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In this work, we investigate existing works on provenance in the streaming
environment. Despite the various reduction techniques proposed for provenance or
stream storage, the storage for whole source and intermediate streams is always
necessary to answer how-provenance (”show me the data and operations that lead to
the output data”). This makes the size of streaming data required for provenance
retrieval unworkably large.

In this work, we investigate a method for manipulating the streams that provides
information to answer how-provenance without pre-determining what information to
keep and what to remove. We look at the Fourier transform (FT) as a tool to encode
portions of the streaming data information for provenance retrieval.

We use a real-world, respiratory streaming use case to highlight the needs for
provenance information. We build our stream reduction model and test it against the
use case. The experiments show that FT can reduce the size of streaming data (in our
demonstration of the technique over the second one-minute time window, it leads to a
15.7 times reduction effect for eligible streams for a streaming application to get the
respiration rate and a 36.6 times reduction effect for eligible streams for a streaming
application to find the best position), yet the utility of the streaming data for
provenance retrieval comes with some limitation. While using the FT technique
doesn’t affect the answerability of the query that requires stream ID but not specific
data (such as PQ1 for the use case), the query that requires examining data content
(such as PQ2 for the use case), and the query that requires contributing operators
(such as PQ3 for the use case), for the query that requires returning the figure of the
stream (such as PQ4 and PQ5 for the use case), it’s possible that there can be some
pattern losses. The post-processing time for respiration sensor data from the second
one-minute window is reasonable enough (0.873 seconds for a streaming application
to get the respiration rate and 2.816 seconds for a streaming application to find the
best position) to support more reactive provenance retrieval which is usually desirable
for stream processing. While there is no significant difference between the medians of
the query time using unreduced streaming data and reduced streaming data for PQ1
which doesn’t require specific data at a 5% significance level, there exists a positive
shift in the median of query time from the query using original data to query using
reduced data at the 5 % significance level for PQ2, PQ4, and PQ5 which requires
reconstruction of specific contributing data. The use of the FT technique doesn’t affect
the query time for PQ3 as the contributing operators can be retrieved from the table
storing the metadata.
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Chapter 1

Introduction

1.1 Motivation

Provenance refers to the information describing the source and the production process
of a product, be it a physical (e.g., a piece of art) or an immaterial object (e.g., an
experimental result) (Moreau et al. (2009)). More specifically in computer science, it
refers to a set of semantic relationships between data and processes which also
includes basic metadata such as timestamp, ownership, description of the data and
processes etc (Allen et al. (2010a); Allen et al. (2011); Allen et al. (2012); Buneman and
Tan (2019)). It is useful in finding the cause of an error, understanding how a result
came into being, and estimating data quality and data reliability (Cheney et al. (2021)).
Use scenarios include, for example, detecting suspicious behaviours in data
collaborations (Allen et al. (2011)), supporting results explainability in earth science
findings (Olaya et al. (2022)), achieving shared understanding in an operational agile
command and control (C2) system (Allen et al. (2012)), estimating biological and
biomedical data quality in life sciences research (Jagadish and Olken (2004)), and so
on. There are plenty of works dealing with provenance capture, storage, and use
within transactional systems, which typically involve a discrete (and relatively
low-rate) request-response style of interaction (Wang et al. (2007)).

However, relatively limited work deals with provenance within the streaming
environment (see Section 2.3). These works can be classified into two main categories
according to when provenance is retrieved: on the fly with the stream processing
result (Chen and Plale (2015); Suriarachchi et al. (2018)) or later when requested (Wang
et al. (2007); Huq (2013); Pouchard et al. (2018)). In this work, we focus on persistent
provenance that can be retrieved later for answering how-provenance (”show me the
data and operations that lead to the output data”. See Section 2.2.1 for query
overview). Several works have dealt with the persistent storage of stream provenance
and reduction strategies are proposed (see Section 2.3.1). Yet despite the various
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reduction techniques presented for provenance or stream storage, the storage for
whole source and intermediate streams is always necessary to answer
how-provenance which makes the size of streaming data required for provenance
retrieval still large.

1.2 Research questions

Given the lack of research into the persistent storage of large amounts of streaming
data from stream processing, this work will investigate a method for reducing the
storage requirement for streaming data, while still retaining its utility for provenance
retrieval.

We consider a technique usually used in signal processing called Fourier transform
(FT). It converts the signal into a series of frequency bins of different magnitudes and
phases. Depending on the nature of the signal, sometimes this process gives back just
a few frequency bins with different magnitudes and phases which significantly
reduces the size of the signal.

Different from a signal which is usually more carefully obtained and processed in an
offline manner, the streaming data can come in various sampling intervals with
different types of data content. Even eligible streaming data that possesses constant
sampling with numerical data content has the intrinsic feature of being processed in
the relatively short time window. This poses yet another challenge to explore whether
implementing FT on the source or intermediate stream can correspondingly support
more reactive stream provenance retrieval.

The aim of the thesis is to explore the applicability of the signal processing technique
-the Fourier transform in reducing streaming data while retaining its utility for
provenance retrieval.

3 research questions are proposed for exploration.

RQ 1 What are the types of provenance questions that users are likely interested in
answering from a streaming application?

RQ 2 Does the well-known signal processing technique -FT provide the ability to
reduce streaming data while also retaining its utility for provenance retrieval?

RQ 3 What is the performance impact of using FT to reduce streaming data for
provenance retrieval?
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FIGURE 1.1: Illustration of thesis structure

1.3 Thesis structure

The remainder of this thesis is structured as follows: Chapter 2 introduces definitions
related to stream processing, literature reviews on provenance, provenance within the
streaming environment, and methods for compressing streaming data. In Chapter 3
we describe the methodology used to answer 3 research questions. In Chapter 4 we
list provenance questions that summarize the use of provenance in answering RQ1. In
Chapter 5 we describe in detail a medical sensing stream use case. Chapter 6 describes
specific provenance needs for the medical sensing stream use case that also answers
RQ1. In Chapter 7 we show how Frourier transform can be used for streaming data to
succinctly store necessary data. This is to answer RQ2. In Chapter 8 we evaluate this
approach in the case of the medical sensing stream to answer RQ 2 and RQ3. Chapter
9 outlines the conclusion and future work. The thesis structure is highlighted in
Figure 1.1.

1.4 Contributions

The main contributions of this work can be summarized as follows:

• Analysis of current stream provenance approaches and their reduction
techniques for provenance or stream storage and the identification of a gap
(shown in Chapter 2)
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• A classification of provenance questions for stream processing system (shown in
Chapter 4)

• A specific analysis of provenance needs for a real respiratory streaming use case
(shown in Chapter 6)

• Design to integrate Fourier transform in streaming data (shown in Chapter 7)

• Comparison between provenance retrieval using original streaming data and
provenance retrieval using reduced streaming data in terms of post-processing
time, storage consumption, the ability to answer provenance questions, and
query time for a medical sensing stream application and its implication (shown
in Chapter 8)
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Chapter 2

Literature review

In this chapter, we first describe definitions related to stream processing in Section 2.1.
In Section 2.2, we introduce definition of provenance, a set of standardised, theoretical
provenance queries, the W3C PROV standard, and capture mechanisms for
provenance along with their strengths and weaknesses. In Section 2.3, we describe
literature on provenance within streaming environment. In Section 2.4, we introduce
methods for compressing streaming data.

2.1 Stream processing

In this section, we give an introduction to streaming data in Section 2.1.1. In Section
2.1.2, we describe what window and stream processor are and extract a list of stream
operators.

2.1.1 An introduction to streaming data

The streaming data in stream processing refers to a real-time, continuous, ordered
(implicitly by arrival time or explicitly by timestamp) sequence of items (Golab and
Özsu (2003)). Arrival time can also be called ingestion time. The sampling interval of
the streaming data can be constant or variable due to, for example, the broken sensor
(using event timestamp) (Vijayakumar and Plale (2006)) or network delay (using
ingestion time) (Huq (2013)), or the nature of the stream such as selling quote for a
store (using event timestamp) (Huq (2013)) (See below in Section 2.1.2 for definitions
for event time and ingestion time). Stream processing is needed in scenarios where
real-time insight is of high value. These application scenarios include stream
processing in the physical environment domain such as meteorology forecasting
(Vijayakumar and Plale (2006)), stream processing in the health care domain such as
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element type
sampling interval

constant variable

numerical temperature measurement
taken at a constant interval
(Huq (2013)); continuous
ECG readings from a cardiac
monitor (Wang et al. (2007))

selling quote for a store (Huq
(2013))

string sentiment log documented at
regular interval; weather re-
port updated regularly

twitter stream from one indi-
vidual

TABLE 2.1: Summary of different types of streams with examples

Symbol Description
Sin input stream
| Sin | the number of data in the input stream
E a single stream record combined of times-

tamp and data element
t timestamp
e data element
W a window in abstraction
|W | size of a window
Wtime time-based window
|Wtime | size of the time-based window
Wcount count window
|Wcount | size of the count window
T′ trigger interval for the time-based win-

dow
N′ trigger interval for the count window
A segment of streaming data that can con-

tain one window or some windows of
streaming data

TABLE 2.2: List of symbols used

health monitoring (Chowdhury et al. (2010)), and stream processing in the social
environment such as the stock market (De Pauw et al. (2010)).

For the clarity of the rest of the thesis, we use notations to denote concepts within the
streaming environment as shown in Table 2.2. We assume the stream elements arrive
in time order. Let Sin be the input stream. We then have Sin = {E1, E2, E3, ...}, where E1

is the combination of t1 (the timestamp of the first element) and e1 (the first element),
E2 is the combination of t2 (the timestamp of the second element) and e2 (the second
element), and so on. The stream Sin can be rewritten as
Sin = {{t1, e1}, {t2, e2}, {t3, e3}, ...}. The elements can be strings, numerical values etc.
We let | Sin | be the number of data in the input stream. Table 2.1 summarizes different
types of streams with examples. The example streams all use event timestamps.
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2.1.2 Window and stream processor

Time-based window

The notion of time is usually discussed before talking about the time-based window
concepts in stream processing. In Apache Flink 1, for example, there are three different
notions of time, viz. processing time, event time, and ingestion time. For processing
time, windows are defined according to the wall clock of the machine that builds and
processes a window. For event time, windows are defined according to timestamps
attached to each event record. For ingestion time, event records are assigned wall
clock timestamps as soon as they arrive in the system and then processed with event
time semantics based on the attached timestamps. We decided that the discussion of
event time and ingestion time is enough for this work. Suppose the time-based
window is sized T (|Wtime |= T) in terms of time. Whether the time points mentioned
above in the stream model are event times or ingestion times, the first time-based
window collects elements whose timestamps sit in the range of [t1, t1 + T). The
difference is that the result computed using event time reflects what has happened for
events happening in history from time t1 to time t1 + T. Whereas the result computed
using ingestion time reflects what has happened in arrival time t1 to t1 + T.

Count window

The count window is defined based on the number of elements within that window.
For example, if the count is fixed as 100, every window will have 100 elements. The
size of the window in terms of time does not matter. Suppose the count window is
sized N (|Wcount |= N) in terms of element number. The first count window will
collect the first N elements, i.e., E1 to EN regardless of the time type.

Tumbling window

The tumbling window dissects a stream into non-overlapping finite sets. A tumbling
window can be a time-based or a count window. If the window is defined as a
tumbling time-based window size T, the second window will collect elements whose
timestamps sit in the range of [t1 + T, t1 + 2T). The result computed using event time
reflects what has happened for events happening in history from time t1 + T to time
t1 + 2T. Whereas the result computed using ingestion time reflects what has
happened in arrival time t1 + T to t1 + 2T. If the window is defined as a tumbling
count window sized N, the second window will collect elements EN+1 to E2N .

Sliding window

Sliding windows are overlapping windows that result in more smoothed responses. A
sliding window can be a time-based or a count window. If the window is defined as a

1https://flink.apache.org/news/2015/12/04/Introducing-windows.html

https://flink.apache.org/news/2015/12/04/Introducing-windows.html
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sliding time-based window sized T with a trigger interval T′ (T′ shall be smaller than
T ), the second window will collect elements whose timestamps sit in the range of
[t1 + T′, t1 + T′ + T). Again the result computed using event time reflects what has
happened for events happening in history from time t1 + T′ to time t1 + T′ + T.
Whereas the result computed using ingestion time reflects what has happened in
arrival time t1 + T′ to t1 + T′ + T. If the window is defined as a sliding count window
sized N with a trigger interval N′ (N′ shall be smaller than N ), the second window
will collect elements EN′ to EN′+N−1.

A stream processor is a task that executes continuously on the incoming data. These
tasks can be defined as database queries or a pipeline of computational entities that
operate on the data (Vijayakumar and Plale (2006)). There are stateful and stateless
processors. A stateful processor requires a state stored to process input and produce
output, whereas a stateless processor does not require a state stored for processing 2

(Wang et al. (2007)).

We extract operators that commonly used in a modern stream processing system
called Apache flink 3, operators appear in properties of Fourier transform (FT) (see
Section 2.4.1.2), some operators from MATLAB that we will use later as the building
blocks for stream processing (see Chapter 5) as listed in Table 2.3.

In summary, stream processing possesses several features: 1)The data being analysed
shall be time-ordered data; 2)The time window for collecting data shall be relatively
short, like some seconds, minutes, or hours; 3) New data are expected to come in
when the processing is going on.

2.2 Provenance

Provenance refers to the information describing the source and the production process
of a product, be it a physical (e.g., a piece of art) or an immaterial object (e.g., an
experimental result) (Moreau et al. (2009)). This is provenance in big concept.

In practice in computer science, provenance refers to a set of semantic relationships
between data and processes. It also includes basic metadata such as timestamp,
ownership, and description of the data and processes. It can also include annotations
such as quality information (Allen et al. (2010a); Allen et al. (2011); Allen et al. (2012);
Buneman and Tan (2019)).

2https://kafka.apache.org/20/documentation/streams/developer-guide/dsl-api.html#

stateless-transformations
3https://nightlies.apache.org/flink/flink-docs-master/zh/docs/dev/datastream/

operators/overview/

https://kafka.apache.org/20/documentation/streams/developer-guide/dsl-api.html##stateless-transformations
https://kafka.apache.org/20/documentation/streams/developer-guide/dsl-api.html##stateless-transformations
https://nightlies.apache.org/flink/flink-docs-master/zh/docs/dev/datastream/operators/overview/
https://nightlies.apache.org/flink/flink-docs-master/zh/docs/dev/datastream/operators/overview/
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Classification Name Description Reference
Data trans-
formation

map takes one element and produces
one element. It involves one
stream. It is stateless.

flink

scaling takes in a stream and scale it in
time by a constant. It involves one
stream. It is stateless.

Section
2.4.1.2

shift takes in a stream and shift it in time
by a constant amount. It involves
one stream. It is stateless.

Section
2.4.1.2

filtfilt functor does zero-phase forward and re-
verse digital IIR filtering. It fil-
ters out the noise and smooths the
stream. It involves one stream. It is
stateless.

MATLAB

Data aug-
mentation

flatmap takes one element and produces
zero, one, or more elements. It in-
volves one stream. It is stateless

flink

Data reduc-
tion

filter evaluates a boolean function for
each element and retains those for
which the function returns true. It
involves one stream

flink

findpeaks functor finds peaks of the stream. It in-
volves one stream. It is stateless.

MATLAB

length returns back the length of the
stream. It involves one stream. It
is stateless.

MATLAB

User-
defined
functors

- functors defined by users -

TABLE 2.3: Summary of different operators

In the context of an application, what will be recorded in provenance is usually
application dependent and motivated by the user’s needs. In one case, people want to
have a comprehensive understanding of the sales figure in the company earning
report that was generated by some source data and some intermediate sales results
from specific regions. Then apart from the source data and the program that was used
to generate the report, programs used to generate the intermediate results may also be
tracked (Buneman and Tan (2019)). In another case where software reproducibility is
of importance, typically, things like the version of the operating system and software
libraries are required to be documented on top of the data and program used for the
experiment (Buneman and Tan (2019)). On a more practical note, for example, in order
to enable detailed debugging needs of the user, use cases were reviewed and extracted
from forums such as the FAQ section on the Orange website prior to the collection of
provenance in Orange 3, an open-source data visualization, machine learning, and
data mining toolkit (Chapman et al. (2021)).
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The choice of granularity for provenance again depends upon the user’s need. The
process can range from a single operator, a function to a whole program (Chapman
et al. (2008)). The data can be as small as a tuple (a row of values in a relational
database) and as big as a document. Chapman et al. (2021), for example, used different
provenance instrumentation techniques containing GUI-based insertion, embedded
within scripts, and via expert hand-encoding to investigate how granularity of data
provenance affects instrumentation costs and query answer-ability. Their analysis
shows that though varied in detail and modelling, the three approaches capture the
same type of information. For query answer-ability, the expert hand-encoding
approach and GUI-based insertion approach can only answer parts of the questions
while the scripts embedded approach can answer all questions since it captures
provenance about specific data changes. For the cost, while the GUI-based approach
may have fewer calls than the script-based approach, it comes with some limitations.

2.2.1 Query overview

We’ve introduced provenance in terms of the big concept, in terms of computer
science, and in the context of an application. And over the years, the provenance
community has identified a set of more standardised, theoretical provenance queries
that execute on the provenance and data collected. For example, why-provenance asks
for the source data that contributes to the output data (Cui and Widom (2000); Cui
et al. (2000)). Why not-provenance attempts to understand why some data are not part
of the result of a query (Chapman and Jagadish (2009); Bidoit et al. (2014); ten Cate
et al. (2015)). How-provenance describes the input data (source and intermediate
data) and the operations that lead to the output data (Buneman and Tan (2019);
Chapman et al. (2020)). Where-provenance tries to identify locations in the source
database from which the data item was copied (Buneman et al. (2001)).

2.2.2 W3C PROV standard

To enable the interoperability of provenance information in heterogeneous
environments such as the Web, a W3C standard, W3C PROV was proposed. It refers
to a set of PROV Documents which defines a model, corresponding serializations and
other supporting definitions (Groth and Moreau (2013)). An illustration of PROV Core
Structures is shown in Figure 2.1.

In PROV, entities can be digital objects such as a web page, physical things such as a
book as well as abstract concepts and ideas. ’An activity is something that occurs over
a period of time.’ Activities can contain a broad range of notions: information
processing activities may be moving digital entities; physical activities can include
printing a book. ’An agent is something that bears some form of responsibility for an
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FIGURE 2.1: PROV core structures (Moreau et al. (2013))

activity taking place, for the existence of an entity, or for another agent’s activity.’
Activities utilize entities and produce entities. A transformation of a pre-existing
entity into a new entity is described as a derivation. Communication between two
activities is written as wasInformedBy. ’Communication is the exchange of some
unspecified entity by two activities, one activity using some entity generated by the
other’. An agent can act on behalf of another agent, each bears some responsibility for
the activity that took place (Moreau et al. (2013)).

PROV, though being an inter-operability standard for provenance, is not a storage
standard for provenance. There are many other ways to store provenance such as
using a relational data model, semi-structured data model, graph-based data model
and so on (Holland et al. (2008); Cheney et al. (2018)).

2.2.3 Capture mechanisms for provenance

In this section, we categorize provenance capture mechanisms according to where the
capture point is placed and where the provenance is captured from. Section 2.2.3.1
introduces capturing provenance at the coordination point. Section 2.2.3.2 describes
capturing provenance from an application. Section 2.2.3.3 introduces capturing
provenance from execution snapshot. Section 2.2.3.4 describes work that combines
different capture mechanisms.
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2.2.3.1 Capturing provenance at the coordination point

Coordination points between multiple systems or programs in an operating system
are generally considered the most efficient place to capture provenance. They serve as
coordinators and negotiators on top of different systems or programs and can
therefore provide a wide breadth and coverage of provenance (Allen et al. (2012)).
Typical examples of coordination points include Enterprise Service Bus (ESB), UNIX
kernel, and so on. Detailed descriptions and analyses of such examples are listed as
follows.

i) Capturing across machines

In almost every distributed system, there exists a point of coordination which connects
different systems or applications. In the client-server case, for example, the point of
coordination is the server (Allen et al. (2010b)). We present a few possible places for
capturing cross-machine provenance.

Example 1: enterprise service buses

‘An enterprise service bus (ESB) is an abstraction on top of a common messaging
architecture.’ It allows multiple applications to be coordinated by routing and
sequencing messages between those applications (Allen et al. (2010b)).

Proof-of-Concept Example: The Mule ESB (Allen et al. (2010a); Allen et al. (2010b))

By using the Mule ESB as a test bed, the IM-PLUS project has demonstrated the
feasibility of provenance capture through ESBs.

In this approach, Mule’s ”Envelope Interceptors” were added to each of the services
configured on the Mule ESB. The MULE Capture Agent (MCA) uses MULE’s
”Envelope Interceptor” to form provenance graph. It also has access to MULE’s
metadata relevant to service invocations, adding richer information to the node.
Finally, MCA uses several techniques to introspect into messages when future
provenance queries might need it.

The advantage of this approach is that no underlying application modification or user
knowledge is needed. Also, no modifications to the capture mechanism are needed as
applications evolve over time.

The drawback, as with all coordinating point capture mechanisms, is that applications
are treated as ”black boxes”. This may limit the fidelity of analyses that this type of
collection can provide.

Example 2: the Ozone Widget Framework (OWF) (Allen et al. (2012))

‘The Ozone Widget Framework (OWF) is a messaging framework that allows
applications, called widgets, to be run within a web browser.’ It is used within the
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Intelligence Community for providing application and data resources built and
released by any organization to analysts. The OWF provenance collector thus provides
opportunities to capture provenance about interactions across different organizations.

There are three possible methods for a widget developer to access data or processes in
a web environment. The OWF thus presents a challenge for provenance capture:
finding appropriate points to insert provenance collection calls.

Despite that, all three capture methods corresponding with the three accessing
methods would be scalable with dozens or hundreds of different applications on top
of OWF.

Example 3: web proxy

‘In computer networking, a proxy server is a server application that acts as an
intermediary between a client requesting a resource and the server providing that
resource’ 4. As a result, a proxy is able to see all data requests sent from the client, as
well as the response. This makes it a potential place to put provenance capture points
for tracing public data use.

This method can offer interesting information concerning who owns the data, or
whether the data comes from untrusted sources.

One drawback of capturing provenance within a web proxy is that it does not offer
much detail on the nature of the processes running on remote web servers, other than
their names, inputs and outputs (Allen et al. (2012)).

Example 4: workflow system

A workflow system is a highly specialized system owning a defined sequence of tasks.
’The workflow system controls the calling of processes and the access of data.’ Thus
placing provenance capture points within the workflow system itself enables us to see
all – particularly environmental parameters to which other capture methods may not
have access (Allen et al. (2012)).

ii) Capturing in a single OS on a single machine

In a single machine, a similar approach can be used for capturing provenance by
observing interactions between programs in the operating system. Below we list an
example OS-level capture solution.

Example 1: Provenance-Aware Storage Systems (PASS) (Muniswamy-Reddy et al.
(2006))

PASS modified the Linux kernel. A collector generates a provenance record for each
provenance-related system call and binds the record to the appropriate structure.

4https://en.wikipedia.org/wiki/Proxy_server#cite_note-1

https://en.wikipedia.org/wiki/Proxy_server##cite_note-1
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This approach has the advantage of seeing everything that occurs in the file system.
There is no need to make applications provenance-aware.

However, it has several disadvantages: 1)it is not possible to automatically collect
provenance when data originates from a non-PASS source, such as a user, another
computer, another file system that is not provenance-aware, or files that are
transmitted across the net. 2)provenance can be quite low-level and contains possibly
uninteresting information such as intermediate file read and writes (Allen et al.
(2012)).

2.2.3.2 Capturing provenance in a single application

Capturing provenance from coordination points typically observes the interactions
between different applications. It does not log how a single application accomplishes
its individual task. However, in some scenarios where richer and more interesting
domain-specific analyses are desired, it is worthwhile to modify the individual
application to generate more detailed provenance. The downside of this approach is
that it can be very labour-intensive. Further modifications are also required as
applications evolve over time. In addition, application modification is not always
workable since the access to application source code is not often available. We list an
example approach as follows.

Example 1: RDataTracker (Lerner and Boose (2014))

RDataTracker is an R library that supports the collection of data provenance from
executed R script. It relies upon two basic techniques. First, the user adds calls to
functions defined in the RDataTracker library. Second, the called functions utilize the
capabilities that R provides for examing runtime state, including the call stack and
variable bindings, thus capturing more detailed information.

2.2.3.3 Capturing provenance from execution snapshot

All the above approaches assume that provenance capture is implemented during
execution, which can introduce a certain amount of overhead. A different approach is
to extract provenance from the execution snapshot after a program is finished. The
advantage of such a strategy is that it keeps down the runtime overhead.
Furthermore, it enables provenance capture to be performed after analysis needs are
better known. However, the granularity of the provenance that this type of capture
can offer is pre-determined and may not be suitable for later analysis. The following
sections detail examples of such approaches.

i) Capturing from the memory snapshot
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Example 1: PROV2R (PROVenance Record and Replay) (Stamatogiannakis et al.
(2017))

In this approach, an execution trace is generated as raw material for iterative
user-defined provenance capture and analysis. The concrete implementation stages
are as follows: 1)execution capture: an execution trace (an even lower semantic level
than the kernel) is recorded. 2)application of instrumentation: an instrumentation
plugin is selected based on the goal of the analysis to process the execution trace and
generate a provenance graph. 3)provenance analysis: ’the user interrogates the
provenance graph using a query language to focus on, and/or select portions of the
graph.’ 4)selection and iteration: ’based on the provenance analysis, the user can
select a portion of the execution trace on which to apply additional, more intensive,
instrumentation. To do this, the user starts again from stage 2.’

All execution was done on a single machine in the scenario proposed by the authors.
They did, however, describe possible ways to apply their approach to the distributed
setting. The idea is that execution traces of distributed machines will be sent to a
central provenance store. ’Execution traces of interest can be replayed at the
provenance store’ and ’the provenance generated by distributed machines can be
connected through a number of possible mechanisms.’

The strengths of this approach lie in that: 1)decoupling provenance capture and
analysis from execution keeps the runtime overhead at manageable levels. 2)it enables
provenance capture to be performed after analysis needs are better known. 3)it offers
unparalleled flexibility in the types of provenance analyses that can be used.

ii) Capturing from log file

The information contained in a program’s execution log is in many ways similar to
provenance information. Therefore it should not be neglected as a potential source for
provenance information. Generating provenance from log files generally involves a
log file parsing program (Allen et al. (2010b)).

Example 1: Git2PROV (De Nies et al. (2013))

De Nies et al. (2013) came up with the idea of mapping versioning of data from the
version control system (VCS) to provenance information. They built a lightweight
RESTful Web service to demonstrate the idea.

2.2.3.4 Combination of different capture methods

Rupprecht et al. (2020) present URSPRUNG, a transparent provenance collection
system which combines provenance collected from the underlying compute and
storage system (e.g., OS and file system) with application-specific provenance
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Main capture method Main advantage Main disadvantage
Capturing at the coordination point wide breadth of provenance little knowledge about the in-

ternal of individual applica-
tion

Application modification more detailed provenance labour-intensive; source code
not always available

Execution snapshot reduce runtime overhead pre-determined granularity

TABLE 2.4: Comparison of different capture mechanisms

information, collected through a rule-based language. The event aggregation model in
URSPRUNG can aggregate lower-level events into higher-level semantics relevant to a
user.

2.2.3.5 Summary of provenance capture

The choice of provenance capture approaches largely depends on the requirements of
the project at hand. Still, there are some general observations on making good choices.

The most promising and general place to capture provenance is the coordination
point. When more specific domain provenance is required, application modification
for provenance should come in place. Finally, when application source code is not
available or when capturing during run time introduces too much overhead, it is
worth considering capturing provenance from the after-the-fact execution snapshot.

We summarize the main advantages and disadvantages of different capture
mechanisms in Table 2.4

2.3 Provenance within the streaming environment

Vijayakumar and Plale (2006) first tried to tackle the sub-problem of provenance of
stream in the physical environment domain such as the atmosphere, soil, ocean etc.
The goal of their work is to use provenance to partially account for the inaccuracies
caused by things like when radars go down in the unpredictable physical
environment. To them, the communication between the internal components of the
stream filtering system is not as important as the provenance for each stream and the
filters that execute on the streams.

The authors listed several challenges provenance collection will impose on stream
filtering system to motivate a data model and a collection model for stream
provenance tracking.
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They identified the smallest unit (granularity) for provenance collection. They would
like to trace the source of events in derived streams back to the events of input streams
without identifying every events individually. They decided to put the capture place
in the filters because they are internal to the system. They anticipated that this will
impose a low overhead compared with collecting provenance for data stream. The
filters being discussed can be dynamically deployed and are subjected to
re-configuring on the fly. For example they can change to approximation mode when
encountering missing stream.

Figure 2.2 shows a sample provenance document for a derived stream. It contains
basic information about the stream, its input streams, and changes happened to the
stream.

They discussed provenance collection model in the context of Calder grid-based
stream processing system. In their system, each stream consists of a sequence of time
ordered events and each event is associated with a timestamp. Users register the base
streams and filter queries by invoking the provenance service. Registration of derived
stream is made by the system when a new query is submitted. After that, information
is only logged whenever changes happens (e.g., filter mode changes). A derived
stream can then trace back to its input stream and filters. They argued that this type of
provenance can support deducing the accuracy of the derived stream events given a
well-defined formula in a particular domain.

They then discussed a meteorology forecasting project and its provenance service.

The pros of the provenance approach are: 1) it is fitted for documenting dynamically
deployed filters; 2) it incurs low storage overhead.

The con of the provenance approach is that it can not identify dependency for
individual data elements.

The limitation of the work lie in: 1)window concept is not discussed in the paper; 2)
the notion of time is not discussed in the paper; 3) the paper is vague about how a
particular set of events can be traced back to the events that caused it.

Wang et al. (2007) proposed a simple Time-Value Centric (TVC) provenance model in
order to validate the processing logic or perform fault-diagnosis in the case of
anomalies in the context of healthcare IT infrastructure.

Being aware of the limitation of the work of Vijayakumar et al. in which only the
dependency relationships among streams instead of elements are stored, they came up
with a model that can identify the dependencies for data elements. In the model, each
output data element must have a well-defined timestamp and be associated with a
stream possessing a stream ID and a PE (processing element) ID. The author of a PE is
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FIGURE 2.2: Sample provenance document for a derived stream in XML format (Vi-
jayakumar and Plale (2006))

responsible for manually specifying the IDs and logic of each rule block. Such rule
blocks are stored in the provenance storage subsystem.

In order to retrieve the input data that a specific output data depends on, first the
”rule dependency” block associated with the output data will be retrieved. The stream
IDs will be determined by resolving the dependency and a SELECT query will be
issued to retrieve the data possessing the relevant stream ID and having a timestamp
within the corresponding time window.

The pro of the provenance approach is that it can identify dependency for individual
data elements.

The cons of the provenance approach are: 1) it is not applicable for operators whose
dependency rule can not be predefined; 2) the internal logic of PE is unknown.

Misra et al. (2008) carried out an initial implementation with a TVC-based provenance
solution for Century, a health IT infrastructure. One of the challenges revealed from
their experience is the storage load of storing both external and intermediate streams.
They then proposed a new approach called Composite Modeling With Intermediate
Replay (CMIR) that does not require persistence of all intermediate streams. However,
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to the best of our knowledge, there is no follow-up implementation of the CMIR
model.

Sansrimahachai (2012) aims to address a form of ”why provenance”. He first designed
a fine-grained provenance model. Then he devised inverse functions (stream ancestor
functions) for common stream operation: Map, Filter, Sliding time window, Length
window, Time-window join, and Length-window join to return the provenance of a
certain stream processing result. He further introduced optimized stream ancestor
functions to reduce the stream storage by cutting the content of intermediate streams
and only maintain the first input events. Fine-grained provenance can be obtained
using stream ID, the temporal time order, and the business logic of processing
operations. He proposed persistent provenance storage as well as a novel
on-the-fly-tracking mechanism for provenance. (Sansrimahachai et al. (2012);
Sansrimahachai et al. (2013) )

We only discuss the persistent approach here. Though the approach can reduce stream
storage, it is done by cutting the content of intermediate streams. Thus the approach
can only address why-provenance but not how-provenance.

Huq (2013) assumed that the stream processing infrastructure utilizes processing time,
he came up with a suite of inference-based methods to infer fine-grained data
provenance for stream addressing different execution environments at reduced
storage cost. His work took system dynamics such as processing time and sampling
interval into consideration.

For the basic provenance inference method, Huq documents the workflow
provenance (prospective provenance - what is planned to happen instead of what
actually happened (Allen et al. (2011))) before the actual execution of stream
processing. Figure 2.3 shows an example of such workflow provenance. During
execution, each tuple is associated with a transaction time. The processing delay of a
processing element is observed beforehand. Thus the output tuple can be linked to the
input tuple(s) that contribute to it. They argue that through this approach, the
outcome result can be validated with high accuracy (Huq et al. (2011)).

Figure 2.4 and Figure 2.5 together show how provenance is actually computed with a
project operator. The sampling interval is 2 time units. We thus have t1, t3, t5 until t9
as input. The window size is 3 tuples which means that 3 tuples are taken to produce a
set of results. Since the processing delay is 1 time unit, we have 3 tuples timestamped
t6 as output. The operator is triggered after the arrival of 1 tuple.

For backward computation, in order to know what window of tuples contribute to the
chosen tuple, a simple formula ’upperBound = re f erencePoint− processingDelay’ is
used. In this case, upperBound = 8− 1 = 7. Since the size of the window is 3 tuples,
we thus conclude that the window containing t3, t5, and t7 contributes to t8.
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FIGURE 2.3: Example of the explicated workflow provenance (Huq et al. (2011))

FIGURE 2.4: Backward computation (Huq et al. (2011))

For forward computation, since the chosen tuple is in the second position, we thus
conclude that t5 contributes to the chosen tuple. Forward computation is subjected to
the logic of the operator.

Huq then further proposed the probabilistic provenance inference method and the
multi-step probabilistic provenance inference.

This work resembles the TVC work to some extent, but it did better in that there is
more detailed documentation of operators compared with TVC work.

Glavic et al. (2014) use tuple-identifiers (TID) to identify the tuples in the form of
stream-id: tuple-id. They then modify the behaviour of operators to generate and
propagate these TID through several operators of a query network. They propose two
provenance generation and retrieval methods (eager vs. lazy). For the eager method,
they propose 3 provenance compression methods namely interval encoding, delta
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FIGURE 2.5: Forward computation (Huq et al. (2011))

encoding, and generic dictionary compression. Provenance here can be used for
diagnosis and assurance, revision process, and query debugging.

The pro of operator instrumentation used in their work is that non-determinism can
be handled in a natural way.

Chen and Plale (2015) identify the large volume of provenance in scientific
experiments that run continuously for extended periods. They envision a solution that
processes Big Data provenance as it is generated to provide real-time results. Thus no
provenance data needs to be stored. They further propose the idea to store the
processed provenance inside a temporal sliding window and through the internal
state maintained in memory.

The pro of such a solution is that it incurs minimal storage.

The con is that it may not be suited for stream application that requires long-term
storage for later retrieval.

Pouchard et al. (2018) reduce provenance data by storing only all the provenance and
a detailed trace for a time window of interest before the detected anomalies, an
approach they called prescriptive provenance.

The pro of their solution is that it strikes a balance between storage and utility for
provenance.

The limitation is that this approach may constrain the type of application it can
support (i.e., anomaly detection).

Suriarachchi et al. (2018) target at dealing with infinite provenance streams generated
continuously from stream processing data-intensive computation (DIC). They thus
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came to the recognition of the need for on-the-fly processing of provenance which is
similar to the idea coming from the work of Chen and Plale (2015). Their proposed
stream processing algorithm that processes fine-grained provenance is able to reduce
provenance, preserve backward and forward provenance, and handle provenance
events arriving out-of-order.

Gordani Shahri et al. (2021) identify the unwanted computational power and memory
consumed of provenance for streaming applications when no event of interest requires
it. They thus come up with the idea to activate/deactivate provenance recording
based on user-defined rules. They present Twins, a new adaptive provenance tool
built on top of Apache Flink and GeneaLog. Their result shows that Twin’s
performance resembles the query that never records provenance when its provenance
is inactive. It resembles the query that always records provenance when its
provenance is active (Erlandsson and Gordani Shahri (2021)).

2.3.1 Summary and the gap

The work of Misra et al. (2008) and Chen and Plale (2015) are excluded from the
discussion and comparison for different stream provenance approaches as they are
envisioned ideas.

Apart from Suriarachchi et al. (2018) who provide one pass provenance result in real
time, all other works retrieve provenance after their provenance and streams are being
stored in persistent storage. We will discuss different reduction techniques for
provenance or stream storage for these works as this work intends to deal with
persistent provenance for stream.

A table that summarizes reduction techniques for works that maintain persistent
provenance storage is presented in Table 2.5.

As it is shown, there is no reduction technique for either the stream or provenance for
the work of Wang et al. (2007) as it is not the focus of their work. The focus of their
work is to get fine-grained provenance for medical event streams. Pouchard et al.
(2018) and Gordani Shahri et al. (2021) reduce provenance storage by selecting some
specific time of interest for collection. Vijayakumar and Plale (2006) reduce
provenance by documenting coarse-grained provenance for the stream. This contains
changes to the streams and filters with their corresponding duration. Sansrimahachai
(2012) reduce stream storage by removing intermediate streams. Glavic et al. (2014)
reduce provenance information by compressing provenance representations. Huq
(2013) reduce provenance storage by pre-observing system dynamics to infer
provenance, but this reduction technique is limited to be applied to provenance that
uses processing timestamp.
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Work Reduction technique
Vijayakumar and Plale (2006) Documenting coarse-grained provenance which con-

tains changes to the streams and filters with their cor-
responding duration

Wang et al. (2007) No
Sansrimahachai (2012) Cutting content for the intermediate streams
Huq (2013) Observing system dynamics beforehand to infer fine-

grained provenance using processing time
Glavic et al. (2014) Compressed provenance representations
Pouchard et al. (2018) Collecting provenance only for a time window of in-

terest preceding the detected anomalies
Gordani Shahri et al. (2021) Activating provenance recording for a specific time

based on user-defined rules

TABLE 2.5: Different reduction techniques for work maintaining persistent stream
provenance storage

Despite various reduction techniques proposed for provenance or stream storage, the
storage for whole source and intermediate streams is always necessary to answer
how-provenance. There is a lack of the reduction technique that reduces source and
intermediate streams.

2.4 Methods for compressing streaming data

In this section, we introduce Fourier transform, wavelet transform, and compressed
sensing in Section 2.4.1, 2.4.2, and 2.4.3 respectively.

2.4.1 Introduction to Fourier transform

The Fourier Series (Zheng et al. (2011)) takes a continuous periodic signal in time (its
period is T1. Its radian frequency w1 = 2π

T1
. Its frequency f1 = 1

T1
) and decomposes it

into the sum of a constant and a series of sines and cosines like this:

f (t) = a0 + ∑∞
k=1(akcos(kw1t) + bksin(kw1t))

where f (t) represents the original signal and k is a positive integer.

A Fourier transform (FT) (Zheng et al. (2011)) is implemented on a more generalized
form of the above signal (including periodic and non-periodic signals). It calculates
the coefficients at each particular frequency. To do that, the FT calculates the
correlation between the original signal and analyzing function, the sinusoids:

X(w) =
∫ ∞
−∞ x(t)e−jwtdt

where x(t) represents the original signal and X(w) is the spectrum function of x(t).
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In reality, though, an analogue to digital converter cannot sample continuously. So
what we have eventually is a set of discrete samples. In order to conduct Fourier
transform on such samples, Discrete Fourier Transform (DFT) (Smith (2007)) is used:

X(wk) = ∑N−1
n=0 x(tn) · e−jwktn

where

tn = nT, Ω = 2π
NT , wk = kΩ

N represents the number of the samples. T represents the sampling interval (sec). tn is
the nth sampling instant. Ω is the radian-frequency sampling interval. wk is the kth
frequency sample.

Different from the continuous Fourier Transform which calculates the coefficient of
any frequency we want, the DFT calculates coefficients of a set of frequency bins
which are determined by the sampling frequency and the number of samples. The
DFT assumes the sampled signal contains full period(s) from some periodic signal.
When having fewer samples than the full period(s) of that periodic signal, windowing
is introduced to deal with that (see Section 2.4.1.1). The disadvantages of the DFT can
include picket-fence, leakage, and aliasing effects (see Section 2.4.1.1) which are most
significantly manifested in the Fourier analysis of mixed-structure signals (Alexey and
Olga (2020)).

The inverse Discrete Fourier Transform (IDFT) (Smith (2007)) converts the signal
back from the frequency domain into the time domain. The IDFT is given by:

x(tn) =
1
N ∑N−1

k=0 X(wk) · ejwktn

where n = 0, 1, 2, ...N − 1

Note that a continuous-time signal needs to be uniformly sampled at the
minimum-sampling rate so that the original signal can be reconstructed by these
samples. This is often referred to as Shannon’s sampling theorem (Lai (2003)).

To compute DFT directly from the definition is often too slow to be practical, thus a
fast implementation of DFT called fast Fourier transform (FFT) came into being 5.

2.4.1.1 An Introduction to Windowing

The FFT is performed on a finite set of data. Since for the FFT, both the time domain
and the frequency domain are circular topology, the two endpoints of the time
waveform are interpreted as if they were connected together. When the measured

5https://en.wikipedia.org/wiki/Fast_Fourier_transform

https://en.wikipedia.org/wiki/Fast_Fourier_transform
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signal is periodic and an integer number of periods fill the time interval, the FFT gives
back neat spectrum line(s).

However, when the measured signal does not contain an integer number of periods,
the two endpoints are discontinuous. This causes the fine spectral line(s) we get by a
FFT to spread into a wider spectrum. This phenomenon is known as spectral leakage.

We can use a technique called windowing to minimize the effects of performing FFT
over a non-integer number of periods. By multiplying the time record with a
finite-length window with an amplitude that varies smoothly and gradually towards
zero at the edges, the endpoints of the waveform meet.

There are different types of window functions we can apply depending on the signal.
To choose a window function, we must estimate the frequency content of the signal.

The Hanning (Hann) window can satisfy 95 percent of cases. It has good frequency
resolution and reduced spectral leakage. We can apply the Hann window even if we
do not know the nature of the signal.

Different from the Hann window, the Hamming window does not quite reach zero at
both ends and has a slight discontinuity in the signal. It thus does a better job of
cancelling the nearest side lobe but a poorer job of cancelling any others.

The Blackman-Harris window is similar to Hamming and Hann windows. It results
in a wide peak, but good side lobe compression. There are two main types of these
windows——the 4-term Blackman-Harris window and the 7-term Blackman-Harris
window.6

2.4.1.2 Properties of the Fourier transform

The Fourier Transform has a set of properties as follows 7. We let the Fourier
Transform of g(t) and h(t) be G( f ) and H( f ) for all the equations listed below.

Linearity of Fourier transform

The Fourier Transform is a linear transform. The Fourier Transform of any linear
combination of g(t) and h(t) can be found:

F{c1g(t) + c2h(t)} = c1G( f ) + c2H( f )

where c1 and c2 are any constants (real or complex numbers).

Shifts property of the Fourier transform

6https://download.ni.com/evaluation/pxi/Understanding%20FFTs%20and%20Windowing.pdf
7http://www.thefouriertransform.com/transform/properties.php

https://download.ni.com/evaluation/pxi/Understanding%20FFTs%20and%20Windowing.pdf
http://www.thefouriertransform.com/transform/properties.php
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The Fourier Transform of g(t) with time shift is:

F{g(t− a)} = e−i2π f aG( f )

where a is a real number.

Scaling property of the Fourier transform

When the function g(t) is scaled in time by a constant c, the resultant Fourier
Transform will be:

F{g(ct)} = G( f
c )
|c|

Derivative property of the Fourier transform (differentiation)

The Fourier Transform of the derivative of g(t) is given by:

F{ dg(t)
dt } = i2π f · G( f )

Convolution property of the Fourier transform

The convolution of two functions in time is defined as:

g(t) ∗ h(t) =
∫ ∞
−∞ g(τ)h(t− τ)dτ

The Fourier Transform of the convolution of g(t) and h(t) is given by:

F{g(t) ∗ h(t)} = G( f )H( f )

Modulation property of the Fourier transform

If two functions g(t) and f (t) are multiplied in time, the Fourier Transform of the
product is:

F{g(t)h(t)} = G( f ) ∗ H( f )

2.4.2 Introduction to wavelet transform

The wavelet transform differs from the Fourier transform in that it approximates a
signal using a sum of short waves called wavelet.

There are an infinite number of different wavelets which are characterized by compact
support. Another characteristic of a wavelet is that the average of the wavelet itself
must be zero 8.

A wavelet transform multiplies the signal by a wavelet analyzing function. It outputs
a 2 by 2 matrix of coefficients which are identified by the scale and translation:

8https://paos.colorado.edu/research/wavelets/wavelet2.html

https://paos.colorado.edu/research/wavelets/wavelet2.html
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X(a, b) =
∫ ∞
−∞ x(t)Φ∗a,b(t)dt

The disadvantages of the DISCRETE wavelet transform (DWT) include shift
sensitivity, poor directionality, and lack of phase information (Fernandes et al. (2003)).

2.4.3 Introduction to compressed sensing

Compressed sensing can be used to reconstruct a signal when it has been sampled
significantly below the Nyquist rate. 9 There has been varying degrees of success in
accelerating MRI acquisition Magnetic resonance imaging (MRI) with this technology
(Jaspan et al. (2015)).

One of the conditions required for possible recovery is sparsity. The signal is required
to be sparse in some domains 10.

9https://www.sciencedirect.com/topics/computer-science/compressed-sensing
10https://www.sciencedirect.com/topics/computer-science/compressed-sensing
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Chapter 3

Methodology

3.1 Categorize uses of provenance from past literature

An initial observation of work from Section 2.3 shows that there is no major difference
between the use of provenance in a stream processing system and that in the
transactional system. Thus we plan to return to the basis where provenance usage for
the transactional system is more systematically categorized in past literature and from
the provenance use cases proposed by the W3C provenance incubator group 1 that
stream provenance usage can draw from. After categorizing the provenance usage for
transactional system, we will then analyze in more detail how works on stream
provenance from Section 2.3 fit into this categorization. This categorization will also
be useful for us to come up with a set of reasonable provenance questions for the
streaming use case gathered later.

This is later shown in Chapter 4. This will partially answer RQ1.

3.2 Understand the provenance need for real streaming use
case

To start with, the appropriate streaming use case should be gathered. We expect the
source code of the streaming application to be fully available. We’ve collected a
real-world, respiratory use case that calculates respiration rate using a small,
lightweight respiration sensor from an NIHR i4i project titled ”Continuous respiration
monitoring using a novel, wearable capaciflector sensor for early detection of distress,
enabling quicker intervention for improved patient outcomes” (grant number:
NIHR202107) where Professor Neil M White is the principal investigator. This use

1https://www.w3.org/2005/Incubator/prov/wiki/W3C_Provenance_Incubator_Group_Wiki

https://www.w3.org/2005/Incubator/prov/wiki/W3C_Provenance_Incubator_Group_Wiki
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case is developed by Neil M White and Omar Emara deriving from the work of White
et al. (2017). The provenance need for the use case can be identified with the following
methods:

1)Literature review

The provenance need of the application can be drawn from studying literature that
deals with similar issues around the provenance need for the healthcare domain.

Whittemore et al. (2014) pointed out the importance of identifying the purpose and
assessing the quality of the studies in the literature review.

Our purpose here is to specifically focus on the provenance need within the health
care context of various work. We intend to include works that contain a more realistic
health context. We locate the work of Wang et al. (2007) as the early stage where the
need for provenance for the medical stream within the healthcare context was raised
and trace backwards and forward to the more current age.

2)Interviewing and seeking expert opinions

The provenance need can be derived by interviewing and seeking expert opinions
(Cheney et al. (2018)). As with Cheney et al. (2018) who identified provenance use
cases through interviewing individuals from related sectors, I list the experts and the
topics for discussion as follows.

The expert I’m going to seek opinions from is Professor Neil M White who is the
primary investigator of the use case and has associations with the clinician and
technician. The discussion I’m going to initiate revolves around the provenance needs
of various stakeholders such as the clinician and technician during his interaction with
them. Another expert to seek opinions from is Professor Age Chapman who is
well-versed in provenance research. I’m going to seek her opinions on the general
provenance needs for the use case.

These will be conducted by introducing the related background knowledge through
presentation or talking verbally, initiating discussion on provenance needs for the use
case, and collecting opinions from both experts.

For professor White specially, provenance needs can be drawn from experience during
his interaction with clinicians at University Hospital Southampton.

3)Studying provenance question classification

We are going to come up with the provenance usage classification as described in
Section 3.1. The provenance need of the application can be identified by studying and
analyzing its applicability to the application.
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By working through a real use case, we will get a better understanding of the types of
provenance questions users are interested in answering from a streaming application.

This is later shown in Chapter 6. This can also answer RQ1.

3.3 Design a new approach to post-process streaming data

We will create a theoretical model for streaming data reduction based on the Fourier
transform. We will analyze the model to get an understanding of the situations when
the technique can reduce the size of streaming data.

Then we will create implementation details for embedding the model in the context of
the streaming environment. The stream used in our streaming environment will be as
generic as described in Section 2.1.1. The window used will be the time-based,
tumbling window using event time. We plan to use the works of Wang et al. (2007)
and Huq (2013) to come up with the original fine-grained provenance tracking
component added upon the streaming environment to be compared with the
provenance approach that has the same ’backbone’ but uses reduced streaming data
record created by FT. We will analyze the input and output of different operators to
identify the stream that can be applied with the FT technique. Finally, we will show
how to retrieve contributing data using the original streaming data and the reduced
streaming data record.

The analysis of the model and utility of the reduced streaming data for provenance
retrieval will provide the answer to RQ2. (This is later shown in Chapter 7).

3.4 Test the goodness of the approach

The respiration sensor data we have at hand was collected from one of the volunteers.
To get the data, a relaxation oscillator (containing a capacitive reflector used as a
respiration sensor) is placed on the chest of the volunteer (there will be 4 relaxation
oscillators placed on both sides and chests of the volunteer to get 4 channels of
respiration data). A digital signal is produced after some breathing cycles. The digital
signal is then fed into LabVIEW through the NI driver. The LabVIEW software
processes the digital signal and produces respiration sensor data (White and Emara
(2019)). The respiration data is not patient data, thus no ethical approval is required.
The window used is the time-based, tumbling window using event time as described
in Section 3.3. The original respiration rate processor is a MATLAB App. We plan to
extract codes from MATLAB App to create MATLAB scripts that correspond to
different stream use cases as listed in Chapter 5 in order to make it easier to compare
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provenance retrieval using original streaming data with provenance retrieval using
reduced streaming data. We are using MATLAB here even though it is not specially
designed for stream processing for several reasons. Firstly, the focus of this work is on
the post-processing of the streaming data instead of dealing with issues around
real-time processing. Secondly, since the original respiration rate processor is a
MATLAB App, we would like to ensure software coherence.

Since the scripts we have will be pretty much applications. We plan to capture
intermediate streams for later provenance retrieval according to application
modification from Section 2.2.3.2 and from memory from Section 2.2.3.3. We will first
study the topology of the stream processing chain and denote the stream and operator
with the stream ID number and operator ID number. Huq (2013) extract stream
processing chain topology (what he called workflow provenance) for Python
programs automatically. A similar approach to extract stream processing chain
topology for MATLAB scripts can be achieved by using YesWorkflow tool (McPhillips
et al. (2015b); McPhillips et al. (2015a)). We plan to use it to visualize the stream
processing topology and denote the stream and operator with the stream ID number
and operator ID number. Then we will code the stream processing topology into the
MATLAB scripts. The operator metadata such as operator ID, operator name, and
input stream ID is then stored in the excel table for later provenance retrieval. To get
fine-grained provenance using original streaming data, we will add the operator ID to
each intermediate stream that comes out of a functor and store intermediate streams to
enable contributing data retrieval later.

To post-process the streams stored using FT, firstly we will make sure that the segment
of the source stream is eligible to be applied with FT. Then we will study the topology
of the stream processing chain to decide on streams that can be applied with FT. After
that, we apply the FT on the eligible streams, observe their spectrums, and store
information about the major spectral line(s).

3.4.1 Metrics

To test the goodness of provenance approach using reduced streaming data with FT in
comparison with the fine-grained provenance approach using original streaming data,
we come up with a set of metrics.

We will use the storage metric to compare the storage consumption for the streaming
data and reduced streaming data using FT.

Storage. The storage for the stream segment(s) contains the timestamp, data content,
and operator ID(s) attached (if there is any) for the stream segment(s) in discussion.
The storage for reduced stream segment(s) using FT contains the start time, sampling,
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end time, frequency bins and their corresponding magnitudes, phases, offsets, and
operator ID(s) attached (if there is any) for the stream segment(s) in discussion.

We will use the usability of the streaming data to answer provenance questions as the
metric for evaluating the utility of the streaming data (this metric is adapted from
Chapman et al. (2021)). Instead of reviewing whether the provenance questions can be
resolved by the provenance captured, our focus is on reviewing whether the
provenance questions can be resolved using the original streaming data and the
reduced streaming data since the provenance retrieval technique we use will be the
same which will be achieved utilising streams stored and the table containing
operator metadata).

Provenance questions answerability. The provenance questions answerbility reflects
the utility of the streaming data or the reduced streaming data in answering
provenance questions.

With the storage metric and the usability of streaming data to answer provenance
questions, RQ2 can be answered.

To evaluate the performance impact of using FT on streaming data for provenance
retrieval as stated in RQ 3, we come up with post-processing time and query time to
answer provenance questions as metrics.

Since FT is deployed after streams are stored, we would like to know the time takes
for that implementation. We plan to run the experiment 30 times to calculate the
average time takes for that implementation.

Post-processing time. The post-processing time represents the average time to apply
FFT on stream segment(s) and time to store information about the FT record(s).

We would also like to know the effect of using the reduced stream on query time. We
plan to study the time differences between queries unitising original streaming data
and queries utilising reduced streaming data. We are going to run each category of
query for 30 times and use Wilcoxon Rank Sum Test to study if there is a statistically
significant time difference between the two categories of queries.

Query time. Query time represents the time taken to return the result for the
provenance question.

The experiments will be performed on a laptop, with an Intel i5-1135G7 @ 2.40GHz
CPU and 16 GB of memory, running Windows 10. The version of the MATLAB
software is R2020b (This is later shown in Chapter 8).
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Chapter 4

Provenance questions classification

We summarize a number of provenance questions (PQs) in real-life scenarios in
Section 4.1 to inspire provenance needs for later streaming use cases. After that,
example provenance graphs are used to illustrate how they can be answered in
Section 4.2. Section 4.3 maps stream provenance usage to PQ classification. Section 4.4
summarizes provenance usage.

4.1 Provenance questions classification

We summarize provenance questions in real-life scenarios in Table 4.1. According to
the structure of provenance graphs, these questions can be divided into two
categories, namely single graph provenance questions (questions that can be
answered using one provenance graph) and multiple graphs provenance questions
(questions that require multiple provenance graphs). Single graph provenance
questions can be split into two types of questions that navigate either the upstream or
the downstream of the graph. We also put it in the last column in Table 4.1 to denote
the type of query the provenance question belongs to.

4.2 Explanations with provenance graphs

We use a few simplified example provenance graphs to intuitively explain how the
above provenance questions can be answered. As shown in the lower right corner of
Figure 4.1, the yellow circle represents the entity, the blue rectangle represents the
activity, and the orange pentagon represents the agent.
1. Graph for booking a plane ticket: (in answering Q1, Q3, Q4, Q5)
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ID Type Question Reference Graph classification Query type
Q1 Justification Is the decision

justified?
Naja and
Moreau
(2010)

Single graph upstream How-
provenance

Q2 Compliance Is the production
procedure of a
product com-
pliant with the
policy?

Groth
(2010)

Single graph upstream How-
provenance

Q3 Trust Can I trust this
data?

Hartig
(2010)

Single graph upstream How-
provenance

Q4 Debugging What factors led
to a problematic
result?

Chapman
et al. (2021)

Single graph upstream How-
provenance

Q5 Responsibility Who is responsi-
ble for a certain
outcome?

Zerva et al.
(2013)

Single graph upstream -

Q6 Taint analysis What is the ef-
fect of the tainted
data?

Allen et al.
(2011)

Single graph down-
stream

-

Q7 Reproducibility What causes the
differences of two
or more experi-
mental results?

McCusker
(2009)

Multiple graphs -

TABLE 4.1: List of provenance questions

FIGURE 4.1: Graph for booking a plane ticket
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FIGURE 4.2: Graph for checking compliance of food preparation

In Figure 4.1, a user Tom interacts with a flight booking service by inputting his
preferences (e.g., 2nd class seat etc) to it. The service generated a plan ticket
accordingly. The flight booking service is provided by a flight planner.

Suppose that Tom is suspicious about a high-cost plane ticket being booked. Having
the provenance of the event, he can trace backwards to justify the outcome (Q1). If he
is assured that he did not put in the wrong preferences and that the flight booking
service was working properly, then he decides he can trust the outcome (Q3). Whereas
if he is sure that there is something wrong with this plane ticket, he can trace back to
find out the bug (Q4). Suppose that he spots that the flight booking service
automatically does the insurance ticking, he can find out the agent who is responsible
for the service for the flight planner and make a complaint (Q5) (Zerva et al. (2013)).

2. Graph for checking compliance of food preparation (in answering Q2)
In Figure 4.2, a restaurant wants to ensure its food quality. To do that, they make up a
workflow plan detailed for food production beforehand. To check compliance, they
trace back the upstream of a food product (e.g., to see if the cooking temperature
exceeds 75 ◦C or if the raw material came from a trusted supplier as documented in
the workflow plan) (Markovic et al. (2016)).

3. Graph for analysing the consequences of tainted data: (in answering Q6)
In Figure 4.3, an organization released a dataset. An analyst Alice queried the data
and got a result. She used the result when writing a report.

Suppose that the organization discovers that an attacker has subverted the dataset,
this dataset will be annotated as ”tainted”. Having the downstream record of the
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FIGURE 4.3: Graph for analysing the consequences of tainted data

FIGURE 4.4: Graph for comparing result differences

tainted dataset, all the entities and activities that rely upon it will also be marked as
”tainted” (nodes circled by the red dash line). The organization can then alert Alice
about the harmful data and inform her to take further action.

4. Graph for comparing result differences: (in answering Q7)
In Figure 4.4, a bioinformatician Bob downloaded data of a human chromosome from
GenBank and performed an experiment at time a. Later at time b, he performed the
same experiment on data of the same chromosome, again downloaded from GenBank.
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Work PQ classification Type
Vijayakumar and Plale (2006) Q4 Debugging
Wang et al. (2007) Q1, Q4 Justification, debugging
Huq (2013) Q1, Q4 Justification, debugging
Glavic et al. (2014) Q1 Justification
Pouchard et al. (2018) Q1 Justification
Erlandsson and Gor-
dani Shahri (2021)

Q1 Justification

TABLE 4.2: Mapping stream provenance use to PQ classification

Suppose Bob notices a difference between two experiment results, he can consult two
provenance graphs to see if the difference was caused by the experimental process or
change in configuration, or by the chromosome data being different. In this way, new
insight or knowledge may be gained (Miles et al. (2007)).

4.3 Mapping stream provenance usage to PQ classification

A table that maps the use of provenance in a stream processing system to provenance
questions classification from Table 4.1 is presented in Table 4.2 after reexamining
works from Section 2.3.

We can see that Vijayakumar and Plale (2006) target at the provenance of stream
processing in the physical environment domain. The provenance need is motivated by
foreseeing the problems such as stream rate changes that may happen for a real-world
application of meteorology forecasting. This provenance usage belongs to Q4
debugging.

Wang et al. (2007) deal with provenance within Century, an extensible framework for
analysis of large numbers of remote health monitoring data streams. The provenance
need comes from the medical and legal requirements. Various stakeholders such as
doctors and family members should be able to inspect Century’s internal ”information
flow”, to either manually validate the processing logic or to perform fault-diagnosis
when anomalies occur. This provenance usage belongs to Q1 justification and Q4
debugging.

Huq (2013) comes up with some artificial and simplified workflows from a real-time
environmental experiment project RECORD that studies how river restoration affects
water quality. The provenance need comes from foreseeing when an abnormal or
unexpected value exists in the outcome. The provenance information can help debug
the outcome as well as validate the model. This provenance usage belongs to Q1
justification and Q4 debugging.



40 Chapter 4. Provenance questions classification

Glavic et al. (2014) present an example application that detects overheating. The
provenance need comes from the user who wants to understand which sensor
readings caused an ”overheating” event. This provenance usage belongs to Q1
justification.

Pouchard et al. (2018) present a protein structure propagation workflow based on
NWChemEx. The provenance need comes from the user to help interpret the result.
This provenance usage belongs to Q1 justification.

Erlandsson and Gordani Shahri (2021) present three sample applications: one for
broken-down cars query, one for car accidents query, and the other for blackout
detection query. The provenance need comes from the need of the user to verify the
origin and to understand a certain output. This provenance usage belongs to Q1
justification.

Sansrimahachai (2012) deals with a form of ”why provenance” which is not the focus
of this thesis. Misra et al. (2008) envision CMIR on top of TVC-based provenance. The
provenance need from their work is essentially the same as Wang et al. (2007). Rather
than dealing with provenance of stream directly, Chen and Plale (2015) and
Suriarachchi et al. (2018) have a different focus on doing processing on top of the
provenance collected. Thus we exclude the remaining four pieces of work from our
discussion on stream provenance usage.

4.4 Summary of provenance usage

We summarize the above provenance questions in Figure 4.5. They generally fall into
the three categories we abstract (the circles in green).

Knowing the usage of provenance beforehand provides general guidance as to what
to capture and at what granularity to capture. To be a bit more specific, the key things
to capture are: 1)entity. This includes the static element ranging from data to file;
2)activity. This includes dynamic manipulation ranging from operator, code, and
function to application. These two things can already depict a picture of what has
happened. The context (e.g., some environmental variables) adds to the richness of the
picture. The agent information provides the object for later consultancy or
investigation. These two are relatively easier to capture. Intuitively capturing more
wide breadth and coarse-grained provenance will be more suitable for application
targeting at understanding and sense-making. Whereas fixing mistakes requires more
detailed, fine-grained provenance. Gaining new knowledge and insight is more of a
by-product in the process of fixing mistakes after some thinking process.
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FIGURE 4.5: Provenance usage summary
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Chapter 5

Respiratory use case

In this chapter, we present a real-world, respiratory use case. We describe the details
of streams and processing of the use case in Section 5.1.

A Cardiopulmonary Exercise Test (CPET) is a non-invasive method used to assess the
performance of the heart and lungs at rest and during exercise 1. It contains heart-rate
monitor and respiration monitor. Respiration rate is important in diagnosing diseases
such as sepsis (Loughlin et al. (2018)) and COVID-19 (Stojanović et al. (2020)). In this
use case, we focus on the respiration monitor developed by a small, lightweight
respiration sensor. This case study derives from the work of White et al. (2017).

The capaciflector (capacitive reflector) used as a respiration sensor was originally
developed by NASA as a capacitive proximity sensor for collision detection in robots.
It is an active element of a relaxation oscillator. As the chest expands and contracts
during the breathing cycle, the relaxation oscillator produces a variable frequency
square wave due to the change in capacitance (White et al. (2017); Hayward et al.
(2022)). This digital signal is then fed into LabVIEW through a NI driver. The
LabVIEW software then calculates the reciprocal of the time period of the square wave
which is proportional to the changing capacitance. This data is then fed into
MATLAB. The MATLAB program filters the data, finds the peaks, and calculates the
respiration rate.

Figure 5.1 shows the workflow diagram for the above process.

1http://www.geh.nhs.uk/directory-of-services/specialties-and-services/c/

cardio-respiratory-unit-cru/cardiopulmonary-exercise-testing-cpet/

http://www.geh.nhs.uk/directory-of-services/specialties-and-services/c/cardio-respiratory-unit-cru/cardiopulmonary-exercise-testing-cpet/
http://www.geh.nhs.uk/directory-of-services/specialties-and-services/c/cardio-respiratory-unit-cru/cardiopulmonary-exercise-testing-cpet/
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FIGURE 5.1: Workflow diagram

FIGURE 5.2: Raw streaming data

5.1 Details of streams and processing

5.1.1 Stream captured from capaciflector

The output of the sensor was sampled at 0.1s. Due to the configuration of the
capaciflector and the relaxation oscillator, it gives back a value of around 3200
(proportional to the value of capacitance) at every 0.1s. These are the very raw,
unfiltered data (White and Emara (2019)). The streaming data is numerical with a
constant sampling interval.

Figure 5.2 shows the picture of the raw streaming data.

5.1.2 Initial transformation

The raw data is very noisy. Thus the built-in filtfilt function is used in MATLAB to
filter the data. The filtfilt function performs zero-phase digital filtering by processing
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FIGURE 5.3: Filtered streaming data

FIGURE 5.4: Peaks found over the filtered streaming data

the input data in both the forward and reverse directions. This gives us the filtered
streaming data (White and Emara (2019)). The filtered streaming data is numerical
with a constant sampling interval.

Figure 5.3 shows the picture of the filtered streaming data.

5.1.3 Finding the peaks

Over the filtered streaming data, the built-in findpeaks function in MATLAB is used
(White and Emara (2019)). We use findpeaks function consisting of
’MinPeakProminence’ and a real scalar as name-value Pair Arguments. This gives us
the height and time value of each peak that has a relative importance of at least
’MinPeakProminence’. The height value is used to mark the peak on the filtered
stream and the time value is used to calculate the respiration rate (also called BPM,
breath per minute) later on. The peak stream is numerical with inconstant sampling
intervals.

Figure 5.4 shows the peaks found over the filtered streaming data.
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FIGURE 5.5: How BPM was calculated

FIGURE 5.6: Workflow diagram for finding best position

5.1.4 Calculating respiration rate

The time interval between each peak reflects the time taken for one breath. A minute
divided by the time interval gives us the value of the respiration rate (White and
Emara (2019)). Figure 5.5 shows the time interval between peaks and how the
respiration rate was calculated.

5.1.5 Finding the best position for a sensor

In order to find the best place for measuring respiration rate, sensors are placed on
both sides and chests for experimentation. The output of the 4 channels will be fed
into a human deciding process (meaning the expert technician picks up a position as
the best according to his intuition and experience) for choosing the best position for
the sensor.

Figure 5.6 shows the workflow diagram for the above process.
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FIGURE 5.7: Respiration rate processor GUI

5.1.6 Respiration rate processor

The respiration rate processor that deals with the above processing is a MATLAB App
developed by White and Emara (2019). The source code is available. The GUI view of
the App is shown in Figure 5.7. It can be used to depict sensor output and BPM cross
time for 4 different channels.

A user presses the ’Press to load file’ button on the top left corner of the interface and
upload the file containing the raw sensor output data from 4 channels.

The ’Channel select’ drop-down menu on the top right corner allows a user to select
the channel he wishes to observe.

The ’Raw data’ tab displays the raw signal, filtered signal, and the peaks found of the
selected channel.

The ’Breaths’ tab shows the respiration rate calculated using the time interval between
peaks, smoothed respiration rate calculated using MATLAB built-in filtfilt, and the
respiration rate calculated from 7 peaks as shown in Figure 5.8.

The ’Average’ tab shows the average raw signals of the 4 channels, the average filtered
signals of the 4 channels and peaks found over the average filtered signals as shown in
Figure 5.9.

The ’Chest Average’ tab shows the average raw signals from the chests and the
average filtered signals of the chests and peaks found over the average filtered signals
as shown in Figure 5.10
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FIGURE 5.8: Breaths tab of GUI

FIGURE 5.9: Average tab of GUI
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FIGURE 5.10: Chest Average tab of GUI

FIGURE 5.11: Side Average tab of GUI

The ’Side Average’ tab shows the average raw signals from the sides and the average
filtered signals of the sides and peaks found over the average filtered signals as shown
in Figure 5.11.

The ’Numerical data’ tab shows a list of peaks found and respiration rates calculated
using these peaks from a certain channel as shown in Figure 5.12. It also displays the
average respiration rate, the peaks number of a selected channel, the peaks number of
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FIGURE 5.12: Numerical data tab of GUI

the average signal of 4 channels, the peaks number of the average chests signal and
the peaks number of the average sides signal.

The ’Change log’ tab shows the changes made to the GUI during development.
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Chapter 6

Understand the provenance needs
for the respiratory use case

In this chapter, literature review that deals with provenance need within the health
care context is presented in Section 6.1. In Section 6.2 presents expert opinions sought
on provenance needs for the respiratory use case. In Section 6.3, I synthesize
provenance needs through literature review, interviewing and seeking expert opinion
or studying provenance question classification.

6.1 Literature review

Kifor et al. (2006) and Deora et al. (2006) raised the need to document the processes
that leads to the patient’s health condition to validate a particular outcome or decision.

Wang et al. (2007) proposed the need that various stakeholders such as doctors, family
members should be able to inspect the internal ”information flow” to justify the
processing logic in their Century healthcare IT project that manages medical streams
for potential medical and legal purposes.

Dogan (2013) stated that Hospital Information Systems is one domain that motivates
provenance. To illustrate this, he raised specific examples such as Health Care
Portability and Accountability Act (HIPAA) which makes it mandatory to record
access and medical records change history.

Sembay et al. (2021) proposed the provenance approach to improve blood donation
quality using real data extracted from reports provided by a Brazilian hemotherapy
centre.

We can see from the above literature that though not all work targets at provenance
need for medical streams specifically (some targets at the medical outcome as in
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medical records or blood products), there is this general provenance need for
regulatory and validation purposes within the healthcare context.

6.2 Interviewing and seeking expert opinions

Initially, a PowerPoint on provenance concept and related background knowledge
was presented to Professor Neil M White to seek for provenance research opportunity
for the respiratory use case, he commented ”I think it is a good fit”.

At the early stage of identifying provenance needs, discussion on provenance needs
for the use case was initiated and advice were sought from Professor Age Chapman
who has expertise in provenance research. General provenance needs which include
understanding how a respiration rate came into being and debugging need if there is
an unusual respiration rate were identified.

Then through his interaction with clinicians at University Hospital Southampton, it is
communicated by Professor Neil M White that during calibration of the respiration
sensor, we have data coming from the CPET lab (the hospital setting) that shows that
BPM as large as 80 when exercising was found. Even though the algorithm used to
calculate the respiration rate from the CPET lab is unknown to us, it shows that there
is a potential that we might end up with an inaccurate respiration rate in the real
world. This provides us with potential provenance use in debugging to experiment
with in our lightweight respiration sensor setting.

During the COVID-19 epidemic, it is also communicated through Professor Neil M
White that clinicians would like to know if the resulting respiration rate is reliable
while working with them.

6.3 Provenance needs

In order to identify the right data for collection, it is important to pre-define questions
that need to be answered via provenance. I sort out and synthesize several
provenance needs as follows through the aforementioned methods.

6.3.1 Provenance need 1: how did this respiration rate get created?

We can see from the literature in Section 6.1 that Wang et al. (2007) propose the need
that doctors should be able to inspect the internal ”information flow” to justify the
processing logic in their Century healthcare IT project. Kifor et al. (2006) and Deora
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et al. (2006) have also raised the need to document the processes that lead to the
patient’s health condition.

In Section 6.2, the expert opinion sought from Professor Neil M White communicates
clinicians’ need to justify the respiration rate. Adding to this is the expert opinion
sought from Professor Age Chapman of the provenance need to understand how
respiration rate came into being.

This provenance need to understand and justify how a respiration rate gets created
also corresponds to provenance use for justification as presented in Table 4.1. This is
important for a non-technician (e.g., a doctor) to get a sense of how a respiration rate
came into being and whether it is justified to him.

The doctors will be expected to know the stream containing contributing data and
processes without further investigating into it. This is a high-level understanding
question. We anticipate the granularity to be low. We thus have a provenance question
(PQ) as follows.

PQ1=what were the streams and processes used to calculate the respiration rate?

6.3.2 Provenance need 2: why did we get an unusual respiration rate?

In Section 6.2, the expert experience of getting inaccurate respiration rate provides us
material use case to experiment with in our lightweight respiration sensor setting
from a technician’s perspective. The expert opinion from Professor Age Chapman
complements the provenance need for debugging for the respiration rate.

This provenance need to debug corresponds to the provenance usage for debugging
as presented in Table 4.1.

As this is a debugging need, we anticipate the granularity to be high. We list a couple
of questions that a debugger would ask as follows. The debugger will be able to see
the specific data, processes, and picture depicting the stream.

PQ2=what data constituted the abnormal respiration rate?

PQ3=what processes actually touched the data?

PQ4=what did the constituent filtered stream look like? (the reason why we ask this
question is because the shape of the stream might provide expert technicians with
material to work out what the problem is according to their experience and domain
knowledge. We are asking for the filtered stream because it is good for the observing
purpose since the the noise of stream has been removed.)
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6.3.3 Provenance need 3: why was position X chosen as the placement site?

As described in Section 5.1.5, inputs from four channels were fed into a human
deciding process for choosing the best spot for measurement. As this process is largely
intuitive and experience-based, people (such as families of a patient as described in
the work of Wang et al. (2007)) may question the validity of the position chosen. Why
is a certain position chosen but not the other? What streams were used to produce
respiration rate? Were they similar to each other at a given time?

This provenance need for validation corresponds to provenance usage for justification
as presented in Table 4.1.

This gives birth to the 5th provenance question as follows. We expect the granularity
to be high. The pictures depicting filtered streams will be expected to see.

PQ5 = what did the filtered streams at each individual sensor look like at a given time
/ during a certain time interval?

We also work through the remaining provenance questions from PQ classification to
identify possible provenance use cases. Since there is no workflow plan that the
respiratory processing needs to follow, we exclude the provenance use for compliance
from the provenance use case (Q2). The trust aspect of provenance (Q3) is more
subjective, thus our focus here is on the ”checking” of the information flow, namely
provenance use for justification (Q1). The provenance use for responsibility (Q5) is
trivial, thus we did not create a provenance use case out of it. The provenance use for
taint analysis (Q6) deals with the security aspect of a system (Stamatogiannakis et al.
(2017); Allen et al. (2010b)) which is not the main provenance concern for the
respiratory use case. For the respiratory use case, we did not run the same experiment
repeatedly. The experiments come with different configurations such as the sensor
being placed at different parts of the body, thus the provenance use for reproducibility
(Q7) is not applicable to the respiratory use case.

We map the provenance questions derived from the respiratory use case with
provenance question classification from Table 4.1 in Table 6.1.
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PQs from the use
case

Query PQ classifi-
cation

Type

PQ1 what were the data and processes used to
calculate the respiration rate?

Q1 Justification

PQ2 what data constituted the abnormal res-
piration rate?

Q4 Debugging

PQ3 what processes actually touched the
data?

Q4 Debugging

PQ4 what did the constituent stream look
like?

Q4 Debugging

PQ5 what did the streams at each individual
sensor look like at a given time / during
a certain time interval?

Q1 Justification

TABLE 6.1: Mapping provenance questions broken down from provenance needs to
provenance question classification
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Chapter 7

Reducing streaming data storage
through the integration of FT

In this chapter, we present a model for streaming data reduction based on FT in
Section 7.1. In Section 7.2, we analyze the model to understand when the technique
can reduce the size of streaming data. We create implementation details for
implementing the model into the stream processing infrastructure we present in
Section 7.3.

7.1 Model for streaming data reduction

7.1.1 Preliminaries

For the FT technique to work, there are several prerequisites that the streams involved
need to satisfy: 1)the time interval between records in the stream needs to be constant;
2)the data content of the stream record is numerical. In other words, the type of
stream that is eligible to be applied with FT sits at the top left corner of Table 2.1 in
Section 2.1.1. As streaming data comes in continuously, we plan to apply the FT
techniques on the segment of data that has already sit in the log and are eligible to be
applied with FT.

7.1.2 The model

Suppose we have segment of streaming data A = {{t0, x0}, {t1, x1}, ...{tN−1, xN−1}}. It
contains N stream records. The time offset has been removed so that t0 = 0. The
sampling interval T = t1 − t0 = t1.

We then apply the DFT to this streaming data as described in Section 2.4.1:
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X(wk) = ∑N−1
n=0 xn · e−jwktn

This gives back N frequency bins with corresponding magnitudes and phases.

B = {b0, b1, b2, ...bN−1}

where b0 is the zero frequency bin, b1 is the first frequency bin, and so on.

These frequency bins can be further rewritten as:

B = {{w0, a0, α0}, {w1, a1, α1}, ...{wN−1, aN−1, αN−1}}

where bk = ak · ei(wk+αk), wk =
2πk
NT .

If the original provenance of the stream could be represented as:

P = A1 ← operator1← A2 ← operator2← A3 ← operator3← A4

where A4 is the final result.

With the use of the DFT technique, we now have:

P = B1 ← operator1← B2 ← operator2← B3 ← operator3← A4

assuming the source stream is amendable to DFT and all operators produce an
intermediate stream that is amendable to the DFT technique and the last output
stream won’t be altered so that humans can consume it.

7.2 Analysis of the model

It should be noted that it is a must for the stream segment to satisfy the prerequisites
listed in Section 7.1.1 to be able to be applied with DFT. But satisfying the
prerequisites does not necessarily lead to the successful deployment of this technique
in reducing storage for stream. We discuss the reasons as follows.

The streaming data is sampled from a source. This source can be external such as the
human body (White et al. (2017)) in the healthcare domain or light (Lindner et al.
(2020)) in the natural physics domain. It can also be internal such as the stock
exchange stream in the social domain (Guo et al. (2002)).

i) When we have some knowledge about the frequency of the source and the sampling
theory is satisfied (see Section 2.4.1) and when the streaming data segment contains an
integer number of period(s), some neat spectral line(s) are given back. The DFT can
reduce the storage for streaming data.

ii) When we have some knowledge about the frequency of the source and the
sampling theory is satisfied, but the streaming data segment does not contain an
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integer number of period(s), we are likely to end up with many spectral lines. With an
appropriate choice of window (see Section 2.4.1.1), the DFT can usually reduce the
storage for streaming data.

iii) We are not clear about whether DFT can reduce the storage of streaming data
whose source does not exhibit periodic behaviour or we do not have knowledge about
its frequency. Mapping to the real world, there exists work that applies DFT to
financial time series data (Guo et al. (2002)).

7.3 Implementation details

7.3.1 Overview of the streaming environment and the original provenance
component

The stream is as generic as we describe in Section 2.1.1. Though there are many types
of windows and different time notions associated with them (see Section 2.1.2), the
window we use here is mostly the time-based window using event time. Event time
has several advantages. Using event time, the program semantics is decoupled from
the actual serving speed of the source and the processing performance of the system.
It also prevents semantically incorrect results due to situations such as delay 1. The
window is the tumbling window.

As presented in Section 2.3, the coarse-grained provenance approach from the work of
Vijayakumar and Plale (2006) cannot identify dependency for individual data
elements and is not suitable to act as the original provenance approach to be
compared against. The work of Misra et al. (2008) is envisioned idea with no
follow-up implementation. Sansrimahachai (2012) aims to address a form of ”why
provenance” but not how-provenance. The focus of the work of Glavic et al. (2014) is
on developing the provenance generation technique through operator
instrumentation to handle nondeterministic. Both Chen and Plale (2015) and
Suriarachchi et al. (2018) deal with on-the-fly provenance information rather than
persistent provenance storage for later retrieval. Pouchard et al. (2018) and Erlandsson
and Gordani Shahri (2021) focus on enabling provenance collection for a specific time.
Among these works, we found the work of Wang et al. (2007) and Huq (2013) to be
most suitable to serve as the original provenance approach to be compared with. Both
the TVC model (Wang et al. (2007)) and Huq’s work (Huq (2013)) feature the
fine-grained stream provenance approach. Yet for the clearer illustration purpose of
this work, we will collect more metadata about operators like Huq did to enable
provenance retrieval later. Huq’s work does more detailed documentation of
operators compared with TVC work so that it has the ability to retrieve the specific

1https://flink.apache.org/news/2015/12/04/Introducing-windows.html

https://flink.apache.org/news/2015/12/04/Introducing-windows.html
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Provenance
system

Stream ID
required

Timestamp
used

Operator
ID required

Output stream marked
with operator ID

TVC Yes event time Yes Yes
Huq’s Yes processing

time
Yes No

this work Yes event time Yes Yes

TABLE 7.1: System differences between TVC, Huq’s work, and this work

contributing data (see Section 2.3). However, we will store these metadata about the
operator together with its input stream ID in the table like TVC work for more
organized storage and more automatic query. We assume that the developer will be
documenting these metadata while developing the stream application.

An input stream is read from sources and stored in the log (the idea of a log comes
from Apache Kafka 2). It contains stream ID, timestamp, and data content.

We also assume that the output stream element will be stored, marked with the
operator ID. The output stream contains stream ID, timestamp, data content, and
operator ID.

A table that compares system differences among TVC work, Huq’s work, and this
work is presented in Table 7.1.

By facilitating the operator ID of the output stream, the metadata about the operators,
and the ID and timestamp of the input stream element, the contributing data can be
retrieved.

An illustration of the architecture of the above stream processing system and
provenance tracking component is presented in Figure 7.1. The component circled
with the blue dashed line represents the stream processing system. The component
circled with the red dashed line represents the provenance tracking component. The
component circled with the orange dashed line represents the reduced provenance
tracking component that we will present later.

7.3.2 Creating reduced stream record

When we have no knowledge about the sampling interval and the type of the data, an
algorithm to decide if the segment of data is eligible to be applied with DFT is
presented in Algorithm 1. We assume that the data type in the same log is the same.

Once the streaming data A is checked to be eligible to be applied with the reduction
technique, we extract the data sequence from the streaming data segment and apply
FFT on it. The length of A is even here.

2https://kafka.apache.org/

https://kafka.apache.org/


7.3. Implementation details 61

FIGURE 7.1: Illustration of the architecture of the above stream processing system and
provenance tracking component

Algorithm 1 Checking if segment of data is eligible to be applied with FT

Require: Segment of streaming data A
Ensure: yes or no

1: v1← isnumerical(A)
2: if v1=0 then
3: print no
4: end if
5: N ← length(A)
6: A′ ← A(2 : N)
7: interval ← A′.t− A(1 : N − 1).t
8: v2← max(interval)−min(interval)
9: if v2=0 then

10: print yes
11: else
12: print no
13: end if
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An algorithm to create frequency records out of the stream segment is presented as
Algorithm 2. First, the DC offset is removed so that there is no disturbing spectral line
at bin 0 (line 1-line 2). Because the FFT uses N points to calculate the spectrum, we
divide each spectrum line by N in the result. Also As it is impossible to measure
frequencies above the Nyquist limit, we maintain and double the spectral values
below the Nyquist limit (line 4-line 7). Finally, we plot the spectrum figure using a
series of frequencies F and its corresponding magnitudes (line 11).

Algorithm 2 Creating frequency records out of stream segment

Require: Segment of streaming data A
Ensure: A series of frequency F, magnitudes P1 and phases phase for different fre-

quency bins
1: streamO f f set← mean(A.data)
2: s← A.data− streamO f f set
3: B← FFT(s)
4: N ← length(B)
5: P2← abs(B/N)
6: P1← P2(1 : N/2 + 1)
7: P1(2 : end− 1)← 2 ∗ P1(2 : end− 1)
8: phase← angle(B(1 : N/2))
9: fs = 1/(t2 − t1)

10: F ← 0 : ( fs/N) : fs/2− fs/N
11: plot(F, P1(1 : N/2))

We then observe spectrum figure and store certain frequency bins that have more
dominant magnitude values along with their phases. The algorithm used to store
information about the selected frequency components is presented in Algorithm 3. It
should be noted that the time sequence participating in reconstructing the stream shall
start from 0 as the DFT assumes that the first timestamp starts from 0 so that the DFT
can be applied straightly mathematically. This time sequence can be easily achieved
by using the length and sampling frequency of the original time sequence. After the
stream has been reconstructed, we can then append the original time sequence.

Algorithm 3 Storing information about the selected frequency components

Require: original streaming data A, a collection of selected frequencies f , magnitudes
m, and phases p

Ensure: FT record FTrecord required to reconstruct the stream
1: t← A.t
2: FTrecord.starttime← t(1)
3: FTrecord.sampling← t(2)− t(1)
4: FTrecord.endtime← t(end)
5: FTrecord.streamO f f set← mean(A.data)
6: FTrecord. f requency← f
7: FTrecord.magnitude← m
8: FTrecord.phase← p
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7.3.3 Applying to real streams

The stream processing infrastructure can be built up using the example operators we
list in Table 2.3. We discuss whether DFT can be applied to the input and output of
different operators as follows. Note that we are not going to analyze all of the existing
stream operators, but we aim to analyze whether the technique can be applied to the
input and output of some typical operators to demonstrate the idea.

The map operator takes one element and produces one element. Consider an example
where a map function doubles the values of the input stream. If the input stream
segment satisfies the prerequisites to be applied with DFT, the output stream segment
that comes out of it will still maintain a constant sampling interval. It can also be
applied with DFT.

The scaling operator takes in a stream and scales it in time by a constant. If the input
stream segment satisfies the prerequisites to be applied with DFT, the output stream
segment that comes out of it will still maintain a constant sampling interval. It can
also be applied with DFT.

The shift operator takes in a stream and shifts it in time by a constant amount. If the
input stream segment satisfies the prerequisites to be applied with DFT, the output
stream segment that comes out of it will still maintain a constant sampling interval. It
can also be applied with DFT.

The filtfilt functor filters out the noise and smooths the stream. If the input stream
segment satisfies the prerequisites to be applied with DFT, the output stream segment
that comes out of it will still maintain a constant sampling interval. It can also be
applied with DFT.

The filter operator evaluates a boolean function for each element and retains those for
which the function returns true. Even if the input stream segment satisfies the
prerequisites to be applied with DFT, the output stream that comes out of does not
necessarily maintain a constant sampling interval, it can not necessarily be applied
with DFT.

The findpeaks finds peaks of the stream. Even if the input stream segment satisfies the
prerequisites to be applied with DFT, the output stream that comes out of it does not
necessarily maintain a constant sampling interval, it can not necessarily be applied
with DFT.

The length returns back the length of the stream. Even if the input stream segment
satisfies the prerequisites to be applied with DFT, the output stream that comes out of
it does not maintain a constant sampling interval, it can not be applied with DFT.
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operator name input output
map Yes Yes
scaling Yes Yes
shift Yes Yes
filtfilt Yes Yes
filter Yes likely no
findpeaks Yes likely no
length Yes No
flatmap No No

TABLE 7.2: Applicability of DFT to the input and output of the operators

The flatmap operator takes one element and produces zero, one, or more elements.
Consider an example where a flatmap operator splits sentences into words. As this
operator deals with string, there is no place DFT can be used.

A table that summarizes the applicability of DFT to the input and output of the
operators is presented in Table 7.2. When it is possible, we make the input of the
operator amenable to the DFT technique.

The final output stream segment will always remain in unreduced form so that
humans can consume it. So for single stream, single-operator processing chain, only
the type of source stream segment matters. For the processing chain that is made up of
multiple operators, we observe the input and output stream segments of the operator
(when it is not the last operator) that we can apply this technique.

This analysis provides us guidance as to where to apply DFT. We do realize that it is
prospective provenance that we are analyzing here, but we think that the situation
when this guidance goes wrong will be rare.

It should still be noted here that the analysis in this section provides us guidance as to
where to apply DFT, but it does not mean that the deployment of the technique can
always result in reduced stream storage.

7.3.4 Retrieving contributing data

Algorithm 4 describes how to retrieve contributing data through original streaming
data for the single stream, single operator structure. Algorithm 5 describes how to
retrieve contributing data through reduced streaming data for the single stream,
single operator structure. Both algorithms exclude the operator ”flatmap”. We assume
the original streaming data in Algorithm 4 has a constant sampling interval. We
assume the streaming data from which the FT records are created in Algorithm 5 has a
constant sampling interval.
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For algorithm 4, we first retrieve the timestamp of the output data and the operator ID
it is marked with (line 1 to line 2). We then look up the operator name, the
input-output ratio of the operator, the special parameter of the operator (meaning the
scaling factor for the scaling operator and shift factor for the shift operator), and the
ID of the input stream that fed into that operator from the table that stores metadata
about the operators (line 3 to line 6). We then calculate the number of the window that
the output data belongs to in line 7. Line 8 gives back the time vector of the
aforementioned window while line 9 gives back the stream extract of that window.
Then according to the property of the operator, different retrieval rule is utilised. Line
11 to line 22 describes the retrieval of contributing data of the scaling operator and
shift operator. Line 23-line 26 describes the retrieval of contributing data of the map
and filter operator while line 27 describes the retrieval of contributing data of filtfilt,
findpeaks, and length operators.

For algorithm 5, the difference lies in that additionally it needs to retrieve start time,
end time, sampling, frequency, magnitude, phase, and stream offset information (line
9-line 17) to reconstruct the input stream for later retrieval.

In order to retrieve contributing data for single stream, multi-operator structure, we
trace back along the chain. When we encounter an unreduced stream, we follow
algorithm 4. When we encounter an FT record, we follow algorithm 5.

Note that documentation and utilisation of operator rule is not the main focus of this
work. We aim to demonstrate the general idea and to make it enough for the latter
uses. These algorithms are also open for real-world use case adjustment.
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Algorithm 4 Retrieve contributing data through original streaming data for the
single stream, single step structure

Require: a data element d in the output stream in one window, time-based window
sized W in time unit, samling interval ts, a collection of input streams inputStream

Ensure: set of contributing data elements C in the input stream
1: tout ← d.t
2: opID ← d.opID
3: opname← table.opID.opname
4: InputOutputRatio ← table.opID.ratio
5: a← table.opID.specialParameter
6: inputStreamID ← table.opID.inputStreamID
7: WindowNum← 1 + f loor(tout/W)
8: T ← [(WinodwNum− 1) ∗W, ts, WindowNum ∗W − ts]
9: inputStreamExtract← inputStream.inputStreamID(T/ts)

10: if a =’null then
11: if opname==’scaling’ then
12: tin ← a ∗ tout
13: n← order(tin, T)
14: C ← inputStreamExtract(n)
15: else
16: if opname==’shift’ then
17: tin ← tout − a
18: n← order(tin, T)
19: C ← inputStreamExtract(n)
20: end if
21: end if
22: else
23: if InputOutputRatio==1 then
24: n← order(tout, T)
25: C ← inputStreamExtract(n)
26: end if
27: C ← inputStreamExtract(1 : end)
28: end if
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Algorithm 5 Retrieve contributing data through reduced streaming data for
single stream, single step structure

Require: a data element d in the output stream in one window, time-based win-
dow sized W in time unit, samling interval ts, a collection of FT records
inputFTrecordList after post-processing input streams

Ensure: set of contributing data elements C in the input stream
1: tout ← d.t
2: opID ← d.opID
3: opname← table.opID.opname
4: InputOutputRatio ← table.opID.ratio
5: a← table.opID.specialParameter
6: inputStreamID ← table.opID.inputStreamID
7: WindowNum← 1 + f loor(tout/W)
8: inputFTrecord = inputFTrecordList.inputStreamID.WindowNum
9: starttime← inputFTrecord.starttime

10: endtime← inputFTrecord.endtime
11: sampling← inputFTrecord.sampling
12: T ← reconstructT(starttime, sampling, endtime)
13: f ← inputFTrecord. f requency
14: m← inputFTrecord.magnitude
15: p← inputFTrecord.phrase
16: StreamO f f set← inputFTrecord.StreamO f f set
17: inputStreamExtract← reconstructInputStream( f , m, p, T, StreamO f f set)
18: if a =’null then
19: if opname==’scaling’ then
20: tin ← a ∗ tout
21: n← order(tin, T)
22: C ← inputStreamExtract(n)
23: else
24: if opname==’shift’ then
25: tin ← tout − a
26: n← order(tin, T)
27: C ← inputStreamExtract(n)
28: end if
29: end if
30: else
31: if InputOutputRatio==1 then
32: n← order(tout, T)
33: C ← inputStreamExtract(n)
34: end if
35: C ← inputStreamExtract(1 : end)
36: end if
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Chapter 8

Analysis of the model over the use
case

In this chapter, we describe the underlying stream applications for the respiratory use
case and different provenance approaches added upon them in Section 8.1. In Section
8.2, we evaluate different provenance approaches with a set of metrics.

8.1 Setup

The original respiration rate processor is a MATLAB App as described in Chapter 5. In
order to make it easier to compare different stream provenance approaches added
upon the application, I extracted codes from the MATLAB App in its code view and
created two draft MATLAB M-files out of it. Prior to creating the actual scripts, I use
the YesWorkflow tool to get some understanding of these workflows. Workflow
graphs created through yesWorkflow tools are listed in Appendix E.

After getting more understanding of the workflow, I plot the topology of the stream
processing chain and denote the stream and operator with the stream ID number and
operator ID number respectively as shown in Figure 8.1. I then code the stream
processing topology into the MATLAB scripts.

We now have a length of measurement of 31 minutes of respiration sensor data at
hand. Our window for stream processing is the time-based, tumbling window using
event time. The size of the window is 1 minute. As I experimented with these 31
windows, the stream segment from the second window appears to be good for
demonstrating purpose and I use data from the second window for the following
experiments.
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FIGURE 8.1: Topology of stream processing chain

The first script is for getting the respiration rate. It underpins the provenance need 1
and 2 from Section 6.3.1 and Section 6.3.2. The second script is for finding the best
position. This script underpins the provenance need 3 from Section 6.3.3. The script to
get the respiration rate and the script to find the best position are listed in Section D.2
and Section D.3 in Appendix D respectively. For the script to get the respiration rate, I
use sensor data coming from the first channel. I get 9 bpm as output. For the script to
find the best position, I get 9bpm, 10bpm, 10bpm, and 9bpm for 4 channels. More
specifically as listed in Section D.1, to simulate stream processing over one window, I
created a MATLAB script to read the text file that contains the raw sensor data and
stored it in ”MATLAB structure” data type named ”inputStream” as if the data from
the external source has been put in a log (which is ”MATLAB structure”) for later
processing.

The operators used in this application are filtfilt, findpeaks, and length. I then
documented the operator ID, operator name, the stream ID of the input stream that
feeds into the operator, and special parameter (if there is any) as metadata of each
operator beforehand in the excel table.

The descriptions of different stream provenance approaches are as follows.
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FIGURE 8.2: A snapshot of the excel table used to store operator metadata

8.1.1 Fine-grained provenance approach using original streaming data over
use case

As we do the operations using operators, We stored intermediate streams with the
operator IDs they are marked with in the MATLAB structure named ”inputStream”
together with the source stream. The output streams with the operator IDs they are
marked with are stored in another MATLAB structure data type named
”outputStream” finally. The stream IDs and operator IDs stored are in accordance
with the ID numbers displayed in Figure 8.1. A snapshot of the excel table used to
store operator metadata is presented in Figure 8.2. The MATLAB script to get the
respiration rate added with fine-grained provenance tracking component is listed in
Section A.1 in Appendix A. The MATLAB script to find the best position added with
fine-grained provenance tracking component is listed in Section A.2 also in Appendix
A.

8.1.2 Provenance approach using reduced streaming data with FT over use
case

For these streaming applications, we do have prior knowledge about the sampling
interval and the type of source stream data that is to be expected. The sampling
interval is constant and the source stream is numerical. The source stream can be
applied with FFT. We do not need to check to see if it is eligible to be applied with FFT.
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Looking at the topology shown in Figure 8.1, we analyze the input and output of the
operators involved.

As analyzed earlier in Section 7.3.3, the filtfilt operator filters out the noise and
smooths the signal. The output stream that comes out of it still maintains a constant
sampling interval. It can also be applied with FFT. The findpeaks operator finds peaks
of the signal. The output stream that comes out of it does not maintain a constant
sampling interval. It cannot be applied with FFT.

We then apply FFT on the source stream data sequence and the intermediate stream
data sequence that comes out of filtfilt. By convention, the X-axis of the spectrum
figure is frequency. For better illustration, we time the X-axis by 60 so that the X-axis
becomes cycles/min. As it is impossible to measure frequencies above the Nyquist
limit, we reserve and double the spectral values below the Nyquist limit. After the
generation of the spectrum figures, we observe the figures and store information
about the major spectral lines. This information is stored in a newly created MATLAB
structure called ”inputStreamFT”. The ID of the FT record corresponds to stream
denotation in the topology described previously. The MATLAB script to post-process
the streams for the stream application to get respiration rate is listed in Section B.1 in
Appendix B while the MATLAB script to post-process the streams for the stream
application to find the best position is listed in Section B.2 in Appendix B.

For the stream application to get respiration rate, this process gives back 2 spectrum
figures for observation as shown in Figure 8.3 and Figure 8.4 (we depicted what the
original source stream and the intermediate stream look like on the left of the
spectrum figures generated).

By observing the above 2 Figures, we maintain bin 9 and 10 that have dominant
spectral lines for both figures.

For the stream application to find the best position, this process gives back 8 spectrum
figures: 4 figures for post processing 4 source streams and 4 figures for post processing
4 intermediate streams. We are not going to list them specifically here.

8.2 Analysis

8.2.1 Post-processing time

The post-processing of the stream is a semi-automatic process. We first apply FFT on
the segment of streams and generate spectrum figures. Then we observe the figures
and identify the dominant spectral lines. After that, we store information about these
spectral lines which includes start time, sampling, and end time of the stream
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FIGURE 8.3: Spectrum for source stream

FIGURE 8.4: Spectrum for intermediate stream coming out filtfilt
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FIGURE 8.5: Post processing time analysis for the stream application to get respiration
rate and that to find best position

segment, frequencies and corresponding magnitudes, phases, and offset (we get rid of
the DC offset first so that there is no disturbing spectral line at bin 0) for later
contributing data retrieval. The post-processing time we analyze here includes time to
apply FFT on stream segment(s) and time to store information about reduced
stream(s). The post-processing time for the stream application to get respiration rate
and that to find the best position is shown in Figure 8.5. The average runtime for the
stream application to get respiration rate is 0.008 seconds and 0.013 seconds for that to
find the best position. It takes on average 0.873 seconds to post-process streaming data
for the stream application to get respiration rate and 2.816 seconds to post-process
streaming data for the stream application to find the best position.

This means that for the respiration sensor data which is being processed in near real
time after the second one-minute window, only after a reasonable amount of time can
the provenance query be initiated. This means that the implementation of the FT
technique to post process respiration data in the second one-minute window can
support reasonably reactive stream provenance retrieval.

8.2.2 Storage overhead

The storage for the original streaming data equals timestamp, data content, and
operator ID attached (if there is any) of the source stream(s) and intermediate
stream(s) coming out of filtfilt. The storage for reduced streaming data using FT
equals the summation of the start time, sampling, end time, frequency bins and their
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FIGURE 8.6: Storage comparison for the stream application to get respiration rate

corresponding magnitudes, phases, offsets, and operator ID attached (if there is any)
of the source and intermediate stream(s). Figure 8.6 illustrates the storage comparison
for the stream application to get the respiration rate while Figure 8.7 illustrates the
storage comparison for the stream application to find the best position. As it is shown,
there is quite a lot of reduction for both applications dropping from 11.33 KB to
0.72KB (the original streaming data is approximately 15.7 times the size of the reduced
streaming data) and from 43.5 KB to 1.19 KB (the original streaming data is
approximately 36.6 times the size of the reduced streaming data) respectively.

This means that the application of the FT technique over streaming data in the second
one-minute window has led to successful storage reduction for both the stream
application to get respiration rate and the stream application to find the best position.

8.2.3 Provenance questions answerability

We list in Table 8.1 as follows to compare the utility of provenance retrieval using
original streaming data and provenance retrieval using reduced streaming data.

PQ1. PQ1 can be resolved using original streaming data. This is done by looking up
the operator ID in the respiration rate, looking up the stream ID in the table containing
parameters of the operator, looking up the operator ID in the input stream log and so
on and so forth to the source stream. The MATLAB script in Section C.1 in Appendix
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FIGURE 8.7: Storage comparison for the stream application to find best position

method PQ1 PQ2 PQ3 PQ4 PQ5
provenance retrieval using original streaming data Yes Yes Yes Yes Yes
provenance retrieval using reduced streaming data Yes Yes Yes Yes Yes

TABLE 8.1: Provenance questions answerability using original streaming data or re-
duced streaming data over the second window

C shows how the contributing operators and streams are returned. PQ1 can be
resolved using reduced streaming data. This is done by looking up the operator ID in
the respiration rate, looking up the stream ID in the table containing parameters of the
operators, looking up the operator ID in the FT records or input stream log and so on
and so forth to the FT record for the source stream. The MATLAB script in Section C.2
in Appendix C shows how the contributing operators and input stream log or FT
records are returned. Figure 8.8 shows the result being returned by both scripts. By
getting information about the operator such as using a simple ”help” command, the
doctors will be able to know the high-level description of the operators. This means
that both the original streaming data and reduced streaming data can be used to
return back the streams and processes constituting the respiration rate over the second
one-minute window on a high level with low granularity.

PQ2. PQ2 can be resolved using original streaming data. According to Algorithm 4 in
Section 7.3.4, all elements from one window of the upstream of ”length”, “findpeaks”,
and ”filtfilt” contribute to its output. As a result, all data elements of one window
from all source or intermediate streams shall be returned. This process doesn’t differ
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FIGURE 8.8: Result returned for PQ1 using either original streaming data or reduced
streaming data

FIGURE 8.9: Result returned for PQ2 using either original streaming data or reduced
streaming data

much from the above MATLAB script to answer PQ1 except that it only needs to
return the contributing stream ID. The MATLAB script to answer PQ2 is listed in
Section C.3 in Appendix C. PQ2 can be resolved using reduced streaming data. This
resembles how reduced streaming data was used to answer PQ1. But additionally, the
FT records denoted with Stream ID need to be reconstructed and stored in a
”MATLAB structure” called ”inputStreamReconstructed” should the technician want
to look at the streaming data closely. The MATLAB script to answer PQ2 is listed in
Section C.4 in Appendix C. Figure 8.9 shows the result being returned by both scripts.
This means that both the original streaming data and reduced streaming data can be
used to return the data constituting the respiration rate over the second one-minute
window with high granularity.

PQ3. PQ3 can be resolved using original streaming data. The operators that touched
the upstream are returned by finding the indice of the stream ID in the table
containing operator metadata. Unlike PQ1, we return back the specific operator ID
besides the operator name. The MATLAB script to answer PQ3 using original
streaming data is listed in Section C.5 in Appendix C. PQ3 can be resolved using
reduced streaming data. Since the stream ID is the same from either original input
stream or FT record, the MATLAB script to answer PQ3 using reduced streaming data
is the same as what is listed in Section C.5 in Appendix C. Figure 8.10 shows the result
being returned by using either the original streaming data or reduced streaming data.
This means that both the original streaming data and reduced streaming data can be
equally used to return back the processes that touched the contributing data over the
second one-minute window with high granularity.
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FIGURE 8.10: Result returned for PQ3 using either original streaming data or reduced
streaming data

FIGURE 8.11: Result returned for PQ4 using original streaming data

PQ4. PQ4 can be resolved using original streaming data. This is achieved by plotting
the stream using the filtered contributing data. The MATLAB script using original
streaming data to answer PQ4 is listed in Section C.6 in Appendix C. Figure 8.11 is
returned as the query result. PQ4 can be resolved using reduced streaming data. This
is achieved by reconstructing the stream using the stored start time, sampling, end
time, frequency bins and their corresponding magnitudes, phases, and offsets. The
MATLAB script using reduced streaming data to answer PQ4 is listed in Section C.7 in
Appendix C. Figure 8.12 is returned as the query result. A figure comparing the
reconstructed stream with the original stream is presented in Figure 8.13. The mean
absolute percentage error of the reconstructed stream is 0.0865%. This means that the
reconstructed stream is very accurate compared with the original stream. Also, we can
see in Figure 8.13, both the original stream and reconstructed stream have 9 visual
peaks as calculated by the application to get the respiration rate. The reconstructed
stream preserves the main stream pattern.
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FIGURE 8.12: Result returned for PQ4 using reduced streaming data

FIGURE 8.13: Comparison of reconstructed stream and original stream
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FIGURE 8.14: Result returned for PQ5 using original streaming data

PQ5. PQ5 can be resolved using original streaming data. This is achieved by plotting
the filtered streams from the 4 channels using the contributing data. The MATLAB
script using original streaming data to answer PQ5 is listed in Section C.8 in Appendix
C. Figure 8.14 is returned as the query result. PQ5 can be resolved using reduced
streaming data. This is achieved by reconstructing the filtered streams using the
stored start time, sampling, end time, frequency bins and their corresponding
magnitudes, phases, and offsets. The MATLAB script using reduced streaming data to
answer PQ5 is listed in Section C.9 in Appendix C. Figure 8.15 is returned as the query
result. A figure comparing reconstructed streams with original streams from 4
channels is presented in Figure 8.16. The mean absolute percentage errors of the
reconstructed streams from 4 channels are 0.0865%, 0.0577%, 0.0774%, and 0.0119%
respectively. This means that the 4 reconstructed streams are very accurate compared
with the original streams. We can see in Figure 8.16, both the original stream and
reconstructed stream from channel 1 and 4 have 9 visual peaks as calculated by the
application to find the best position. The reconstructed stream preserves the main
stream pattern. But for channel 2 and 3, while there are 9 visual peaks for
reconstructed streams, the calculated respiration rates are 10. There are some patterns
that are missing from the reconstructed streams.
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FIGURE 8.15: Result returned for PQ5 using reduced streaming data

FIGURE 8.16: Comparison of reconstructed streams and original streams
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FIGURE 8.17: Query time comparison

8.2.4 Query time

The average query time comparison between provenance retrieval using original
streaming data and provenance retrieval using reduced streaming data over 5
provenance questions is shown in Figure 8.17.

For PQ1, it takes on average 0.028 seconds to retrieve contributing data and processes
using original streaming data and 0.028 seconds to retrieve contributing data and
processes using reduced streaming data. The Wilcoxon Rank Sum Test over these
query times shows that there is not enough evidence to reject the null hypothesis of
equal medians of query time at the 5% significance level. This is because PQ1 is a
high-level provenance question for justification that requires low granularity. The
query requires the contributing stream IDs and operator names but not the specific
data.

For PQ2, it takes on average 0.026 seconds to retrieve contributing data using original
streaming data and 0.029 seconds to retrieve contributing data using reduced
streaming data. The Wilcoxon Rank Sum Test over these query times shows the
existence of a positive shift in the median of query time from the query using original
data to the query using reduced data at the 5% significance level. This is because PQ2
is a provenance question for debugging that requires specific data. The FT records
need to be reconstructed for examining. Thus the query using reduced stream takes
more time.
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For PQ3, as stated earlier in Section 8.2.3, as the operator retrieval using original
streaming data and operator retrieval using reduced streaming data share the same
MATLAB script, there is no time difference between these 2 queries. It takes 0.026
seconds on average to run the query to answer PQ3.

For PQ4, it takes on average 0.352 seconds to return the figure of the filtered stream
using original streaming data and 0.346 seconds using reduced streaming data. The
Wilcoxon Rank Sum Test over these query times shows the existence of a positive shift
in the median of query time from the query using original data to the query using
reduced data at the 5% significance level. This is because PQ4 is a provenance
question for debugging that requires specific data for plotting stream figure. The FT
record needs to be reconstructed for plotting. Thus the query using reduced stream
takes more time.

For PQ5, it takes on average 0.490 seconds to return 4 figures of filtered streams using
original streaming data and 0.504 seconds using reduced streaming data. The
Wilcoxon Rank Sum Test over these query times shows the existence of a positive shift
in the median of query time from the query using original data to the query using
reduced data at the 5% significance level. This is because PQ5 is a provenance
question for justification that requires specific data for plotting. The FT records need to
be reconstructed for plotting. Thus the query using reduced streams takes more time.

8.2.5 Discussion

In summary, in our experimentation of post-processing streaming data with FFT from
the respiratory use case over the second window, we can observe the strengths of the
approach as follows.

1)The post-processing time over streaming data in the second one-minute window is
reasonable (0.873 seconds for the application to get the respiration rate and 2.816
seconds for the application to find the best position) to support reactive stream
provenance retrieval.

2)The deployment of the technique over one window led to successful storage
reduction making streaming data storage in discussion drop from 11.33KB to 0.72KB
(15.7 times reduction effect) for the case to get respiration rate and 43.5KB to 1.19KB
(36.6 times reduction effect) for the case to find the best position compared with when
there is no reduction technique imposing on the streaming data.

3)The reduced streaming data preserves the ability to answer PQ1 which requires the
return of the IDs of contributing stream or FT records and processes on a high level for
understanding for doctors which is no different from the query using unreduced
streams as the IDs of FT records and those of unreduced streams are the same. This is



84 Chapter 8. Analysis of the model over the use case

also reflected in the query time that there is no significant difference between the
medians of the 2 corresponding query times at the 5 % significance level (both the
query time using original streaming data and query time using reduced streaming
data takes 0.028 seconds on average).

It also preserves the ability to answer PQ2 which requires the return of the detailed
contributing streaming data for the technicians by reconstructing detailed streams
using the stored FT records.

The reduced streaming data has the ability to answer PQ4 which requires returning
the figure of the stream for technician. In our experimentation of the filtered stream
over the second window coming from the first channel, the reconstructed stream
succeeded in preserving the main pattern of the original stream with a low mean
absolute percentage error of 0.0865 %.

The limitation of the approach can be observed as follows.

1)While the 4 reconstructed streams to answer PQ5 has minor mean absolute
percentage errors, there are some observable pattern losses for streams coming from
channel 2 and 3.

2)There exists a positive shift in the median of query time from the query using
original data to the query using reduced data at the 5% significance level for both PQ2,
PQ4, and PQ5.
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Chapter 9

Conclusion and Future Work

9.1 Conclusion

The overall aim of the thesis is to explore the applicability of the signal processing
technique - Fourier transform in reducing streaming data storage while retaining its
utility for provenance retrieval.

This is broken down into 3 research questions for exploration.

RQ1. An initial observation of work on provenance of stream in Section 2.3 shows that
there is no major difference between the use of provenance in a transactional system
and that in a stream processing system.

Thus in Chapter 4, we summarize and propose a classification of provenance usage
for the transactional system based on past literature and the provenance use cases
proposed by the W3C provenance incubator group which is more mature that a
stream application can draw from. We propose provenance questions concerning
justification, compliance, trust, debugging, responsibility, taint analysis, and
reproducibility. We map the use of provenance for streams extracted from work in
Section 2.3 to the classification and find that they sit well within this classification.

We’ve also come up with 3 provenance needs that can be further broken down into 5
provenance questions for a real respiratory streaming use case in Chapter 5 through 3
methods: literature review around provenance need for health care domain,
interviewing and seeking expert opinion, and studying the applicability of the
provenance question classification to the provenance need of the streaming
application. We find that the provenance questions derived for the respiratory
streaming application can all be mapped to the provenance question classification.
There comes the limitation for the expert review. Although having senior experts who
work closely with the use case will provide valuable insight, having a group of junior
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academics in related areas (Stewart and Shamdasani (2014)) to interview will
complement the expert review to make the provenance needs for the use case more
validated.

With the proposal of a more general provenance usage classification and a specific
analysis of provenance needs for a real respiratory streaming use case, RQ1 is
answered, which forms the basis for the latter analysis.

RQ2. To answer RQ2, a model for streaming data reduction using Fourier transform
along with its analysis is presented in Chapter 7. They show that there is the
possibility that FT can reduce the size of streaming data. The retrieval algorithm using
FT record from Section 7.3.4 shows the utility of the reduced streaming data for
provenance retrieval.

Apart from that, we also create two stream applications in Chapter 8. One stream
application is for getting the respiration rate. The other stream application is for
finding the best position. The application of the technique over the source and
intermediate streams stored during processing of the second window of the
respiratory sensor streaming data shows that there is quite a lot of reduction for the
source and intermediate streams dropping from 11.33KB to 0.72KB (15.7 times
reduction effect) for the case to get respiration rate and 43.5KB to 1.19KB (36.6 times
reduction effect) for the case to find the best position. Yet for utility, it comes with
some limitations. While using the FT technique doesn’t affect the answerability of the
query that requires stream ID but not specific data such as PQ1, the query that
requires examining data content such as PQ2, and the query that requires contributing
operators such as PQ3, for the query that requires returning the figure of the stream
such as PQ4 and PQ5, it’s possible that there can be some pattern losses.

RQ3. To answer RQ3, metrics such as post-processing time and query time are
explored in Chapter 8. The analysis shows that the post-processing time is reasonable
for the second one-minute time window and can support more reactive stream
provenance retrieval (on average 0.873 seconds for the stream application to get the
respiration rate and 2.816 seconds for the stream application to find the best position).
The analysis shows that while there is no significant difference between the medians
of the query time using unreduced streaming data and reduced streaming data for
PQ1 which doesn’t require specific data at a 5% significance level, there exists a
positive shift in the median of query time from the query using original data to query
using reduced data at the 5 % significance level for PQ2, PQ4, and PQ5 which requires
specific contributing data. The use of the FT technique doesn’t affect the query time for
PQ3 as the contributing operators can be retrieved from the table storing the metadata.
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9.2 Future work

A number of future works for exploration can be extended from this work.

9.2.1 Analysis of the technique over an aggregation of windows

Applying FT on each individual window of streaming data has the advantage of
supporting more reactive stream provenance retrieval. But it comes with certain
limitation - even though each window of streaming data is being reduced in FT
records, the summation of these FT records can increase the storage.

An extended analysis can be carried out to attempt to apply FT on an aggregation of
the windows - for example from window No.1 to window No.5 (Attempt for
MATLAB script to simulate processing respiration sensor data for a period of 5
minutes is presented in Section A.3 in Appendix A). There are the following things to
look for which could be interesting.

1) the storage comparison of the FT record for the aggregation of windows vs the
summation of 5 FT records implementing over 5 individual windows

2) how does applying FT over an aggregation of windows affect reactive stream
provenance?

3) how does applying FT over an aggregation of windows affect query answerability?

4) how does applying FT over an aggregation of windows affect query time?

9.2.2 Exploring other techniques for streaming data reduction for
provenance retrieval

A potential future work direction is to explore the applicability of other signal
processing techniques such as wavelet transform and compressed sensing to reduce
storage for the stream segment.

9.2.3 Applying Fourier transform on streaming data from other domains

The idea of using the signal processing technique - Fourier transform on streaming
data can be applied to stream processing from other domains.
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Appendix A

MATLAB scripts added with
provenance tracking components

tic

% fetch time and raw sensor data

load(’inputStream.mat ’)

t=inputStream (1). timestamp ;%time data

x=inputStream (1). data;%raw sensor data

% filter raw sensor data

windowSize = 10;

b = (1/ windowSize )*ones(1, windowSize ); %initialize filter window

a = 1;

y = filtfilt(b,a,x);

% storing stream and op id

inputStream (5). timestamp=t;

inputStream (5). data=y;

inputStream (5). opID =1;

% find peaks using MinPeakProminence

prom = 1; %initialize_prom_value

[peakHeight ,peakTime ]= findpeaks(y,t, ’MinPeakProminence ’, prom);

% storing stream and op id

inputStream (9). timestamp=peakTime;

inputStream (9). data=peakHeight;

inputStream (9). opID =2;

save ’inputStream ’ inputStream;

% calculate respiration rate

bpm=length(peakTime );

% storing stream and op id

outputStream (1). timestamp=t(1);

outputStream (1). data=bpm;

outputStream (1). opID =3;

% show in real time

save ’outputStream ’ outputStream;



90 Chapter A. MATLAB scripts added with provenance tracking components

toc

LISTING A.1: MATLAB script for the case to get respiration rate added with prove-
nance tracking component

tic

% fetch time and raw sensor data for 4 channels

load(’inputStream.mat ’);

t=inputStream (1). timestamp ;%time data

x1=inputStream (1). data;%raw sensor data

x2=inputStream (2). data;%raw sensor data

x3=inputStream (3). data;%raw sensor data

x4=inputStream (4). data;%raw sensor data

% filter raw sensor data

windowSize = 10;

b = (1/ windowSize )*ones(1, windowSize );

a = 1;

y1 = filtfilt(b,a,x1);

y2 = filtfilt(b,a,x2);

y3 = filtfilt(b,a,x3);

y4 = filtfilt(b,a,x4);

% storing stream and op id

inputStream (5). opID =1;

inputStream (5). timestamp=t;

inputStream (5). data=y1;

inputStream (6). opID =4;

inputStream (6). timestamp=t;

inputStream (6). data=y2;

inputStream (7). opID =7;

inputStream (7). timestamp=t;

inputStream (7). data=y3;

inputStream (8). opID =10;

inputStream (8). timestamp=t;

inputStream (8). data=y4;

% find peaks using MinPeakProminence for filtered sensor data

prom = 1;

[peakHeight1 ,peakTime1 ]= findpeaks(y1 ,t, ’MinPeakProminence ’, prom);

[peakHeight2 ,peakTime2 ]= findpeaks(y2 ,t, ’MinPeakProminence ’, prom);

[peakHeight3 ,peakTime3 ]= findpeaks(y3 ,t, ’MinPeakProminence ’, prom);

[peakHeight4 ,peakTime4 ]= findpeaks(y4 ,t, ’MinPeakProminence ’, prom);

% storing stream and op id

inputStream (9). opID =2;

inputStream (9). timestamp=peakTime1;

inputStream (9). data=peakHeight1;

inputStream (10). opID =5;

inputStream (10). timestamp=peakTime2;

inputStream (10). data=peakHeight2;

inputStream (11). opID =8;

inputStream (11). timestamp=peakTime3;

inputStream (11). data=peakHeight3;

inputStream (12). opID =11;

inputStream (12). timestamp=peakTime4;

inputStream (12). data=peakHeight4;

save ’inputStream ’ inputStream;
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% calculate respiration rate

bpm1=length(peakTime1 );

bpm2=length(peakTime2 );

bpm3=length(peakTime3 );

bpm4=length(peakTime4 );

% storing stream and op id

outputStream (1). opID =3;

outputStream (1). timestamp=t(1);

outputStream (1). data=bpm1;

outputStream (2). opID =6;

outputStream (2). timestamp=t(1);

outputStream (2). data=bpm2;

outputStream (3). opID =9;

outputStream (3). timestamp=t(1);

outputStream (3). data=bpm3;

outputStream (4). opID =12;

outputStream (4). timestamp=t(1);

outputStream (4). data=bpm4;

save ’outputStream ’ outputStream;

toc

LISTING A.2: MATLAB script for the case to find best position added with provenance
tracking component

t1=[];x1=[]; t5=[];x5=[];t9=[];x9=[]; bpm =[]; tout =[]; xout =[];

for num =1:5

% fetch time and raw sensor data

load(’inputStream.mat ’)

t=inputStream (1). timestamp ;%time data

t=t((num -1)*600+1: num *600);

t1=[t1 , t];

x=inputStream (1). data;%raw sensor data

x=x((num -1)*600+1: num *600);

x1=[x1 , x];

% filter raw sensor data

windowSize = 10;

b = (1/ windowSize )*ones(1, windowSize ); %initialize filter window

a = 1;

y = filtfilt(b,a,x);

% storing stream

t5((num -1)*600+1: num *600)=t;

x5((num -1)*600+1: num *600)=y;

% find peaks using MinPeakProminence

prom = 1; %initialize_prom_value

[peakHeight ,peakTime ]= findpeaks(y,t, ’MinPeakProminence ’, prom);

% storing stream and op id

t9=[t9;peakTime ];

x9=[x9;peakHeight ];

% calculate respiration rate
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bpm=[bpm ,length(peakTime )];

% storing stream and op id

tout=[tout ,num *600];

xout=bpm;

% show in real time

formatSpec1 = "time:%d min; rr: %d \n";

str1 = sprintf(formatSpec1 ,0.1* tout(end)/60, xout(end))

pause (60)

end

inputStream (5). timestamp=t5;

inputStream (5). data=x5;

inputStream (5). opID =1;

inputStream (9). timestamp=t9;

inputStream (9). data=x9;

inputStream (9). opID =2;

save ’inputStream ’ inputStream;

outputStream (1). timestamp=tout;

outputStream (1). data=bpm;

outputStream (1). opID =3;

save ’outputStream ’ outputStream;

LISTING A.3: MATLAB script to simulate processing respiration sensor data for a
period of 5 minutes
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Appendix B

MATLAB scripts to post-process the
streams

tic

%% postprocess source stream

load(’inputStream.mat ’)

t=inputStream (1). timestamp ;%time data

x=inputStream (1). data;%raw sensor data of 1 min time window

N=length(x);

Fs =10*60;

x_new=x-mean(x);% remove DC

X_new=fft(x_new );%fft

f1=figure (1);

P2=abs(X_new/N);

P1 = P2(1:N/2+1);

P1(2:end -1) = 2*P1(2:end -1);

plot (0:(Fs/N):(Fs/2-Fs/N),P1(1:N/2))

ylabel(’Magnitude ’);

xlabel(’cycles/min ’);

title(’spectrum for source stream ’);

saveas(f1,’spectrum for source stream.png ’);

% store FT records

inputStreamFT (1). starttime=t(1);

inputStreamFT (1). sampling=t(2)-t(1);

inputStreamFT (1). endtime=t(end);

inputStreamFT (1). frequency =9:10;

inputStreamFT (1). magnitude=P1 (10:11);

inputStreamFT (1). phrase=angle(X_new (10:11));

inputStreamFT (1). offset=mean(x);

%% post process intermediate stream

t2=inputStream (5). timestamp ;%time data

x2=inputStream (5). data;%raw sensor data
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x2_new=x2-mean(x2);% remove DC

X2_new=fft(x2_new );%fft

f2=figure (2);

P2=abs(X2_new/N);

P1 = P2(1:N/2+1);

P1(2:end -1) = 2*P1(2:end -1);

plot (0:(Fs/N):(Fs/2-Fs/N),P1(1:N/2))

ylabel(’Magnitude ’);

xlabel(’cycles/min ’);

title(’spectrum for intermediate stream ’);

saveas(f2,’spectrum for intermediate stream.png ’);

% store FT records

inputStreamFT (5). starttime=t2(1);

inputStreamFT (5). sampling=t2(2)-t2(1);

inputStreamFT (5). endtime=t2(end);

inputStreamFT (5). frequency =9:10;

inputStreamFT (5). magnitude=P1 (10:11);

inputStreamFT (5). phrase=angle(X2_new (10:11));

inputStreamFT (5). offset=mean(x2);

inputStreamFT (5). opID=inputStream (5). opID;

save ’inputStreamFT ’ inputStreamFT;

toc

LISTING B.1: MATLAB script to post-process the stream for the case to get respiration
rate

tic

%% postprocess source stream

load(’inputStream.mat ’);

t=inputStream (1). timestamp ;%time data

N=length(t);

Fs =10*60;

%----observe spectrum for source stream for left chest

x=inputStream (1). data;

x_new=x-mean(x);% remove DC

X_new=fft(x_new );%fft

f1=figure (1);

P2=abs(X_new/N);

P1 = P2(1:N/2+1);

P1(2:end -1) = 2*P1(2:end -1);

plot (0:(Fs/N):(Fs/2-Fs/N),P1(1:N/2))

ylabel(’Magnitude ’);

xlabel(’cycles/min ’);

title(’spectrum for source stream for left chest ’);

saveas(f1,’spectrum for source stream for left chest.png ’);

% FT record for left chest

inputStreamFT (1). starttime=t(1);

inputStreamFT (1). sampling=t(2)-t(1);
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inputStreamFT (1). endtime=t(end);

inputStreamFT (1). frequency =9:10;

inputStreamFT (1). magnitude=P1 (10:11);

inputStreamFT (1). phrase=angle(X_new (10:11));

inputStreamFT (1). offset=mean(x);

% ----observe spectrum for source stream for right chest

x=inputStream (2). data;

x_new=x-mean(x);% remove DC

X_new=fft(x_new );%fft

f2=figure (2);

P2=abs(X_new/N);

P1 = P2(1:N/2+1);

P1(2:end -1) = 2*P1(2:end -1);

plot (0:(Fs/N):(Fs/2-Fs/N),P1(1:N/2))

ylabel(’Magnitude ’);

xlabel(’cycles/min ’);

title(’spectrum for source stream for right chest ’);

saveas(f2,’spectrum for source stream for right chest.png ’);

% store FT records for right chest

inputStreamFT (2). starttime=t(1);

inputStreamFT (2). sampling=t(2)-t(1);

inputStreamFT (2). endtime=t(end);

inputStreamFT (2). frequency =[1 9];

inputStreamFT (2). magnitude=P1([2 ,10]);

inputStreamFT (2). phrase=angle(X_new ([2 ,10]));

inputStreamFT (2). offset=mean(x);

%----observe spectrum for source stream for left side

x=inputStream (3). data;

x_new=x-mean(x);% remove DC

X_new=fft(x_new );%fft

f3=figure (3);

P2=abs(X_new/N);

P1 = P2(1:N/2+1);

P1(2:end -1) = 2*P1(2:end -1);

plot (0:(Fs/N):(Fs/2-Fs/N),P1(1:N/2))

ylabel(’Magnitude ’);

xlabel(’cycles/min ’);

title(’spectrum for source stream for left side ’);

saveas(f1,’spectrum for source stream for left side.png ’);

% FT record for left side

inputStreamFT (3). starttime=t(1);

inputStreamFT (3). sampling=t(2)-t(1);

inputStreamFT (3). endtime=t(end);

inputStreamFT (3). frequency =[1 7 9];

inputStreamFT (3). magnitude=P1([2 ,8 ,10]);

inputStreamFT (3). phrase=angle(X_new ([2 ,8 ,10]));

inputStreamFT (3). offset=mean(x);

%----observe spectrum for source stream for right side

x=inputStream (4). data;

x_new=x-mean(x);% remove DC
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X_new=fft(x_new );%fft

f4=figure (4);

P2=abs(X_new/N);

P1 = P2(1:N/2+1);

P1(2:end -1) = 2*P1(2:end -1);

plot (0:(Fs/N):(Fs/2-Fs/N),P1(1:N/2))

ylabel(’Magnitude ’);

xlabel(’cycles/min ’);

title(’spectrum for source stream for right side ’);

saveas(f1,’spectrum for source stream for right side.png ’);

% FT record for right side

inputStreamFT (4). starttime=t(1);

inputStreamFT (4). sampling=t(2)-t(1);

inputStreamFT (4). endtime=t(end);

inputStreamFT (4). frequency =[1 5 7 9];

inputStreamFT (4). magnitude=P1([2 ,6 ,8 ,10]);

inputStreamFT (4). phrase=angle(X_new ([2 ,6 ,8 ,10]));

inputStreamFT (4). offset=mean(x);

%% post process intermediate stream

%----observe spectrum for intermediate stream for left chest

x=inputStream (5). data; %intermediate stream coming out of filtfilt

x_new=x-mean(x);% remove DC

X_new=fft(x_new );%fft

f5=figure (5);

P2=abs(X_new/N);

P1 = P2(1:N/2+1);

P1(2:end -1) = 2*P1(2:end -1);

plot (0:(Fs/N):(Fs/2-Fs/N),P1(1:N/2))

ylabel(’Magnitude ’);

xlabel(’cycles/min ’);

title(’spectrum for intermediate stream for left chest ’);

saveas(f5,’spectrum for intermediate stream for left chest.png ’);

inputStreamFT (5). starttime=t(1);

inputStreamFT (5). sampling=t(2)-t(1);

inputStreamFT (5). endtime=t(end);

inputStreamFT (5). frequency =9:10;

inputStreamFT (5). magnitude=P1 (10:11);

inputStreamFT (5). phrase=angle(X_new (10:11));

inputStreamFT (5). offset=mean(x);

%----observe spectrum for intermediate stream for right chest

x=inputStream (6). data; %intermediate stream coming out of filtfilt

x_new=x-mean(x);% remove DC

X_new=fft(x_new );%fft

f6=figure (6);

P2=abs(X_new/N);

P1 = P2(1:N/2+1);

P1(2:end -1) = 2*P1(2:end -1);
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plot (0:(Fs/N):(Fs/2-Fs/N),P1(1:N/2))

ylabel(’Magnitude ’);

xlabel(’cycles/min ’);

title(’spectrum for intermediate stream for right chest ’);

saveas(f6,’spectrum for intermediate stream for right chest.png ’);

inputStreamFT (6). starttime=t(1);

inputStreamFT (6). sampling=t(2)-t(1);

inputStreamFT (6). endtime=t(end);

inputStreamFT (6). frequency =[1 9];

inputStreamFT (6). magnitude=P1([2 ,10]);

inputStreamFT (6). phrase=angle(X_new ([2 ,10]));

inputStreamFT (6). offset=mean(x);

%----observe spectrum for intermediate stream for left side

x=inputStream (7). data; %intermediate stream coming out of filtfilt

x_new=x-mean(x);% remove DC

X_new=fft(x_new );%fft

f7=figure (7);

P2=abs(X_new/N);

P1 = P2(1:N/2+1);

P1(2:end -1) = 2*P1(2:end -1);

plot (0:(Fs/N):(Fs/2-Fs/N),P1(1:N/2))

ylabel(’Magnitude ’);

xlabel(’cycles/min ’);

title(’spectrum for intermediate stream for left side ’);

saveas(f7,’spectrum for intermediate stream for left side.png ’);

inputStreamFT (7). starttime=t(1);

inputStreamFT (7). sampling=t(2)-t(1);

inputStreamFT (7). endtime=t(end);

inputStreamFT (7). frequency =[1 7 9];

inputStreamFT (7). magnitude=P1([2 ,8 ,10]);

inputStreamFT (7). phrase=angle(X_new ([2 ,8 ,10]));

inputStreamFT (7). offset=mean(x);

%----observe spectrum for intermediate stream for right side

x=inputStream (8). data; %intermediate stream coming out of filtfilt

x_new=x-mean(x);% remove DC

X_new=fft(x_new );%fft

f8=figure (8);

P2=abs(X_new/N);

P1 = P2(1:N/2+1);

P1(2:end -1) = 2*P1(2:end -1);

plot (0:(Fs/N):(Fs/2-Fs/N),P1(1:N/2))

ylabel(’Magnitude ’);

xlabel(’cycles/min ’);

title(’spectrum for intermediate stream for right side ’);

saveas(f8,’spectrum for intermediate stream for right side.png ’);

inputStreamFT (8). starttime=t(1);
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inputStreamFT (8). sampling=t(2)-t(1);

inputStreamFT (8). endtime=t(end);

inputStreamFT (8). frequency =[1 5 7 9];

inputStreamFT (8). magnitude=P1([2 ,6 ,8 ,10]);

inputStreamFT (8). phrase=angle(X_new ([2 ,6 ,8 ,10]));

inputStreamFT (8). offset=mean(x);

save ’inputStreamFT ’ inputStreamFT;

toc

LISTING B.2: MATLAB script to post-process the stream for the case to find best posi-
tion
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Appendix C

MATLAB scripts to answer
provenance questions

tic

load(’outputStream.mat ’) %input

load(’inputStream.mat ’)

opPara = readcell(’op_parameter.xlsx ’);

opID1=outputStream.opID;

opName1=opPara{opID1 +1,2};

inputStream1ID=opPara{opID1 +1,3};

opID2=inputStream(inputStream1ID ).opID;

opName2=opPara{opID2 +1,2};

inputStream2ID=opPara{opID2 +1,3};

opID3=inputStream(inputStream2ID ).opID;

opName3=opPara{opID3 +1,2};

inputStream3ID=opPara{opID3 +1,3};

formatSpec1 = "the operator from downstream to upstream are: %s, %s, %s";

str1 = sprintf(formatSpec1 ,opName1 ,opName2 ,opName3)

formatSpec2 = "the stream ID (starting from the first non -output stream) from downstream to

... upstream are: %d, %d, %d";

str2 = sprintf(formatSpec2 ,inputStream1ID ,inputStream2ID ,inputStream3ID)

toc

LISTING C.1: MATLAB script to answer PQ1 using original streaming data

tic

load(’outputStream.mat ’)

load(’inputStream.mat ’)

load(’inputStreamFT.mat ’)

opPara = readcell(’op_parameter.xlsx ’);
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opID1=outputStream.opID;

opName1=opPara{opID1 +1,2};

inputStream1ID=opPara{opID1 +1,3};

opID2=inputStream(inputStream1ID ).opID;

opName2=opPara{opID2 +1,2};

inputStream2ID=opPara{opID2 +1,3};

opID3=inputStreamFT(inputStream2ID ).opID;

opName3=opPara{opID3 +1,2};

inputStream3ID=opPara{opID3 +1,3};

formatSpec1 = "the operator from upstream to downstream are: %s, %s, %s";

str1 = sprintf(formatSpec1 ,opName3 ,opName2 ,opName1)

formatSpec2 = "the stream ID from upstream to downstream are: %d, %d, %d";

str2 = sprintf(formatSpec2 ,inputStream3ID ,inputStream2ID ,inputStream1ID)

toc

LISTING C.2: MATLAB script to answer PQ1 using reduced streaming data

tic

load(’outputStream.mat ’) %input

load(’inputStream.mat ’)

opPara = readcell(’op_parameter.xlsx ’);

opID1=outputStream.opID;

inputStream1ID=opPara{opID1 +1,3};

opID2=inputStream(inputStream1ID ).opID;

inputStream2ID=opPara{opID2 +1,3};

opID3=inputStream(inputStream2ID ).opID;

inputStream3ID=opPara{opID3 +1,3};

formatSpec2 = "the stream ID (starting from the first non -output stream) from downstream to

... upstream are: %d, %d, %d";

str2 = sprintf(formatSpec2 ,inputStream1ID ,inputStream2ID ,inputStream3ID)

toc

LISTING C.3: MATLAB script to answer PQ2 using original streaming data

tic

load(’outputStream.mat ’)

load(’inputStream.mat ’)

load(’inputStreamFT.mat ’)

opPara = readcell(’op_parameter.xlsx ’);

opID1=outputStream.opID;
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inputStream1ID=opPara{opID1 +1,3};

opID2=inputStream(inputStream1ID ).opID;

inputStream2ID=opPara{opID2 +1,3};

%reconstruct stream using inputStream2ID

inputStreamReconstructed(inputStream2ID ). timestamp=inputStreamFT(inputStream2ID ). starttime:

... inputStreamFT(inputStream2ID ). sampling:inputStreamFT(inputStream2ID ). endtime+

... inputStreamFT(inputStream2ID ). sampling;

t2start =0;

t2sampling=inputStreamFT(inputStream2ID ). sampling;

t2end= inputStreamFT(inputStream2ID ).endtime -inputStreamFT(inputStream2ID ). starttime;

t2=t2start:t2sampling:t2end+t2sampling;

offset=inputStreamFT(inputStream2ID ). offset;

f=inputStreamFT(inputStream2ID ). frequency;

m=inputStreamFT(inputStream2ID ). magnitude;

p=inputStreamFT(inputStream2ID ). phrase;

af=2*pi/60*f’;

aft=af*t2;

aftp=p*ones(1,length(t2))+aft;

y= cos(aftp);

M=m*ones(1,length(t2));

y=M.*y;

y=cumsum(y,1);

y=y(end ,:);

y=y+offset;

inputStreamReconstructed(inputStream2ID ).data=y;

inputStreamReconstructed(inputStream2ID ).opID=inputStreamFT(inputStream2ID ).opID;

opID3=inputStreamFT(inputStream2ID ).opID;

inputStream3ID=opPara{opID3 +1,3};

%reconstruct stream using inputStream3ID

inputStreamReconstructed(inputStream3ID ). timestamp=inputStreamFT(inputStream3ID ). starttime:

... inputStreamFT(inputStream3ID ). sampling:inputStreamFT(inputStream3ID ). endtime+

... inputStreamFT(inputStream3ID ). sampling;

t2start =0;

t2sampling=inputStreamFT(inputStream3ID ). sampling;

t2end=inputStreamFT(inputStream3ID ).endtime -inputStreamFT(inputStream3ID ). starttime;

t2=t2start:t2sampling:t2end+t2sampling;

offset=inputStreamFT(inputStream3ID ). offset;

f=inputStreamFT(inputStream3ID ). frequency;

m=inputStreamFT(inputStream3ID ). magnitude;

p=inputStreamFT(inputStream3ID ). phrase;

af=2*pi/60*f’;

aft=af*t2;

aftp=p*ones(1,length(t2))+aft;

y= cos(aftp);

M=m*ones(1,length(t2));

y=M.*y;

y=cumsum(y,1);

y=y(end ,:);

y=y+offset;
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inputStreamReconstructed(inputStream3ID ).data=y;

save ’inputStreamReconstructed ’ inputStreamReconstructed;

formatSpec2 = "the stream ID from upstream to downstream are: %d, %d, %d";

str2 = sprintf(formatSpec2 ,inputStream3ID ,inputStream2ID ,inputStream1ID)

toc

LISTING C.4: MATLAB script to answer PQ2 using reduced streaming data

tic

load(’outputStream.mat ’)

opPara = readcell(’op_parameter.xlsx ’);

inputStream1ID =9;% input

inputStream2ID =5;

inputStream3ID =1;

m=cell2mat(opPara (2:13 ,3)); % extract colum denoted stream ID

opid3=find(m== inputStream3ID );

opName3=opPara{opid3 +1,2};

opid2=find(m== inputStream2ID );

opName2=opPara{opid2 +1,2};

opid1=find(m== inputStream1ID );

opName1=opPara{opid1 +1,2};

formatSpec1 = "The stream %d, %d, %d are touched by operator %s,%s,%s whose operator id are

...%d,%d,%d";

str1 = sprintf(formatSpec1 ,inputStream3ID ,inputStream2ID ,inputStream1ID ,opName3 , opName2 ,

... opName1 , opid3 ,opid2 ,opid1)

toc

LISTING C.5: MATLAB script to answer PQ3 using original streaming data or reduced
streaming data

tic

load(’inputStream.mat ’)

t2=inputStream (5). timestamp ;%input

y=inputStream (5). data;

f1=figure (1);

plot(t2 ,y,’r.-’, ’LineWidth ’, 1);

xlabel(’time(seconds )’);

ylabel(’filtered stream ’);

title(’constituent filtered stream ’);

saveas(f1,’constituent_stream.png ’);

toc

LISTING C.6: MATLAB script to answer PQ4 using original streaming data
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tic

load(’inputStreamFT.mat ’)

t2start =0;

t2sampling=inputStreamFT (5). sampling;

t2end= inputStreamFT (5). endtime -inputStreamFT (5). starttime+inputStreamFT (5). sampling;

t2=t2start:t2sampling:t2end;

offset=inputStreamFT (5). offset;

f=inputStreamFT (5). frequency;

m=inputStreamFT (5). magnitude;

p=inputStreamFT (5). phrase;

af=2*pi/60*f’;

aft=af*t2;

aftp=p*ones(1,length(t2))+aft;

y= cos(aftp);

M=m*ones(1,length(t2));

y=M.*y;

y=cumsum(y,1);

y=y(end ,:);

y=y+offset;

f1=figure (1);

t=inputStreamFT (5). starttime:inputStreamFT (5). sampling:inputStreamFT (5). endtime+

... inputStreamFT (5). sampling;

plot(t,y,’r.-’, ’LineWidth ’, 1);

xlabel(’time(seconds )’);

ylabel(’filtered stream ’);

title(’constituent filtered stream ’);

saveas(f1,’constituent_stream2.png ’);

toc

LISTING C.7: MATLAB script to answer PQ4 using reduced streaming data

tic

load(’inputStream.mat ’)

f1=figure (1);

for i=5:8

t=inputStream(i). timestamp;

x=inputStream(i).data;

subplot(2,2,i-4);

plot(t,x,’b.-’, ’LineWidth ’, 1);

xlabel(’time(seconds )’);

ylabel(’filtered stream ’);

title(sprintf(’filtered stream from NO. %d channel ’,i-4))

t=[];x=[];

end

saveas(f1 ,’4 filtered stream.png ’);

toc

LISTING C.8: MATLAB script to answer PQ5 using original streaming data

tic

load(’inputStreamFT.mat ’)
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f1=figure (1);

for i=5:8

time=inputStreamFT(i). starttime:inputStreamFT(i). sampling:inputStreamFT(i). endtime+

... inputStreamFT(i). sampling;

tstart =0;

tsampling=inputStreamFT(i). sampling;

tend= inputStreamFT(i).endtime -inputStreamFT(i). starttime+inputStreamFT(i). sampling;

t=tstart:tsampling:tend;

offset=inputStreamFT(i). offset;

f=inputStreamFT(i). frequency;

m=inputStreamFT(i). magnitude;

p=inputStreamFT(i). phrase;

af=2*pi/60*f’;

aft=af*t;

aftp=p*ones(1,length(t))+aft;

y= cos(aftp);

M=m*ones(1,length(t));

y=M.*y;

y=cumsum(y,1);

y=y(end ,:);

y=y+offset;

subplot(2,2,i-4);

plot(time ,y,’b.-’, ’LineWidth ’, 1);

xlabel(’time(seconds )’);

ylabel(’filtered stream ’);

title(sprintf(’filtered stream from NO.%d channel ’,i-4))

end

saveas(f1,’filtered stream FT.png ’);

toc

LISTING C.9: MATLAB script to answer PQ5 using reduced streaming data
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Appendix D

MATLAB scripts to get respiration
rate and to find best position

clear

fid = fopen(’res_data.txt ’);

delimiter = ’\t’;

startRow = 23;

formatSpec = ’%f%f%f%f%f%f%[^\n\r]’;

dataArray = textscan(fid , formatSpec , ’Delimiter ’, delimiter , ’TextType ’, ’string ’,...

’EmptyValue ’, NaN ,’HeaderLines ’ ,startRow -1, ’ReturnOnError ’, false , ’EndOfLine ’, ’\r\n’);

t=dataArray {1};% time data

num =2; %which number of window

t=t((num -1)*600+1: num *600);

x1=flip(dataArray {2});% raw sensor data no.1 channel

x1=x1((num -1)*600+1: num *600);

x2=flip(dataArray {3});% raw sensor data no.2 channel

x2=x2((num -1)*600+1: num *600);

x3=flip(dataArray {4});% raw sensor data no.3 channel

x3=x3((num -1)*600+1: num *600);

x4=flip(dataArray {5});% raw sensor data no.4 channel

x4=x4((num -1)*600+1: num *600);

inputStream (1). timestamp=t;

inputStream (1). data=x1;

inputStream (2). timestamp=t;

inputStream (2). data=x2;

inputStream (3). timestamp=t;

inputStream (3). data=x3;

inputStream (4). timestamp=t;

inputStream (4). data=x4;

save ’inputStream ’ inputStream;

LISTING D.1: MATLAB script to grasp sensor data

% fetch time and raw sensor data
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load(’inputStream.mat ’)

t=inputStream (1). timestamp ;%time data

x=inputStream (1). data;%raw sensor data

% filter raw sensor data

windowSize = 10;

b = (1/ windowSize )*ones(1, windowSize ); %initialize filter window

a = 1;

y = filtfilt(b,a,x);

% find peaks using MinPeakProminence

prom = 1; %initialize prom value

[peakHeight ,peakTime ]= findpeaks(y,t, ’MinPeakProminence ’, prom);

% calculate respiration rate

bpm=length(peakTime );

outputStream (1). timestamp=t(1);

outputStream (1). data=bpm;

save ’outputStream ’ outputStream;

LISTING D.2: MATLAB script to get respiration rate

% fetch time and raw sensor data for 4 channels

load(’inputStream.mat ’);

t=inputStream (1). timestamp ;%time data

x1=inputStream (1). data;%raw sensor data

x2=inputStream (2). data;%raw sensor data

x3=inputStream (3). data;%raw sensor data

x4=inputStream (4). data;%raw sensor data

% filter raw sensor data

windowSize = 10;

b = (1/ windowSize )*ones(1, windowSize );

a = 1;

y1 = filtfilt(b,a,x1);

y2 = filtfilt(b,a,x2);

y3 = filtfilt(b,a,x3);

y4 = filtfilt(b,a,x4);

% find peaks using MinPeakProminence for filtered sensor data

prom = 1;

[peakHeight1 ,peakTime1 ]= findpeaks(y1 ,t, ’MinPeakProminence ’, prom);

[peakHeight2 ,peakTime2 ]= findpeaks(y2 ,t, ’MinPeakProminence ’, prom);

[peakHeight3 ,peakTime3 ]= findpeaks(y3 ,t, ’MinPeakProminence ’, prom);

[peakHeight4 ,peakTime4 ]= findpeaks(y4 ,t, ’MinPeakProminence ’, prom);

% calculate respiration rate

bpm1=length(peakTime1 );

bpm2=length(peakTime2 );

bpm3=length(peakTime3 );

bpm4=length(peakTime4 );

outputStream (1). timestamp=t(1);

outputStream (1). data=bpm1;

outputStream (2). timestamp=t(1);
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outputStream (2). data=bpm2;

outputStream (3). timestamp=t(1);

outputStream (3). data=bpm3;

outputStream (4). timestamp=t(1);

outputStream (4). data=bpm4;

save ’outputStream ’ outputStream;

LISTING D.3: MATLAB script to find best position
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Appendix E

Workflow graphs created through
yesWorkflow tools

FIGURE E.1: Workflow graph to get respiration rate created through yesWorkflow

FIGURE E.2: Workflow graph to find the best position created through yesWorkflow
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