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Event Detection in Smart Meter Data with Complex Event Processing
In collaboration with Göteborg Energi
Vaibhav Talari, Nadia Papa
Department of Computer Science and Engineering
Chalmers University of Technology and University of Gothenburg

Abstract
Smart Grids with their accompanying Smart Meters are increasingly taking over
from conventional electrical grids and manually inspected electricity meters. This
trend gives rise to large amounts of data being collected every day by electricity
service providers. Each Smart Meter may emit several readings each hour and can
be located at both customers and producers, as well as throughout the infrastructure
in locations such as substations.

Through analysing this data, a service provider can respond more swiftly to changes
in supply and demand, as well as detect anomalies in the grid and at meters. But
the large amount of data that is generated quickly exceeds what could be manually
inspected and requires the use of techniques made to analyse large quantities of
data. One approach is to analyse the data as it arrives in the form of a data stream,
without the need to first save it to permanent memory. Two prominent techniques for
analysing data streams are those of stream processing and complex event processing.

This thesis is conducted in collaboration with Göteborg Energi. It investigates
the performance difference of stream processing and complex event processing for
pattern detection in Smart Meter data. The findings are further used to guide
the implementation of a pattern that combines both techniques and to support the
creation of pattern templates. The tests are conducted on three patterns, with a
primary focus on comparing the effects on latency and throughput under different
levels of source parallelism in the jobs. The results show that while stream processing
has a performance advantage over complex event processing on Smart Grid data,
combining the two techniques can achieve comparable performance. Using stream
processing as an aggregation step before complex event processing can maintain
high performance while offering potential reusability and simplifying the creation of
future patterns.

Keywords: Complex Event Processing, Stream Processing, Smart Grid, pattern
matching.
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1
Introduction

Smart Grids (SGs) are among the many information and communication technolo-
gies that our society increasingly depends on, enabling communication through a
network of devices throughout the electricity grid’s infrastructure [1], [2]. A funda-
mental component of an SG is a Smart Meter (SM), which continuously transmits
real-time data on energy consumption and grid status. This information, conveyed
as discrete events, supports efficient monitoring and dynamic control of the grid [3].
To fully leverage the capabilities of SGs, it is essential to analyse and process the
high-volume, continuous flow of data (data streams) generated by these intercon-
nected devices [2].

Service providers can respond to supply-demand fluctuations and adapt to emerging
trends in real time by carefully analysing these data streams [2], [3]. Furthermore,
data streams are utilized to detect anomalies in SM operations, including device
malfunctions, localized power outages, and instances of energy theft [3], [4].

Detecting such occurrences within the SG requires analysing event sequences, which
provide richer contextual insights into the grids operational status at both micro and
macro levels. These event sequences can be organized into patterns that can be used
to detect and alert the service provider as they occur. An example of such a pattern
could be that of a SM notification that the device cover has been removed, followed
by a change in the consumption trend, which together may indicate tampering with
the meter. Techniques suitable for detecting patterns in these data streams include
Stream Processing (SP) and Complex Event Processing (CEP). Both methods are
employed in this thesis and discussed in detail in Chapter 2.

Streaming queries can be constructed using either SP or CEP paradigms, with CEP
offering a higher-level abstraction over SP. Consequently, a streaming application
can be implemented using one or both approaches. Understanding the performance
and trade-off between SP and CEP is valuable for service providers aiming to build
efficient monitoring systems. Moreover, both paradigms support the automation
of decision-making processes for frequently occurring operational issues, thereby
reducing the reliance on manual inspection and intervention. Motivated by these
advantages, this thesis explores and evaluates three representative event patterns
using both SP and CEP approaches.

The first pattern detects voltage deviations between phases that exceed a prede-
fined threshold. Monitoring these deviations is crucial, as they may cause over-

1



1. Introduction

heating, malfunction, or permanent damage to electrical equipment. The second
pattern identifies malfunctioning meters that may prevent the accurate reporting of
a customer’s consumption or production. The third pattern captures events where
current levels surpass safe operating limits, potentially causing a meter fault that
may require intervention by the service provider. These patterns are described in
further detail in Section 3.1.

To evaluate the performance of these patterns, two experimental setups are used: a
single-job setup and a multi-job setup. In the single-job setup, a single processing
job is deployed with multiple separate data sources. In contrast, the multi-job setup
involves deploying multiple independent processing jobs, each utilizing its own fixed
data source. In both setups, key performance metrics, including throughput, latency,
CPU utilization, and memory usage, are monitored to assess the system’s behaviour
and efficiency.

One of the objectives of this thesis is to develop two implementations of each pattern:
one using the SP paradigm and the other using CEP. A comparative performance
analysis of both implementations is then conducted to evaluate their effectiveness
in real-time anomaly detection.

1.1 Background
Electricity is a crucial form of energy, making it critical for any nation. As economies
grow, the demand for industrial electricity rises rapidly. At the same time, residen-
tial electricity consumption also surges due to improving living standards. Green
energy sources distribute power generation while reducing the burden on centralized
power generation houses. Traditional power grids operate with centralized power
generation, but green energy sources have resulted in decentralized power genera-
tion. The distributed nature of the power grid has resulted in embracing the SG
paradigm, which makes efficiently controlling the supply of high-quality and reliable
electric power important [5].

Furthermore, objectives by the European Union (EU) such as Fit for 55, to reduce
greenhouse gas emissions to 55% by 2030 and REPowerEU, to end European power
reliance on Russia before 2030 [6] have made EU member states adopt SGs and
SMs to achieve these goals. The implementation of the SG has benefits for energy
companies, producers, and customers. SM data enables advanced monitoring and
efficient use of energy resources on the power grid.

SMs play a transformative role in modern power grids by enabling the precise mon-
itoring and management of electricity usage. With the adoption of Advanced Me-
tering Infrastructure (AMI), SMs can track information such as power consumption,
detect faults, and perform other smart functionality continuously. The resulting
data is transmitted securely to a central management system, allowing utility com-
panies to enhance power reliability, improve operational planning, and respond more
swiftly to outages. An SG is an advanced cyber-physical system integrating com-
munication networks with the traditional power infrastructure to enable intelligent
and automated control. It facilitates the exchange of real-time data, in the form of

2



1. Introduction

events, along with the flow of electricity. A specialized database system known as
a Meter Data Management System is used to efficiently handle the vast amounts
of information generated in SGs to store, process, and manage the collected data
effectively [7], [8].

In today’s digital landscape, virtually all information systems are fundamentally
driven by events [9], where the SG is one such system. A complex event is charac-
terized as an occurrence that arises from the aggregation or correlation of multiple
individual events, making it identifiable only when these underlying events are ob-
served collectively.

In event-driven architectures, events are the fundamental building blocks that enable
systems to react to changes and trigger actions in real-time. Therefore, an event
represents an activity in a system at a given instant, denoting the system state or a
deviation. At its core, an event typically comprises a unique identifier, a descriptive
message detailing the nature of the event, and a timestamp indicating when the
event was generated. Different events can be associated with time, causality, and
aggregation. If event A causes event B, the two events are considered correlated,
implying that A must occur before B [10], [11].

1.2 Motivation
SGs with their SMs have led to a great increase in power usage data that is ac-
cessible to utility companies and power system researchers. This shift represents
a significant advancement, moving from a single manual meter reading per month
to multiple readings captured over an hour. Applying a data-driven approach to
decision-making is necessary, as SM adoption has led to a continuous inflow of data.
This increasing influx of data offers the potential for higher-quality analytics and
improvements to policies and decision-making. While much of this data is benign,
indicating normal functioning as intended, the area of interest lies in the subset of
data that signals unusual activity requiring attention. The expansion of automated
detection and notification of anomalous events is increasingly necessary to address
faults or malicious attacks in these complex, distributed networks. This thesis aims
to evaluate the effectiveness of various techniques for identifying patterns within SM
data streams.

Motivated by this objective, we investigate pattern detection techniques, specifically
SP and CEP, in the context of stream data. To assess and compare the performance
of these techniques, a comprehensive set of evaluation metrics is employed. The
performance evaluation of the patterns is based on four key metrics: throughput,
latency, CPU utilization, and memory usage. Together, these metrics provide a well-
rounded evaluation framework for assessing the efficiency and responsiveness of the
system. Throughput and latency are particularly important, as they indicate the
systems ability to handle high volumes of events and the time required to process
them. In contrast, CPU utilization and memory usage offer insights into the overall
resource consumption of the application, highlighting its computational efficiency
under different workloads.

3



1. Introduction

Both SP and CEP have been used in other studies either to target the SG domain or
to analyse data from SGs as part of their evaluations [1], [12]–[14]. These techniques
can operate on data as it is accumulated over time without the need to wait for it to
be available in its entirety, allowing them to operate directly on the theoretically un-
bounded data streams [15]. While SP allows for versatile analysis and manipulation
of data streams, CEP focuses on pattern detection with a higher level of abstraction
in these same streams. By using CEP, a user can define patterns that consist of
multiple events. These events are expected to occur together, often within a certain
time frame or in a specific sequence. When this happens, they may signal a complex
event, such as the earlier example, device tampering. The same functionality can
be achieved by the use of SP with a greater performance potential. However, since
SP operates at a lower level of abstraction, replicating CEP semantics requires the
construction of more complex operator pipelines. In contrast, CEP can express the
same logic in a more concise and declarative manner.

1.3 Problem description
The difference between SP and CEP sets ease-of-use against performance, both of
which are important qualities and may influence their implementation capability
in a real-world setting. The current framework for monitoring abnormalities in the
data at GE is a combination of manual inspection as a result of customer complaints,
together with some automatic detection based on thresholds. As the adoption of
SGs spreads and data volume rises, this kind of approach scales poorly, and the
possibility of errors in manual inspection increases.

The technologies of SP and CEP provide effective approaches for automating the
detection of predefined anomalies in SGs. One of the primary challenges in adopting
these technologies lies in managing the resource requirements of their implementa-
tions and understanding how the choice of tools impacts system scalability. SP
and CEP differ in terms of their programming abstractions and runtime behaviour,
which in turn affect their performance and resource utilization. These differences
are critical when deciding which approach to adopt and how to architect the so-
lution. An important consideration in this context is how the system will scale
under increasing data loads. Scalability strategies can generally be classified into
two categories: scaling up and scaling out [16]. The scaling-up scenario implicates a
single-job evaluation, where one processing job handles increasing volumes of data
from multiple sources. This approach offers a perspective on executing a stream-
ing application as a single job and helps assess the feasibility of deploying it on a
single node. In contrast, the scaling-out scenario implicates a multi-job evaluation,
in which multiple independent processing jobs are deployed, each consuming data
from a fixed source. This setup provides a view of running a streaming application
as a distributed set of jobs, offering insights into deployment across multiple nodes.
Together, these evaluation strategies offer valuable guidance on infrastructure selec-
tion and resource allocation, depending on whether SP or CEP is used, and on how
each technique is best deployed. The performance evaluation in this thesis is limited
to four key metrics: throughput, latency, CPU utilization, and memory usage.
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1. Introduction

Another key challenge spans multiple stages of the development lifecycle. It be-
gins with domain experts identifying relevant data characteristics needed to model
meaningful patterns, followed by the accurate and efficient implementation of these
patterns. Additionally, effective coordination and communication among the various
stakeholders are essential to ensure that the resulting system meets both technical
and operational requirements.

Research Questions
1. What are the performance differences between SP and CEP implementations

for a set of metrics and patterns related to the SG?

• This question compares the performance of SP and CEP in terms of
throughput, latency, and CPU & Memory utilization.

2. Can generalized SP and CEP rule templates be constructed to capture a subset
of event patterns for data from the SG?

• This question investigates how pattern templates could be formed based
on performance and reusability insights from the implemented patterns.

1.4 Scope
The thesis is limited to the evaluation of three predefined patterns, selected in collab-
oration with domain experts at Göteborg Energi (GE). These patterns are chosen
based on previously identified anomalies and do not involve the discovery of new
patterns or the analysis of emerging trends in historical data. The evaluation is
restricted to a dataset representing seven consecutive days of SM measurements,
supplemented with artificially generated events to support specific testing scenar-
ios. The data stream is strictly chronological, with no consideration of out-of-order
events. Although there are many available Stream Processing Engines (SPEs), the
assessment of SP and CEP is confined to Apache Flink (Flink) with its CEP exten-
sion FlinkCEP, reflecting its current use within GE. Such systems can be deployed
on single or multiple nodes, this project’s scope is limited to a single-node setup.

Patterns 1 and 2 are implemented using both the SP and CEP paradigms. Pattern 3
is designed to build upon the performance insights gained from the first two patterns,
with a focus on developing a more reusable implementation. This approach serves
as an initial step toward creating generalized, reusable pattern templates tailored
for SG. The templates are limited in functionality to Patterns 1 and 2.

1.5 Ethics
The work includes sensitive real-world data collected by Smart Meters owned by
GE; if misused, this may pose a potential privacy, security, and financial risk for
both GE and its customers. There is a risk of identifying individual households or
companies and gaining information connected to their energy consumption based
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1. Introduction

on the event data. Furthermore, the energy consumption reading can also divulge
information about the activities occurring at a location.

Throughout the project, data handling was conducted with strict care and confiden-
tiality, as the data was restricted to remain within systems owned by GE. This also
included ensuring that no sensitive data was used in any examples or plots presented
in the thesis.
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2
Technical Background

This section introduces key definitions and concepts essential for understanding the
foundation of this thesis. It begins with an overview of the schema relevant to the
scope of the work, followed by a brief introduction to core SG terminology and a
general description of SGs. The section then explores fundamental aspects of SP
and CEP, with particular attention given to the SP and CEP capabilities provided
by Apache Flink. The metrics and system setup are introduced in the Evaluation
section.

2.1 Electricity Terminology
This section introduces the fundamental electrical terms, which serve as the basis
for constructing and implementing the three patterns presented in this thesis.

Voltage measured in volts, known as potential difference, refers to the difference in
electric potential between two points in an electrical circuit [17]. In Sweden, 230
volts is the default operating voltage for households [18]. Current is the rate at which
electrons flow through a conductor. Voltage and current determine how electrical
energy is transmitted and used in a system.

Active power is the portion of electrical power that performs useful work in an AC
circuit. It is measured in watts (W) or kilowatts (kW) and powers devices such as
LED lights, appliances, and other electrical loads [19].

Energy represents the total amount of power consumed over time and is measured
in kilowatt-hours (kWh). In essence, power is the rate at which work is done, while
energy is the total capacity to perform work over a specified duration.

2.2 Smart Grids
SGs are modern electricity networks that leverage digital technology and two-way
communication to supply electricity more efficiently, reliably, and sustainably. In a
generalized setup, SGs are commonly comprised of advanced sensors, communication
networks, and automated control systems to enhance grid functionality. Several key
components typically make up an SG: A smart infrastructure system, AMI, and
Smart management and protection systems.
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2. Technical Background

Meter concentrators are a component of AMI, which can serve a role in bridging
communication across a network of SMs. A group of SMs communicates with a
meter concentrator, which aggregates the data and facilitates its transmission to the
service provider. These aggregation points often form the backbone of the service
provider’s monitoring and control infrastructure[20], [21], but are not used by all
service providers.

Figure 2.1 presents a simplified overview of an SG and its core components. In this
architecture, SMs generate and transmit event data, which is ultimately consumed
by the service provider for analysis, monitoring, and control purposes.

meter
concentrator

service
provider 

sub-station sub-station

power generation

Figure 2.1: A simplified overview of the Smart Grid.

The data arriving at the service provider makes up a data stream of SM events. This
stream can then be further processed by the provider to extract information, from
the overall grid status to smaller geographical areas and down to that of a single
meter.

2.3 Data Stream
Data streams are unbounded, ever-changing, continuous flows of information that
can be generated by various sources. Figure 2.2 illustrates multiple SMs generating
events that are aggregated into a data stream at the service provider. At the service
provider, these events may arrive out-of-order or later than expected, seen from their
creation time. This may need to be taken into account when applying functionality
to a data stream.

2.3.1 Smart Grid Data
The dataset used in this thesis consists of two separate data streams referred to as
SM-values and SM-events; their respective structures are shown in Figure 2.3 (A)
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smart meters generated events

service
provider

source stream

...

...

...

TS , MID , SID, VAL2 1 TS , MID , SID, VAL1 1

TS , MID , SID, VAL2 2 TS , MID , SID, VAL1 2

TS , MID , SID, VAL2 3 TS , MID , SID, VAL1 3

TS , MID , SID, VAL2 1 TS , MID , SID, VAL1 3 TS , MID , SID, VAL1 1
...

Figure 2.2: Example of a data stream: Event data generated by three Smart Meters
is combined into a single data stream at the service provider.

and (B), and a dataset providing metadata about the SMs’ phase counts.

Figure 2.3 (A) refers to the SM-values data stream represents the meter readings
recorded periodically every 15 minutes. The events from this stream have the format
of TS, MID, SID, VAL. In addition to a timestamp (TS) and a meter ID (MID), the
events of this stream each contain a specific measurement, such as voltage, current,
energy, or power, which is distinguished by a corresponding series ID (SID). At any
given TS, the SM-values stream for a unique MID has multiple tuples with vary-
ing SIDs. The data stream reports measurements of a SID with an accompanying
reading value (VAL). For simplicity, "voltage" refers to average voltage, and both
"voltage" and "active power" refer to these measurements for all three phases. The
events from this stream are represented collectively as TS, MID, SID, VAL. For
granularity, the individual voltages per phase are V 1, V 2, and V 3. Similarly active
power per phase is denoted P 1, P 2, and P 3.

Figure 2.3 (B) illustrates the SM-events data stream, which captures the operational
status of an SM. This stream contains aperiodically generated information, referred
to as SM-events, with detected anomalies such as power outages, over-current, or
high harmonic distortion reported as SID. The events from this stream have the
format of TS, MID, SID.

A)

B)

00:30, MID , V , 2371
1 00:45, MID , E, 15113 10:30, MID , P , 2.341

3

10:30, MID , CURR_EX1

TS, MID, SID, VAL

TS, MID, SID

Ex.

Ex.

Figure 2.3: Overview of the data stream schemas.
A) SM-values Event Format.

B) SM-events Event Format.
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2.4 Stream Processing
Unlike traditional database systems, where data is first persisted to disk before
processing, SP enables real-time analysis of data streams as they arrive, without
the need for intermediate storage in memory or on disk. While a single source
may produce data at a fixed rate, streaming systems typically receive input from
multiple sources with data rates that fluctuate over time. Consequently, streaming
systems must be capable of dynamically scaling to accommodate these variations
and maintain consistent performance.

Flink is the SPE used in this work and is an open-source framework and distributed
processing engine designed for streaming over both bounded and unbounded data
streams. Flink supports execution in various cluster environments, operates at in-
memory speeds, and is highly scalable [22]. To correctly manage timing in stream
processing, Flink distinguishes between two time concepts: event time and process-
ing time. Event time refers to the timestamp embedded in the event itself, while
processing time is the system time when the event is processed. A key concept in
Flink is the use of watermarks to track progress within a data stream that uses
event time, where they are essential in generating valid results [23]. A watermark
for time t indicates that the system believes it has received all events up to time t.
As data streams may include late or out-of-order events, watermarks are essential
for determining when windows can be closed and results emitted [24]. Since event
time determines the watermarks to ensure accurate and complete computation, any
delayed event can lead to delayed output results.

2.4.1 Stream Processing Operators
The underlying SPE provides streaming operators used in the execution of a stream-
ing application. Each SPE defines and implements its own set of core streaming
operators, which serve as the building blocks for stream processing. In this work,
a subset of commonly used operators is employed, including filter, keyBy, map,
flatMap, and various windowing operations [25], [26]. These operators are used
throughout the pattern implementations presented in this thesis and are explained
in detail below.

The filter operator allows for defining a condition such that only events satisfying
the condition are passed to downstream operators, while those that do not match are
discarded. The keyBy operator is used to partition a stream by a specified key, such
as a unique identifier (e.g., MID). This operation groups related events, enabling
further computations to be applied independently to each key group. Figure 2.4
illustrates an example of a keyBy operation applied to partition a data stream by
MID.

The map and flatMap operators are used to transform elements in the stream. Both
operators apply a user-defined transformation function to each incoming event. The
map operator establishes a one-to-one relationship, producing exactly one output
event for each input event. In contrast, the flatMap operator supports a one-to-
many or one-to-zero transformation, allowing a single input event to produce zero
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...

KEYBY:
MID

...
source stream

stream keyed by MID 
keyed stream

operation

resulting
stream

TS , MID , SID, VAL2 2 TS , MID , SID, VAL1 1TS , MID , SID, VAL2 1 TS , MID , SID, VAL1 2

TS , MID , SID, VAL1 2TS , MID , SID, VAL2 2

TS , MID , SID, VAL1 1TS , MID , SID, VAL2 1

Figure 2.4: A visualization of the keyBy operation on a data stream based on MID:
The keyBy operation splits the source stream based on the chosen key. This allows
for stream operations to be applied on each key in isolation.

or more output events. These transformation operators are particularly useful for
enriching, filtering, or restructuring events in real time.

The operators discussed above are considered stateless, as they do not retain any in-
formation between processed events. In contrast, windowing operations are stateful,
as they maintain an intermediate state over a defined time. Common types of win-
dows include tumbling and sliding windows. Tumbling windows divide the stream
into fixed-size, non-overlapping intervals and process data within each discrete win-
dow [27]. Sliding windows, on the other hand, allow for overlapping intervals, en-
abling an event to appear in multiple windows. The tumbling window is defined by
a window size, while a sliding window is defined by both a window size and a slide
interval [28]. Figure 2.5 illustrates both tumbling and sliding window behaviour.

2.5 Complex Event Processing
CEP is part of the event-driven architecture that evaluates a confluence of events
based on user-defined patterns and produces complex events, which are then con-
sumed by downstream operators or processes [11]. Compared to SP implementations,
CEP queries are a high-level abstraction of the SP API. Although using the low-
level stream processing API gives more flexibility over CEP rules, CEP abstracts
this complexity to capture event patterns using a high-level CEP query language.
To illustrate CEP, an example from Pattern 3 of the thesis, which detects overcur-
rent scenarios, will be presented below. The SM infrastructure belonging to GE
provides SM-values and SM-events data streams, which include meter readings and
descriptive event messages such as under-voltage and current-limit-exceed.

The over-current pattern involves analysing both the SM-values and SM-events data
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window
specifications

window start 

window end 

source
stream

tumbling windows on a keyed steam 

sliding windows on a keyed steam 

...

...

...

...

00:00

00:29 00:14

23:45
00:15

00:44

00:44 00:14

23:4500:15

source
stream

KEYBY:
MID

KEYBY:
MID

sliding window 
duration 30 min

slide 15 min

00:00, MID , SID, VAL200:15, MID , SID, VAL200:30, MID , SID, VAL2

00:00, MID , SID, VAL200:15, MID , SID, VAL200:30, MID , SID, VAL2

00:00, MID , SID, VAL100:15, MID , SID, VAL100:30, MID , SID, VAL1

00:00, MID , SID, VAL200:15, MID , SID, VAL200:30, MID , SID, VAL2

tumbling window 
duration 30 min

Figure 2.5: A visualization of sliding and tumbling windows on a keyed data stream:
The tumbling windows follow each other in strict succession, where one window
starts as the previous ends without overlap. The sliding window has an overlap that
depends on the duration and the slide of the window.

streams. Under normal operating conditions, an SM reports regular operational
values, that is, non-zero voltage and active power readings, in the SM-values stream.
At a certain time t, the SM logs a current-limit-exceed event in the SM-events stream.
Following this, at two subsequent timestamps t1 and t2 (where t2 > t1 > t), the SM-
values stream reports zero voltage and zero active power. This sequence, a current
limit exceed followed by two consecutive zero readings, represents a confluence of
events indicative of an overcurrent scenario. Figure 2.6 illustrates this pattern, which
suggests a meter fault triggered by exceeding current thresholds. Detecting such
scenarios involves correlating events across different data streams and identifying
temporal patterns. This is well-suited to a CEP framework, which offers a higher-
level abstraction for event pattern detection compared to implementations using
low-level stream processing operators.

In this work, CEP patterns are implemented using the FlinkCEP library, which
operates on top of Flink [29]. The library provides a feature known as the skip
strategy, designed to manage situations where the same event appears in multiple
matches. The library offers contiguity variation, defining how to match event se-
quences to a pattern, such as "next" and "followedBy". By specifying a contiguity
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Time
PAST FUTURE

00:00, MID , V , 2331
1

00:00, MID , P , 0.151
1

00:07, MID , CURR_EX1

00:15, MID , V , 01
1

00:15, MID , P , 01
1

00:30, MID , V , 01
1

00:30, MID , P , 01
1

Figure 2.6: Example of events depicting a complex event match: The ordered events
matching Pattern 3.

condition for the pattern, the sequences of events it matches can consist of events in
direct sequence using the pattern operator "next". Alternatively, it can be defined
as a more relaxed sequence using the "followedBy" operator, where non-matching or
even matching events may be ignored in between.

The skip strategy "skip past last" is the one employed in our pattern implementations.
This strategy discards any partial matches that include events already part of a
completed match. In other words, once a match is detected, the search for the next
match resumes immediately after the last event of the previous match.
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3
Methods

This chapter presents an introduction to the patterns and their implementations. It
also introduces the corresponding templates derived from the first two patterns. As
introduced in Chapter 2, the data stream of SM-values consists of four attributes:
timestamp (TS), meter ID (MID), series ID (SID), and value (VAL). Its events
are represented collectively as TS, MID, SID, VAL. The data stream of SM-events,
containing anomalies reported by the SM, is represented as TS, MID, SID.

3.1 Patterns

The definitions of the three patterns are further elaborated in this section and contex-
tualized within both CEP and SP query implementations. Patterns 1 and 2 include
implementations using both SP and CEP, enabling a comparative analysis of the
two approaches. Pattern 3, in contrast, incorporates the best-performing techniques
identified in Patterns 1 and 2 and unifies them into a single, optimized implementa-
tion. Furthermore, the implementation of Pattern 3 serves as a foundation for the
development of generalized query templates.

Each query implementation diagram includes indicators labelled (1), (2), and (3),
which denote the measurement points for throughput and latency. Throughput at
the source is measured at point (1), while point (2) captures throughput after the
application of a filter operation. Latency is measured between points (1) and (3).
The throughput readings at the source and the filter illustrate that, at the source,
all incoming events are read, whereas only relevant events are passed downstream
to the operators. Consequently, the throughput measured at the filter reflects the
rate at which pattern related events are processed. More details on the evaluation
methodology and evaluation setup can be found in Section 4.1.

For the implementation of each pattern, we assume missing data do not contribute
to a match of the pattern and expect the SM-values stream data to adhere to the
following prerequisites:

• The stream data does not contain any duplicates.

• Each MID emits the data every 15 minutes.
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3.1.1 Pattern 1: Voltage Deviation
This pattern captures the voltage deviation across phases for the same timestamp
t. Voltage deviations are important to monitor as they can lead to undesirable
consequences to electronic equipment. This section presents the details required to
construct the voltage deviation pattern with SP and CEP.

From the SM-values data stream tuple TS, MID, SID, VAL, the SID uniquely
identifies voltages by phase. For each timestamp (TS), the difference in value (VAL)
between the corresponding phases determines the deviation. The voltage deviation
is thus defined as the absolute difference between any phase voltages exceeding a
threshold of 23 volts, corresponding to 10% of the nominal 230 volts. Zero voltage
values are excluded from the pattern, as they indicate other conditions, such as
a blown fuse. Figure 3.1 illustrates an example of the pattern, highlighting the
complex event matches. For MID1, the voltage difference between the first and
second events is 118, and between the second and third events is 130, as indicated
by the annotation "MATCH". The remaining events do not satisfy the pattern
conditions and are marked as "NO MATCH". In the implementation, an alert is
triggered whenever a match occurs between any two phases at the same timestamp.
The specific alert generated depends on the order in which the matching event pair
arrives.

TS , MID , V , 2401 2
1TS , MID , V , 2311 2

2TS , MID , V , 2271 2
3

Pattern 1

TS , MID , V , 2331 1
3 TS , MID , V , 1151 1

2 TS , MID , V , 2451 1
1

(1) NO MATCH (2) NO MATCH

(3) NO MATCH

(1) MATCH (2) MATCH

(3) NO MATCH

Figure 3.1: Event sequence illustrating Pattern 1: The events associated with MID1
contain two complex event matches, indicated by "MATCH", while the events of
MID2 do not satisfy the pattern conditions and are labelled "NO MATCH".

Figure 3.2 illustrates the sequence of operators used in the SP query for Pattern
1. An initial filter ensures that the data stream contains only voltage readings for
the downstream operators. The stream is then partitioned by MID and evaluated
within a tumbling window. Events within each window are examined to determine
whether they satisfy the specified voltage deviation condition. Since the SM-values
stream emits data every 15 minutes, a 15-minute tumbling window guarantees that
readings from different SIDs, representing the phase voltages of the same meter,
are available within the same window. As a result, the window includes all necessary
data to compute the voltage deviation in the process function. Finally, events that
exceed the defined voltage deviation threshold are emitted as complex events to a
sink.

Figure 3.3 shows an overview of the implementation of the CEP query for Pattern
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sinktrue

1
2

3

tumbling window:
duration 15m

KEYBY:
MID

FILTER PROCESSsource

Figure 3.2: Overview of the SP query pipeline for Pattern 1: The key operators
include filter, keyBy, and a tumbling window.

1. As with the SP query, the filter removes all values except the voltages and then
applies a keyBy function on the MID to apply the pattern on each SM separately.
The CEP operator of the pipeline looks for two non-zero voltages within 15 minutes,
which are then compared in the process function to detect pairs that have a larger
difference than the set threshold. For this pattern, the skip strategy is set to "skip
past last". A presentation of the skip strategy is provided in Section 2.5.

within 15 min

CEP-Pattern

followed
by

1

FILTER

2

KEYBY:
MID

3

sinktrueEvent 1 Event 2 PROCESSsource

Figure 3.3: Overview of the CEP query pipeline for Pattern 1: The key operators
include filter, keyBy, and a CEP pattern.

3.1.2 Pattern 2: Constant Active Energy with Zero Voltage
Consumption

The second pattern detects SMs that continuously transmit readings that indicate
the meter has no power. Such continuous transmissions should not be possible
and imply a fault at the meter. To identify meters exhibiting persistent faults,
the pattern requires the sequence of events to occur across three consecutive 15-
minute interval timestamps before classifying the meter as faulty. More precisely,
the pattern looks for a sequence of active energy and voltage tuples where the active
energy value (V AL) should remain constant while the phase voltages all remain
zero across the timestamps. Figure 3.4 and Figure 3.5 depict the event sequences
for 3-phase and 1-phase complex event matches, respectively. Events that satisfy the
pattern conditions are labelled "MATCH", while those that do not are labelled "NO
MATCH". Pattern Two is defined using SID values, where E denotes active energy
(highlighted in yellow), and the voltages for each of the three phases (highlighted
in blue). In the illustrated example, MID1 corresponds to a complex event match,
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with all relevant events enclosed within a dashed black line. In contrast, the non-
matching events of MID2 are indicated by a red dashed line.

TS , MID , V , 01 1
3

TS , MID , V , 01 1
2

TS , MID , V , 01 1
1

TS , MID , E, 15111 1

TS , MID , V , 02 1
3

TS , MID , V , 02 1
2

TS ,MID ,V , 02 1
1

TS , MID , E, 15112 1

TS , MID , V , 03 1
3

TS , MID , V , 03 1
2

TS , MID , V , 03 1
1

TS , MID , E, 15113 1

TS , MID , V , 01 2
3

TS , MID , V , 2411 2
2

TS , MID , V , 01 2
1

TS , MID , E, 12011 2

TS , MID , V , 2462 2
3

TS , MID , V , 2392 2
2

TS , MID , V , 2272 2
1

TS , MID , E, 15112 2

TS , MID , V , 2503 2
3

TS , MID , V , 03 2
2

TS , MID , V , 2373 2
1

TS , MID , E, 15113 2

Pattern 2: Three Phase Meter
(1) NO MATCH (1) MATCH

Figure 3.4: Event sequence illustrating Pattern 2 for a 3-phase meter: Complex
event matches are outlined in black, while non-matching events are outlined in red.

TS , MID , V , 2373 2
1

TS , MID , E, 15113 2

TS , MID , V , 2272 2
1TS , MID , V , 01 2

1

TS , MID , E, 15112 2TS , MID , E, 12011 2

TS , MID , V , 03 1
1

TS , MID , E, 15113 1

TS , MID , V , 02 1
1TS , MID , V , 01 1

1

TS , MID , E, 15112 1TS , MID , E, 15111 1

Pattern 2: One Phase Meter
(1) NO MATCH (1) MATCH

Figure 3.5: Event sequence illustrating Pattern 2 for a 1-phase meter: Complex
event matches are outlined in black, while non-matching events are outlined in red.

Figure 3.6 provides a simplified overview of the SP implementation to detect Pattern
2. The filter removes all readings except those reporting a 0 value for voltages and all
active energy readings. The stream is then split between 1-phase and 3-phase meters
by checking the registered SM type in a database. This phase split also contains
a keyBy function and utilizes a state variable to perform the lookup only once for
each meter. By using an output tag, the 1-phase meters can then be collected to
one stream, and the 3-phase meters collected as a side output, forming a second
separate stream. This is done as the number of phases affects the expected number
of readings from the SM, as each phase gets its own reading. After applying keyBy
on the MID, the number of voltage readings for each MID is counted by an aggregate
function in the 15-minute tumbling window, and the active energy reading is saved
to be forwarded together with the count by process function 1 to the next step. The
next step uses a sliding window of 45 minutes to process three consecutive tumbling
window outputs at a time, shown as three windows on top of each other in Figure 3.6.
Process function 2 looks for SMs that report a constant value for all active energy
readings and have a zero voltage reading count equal to the number of phases of
the meter for all three tumbling window outputs. This count is the only difference
between the one-phase and three-phase paths.

The CEP query for Pattern 2 is structured into two distinct patterns: one targeting
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sliding window:
duration 45 min

slide 15 min

sinktrue

1

FILTER

2

KEYBY:
MID

source

3

tumbling window:
duration 15 min

AGGREGATE PROCESS1 PROCESS2
phase
split

Figure 3.6: Overview of the SP query pipeline for Pattern 2: The key operators
include filter, keyBy, a tumbling window, a sliding window, and an aggregate func-
tion.

3-phase meters and the other designed for 1-phase meters. The primary distinction
lies in whether the pattern matches all voltage phase events or only a single phase
event, as illustrated in the earlier example.

Both patterns begin with an initial filter that permits only energy and voltage-
related events to pass through to the downstream operators. The 3-phase pattern
includes an additional constraint that allows only voltage events with zero values,
whereas the 1-phase pattern has no such restriction. This distinction ensures that
3-phase meters are not mistakenly classified as 1-phase meters. In particular, some
3-phase meters may report a zero voltage on phase one while reporting non-zero
values on phases two and three, which could otherwise lead to false positives if not
properly filtered.

Two filter operators are applied, one for 1-phase and one for 3-phase, allowing the
stream to divide into separate branches for their respective pattern checks. In con-
trast to the SP query, where the phase-split function partitions the stream by meter
phases, for the CEP query, the filtering ensures that downstream operators cap-
ture only the relevant meter events for validation. The stream is then partitioned
by MID using the keyBy operation. After partitioning, the CEP pattern check
is applied. The CEP operator seeks three consecutive timestamps in which the
voltage values remain zero. These voltage events may arrive in any order within a
single timestamp. Additionally, the energy value must remain constant across all
three timestamps. The next() operator is used to define the sequential temporal
constraints between matched events. To avoid overlapping alerts due to interleaved
matches, the "skip past last" strategy is employed.

Figure 3.7 visualizes the generalized Pattern 2 CEP query for 3-phase and 1-phase
meters. The active energy and three-phase voltage events are grouped and repre-
sented as "Events TS_1", "Events TS_2", and "Events TS_3" to indicate the three
consecutive timestamps.

3.1.3 Pattern 3: Over-current Fault
Pattern 3 is designed to detect SM faults caused by over-current. This pattern is
characterized by a sequence in which the meter initially records non-zero readings for
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within 30 min

sinktrue

CEP-Pattern

Events TS1

1

FILTER

2

KEYBY:
MID

source

3

Events TS2 Events TS3 PROCESS
next next

Figure 3.7: Overview of the CEP query Pipeline for Pattern 2: The key operators
include filter, keyBy, and a CEP pattern.

voltage and active power, followed by an over-current event that exceeds the meters
current limit, and subsequently by a period where those same readings consistently
drop to zero.

To construct this pattern, we first group the voltage and active power readings for all
phases of a meter by timestamp, as done in Pattern 2. Given that all expected SM-
values are present, if the grouped readings contain non-zero values and are followed
by a current limit event in a window of 15 minutes, we label the event at that
timestamp as ’A’; if they contain only zeros, we label it as ’B’. The target sequence
we look for in the data stream is therefore ’A’, ’B’, ’B’. Including the non-zero
values in ’A’ in the pattern is crucial, as it indicates that the over-current event
likely caused the subsequent zero readings in ’B’, rather than being a symptom of a
pre-existing issue.

within 45 min

sinkA BB

CEP-Patterntumbling window
duration 15 min

trueAGGREGATE PROCESS1 PROCESS2

followed
by

followed
by

3
1

FILTER

2

KEYBY:
MID

source phase
split

Figure 3.8: Overview of the Pattern 3 query pipeline

In the implementation of the pattern, seen in Figure 3.8, the filter removes all values
except voltages, active power, and current overload events. The stream is then split
between 1-phase and 3-phase meters as in pattern 2, before using a keyBy to apply
the pattern on each SM separately. The aggregate function in the tumbling window
then counts the voltages, active power, and current overload events, which reuses
functionality from Pattern 2. Process function 1 then uses these counts to emit an
output of ’A’, ’B’, or nothing in accordance with the grouping described above. This
is followed by a CEP pattern on the resulting stream from the window outputs to
finish up the pattern, where process function 2 issues an alert when ’A’ is followed
by two outputs of ’B’ within 45 minutes. These pipeline choices were made from
the observations from earlier patterns that SP more easily handled cases where the
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internal ordering of events within a time frame was unimportant, but their relative
properties are of interest as in Section 5.1. The choice of using CEP for the second
part of the pattern implementation is based on the observations that CEP appeared
to have a lower memory load when non-matches could be discarded early, but at the
cost of a somewhat higher latency compared to SP, as seen in Section 5.2, as well
as the simplicity of the CEP pattern following the initial SP handling.

3.2 Proof of Concept for Templates
To generalize the process of constructing CEP patterns, a simplified approach using
templates is proposed. The template mechanism developed in this work serves as
a proof of concept. Given that the underlying operations in a CEP query can
be chained to create a wide range of combinations, templates help constrain this
flexibility by providing reusable structures. Two templates are constructed based
on Pattern 1 and Pattern 2 to define the scope of this approach.

Template One corresponds to Pattern 1, where a complex event is triggered when
the voltage deviation exceeds a specified threshold. In this template, the quantifying
event (SID) is defined as a variable, allowing flexibility to accommodate various event
types. Its functionality is limited to detecting deviations based on a user-defined
threshold, analogous to the logic in Pattern 1.

Template Two follows the structure of Pattern 2 and also uses variables that can
be substituted for active energy and phase voltages. This template is designed to
evaluate conditions across three consecutive timestamps, allowing substitutions for
both energy and voltage events.
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4
Evaluation Methodology

This section outlines the evaluation approach used for the three patterns. It begins
by defining the evaluation criteria, followed by a description of the experimental
setup. The evaluation criteria introduce the key performance metrics used to assess
and compare the patterns, including throughput, latency, memory usage, and CPU
utilization. The evaluation setup describes the overall system configuration and
environment used to conduct the experiments. This includes details on the hardware,
software stack, and datasets employed to ensure consistent and reproducible results.

4.1 Evaluation Criteria
This section defines the performance metrics used to evaluate the system and out-
lines the methodology for comparing the SP and CEP implementations. To ensure
consistency and statistical significance in the performance measurements, each query
implementation is executed five times.

For Patterns 1 and 2, which include both SP and CEP query implementations, a
comparison is conducted to assess their functional equivalence. Rather than simply
comparing the total number of alerts generated, the evaluation also verifies that both
implementations produce identical alert frequencies per meter ID and compares alert
start times to confirm they match, ensuring the correctness and consistency of their
outputs.

Following this functional comparison, the system is evaluated using the following
four key performance metrics:

• Throughput

• Latency

• CPU Utilization and Memory Usage

The impact of the defined criteria is evaluated under varying levels of parallelism at
the data source. This variation in source parallelism is further categorized into two
evaluation types: single-job and multi-job evaluation. Detailed discussions of each
category are provided in the subsequent sections. This methodology forms the basis
for comparing the SP and CEP queries. These criteria are explained in detail in the
subsequent sections.
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4.1.1 Throughput
Throughput measures the rate at which the system processes incoming data, ex-
pressed in events per second (events/s). It is measured at two key points during
query execution: at the source and after the filter operation. These measurement
points are indicated as (1) and (2), respectively, in the query implementation dia-
grams referenced in Chapter 3. The average value from the five runs is reported as
the final result.

4.1.2 Latency
The latency measurement, often referred to as "system latency", quantifies the time
taken for an arriving event to produce a corresponding output. In simple cases, this
is the time between ingestion and result generation. However, in complex event
scenarios, where a match results from a combination of multiple events, this latency
is defined as the time from the arrival of the last contributing event to the generation
of the output event. As this measurement is taken with the data already collected
on the machine, the largest delay in receiving new data in the running job is related
to the reading speed of the source. This does not necessarily correspond to the full
latency of a system receiving live data. The system would then also need to wait for
both SMs to produce the data and for this data to be delivered. A live system may
also require watermark strategies that introduce additional delays to accommodate
late and out-of-order arrival of events. The delay incurred as the system waits for
input can be referred to as "information latency" and is not measured in this thesis.

The latency measurements are taken using local system time and are expressed
in milliseconds (ms). Since all queries use the same system clock, the negligible
overhead of reading system time is uniformly applied and thus not considered in
the comparison. Measurement points for latency are indicated as (1) and (3) in the
diagrams referenced in Chapter 3. Specifically, at point (1), a processing timestamp
is inserted into the stream. At point (3), latency is calculated as the difference
between the current timestamp and the timestamp of the last arriving event recorded
at point (1).

The average latency is calculated across all five runs and presented accordingly. The
latency distribution violin plot visualizes the combined latency values from all five
runs, providing a comprehensive view of the distribution. Similarly, the latency
distribution trends are based on samples from the raw latency data collected from
all runs.

4.1.3 CPU Utilization and Memory Usage
CPU utilization reflects the percentage of total available processing power used
during query execution. Memory usage indicates the portion of the JVM heap
memory consumed, expressed as a percentage of the maximum heap size allocated
to the stream processing framework. Both metrics provide insights into the system’s
resource efficiency under different workloads and configurations.
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4.2 Evaluation Setup
The experiments were conducted on a virtual server running Red Hat Enterprise
Linux with 9 Intel Xeon Gold 6134M CPU cores, each clocked at 3.20 GHz and 35
GiB of memory. Within the Flink cluster, the JobManager and TaskManager were
allocated 1 GiB and 25 GiB of memory, respectively, resulting in approximately
20.3 GiB of available heap memory for task execution. The Flink cluster maximum
parallelism is set to 9.

The system leverages the Flink framework as its core SPE. Flink is deployed in
session mode as a stand-alone cluster to enable efficient and scalable event processing.
The Apache FreeMarker template engine is used to generate the template source code
through FTL (FreeMarker Template Language) files.

To evaluate system performance, key metrics, specifically throughput and latency,
are reported to Prometheus and visualized using Grafana. These metrics provide a
more application-specific insight compared to the default Flink metrics. Figure 4.1
provides a conceptual overview of the system architecture, including the Flink clus-
ter, source, sink, and monitoring tools. The data source can be either a Kafka
stream or a bounded file. A match on the evaluating pattern is treated as a complex
event, which is captured and emitted as a new event to the sink.

To test patterns with comparable results, the data stream was recorded and stored
as a fixed dataset, ensuring uniform input across all pattern implementations and
allowing for consistent benchmarking.

data stream 1

data stream 2

data stream 3

metric monitoring

data stream
source

flink cluster

sink

...

Figure 4.1: Overview of the environment setup: The Flink cluster accesses data
streams from either Kafka or file sources, exposes metrics via a Prometheus-Grafana
reporter, and outputs alerts to a designated sink.

To accurately assess the quality and performance of the three defined patterns, a
consistent and controlled dataset was constructed and used through "replayable"
files. This ensures that all pattern implementations process an identical set of in-
put events, enabling fair and reproducible comparisons across different query types.
The dataset, shown in Table 4.1, comprises three primary components: SM-values,
SM-events, and SM-information. The table details which dataset is used for each
pattern. Notably, SM-values are utilized across all three patterns. The SP query for
Pattern 2 exclusively uses the SM-information dataset, while Pattern 3 relies on gen-
erated datasets. The tuple structures for SM-values and SM-events are illustrated
in Figure 2.3.
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Dataset Number of records Used in
Pattern 1 Pattern 2 Pattern 3

SM-values 3,230,179,197 X X X
Generated-values 7,392,000 X
SM-events 327,302 X
Generated-events 349,986 X
SM-information 275,406 X* X

Table 4.1: Evaluation dataset overview: The total number of events in each dataset
is presented, along with their usage in the respective patterns. X* indicates that
the dataset is used only in the SP query for Pattern 2.

SM-values dataset: This dataset contains periodic event readings from real-world
smart meters. The data spans seven days, totalling over 3.2 billion events. To
evaluate the effect of source parallelism, the dataset is partitioned into subsets cor-
responding to parallelism levels of 1, 3, 6, and 9. Each subset includes files equal
to its respective parallelism level (e.g., the subset for parallelism 9 includes 9 files),
with even distribution of events across the files. After partitioning, each subset is
sorted by event timestamp, and duplicate events are removed. This dataset is used
in all three patterns.

SM-events dataset: This dataset captures descriptive event messages from SMs,
such as over-current, under-voltage, or over-voltage events. These messages vary
widely and provide important contextual signals for pattern detection. The SM-
events dataset is used specifically in Pattern 3, where such messages are essential
for identifying complex event sequences.

SM-information dataset: This dataset includes metadata about SMs, such as their
phase type (i.e., 1-phase or 3-phase). This information is useful in queries where
distinguishing between meter types affects the interpretation of events. The SM-
information dataset is used in Pattern 2 by the SP query and in Pattern 3.

During the evaluation, no valid matches for Pattern 3 were identified within the orig-
inal dataset, which consisted of seven days of data. To enable meaningful testing,
synthetic data, referred to as Generated-values and Generated-events, was created
and merged into the corresponding SM-values and SM-events datasets. This gener-
ated data, developed under the supervision and approval of a domain expert at GE,
spans the same period as the original dataset and includes both 1-phase and 3-phase
meters exhibiting anomalous behaviour. These fabricated meters were intentionally
designed to deviate from normal operational patterns to simulate realistic, complex
event scenarios for validation purposes.

As stated earlier, the evaluation is divided into two categories: single-job and multi-
job evaluation. Events carry identifiers, such as MIDs, that can be used for logical
grouping. In cases where data streams are already isolated (e.g., specific subsets of
MIDs appear only in certain streams) and the output results are also required to
be isolated by these identifiers, a multi-job evaluation setup can be more appropri-
ate. This allows the pattern evaluation closer to the SMs, saving bandwidth and
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enabling execution on lower resource machines. In contrast, single-job evaluation is
necessary when data streams are not pre-isolated by identifiers or when the output
must aggregate data across multiple identifiers.

4.3 Single-Job Evaluation
In the single-job evaluations, the implementation is deployed as a single job. In
this setup, source parallelism is varied across four levels: 1, 3, 6, and 9. Each job
submission to the Flink cluster constitutes a single execution run. The Flink cluster
in single-job evaluation is configured with 9 task slots. Additionally, when the job
accesses multiple data sources (at parallelism levels 3, 6, and 9), the watermark
alignment strategy provided by the Flink framework is employed. This mechanism
ensures synchronized event-time progression across all sources, maintaining a con-
sistent processing rate by aligning the watermarks of the parallel source tasks. This
synchronization is essential because, without it, downstream operators must wait for
all sources to reach the same watermark before producing output, which consumes
large amounts of memory.

4.4 Multi-Job Evaluation
In a multi-job evaluation, the implementation is deployed as multiple independent
jobs, where each job reads from a single data source. While a source parallelism level
of 6 in the single-job evaluation (Section 4.3) corresponds to a single-job reading from
six sources, in the multi-job evaluation, it translates to six separate jobs running in
parallel, each reading from one distinct source. In this setup, source parallelism is
varied across four levels: 3, 6, and 9. Source parallelism level 1 is excluded from
the multi-job evaluation, as it is equivalent to the single-job scenario with source
parallelism set to 1. The Flink cluster in multi-job evaluation uses a configuration
with 81 task slots. As each job runs independently and reads from a single source,
watermark alignment is a lesser concern when compared to single-job evaluation.
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5
Results and Discussion

The results for the three patterns introduced in Chapter 3 are presented in this
section, along with the performance metrics used for evaluation, as outlined in Sec-
tion 4.1. As previously discussed, the evaluation is divided into single-job and multi-
job scenarios. Throughout the experiments, source parallelism is denoted as PX,
where X indicates the degree of parallelism. For each parallelism setting, the job is
executed five times, and the aggregated results are presented in the corresponding
tables for each pattern.

The single-job evaluations compare the performance of both SP and CEP queries
across source parallelism levels of P1, P3, P6, and P9. In contrast, the multi-job
evaluations are conducted for P3, P6, and P9 only. In the single-job evaluation, the
number of input sources is varied, whereas in the multi-job evaluation, the number
of concurrently running jobs with one source each is varied. The number of sources
is adjusted to facilitate parallel input reading, thereby accommodating variable data
rates at the source.

As discussed in previous sections, the dataset used in this evaluation is sorted by
event time, and out-of-order events are not considered in the results presented here.
Handling out-of-order data typically requires increased memory capacity to accom-
modate delayed watermark progression. Therefore, to maintain consistency and
reduce resource overhead, such events are excluded from this analysis. For each
pattern, results are reported separately for both cases, with a discussion after each
section. The memory usage plots represent memory consumption over time, where
each point on the x-axis corresponds to a tumbling window average over 5% intervals
of the total runtime. The latency trend plots are generated using a sample of the
overall data points to avoid visual clutter. The samples are evenly distributed and
selected using the DataFrame.sample() method from the Python pandas library.

5.1 Pattern 1: Voltage Deviation
The following sections present the results of the single-job and multi-job executions
for Pattern 1, as previously described in Section 3.1.

The tests were conducted using the SM-values dataset, as detailed in Table 4.1. To
ensure consistency, the outputs of the CEP and SP queries were compared. The
queries took between 25-140 minutes to execute over the data set and generated
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close to forty-five thousand alerts.

Throughout the tests, the SP query is run with parallelism 1 for the operators. For
the CEP query, the operator parallelism is set to the same as the source parallelism.

5.1.1 Single-Job Results for Pattern 1
This section focuses on the results of Pattern 1 under single-job execution.

Table 5.1: Pattern 1: Single-job summary of source and filter throughput, per-thread
throughput, and average latency of SP and CEP queries across parallelism levels.

SP CEP
Source

Parallelism 1 3 6 9 1 3 6 9

Source
Throughput
per Thread
(events/s)

423,347 190,344 151,345 117,732 393,686 170,381 151,776 110,937

Total Source
Throughput
(events/s)

423,347 571,033 908,068 1,059,589 393,686 511,141 910,657 998,433

Filter
Throughput
per Thread
(events/s)

60,001 26,838 21,600 16,791 55,834 24,108 21,727 15,853

Total Filter
Throughput
(events/s)

60,001 80,513 129,601 151,121 55,834 72,324 130,359 142,676

Average
Latency

(ms)
624 842 961 1,007 4,379 2,383 1,411 1,339

Figure 5.1: Pattern 1: Single-job
throughput and average latency
of SP and CEP queries.

Figure 5.2: Pattern 1: Single-job
memory and CPU utilization of
SP and CEP queries.
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(A) SP (B) CEP

Figure 5.3: Pattern 1: Single-job memory usage over time for varying levels of source
parallelism. Each point on the x-axis represents the average memory usage over a
consecutive 5% segment of the job’s total runtime. (A) shows the SP query; (B)
shows the CEP query.

Figure 5.4: Pattern 1: Single-job latency distribution across parallelism levels for
CEP and SP query.
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Figure 5.5: Pattern 1: Single-job SP query latency trend as a function of run num-
ber and degree of parallelism for the SP query of Pattern 1. The plot displays a
representative sample of 300 points.
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Figure 5.6: Pattern 1: Single-job SP query latency trend as a function of run number
and degree of parallelism for the CEP query. The plot displays a representative
sample of 300 data points.
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The aggregated results for each source parallelism level in the single-job execution
are presented in Table 5.1. This data is further visualized in Figure 5.1 for the
throughput and latency of both queries. The throughput is seen to increase with
higher source parallelism, with P3 and P6 achieving notably higher throughput. For
the SP query, average latency shows a slight increase with higher parallelism. In
contrast, the CEP query exhibits significantly higher latency at P1, approximately
six times that of the SP query. However, as source parallelism increases, the average
latency of the CEP query decreases. By P9, the CEP latency has reduced by a
factor of three compared to P1 and becomes comparable to the latency of the SP
query.

Figure 5.2 presents the average CPU utilization and memory usage. Across all levels
of parallelism, the CEP query consistently exhibits higher CPU utilization compared
to the SP query. Conversely, the SP query demonstrates higher memory usage across
different parallelism levels. In summary, the CEP query consumes more CPU but
less memory, while the SP query shows the opposite trend.

Figure 5.3 panels (A) and (B) illustrate memory usage over the total execution
time. The CEP query maintains a slightly lower memory footprint than the SP
query. While memory usage for the CEP query remains relatively stable across all
parallelism levels, the SP query shows a noticeable increase in memory usage at
higher parallelism, despite having similar usage to CEP at P1.

Figure 5.4 illustrates the latency distribution for both SP and CEP queries using
violin plots. Examining the SP query, the latency is tightly confined and does not
exceed 1 second. The CEP query, on the other hand, shows a broader latency
distribution, although the majority of values remain within the range of 2 to 3
seconds; it also includes latencies reaching up to 20 seconds. For a more detailed
view of the density, particularly at the higher end of the latency range, we refer
readers to Section A.1, which includes an overlaid scatter plot on the violin plot.

Figure 5.5 and Figure 5.6 depict a sample of 300 latency values to highlight the
general latency trends over time. Notably, the CEP query exhibits a bimodal dis-
tribution across different levels of parallelism, forming two distinct latency bands.
While the cause of this behaviour is unknown, a few possibilities have been ruled
out. There appears to be no connection to the parallelism degree of the job. Any
connection to the SM type has also been ruled out, as the pattern only targets the
3-phase meters. For a complete visualization including all latency points, please
refer to Section A.1.

5.1.1.1 Discussion of Single-Job Results for Pattern 1

The single-job evaluation results indicate that the throughput of both SP and CEP
queries increases with higher levels of parallelism. While SP achieves slightly higher
throughput than CEP, the difference is not significant. Memory usage for both im-
plementations remains relatively stable across parallelism levels, with CEP showing
marginally lower memory consumption and higher CPU utilization. This may be
attributed to CEPs ability to discard non-matching events early in the pipeline,
whereas SP continues processing all incoming data regardless of relevance.
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A more notable distinction between the two implementations emerges in latency
trends. SP maintains relatively consistent latency across different levels of paral-
lelism, whereas CEP shows a significant reduction in latency as parallelism increases.

Further analysis reveals that CEP exhibits a wider distribution in latency, charac-
terized by distinct gaps, in contrast to the more uniform latency observed in SP.
However, this variability in CEP diminishes with increased parallelism.

5.1.2 Multi-Job Results for Pattern 1
This section focuses on the results of Pattern 1 under multi-job execution.

Table 5.2: Pattern 1: Multi-job summary of source and filter throughput, per-thread
throughput, and average latency of SP and CEP queries across parallelism levels.

SP CEP
Source

Parallelism 3 6 9 3 6 9

Source
Throughput

per Job
(events/s)

368,071 329,134 229,900 316,362 210,363 139,612

Total Source
Throughput
(events/s)

1,104,213 1,974,806 2,069,100 949,085 1,262,177 1,256,505

Filter
Throughput

per Job
(events/s)

52,401 46,908 32,579 45,167 29,926 19857

Total Filter
Throughput
(events/s)

157,203 281,446 293,208 135,501 179,558 178,716

Average
Latency

(ms)
336 271 292 1,693 1,379 1,504

Figure 5.7: Pattern 1: Multi-job
throughput and average latency
of SP and CEP queries.

Figure 5.8: Pattern 1: Multi-job
memory and CPU utilization of
SP and CEP queries.
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(A) SP (B) CEP

Figure 5.9: Pattern 1: Multi-job memory usage over time for varying levels of source
parallelism. Each point on the x-axis represents the average memory usage over a
consecutive 5% segment of the job’s total runtime. (A) shows the SP query; (B)
shows the CEP query.

Figure 5.10: Pattern 1: Multi-job latency distribution across parallelism levels for
CEP and SP query.
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Figure 5.11: Pattern 1: Multi-job SP query latency trend as a function of run
number and degree of parallelism for the SP query of Pattern 1. The plot displays
a representative sample of 300 data points.
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Figure 5.12: Pattern 1: Multi-job SP query latency trend as a function of run number
and degree of parallelism for the CEP query. The plot displays a representative
sample of 1000 data points.
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The aggregated results at each source parallelism level are presented in Table 5.2.
These results, including throughput, average latency, CPU utilization, and memory
usage, are visualized in Figure 5.7 and Figure 5.8.

Figure 5.7 illustrates that throughput increases for both CEP and SP queries as
parallelism increases, stabilizing around P6 and P9. Overall, SP achieves higher
throughput than CEP. In terms of average latency, the SP query consistently out-
performs the CEP query, with approximately four times lower latency. For the CEP
query, latency is notably higher at P1 but decreases significantly at P6 and P9.

Figure 5.8 shows an expected trend in CPU utilization, which increases with higher
parallelism. At P9, SP demonstrates higher CPU utilization compared to CEP.
However, at other parallelism levels, SP generally uses less CPU than CEP. Memory
usage remains stable and nearly identical for both SP and CEP across all configura-
tions. Figure 5.9 illustrates memory usage over time for both queries, which remains
consistent within a range of 6 to 9 GiB throughout the evaluation.

Figure 5.10 presents the latency distributions for CEP and SP queries. The CEP
query exhibits a broader distribution, while SP latency values are tightly clustered.
For a more detailed view, we refer the reader to Section A.2, which overlays individ-
ual latency points on the violin plot.

To highlight latency trends over time, Figure 5.11 and Figure 5.12 display a sample
of 300 and 1000 latency points, respectively. The SP query maintains a tightly
clustered latency pattern, while the CEP query reveals two distinct latency clusters.

5.1.2.1 Discussion of Multi-Job Results for Pattern 1

Contrasting the multi-job evaluation results with the single-job results presented in
Section 5.1.1 and Section 5.1.2, a notable difference is observed in throughput. In
the multi-job evaluation, the throughput of SP and CEP queries diverges signifi-
cantly. For example, at P9, the SP query achieves a throughput 64% higher than
that of the CEP query. In contrast, during the single-job evaluation, both queries
deliver throughput within a similar range. Overall, both SP and CEP demonstrate
substantially better throughput performance in the multi-job evaluation compared
to the single-job setting. Another key improvement observed in the multi-job eval-
uation is in average latency. The SP query shows a significant reduction in latency,
while the CEP query displays a modest improvement at P6 and P9 relative to the
single-job evaluation.

CPU utilization across both single-job and multi-job evaluations reveals an inter-
esting trend. In the single-job evaluation, CPU utilization remains relatively low,
with a maximum observed utilization of 75%. In contrast, the multi-job evaluation
exhibits significantly higher CPU usage, reaching up to 95% at P9. One possible
explanation for this increase is the reduced idle time for operators due to continuous
watermark progression. Without waiting periods, operators remain actively engaged
in processing events, contributing to higher throughput. Additionally, in Flink, each
job runs as a separate JVM process with multiple tasks. Therefore, executing mul-
tiple jobs results in more JVM processes, which in turn leads to increased CPU
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utilization. Interestingly, memory usage in the multi-job evaluation is slightly lower
than in the single-job evaluation, which might also be attributed to the reduced
waiting periods for watermark progression. Overall, memory consumption remains
relatively consistent across both scenarios.

The latency trends in the multi-job evaluation exhibit a similar pattern to the single-
job results: CEP queries display two distinct latency clusters, while SP queries show
a single, tightly clustered distribution.

5.2 Pattern 2: Constant Active Energy with Zero
Voltage Consumption

The Pattern 2 CEP and its corresponding SP query follow the same methodology
as in Pattern 1. The SP query leverages both SM-values and SM-info, whereas the
CEP query requires only the SM-values dataset. Details of the datasets used are
provided in Table 4.1. Pattern detection for both one-phase and three-phase meters
is performed within the same job for both the SP and CEP queries, in both the
single-job and multi-job evaluations.

As discussed in Section 3.1, the CEP patterns differ between 1-phase and 3-phase
meters, necessitating extensive tuning of parallelism settings within the CEP op-
erator across the implementation pipelines. The CEP operator was evaluated at
parallelism levels of 6 and 9. The SP implementation had parallelism equal to the
source parallelism throughout the pipeline. Based on performance observations, a
parallelism level of 6 was identified as the optimal configuration for both one-phase
and three-phase CEP patterns.

To avoid generating overlapping alerts, the CEP query employs the "skip past last"
strategy presented in Section 2.5. In contrast, the SP query does not use this
strategy, resulting in a different frequency of output alerts between the two queries.
To enable a meaningful comparison and evaluate the equivalence of the outputs, a
transformation function is defined as follows:

cep_alert =
⌊

sp_alert + 2
3

⌋

The transformation function maps time-wise continuous SP alerts to their corre-
sponding expected CEP alerts. This function is constructed based on the assump-
tion that the alerts produced by the SP query serve as the reference against which
CEP alerts are evaluated. The number of expected CEP alerts produced by this
function is then compared against the actual number of CEP alerts. The queries
took between 27-258 minutes to execute over the data set and converted to CEP
alerts, generating close to two thousand alerts.

5.2.1 Single-Job Results for Pattern 2
This section focuses on the results of Pattern 2 under single-job execution.
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Table 5.3: Pattern 2: Single-job summary of source and filter throughput, per-thread
throughput, and average latency of SP and CEP queries across parallelism levels.

SP CEP
Source

Parallelism 1 3 6 9 1 3 6 9

Source
Throughput
per Thread
(events/s)

391,001 174,840 144,127 104,828 214,358 179,189 133,751 88,487

Total Source
Throughput
(events/s)

391,001 524,519 864,764 943,453 214,358 537,566 802,507 796,385

Filter
Throughput
per Thread
(events/s)

22,152 9,855 8,145 5,938 42,666 35,357 26,645 17,633

Total Filter
Throughput
(events/s)

22,152 29,565 48,872 53,440 42,666 106,071 159,870 158,693

Average
Latency

(ms)
1,596 1,738 1,365 1,487 3,032 1,533 1,369 1,644

Figure 5.13: Pattern 2: Single-job
throughput and average latency
of SP and CEP queries.

Figure 5.14: Pattern 2: Single-job
memory and CPU utilization of
SP and CEP queries.
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(A) SP (B) CEP

Figure 5.15: Pattern 2: Single-job memory usage over time for varying levels of
source parallelism. Each point on the x-axis represents the average memory usage
over a consecutive 5% segment of the job’s total runtime. (A) shows the SP query;
(B) shows the CEP query.

Figure 5.16: Pattern 2: Single-job latency distribution across parallelism levels for
CEP and SP query.
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Figure 5.17: Pattern 2: Single-job SP query latency trend as a function of run
number and degree of parallelism for the SP query of Pattern 2. The plot displays
a representative sample of 1000 data points.
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Figure 5.18: Pattern 2: Single-job SP query latency trend as a function of run num-
ber and degree of parallelism for the CEP query. The plot displays a representative
sample of 400 data points.
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Table 5.3 presents the total throughput, per-thread throughput at the source and
filter operators, and average latency for both CEP and SP implementations under
varying levels of source parallelism.

Figure 5.13 illustrates the total throughput and average latency for the CEP and
SP implementations. At a P1, the SP implementation achieves nearly double the
throughput of CEP, while the latency for CEP is approximately twice as high as that
of SP. At P3, the throughput becomes comparable between the two implementations,
with CEP latency decreasing significantly, falling below that of SP. For P6 and P9,
throughput continues to increase for both CEP and SP, and their latencies converge
to similar values.

Figure 5.14 presents the memory and CPU resource utilization for both implemen-
tations. Across all levels of parallelism, CPU utilization is slightly higher for CEP
compared to SP. In contrast, SP consistently exhibits higher memory usage than
CEP.

Figure 5.15 illustrates memory usage over time for varying levels of source par-
allelism. Both plots, (A) CEP and (B) SP, demonstrate stable memory usage
throughout execution, with no significant spikes. As also shown in Figure 5.14 and
Figure 5.15, the CEP implementation consistently exhibits slightly lower memory
consumption compared to SP. Across all levels of parallelism, CEP memory usage
ranges from 6 to 8 GiB, while SP ranges from 8 to 10 GiB.

Figure 5.16 illustrates the latency distribution of all generated alerts for both CEP
and SP across varying levels of parallelism. At P1, CEP latency values are more
widely distributed, reaching up to 6 seconds, while SP latency reaches a maximum
of around 2 seconds. At P3, the latency distributions of CEP and SP appear similar,
although SP includes a few outliers extending up to 8 seconds. At P6 and P9, both
implementations exhibit similarly clustered latency distributions, with a few outliers
in SP reaching up to 6 seconds. For a clearer view of individual data points overlaid
on the violin plots, refer to Appendix Section A.3.

Figure 5.18 illustrates a sampled latency trend of the CEP pattern based on alerts
issued at each level of source parallelism. Latency values are sorted by alert creation
timestamps, revealing the temporal progression of latency throughout the execution.
At P1, latencies appear to cluster into two distinct bands, either between 1-2 seconds
or 35 seconds. At higher parallelism levels, latency values are more consistently
distributed within the 1 to 3-second range, without any noticeable spikes. A notable
pattern emerges between alerts 750 and 1100, where latency remains nearly constant,
forming distinct horizontal lines that may indicate stable system performance during
this interval.

Figure 5.17 presents the corresponding sampled latency trends for the SP imple-
mentation. At higher parallelism levels, specifically P3 and P9, certain runs display
elevated latency not observed in other runs. Overall, for P3, P6, and P9, most
latencies remain within 4 seconds, though occasional outliers contribute to higher
latency spikes in specific runs. Similar to CEP, the SP exhibits an interesting la-
tency pattern around 2000 and 3000 alerts. This behaviour is further examined in
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the discussion section.

5.2.1.1 Discussion of Single-Job Results for Pattern 2

The single-job evaluation results demonstrate that the throughput of both SP and
CEP queries increases with higher levels of parallelism. While SP achieves slightly
higher throughput overall, the throughput values match at P3. Consistent with the
observations from Pattern 1, the average latency of the CEP query begins higher at
P1 and decreases with increasing parallelism. At P3, CEP exhibits lower average
latency than SP, though this slightly reverses at P9, where SP marginally outper-
forms CEP. Nonetheless, from P3 to P9, the average latencies of both queries remain
within a comparable range.

CPU utilization and memory usage trends in Pattern 2 also mirror those observed
in Pattern 1. The CEP query consistently shows higher CPU utilization and lower
memory consumption, while SP demonstrates the opposite behaviour, lower CPU
usage but higher memory consumption.

As mentioned above, the latency trend plots reveal a visual artifact in the form of
horizontal lines or patches for a period of the alerts. This indicates periods where
multiple consecutive alerts exhibit similar latency values. These lines might be
caused by batches of events being emitted simultaneously, potentially due to water-
mark progression or from events arriving in close succession. Since alerts are plotted
in chronological order, the appearance of these bands suggests that several alerts
were generated at the same moment as the watermark advanced. The consistent
presence of these bands across different levels of source parallelism further supports
the likelihood that alerts associated with certain event batches are output collec-
tively, resulting in this visual artifact. Moreover, as the source parallelism seems to
vary the length of the individual lines and to some extent dampen the effect, it may
be caused by a period containing a larger number of meters that exhibit Pattern 2.
Increasing the source parallelism then likely introduces distortion and reduces the
number of afflicted meters placed in the same source.

5.2.2 Multi-Job Results for Pattern 2
This section focuses on the results of Pattern 2 under multi-job execution.
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Table 5.4: Pattern 2: Multi-job summary of source and filter throughput, per-thread
throughput, and average latency of SP and CEP queries across parallelism levels.

SP CEP
Source

Parallelism 3 6 9 3 6 9

Source
Throughput
per Thread
(events/s)

365,898 328,829 204,061 271,790 179,609 115,168

Total Source
Throughput
(events/s)

1,097,694 1,972,972 1,836,550 815,369 1,077,654 1,036,516

Filter
Throughput
per Thread
(events/s)

20,781 18,688 11,567 53,988 35,575 22,842

Total Filter
Throughput
(events/s)

62,344 112,126 104,103 161,964 213,449 205,575

Average
Latency

(ms)
664 486 546 1,111 998 1,103

Figure 5.19: Pattern 2: Multi-job
throughput and average latency
of SP and CEP queries.

Figure 5.20: Pattern 2: Multi-job
memory and CPU utilization of
SP and CEP queries.
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(A) SP (B) CEP

Figure 5.21: Pattern 2: Multi-job memory usage over time for varying levels of
source parallelism. Each point on the x-axis represents the average memory usage
over a consecutive 5% segment of the job’s total runtime. (A) shows the SP query;
(B) shows the CEP query.

Figure 5.22: Pattern 2: Multi-job latency distribution across parallelism levels for
CEP and SP query.
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Figure 5.23: Pattern 2: Multi-job SP query latency trend as a function of run
number and degree of parallelism for the SP query of Pattern 2. The plot displays
a representative sample of 300 data points.
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Figure 5.24: Pattern 2: Multi-job SP query latency trend as a function of run number
and degree of parallelism for the CEP query. The plot displays a representative
sample of 300 data points.
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Table 5.4 presents the total throughput, per-thread throughput at the source and
filter operators, and average latency for both CEP and SP implementations across
varying levels of source parallelism. Figure 5.19 visualizes the throughput and av-
erage latency data from the table. The SP query outperforms the CEP query in
throughput, delivering approximately twice the throughput at P6 and P9. Similarly,
the SP query maintains an average latency that is roughly half of the CEP query’s
across all levels of parallelism.

Figure 5.20 illustrates CPU utilization and memory usage across different parallelism
levels. CPU utilization for both queries is comparable and follows a similar trend.
However, CEP consistently exhibits lower memory usage than SP. This trend is
further confirmed by Figure 5.21, which shows that SPs memory usage remains
higher throughout execution, regardless of parallelism.

Figure 5.22 presents the latency distribution for both queries. The CEP query
demonstrates a broader distribution, indicating more variability, whereas the SP
query shows a tighter, more clustered distribution.

Figure 5.23 and Figure 5.24 display the chronological trends of alert latencies for SP
and CEP queries, respectively, based on sampled data points. Notably, both plots
reveal a visually distinct mid-period, between alerts 2,000 and 3,000 for SP, and
between 750 and 1,250 for CEP, which is discussed in more detail in the subsequent
discussion section.

5.2.2.1 Discussion of Multi-Job Results for Pattern 2

Comparing the multi-job evaluation results with those of the single-job evaluation
for Pattern 2 reveals a clear distinction in throughput. In both evaluation modes,
the CEP query consistently underperforms compared to the SP query. Notably, in
the single-job evaluation, the average latencies for both queries are nearly equivalent
at P3, P6, and P9. However, under the multi-job evaluation, the SP query demon-
strates a significant reduction in latency. This reduction is most likely due to the
watermarks of different jobs progressing independently without having to wait for
all sources to reach the same timestamps. In contrast, the CEP query maintains
latency values comparable to those observed in the single-job setting.

A broader comparison between the multi-job evaluations of Pattern 1 and Pattern 2
reveals consistent trends across both patterns. Specifically, SP queries exhibit higher
throughput and lower average latency, while CEP queries show lower throughput
and higher latency. This pattern also extends to CPU utilization: in both Pattern 1
and Pattern 2, SP exceeds CEP in CPU utilization at P9, whereas CEP maintains
higher utilization at P3 and P6.

Comparing the latency distributions between the multi-job and single-job evalua-
tions, a general reduction in overall latency is observed under the multi-job setup.
This trend holds across both Pattern 1 and Pattern 2, where average latency con-
sistently decreases in the multi-job evaluation. Figure 5.22 presents the combined
latency distribution for both one-phase and three-phase meters. For a detailed break-
down of latency distributions by meter type, readers are referred to Section A.4.

51



5. Results and Discussion

As observed in the single-job evaluation latency trend plots, the multi-job evaluation
also exhibits distinct horizontal lines in the mid-region, indicating periods of uniform
latency. The division between several parallel jobs appears to only increase the
distortion in the effect without otherwise altering it. As the lines remain present
and in the same section of alerts, but less pronounced, it seems to support the
previously discussed causes from Section 5.2.1.

5.3 Pattern 3: Over-current Fault
Pattern 3 utilizes all datasets listed in Table 4.1. As mentioned in Section 4.2,
synthetic data specifically designed to match Pattern 3 was generated and integrated
with the original dataset. Unlike previous patterns, Pattern 3 does not demonstrate
a distinction between SP and CEP queries. Instead, it leverages the strengths of
both SP and CEP approaches, as demonstrated in earlier patterns. The parallelism
of the CEP operator is configured to match the source parallelism. The query took
between 37-144 minutes to execute over the data set and generated just over six
thousand alerts.

5.3.1 Single-Job Results for Pattern 3
This section presents the results of Pattern 3 under single-job execution.

Table 5.5: Pattern 3: Single-job summary of source and filter throughput, per-thread
throughput, and average latency across parallelism levels.

Source
Parallelism 1 3 6 9

Source
Throughput
per Thread
(events/s)

390,019 178,228 145,868 100,874

Total Source
Throughput
(events/s)

390,019 534,685 875,211 907,869

Filter
Throughput
per Thread
(events/s)

112,417 51,186 41,930 29,005

Total Filter
Throughput
(events/s)

112,417 153,558 251,581 261,043

Average
Latency

(ms)
596 868 1,122 1,375
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Figure 5.25: Pattern 3: Single-job
throughput and average latency.

Figure 5.26: Pattern 3: Single-job
memory and CPU utilization.

Figure 5.27: Pattern 3: Single-job
memory usage over time for vary-
ing levels of source parallelism.
Each point on the x-axis repre-
sents the average memory usage
over a consecutive 5% segment of
the job’s total runtime.
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Figure 5.28: Pattern 3: Single-job latency distribution across par-
allelism levels.
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Figure 5.29: Pattern 3: Single-job latency as a function of run number and degree
of parallelism. The plot displays a representative sample of 400 data points.
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An overview of the results is provided in Table 5.5, with supporting visualizations
in Figure 5.25 and Figure 5.26, which illustrate the average throughput, latency,
memory usage, and CPU utilization across different levels of source parallelism.

As shown in Figure 5.25, throughput increases linearly with higher parallelism lev-
els. However, between P6 and P9, the increase becomes marginal, and throughput
effectively stabilizes at P6. In contrast, average latency also increases linearly with
rising source parallelism, suggesting a trade-off between throughput and latency at
higher parallelism levels.

Figure 5.26 indicates that CPU utilization trends similarly to throughput, increasing
with parallelism but with only a slight change between P6 and P9. Memory usage
remains largely consistent across all levels of source parallelism. This stability is
further supported by Figure 5.27, which shows that memory consumption over time
remains steady regardless of parallelism level.

Finally, Figure 5.28 displays the latency distribution across parallelism settings. At
P9, the maximum observed latency reaches 5 seconds. However, the majority of
latency values remain within 2 seconds, indicating relatively consistent performance
despite the higher peak.

5.3.1.1 Discussion of Single-Job Results for Pattern 3

As observed in the single-job evaluation results presented in Section 5.3.1, through-
put increases with higher levels of parallelism, although it stabilizes at P6 and P9.
Interestingly, this significant jump from P3 to P6 mirrors the trend seen in the pre-
viously discussed Pattern 1 and Pattern 2. The average latency behaves similar to
that of SP in Pattern 1 where average latency increases linearly with higher par-
allelism. CPU utilization and memory usage follow a similar pattern to those in
earlier evaluations: CPU utilization increases with parallelism, while memory usage
remains relatively stable across all parallelism levels.

The latency distribution reveals particularly interesting behaviour. Unlike Pattern 2,
where short horizontal lines appeared only in the middle region of the plot, Pattern
3 displays such lines throughout the entire alert range. This phenomenon might
be attributed to the use of SP techniques in Pattern 3, which preprocess the data
stream before it is processed by the CEP engine. The SP component likely emits
batches of events in sync with the progression of watermarks. As the watermark
advances in a consistent manner, the CEP engine generates corresponding results in
batches, resulting in clusters of alerts with nearly identical latency values, visualized
as horizontal line strips in the plot.

5.3.2 Multi-Job Results for Pattern 3
This section focuses on the results of Pattern 3 under multi-job execution.

This section presents the results of Pattern 3 under multi-job evaluation. Table 5.6
summarizes the key metrics, including throughput, average latency, memory usage,
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Table 5.6: Pattern 3: Multi-job summary of source and filter throughput, per-thread
throughput, and average latency across parallelism levels.

Source
Parallelism 3 6 9

Source
Throughput
per Thread
(events/s)

348,481 238,810 160,223

Total Source
Throughput
(events/s)

1,045,444 1,432,860 1,442,003

Filter
Throughput
per Thread
(events/s)

100,882 70,189 47,099

Total Filter
Throughput
(events/s)

302,646 421,136 423,888

Average
Latency

(ms)
376 428 416

and CPU utilization. These results are further visualized in Figure 5.30 and Fig-
ure 5.31.

As depicted in Figure 5.30, throughput increases with higher levels of parallelism,
reaching a plateau at P6 and remaining constant through P9. Average latency
follows a similar trend, increasing up to P6 and then slightly decreasing at P9.

Figure 5.31 illustrates that CPU utilization also rises with increasing parallelism,
with a significant jump observed from P3 to P6 and a marginal increase from P6 to
P9. Memory usage, on the other hand, remains relatively stable across all parallelism
levels. Interestingly, at P9, memory usage drops below that observed at P3. This
trend is corroborated by Figure 5.32, which shows stable memory consumption over
time, with the lowest usage occurring at P9.

Finally, Figure 5.33 presents the latency distribution across different parallelism
levels using a violin plot. While P9 exhibits a few outliers that reach up to 1 second,
the majority of latency values remain within 600 milliseconds, indicating generally
consistent performance with some isolated spikes at higher parallelism levels.

5.3.2.1 Discussion of Multi-Job Results for Pattern 3

The most significant deviation observed in the multi-job evaluation compared to the
single-job evaluation lies in the average latency. In the multi-job evaluation, the
average latency remains relatively stable across different parallelism levels, with a
slight increase at P6. Notably, this contrasts with the behaviour seen in previous
patterns, where the average latency at P6 during multi-job execution was consis-
tently the lowest. In the case of Pattern 3, however, P6 exhibits the highest average
latency relative to P3 and P9 under the same evaluation mode.

The latency distribution of the multi-job exhibits a similar behaviour to that of
Pattern 2 in Section 5.2.2. Compared to the single-job evaluation, the multi-job
evaluation produces less pronounced and shorter horizontal lines in the latency plot.
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Figure 5.30: Pattern 3: Multi-job
throughput and average latency.

Figure 5.31: Pattern 3: Multi-job
memory and CPU utilization.

This suggests that the bursts of identical latency values are less apparent. As multi-
ple jobs run in parallel, the processing is more distributed, and the synchronization
of alert generation becomes less tightly grouped, distorting the effect. Additionally,
these lines of near constant latency become smaller as parallelism increases, an effect
that was also observed in Pattern 2.

Another notable observation is the throughput behaviour, where a plateau is ob-
served at parallelism levels 6 and 9 across all three patterns. A plausible explanation
is that, under the current configuration, queries achieve optimal performance at a
parallelism level of 6. After a certain point, adding more parallelism creates resource
overhead that outweighs the benefits.
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Figure 5.32: Pattern 3: Multi-job
memory usage over time for vary-
ing levels of source parallelism.
Each point on the x-axis repre-
sents the average memory usage
over a consecutive 5% segment of
the job’s total runtime.

Figure 5.33: Pattern 3: Multi-job latency distribution across paral-
lelism levels.
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Figure 5.34: Pattern 3: Multi-job latency as a function of run number and degree
of parallelism. The plot displays a representative sample of 400 data points.
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6
Related work

This section presents related work on the use of SP and CEP across domains. There
is growing interest in the advantages of data processing within digitalized systems,
particularly in the context of promoting sustainable urban development, where elec-
tricity networks play a vital role in infrastructure.

A study comparable to ours, which evaluates the performance of SP and CEP queries,
is that of Ziehn et al. [30]. They aim to bridge the gap between CEP and SP by
decomposing the CEP pattern and mapping it to SP operations. Through this, the
authors translate CEP patterns to execute their equivalence as an SP query with
the aim of making use of the performance benefits SP queries offer. Like our work,
their implementations are done in Flink and FlinkCEP for SP and CEP, respec-
tively. The authors focus on evaluating the performance of translated operators and
how the performance changes based on criteria such as pattern length and output
selectivity (#matches/#events). In the pattern construction, their choice of CEP
operators does not appear to be aimed at detecting the pattern as efficiently as
possible. Instead, they limit the construction to a specific set of operators, which
they use to create patterns of a certain length and contiguity. In contrast, our
work implements patterns that are of interest to the service provider gathering the
data. Both our SP and CEP implementations are manually constructed and aim to
achieve the same sought-after behaviour with high performance, without necessarily
being direct translations of each other. Their performance metrics are similar to
ours, where they measure the maximum sustainable throughput, the same type of
latency as us, and the CPU & memory usage in different experiments. They con-
clude that their SP mapping on average achieves 60% higher throughput, which is
a similar difference to what we observe in some of our tests. They also further point
to FlinkCEP exhibiting large memory consumption and greatly decreased through-
put with increased workloads. In contrast, our experiments show that the average
memory consumption for CEP is generally equivalent to, or lower than, that of the
SP implementations. Their experiments also appear to be highly memory-intensive,
with queries using between 100-200 GB of memory at a given time but only 20-70%
of the CPU. Our queries, on the other hand, use 6-10 GB of memory on average and
between 15-95% of the CPU, with the CPU usage increasing with higher parallelism
settings. These diverging results might stem from differences in implementation,
data properties and data handling.

Many studies investigate the performance of either SP or CEP under different set-
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tings. Similar to our thesis, they often employ comparable metrics and data sources
or address the same problem from a different perspective. Some of the following
research also explores the applicability of either SP or CEP in SGs, demonstrat-
ing its use and value in this domain. These also highlight how similar metrics are
commonly employed across related studies.

Grabs et al. [31] present a study on measuring the latency performance of CEP
systems, distinguishing between “system latency”and “information latency”. Sys-
tem latency refers to delays introduced by the processing of events, that is, the
time it takes for a CEP system to complete its computations. In contrast, infor-
mation latency captures the delays incurred while the system waits for additional
input data. For systems that permit out-of-order event arrival, information latency
is identified as a critical factor influencing overall system performance. The paper
primarily focuses on measuring and comparing information latency across different
CEP systems. The authors propose a framework for assessing CEP system perfor-
mance with respect to both data rate and latency. While these insights are relevant
to the context of this thesis, our evaluation of latency focuses specifically on system
latency and compares the performance between SP and CEP queries for the selected
patterns rather than between different CEP systems.

Gulisano et al. [32] introduce StreamCloud, a scalable SPE designed to handle grow-
ing data volumes by aggregating the processing capacity of multiple nodes. Scala-
bility is achieved through query parallelization and the introduction of specialized
operators that encapsulate the logic for parallel execution. A key contribution is
a novel parallelization strategy that reduces distribution overhead, thereby enhanc-
ing performance. Additionally, StreamCloud incorporates mechanisms for elasticity
and dynamic load balancing, which enable the system to adapt to fluctuating work-
loads while minimizing resource usage. While their focus is on scalability strategies,
our work complements this by conducting two types of evaluations to better under-
stand infrastructure choices, using real data and incorporating metrics that support
resource selection decisions.

A group of works makes use of data provenance, which is the tracing of events
through an application. Data provenance is said to be valuable for debugging and
testing as well as tracing and investigating the causes behind system behaviour. A
type of provenance called forward provenance finds the possible outcomes that can
occur stemming from some data in the data stream, which in a live setting can
enable identification of potential critical outcomes ahead of time. A second type,
called backward provenance, traces backwards to identify the events that caused
a certain outcome after it has occurred. These functionalities could be valuable
tools for testing and debugging patterns and could complement an implementation
using pattern templates. If the criticality of the pattern could be set through the
templates, it might also be applicable together with forward provenance. This would
then allow for identification of potentially critical outcomes ahead of time in a live
setting, enabling faster responses.

In the research summary of Palyvos-Giannas et al. [33], the authors discuss SP and
edge computing as a way to handle the increasing data volumes as well as the oppor-
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tunities and challenges that come with combining the two approaches. Their work
focuses on data provenance and optimization in the form of scheduling. The schedul-
ing part of the research summary addresses how the execution of concurrent applica-
tions on limited resources can be optimized while adhering to different performance
requirements. The scheduling can be done with either custom user- or OS-level
scheduling, and both approaches of scheduling are said to achieve higher perfor-
mance than that of default OS-level scheduling, but the custom OS-level scheduling
may suffer compatibility issues. Our work similarly explores SP as a way to handle
the increasing data volumes, but then by comparing its performance against that of
CEP for pattern recognition.

Palyvos-Giannas et al. [13] present a framework, referred to as Ananke, for for-
ward provenance in a live setting. The work compares performance in the form of
throughput, latency, memory, and CPU utilization between different Ananke im-
plementations, as well as with on-demand implementations for provenance on data
from different sources. One of these datasets originates from the SG domain, a
source also used in our work. However, similar to their performance comparisons,
we evaluate differences between SP and CEP techniques, leveraging real-time data
processing and metrics that guide resource selection decisions.

In their paper, Palyvos-Giannas et al. [34] present a so-called why-provenance frame-
work, which aims to explain why the results of queries on a data stream are missing
parts of the output expected by the user. This is done by identifying events within
a set time interval that could have led to the expected output but were removed by
some operator in the SP pipeline. Part of the query evaluation of their framework
is on real-world data from the SG, similar to the data used for pattern performance
evaluation between SP and CEP in our thesis.

In the work of Palyvos-Giannas et al. [14] GeneaLog, a framework and technique for
data provenance in deterministic streaming applications using fixed-size metadata
attached to each event, is proposed. The attached metadata is used to link an
operators output events with its input events, and through this, an output event
can be traced back to the source input, forming a contribution graph. In large
part, this is done by including the identification of events that, in the most recent
operation, created the currently addressed event. This allows the framework to trace
multiple input tuples as well as longer input chains to their source, while still keeping
the size of the metadata attached to any one event constant. Among other sources,
part of the evaluation of the framework was conducted on data from the SG. This
work provided additional context for designing our latency-capturing mechanism,
particularly through incorporating timestamps within events to measure latency
effectively.

Another work concerning SP in the SG is that of Van Rooij et al. [12]. They propose
a middleware, referred to as TinTiN, to allow SP operations not affected by time
or ordering to progress while allowing out-of-order handling to operations that do
by using a D-bound eventual determinism. This includes the ability to reevaluate
results affected by late-arriving events by replaying a portion of already processed
input together with the newly arrived. As a result, it does not guarantee only
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once delivery of results that are reevaluated, but instead provides timely processing
of both complete and time-insensitive data. In our work we have refrained from
handling out-of-order data, where this work could greatly complement ours. In
an environment where the expected number of events is known, as for the SM
readings, this middleware could be especially beneficial as both the memory burden
of handling out-of-order events and the latency of complete data can be reduced.

Van Rooij et al. [25] explore the application of SP techniques to SG devices and
presents LoCoVolt, a system designed to detect SMs that report faulty power quality
readings. Developed using Apache Flink, LoCoVolt prioritizes performance under
hardware constraints. The system operates by comparing voltage measurements
from geographically proximate SMs, based on the premise that nearby meters should
exhibit similar voltage trends. LoCoVolt functions in a distributed manner: each SM
can “accuse”another if its readings deviate significantly from those of its neighbours.
The weight of each accusation is influenced by the number of allegations previously
received by the accusing meter, introducing a form of weighted consensus. The
system’s effectiveness is evaluated by analysing the number of accusations required
to detect malfunctioning meters reliably. Similar to our approach, Van Rooij et al.
[25] show that SP can be effectively applied to detect anomalies in SM data. In our
work, we extend this idea by employing CEP queries to identify anomalous patterns.

Van Rooij et al. [35] also highlight the growing importance of data analysis in SGs,
particularly in light of increasing regulatory pressures driving their adoption. The
authors propose a hybrid system called eChIDNA, which leverages both the stream-
ing paradigm and the traditional store-then-process approach. Data validation rules
are implemented using Apache Storm, and their evaluation shows that this hybrid
model achieves high throughput with low latency. Their findings suggest that such
validation rules could serve as a foundation for developing real-time error correction
mechanisms within streaming frameworks. Notably, the system was able to validate
270,000 hourly readings using only 5% of available resource capacity, demonstrating
that SP applications can scale efficiently and are well-suited for SG environments.
While their work demonstrates the scalability of streaming-based validation, our ap-
proach builds on this by leveraging CEP-based detection for anomaly identification
in SM data, using real-world data streams and incorporating performance metrics
that support resource selection decisions.

Gulisano et al. [36] emphasize the critical role of data structures in streaming ap-
plications. Given that such applications operate on unbounded data streams in
real time, efficient data structures are essential for maintaining state and enabling
high-performance processing. Specifically, the authors examine how data structures
function as articulation points, key connectors that maintain operator state, facili-
tate high parallelism. The study focuses on data structures used during streaming
aggregation, particularly in scenarios involving multiple input streams. The au-
thors propose two novel objects, T-Gate and W-Gate, along with their algorithmic
implementations. These structures serve as the foundation for three enhanced mul-
tiway aggregate operators. Evaluations using datasets from SoundCloud and SG
networks demonstrate that their approach outperforms existing implementations in
terms of both throughput and latency, for both order-sensitive and order-insensitive
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aggregation functions. Both their work and ours show the applicability of SP in
an SG context, but their work addresses fundamental operator-level optimizations,
our study takes a broader view by comparing SP and CEP systems using similar
performance metrics, including throughput and latency.

Gulisano et al. [37] investigate the integration of SP with differential privacy, address-
ing the critical challenge of privacy in cyber-physical systems such as SGs and AMIs.
Differential privacy offers strong guarantees against powerful adversaries, making it
a suitable approach for protecting sensitive data in these contexts. The authors
introduce a streaming-based framework called BES, designed for AMIs. The frame-
work proposes techniques to minimize the noise typically introduced by differential
privacy, thereby improving data utility while preserving strong privacy guarantees.
Performance is evaluated by varying the event injection rate, using real-world AMI
data. The results demonstrate that BES can process thousands of events per second
with low latency, while maintaining error rates below 10%, showcasing its practical-
ity for privacy-preserving SP in SGs.

Gulisano et al. [38] address the challenge of data validation in stream data, a crit-
ical requirement in the transition from traditional power grids to SGs with AMIs.
The advent of AMIs enables two-way communication, supporting real-time appli-
cations such as intrusion detection and demand-response systems. However, these
applications rely on accurate and timely data, necessitating validation to filter out
noise before it reaches utility providers. The authors propose a data validation ap-
proach based on the SP paradigm, utilizing the Apache Storm SPE. The evaluation,
conducted using real-world AMI data, measures performance in terms of through-
put and latency across three different sets of validation rules and four batch sizes.
Results show that while both throughput and latency increase with batch size, la-
tency remains within a few milliseconds, demonstrating the systems ability to scale
while preserving real-time responsiveness efficiently. Building on the approaches by
Gulisano et al. [37], [38], our work similarly applies SP to SG data, employing com-
parable performance metrics such as throughput and latency to evaluate scalability
and responsiveness.

Gulisano et al. [4] present the application of SP in an intrusion detection system for
SGs. The authors introduce a streaming-based, two-tier intrusion detection frame-
work called METIS, which leverages probabilistic methods to detect cyberattacks.
The adversary model targets the theft of energy consumption information from AMI
users, assuming that malicious activity occurs either by compromising a Meter Con-
centrator Unit (MCU) or by deploying a rogue MCU. The first tier of METIS, re-
ferred to as the Interaction Modeler, processes communication between AMI devices
and uses anomaly-based detection to identify suspicious messages. Given the pos-
sibility of message loss in the network, legitimate messages may be misclassified as
suspicious. To address this, the second tier applies expert-defined pattern-matching
rules to verify suspicious messages identified by the first tier. The METIS frame-
work is implemented using Apache Storm. The results demonstrate that METIS can
achieve high detection accuracy with a low false alarm rate, making it an effective
solution for real-time intrusion detection in AMI environments. While their work
demonstrates the scalability of streaming-based validation, our approach builds on
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this by leveraging CEP-based detection for anomaly identification in SM data, us-
ing real data streams and incorporating performance metrics that support resource
selection decisions. Moreover, their work closely resembles the Pattern 3 query, as it
also employs a two-stage structure: the first stage processes data using SP, followed
by a CEP-based pattern check.

Itria et al. [1] explores anomaly detection in Information and Communication Tech-
nology networks, with the main focus on finding known cyber-attacks, by applying
CEP patterns on Simple Network Management Protocol data. Their proposed solu-
tion is applied and tested on a simulated SG environment of a single node, and they
reproduced cyberattacks both to construct and test their CEP patterns. Similar to
their approach, our work leverages CEP patterns for anomaly detection in the SG.
However, we apply our methods to real-world data, while their evaluation relies on
artificial datasets.

Few studies have investigated various approaches to simplifying the creation and
management of CEP patterns, aiming to make them more accessible in different ap-
plication domains. While they share the same goal of making pattern creation easier,
their approach to this differs from our approach to work towards pattern templates.
These efforts range from graphical interfaces for intuitive rule definition to logical
operators that translate high-level expressions into executable CEP queries.

Liang et al. [39] propose a graphical interface for dynamic rule definition. Their
work seeks to simplify rule creation and management of CEP systems by provid-
ing a graphical user interface tailored for threat detection and defence in combat
systems. The interface enables users to insert, update, and remove rules without
programming expertise, utilizing a structured format IF <conditions> FROM <tar-
get object> WINDOW <time frame> (optional) THEN <output>which supports
chaining to construct complex CEP patterns. The evaluation of their work focuses
on system-level performance based on rule configurations using a dataset of 10,000
simulated events. This is a work that could complement that of template creation.
By combining the two approaches, one could potentially simplify template use, al-
lowing template chaining and enhancing management of deployed patterns.

Giatrakos et al. [40] present a logical CEP operator that transforms extended regular
expressions and rewrites them into the FlinkCEP program, and an accompanying
optimizer. In their work, they compare the performance of the resulting Flink-
CEP queries, as well as their optimizer, using a dataset with 16M simple events
divided evenly over 8 streams. Their performance measure focused on the result-
ing throughput when varying parallelism and skip policies for strict, relaxed, and
non-deterministic queries. Our work similarly varies the source parallelism in our
performance comparison of SP and CEP queries, with the throughput being one of
the performance measurements.

A further range of research efforts has explored the integration of machine learning
and rule-based methods to facilitate the generation of CEP patterns. Through their
work, the authors explore a different approach to the same problem of simplifying
pattern creation. These works present alternatives to our efforts in template creation
and may work better with the availability of historical data.
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Kumar et al. [41] propose a framework making use of machine learning classifiers
to extract CEP rules. This is proposed as a complement to the input from domain
experts to efficiently create error-free CEP rules. Their analysis, performed on an air
quality dataset, shows that rule extraction using Decision Trees yields high accuracy
and outperforms traditional rule extraction approaches for data streams.

Naseri et al. [42] propose a health monitoring system that makes use of CEP. They
employ rule-based machine learning methods for CEP rule extraction from a hospital
dataset. This is with the aim of decreasing the need for human involvement and
increasing the explainability of the system. They conclude the JRip algorithm to be
the most appropriate method among the rule-based methods investigated in their
work. This conclusion is based on JRip’s accuracy, together with a lower number
of resulting CEP rules from applying the method compared to other methods with
high accuracy.

Roldán-Gómez et al. [43] present a machine learning-driven method using Princi-
pal Component Analysis for generating CEP patterns to detect cyberattacks in the
Internet of Things (IoT). Their approach utilizes historical data to derive rules for
both previously known attacks and unspecified anomalous behaviour. The proposed
algorithm caters to the deployment of CEP rules on edge devices with lower perfor-
mance.

Anicic et al. [44] present a logic-based approach to CEP, offering formal semantics
and reasoning capabilities over events and their interrelationships. The proposed lan-
guage is grounded in deductive rules and provides a clear, declarative, and formally
defined semantics for expressing complex event patterns. In contrast to traditional
logic-based systems, which often compile to Prolog and suffer from runtime inef-
ficiencies, this approach introduces a novel execution model. It compiles complex
event patterns directly into logic rules, enabling timely and efficient detection of
complex events. Moreover, unlike existing logic-based rule systems, it supports an
alternative execution model specifically designed for event-driven scenarios, facili-
tating real-time, rule-based detection.

Simsek et al. [45] introduce a novel, generalized framework for automatic CEP rule
extraction using deep learning techniques. The proposed framework, named ARE-
CEP (Automatic Rule Extraction for CEP), is designed to extract meaningful and
accurate CEP rules from unlabelled IoT time-series data. ARECEP operates in
two main phases: data labelling and automatic rule extraction. In the labelling
phase, various DL-based methods are applied to the raw time-series data to iden-
tify anomalous patterns. The most accurate labelling results, those with the lowest
reconstruction error, are then passed to the rule mining phase, where multiple rule
extraction methods are applied comparatively to derive CEP rules. The authors
evaluate the performance of ARECEP using an air quality dataset collected from a
smart city application. The results show that ARECEP can effectively generate ac-
curate and meaningful CEP rules from unlabelled data, demonstrating its potential
for anomaly detection and real-time event recognition in IoT environments. This ap-
proach could be extended to our SG use case by applying it to the available dataset.
In particular, historic data from the main stage could be leveraged to automatically
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generate CEP pattern rules. Furthermore, the second stage of our approach could
be generalized by integrating this automatic rule extraction process into template
rule creation.

Margara et al. [46] address the challenge of manual rule specification in CEP by in-
troducing iCEP, a framework that automatically generates CEP rules from historical
event traces. The authors formally define the problem of automated rule generation
and propose a modular, decomposable approach supported by custom learning algo-
rithms. Their implementation of iCEP is evaluated using both synthetic data and
real-world traffic monitoring scenarios, demonstrating its effectiveness in uncovering
hidden causal relationships between events and improving the automation of rule
creation in CEP systems.

Kumar et al. [41], Naseri et al. [42], Roldán-Gómez et al. [43], Anicic et al. [44],
Simsek et al. [45], and Margara et al. [46] explore the use of machine learning tech-
niques for automatic extraction of CEP rules from observed data, aiming to reduce
human effort and improve rule accuracy in anomaly detection and event recognition.
While these approaches leverage classifiers, deep learning, or logic-based inference
to generate rules, our work differs in that we focus on the manual construction of
CEP queries. Nonetheless, we share the same fundamental strategy of analyzing ob-
served data streams to detect anomalies by constructing CEP patterns, emphasizing
interpretability over the detection logic.
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Conclusion

This thesis aimed to compare the performance of SP and CEP in the context of pat-
tern recognition in data streams with SM data by comparing patterns implemented
with each technique. These findings were then used to combine the two techniques
and guide the creation of pattern templates. In our findings, we confirmed the per-
formance advantage of SP but also showed that the combination of the technique
can yield comparable performance results when applied to SG data, while opening
up for reusable components that can be combined in future patterns. The trade-offs
between different queries and their implementations should be evaluated concerning
the chosen performance metric and addressed accordingly.

7.1 Future Work
As a continuation of our findings, several paths could be explored. A promising next
step is to design templates as small, reusable building blocks that can be combined
to construct complete patterns. For example, in Pattern 3, one block could perform
stream processing to identify relevant events, followed by another block that applies
a CEP pattern check based on the output of the first. This modular approach would
simplify the construction of complex patterns by assembling simpler components.
An extension of this idea is the development of a framework where users provide
example events as input, and the system automatically generates a pattern query.
Such a framework would allow users to benefit from complex event detection without
needing to manage the underlying programming details.

Another direction could be examining how both system latency and information
latency combined may impact the performance of various pattern implementations.
It could, for example, be valuable to explore whether certain implementation ap-
proaches perform better when information latency is relatively low or high. Explor-
ing these relationships could then guide more effective design choices for different
use cases.

A third potential direction could be to explore which approach works best for han-
dling multiple patterns running simultaneously on the same data. Since the patterns
in our work have been executed one at a time, it does not cover how well they man-
age shared resources and intermediate results. Further exploration in this area could
provide insights into how a composite system with multiple patterns is best set up.
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A
Appendix 1

A.1 Single-Job Results for Pattern 1
Figure A.1 presents a violin plot illustrating the latency distribution of CEP and
SP for Pattern 1 single job, with individual points overlaid to highlight the outliers.
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A. Appendix 1

Figure A.1: Pattern 1: Single-job SP and CEP latency distribution

II



A. Appendix 1

A.2 Multi-Job Results for Pattern 1
Figure A.2 presents a violin plot illustrating the latency distribution of CEP and
SP for Pattern 1 multi-job, with individual points overlaid to highlight the outliers.
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Figure A.2: Pattern 1: Multi-job SP and CEP latency distribution
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A. Appendix 1

A.3 Single-Job Results for Pattern 2
Figure A.3 presents a violin plot illustrating the latency distribution of CEP and
SP for Pattern 2 single job, with individual points overlaid to highlight the outliers.
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Figure A.3: Pattern 2: Single-job SP and CEP latency distribution
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A. Appendix 1

Figure A.4 presents a violin plot illustrating the latency distribution of CEP and
SP for a 1-phase meter of Pattern 2 single job, with individual points overlaid to
highlight the outliers.

Figure A.4: Pattern 2: Single-job SP and CEP latency distribution for 1-phase
meters

Figure A.5 presents a violin plot illustrating the latency distribution of CEP and
SP for a 3-phase meter of Pattern 2 single job, with individual points overlaid to
highlight the outliers.
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Figure A.5: Pattern 2: Single-job SP and CEP latency distribution for 3-phase
meters

A.4 Multi-Job Results for Pattern 2
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Figure A.6: Latency Distribution For Pattern 2 Multi Job
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A.5 Single-Job Results for Pattern 3
Figure A.7 presents a violin plot illustrating the latency distribution for Pattern 3
single job, with individual points overlaid to highlight the outliers.
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Figure A.7: Pattern 3: Single-job latency distribution

A.6 Multi-Job Results for Pattern 3
Figure A.8 presents a violin plot illustrating the latency distribution for Pattern 3
multi-job, with individual points overlaid to highlight the outliers.
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Figure A.8: Pattern 3: Multi-job latency distribution
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