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ABSTRACT
Real-time ECG monitoring has been an attractive method for early detection of unexpected
ventricular fibrillation (VF) disease in pervasive health monitoring. Numerous algorithms and wearable
devices have been developed and evaluated to meet this emerging need. Most of them were conducted
based-on the ideal environment for verifying their practical usage. However, in order to realize the actual
application of VF detection in pervasive health monitoring, the VF detection system is required to not
only improve the efficiency and effectiveness of the various factors, but also integrate the hardware and
software and energy saving. In this dissertation, we explore a new approach to detect VF attacks using VF
algorithms processed on an embedded microcontroller, and analyze various factors affecting the detection
effectiveness and efficiency.
We first examine research issues of VF detection in pervasive health monitoring. We propose a
methodology for performing real-time VF detection using an embedded microcontroller to ensure
timeliness and save battery power. We develop an integrated environment as a testbed for explorations of
this study. As a benchmark, we adapt five light-weighted algorithms and a filtering process from open
literature to test the VF detection capability of these algorithms. Evaluations of this research confirm that
with some adaptation the conventional filtering process and detection algorithms can be efficiently
deployed in a microcontroller with good performance results while saving battery power. Among the five
algorithms we considered, the time delay (TD) method has the best overall performance, a relatively short
calculation time and reasonably low power consumption.
Early research has been predominately focused on developing effective algorithms for VF
detection and most of the evaluations are conducted offline with pre-filtered data sets. The performance of
these algorithms is highly dependent on several factors such as data filtering methods, data scaling, data
extraction window size, detection algorithms and system parameters; therefore, understanding their
impact on performance in real-time setting is important. We conduct experiments comparing the
iii

performance of five detection algorithms using the popular Creighton University (CU) database and
measure their performance in terms of sensitivity, specificity, positive predictivity, accuracy and
computational time. We have also examined the performance against an aggregated measure called
receiver operating characteristic (ROC) curve. This study shows that (1) detection algorithm, data
filtering and window size all have significant impact on VF detection, (2) it is important to select the
proper threshold value that affects the trade-off of the performance metrics, and (3) among the five
algorithms that we evaluated, Time Delay (TD) outperformed other algorithms, even with different
window sizes and different filtering methods and its performance was not much impacted by these
factors.
Third, we develop an energy consumption model and verify its performance for the integrated VF
detection of body area network (BAN). The conventional wireless sensing nodes of the BAN capture the
raw electrocardiograph (ECG) signal and transmit the sampled data through wireless communication.
This method not only increases wireless data traffic significantly, but also consumes a lot of energy. Since
the wireless communication process consumes much more energy than processing in the embedded
microcontroller, the processing-based method, which minimizes wireless communication and integrates
the light-weight algorithm, is one of the best solutions for the remote VF detection in the BAN. We
develop an integrated environment for evaluating the performance of VF detection algorithms and energy
consumption simultaneously. As a benchmark, five light-weighted VF detection algorithms and the
filtering process are programmed on an embedded microcontroller for the detection of VF abnormality.
The total ratio of energy save is 93.68% per 508 seconds data between the real-time full data transmission
and the proposed VF detection methodology using time delay (TD) algorithm.
Fourth, we propose a new algorithm, called an extended real-time time-delay (ERTD), for realtime VF detection. We conduct experiments comparing the performance of TD and ERTD using the
popular Creighton University (CU) database and measure their performance in terms of sensitivity,
specificity, positive predictivity, accuracy, algorithm complexity and energy consumption. We have also
examined the performance against an aggregated measure called receiver operating characteristic (ROC)
iv

curve and the area under curve (AUC). This study shows that (1) ERTD algorithm improves 2.18% of
AUC comparing with TD, (2) The energy consumption of ERTD algorithm is improved up 10.56% than
using TD in 508 seconds of energy measuring time, and (3) the algorithm complexity of ERTD is much
reduced than TD.
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Chapter 1
Introduction

Cardiovascular disease (CVD), which was caused by the disorders of heart and blood vessels, has
been a common problem for people of any nation. The World Health Organization (WHO) reported that
17.1 million people died from CVD in 2010; that is, about 30% of all deaths in the world [WHO, 2011].
According to the WHO, if there is no endeavor to resolve this problem, the rate of death from CVD would
be increased continuously. Among the heart diseases, ventricular fibrillation (VF) is one of the severely
abnormal heart rhythms that can be life-threatening. VF can lead to death within a few minutes or a few
days. The survival rate for a person who has a VF attack outside the hospital ranges between 7% and
70%, depending on the timing of the first-aids [Weaver et al., 1986]. Therefore, how to quickly and
effectively detect and respond to VF abnormality is an emergent area of research.
Recently, many wearable monitoring systems based on body area network (BAN) for pervasive
health monitoring have been developed for remote diagnosis through the long-term monitoring of
physiological signals. In BANs, the main stream of the network topologies is not the peer-to-peer selforganized but the single-hop star network topology of the master-slave protocol for reducing the network
complexity and power consumption [Yang, 2006; Xie et al., 2006]. In general, BANs of the pervasive
health monitoring consist of a master node for gathering and processing data, and several sensor nodes for
capturing and transmitting data on human body [Zhang et al., 2010]. Most of the traditional sensor nodes
simply focus on capturing ECG and transmitting the data to the master node. However, transmitting all
captured data through wireless communication not only consumes much more energy than processing in a
single microcontroller, but also significantly increases network complexity of BANs.
Khan et al. [2000] and Hill [2002] illustrated that the power consumption of data processing in a
single microcontroller is much lower than the wireless communication. In general, the wireless
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transmitting operations consume lots of battery power as comparing with other operations in the sensing
node. In addition, as the number of sensing nodes is increased, the complexity of wireless network traffic
is significantly augmented. Thus, how to reduce wireless data transmission so as to increase the longevity
of monitoring devices without changing or recharging batteries within reasonable time duration is an
important issue for mobile applications.

1.1

Motivation, Research Questions and Purposes
Over the past decades, two streams of research for VF detection have been emerged: (2) designing

wearable systems that can be used to continuously and reliably monitor health condition [Healey, 2000;
Leijdekkers and Gay, 2008] and (1) developing efficient algorithms that can correctly detect VF
abnormality, especially on a real time basis. However, with limited resources available in the
microcontroller and cell phone, several research questions yet remain to be explored and resolved.
First, previous studies on VF detection have been predominately focused on evaluating the relative
performance of the proposed algorithms against prior algorithms in a centrally located computer [Jekova
et al., 2004; Amann et al., 2005a; 2005b; Ismail et al., 2008; Abu et al., 2010; Arafat et al., 2009] or cell
phone [Fokhenrood et al., 2007; Zhang et al., 2010; Rospierski et al, 2011]. Meanwhile, most VF
detection algorithms in the previous researches used the well-known filtering process, filtering.m, but
assumed that the process to remove various noises is the pre-step. That means, preprocessed data are used
to verify their proposed algorithms. In this regards, the following issues need to be examined: How
effective are these filtering processes? How to include or deploy these filtering processes in mobile device
or microcontroller? Are these testing databases reliable enough? What is the potential power consumption
concern? And how to properly determine system parameters?
Second, most of these wearable monitoring devices generally have a simple beat detection function
and a wireless transmitting function to a receiving unit. The wearable devices continually send the data
via the embedded microcontroller to the centralized computing unit or mobile phone for storing and
processing data. The wireless transmitting operations consume lots of battery power as comparing with
-2-

other operations in the microcontroller. Thus, how to reduce wireless data transmission so as to increase
the longevity of wearable monitoring devices without changing or recharging batteries within reasonable
time duration is an important issue.
Third, with the fast development of mobile devices and microchip sensors, and their increasing
usages in e-health (or mobile health monitoring), there is also an emerging need to examine which
algorithm can be adapted to use in mobile and microchip devices and how well do these algorithms
perform in a pervasive environment, especially in a microcontroller?
We aim to answer as many of the relevant research questions in this study. Therefore, the main
purposes of this study are five folds: (1) to explore and understand relevant research issues in real time
VF detection; (2) to propose a methodology for performing real time VF detection using an embedded
microcontroller in a pervasive environment; (3) to assess the factors that impact the relative performance
of real time VF detection in terms of effectiveness and computational efficiency; (4) to develop model to
predict energy consumption for wearable ECG devices and explore methods/strategies of saving energy
for real time VF detection; and (5) develop detection algorithm that improves detection accuracy and
energy consumption.

1.2 The Proposed Solutions
Figure 1.1 summarizes the research issues we have explored in this dissertation and
presents our proposed solutions. The issues are classified according to the process or information
flow of VF detection. The proposed solutions are mapped to the research issues and organized
into chapters.
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Figure 1.1: Research issues and solutions organized by chapters

1.2.1 Efficient VF Detection Methodology
Electrocardiogram (ECG/EKG), which is an electrical recording of the heart activities and can be
used to detect heart diseases, is a popular solution for next-generation healthcare, wellness, and lifestyle.
There are three ways of collecting, storing, and processing data from ECG devices. In Figure 1.2 (a) and
(b), the centralized computing unit or mobile phone receives the raw ECG data from wearable sensing
device and apply algorithms to detect VF patterns. However, it needs a microcontroller attached to the
wearable sensing device to convert analog data into the digital format and transmit the data to the main
computer or mobile phone for processing, which will consume a significant amount of battery power and
delay the response time. In this study, we propose a methodology (Figure 1.2(c)) that uses the embedded
-4-

microcontroller in the wearable ECG device to process and detect VF patterns and only send the event to
mobile phone for requesting healthcare service. The proposed methodology can save the battery power of
the wearable ECG sensing device, as most of the power consumption of wireless devices depends on how
much data is transmitted to the receiving unit through the wireless communication [Khan et al., 2000].

Figure 1.2: VF detection approaches. Performing VF detection at (a) centralized computing, (b) mobile
phone, and (c) embedded microcontroller.

1.2.2 Analysis of Impact Factors
Previous studies on VF de tection have been primarily focused on evaluating the relative performance
of the proposed algorithms against prior algorithms [Jekova et al., 2004; Amann et al., 2005a; 2005b;
Ismail et al., 2008; Abu et al., 2010; Arafat et al., 2009; Fokhenrood et al., 2007; Zhang et al., 2010;
Rospierski et al, 2011]. These researches are conducted on stable environment, such as using filtered data
set, fixed threshold value, and one window size, often is 8 seconds. The performance of these algorithms,
however, is somewhat dependent on the data preprocessing (filtering) methods and system parameters
used especially in a real-time environment. Three factors -- window size, threshold value, and filtering
process -- are known to affect the overall performance of VF detection in some degree; very limited
research [Amann et al., 2005b] has been conducted to examine their relative impact, their potential
-5-

interactions, and how to properly determine the window size and threshold value. In addition, their study
focuses on VF detection algorithms with the impacts of one or two different window sizes. We
systematically examine and analyze the factor impacts about performance of the proposed VF detection
methodology.

1.2.3 Energy Consumption
Executing program workloads based on different types of VF diagnosis algorithms in an embedded
microcontroller affects the total energy consumption. Although transmitting data through wireless
communication spends the largest energy cost, the types of VF detection algorithms we are using is able
to affect the overall energy consumption too. Lane and Campbell study the energy impacts of different
instruction types, circuit state effects, instruction operand ordering, memory addressing modes and GCC
compiler optimization flags [Lane and Campbell, 2006]. They conclude that optimized instruction
rescheduling enables to reduce energy consumption.
Factors for energy consumption in a mobile device can be determined as two types, controllable and
non-controllable factors. Except non-controllable factors such as data capturing, filtering, and converting,
we can reduce the energy consumption through changing or rescheduling the data processing and wireless
communications. We propose two methodologies. 1) Using the embedded microcontroller of the wearable
ECG device to process, detect VF patterns and only transmit the events to a mobile phone that is
connected with healthcare services. 2) Using VF detection algorithm having efficient workloads for the
microcontroller. We develop an energy consumption model to examine the influence of different VF
detection methodologies and propose an optimized integration to perform VF detection under an
embedded microcontroller in a pervasive healthcare system.

1.2.4 Design of an Integrated Testing Environment
We develop an integrated environment as a testbed for our explorations. As a benchmark, we select
five light-weighted algorithms -- Threshold Crossing Interval (TCI), VF filter, Threshold Crossing
-6-

Sample Count (TCSC), Time Delay (TD) and Tompkins (TOMP) -- and include the filtering process on
an embedded microcontroller for the detection of ventricular Fibrillation (VF) using the Creighton
University (CU) database for benchmark. Performance results are based on popular quality parameters
such as sensitivity, specificity, positive predictivity, accuracy, execution time, and energy consumption.

1.2.5 ERTD: An Extended Time Delay Algorithm for Real-time VF Detection
For practical VF detection into day-to-day living conditions, the algorithms are required to be more
reliable and energy efficient. Previous study and our experiments indicated, time-delay algorithm has a
high reliability for separating sinus rhythm (SR) and VF. It also is high resistant at changing factors, such
as window sizes and filtering methods. However, it requires relatively high execution time and energy
consumption. In this paper, we propose a new Ventricular Fibrillation detection algorithm called an
extended real-time time-delay (ERTD) for real-time environment. We conduct experiments comparing the
performance of TD and ERTD using the popular Creighton University (CU) database and measure their
performance in terms of sensitivity, selectivity, positive predictivity, accuracy, algorithm complexity and
energy consumption. We have also examined the performance against an aggregated measure called
receiver operating characteristic (ROC) curve and area under curve (AUC). This study shows that (1)
ERTD algorithm improves 2.18% of the area under curve (AUC) comparing with TD, (2) The energy
consumption of ERTD algorithm is improved up 10.56% than using TD in 508 seconds of energy
measuring time, and (3) algorithm complexity of ERTD is much reduced than TD.

1.3 Contributions of This Work
The major contributions of this dissertation are:
(1)

We identify and review factors that may impact the relative performance of real time VF detection
(Chapter 2).

-7-

(2)

We propose a new real time VF detection methodology with integration of filtering processes and
VF detection algorithms in an embedded microcontroller (Chapter 3).

(3)

We develop an integrated simulated environment and conduct experiments in real time to evaluate
five light-weight VF detection algorithms and examine the factors that may impact their
performance using statistical methodologies (Chapters 3 and 4).

(4)

We develop a generic model to analyse energy consumption of VF detection methodology using an
embedded microcontroller in BAN (Chapter 5).

(5)

We propose a new algorithm called an extended real-time time-delay (ERTD) for real-time VF
detection and compare its performance with the best existing methods (Chapter 6).

1.4 Thesis Organization
The dissertation is organized in paper format, consisting seven chapters. In Chapter 2, we review
the main researches that are related to this work, including background and preliminary technologies that
we will adopt in the system design. In Chapter 3, we present the real-time VF detection using an
Embedded Microcontroller and evaluate its performance. In Chapter 4, we evaluate factors that influence
the performance of VF detection using statistical methodologies. In Chapter 5, an analysis and modeling
of energy consumption for wearable ECG devices is presented to improve the life-span of the system. In
Chapter, a new VF detection algorithm (ERTD) is proposed for practical real-time environment. Finally,
in Chapter 7, we conclude our works with a summary, and discuss remaining issues and future research
directions.

-8-

Chapter 2
Review of Relevant Research Issues

The process of detecting VF patterns often contains five major steps: data capturing, data transmission,
data filtering (or called preprocessing), pattern detection, and performance evaluation. As we are aiming
to detect the VF pattern on a real-time basis for pervasive health monitoring, all the basic processes have
to be included in an embedded microcontroller. Although performing VF detection at microcontroller
level will save battery power and shorten processing delay, it does pose some challenges for resolving, as
microcontroller has limited resources in computation, storage, and battery power. Figure 2.1 shows the
information flow of VF detection with research issues identified, most of these issues are common to any
method of VF detection.

2.1 Issues Associated with Data Capturing
In the practical environments of the mobile health monitoring, ECG signal can be captured by
connecting electrodes with human body. The number of leads usage and the electrode positioning affect
the quality of ECG capturing [Tragardh et al., 2008]. It is obvious that the more leads the more
information for the diagnostic ability of the ECG. However, in a specific area for applying VF detection
algorithms, we don’t need to achieve all types of ECG signals. The issues of the optimal number of leads
and right positioning for accurate VF detection need to be explored. The capture frequency provides the
number of data values to the VF detection algorithms. Capturing frequency from CU database is 250Hz.
Capture frequency is a little bit different from the leads and placements issues. Too high capture
frequency not only provides redundant information for VF detection algorithms, but also uses
computational resource and energy power in an embedded microcontroller. On the other hand, low
frequency may miss the peak point of QRS complexes so that detection of normal rhythm may not work
properly. These issues are generic in nature and are out of the scope of this study.
-9-

Figure 2.1: Information flow of VF detection with research issues

2.2 Issues Associated with Data Transmission
Three issues normally associated with data transmission: (a) where (main computer, mobile, or
microcontroller) to process and detect events, (b) how to transmit data, and (c) what is its impact on
energy consumption? The second issue is out of the scope of this study.
Energy consumption in a wireless sensing device can be divided into four aspects, such as scheduling
of transitions, dynamic voltage scaling, memory, and radio transceivers. Most of energy consumption
depends on both the types of microprocessors and radio transceivers used. However, in general, sending
data or computing in a microprocessor spends most of the energy resource in the battery. Furthermore,
computing in a microprocessor consumes much smaller energy resource than sending data through a radio
transceiver. Khan et al. (2000) shown that a typical microprocessor consumes about 1nJ per instruction;
However, Bluetooth transceivers require roughly 100nJ to send a single bit, except startup and other
redundancy packet constitutes. Hill et al. (2000) estimated that it takes 1uJ to transmit and 0.5uJ of power
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to receive 1bit of data, and computation cost is about 8nJ for their target systems. Although it is obvious
that computation is a significantly cheaper than communication, energy consumption of computation still
need to be cared. Usually, processing algorithms consist of many instructions and repeating commands.
Therefore, it is important to find an optimal trade-off point between the energy consumption and the
accuracy of computations.

2.3. Issues Associated with Data Preprocessing
Normally, ECG signal contains various noises which prevent algorithms from accurate VF detection.
Preprocessing, also called filtering, is an important stage for obtaining quality data for proper VF
detection. Filtering.m, coded in MATLAB, is a preprocessing method widely used in various VF
detection studies. The process consists of four steps: high-pass filtering (HPF), low-pass filtering (LPF),
moving average filtering, and mean value subtraction. However, the filtering process is often applied
externally outside the detection. Although the effectiveness of filtering has been testified by previous
studies, since it was applied separately from the detection process, whether can it be efficiently
implemented on a microcontroller or mobile devices on a real time basis is yet unknown.
Scaling is another research issue in VF detection. In a real time system, signal is often not fully
placed in an expected range during each window block. Especially, R-peak of ECG signal depends on
several external factors, such as skin conductivity, electrode contact, and patient’s movement. However,
some of the algorithms (TCI, TCSC, and Time Delay) are highly required to set the accurate threshold to
determine whether VF detected or not. Thus, a scaling process is needed to provide peak-to-peak values
of ECG signal in each block, which are the basic information for setting the threshold of VF detection
algorithms.
For mobile or microcontroller implementation the issues of (a) whether the preprocessing or scaling
can be efficiently implemented in them and (b) what would be the impact on power consumption
deserved for additional explorations.
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2.3.1 High-pass filtering (HPF)
High-pass filter is a filter to block the low frequency of signal. It passes the range of higher frequency
than given blocking frequency, and blocks the lower frequency than the given frequency. Normally, those
noises from ECG signal such as electrode contact, loose contact, motion artifact, and baseline rift due to
respiration can be removed using a high-pass filter. For VF detection, a cut off frequency of 1Hz is
normally used. How to properly design and implement a HPF, however, is a research issue deserving for
exploration. Hardware implementation may be able to reduce the burden of filtering processes.

2.3.2 Low-pass filter (LPF)
Low-pass filter is a filter to block the high frequency of signal. It passes the range of lower frequency
than given blocking frequency, and blocks the higher frequency than the given frequency. Generally,
those noises from ECG signal such as electromyogram (EMG) and power line interference can be
removed using a low-pass filter. For VF detection, a cut off frequency of 30Hz is normally used. How to
properly design and implement a LPF, however, is a research issue deserving for exploration. Hardware
implementation may be able to reduce the burden of filtering processes.

2.4 Issues Associated with VF Detection
Four research issues are normally associated with the VF detection stage: (a) which detection
algorithm is more efficient and effective and (b) how to properly determine the system parameters, For
microcontroller and mobile devices, additional issues, such as (c) can a detection algorithm be efficiently
implemented in them and (d) how would that impact power consumption, need to be examined?

2.4.1 Selection of detection algorithm
There have been many studies focused on evaluating VF detection algorithms for inducing an
appropriate electrical therapy in automated external defibrillators (AEDs) [Jekova et al., 2004; Amann et
al., 2005a; 2005b; Ismail et al., 2008; Abu et al., 2010; Arafat et al., 2009; Fokhenrood et al., 2007;
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Zhang et al., 2010; Rospierski et al, 2011]. To the best of our knowledge, there is no study attempting to
perform VF detection processes at the microcontroller level, despite that it can lead to save battery power
and shorten response time when emergency happened.
The most recent and influencing ones are the three studies by Amann et al. [2005a; 2007] and Arafat
et al. [2009]. Amann et al. (2005a) compared 5 well-known standard (QRS) and 5 new ventricular
fibrillation detection algorithms under equal conditions with a large amount of data that has been
annotated by qualified cardiologists. They choose the three annotated databases without pre-selection of
certain ECG episodes. The performances of these algorithms were evaluated in terms of the five quality
parameters. According to the results from Amann et al. [2005a], threshold crossing interval (TCI)
[Thakor et al., 2007], VF filter (VF) [Kuo and Dillman, 1978], and TOMP [Pan and Tompkins, 1985]
draw our attention. TCI is a basic algorithm and easy to be implemented and have overall high
performance, except in positive predictivity. VF is the best method at specificity (100%) and positive
predicitivity (97.7%). TOMP has very high sensitivity (92.5%) with the best computation time (0.84% percent of the real time of the data of 508 sec each).
In a follow-up study, Amann et al. [2007] developed a VF detection algorithm (TD) based on phase
space reconstruction and evaluated against four algorithms – threshold crossing intervals (TCI), VF filter
(VF), spectral algorithm (SPEC), and complex measure (CPLX), selected from their previous study
[Amann et al., 2005a]. This algorithm, which counts the number of boxes based on the phase-space plots
of random signals, is also easy to be implemented in a microcontroller [Amann et al., 2007]. Recently,
Arafat et al. [2009] developed a time domain algorithm (TCSC) based on TCI algorithm for VF detection.
TCSC showed better performance than TCI based on only positive threshold.
In summary, we choose these five prior VF detection algorithms for this study due to their outstanding
performance characteristics (as compared with other algorithms) and their simplicity for easy
implementation in a microcontroller.
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2.4.2 The Determination of System Parameters
The performance of using algorithm for VF detection is highly dependent on the proper selection of
system parameters such as window length and threshold value.
i. Window length
Windowing, which allows a temporal storage for analyzing several seconds of the signal collection, is a
common method for extracting signal for VF detection. Previous VF algorithm tests used 8 seconds
length of the signal collection [Amann et al., 2005a; 2005b; Arafat et al., 2009]. Based on the simulation
studies conducted with actual microprocessor in a real time, we determine 5 seconds to analyze a signal
effectively. It is obvious that a longer window time enables a sufficient amount of signal samples to VF
detection algorithms. However, the limited resource power of the microprocessor restricts a longer
window size for the possible algorithms to be used.
ii. Sliding-widow
Sliding-window involves the use of temporal data storage of ECG samples that allows new incoming
data push the oldest data out the sliding-window in the TOPM algorithm. The purpose of the slidingwindow is to obtain the integration value of waveform feature information about the position of QRS
complexes. Pan and Tompkins pointed out the importance about the number of samples in the slidingwindow [Pan and Tompkins,1985]. The width of sliding-window should be similar with the width of the
targeted QRS complex. If the width of the sliding-window is too wide, the algorithm may confuse
between QRS complex and T-wave. On the other hand, in the case of the too narrow sliding-window, it
can detect several QRS complexes about actual only one QRS complex. In this study, the width of the
sliding-window is determined by experiments. Our sample rate is 62.5Hz, and the sliding-window is 10
samples wide (75ms).

2.5 Issues Associated with Performance Evaluation
Every study requires a comprehensive and systematic plan/strategy to support its evaluation. Several
issues are normally associated with VF detection research: (a) how to conduct evaluation, (b) where to
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conduct evaluation (testbed), (c) which algorithms used, (d) which metrics used to measure the
performance, and (e) which data sets used for the evaluation? Table 2.1 summarizes the evaluation
characteristics used in previous studies from selected literature. The summary is not meant to be
comprehensive but at least provides some sense and guideline for references. As shown, there is no study
performing the filtering and VF detection processes at the microcontroller level, which are the main focus
of this dissertation.

2.6. Issues Associated with Energy Consumption
2.6.1 Energy Consumption Model of Wireless Sensor Network
There have been many studies to evaluate energy consumption of WSN due to the characteristics
of wireless nodes. E. J. Duarte-Melo and M. Liu have evaluated the performance and energy consumption
of a WSN, and proposed that the optimal number of clusters is between 4 and 10 [Duarte-Melo et al.,
2002]. W. R. Heinzelman et. al have pointed that the conventional protocols of WSN are not optimized on
energy consumption perspective [Heinzelman et al., 2000]. In order to make energy consumption
optimized, a cluster-based protocol is proposed to evenly distribute the energy load to sensors in WSN.
M. M. Carvalho et al. present an analytical model to predict energy consumption in saturated IEEE
802.11 single-hop ad-hoc networks under ideal channel conditions [Carvalho et al., 2004]. In all previous
works, the focus was on energy consumption regarding communication between multiple nodes.
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Figure 2.2: Relationship between the power consumption graph and energy saving.

Sinha and Chandrakasan [2001] have proposed a dynamic power management methodology of
event-driven power consumption to improve battery life in wireless sensor networks. This research
illustrates the analysis method of an energy saving using state transition policy. Figure 2.2 shows the
relationship between the power consumption graph and energy saving. The gray area of the graph
indicates the quantity of energy saving with the sleep operation of microcontroller.

2.6.2 Instruction Level Energy Consumption
Tiwari et al. [1996] have proposed an energy consumption model based on the bottom-up
approach with an instruction level of microcontroller. This research uses a hypothesis that the current
usage by the processor represents the information for evaluating the power cost of a program in the
microcontroller. In addition, the overall instruction level power model is provided for estimating energy
cost of any given program (P). The overall energy cost of the given program, EP, is given by:
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E P   ( Bi  N i )   (Oi , j  N i , j )   Ek
i

i, j

(2-1)

k

Where, Bi is the base cost, i denotes each instruction, Ni is the number of execution, Oi,j is circuit state
overhead, (i,j) denotes each pair of consecutive instruction, Ni,j is the number of times the pair is
executed, Ek is the energy contribution, and K denotes the other inter instruction. This energy cost
equation basically requires the base costs and combination of pairs of consecutive instructions.
Table 2.2 and 2.3 [Lane and Campbell, 2006] show the influence of microprocessor instructions
with various address modes about energy consumption. According to their research, the different
instructions and memory address mode of operand generate nano-J level difference during the program
execution. Especially, “bis” instruction and “absolute to register” address mode consume the largest
energy consumption among the various combination of them.

Table 2.2 Energy consumption variation due to instruction [Lane and Campbell, 2006]
Instruction

Energy (nJ)

Normalized Energy (nops)

mov

4.4

1.01

add

4.6

1.05

sub

4.7

1.08

cmp

4.7

1.12

bit

4.7

1.06

xor

4.8

1.08

and

4.8

1.07

bic

4.9

1.09

bis

4.9

1.12
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Table 2.3 Energy consumption variation due to the memory address mode of operand [Lane and
Campbell, 2006]
Operand Memory Modes

Energy (nJ)

Normalized Energy (nops)

Indexed to register

13.2

2.99

Register to indexed

17.0

3.87

Register to absolute

15.8

3.60

Indirect to register

9.0

2.04

Immediate to register

9.0

2.06

Absolute to register

26.1

5.95

Register to indirect

17.5

3.97

Although these tables enable to provide the base cost to equation (1), in order to calculate the
other factors (eg. the energy cost of the consecutive instructions), the entire program should be examined
for various types of microcontrollers.

2.6.3 Energy Consumption vs. Power Consumption
The terms of power and energy are not the same meaning for the parameters of efficiency. The
average power (P) consumed by a sensing node while running a certain operation can be represented as
the multiplication of the average current (I) and supply voltage (V). Since the power is defined as the rate
at which energy (E) is consumed, the energy consumption is calculated by: E = P × T, where T is the
execution time [Tiwari et al., 1996].
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Chapter 3

Real-time VF Detection Using an Embedded Microcontroller

3.1 Introduction
The electrocardiogram (ECG/EKG), an electrical recording of the heart’s activities, is a popular
solution for next- generation healthcare, wellness, and lifestyle monitoring. Traditionally, a centralized
computer or mobile phone is used to receive the raw ECG data from wearable sensing devices and
algorithms are then applied to detect VF abnormality. This approach needs a microcontroller attached to
the sensing device to convert raw data from the analog-to-digital (A/D) format and then transmit the data
to the computer or mobile phone for processing. This consumes a significant amount of battery power and
delays the response time. In this study, we propose a methodology that uses an embedded microcontroller
to process and detect a VF attack and only send the events to mobile phone to request healthcare services.
This proposed methodology would significantly reduce the battery consumption of the wearable ECG
device, as most of the device’s power consumption stems from the abundance of data transmitted via
wireless communications [Khan et al. 2000].
Over the past decades, two streams of research have been emerged in real-time VF detection: (1)
designing wearable devices that can be used to continuously and reliably monitor health conditions
[Healey 2000; Leijdekkers et al. 2008] and (2) developing efficient algorithms that can correctly detect
VF abnormality, especially on real-time basis. However, with limited resources available in the
microcontroller and mobile phone, several research questions remain unresolved. First, previous studies
on VF detection have been predominantly focused on evaluating the relative performance of the proposed
algorithms in a centrally located computer [Jekova et al. 2004; Amann et al. 2005a; Amann et al. 2005b;
Ismail et al. 2008; Abu et al. 2010; Arafat et al. 2009] or a mobile phone [Fokhenrood et al. 2007; Zhang
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et al. 2010; Rospierski et al. 2011]. Meanwhile, most VF detection algorithms in previous studies used
the well-known filtering process, filtering.m, but assumed that the process to remove various noises was a
preliminary step. That means, this process was not included as part of the evaluation process. Accordingly,
the following issues still need to be examined: How effective are these filtering processes? How should
we include or deploy these filtering processes in mobile devices or microcontrollers? What is the
potential power consumption concern? And how can we properly determine the system parameters of the
algorithms such as window segmentation and threshold value?
Secondly, most of these wearable monitoring devices have a simple beat detection function and
use wireless transmitting to a receiving unit. The wireless transmitting operations consume lots of battery
power in comparison to other operations in the microcontroller. Thus, how to reduce wireless data
transmission so as to increase the longevity of monitoring devices without replacing or recharging
batteries within reasonable time duration is an important issue.
Thirdly, with the rapid development of mobile devices and microchip sensors, and their
increasing usages in e-health, there is also an emerging need to examine which detection algorithm can be
adapted for use in mobile and microchip devices and how well do these algorithms perform in a pervasive
environment, especially in a microcontroller?
This paper examines these research issues and proposes a methodology for performing VF
detection under an embedded microcontroller in a pervasive environment. We develop an integrated
environment as a testbed for our explorations. As a benchmark, we adapt five light-weighted algorithms
such as Threshold Crossing Interval (TCI), VF filter (VF), Threshold Crossing Sample Count (TCSC),
Time Delay (TD) and Tompkins (TOMP) for comparison. We use the complete sets of MIT and
Boston’s Beth Israel Hospital arrhythmia database (MIT-BIH) and Creighton University (CU) database
for tests. Performance results are based on common quality parameters such as sensitivity, specificity,
positive predictivity, accuracy, computational time, and power consumption.
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3.2 The Proposed Methodology
In this section, we describe our proposed solutions and develop a prototype of testbed for
performance evaluation.
3.2.1 The Proposed VF Detection Methodology
A lot of previous research assumes that captured ECG data is sent to other high performance
system, and the data is processed in the mobile phone or main computer. In this case, the communication
workload is inevitable process so that the end-device of capturing ECG spends high-energy consumption.
We change the process of the capturing, VF detection algorithm, and wireless communication. Basically,
we propose the VF detection methodology that a microcontroller captures ECG data, computes the VF
detection algorithm, and transmit the detection event to the mobile phone or main computer. Figure 3.1
illustrates the detailed process using the proposed VF detection algorithm methodology. The process
starts with timer interrupt for capturing ECG, filtering, and scaling at every sampling point. The sampled
data is stored in the window storage of the memory. Once the window is filled with the captured data, VF
detection algorithm is applied to check whether VF event is occurred or not, and the result is transmitted
to the mobile phone or main computer through the wireless communication. The proposed VF detection
methodology show lower power consumption in figure 3.2. Using this methodology, we can save the
transmitting power as many as the number of capturing, and reduce the wireless network traffic.
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Figure 3.1: Flow chart of the proposed VF detection methodology.

Figure 3.2: Power consumption differences in the proposed VF detection methodology.

3.2.2 The Filtering Process
Many earlier studies in VF detection used a filtering function, called filtering.m, implemented in
Matlab. The function contains four sub-routines: mean value subtraction, 5 order moving average to
remove high frequency noise like interspersions and muscle noise, drift suppression using high pass filter
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(1Hz cut-off frequency), and low pass Butterworth filter (30Hz cut-off frequency), which suppresses the
high frequency noises even more.
Figure 3.3 shows an example of (a) the raw ECG signal and (b) the preprocessing results of
filtering.m using the CU-DB patient 01 data. For illustration, we show a 5 second segment from each case.
As seen in Figure 3.3(a), the first half of the ECG data is a normal sinus rhythm, some with relatively
high peak amplitudes. The rest of the ECG is the VF events, which also show peaks in both the upper and
lower sides. Using filtering.m these high peaks have been filtered out. (See Figure 3.3(b)). Thus, we are
able to better distinguish the characteristics of SR and VF events.

Figure 3.3: Preprocessing of CU-DB 01 patient using filtering.m (a) Before; (b) After.
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The conventional filtering function, however, does have some disadvantages if the process is
implemented in real time using an embedded microprocessor that has limited computational resources and
energy. First, the longevity of battery life will be significantly shortened. Secondly, in real time situations,
it is hard to calculate the mean value and moving average of the whole ECG signal. Thirdly, according to
our pilot tests, the detection performance is not significantly affected by removing the mean value
subtraction and moving average filtering. Therefore, in our implementation, we drop the first two
subroutines, adapt the high-pass (1Hz) and low-pass (30Hz), and introduce the Kalman filters in the
testbed.
i. High and low pass filter for removing noises
The cut off frequency of high pass filter (1Hz) and low pass filter (30Hz) can typically be
calculated as follows:

fC =

1
2p RC

(3-1)

We can then apply R (Resistor) and C (Capacitor) values to the transfer function of the high pass
filter as shown:

Vo
jw RC
=
Vi 1+ jw RC

(3-2)

Using the z-transform, the transfer function can be obtained with R and C values. Although there
are several ways to transfer the z-transform, we use the Tustin method with the c2d function available in
the Matlab. As a result of this process, the transfer function for the high-pass filter can be obtained with
coefficients as shown:

Y(z) = 0.9043Y(z -1)+ 0.9522U(z)- 0.9522U(z -1)

(3-3)

Where, (z - 1) is the previous Output Value, U(z) is the current Input Value, and U(z - 1) is the
previous Input Value. We then apply R and C values to the transfer function of the low-pass filter:
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Vo
1
=
Vi 1+ jw RC

(3-4)

Using the same process as the high-pass filter, the transfer function for the low-pass filter is
obtained with coefficients as follows:

Y(z) = -0.2021Y(z -1)+ 0.6011U(z)+ 0.6011U(z -1)

(3-5)

ii. Kalman filter for tracking baseline
Threshold-based algorithms such as TCI and TCSC need to track a baseline to have more
accurate detections. A baseline is a reference line that indicates the trend of an ECG signal without QRS
and other factors. Thus, we assume QRS, P, T, and U as noises when we track the baseline. We use the
linear Kalman filter [Simon, 2001], which is a method that calculates a posteriori estimate using the
following equation:
-

-

xˆ k = x̂k-1 + K(zk + Hx̂k )

(3-6)

Where, xˆ k is a posteriori estimate value; K is variable weight; Zk is a measured value and H is a
system model parameter. Although the format of Kalman filter is similar to one-dimension low-pass filter,
it has a priori estimate, measured value, and dynamic weight K, which recalculated every time. The
process of Kalman filter can be described in two repeated steps:
(1) Prediction. First a target system is modeled, based upon which, the Kalman filter predicts a
priori estimate and error covariance. Where, error covariance is a measure of the error of the posteriori
estimate value. The performance of the filter depends on how similar the modeled system is to the actual
system.
(2) Estimation. The filter then calculates a new posteriori estimate value based on the difference
between the measured value and the priori estimate value. In the Kalman filter, noise is an important
variable.
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3.2.3 The Scaling Process
The amplitude of the ECG signal from human body is normally about 1.3mV. However, the
minute ECG signal is often amplified through the front-end device and active filters to fit the total range
of power. The voltage of the microprocessor is recently 3V and the analog-to-digital converter (ADC) has
resolutions of 8~12 bits. The larger the amplified ECG signal that is achieved, the better the detecting
accuracy will be. Thus, we can assume that the raw ECG signal (1.3mV) is simply amplified to fit into the
maximum limitation. However, there is always a baseline noise that is a short-term or long-term drift
noise. If the baseline noise is not taken into account during the amplification process, a clipping fault in
which the signal exceeds the limited range of the ADC can occur.
In VF detection, the amplitude of ECG signal is varied in the cases of sinus and VF signals.
Scaling is a process by which ECG signals of a window segment with different peak-to-peak amplitudes
are stretched into one uniform amplitude size. If there is no scaling, the parameter values vary from the
size of peak-to-peak amplitudes. In real-time detection, the variances are unpredictable, meaning that
several errors may occur with the wrong thresholds. To obtain accurate thresholds, the periodic changing
of the maximum and minimum values of the scale in the segment blocks is required. If the period is too
short, the algorithm may lose the QRS complexes. On the other hand, if the period is too long, small VF
events can be detected as sinus rhythms. We apply scaling process for every window segment, which is 5second in our implementation. Figure 3.4 shows the proposed scaling process.

Figure 3.4: An example of scaling process
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The scaled value Vt can be calculated as:

Vt = St ×VMul +VAdd

(3-7)

LMax - LMin
TMax - TMin

(3-8)

VAdd = TMax - TMin

(3-9)

VMul =

Where, St is raw ECG data. VMul is the value for multiplication, and VAdd is the value for addition.
The VMul and VAdd values are calculated simply using equations (3-8) and (3-9). LMax is the maximum
limitation, LMin is the minimum limitation, TMax is the maximum value of signal and TMin is the minimum
value of signal.

3.2.4 The Revision in Detection Algorithms
Due to the memory limitation of the embedded microcontroller, every algorithm in this study uses
a 5-s window size to fit in a temporal memory. Based on the window size, we slightly revise the
algorithms and determine the threshold of VF and SR. We briefly discuss each algorithm with the
revision below:
i. The TCI Algorithm [Thakor et al, 1984].
TCI calculates the threshold value (T), the number of crossing signal (C) and the number of
intervals (I) in 3-second blocks to determine the VF or non-VF decision based on the number and the
position of the crossings. TCI estimates the average interval between ECG signal threshold crossings. The
mean TCI value is calculated as follows:

TCI =

1000
t
t
(N -1) + 2 + 3
t1 + t2 t3 + t4

(3-10)

Where, N is the number of impulses in segment S (1 second interval) and t1 ~t4 are intervals
between crossing points and each end points of the S. There is no revision applied to this algorithm.
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ii. The TCSC Algorithm [Arafat et al, 2009].
TCSC is an improved method over TCI algorithm, which removes some of drawbacks of the TCI
such as its 1-second analysis window that causes trouble when the heartbeat is fewer than 60 bpm and one
threshold (20% of the maximum value) that causes a missing problem with negative peak value of ECG.
Three additional extensions over TCI are:
-

A 3-second stage is investigated instead of a 1-second stage.

-

Both positive and negative thresholds are used instead of only the positive threshold.

-

Samples above the thresholds are counted instead of only the pulses.
In the original TCSC algorithm, each segment is multiplied by a cosine window w(t) that

minimizes the effect from end-to-end of each segment. We skip the multiplication of the cosine window,
because it needs high computation compared with the performance in a microcontroller.
iii. The TD algorithm [Amann, 2007a].
TD uses 40×40 squares grid of the two-dimensional phase space diagram that refers to different
types of plotting using normal data X(t) as the x-axis and X(t + τ) as the y-axis, with τ = 0.5 second. The
values are plotted in the 1600 squares and the resultant parameter is the number of visited boxes. In
general, this algorithm performs well in detecting VF. We skip the process of computing density value as
the step is just divided by the total number of all boxes visited using a floating point calculation, which is
more computational intensive and redundant. Moreover, we assign the one box into one single bit so that
memory usage is optimized.
iv. The VF filter algorithm [Kuo and Dillman, 1978].
VF uses a narrow band elimination filter in the scope of the mean frequency of the ECG signal.
After the scaling process, equations (12) and (13) are applied to the ECG data to get the VF filter leakage
l:
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There is no revision applied to this algorithm.
v. The TOMP algorithm [Pan and Tompkins, 1985].
TOMP is based on a real-time detection method of QRS complex. Basically, a squaring function
and moving-window integration are applied to detect QRS complexes. Since the sliding integration
window with a width of 150ms is applied, the slope ϒ(j) of the ECG data x(j) can be calculated as:

g (nT ) =

1
(-x(nT - 2T ) - 2x(nT - T ) + 2x(nT + T ) + x(nT + 2T )) ,
8T

(3-13)

Where, n is the sample number and T is the sampling period of the ECG signal. In the TOMP
algorithm, the actual detection does not focus on a VF waveform but on QRS complexes. Thus, it is very
important to determine the offset value for deciding whether a VF wave is detected or not. Thus, it is
difficult to determine the appropriate threshold value for VF detection.
In general, there is no clear symptom that can indicate when the VF event will happen because
the ECG signals normally have no noticeable changing point from the SR (normal ECG) to the VF (as
shown in Figure 3.5). Also, SR and VF obviously have different features that distinguish QRS complexes
from a sine wave (or a cosine wave).
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Figure 3.5: The turning point between a sinus rhythm and the VF event.

Figure 3.6: Different types of sinuous rhythms from CU-DB

Furthermore, QRS complexes vary from signal to signal and are hard to predict, too. For instance,
Figure 3.6 shows different shapes of the QRS complexes in the CU DB. In addition, when the VF event
occurs, there is no QRS complex in the ECG signal. Therefore, the threshold-based algorithms have
difficulty detecting the various types of QRS complexes.
Based on our pilot experiment, we found that TOMP is very robust on the baseline noise with low
energy consumption. It can also detect various types of QRS complexes accurately. Thus, we propose
applying TOMP to check heart rate at a sinuous rhythm. The typical heart rate of an adult is 60 ~ 90 bpm
[26]. Even people on a single elite sports team have a heart rate less than 220 bpm [Kolata, 2001]. Thus,
when determining the sinuous rhythm (SR – normal heart rate), counting the number of QRS complexes
in a certain range (60 ~ 220) can define a normal ECG. When VF events occur, the number of the QRS
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complexes is close to zero. Once the current status is not SR, the ECG signal’s waveform appears as a
sine or cosine wave. The peak-to-peak values of the VF events are varied at each time segment.
3.2.5 The Development of Testing Prototype
In a pervasive health monitoring environment, wireless ECG sensing devices are operated by
battery power. Since various VF detection algorithms have different levels of complexity and energy
usage, the performance of the energy consumption based on different preprocessing and algorithms
should be considered [Handy, 2001]. We develop an integrated sensing module as testbed, based upon
which to test the energy consumption of VF detection methods. Figure 3.7 shows the conceptual
framework of the proposed testing environment.

Figure3.7: Conceptual framework of the testing environment.
The proposed testing environment, or so-called artificial ECG prototype, contains three modules:
(1) virtual patients that house the available testing databases and enable the generation of an analog ECG
signal to provide ECG signal with VF events. The artificial ECG can be used to serve as a source to
evaluate the VF detection algorithms and the integrated preprocessing filters; (2) the integrated module,
which has the VF detection algorithms and hardware and software filtering logic built in. The module
receives the ECG signal, removes the noise, and judges whether VF events are occurring. The results
from the integrated module are then sent to the evaluation system through the wireless communication;
and (3) the evaluation system. In the evaluation system, the results of VF detection are compared with
previous annotated information, which is then used to calculate the quality parameters.
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Figure 3.8 depicts more specific block diagram of the testing environment. The centralized
computer includes the virtual patients and evaluation system. The virtual patients’ digital data is
converted from analog signals using a digital-to-analog (D/A) converter. Preprocessing in this system
consists of three steps: a high pass filter, a low pass filter, and a Kalman filter. The VF detection events
are sent to the centralized computer or mobile phone through RF-communication chip, which is TI’s
CC2500.

Figure3.8: Block diagram of the testing environment.
Figure 3.9 shows the actual connections of the integrated sensing device. In a simulated
environment, the results from the wireless communication are stored in the evaluation model and
compared with the annotated database. In a real world environment, this module would be carried by a
patient and operated independently. The power consumption is measured by a separated MSP-430 with a
50 times amplifier. We add a 5 Ω resister between battery and the system to measure power consumption.
According to Watteny’s experiment, the average current of MSP-430 depends on the phase of the
operations, such as IDLE mode (13.6mA), RX mode (24.2mA), and TX mode (26.0mA) [Watteyne, 2009].
These currents are too small to be measured by the embedded ADC so we add a 10 times amplifier to the
automatic measurement. The module to measure the power consumption is set to measure the voltage of
the 5Ω resister every 1ms. Please refer to the TI’s energy test [Texas Instrument, 2009] for details. Based
on the Ohm’s law, the measured voltage value is 5 times bigger than the current consumption.
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3.3 performance evaluation
The main purposes of this study are twofold: (1) to examine research issues concerning real-time
VF detection and (2) to develop a methodology for performing real-time VF detection using an embedded
microcontroller in a pervasive healthcare environment. In particular, we intend to explore the following
issues:
- Can conventional preprocessing methods be effectively implemented at the microcontroller level?
- Can conventional VF detection algorithms be implemented in a microcontroller?
- Which detection algorithm is most effective?
- How can we best determine system parameters, especially the window length?
- How much power can we save by using this approach?

Figure3.9: Pin connection of the integrated sensing device.
3.3.1 Experimental Design
We conduct two experiments to verify the feasibility and effectiveness of our proposed
development. In experiment 1, we deploy our virtual patients and evaluation system in a laptop computer
and evaluate the performance of our algorithms using an 8-second window length, so that our results can
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be directly compared with those reported in the open literature. This comparison helps to assess the
effectiveness of the proposed filtering process and ensures the coding accuracy. In experiment 2, we
conduct evaluations using the testing prototype. The same filtering process and algorithms are deployed
in the microcontroller unit with minor modifications to meet microcontroller memory requirements.
Signals are extracted every 5 seconds. Results are then compared with those obtained from experiment 1.
This comparison helps to assess the effectiveness of the filtering process and algorithms performed under
a microcontroller. It also helps to estimate and justify the potential power saving of our proposed
approach.
3.3.2 Hardware/Software Setting
VF detection algorithms need a preprocessing (filtering) step to improve their detecting
performance. We use TI’s MSP430-2500, which consists of MSP430f2274 microcontroller with 32KB +
256B of Flash Memory (ROM) and 1KB of RAM, and CC2500 radio chip using 2.4 GHz, to deploy our
integrated module.
The real-time evaluation system is coded with C# programming language running in a general
laptop using Windows 7 operating system. We classify ECG signals into three classes: VF, SR and no
VF-SR (Note: There are several periods in the annotation marked as “-“, which we labeled them as no
VF-SR here). Determining the proper threshold parameter is essential but difficult to do. We use a
statistical approach to aid the estimation. According to our test, most of the algorithms show relatively
high reparability between the decisions of SR and VF. The thresholds of each algorithm can be decided at
the boundary between the density distributions of SR and VF. Figure 3.10 shows the probability
histograms of the parameter NTime

delay

within the CU database. For example, in this case, the best

threshold value for TD is around 145. That is, NTime delay = 145. Using similar approach, we obtain the
threshold values for other algorithms as follows: NTCSC = 15, NTOMP = 10, and NVF filter = 0.5060.
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Figure3.10: Probability histogram for deciding the parameter of time delay algorithm (CU-DB).
3.3.3 Performance Measures
Thakor proposed four performance statistics commonly employed in automated ECG analysis.
The detecting ability of the algorithms can be compared to the annotations on the database [Thakor, 1984].
The comparing process produces four values: false positives (FP), false negatives (FN), true positives
(TP), and true negatives (TN). Using these values, various performance indexes can be derived. Four
quality parameters have been proposed and commonly used in testing the reliability of VF detection
studies:
- Sensitivity (Sn). Sn is the ability (probability) to detect VF events, which can be calculated as
follows:
Sn = TP / (TP+FN)

(3-14)

- Specificity (Sp). Sp is the probability to identify "no VF" correctly. It can be calculated as follows:
Sp = TN / (TN + FP)

(3-15)

- Positive Predictivity (Pp). Pp is the probability that the classified VF is truly VF. It can be
calculated as follows:
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Pp = TP / (TP+FP)

(3-16)

- Accuracy (Ac). Ac is the probability to obtain a correct decision. It can be calculated as follows:
Ac = (TP+TN) / (TP+FP+TN+FN)

(3-17)

- Calculation time (Ct) [Amann et al., 2005a; Amann et al., 2005b]. The computational time for
different algorithms to perform the analysis is recorded. As calculation time in percent rounded to 2
digits.

To represent a common and single quality parameter, the receiver operating characteristic (ROC)
curve is used by plotting the values of sensitivity and (1–specificity) together in the diagram. In pervasive
sensing monitoring, energy consumption is an important factor for the mobile device. To calculate the
average energy consumption for the VF detection algorithms, the integral of the power curve and time
execution is needed. We calculate the power value from measured voltage and load resister as follows:
T

ET   Vt  I t dt

(3-18)

0

Where, ET is the total energy consumption in Joule (J) which is a derived unit of energy. T is the
total executed time of the database. Vt and It are the voltage and current values at each time t, respectively.
For example, if the average power consumption (P = V×I) is 0.3mW (10mV×0.03A) with total executed
time 300-seconds, E300 is calculated as 90mJ (0.3mW× 300-s).
3.3.4 The Testing Database
To verify the proposed algorithms, it is very important that the correct annotations suggested by
cardiologists can be compared with the decisions between VF and no-VF events derived from the
algorithms. Two annotated databases, MIT-BIH and CU [Online], which have been widely used in VF
studies [Jekova and Kustera 2004; Amann et al. 2005a, 2005b; Ismail et al. 2008; Arafat et al. 2011;
Fokhenrood et al 2007], are used in this study. We review the key characteristics and revise some (mainly

- 37 -

sampling frequency and ADC resolution) to perform our evaluation. The key features are summarized in
Table I, where the values in boldface are those we have changed.

Table 3.1: Summary of features in tested databases
MIT-BIH Database

CU Database

Features
Original

Modified

Original

Modified

Sampling frequency

250Hz

62.5Hz

250Hz

62.5Hz

Channel

2

1

1

1

ADC Resolution

12bits

8bits

12bits

8bits

Number of patients

22

22

35

35

Record length

35 minute

35 minute

508 second

508 second

Gain (adu/Mv)

200

200

200

200

Table 3.2: Summary of performance for VF detection algorithms
(a) CU Database
Sn (%)

Sp (%)

Pp (%)

Ac (%)

Ct (Sec.)

Algorithm
Lit

This

Lit

This

Lit

This

Lit

This

Lit

This

TCI [Amann et al. 2005a]

71.00 69.64 70.50 62.39

38.90 38.31 70.60

64.21 2.1

22.40

VF [Amann et al. 2005a]

30.80 36.23 99.50 99.67

94.50 97.16

85.20

84.44 1.9

42.67

TOMP [Amann et al. 2005a]

71.30

73.5

48.40 54.85

26.70 34.63 53.20

59.43 0.8

78.23

TD [Amann et al. 2007]

70.20

69.6

89.30 88.26

65.00 65.48 85.10

83.73 1.7

81.79

TCSC [Arafat et al 2011]

79.74 63.24 88.14 81.29

65.02

76.92

24.18

51.9

86.32

-

(b) MIT-BIH Database
Sn (%)

Sp (%)

Pp (%)

Ac (%)

Ct (Sec.)

Algorithm
Lit

This

Lit

This

Lit

This

Lit

This

Lit

This

TCI [Amann et al. 2005a]

74.50 65.33 83.90 57.27

0.80

30.74 83.90

59.08

-

58.21

VF [Amann et al. 2005a]

29.40 16.17 100.0 97.15

82.40 61.43 99.90

79.40

-

110.88

TOMP [Amann et al. 2005a]

68.50 46.08 40.60 87.51

0.20

51.61 40.60

78.22

-

203.28

TD [Amann et al. 2007]

74.80 59.65 99.20 87.45

13.40 57.78 99.20

81.24

-

212.52

TCSC [Arafat et al 2011]

97.48 45.55 99.33 77.79

18.98 37.19 99.33

70.57

-

62.83
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3.4 results and analysis
3.4.1 Performance of the Proposed Filtering Methods
Tables 3.2 (a) and (b) summarize the average computational results from experiment 1 using the
CU and MIT-BIH databases, respectively. The boldface values indicate the best results. We have also
included the corresponding results from the open literature for comparison. As shown, most of the
corresponding values between literature and this study are relatively similar; however, please be aware
that since there are several factors (e.g., parameters, sampling frequency, etc.) that may impact the results
and most references do not provide specific information about those factors, it is impossible to simulate
and obtain the exact values. This experiment confirms that the performance of the proposed filtering
process is comparable to the popular filtering.m implementation. The results also help to validate the
accuracy of our coding process for the algorithms that we adopted.
Both the open literature and our results indicate that the VF filter algorithm outperforms other
four algorithms in terms of specificity, positive predictivity, accuracy, and calculation time. However, it
does not do well on the sensitivity measure. The reason for this is that most data sets, especially the MITBIH data sets, have much more SR signals than VF events. In terms of sensitivity, our study shows that
either TOMP (CU database) or TCI (MIT-BIH database) performs better than other algorithms; while,
literature results show that TCSC outperforms other algorithms. However, the TD algorithm performs
better in terms of both the sensitivity and specificity measures. In terms of calculation time, TOMP has
the minimum computational time according to the open literature. However, the VF filter is the fastest
algorithm based on our assessment. This difference can be attributed to the filtering process for which we
accounted, as other studies did not included filtering time in the overall calculation times.

3.4.2 Feasibility and Effectiveness
Tables 3.3 (a) and (b) summarize the average computational results from experiment 2. The
boldface values indicate the best results. As shown, most of the values are slightly lower, but not
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significantly lower, than the corresponding values of 8-s. The results support the conclusion that both the
revised filtering process and the VF detection algorithms can be efficiently deployed in a microcontroller
with good performance. The slightly degrade in performance can be attributed to the shorter window
length used.
The results also indicate that the VF filter algorithm is the overall best method in term of
specificity, positive predictivity, accuracy, and calculation time. For the same reason described above, the
TD algorithm also performs better in terms of both the sensitivity and specificity measures, especially in
regards to the MIT-BIH data set.

Table 3.3: Summary of performance for different VF detection algorithms running in a microcontroller
(a)

CU Database (508 seconds / each patient data)

Algorithm

Sn (%)

Sp (%)

Pp (%)

Ac (%)

Ct (%)

E508-S. (mJ)

TCI

71.63

61.75

48.58

63.65

0.13

109.77

VF

38.01

99.70

80.11

84.61

0.24

111.99

TOMP

77.60

55.62

45.85

59.63

0.44

115.88

TD

70.88

88.12

72.75

84.01

0.46

116.27

TCSC

62.87

80.87

64.33

77.50

0.14

109.97

(b)

MIT-BIH Database (35 minutes / each patient data)

Algorithm

Sn (%)

Sp (%)

Pp (%)

Ac (%)

Ct (%)

E35-M (mJ)

TCI

62.09

58.83

29.70

59.55

0.13

284.97

VF

16.22

96.96

59.33

79.64

0.24

290.72

TOMP

56.25

67.05

32.29

64.69

0.44

300.82

TD

56.63

88.58

58.02

81.61

0.46

301.83

TCSC

50.67

73.19

34.57

68.27

0.14

285.47
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3.4.3 Efficiency and Power Saving
To assess computational efficiency and energy consumption, we compute the relative value (in %)
as relative to the lowest value:
Relative Value = Its Value / Lowest Value

(3-19)

The lower value means more computational efficiency or a lower energy consumption rate. We
plot the computational time results in Figure 3.11. As can be seen, the calculation time of different
algorithm varies significantly; with the TCI filter method being the most efficient method for both

0.5

Computational Time (%)

Computational Time (%)

databases, followed by TCSC. TOMP and TD often took a longer time to obtain results.

0.4
0.3
0.2
0.1
0
TCI

VF

TOMP

TD

TCSC

0.5
0.4
0.3
0.2
0.1
0
TCI

(a) CU Database

VF

TOMP

TD

TCSC

(b) MIT-BIH Database

Figure 3.11: Relative calculation time
Figure 3.12 shows the energy consumption plots for different VF detection algorithms running in
a microcontroller. As shown, TCI consumes less battery power than other methods in both databases,
followed by TCSC and VF. For both databases, the TD algorithm does consume the most energy as
shown in the figures. This is because TD algorithm uses 1600 boxes that need to store information in the
memory with loop functions for detecting a VF event
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Figure 3.12: Relative energy consumption
Figure 3.13 shows the receiver operating characteristic (ROC) curve. In general, the closer the
ROC curves to the left-upper point, the better the performance. As shown, the TD algorithm shows the
best performance, followed by the TOMP and TCSC algorithms. Both VF filter and TCI show some
degree of low sensitivity, which indicates that they have difficulty detecting QRS signals. Although, TD
has the best performance overall, there is potential for further improvement.

Figure 3.13: ROC curves for five VF detection algorithms
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3.5 Conclusion
This study proposes a new real time VF detection methodology with integration of filtering
processes and VF detection algorithms in an embedded microcontroller. The results show that processing
the real time VF detection in an embedded microcontroller is about six times more efficient than the
continuous transmission of ECG signals via wireless communications. Among the selected VF detection
algorithms, overall, the TD and TCSC have a relatively high performance considering all the quality
parameters. The proposed integrated hardware and software module (ECG device plus microcontroller)
can be implemented as an efficient and practical detection system to correctly detect VF abnormality,
especially on a real time basis.
To the best of our knowledge, this is one of the first studies that attempts to detect VF attacks
in a microcontroller. The main advantages are to save battery power consumption and shorten response
time when an emergency occurs. We suggest a revision in the filtering process and some detection
algorithms and use a 5-s window segment to ensure that we meet memory requirements. For future
studies, first, the impact of different filtering processes needs to be explored in order to select the best
filtering method. Secondly, how to reduce window length in a microcontroller needs to be explored.
Thirdly, in order to achieve more efficient energy consumption, the hardware implementation of the
filtering processes on-chip may need to be considered. Finally, to avoid the misdetection of heart activity,
processing with multi-sensors such as accelerometers, temperature, and humidity sensors need to be
examined.
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Chapter 4
Factors Impact the Performance of Real-time VF Detection

4.1 Introduction
According to World Health Organization (WHO), cardiovascular diseases (CVDs) are the number
one cause of death worldwide; more people die annually from CVDs than from any other cause [WHO,
2013]. Ventricular fibrillation (VF) is one of the most critical life-threatening cardiac arrhythmia diseases.
Once a patient has a VF heart attack, accurate detection and quick first-aids are essential for improving
the chance of survival. Weaver et al. [1986] pointed out that the survival rate of a patient, who has VF
attack outside the hospital, varies from 7% to 70%, depending on how quickly the patient receives the
first-aid. Thus, having a quick and reliable detection is an important consideration.
Previous studies on VF detection have been primarily focused on evaluating the relative
performance of the algorithms using pre-filtered data set, fixed threshold value, and one window size
(often is 8 seconds). See Table 4.1 for detailed review. The performance of these algorithms, however, is
highly dependent on several key factors such as data capture, communications, preprocessing (filtering
and scaling), extraction (window size, features), detection algorithms and the parameters used by the
algorithms; no comprehensive research has been conducted to examine the relative impact of these factors
and their potential interactions, and properly determine the window size and threshold values. Moreover,
most previous studies have been conducted offline under a well-controlled environment using pre-filtered
data sets; while the practical applications require all these tests being performed online.
Handheld or wearable monitoring devices have been widely developed for monitoring personal
health conditions for quite sometimes. Among which electrocardiogram (ECG) devices have been
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considered as a major health solution for the next-generation healthcare, wellness, and lifestyle [Healey et
al. 2000; Leijdekkers and Gay 2008] due to the popularity and criticality of heart disease. In general,
existing devices can be used to capture and display patients’ heart signal and basic information (e.g., heart
beat) instantly in mobile phone or device’s screen; they normally don’t have sufficient domain
intelligence built in for timely detection. The data often was sent out via mobile phone or offline to
central computer for processing and perform detection by intelligent systems or domain experts. In this
way, on one hand, there is a major time lag in receiving feedback and alert; on the other hands, it
consumes much battery power to send the complete captured data out for analysis. Also, the detection
performance is dependent on the information processing and detection algorithm used, as well as
impacted by other factors.
There have been many studies focused on evaluating the effectiveness of VF detection algorithms.
Table 4.1 summarizes selected related work with highlight on relevant factors. Clayton et al. [1993, 1994]
proposed a neural network approach for VF detection and compared its performance with four other
conventional algorithms. They conclude that accurate and reliable VF detection has not yet been achieved
using existing threshold value. Amann et al. [2005a] proposed a new algorithm, called Signal Comparison
Algorithm (SCA), and compared its performance with five well known VF and two QRS detection
algorithms using three annotated databases without pre-selection of certain ECG episodes for tests. They
concluded that SCA performed best, followed by Spectral (SPEC) algorithm and VF Filter (VFF). All
other algorithms yielded with mixed results. Moreover, they found that the two QRS detection algorithms
are not suitable for VF detection even if the thresholds are carefully selected.
In a follow-up study, Amann et al. developed a new VF detection algorithm, called Hilbert
transform (HILB) [2005b] and Time Delay (TD) [2007], based on phase space reconstruction and then
evaluated them against four extant algorithms using the same three popular data sets. They showed that
HILB and TD performed quite well as compared with previous algorithms. The accuracy of TD is 1.1%
better than HILB. Also, SPEC and VFF performed better than Complexity (CPLX) measure algorithm
and TCI. Ismail et al. [2008] compared five VF detection algorithms and then three sets of combining pair
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of VF detection algorithms. They concluded the accuracy of combined VF algorithms with fine-tuning of
critical thresholds can improve the output.
Recently, Arafat et al. [2009] developed a time domain algorithm, called TCSC, adapted from
TCI and compared its performance with seven other VF detection algorithms using BIH-MIT and CU
data sets. They showed that TCSC performs among the best, followed by TD and Hilbert (HILB). The
results confirm that TD performed better than SPEC. Also, TCSC performed much better than TCI with
positive threshold. Abu et al. [2011] proposed a sequential detection algorithm, called empirical mode
decomposition (EMD) and compared its performance with five other VF detection algorithms using BIHMIT and CU data sets. They showed that EMD performs among the best, followed by TCSC, TD, Hilbert
(HILB), SPEC, and TCI.
From these comparative studies, we can see that (1) there is conflict report regarding the
performance between TD and TCSC algorithms; (2) all these evaluations are conducted offline and under
a stable environment such as using pre-filtered data sets, fixed and fine turned threshold value, and fixed
window size (often is 8 seconds); (3) commonly used annotated databases include Boston's BethIsrael
Hospital and MIT arrhythmia database (BIH-MIT), the Creighton University ventricular tachyarrhythmia
database (CU), and the American Heart Association data-base (AHA); (4) most studies except Amann
[2005, 2007] did not evaluate the computational efficiency of algorithms and (5) no study has addressed
the data scaling issue. Clearly, the performance of algorithms is highly dependent on several factors such
as data filtering, window size, and threshold value. These factors need to be carefully selected or managed
in order to get good performance. Also, determining the best threshold value and window size is critical
for obtaining good performance results but they need extensive trial and errors. This research intends to
bridge these gaps.
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Table 4.1: Summary of the evaluation characteristics in the previous research
Reference

Filtering
Method

Window
Size

Clayton et al
1993

-

4 sec.

Clayton et al
1994

-

Data Set

Quality
Measures

TCI, ACF, VFF, SPEC, 105 (TCI), A1 > 0.19 A2 > 0.45 A3 >
Neural network*
0.09 (SPEC), 0.625 (VFF)

Freeman Hospital CCU(15
VF and 10 VF like
recordings)

Se, Sp

-

TCI, ACF, VFF, SPEC,
Neural network*

Two trained neural networks

Freeman Hospital CCU(15
VF and 10 VF like
recordings)

Se, Sp

10 sec.

Count*

Count1 ≥ 250 and Count2 > 950;
Count2 ≥ 1100

AHA (A8001-A8010), MITBIH

Se, Sp

filtering.m

3 sec. (TCI)
4 sec. (VF)
8 sec. (all)

ACF, CPLX, LI,
MEA, SCA*, SPEC,
STE, TCI, TOMP,
VFF, WVL

BIH-MIT, CU, AHA
(7001-8210)

Se, Sp, PP, Ac,
ROC, ct

filtering.m

8 sec.

filtering.m

8 sec.

BIH-MIT, CU, AHA
(7001-8210)
BIH-MIT, CU, AHA
(7001-8210)

Se, Sp, PP, Ac,
ROC, ct
Se, Sp, PP, Ac,
ROC, ct

Ismail et al.
2008

filtering.m

8 sec.

CPLX, MEA, TCI,
TD, VFF,
Combining 2
algorithms*

400 (TCI), 0.406 - 0.625 (VF),
0.125 (CPLX), 225 (MEA), 0.15
(TD(PSR)), 2 - 32 (TOMP),

CU, File I (2276), File II
(1501)

Se, Sp, ROC

Arafat 2009

filtering.m

8 sec.

CPLX, HILB, MEA,
STE, TCI, TCSC*,
TD (PSR)

400 (TCI), 250 (STE), 230
(MEA), 0.426 (CPLX), A2,0 = 0.45
(SPEC), 0.15 (HILB) (TD(PSR))

BIH-MIT, CU

Se, Sp, PP, Ac,
ROC

8 sec.
10 sec.

HILB, PSR, SPEC,
TCI, Count,
MAV&EMD*

Count < 250 for 10 sec. (Le)
Count <200 for 8 sec. (Le)

BIH-MIT, CU, VFDB

Se, Sp, PP, Ac

1sec.

SVM BR*

-

AHA(8200), BIH-MIT,

Se, Sp

Jekova 2000

Amann et al.
2005a

Amann et al.
2005b
Amann et al.
2007

HPF (1Hz)
LPF (30Hz)
Notch Filter

filtering.m;
mean value

Abu 2011

AlonsoAtienza et al.
2012

subtraction
HPF(1Hz)
LPF(20Hz)

Detection
Algorithms

Threshold Value

400 (TCI), 6.61 (ACF), 0.406 0.625 (VFF), 0.173 - 0.426
(CPLX), 250 - 180 (STE,
MEA),tj,0 A2,0 (WVL), 2 - 32
(TOMP),

CPLX, SPEC, TCI,
HILB*, VFF
CPLX, SPEC, TCI,
TD (PSR)*, VFF

-

mean value

subtraction
LPF(40Hz)

In this study, we propose an integrated testing environment to evaluate the effect of two key
factors, filtering method and data segmentation window size, and examine their interactions on five lightweighted VF detection algorithms, namely, Threshold Crossing Interval (TCI), Threshold Crossing
Sample Count (TCSC), Time delay (TD), VF filter (VFF), Tompkins (TOMP). We use the environment
to generate real-time ECG signal using the complete data set from the Creighton University (CU)
database and feed them into the proposed virtual patients. Performance results are measured in terms of
popular quality parameters, computational time, and ROC. Statistical methods such as analysis of
variance (ANOVA) and paired-t tested were applied to assess their significance in computational time.
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4.2 Factor Impact performance
Although the VF detection process looks simple and straightforward, various external factors can
affect its overall performance: preprocessing/filtering method, data scaling, window segmentation length,
detection algorithms, and system parameter such as threshold value.

4.2.1 Preprocessing/Filtering Methods
In the real world environment of mobile health monitoring, ECG signal can be captured from
electrodes connected to the front-end amplifiers and filters. Several places (e.g., the location of electrodes)
can generate errors and unexpected noises during capture stage. Various types of errors encountered may
include low or high frequency noises and baseline wave. Thus, selecting and using a proper filtering
method is important for accurate detection.
Most of the VF detection algorithms in the earlier researches use the well-known filtering process,
called filtering.m. The process consists four successive steps: (1) mean value subtraction, (2) moving
average filter of order 5, (3) drift suppression using high pass filter (1Hz cut-off frequency), and (4) drift
suppression using low pass Butterworth filter (30Hz cut-off frequency). A moving average filter and low
pass filter can be used to remove the high frequency noise, such as interspersions and electromyogram
(EMG) [Arafat et al. 2009]. The high pass filter, on the other hand, can help to remove the baseline
wander.
Although the above filtering steps can help to reduce the effects and improve the quality of ECG
signal, they consume relatively high computing resources. We suggest using a real time filtering method
that contains high-pass (1Hz), low-pass (30Hz), and Kalman filtering, as an alternative. Thus, in this study,
we will examine the potential effect of using these two methods against the results of without using any
filtering method.
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4.2.2 Scaling Mechanism
Although the filtering method can help to remove outlier and noise, the amplitude of ECG signal
still varies depending on the cases of sinus or VF signals. In real-time detection, if the minimum and
maximum peak values are changing in segment blocks, VF detection algorithms will misinterpret the
ECG signal and lead to selecting a wrong threshold value for the algorithms. Moreover, if the period of
the segmentation for scale is too short, it is possible to lose the detection of QRS complexes. On the other
hand, if the period is too long, the short portion of the sequential VF event with small peaks can be
detected as a sinus rhythm. Thus, a scaling mechanism needs to be applied.
Let St be the temporal value of raw ECG data, Vt is the scaled value, Lmax is the max-limitation of
all the ECG signal, Lmin is the min-limitation of all the ECG signal, Tmax is the max-peak value of the ECG
signal in the window segment, and Tmin is min-peak value of the ECG signal in the window segment. Vmul,
the multiplier variable and Vadd, the addition variable, can be computed using (8-10) in chapter 3.
4.2.3 Window Size
Dividing sequential data into window segments (in seconds) is a common practice of extracting
sensor signal for VF detection. In general, VF detection algorithm uses eight seconds as the length for
window segmentation [Amann et al. 2005a; Amann et al. 2005b; Arafat et al. 2009]. Although it is
apparent that a longer window time gives more adequate amount of signal samples to better detect VF
patterns, the limited resource power of the microcontroller in a mobile device constrains a longer window
size for the possible algorithms to be used. Figure 4.1 shows the potential impacts of window sizes 4
seconds and 8 seconds on the TD algorithm. As can be seen that bigger window size (Figure 4.1 (b) and
(d)) have more visited boxes than smaller window size (Figure 4.1 (a) and (c)). Since TD algorithm
detects VF patterns based on the number of visited boxes, the bigger number difference between SR and
VF, the better overall performance.
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Figure 4.1: Impact of different window size on TD algorithm
4.2.4 Detection Methods
Many algorithms have been proposed and evaluated in open literature for VF detections. The
algorithms can be examined from two different views: domain view (Time or frequency, which domain
the algorithm use) and target view (QRS or VF, which one is the target for detection). Questions such as
whether existing algorithms would work with microcontroller or mobile devices without modification
(due to limited resources available) and how to select a proper method that is accurate and efficient for
VF detection in a real time environment remains unsolved.
In this study, we select five algorithms, TCI, TCSC, TD, VFF, and TOMP for comparative
analysis for three main reasons: (1) these algorithms performed well as compared with other methods in
previous studies, (2) they cover the whole views of VF detection, and (3) they are simpler and yet
effective to be implemented in microcontrollers or mobile devices. Table II shows the categorization of
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these algorithms. As shown, VFF is the only one covers frequency domain and TD and VFF did not target
on QRS detection.
Table 4.2: Category of Detection Algorithms
Domain View

Target View

Algorithm
Time-Domain

Frequency-Domain

QRS Detection

VF Detection

TCI

X

X

X

TCSC

X

X

X

TD

X

VFF
TOMP

X
X

X

X
X

X

i. Threshold Crossing Interval (TCI) Algorithm [Thakor et al., 1990]
TCI is a time domain based algorithm which checks the number of crossing points (C) that the
ECG signal above or below a given threshold (T) within a specified time intervals (I). Figure 4 shows the
parameters of the TCI algorithm and how their values are determined. Where S is the interval of time
segment considered, N is the number of impulses in segment S and t1 ~ t4 are intervals between crossing
points and each end point of the S. In TCI, one second segment of S is adopted. The threshold value is
normally set at 20% between the baseline (tracking line for ECG trend except QRS complexes) and the
maximum peak-value for every segment. It then applies three consecutive segments as I to calculate the
TCI value following

TCI 

1000
t
t
( N  1)  2  3
t1  t 2 t 3  t 4
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(4-1)

(a) SR Events

(b) VF Events
Figure 4.2: How TCI algorithm gets the parameters from the ECG signal.

Figure 4.2(a) depicts a normal QRS case, where N is relatively small and t1~t4 are relatively
bigger, thus, the TCI value is bigger than the VF event cases (as shown in figure 4.2(b)), in which N is
increased and t1~t4 are decreased so that the TCI value become small. In order to detect VF event,
another threshold value (TCI0 = 400ms) need to be decided. If the TCI0 is greater than the TCI value, VF
is declared.
The main advantages of TCI algorithm are: (1) the algorithm can be used to detect both QRS
complexes and VF events with acceptable performance (based on results from earlier studies); (2) because
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no complicated mathematic computations are required to implement the algorithm, it can be easily
implemented at a single microprocessor without concerning the resource constrain and (3) it is quite
energy efficiency due for its simplicity. The main drawback of the algorithm lies in the use of 1 second
segment for analysis, because if the patient’s heart rate is lower than 60 bpm, the N value may be shown
as zero so the algorithm may trigger a wrong alarm. Also, because the threshold line is fixed at 1 second
segment any sudden baseline noise may affect N (the number of crossing threshold), hence it is less
flexibility and weak in adaptability. Moreover, the accuracy of the algorithm highly depends on the two
threshold values used. If the threshold values are set close to the baseline, P, or T wave of the ECG signal,
a lot of crossing values will be generated as a normal operation; In particularly, when TCI algorithm uses
the ECG signal of lead V (which only has negative QRS complex), the N value may increase a lot. Thus,
it is essential to use a good filtering processing to remove high frequency and baseline wander noises to
get good performance. In addition, baseline tracking is also important to set the reasonable threshold
values.

ii. Threshold Crossing Sample Count (TCSC) Algorithm [Arafat et al., 2009]
In addition to the aforementioned weaknesses, TCI may also encounter a problem as it only uses
a positive threshold. For example, as in Figure 4.2(a), if there only appear negative QRS complexes, the
positive threshold is not able to detect the QRS. Moreover, if the VF wave crosses both positive and
negative thresholds the number of crossing threshold impulses may become much bigger than TCI.
TCSC is proposed to improve the weaknesses of the TCI algorithm in three aspects:
(1) TCSC uses a 3 second (instead of 1 second) time segment to check the number of
crossing line so that the misdetection problem for patient with heart rate below 60 bpm can be
prevented.
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(2) TCSC uses both positive and negative thresholds to count the number of crossing signals
so that the number of samples that cross thresholds can be correctly computed, and prevent possible
misdetection.
(3) ECG signal above the thresholds are counted instead of counting the pulses (cross up and
down the threshold). For example, in Figure 4.2(a), the number of pulse is counted as 2; however, if
we count the sample signals above the threshold, it is 4.

Where, the percent of data samples, N, is obtained as:

N=

Number_ of _ samples _ that _ cross _V0
´100
Total _ number _ of _ samples

(4-2)

Where, V0 is a threshold. Since the VF signal is similar to a sine wave form that moves up-anddown from the center baseline, the two thresholds cause N value increase about twice bigger than one
threshold of TCI. Thus, it improves VF detection accuracy and stability than TCI. In addition, this
algorithm removes the 1 second analysis window problem and the limited flexibility for various ECG
patterns. However, the performance of the algorithm also depends highly on the threshold value used so
that filtering process is an essential factor for obtaining high performance. Nevertheless, the original
TCSC proposal does have two weaknesses, which prevent it from implementing at microcontroller level
for real-time operations:
1) It did not specifically describe the amplitude of positive and negative threshold lines.
2) Each segment is multiplied by a cosine window w(t) to minimize the effect from end-toend of each segment. The process is more energy consumption.

In this paper, we further improve the TCSC algorithm in two areas for real-time operations:
1) We set the positive threshold at 20% between the baseline and the maximum peak-value
and the negative threshold uses the same amplitude with positive threshold from the baseline.
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2) We eliminate the multiplication of the cosine window, because it needs high
computational power.
iii. Time Delay (TD) Algorithm [Amann et al., 2007]
Time delay algorithm uses a 40×40 squares grid of two-dimensional phase space diagram to
analyze ECG signals for identifying a dynamic low or random behavior. By plotting the signal data X(t) at
x-axis against a τ time delay data X(t + τ) at y-axis (where τ = 0.5 second), we can see the plot showing
the number of visited boxes. Figure 4.3 depicts the patterns of time delay plotting. The patterns of the
filled boxes differentiates VF signal from the SR signal. Since the regular (normal) ECG signal mainly
consists of baseline and QRS complex, these two features will show as two lines in the phase space plot
(see Figure 4.3(a)). In a VF signal case, however, the visited boxes are shown as uniformly distributed
boxes over the phase space plot (see Figure 4.3(b)). In general, TD algorithm has a high performance in
detecting VF pattern. However, when VF event occurs with various peak-to-peaks, the difference of the
peak-to-peak values in a window block can generate errors. Moreover, it needs to check 1600 boxes at
every window segment; thus, it is more computational time intensive.
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Figure 4.3: Phase space reconstruction plot of TD algorithm
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iv. VF Filter (VFF) Algorithm [Kuo and Dillman, 1978]
VFF algorithm is a frequency-domain analysis of the ECG signal using the narrow band
elimination filter, which rejects specific range of frequency. The mean period of a fixed length of data is
computed from the discrete Fast Fourier Transform (FFT). Once the VF event occurs, the data segment is
shifted by half a period. If the data is similar with a periodic signal like VF, this algorithm cancels it so
that the output value of VF-filter leakage becomes small. In order to obtain the average period of a fixed
length of data, equation (4-3) is applied to the ECG data.
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(4-3)

Where Vi is the signal samples and m is the number of data points in one average period. Based
on the average period of the fixed length data, N, the VF-filter leakage, i, is calculated as
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(4-4)

The signal amplitude of QRS complexes affects the threshold of the VFF algorithm. If the signal
is higher than the peak of QRS complex from the previous window segment, the threshold is set as 0.406.
Otherwise the threshold is set as 0.625. One major weakness of the algorithm is that it can only focus on
VF rhythm that is similar to sine or cosine wave. Since this algorithm does not include any QRS or sinus
rhythm detection method, the algorithm needs a help from another detection algorithm to identify whether
there is sinus rhythm or not. Although VFF algorithm requires low computational power, overall the
detection performance is lower than other VF methods for the above reason.
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v. TOMP Algorithm [Pan and Tompkins, 1985]
TOMP applies squaring function and moving-window integration in a window segment to detect
QRS complexes. In specific, the sliding integration window sums the absolute values of the difference
between current data at i and the previous data at i-1 in a width of 150ms. Thus, the short period of
moving window captures the high peak QRS complexes and a sudden changed in ECG data. Using this
method, even positive or negative QRS complexes are easily detected by this sliding integration window.
Figure 4.4 depicts how TOMP uses the sliding integration window to detect QRS complexes. The TOMP
algorithm sets two thresholds about the number of QRS complexes, such as l0 = 2 and l1 =32. If the
number of QRS smaller than l0 or higher than l1, it is diagnosed as VF.

Figure 4.4: Function of sliding integration window on TOMP Algorithm

This algorithm is robust at baseline noise and spends very low computational power comparing
with other algorithms. In the TOMP algorithm, the actual detection does not focus on QRS complexes but
on VF waveform. Thus, it is very important to set the offset value for deciding VF wave. Unfortunately,
the threshold value for the sliding window varies from data to data. Thus, it is difficult to set the
appropriate threshold value for VF detection.
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4.2.5. Performance Evaluation
Traditionally, relative performance of the detection is measured by accuracy rate (Ac). However,
due to the class imbalance problem of VF data sets, in which the normal QRS signal is much more than
the VF signal, we need to use three additional metrics for proper evaluation: sensitivity (Sn), specificity
(Sp), and positive predictivity (Pp) [Galar et al. 2011]. These metrics were obtained by comparing the VF
and No-VF decisions identified by the algorithm with the annotated results suggested by cardiologists.
Four intermediate values, false positives (FP), false negatives (FN), true positives (TP), and true negatives
(TN) were obtained from this process. We then compute the metrics as:

Sensitivitity (Sn) 

Specificit y 

detected cases of VF
TP

TP FN
all cases of VF

detected cases of no VF
TN
 TN  FP
all cases of no VF

Positive Predict ivity (Pp) 

Accuracy (Ac) 

detected cases of VF
TP

all cases classfied by the algorithm as VF TP FP

all true decisions
TPTN

TP FP TN  FN
all decisions

(4-5)

(4-6)

(4-7)

(4-8)

Sn presents the fraction of VF signal being correctly detection, which can be used to measure the
capability of detecting VF. Sp is the fraction of No-VF signal being correctly detected, which can be used
to assess the capability of detecting Sinus Rhythm (SR). Pp measures the fraction of detecting VF signal
based on the classified VF cases by the algorithm. Therefore, even if the sensitivity is near 100%, but if
the Pp is below 30% it indicates that the VF detection algorithm classifies VF cases which are actually SR
signal. Ac is the probability to capture all correct decisions. It seems that Ac represents the effectiveness
of VF detection. However, since VF database often consists majority of SR (about 80%) and less of VF
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(about 20%), if algorithm classifies every ECG signal as SR, the Ac becomes simply 80% of Ac with 0%
of Sn. Therefore, we should refer to all four metrics to evaluate the relative performance of the VF
algorithms, which could be a major challenge for real world cases because there is a trade-off between
different measures for different threshold values used.
One way of aggregating these measures is to use the receiver operating characteristic (ROC)
curve, which is obtained by plotting the sensitivity value against (1–specificity) value at various threshold
settings. Each point on the ROC curve represents a sensitivity/(1-specificity) pair corresponding to a
particular decision threshold. Figure 4.5 shows the ROC curves of two detection results (R1 and R2)
versus the random guessing result (R3). In a graphic mode, the closer the ROC curve is to the upper left
corner, the higher the overall accuracy of the detection; Therefore, R3 curve has the worst results and the
results of R1 curve is better than the results of R2 curve.
Accuracy of the detection can also be quantitatively measured by the area under the ROC curve,
denoted as AUC. AUC can be calculated as a sum of the areas of small trapeziums, in terms of
the difference between the x-values multiplied by half the sum of the y-values. A value of 1
represents a perfect detection; while, a value of 0.5 represents a worthless detection, such as R3.
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Figure 4.5: ROC curves of two classification models.

4.2.6. Threshold Value
As shown in Table III, changing threshold value will have a trade-off impact on sensitivity and
specificity measures. Thus, determining the best threshold value for a detection algorithm is a challenging
task, which often involves tedious trials and errors. We propose to use the receiver operating
characteristics (ROC) curve to obtain the optimal threshold value. Referring to Figure 4.5, we determine
the optimal threshold value based on the closest Euclidian distance between the left-top point (0, 1) and
the closest point at the ROC curve. The distance value Dth can be calculated as:

Dth  ( xi  u )2  ( yi  u )  1

2

(4-9)

Where i is the index of class variables and u is the unit value of index. If the ROC curve is closer
to the point (0, 1), it indicates the overall performance of the threshold value is better than the other
threshold value. Using equation (4-9), we can calculate the distance between the points of ROC curves
and the point of left-top (0, 1) and identify the point with short distance. Since VF databases have the
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known class imbalance problem, we add two more pairs of threshold values for validation. The two
additional threshold values enable us to provide significance of SR or VF. In algorithm 4.1, we describe
the process of computing the optimal thresholds based on the classified input data, which is (X, A)[VF, index].
X is the calculated results from VF detection methods, and A is the annotation from physiologists.

Algorithm 4.1:

Optimal Thresholds Computation

Input: Classified data set of each VF detection algorithm with annotation: (X, A) [VF, index].
Output: Three optimal threshold values: OpThreshold1, OpThreshold2, and OpThreshold3.
index = 0, indexofSum = 0, UnitValue = Base Value for each VF algorithm, Denominator, Distance, PreDistance =
1;
Scan all classified data set to define maximum and minimum variables: (Max and Min)
Define array variable: SR [Max+1]
repeat
if (A = = “SR”)
then
Denominator = X [VF,index] / UnitValue;
SR [UnitValue * Denominator] ++;
else if (A = = “VF”)
Denominato = X[VF,index] / UnitValue;
VF [unit * denominator]++;
end
until index < Total number of the classified data set;
repeat
index = 0;
repeat
SumofSR [indexofSum] += SR [index];
SumofVF [indexofSum] += VF [index];
index ++;
until index <= indexofSum;
indexofSum ++;
until indexofSum <= Max;
repeat
ROCofSR [indexofSum] = SumofSR [indexofSum] / SumofSR [Max];
ROCofVF [indexofSum] = SumofVF [indexofSum] / SumofVF [Max];
Distance = ((1 − ROCofVF [indexofSum]) 2 + (ROCofSR [indexofSum]) 2) 1/2;
if (PreDistance > Distance)
then
OpThreshold2 = indexofSum * UnitValue;
end
PreDistance = Distance;
indexofSum ++;
until indexofSum <= Max;
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Table 4.3: Threshold decisions about raw data with 4-s window length and filteing.m with 8-s window
length using TD algorithm
Raw Data 4-s (%)

Filtering.m 8-s (%)

120

130

140

180

190

200

Sn.

86.40

80.13

70.92

88.20

86.07

83.33

Sp.

78.38

86.19

92.75

71.02

75.84

80.63

Pp.

56.00

64.89

75.46

49.77

53.56

58.14

Ac.

80.31

84.73

87.53

75.24

78.34

81.29

4.3. Experimental Framework
Among the factors that we have discussed, we select three key factors for experiments: filtering
methods (F), windows length (W) of data extraction, and detection algorithm (D). We controlled four
other factors, data capture, transformation, scaling, and threshold value, for the experiment. The data
capture, transformation and scaling method are all essential for real time monitoring and the threshold
value needs to be properly determined in order to obtaining a successful VF detection.

4.3.1 Testing Data Sets
To evaluate the potential and relative impacts of these factors, we conduct a thorough evaluation
using the Creighton University (CU) ventricular tachyarrhythmia database. The CU database has been
widely used for evaluating almost all VF detection algorithms [Jekova and Krasteva 2004; Amann et al.
2007; Amann et al. 2005a; Amann et al. 2005b; Ismail et al. 2008; Abu et al. 2010; Arafat et al 2009].
The data contains 35 patients who have VF attack. The attack was recorded with normal ECG signal.
These data sets have been carefully annotated by experienced cardiologists for comparative analysis.
Comparing with other databases such as VF and MIT databases, the CU database provides clear
annotation of VF and almost every normal beat is also annotated in each QRS complex. Therefore, we
only use CU database for testing.
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4.3.2. Experimental Design
We develop a comprehensive 3x2x5 factorial experiment to examine the impact and relative
performance of (1) without (F1) and with filtering.m (F2) or real-time filtering (F3) methods, (2) window
sizes: 4-second (W1) and 8-second (W2), and (3) detection algorithms: TCI (D1), TCSC (D2), TD (D3),
VF (D4), and TOMP (D5). Hence, an experimental design with 30 cells (3×2x5) was used to represent the
combinations of all the factors. For each cell, 35 data sets were used. In total, we have 1050 data points
for the experiment (30 cells with 35 data points in each cell).

4.3.3 Hypotheses
The following null hypotheses were formulated for our experiment:
H1: The mean value of (a) Sn, (b) Sp, (c) Pp, (d) Ac and (e) Ct is the same for the five detection
methods.
H2: The mean value of (a) Sn, (b) Sp, (c) Pp, (d) Ac and (e) Ct is the same for the two window sizes.
H3: The mean value of (a) Sn, (b) Sp, (c) Pp, (d) Ac and (e) Ct is the same for the three filtering
situations.

4.3.4 System Implementation and Validation
We develop an integrated simulated environment to emulate the real time monitoring and
detection using the CU database as inputs to the virtual patient and general real-time data for analysis.
Figure 8 depicts the framework of the research environment. The framework consists of three major
modules: (1) Data bank, which hosts the VF database and annotated results; (2) Evaluation simulator,
which includes the virtual patients that transform the VF data set into ECG signals and performs
evaluation comparing the detection results from the detection system with the annotated results from
databank; and (3) real-time detection system which emulates the real time monitoring and VF detection.
We have also developed a physical prototype of an integrated hardware and software embedded system
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based on this framework for real time monitoring and detection. The simulator and the actual system has
been extensively tested and validated for their similarity in functionality, accuracy and usability.
All algorithms are programmed in Visual C# 2008 and running in a Windows 7 operating system
with 1.6 GHZ speed of CPU. We calculate all points of the ROC curves and choose the best thresholds
for benchmark according to the process outlined in Figure 4.6. We generate all the thresholds for each
possible combination (see Table 4.4). The General Linear Model of ANOVA running in MINITAB was
used to analyze the significance of factor effects and their interactions. ROC curves were used to evaluate
the relative performance of the detection algorithms and factors. The paired-t test was used to compare
the relative computational efficiency of the methods and their significance.

Figure 4.6: Real-Time VF Detection Simulated Environment

- 64 -

Table 4.4: Threshold values for experiment
Detection
Algorithm
TCI
TCSC
TD
VF
TOMP

Window
Size

Filtering Method

4s

No
Filtering
385

285

Real
Time
290

8s

185

190

145

4s

7

9

8

8s

15

15

17

4s

132

123

132

8s

218

200

214

4s

0.88

0.71

0.615

8s

0.86

0.72

0.61

4s

12

12

12

8s

20

21

20

Filtering.m

For validation purpose, the evaluation was conducted in the configuration set as close to the
literature studies as possible. Table 4.5 summarizes the average performance results (with 8 seconds
window size) from open literature and this study using CU databases. As shown, the performance trend of
different methods is the same. For instance, TD and TCSC have higher detection rate for all four metrics
and VF did not perform well in terms of sensitivity. Although the values from open literature and this
study are slightly different, either lower or higher, they are relatively closer. The differences are mainly
due to the use of different threshold values and data scaling. These results confirmed that the simulator
and prototype environment we have developed for factor testing is reliable, which also help to validate the
accuracy of our coding process for the algorithms that we adopted.
Table 4.5: Summary of performance for VF detection algorithms (8-s)
Sensitivity
(%)

Specificity
(%)

Pos. Pred.
(%)

Accuracy
(%)

Lit

Lit

Lit

Lit

This

This

This

This

TCI [Amann et al 2005a]

71.00 69.64 70.50

62.39

38.90 38.31 70.60 64.21

VF [Amann et al 2005a]

30.80 36.23 99.50

99.67

94.50 97.16 85.20 84.44

TOMP [Amann et al 2005a]

71.30

73.5

48.40

54.85

26.70 34.63 53.20 59.43

TD [Amann et al 2007]

70.20

69.6

89.30

88.26

65.00 65.48 85.10 83.73

79.74 63.24 88.14

81.29

65.02 51.90 86.32 76.92

TCSC [Arafat et al 2009]

- 65 -

4.4. Computational Results and Analysis
4.4.1 Overall and Relative Impact
The results of the experiment are summarized in Table 4.6. The column presents the measuring
results for various combinations of the experimental factors. The row shows the performance of each
combination of factors. The values in the cell report the average value for the 35 data sets corresponding
to each cell. The cells highlighted in bold face represent the factor combination which has all four metrics
perform better than the average. All computational times with longer than average value were highlighted
in bold face too. The cells marked in italic (or in red color) are those combinations that performed below
50%.
We can see that overall TD algorithm performed the best in all factor combinations, as they have
relatively high values in all quality measures, followed by TCSC and TOMP algorithms. VM and TCI did
not perform well, as about 30% of their cell values are below 50%. In general, the filtering.m method
takes much longer time than the average to perform.
Table 4.7 presents the results of the analysis of variance (ANOVA) using the three main factors –
detection methods, window length, and filtering methods. The results indicate that (1) all three factors are
significant at P < 0.001 for sensitivity, specificity and computational time measures, thereby, rejecting the
null hypotheses H1(a)(b)(d), H2(a)(b)(d) and H3(a)(b)(d); (2) detection method is significant at P < 0.001
for posititive predictivity and accuracy measures, thereby, rejecting the null hypotheses H1(c) and H1(d);
and (3) filtering factor is significant at P < 0.001 for accuracy measure; thereby, rejecting the null
hypothesis H3(d). We have also evaluated the two-way interactions among factors. The interaction
between detection algorithm and filtering method are significant for all measures: The interaction
between window size and filtering method is only significant for computational time measure; other
interactions are relatively small.
In summary, among the three factors we examined, the most impact one is window size, followed
by the detection method. Using a shorter window segment is important for mobile device due to resource
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constraints; however, it may impact solution quality and increase computational time. Choosing the right
algorithm is also critical as we will see from later analysis that a good algorithm has less impact by other
factors. The detection algorithm used has unique characteristics, which may have impact on the selection
of filtering method.

TCI

Table 4.6:
Performance for combinations of detection algorithm, window size and filtering method
Factor
Sn
Sp
Pp
Ac
Ct
Combination (%) (%) (%) (%)
(ms)
D1W1F1 67.44 53.76 45.40 57.73 151.88
D1W1F2 53.94 74.96 59.85 68.10 738.73
D1W1F3 91.50 22.36 32.27 43.07 191.80
D1W2F1 55.95 67.79 50.68 65.18 75.31
D1W2F2 48.45 74.73 59.41 67.57 688.99
D1W2F3 79.53 43.91 41.46 57.15 122.27
D2W1F1 71.17 54.13 42.74 57.70 98.94
D2W1F2 66.29 64.30 52.53 65.59 752.77
D2W1F3 31.27 89.07 53.97 73.36 235.00
D2W2F1 60.12 67.34 53.09 66.55 58.68
D2W2F2 70.24 58.04 52.03 62.22 675.18
D2W2F3 20.84 95.89 57.19 75.48 110.92
D3W1F1 75.29 83.49 68.97 81.97 453.24
D3W1F2 76.86 82.09 64.30 81.21 1458.75
D3W1F3 74.30 82.42 65.74 81.34 668.25
D3W2F1 69.82 82.53 68.59 80.29 273.77
D3W2F2 72.78 81.83 65.71 79.89 1294.53
D3W2F3 69.18 82.96 65.14 80.00 447.70
D4W1F1 79.50 31.46 34.50 44.37 244.24
D4W1F2 47.58 79.36 52.47 71.20 978.87
D4W1F3 66.50 83.70 66.12 79.39 337.59
D4W2F1 76.94 35.70 37.84 47.63 126.58
D4W2F2 47.65 78.03 54.55 70.12 867.33
D4W2F3 59.32 86.13 68.97 80.08 214.50
D5W1F1 67.81 66.50 53.40 67.13 491.57
D5W1F2 69.56 71.95 58.74 69.59 1388.23
D5W1F3 62.72 69.74 55.38 68.46 516.96
D5W2F1 52.13 87.85 66.30 79.52 139.47
D5W2F2 47.10 92.81 73.78 80.68 1174.13
D5W2F3 46.41 90.82 70.33 79.96 319.90
Average
62.61 71.19 56.38 69.42
TCSC
TD
VFF
TOMP

F1: without filtering; F2: Filtering.m; F3: with real-time filtering
W1: 4 seconds window size; W2: 8 seconds window size.
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Table 4.7:
ANOVA – Impact of window size, filtering method and detection algorithm
(a)Sensitivity
Factor

DF

Adj SS

Adj MS

F Value

P (Sig)

Detection Algorithm (D)

4

48815

12204

17.76

0.000

Window Size (W)

1

18310

18310

26.65

0.000

Filtering Method (F)

2

13181

6591

9.59

0.000

D*W

4

7470

1868

2.72

0.029

D*F

8

142628

17829

25.95

0.000

W*F

2

1031

516

0.75

0.472

Error

1028

706297

687

Total

1049

937734

2-way Interactions:

(b)Specificity
Factor

DF

Adj SS

Adj MS

F Value

P (Sig)

Detection Algorithm (D)

4

96344

24086

25.91

0.000

Window Size (W)

1

15991

15991

17.20

0.000

Filtering Method (F)

2

34940

17470

18.79

0.000

D*W

4

15942

3985

4.29

0.002

D*F

8

185361

23170

24.92

0.000

W*F

2

3619

1809

1.95

0.143

Error

1028

955757

930

Total

1049

1307954

2-way Interactions:

(c)Positive Predictivity
Factor

DF

Adj SS

Adj MS

F Value

P (Sig)

Detection Algorithm (D)

4

51894

12973

10.58

0.000

Window Size (W)

1

7225

7225

5.89

0.015

Filtering Method (F)

2

9891

4945

4.03

0.018

D*W

4

6052

1513

1.23

0.295

D*F

8

46928

5866

4.79

0.000

W*F

2

397

199

0.16

0.850

Error

1028

1260210

1226

Total

1049

1382597

2-way Interactions:
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(d)Accuracy
Factor

DF

Adj SS

Adj MS

F Value

P (Sig)

Detection Algorithm (D)

4

56105.2

14026.3

26.46

0.000

Window Size (W)

1

4501

4501

8.49

0.004

Filtering Method (F)

2

11168.4

5584.2

10.53

0.000

D*W

4

5702.1

1425.5

2.69

0.030

D*F

8

49087.8

6136

11.58

0.000

W*F

2

1347.5

673.7

1.27

0.281

Error

1028

544934.7

530.1

Total

1049

672846.6

2-way Interactions:

(e)Computational Time (in ms)
Factor
DF

Adj SS

Adj MS

F Value

P (Sig)

Detection Algorithm (D)

4

34124070

8531017

5005.89

0.000

Window Size (W)

1

5231464

5231464

3069.75

0.000

Filtering Method (F)

2

128957105

64478553 37835.14

0.000

D*W

4

1313248

328312

192.65

0.000

D*F

8

5682625

710328

416.81

0.000

W*F

2

43032

21516

12.63

0.000

Error

1028

1751915

1704

Total

1049

177103459

2-way Interactions:

While the ANOVA results generally indicate that factors have significant impact on performance,
they do not indicate which level in each of these factors has better performance. A careful examination of
the mean values in Table 4.6 indicates that three combinations, D3W1F1, D3W1F2, and D3W1F3, are
closely tied for the best performance. Since it is less efficient to apply filtering method, we can infer that
using TD algorithm with 4 seconds data extraction window and without using filtering method generates
the best solution quality and takes less time to detect heart attack.
To generalize from our experiments, we performed additional data analysis on subgroups. To
compare the levels within each factor, we need to control for the effect of all the other factors. For
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example, if we want to compare the performance of detection algorithms, we need to control the variation
due to window size and filtering method. Hence, we recast the data set so that we compare the results of
experiments where all factors, except the one under study, are kept constant. We can then conduct paired
t-tests between these pairs to statistically test if the mean values of performance were different for each of
the levels. Unfortunately, because VF dataset has the known trade-off problem in which the sensitivity
and specificity values may have tradeoff by the threshold value used; we cannot apply paired t-tests and
consider the results from all four solution quality metrics altogether; thereby, only computational time
performance was evaluated. As a remedial, we use the ROC curve and AUC values to assess the relative
solution quality of different pairs of levels for each of the factor.
4.4.2. Comparison of Detection Methods
According to the results shown in Table VI, TD, TCSC, and TOMP have higher detection rate for
all four (or most) metrics. Although, VFF shows high accuracy rate, but it has very low sensitivity rate, it
cannot be considered favorably. Thus, the overall results indicate that TD, TOMP and TCSC are more
suitable algorithms for VF detection.
Figure 4.7 (a) shows the ROC curves of all algorithms using both 4 and 8 seconds window sizes
but without using filtering method. The corresponding sets of ROC curves using either filtering.m or realtime filtering method are depicted in Figure 4.7(b) and 4.7(c) respectively. The results indicate that (1)
TD algorithm outperforms four other algorithms and its performance is also has less impact by window
size; (2) the performance of four other algorithms are unacceptable and their performance are obviously
impacted much by window size; (3) without using filtering method, TOMP performs slightly better than
TCSC; however, using either filtering.m or real-time filtering method, the performance of TOMP and
TCSC are closer; (4) The performance of TCI is among the worst; while VFF performs better than TCI.
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(a) Without filtering

(b) With filtering.m

(c) With real-time filtering

Figure 4.7: ROC curves of detection algorithms
Table 4.8 depicts the results of the paired t-test among different detection algorithms in term of
computation time; Table 4.8(a) shows the average results with 4 seconds window segment (W1) under
three different filtering strategies. Table 4.8(b) shows the average results with 8 seconds window segment
(W2) under three different filtering strategies. The results evidence that (1) 8 seconds window segment is
obvious more computationally efficient than 4 second window segment as it cuts the number of times to
segment signals into half; however, it also takes 4 seconds longer to provide warning. In emergent
situation, every second matter, this could be a disadvantage. Also, it will be more difficult to implement at
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devices that has limited memory resources. (2) Among the five algorithms that we have evaluated, TCSC
and TCI are more computationally efficient (highlighted in boldface), followed by VFF and then TOMP.
(3) TCSC algorithm perform significantly faster than other algorithms except that in two cases (W1F2
and W1F3) its performance is slightly slower than TCI, which means TCI perform better then TCSC
when filtering methods are used in 4 second window segment. And (4) In general, TD performed much
slower than other algorithms and the differences are statistically significant.
Table 4.8:
Paired-t Test: The effect of detection algorithm on computational time
(a) Window Size 4 Seconds
Filtering Algorithm
Mean
TCI
151.88
TCSC
98.94
F1
TD
453.24
VFF
244.23
TOMP
491.57
TCI
738.73
TCSC
752.76
F2
TD
1458.75
VFF
978.9
TOMP
1388.23
TCI
191.80
TCSC
235.00
F3
TD
668.3
VFF
337.59
TOMP
516.96

STDEV
32.99
13.50
52.13
32.02
29.34
20.21
27.29
46.55
94.5
25.76
30.44
29.14
60.6
19.99
36.53

Sample
35
35
35
35
35
35
35
35
35
35
35
35
35
35
35

TCI
0.000
0.000
0.000
0.000
0.017
0.000
0.000
0.000
0.000
0.000
0.000
0.000

TCSC
9.68
0.000
0.000
0.000
-2.51
0.000
0.000
0.000
-6.05
0.000
0.000
0.000

TD
-28.27
-40.01
0.000
0.000
-80.47
-77.36
0.000
0.000
-38.49
-37.82
0.000
0.000

VFF
-12.03
-25.89
17.44
0.000
-15.20
-13.14
25.63
0.000
-24.47
-16.11
32.33
0.000

TOMP
-37.93
-68.66
-3.96
-32.63
-130.02
-113.64
8.05
-23.68
-44.75
-34.73
12.94
-25.03
-

(b) Window Size 8 Seconds
Filtering Algorithm
Mean
TCI
75.31
TCSC
58.68
F1
TD
273.77
VFF
126.58
TOMP
139.5
TCI
688.99
TCSC
675.19
TD
1294.53
F2
VFF
867.33
TOMP
1174.13
TCI
122.27
TCSC
110.92
TD
447.69
F3
VFF
214.50
TOMP
319.90

STDEV
10.26
11.23
42.26
16.26
66.2
11.55
10.37
55.40
17.08
23.38
10.93
15.33
57.21
13.93
42.65

Sample
35
35
35
35
35
35
35
35
35
35
35
35
35
35
35

TCI
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.001
0.000
0.000
0.000

TCSC
6.87
0.000
0.000
0.000
5.72
0.000
0.000
0.000
3.61
0.000
0.000
0.000

TD
-27.31
-27.77
0.000
0.000
-68.41
-69.29
0.000
0.000
-33.43
-34.05
0.000
0.000

VFF
-16.04
-19.59
18.42
0.277
-55.91
-59.74
43.26
0.000
-33.79
-34.15
24.15
0.000

TOMP
-6.01
-6.94
9.37
-1.11
-109.37
-112.92
12.02
-64. 81
-29.61
-26.92
12.23
-14.93
-

* Upperright: Critical differences in mean between pairs of algorithms (T value).
significances (P value) at 0.05 levels.
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Lowerleft: Calculation of

4.4.3. Impact of Filtering Method and Window Size
Based upon the above exploration (Figure 4.7), we can see that TD is the best method and TCI is
the worst method in terms of solution quality but the situation just reverses in terms of computational
efficiency. From now on, we will only use the best and worst cases to explore the relative performance
and their impact by factors. Figure 4.8 (a) and (b) shows the ROC curves for TD and TCI algorithms with
different combinations of window sizes and filtering methods.
Clearly, TD algorithm performed better than TCI algorithm in term of aggregated quality
performance. From Figure 4.8(a) we can see that the performance of TD was not much impacted by the
filtering method; in contrast, as shown in Figure 4.8(b), the performance of TCI improved when filtering
methods were used; however, it is hard to compare the relative performance of the two filtering methods
as they are closer to each other. From Figure 4.8(a) we can also see that the performance of TD was not
much impacted by the window size; in contrast, as shown in Figure 4.8(b), the performance of TCI using
8 second window segment performs better than using 4 second window segment.

(a) TD Algorithm

(b) TCI Algorithm

Figure 4.8: The ROC curves of TD and TCI algorithms
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4.4.4. Impact of Threshold Value
Determining optimal threshold value is the final step to regulate the four quality performance.
Figure 4.9(a) and 4.9(b) show the histogram of TD algorithm with 4-s and 8-s window and real time data.
We compared two literature results [Amann et al 2007; Ismail et al. 2008] with our approach to determine
the threshold values. We tested seventeen threshold values in the histograms. In 4-s window, we selected
a threshold 135 (Sn.: 74.60%, Sp.: 88.31%, PP.: 66.89%, and Ac.: 85.01%). In 8-s window, we selected
two threshold 223 (Sn.: 70.02%, Sp.: 87.71%, PP.: 64.6%, and Ac.: 83.43%) and 224 (Sn.: 69.6%, Sp.:
88.26%, PP.: 65.48%, and Ac.: 83.73%). Even regulating the threshold (223-224) affects the performance
trade-off between four parameters. In addition, lower window size shows slightly better performance than
higher window size. Amann et al. [Amann et al. 2005b] commented that the specificity is more critical
parameter than the sensitivity in the real applications of AEDs, because if the system diagnoses the
normal person having VF attack, it may generate heavy electric power to the ordinary person without VF
attack. Thus, the threshold value can be adjusted toward higher specificity, in which the closet point can
be moved to more SR signals.
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(a) 4s – real time

(b) 8s – real time

Figure 4.9: Performance results based on different thresholds with histograms

4.5. Discussion
Real-time testing is essential for practical VF detection. Previous performance evaluations of VF
detection have been conducted offline with pre-filtered data sets and focused on the effectiveness of
detection algorithms only by fixing (or with limited changes) on the other factors. The results may not be
applicable to real world case. Yet, it is difficult (or cannot) use real case to experiment and study the
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algorithms and factors impact. Especially, with the recent trend of mobile health monitoring, wearable
ECG module will be working on daily life so that the data noise captured from ECG devices directly will
be noticeable. In this case, the preprocessing (filtering and scaling) and data extraction play an important
role in practical VF detections. In order to test real-time situations, we develop a simulated environment
to emulate the real time monitoring. Using public VF database as inputs we create virtual patients to
generate real-time VF data for validating the real-time VF detection processes such as data filtering,
scaling, segmentation, detection analysis. Performance (solution quality and computational time) are
accumulated over the whole VF detection process for performance evaluation and factors analyses. Thus,
the results from the real-time simulator are closer to practical VF detection environment.
The filtering.m method is impossible to be implemented in a real-time environment as it requires
the use of whole signal to do the first two sub-processes. We adopt and modify it as real-time filter. The
real time filtering method that we proposed shows overall better performance in TD, TCSC, and TOMP
than applying filtering.m method (pre-filtered). The best performance of all possible factor combinations
is 8 second window of TD using filtering.m method. However, when no filtered data is used, 4 second
window of TD show best performance among the all results with no filtered data. Although no filtered
data has various noises to prevent the accurate VF detection, the scaling method that we proposed
mitigates noise effects. Moreover, relatively less window size (4 second) can improve the accurate scaling
than without filtering. The phase space reconstruction of TD algorithm also makes the difference between
SR and VF signal much larger than original signals. In the SR signal, reconstructed boxes are mostly
overlapped as baseline or QRS complex part. On the other hand, VF signal is distributed widely entire
phase space. This characteristic of TD makes the adaptation of the detection robust from various factor
impacts.
TCI is a basic algorithm based on the threshold line for check R-peak signal. Although previous
studies evaluate the TCI with reasonable results, we exclude it from optimizing critical threshold value.
Because in the TCI algorithm, it needs two thresholds, such as 20% of crossing line and TCI value for the
final decision. The first threshold is already fixed by previous research as 20%. The second threshold
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(TCI value) is normally determined as 400ms. Based on our experiment, the TCI value results have large
differences between SR and VF decision. Thus, optimizing thresholds does not impact on the
performance of TCI algorithm. In addition, since the TCSC is a more advanced algorithm and provides
better performance, why do we use the worse algorithm?
In its original paper, Kuo and Dillman (1978) did not report quality parameters for the VFF
leakage technique. We refer to the results from Amann et al. (2005a) for comparison test. The VFF is a
weak algorithm from the impact of adjusting threshold values. If normal signal (SR) is not detected by
other QRS detection algorithm, VFF algorithm selects the SR signal like randomly distributed. In this
study, since we analyze the factor impacts for each algorithm, no QRS detector is applied for VFF
algorithm.
Basically, TOMP algorithm is designed for detecting QRS complexes. Although, it is relatively
strong to find QRS complexes, the length of integration window is not adjusted for VF signal that is
similar with sinusoidal wave. The VF signal has less sharp slope than QRS complexes. Thus, although
TOMP shown good performance from our test, it also showed weaknesses in some selected data sets.

4.6. Conclusion
In real world applications there are several factors that may affect the overall performance of the
VF detection. This paper discusses five factors and examined the impacts of three factors on VF
detection. We evaluate the performance and impact using the complete Creighton University (CU)
database. Our study conclude that: (1) scaling process is very important and required for a successful VF
detection, (2) all three factors - detection methods, window size and filtering methods have significant
impact on VF detection, with detection method being the one needs to be carefully selected; (3) detection
method will also significantly interact with other factors such as filtering methods and threshold value,
(4) TD and TCSC are two light-weight algorithms that outperform the other two methods that we
evaluated, especially TD is more robust to reduce the impact of other factors. These two methods are also
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computational efficient; And (5) threshold value is an important parameter for any detection algorithm
and its value needs to be properly determined to get good performance.
This study contribute to the field in the following aspects: First, we propose an integrated
simulated environment so that researchers can use existing database to emulate real-time detection
process, identify critical factors and evaluate performance. Secondly, we propose a simple scaling
method to improve the overall quality of data. Thirdly, we examine and empirically test the factors that
may affect VF detection and provide guideline for detection method selection, and finally, we develop a
method to help optimize the determination of threshold value for detection methods using ROC curve. We
have also identified the range of threshold values for the algorithms that we studied. In this study, we use
the whole data sets from a data base to conduct the analysis. Clearly, we notice there are obvious
variations among different data sets (patients) in terms of SR patterns and signal strengths etc.,
personalized VF detection and their impacts overall could be one of the major areas that deserves further
exploration.
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Chapter 5
Analysis and Modeling of Energy Consumption for Wearable ECG Devices

5.1 Introduction
With the dramatic increase of healthcare costs and the aging of world population, research in
wearable health monitoring system (WHMS) has recently received much attention [Gatzoulis and
Iakovidis 2007; Lymperis and Dittmar 2007; Tr¨oster 2005; Hao and Foster 2008] as it has potential to
monitor a patient’s health status continuously and quickly response. To meet this requirement, embedded
devices based on body area network (BAN) for long term or real time health monitoring and disease
detection algorithms are developed for remote diagnosis [Pantelopoulos and Bourbakis 2010].
Basically, WHMS requires using a variety of sensor devices to capture physiological signals and
send the information back to center computer unit for diagnosis through wireless communications. In
BAN, different types of sensor nodes are properly placed for checking different attributes of body, such as
temperature, blood pressure, heart beat rate, respiration, motion, and so on. Among them, ECG sensing
device is widely used as a fundamental factor to check a patient’s health, because ECG not only includes
lots of information such as heart rate, rhythm, whether there may be coronary artery disease, and whether
the heart muscle has become abnormally thickened, but also as a cardiac test tool, is simple to perform,
risk-free and inexpensive [Yang 2006; Healey 2000; Leijdekkers and Gay 2008].
Although advances in technology have brought us tiny wearable ECG devices and efficient
algorithms for VF detection, energy consumption is a critical concern for practical usage. A pervasive
health monitoring system often consist of a master node (mobile phone) for gathering and processing data,
and several sensor nodes (wearing small devices) for capturing and transmitting data from human body
[Zhang 2010]. Factors that impact energy consumption varied significantly stage by stage throughout the
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monitoring lifecycle. Some stages are controllable and others are uncontrollable; some stages are
hardware-based and others are software-based.
The main purposes of this study are threefold: (1) to generate the accurate energy consumption
model for predicting energy consumption without actual experiments; and (2) to analyze the three types
of communication methods (real-time data transmission, periodic data transmission, and only result
transmission with processing algorithm); and (3) to compare algorithms in computational efficiency and
energy consumption.
Most of the traditional ECG sensor nodes simply focus on functions of capturing ECG signal and
transmitting the data and not much on power consumption. In this study, we propose to use two
alternatives to reduce power consumption:
1) Using the embedded microcontroller of the wearable ECG device to process, detect VF
patterns and only transmit the events to a mobile phone that is connected with healthcare services. Khan
et al. [2000] and Hill and Culler [2002] illustrate that the power consumption of data processing in a
single microcontroller is much lower than the wireless communications. In general, the wireless
transmission operations consume lots of battery power as comparing with other operations in the sensing
node. In addition, as the number of sensing nodes is increased, the complexity of wireless network traffic
is significantly augmented. Thus, how to reduce wireless data transmission so as to increase the battery
life of monitoring devices without changing or recharging batteries within reasonable time duration is an
important issue for mobile applications.
2) Using VF detection algorithm having efficient workloads for the microcontroller. We select
five light-weight VF detection algorithms -- Threshold Crossing Interval (TCI), VF filter (VFF),
Threshold Crossing Sample Count (TCSC), Time Delay (TD) and Tompkins (TOMP) -- which have low
workload to test their impact on efficiency and power consumption. The proposed methodology that
minimizes the wireless communication is able to significantly save the battery power in the wearable
ECG sensing device.
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We develop an integrated simulation environment and an energy consumption model to examine
the influence of the different methodologies with transmitting raw ECG or detection results. Based on the
models and experimental results, we propose an optimized integration to perform VF detection under an
embedded microcontroller in a pervasive health monitoring system. In order to verify the performance,
we develop an integrated environment as a testbed for our explorations and include the filtering process
on an embedded microcontroller for the detection of ventricular fibrillation (VF) using the Creighton
University (CU) database for benchmark. Performance results are based on popular quality parameters
such as sensitivity, specificity, positive predictivity, accuracy, execution time, and energy consumption.

5.2 Energy Consumption Model

In this section, we present the generic energy consumption model for the real-time VF detection
system. The integrated VF detection device used in this research consists of three modules: front-end
(acquisition, filtering, and amplifying raw ECG), microcontroller (ADC and processing data), and
communications. Thus, the total energy consumption of the integrated VF detection system, EI, can be
expressed as

EI = EF + EM + EC,

(5-1)

Where, EF, EM and EC are the energy consumption of the front end device, microcontroller and the
communication module respectively. Among these energy factors, EF is not considered, as the energy
consumption of the front-end device is uncontrollable. We focus on the energy consumption of
microcontroller and communications. The basic units of power consumptions are determined by
experimental values and used in this model.
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5.2.1 The Proposed Methodology
The objective of the proposed methodology is to minimize the wireless communication traffics
and reduce the energy consumption of the detection algorithm. We use an interrupt service routine (ISR)
to reduce communication traffic. Algorithm 5.1 shows the pseudo code of the ISR for the timer. At the
initial state, the device goes to sleep mode to minimize energy and is waiting for timer interrupt events.
Once the interrupt occurs, the microcontroller wakes up from the sleep mode, starts to capture ECG signal,
and conducts the filtering and scaling process in sequential process.
Once the index equals to maximum window size, Algorithm 5.2 checks the number of captures in
the window size. If the captured index is less than the window size, the captured signal is stored at the
memory and the index is increased. Otherwise, the detection algorithm is triggered with the captured data
in the window. The result of VF detection is then transmitted to the master node through wireless
communications, and the index is initialized. After then, the microcontroller is back to the sleep mode for
minimizing the energy consumption. The Algorithms 5.1 and 5.2 are processed iteratively.

Algorithm 5.1:

Proposed VF Detection Methodology

Set timer interrupt 62Hz frequency
ISR START
Analog-to-Digital Converting
IF index_of_data_sample > The number of Window data THEN
Interrupt Disable
VF detection algorithm with ECG data and index of data sample
Set index of data sample to 0
Construct packet into the frame
CALL Transmitting function
Interrupt Enable
ELSE
VF detection algorithm with Filtering and Scaling process
Increment index_of_data_sample
ENDIF
ISR END
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Algorithm 5.2: VF detection algorithm (TD)
Input: Stored ECG data set in a window and scaled values
Output: VF detection result: TD_Result (SR or VF)
Initial Values:
Maximum_Window_Size = 200, threshold = 125, Initial_Window = 25;
scaling_unit = Scaling_Max- Scaling_Min)/40
VF detection algorithm:
IF index == Maximum_Window_Size
THEN
CALL TimeDelay_clear_plot
FOR i = 0 to index
IF (i == (index - 1))
THEN
IF TD_Result > threshold THEN
SET Result to VF event
ELSE
SET Result to SR
ENDIF
Initialize variables
ELSE
IF i > Initial_Window THEN
CALL Time_Delay_Assign
ELSE
None
ENDIF
ENDIF
Increment i
ENDFOR
ELSE
CALL Scaling_set with window[index]
Increment index
ENDIF
Time_Delay_Assign:
index_x_t  (window[i]- Scaling_Min)/(scaling_unit);
index_x  (window[i- Initial_Window]- Scaling_Min)/(scaling_unit);

5.2.2 The Generic Model
The operations of the sensing node can be classified into three types: type 1 - only transmitting
the detection result, type 2 - transmit ECG in real time, and type 3 - transmit ECG periodically. In type 1,
the captured data is stored in the memory, algorithms were applied to check the VF patterns based on the
stored data periodically, and then only the detection result is transmitted to the master node. In types 2
and 3, the device transmits the captured data instantly or periodically to master node. We propose a
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generic model about the energy consumption for all three types. Here are the constants and variables used
by the models:

- ADC_Cal: processing state of analog-to-digital conversion and data preprocessing on microcontroller
- event: preparing state for transmission and transmitting state of VF detection results
- PLL: state of phase locked loop
- TX: state of wireless transmission
- VF: processing state of VF detection algorithms
- sleep: sleep state of microcontroller
- T: total time duration
- F: frequency of each state
- E(T, FADC_Cal_S, Fevent): energy consumption that consists of periodically capturing ECG signal (FADC_Cal) and
transmitting VF detection results (Fevent) during total time (T).

a) The generic model for VF detection
Figure 5.1 illustrates the conceptual power graph based on the state transition for the type 1
operations. The area under the power graph indicates the quantity of energy consumed by the node device.
In general, the detection needs certain time to capture ECG signals for storing data in memory space.
After capturing ECG signal, the algorithm checks the stored signal in each window segment. Finally, the
event of detection is transmitted and the operation state is returns to the capturing state.
The energy consumption model based on the operating states, denoted by E(T, FADC_Cal_S, Fevent) is
given by:
W

N

W

T

i 0

k 0

i 0

t 0

E(T , FADC _ Cal _ S , Fevent )   E( event ) i   E( ADC _ Cal _ S ) k   E(VF ) i 

P

( sleep ) t

dt ,

(5-2)

where Eevent, EADC_Cal_S, and EVF are the energy consumption of each state. Psleep is the power value
of the sleep mode. N (N = FADC+CAL TTotal) is the total number of capturing ECG operations, and W (W =
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Fevent T

Total)

is the total number of events occurred. Equation (5-2) can be applied to each type with

different parameters and base values for predicting the energy consumption.

Figure 5.1: State transition and power of the proposed VF detection operation in a slave node device

Figure 5.2: The conceptual graph of energy consumption in a single event
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For analytical tractability, we assume that every event state has the same form, consisting of
ADC+Cal, PLL, and TX. Figure 5.2 show the conceptual power graph of the single event for transmitting
data or event. Based on the figure, energy consumption of the single event can be described as the area
consisting of power and time, and the energy consumption of the single event, Eevent i, can be obtained as

Eeventi  P( ADC Cal)i T( ADC Cal)i  P( PLL )i T( PLL )i  P(TX )i T(TX )i

(5-3)

Where, PADC+Cal, PPLL, and PTX are the power values of ADC with data processing, PLL, and TX,
respectively. TADC+Cal, TPLL, and TTX are the execution time of each operation. Similarly, the single state, S,
for the energy consumption of the ECG signal capturing at state i, EADC+Cal_S i, and the single state, S, for
the energy consumption of the VF detection algorithm at state i, EVF i, can be calculated as

E( ADC Cal _ S ) i  P( ADC Cal _ S )i T( ADC Cal _ S )i

(5-4)

E(VF ) i  P(VF )i T(VF ) i

(5-5)

Where, PVF is the power consumption of VF detection algorithm. The energy consumption of the
sleep mode in total time TTotal can be calculated as

TTotal

P

t 0

( sleep ) t

dt  TTotal (1  (T ADC _ Cal FADC _ Cal  FWindow(TVF  TPLL  TTX )))) ,

(5-6)

Where, FWindow is the frequency of window size for VF detection algorithm. Combining (5-3)-(56), equation (5-2) can estimate the energy consumption of the proposed VF detection during the total time,
TTotal, with capturing frequency, FADC_Cal_S, and event frequency Fevent.
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Since type 2 and 3 operations have no state for VF detection algorithm, we can simply remove the
VF detection part (EVF) from the equation (5-2). The type 2 doesn’t have the single ADC and calculation
state, and type 3 transmits more data at single Eevent.

5.2.3 Model for transmitting data in real-time
Figure 5.3 shows a conceptual illustration of the energy consumption about real-time transmitting
data. In this topology, we assume every captured ECG data is transmitted from a slave node to a master
node in real time. Every captured data is immediately processed and transmitted, and the slave node turns
into the sleep mode back. In the conceptual illustration of Figure 5.3 and 5.4, the area under power graph
indicates the quantity of energy consumed by the node device.
In the real-time transmitting operation, as there is no VF detection algorithm and capturing
operation without wireless communication, EVF and EADC_Cal become zero. Thus, total energy consumption
can be obtained as
ETotal = Eevent + Esleep.

(5-7)

Figure 5.3: Power consumption of real-time transmitting data in a slave node device for ECG monitoring
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The total energy consumption of the events, Eevent, is expressed as
Eevent = Eevent_single Fevent TTotal,

(5-8)

where the Fevent is the frequency of the occurred event and TTotal is the total time of VF detection.
The Eevent_single can be calculated from equation (31). The total energy of the sleep operation is defined as
Esleep = Psleep Tsleep,

(5-9)

where Tsleep is the total time of the sleep operation from equation (5-10).
TSleep = Ttotal – (TVF FVF + TADC_Cal_T FADC+Cal_T + TADC_Cal_S FADC+Cal_S + TPLL FPLL + TTX FTX )
(5-10)

Figure 5.4: Power consumption of periodic transmitting data in a slave node device for ECG monitoring

5.2.4 Model for transmitting data periodically
Figure 5.4 shows the power graph of transmitting data periodically (type 3). In type 3, the total
energy consumption, EPT, can be calculated as
EPT = Eevent + Esleep + EADC_Cal.

(5-11)
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Each energy component can be obtained by using equations (5-3)-(5-4) and (5-6) with different
parameters, depending on the number of sending data and event frequency.
5.2.5 The Instruction-Level Energy Consumption
Lane and Campbell [2006], and Tiwari et al. [1996] raise an issue about variable energy
consumption using different types of instructions and address modes. They study the energy impacts of
different instruction types, circuit state effects, instruction operand ordering, memory addressing modes
and GCC compiler optimization flags. They suggest that optimized instruction rescheduling helps to
reduce energy consumption. Based on their research, rescheduling or optimizing the instructions and
address modes are able to gain energy savings.

Figure 5.5: Power consumption of specific VF detection algorithm in modified event-driven processing

In the case of VF detection, the energy consumption is highly dependent on the algorithm used as
each algorithm uses different instruction sets. As can be seen in Figure 5.5, the power values during
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processing VF detection algorithm are slightly different based on time variance. We assume that the
processing power is defined as the average value of 36.45 uW.
We use similar ideas to calculate the energy consumption for the various algorithms. We first
determine the base values for each operation. The base values are provided by the experimental data from
the manufacturers and testing environment of this research shown in the table 5.1.
Table 5.1:
Model parameters and values for energy model (MSP430f2224 and cc2500)
Current (I)

Power (I2R)

Time for
Execution

LPM 3 (Sleep)

1.1 mA

6.05 uW

-

ADC+Computation
(Capturing)

2.7 mA

36.45 uW

0.4 ms

PLL Calibration

7.4 mA

273.80 uW

0.26 ms

TX

21.2 mA

2247.2 uW

0.13 ms

VF
% 2.7 mA
36.45 uW
23.76 ms (TD)
TD: Time delay TX: Transmitting operation PLL: Phase-locked loop

Using equations of the proposed model (5-1)-(5-11) and the base values of table 5.1, we can
calculate the total energy consumption of each state operation.

5.3 Test Framework Design
5.3.1 The Development of Testing Prototype
We develop an integrated sensing module as the prototype testbed, based upon which to test the
energy consumption of the processing method and the VF detection algorithms.
Figure 5.6 depicts specific block diagram of the testbed system. The centralized computer 1
includes the virtual patients and evaluation system. Virtual patients’ digital data is converted into analog
signals using a digital-to-analog (D/A) converter in the signal generator. The sensing device with the
microcontroller receives analog ECG signal passing through three hardware filters. The software
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preprocessing in the microcontroller consists of three steps: high pass filter (HPF, cut-off frequency of 1
Hz), low pass filter (LPF, cut-off frequency of 30 Hz), and Kalman filter (baseline tracking). After
analyzing ECG signal, the VF detection events are sent to the centralized computer 1 or center mobile
device through RF-communication chip (CC2500). The total energy consumption is recorded by power
observer, and the stored data (over 30000 of ADC values) is sent to centralized computer 2.

Figure 5.6: Block diagram of the testing environment

Figure 5.7: Pin connection of the integrated sensing device
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Figure 5.7 shows the actual pin connections of the test framework that is operated by power
supply. In a test environment, the results from the integrated mobile through wireless communication
device are stored in the evaluation model and compared with the annotated database. In a real world
environment, this module will be carried by a patient and running independently. The power consumption
is measured by another MSP-430 microcontroller and the 10 times amplifier. We add a 5 Ω resister
between the power supply and the system to measure the power consumption. Since the current values at
a 5Ω resister are too small to be measured by the embedded ADC, we add 10 times amplifier to the
automatic measurement. The module for measuring the power consumption is used to measure the
voltage of the 5Ω resister [TI 2009] at every 166us. Based on the Ohm’s law, the measured voltage value
is 5 times bigger than the current consumption. That is, V=I×R (R = 5Ω). Figure 5.8 shows the actual test
environment.

5.3.2 The Actual Test Environment
We deploy our virtual patients and the evaluation system in a laptop computer, send the data to
the integrated module, and evaluate the performance of algorithms using a 4-second window length. We
also conduct the energy consumption test using the testing prototype with energy monitoring system and
the embedded integrated module. Figure 5.8 shows the actual test environment deployed for this study.

5.3.3 Hardware/Software Setting
We use the TI’s MSP430-2500, which consists of MSP430f2274 microcontroller with 32KB +
256B of Flash Memory (ROM) and 1KB of RAM, and CC2500 radio chip using 2.4 GHz, to deploy our
integrated module. We implemented all the algorithms on the MSP430f2274 microcontroller platform
using the C programming language. The real-time evaluation and energy monitoring programs are coded
with C# programming language running in a general laptop running Windows 7 operating systems.
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Figure 5.8: Actual energy consumption and VF detection algorithm test environment

5.4 Performance Evaluation
5.4.1 Experimental Design
We design two experiments to evaluate the relative energy consumption of the three
communication types and five VF detection algorithms.

In the first experiment, we conduct the

experiment to evaluate the three different types of wireless transmission methods in two sampling
frequencies, 133Hz and 62Hz. The sampling frequency of CU-DB is 250Hz, which is somewhat
redundant sampling. Here, we use half frequency (133Hz) and quarter (62Hz). In the second experiment,
we apply type 1 communication with 62Hz frequency to test the energy consumption of the 5 VF
detection algorithms. We also use these experiments to verify the derived energy consumption model and
the feasibility, efficiency, and effectiveness of our proposed prototype. The analytic results are compared
with the experimental results.

5.4.2 Performance Measures
The energy consumption performance is measured by three indexes:
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-

Calculation time (Ct.): The calculation time in comparison to the duration of the real data is
calculated for the different algorithms. Calculation time in percent of the real time was rounded to
2 digits [Thakor 1984; Amann et al. 2005a].

-

Execution time (T): The execution time is closely related to algorithm complexity and counting
each operation with a certain amount of time. The execution time of a certain program is obtained
by: T = N × τ, where N is the number of clock cycles and τ is the clock period [Tiwari et al. 1996].

-

Energy consumption (E): The amount of energy consumption is the integral power consumption
in a total executed time [Tiwari et al. 1996].

The terms of power and energy are not the same meaning for the parameters of efficiency. The
average power (P) consumed by a sensing node while running a certain operation can be represented as
the multiplication of the average current (I) and supply voltage (V). Since the power is defined as the rate
at which energy (E) is consumed, the energy consumption E is calculated by P × T, where T is the
execution time [Tiwari et al. 1996].
To calculate the total energy consumption for the VF detection methodologies, the integral of the
power curve in the time length of the execution are needed. The power curves during the operation will
vary by time flow, and the measured values are passed through the amplified and digitalized processes. In
order to obtain the average value of power consumption, we need a conversion process with parameter
definitions as follows:
-

NTotal
DSum
TTotal
DMax_ADC
RLoad
MAmp
VRef

Total Number of Samples
Sum of All Values
Measured Time Length
Maximum Value of ADC
Load Resister
Amplifier Value
Reference Voltage of ADC
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-

IAverage

Average Current

Average current, IAverage, which is measured from the energy monitoring system, is calculated
using the upper values and is given as

I Average 

DSum VRef  FSampling
DMax _ ADC  RLoad  TTotal  M Amp

(5-12)
.

Based on the current value, the average power value can be obtained
PAverage = (IAverage)2 RLoad .

(5-13)

The measured total energy consumption from the experiment is the integral of power consumption during
the total time. That is,

ETTotal  

TTotal

0

PAveragedTTotal

(5-14)

.

5.4.3. The Testing Database
We use the annotated database, Creighton University ventricular tachyarrhythmia database (CU),
as a basis to validate our proposed model and evaluate the energy efficiency of selected algorithms. The
data base has been widely used in VF detection studies [Amann et al. 2005a; Amann et al. 2005b; Jekova
and Krasteva 2004; Ismail et al. 2008; Amann et al. 2007]. To verify the performance of VF detection
algorithms, it is very important that the correct annotations suggested by cardiologists can be compared
with the decisions between VF and no-VF event from the algorithms, we classify the results into three
classes: VF, SR and no VF-SR.

5.4.4. Algorithm Complexity
Let η be the time of window size, ψ be the sample frequency, ζ be the frequency of processing
and θ be the inner processing factors in VF detection process. For the convenience of analysis we assume
that the inner factors of VF filter, TOMP, and TD sampling are represented as θ. In order to obtain the
approximate complexity of VF detection algorithms, we use the O-complexity which is one of the
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common methods for analyzing the time complexity of algorithms. Table 5.2 shows the algorithms’
complexity of each VF detection method.
Table 5.2: Complexity of VF detection algorithms
TCI
Algorithm
Complexity

(

VFF
)

(

TOMP
)

(

TD
)

(

TCSC
)

(

)

As can be seen from the table, when each algorithm is executed one time in each window
segment (ζ =1), VFF algorithm is the most computationally efficient algorithm, followed by TCI and then
TCSC algorithm. TD is the least computationally efficient algorithm. However, the θ is an internal factor
of the VF algorithms (VF, TOMP, and TD), and each algorithm has different values (VF=62, TOMP=12,
and TD=40). As a result, actual calculation time of different algorithms varies significantly.

5.5. Results and Analysis
To assess the computational efficiency and power consumption, we compute the relative value
against the lowest value:
Relative Value = Its Value / Lowest Value

(5-15)

The lower value means lower power consumption rate comparing with other algorithms at ET. In
the case of energy saving, Esaved, the bigger value means lower power consumption [Sinha, A. and
Chandrakasan, A., 2001].

5.5.1 Comparison of Different Communication Types
Table 5.3 summarizes the energy consumption results of three different communication types.
Clearly, among the three communication types, type 2 consumes the most energy, which is about 6.5
times of type 1 with 133Hz frequency and about 3.2 times of type 1 with 62Hz frequency. In terms of
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energy saving, type 1 is about 1.68 times saving with 133Hz frequency and is about 1.18 times saving
with 62Hz frequency over type 3. The energy consumption or energy saving between type 1 and type 2
are not that significant.

TABLE 5.3: Summary of Energy Consumption for Communication Types
(TTotal = 508 ms, WS = 4 s)
Comm

133Hz

62Hz

Type

Experiment
ET (mJ)

Relative
Value

Experiment
Esaved (mJ)

Relative Value

1

5.26

1.00

71.82

1.68

2

34.31

6.52

42.77

1.00

3

5.93

1.13

71.15

1.66

1

4.88

1.00

72.2

1.18

2

15.8

3.24

61.28

1.00

3

5.74

1.18

71.34

1.16

40
Energy Consumption (mJ)

35

Analysis

Experiment

30
25
20

15
10
5
0
Type 1

Type 2

Type 3

133Hz

Type 1

Type 2

Type 3

62Hz

Figure 5.9: Energy Consumption on three types with two sampling frequencies
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Figure 5.9 depicts the average actual energy consumption for different types of data
communication. As can be seen, type 2, transmitting t data real time consumes much more energy than
transmitting data periodically or only sending the detection results.

5.5.2 Comparison of Detection Algorithms
Table 5.4 summarizes the energy consumption results of VF detection algorithms. The results
indicate that the VFF algorithm is the overall best method in term of energy consumption and
computational efficiency. The experimental results are consistent with theoretical complexity analysis of
Table 5.2, in which VFF and TCI have simpler algorithm complexity than others, and TD has the highest
algorithm complexity.
Figure 10 depicts the average actual energy consumption for different VF algorithms. As can be
seen, the VFF method is the most efficient method at one-time iteration of VF detection, followed by
TCI. TD consumes much more energy.

TABLE 5.4: Summary of Energy Consumption for Detection Algorithms
(TTotal = 508 ms, WS = 4 s, FADC = 62 Hz)
Algorithm

Experiment
ET (mJ)

Relative
Value

Experiment
Esaved (mJ)

Relative
Value

TCI

4.06

1.02

73.08

1.000

VF

3.97

1.00

73.11

1.000

TOMP

4.24

1.07

72.96

0.998

TD

4.88

1.23

72.43

0.991

TCSC

4.37

1.10

72.715

0.995
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VF
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TD

TCSC

Figure 5.10: Energy Consumption of VF detection algorithms

5.5.3 Comparison of Analytical and Experimental Results

Table 5.5 summarizes the energy consumption between the analytical and experimental results.
The results show that the analytical model predicts energy consumption quite closer to the actual
experimental results. In most cases, the model under prediction the experimental value; however, the
errors are lower than maximum of 10%. The total of the measured energy consumption for the five VF
detection algorithms (4572 seconds) is 81.57mJ, while that of the estimated energy is 78.04mJ. The
prediction error of total energy is less than 5%.
We calculated the error rate in each VF detection algorithm given by
|

|

,

(5-16)

The average value is 0.043, which means that the error of the energy estimation by our model
equation was on average 4.3% of the total energy consumed. Besides, the maximum of the energy ratio is
0.093, which means the error was at most 9.32%. The error comes from the length of execution time.
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TABLE 5.5 Summary of Energy Consumption for Analytical and Experimental Results
(a) (TTotal = 508 ms, WS = 4 s)
Comm.
Type

Analysis
ET (mJ)

Experiment
ET (mJ)

Deviation
Value

%
Deviation

1

5.06

5.26

-0.20

-3.8

2

31.11

34.31

-0.30

-9.33

3

5.92

5.93

-0.01

-0.17

1

4.58

4.88

-0.30

-6.15

2

16.31

15.8

0.51

3.23

3

5.70

5.74

-0.04

-0.70

133Hz

62Hz

(b) (TTotal = 508 ms, WS = 4 s, FADC = 62 Hz)
Algorithm

Analysis
ET (mJ)

Experiment
ET (mJ)

Deviation
Value

%
Deviation

TCI

4.04

4.06

-0.02

-0.49

VF

4.01

3.97

0.04

1.01

TOMP

4.13

4.24

-0.11

-2.59

TD

4.58

4.88

-0.30

-6.15

TCSC

4.22

4.37

-0.15

-3.43

5.6. Discussion
The number of the transmitting results through the wireless communication significantly impacts
the total energy consumption of the VF detection. It is obvious that the proposed efficient VF detection
method reduce a lot of energy than the real-time communication. However, the fully transmitted ECG
data through wireless communication can be divided into two types, such as: (1) a real time ECG data
transmission (type 2) and (2) transmitting the certain amount of ECG data periodically (type 3). The
second method is not an actual real-time transmission, but it can reduce at least the energy of the PLL
operations and of the other basic packet information. Although the latter method enables to reduce some
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portion of energy consumption, transmitting too much ECG data at once can reduce the pros of real time
monitoring such as quick detection and low wireless network traffic.
The relationship between the memory access and energy consumption can be significant in a
long-term monitoring. Vivek Tiwari et al. [1996] describe that instructions regarding memory accesses
consume much more energy than just register accesses. In general, loop function for dealing with many
data should use memory space not the registers. Thus, in order to realize the efficient VF detection, we
have to try to avoid the usage of repeated loop functions. For example, among the five VF detection
algorithms of this study, TD accesses repeatedly memory for checking and clearing the 1600 boxes. Thus,
the cycle count time among the VF detection algorithms in the case of TD is much longer than other four
algorithms. Thus, TD needs to be improved efficiently at programming perspective.
Moreover, the window size is the other factors for frequent memory access. We choose the 4
seconds window in our experiment for fast detection. If the microcontroller uses long time (8 seconds) in
the window segmentation, the processing frequency of VF detection algorithms is reduced so that the
energy consumption is reduced. Although the more memory usage causes the larger energy consumption,
we give higher priority to faster VF detection than energy consumption. In addition, according to our
experiment, 4 seconds window shows relatively similar results with 8 seconds window in TD. Although
TCI uses basically 3 seconds window segment to detect VF events, we combine the two sliding results in
4 seconds window. TOMP, TD, and TCSC count the number of detected events in the window. If
accurate thresholds for the changed window size are determined, similar results can be achieved in 4
seconds window size. Amann et al. [2005] applied the VF filter algorithm with the other QRS detection
methods. We applied the VF filter only to detect the VF events, and the results are similar with previous
researches except positive predictivity.
Based on the experiment, the maximum continuous transmitting data consumes about 70mJ for
508 seconds. It means that the device can only be operated and last for about 1.5 days using 225mAh
batteries (CR2030), which could cause inconvenience to the users. While, event-based detection (like our
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proposed implementation, which only used 4.5 mJ for 508 seconds) can last for about 8 days. According
to Watteny’s experiment [2009], the average current of MSP430 depends on the phase of the operations.
Thus, optimal sequences for reduce the energy consumption are necessary to increase battery life span.
In a wireless transmitting operation, instead of transmitting every captured data immediately, it is
more efficient to store appropriate number of data in a memory and then sent to master node than the realtime data transmission. If a smart phone as a master node has enough computational performance, the
timing of the event detection seems not much different. However, Weaver et al. [1986] mentioned the
survival rate of a patient can be decided by how quickly to provide the first-aid. The fixed window size or
the size of stored data needs to be a real-time approach. Thus, it is necessary that the previous VF
detection algorithms are improved to the real-time perspective or new real-time algorithm need to be
developed.

5.7 Conclusions
This paper proposes a new real time VF detection methodology and analyzes energy consumption
with integration of filtering processes and VF detection algorithms in a sensing node in the BANs using 4
second window size. In this research, first, the proposed model applies the three different data
transmission types. Secondly, five VF detection algorithms are tested with the proposed methodology.
Thirdly, the model is able to predict the usage of energy in an embedded microcontroller, and the
empirical results support the model. To evaluate the performance of real time detection, we develop an
integrated VF detection environment, based upon which to test the energy consumption of VF detection
methods. The experiments were conducted to assess the efficiency of the proposed VF detection
methodology. The results show that the five VF detection algorithms with the proposed methodology
consume much lower energy than the real-time data transmission. In addition, even the TD which
consumes the largest energy but the best detecting performance shows that the total ratio of energy saving
is 93.68% per 508 seconds data.
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Chapter 6
ERTD: An Extended Time Delay Algorithm for Real-time VF Detection

6.1 Introduction
Ventricular fibrillation (VF) is the most serious life-threatening cardiac arrhythmia disease. Once
a patient has VF attack, accurate detection and quick first-aids are essential for improving the survival
chance. Weaver et al. [1986] pointed out that the survival rate of a patient, who has VF attack outside of
the hospital, varies from 7% to 70%, depending on how quickly the patient receives the first-aid. Thus,
how to have a quick and reliable VF detection is an emergent research topic.

Wearable health-monitoring systems (WHMS) have attracted public attention due to their
potential possibilities in healthcare to provide cost-effective solutions for real time personal healthcare
monitoring, early detection of diseases, and improving treatment of various medical conditions
[Pantelopoulos and Bourbakis, 2010]. However, for the practical usage of wearable devices, there are
several challenges need to be overcome, such as reliable, multifunctional, energy efficient, and minimally
obtrusive technologies that can increase their quality of living. Among them, three essential issues need to
be addressed for wearable ECG devices:

1)

Energy efficiency. Khan et al. [2000] and Hill and Culler [2002] illustrated that the power

consumption of data processing in a single microcontroller is much lower than wireless communication.
Disregarding the detailed factors, it is obvious that communication is significantly more energy consumed
than computation on a single microcontroller. Kim et al. [2013] proposed a real-time processing and
detection via the embedded microcontroller for minimizing signal transmission on VF detection.
Although this approach reduces most of the ECG transmissions and only sends the result of VF detection,
processing of VF detection algorithm is still not a negligible issue.
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2)

Fast processing. Based on Weaver’s research [1986], timing of the first-aid can

significantly impact the survival rate of patients having VF attack. Most previous research in VF detection
use the server-based processing that sends the captured ECG data to a higher performance system, such as
a mobile phone or central computer, for processing and detection. This approach requires not only much
more time than processing in an embedded microcontroller, but also requires to use Internet or network
connection to the processing devices.

3)

Reliable VF detection. According to our previous experiments, time-delay (TD)

algorithm has a high reliability for separating sinus rhythm (SR) from VF. It is also robust at factor
impacts, such as window sizes and different filtering methods. However, there are some weaknesses
toward detecting ECG signal with changing baseline and only operated at fixed delay time.

In this paper, we propose a new VF detection algorithm, called an extended real-time time-delay
(ERTD) for VF detection, which is an improved version of time delay (TD) algorithm to not only reduce
the energy consumption and detection time, but also enhance the detection accuracy. We conduct
experiments comparing the performance of ERTD against TD detection algorithms using the popular
Creighton University (CU) database and measure their performance in terms of sensitivity, specificity,
positive predictivity, accuracy and energy consumption. We have also examined the performance against
an aggregated measure called receiver operating characteristic (ROC) curve and the value of the area
under the ROC curve (AUC). We have also compared their algorithm complexities.

The remainder of this paper is organized as follows. Section 2 reviews related research in VF
detection and energy consumption. Section 3 describes the proposed extended real-time time-delay
(ERTD) algorithm. A method for determining the real-time processing of ERTD is also proposed in this
section. Section 4 describes the experiments and the evaluation results. Sections 5 and 6 provide the
discussion and conclusions of this study.
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6.2. Time Delay (TD) Algorithm
There have been many studies focused on evaluating VF detection algorithms for applying proper
electrical therapy in automated external defibrillators (AEDs) [Jekova et al., 2004; Amann et al., 2005a;
2005b; Ismail et al., 2008; Abu et al., 2010; Arafat et al., 2009; Fokhenrood et al., 2007; Zhang et al.,
2010; Rospierski et al, 2011]. We have tested five VF detection algorithms (TCI, VF, TOMP, TCSC, and
TD) for comparing the performance of VF detection algorithms. According to previous research and our
own tests, the performance of TD is much better than other VF detection algorithms with different
window sizes (4 seconds and 8 seconds) and filtering methods. TD is also resistant to factor variances.
Although TCSC and TOMP show relatively high performance in some special cases, TD has overall
higher detection rates and robust at changing factors. Although it is obvious that the TD algorithm is
reliable for separating sinus rhythm (SR) from VF, TD has obvious drawbacks in detecting ECG signals
with variable heart rate and baseline drifts.
6.2.1. The TD Algorithm
Developed in 2007 by Amann et al., TD algorithm uses a 40×40 squares grid of two-dimensional
phase space reconstruction (PSR) diagram to analyze ECG signals for identifying a dynamic low or
random behavior. By plotting the signal data, X(t), at x-axis against a τ time delay data, X(t + τ), at y-axis
(where τ = 0.5 second), we can see the plot showing the number of visited boxes. Figure 1 depicts the
actual ECG signals and the patterns of time delay plotting of TD. Figure 6.1(a) shows the normal ECG
signal with obvious QRS complex and expert’s annotation and Figure 6.1(b) shows the clear case of VF
attack. Since the regular (normal) ECG signal mainly consists of baseline and QRS complex, these two
features will show as two lines in the phase space plot (see Figure 6.1(c)). In a clear VF signal case, the
visited boxes over the phase space plot shown as uniformly distributed boxes (see Figure 6.1(d)).
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(a) SR Signal at 52 seconds

(b) VF Signal at 234 seconds

(c) SR (NB = 48)

(d) VF (NB=158)

Figure 6.1: Phase space reconstruction plots of TD (CUDB patient 1 with 4-second window size)

To objectively distinguish QRS complex from VF cases, TD counted the number of boxes visited (NB)
and compare it with a threshold value (NTH). If NB < NTH, the ECG signal is considered as a normal QRS;
otherwise, it will be classified as a VF case. Using Figure 1 as an example, the threshold value of NTH for
a 4 seconds window segment is set as 130 based on our algorithm for optimized threshold determination
[Kim et al 2013(b)]. In Figure 6.1(c), NB is 48 < 130, the signal was classified as normal SR and the signal
in Figure 6.1(d) is recognized as VF as NB = 158 > 130.
6.2.2. Weakness of TD Algorithm
Although TD algorithm performed quite well in most general VF cases, there are three weaknesses that
impact its performance or energy consumption:
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(A) Performance Impact by Changing Baselines
The detection capability of TD was often impacted by changing baseline, which may cause by patients’
movement and electrode attachment. Figure 6.2(a) shows the actual ECG signal for CUDB patient 2.
Although it clearly shows the baselines moving up and down but it was annotated as a normal signal by
the ECG experts. Figure 6.2(c) shows the corresponding phase space plot. The regular (normal) ECG
signal mainly consists of baseline and QRS complexes so that the baseline part overlapped in the phase
space plot. Since changing baseline reduces the overlapped area of the TD plot, it results in 138 visited
boxes (i.e., NB = 138), which is larger than threshold value NTH (= 130); Thus, the signal was classified as
VF.

(a) SR signal at 402 seconds - Patient 2

(b) SR signal at 142 seconds - Patient 26

(c) Phase space reconstruction plots at 402
seconds (NB = 138) – Patient 2

(d) Phase space reconstruction plots at 142
seconds (NB = 131) - Patient 26

Figure 6.2: Phase space reconstruction plots of TD (CUDB patient 2 and patient 26 with 4-second
window size)
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(B) Fixed Delay Time
Another weakness of TD is that it uses a fixed τ time delay (where τ = 0.5 second) in plotting ECG signal.
Although the fixed delay time is able to minimize the number of overlapped visited boxes in stable heart
rates, overlapped area of plot will be shifted once the heart rate is changed often in one window segment.
Figure 6.2(c) shows the actual ECG signal for CUDB patient 26, who has irregular heart rates. Figure
6.2(d) shows the corresponding phase space plot. As can be seen in Figure 6.2(c), the interval of QRS
complexes varies so that the number of visited boxes is increased. Even though the area of visited boxes
is not spread all over the plot, the number of visited boxes is much larger (NB = 131) than typical ECG
(NB = 48). Therefore, it was also classified as a VF case.
(C). High Computation and Energy Consumption
The third weakness of TD algorithm is that it repeatedly writes and reads memories to produce phase
space diagram, which require relatively high computational power and energy consumption [Pottie and
Kaiser 2000]. In the TD algorithm, there are 1600 boxes that need to store information of the visited
boxes in the memory with loop functions for detecting a VF event. According to our experiments on
energy consumption of VF detection algorithms, TD consumes larger energy than other four VF
algorithms.

6.3. Extended Real-time Time-delay Algorithm
To avoid repeatedly writes and reads memories, we propose a real-time VF detection methodology, as
shown in Figure 3, to control energy consumption and minimize wireless communications.
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Figure 6.3: Power consumption of the TD algorithm in a real-time detection
At the initial state, the device runs a sleep mode to minimize redundant energy and is waiting for
interrupt events. Once the timer interrupt occurs, the microcontroller wakes up from the sleep mode and
starts to capture ECG signal for conducting the filtering and scaling process. Then, the algorithm checks
the number of captures in the window size. If the captured index is less than the window size, WS, the
captured signal is stored at the memory and the index is increased. On the other hand, if the index is
bigger than WS, VF detection algorithm is conducted with the captured data in the memory. The result of
VF detection is transmitted to the master node through wireless communication, and the index is
initialized. Finally, the microcontroller is back to the sleep mode again for minimizing the energy
consumption. These processes are repeatedly operated. The real-time VF detection methodology is to not
only minimize the traffic of the wireless communication, but also reduce the energy consumption. We
propose a 3D phase space plot to increase VF detection accuracy and an extended real time method to
further reduce energy consumption.

6.3.1 Extended Time-delay
The extended real-time time delay algorithm (ERTD) is based on a 3D plot which consists of the 2D
phase space reconstruction (x and y) and the number of overlapped boxes (z). Basically, 2D part of ERTD
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is the same as the phase space of TD algorithm and third dimension counts the number of overlapped
boxes which was ignored by TD. ERTD analyzes signals to identify not only a dynamic low or random
behavior but also the changes of heart rates and baselines in the following way: on the x-axis we plot x(t),
on the y-axis x(t + τ), and on the z-axis N(x(t), x(t + τ)), where τ being a proper time variable.
Using the 3D space plots with (x(t), x(t + τ), N(x(t), x(t + τ))), we can better differentiate SR from VF. We
determine the area of the plot filled by the curve and the density of the visited boxes. To achieve this, we
produce a 40×40 grid stretches from the minimum to the maximum of the investigated raw ECG signal.
Here are the variables used by the ERTD algorithm:
-

x(t) : Position of x plot

-

x(t + τ) : Position of y plot

-

N(x(t), x(t + τ)) : The Number of the Stacked Boxes (Position of z plot)

-

NB : The Number of the Visited Boxes, where NB < NT

-

NT : The Number of All Boxes

-

TW : Window Size

-

Ε : ERTD Result

-

α, β: α the highest peak values of the third dimensional peaks and β: the second highest peak ,
where α, β > 5)

We observe that a typical VF signal produces a sign curve type of ECG, which fills the 2D phase
space area in an irregular way with the low number of overlapped boxes. The curve is almost uniformly
distributed over the 40×40 grid. For a normal sinus rhythm (SR), however, the curve in the phase space
diagram shows a regular structure which fills only small parts of the area, and the curve is concentrated to
a limited part of the plot with the large number of the stacked boxes.
In ERTD algorithm, the numbers of high peaks (α, β) that indicate the existence of baseline from SR
and window size (TW) are values for subtracting the number of visited boxes (NB). If Ε is higher than a
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certain threshold Ε0, we classify the corresponding ECG segment as VF. We choose τ = 0.5s and for the
threshold Ε0 = 130. The number of boxes is 1600. The critical threshold parameter is obtained by an
optimal threshold value algorithm proposed in Kim et al [2013(b)].
We then calculate the ERTD result, Ε as
(

)

(1)

Where E >= 1. If E < Ε0, the ECG signal is categories as normal SR; otherwise, it will be classified as
VF.
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(a) SR of TD cu-01 (NB =48)

(b) SR of ERTD cu-01 (E =1) at 34.963s (α = 40, β = 36)

(c) VF of TD cu-01(NB =158)

(d) VF of ERTD cu-01 (E =158) at 350.056s
(α = null, β = null)

(e) SR of TD cu-02 (NB =138)

(f) SR of ERTD cu-02 (E =98) at 402.68-s (α = 8, β = 8)

(g) SR of TD cu-26 (NB =131)

(h) SR of ERTD cu-26 (E =81) at 142.48-s (α = 10, β = 10)

Figure 6.4: Phase space reconstruction plots of TD and 3D plots of ERTD (CUDB patient 1, 2 and 26
with 4-second window size)
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Figure 6.4 shows that the differences between the 2D plotting of TD (a, c, e, and g) and the 3D
plotting of ERTD (b, d, f, and h) for the same patients’ data respectively. The E value from ERTD is able
to differentiate VF signal from the SR signal better than the NB value from TD algorithm.
If the tested ECG signal is clear (without noise) as in the case of patient 1, both TD and ERTD can
easily detect as normal SR or VF attack. For example in Figure 6.4(a) and (b), the number of visited
boxes for TD and ERTD are NB = 48 and E=1, which are lower than the threshold value 130, so both
algorithms classify it as normal SR. When the VF attack happens, both algorithms detect as VF as NB and
E = 158 > are 130 (See Figure 6.4(c) and (d).
However for the two ambiguous cases with the changed baseline (patient 2) or changed heart rate
(patient 26), TD cannot detect the right result in Figure 6.4(e) and (g). According to the NB values 131
and 138, which are larger than the threshold value 130, the patients will be detected as VF attack. On the
other hands, the patients are still treated as in normal condition because the E values, 98 (Figure 6.4(f))
and 81 (Figure 6.4(h)), are still lower than the threshold value 130.

6.3.2 Extended Real-time
In TD algorithm, there are two relatively high computational processes which are clearing and
checking 1600 visited boxes (40×40). Especially, checking 1600 boxes is a heavy processing to low
performance single microcontroller. In addition, TD algorithm consumes more energy consumption than
other VF algorithms. In order to reduce the energy consumption of TD, we should understand current
processing of TD. Figure 4 shows the conceptual illustration of power consumption on TD algorithm in
real-time. The microcontroller takes four steps, wake up, analog-to-digital conversion (ADC), waiting for
ADC complete, and data storing to acquire the ECG signal. In the current process, waiting for ADC is a
waste. In ERTD algorithm, we propose to use this short waiting time to count the number of visited
boxes; while adding the 3rd dimensional values for α and β at the same interval, as shown in Figure 6.5.
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Figure 6.5: Energy consumption of ERTD and algorithm operation

Algorithm 6.1 shows the pseudo code of ERTD algorithm. At the initial state, the 3D plot of the
visited box is clear and the Algorithm 6.1 is started with a timer interrupt. Once the timer interrupt occurs,
the microcontroller wakes up from the sleep mode, begins to acquire ECG signal and conducts the scaling
and assigning process in sequential process. The “ERTD_Assign” module is the function for assigning
ECG data into the 3D plot. Once the window size is full, the “ERTD_Result” is calculated using Equation
(6-1).
Algorithm 6.1: VF detection algorithm (ERTD)
Input: ECG data from ADC process
Output: VF detection result: ERTD_Result (SR or VF)
Initial Values:
Maximum_Window_Size = 248 (4 second), threshold = 130, Initial_Window = 31 (0.5 second);
IF index == Maximum_Window_Size
THEN
ERTD_Result = ERTD_Result – α – (β * WindowSize)
IF TD_Result > threshold THEN
SET Result to VF event
ELSE
SET Result to SR
ENDIF
Initialize variables
CALL ERTD_clear_plot
ELSE

- 114 -

CALL Scaling_set with window[index]
IF index > Initial_Window THEN
CALL ERTDe_Assign
Increment index
ENDIF
ERTDe_Assign:
index_x_t  (window[i]- Scaling_Min)/((Scaling_Max- Scaling_Min)/40);
index_x  (window[i- Initial_Window]- Scaling_Min)/(( Scaling_Max- Scaling_Min)/40);
IF plot_x_x_t[index_x_t, index_x] == 0
Increment ERTD_Result
ENDIF

THEN

Increment plot_x_x_t[index_x_t, index_x]
IF (plot_x_x_t[index_x_t, index_x] > αm) && (plot_x_x_t[index_x_t, index_x] < αM)
Increment α
ENDIF
IF (plot_x_x_t[index_x_t, index_x] > βm) && (plot_x_x_t[index_x_t, index_x] < βM)
Increment β
ENDIF

6.3.3 Complexity Analysis
Let η be the time of window size, ψ be the sample frequency, ζ be the assigning process, and θ be the
inner processing factors of VF detection process. For the convenience of analysis we assume that the
inner factors of TD and ERTD are represented as θ (40). In order to obtain the approximate complexity of
VF detection algorithms, we use the O-complexity which is one of the common methods, for analyzing
the time complexity of algorithms. In order to obtain the fundamental instructions of the code executions,
we assume that our processor can execute the following operations as one instruction each: (1) assigning
variable, finding a value in an array, comparing, incrementing, performing basic arithmetic operations,
and casting. The calling function and math function operations are assigned by certain constants such as C
and M. Based on the fundamental counting executed instructions; we apply them to the Big-O notation
process. Table 6.1 shows the algorithms’ complexity of each VF detection method. As shown, the
algorithm complexity of ERTD is less than TD.
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Table 6.1: Complexity of VF detection algorithms
TD
Algorithm Complexity

(

ERTD
)

(

)

6.4 Evaluation and Results
According to our previous experiments [Kim et al., 2013], TD algorithm outperforms four other
algorithms and its performance is also has less impact by window size and filtering methods. We use the
ECG episodes of window length 4 seconds for comparing ERTD with TD algorithms. For the
investigation we simulate a continuous analysis by selecting the data in real-time without any preselection. The decision of an algorithm analyzing an episode of 4 seconds window length is assigned to
the endpoint of the interval.
Determining optimal threshold value is the final step to regulate the four quality performance. The
data set was taken from the CU database (35 files, 1 channel per file, each channel with 508s long) that
has 35 * (508) = 613725 seconds of the total ECG recording. The decisions from algorithms and preannotated data are compared and the results are recorded as the four common quality parameters for VF
detection, sensitivity, selectivity, positive-prediticity, and accuracy. At the same time, an integrated
testing module that we developed as a testbed measures the energy consumption of processing method
and VF algorithms.
Figure 6.6(a) and (b) show the histograms of TD and ERTD algorithms with 4-s window. In 4-s
window, the optimal thresholds algorithm [Kim et al 2013(b)] selected a threshold 130 of TD algorithm
(Sn.: 76.92%, Sp.: 87.32%, PP.: 67.23%, and Ac.: 84.69%). In ERTD, the threshold 130 (Sn.: 81.19%,
Sp.: 88.72%, PP.: 70.73%, and Ac.: 86.83%) is selected. In Figure 6.6 or four performance matrixes, it is
hard to distinguish the difference between TD and ERTD.
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Figure 6.6: Comparison of histograms between ERTD and TD algorithms

Figure 6.7 shows the ROC curves of two algorithms using 4 seconds window size without using
filtering method. In a ROC curve, if the graph is approached to left-top point, it could be a good algorithm.
Thus, the results of ROC indicate that ERTD algorithm performs better than TD algorithm.
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Figure 6.7: Comparison of ROCs between ERTD and TD algorithms

Galar M. et al. [Galar M. et al. 2011] describe the key factors of evaluating problem domains with
imbalanced data. Traditionally, the accuracy rate has been the most commonly used empirical measure.
However, in the framework of imbalanced data-sets such as medical diagnoses, accuracy is no longer a
proper measure, because it does not distinguish between the numbers of correctly classified examples of
different classes. Thus, erroneous conclusions can be generated. In this case, the area under the ROC
curve (AUC) is a better approach to evaluate the overall performance of VF detection algorithms. The
AUC measure is calculated by:

(6-2)

Where true positive rate, TPrate, is the percentage of positive instances correctly classified, and false
negative rate, FPrate, is the percentage of negative instances misclassified as follows:

(6-3)
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(6-4)
Table 6.2 shows the confusion matrix recording the results of correctly and incorrectly recognized
examples of each class. The number of each decision provides into the four values: true positive (TP),
false negative (FN), false positive (FP), and true negative (TN). The AUC corresponds to the probability
of correctly identifying which one of the two stimuli is noise and which one is signal plus noise
Table 6.2: Confusion matrix for a two-class problem

Positive class
(Annotation is VF)
Negative class
(Annotation is SR)

Positive prediction
(Algorithm classifies it VF.)

Negative prediction
(Algorithm classifies it SR.)

True Positive (TP)

False Negative (FN)

False Positive (FP)

True Negative (TN)

Table 6.3: Comparison of performance parameters between ERTD and TD algorithms
Algorithms
ERTD
(ETH = 130)
TD
(NTH = 130)
Deviation

Sn.
(%)

Sp.
(%)

P.P.
(%)

Acc.
(%)

TPR
(%)

FPR
(%)

AUC
(%)

Energy Consumption
(17,780 seconds - mJ)

81.19

88.72

70.73

86.83

84.42

15.82

84.30

146.65

76.92

87.32

67.23

84.69

76.92

12.68

82.12

170.8

4.27

1.4

3.5

2.14

7.5

3.14

2.18

-24.15

(Sn.: Sensitivity, Sp.:Specificity, P.P: Positive-Predictivity, Acc.: Accuracy)

6.5 Discussion
In a practical application of wearable ECG devices for VF detection, if the wireless data
transmission is minimized, reducing the process of VF detection algorithm is the only way to save the
energy consumption. Among the previous five VF detection algorithms (TCI, VFF, TOMP, TD, and
TCSC), the best energy efficient one is VFF algorithm, which consumes 4% of total energy usage in the
508 seconds operation. However, based on the previous performance evaluations [Jekova et al., 2004;
Amann et al., 2005a; 2005b; Ismail et al., 2008; Abu et al., 2010; Arafat et al., 2009; Fokhenrood et al.,
2007; Zhang et al., 2010; Rospierski et al, 2011] and our experiments, VFF shows low detection
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accuracy. Although TD shows very high detection accuracy and is robust from external factors, its energy
consumption is relatively higher than other 4 algorithms for about 15% of total energy usage. This causes
major disadvantages of using TD for real time monitoring and detection. ERTD was introduced to
improve the energy consumption over TD.
Comparing with four performance metrics (sensitivity, specificity, positive-predictivity, and
accuracy), the AUC is a better way to judge the performance of different algorithms by one single value.
However, as the four performance metrics are decided by the threshold value, AUC also needs to rely on
the threshold value and the threshold value we selected affects the value of AUC. Since we use 35
patients’ ECG signal of CU database, one threshold may not be a proper decision value for some of
datasets. In order to be more accurately evaluated, personalized threshold value, which means using
different decision value for each patient, may be able to enhance the validity of VF detection algorithm.
In Figure 6.2, two unclear cases, such as baseline wave and the diverse interval of QRS
complexes are shown. These two cases generate most problems of accurately separating SR from VF in
the TD algorithm. Although the 3D plot of ERTD improves a little bit on detection accuracy, baseline
wave and R-peak interval problem still need to be resolved. The baseline wave moves the hot-spot area of
the phase space plot so that it disrupts the high peak of ERTD plot. Since this issue is closely related to
baseline tracking and scaling process in the ERTD algorithm, the adaptive process approach, which
makes the hot-spot area of ECG signal into the same spot, can resolve the issue. Moreover, R-peak
interval problem affects uniformly positioning two lines in the phase space plot. As a result, it increases
the 2D plot area in the number of visited boxes. This issue is also connected with a τ time delay which is
fixed as 0.5 seconds.

6.6 Conclusion
In this paper, a new method for the real-time VF detection is proposed. This algorithm considers
the practical usage of pervasive wearable ECG device. We tested it not only with accurate VF detection
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performance but also on practical usage perspectives such as algorithm complexity and energy
consumption. In order to verify the proposed algorithm, we suggest an overall improvement in different
parameters. The proposed algorithm extension is also robust at changing external factors related to realtime processing, and improves the energy consumption and algorithm complexity. Our study conclude
that (1) in terms of accuracy, ERTD algorithm improves 2.18% of the area under curve (AUC) comparing
with TD, (2) in terms of energy consumption, ERTD algorithm is improved up 14.14% than using TD in
35 patients’ data of CU-DB (17,780 seconds), and (3) the algorithm complexity of ERTD is much
reduced than TD.
This study contributes to the field in the following aspects: First, we propose a new algorithm that
improves the overall performance of VF detection that can use in an embedded microcontroller. Secondly,
we propose a real-time processing VF algorithm that can reduce energy consumption which is a useful
method for low power computation. Thirdly, we implemented the ERTD algorithm in an actual
microcontroller and showed practical issues for real-time VF detection environments.
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Chapter 7
Conclusion and Future Work

7.1 Conclusion
In this dissertation, we have explored the research challenges in real-time VF detection using an
embedded microcontroller and practical solutions.
We first propose a new real time VF detection methodology with integration of filtering processes
and VF detection algorithms in an embedded microcontroller. The results show that processing the real
time VF detection in an embedded microcontroller is about six times more energy efficient than the
continuous transmission of ECG signals via wireless communications. Among the selected VF detection
algorithms, overall, the TD and TCSC have a relatively high performance considering all the quality
parameters. The proposed integrated hardware and software module (ECG device plus microcontroller)
can be implemented as an efficient and practical detection system to correctly detect VF abnormality,
especially on a real time basis. The main advantages are to save battery power consumption and shorten
response time when an emergency occurs. We suggest a revision in the filtering process and some
detection algorithms and use a 5 second window segment to ensure that we meet memory requirements.
Secondly, we develop an integrated simulated environment and conduct experiments in real time
to evaluate five light-weight VF detection algorithms and examine the factors that may impact their
performance using statistical methodologies. In real world applications there are several factors that may
affect the overall performance of the VF detection. This research discusses five factors and examined the
impacts of three factors on VF detection. We evaluate the performance and impact using the complete
Creighton University (CU) database. This study conclude that: (1) scaling process is very important and
required for a successful VF detection; (2) all three factors - detection methods, window size and filtering
methods have significant impact on VF detection, with detection method being the one needs to be
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carefully selected; (3) detection method will also significantly interact with other factors such as filtering
methods and threshold value;, (4) TD and TCSC are two light-weight algorithms that outperform the
other two methods that we evaluated, especially TD is more robust to reduce the impact of other factors.
These two methods are also computational efficient; And (5) threshold value is an important parameter
for any detection algorithm and its value needs to be properly determined to get good performance. This
study contribute to the field in the following aspects: First, we propose an integrated simulated
environment so that researchers can use existing database to emulate real-time detection process, identify
critical factors and evaluate performance. Secondly, we propose a simple scaling method to improve the
overall quality of data. Thirdly, we examine and empirically test the factors that may affect VF detection
and provide guideline for detection method selection, and finally, we develop a method to help optimize
the determination of threshold value for detection methods using ROC curve. We have also identified the
range of threshold values for the algorithms that we studied. In this study, we use the whole data sets
from a data base to conduct the analysis. Clearly, we notice there are obvious variations among different
data sets (patients) in terms of SR patterns and signal strengths etc., personalized VF detection and their
impacts overall could be one of the major areas that deserves further exploration.
Thirdly, we develop a generic model to analyse energy consumption of VF detection
methodology using an embedded microcontroller in a wearable health monitoring. This paper analyses
energy consumption with integration of filtering processes and VF detection algorithms in a sensing node
using 4 second window size. To evaluate the performance of real time detection, we develop an integrated
VF detection environment, based upon which to test the energy consumption of VF detection methods.
The experiments were conducted to assess the efficiency of the proposed VF detection methodology. The
results show that the five VF detection algorithms with the proposed methodology consume much lower
energy than the real-time data transmission. In addition, even the TD which consume the largest energy
but the best detecting performance shows that the total ratio of energy saving is 93.68% per 508-seconds
data segmentation.
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Finally, we propose a new VF detection algorithm, called an extended real-time time-delay
(ERTD) for real-time VF detection. This algorithm considers the practical usage on pervasive wearable
ECG device. We test it not only with accurate VF detection performance but also practical usage
perspectives such as algorithm complexity and energy consumption. In order to verify the proposed
algorithm, we use real-time testing environment, and overall improved in different parameters. The
algorithm also is robust at changing external factors related to real-time processing, and improves the
energy consumption and algorithm complexity. This study shows that (1) ERTD algorithm improves
2.18% of the area under curve (AUC) comparing with TD algorithm, (2) The energy consumption of
ERTD algorithm is improved up 10.56% than using TD in 508 seconds of energy measuring time, and (3)
algorithm complexity of ERTD is much reduced than TD.

7.2 Future Work
This dissertation work opens many research issues on a real-time heart disease detection,
hardware/software integration, personalization, energy consumption and intelligent wearable devices for
Internet of Things. We leave these as the future research topics. Specifically, we can extend this work to
the following directions:
i) For Internet of Things, one of the critical issues for real-time heart disease detection is how to
deal with external factors of noises generated by body movement and daily living activities. ECG signal
acquired from patients lying is generally clean and easy to be analysed. However, in a pervasive health
monitoring, wearable ECG device should acquire the ECG signal even when patients are in motion. Thus,
context aware sensing or heart disease detection based on multi-sensor, such as accelerometer, skin
conductance, electromyogram, and so on, is essential approaches for wearable health monitoring systems.
ii) For high wearability and comfortableness to user, energy management is an important issue.
Although energy efficient methodology is proposed in this dissertation and most of energy factors are
optimized, ECG signal acquisition is still untouchable part. This is because current ECG acquisition
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device is not able to be working as on-off operation. Thus, developing ECG acquisition device which can
be controlled by an embedded microcontroller is needed to improve the energy efficiency.
iii) A full integration of hardware (body areas sensors, environmental sensors, and communication
protocols), software (data management, preprocessing, detection algorithms, and applications) and
services (call center and recommendation system) for real time healthcare monitoring and detection is still
in early development and needs further research.
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