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Abstract
This thesis studies cloud capacity auto-scaling, or how to provision and release resources to a service running in the cloud based on its actual demand using an automatic controller. As the performance of server systems depends on the system design,
the system implementation, and the workloads the system is subjected to, we focus
on these aspects with respect to designing auto-scaling algorithms. Towards this goal,
we design and implement two auto-scaling algorithms for cloud infrastructures. The
algorithms predict the future load for an application running in the cloud. We discuss
the different approaches to designing an auto-scaler combining reactive and proactive
control methods, and to be able to handle long running requests, e.g., tasks running
for longer than the actuation interval, in a cloud. We compare the performance of
our algorithms with state-of-the-art auto-scalers and evaluate the controllers’ performance with a set of workloads. As any controller is designed with an assumption
on the operating conditions and system dynamics, the performance of an auto-scaler
varies with different workloads.
In order to better understand the workload dynamics and evolution, we analyze a
6-years long workload trace of the sixth most popular Internet website. In addition,
we analyze a workload from one of the largest Video-on-Demand streaming services
in Sweden. We discuss the popularity of objects served by the two services, the spikes
in the two workloads, and the invariants in the workloads. We also introduce, a measure for the disorder in a workload, i.e., the amount of burstiness. The measure is
based on Sample Entropy, an empirical statistic used in biomedical signal processing
to characterize biomedical signals. The introduced measure can be used to characterize the workloads based on their burstiness profiles. We compare our introduced
measure with the literature on quantifying burstiness in a server workload, and show
the advantages of our introduced measure.
To better understand the tradeoffs between using different auto-scalers with different workloads, we design a framework to compare auto-scalers and give probabilistic
guarantees on the performance in worst-case scenarios. Using different evaluation criteria and more than 700 workload traces, we compare six state-of-the-art auto-scalers
that we believe represent the development of the field in the past 8 years. Knowing
that the auto-scalers’ performance depends on the workloads, we design a workload
analysis and classification tool that assigns a workload to its most suitable elasticity
controller out of a set of implemented controllers. The tool has two main components;
an analyzer, and a classifier. The analyzer analyzes a workload and feeds the analysis
results to the classifier. The classifier assigns a workload to the most suitable elasticity
controller based on the workload characteristics and a set of predefined business level
objectives. The tool is evaluated with a set of collected real workloads, and a set of
generated synthetic workloads. Our evaluation results shows that the tool can help a
cloud provider to improve the QoS provided to the customers.

Sammanfattning
Denna avhandling studerar autoskalning, det vill säga hur en regulator automatiskt
kan allokera och avallokera resurser för en tjänst som körs i molnet beroende på
tjänstens belastningsmönster. Prestandan för ett serversystem beror på systemets
design, dess implementation och den belastning systemet utsätts för. Denna avhandling fokuserar på dessa aspekter för design av algoritmer för autoskalning. Två algoritmer för autoskaling i molninfrastrukturer designas och implementeras. Algoritmerna predikterar framtida belastningsmönster för en tjänst som körs i molnet. Olika
ansatser till att designa en regulator som kombinerar reaktiva och proaktiva reglermetoder utvärderas. Vi designar även metoder för att hantera serverförfrågningar som
tar lång tid att betjäna, det vill säga beräkningar som körs längre än regulatorns
aktiveringsintervall.
Vi jämför våra algoritmer med existerande autoskalare från forskningsfronten och
utvärderar dess prestanda med hjälp av olika belastningskurvor. Då alla regulatorer
är designade med vissa antaganden om belastningönster och datorsystemets dynamik
varierar en regulators prestanda för olika typer av belastningskurvor.
För att bättre förstå egenskaperna hos belastningskurvor och hur dessa utvecklas
med tiden analyserar vi 6 år av loggdata från Wikipedia, den sjätte mest populära websidan på Internet. Vi analyserar även en belastningskurva från en av de största videostreaming-tjänsterna i Sverige. I dessa analyser studeras populariteten hos dataobjekt
på dessa två tjänster, hur belastningstoppar ser ut samt invarianter i belastningen,
exempelvis periodiska mönster som å terkommer varje dag eller vecka. Vi introducerar även ett volatilitetsmått för oordningen i en belastningkurva, vilket är baserat
på metoder och mått som används för signalbehandling inom biomedicin. Det nya
måttet kan användas för att karaktärisera belastningskurvor. Vi utvärderar det mot
existerande mått från forskningslitteraturen och på visar fördelar.
För att bättre förstå avvägningar mellan olika autoskalare för olika belastningsmön
ster designar vi ett ramverk för att jämföra autoskalare. Ramverket ger probabilistiska garantier för autoskalarnas prestanda i värsta-fall-scenarion. Med olika utvärderingskriteria och över 700 olika belastningskurvor jämför vi sex olika autoskalningsalgoritmer från litteraturen, vilka representerar forskningsområdets utveckling under de
senaste åtta åren.
Då prestandan hos en autoskalare beror på belastningskurvan designar vi ett analysoch klassificeringsverktyg som matchar en belastningskurva till den mest lämpliga
av en mängd tillgängliga autoskalare. Vilken autoskalare som väljs beror på belastningskurvans egenskaper och på förvalda preferenser såsom prestandakriterier. Verktyget utvärderas med både riktiga belastningskurvor och syntetiskt genererade belastningsmönster. Utvärderingen visar att verktyget i de allra flesta fall väljer den bäst
lämpare autoskalaren och därmed att det kan hjälpa en molnleverantör att få mer
responsiva tjänster och samtidigt minska resursanvändningen.
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Introduction

Cloud computing is a computing model that allows better management, higher utilization and reduced operating costs for datacenter operators while providing on-demand
resource provisioning for multiple customers. Datacenters are often enormous in size
and complexity. This complexity is further increased because of the multitude of
(complex) hosted applications [47], making datacenter management a very complex
task [11]. The management of a cloud datacenter is too complex for a human to manage and automated management systems are required. This thesis studies automated
cloud elasticity management, one of the main datacenter management capabilities.
Elasticity can be defined as the ability of cloud infrastructures to rapidly change the
amount of resources allocated to an application in the cloud according to its demand.
This work studies algorithms, techniques and tools that a cloud provider can use to
automate dynamic resource provisioning allowing the provider to better manage the
datacenter resources.
Performance of Internet-scale server systems like cloud systems depends on three
main factors; design of the system, implementation of the system, and the load on the
system [19]. The first two factors should be optimized during system design and implementation. The third factor should be optimized at run-time. Variations in system
load can be attributed to either internal events in the application or external events.
Internal events can occur in the servers’ hardware, e.g., bad blocks on a solid state
drive [43], the operating system, e.g., thread scheduling, or the applications running
on the servers. Such events cause the occurrence of very short bottlenecks that reduce
system performance considerably [56]. On the other hand, external events include, for
example, changes in the characteristics of the workload volume [12] or the workload
mix [51]. As an example, Internet traffic due to Michael Jackson’s death resulted in
disruptions in many major Internet services [46]. Nowadays, a drop in QoS is often
reflected in a financial loss [15]. In the future, a decrease in the QoS might be reflected
in a loss of a life, e.g., in case of self-driving cars relying on cloud systems [33].
The performance of networked systems has been studied since Kleinrock’s early
work on queuing theory and modeling in the 1970s [32], typically with an aim of
optimizing server system design and implementation. Little focus has been given to
optimizing run-time performance until 15 years ago when Chase et al. published their
seminal work on controlling provisioned resources according to load variations [14].
A few years before Chase et al.’s paper, Foster and Kesselman introduced Grid computing [21]. These two papers were followed by Kephart’s and Chess’s paper on autonomic computing [31]. These advances coupled with advances in virtualization technologies [2,9], containers [40], server power management techniques [18] and increased
network bandwidth has paved the way for the era of cloud computing [10] where elastic server infrastructures allow on-demand resource provisioning which is the focus of
our dissertation.

3

1.1

What is Cloud Computing?

Cloud computing started as a technology hype-term to describe a lot of different systems leading to a lot of confusions on what the term refers to [8, 55]. The confusion
was reduced when the US National Institute of Standards and Technology (NIST)
defined and characterized the important aspects of cloud computing in a special publication [38]. NIST defined cloud computing as “a model for enabling ubiquitous,
convenient, on-demand network access to a shared pool of configurable computing
resources (e.g., networks, servers, storage, applications, and services) that can be
rapidly provisioned and released with minimal management effort or service provider
interaction”.
NIST identifies in their cloud definition five essential characteristics for cloud services [38],
I. On-demand self service. Consumers can provision computing capabilities, e.g.,
server time and network storage, and control them automatically with no human
interaction required.
II. Broad network access. The computing capabilities are available and accessible
over the network through heterogeneous client platforms, e.g., mobile phones,
tablets and laptops.
III. Resource pooling. Resources are pooled between multiple consumers to serve
each customer’s requirements.
IV. Rapid elasticity. Computing capabilities can be provisioned rapidly on-demand
to deal with load changes. The provisioning can be in some cases automated.
V. Measured service. Usage can be monitored, controlled and reported transparently.
A key challenge to fulfill the cloud model is the scale of these systems. Current
cloud datacenters are enormous in size. For example, on the 31st of December, 2014,
Rackspace, a market leader in providing cloud computing services, had more than
112628 servers hosted in 9 datacenters serving more than 300000 customers [47]. A
typical server has between 4 cores and 128 cores. Management of such huge and
complex systems requires some automation in the management software. On-demand
provisioning and resource pooling requires the middleware to be able to handle the
provisioning demands for the customer and allocate the resources required by the
service autonomically and transparently [31]

2

Cloud Capacity Auto-Scaling

Auto-scaling cloud resources, sometimes referred to as elasticity control or management, is an incarnation of the dynamic provisioning of server resources problem, a
problem which has been studied for over a decade [13, 14]. For the past decade and
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half, there has been tens – if not hundreds – of algorithms and techniques proposed in
the literature tackling the same question; how to dynamically change the amount of
provisioned resources for an application running on server systems according to the
varying application’s load [3, 7, 13, 14, 20, 22–29, 35–37, 39, 44, 45, 49–53]?
Horizontal elasticity is the property of a cloud datacenter to rapidly vary the number
of VMs allocated to a service according to demand. Vertical elasticity is the property
of a cloud datacenter to rapidly change configurations of virtual resources allocated
to a service according to demand, e.g., adding more CPU power, memory or disk
space to already running VMs. Autoscalers utilize the elasticity properties of a cloud
by dynamically allocating sufficient capacity to a running service to maintain an
acceptable level of QoS at reduced costs [54]. This dissertation focuses on automated
horizontal auto-scaling of cloud resources based on workload dynamics, i.e., we focus
on auto-scalers that change the number of VMs allocated to a service running in the
cloud.

2.1

Auto-Scaling Controller Requirements

We have identified five key requirements for an auto-scaler for cloud resources. These
requirements, in our opinion, are essential to make the auto-scaler useful and safe to
use. The requirements are;
I. Scalability: It has been estimated in 2014 that Amazon’s EC2 operates around
one and half million servers running millions of virtual machines [42]. One single
service can have up to a few thousand virtual machines [16]. Some services run
in the cloud for a short period of time while other services can run for years , e.g.,
reddit has been running on EC2 entirely since 2009 [48]. Algorithms used for
automated elasticity must be scalable with respect to the amount of resources
running, the monitoring data analyzed and the time for which the algorithm
has been running.
II. Adaptiveness: Workloads of Internet and cloud applications are dynamic [30].
An automated elasticity controller should be able to adapt to the changing workload dynamics or changes in the system models, e.g., new resources added or
removed from the system. This should be done while reducing both overprovisioning and underprovisioning of resources.
III. Rapid: An automated elasticity algorithm should compute the required capacity
rapidly enough to preserve the QoS requirements. Sub-optimal configurations
that preserve the QoS requirements are better than any optimal configuration
taking longer to compute than the time that can be tolerated by the users or the
application to preserve the QoS required. Limited lookahead control is a very
accurate technique for the estimation of the required resources but according to
one study, it requires almost half an hour to come up with an accurate solution
for 15 physical machines each hosting 4 Virtual Machines (VMs) [34].
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IV. Robustness: Changing load dynamics might lead to a change in the controller
behavior [41]. A robust controller should prevent oscillations in resource allocation and/or in performance with respect to the QoS requirements. While
adaptiveness describes the ability of the controller to adapt to changing workloads, robustness describes the stability of the controller with changing workload
and/or system dynamics. A controller might be able to adapt to the workload
but with oscillations in resource allocation that results in application instability,
e.g., adding and removing VMs to a traditional SQL database tier incurs high
penalties with respect to consistency. Another controller might not be able to
adapt to the changing workload, but is stable with changing workload or system
dynamics, i.e., it is robust but not adaptive.
V. QoS and cost awareness: The automated elasticity algorithm should be able to
vary the capacity allocated to a service according to demand while enforcing the
QoS requirements. If the algorithm provisions less resources than required, then
QoS may deteriorate, leading to possible losses. When the algorithm provisions
extra capacity that is not needed by the service, then there is a waste of resources.
In addition, the costs of the extra unneeded capacity increases the costs of
running a service in the cloud.

2.2

Thesis Position Statement

The focus of our work started as an effort to design new auto-scaling algorithms
for cloud applications. It became evident from the very start that while one can
design a few hundred more auto-scaling algorithms using state-of-the-art techniques
from different disciplines such as control theory, neural network, fuzzy logic, statistical
inference, estimation theory, queuing theory, optimization and machine learning, there
is a genuine lack of understanding of the dynamic provisioning problem stemming from
the lack of understanding of the workloads. By lack of understanding of the problem
we mean that most of the current work on auto-scaling is based on trial and error and
empirical designs. While one can test a proposed algorithm under certain assumptions
and conditions, and for a specific application, no one really knows how to generalize
these results. Going back to the opening statement of the thesis, the performance of
the system and the proposed auto-scaling algorithm depends on the system design,
implementation and workloads.
Our position is that deeper understanding of cloud workloads is needed to tackle
and solve the dynamic resource provisioning problem. Workloads can be classified
into different classes based on their quantitative, and qualitative characteristics with
respect to an application. For example, some workloads are bursty, e.g., the load on
the Bulgarian Wikitionary project, a project hosted by the Wikimedia foundation [1],
shown in Figure 1. If a traditional database system is subject to a bursty workload
pattern where changing the amount of provisioned resources can come at a very high
cost due to consistency and replication, then the auto-scaler should not for example
cause oscillations in the resources provisioned.
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Figure 1: The Bulgarian Wikitionary project has bursty access patterns.

Our position is that the vast space of the workloads and applications can be divided into smaller sub-spaces with each sub-space representing a category of workloads
and applications with similar quantitative and qualitative characteristics. The problem is then reduced to finding an auto-scaler for each category. The sub-spaces are
multi-dimensional, with each dimension representing a feature or a characteristic of
the workload or the application. Examples of workload features include periodicity,
burstiness and the load-mix, i.e., the different request types [51]. Examples of application features include the amount of resources required to process one request
from a certain type, the tolerance of the application to provisioning decisions, the
application’s ability to process delayed requests and the time required to process one
request of a certain type. For example, a simple webserver application serving static
content will require much less resources and processing time per request compared to
an application that does optical character recognition online.
While this work does not define these categories, we show that they exist. Paper
VII and Paper VIII show the varying performance of state-of-the-art auto-scaling
algorithms and how one algorithm can be much better than another one for one workload or application compared to another one. Paper V introduces Sample Entropy,
a measure for burstiness, one of the main features to classify workloads. Sample Entropy is used in Paper III, with other workload and application features, to classify
different workloads using a k-Nearest-Neighbors classifier. The classification is used
to assign each workload to the most suitable auto-scaling algorithm given some QoS
constraints, e.g., on overprovisioning and underprovisioning. In papers I and II, we
develop an auto-scaling algorithm capable of handling queued requests. In order to
understand some of the cloud workloads, we provide deep analysis for two workloads,
the workload on all Wikimedia foundation’s projects including Wikipedia in Paper
IV, and a Video-on-Demand workload in Paper VI.
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2.3

Thesis Contributions

In support of our thesis statement, this thesis makes the following contributions towards a better understanding of workloads and elasticity controllers.
I. A comparison between all possible approaches to design a hybrid auto-scaler
using a mix of reactive and proactive components for scaling. By a reactive
component we mean a component that changes the future capacity using a
set of predefined load thresholds, e.g., for every increase of 10 requests/second
increase in the arrival rate, provision new resources. By a proactive we mean, a
component capable of predicting the future load based on the patterns in the
workload history. An auto-scaler was designed that predicts the future workload
using the slope of the workload. The controller is further enhanced to take into
account the queuing effects resulting from delayed requests.
II. Two comprehensive studies of two server system workloads. The first study is
the longest server workload study we are aware of. In this study, we analyze
the load on the Wikimedia foundation’s servers that host among other things
Wikipedia, Wikibooks and Wikitionary. The second is a study of the workload
of TV4, a major Swedish Video-on-Demand (VoD) provider. These workloads
are studied to provide us with a better understanding of how server systems
evolve over time and thus enable us to design better auto-scalers.
III. A method to characterize and compare burstiness, a workload characteristic
that affects the performance of an auto-scaler.
IV. Two comparative studies of some of the auto-scalers proposed in the literature.
The first study uses scenario theory and chance constrained programming to
provide some formal theoretical guarantees on the performance of different autoscalers with different workloads. The second study compares the performance of
a set of the published auto-scalers in a practical setting with different workloads.
V. A Workload Analysis and Classification tool for cloud infrastructures that acts
as a meta-controller to select the most suitable auto-scaling algorithm for a
workload. The tool analyzes the history of the running/new workloads and extracts some key characteristics. Workloads are then classified and assigned to
the most suitable available elasticity auto-scaler based on the extracted characteristics and a set of user-defined Business-Level-Objectives (BLO), reducing
the risk of bad predictions and improving the provided QoS.

3

Paper Summary and Future Work

This thesis consist of 7 papers and an appendix that support the thesis position. While
most of this work was done assuming an infrastructure-as-a-Service cloud delivery
model [8], the algorithms and techniques developed are suitable for all cloud delivery
models. The contributions of each paper follows.
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3.1

Paper I

The first paper in the thesis [7] introduces two proactive elasticity algorithms that can
be used to predict future workload for an application running in the cloud. Resources
are then provisioned according to the controllers’ predictions. The first algorithm
predicts the future load based on the workload’s rate of change with respect to time.
The second algorithm predicts future load based on the rate of change of the workload
with respect to the average provisioned capacity. The two auto-scaling algorithms are
explained and tested.
The paper also discusses the nine possible approaches to build hybrid elasticity
controllers that have a reactive elasticity component and a proactive component. The
reactive elasticity component is a step controller that reacts to the changes in the
workload after they occur. The proactive component is a controller that with a
prediction mechanism to predict future load based on the load’s history. The two
introduced controllers are used as the proactive component in the nine approaches
discussed. Evaluation is performed using webserver traces. The performance of the
resulting hybrid controllers are compared and analyzed. Best practices in designing
hybrid controllers are discussed. The performance of the top performing hybrid controllers is compared to a state-of-the-art hybrid elasticity controller that uses a different proactive component. In addition, the effect of the workload size on the performance of the proposed controllers is evaluated. The proposed controller is able to
reduce Service-Level-Agreement (SLA) violations by a factor of 2 to 10 compared to
the state-of-the-art controller or a completely reactive controller.

3.2

Paper II

The design of the algorithms proposed in the first paper include some simplifying
assumptions that ignore multiple important aspects of the cloud infrastructure and
the workload’s served. Aspects such as VM startup time, workload heterogeneity, and
the changing request service rate of a VM are not considered in the first paper. In
addition, it is assumed that delayed requests are dropped.
Paper II [4], extends on the first paper by enhancing the cloud model used for the
controller design. The new model uses a G/G/N queuing model, where N is variable,
to model a cloud service provider. The queuing model is used to design an enhanced
hybrid elasticity controller that takes into account workload heterogeneity and the
changing request service rate of a VM. The new controller is suitable for applications
where buffering of delayed requests is possible. The controller also takes into account
the size of the delayed requests when predicting the amount of resources required for
the future load. The designed controller’s performance is evaluated using webserver
traces and traces from a cloud computing cluster with long running jobs. The results
are compared to a controller that only has reactive components. The results show
that the proposed controller reduces the cost of underprovisioning compared to the
reactive controller at the cost of using more resources. The proposed controller requires
a smaller buffer to keep all requests if delayed requests are not dropped.
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3.3

Paper III

The third paper presents an analysis of a trace from the Wikimedia foundation spanning the period between May, 2008 till October, 2013 [17]. This is the largest webworkload analysis study we are aware of. Using descriptive statistics, time-series analysis, and polynomial splines, we study the trend and seasonality of the workload, its
evolution over the years, and investigate patterns in page popularity. We show the
effects that spikes on a Wikipedia page have on related Wikipedia pages. In addition,
we show that the workload is highly predictable with a strong seasonality. We develop
a short term prediction algorithm using splines that is able to predict the workload
with a Mean Absolute Percentage Error of around 2%.

3.4

Paper IV

Sample Entropy (SampEn) is a technique that has been used in biomedical systems
research for more than a decade to quantify disorder in biomedical signals. Our fourth
paper introduces a modified version of the SampEn algorithm as a measure of burstiness in cloud workloads [6]. SampEn is has two main parameters. The first parameter
defines how tolerant the measure is to small bursts. The second parameter defines the
subset of the workload in which the algorithm searches for similarities. We show that
SampEn ordering of workloads is robust against a wide selection of these two parameters. We compared the proposed algorithm to some of the state-of-the-art burstiness
measures and show that the modified version of SampEn is better suited for classifying
burstiness.

3.5

Paper V

Since Video-on-Demand (VoD) and video sharing services account for a large percentage of the total downstream Internet traffic and cloud applications, we analyze and
model a workload trace from a VoD service provided by a major Swedish TV broadcaster [5]. The trace contains over half a million requests generated by more than
20000 unique users. We show that the user and the session arrival rates for the TV4
workload do not follow a Poisson process. The arrival rate distribution is modeled
using a log-normal distribution while the inter-arrival time distribution is modeled
using a stretched exponential distribution. We observe the “impatient user” behavior
where users abandon streaming sessions after minutes or even seconds of starting them.
Both very popular videos and non-popular videos are specially affected by impatient
users. This behavior seems to be an invariant in VoD workloads and is neither affected
by the average bit-rate nor by the number of videos a user watches. We discuss the
spikes in the workload and their cause and show that spikes are very hard to predict
in many cases.
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3.6

Paper VI

In Paper VI, we introduce a method able to compare the performance of auto-scaling
algorithms and provide probabilistic guarantees on their performance. The method
is based on both robust control theory and stochastic control theory. The evaluation
is formulated as a chance constrained optimization problem, which is solved using
scenario theory. The adoption of such a technique allows one to give probabilistic
guarantees on the obtainable performance of the controllers in the presence of uncertainties. Six different state-of-the-art auto-scaling algorithms have been selected
from the literature for extensive test evaluation, and compared using the proposed
framework. We build a discrete event simulator and parameterize it based on real
experiments. Using the simulator, each auto-scaler’s performance is evaluated using
796 distinct real workload traces from projects hosted on the Wikimedia foundations’
servers, and their performance is compared. The evaluation is carried out using different performance metrics, highlighting the flexibility of the framework, while providing
probabilistic bounds on the evaluation and the performance of the algorithms. Our
results highlight the problem of generalizing the conclusions of the original published
studies.

3.7

Paper VII

As it is not possible to design an autoscaler with good performance for all workloads
and all scenarios as discussed in Paper VI, Paper VII proposes WAC, a Workload
Analysis and Classification tool for automatic selection of a number of implemented
cloud auto-scaling methods. . The tool has two main components, the analyzer and
the classifier. The analyzer extracts two key features from the workload, periodicity
and burstiness. Periodicity is measured using the autocorrelation of the workload,
one of the standard methods for measuring periodicity. Burstiness is measured using
the modified SampEn algorithm proposed in Paper IV. The classifier component uses
a k-Nearest-Neighbors (kNN) algorithm to assign a workload to the most suitable
elasticity controller based on the results from the analysis. The classifier requires
training using training data. Four different training datasets are used for the training.
The first set consists of 14 real workloads, the second set consists of 55 synthetic
workloads. The third set consists of the previous two sets combined. The last set
of workloads consists of a 798 workloads to different Wikimedia foundation projects.
The paper then describes the training of the classifier component and the classification
accuracy and results. The results show that the tool is able to assign between 87% to
98.3% of the workloads to the most suitable controller.

4

Future Work

There are several directions identified for future work starting from this thesis, some
of which already started while others are planned. We are working on identifying and
defining the different main workload classes in a better way and design optimal or
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near-optimal auto-scaling methods for each class using stochastic and robust control
theory. We are developing a statistical framework that provides probabilistic guarantees on the performance of auto-scaling algorithms based on their error models. We
are working on a better statistical model for request arrival rates other than the Poisson process model. In addition, we are working on finding a bounded entropy measure
for burstiness or disorder in signals that is able to provide a more solid mathematical
definition than Sample Entropy.
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