RFI storage and RFI identification as important
requirements. We argued that for RFI identification to be successful, RFI data
needs to be stored efficiently in the database. We, therefore, focused our work on
creating a scalable RFI database. Future researchers can focus their efforts on other
requirements.

4.1.1 Interface

A basic web-based interface is required for Reads and Writes operations. The
interface should preferably support a uniform structure-like query language, such
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as SQL. It should also be able to upload large data files and run ad hoc queries. We
suggest a basic interface (Appendix J) because it is not the core focus of this work.

4.1.2 RFI Data Storage

We focus on this aspect of the RFI requirements. The database should be able
to store and quickly retrieve RFI data that have been collected using different
devices (telescope, sensor, RTA). RFI data include time and frequency data, archives
(historical RFI data), and metadata (data dictionaries, schema description, and
system information). A data dictionary stores data that describes each data object
used in the database cluster. We create a schema catalog to store the schema
information of each data object. The system table has information on DBMSs used
within the cluster. These tables are linked and can be viewed as a single table. The
database should act as a repository into which new RFI data is uploaded.

The database must integrate RFI data sourced from several devices into
a uniform repository that provides easy access to data in different formats.
The database should also scale to provide support for varying storage needs.
We emphasize storing data in its native formats to avoid unnecessary schema
translations.

4.1.3 RFI Identification

Users require both real-time and offline processing of RFI. This means the database
should support identifying RFI during or after an observation. The database should
plug in monitoring and detection algorithms to speed up the identification process
which involves tasks such as cross-matching unknown RFI with the RFI database,
adding permits to known RFI, flagging RFI, and updating the RFI database. RFI
identification is not the focus of this work as it is a later process that will be built on
top of a working database.

4.1.4 RFI Statistics

Users require graphs such as RFI occupancy plots which show different levels of
RFI over a given period (i.e., daily, weekly, or monthly). The database should
provide searchable statistics to guide scientists during observational measurements,
equipment designs, and issuing RFI permits. Not the focus, as RFI data needs to be
stored first in the database before generating statistics.

4.2 Designing the RFI Database

We followed a top-down database design strategy [171, 169], first identifying the
data and then defining the data objects. The data objects were then allocated
to separate datasets based on their structure. The data structure dictates the
appropriate data object and hence the relevant data store. For instance, relational
data that includes all RFI database metadata is stored in relational tables. Key-value
data containing RFI measurement data, text, and RFI reports is stored as key-value
pairs (JSON documents). Array data, such as RFI scans and multi-dimensional data
(3D frequency, time, and polarization data), is stored as arrays. We chose three
distinct data stores for our RFI database, each tailored to the data structure it suits
best. Specifically, PSQL is selected to store relational data [24], Accumulo to store
key-value data [117], and SciDB for array data [21].
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Our database design process consists of three stages: conceptual, logical, and
physical [171, 169], to transform the conceptual representation of the diverse RFI
dataset into a unified physical database design.

The initial stage is conceptualization [174], aiming to capture the core content
of the RFI database without considering storage structure. This phase employs
techniques like entity-relationship modeling (ERM) [175, 176]. ERM is a modeling
technique that involves visual representation or diagram (Entity-Relationship
Diagram - ERD) utilized to illustrate relationships among different data objects
(entities) within a database. It outlines how data is organized and interconnected.

Moving to the logical stage, we develop a logical database design from the
conceptual design. This involves defining the data model in detail, including
relationships between attributes, tables (data objects), and data entries. We employ
the Unified Modeling Language (UML) notation [177, 178] to our ERDs to precisely
represent the data objects (entities), attributes, relationship constraints, and entity
behavior. UML notation serves as a standardized means to model and visualize
various database design aspects in detail compared to other notations (Chen, or
Crow’s foot notations) [178, 179]. We present the ERD in UML notation, which
is then reduced to the logical schema of the database. Subsequently, we review
the logical schema to ensure the appropriate design of attributes and relationships,
as well as an accurate representation of data integrity within the database. This
step is crucial to ensure that the logical design encounters no difficulties in the
implementation.

The last stage is the physical stage, in which we create a physical database
design based on the logical schemas. This stage describes the storage structure
as implemented within a particular database system, encompassing low-level
structures (or physical schemas) for tables and attributes with comprehensive details
such as data types, and indexing strategies. Essentially, the physical model outlines
how data is stored and accessed, with the specifics dependent on the type of
database system and hardware employed [180].

4.2.1 Conceptual Design

During the conceptual design stage, we established the main data objects suitable
for storing the RFI dataset. We present four key objects: RECEIVER, RFIEVENT,
TRANSMITTER, and PERMIT. The RECEIVER object stores data from the receiver
device that captures the RFI signal, while the TRANSMITTER object collects data
from the transmitter device that emits RFI signals. An RFIEVENT object stores all
RFI occurrences or events captured during observations, and a PERMIT object stores
documents or permits authorized by SKA engineers after thorough measurements
on a device emitting RFI. The RFI permit outlines strict conditions for a device’s use
at the telescope site. Each data object can encompass sub-objects, resulting in an
object with multiple fields.

We identified relationships between objects using ERM and represented the
conceptual model in an ERD. Figure 4.2 is an ERD showing a conceptual model
of the RFI database.
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FIGURE 4.2: Conceptual model of the RFI database.

The connection lines with labels signify relationships between objects, and
rectangles with internal labels symbolize entities or data objects. Our model’s
relationships are named "captures," "emitted by," and "is issued," derived from
the connections established between objects. For instance, a receiver captures RFI
events, RFI events are emitted by a transmitter, and a transmitter is issued a permit.

Overall, the conceptual model focuses on the entire RFI dataset to create a
database structure or model that emphasizes the organization and associations
between the data.

4.2.2 Logical Design

We translated the conceptual model by defining the data model, including data
objects and their attributes, relationships of each data object, and modeling or design
constraints to be enforced on the data. We represent the logical model using an
ERD in UML notation. Afterward, we translate the ERD into a logical schema
(Section 4.2.3). Figure 4.3 displays an ERD of the RFI database, which indicates each
data object and its attributes (see Section 4.2.3 for complete attributes), along with
relationship constraints when one object interacts with another.
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FIGURE 4.3: ERD of the RFI database (Refer to the logical schema
showing all attributes in each data object (Section 4.2.3)

We show the four main objects, the same as in conceptual design. However,
we introduce three sub-objects under the transmitter object that include intentional,
culprit, and unknown. The intentional object stores data from the intentional
transmitters, which are transmitters licensed nationally and can legally transmit
(except in the radio-quiet zone). A culprit object stores data from devices or
transmitters that have been detected at the MeerKAT site. We refer to these as
"culprits". Only culprits that have been measured and thoroughly studied can be
issued permits. We also store basic information on unknown transmitters under
the "unknown" data object, as there is limited information known about them. The
unknown transmitters are those whose source of transmission is unknown.

The transmitter’s schema is likely to differ depending on the type of transmitter
(i.e., intentional, culprit, or unknown). Therefore, the transmitter object should
not have a fixed schema but should be allowed to vary with the transmitter type.
Having a flexible schema is associated with greater scalability and performance as
data is added to the database [181, 182]. Each sub-object inherits the transmitter’s
schema (parent object) and these are linked via an "ISA" relationship in inheritance.
Inheritance in database design refers to a concept in which one database entity/data
object can inherit properties and attributes from another entity [171]. From
a specialization perspective in inheritance, a transmitter is an "intentional", a
transmitter is a "culprit", or a transmitter is an "unknown transmitter". This is
also regarded as a top-down approach to the relationship between the parent
object and the sub-objects. As we move down the hierarchy, the specialization
approach is based on grouping sub-objects with unique characteristics. This means
that intentional, culprit, and unknown transmitter sub-objects have attributes and
characteristics specific to themselves, on top of the parent’s attributes.

We describe the modeling constraints set by astronomers and engineers at the
MeerKAT radio telescope. We indicate the associations between data objects and
specify the cardinality and participation using numerical or multiplicity notations.
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Multiplicity notations in UML are used to represent cardinality and participation
indicated as numerical notations (e.g., 0..1 – zero or one, 1..1 – one and only
one, 1..M – one or many, or 0..M – zero or many). The first number shows the
minimum number an object is involved in a relationship (participation), and the
second number indicates the maximum number an instance of an object interacting
with another (cardinality) [171]. For instance, a RECEIVER can capture one or
more RFI EVENTs. Each EVENT may be received by one RECEIVER only. An RFI
EVENT belongs to a specific TRANSMITTER of either type: intentional, culprit,
or unknown. The relationship between the transmitter object and its sub-object
is an "ISA" relationship. We represent the relationships between the transmitter
and its sub-objects as disjoint. This is done to separate each transmitter by its
source of transmission. For instance, the intentional transmitter’s source can be
legally known, the culprit transmitter’s source can be determined by taking test
measurements of a device, and the source of an unknown transmitter is not known
at all. By enforcing that each sub-object belongs to only one specific transmitter, the
degree of data integrity in the database can be guaranteed [183, 171]. Lastly, each
TRANSMITTER may emit several RFI EVENTs. A PERMIT can be issued to each
TRANSMITTER, although a transmitter may or may not have a PERMIT.

4.2.3 Logical Schema of the RFI database

We reduce the ERD in Figure 4.3 into a logical schema, showing each object along
with its attributes and the relationships they have with attributes of other objects.
We represent the schema by specifying the object name followed by the attributes
in parentheses. Each object has an identifier or primary key (underlined attribute),
which also serves as a reference inside other objects. These schemas include all the
attributes of each data object required at the logical level of the RFI database.

receiver (receiverID, receiverName, nChannel, bitstream, nAccs, adcType, spectrumBits,
rfGain, bandwidth, lowFreq, highFreq, rxLocation, rxDirection);

rfievent (eventID, receiverID, transmitterID, eventStartFreq, eventEndFreq, measDist, elevel, eirp,
MeerKATBand, polarization);

transmitter (transmitterID, txType, category, txDescription, txNotes,
bandname, bandcode, MeerKATBand, bandstartFreq, bandendFreq, bandNotes);

intentional (transmitterID, txType, category, txDescription, txNotes,
bandname, bandcode, MeerKATBand, bandstartFreq, bandendFreq, bandNotes,
status, startFreq, centFreq, endFreq, bandwidth, latitude, longitude, txLocation);

culprit (transmitterID, txType, category, txDescription, txNotes,
bandname, bandcode, MeerKATBand, bandstartFreq, bandendFreq, bandNotes,
manufacturer, model, serialNumber, testFacility, testDate, reportDate,
reportURL, reportID, reportComp, reportNotes, occupancy, testLatitude, testLongitude, testLocation);

unknown (transmitterID, txType, category, txDescription, txNotes,
bandname, bandcode, MeerKATBand, bandstartFreq, bandendFreq, bandNotes);

permit (permitID, transmitterID, rfiNotice, issueDate, expiryDate, usage, permitType,
deployDate, contactName, contactOrganisation, contactEmail,
restrictionNo, restrictionLimited, restrictionUnlimited, rfiZoneMap,
useDayOrNight, useBeforeTime, useAfterTime, permitNotes);

catalog logical schema
engine (engineID, engineName, host, port, connectionProperties);

database (databaseID, databaseName, engineID);

object ( objectID, objectName, databaseID);
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attribute (attributeNo, attributeName, datatype, description, objectID);

The receiver object stores the following information as attributes: receiver
identification number, receiver name, number of channels, nature of the bit
stream, number of accumulations per spectra, type of analog-to-digital converter,
spectrum bits, receiver gain in decibels (dB), receiver bandwidth, lowest frequency,
highest frequency in MHz, receiver location, and receiver direction. The receiver
identification number ensures unique receiver records, and it cannot be null.

An RFI event object stores the event identification number, receiver identification
number, transmitter identification number, start and end frequencies (in MHz) at
which the event is detected, measurement distance to the antenna, effective radiated
power of the RFI signal in dB, effective or equivalent isotropic radiated power
of the RFI signal in decibel watt (dBW), MeerKAT frequency band in which the
event is detected, and signal polarization. Polarization refers to the direction (either
vertical or horizontal) in which an event is observed. The receiver ID inside the
RFI event object references the receiver object, implying that the entries inside the
RFI event object must match those in the receiver object. Similarly, the Transmitter
ID inside the RFI event object references the transmitter object. Each RFI event
record tracks a particular event, its associated transmitter, and the frequencies and
direction at which it has been detected. This information is valuable for guiding
radio astronomers in their observations.

The transmitter includes the transmitter identification number, transmitter type,
transmitter category, transmitter description, notes or comments on the transmitter,
the frequency band of the transmitter, code of the frequency band, MeerKAT
band, start and end frequencies of MeerKAT band, and notes/comments on the
MeerKAT frequency bands. However, the transmitter’s schema can vary depending
on the type of transmitter (i.e., intentional, culprit, or unknown). Recall that
the relationship between the transmitter (parent) and the intentional, culprit, and
unknown (sub-objects) is known as "ISA" or inheritance. In this case, the sub-objects
inherit all properties and attributes of a parent object. Notice that the transmitter ID
is a primary key in the transmitter, serving as both the primary key and foreign
key in all the sub-objects. If a transmitter is intentional, it will include all the
transmitter’s attributes due to inheritance, along with its specific attributes, which
include the operational status of a transmitter, start, central, and end frequencies of
a transmitter, bandwidth of the transmitter, latitude, longitude, and location of the
transmitter. These attributes are easily identifiable, as intentional transmitters are
legally licensed and registered by ICASA to transmit in a specific location within a
designated frequency range. Collecting these specific attributes in the database will
help engineers in tracking and reporting any interfering transmitters.

If a transmitter is a culprit, its schema will include all attributes from the
transmitter (parent) object, along with its specific attributes, such as manufacturer,
model, serial number, test facility, test date, report date, report URL, report ID,
company that drafted the report, report notes, polarization, latitude, longitude, and
name of location where the test was done. It’s important to note that the culprit
object collects data on transmitters that have been detected, and their measurements
are taken before taking the device to the site. Therefore, storing information about
the manufacturer, model, and serial number provides specifications for the device
on the site. Details about the test facility, date, and report indicate where the device
was tested and when reports were completed.

If a transmitter is categorized as "unknown," it will inherit all of the attributes
from the main transmitter object. However, for an unknown transmitter, there is
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no specific information available about the transmitter’s source, as it is unknown.
Therefore, we assume a general or basic schema based on the parent object
(transmitter). This is why the schema for an unknown transmitter is identical to that
of the main transmitter object. Our schema is designed to be flexible and capable of
accommodating any information that scientists may want to store about unknown
transmitters. Additionally, attributes in the subobjects may appear redundant, but
this method ensures that obtaining information about a transmitter does not require
accessing two entities, i.e., the one corresponding to the subobject schema and the
one corresponding to the parent schema. Also, no single record in the transmitter
record is stored in more than one subobject, as this has been enforced with the
disjoint constraints in the relationship

The permit schema consists of permit identification number, transmitter
identification number, category of RFI permit, permit issue date, permit expiry
date, indication of locations where permits are required, permit type, deployment
date of the transmitter on-site, contact name and organization responsible for the
transmitter, and email contact information. Additionally, we store the restriction
identification number, limited restriction and unlimited restriction zones of a
transmitter on the site, a map showing RFI zones, the times of the day or night a
transmitter is allowed on the site, including the before and after times, and lastly, we
collect notes/comments related to a specific permit.

Our catalog’s logical schema includes four data objects: engine, database,
object, and attribute, which represent the metadata. The engine object stores
engine information, including the engine identification number, engine name, host
machine, port number, and connection properties as attributes. The database
data object stores information about databases, including the engine identification
number and the database name. Meanwhile, the object data object stores the data
object identification number, object name, and database identification number. The
engine ID inside databases and the database ID inside objects act as references to the
engine and the database, respectively. The attribute data object stores information
about each attribute of every object, including attribute number, object identification
number, attribute name, data type, and description. Each piece of information
collected in the catalog serves as metadata for the RFI database. We do not represent
the catalog schema in the ERD as it is not primary to the RFI database, despite
playing a crucial role in providing all the necessary metadata.

4.2.4 Physical Design

This stage is dependent on both software and hardware. The goal is to create a
physical model that can support diverse data sets, distinct data models, and multiple
database systems without compromising database performance. Therefore, we have
structured RFI data into three schemas (relational, columnar, and multidimensional
arrays) that determine a particular access method. The relational schema is suitable
for relational data, the columnar schema is best for key-value data, and the
multidimensional schema is ideal for arrays. Consequently, we have created an
RFI catalog schema to store all metadata using relational tables. We use predefined
relation schema to ensure that the metadata schema remains consistent across
multiple data stores in the cluster. Consistency is one of the properties offered by
relational database systems [106]. Figure 4.4 shows a representation of the relation
schema of the catalog database in a relational database system (PSQL).

The engine, database, object, and attribute relations define the RFI catalog, which
is used to store all RFI metadata. A particular database is associated with at least one
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FIGURE 4.4: Relational schema creation

database engine, but an engine can run multiple databases. This is why we create
an engine identification ID (’engineID’) inside the ’database’ relation to associate
a specific engine with multiple databases. We create the ’object’ relation with
a database identification ID (’databaseID’) referencing the ’database’ table. This
implies that a specific RFI object belongs to one database, which is also associated
with exactly one engine. However, a database can consist of several RFI objects.
Lastly, we create an ’attribute’ relation associated with the ’object’ table. We include
the object identification ID (’objectID’) inside ’attribute’ to indicate that a specific
object has several attributes. It’s important to note that the attribute identification
number, object identification number, database identification number, and engine
identification number serve as indexes in their respective tables. This allows for
quick searches of specific attributes or fields; the RFI data objects they belong to; the
databases containing those objects; and the storage engines running the databases
within the cluster. This schema is well-suited for relational database systems such
as Oracle, SQL Server, MySQL, and PostgreSQL.

We employ key-value pairs in column-oriented database systems to
accommodate unstructured data because the schema is likely to change when we
add data to the database. For example, the schema for ’unknown’ transmitters
consists of fewer fields compared to intentional and culprit transmitters due to
the limited information available about unknown transmitting devices. Therefore,
maintaining a flexible schema in a key-value fashion allows us to avoid unnecessary
fields by not storing keys with null values. This provides an efficient means
to reduce the number of null values, resulting in the efficient utilization of
database memory and facilitating faster data access [113]. Key-value structures are
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well-suited for data with no predefined structure; the key can easily be associated
with a data value of any type, including text, logs, images/scans, video, and sensor
data.

Figure 4.5 illustrates key-value pairs in the columnar schema of the
column-oriented database system (Accumulo). Refer to Appendix H for full
key-value schema for a single key (rfi001).

FIGURE 4.5: A sample Accumulo’s key-value schema

The columnar schema includes transmitter, receiver, and permit data objects or
’columnFamily’. A column family is a group of columns that are stored together as
a unit, preferably in one location, whereas a column qualifier is a field associated
with storing data within a specific column family. Each columnFamily stores data
in a key-value fashion, where the key (’RFI identification number’ — e.g., rfi001)
is processed chronologically as the first RFI entry. The value can consist of data of
any type, such as strings (e.g., ’Electric fence at Klipkolk’), issue date (’01/08/2010’),
and coordinates (’-30.438867, 21.120959’). Retrieving RFI data is easy because we
associate a key with data in the form of text, RFI reports, and RFI scans/images.

The transmitter object, which includes intentional, culprit, and unknown
sub-objects, is implemented as embedded data objects using key-value pairs in JSON
documents (see Appendix G). Embedded data objects provide a simple view of
multiple data types and speed up search results due to a single index associated
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with that object, as opposed to many indexes from different objects. The use of
multiple indexes incurs a storage overhead that might compromise the speed of
searches across multiple storage systems [163]. Additionally, this approach prevents
the duplication of fields and ensures proper memory utilization by storing only the
fields or ’columnQualifiers’ required for that specific transmitter. The receiver and
permit objects are likely to have the same fields from one record to another, but this
is not the case for the transmitter object.

Key-value pairs are optimized for faster data access when searching, utilizing
both key and column information concurrently. For instance, when we specify a key
(e.g., rfi001) and a transmitter column, rfi001 points to the exact data location of the
object (transmitter) instead of scanning all data objects in the cluster. Key-value data
is stored using column-oriented database systems such as Accumulo, known for its
good performance in cluster environments [117].

We presented the sequential array data in a tabular fashion similar to a typical
relational schema. In a multi-dimensional array model, data can be indexed and
accessed separately in each dimension (e.g., frequency and time). On the other hand,
in the relational model, data is accessible and presented as one whole unit (table).
Figure 4.6 represents a schematic representation of an array-oriented model. This is
implemented in an array database system (such as SciDB).

FIGURE 4.6: A sample SciDB’s array schema.

We created an array object called ’RFIevent’ to store data from RFI events
taken from several measurements of different transmitters. A single transmitter
can contain multiple events, with the total number of events potentially being
quite large. For each event, we record eventID, receiverID, transmitterID,
eventStartFreq, eventEndFreq, elevel, measDist, MeerKATBand, and polarization.
The ’transmitterID’ and ’receiverID’ fields inside the event object are used to trace
which transmitter, an event belongs to and on which receiver it was captured.
Further, we store the start and end frequencies of an event, the signal strength of an
event (elevel in dB), measurement distance from the antenna in meters, eirp power
in dBW, the MeerKATBand, and the direction of the event.

Each event behaves differently, and to understand the behavior of each event,
we record each parameter. For instance, consider the ’Two-way radio system,’
which can emit two events. Event 1, identified as ’rfi001,’ belongs to transmitter
’RFI1402-0620,’ was detected at receiver ’rec001,’ and spans the frequency range
from 120 MHz to 134 MHz. It emits a signal power of 70 dB, measured at a distance
of 10 meters from the antenna, has an eirp power of -126 dBW, and operates in
the MeerKAT band known as ’Hera’ with vertical polarization. Event 2, also from
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’RFI1402-0620’ and detected by ’rec001,’ starts at 240 MHz and ends at 270 MHz. It
emits a signal power of 30 dB, was measured at a distance of 10 meters from the
antenna, has an eirp power of -131 dBW, and operates in a non-MeerKAR band with
horizontal polarization. Notice that these two events are from the same transmitter.
Imagine a high number of transmitters emitting multiple events; this scenario is
likely to generate a large data set that can be efficiently compressed into an array
structure.

An array schema allows us to set up an array data store for the extensive RFI
events data spanning large measurements taken across a wide frequency spectrum.
Such an array schema can accommodate a maximum of one million entries (i =
1000000). One advantage of array stores is their ability to facilitate data compression
into smaller chunks, thereby minimizing disk space usage and enabling quick access
[184, 147]. We implemented the array model using the SciDB DBMS. In addition to
handling a large number of entries, SciDB provides scientists with a broad range
of analytics tools for exploring various phenomena within their multi-dimensional
data sets.

Due to the multiple schemas of RFI data, we adopted the Polystore framework
(described in Section 3.4), which spans various data models, languages, and storage
engines. We use three categories for data stores: PostgreSQL, Accumulo, and SciDB
(See Figure 4.7).

FIGURE 4.7: A polystore design of the RFI database.

PostgreSQL stores the RFI catalog using a relational schema, which includes
engines, databases, objects, and attributes as metadata. Accumulo stores key-value
data (text, images, documents, and reports) using a columnar schema and holds
transmitter (intentional, culprit, and unknown), receiver, and permit data objects.
We store array data in SciDB using a multidimensional array schema, which houses
the RFI event data object. Each schema is well-suited to its respective data store. We
argue that storing RFI data objects in their appropriate data stores while maintaining
their relationships ensures the proper translation of the logical design into the
physical design. Figure 4.7 shows the polystore implementation design suitable to
store RFI data.
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Lastly, the polystore design enables engineers to load data through RFI
monitoring and detection applications, while scientists can conduct quick
searches and detailed analyses using an integrated API. We discuss the detailed
implementation of each store component in the next chapter.

4.2.5 Alternative Design

We present an alternative design to evaluate the performance of the polystore
database system (BIGDAWG) compared to storing all data in PostgreSQL,
particularly since PostgreSQL performed best in the experimental evaluation. We
present an alternative design based on the conceptual design. The goal is to break
down data objects with several fields or attributes into one or more manageable data
objects. The main object is the parent, and the sub-objects become the child entities.
We model an identifying relationship between the parent object and the child object.
This means an instance in the child object is identified through an association with
the parent entity. That’s why the primary key of the parent forms part of the primary
key in the child entity. With this kind of association, we ensure that the same level
of integrity is enforced as when the object was treated as a collective unit. Figure 4.8
is an alternative logical ERD of the RFI database.

FIGURE 4.8: Alternative ERD of the RFI database (Refer to the logical
schema showing all attributes in each data object (Section 4.2.6)

Notice that Figure 4.8 in the alternative design consists of more data objects
compared to Figure 4.3. The ERD of the alternative design includes receiver, receiver
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location (rxLocation), rfievent, transmitter, intentional, culprit, unknown, band,
testMeasurement, testLocation, permit, contactPerson, and restriction. In contrast,
the ERD in Figure 4.3 includes receiver, rfievent, transmitter, intentional, culprit,
unknown, and permit data objects.

The receiver object in Figure 4.3 forms two relations in the alternative design:
receiver and receiver location. The receiver object includes receiverID, receiver
name, number of channels, nature of the bit stream, number of accumulations per
spectra, type of analog-to-digital converter, spectrum bits, receiver gain, receiver
bandwidth, lowest frequency, and highest frequency, whereas receiver location
consists of the locationID of the receiver, receiverID, and the name of the location
of the receiver as attributes. The receiverID inside the receiver location object
references the receiver object. The cardinality between receiver and receiver location
is one to many, which suggests that a receiver can be placed in several locations
during RFI detection on the site, while a specific location can have only one receiver.

An RFI event object in the alternative design stores the event identification
number, receiver identification number, transmitter identification number, start and
end frequencies (in MHz) at which the event is detected, measurement distance
to the antenna, effective radiated power of the RFI signal (elevel)in dB, effective
or equivalent isotropic radiated power (eirp) of the RFI signal in dBW, MeerKAT
frequency band in which the event is detected, and signal polarization. Polarization
refers to the direction (either vertical or horizontal) in which an event is observed.
The receiver ID inside the RFI event object references the receiver object, implying
that the entries inside the RFI event object must match those in the receiver object.
Similarly, the Transmitter ID inside the RFI event object references the transmitter
object. A record in the RFI event object can track a particular event, its associated
transmitter, and the frequencies and direction at which it has been detected. This
information is valuable by providing quick guidance to the radio astronomers
during their observations. It’s worth noting that the RFI event schema in the
alternative design is similar to the first design (Figure 4.3) and stores all fields in
one relation. The RFI event in both designs consists of only a few attributes that can
be easily handled by a single relation

The transmitter object maintains an identifying relationship with the band object
and an ’ISA’ relationship (inheritance) with the intentional, culprit, and unknown
sub-objects. Not only do the sub-objects inherit the transmitter’s attributes, but they
also inherit their underlying relationship with the band object. The transmitter object
will store attributes such as transmitterID, type of transmitter (txType), category,
txDescription (description of transmitter), status, startFreq, centFreq, endFreq, and
bandwidth. Notice that the transmitter object in the alternative design consists of
fewer attributes than in Figure 4.3.

The transmitter’s band information is stored in a separate relation known as
’band’. This includes the code and name of the band, transmitterID, MeerKATband,
start and end frequency of each band, as well as comments or notes for a particular
band. The transmitterID inside Band objects forms part of the band’s composite
primary key (transmitterID and bandCode).

Intentional, culprit, and unknown transmitters each have specific attributes
in their respective schemas, along with common attributes of the transmitter.
Intentional transmitter-specific attributes include the transmitter’s operational
status, start, central, and end frequencies of a transmitter, bandwidth of a
transmitter, latitude, longitude, and the name of the transmitter’s location (see
logical schema in Section 4.2.6). The rest of the attributes are common attributes
of the transmitter, which is why they are identical. The specific attributes of
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an intentional transmitter are easily accessible, as they are legally registered and
well-known transmitters (e.g., FM radio). However, this is not the case with the
unknown transmitter object, which includes common attributes of the transmitter
because there is limited information available about them. Hence, they have a basic
schema for the transmitter.

The culprit object includes all transmitter attributes, including its specific
attributes i.e., manufacturer, model, and serial number of a transmitter. In the
alternative design, the culprit object differs from that in Figure 4.3 in such a
way that it forms two additional relations with its underlying attributes. These
additional relations include test measurement (testMeasurement) and test location
(testLocation). We store test measurements and test locations for each culprit
separately, as there are likely to be several measurements taken from various
locations associated with a single device or culprit.

Furthermore, a culprit object establishes a one-to-many relationship with the
testMeasurement object, which in turn forms a one-to-many relationship while also
creating an identifying relationship with the testLocation data object. In other
words, a single test measurement for a specific culprit can be conducted at several
locations. The existence of the testLocation object depends on the existence of the
testMeasurement object through a one-to-many relationship, as indicated by the
inclusion of ’testNo’ as part of the foreign key in the testLocation object. Lastly,
the testMeasurement stores the test number, transmitterID, test facility, test date,
report date, report URL, reportID, a company that drafts the report, and notes or
comments on a specific report, whereas the testLocation stores testLocationID, test
number, name, longitude, and latitude of the test location, as shown in Section 4.2.6.

The permit object in the alternative design forms two sub-objects: contactPerson
and restriction. Both objects exist due to the existence of the permit object. Without
a permit object, we cannot have these sub-objects; hence, we indicate optional
participation between the permit and its sub-objects. A permit may have multiple
contact persons and can suggest multiple restrictions at the same time. We store
attributes such as personID, permitID, name, organization, and email for the contact
person data object. Permit restriction details, including restriction number, restricted
and unrestricted zones, maps showing RFI restricted zones, and permitted times of
the day or night for device access to the site, are all stored within the restriction data
object. Lastly, we maintain the same modeling and relationship constraints observed
by the main objects and all their sub-objects, as when they were a collective unit.

4.2.6 Logical Schema for alternative design

We reduce the alternative ERD to logical schema showing more data objects taken
into consideration. We list the name of the data object followed by its attributes
enclosed in parentheses. We indicate the primary key as underlined and also include
the foreign keys where necessary. These schemas show individual data objects
shown in Figure 4.8 and all their attributes.

receiver (receiverID, receiverName, nChannel, bitstream, nAccs, adcType,
spectrumBits, rfGain, bandwidth, lowFreq, highFreq);

rxLocation (rxLocationID, receiverID, rxLocationName, rxDirection);

rfievent (eventID, receiverID, transmitterID, eventStartFreq, eventEndFreq, elevel, measDist,
eirp, MeerKATBand, polarization);

transmitter (transmitterID, txType, category, txDescription, txNotes);
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band (bandCode, transmitterID, bandname, MeerKATBand, bandstartFreq,
bandendFreq, bandNotes)

intentional (transmitterID, txType, category, txDescription, txNotes,
status, startFreq, centFreq, endFreq, bandwidth, latitude, longitude, txLocation);

culprit (transmitterID, txType, category, txDescription, txNotes,
manufacturer, model, serialNumber);

testMeasurement (transmitterID, testFacility, testDate, reportDate,
reportURL, reportID, reportComp, reportNotes);

occupancy (occupancyID, testNo, month, nights, evenings, strong,
moderate, weak);

testLocation (testLocationID, testNo, testLocationName, testLongitude,
testLatitude)

unknown (transmitterID, txType, category, txDescription, txNotes);

permit (permitID, transmitterID, rfiNotice, issueDate, expiryDate, usage,
permitType, deployDate, permitNotes);

contactPerson(permitID, personID, contactName, contactOrganisation,
contactEmail);

restriction (restrictionNo, permitID, restrictionLimited,
restrictionUnlimited, rfiZoneMap, useDayOrNight, useBeforeTime, useAfterTime);

catalog logical schema
engine (engineID, engineName, host, port, connectionProperties);

database (databaseID, databaseName, engineID);

object ( objectID, objectName, databaseID);

attribute (attributeNo, attributeNo, attributeName, datatype, description, objectID);

The alternative design is created assuming a single modality, i.e., the relational
model. As a result, many data objects and relationships have been established
to accommodate the original data stored across three systems (PSQL, Accumulo,
and SciDB). We model the design by transforming Accumulo’s key-value data and
SciDB’s array data into relational data in PSQL without compromising the data’s
integrity. Refer to Appendix F for a detailed description of each attribute and its
corresponding data objects. Lastly, we discuss the implementation of the alternative
design in the next chapter.
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Chapter 5

Implementation and Evaluation

Here, we discuss the implementation and evaluation of the physical database
models. First, we describe the implementation of the RFI storage according to the
polystore architecture. The RFI storage consists of three databases: the RFI catalog
to stores all RFI metadata using relational tables; the RFI array database responsible
for RFI sequential data, such as frequency and time data, using multidimensional
arrays; and the RFI measurement data structured as key-value pairs. Furthermore,
we implement an alternative model using a single data model where all data is
stored in one data store under the polystore framework. Thereafter, we explain the
experimental design and the experiments in different test environments to emulate
our RFI monitoring use case. We test the database models with increasing data
volumes, multiple users, varying workloads, bulk uploads, and API environments.
The acceptable latency without interruption is one second or less [168, 157, 185]. A
latency of less than 1 second is primarily attributed to the requirements of many
real-time systems, in line with industry practices for achieving acceptable overall
system performance. Over the years, industry practitioners have made efforts
to reduce latency in various systems through technological advancements and
user experience, with 1 second being a commonly acceptable threshold [186, 187].
However, it’s important to note that different systems may have varying latency
thresholds depending on their specific needs. For instance, in real-time applications
(high-frequency communications or interactive) where immediate responsiveness is
crucial, latency thresholds are often much lower than 1 second to ensure accurate
processing.

Previous work on new and scalable databases have not decided on the standard
acceptable values for upload speed, download speed, and response time [102, 160,
162].

5.1 Storage

We used Docker [188] to emulate an environment in which RFI data is processed
using several applications (such as RFI monitoring, detection, and complex
analytics) and is stored in different Stores. Docker is a container-based virtualization
technology that allows isolated applications to be created, deployed, and executed.
This technology enables the creation of a system that houses several Docker
containers working in the same cluster. These containers are isolated from each other
but can communicate through well-defined channels [189]. Docker shares a single
OS kernel with several containers that have less boot time. Other benefits of Docker
include: (a) it is portable – which means an application and all its dependencies are
bundled into a single container that is independent of the host OS kernel version,
platform distribution or deployment model - and (b) lightweight – which implies
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that docker requires minimal resources, as its images are small [190]. These benefits
facilitate rapid delivery and reduce the time needed to deploy an application.
Docker is the most efficient environment for running multiple applications that
suffer from integration and interoperability complexities [191], thus suitable for this
work.

5.1.1 RFI Database Cluster

We used Docker containers to deploy the database cluster using Docker version
18.09.3, build 774a1f4. We ran the Docker image provided in the reference
implementation (BigDAWG) [130] to set up the database cluster on the host. Our
host machine runs the Ubuntu Operating system version Ubuntu 20.04.3, 25 GB of
RAM and 11 TB of disk capacity. The cluster consists of several containers of three
databases: PSQL, SciDB, and Accumulo. Data access can occur within or between
containers. While a polystore can have several containers, we set up only data stores
that are suitable for storing RFI data.

TABLE 5.1: Showing database engines

engine
ID name host port connection

properties
0 postgres0 bigdawg-postgres-catalog 5400 PostgreSQL 9.4.5
1 postgres1 bigdawg-postgres-data1 5401 PostgreSQL 9.4.5
2 postgres2 bigdawg-postgres-data2 5402 PostgreSQL 9.4.5
3 scidb_local bigdawg-scidb-data 1239 SciDB 14.12
4 saw Zookeeper zookeeper.docker.local 2181 Accumulo 1.6

Table 5.1 lists the database engines, hosting, and connection information.
This detail is managed and well-coordinated across multiple containers using the
polystore middleware. The Docker cluster consists of five database engines of three
types: PostgreSQL, SciDB, and Accumulo. Three PostgresSQL engines are used
to store different RFI data and to enable faster connections to data access than
SciDB and Zookeeper(Accumulo), whose connections depend on running several
applications within the cluster before data is accessed [121]. Each database engine
has a unique name and identifier (i.e., engineID = 0), which are used during data
placement from one engine to another [192]. Each engine is hosted on a separate
host with a unique hostname (i.e., bigdawg-postgres-catalog). Using Docker
containers with the docker create container command, we created several hosts. Each
container was allocated a port number that was published within the cluster so that
other containers could connect and communicate data. Postgres0, postgres1, and
postgres2 use the same type of connection (i.e., PostgreSQL 9.4.5) because they use
the same type of engine (PostgreSQL). SciDB_local uses SciDB 14.12 connections in
the SciDB environment, whereas Zookeeper [193] uses Accumulo 1.6 connections.
ZooKeeper is an application within the SciDB cluster responsible for coordinating
and synchronizing services in an ecosystem with distributed applications where
coordination is a core requirement. The connections enable the clients and the cluster
host to communicate with different containers. This information is crucial when data
is moved from one engine to another [194]; for instance, a query to return catalog
data and measurement key-value data from postgres0 and SciDB_local, respectively,
to a user or client. Such a query requires engine name, port, and connection details
to complete a transaction.
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5.1.2 RFI Data Stores

We created six databases in containers supported by the different database engines
(Table 5.1). The database table (Table 5.2) references the engine information via
engineID as a foreign key. The relationship between the engine and database tables
is one-to-many: a database engine is shared by at least one database. However, a
database can belong to a single database engine only. Table 5.2 lists each database
with its corresponding engines. The information consists of the databaseID as a
unique identifier, engine identifier (engineID), and the name of the database.

TABLE 5.2: Showing each database created on a suitable engine

database
ID

engine
ID name

0 0 RFI_catalog_data
1 0 RFI_schemas_data
2 1 RFI_postgres_data
3 2 RFI_dataset
4 3 RFI_scidb_data
5 4 RFI_accumulo_data

We have six databases and five engines, each identified by databaseID and
engineID, respectively. The RFI_catalog_data database is identified with databaseID
= 0 and engineID = 0 (Table 5.2). RFI_catalog_data is a database that contains
metadata, storing definitions of database objects such as tables, engines, systems,
and cluster information. The RFI_catalog_data stores small records that fit into
relational tables found in the PostgreSQL engine.

The RFI_schemas_data database is identified with databaseID = 1 and engineID
= 0 (Table 5.2). The RFI_schemas_data is a database that contains schematic
information for all data, including fields and the associated database. Similarly,
RFI_schemas_data stores small records that fit into relational tables found in
PostgreSQL. Therefore, RFI_catalog_data and RFI_schemas_data run on the same
storage engine.

The RFI_postgres_data database stores analytical and time-series data, such as
RFI occupancy data, including daily and weekly RFI occupancy statistics. This data
consists of numerical values with a few fields that fit into the relational tables of
PostgreSQL. RFI signal levels and time duration data on affected frequency channels
are stored in relational tables and computed daily, weekly, or monthly to establish
the RFI occupancy at the site. The database and engine are unique, with databaseID
= 2 and engineID = 1 (Table 5.2). This database is located in a separate container from
the RFI_catolog_data and the RFI_schemas_data to avoid performance overheads.

The RFI_dataset database, identified by databaseID = 3 and engineID = 2 (Table
5.2), is supported by Postgres. This is a database container reserved for bulk
loading RFI data into respective databases. It consists of data files in HDF5,
CSV, and JSON yet to be processed and loaded into different databases in the
cluster. It serves as the source database where loading scripts are prepared
to transfer data to other databases in different locations within the cluster (i.e.,
RFI_postgres_data, scidb_data, and RFI_accumulo_data). Similarly, we isolate it
from other databases to ensure that bulk loading and processing do not interfere
with other database operations. This approach significantly minimizes performance
overheads associated with a cluster running several applications concurrently.

The array database (RFI_scidb_data) identified by databaseID = 4 and engineID =
3 stores all RFI array data objects. Sequential data of RFI events, such as start and
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end frequency, measurement distance, signal strength or effective radiated power,
equivalent isotropically radiated power, MeerKATband, and polarization, are stored
in the RFI event array database. The database tracks the source of each RFI event
by transmitter identifier (transmitterID). A transmitter emits several RFI events at
different times and frequencies. Therefore, storing such data requires an array
database that facilitates the storage of several entries of multiple dimensions.

Lastly, the RFI_accumulo_data stores key-value RFI data of many types belonging
to transmitters, receivers, and permits including transmitter’s measurement data,
notes/comments from scientists, permit details such as expiry times, and location
details such as geographical coordinates. The database is identified by databaseID
= 5 and engineID= 4 (Table 5.2). The database is suitable for storing a record with
numerous fields a single unit representing a key and associated value, as opposed
to storing several columns in one table.

Table 5.3 presents information about all data objects in the RFI database. This
can be used to trace a specific data object, identify all its fields, and determine its
primary database. Each data object is identified by a unique identifier (objectID) and
its associated database. For example, the (rfi.transmitter) object includes the fields
that a transmitter holds. This information is crucial for queries fetching numerous
fields across different objects. Therefore, specifying the objectID will instruct the
query to index all associated databases for that specific data object.

TABLE 5.3: Showing each data object created in a specific database
location.

object
id objectName fields database

id

1 rfi.attribute attributeNo, attribute, dataType,
description, objectID 0

2 rfi.engine engineID, engineName,host,port,
connectionProperties 0

3 rfi.database databaseID, databaseName, engineID 0
4 rfi.object objectID, objectName, databaseID 0

5 rfi.receiver

receiverID, receiverName, nChannel, bitstream,
nAccs, adcType, spectrumBits, rfGain,
bandwidth, lowFreq, highFreq, location,
direction

5

6 rfi.transmitter

transmitterID, txType, category, txDescription, txNotes
bandcode, bandName MeerKATBand, bandstartFreq,
bandendFreq, bandNotes,
status, startFreq, centFreq, endFreq, bandwidth, latidute, longitude,
txlocation manufacturer, model, serialNumber, testFacility,
testDate, reportDate, reportURL, reportID,
reportComp, reportNotes,
testLatitude, testLongitude,
testLocation

5

7 rfi.permit

permitID, transmitterID rfiNotice, issueDate,
expiryDate, usage, permitType, deployDate,
contactName, contactOrganisation, contactEmail,
restrictionNo, restrictionLimited, rfiZoneMap,
restrictionUnlimited, useDayOrNight, useBeforeTime,
useAfterTime, permitNotes

5

8 rfi.event eventID, receiverID, transmitterID, eventStartFreq,
eventEndFreq, measDist, elevel, eirp, MeerKATBand, polarization 4

9 rfi.occupancy occupancyID, testNo, month, nights, evenings,
strong, moderate, weak 2

10 rfi.schemas objectID, objectName, fields, databaseID 1

Table 5.3 shows ten main objects created in the RFI database, including attribute,
engine, database, object, receiver, transmitter, permit, event, occupancy, and
schemas. Each has a unique identifier and a corresponding database. The table
indicates that each data object can be associated with exactly one database, but
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a database can contain multiple data objects. This is illustrated by attributes,
engine, database, and objects associated with the same database, RFI_catalog_data
(databaseID = 0). These objects consist of a few fields that fit well in relational tables.

The receiver, transmitter, and permit data objects are created in
RFI_accumulo_data (databaseID = 5). Notice that these objects consist of numerous
fields that do not fit well in a relational table format. A relational table with so many
columns is considered a large table, which affects data retrieval due to the longer
time taken to scan through all columns. For example, the transmitter consists of
embedded attributes belonging to its sub-objects: intentional, culprit, and unknown
transmitters. The RFI event data object is created in the RFI_scidb_data database,
identified by databaseID = 4. The events object consists of fields storing a sequence
of array RFI data measured in time and frequency dimensions. The RFI occupancy
and schemas data object consist of a few fields that fit well in relational tables.
The occupancy object associates with the RFI_postgres_data database identified by
databaseID = 2, whereas schemas are created in RFI_schemas_data (databaseID =
1). Refer to Table 5.4 for a detailed description of each field and its corresponding
object.

Table 5.4 shows all attributes, data types, descriptions, and their associated
objects. Each attribute in the RFI database is tracked by the attribute number,
indicating the object and store location within the cluster. For example, attributeNo,
attributeName, dataType, and description all belong to the attribute object (Table
5.3), for which the object can be further traced to the database (Table 5.2) it belongs,
and up to the engine (Table 5.1) running a specific database. In addition, the
association between attribute and object entities is indicated in such a way that
one object can have many attributes; however, an attribute belongs to one and only
one object. This is why attributeNo, attributeName, dataType, and description are
associated with the same object, rfi.attribute (objectID = 1).
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TABLE 5.4: Showing attributes and their associated data objects (refer
to Appendix F for full list of attributes)

attribute no. attribute data type description Object
id

1 attributeNo integer attribute catalog identification number 1
2 attributeName varchar(50) name of the attribute in a catalog 1
3 dataType varchar(50) attribute data type 1
4 description text attribute description 1
5 engineID integer db engine identification number 2
6 engineName varchar(50) db engine name 2
7 host varchar(50) hostname of the database 2
8 port integer port number at the host machine 2
9 connectionProperties varchar(100) connection details (engine version) 2
10 databaseID integer database identification number 3
11 databaseName varchar(50) database name 3
12 objectID integer data object identification number 4
13 objectName varchar(50) data object name 4
14 receiverID varchar(25) receiver identification number 5
15 receiverName varchar(50) receiver name 5
16 nChannel integer designated number of channels 5
17 bitstream varchar(50) nature of bits streams 5
18 nAccs integer Number of accumulations per spectra 5
19 adcType varchar(50) type of analog-to-digital converter (adc) 5
20 spectrumBits double number of spectrum bits per channel 5
21 rfGain double receiver antenna gain 5
22 bandwidth double receiver bandwidth (applies to transmitters) 5
23 lowFreq double receiver lowest frequency spectrum 5
24 highFreq double receiver highest frequency spectrum 5
25 rxlocation varchar(50) name of receiver location 5
26 rxdirection varchar(50) receiver direction 5
27 transmitterID varchar(25) transmitter identification number 6
28 txType varchar(50) type of transmitter 6
29 category text short transmitter description 6
30 txDescription text detail transmitter description 6
31 txNotes text comments or notes on a transmitter 6
32 status varchar(50) status of operation of a transmitter 6
33 startFreq double transmitter start spectrum frequency 6
34 centFreq double central spectrum frequency 6
35 endFreq double transmitter end frequency 6
36 bandcode Varchar(50) band code of a transmitter 6
37 bandname varchar(50) band name of a transmitter 6

Figure 5.1 shows the relational schemas used to create the structure of a relational
database that includes sample data illustrated in Tables 5.1, 5.2, 5.3, and 5.4, being
implemented in PSQL DBMS.
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FIGURE 5.1: Relational schema creation

The receiver, transmitter, and permit data are examples of key-value data objects
created using the Accumulo database system. These data objects are logically linked
by the RFI identification number, indexed as ’rfi001,’ which returns all key-value
data from each object associated with this particular key. Figure 5.2 illustrates the
schema creation of the key-value database. It consists of several inserts specifying
a unique key with all its associated data objects (columnFamily) along with their
attributes/fields (columnQualifier) and values. The key-value schema includes
sample data (receiver, transmitter, permit) associated with a single key, rfi001, being
implemented in Accumulo DBMS.
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FIGURE 5.2: Key-value schema creation. Refer to Appendix H to
see the insertion of all key-value schema associated with a single key

(rfi001)

The RFI event is an example of an array data object created using the SciDB
database system. The data consists of a sequence of events measured at specific
frequencies. A single data object is capable of storing over a million entries or
records. This is one of the benefits of arrays over relational tables [22]. Figure
5.3 shows the array schema used to create the structure of an array database that
includes sample data (rfievent) illustrated in Figure 5.4, being implemented in SciDB
DBMS.

FIGURE 5.3: Array schema creation.

Figure 5.4 illustrates a sample array of data for the RFI event object. The first
four events belong to the same transmitter, captured on a specific receiver (recv001),
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measured over a range of frequencies. If we store such data for hundreds of
transmitters, there is likely to be a high number of event entries.

FIGURE 5.4: Sample array database.

5.1.3 Implementation of alternative design

The alternative design is created using a single data model, i.e., the relational
model. We model key-value data, initially stored in Accumulo, into relational data.
Similarly, we transform array data originally stored in SciDB into relational data. As
a result, many data objects (Table 5.5) and relationships have been established, as
discussed in chapter 4.



Chapter 5. Implementation and Evaluation 62

TABLE 5.5: Illustrates each data object created using a single data
model (relational database)

Object
ID objectName fields database

ID

1 rfi.attribute attributeNo, attributeName, dataType,
description, objectID 0

2 rfi.engine engineID, engineName, host, port,
connectionProperties 0

3 rfi.database databaseID, databaseName, engineID 0
4 rfi.object objectID, objectName, databaseID 0

5 rfi.receiver
receiverID, receiverName, nChannel, bitstream,
nAccs, adcType, spectrumBits, rfGain, rxbandwidth,
lowFreq, highFreq

0

6 rfi.rxLocation rxLocationID, receiverID, rxLocationName, rxDirection 0

7 rfi.transmitter transmitterID, txType, category,
txDescription, txNotes 0

8 rfi.intentional
transmitterID, txType, category,
txDescription, txNotes, status, startFreq, centFreq,
endFreq, txbandwidth, txlatitude, txlongitude, txLocation

0

9 rfi.culprit transmitterID, txType, category,
txDescription, manufacturer, model, serialNumber 0

10 rfi.unknown transmitterID, txType, category,
txDescription, txNotes 0

11 rfi.testmeasurement
testNo, transmitterID, testFacility, testDate,
reportDate, reportURL, reportID,
reportComp, reportNotes

0

12 rfi.testLocation testLocationID, testNo, testLocationName,
testLongitude, testLatitude 0

13 rfi.permit permitID, transmitterID rfiNotice, issueDate,
expiryDate, usage, permitType, deployDate, permitNotes 0

14 rfi.contactperson personID permitID, contactName,
contactOrganisation, contactEmail 0

15 rfi.restriction
permitID, restrictionNo, restrictionLimited,
restrictionUnlimited, rfiZoneMap, useDayOrNight,
useBeforeTime, useAfterTime)

0

16 rfi.event
eventID, receiverID, transmitterID, eventStartFreq,
eventEndFreq, elevel, measDist, eirp,
MeerKATBand

0

17 rfi.occupancy occupancyID, testNo, month, nights,
evenings, strong, moderate, weak 0

18 rfi.schemas objectID, ObjectName, fields, databaseID 0

Table 5.5 illustrates all RFI data objects under a single data model (relational
model), which is implemented in the relational database RFI_catalog_data
(databaseID = 0). The implementation of the alternative model differs from that
in Table 5.3 in that it consists of more data objects. These additional objects are
purposely created to break down the numerous fields into manageable relational
tables while still maintaining a consistent relationship. These additional objects
include rxLocation, testLocation, contactPerson, and restriction. Additionally, the
culprit, intentional, and unknown objects must be created as single entities in the
relational database, despite inheriting from the transmitter.

Furthermore, we created each object with its attributes, along with their
respective data types. We specify various constraints for each attribute and
relationship: PRIMARY KEY – indicates an attribute as a unique identifier in a
specific entity. NOT NULL – specifies that the attribute cannot have a null value.
ON DELETE CASCADE – used on foreign keys to indicate an action when a record
is deleted from a parent’s table. For instance, ON DELETE CASCADE implies that
all related records in the child’s table should be deleted when a corresponding record
in a parent’s entity is deleted. This is done to maintain data consistency between the
two objects.

We provide the relational schema used in the creation of the alternative database
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model, which includes all RFI data objects under a single data model implemented
in PostgreSQL. Please refer to Appendix E for the full relational schema.

5.2 Experimental Design

The experiments ran in a setup typical of the RFI monitoring environment with core
applications: monitoring and detection, and data storage. The setup supports the
CRUD database operations, enabling both loading new RFI data during monitoring
and detection, as well as searches for detailed analyses of RFI. RFI data can be
updated or deleted from the database.

The database can be accessed locally or remotely through the RESTful API, using
the cURL (client URL) tool [195]. REST is a generic set of constraints (such as having
a client/server relationship, and providing a uniform interface) applied to resources
in a distributed system [196]. The cURL tool is a command-line tool and library
for transferring data using server URLs. cURL supports a wide range of these
protocols (e.g., FTP, HTTP, SCP, SSL, SMTP, and TELNET). We use cURL to execute
the CRUD operations using the HTTP protocol. Clients access the database through
an integrated API (Figure 5.5). cURL tool enables Clients to post data through the
URL onto the database server (192.168.0.117) on HTTP port 8080. The database uses
the information stored in the islands to direct the query to the respective engines.

FIGURE 5.5: Experimental setup of the integrated RFI database based
on the polystore implementation framework [130]. The parameters
measured are: (1) response time, (2) upload speed, (3) latency and (4)

download speed.

The database cluster consisted of three clients (PCs) and one host server. The
client PCs operated macOS 10.12, 16 GB of RAM, 1.8 GHz processing speed, and 500
GB of disk capacity. The host server operated on Ubuntu 20.04.3 LTS, 25 GB RAM,
2.2 GHz processor speed, and 11 TB disk capacity. The cluster provided an average
speed of 100 Mbps to and from the server. We tested the performance of both bulk
uploads and downloads.

Data is organized in CSV files to enable fast loading of bulk files into the database
systems. Recall, that we do not store RFI data in CSV due to its inability to quickly
index across multiple files, lack of support for structure-like queries, and poor
visualization. The rest parameters are response time, latency, upload speed, and
download speed (Figure 5.5 and Table 5.6). These include response time, latency,
upload speed, and download speed.

The query response time is the time taken for a query to return the results. The
upload speed is the average speed for uploading data, whereas the download speed
refers to the average speed of downloading data from the database. We measured
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TABLE 5.6: Test parameters for the database implementation.

Label Parameter Description
1 response time total time for the query to return results
2 upload speed average speed for a complete upload
3. latency time taken before the actual data transfer begins
4 download speed average speed for a complete download

upload and download speeds after completing upload and download operations.
We measured latency from the start of a query operation until the data transfer was
about to begin [195, 166]. It includes the connection time and processing time at the
database server.

5.2.1 Test Parameters

We measured key parameters of database performance: download speed (KB/s),
response time (seconds), and latency (seconds). We also measured the speed of
loading bulk data files into the RFI database and used cURL to execute these
measurements. Download speed refers to the average download speed that cURL
measures for the complete download or data transfer [197]. The download speed
determines the speed of downloading RFI data from the database server to the
clients. This speed is measured by instructing cURL to write out its parameter value
by specifying (’speed_download’) (see Figure 5.6).

Upload speed refers to the average upload speed that cURL measures for the
complete upload [197]. The upload speed determines the speed of uploading
RFI data from the clients to the database server and is measured by specifying
(’speed_upload’) in our cURL evaluation scripts (see Figure 5.6). Our speeds were
returned in bytes per second, which we computed as kilobytes per second. Possible
errors of these parameters included speeds recorded as either zero or extreme values
(skewed).

The query response time is the time taken for the query to return the results
(download) from the database. This parameter determines the time a query lasts
before it returns the results [197]. It is measured from the start until the client
has sent a FINISH (FIN) packet. FIN packets indicate that all the bytes have been
downloaded. The response time is measured by specifying (’time_total’) in the cURL
script (see Figure 5.6). The possible error of this parameter is that time_total still
returns a value even though the resource (URL) at the server is not specified.

Database latency is the delay before the data transfer begins (also pretransfer
time) [195]. This is measured from the start of the query operation until the data
transfer is about to begin. This time includes connection and processing time at
the server [166]. We specified (’time_pretransfer’) in our cURL statement to return
latency in seconds (see Figure 5.6) and measured database latency to determine
the ability of our model to handle real-time applications. A possible source of
error is when (’time_pretransfer’) is recorded as zero even though many bytes were
downloaded. This implies zero database latency, i.e., as the query arrives at the
database, the download becomes immediately available for transfer. This is unlikely,
as the database model will experience either processing time or other delays from
the cluster. Besides, there could be other delays that (’time_pretransfer’) excludes,
especially during the time that transfer is just about to begin. Lastly, we excluded
any test with possible errors from our analysis and instead repeated that specific
test.
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FIGURE 5.6: Sample evaluation query to return the data along
with the parameter values of download speed, pretransfer time and

response time.

Figure 5.6 is an evaluation query that returns the data and parameter values of
response time, download speed, and pretransfer time. Here, the cURL statement
projected only eventID, txt, startFreq, endFreq, and MeerKAT band from the events
array, of which the first 50 events are detected from a non-MeerKAT band. cURL
wrote out data (using –write-out or -w) in standard output (stdout) after a completed
POST transaction to the database server via http://192.168.0.117:8080/bigdawg/query.
The standard output from cURL is plain text containing the download and
parameter values that were sorted, using the grep command [198], and exported
to JupyterLab (python notebook) [199] for analysis.

To measure the loading or ingestion speed, we loaded a data file of size 1.2 MB.
We measured the duration (loading time) to load the data fully into each data store
(PSQL, Accumulo, and SciDB). Also, we computed the loading speed (measured in
MB/second) of each store. We loaded, deleted, and recreated the entire data object
for every fresh data loading to ensure no reuse of the existing schema. We repeated
this sequence for 15 intervals as we collected loading time in seconds. It is important
to note that each store has a unique loading technique. Thus it was necessary to test
how each store was affected and the database model overall.
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5.2.2 Query Design

TABLE 5.7: Showing the seven test queries (Q1 to Q7), their categories
and explanation.

Query
no. Category Query Explanation

Q1 Simple Return all RFI events in a given band
or time period

This seeks to understand the existing RFI in a
given frequency or at a particular
time frame at the site

Q2 Complex
For a particular RFI event detected,
show all culprit transmitters and
their related permit details

This tracks common culprits with permit details
such as permit validity, and permitted zones.
This is helpful when investigating whether
the permitted transmitter is adhering to
the restrictions.

Q3 Complex,
join

Return all RFI data objects together
with their associated attributes

The query seeks to understand the RFI metadata
by listing each object with all associated
attributes. This is crucial in keeping the
structure consistent while working in
multiple data stores.

Q4 Complex,
aggregate

Compute the number of events
detected in a given MeerKAT band

This determines the most frequently
affected MeerKAT band. This can be used
to generate frequency plots to guide astronomers
during observational measurements.

Q5 Complex Return all RFI events whose
transmission is unknown

The query assists astronomers to build
related information about the unknown RFI
to be cross-matched with the RFI database

Q6 Cross-island moves data from one store and
display it in another

this query enable astronomers to
view all types of data stored across
multiple stores

Q7 Cross-island joins data stored in two distinct
stores and display as one view

this query enable astronomers to
view RFI data along with metadata
in a single view

We tested seven queries, listed in Table 5.7. We categorize queries as simple,
complex, aggregate, and join. A simple query fetches data from a single store,
while a complex query fetches data from more than one store. An aggregate
query computes and returns a resultant value, while a join query consists of a join
transaction that coordinates related data from two or more data objects.

A standard API is set up on the docker containers to be accessed remotely
or locally. We tested the API’s ability to pick data from a native data model
(native-island) and across different models (cross-island). A native island of
information relates to a single data model, whereas a cross-island relates to several
data models (Section 3.4). Our design has three islands: relational, array, and
text-based.
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(A)

(B)

FIGURE 5.7: A) Native island, and B) Cross-island query

Figure 5.7 (A) is a native-island query that returns all transmitters and their
related permit details, such as issue and expiry date. Here, the text island is linked
directly to the Accumulo (text) store engine that scans the transmitter data object.
Related RFI data is arranged chronologically in columns using unique identifiers
(rfi001 and rfi004). The query returns all RFI data with keys between rfi001 and
rfi004 with their associated values. Also, it computes the total time to complete the
entire transaction.

Figure 5.7 (B) is a cross-island query that returns each transmitter along with
measurement details if the transmitter type is a culprit. The information is used in
assessing the test measurement carried out on each transmitter before it is issued
a permit and allowed on the site. The query will first filter measurement array
data from the culprit, then cast the results into a relational table showing the culprit
number, test number, start frequency, end frequency, and frequency band. Here, the
query utilizes two different islands (array and relational).

5.3 Test Environments

We test five test environments for our experiments: increasing data volumes,
multiple users, varying workloads, bulk uploads, and API environments (native and
third-party APIs). The test environments emulate a data-intensive environment at
the MeerKAT/SKA radio telescope during RFI monitoring. We examined the impact
of each environment on the RFI database model. We measure query response time
(seconds), upload and download speeds (KB/seconds), and latency (seconds) across
the three data stores: PostgreSQL (PSQL), SciDB, and Accumulo. Each query was
performed 15 times, and the median value recorded excluded outliers.

5.3.1 Increasing Data Records/Volumes

Data volumes are likely to double rather than increase linearly at the SKA/MeerKAT
radio telescope [4]. This test examines how an exponential increase in data records
or volume affects the performance of the RFI database model. The number of records
is doubled per experiment, starting from 200 records to 25600 records in each of the
three stores (PSQL, SciDB, and Accumulo). For each system, we initially loaded
200 records, followed by the individual queries retrieving all the 200 records in
each store, as we measured response time latency and speed. Subsequently, we
deleted the 200 records before doubling the loading to 400 and repeated this process
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incrementally up to 25,600 records. We achieve the doubling using test data from a
data tool [200].

Our upload queries differed in sizes per store: SciDB (33 bytes), PSQL (65 bytes),
and Accumulo (118 bytes). Similarly, the data records stored in each data store differ
in size: 25600 records in SciDB amounted to 1.7 MB (average 66 bytes per record);
in PSQL they amounted to 1.5 MB (58 bytes per record), and in Accumulo to 1 MB
(39 bytes per record). The data records in Accumulo were small due to the key-value
structure (i.e., a unique key and a value that consisted of a few bytes), whereas SciDB
and PSQL have a tabular structure. Data records greater than 25600 in a single query
affect the system, particularly the PQSL and Accumulo data stores, thus returning
no results. Therefore, we considered a maximum of 25600 records in a single query
transaction to avoid several timeouts with no results.

5.3.2 Multi-user Environment

The multi-user tests emulate several concurrent users accessing the RFI database
simultaneously. The initial test served as a baseline with a single user operating on
one of the three client PCs, ensuring that no other active users accessed the database
concurrently. In the second test, we considered a total of three concurrent users, with
one user utilizing each of the three PCs. The third test involved six concurrent users,
with two users actively accessing the database on each client PC. The fourth test
involved twelve concurrent users, four on each client PC. In the fifth test, we tested a
total of eighteen, with six at each client PC. The sixth test had twenty-four concurrent
users, eight users to each client PC. The seventh test involved thirty concurrent users,
ten on each client PC. Lastly, in the eighth test, we considered a total of thirty-six
concurrent users, with twelve on each client PC.

We implemented an increase in the user load to simulate the typical growth rate
observed in most organizations [4]. We adjusted the number of concurrent user
requests in our executing script (see Appendix I) that we ran on each client PC.
Recall, that our setup consists of three client PCs and one database server (Section
5.2).

Each user requested 1 MB in data queries. Our work focused on bulk queries,
typical of our monitoring environment use case. At maximum, there were 36 users
(36 MB of data) in a single session. This number is sufficient for testing the database
model as it would support 36 concurrent monitoring devices at a specific time. We
examine the impact per user within the database cluster to provide performance
estimates of response time, latency, download, and upload speed for more than 36
users.

5.3.3 Varying workloads

Varying workload is typical of the SKA environment with different user needs. For
instance, the catalog database that stores the RFI metadata requires frequent Reads
but fewer Updates. Each user must read the metadata to enable easy use of the other
data stores in the cluster. We define database workloads that consist of different
proportions of Inserts, Reads, and Updates. We investigate how the database
responds to a combination of query operations. This test is motivated by the YCSB
benchmarking standard recommended for evaluating large and scalable systems
[201, 157]. The standard considers a mix of two database operations categorized
as varying workloads (see Table 5.8).
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TABLE 5.8: YCSB workloads under consideration

Workload A 50% Reads 50% Updates
Workload B 95% Reads 5% Updates
Workload C 100% Reads 0% Updates
Workload D 95% Reads 5% Inserts

We defined four workloads: Workload A - 50% Reads and 50% Updates;
Workload B - 95% Reads and 5% Updates; Workload C - 100% Reads Only; and
Workload D - 95% Reads and 5% Inserts. In Workload A, we measure the impact of
reading 50% and updating 50% of the data records in each data store. Workload D
examines the impact of 95% Reads and 5% insertions of new data records into the
database. Workload C was the reference Workload used to evaluate Workloads A,
B, and D [162, 160].

Workload A Query targeting PSQL will retrieve or read 50% of the total
amount of metadata stored in PSQL, while the other 50% is updated. Workload
B Query targeting PSQL will retrieve/read 95% of the metadata, while the other
5% is updated. Workload C Query targeting PSQL will retrieve/read 100% of the
metadata with no other database operation running concurrently. Workload D
Query targeting PSQL will retrieve/read 95% of the metadata with 5% metadata
being inserted. The same workload specification is applied for Accumulo and SciDB,
targeting key-value data and array data, respectively, as we measure response time,
latency, upload, and download speed. In varying workloads, download speed, for
example, for Workload A Queries, refers to the speed it takes to retrieve 50% and
update 50% of the data in either PSQL, Accumulo, or SciDB. Meanwhile, upload
speed is the speed at which Workload A requests are sent to the server.

This work does not focus on Workload E (Short ranges) and F (Read-Modify)
on the YSCB benchmark. Workload E does not represent bulk queries on which
this work focuses. Workload F is not supported across the three data stores of the
RFI database model. These workloads under study represent the frequency of user
needs at the MeerKAT/SKA radio telescope. We focused on several Reads (>95%)
and Updates (> 50%) as they are recommended for evaluating scalable databases
[104].

5.3.4 Bulk uploads

This environment measures bulk ingestion of the database – loading bulk RFI data
files into appropriate data stores. Bulk loading is a common way to enter large data
files into a database. For a data file of size 1.2 MB for each data store (PSQL, SciDB,
and Accumulo), we measured the loading average speed and loading time (time
taken to complete the loading of a specific data file). We format data in CSV format
and write scripts to load the data files into respective data stores as we measure
speed and time. This measurement is essential for the RFI monitoring environment,
which requires the fast loading of bulk datasets into the database. Moreover, it is
one of the key requirements for new and scalable databases [104].

5.3.5 API Environment

External users, such as collaborators from regions other than SKA/MeerKAT, will
communicate with the database via web applications (third-party) rather than the
native API. APIs are essential, specifically in distributed environments (such as the
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SKA international project), to map and access quickly data from appropriate data
stores [152].

The API environment tests the native API against a third-party API, Insomnia
[202]. The native API is inherent to the framework, and the third-party API
is an application that runs on top of the RFI database. Insomnia is a REST
(Representational State Transfer) API that uses HTTP methods to access web
resources using URL-encoded parameters. Insomnia is open-source, with low
response times. Also, it organizes better workflows than the more popular APIs,
such as Postman [203]. Moreover, Insomnia supports a wide range of API protocols,
the cURL (client URL) tool inclusive, which is integral to the polystore design and
plugs in well with the framework to minimize overheads.

In this test, we investigated how this database API impacts the performance of
the RFI database. We ran a similar query in a native API and a third-party API
(Insomnia) at specific times as we measured response time. Each API fetched the
same data from the three data stores using the four classes of queries: simple,
complex, aggregate, and join.

5.3.6 Single Database Environment (Relational)

In this test environment, we model all RFI data to fit within a single data model. The
purpose is to evaluate the impact of storing RFI data in different formats within
a unified data model, specifically the relational model. We opt for testing the
traditional relational model, which has a proven track record spanning over five
decades and has demonstrated superior performance compared to newer models,
such as key-value and array data models, in certain environments [102, 104].
Consequently, we structure key values and multidimensional arrays as relational
tables implemented in a relational database system (PSQL). We ensure that the
database environment accommodates all diverse RFI data while increasing the
number of concurrent users from 1 to 36. Each user requests bulk queries to retrieve
approximately 1 MB of data from the database as we measure response time and
latency. The objective is to examine the impact of RFI key-value data and array data
on a relational database to determine whether it is suitable to retain RFI data in its
native data structures that dictate the storage.

5.3.7 Cross-island Environment

This test environment assesses the impact of transferring 1 MB of data between
various storage systems within the cluster. The primary objective is to evaluate
how these cross-storage queries affect the RFI database model. Four types of data
transfers are considered: PSQLToAccumulo, AccumuloToPSQL, PSQLToSciDB, and
SciDBToPSQL.

The PSQLToAccumulo query involves retrieving 1 MB of RFI data from PSQL
and transferring it to Accumulo. Conversely, the AccumuloToPSQL query transfers
the same amount of data from Accumulo to PSQL. Similarly, the PSQLToSciDB
query is configured to move 1 MB of RFI data from PSQL to SciDB, while
the SciDBToPSQL query transfers 1 MB of data from SciDB to PSQL. These
queries empower scientists with the capability to seamlessly transfer data across
different storage systems within the database cluster. This, not only accelerates
scientific analysis but also facilitates a comprehensive understanding of the complex
phenomena under investigation. Therefore, it is essential to evaluate the impact of
moving bulk data across different storage settings on the overall database model.
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In addition, we model a cross-island join query to retrieve data from two distinct
stores. We write a procedural program whose output includes results from both
PSQL and SciDB queries, based on a common attribute (see Appendix C.7). We
consider ’SciDB_with_metadata’ to indicate a query that returns 1 MB of array data
in SciDB and metadata in PSQL, while ’SciDB_without_metadata’ indicates a query
that returns the same array data while excluding the metadata.

The program’s model involves the ’SciDB_with_metadata’ query issuing two
commands in a procedural approach. The first task entails executing an array
query, followed by checking if the returned attributes exist in the metadata stored
in the PSQL store. If a match is found, we output the metadata associated
with each attribute included in the array data, along with the array data (see
Appendix C.7 for sample output), as we measure execution time in seconds. The
existence of attributes in both stores is a key factor in linking the data from the
two stores. Therefore, we evaluate the performance of the ’SciDB_with_metadata’
query against ’SciDB_without_metadata’ in a multi-user environment. This test
is crucial for scientists who often work with complex phenomena that require the
rapid definition/description of several attributes and parameters involved in their
complex datasets. Similarly, this approach can serve as the initial stage in developing
more efficient query processing schemes for join queries in polystore environments,
which are still a challenge [131].
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Chapter 6

Results and Discussion

In this chapter, we measure the performance of the RFI database model in a range
of test environments, including increasing data volumes, multiple users accessing
the data concurrently, varying workloads, bulk loading, and API environments.
The RFI database model consists of three data stores: PSQL, SciDB, and Accumulo.
Each stores distinct RFI data. Response time is a key performance indicator, as are
the speed and latency of individual data stores within the cluster. Recall that the
acceptable maximum latency without interruption is one second, while there are
as yet no standard performance estimates for upload speed, download speed, and
response time for new and scalable databases.

6.1 Impact of Data Volumes

FIGURE 6.1: The impact of an increase in the number of records on the
database model: (a) response time, (b) latency, (c) download speed,
and (d) upload speed are shown for each data store. Data for each

graph is in Appendix D.1.
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Figure 6.1(a) plots the median response time with increasing records (doubling
from 200 to 25600). For all three stores, this shows an increase in response time
as the number of records doubles, as expected. However, the increase in response
time for PSQL is much lower than for Accumulo and SciDB: an increase in records
has a lower impact on PSQL’s response time as compared to Accumulo and SciDB.
PSQL queries are faster to connect to a database, thus a shorter response time, while
Accumulo and SciDB queries depend on several applications within the cluster.
This is in line with previous studies that indicated that PSQL databases have better
response times [103, 104, 102].

For up to 6400 records, SciDB has a longer response time, followed by Accumulo
and PSQL. Above 6400 records, Accumulo response times increase to about 10
seconds compared to SciDB (8 seconds) and PSQL (under 2 seconds). The sudden
rise in response times in Accumulo between 5000 and 15000 records possibly is due
to background activities that run in the Accumulo cluster, which may impact the
performance of Accumulo [121]. Accumulo and SciDB aim to make data available
all the time (high availability) [22, 106]. This is achieved by storing data in multiple
stores.

For quick data retrievals from distributed locations, indexes are created in each
location, but the use of several indexes affects the response time [204]. For large
numbers of records (>12800), Accumulo’s response time is greater than SciDB’s.
Accumulo takes a longer time to scan through each key and its associated data
compared to SciDB, which maps a single key to a block of data [117]. While
Accumulo’s and SciDB’s response times are impacted by increasing data volumes,
these stores are optimized for data availability, even during a node failure or
interruption in the query transaction. The largest portion (about 80%) of RFI data
fits into Accumulo and SciDB Stores, whereas 20% of the RFI data (mostly metadata)
is in PSQL.

Our measured response times are in line with previous studies that suggested
response times of 4 to 20 seconds for returning 10000 to 100000 records [163, 164].
For large numbers of records, Accumulo and SciDB queries would affect the overall
response time of the database. Therefore, as the number of records increases, we
recommend extending the database setup with additional hardware.

Figure 6.1(b) plots latency with increasing data records. Accumulo has the
highest latency, while PSQL has the lowest. For low numbers of records, there are
fluctuations in latency for all stores, while for large numbers of records, latency
remains approximately constant, as expected [205, 157]. Latency is less than
0.007 seconds, well below the acceptable maximum of one second [168, 157, 185].
Fluctuations in latency across all stores are small, and this should not impact the
overall database performance.

Figure 6.1(c) shows download speed with increasing data records. Note that
data records differ in size in each store (see Section 5.3.1). PSQL’s download
speeds are higher than SciDB’s and Accumulo’s: the minimum download speed
in PSQL is roughly the maximum in Accumulo (approx. 200 KB/sec). PSQL’s
download speed increases from approximately 200 to 600 KB/sec for fewer than
1600 records and to between 600 and 800 KB/sec for > 1600 records, as the number of
records increases. Accumulo and SciDB’s download speeds increase more gradually
and remain reasonably stable for large numbers of records (> 6400). Fluctuations
in download speeds are due to congestion caused by high numbers of records
transmitted in a short time. This is why at 600 KB/sec PSQL’s download speeds
begin to fluctuate more than SciDB’s and Accumulo’s at 200 KB/sec. There is
a possibility that with large numbers of records (> 25600), PSQL fluctuations in
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download speeds may increase more than SciDB and Accumulo. However, PSQL
has the highest download speeds. The higher the download speed the better the
store performs. PSQL download speeds, therefore, are better, specifically in small
numbers of records (< 1600) than Accumulo’s and SciDB’s [103, 104]. Previous
work has shown SciDB and Accumulo to provide a steady performance with large
numbers of records rather than fast downloads [103, 21]. The fast download speeds
in PSQL for a small number of data records will benefit SKA scientists during
frequent requests for the RFI metadata. Meanwhile, SciDB’s and Accumulo’s ability
to store large data records will be of advantage when handling large astronomical
surveys.

Figure 6.1(d) shows query upload speed with increasing records, as expected.
The SciDB upload query is 33 bytes compared to PSQL’s 65 bytes, and Accumulo’s
118 bytes (Section 5.3.1). This is a decreasing trend in the upload speed for all stores
as the number of records increases.

The percentage drop in upload speed over the number of records tested for
Accumulo is 84%, followed by 15% for PSQL and then 1% for SciDB. Accumulo’s
and PSQL’s upload speeds are more affected by increasing records despite having
higher upload speeds than SciDB whose query upload speed stays relatively low
and consistent. SciDB’s queries are slow to upload, but not affected by an increase
in data records. For large numbers of records (> 20000), the upload speed for all
stores remains low at 0.05 KB/sec. Low upload speeds across the stores may lead
to ’no download’ at all – zero bytes downloaded and no data being returned. This
is possibly due to slow query connections to the database server resulting in long
delays caused by large requests [132]. This, consequently exacerbates the overall
response time of the database.

Previous studies have indicated that small numbers of requests are faster to
upload than bulk requests [206]. We expect the upload speed of the queries to drop
as the number of records increases (see Appendix D.1 (d)). Our model, therefore,
is affected by bulk requests but shows a great performance for small requests.
More powerful servers are recommended to improve the response speed of bulk
queries. Meanwhile, fast query uploads would benefit the MeerKAT/SKA during
RFI monitoring, research, and planning future discoveries.

6.2 Impact of Multiple Users

We investigated how an increase in users affects the performance of the database
model. We considered a maximum of 36 concurrent users, each downloading about
1 MB of data (Figure 6.2).

Figure 6.2(a) graphs the median response time with users from 1 to 36. We
observe a linear increase in response time for SciDB and Accumulo, but PSQL shows
a response time that is constant at approximately 3 seconds from 12 users onwards.
SciDB has the highest response time (4 to 12 seconds), followed by Accumulo ( 1
to 8 seconds), and 1 to 3 seconds for PSQL. The lower the response time as the
number of users increases, the better the store performance. PSQL’s response times
perform well, particularly for more than 12 users, irrespective of the number of users
being added to the system. SciDB’s and Accumulo’s performance are impacted as
their response time continues to increase with increasing numbers of users. SciDB
and Accumulo lack proper indexing, moreover, their data is stored in different
locations within their cluster, thus taking a long time for queries from several users
to resolve the location of data. Therefore, as the number of users increases, the
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FIGURE 6.2: Impact of multiple users on the RFI database model: (a)
response time, (b) latency, (c) download speed, and (d) upload speed
are shown for each data store. Data for each graph is in Appendix

D.2).

SciDB and Accumulo’s response times are expected to increase the overall response
time. Additional servers to the cluster would handle the increasing number of users
without exacerbating the overall performance.

Figure 6.2(b) shows latency (time) with increasing numbers of users. For PSQL
and Accumulo stores, latency increases from 0.03 to 0.07 seconds for 1 to 6 users,
and from 0.02 to 0.05 seconds for SciDB. The spike in latency at <= 6 users is due
to additional users per store (PSQL, SciDB, and Accumulo), accessing the database
concurrently. An extra user introduces an additional processing time on the server.
However, beyond 6 users, each database model reuses frequently requested data
or existing patterns stored in a buffer of each data store. The patterns reduce the
overall latency because the database does not require to access the disk each time the
database request is initiated. This is why latency for all stores drops and afterward
stays at around 0.02 seconds. Previous studies by Jing et al., [207] have indicated that
scalable databases store existing data patterns in memory to reduce the latency and
thus improve overall database response time. Despite the increase in latency due to
multiple users, our figures are still low and lie well within the generally acceptable
latency limits (< 1 second) [157, 205]. Above all, SciDB has the lowest latency among
the three stores.

Figure 6.2 (c) shows download speed with increasing numbers of users. The
larger the decline in download speed, the greater the impact the number of users
has on the database. A steady download speed indicates a less significant impact on
the database performance. SciDB has the lowest overall download speed, from 200
KB/sec dropping to 150 KB/sec. An important observation is that each store has



Chapter 6. Results and Discussion 76

its highest download speed when accessed by a single user.
PSQL flattens off at around 400 KB/sec, the highest across all numbers of

users tested. Interestingly, Accumulo’s download speeds continue to decline with
increasing numbers of users. PSQL provides better download performance for
large numbers of users. Accumulo’s poor download performance could be due
to the several applications that run the Accumulo cluster in that an additional
user to the cluster would slow down the download speed, as Accumulo needs to
coordinate various background activities for each user [121]. Therefore, downloads
consisting of SciDB and Accumulo data impact on overall download performance
of the database. However, this can be improved upon by deploying the database
model on a high-speed network.

Figure 6.2(d) shows query upload speeds with increasing numbers of users.
Upload speed decreases with increasing numbers of users for Accumulo and PSQL.
PSQL’s upload speed levels to 0.015 KB/seconds, and Accumulo’s continues to
decrease with an increase in the number of users. SciDB’s upload speeds remain
relatively flat and, the lowest (< 0.01 KB/seconds) across all numbers of users
tested.

The percentage drop in query upload speed as the number of users increases
is highest for Accumulo (70%), followed by PSQL (25%) and then SciDB (5%).
Accumulo and PSQL queries are more impacted by high numbers of users than
SciDB, despite having higher speeds. Unfortunately, based on this graph, for large
numbers of users, the upload speed of the model is likely to drop drastically to ’no
upload’ or zero uploads. This is expected for all data stores as multiple connections
create delays in the database. However, very slow uploads affect latency, which
consequently exacerbates the overall response time of the database model.

6.3 Impact of Varying Workloads

Figure 6.3(a) shows the median response time with varying workloads (A, B, C, and
D) for each datastore. Note that workload C (100% Only Reads) represents our
reference Workload; Workload A runs 50% Reads and 50% Updates; Workload B
runs 95% Reads and 5% Updates; Workload D runs 95% Reads and 5% Inserts (see
Section 5.3.3).

Across all the stores, Workload D has the fastest response time, followed
closely by Workload B. This implies that Insert operations take longer than Update
operations for all stores. Note that the Update operations in Accumulo are Insert
operations that overwrite existing data [117, 205], which is why, for Accumulo,
these two operations show equivalent response times. Further, the response time for
Workload C is longer than that for Workload A for all stores, except for Accumulo,
whose response time for Workload A and C is equivalent. It takes less response time
to read and update half the workload in A than reading the entire Workload C. Our
model’s response time is more affected by Workload D, followed by Workload B
and Workload A. The model performs better with frequent Reads and Updates than
with Insert operations. Frequent Reads and Updates in scalable databases create
patterns of existing data stored in memory to speed up access rather than to access
data stored on the disk. Database Inserts, on the other hand, consist of new entries
yet to be stored in the database, thus difficult to create data patterns [162, 161]. At
the SKA telescope, Most RFI applications, such as RFI cross-matching, monitoring,
and generating statistics, require frequent Reads with a few Updates and Inserts.
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FIGURE 6.3: Impact of varying workloads on the database model.
Workload A (Reads: 50%, Updates: 50%); Workload B: (Reads: 95%,
Updates: 5%); Workload C: (Reads: 100%); and Workload D (Reads:

95%, Inserts: 5%). Data for each graph is in Appendix D.3.

Figure 6.3(b) shows the latency of workloads A, B, C, and D in each datastore. For
PSQL and Accumulo, Workloads A, B, and D have a higher latency than Workload
C, while for SciDB, the latency of Workload C is higher than that of Workload A. The
latency across the three stores varies from 0.01 to 0.14 seconds across the workloads.
Workload A has the highest latency in PSQL and Accumulo but the lowest in SciDB
where the highest latency is for Workload D. Workload C has the lowest latency in
PSQL and Accumulo. We expect the latency per workload to vary from one store to
another. However, it should not exceed one second (i.e., the acceptable maximum
latency) [168, 157]. Our model shows that the maximum latency recorded from all
the experiments is 0.14 seconds, which meets the acceptable latency standards of the
scalable databases.

Figure 6.3(c) shows download speeds for each workload in each store. Workload
C has the fastest download speed compared to Workloads A, B, and D. Workloads
with Read operations only are faster to download than Read workloads in
combination with Inserts or Updates. This is in line with previous studies [161,
162] that have shown better performance for Workload C as they run without
interruption from competing Update or Insert operations found in the other
workloads. Further, Workload B’s download speed is higher than Workloads A and
D for PSQL and SciDB but is quite similar to A and D for Accumulo. Recall here
that Accumulo Inserts and Updates are very similar operations and so will have
very similar speeds as shown in Workload A and D. PSQL has the fastest download
speeds for all the Workloads across the board because of the store ability to index
data stored in one location quickly.

Overall, our model’s download speeds are best for Workloads B and C. In other
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words, more effective on frequent Reads and Updates than Insert operations. Inserts
impact the model more than Updates due to the lack of existing data or query
patterns from Insert operations. Reads and Updates data patterns are stored in
memory for faster retrievals to avoid access to the disk most of the time [162, 161]. In
addition, Inserts in scalable databases use distributed partitions/blocks that require
more time to replicate data on other blocks. In contrast, Reads and Updates use
index/keys to locate the block of data to read or update quickly [113]. Several Inserts
are likely to affect the download speed of the database. However, these could be
handled better by loading CSV, JSON, or HDF5 data files into the database.

Figure 6.3(d) shows the query upload speed of the various workloads for each
data store. For PSQL and SciDB, Workload D has the lowest upload speeds
compared to Workloads A, B, and C. For Accumulo, the upload speed of Workload
D is slightly higher than Workload B. Recall Updates and Inserts are equivalent,
thus the small difference in Workload D and B. The upload speed of Workload C is
highest for Accumulo and SciDB, followed by Workload A, and B. PSQL’s upload
speeds in Workloads A and B are higher than in Workload C. Recall that Workload
C consists of Read operations only. PSQL is not impacted by competing Updates
but affected by Inserts. On the other hand, Updates and Inserts impact the upload
speeds in SciDB and Accumulo. Overall, the model’s query upload speeds are best
for queries with Reads operations only but are impacted by competing Update and
Insert operations.

6.4 Response Time and Latency Distribution

The distribution of response time and latency enables performance estimates for our
model. Figure 6.4 consists of histograms illustrating the distribution of response
time in each store across a total of 36 concurrent users. Each histogram presents the
frequency count as a percentage against the response time recorded by the users.

Figure 6.4(A) shows the distribution of response times for PSQL. The response
time ranges from 2 to 6 seconds, SciDB 5 to 15 seconds (Figure 6.4)(B), and Accumulo
3 to 12 seconds (Figure 6.4)(C). PSQL has a narrow distribution in response times,
while SciDB and Accumulo show wide distributions. The distribution in PSQL
response times appears to be positively skewed, as the frequencies decline away
from the peak. This implies that smaller values are more common than larger
values in our dataset. On the other hand, the distribution in SciDB and Accumulo’s
response times appears to be right-skewed, indicating that the majority of values are
found on the left-hand side of the peak.
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(A)

(B)

(C)

FIGURE 6.4: The distribution of response time for multiple users
across three stores: A) PSQL, B) SciDB, and C) Accumulo.

For PSQL, the average response time is 3.06, and the median is 2.955 seconds.
The most frequently occurring response times for users in PSQL lie within the 2 to
3 seconds range (modal class), representing 53% of the users. SciDB’s average is
8.41 seconds, and the median is 7.89 seconds, with a modal class of 6 to 7 seconds
representing 33% of the users. Meanwhile, Accumulo’s average is 6.53 seconds, and
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the median is 5.76 seconds, with a modal class of 5 to 6 seconds representing 39% of
the users.

In all stores, the average and median are observed to fall either within or near
the modal class, suggesting the majority of the values are near or within these modal
classes. For instance, 86% of users in PSQL experience response times within 2 and
4 seconds, and in SciDB, 53% of users encounter times between 6 and 8 seconds,
while in Accumulo, a similar 53% experience times within 4 and 6 seconds. These
percentages enable us to model response time estimates for users in each store.

Therefore, our model predicts that the highest number of users in PSQL will
experience response times between 2 and 4 seconds, in SciDB between 6 and 8
seconds, and in Accumulo between 4 and 6 seconds. These estimates serve as
performance benchmarks for our model and for evaluating the efficiency of new
and scalable databases.

Figure 6.5(A) shows the PSQL’s distribution of latency. The distribution range in
PSQL is 0.09 seconds, 0.11 seconds for SciDB (6.5(B)), and 0.13 seconds for Accumulo
(6.5(C)). The distribution of latency in all stores seems to be right-skewed, as the
frequencies decrease away from the peak. It is evident in all figures that there are
few occurrences of larger response times (> 0.04 seconds), while the majority of the
values appear under 0.04 seconds.
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FIGURE 6.5: The distribution of latency for multiple users across three
stores: A) PSQL, B) SciDB, and C) Accumulo.

All the stores have the same modal class (between 0 and 0.01 seconds). This
means about 40% of users in each store experience latency under 0.01 seconds.
Meanwhile, about 85% of users have a latency of fewer than 0.04 seconds, and
about 15% of users experience latency greater than 0.04 seconds. High latency can
be a result of poor database connections and server interruptions from concurrent
users. This is expected in a multi-user environment (such as the MeerKAT/SKA
radio telescope), where many users with varying data needs connect to the database
concurrently. Fortunately, our latency values across all experiments lie well within
the acceptable maximum limit (less than 1 second). Our model, therefore, ensures a
user of low latency, irrespective of their data needs.
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6.5 Download and Upload Speed Distribution

Figure 6.6a(A) shows the PSQL’s distribution of download speeds. The download
speed distribution in PSQL ranges from 200 to 550 (range = 350) KB/sec, SciDB’s
range 150 KB/sec (Figure 6.6b)(B), and 250 KB/sec for Accumulo (Figure 6.6c)(C).
PSQL and Accumulo have a wider distribution compared to SciDB.

(A)

(B)

(C)

FIGURE 6.6: The distribution of download speed for multiple users
across three stores: A) PSQL, B) SciDB, and C) Accumulo.

For PSQL, the average download speed is 397 KB/sec, and the median is 393
KB/sec. Accumulo’s average is 164 KB/seconds, and the median is 168 KB/seconds,
while SciDB’s average is 126 KB/seconds, and the median is 127 KB/seconds.
PSQL’s modal class is (450 - 500 KB/sec) accounting for 25% of the users, SciDB’s is
(100 - 150 KB/sec) with 50%, and Accumulo’s is (150 - 200 KB/sec) for 47% of users.
This suggests that SciDB has the highest number of users with similar download
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speeds, followed by Accumulo, and then PSQL, despite PSQL having the fastest
speeds.

The majority of the data in SciDB appears in a narrow range of 100-200 KB/sec,
representing 81% of the users, compared to PSQL and Accumulo. Specifically,
PSQL’s range is 250-500 KB/sec, representing 89% of users, and SciDB’s range is
50-250 KB/sec, representing 97% of users. These estimates provide performance
benchmarks for estimating query download speed for bulk users requesting about
1 MB from the database. Additionally, previous studies do not show performance
standards for download speeds in new and scalable databases [102, 160, 162].

Figure 6.7a(A) shows the distribution of query upload speeds for PSQL. The
query upload speeds in PSQL range from 0.0075 to 0.020 KB/sec, in SciDB from
0.0025 to 0.010 KB/sec (Figure 6.7b)(B), and in Accumulo from 0.010 to 0.0325
KB/sec (Figure 6.7c)(C). This implies that SciDB has a narrow distribution in upload
speeds, while SciDB and Accumulo show wide distributions.
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FIGURE 6.7: The distribution of upload speed for multiple users
across three stores: A) PSQL, B) SciDB, and C) Accumulo.

For PSQL, the average upload speed is 0.0145 KB/sec, and the median is 0.014
KB/sec. SciDB’s average is 0.00375 KB/second, and the median is 0.004 KB/second,
while Accumulo’s average is 0.0195 KB/second, and the median is 0.02 KB/second.
PSQL’s modal class is (0.0125 - 0.015 KB/sec), accounting for 36% of the users;
SciDB’s is (0.005 - 0.0075 KB/sec) with 58%; and Accumulo’s is (0.020 - 0.0225
KB/sec) for 26% of users. This suggests that SciDB has the highest number of users
with similar download speeds, followed by PSQL, and then Accumulo. Note that
PSQL and Accumulo have a higher percentage of users with speeds greater than
0.010 KB/sec than SciDB, which has all users concentrated below 0.010 KB/sec.

As observed in the histograms, Accumulo has overall faster upload speeds with
a wider range than PSQL and SciDB. Accumulo transmits more bytes per second,
followed by PSQL and SciDB. Note the upload query sizes in Accumulo (118 bytes),
PSQL (65 bytes), and SciDB (33 bytes). Approximately 94% of users in PSQL have
similar upload speeds between 0.010 and 0.020 KB/sec. In contrast, 89% of SciDB’s
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users experience speeds between 0.005 and 0.010 KB/sec, whereas 83% of users in
Accumulo encounter speeds between 0.010 and 0.025 KB/sec. These results show
that the highest number of users have upload speeds between 0.005 and 0.025
KB/sec, which is adequate considering the small-sized (< 118 bytes) upload query
requests retrieving about 1 MB of data. In reality, upload queries from a good
database are expected to consist of as few chunks of data as possible to enable faster
execution of the upload queries/requests [103, 140]

6.6 Bulk Uploads

Loading bulk data files into the database had a median loading time of 324.30
seconds for 1.2 MB of RFI data into Accumulo over a set of 15 uploads. The
data file loaded into PSQL and SciDB has much shorter loading times: PSQL 0.16
seconds and SciDB 0.12 seconds. SciDB had the fastest loading speed of about 10
MB/sec, followed by PSQL with 7.5 MB/sec, and Accumulo with the slowest at
0.004 MB/sec. Key-value data (in Accumulo) takes more time to be loaded into the
database than relational (PSQL) and array data (SciDB). PSQL and SciDB use CSV
files to support bulk loading into respective data structures. In contrast, Accumulo
is less optimized for bulk loading, as inserting a record requires rewriting all the
column/table files, thus, Writes are not effective in Accumulo [113, 117].

Moreover, Accumulo uses the conventional ETL (extract, transform, and load)
techniques, which involve extracting raw data, formatting in sorted key-value pairs,
and loading into a target destination. This technique is less suited for loading bulk
data. Studies at MIT [121] have used SuperCloud computing facilities to support
the bulk loading in Accumulo. Our model takes much longer to load key-value
data into the Accumulo than relational and array data stored in PSQL and SciDB
stores, respectively. Overall, it is fast to load bulk RFI data, particularly relational
and array data using loading techniques in CSV, JSON, and HDF5 files rather than
several Insert operations.

6.7 Database APIs

Figure 6.8 shows the response time of the native API against a third-party API
(Insomnia RESTful) with low response times (between 0.1 and 1 second) [202].

The response times are very similar in both APIs for different queries. However,
the third-party API has slightly higher average response times than the native
database API. There is an insignificant increase of 5% in response time for the
third-party API for all queries, except the aggregate query where the native and
the third-party APIs have the same times. For a simple query, the native API takes
0.57 seconds, while the third-party API takes 0.61 seconds to retrieve the same data
from the database. A native API is expected to perform slightly better as it resides
in the database cluster, unlike a third-party API.

The response times for Join queries are much higher than simple, aggregate,
and complex queries. Joins incur a longer response time to execute, for our model
that stores data in multiple nodes/locations [194, 117]. However, there is a small
difference (1.34 to 1.41 seconds) between the native and third-party API response
times under Join queries. The aggregate queries have the same response times of
0.59 seconds for both native and third-party APIs. An equivalent performance in the
APIs implies that there is no significant impact associated with an aggregate query
in both APIs. Aggregate queries involve computing a single resultant value from
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FIGURE 6.8: Showing response time of native vs. third-party API
(Insomnia) connected to the RFI database.

aggregate functions such as MAX(), and AVG() [204, 194, 184]. Therefore, returning
such a single value from two APIs would not impact the response time. This is why
our results indicate similar performance for both APIs.

Overall, our results suggest that Join queries are costly to run, whereas simple,
complex, and aggregate queries are easy and faster as they require fewer database
executions.

6.8 Impact of SciDB data on PSQL store

Figure 6.9 shows the performance impact of SciDB data in two different
store environments: 1) SciDB Store indicated ’scidb_data_in_scidb_store’ and 2)
PostgreSQL (PSQL) indicated by ’scidb_data_in_psql_store’ as the number of users
increases.

Figure 6.9a shows the response time increases with an increase in user load.
As the number of users increases, the response times for both store settings also
increase. This is expected in real-world systems, such as database applications [164],
where an increase in the number of users leads to more database requests, causing
contention at the server, which subsequently affects the response time.

One key observation is that ’scidb_data_in_scidb_store’ generally exhibits
longer response times than ’scidb_data_in_psql_store’. This indicates that PSQL
outperforms the SciDB store when SciDB data is stored in PSQL compared to when
SciDB data is stored in SciDB. This implies that RFI array data in SciDB if moved to
the PSQL store, would result in significantly improved response times compared to
when it is stored in SciDB. This is attributable to the structure of array data in SciDB
that is easily transformable into relational tables. In addition, SciDB is built based
on traditional relational technology, which means that array data would thrive in
relational tables (PSQL store) [22, 147]. However, previous studies [103, 104, 102]
have shown PSQL to deteriorate with large data sets, such as a huge volume of
sequential array data with multiple dimensions.
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(A)

(B)

FIGURE 6.9: Impact of SciDB data on PSQL store: (A) response
speed, and (B) latency across two different environments, i.e., SciDB
(’scidb_data_in_scidb_store’) and PSQL (’scidb_data_in_psql_store’).

The increase in response times for up to 24 users is significantly lower in
’scidb_data_in_psql_store’ compared to ’scidb_data_in_scidb_store’ as the number
of users increases. Beyond 24 users, both store settings continue to experience
growth, with SciDB showing a more rapid increase in response times compared to
PSQL. This suggests that ’scidb_data_in_psql_store’ may be a more scalable choice,
particularly for a high number of users (e.g., 30 and 36 users), as it consistently
maintains lower response times. This difference can be attributed to PSQL’s ability
to perform well under lighter user loads compared to SciDB. In SciDB, multiple
applications are required to run an operation regardless of the load size [21, 147].
Consequently, this reliance on other applications affects SciDB’s response time.

Furthermore, the gap in response times between the two store settings
significantly increases with an increasing number of users. This may be a result
of both stores exhibiting potential scalability challenges. Therefore, our results are
crucial when considering the scalability requirements of your application.

Figure 6.9b illustrates the latency values for ’scidb_data_in_scidb_store’ and
’scidb_data_in_psql_store’ storage settings. The latency values for both settings
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are consistently low, ranging from approximately 0.014 seconds to 0.073 seconds.
These values indicate low for our model which in turn results in quick quick data
retrieval and responses across increasing user load. This latency pattern aligns with
real-world scenarios, which often involve consistent delays of less than 1 second
[168, 157].

We observe higher latency for scidb_data_in_psql_store than scidb_data_in_scidb_store
as the number of users grows from 1 to 6. Beyond 6 users,
scidb_data_in_psql_store’s latency drops significantly to a minimum of
0.14 seconds, while scidb_data_in_scidb_store’s latency remains higher than
scidb_data_in_psql_store’s at higher user loads, except at 30 users. In general,
despite the variation in latency exhibited in both store settings with an increasing
number of users, their latencies consistently stay below 0.075 seconds. At a higher
number of users, they stabilize at around 0.02 seconds. This implies that both store
settings experience relatively low and stable latencies. The stability in latency issues
at higher user loads may be attributed to buffers that have a standardized data limit
for sending data to the database server. Typically, at higher loads, the buffers fill up
to the maximum and work with a specific transfer rate to and from the server [208].

6.9 Impact of Accumulo data on PSQL store

Figure 6.10 illustrates the performance impact of Accumulo data in
two different store environments: 1) the Accumulo store, indicated by
’accumulo_data_in_accumulo_store’, and 2) PostgreSQL (PSQL), indicated by
’accumulo_data_in_psql_store’, across various user loads.
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FIGURE 6.10: Impact of Accumulo data on PSQL store: (A)
response speed, and (B) latency across two different environments,
i.e., Accumulo ("accumulo_data_in_accumulo_store") and PSQL

("accumulo_data_in_psql_store").

Figure 6.10a depicts response times as the number of users
increases in two storage settings: "accumulo_data_in_accumulo_store" and
"accumulo_data_in_psql_store". With an increasing number of users, both storage
configurations exhibit a rise in response times. The notable increase in response
times as the number of users grows serves as a clear indication of the impact of user
load on response times.
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For user loads up to 24 users, the response times in ’accumulo_data_in_psql_store’
are consistently higher, ranging from 2.02 seconds for 1 user to 4.72 seconds for 24
users, compared to the response times in ’accumulo_data_in_accumulo_store’ which
range from 1.14 seconds for 1 user to 4.67 seconds for 24 users. However, beyond
24 users, the response times in ’accumulo_data_in_accumulo_store’ experience a
rapid increase, reaching 8.40 seconds at 36 users, while the response times in
’accumulo_data_in_psql_store’ remain relatively low, at around 5.88 seconds for
36 users.

Overall, the data indicates that an increase in user load affects response times.
This effect is more pronounced for ’accumulo_data_in_psql_store’ at lower user
loads but less significant for higher numbers of users (> 24 users), where the
response times remain relatively low compared to the more rapid increases in
response time for ’accumulo_data_in_psql_store’ The sharp increase in response
time after 24 users may be a result of potential scalability issues with the model.
Therefore, these thresholds are fundamental when implementing scalability in
different store settings. In this case, Accumulo scales better when storing Accumulo
(key-value) data with fewer users (less than 24 users), while PSQL would scale much
better when storing Accumulo RFI data with a higher number of concurrent users
(above 24 users) anticipated.

Figure 6.10b shows the latency values for ’accumulo_data_in_accumulo_store’
and ’accumulo_data_in_psql_store’ storage environments. As the number of users
increases from 1 to 36, we observe varying latency values for both storage settings.
We notice a gradual increase in latency for ’accumulo_data_in_accumulo_store’,
starting as low as 0.004 seconds and reaching a maximum of 0.65 seconds for 1 and
6 users, respectively. However, after 6 users, the latency in this setting significantly
drops and stabilizes at around 0.003 seconds at higher user loads.

In contrast, the latency values for ’accumulo_data_in_psql_store’ start very low
at 0.022 seconds for 1 user and gradually increase as the number of users grows,
reaching a maximum of 0.035 seconds after 6 users. However, after 6 users,
the latency values for this setting drop to as low as about 0.003 seconds, even
with 36 users. Generally, the latency values in ’accumulo_data_in_accumulo_store’
remain slightly higher than in ’accumulo_data_in_psql_store’. Similarly, the latency
values for both settings decline to lower and consistently stable values. For
example, beyond 16 users, ’accumulo_data_in_accumulo_store’ values stabilize at
around 0.025 seconds, while ’accumulo_data_in_psql_store’ stabilizes at about 0.003
seconds. The stability in latency values, particularly within the maximum acceptable
values in both storage settings at higher user loads, suggests efficient and stable
performance, making both settings ideal for quick data retrieval.

6.10 Impact of cross-island queries

Figure 6.11a shows response time values for different types of queries, each
involving 1 MB of data transfer between various database models, as regarded as
cross-islands queries. These response times are measured in seconds, and they
represent the time it takes to complete these queries.
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(B)

FIGURE 6.11: The analysis focuses on two aspects: (A) response
time and (B) latency of cross-island queries. These queries,
namely PSQLToAccumulo, AccumuloToPSQL, PSQLToSciDB, and
SciDBToPSQL, involve fetching 1 MB of RFI data from one storage

to another.

We observe that AccumuloToSciDB queries have the shortest transfer time,
approximately 2.346 seconds, for querying 1 MB of data from Accumulo to
SciDB. This is followed by PSQLToAccumulo, which takes 5.430 seconds, then
SciDBToPSQL with 5.775 seconds, and finally, PSQLToSciDB with the highest time,
around 6.489 seconds. These observations highlight the relative efficiency of
querying data from Accumulo to PSQL, resulting in the quickest response time.

In comparison, AccumuloToSciDB queries are faster than PSQLToAccumulo
queries. This suggests that querying 1 MB of Accumulo data to a PSQL database
is quicker than moving 1 MB of PSQL data to an Accumulo database. The delay is
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incurred during the translation semantics involved when casting the intermediate
query results from one data model to another. Similarly, it is faster to query 1 MB
of SciDB data in PSQL than to query the same amount of data from PSQL to SciDB.
It’s worth noting that casting data from the SciDB or Accumulo models to the PSQL
data model is faster, while it is more time-consuming for the PSQL relational model
to cast data to the other data models. The intermediate query result to be cast is
organized in a row fashion, which leverages PSQL queries [105, 102]. On the other
hand, it would take much longer to translate the row-oriented intermediate result
into arrays and key-value pairs found in SciDB and Accumulo, respectively.

Figure 6.11b displays latency values for various cross-island queries, each
involving the retrieval of 1 MB of data from one data store to another. The
PSQLToSciDB query has the shortest latency of about 0.064 seconds, followed
by SciDBToPSQL with 0.078 seconds, then AccumuloToPSQL with 0.104 seconds,
and lastly, PSQLToAccumulo with 0.106 seconds. In comparison, PSQLToSciDB
exhibits the lowest latencies compared to SciDBToPSQL. This indicates that
PSQLToSciDB queries are processed more quickly at the database server compared
to SciDBToPSQL queries. On the other hand, PSQLToAccumulo queries have nearly
identical latencies, taking approximately the same amount of time at the server
before the actual data is transferred to the client.

Overall, these latency values for the cross-island queries closely resemble each
other, especially when comparing them to their reverse queries. Therefore, the
difference between these queries is relatively low and consistent. This suggests that
querying data across different data models does not have a significant impact on
the overall performance of the database, making it suitable for various data storage
environments.

6.11 Cross-island Join query performance

Figure 6.12 illustrates the performance impact of a join query retrieving data from
PSQL (stores metadata) and SciDB (stores array data). We measure the response time
of a join query, indicated by ’SciDB_with_metadata’, and without a join, indicated
by ’SciDB_without_metadata’, in a multi-user environment. These two test scenarios
are described in Chapter 5.

In both scenarios, the response time increases with an increase in the
number of users. However, the increase in ’SciDB_with_metadata’ is generally
higher than when metadata is not included (SciDB_without_metadata). This
is expected, as the query output in ’SciDB_with_metadata’ is greater than in
’SciDB_without_metadata’. In other words, a SciDB query with metadata returns
a larger result compared to a query when metadata is excluded. Consequently, large
query sizes affect the overall response time of the database model.
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FIGURE 6.12: Impact of a cross-island join query on response time
in a polystore environment: With join (SciDB_without_metadata in

Blue) and without join (SciDB_with_metadata in Red).

Despite a linear increase, we notice that for a smaller number of users (<
6 users), the performance difference is minimal compared to when the number
of users is beyond 6 users. This implies that the increase in response time
in ’SciDB_without_metadata’ is relatively stable compared to the increase in
’SciDB_with_metadata’. ’SciDB_with_metadata’s response times are unstable in
higher numbers of users (beyond 6 users), which results in, at times, very high
response times compared to cases without the metadata. This is a potential sign
that ’SciDB_with_metadata’ experiences scalability issues as the number of users
increases. Therefore, our join query is less effective with a growing number of users.

Our cross-island join query (SciDB_with_metadata) consists of a sequence of
statements or procedures (see Appendix C.7), instructing the compiler on ’what to
do’ and ’how to do it,’ essentially procedural, compared to a non-procedural query
(SciDB_without_metadata) that only instructs ’what to do’ [183]. The join algorithm
in the procedural case is implemented in Java, creating a data abstraction since it
is external to the DBMS. In contrast, the non-procedural case uses an inherently
sophisticated join algorithm to speed up data retrieval. This is why the execution of
procedural queries takes longer than declarative or non-procedural queries, making
them less effective in the polystore environment. Our results align with previous
studies by Gadepally et al [131], suggesting that more work needs to be done in
better processing and optimization of join queries in a polystore system to scale more
efficiently.

6.12 Discussion

Response times are in line with previous studies [163, 164] that have indicated
similar figures for bulk requests, thus indicating acceptable response times. We
found a low response time: the model can run bulk downloads of 1 MB of data from
several users in under 12 seconds. This will benefit scientists at the MeerKAT/SKA
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during RFI monitoring and detection of new RFI. These require quick searches and,
therefore, call for a low response time of the RFI database. This achievement would
not only benefit scientists at MeerKAT/SKA during RFI monitoring and detection
but also other applications, such as healthcare, which deal with large volumes of
data and demand quick responses. Storing and quickly retrieving healthcare data,
including thousands of patients’ records, medical images, reports, and genomic
data, is a significant challenge, especially for timely drug development and medical
research [209, 210]. If our model is applied in healthcare, it would provide efficient
storage for various medical datasets. For instance, patient historical data could be
stored as structured data in a relational database, and medical images could be
managed using a key-value structure, with the keys stored in the database and the
actual images stored externally. Storing numerous images within a database can
adversely affect its response time [183]. Other applications, such as genomic data,
which typically collects data in a sequential structure, are best suited for array-based
data stores. Therefore, our model would ensure timely decisions when requesting
diverse medical data from different storage sources.

We found reasonably consistent latency across the three data stores (PSQL,
SciDB, and Accumulo). The latency of our model is low (less than 0.14 seconds)
and well below the maximum limit (one second) of a scalable database [168]. Also,
our model suggests that 85% of users under a multi-user environment experience
latency below 0.04 seconds. This is in line with previous studies that have indicated
similar latency figures [168, 185]. Our model, therefore, ensures low latency as
users request different RFI data in tables, arrays, and documents. These low latency
values are important for minimizing the impact on the overall response time of the
database, given that they are a tiny fraction of the response time. These low-latency
values are crucial for delay-sensitive applications like telecommunications, medical,
military and defense systems [209, 182, 211]. These systems require minimum delay
as they connect and communicate with other subsystems. Therefore, If applied
in telecommunications, our model would facilitate quick connections with other
communication devices, thereby enhancing the overall quality of service (QoS).
QoS is a mechanism that guarantees delay-sensitive applications a high extent of
performance [212]. QoS is a significant concern, particularly as the number of
users increases on the database cluster or network with limited bandwidth, leading
to congestion that can degrade service quality [211]. Similarly, when applied in
military and defense systems, our model will ensure fast communication as they
query a variety of data, including profiles, maps, documents, audio, text, reports,
and videos, during various operations. Therefore, maintaining low latency is a
core requirement in these applications, especially when dealing with numerous
subsystems, such as polystore systems.

Our results have indicated that the database model performs well for heavy
Reads, followed by Updates and Inserts. In contrast, heavy Insert operations affect
the database. Therefore, our model is effective on Reads and Updates, whereas
several Insert operations can be avoided by suggesting the use of loading techniques
(see Section 5.3.4). Experimental studies, such as [162, 161], have indicated
a similar performance pattern for scalable databases. At the MeerKAT/SKA
telescope, heavy Updates or Inserts are less frequent compared to Reads. Most RFI
applications, such as cross-matching RFI, flagging, monitoring and detection, as well
as reporting, require mostly reading from the database, followed by Updates and
Inserts. SKA/MeerKAT applications, such as on-site monitoring and the detection
of RFI signals, require multiple reads from the database within a short time frame.
Similarly, the local spectrum management body (ICASA in South Africa) requires
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fast database reads to support continuous monitoring of the limited RF spectrum,
ensuring its optimal utilization [213]. Currently, there is a risk of encroachment into
bands reserved for radio astronomy, space research and earth exploration, military
and defense [213, 214], resulting in interference. Therefore, regulatory bodies can
efficiently integrate the RFI database model into their database to continuously
monitor spectrum frequency utilization, easily locating all legally and illegally
transmitting devices.

We found a decline in download speed with increasing numbers of users. This is
expected as more users on the database cluster result in a decrease in transmission
speed. Similarly, upload speed decreases with increasing numbers of records or
users. Model queries are of small sizes (<118 bytes) that should not impact the
database. The small-size queries execute faster than bulk requests, as found in
[206]. Besides, the maximum speed of the database cluster (100 KB/sec) can
handle several uploads/requests consisting of small data chunks. Moreover, the
SKA transmission speeds are expected to improve the performance of the database
model over high-speed connections of about 4 TB/sec [100]. High speeds are
a key requirement to the SKA international telescope project as it becomes fully
operational [86, 84].

We found that it is fast to load bulk data into the database, particularly relational
data (in PSQL) and array data (in SciDB), except for key-value data (in Accumulo).
The relational and array data have a tabular structure supported by several file
applications such as CSV, JSON, and HDF5 files [17, 21]. Key-value structures
handle loading/Inserts line by line compared to tables and arrays that load several
Inserts directly in their respective data objects [113]. The loading of key-value data
objects impacts the speed of bulk uploads of the database model. Therefore, loading
unstructured RFI data, record by record would impact the performance of the
database model. Our model would effectively handle bulk loading using CSV, JSON,
and HDF5 files. To improve the loading speed of bulk data of the model, we suggest
using high computing facilities to speed up several Inserts [121]. This is beneficial to
the SKA monitoring environment, which requires fast loading of bulk data into the
database – also expected as one of the purposes for new and scalable databases [104].
Therefore, If the model is applied to data-intensive projects like the LSST telescope,
it would greatly benefit. The LSST telescope generates approximately 15 TB of data
daily and requires a database that can support high data input in the shortest period
possible [26]. Bulk loading has been a challenge in traditional database settings;
therefore, integrating our model would facilitate the speedy loading of data into
the database. Moreover, telescope data is naturally collected in CSV, HDF5, or JSON
files, which are compatible with the loading techniques used in the model. It’s worth
noting that the provision of high-performance computing facilities in the future,
would significantly improve the speed of bulk uploads in several data-intensive
applications.

Our results have shown similar performance by the native API and the
third-party API across various queries such as simple, complex, aggregate, and
Join queries. While a third-party API is external to the database and adds a
new level of data abstraction to the database [171], it still performs considerably
to the native API within the cluster. If the model is applied in specific data
environments with tailored APIs, there would not be a significant impact on the
database’s performance by integrating a third-party API. Astronomy and space
science, healthcare informatics, and business intelligence typically employ multiple
applications for specific purposes. These environments already have tailored APIs
that have been in use over time and expect compatibility with new database
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applications without necessitating changes to the existing infrastructure or affecting
the overall database performance. It is crucial for our model to be effective in these
environments without introducing new tools and methodologies to environments
that already utilize a myriad of tools.

However, to a certain extent, we encourage the adoption of new tools to align
with the design principle of ’using the right tools for a specific task. If these new
tools prove to be more effective for a particular task than the existing ones, there
is a compelling reason to embrace them. They often bring additional features that
can simplify the storage challenge. For instance, scalable HDF5 files and scientific
databases in astronomy. While both solutions are capable of storing vast amounts
of scientific data, databases offer supplementary features such as indexing, query
optimization, and efficient file organization that may be lacking in conventional
files. Overall, our results will guide scientists, researchers, and collaborators from
regions other than MeerKAT/SKA in South Africa, who would connect to the
RFI database via a third-party API rather than the native API. This is useful to a
multi-disciplinary environment at SKA, which interfaces engineers, astronomers,
and software engineers who require several APIs to tailor their work.

Furthermore, the results suggest that the Join queries are costly to execute
compared to simple, complex, and aggregate queries, irrespective of the API
environment. It is difficult for a Join query to fetch data from several stores
distributed in different locations, yet common in our RFI database cluster. Similarly,
the performance of a cross-island query is shown to be affected by the distinct
storage, as each acts as a physical barrier when data is accessed across storages.
During access, data from one storage needs to be translated into a local island’s
data model before it is processed and shared with other islands. Eventually, all
these tasks, including identifying the join attribute, matching the join tuples, and
displaying the matched results, affect the execution time, which, in turn, affects
the overall database performance. This is one of the challenges of querying across
heterogeneous databases [215, 194]. Gadepally et al [131], suggest that more work
needs to be done in optimizing query processing in a polystore system to scale more
efficiently.

Our results have shown that storing SciDB data, particularly array-value data,
in PSQL improves response times, especially under lower user loads. However,
it is expected that PSQL’s performance might decline when dealing with a high
number of users requesting bulk data. For the MeerKAT and SKA international
community, storing array data in SciDB would be highly beneficial during their large
survey observations, which require a higher level of scalability, particularly when
scientists from around the globe work concurrently on massive astronomical array
data sets. Conversely, storing Accumulo data within PSQL would affect PSQL’s
response times. Therefore, it is recommended to keep Accumulo key-value data
in the Accumulo store. Accumulo data includes various types of data, such as
images, documents, text, or notes, which could be challenging to store in relational
tables (PSQL store). Furthermore, latencies are not affected when storing SciDB
or Accumulo data in PSQL. These values remain below the maximum acceptable
latency, thus not affecting the model’s performance.

Considering that SKA International is still under construction, we anticipate the
growth of astronomical projects and an increase in data demands. It would be
beneficial for these projects to store data in its appropriate store without the need
for data transformation at a later stage. The more data is transformed, the more
it loses its quality [17, 20]. Therefore, our results suggest storing array data in
SciDB, key-value data in Accumulo, and relational data in PSQL. Each of these stores
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leverages a specific data structure. With the completion of the SKA telescope and the
growing number of users, neither SciDB array data nor Accumulo data would thrive
in PSQL. This suggestion underscores the core principle of this research, which is to
store each data in its appropriate store.

Our results have shown the model to be effective when retrieving bulk data
from other storage systems, such as Accumulo or SciDB, into PSQL. PSQL boasts
advanced query processing capabilities applicable to various storage configurations,
developed over time [105]. If applied to projects like CyberSKA [216], a global
platform responsible for delivering data to astronomers worldwide, it would foster
collaboration in large science projects that require moving massive image data from
one data center to another. Applying the database model to such projects would
not only facilitate bulk data transfers but also empower astronomers to promptly
remove corrupted data by cross-matching any detected RFI with the known RFI data
in the database. For an unknown RFI detected, the database should facilitate further
investigation. Consequently, we ensure that the data being transferred is examined
thoroughly, before it is distributed to researchers worldwide for analysis.

Scientists, researchers, and students associated with the IDIA [98] can employ
the database model to address the RFI identification problem. Researchers could
utilize the model as an input for signal characterization (a critical step in identifying
RFI). Characterizing RFI signals enables astronomers to classify RFI by source,
strength, geographical location, or source position [96, 69]. Moreover, further
studies can be conducted to investigate how to plug machine learning models
to enhance the capabilities of the database model. Previous studies have shown
that machine learning algorithms such as K-Nearest Neighbors, Random Forest
Classifier, and deep learning Convolutional Neural Networks can complement
human visual inspection for RFI signals in radio astronomy [94, 95]. Similarly,
advanced visualization techniques can be further researched to effectively represent
complex RFI data. Visualization in radio astronomy plays a crucial role in providing
a more comprehensive understanding of complex astronomical data, especially in
the context of large survey observations [22, 217]. Therefore, when the database
model is plugged with advanced visualization and classification machine learning
algorithms, it empowers astronomers to discern intricate details and patterns within
complex RFI signals. Consequently, it can generate accurate RFI predictions,
making a significant contribution to the identification problem. This capability
can also benefit other radio observatories, such as NRAO and Hartebeesthoek
Radio Astronomy Observatory (HartRAO) [218], which are looking to localize their
unique RF environments. It’s worth noting that each radio observatory operates
within its distinct RF environment, often influenced by varying geographical
settings. Observatories situated near commercial regions frequently contend with
a wide range of RFI transmissions from sources like telecommunication towers, car
ignitions, and Wi-Fi, while those located farther away experience lower interference
levels.

Lastly, our results are limited to 25600 records per query download. Similarly,
limited are to a maximum number of 36 concurrent, each requesting 1 MB of
data per download. The number of records (> 25600) or more users (> 36) would
overwhelm the current setup, thus causing several timeouts with no results, which
is associated with the limited specifications of the host machine (database server)
of 25 GB RAM and 11 TB of disk capacity. We, therefore, suggest powerful host
machines to increase the number of concurrent users and the capacity to handle
more data records per query. Further, the study did not evaluate the impact of
Workload E (Short ranges) and F (Read-Modify) on the YSCB benchmark. Workload
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E constitutes only 5% of the workload, yet the focus is on bulk queries/ workloads
(>50% Workload). On the other hand, Workload F represents 50% but is not
supported across the three data stores of the RFI database model. Lastly, the
polystore framework adopted in this study is complex, whose performance may
depend on other components within the database cluster, such as API middleware,
network stability, and choice of store. Despite the above components, the framework
has shown promising results in scientific data.

In summary, the database model performs well with increasing data volumes,
users, and varying workloads. The model exhibits low response times, and the
latency figures in all our experiments remain well within the acceptable maximum of
less than one second, indicating the strong performance of our model. Furthermore,
the model demonstrates effectiveness primarily for Reads, followed by Updates
and Inserts. Our model also enables quick queries across different storage systems.
Lastly, it is efficient to store each data in its native structure as dictated by its inherent
format, especially when considering scalability as a core requirement for any storage
application.
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Chapter 7

Conclusions

This work aimed to develop a scalable database model suitable for RFI storage at
the MeerKAT radio telescope. Thus, the main contribution of this study lies in
designing a scalable database model that stores and quickly retrieves RFI data. The
RFI database provides integrated storage that enables efficient storage of RFI data in
different formats. The database model also provides a basic interface (native API)
that supports bulk uploads into the database. Lastly, this work addresses the storage
gap in the RFI mitigation pipeline at the MeerKAT radio telescope in South Africa.

We found that the model performs well with increasing data volumes, users,
and varying workloads, with a low response time of less than 12 seconds for a 1 MB
query of RFI data. The latency is consistently low, typically less than 0.14 seconds,
and consistently below the maximum limit of one second. Other findings show a
similar performance impact between the native and a third-party API. Furthermore,
the findings indicate that the database model performs well for frequent Reads,
followed by Updates, and then Insert operations. Our model facilitates quick queries
across different storage systems within a cluster and emphasizes the core design
principle underpinning this work: storing each type of data in its appropriate
storage system.

Since the focus of this research was on creating a scalable RFI storage for the
MeerKAT/SKA radio telescope, RFI identification and a detailed analysis of the RFI
signal were not covered. These two requirements are essential in the RFI mitigation
pipeline. Therefore, further work is required to explore how best to plug detection
algorithms into the RFI database to detect or identify new RFI automatically by
crossing the unknown RFI with the database. Also, more work is needed to
investigate how the RFI database could support the analysis of timely statistics
without necessarily introducing an additional tool external to the database.

Future work could add to the native database API to support a variety of
complex queries, as well as offer support for more structured querying, such as SQL,
in traditional databases. If extended to suit more queries, additional experiments
could be conducted to assess the impact of several workloads on the database (such
as Workloads E and F discussed in our limitations).

Additionally, the database query output is formatted in plain text from the
standard output (stdout) (see Appendix C). The output from large queries in plain
text is problematic on display. Hence, more work is needed to improve the
visualization of the RFI database, particularly for large survey queries. With such
additions, the database model could become more than a database for scientists and
be useful for visualization.

Our results may serve as thresholds for scalability considerations in database
system design. However, further research is required to develop approaches for
building a more scalable model, especially to accommodate larger user loads. For
instance, new methods are needed to run an integrated database using parallel
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servers. The addition of more servers would significantly reduce the overhead on
the host machine. These enhancements to the current implementation imply that
a larger user load could be considered to assess the model’s impact, potentially
leading to improvements in its performance.

Integrating data from two or more systems remains an ongoing challenge
within the database community. Each system inherently differs from the others,
characterized by distinct data models, languages, and storage engines. This
diversity makes query processing and optimization a daunting task, necessitating a
significant effort to develop custom integration algorithms. Data integration within
a heterogeneous data environment is currently a focal point of research in the realm
of large and diverse databases [16, 139]. Although there is no universal solution, we
can provide some general guidelines to approach this complex issue.

Firstly, the initial step is often to extract the desired data from different database
systems and convert it into a common format suitable for integration. This
frequently involves performing data type conversions to ensure meaningful joins.
Afterwards, custom code may be required to execute sorting, comparison, and
merging operations, aligning with specific join conditions. Upon completing the
sort-merge join operations, the resulting query output can serve as an intermediate
result for further database operations or be saved as a separate file within a
specific database system. It’s essential to recognize that this entire process demands
continuous updates as new data emerges in each of the databases within the cluster

In conclusion, as scientists collect large and diverse scientific data from large
survey observations, it has become crucial that scalability be a primary consideration
in the design of scientific databases. In particular, scientists need to become
database-friendly and reduce the over-dependence on traditional file systems (such
as CSV) for storage as they lack full database functionalities. This thesis designs
and implements a scalable database model to store RFI data using a polystore
framework. Lastly, this work contributes to the idea of fully developing the
polystore framework into a standard recommended for scientific data storage.

PERSONAL REMARKS – revising this thesis has been an overwhelming journey,
one that initially felt like an impossible challenge. However, to my surprise, it turned
into the most profound and fulfilling moment of my life. Over this period, I did not
merely engage with my thesis; I embraced it as if it were my own child. The affection
and attachment that blossomed during this brief phase of revision exceeded the deep
connection I had developed over the years of crafting this thesis. As I delved into the
process of refining and perfecting every paragraph, my appreciation for my work
deepened. It was as if I was discovering the layers of a masterpiece I didn’t fully
comprehend before.

I hold a profound gratitude for the examiner’s wisdom in requesting these
revisions. Through this relentless journey, I have come to believe that this version
truly represents the epitome of my understanding in this field of study. I eagerly
anticipate the opportunity to share my knowledge and expertise with the entire
science and local communities.

Finally, the most significant lesson I have gained during this period can be
captured competently by a well-known Japanese proverb: "Fall seven times, stand
up eight". It has become my personal mantra, a reminder that in life, resilience and
the courage to rise once more are the genuine secrets to success.
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Appendix A

Frequency Allocation Chart

FIGURE A.1: Radio frequency spectrum allocation chart for South
Africa [219].

This chart illustrates frequency allocations in the electromagnetic spectrum for
various purposes as regulated by the government of South Africa. The Radio
Frequency Spectrum Allocation Chart is useful for scientists, astronomers, and
engineers seeking to develop policies to protect radio observatories
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Appendix B

RFI Questionnaire



Appendix B. RFI Questionnaire 120

FIGURE B.1: Questionnaire for RFI database requirements gathering.

An electronic questionnaire was created with the help of Google Forms. This was
used to gather RFI data across three user categories: engineers, scientists, and
astronomers. The data entered was automatically saved to a Google Sheets-based
cloud storage for analysis.
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Appendix C

Sample query syntax and output

C.1 Q1: Return all RFI events in a given frequency band (limit
to 50 events).

(A)

(B)

FIGURE C.1: A) Query syntax, and B) output of Q1 statement.
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The query in Figure C.1a filters out the first 50 RFI events detected in a frequency
band other than MeerKAT. It further returns a few columns (eventID, transmitterID,
startFreq, endFreq, elevel, and MeerKATBand) specified by a project operator.
Figure C.1b displays the query output when executed successfully.

C.2 Q2: For a particular RFI event detected, show me related
permit and transmitter details.

(A)

(B)

FIGURE C.2: A) Query syntax, and B) output of Q2 statement.

The query in Figure C.2a fetches all data associated with the key ’rfi050’ and filters
out in ascending order the column families starting with ’permit’ and stopping at
column families that end with ’z’. This is why receiver and transmitter data values
associated with the key are also returned, as they come before ’z’ in alphabetic order.
Figure C.2b displays the query output when executed successfully.
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C.3 Q3: Return all RFI data objects together with their
associated attributes.

(A)

(B)

FIGURE C.3: A) Query syntax, and B) output of Q3 statement.

The query in Figure C.2a provides details of all attributes identified by
attributeNo and their corresponding objects. The query performs a Cross-join or
Cartesian product and returns only those rows whose object Ids match. Figure C.2b
displays the query output when executed successfully
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C.4 Q4: Compute the number of events detected in a given
MeerKAT band.

(A)

(B)

FIGURE C.4: A) Query syntax, and B) output of Q4 statement.

The query in Figure C.2a is an aggregation query that returns the total number
of RFI events detected in the L-Band of MeerKAT. It also includes the MeerKAT
field as the column to be returned alongside the computed single value. Figure C.2b
displays the query output when executed successfully.
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C.5 Q5: Return RFI data whose transmitter is unknown.

(A)

(B)

FIGURE C.5: A) Query syntax, and B) output of Q5 statement.

The query in Figure C.2a searches for transmitters with the keyword ’unknown’
using keys rfi001 to rfi990. It further scans the query result to display RFI data using
the selected keys. Figure C.2b displays the query output when executed successfully.
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C.6 Q6: Retrieve relational data associated with the culprit
transmitter (rfi0401) and display it as key-value data.

(A)

(B)

FIGURE C.6: A) Query syntax, and B) output of Q6 statement.

The query in Figure C.2a is a cross-island query that retrieves sample data from
relational data and displays it as key-value data. It fetches relational data for a
specific transmitter (rfi0401) and casts the query result into a text island for display.
Figure C.2b displays the query output when executed successfully.
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C.7 Q7: Retrieve RFI event array data along with description
of each attribute or metadata associated with the array
data.

import java.io.BufferedReader;
import java.io.FileReader;
import java.io.IOException;
import java.util.ArrayList;
import java.util.HashMap;
import java.util.concurrent.CountDownLatch;
import java.util.concurrent.TimeUnit;

public class CrossIslandJoinClass implements Runnable {
private final CountDownLatch thread_start;
private final CountDownLatch thread_end;
private String threadName;

CrossIslandJoinClass(CountDownLatch th_start, CountDownLatch
th_end, String name) {

thread_start = th_start;
thread_end = th_end;
threadName = name;

}

public void run() {
long startTimeMillis = System.currentTimeMillis();
//conversion start time to seconds
long startTime_Seconds = TimeUnit.MILLISECONDS.toSeconds

(startTimeMillis);
threadName = Thread.currentThread().getName();
System.out.println("Running " + threadName);
//Waiting to start the thread
try {

thread_start.await();
} catch (InterruptedException e) {

throw new RuntimeException(e);
}
//thread workload assigned to a userQuery string variable.
String userQuery = "curl -X POST -d b̈darray(project(filter(

events_object,index>=618 and index<=623),+"startFreq,endFreq,txID,
elevel,measDist,eirp,MeerKATBand,pol,eventID));"̈ +
"http:/192.168.0.117:8080/bigdawg/query/>" + threadName + ".txt";

//create a process builder object to run the query in
a new cmd terminal.

ProcessBuilder pb = new ProcessBuilder("cmd.exe", "/c", userQuery);
//if set to true, process builders merges all process to standard

in case of any error output.
pb.redirectErrorStream(true);
try {
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//starting new process using Process object
Process p = pb.start();
p.waitFor();

} catch (IOException | InterruptedException e) {
System.out.println("Thread " + threadName + " interrupted.");

}
//creating a linesList from ArrayList object
ArrayList<String> linesList = new ArrayList<>();
//creating a character-stream from a text file
String line;
try (BufferedReader breader = new BufferedReader(new FileReader

(threadName + ".txt"))) {
// Reading each lines of stream and adding them to the list
while ((line = breader.readLine()) != null) {

linesList.add(line);
}

} catch (IOException e) {
//print error message
System.out.println("text reading interrupted.");

}
//string array stores one or more text separated by a single space
String[] arraydata = linesList.get(0).split("//s+");
//assign different thread workload to query command
threadName = Thread.currentThread().getName();
System.out.println("Running " + threadName);
userQuery = "curl -X POST -d b̈drel(select * from attributes_object;)"̈

+ " http:/192.168.10.117:8080/bigdawg/query/>" + threadName + ".txt";
pb = new ProcessBuilder("cmd.exe", "/c", userQuery);
pb.redirectErrorStream(true);
try {

//starting new process using Process object
Process p = pb.start();
p.waitFor();

} catch (IOException | InterruptedException e) {
System.out.println("Thread " + threadName + " interrupted.");

}
//create a hashmap object ’record’ to store key and value

of type string
HashMap<String, String> record = new HashMap<>();
try (BufferedReader breader = new BufferedReader

(new FileReader(threadName + ".txt"))) {
while ((line = breader.readLine()) != null) {

String[] relationaldata = line.split("�");
record.put(relationaldata[2].trim(), relationaldata[4].trim());

}
} catch (IOException e) {

System.out.println("text reading interrupted.");
}
System.out.println("attributeName�:description");
for (String arraydatum : arraydata) {

//check if attribute is common/equal in array and relational data
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if (record.containsKey(arraydatum)) {
//concatenate the data values from array and relational data
System.out.println(arraydatum + "�:" + record.get(arraydatum));

} else
System.out.println(arraydatum + "�" + "A match does not exist");

}
}
//loop to display each record as a new line
for (String s : linesList) {

System.out.println(s);
}
long endTimeMillis = System.currentTimeMillis();
//conversion end time to seconds
long endTime_Seconds = TimeUnit.MILLISECONDS.toSeconds

(endTimeMillis);
long totalTime = endTime_Seconds - startTime_Seconds;
//prints the total execution time for each thread
System.out.println(threadName + "total time:" + totalTime

+ "(in seconds)");
}

}

import java.util.concurrent.CountDownLatch;
public class TestCrossIslandJoinClass {

public static void main(String[] args) {
//change the number of thread here
int noOfThreads = 1;

CountDownLatch thread_start = new CountDownLatch(1);
CountDownLatch thread_end = new CountDownLatch(noOfThreads);
//loop to start each thread and terminal at noOfThreads
for (int x = 1; x <= noOfThreads; x++) {

Thread th = new Thread(new CrossIslandJoinClass(thread_start,
thread_end, String.valueOf(x)));

th.start();
}
//each thread to starting at the same time
thread_start.countDown();
try {

//waiting for each thread to finish
thread_end.await();

} catch (InterruptedException e) {
System.out.println("thread did not finish successfully");

}
System.out.println("All threads finished successfully");

}
}

A Java program (CrossIslandJoinClass and TestCrossIslandJoinClass) is used to fetch
and match data from two disparate stores (SciDB and PSQL) within the polystore
database system.
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(A) Output of Q7 (procedural query).

The query in Figure C.7a is a procedural query that retrieves data particularly
from PSQL and SciDB stores. It consists of four major procedures: executes the
query command to retrieve array data, while specifying eventID, eventStartFreq,
transmitterID, elevel, eirp, and MeerKATBand attributes; For each attribute that is
returned, we check if it exists in the catalog or metadata; If a match is found; we then
return the attributeName along with its description.
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Tables showing plot data

D.1 Store response time, latency, download speed and upload
speed as the numbers of records increase from 200 to 25600.

(A) Response time (seconds)

(B) Latency (seconds)

(C) Download speed (KB/seconds)

(D) Upload speed (KB/seconds)
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D.2 Store response time, latency, download speed and upload
speed as the numbers of users increase from 1 to 36.

(A) Response time (seconds)

(B) Latency (seconds)

(C) Download speed (KB/seconds)

(D) Upload speed (KB/seconds)
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D.3 Store response time, latency, download speed and upload
speed of varying workloads.

(A) Response time (seconds)

(B) Latency (seconds)

(C) Download speed (KB/seconds)

(D) Upload speed (KB/seconds)
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The relation schema used to create
the alternative database model.

CREATE TABLE IF NOT EXISTS rfi.receiver (
receiverID varchar(25) PRIMARY KEY,
receiverName varchar(50) not null,
nChannel double not null,
bitstream varchar(50),
nAccs integer,
adcType varchar(50),
spectrumBits double,
rfGain double,
bandwidth double not null,
lowFreq double not null,
highFreq double not null

);

CREATE TABLE IF NOT EXISTS rfi.rxLocation (
rxLocationID serial,
rxLocationName varchar(50) not null,
rxDirection varchar(50),
PRIMARY KEY (rxLocationID),
receiverID varchar(25) REFERENCES rfi.receiver(receiverID) ON DELETE CASCADE

);

CREATE TABLE IF NOT EXISTS rfi.rfievent (
eventID varchar(25) PRIMARY KEY,
eventStartFreq double not null,
eventEndFreq double not null,
elevel double not null,
measDist double not null,
eirp double not null,
MeerKATBand varchar(50),
polarization varchar(50),
receiverID varchar(25) REFERENCES rfi.receiver(receiverID) ON DELETE CASCADE,
transmitterID varchar(25) REFERENCES rfi.transmitter(transmitterID) ON DELETE CASCADE

);

CREATE TABLE IF NOT EXISTS rfi.transmitter (
transmitterID varchar(25) PRIMARY KEY,
txType varchar(50) not null,
category text not null,
txDescription text not null,
txNotes text

);

CREATE TABLE IF NOT EXISTS rfi.band (
bandCode varchar(25) PRIMARY KEY,
bandname varchar(50) not null,
MeerKATBand varchar(50),
bandstartFreq double not null,
bandendFreq double not null,
bandNotes text,
PRIMARY KEY (bandCode, transmitterID),
transmitterID varchar(25) REFERENCES rfi.transmitter(transmitterID)
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);

CREATE TABLE IF NOT EXISTS rfi.intentional (
transmitterID varchar(25) PRIMARY KEY,
txType varchar(50) not null,
category text not null,
txDescription text not null,
txNotes text,
status varchar(50) not null,
startFreq double not null,
centFreq double,
endFreq double not null,
bandwidth double not null,
latitude varchar(50),
longitude varchar(50),
FOREIGN KEY transmitterID REFERENCES rfi.transmitter(transmitterID) ON DELETE CASCADE

);

CREATE TABLE IF NOT EXISTS rfi.culprit (
transmitterID varchar(25) PRIMARY KEY,
txType varchar(50) not null,
category text not null,
txDescription text not null,
txNotes text,
manufacturer varchar(50),
model varchar(50),
serialNumber varchar(50),
FOREIGN KEY transmitterID REFERENCES rfi.transmitter(transmitterID) ON DELETE CASCADE

);

CREATE TABLE IF NOT EXISTS rfi.testMeasurement (
testNo serial,
testFacility varchar(50) not null,
testDate date not null,
reportDate date not null,
reportURL text not null,
reportID varchar(50) not null,
reportComp varchar(50),
reportNotes text not null,
PRIMARY KEY (testNo, transmitterID),
receiverID varchar(25) REFERENCES rfi.receiver(receiverID) ON DELETE CASCADE,
transmitterID varchar(25) REFERENCES rfi.transmitter(transmitterID) ON DELETE CASCADE

);

CREATE TABLE IF NOT EXISTS rfi.occupancy (
occupancyID serial PRIMARY KEY,
month int not null,
nights int not null,
evenings int not null,
strong int not null,
moderate int not null,
weak int not null,
PRIMARY KEY (occupancyID, transmitterID),
testNo serial REFERENCES rfi.testMeasurement(testNo) ON DELETE CASCADE

);

CREATE TABLE IF NOT EXISTS rfi.testLocation (
testLocationID serial PRIMARY KEY,
testLocationName varchar(50) not null,
testLongitude varchar(50),
testLatitude varchar(50),
PRIMARY KEY (testLocationID),
testNo serial REFERENCES rfi.testMeasurement(testNo) ON DELETE CASCADE

);

CREATE TABLE IF NOT EXISTS rfi.unknown (
transmitterID varchar(25) PRIMARY KEY,
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txType varchar(50) not null,
category text not null,
txDescription text not null,
txNotes text,
FOREIGN KEY transmitterID REFERENCES rfi.transmitter(transmitterID) ON DELETE CASCADE

);

CREATE TABLE IF NOT EXISTS rfi.permit (
permitID varchar(25) PRIMARY KEY,
rfiNotice varchar(50),
issueDate date not null,
expiryDate date not null,
usage varchar(50) not null,
permitType varchar(50) not null,
deployDate date not null,
permitNotes text,
transmitterID varchar(25) REFERENCES rfi.transmitter(transmitterID) ON DELETE CASCADE

);

CREATE TABLE IF NOT EXISTS rfi.contactPerson (
personID varchar(25) not null,
contactName varchar(100) not null,
contactOrganisation varchar(100),
contactEmail varchar(50) not null,
PRIMARY KEY (permitID, personID),
permitID varchar(25) REFERENCES rfi.permit(permitID) ON DELETE CASCADE

);

CREATE TABLE IF NOT EXISTS rfi.restriction (
restrictionNo varchar(25) PRIMARY KEY,
restrictionLimited text not null,
restrictionUnlimited text not null,
rfiZoneMap text not null,
useDayOrnight varchar(50) not null,
useBeforeTime datetime not null,
useAfterTime datetime not null,
PRIMARY KEY (restrictionNo),
permitID varchar(25) REFERENCES rfi.permit(permitID) ON DELETE CASCADE

);

CREATE TABLE IF NOT EXISTS rfi.engines (
engineID serial PRIMARY KEY,
engineName varchar(50) not null,
host varchar(50) not null,
port integer not null,
connectionProperties varchar(100)

);

CREATE TABLE IF NOT EXISTS rfi.databases (
databaseID serial PRIMARY KEY,
databaseName varchar(50) not null,
engineID serial REFERENCES rfi.engines (engineID) ON DELETE CASCADE

);

CREATE TABLE IF NOT EXISTS rfi.objects (
objectID serial PRIMARY KEY,
objectName varchar(50) not null,
fields text not null,
databaseID serial REFERENCES rfi.databases(databaseID) ON DELETE CASCADE

);

CREATE TABLE IF NOT EXISTS rfi.attributes (
attributeNo serial PRIMARY KEY,
attributeName varchar(50) not null,
datatype varchar(50) not null,
description text not null,
objectID serial REFERENCES rfi.objects (objectID) ON DELETE CASCADE

);
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The relation schema provided in the alternative design is translated from the
alternative logical design, which is clearly explained in Chapter 4. The relation
schema fully represents the design at a physical or implementation level by defining
the types and sizes of each attribute, as well as enforcing both primary and foreign
key constraints. These constraints ensure a high degree of integrity at the physical
level of the database.
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A full list of all attributes created in
the RFI database.

attribute
no. attribute data type description

Object id

(oid)
1 attributeNo integer attribute number (also catalog_id) 1
2 attributeName varchar(50) name of attribute in a catalog 1
3 dataType varchar(50) attribute data type 1
4 description text attribute description 1
5 engineID integer db engine identification number 2
6 engineName varchar(100) db engine name 2
7 host varchar(100) hostname of the database 2
8 port integer port number at the host machine 2
9 connectionProperties varchar(100) connection details (engine version) 2
10 databaseID integer database identification number 3
11 databaseName varchar(50) database name 3
12 objectID integer data object identification number 4
13 objectName varchar(50) data object name 4
14 receiverID integer receiver identification number 5
15 receiverName varchar(50) receiver name 5
16 nChannel integer designated number of channels 5
17 bitstream varchar(50) nature of bits streams 5
18 nAccs integer Number of accumulations per spectra 5
19 adcType varchar(50) type of analog-to-digital converter (adc) 5
20 spectrumBits double number of spectrum bits per channel 5
21 rfGain double receiver antenna gain 5
22 bandwidth double receiver bandwidth (applies to transmitters) 5
23 lowFreq double receiver lowest frequency spectrum 5
24 highFreq double receiver highest frequency spectrum 5
25 location varchar(50) name of receiver location 5
26 direction varchar(50) receiver direction 5
27 transmitterID integer transmitter identification number 6
28 txType varchar(50) type of transmitter 6
29 category text short transmitter description 6
30 txDescription text detail transmitter description 6
31 txNotes text comments or notes on a transmitter 6
32 status varchar(50) status of operation of a transmitter 6
33 startFreq double transmitter start spectrum frequency 6
34 centFreq double central spectrum frequency 6
35 endFreq double transmitter end frequency 6
36 bandcode Varchar(50) band code of a transmitter 6
37 bandname varchar(50) band name of a transmitter 6
38 MeerKATBand varchar(50) MeerKAT band where transmitter is detected 6
39 bandstartFreq double start of the transmitter band 6
40 bandendFreq double end of the transmitter band 6
41 bandNotes Text comments about the transmitter band 6
42 manufacturer varchar(50) transmitter manufacturer 6
43 model varchar(50) transmitter model 6
44 serialNumber varchar(100) transmitter serial number 6

45 testFacility varchar(50) facility where a transmitter is tested
before allowed on site 6
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attribute
no. attribute data type description

Object id

(oid)
46 testDate date date the transmitter is tested (yy/mm/dd) 6
47 reportDate date Date the transmitter report is drafted 6
48 reportURL Text URL link to the transmitter report 6
49 reportID varchar(50) transmitter report identification number 6
50 reportComp varchar(50) company that drafted the transmitter report 6
51 reportNotes Text comments written on transmitter 6
52 testLatitude varchar(50) latitude of transmitter being tested 6
53 testLongititude varchar(50) Longitude of transmitter being tested 6
54 testLocation varchar(50) Location name of transmitter tested 6
55 permitID integer permit identification number 7
56 rfiNotice varchar(50) category of transmitter permit 7
57 issueDate date permit issue date 7
58 expiryDate date permit expiry date 7
59 usage text indicates where permits are used or required 7
60 permitType varchar(50) permit type e.g., short or long time 7
61 deployDate date date the transmitter is permitted on site 7
62 contactName varchar(50) contact person in-charge of the transmitter 7
63 contactOrganisation varchar(50) contact organization in-charge of the transmitter 7
64 contactEmail varchar(50) contact person’s email address 7
65 restrictionNo varchar(50) 100% restricted zones of a transmitter on site 7
66 restrictionLimited text limited restriction zones of a transmitter on site 7
67 restrictionUnlimited text unlimited restriction zones of a transmitter on site 7

68 rfiZoneMap text URL link to a map showing rfi zones
e.g., zone0 to zone09 7

69 useDay/night datetime Time of the day a transmitter is allowed on site 7
70 useBeforeTime datetime Before time a transmitter is allowed on site 7
71 useAfterTime datetime After time a transmitter is allowed on site 7
72 permitNotes text comments on the permitted transmitter 7
73 eventID integer rfi event identification number 8
74 eventStartFreq double event’s start frequency 8
75 eventEndFreq double event’s end frequency 8
76 measDist double measurement distance to the antenna 8
77 elevel effective radiated power of an event (in dB) 8

78 eirp double equivalent isotropically radiated power of
an event (in dBW) 8

79 polarisation varchar(50) direction in which an event is observed 8
80 occupancyID integer rfi occupancy identification number 9
81 month varchar(50) month for which rfi occupancy is computed 9

82 nights Integer number of events during the nighttime
(after 2 am) 9

83 evening (storms) Integer number of events during the evening time
(before 2 am) 9

84 strong integer number of strong (>10 dB) rfi events 9
85 moderate integer number of moderate (>3 dB) rfi events 9
86 weak integer number of weak (<3 dB) rfi events 9
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Embedded schema in JSON
Document

(A) Intentional transmitter’s data schema in JSON’s key-value pairs
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(A) Culprit transmitter’s data schema in JSON’s key-value pairs

(B) Unknown transmitter’s data schema in JSON’s key-value pairs
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Accumulo’s key-value schema
associated to a single key (rfi001)

key : columnFamily : columnQualifier : value
.....................:....................................
insert rfi001 transmitter : transmitterID rfi1402-0401
insert rfi001 transmitter : txType culprit
insert rfi001 transmitter : category "Electric Fence"
insert rfi001 transmitter : txDescription "Electric Fences at Klipkolk
and Lynxkolk"
insert rfi001 transmitter : txNotes unknown
insert rfi001 transmitter : status operational
insert rfi001 transmitter : startFreq 30
insert rfi001 transmitter : centFreq 35
insert rfi001 transmitter : endFreq 40
insert rfi001 transmitter : bandwidth 20
insert rfi001 transmitter : latitude [-30.438762, -30.584627]
insert rfi001 transmitter : longitude [21.120238, 21.060213]
insert rfi001 transmitter : txLocation [Klipkolk, Lynxkolk]
insert rfi001 transmitter : manufacturer unknown
insert rfi001 transmitter : model unknown
insert rfi001 transmitter : serialNumber unknown
insert rfi001 transmitter : testFacility "Reverb Chamber"
insert rfi001 transmitter : testDate 2013-01-20T00:00:00Z
insert rfi001 transmitter : reportDate 2013-03-27T00:00:00Z
insert rfi001 transmitter : reportURL
https://drive.google.com/file/d/0B2RwlFv0BXHqZTN1QVc5WDJWbGM
insert rfi001 transmitter : reportID M2901-0000-001
insert rfi001 transmitter : reportComp MESA
insert rfi001 transmitter : reportNotes unknown
insert rfi001 transmitter : occupancy unknown
insert rfi001 transmitter : bandCode "B Cast"
insert rfi001 transmitter : bandname "Broadcasting (FM radio)"
insert rfi001 transmitter : MeerKATBand Hera
insert rfi001 transmitter : bandstartFreq 87.5
insert rfi001 transmitter : bandendFreq 108
insert rfi001 transmitter : bandNotes "fm broadcasts happen in this band"
insert rfi001 receiver : receiverID recv001
insert rfi001 receiver : receiverName RTA
insert rfi001 receiver : nChannel 1024
insert rfi001 receiver : bitstream unknown
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insert rfi001 receiver : nAccs 10.50
insert rfi001 receiver : adcType unknown
insert rfi001 receiver : spectrumBits 100
insert rfi001 receiver : rfGain 60
insert rfi001 receiver : bandwidth 200
insert rfi001 receiver : lowFreq 180
insert rfi001 receiver : highFreq 2300
insert rfi001 receiver : rxLocation Karoo
insert rfi001 receiver : rxDirection Horizontal
insert rfi001 permit : permitID RFI1807-0014-001
insert rfi001 permit : rfiNotice "Type A"
insert rfi001 permit : issueDate 01/01/2010
insert rfi001 permit : expiryDate 01/06/2011
insert rfi001 permit : usage "site visits"
insert rfi001 permit : permitType local
insert rfi001 permit : deployDate 01/02/2011
insert rfi001 permit : contactName "Willem Esterhyse"
insert rfi001 permit : contactOrganisation SARAO
insert rfi001 permit : contactEmail westerhyse@sarao.ac.za
insert rfi001 permit : restrictionNo "Zone 0 Within 20m from Antenna"
insert rfi001 permit : restrictionLimited "Zone 1|Zone 2"
insert rfi001 permit : restrictionUnlimited "Zone 3|Zone 4| Zone 5|Zone
6|Zone 7| Zone 8 |Zone 9|Zone 4| Zone 5"
insert rfi001 permit : rfiZoneMap "/home/images/rfizone.png"
insert rfi001 permit : useDayOrNight "day only"
insert rfi001 permit : useBeforeTime 08h00
insert rfi001 permit : useAfterTime 17h00
insert rfi001 permit : permitNotes "More than 20m away from any MeerKAT
antenna, Only during daytime (see curfew times)"

A complete list of key-value schemas associated with a single key (rfi001). The
key can be used to easily retrieve data values of any type, including text, logs,
images/scans, video, and sensor data.
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Java code to execute concurrent
user requests.

import java.io.BufferedReader;
import java.io.IOException;
import java.io.InputStreamReader;
import java.util.concurrent.CountDownLatch;

public class ConcurrentRequestsClass {
private final CountDownLatch thread_start;
private final CountDownLatch thread_end;
private String threadName;

ConcurrentRequestsClass(CountDownLatch th_start, CountDownLatch th_end) {
thread_start = th_start;
thread_end = th_end;

}

public void run() throws InterruptedException {
threadName = Thread.currentThread().getName();
// Waiting for the thread to start
thread_start.await();
//starting the thread/request

for (int testNo = 0; testNo < 15; testNo++) {
try {

String userQuery = "curl -X POST -d b̈darray(filter(
events_object,i>0));¨ http://localhost:8080/bigdawg/query/ -w>>"
+ threadName + ".txt";

// each userQuery is tested 15 times
Process p = Runtime.getRuntime().exec(userQuery);
BufferedReader breader = new BufferedReader(new

InputStreamReader(p.getInputStream()));
String line;
while ((line = breader.readLine()) != null) {

//display the output
System.out.println(line);

}
// Waiting for the process to finish
int exitProcess = p.waitFor();
if (exitProcess == 0) {
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System.out.println("process finished successful");
} else {

System.out.println("process interrupted!");
}

} catch (IOException | InterruptedException e) {
System.out.println(e.getMessage());

}

}

}
}

import java.util.concurrent.CountDownLatch;

public class TestConcurrentRequestsClass {
public static void main(String[] args) {

//Change the number of concurrent requests here
int userRequests = 1;
//latch indicates the one operation needs to complete before

the waiting thread proceeds
CountDownLatch thread_start = new CountDownLatch(1);
CountDownLatch thread_end = new CountDownLatch(userRequests);
//loop to start each user request
for (int x = 1; x <= userRequests; x++) {

Thread th = new Thread(new ConcurrentRequestsClass(thread_start,
thread_end).toString());

th.start();
}
// the command lets each thread to start simultaneously
thread_start.countDown();
try {

// waiting for each thread to finish
thread_end.await();

} catch (InterruptedException e)
System.out.println("user request executed successfully");

}
System.out.println("All requests executed successfully");

}
}

A Java multi-threaded program (ConcurrentRequestsClass and
TestConcurrentRequestsClass) is used to run multiple requests simultaneously. We
manually increase the number of user requests after each test has been repeated 15
times. The same code saves each independent test with a separate file name. No
specific delay is added, as we start multiple requests at the same time.
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Basis Interface (RFI database)

FIGURE J.1: Basic interface: RFI database.

The basic interface uses a web-based tool (Insomnia), also employed in our
API evaluation. The tool allows us to create and save customized queries under
the POST features. Our cURL query is broken into two parts: 1) the query:
http://104.194.101.129:8080/bigdawg/query, and 2) the JSON data. The tool
employs the POST request type to send a query along with the data to the database
server. We select the customize query and only add or exclude attributes in the JSON
structure depending on the requirement of a specific query.
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