
 

School of Innovation, Design and Engineering

Multi-sensor Information Fusion for 
Classification of Driver's Physiological 

Sensor Data 
 

Master in Software Engineering 

30 Credits, Advanced Level 

 

 

Author: 

Shaibal Barua 

 

Supervised By 

Shahina Begum (shahina.begum@mdh.se) 

Mobyen Uddin Ahmed (mobyen.ahmed@mdh.se) 

 

Examiner: 

Peter Funk (peter.funk@mdh.se) 

 
School of Innovation, Design and Engineering (IDT) 

Mälardalen University 

Västerås, Sweden 

 



 

ii 

 

 

ABSTRACT 

Physiological sensor signals analysis is common practice in medical domain for diagnosis and 
classification of various physiological conditions. Clinicians’ frequently use physiological 
sensor signals to diagnose individual’s psychophysiological parameters i.e., stress tiredness, 
and fatigue etc. However, parameters obtained from physiological sensors could vary because 
of individual’s age, gender, physical conditions etc. and analyzing data from a single sensor 
could mislead the diagnosis result. Today, one proposition is that sensor signal fusion can 
provide more reliable and efficient outcome than using data from single sensor and it is also 
becoming significant in numerous diagnosis fields including medical diagnosis and 
classification. Case-Based Reasoning (CBR) is another well established and recognized 
method in health sciences. Here, an entropy based algorithm, “Multivariate Multiscale 
Entropy analysis” has been selected to fuse multiple sensor signals. Other physiological 
sensor signals measurements are also taken into consideration for system evaluation. A CBR 
system is proposed to classify ‘healthy’ and ‘stressed’ persons using both fused features and 
other physiological i.e. Heart Rate Variability (HRV), Respiratory Sinus Arrhythmia (RSA), 
Finger Temperature (FT) features.  

The evaluation and performance analysis of the system have been done and the results of 
the classification based on data fusion and physiological measurements are presented in this 
thesis work. 
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Chapter 1  

INTRODUCTION 

Individual levels of concentration in terms of psychophysiological parameters i.e., stress 
tiredness, and fatigue can be diagonised using numerous physiological sensor signals such as 
Electrocardiogram (ECG), Electroencephalogram (EEG), Electrooculogram (EOG), finger 
temperature, skin conductance etc. However, it is difficult to analyze, diagnose and use it in a 
computer based system because of the responses to these parameters vary in individuals. One 
of the significant psychophysiological parameters is stress and there are different methods 
that use sensor signals as a parameter to diagnose it. However, most of them use single sensor 
signal and sometimes it is required to analyse other signals as well for the same 
psychophysiological parameter. Now a days, for various diagnosis system, one suggestion is 
that data fusion or combine multiple sensor sources data can provides more reliable and 
efficient outcome than using data from single sensor. While diagnosis, experts or clinicians 
usually make decision based on the data that are collected from multiple sensor signals and 
actually they fuse those data and results to give a reliable and feature-rich judgment. 

Stress is the condition when a person fails to react properly to the demands of an internal 
or external situation. It is body's way of responding to any kind of demand. Symptoms for 
example exhaustion, headache, tiredness, fatigue, muscular tension and elevated heart rate are 
common in stressed situation. Human nervous system which is a complex network of 
interconnected nerves or neurons, responds to external as well as internal stimuli. Human 
body experiences various physiological changes during the process while specific instructions 
are sent to various parts of the body to respond to a specific stimulus. One of the actions is 
initiated to enable fight or flight which is the function of Autonomic Nervous System (ANS). 
ANS is divided into two main parts; sympathetic nervous system (SNS) which is responsible 
for stress responses and parasympathetic nervous system (PNS) readies the body for rest and 
relaxation. Heart rate variability (HRV) a variation in heart beat, finger temperature (FT) and 
respiratory sinus arrhythmia (RSA) are the physiological parameters represent the activity of 
ANS and key measures to diagnose stress. However, the diagnosis requires expert experiences 
which are insufficient and it is not always feasible to depend on one measurement. 

Multi-sensor information fusion is the process of integrating data or information from 
multiple sensors to improve quality and accuracy of the information, which cannot be 
obtained using the sources individually. Since the parameters obtained from physiological 
sensors could vary because of individual’s age, gender, physical conditions etc. analyzing 
data from a single sensor could mislead the diagnosis result. The main advantage of using 
data/information from all available sources is that it helps to enhance the diagnostic visibility, 
increases diagnostic reliability and reduces the number of diagnostic false alarms.  
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1.1 Objective 

The purpose of this thesis is to find a suitable method and algorithms for multi-sensor 
information fusion which will provide improve quality of information to diagnosis person’s 
stress. In this thesis a Case-Based reasoning (CBR) system is proposed that helps to diagnose 
‘stressed’ and ‘healthy’ subjects based on several sensor signals. Multivariate Multiscale 
Entropy Analysis (MMSE) [26][27] algorithm has been applied to combine these signals and 
extract features from the signals. This algorithm supports complexity analysis of multivariate 
physical and biological recordings. In addition, HRV, RSA and FT are the measures that are 
used to extract features from the sensor signals which have been used in the CBR system to 
evaluate the system along with the features obtained from fused signals. Analysis of these 
various measures and their results are presented in this thesis. 

1.2 Problem formulation 

Different physiological measures i.e., HRV, FT, RSA reflects the activity of ANS and in 
previous works [57][75][72] CBR system was developed using these measures. However, 
various factors can effects these measures which can mislead the diagnosis result. Since it is 
assumed that data fusion can support better diagnosis, a system is proposed which can classify 
‘stressed’ and ‘healthy’ subjects based on both individual and multiple sensor signals. 
Nevertheless, there are several problems associated with this issue. It is demanding task to 
find a suitable algorithm for data fusion. However, there are already several algorithms exists 
for data fusion but few of them are able to fuse multi channel data. In other words most of the 
algorithms fuse data that are taken from same source over the time. Also some fusion 
techniques can only useful for decision making. Feature extraction from fused data is also a 
critical task. One important issue is choosing right signal processing method. Though Fast-
Fourier transformation commonly uses for frequency domain measures, it has an affect of 
spectrum leakage so, other techniques such as windowing and segmentation is required to 
overcome this problem. For the CBR system it is also required to find out good similarity 
functions without which it is not possible to get effective results. 

1.3 Methodology 

A CBR system is proposed in this thesis using MMSE algorithm for information fusion. The 
system is also considered other physiological parameters i.e., HRV, RSA and FT. RSA 
measure is obtained from ‘peak-valley’ method using heart beat interval and respiratory 
signals which can be considered as another data fusion. In a brief, to monitor driver’s level of 
performance that is to classify ‘stressed’ and ‘healthy’ person data are collected from eighteen 
wheel load operators. Data are also collected from other participants to measure system 
performance and evaluation. For a CBR system one important task is feature extraction and 
selection. From various studies it is found that respiration affects HRV and RSA and these 
three parameters are dependent on each other. Therefore, another method is required which 
will also include independent parameters. MMSE algorithm gives this opportunity to fuse 
multi channel data in which it is possible to consider dependent (HRV, RSA, respiratory) and 
independent (FT, skin conductance) parameters. In summary, two fusion methods are used, 
‘Peak-valley’ and ‘MMSE analysis’ algorithm and three type of evaluation is planned for the 
system; one is based on HRV, RSA and respiratory signals measures, second is FT measure 
and the third is using feature obtain from data fusion which is the purpose of this thesis. 
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1.4 Organisation of Thesis 

The rest of the report is organized as follows: 

Chapter 2: ‘Background’ describes the background of problem domain which is basis of 
this thesis work 

Chapter 3: ‘Approaches and Methods’ describes the various methods and approaches that 
are used in this thesis which includes Case-Based reasoning, entropy and other signal 
processing algorithms. 

Chapter 4: ‘Related work’ explains existing related works on the research topic and 
problem domain i.e., various literature review. 

Chapter 5: ‘Materials and Data Collection’ explains the calibration technique, data 
collection procedure and how data are organised in the system. 

Chapter 6: ‘Feature Extraction and Selection’ describes numerous features extraction 
methods from several sensor signals including after data fusion and also explains features 
selection procedure.  

Chapter 7: ‘Implementation’ explains the design of the proposed system that has been 
implemented in this thesis work. 

Chapter 8: ‘Results & Evaluation’, evaluation of the system is presented in this chapter. 

Chapter 9: ‘Discussion & Future work’, in this chapter a brief discussion is presented on 
the basis of the results and evaluation of the system including limitations that are identified in 
this work. This chapter also summaries the thesis contribution and future work that can be 
done on this thesis further. 
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Chapter 2  

BACKGROUND 

The background of the problem domain which is the basis of this thesis work is discussed in 
this chapter.  

2.1 Information Fusion 

There has been an increasing interest on Information Fusion in the research areas such as 
multi-sensor fusion technology, multi-disciplinary research area etc. In common sense, fusion 
means combining or merging data/information from distinct sources to represent new set of 
information. Several efforts have been taken to define the term fusion and its techniques. 
Various definitions of data/information fusion can be found in [1][2][3][7]. Many papers and 
research society proposed the term “Data Fusion” to use as overall term for fusion. However, 
the term has not always been represented the same meaning and to avoid misunderstanding of 
the meaning, the term “Information Fusion” has been used as the overall term for fusion [1]. 

International Society of Information Fusion has defined Information Fusion in their home 
page as follows [4]: 

“Information fusion is the synergistic integration of information from different 
sources about the behavior of a particular system, to support decisions and actions 
relating to the system. Information fusion includes theory, techniques and tools for 
exploiting the synergy in the information acquired from multiple sources, for 
example sensors observing system behavior, databases storing knowledge about 
previous behavior, simulations predicting future behavior and information gathered 
by humans.” 

Sensor signal fusion which is defined as a subset of information fusion [1] is a method 
that gives the resulting information while using several sensors. Sensor fusion can be defined 
as: “Sensor fusion is the combining of sensory data or data derived from sensory data such 
that the resulting information is in some sense better than would be possible when these 
sources were used individually [1].” Multi-sensor information fusion is the process of 
integrating data or information from multiple sensors to improve the quality and accuracy of 
the information, which cannot be obtained using the sources individually. The advantages of 
using data/information from all available sources is that it helps to enhance the diagnostic 
visibility, increases diagnostic reliability and reduces the number of diagnostic false alarms. 

Boström et al. [2] have proposed a definition for data/information fusion. Their definition 
stressed on transformation of information and the process of transformation (automatic or 
semi-automatic). Moreover, according to them the transformation of information should 
support effectively for decision making either by human or by automated systems. 
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FIGURE 1: Levels of Information Fusion [1] 

Information from multiple sources or same source over time is usually taken for the 
integration and combination to achieve information fusion. Three fusion levels are defines to 
combine different sensor signals [5], 

• Data level is the fusion which combines (unprocessed) sensor data. 
• Feature level is the fusion which combines the features that are extracted from 

different sensors. 
• Decision level is the fusion which combines detections (or detection probabilities) of 

different sensors. 

Three fusion levels depending on the input and output type are shown in figure-1 [1]. For 
Data Input, it is possible to get both data level and feature level fusion depending on the 
output. This is same for Feature Input but in this case the fusion levels are feature level and 
decision level. Unlike Data and Feature Input, Decision Input can produce only decision 
level fusion.  

 
 

 

 

 

 

 

 

 

 

 

 

 

Many studies in the multi-sensor information (data, feature and decision) fusion, attempt 
to answer the questions such as what, where, why, when and how [6]. The definition of 
information fusion answer the question ‘what’. The domains of the application and the 
motivation of the studies generally indirectly answered the questions ‘where’ and ‘why’. Most 
of studies’ effort is to answer the question ‘how’ in details by using various algorithms which 
are derived from different kind of disciplines. Probability and statistics, decision and 
estimation theory, pattern recognition and image procession, fuzzy logic, neural networks and 
artificial intelligence are such disciplines. The question ‘when’ is actually answer the question 
‘when to fuse’ or its complimentary question ‘when not to fuse’. Many fusions related studies 
implied that fusion is always better since combining more information can only help not 
hinder. However, many studies shown that this assumption is not always valid and it can be 
defined, fusion benefits domain. 

2.2 Physiological Parameters 

Physiological signals such as heart rate, respiration, blood pressure, skin temperature are used 
to obtain individual’s level of concentration in terms of tiredness, fatigue and stress. Heart 
rate variability (HRV), respiration sinus arrhythmia (RSA), and respiration and respiration 
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FIGURE 

pattern are the parameters use to measure stress. HRV and RSA can be calculated from the 
heart rate. Inhale and exhale cycle and breathing pattern can be obtained from respi
signal. 

2.2.1. Heart Rate Variability (HRV)

Heart is not operating in a regular, steady rhythm. Even in a resting conditions heart beats are 
irregular and also the signal pattern varies from
varying with the time interval. This beat
time from one beat to the next beat is called the HRV. 
variation in heart rate where each beat appears in different intervals. 

 
 

 

 

 

 

 

 
HRV becomes a parameter in patient chart like other parameters such as pulse, blood 

pressure or temperature. HRV has been used as a diagnosis testing tool in many disease 
processes. Different kinds of medical and clinical disciplines are looking at HRV.

Heart rate is not operating in rhythmic fashion that is the signal is non
the signal pattern varies for person to person. Furthermore, heart rate signal is varies due to a 
range of aspects like age, physical conditions for example, healthy or sick, men, women, 
infant, cardiac disease, neuropathy, respiration, maximum. HRV represents the activity of 
autonomous nervous system (ANS) therefore it is frequently used as a qua
of stress [8]. 

To obtain HRV it is required to extract a noise free inter
from the ECG signal. QRS complex is the major waveform in the ECG and it gives the basis 
to analyze heart rate variability (HRV). The int
called the normal to normal (NN) or the R to R intervals. HRV refers to the beat
alternations in heart rate. The HRV measurements are captured noninvasively
signal. Physiological conditions of a p
are important indicators of cardiac disease. HRV is clinically associated to the lethal 
arrhythmias, hypertension, coronary artery disease, congestive heart failure, organ transplant, 
tachycardia, neuropathy, and diabetes
derive HRV are describes in [
between HRV and stress. 

HRV measures both in time
described the standards of measurement, physiological interpretation, 
articles [10][14-16] also have discussed on the time
of HRV. A framework is also proposed for feature extraction from Car
paper [89]. 
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FIGURE 2: Example of beat-to-beat variation [97]

pattern are the parameters use to measure stress. HRV and RSA can be calculated from the 
exhale cycle and breathing pattern can be obtained from respi

Heart Rate Variability (HRV)  

Heart is not operating in a regular, steady rhythm. Even in a resting conditions heart beats are 
irregular and also the signal pattern varies from person to person. Heart beats are frequently 
varying with the time interval. This beat-to-beat variation in heart rate that is the variation in 
time from one beat to the next beat is called the HRV. Figure-2 [97] shows the beat

rate where each beat appears in different intervals.  

HRV becomes a parameter in patient chart like other parameters such as pulse, blood 
pressure or temperature. HRV has been used as a diagnosis testing tool in many disease 

kinds of medical and clinical disciplines are looking at HRV.

Heart rate is not operating in rhythmic fashion that is the signal is non
the signal pattern varies for person to person. Furthermore, heart rate signal is varies due to a 

nge of aspects like age, physical conditions for example, healthy or sick, men, women, 
infant, cardiac disease, neuropathy, respiration, maximum. HRV represents the activity of 
autonomous nervous system (ANS) therefore it is frequently used as a qua

To obtain HRV it is required to extract a noise free inter-beat-interval (IBI) time series 
from the ECG signal. QRS complex is the major waveform in the ECG and it gives the basis 
to analyze heart rate variability (HRV). The intervals between adjacent QRS complex is 
called the normal to normal (NN) or the R to R intervals. HRV refers to the beat

The HRV measurements are captured noninvasively
signal. Physiological conditions of a patient can depict from the result of HRV data and also 
are important indicators of cardiac disease. HRV is clinically associated to the lethal 
arrhythmias, hypertension, coronary artery disease, congestive heart failure, organ transplant, 

opathy, and diabetes [9][12][13]. Various QRS detection methods used to 
derive HRV are describes in [9] and also gives the basic information about the relation 

HRV measures both in time-domain and frequency-domain and the article [1
measurement, physiological interpretation, and clinical use and 

] also have discussed on the time-domain and frequency
framework is also proposed for feature extraction from Cardiac Rhythm in the 

[97] 

pattern are the parameters use to measure stress. HRV and RSA can be calculated from the 
exhale cycle and breathing pattern can be obtained from respiration 

Heart is not operating in a regular, steady rhythm. Even in a resting conditions heart beats are 
person to person. Heart beats are frequently 

beat variation in heart rate that is the variation in 
shows the beat-to-beat 

HRV becomes a parameter in patient chart like other parameters such as pulse, blood 
pressure or temperature. HRV has been used as a diagnosis testing tool in many disease 

kinds of medical and clinical disciplines are looking at HRV. 

-stationary and also 
the signal pattern varies for person to person. Furthermore, heart rate signal is varies due to a 

nge of aspects like age, physical conditions for example, healthy or sick, men, women, 
infant, cardiac disease, neuropathy, respiration, maximum. HRV represents the activity of 
autonomous nervous system (ANS) therefore it is frequently used as a quantitative indicator 

interval (IBI) time series 
from the ECG signal. QRS complex is the major waveform in the ECG and it gives the basis 

ervals between adjacent QRS complex is 
called the normal to normal (NN) or the R to R intervals. HRV refers to the beat-to-beat 

The HRV measurements are captured noninvasively from the ECG 
atient can depict from the result of HRV data and also 

are important indicators of cardiac disease. HRV is clinically associated to the lethal 
arrhythmias, hypertension, coronary artery disease, congestive heart failure, organ transplant, 

]. Various QRS detection methods used to 
] and also gives the basic information about the relation 

domain and the article [11] has 
and clinical use and 

domain and frequency-domain measures 
diac Rhythm in the 
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FIGURE 3: RSA: beat-to-beat interval during inspiration and expiration [98] 
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Time-domain measures are the simplest way to estimate HRV. In time domain, mean 
heart rate, mean RR interval, the difference between maximum and minimum heart rate, the 
standard deviation of the NN interval (SDNN) and Root mean square of the difference of 
successive RR intervals (RMSSD) are used to measure HRV. 

Frequency-domain measures relate to HRV at specific frequency ranges associated with 
specific physiological processes. A spectral analysis is used to measure HRV in frequency 
domain. A standard spectral analysis routine is applied to sample data and the following 
parameters are evaluated in short term (5-mins) data: Total Power (TP), High Frequency 
(HF), Low Frequency (LF) and Very Low Frequency (VLF). An additional frequency band is 
derived - Ultra Low Frequency for long-term data. The HF power spectrum is calculated in 
the range from 0.15 to 0.4 Hz. HF band is the sign of parasympathetic (vagal) tone and 
variations caused by respiration known as respiratory sinus arrhythmia. The LF power 
spectrum is calculated in the range from 0.04 to 0.15 Hz. LF band reflects both sympathetic 
and parasympathetic tone. The VLF power spectrum is calculated in the range from 0.0033 to 
0.04 Hz. Results shows that in shorter recording VLF shows various negative emotions, 
worries, rumination etc. Ratio of low to high (LF/HF ratio) frequency spectra is used to 
indicate balance between sympathetic and parasympathetic tone. Fast Fourier Transformation 
is commonly used to calculate power spectral density (PSD) of RR series. 

In a nutshell, sympathetic nervous system (SNS) of ANS activates body for “fight or 
flight” behaviors known as stress response which can be indicated by low HRV and 
parasympathetic nervous system (PNS) of ANS involves in “rest and renew” behaviors 
known as relaxation response which can be indicated by high HRV. 

2.2.2. Respiratory Sinus Arrhythmia (RSA) 

Respiratory sinus arrhythmia (RSA) is being widely used as a noninvasive measure of cardiac 
vagal tone. RSA is the natural variation in the heart rate which is associated with respiratory 
cycle. RSA is determined by the respiration patterns and variable influence of the vagus nerve 
on the heart. It is a type of variability found in Heart Rate Variability (HRV). During the 
inspiration, inhibits the activity of vagus nerve, increases the heart rate and decreases the 
HRV. And during the expiration, activates the vagus nerve, decrease the heart rate and 
increase the HRV.  
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Figure-3 [98] shows IBIs scatter in a respiration cycle and RSA can be obtained from the 
variation which occurs during a respiration cycle. A system is considered much healthier 
according to the greater rhythmic variation in the heart rate. Simply it can state that if in a 
resting condition heart rate is varying between 80 and 60 beats per minute that is better than 
varying between 65 and 70 beat per minute. High RSA is inactive of resilience and health on 
the other hand low RSA is indicative of vulnerability to stress and disease. RSA naturally 
decreases with age. Interestingly, it is possible to increase RSA through slow breathing, 
meditation and exercise. 

ECG is used to measure the RSA and there are number of ways to analyze and derive 
RSA. In the time domain RSA can derive by root mean square of successive difference of the 
IBI [17]. RSA can also be derived by Peak-Valley estimation using the time series of IBIs 
combination with the respiration signal [19]. Fourier analysis or Wavelet analysis is used in 
the frequency domain [18].  

In peak-valley method the amplitude of heart rate variations related to each respiration 
cycle is extracted, for example, the difference between the fastest heart rate during inspiration 
and the slowest heart rate during expiration. 

In frequency domain heart rate variability can be analyzed into its frequency 
components by spectral analysis, where the spectral power at the frequency of breathing can 
be extracted as a measure of RSA. 

RSA is one of the components of HRV. Since RSA is the most important component of 
HRV, it is quantified in the same way and with same methods as the HRV quantified. When 
studying the quantified HRV, clinicians are only concerned in specific frequency band, range 
from 0 Hz to 0.4 Hz. Four bands exist within these ranges that are shown in table-1. 

 
Components Range 

ULF 0 Hz to 0.003 Hz 

VLF 0.003 Hz to 0.04 Hz 

LF 0.04 Hz to 0.15Hz 

HF 0.15 Hz to 0.4 Hz 

TABLE 1: Frequency bands of HRV range from 0 Hz to 0.4 Hz 

The HF band is only affected by the parasympathetic system and other bands are affected 
by both sympathetic and parasympathetic system. The High Frequency component (HF) at 
0.25 Hz is related to RSA [20]. 

2.2.3. Respiration 

Respiration influences HRV and RSA, and emotions have connection with respiration. 
Various physiological and psychological activities such as fear, rage, and stress etc., situations 
are common occurrences of panting. As a relaxation method and also as a 
nonpharmacological method for stabilizing various problem such as autonomic and emotional 
dysfunction slow paced breathing has been using for long time. A wide range of research 
areas for example, studies of physiological effects of mental load and stress, analysis of 
physiological correlates of emotions and affect, and finding the physiological responses to 
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subjective distress and psychosomatic disorders are considering respiratory responses as a 
measure [21]. The respiratory cycle consists of an inspiration phase, followed by an 
expiration phase. Tidal volume (VT) (i.e. the volume that is displaced during one breath), 
duration of inspiration (TI), duration of expiration (TE), and total cycle duration (TTOT) are the 
parameters to characterize the breathing cycle. Respiration Rate (RR) and respiratory minute 
volume i.e., the total volume of air that is displaced in a 1 minute period (VMIN) increase and 
VT decrease during the stressful mental task [21]. Change in respiratory frequency and 
amplitude during various psychological activities have been found in several studies [22]. 
Three variables rate, amplitude and inspiration-expiration ratio have been discussed as the 
measurement method of breathing records in the text book Experimental Psychology [22]. 
Several studies reported that respiration response is a function of mental task and stressor and 
it is also suggested that during stressful condition respiration rate increase on the other hand 
decrease while descend in attention on task [22]. 

2.2.4. Finger Temperature 

Skin temperature is one of the physiological parameters, which is used as an indicator of brain 
activity, state of mind, or psychological state. Skin temperature depends on three types of 
factors: a) environment conditions, b) individual variables, and c) cognitive or psychological 
state [28]. When first two conditions are controlled then still skin temperature can vary 1 and 
2 oF due to psychological states. Finger temperature (FT) is one way of recording skin 
temperature. FT variation reflects the activities of sympathetic and parasympathetic nervous 
system of ANS. In response to stress, sympathetic nervous system activates and decreases the 
peripheral circulation and because of it FT also decreases. The opposite situation occurs in 
response to relaxation when parasympathetic nervous system activates [28]. Hence, 
psychophysiological dysfunctions or stress related dysfunctions can be diagnosed by 
monitoring rise and fall of figure temperature. 

Finger temperature is a measure of stress response since the changes of temperature are 
the reflection of blood flow. In a simple word the fundamental rule of these changes can be 
described as colder temperature reflects stress and warm finger temperature reflects 
relaxation. In response to stress SNS activates body’s “fight or flight” system which leads 
heart rate and vital organs speed up and as a result blood flow is directed to the vital organs to 
facilitate the increased level of arousal [29]. Therefore, changes in skin or finger temperature 
occur within a few minutes. The amount of temperature change depends on the stressor and 
also varies on how individual response to stress.  

Stress diagnosis and biofeedback training are less expensive using FT than using other 
measures, which is an advantage usage of FT. Individuals response to stress in their own way 
and figure temperature is a simple and effective method to measure the stress level. 
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FIGURE 4: Steps while features are extracted and a new case is formulated 

Chapter 3  

APPROACHES AND METHODS 

In the proposed system data level fusion is accomplished using entropy estimation 
(Multivariate Multiscale Entropy Analysis) and Case-based Reasoning is used for the 
classification of physiological signals. There are also signal processing methods i.e., Fast 
Fourier Transformation (FFT), Auto regressive method, Discrete wavelet transformation used 
to develop the system. Figure-4 shows the approaches which includes data collection from 
external source, feature extraction for HRV, RSA, respiration and finger temperature (FT) and 
data-level fusion using MMSE algorithm to get features of fused signals and Case formulation 
for CBR implementation. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3.1 Signal Processing Methods 

Signal processing algorithms are generally used in frequency domain measures of 
physiological sensor signals. Fast Fourier Transformation (FFT), Autoregressive methods are 
used for frequency domain measures and Discrete Wavelet Transformation is used in time-
frequency domain measures. 
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3.1.1. Fast Fourier Transformations (FFT) 

In signal processing one of the popular methods is Discrete Fourier Transformation (DFT) 
which is used in various application for example, spectrum analysis, correlation analysis etc. 
It transforms one function to another which takes discrete signal in time domain and 
transforms it into frequency domain representation. It will not be possible to compute the 
Fourier transform with a microprocessor or DSP based system without the discrete-time to 
discrete-frequency transformation. There are several ways to calculate DFT. However, one 
concerns of DFT calculation is time complexity and Fast Fourier Transformation (FFT) is fast 
and efficient method to compute DFT. The Cooley-Tukey (Radix-2) FFT algorithm is popular 
algorithm for rapidly computing the DFT of digital signal. The Cooley-Tukey requires the 
number of points in the series be a power of two. FFT is defined by the eqution-1 
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Where n is integer ranging from 0 to N-1. The Radix-2 algorithm first computes the 
DTFs of the even indexed inputs x2m(x0,x2,x4,….,xN-2) and of the odd indexed inputs 
x2m+1(x1,x3,….xN-1) and the final result is produced by combining those two results and  
equation are shown in equation-2 and equation-3. 
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3.1.2. Autoregressive Method (AR) 

Autoregressive (AR), a signal processing method which is used to calculate the output of a 
system based on the preceding outputs. The definition of AR can be expressed by the 
equation-4 

� = �����	� + ��
��
  (4) 

Where ais are the coefficients of AR process, xt is the series under analysis, N is the order 
and et is a white noise process. A white noise process et is a random process with zero mean, 
for which the correlation sequence is  

� (!) = " 0, # ≠ 0
σ �, # = 0 % (5) 
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AR process is one of the parametric methods and more complex than non-parametric 
methods in terms of computation and methodology. This is because parametric methods 
require a priori choice of the structure and the order of the model of the signal generation 
method. Details of AR method for non-stationary physiological signal can be found in the 
paper [92]. 

3.1.3. Discrete Wavelet Transformation (DWT) 

DFT can be used for non-stationary signals; however, it works well when the signal is 
stationary. One important issue of DFT is we can know what frequency band exits at what 
time intervals but it is not possible to know what frequency exists at what time intervals.  This 
issue is known as “uncertainty principle”. So DFT can be useful if we are interested in what 
frequency components exist in the signal but not interested where these occurred. Wavelet 
transformation can be used to overcome the “uncertainty principle” that is, if we want know 
what frequency components exist at what time interval. DWT also has several algorithms like 
DFT. “Daubechies 4” algorithm is most commonly used algorithm formulated by Ingrid 
Daubechies. The “Daubechies 4” algorithm consists of four wavelet and scaling function 
coefficients. Scaling function coefficients are shown in equation-6 to equation-9 

ℎ� = 1 + √34√2  (6) 

ℎ
 = 3 + √34√2  (7) 

ℎ� = 3 − √34√2  (8) 

ℎ+ = 1 − √34√2  (9) 

 

Scaling function is applied to the data input in each steps of the wavelet transform, for 
example if there are N values in the original data set then to calculate N/2 smoothed values, 
scaling function will be applied in the wavelet transformation step. The lower half of the N 
element input vector is used to store the smoothed values of the ordered wavelet transform. 
The wavelet function coefficient values are: g0 = h3, g1 = -h2, g2 = h1 and g3 = -h0. Wavelet 
function is applied to the input data in each step of the wavelet transform, for example if there 
are N values in the original data set then N/2 differences will be calculated by applying 
wavelet transform. Wavelet values of ordered wavelet transform are stored in the upper half 
of the N element input vector. Inner product of the coefficients and four data values are taken 
to calculate the scaling and wavelet functions. The equations are shown below: 

“Daubechies 4” scaling functions: 

�� = ℎ,-�� + ℎ
-���
 + ℎ�-���� + ℎ+-���+ (10) 

�./0 = ℎ,-.2/0 + ℎ
-.2/ + 10 + ℎ�-.2/ + 20 + ℎ+-.2/ + 30 (11) 

 

“Daubechies 4” wavelet functions: 

1� = 2,-�� + 2
-���
 + 2�-���� + 2+-���+ (12) 
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FIGURE 5: Decompostion Steps of  DWT 

1./0 = 2,-.2/0 + 2
-.2/ + 10 + 2�-.2/ + 20 + 2+-.2/ + 30 (13) 

 

The decomposition by DWT is shown in figure-5 [93-95], where a signal is passed 
through a high pass filter and low pass filter and the coefficients are taken from high pass 
filter and the output of low pass filter is passed again through high and low pass filter for next 
level of transformation. 

 
 

3.2 Entropy 

The entropy is a quantification method of uncertainty which is associated with a random. The 
expected value of information can be quantified by entropy which is contained in a message. 
If X is a single discrete random variable than the entropy H(X) is measure of its average 
uncertainty. Equation-14 is used to calculate entropy: 

3(�) = 	−	�4(��)�
��
 5624(��) (14) 

Where X is the random variable with n outcomes that is � =	 7��: / = 1,2, … , 9:  and 4(��) is the probability mass function of ��. Equation-1 is refers to as Shannon Entropy. 

Entropy has gained focus to quantify complexity of physiological signals in healthy and 
disease systems. Healthy systems have greater adaptability and functionality than disease 
systems. In many studies it is found that disease, aging, drug toxicities degrade the 
physiologic information content and reduce adaptive capacity of the individual. Therefore, 
loss of complexity became a common feature in pathologic systems analysis [23] and it can 
be express by the condition: “Complexity (healthy systems) > Complexity (pathologic 
systems)”. 

Traditional entropy methods were applied on physiological or biological sensor signals 
however; all of these methods support entropy estimation only on univariate/channel data. 
The traditional entropy-based algorithms are used to quantify regularity of time series on a 
single scale, such algorithms are Shannon entropy, Kolmogorov-Sinai (KS) entropy, 
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Approximate entropy and Sample entropy. Pincus has developed the Approximate Entropy 
(ApEn) which has widely been used in clinical cardiovascular studies [24]. However, 
Approximate Entropy has two drawbacks; first, it’s intensively dependent on recording length 
and second, if ApEn is measured on two datasets and for instance if the result of one dataset is 
higher than the other dataset; in that case for all test conditions the expected result should be 
higher but in such cases the algorithm fails to provide the expected (i.e., higher) result. To 
overcome the problems Richman et al. [24] have introduced the Sample Entropy (SampEn) 
Algorithm. They have found that SampEn satisfies entropy theory more accurately than 
ApEn. The SampEn is the basis of the Multivariate Multiscale Sample Entropy (MMSE) 
[26][27] algorithm which is used in the proposed system. 

The basic idea is that entropy increases with the increase of disorder in a system and for a 
completely random system the entropy reaches its maximum possible value. Nevertheless, 
increase in entropy does not necessarily always associate with the increase in dynamical 
complexity [23]. Researchers observed that traditional single scale entropy estimate tends to 
yield lower entropy in time-series data than for their surrogate series data. Shuffling the 
original data can form the surrogate series data. The shuffled data are more irregular and less 
predictable than the original data and correlation commonly encompasses several time scales. 
Thus, the surrogate data generating process destroys the correlation and degrades the 
information content of the original time series data. Costa et al. [23][25] have introduced a 
new method Multiscale Entropy Analysis (MSE) which by discovering the dependence of 
entropy estimates on multiscale shows that original time series are more complex than their 
surrogates. In their study they have found that MSE strongly separates healthy and diseased 
groups. They have applied MSE to analyze heartbeat intervals time-series on three groups of 
subjects: healthy subjects, patients with severe congestive heart failure and patients with the 
cardiac arrhythmia and atrial fibrillation. The results show that the system has distinguished 
all the three groups.  

In the proposed system, for the data level fusion, MMSE [26][27] algorithm which is 
derived from the multi-scale entropy analysis is used to measure systems complexity. The 
MMSE supports entropy estimation of multivariate/channel data where traditional entropy 
algorithms quantify regularity of time series on a single channel. There are mainly two steps 
to calculate the multivariate multiscale entropy (MMSE) analysis and they are: 

a) Define temporal scales by averaging p-channel time series using the coarse graining 
method. The coarse-grained process is obtained by the equation-15 

;<�ε = 1
ε
� �<,�	=ℎ�	1 ≤ ? ≤ �

ε

�ε
��(�	
)ε�
  (15) 

Where, N is number of data points in every channel,@�<,�A��
� B = 1,2……4, is a 

p-varieties time series, C is the scale factor,  k =1,….,p  is the channel index and yE,Fε  is 
the coarse-grained data. 

b) Evaluate multivariate sample entropy (MSampEn) for each coarse grained 
multivariate data.The MMSE analysis returns a linear vector based on the scale factor. 
To calculate MSampEn, for each p-variate time series a composite delay vector has 
been constructed using Equation (16)  
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Where M = [m1, m2, m3,….,mp] ∈ Rp is the embedding vector, # = [#1,#2,……#p] the 
time lag vector and composite delay vector( ) m
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Estimation of MSampEn is presented in Equation (17) 
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Where M is embedding vector, # is time lag vector, r is threshold and N is multivariate 
time series Bm and Bm+1 are the frequency of occurrence for the length m and m+1 
respectively. 

 

A detailed description of the MMSE algorithm is available in [26][27]. 

3.3 Case-Based Reasoning (CBR) 

Case-based reasoning (CBR) is an artificial intelligence (AI) approach that capitalizes on 
past experience to solve current problems. In the CBR system previously solved and 
memorized problems are known as cases which can be reused for new problem solving 
[90][91]. CBR is different from other artificial intelligence (AI) methodologies that are most 
of the AI techniques such as neural network, Bayesian network or decision trees usually over 
generalize the problem. Aamodt and Plaza in [90] have described the CBR cycle which 
contains four parts that are Retrieve, Reuse, Revise and Retain. The CBR cycle is shown in 
figure-6 [90]. 

In the CBR cycle retrieve is the most similar cases in the case library, reuse means use 
the information of the retrieve cases to solve a problem, revise is proposing solution and 
retains is keep the experience to use in future for solving new problem. For example, when a 
new problem is come it is than a new case for the CBR system and similar cases of the new 
case are retrieve to solve the problem. If prior knowledge or cases are able to solve the 
problem then it is considered as reuse. Then in the revise process the new solution is tested to 
check is it a success or failure. If success is received from the revise process then the new 
solution and case is considered for future use and in the retain process useful experience is 
save for future use and the case base is updated by the new case or modifying existing cases. 
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Chapter 4  

RELATED WORK 

This chapter describes the related works and various research studies that have been done 
over the years on the problem domain of this thesis. 

4.1 Information Fusion and Entropy 

Information fusion is one of techniques that has been using in the recent years to measure 
physiological data to get more accurate results. Heart rate estimation using sensor fusion is 
described by Mehboob H et al., in the paper [79]. Their objective was to develop a method to 
combine heart rate measurements which have been collected from multiple sensors and to 
fulfill three purposes: a) heart rate estimation that is artifact free, b) every heart rate estimate 
is linked by a confidence value to indicate correct estimation and c) to get heart rate 
estimation which is more accurate than getting the estimation from single sensor. The basic 
hypothesis of the proposed algorithm was that the underlying errors, both nominal and 
artifactual, can be represented by Gaussian probability density functions. In the experiment it 
is found that nominal error is well represented as zero-mean Gaussian density function. They 
have developed a model based on the observation which performs well using the clinical data. 
Guosheng Yang et al. in the article [80] represent a model to detect driver fatigue based on 
information fusion, Bayesian network and physiological features. 

Entropy estimation has been used in many clinical research studies for classification and 
feature extraction. These research studies include biological signal processing, breast cancer 
diagnosis, EEG signal analysis of sleep stage etc. Costa et al. in [25] have used Multiscale 
Entropy Analysis (MSE) for biological sensor signals. They applied the method on heart-beat 
intervals and later to the analysis of coding and non-coding DNA sequences. In the first case 
for clinical classification, the slopes for small and large time series are the two features 
extracted from the MSE curves. The MSE applied on scale factor 20 and the first feature is 
the slope of the curves identified by values of sample entropy within the scale factor 1 and 5 
and the second feature was extracted in the same way between the scale factor 6 and 20. Costa 
et al., in their study found that MSE strongly separates healthy and disease groups. They 
apply MSE on three groups of subjects to analyse heartbeats intervals time series, derived 
from healthy subjects, patient with severe congestive heart failure and patients with the 
cardiac arrhythmia, atrial fibrillation. The results distinguished all three groups. 

Singh and Singh in their paper [81] have also used entropy measures for Texture Feature 
Extraction in Digitized Mammograms.  Mammography is most useful, cost effective and 
highly sensitive method for the early detection of breast cancers. However, there are some 
difficulties such as mammograms have low contrast compared with normal breast structure 
and sign of early disease are often small or stable and it causes many missed diagnosis. Usual 
mammogram contains lot of heterogeneous information and its high dimensioned features 
vectors degrade the diagnosis accuracy. The appearance, structural and arrangement of parts 
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of objects within images refer as the texture of images which is an important characteristic for 
classifying normal and abnormal regions in mammograms. In the paper Shannon and three 
Non-Shannon (Renyi, Kapur and Havrda & Charvat) entropy measures are used since entropy 
is an important texture feature. From their study they have found that Havrda & Charvat of 
Non-Shannon entropy based feature works satisfactorily to classify normal, benign and 
malignant mammograms images. 

Wang et al in [82] have used approximate entropy (ApEn) to extract feature from 
Electroencephalogram (EEG) signals. Because of the complexity and variability of EEG 
signal it is a demanding task to analyse and extract feature from EEG signal. In the study, 
approximate entropy has been used combining bispectrum analysis to extract feature from 
single sleeping EEG signal of rats. Different methods such as time frequency analysis, 
frequency domain analysis, and wavelet analysis have been widely used for feature extraction 
and classification of sleeping stages. However, these methods are not easy enough to extract 
features effectively and to separate/categorize into different sleeping stages in real time using 
the sleeping EEG signal. Also, this signal of rats is very weak, non-smooth random signal. 
The results of the study have provided a new way of feature extraction from non-stationary 
signals and from the analysis of ApEn it is found that features of bispectrum are very effective 
to analyze and diagnosis of brain diseases and for intelligent recognizing. Wu and Neskovic 
in paper [83] and Wu et al. in paper [84] have showed that entropy estimation can be used for 
feature extraction for classification purpose. In both the papers, entropy has been used for 
features extraction from EEG signal. Though there are different common methods such as 
power spectrum analysis, auto-regression (AR) analysis, independent component analysis 
(ICA) for feature extraction from EEG signal, entropy based method has been used to 
distinguish cognitive states and it has been found that entropy during the resting state is 
higher than the entropy during the different cognitive tasks [84]. Winter et al. in [85] 
proposed a new algorithm for feature extraction based in the selection of a given range of 
scales. They have used multiscale analysis on aerial images to extract the objects that appear 
within the given scales. The good results of entropic scalar detector of their study shown that 
in image analysis; scale is a relevant detection parameter for some object. In paper [27] 
MMSE is used to evaluate multivariate real world recordings. Human stride interval analysis, 
three-dimensional wind measurements from different dynamical regimes and bivariate 
physiological data (breathing and heartbeats) from young and elderly subjects are presented in 
the paper using MMSE algorithm. 

4.2 HRV, RSA and Respiration 

Heart rate variability represents the activity of autonomous nervous system and frequently 
used as a quantitative indicator of stress. The effects of stress and psychiatric conditions on 
HRV are well described in [30][31]. During stress SNS activate which leads to decrease of 
HRV and in relaxation PNS activates and HRV increase. These pattern have been found in 
many studies for the conditions i.e., acute laboratory psychological/cognitive stressors 
(mental arithmetic, reaction time tasks, Stroop interference task, or speech stress), real-life 
acute stressors (college examinations, earthquakes, typical day-to-day hassles) [30]. To assess 
the sympathetic nervous system HRV has become as a simple non-invasive method among 
the other available non-invasive methods. HRV has been used in various clinical conditions 
such as diabetic neuropathy, myocardial infarction (MI), sudden death and congestive heart 
failure (CHF) [31]. In the paper [31], author has reviewed the mechanism, parameters and the 
use of HRV as a marker which reflects the activity of SNS and also as a clinical tool for 
screening and identifying patients particularly at risk for cardiac mortality. Various studies 
including [32-35] have been done to diagnosis stress using HRV analysis.  
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Taelman et al. in [32] conducted a test to measure HR and HRV within an imposed 
stressful condition. Their aim was to find out the influence of mental stress on HR and HRV 
and also relation among HR, HRV and mental stress on group level and for individual 
changes. They recorded the measures of HR and HRV of 28 subjects at rest and with mental 
stressor situations and they used mensa test as mental stressor. The results of the study shown 
that mental task causes the reduction of short term HRV. The main aim of study in [34] was 
to assess response of stress on physical and mental workload and also the effect at rest 
condition. The results of the study show that HRV indices of PNS are sensitive indicators of 
mental stress. Time domain and frequency domain measures of HRV are also used in [36] to 
test the hypothesis that significant changes occur in SNS by the short-term psychological 
stress. Result of the experiment shows that HRV in time and frequency domain has been 
decreased to a significant amount during the psychological stress and the authors also suggest 
that HRV analysis is a cost effective and suitable method to detect short term sympathovagal 
balance. HRV analysis has been also used in various disease related studies [35-41].  

NASA Task-load Index (TLX) questionnaire is the current standard for measuring 
cognitive workload [42]. TLX measures workload on six subscales. RSA can also use to 
measure workload as TLX does. Results showed in [42], that during dual task paradigm, 
where high workload and low work load conditions are used, it is found that RSA was 
significantly low in high task load condition than the low task load condition. In a simple 
word, HRV in the RSA frequency is inversely proportional to the complexity of the task [42]. 
In [43] RSA was examined in relation to state and trait anxiety in healthy individuals. Their 
result showed that higher RSA magnitude for individuals with higher state anxiety and low 
RSA magnitude for individuals with low state anxiety. Tininenko J.R. et al., investigate the 
effect of talking on RSA within controlled respiration [45]. The results of the study show that 
respiratory parameters influence the RSA values.  RSA significantly decreased during talking 
condition and they have also compared two methods of reparatory control which are paced 
breathing and neutral talking baseline. Both methods produced similar results which suggest 
that any one of two can be useful means for influences on RSA. Frey, A.W et al. in [46] also 
shows that RSA depends on the respiratory rate. They have found that RSA depends on 
respiratory rate in a non-linear way. Different RSA patterns of distinct psychophysiological 
conditions from several case studies have been presented in the paper [47]. More on, 
respiratory influences on RSA can be found in the articles [44][48-50]. Cardiovascular 
responses to stress and the relation with RSA are discussed in the paper [51]. 

In [52] studied HRV on six different respiration rate. HRV was measured in time domain 
and frequency domain. In the time domain HRV was measured in terms of SDNN, RMSSD 
and pNN50 and in the frequency domain HRV was measured in terms of LF power (0.05–
0.15 Hz), HF power (0.15–0.45 Hz), and the ratio (R) of LF to HF. None of the three time 
domains HRV measurements had any statistical dependence on respiration rate. But in the 
frequency domain HRV measurements, decrease of respiration rate shifted the RSA into LF 
range or even below LF range. In conformity with the shift, LF power was increased in the 
same time HF was reduced which made an increased ratio of HF to LF power. The result 
shows that respiration rate via RSA effects HRV measurement in frequency domain. In [53], 
the researchers employed respiratory rate 3, 4, 6, 8, 10, 12, 14 breaths per minute to examine 
the effects of these rates on HRV. Higher HRV amplitude generally produces by slower 
respiratory rate than faster respiration rate. The result in the study shows the relationship 
between HRV amplitude and respiratory frequency which is during paced breathing exercises 
there is a mostly inverse relationship between RSA and Respiration rate. 

Not only controlled or specific range of breathing affects the HRV and RSA but also 
different workloads effect on respiration, RR interval and RSA. The effect of free talking and 
reading, silently and aloud, on respiration, RR and blood pressure (BP) are studied in [54]. In 



 

20 

this study researcher also compared spontaneous breathing to controlled breathing and mental 
arithmetic, silent or aloud. They used autoregressive power spectrum analysis to obtain LF 
and HF bands in RR and BP. Their results showed respiration increase during reading silently 
in comparison to spontaneous breathing and decrease mean RR and HRV. While Reading 
aloud, free talking and mental arithmetic tasks, the respiratory frequency shifted into the LF 
band which increase LF% and decrease HF% to a similar degree in both RR and respiration, 
with decrease in mean RR but with minor differences in rough HRV. 

4.3 Finger Temperature 

Like HRV and RSA, finger temperature (FT) also is a measure of stress. Grant Newton et al. 
[55], in their study examined the emotional stress on FT. Two role-playing situations used for 
the experiment where one role was manager and the other was salesgirl. The aim of the 
experiment was to produce strong positive and negative feeling between the two roles. The 
manager proceeded to praise, promotes and congratulates one group of employees in the 
positive interview and the same manager in the negative interview, criticized other group for 
poor efficiency and informed that their employment was terminated. Results showed that 
finger temperature of employees got negative treatment decreased and increased in the 
employees who got positive treatment. Finger temperature response on stress and relaxation 
has been discussed in the article [56]. Three experiments conducted in the study, a) 
investigate the basic parameters of finger temperature, b) subjects were evaluated from 
relaxation state to a stress stare and vice versa to observe finger temperature changes and self-
report of arousal, c) replication of experiment 2 where a measure of skin conduction, pulse 
rate and a control group also included. Result of experiment-1 shows that even though initial 
finger temperature influenced by the factors such as gender and outside temperature, after a 
certain time individual’s finger temperature are either relatively cool or warm. The main 
finding of the experiments was that finger temperature decreased in the stress conditions and 
increased in the relaxation conditions. Finger temperature also used as a measure in the 
articles [57-60] to diagnose and classify stress.  

Effects of stress and psychological events on finger temperature also discussed in the 
articles [61] and [62]. Hsiao-Pei Lin et al. in [61] not only examined the affects of stress on 
finger temperature but also on heart rate and skin conductance. They categorized the subjects 
into three depression groups (normal, low-risk and high-risk) under stress and non-stress 
conditions. To separate low-risk and high-risk depression individuals they used Beck 
Depression Inventory -II (BDI-II). They found that only finger temperature was affected by 
the stress and depression interaction. Stress significantly impacted on finger temperature, 
heart rate and skin conductance but not by depression. Moreover, they found that stress 
increases the heart rate and skin conductance and decreases the finger temperature. FT is also 
an effective parameter for patients with Raynaud's syndrome [63][64]. 

4.4 CBR 

Case-Based reasoning (CBR) is an artificial intelligence approach which is an active research 
area and well established method in the health sciences. Over the years CBR becomes 
distinguishable because of richness in research in the health sciences. Recent advancement 
and development of CBR in health sciences can be found in articles [65-69]. CBR system is 
using in many application domains of health sciences which are presented in the articles 
[65][66][70]. In the paper [70] pioneering CBR system are listed with their application 
domain, type of task and date. Begum S. et al., in the paper [66] have represented a survey of 
recent trends and development of CRB system in health sciences. They have summarized 
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more than thirty CBR applications in their result. Nilsson M. and Sollenborn M. have 
presented advantages and disadvantages of CBR in the medical domain in the paper [69]. 
Like physicians CBR systems use previous knowledge to diagnose patients, built upon 
existing cases and knowledge increments, every time new case added to the system. Since 
medical records are collected by the experts and stored on machine readable mediums it 
simplifies the integration process with CBR system. However the weakness of CRB system 
lies in adaptation and unreliability [69]. Authors have also divided the system properties into 
two types, purpose-oriented and construction-oriented. Previous one was characterized by 
considering its action i.e., classification, planning, diagnosis, and tutoring and the later was 
depending on the construction type i.e., adaptation, hybrid system varying degrees of 
automaticity.  

Many works have been done for stress diagnosis using physiological parameters i.e., 
HRV, RSA and FT analysis. However, very few have been found which consider CBR as a 
method for the diagnosis. Case-Based reasoning system for stress diagnosis using RSA 
analysis can be found in the articles [71-73]. A decision support system was developed which 
contains a signal classifier and a pattern identifier. RSA patterns are classified and stored in 
the system and for a new case the system searches for familiar shapes in the signals. In that 
system heart signals are classified for stress related disorders then the second subsystem 
pattern identifier analyse these classified signals and seek out for familiar patterns by 
identifying sequences in the classified signals. Begum S et al. in the articles [57][58][74] have 
described a stress diagnosis system using CBR and finger temperature. In these papers they 
have discuss about the data collection and calibration, method of feature extraction, case 
representation in CBR and matching techniques of similar cases. Later the authors have also 
used HRV analysis is used with CBR for stress diagnosis which can be found in the paper 
[75].  

In a recent work [76] Begum S. et al. have presented a CRB system to classify 
physiological sensor signals using MMSE entropy algorithm. Azuaje et al. in [77] shows a 
case based reasoning and knowledge discovery model for information fusion. Three data 
fusion methods are discussed in this paper based on signal data and database records from the 
heart disease risk estimation domain. In this paper they have presented three fusion models, 
where two models fuse information at information retrieval-outcome level and the other 
combines data at discovery input level. They have compared the fusion model with the single 
source model and from their study it is found that fusion of information at retrieval outcome 
level are better than using single source. Policastro et al. [78] have used CBR with three 
Machine Learning algorithms (MI) where MI techniques are used for sensor fusion. They 
used hybrid CBR and a set of experiments implemented and then compared with individual 
machine techniques. The results showed that hybrid CBR improves the accuracy of the 
system. 
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Chapter 5  

MATERIALS AND DATA COLLECTION 

Five physiological sensor signals heart rate (HR), inter-beat-interval (IBI), finger temperature, 
skin conductance and respiration are used in the developed system. IBI signal used in HRV 
analysis, IBI and respiration used in RSA quantification. Features extraction and CBR also 
implemented using finger temperature and for data level fusion all five signals are used in 
MMSE algorithm. These five sensor signals are collected by “cStress”, a third-party software. 
Since individual’s has different response to workload and stress, some sort of calibration is 
required to correctly evaluate the psychophysiological measures. To collect data a 
psychophysiological stress profile (PSP) has been designed which is a standard procedure in 
clinical work with patients with stress related dysfunctions. Table-2 taken from [86] shows 
the PSP which has been used to create an individual stress profile. It is implemented in 
cStress software. Details of data collection and calibration method have been described in the 
articles [59][86]. 

 

Step Parameter Observation 
Time 

Description 

1 Base Line  3 min Relaxed silent of a neutral text 

2 Deep Breathing 2 min Deep breathing under guidance, approximately 6 
bpm 

3 Verbal Stress 2+2 min Two periods of thinking about a stressful 
situation, feedback and guidance in-between 

4 Relax 2 min Relaxing with closed eyes, normal breathing 

5 Math Stress 2 min Counting aloud backwards from 2500 in steps of 7 

6 Relax 2 min Relaxing with closed eyes, normal breathing 

TABLE 2: Psychophysiological Stress Profile used to collect data [86] 

Data have been collected from eighteen male wheel loader operators while they were 
operating the wheel loader [86].  PSP procedure was followed during the data collection using 
cStress software. Later following same PSP procedure and using same apparatus and 
software, data were collected from several persons in laboratory environment. 

Five sensors signal data have been exported in text or excel files from cStress software 
where text file contains raw data and excel file contains sampled data. The developed system 
imports these files as input and processes these data for feature extraction. Interpolation 
method has been used for sampling for the text file data.  
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FIGURE 7: Steps of feature extraction usinf MMSE and a new case is formulated
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Chapter 6  

FEATURE EXTRACTION AND SELECTION 

Data fusion has been done using MMSE algorithm which provides new features for CBR 
analysis. Moreover, four physiological measures are also considered from the sensor signals 
which are HRV, RSA, Respiration and FT. Features are extracted for these four different 
types of measurements. In previous works [57][60][75] HRV and FT features are used for 
classification and here they are considered for system evaluation. Feature selection mainly 
required for HRV since there are various measures in the standard of HRV measurements. In 
addition not all are need for stress diagnosis and some features require data recording of 24 
hours. The following sections first describe feature extraction from entropy analysis using 
MMSE algorithm and after that from HRV, RSA and respiration at last from FT measures.  

6.1 Entropy 

In the proposed system, MMSE algorithm is applied on five sensor signal measurements (i.e., 
HR, IBI, FT, SC and RR) to quantify complexity of the sensor signals. A schematic diagram 
of the feature extraction and case formulation using MMSE is shown in Figure-7.  

In the MMSE analysis, the first step is to define temporal scales by averaging p-channel 
time series using the coarse graining method and then in the second step, evaluate 
multivariate sample entropy (MSampEn) for each coarse grained multivariate data. To 
calculate MSampEn the algorithm forms a composite delay vector from the coarse grained 
data and its two important embedding parameters are mk and τk. A detailed description of the 
MMSE algorithm is available in [26][27]. In this study for MMSE analysis, we consider the 
embedding vector parameters, mk=2 and τk=1. 

 

 

 

 

In this study for MMSE analysis, we consider the embedding vector parameters, mk=2 
and τk=1. The coarse-grained process is obtained by the following equation: 

;<�ε = 1
ε
� �<,� 	=ℎ�	1 ≤ ? ≤ �

ε

�ε
��(�	
)ε�
  (18) 

Where, N is number of data points in every channel, @�<,�A��
� B = 1,2……4, is a p-

varieties time series, C is the scale factor,  k =1,….,p  is the channel index and bE,Fε  is the 
coarse-grained data. The MMSE analysis returns a linear vector based on the scale factor. The 
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scale factor is highly dependent on the length of data. However, the MMSE estimates are 
consistence for data length N ≥ 300 [26]. Here, for the croase-grained process the scale factor 
is considered 10 because of at the scale 10 the shortest data series has greater than 300 data 
points. An example of the coarse-grained process up to scale factor 2 and 3 is shown in 
Figure-8. As we measure MMSE for scale factor up to 10 it returns a vector of length 10 as a 
result of MMSE estimation for each recording. Thus, these 10 values are considered as the 
features for each recording. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure-9 shows the average of MMSE analysis for 12 healthy and 6 stressed cases 
(classified by an expert). As can be seen from the figure-9, at a specific point (approximately 
after the scale factor 7) stressed cases possess a lower complexity value than the healthy 
cases. Afterwards, this difference (i.e., lower complexity value for stressed cases) remains 
constant for the rest of the scale factors. However, it is not always true for individual 
recordings. Figure-10 and Figure-11 show the MMSE analysis results for the 12 healthy and 6 
stressed cases respectively. From Figure-10 and Figure-11 it is shown that MMSE varies a lot 
depending on individuals.  
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FIGURE 8: Illustration of coarse-grained process in mmse for scale factor2 and scale factor3

FIGURE 9: Average of mmse analysis for 12 healthy and 6 stressed cases 
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The 15 minutes recoding contains six sessions data which are baseline, beep breathing, 
verbal stress, relax, math stress and relax [59] and 10 features are extracted from each 
recording. As the scale factors in MMSE depend on the length of data set (changes become 
significant for a large datasets) we have considered full 15 minutes recording instead of taking 
session-by-session data for a reliable estimation. Table-3 shows the list of features obtain after 
MMSE analysis.  

FIGURE 10: MMSE analysis for 12 healthy cases 

FIGURE 11: MMSE analysis for 6 stressed cases 
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TABLE 3: Features obtained from MMMSE entropy analysis 

No Feature No Feature 

1 Scale1 6 Scale6 

2 Scale2 7 Scale7 

3 Scale3 8 Scale8 

4 Scale4 9 Scale9 

5 Scale5 10 Scale10 

6.2 Respiratory Sinus Arrhythmia (RSA) and Respiration 

RSA features are obtained in time domain and frequency domain. In time domain Peak-Valley 
method [87][88] is used to obtain features. RSA measure utilized both IBI and respiratory 
data. In the respiratory signal inspiratory period is used to identify the shortest IBI (peak) and 
expiratory period to identify the longest IBI (valley). The RSA score is the difference which is 
count for each breath cycle i.e. shortest IBI corresponding with inspiration is subtracted from 
the longest IBI corresponding with expiration. For all respiration cycles RSA is scored in this 
way and then mean RSA is estimated by adding all RSA scores and divided by the number of 
respiration cycle. To include a RSA score, shortest IBI within an inspiratory window must be 
preceded by a longest IBI occurring within an expiratory window. In the same way to count a 
valid valley a longest IBI occurring within an expiratory window must be preceded by a 
shortest IBI within an inspiratory window. Otherwise the RSA count is considered as zero 
[87][88]. After count all valid RSA maximum, minimum and mean RSA are selected as 
features for the entire recording. RSA is a component of HRV in frequency domain measure 
and it reflects in the HF component of HRV. Therefore the in frequency domain HF 
component of HRV which lies between the frequency band 0.15 Hz to 0.4 Hz is considered as 
feature. Selected list of features are presented in the table-7. 

TABLE 4: List of selected RSA Features 

Variable Unit 

Time domain 

Maximum RSA Count 

Minimum RSA Count 

Mean RSA Count 

Frequency domain 

HF ms2 

 

Two features, one in time domain and other in frequency domain are extracted and 
selected for respiration measures. Mean respiration rate is obtained in time domain and like 
HRV; using power spectrum analysis frequency feature is extracted. Dominant respiration 
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frequency (DRF) is the maximum energy frequency which lies between the frequency range 
0.1 Hz and 1.5 Hz [96] is selected as a feature. Respiration features are listed in table-8. 

TABLE 5: List of Respiration Features 

Variable Unit Description 

Time domain 

Mean RR bpm Average respiration rate i.e., breath per minute 

Frequency domain 

DRF  maximum energy frequency in the frequency 
range 0.1 Hz and 1.5 Hz 

6.3 Heart Rate Variability (HRV) 

Time domain and frequency domain methods are used to extract features for HRV analysis. In 
HRV analysis time-frequency domain method is also used for feature extraction. Standard 
HRV’s measurements of time domain and frequency domain taken from [11] are listed in 
table-3 and table-4 respectively. 

TABLE 6: List of HRV time domain features  

Variable Units Description 

Statistical measures 

SDNN ms Standard deviation of all NN intervals. 

SDANN ms Standard deviation of the averages of NN intervals in all 5 min 
segments of the entire recording. 

RMSSD ms The square root of the mean of the sum of the squares of 
differences between adjacent NN intervals. 

SDNN index ms Mean of the standard deviations of all NN intervals for all 5 min 
segments of the entire recording. 

SDSD ms Standard deviation of differences between adjacent NN intervals. 

NN50 count  Number of pairs of adjacent NN intervals differing by more than 
50 ms in the entire recording. Three variants are possible counting 
all such NN intervals pairs or only pairs in which the first or the 
second interval is longer. 

pNN50 % NN50 count divided by the total number of all NN intervals. 

 

Geometric measures 

HRV triangular 
index 

 Total number of all NN intervals divided by the height of the 
histogram of all NN intervals measured on a discrete scale with 
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bins of 7·8125 ms (1/128 s). 

TINN ms Baseline width of the minimum square difference triangular 
interpolation of the highest peak of the histogram of all NN 
intervals 

Differential 
index 

ms Difference between the widths of the histogram of differences 
between adjacent NN intervals measured at selected heights (e.g. 
at the levels of 1000 and 10 000 samples). 

Logarithmic 
index 

 Coefficient ö of the negative exponential curve k · e-φt which is the 
best approximation of the histogram of absolute differences 
between adjacent NN intervals. 

TABLE 7: List of HRV frequency domain features 

Variable Units Description Frequency range 

Analysis of short-term recordings (5 min) 

5 min total 
power 

ms2 The variance of NN intervals 
over the temporal segment 

approximately ≤0·4 Hz 

VLF ms2 Power in very low frequency 
range 

≤0·04 Hz 

LF ms2 Power in low frequency range 0·04–0·15 Hz 

LF norm n.u LF power in normalised units 

LF/(Total Power–VLF)×100 

 

HF ms2 Power in high frequency range 0·15–0·4 Hz 

HF norm n.u HF power in normalised units 

HF/(Total Power–VLF)×100 

 

LF/HF  Ratio LF [ms2]/HF [ms2]  

Analysis of entire 24 hrs 

Total power ms2 Variance of all NN intervals approximately ≤0·4 Hz 

ULF ms2 Power in the ultra low 
frequency range 

≤0·003 Hz 

VLF ms2 Power in the very low 
frequency range 

0·003–0·04 Hz 

LF ms2 Power in the low frequency 
range 

0·04–0·15 Hz 

HF ms2 Power in the high frequency 
range 

0·15–0·4 Hz 

Α ms2 Slope of the linear 
interpolation of the spectrum 
in a log-log scale 

approximately ≤0·04 Hz 
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Stress diagnosis does not require all measurements that listed in above two tables and 
also some measurements need 24 hours recording. To reduce the feature size and increase the 
CBR performance features are selected based from table-3 and table-4 based on the survey 
which can be found in the paper [8]. Time domain features are obtained by applying statistical 
methods on the IBI series and to get frequency domain features, power spectrum estimate 
(PSD) is calculated for the IBI series. Two methods are used in frequency domain i.e., Fast 
Fourier Transformation (FFT) and Auto regressive method (AR). One problem with FFT is 
spectral leakage and to reduce spectral leakage data segmentation and window function is 
applied to the data and segments are allowed to overlap. PSD is estimated using the Welch's 
periodogram by the following equation-19 

UV51ℎ(W<) = 1X � Y 1�WZ[ \�=���(G)	����</^^	

��� \

�
_`

G�
  (19) 

Where w = (w0,......,wD-1) is discrete window function, x(m)  is the m'th data segment, M is 

the number of segments, M is the number of segments and [ = 
ab∑ =���̂��  is the window 

energy. More on time and frequency domain measurements of non stationary biological 
signals can be found in the paper [92]. Selected features are listed in the table-5. 

TABLE 8: Selected HRV Features (Time and frequency domain) 

Domain Selected Feature 

Time 

SDNN 

RMSSD 

NN50 

pNN50 

SDSD 

Frequency 

ULF Peak 

VLF Peak 

LF Peak 

HF Peak 

Total Peak 

ULF Power 

VLF Power 

LF Power 

LF Power (n.u) 

HF Power 

HF Power (n.u) 

LF/HF ratio 

Total Power 
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HRV features are also obtained in time-frequency domain by applying Discrete Wavelet 
Transformation (DWT). ‘Daubechies 4’ algorithm is chosen for the transformation. The 
coefficients are calculated upto four because after that the coefficients’ values become very 
small that almost zero. Four features of each level that is total sixteen features are obtained 
from the DWT. Table-6 lists the selected features of DWT. 

TABLE 9: List of DWT features 

DWT Level Feature 

D1 

Maximum value 

Minimum value 

Mean value 

Standard deviation 

D2 

Maximum value 

Minimum value 

Mean value 

Standard deviation 

D3 

Maximum value 

Minimum value 

Mean value 

Standard deviation 

D4 

Maximum value 

Minimum value 

Mean value 

Standard deviation 

6.4 Finger Temperature 

During stress finger temperature decreases and increase in relaxation state. The degree of 
change in FT is considered as a measurement for feature extraction. High positive angle 
indicate rising of temperature and negative angle indicates decrease of temperature. In the 
paper [59] it is “degree of change” of 450 if the FT change 1 degree during 1 minute and it is 
represented in the graph such that X axis for minutes and Y axis for temperature in Celsius. 
Hence, for 15 minutes recording which consists of six sessions (steps) gives 15 features that 
are named as Step1_part1, Step1_part2, Step2_part1 etc and five more features are also 
extracted which are start temperature, end temperature from step 2 and step 6, minimum 
temperature of step3 and step5, maximum temperature of step4 and step6, and the difference 
between ceiling and floor. The first fifteen features are calculated using the equation-20 
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-564	W = ∑ (� − �̅)(; − ;e)����∑ (� − �̅)�����  (20) 

Where f denotes the number of features, i is the number of samples and x, y is the 
average of the samples. This slope values are then converted to arctangent to get value of 
angle in radians (-pi/2 to +pi/2) which are eventually expressed in degrees by multiplying 
180/pi where 3.14 is considered as a standard value of pi. More details of this FT feature 
extraction procedure can be found in the paper [59]. Selected features of FT are listed in table-
9. 

TABLE 10: Selected FT Features 

No Feature No Feature 

1 Step1_part1 12 Step4_part1 

2 Step1_part2 13 Step4_part2 

3 Step1_part3 14 Step5_part1 

4 Step2_part1 15 Step5_part2 

5 Step2_part2 16 Step6_part1 

6 Step3_part1 17 Step6_part2 

7 Step3_part2 18 Start temperature 

8 Step3_part1 19 End temperature 

9 Step3_part2 20 Maximum temperature 

10 Step3_part3 21 Minimum temperature 

11 Step3_part4 22 Difference between ceiling and floor 
temperature 
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FIGURE 12: System Design 

Chapter 7  

IMPLEMENTATION 

A web based CBR system is developed to classify the healthy and stressed individuals. Data 
that are collected from stress software are imported in the system and processed for 
physiological analysis. MMSE entropy analysis also performs on five signals which are 
obtained from the data. After physiological and entropy measurements, selected features are 
stored in the database which actually formulates the cases for CBR. System design, CBR 
classification including case formulation and case retrieval methods, the developed system are 
described in this chapter. 

7.1 System Design 

The system design is shown in the figure-12. The system imports data which is collected 
using stress software from a client. When a new record is imported in the system, all 
physiological measures and MMSE entropy estimation are done and features selection is 
perform from these measures.  
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A new case is then formulated using the selected features, which is discussed in the case 
formulation section. Then the new case is compared with the existing cases that are stored in 
database for similarity matching to find out the most closely match and list the result in a 
descending order. Two similarity matching technique have been applied which are discussed 
in the similarity function section. 

7.2 Case Formulation 

Extracted features categorized into three different groups. Features extracted from HRV, RSA 
and respiratory measures are taken in one group, features from FT measure are in second and 
features from entropy estimation are in third groups. CBR classification is also performed 
separately among these three groups. The 15 minutes recoding contains six sessions data 
which are baseline, beep breathing, verbal stress, relax, math stress and relax [59][86]. For 
HRV, RSA and respiratory features,  a case consists of six sessions where each contains the 
selected features that are extracted using HRV, RSA and respiratory measures. In the case FT 
and entropy full 15 minutes recording is considered instead of taking session-by-session data 
for a reliable estimation. 

7.3 Similarity Function 

Two similarity matching algorithms are used to match the similarity of a feature between two 
cases. One is modified euclidean distance and the other is fuzzy similarity [57][59]. Every 
feature is assigned some weights then the similarity is calculated for a session. At the end, 
some weights is given to all session and then total similarity is calculated. For a new case ‘C’ 
and a stored case ‘S’ the general similarity function is shown in equation-21. 

f/g/5��/h;(i, f) = �=a ∗ -/g(i, f)�
a�
  (21) 

Where, =a = klm∑ klmnopq  and lwf is a local weight for each feature. For each feature 

Euclidean distance similarity is calculated by normalizing the absolute difference between 
two features for these two cases and dividing it by the difference of the maximum and 
minimum distance. The similarity then gets by subtracts the result from 1. This calculation is 
presented by the equation-22. 

-/gQia , faS = �r-Qia , faSg��Qia , faS − g/9Qia , faS (22) 

At the end we got similarities for all sessions and again weights are given for each 
session then calculate the final similarity. However, for FT and entropy only one session is 
considered. 

In the fuzzy similarity, the old and new features are crips values that are changed by a 
triangular member function (mf) where the membership grade of 1 at the singleton. From the 
figure-13 if m1, m2 and om are considered the elements of fuzzy set then their areas are 
calculated and the similarity between features of old case Sf and new case Cf is calculated by 
the equation-23 
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-/gQia , faS = fa(g1,g2) = g��(6g/g1, 6g/g2) (23) 

Where m1, m2 and om are the area of the corresponding fuzzy sets. 

7.4 The Developed System 

PHP language and MySql database are used to develop the system. JQuery a JavaScript 
framework and its plug-ins work are also used to create user-interface and represent various 
graphs. Model-View-Controller (MVC) architecture and other design pattern techniques are 
followed in the development. The database stores all information of the cases and is a key part 
of the CBR. The basic MVC architecture of the system is shown in the figure-13. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The Entity-Relatrionship (ER) diagram of the database is shown in the figure-14. Here 
imported file information is stored in the ‘fileinfo’ table and in the ‘caseinfo’ table contans the 
case information regarding the file which is also linked to the different feature tables.  
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FIGURE 13: MVC architecture of the system 
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FIGURE 14: Entity-Relationship Diagram of CBR Database 
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The system is divided in following sections: a) Data import, b) HRV analysis results, c) 
RSA analysis results, d) Finger temperature analysis results d) entropy analysis results, e) 
HRV analysis setting and f) CBR settings. Figure-15 shows the data import user interface. 
HRV, RSA and FT and Entropy features user interface is shown in the figure-15, figure-16, 
figure-17 and figure-18 respectively.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

FIGURE 15: Data Import Interface 

FIGURE 16: HRV Features of a Case 
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FIGURE 17: RSA Features of a Case 

FIGURE 18: FT Features of a Case 
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FIGURE 19: Entropy Features of a Case 
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Chapter 8  

RESULTS AND EVALUATION 

An experimental work has been carried out with 38 cases where 28 of them are classified as 
‘healthy’ and 10 of them are classified as ‘stressed’ by an expert. The cases are categorized 
into two classes, -1 as ‘Stressed’ and 1 as ‘Healthy’.  

Weights are set for the domain, features and sessions and weight of each session, time 
domain frequency domain, features of HRV are given based on the previous work [8]. Table-
11 shows the weight list for session and, table-12, table-13 and table-14 show the weights lists 
for HRV features weights in time, frequency and time-frequency domain respectively. 

 

Session Duration  Weight 

Baseline 3 minutes 6 

Deep Breath 2 minutes 10 

Verbal Stress 4 minutes 6 

Relax 2 minutes 9 

Math Stress 2 minutes 6 

Relax 2 minutes 6 

TABLE 11: Weight List for Sessions 

Feature Name Weight 

SDNN 10 

RMSSD 10 

NN50 1 

pNN50 9 

SDSD 1 

TABLE 12: HRV Time Domain Feature Weights 
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Feature Name Weight 

ULF peak 0 

VLF Peak 0 

LF Peak 0 

HF Peak 0 

Total Peak 0 

ULF Power 1 

VLF Power 8 

LF Power 10 

LF Power n.u. 7 

HF Power 10 

HF Power n.u. 7 

LF/HF ratio 9 

Total Power 3 

TABLE 13: HRV Frequency Domain Feature Weights 

Feature Name Weight 

Max 1 

Min 1 

Mean 1 

Standard deviation 1 

TABLE 14: HRV Time-Frequency Domain Weights 

Weights for all features of RSA, respiration and FT are set 1 for the evaluation. Weights 
for entropy features are set in two categories. In first category all features weights are set to 1 
and in second category weights are set to 1 for features scale1 to scale 7 and scale 9 and 
weight of 10 is set to features scale 8 and scale 10. These two categories of weight setting is 
chosen because there is no prior knowledge of entropy features that is MMSE analysis 
algorithm is first used in this thesis for classification of stressed and healthy individuals. The 
second setting is chosen because from the figure-9 in feature extraction section we see that at 
scale 8 and scale 10 stress cases process lower complexity than healthy cases. 

Evaluation of the system has been done separately for HRV, FT and entropy parameters. 
Figure-21 shows the evaluation of HRV parameters on time, frequency and time-frequency 
domain. 
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FIGURE 20: CBR Evaluation Using HRV Parameters 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Time Domain 

Similarity 
Function 

Correctly classified 
Healthy Group 

Correctly classified 
Stress Group 

Euclidean 79% 10% 

Fuzzy 71% 10% 

Frequency Domain 

Similarity 
Function 

Correctly classified 
Healthy Group 

Correctly classified 
Stress Group 

Euclidean 64% 0% 

Fuzzy 57% 10% 

Time Frequency Domain 

Similarity 
Function 

Correctly classified 
Healthy Group 

Correctly classified 
Stress Group 

Euclidean 54% 10% 

Fuzzy 61% 30% 

TABLE 15: Correctly classified in different domain of HRV 

CBR evaluation is also perform only on RSA. Two weights values are set for RSA 
domain and the result is shown in figure 22. 
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FIGURE 21: CBR Evaluation Based on RSA 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Evaluation is also perform combining HRV (using time domain, frequency domain and 
time-frequency domain), RSA and respiration. The results of evaluation of combine features 
of HRV, FT and entropy is shown in figure-23. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

System performance based on entropy is also evaluated for two weight categories and for 
the second category the system gives more accurate results which is shown in figure-24. 

 

FIGURE 22: System Evaluation based on combination of HRV, RSA and respiration, FT and 
entropy measures 
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FIGURE 23: Entropy Evaluation for Two Category of Weights 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Entropy Evaluation 

Category 1 

Similarity 
function 

Correctly classified 
Healthy group 

Correctly classified 
Stressed group 

Euclidean 86% 30% 

Fuzzy 86% 30% 

Category 2 

Similarity 
function 

Correctly classified 
Healthy group 

Correctly classified 
Stressed group 

Euclidean 89% 40% 

Fuzzy 89% 50% 
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Chapter 9  

DISCUSSION AND FUTURE WORK 

The system has been evaluated in different combination of HRV measures including RSA and 
respiration. The system also evaluated with FT and entropy and from the figure-23 it is 
observed that the system is more accurate for entropy measure that is data fusion. FT and 
RSA alone also give better results than HRV. Time and time-frequency domain gives much 
better results than frequency domain.  

 The limitation of using physiological measures for classification is that it needs expert 
opinion which is also rare and single physiological measures also vary person to person. On 
the other hand multi-sensor data fusion generally used to combine multiple sensor sources 
signals to produce better results and in this thesis work MMSE analysis algorithm is used for 
data fusion. However, it is not possible for experts/ clinicians to get any physiological 
information from MMSE analysis since they are depend on physiological measures. Another 
limitation of the system is that it is tested using only 38 cases and it would be better if the 
system can be tested with more cases.  

There are several scopes which could be considered on the basis thesis work. 

• In the initial stage, all the features weight values for entropy features are set to 1 since 
there is no prior knowledge of these features. Nevertheless, there is a possibility to get 
increased classification accuracy by updating the weight values of the features for 
example weight values can be learned from the case library.  

• A classification can be done to reduce the HRV features including time, frequency and 
time-frequency domain to improve the system performance. 

• More evaluation can be performed based various combination of HRV parameters 
such as giving different domain weights to each domain to get more accurate results. 

• It is also possible to apply other techniques rather than Euclidean and fuzzy similarity 
such as voting mechanism or machine learning algorithm for classification. 

• Frequency domain features are obtained using FFT and AR method and there are very 
good scope to fuse these features. 

• It could be possible to apply some dynamic weight assigning algorithm and evaluate 
the system for better accuracy. 
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