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Abstract

Bio-potentials and Electrodermal Activity (EDA) are useful in the field of
psycho physiology since they both provide valuable information about phys-
iological responses to various stimuli and situations, including emotional and
psychological states. The differential dermal potentials (DDP) considered in
this study are a special type of EDA signals that are acquired in differential
mode from the limbs of a subject. These signals have been introduced very
recently and quite a few successful applications using these signals have also
been demonstrated. Hence it is useful to model these signals and study their
characteristics in detail for a deeper understanding of human physiology and
behavior.

The aim of this work is to develop various models of the differential dermal
potentials and to determine the use and efficacy of the parameters derived
from these models in studying and/or classifying human conditions.

One of the first steps for developing a model is to determine the signal
order. This aspect has been addressed in this work from a new perspective
based on the derivation of the sample autocorrelation function (ACF) of three
types of signals. The signal order is determined in terms of its zero crossing
lag (ZCL), which is the lag value at which the 1st zero crossing of the sample
ACF of the signal occurs. Closed form solutions for the ZCL are determined
for these 3 types of signals: a) the deterministic ith order power law series,
denoted as ydk; b) the stochastic ith order power law series, denoted as ysk;
c) the deterministic polynomial series ypk; and these are used to determine
the ZCL of the acquired signal, denoted as yk, which is modelled as a nth

order stochastic polynomial.

There exists a one-to-one map between the ZCL and its order i for the
ydk signal. This in conjunction with the shift in the ZCL within limits due to
noise or polynomial coefficient interactions forms the basis for determining
the order n of the time-series signal yk for all the models proposed in this
work.

Three different models have been proposed in this work which are denoted
as i) the stochastic ACF-ZCL model, or simply ACF model; ii) the KFLPC

model; and iii) the KFTS model.
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In the proposed stochastic ACF-ZCL model, the deterministic trend or
tonic component of these signals is the polynomial regression time series with
the order n as determined using the ZCL while the resultant error time series
represents the stochastic phasic component.

The Kalman filter (KF) is a popular technique used to clean these noises
and obtain dynamic system models that respond to internal and external
valid inputs. The popular autoregressive (AR) modelling approach provides
the required linear prediction coefficients (LPC) of the state space model.
The KF model developed in this work using this standard approach is termed
the KFLPC model. The proposed ACF model is used to derive ab-initio
another KF model. ypk, which is the polynomial time-series (TS) developed
in the ACF model, is used to obtain the description of its state space model
and so it is termed the KFTS model. The KFLPC and KFTS models differ
in their underlying state space model descriptions.

These three models have been determined for a total of 5706 DDP signals
in order to compare them in terms of their parameters and statistical charac-
teristics. The ACF model is also compared with corresponding models whose
orders are determined using the standard partial ACF (PACF) method. The
various parameters of the robustness and sensitivity metrics of the two KF
models are also compared.

The results show that the deterministic tonic component of the ACF
model typically has a lower order polyfit component than the corresponding
PACF model and the ACF model residuals follow the beta distribution more
consistently. The ACF model as well as both KF models provide consistent
tonic and phasic components. Several system characteristics are quite similar
for both KF models. However, the KFLPC model estimates show a distinct
bias and the nature of the metrics in the two KF models are distinctly sep-
arate.

The parameters obtained from each of the three models have been used
individually to study the effect of long duration of rest on a subject. A total
of 272 sets of independent signals obtained from subjects in restful supine
condition for 10 minutes have been used for the study. For this, each of
these signals have been segmented into 5 non-overlapping sets, or states, of
2-minutes signals.

The changes in the maximal entropy of the tonic component of the ACF
model of the acquired signals with increasing rest support an existing research
finding that the subject achieves a fully rested condition typically within 4-
6 minutes of no-nap supine rest. Furthermore, the variations of the ZCL,
system order, mean of the tonic component, SD as well as the spectral entropy
of the residuals of this model support the emerging determinism of the system
with rest.
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The spectral entropy (SE) of the KFTS model is an useful identifier of
the tonic components, the phasic components and the noise residuals. The
medians and ranges of the SE in these 3 cases indicate a sequential departure
from regularity to irregularity as expected. No such distinguishing features
are observed for the KFLPC models.

Two other human conditions have been classified in this study using the
random forest (RF) classifier in WEKA, version 3.9.4 classification software
on these models. These are:
(i) hypertensive and normotensive classification or detecting the presence or
absence of hypertension in subjects
and (ii) sitting and supine posture classification or detecting the change in
posture of human subjects.

In case of the hypertensive classification, only 3, 3 and 1 parameters of
the ACF, KFLPC and KFTS models respectively are identified to be most
significant. In the posture change study, 5 parameters are selected for the
ACF model while only 1 parameter is selected in case of both the KF models.

The ACF parameters for classifying hypertension are all normalized vari-
ances of the phasic components, while for the posture change the chosen pa-
rameters are 2 each from the phasic and the tonic components and 1 model
coefficient. In case of both the KF models for both classifications, the cho-
sen parameters are all related to the process noise covariance qcom for the
compromise metric.

Three standard cross-validation (CV) methods have been applied on the
selected model parameters of the 3 models in both the classification studies.
These are 10 fold CV (10FCV), leave one out CV (LOOCV) and leave one
subject out CV (LOSOCV). In all cases, it is observed that the results of
10FCV and LOOCV are either identical or very close. However, since the
subject bias effect is expectedly removed in LOSOCV, the results for the
method differ significantly from those of the other two methods.

The features selected for the ACF model provide the most reliable and
best F1-score result in case of the hypertensive classification. The balanced
and highest specificity establishes the utility of the KFTS model also in this
classification despite the overall drop in F1-scores.

In case of the sitting and supine posture classification, the KFLPC and
ACF models show high 10FCV accuracies and relatively low or medium ef-
fects of subjective bias for the classification of posture change. The KFTS

model with its single selected feature is not suitable for this differentiation.
These studies validate all three proposed models. Their utility in studying

and/or classifying 3 different human conditions have also been ascertained
in terms of the effect of these conditions on the individual model parameters
and metrics.
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Chapter 1

Introduction

Human health condition monitoring involves the study of physiological pro-
cesses and the assessment of various electrical signals produced by the hu-
man body [2]. Bio-potentials that are generated within the human beings
can provide valuable information about the functioning and health of various
physiological processes [3,4]. These are employed in polysomnography (sleep
studies) to monitor various physiological parameters during sleep, helping di-
agnose sleep disorders like sleep apnea and insomnia [5]. These are also used
to study cognitive processes, memory, attention, emotion, and other aspects
of human cognition and behavior [6]. Recently, these signals are also be-
ing used in various artificial intelligence (AI) applications, communications,
remote health monitoring and control, geriatrics and so on. Overall, bio-
potentials have numerous applications in clinical, research as well as social
scenarios, offering valuable insights into the functioning of the human body
and the brain.

Bio-potentials arise naturally from the activities of various cells, tissues,
and organs. Hence, some specific signals are popularly used in specific health
monitoring applications. Electrocardiogram (ECG or EKG) is widely used to
diagnose and monitor various heart-related conditions, such as arrhythmia,
heart attacks, and other cardiac abnormalities [7]. In particular, cardiac
pacemakers and defibrillators use the ECG to monitor the heart’s electrical
activity and deliver appropriate electrical impulses to regulate the heart rate
or treat life-threatening arrhythmia [8, 9]. Electroencephalogram (EEG) is
used to study brain function, diagnose neurological disorders like epilepsy,
and analyze sleep patterns [10]. Electromyogram (EMG) helps assess muscle
health, detect neuromuscular disorders, and guide rehabilitation treatments
[11]. Electro-oculogram (EOG) is used to study eye movements and diagnose
certain eye disorders [12,13]. Electroretinogram (ERG) records the electrical
responses of the retina to light stimulation, aiding in the diagnosis of retinal

1
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diseases and visual disorders [14].
In recent studies, researchers have employed electrodermal activity (EDA)

in various studies to investigate a wide range of generic issues. EDA is
a common term used to represent all electrical phenomena manifesting at
the skin surface of human beings, typically as transient or ever-changing
time-domain signals [15] [16]. Some common types of EDA signals are the
Galvanic Skin Response (GSR), Skin Conductance Level (SCL), Skin Con-
ductance Response (SCR) and Skin Potential Level (SPL). These provide
valuable insights into an individual’s psycho-physiological responses and are
commonly used in psychology [17], neuroscience [18], human-computer inter-
action [19], and other fields to study emotions [20] such as happiness, sadness,
fear, stress, attention as well as various aspects of human physiology. The
area of other applications are biometric authentication, clinical and psychi-
atric research, neuromarketing research, gaming and virtual reality and sleep
research.

Recently, a particular type of EDA signals has been introduced by Bhat-
tacharya et al. [21], [22], [23]. Based on their method of acquisition, these
signals have thereafter been termed as Differential Dermal Potentials (DDP)
in Sarkar et al. [24]. Certain successful human condition monitoring appli-
cations using these signals have also been demonstrated [25], [23], [24], [26].
Despite these applications, the only model of these signals is a quasi-linear
stochastic one based on its slow changing time-series characteristics. Yet,
even this simplistic model and the basic statistical features of this signal of-
fer some interesting insights into the underlying physiological processes [24].

There is thus a scope to develop models of these signals that can be used
to study the signal characteristics.

An intrinsic feature of an acquired time-series data is that adjacent ob-
servations are usually related. Based on these inter-relations, different time-
series analysis techniques have been developed to derive models of such data
and interpret them [27]. In particular, bio-potential modelling is an essential
tool that helps in the understanding of the underlying biophysical processes.
These can thus be used as diagnostic tools to assess different aspects of human
health. When developing these representative mathematical, computational,
or empirical models, it is necessary to consider the specific attributes and
properties of the signals being modelled [28]. In several cases, the mod-
els incorporate physiological parameters and tissue properties to simulate
the behaviour of bio-potentials in specific organs or tissues [29]. Many bio-
potentials exhibit spatial distributions across the body, such as EEG and
ECG [30,31]. However, in general, the bio-potentials show slow time-varying
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patterns as an effect of the underlying dynamic physiological processes.
Some useful by-products of these modelling are the development of ad-

vanced signal processing algorithms for denoising [32], feature extraction [33]
and pattern recognition [34] to name a few. Such models can be used to pre-
dict abnormal electrical patterns associated with various medical conditions
and so, these can aid in early diagnosis and monitoring of diseases. As a spe-
cific case, the Brain-Computer Interface (BCI) systems [35] rely mostly on
modelling EEG signals and is used to decode and control brain activity [36]
and translate it into commands for external devices [37]. In another case, 1st

order model of DDP signals has been developed where signals are fited with
straight line of suitable slope through the zero crossing instant (ZCI) of the
mean subtracted deviation signals [23], [24].

Thus, it is useful to obtain proper models of the bio-potentials that can
yield comparable variations in the model outputs and the actual signals. The
causative physiological processes can then be studied and interpreted based on
their effects on various model parameters.

1.1 Review of literature

In view of the observations stated earlier, a comprehensive literature survey
is provided on the modelling of time-series signals; the EDA and its applica-
tions; the DDP signals and their study.

A survey of some specific applications is also stated followed by the de-
tails of four specific experiments that were conducted by Sarkar [1], [24] to
acquire the DDP signals for these applications.

It is to be mentioned that the data acquired in these experiments have been
used in the present work for all the model validation and application studies.

1.1.1 Modelling time-series signals

Time-series signals, which are typically acquired in equi-spaced time inter-
vals, generally exhibit some trend or periodicity and/or some random char-
acteristics [38–40]. Predicting, smoothing, and filtering are essential tasks
in time-series analysis. Of these, prediction is often used for forecasting [39]
future events as well as past events which are related with various geological
events, such as earthquakes [41], volcanic eruptions [42], or other natural
phenomena; smoothing techniques are used to remove noise or short-term
fluctuations from time-series data; and filtering involves separating the signal
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(useful information) from noise in time-series data. A good model captures
the qualitative features of the dynamics of the system and aids in the un-
derstanding of all available observations of the system [43]. In particular,
it is well known that several real-time signals like EDA have a slowly vary-
ing tonic component along with a fast changing phasic component [15,44–46].

In the present work, three different models of the time-series DDP signals
have been developed, each with its specific deterministic tonic component and
corresponding stochastic phasic component.

(A) Order
It is known that the goodness of any model depends upon the detection of the
proper model order and its coefficients. One of the favoured techniques for
model order determination is based on the Autocorrelation function (ACF).
It provides a measure of the internal correlation within a time series data
and in doing so, detects the system order also [47]. Depending upon the
nature and condition of the input random variables, the sample ACF has been
proposed in different ways for both stationary and non-stationary random
processes [48]. In an extension to include ergodic processes, the ACF has
been derived for continuous as well as discrete events. In all these cases, the
variables have been defined as samples of a random process at two different
time instants.

The model order of several signals of biological origin like ECG or speech
signals are commonly determined using the ACF or its primary deriva-
tive termed Partial Autocorrelation Function (PACF) and/or other deriva-
tives [48, 49], [50]. For a suitably long data set, an useful estimate of the
sample ACF or the PACF is obtained using 1

4
of the total time-series [27].

This avoids issues of overfitting or coloured residuals [51]. The lags at which
the correlation is lost in this sample PACF or the ACF is identified as the
model order for the Autoregressive (AR) process or the Moving Average
(MA) process respectively [27] [52]. In case both the ACF and PACF trail
off without hard zero crossing lags, these are considered indicative of sta-
tionary ARMA or non-stationary Autoregressive Integrated Moving average
(ARIMA) processes and their model orders are determined accordingly [27].
Some studies use Akaike Information Criterion (AIC), Bayesian Information
Criterion (BIC) etc. to develop the AR, MA, ARMA models of time-series
signals [53]. The AIC and BIC based approaches also use ACF and/or PACF
to obtain a preliminary model order, then perform multiple trials over a range
of orders to determine a suitable model order [15] [54].

In the present work, the sample ACF has been revisited from a fresh per-
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spective to determine the model order of real-valued stochastic signals.

(B) Deterministic or tonic component

Once the system order has been determined, various techniques such
as state-space methods, transfer function based approaches and polynomial
models are used for modelling the deterministic trend or periodicity of the
time-series. The most popular technique among them, that is also simple and
easy to implement, is that of the polynomial regression models [55]. Some of
the widely used polynomial models are AR, ARX (Autoregressive with exter-
nal input), MA, ARMA, ARMAX (ARMA with exogenous input), ARIMA
models and their combinations or derivatives [56,57].

Time-series polynomial models have wide applications in the field of
biomedical research and human condition monitoring also. In [58] and [59],
the estimated parameters of ARMA models have been used respectively for
human gait analysis and for obtaining a physiologically understandable rela-
tion between blood pressure and flow signals. Christini et al. [60] showed the
importance of non-linear models by applying linear AR and ARMA mod-
els and non-linear polynomial AR (PAR) and bilinear (BL) models for the
analysis of heart rate dynamics.

Several other researchers have also applied time-series analysis on ECG,
EEG or even EMG signals for predicting various human conditions [61–
63]. A high accuracy ECG signal prediction method has been established
based on Autoregressive Integrated Moving Average (ARIMA) model and
discrete wavelet transform (DWT) [53]. An efficient multi-level stress detec-
tion method has been developed based on EMG and ECG signals, where the
effectiveness of EMG signal is investigated in response to stressful conditions
and their efficacy is compared for binary and multi-level stress detection [64].
In [65], an AI-based stroke disease prediction system using both machine
learning (Random Forest) and deep learning (Long Short-Term Memory)
algorithms is developed for real-time EMG signals that can predict stroke,
heart disease accurately. An adaptive online procedure is presented for AR
modelling of non-stationary multivariate time series signals to analysis the
respiratory movement, heart rate fluctuation, blood pressure and multichan-
nel EEG signals in [66]. A personal recognition method based on EMG Signal
is also developed in [67].

Another modelling approach is that of Kalman filter (KF) models, which
have the ability to estimate and predict the true state of a dynamic system in
the presence of system disturbances as well as sensor noise. It is also used in
diverse applications like financial time series data modelling [68], economic
forecasting [69], climate and weather modelling, environmental monitoring,
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signal processing [70]. When applied to audio and speech processing, the
KF denoises the signals and thus enhances the quality of audio recordings or
speech communication. Kalman filter is applied in several other applications
also for speech enhancement [71–74] and noise reduction [75]. In [76], a
Bayesian estimator is used as a Bayesian Kalman filter update step for single-
channel speech enhancement in the modulation domain.

Kalman filters have also been used in the analysis of biomedical time-
series data, such as ECG or EEG, for filtering noise and extracting relevant
information. Bayesian filters such as the extended Kalman filter (EKF), ex-
tended Kalman smoother (EKS) and unscented Kalman filter (UKF) have
been proposed for ECG denoising in [77, 78]. EEG artifacts have been de-
tected using the EKF in [79], while parameter estimation using the UKF is
used for dynamic EEG system modeling [80]. A KF based method is also
used for EEG spike enhancement in [81].

In a similar way, there is a scope to identify the deterministic tonic com-
ponents of the DDP signals using both these approaches and then use the
model parameters for human condition monitoring.

(C) Stochastic or phasic component

In time-series models, residuals represent the differences between the ac-
tual values of the time series data and the predicted values generated by the
model. It is widely assumed that a model with residuals that are random
and normally distributed provides accurate predictions of the underlying sys-
tem dynamics. Generally in time series model, autocorrelation, independence
tests and cross covariance analysis are done for checking the characteristics of
the residuals [82]. As mentioned earlier, the ACF, PACF methods typically
attempt to yield residuals with minimum noise variance.

However, it is being accepted in recent times that the nature of stochastic-
ity of a system also contains valuable system information. Specifically, there
are two major types of stochasticity in systems, namely external perturba-
tions due to random variations in the environmental conditions and internal
system fluctuations [44], [45]. This is evident from the residual diagnostics
studied for cross-section time-series regression models [83]. In a particular
application in astronomical light curves, an irregular AR model is applied to
the residuals of a transit of an extrasolar planet, identified based on the signal
autocorrelation, to illustrate errors that remain with temporal structure [84].
In another application, a robust method is developed for background noise
identification and subsequent actual signal detection [85]. It is also well ac-
cepted that bio-potentials, and particularly EDA signals, have a well-defined
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stochastic phasic component which are often a composite effect of internal
and/or external processes [50], [15], [86]. A time integration of the contin-
uous measure of phasic activity is proposed as a straightforward indicator
of event-related sympathetic activity in [87]. It has further been established
that the phasic component of EDA is more correlated to brain activity than
the tonic component [88].

Hence, an effective model of a real signal should have proper represen-
tation of the stochastic phasic component that is low in magnitude, but not
necessarily minimal, and can aid in interpreting system behavior.

1.1.2 Electrodermal activity (EDA)

Electrodermal activity (EDA) is a physiological measure that reflects the dy-
namically changing electrical properties of the skin. The changes of the skin
conductance are primarily influenced by the activity of sweat glands, which
is controlled by the sympathetic nervous system [86]. It is established that
when an individual experiences emotional arousal, stress, or other physio-
logical changes, the sympathetic nervous system is activated, leading to an
increase in sweat gland activity.

The electrodermal signals have a tonic component that is the slow chang-
ing or quasi-static electrodermal level (EDL) of the acquired signal. The low
basal skin potential level (SPL) is one EDL based score proposed by Christie
and Venables [89]. It is a measure of the basal sympathetic activity and is in-
fluenced by factors like temperature, humidity, and emotional state. Lykken
et al. [90] observed inter-individual differences for the minimum SPL even in
fully relaxed individuals.

The other component of the EDA is its phasic component, which is also
called the electrodermal response (EDR). However, it is not always necessary
to have a distinct relationship between a stimulus and an EDR. Various EDR
studies have been done by analyzing the latency time, window, amplitude and
shape of response [15]. SCR is a specific type of phasic component of EDA
that is often associated with emotional responses. It captures rapid changes
in skin conductance in response to specific internal or external stimuli or
events, such as emotional triggers, cognitive tasks, or external stimuli.

The EDA is also classified into two categories based on the absence of
presence of external electrical stimuli. When EDA is recorded without any
application of an external current, it is termed as endosomatic EDA. In this
case, only the potential differences originating in the skin itself are recorded.
In the alternative exosomatic EDA recording, either direct current (DC) or
alternating current (AC) is applied to the skin [15]. While the EDA measure-
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ments are primarily influenced by endosomatic factors, yet the exosomatic
factors affect the physiological processes or contribute to the external condi-
tions and these in turn influence the EDA. Thus, understanding the interplay
between internal physiological processes and external environmental factors
and their effect on the bio-potentials or skin conductance is important for
accurate interpretation of EDA measurements.

The time-series modelling approaches like ARIMA models, hidden Markov
models (HMM) and dynamic Bayesian networks have been used to capture
the dependencies and transitions within EDA data over time [91]. Ma-
chine learning (ML) algorithms and techniques like support vector machines
(SVM), random forests (RF), or neural networks (NN), predictive models
based on EDA features have also been developed to classify emotional states,
predict stress levels and detect anomalies [92]. A new methodological pipeline
is stated in [93] to recognize acute stress conditions using EDA modelling.
A biophysical model using an extended Kalman filter is also implemented
for EDA [94]. Edelberg (1983) established a simplified electrical equivalent
resistive circuits with capacitive elements for EDA modelling by [15].

These EDA signals are also used in various feature extraction applica-
tions to determine the signal amplitude, frequency, slope, and variability.
Time-domain analysis, frequency-domain analysis or wavelet analysis are
also involved in this extraction [95]. As mentioned earlier, their regression
models are used to establish the relationship between EDA and other in-
dependent variables such as emotional stimuli [16] , cognitive load [96], or
environmental factors. Exosomatic EDA is used in psycho-sociological states
research where non-electrical stimuli like audio, visual even different odor-
ant stimuli are also used along with the electrical stimuli [97–100]. Arousal
assessment by measuring tonic EDA signals [101], multiple arousal studies
based on daily life EDA asymmetry [102], habituation [103] and dishabit-
uation [104] are also studied. In [105], psychophysiological stress involving
heart rate variability (HRV) and EDA reflecting sweat gland activity were
reviewed and the utility in health care simulation research is also demon-
strated. EDA studies for assessing emotional states and stress (by applying
different stressful stimuli) [106–108], anxiety disorder [109–111] and depres-
sion [112] confirmed that both specific and non-specific responses are useful
for the assessment of stress. SCL (skin conductance level), SCR and NS.SCR
(non-specific skin conductance response) frequency are considered to be very
useful for depression identification [113,114]. Subjects with some phobia, like
spider phobia, have been identified by recording SC (skin conductance) and
fMRI (Functional magnetic resonance imaging) together [115]. In the field
of physiological research also, tests have been conducted to understand be-
havior [116], gender and hemispheric dominance using mirror image stimulus
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morphometry [117, 118]. EDA is also used for assessment of physiological
signals during happiness or sadness [119], to characterize fear conditioning
and fear extinction [120] or even to study the gender-wise visual attention
performance under mental stress [121].

EDA signifies the autonomic brain system activity [122] which has wide
applications in the psychological research domain and EDA is applied to an-
alyze marketing data where, artificial intelligence (AI), virtual reality (VR),
and neuropsychological tools are used [123]. In particular, the sympathetic
nervous system activity is also measured continuously and non-invasively us-
ing EDA [124]. In particular, the quantitative analysis of wrist EDA during
sleep, EDA patterns in sleep stages and their utility for sleep versus wake
classification have also been studied in [125], [126].

Hence, DDP signals have various applicability in emotions study, hu-
man physiology analysis, biometric authentication, clinical and psychiatric
research, neuromarketing research, gaming and virtual reality and sleep re-
search.

Another aspect of the utility of EDA signals is in assessing the effects of
diabetes and other physiological effects and/or diseases. A relation between
EDA and diabetic foot is discussed in [127]. EDA is analyzed for quantifica-
tion of sweat gland activity in diabetic kidney disease [128]. EDA is also used
for detection of peripheral abnormalities in type-2 diabetes. The feasibility
and usefulness of EDA and HRV measurements for the detection of diabetic
foot disease in patients with type-2 diabetes mellitus (DM) are also reviewed
in [129]. Nonlinear analysis of these signals is also done for healthy subjects
and patients with chronic obstructive pulmonary disease [130].

However, due to the unstable and irregular response characteristics of tra-
ditional endosomatic EDA [15], there are very few applications using this type
of EDA [131]. Therefore, once these issues are addressed, there is significant
scope for more applications using that particular type of EDA signal in future.

1.1.3 Differential Dermal Potentials (DDP)

Differential dermal potentials (DDP) are a special type of endosomatic EDA
signals which differ from most such signals since these are acquired in the
differential mode between two active sites [132,133]. Thus the sites and mode
of acquisition of this signal are similar to that of exosomatic EDA signals
but without any applied stimuli [15, 16, 134]. These differential signals are
recorded by connecting a pair of sensor electrodes across the intermediate
phalanges of the middle finger and the forefinger of one hand or feet [25],
[23]. In order to acquire these biopotentials reliably, a signal conditioning
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circuit [22] and a dedicated 4-channel data acquisition system (DAS) [133]
have been developed.

Detailed study, validation and characterization of these biopotentials have
been done by Bhattacharya [23] and Sarkar [1]. In [23], the determination
of the qualitative and quantitative features and parameters of DDP signals
are measured to characterize healthy human subjects at rest and a process
is developed using a minimal set of the identified parameters to synthesize
realistic pairs of DDP. The conditions and methodology for acquiring DDP
signals are also stated here briefly. In a further study of DDP signals [1], the
calibration of the proposed DAS, different experiments for acquiring these
signals and applications of the features of DDP signals in human condition
monitoring have been discussed. Since these skin potentials are generated
by all cells and tissues, including the nerves, blood vessels and muscles in
or under the skin, hence they are controlled by both the sympathetic and
the parasympathetic activities unlike most other EDA signals. It has been
successfully demonstrated in an application that the DDP signals acquired
simultaneously from both hands using 2 channels of the 4-channel DAS can
effectively discriminate cognitive load [26]. In this study, the variation of
DDP for differing levels of cognitive load are studied and the results are used
to classify the low and high mental workload. The performance of the DAS
is compared with that of conventional exosomatic device (GSR). In another
study [21], a non-invasive technique has been used to measure these signals
and statistical parameters that are associated with the health of the human
system have been identified along with their ranges. In yet another study,
a comparative study of the DDP signals acquired from left and right hands
of human subjects has been performed [25]. Here, the qualitative as well
as statistical characteristics of these signals are compared to determine the
bilateral relationship and based on these findings, a new parameter has also
been defined.

These real-time signals are typically slowly varying with low magnitudes,
typically within ± 300mV. Based on this characteristic, a 1st order model has
been developed which fits a straight line of suitable slope through the zero
crossing instant (ZCI) of the mean subtracted deviation signals [23], [24].
However, it is evident from the studies that the residuals have higher order
dynamics.

Hence, there is a need to determine the model order properly and to obtain
suitable dynamic models of these DDP signals. This is expected to provide a
scope for wide applicability of these signals.
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1.1.4 Restfulness, hypertensive classification and pos-
ture change studies

Restfulness assessment is an important topic of research since proper rest
helps to reduce stress, overcome fatigue and restore normal physical and
mental state [135, 136]. Apart from these aspects, the study of the restful
posture without any externally applied stimuli is also useful as a baseline for
several other studies, whether static or dynamic or involving application of
electrical and/or non-electrical stimuli [26].

Rest and sleep are essentially different from each other but no-nap rest
is very similar to stage 1 sleep that lasts not more than 10 minutes [137,
138]. In particular, EMG signals exhibit lower amplitudes [63] and EEG
signals show steadier characteristics [139] during stage 1 sleep than while
a subject is awake. This is indicative of the relaxation of the muscles and
nerves during this transition period between wakefulness and sleep. Sleep
detection in drivers during highly automated driving are done using potential
physiological measures [140] and driver drowsiness detection [141]. In fact, to
reduce the higher number of car accidents, driver fatigue and stress detection
and evaluation are done using ECG, EMG, EDA [142]. Recently, it has been
shown that DDP signals acquired from the left hand (LH) of subjects have
statistical and spectral features that are affected by long rest [24].

Classification is a popular technique nowadays in the field of biomedi-
cal condition monitoring and detection purposes. In few recent studies, the
classification technique is used for brain disease [143,144] and tumour detec-
tion from medical image data [145,146], analysis of chest disease [147], EMG
signal classification [148], pneumonia disease classification [149], detection of
epileptic seizure from EEG signals [150], arrhythmia detection [151], even
detection of Covid-19 from X-ray [152].

In the backdrop of the increased incidences of heart attack and stroke
diseases, the study of hypertension-normotension plays an important role in
recent research. There are different hypertensive and normotensive classifi-
cation methods using ECG and photoplethysmograph (PPG) signals [153].
Several indexes have also been proposed for hypertension detection using
ECG signals and electrodermal signals [154]. In a recent study, an au-
tomated technique is proposed for detection of severity of hypertension in
human subjects [155]. In another study, difference in races in cardiovascu-
lar and non-cardiovascular sympathetic nervous system (SNS) activity was
studied for hypertensive and normotensive subjects. The mentioned studies
used classification technique in machine learning for prediction of hyperten-
sion [153–156] from different physiological featured data [157,158] or medical
data [159].
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Another topic meriting interest in recent research is posture detection.
Study of posture has been done for behaviour assessment from long term pos-
ture and activity records [160], study of efficiency [161] and engagement [162]
of students or scholars, remote health care monitoring using sensors as in
WBAN (Wireless Body Area Network) [163], fall detection of lone elderly
subjects using key frame extraction from video data and then SVM (support
vector machine) classification [164] and mobile robotic applications [165] to
name a few. It is well established from several studies that posture and
cardiac activity are dependent on each other [166] in terms of cardiac out-
put [167], heart rate or R-R interval [168] or even systolic blood pressure [169].
For this reason, posture estimation has reliably been performed from cardiac
monitoring also [170]. Machine learning approach is typically used for this
approach in which the data for different postures are considered as different
classes for the classification [170,171].

There is a scope to study the efficacy of the features of the models of the
DDP signals to be proposed in this work in these specific applications.

1.1.5 Different conditions for data acquisitions [1]

The DDP signals are acquired from human subjects hence, this study was
approved by the Institute Ethical Committee (IEC) of Jadavpur University,
Kolkata, West Bengal, India and the approval number is JU/IEC/2020/2312/01.
In accordance with 1964 Helsinki Declaration and its later amendments or
comparable ethical standards, all the participants were informed about the
study briefly and consent forms were signed by each of the participants be-
fore participating in the study. A common overall questionnaire was filled
up by each of the participants to record their general health condition. The
subjects also filled a daily questionnaire for recording their self assessment
of their daily health. These consent form and the two sets of questionnaires
are affixed in Appendix.

(A) Subject recruitment
Total 32 dextral subjects were selected for DDP signals acquisition and they
were volunteers, either students, scholars or teaching and non-teaching staff
members from the Salt Lake campus of Jadavpur University. The ages of all
male and female subjects were 24 to 58 years and the weight, height were 55
to 105 kg, 148 to 185 cm respectively. They were from Eastern India, both
urban and rural localities in India with qualification of under graduate, post
graduate, pursing Ph.D. or awarded. Subjects with Hypertension, diabetes
mellitus, high cholesterol and/or thyroid problems are allowed to participate
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in this study. They were addicted in smoking citrate/biri, jarda paan, tea
and coffee and the informations were noted down in the consent forms.
(B) Materials
It was mentioned in [1] that all DDP signals were acquired using the RISH
Multi 18S with the RISH Multi SI232 assembly and the 4-channel (labelled
as Ch0, Ch1, Ch2 and Ch3) DAS. 8mm round Ag-AgCl velcro mounted
snap type electrodes were used for connection along with single core coaxial
cables as connectors and aqueous ultrasonic gel as the electrode-skin interface
medium. Data were displayed and stored in a PC or a laptop. These signals
were acquired from LH (left hand), RH (right hand), LL (left leg) and RL
(right leg) locations respectively. The oxygen saturation level (SpO2) and
the systolic and diastolic BP were measured using a pulse oximeter (Make:
CONTAC, Model: CMS50D) and a sphygmomanometer (Make: Rossmax ,
Model: GB101) respectively while the PR was measured manually using a
stop watch in all experiments.
(C) Experimental protocol and method
There are 4 experiments (DS1, DS2, DS3, DS4) are followed for acquiring
the DDP signals. For each of experiments, some protocols are maintained.
Those are discussed in step by step thereafter.

Step 1: Before starting an experiment, every subject was asked whether it
is first time or not and if the answer is yes then they are asked to give
their consent in a predefined format and if no, the next step is proceed.
The detailed of consent form is stated in [1].

Step 2: As the DDP signals are acquired in different days so, a set of daily
questionnaires regarding the physical and mental status of a subject on
that day were noted before starting the experiment.

Step 3: Then the subject was asked to lie down on the experimental bed in
supine posture or sit in the chair in sitting posture for relaxation upto
10 minutes. The form of the posture for data acquisition depends upon
the experiment type.

Step 4: After relaxation, the BP, temperature, PR and/or SpO2 of the sub-
ject was measured and recorded.

Step 5: Thereafter, the electrodes were connected in specific places of fingers
in differential mode and data are recorded. The connection types of the
electrodes are different for different experiments. After the recording,
BP, PR of the subject were also checked again.
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1.1.6 DDP signal acquisition experiments [1]

In order to study the three aforementioned applications, DDP signals were
acquired by Sarkar [1] from 4 types of experiments labelled as DS1, DS2,
DS3 and DS4 using the 4-channel DAS or the Rish Multi 18S [172] multi-
meter and Rish Multi SI232 [173]. These signals were acquired from one or
more of the four locations, namely LH (left hand), RH (right hand), LL (left
leg) and RL (right leg). Total 32 dextral volunteers within the ages of 24
to 58 years participated in these experiments for acquiring the DDP signals.
There were 21 male and 11 female subjects in this set. The experimental set
up and electrode connections for a 4-channel data acquisition are shown in
Figure1.1a and 1.1b respectively. In standard recommendations for electro-
dermal measurements [134], it is recommended that exosomatic EDA should
be recorded in differential mode across two active sites while endosomatic
EDA should be acquired in referenced mode across an active and an inactive
site (neutral point). However, as stated in [1, 24], the (endosomatic) DDP
signals are acquired in differential mode, so there is no neutral point in these
signal acquisitions.

(a) (b)

Figure 1.1: (a) Complete experimental setup (b) Placement of electrodes on
both hands and both feet [1]

The protocol for acquiring DDP signals are common for all experiments.
Since the typical bandwidth of the EDA signals is known to be 0 − 3 Hz,
hence the sampling frequency has been set to 20 samples/s for DDP signal
acquisition [25]. Furthermore, it has been shown in [1, 24] that the settling
time of the DDP signals is less than 2 minutes, specifically the mean and SD
are 81.17s and 59.63s respectively. Hence, the acquired signals, which are of
either 20 minutes or 10 minutes duration in the 4 experiments DS1 to DS4,
are subdivided into 10 or 5 subsequent 2-minute duration sets respectively.
However, the posture of the subjects, duration of acquiring DDP signals and
the connection of electrodes are different for different experiments. The de-
tails of the four experiments, DS1 to DS4, are stated hereafter.
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DS1
In the DS1 experiment, DDP signals were acquired only from the LH of in-
dividual subjects for 20 minutes in a predefined sequence. The DDP was
acquired between the intermediate phalanges of the middle and the index
fingers. The data set was acquired for 2 minutes in sitting posture. The
data recording continued in the next 2 minutes while subjects changed their
posture from sitting to supine. In the subsequent 16 minutes, the acquisi-
tion continued while the subjects remained in supine posture. A total of
57 datasets of 20 minutes duration was acquired from 24 subjects within a
period of 2 months.

DS2
In the DS2 experiment, DDP signals were acquired between the intermediate
phalanges of the middle and the index fingers of both LH and RH of individ-
ual subjects for 10 continuous minutes in supine posture. A total number of
98 sessions of data were acquired from 16 subjects within 4 months duration
for this experiment.

DS3
The experimental set up and the electrode connections in DS3 are the same
as in DS2. 3 subjects participated in this experiment over a period of 3
months and a total of 66 datasets were recorded. The electrode connection
was same as DS2 in supine posture and data acquisition with SpO2 recording
was continued for 2 minutes. After that the pulse oximeters were removed
and BP and PR were recorded from both hands. In next 2 minutes, the
pulse oximeters were further connected to both the thumbs and no data were
recorded. Again the data as well as BP, PR were recorded for 2 minutes in
supine posture. After this 2 minutes, the subject was asked to get up from
the supine position to a sitting posture on the chair beside the bed and relax
without any body movement. In this posture, data and SpO2 were recorded
for 2 minutes and the same recordings were noted in standing posture for
next 2 minutes again. The subjects were then asked to go out, climb down
a fixed flight of stairs to the lower floor, climb back up the same way and
return to the cubicle, all within 1 minute. After that, the subject was asked
to sit in the chair while the electrodes and pulse oximeters are reconnected.
Then the recording was restarted with the subject in sitting posture for 2
minutes. The BP was measured thereafter from left hand and compared with
the previous record when subject was in sitting posture. Once these match,
then the acquisition is stopped. Else the data recording in sitting posture
is resumed again for 2 minutes followed by the BP check for the left hand
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until the condition is met or till 10 minutes, whichever is earlier. After the
acquisition is finally stopped, the electrodes are disconnected, all the records
are saved and subjects are asked to resume their regular work.

DS4
In the DS4 experiment, DDP signals are recorded continuously for 10 minutes
from all 4 locations, namely LH, RH, LL and RL, of a subject in supine
posture. The acquisition technique is same as DS2 except for the electrode
connections, 4 in case of DS4 and 2 in case of DS2. A total of 66 datasets
of 10 minutes duration were acquired from 12 subjects in a duration of 2
months.

The independence of the signals acquired simultaneously from the 4 limbs
in DS4 have been established in [1] from the results of their cross-correlation.
Hence, considering the signal from each channel as independent and then
subdividing them into 2 minutes long non-overlapping sets, a total of 5706
numbers of DDP signals have been obtained from all the four (4) experiments.
Each of these 2 minutes long signals have a sampling time of 50 ms, and hence
2400 discrete samples. All these signals have been considered for each of the
three model validation studies presented in this work.

In case of the restfulness assessment studies and the two classification
studies, only the signals from the suitable experiment(s) have been consid-
ered. Further details of the signal pre-processing and processing in these
cases have been discussed in the relevant Sections.

1.2 Aim and Organization of the thesis

1.2.1 Aim and objectives

The aim of this work is to develop various models of the differential dermal
potentials (DDP) and to determine the use and efficacy of the parameters
derived from these models in studying and/or classifying human conditions.
This has been addressed in this thesis in various stages.

The first step for developing the model of any real time-series signal is to
determine its order. For this, the traditional approach based on the sample
autocorrelation function (ACF) of the signal is revisited in this work. A new
perspective based on the derivation of closed form solutions of the ACF of
incrementally complex signal models from first principles is explored.

The next step is to develop alternative models of the signal based on the
model order determined using the sample ACF. In the first stage, a procedure
to obtain a model with a deterministic polynomial time-series component
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and a stochastic component, which can represent the dynamics of the signal
adequately, is investigated. In order to clean the system and sensor noises in
the signal, the development of two other models based on the Kalman filter
(KF) approach are studied. Two distinct approaches are investigated for
obtaining the state space model and the subsequent KF model: a) using the
linear prediction coefficients (LPC) obtained from the popular autoregressive
(AR) model approach and b) deriving it ab-initio from the deterministic
polynomial time-series component developed in the first model.

Finally, the validity of the models developed are ascertained by studying
the efficacy of their parameters in analyzing and/or classifying the three
applications related to the DDP signals that were studied in [1], namely a)
study the effect of long duration of rest, b) classify the presence or absence
of hypertension and c) differentiate between the sitting and supine postures
of a subject.

1.2.2 Organization of the thesis

Chapter 1 contains the review of existing literature and the aim and orga-
nization of the thesis. The review of literature in Section 1.1 contains a
detailed study of the existing state of art in electrodermal activity (EDA).
A background of the recent development of the special type of EDA, namely
the differential dermal potentials (DDP), is stated in the same Section. This
includes a brief overview of 4 sets of experiments conducted and reported
in [1] for acquiring the DDP signals since these are used for the studies pre-
sented in this thesis. Section 1.2 contains the aim and objectives as well as
the organization of this thesis and finally, the list of contributions is stated
in Section 1.3.

Chapter 2 deals with the development and use of the stochastic ACF-ZCL
model, or ACF model in short. The concept of zero crossing lag (ZCL) of
sample ACF as well as the methodology for its use in determining the model
order and the ACF model are proposed in Section 2.2. The expressions for
obtaining the ZCL of power series signals, polynomial time-series signals,
stochastic signals and a general signal from first principles are stated in this
Section along with some key observations. Finally, an algorithm is proposed
for the model order determination and obtaining the stochastic ACF-ZCL
model, or ACF model in short, of a signal in this Section. Section 2.3 con-
tains the modelling protocol, method and analysis of previously acquired [1]
DDP signals. The effect of noise and coefficient interactions on the model
order are illustrated in this Section. The analysis of the tonic and phasic
components of the ACF models of the DDP signals and a comparison of the



18 CHAPTER 1. INTRODUCTION

ACF model features with the standard PACF model features are also pre-
sented in this Section. The assessment of various aspects of restfulness in
terms of the effect of rest on the characteristics of the tonic and the phasic
parameters of the ACF model is stated in Section 2.4. The chapter discus-
sions are stated in Section 2.5.

The formulation of two distinct KF models are proposed in Chapter 3.
The standard Kalman Filter model is denoted here as the KFLPC model
since its underlying state space model is obtained using the standard AR
based Linear Prediction Coefficients (LPC). The formulation of the state
space model from the available signal, its LPC and covariances is proposed
in Section 3.2. In Section 3.3, a time-series (TS) state space model is derived
ab-initio from the ACF model of the time-series signal yk. The derived TS
state space model forms the basis of the proposed KFTS model. The stan-
dard KF algorithm that is applied to the LPC and TS state space models to
obtain the standard KFLPC and proposed KFTS models of the DDP signals
is described in Section 3.4. The robustness (J1) and sensitivity (J2) metrics
of KF models have been proposed in [174]. These metrics, their associated
parameters and their implications in terms of the two KF models are also
discussed in this Section. The KF models of the DDP signals are discussed in
detail in Section 3.5 including their modelling protocol and the method used
for obtaining the filter parameters. This Section also contains a comparison
of the various parameters and the metrics of the two KF models and the
ACF model. Thereafter, the restfulness assessment performed in Section 2.4
is extended in Section 3.6 to compare the ACF and the two KF models sys-
tematically in terms of the spectral entropy and the various tonic and phasic
components of the 3 models as well as the noise residuals and the key metrics
parameters of the two KF models. The chapter discussions are presented in
Section 3.7.

The effectiveness of these models in classifying two human conditions is
discussed in Chapter 4. The experimental methodology used for the classi-
fication studies is described in Section 4.1. At the outset, the type of data
sets used and their pre-processing, as discussed in [1], have been stated. The
details of the signal quantization performed in this study for the two classifi-
cations, the model parameters used, the feature selection and ranker methods
tested, the classification metrics evaluated as well as the cross-validation pro-
tocols used for the studies are also discussed in this Section. The details of
the hypertensive and normotensive classification are stated in Section 4.2 and
the posture classification in Section 4.3. In each case, the selection of ranker,
the attributes selection and the cross validation results for the 3 models and
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their analysis are discussed in detail in the respective subsections. Section
4.4 contains the overall discussions.

Thesis conclusions and future scope of work are presented in Chapter 5.

1.3 List of contributions

The list of contributions of this study presented chapter-wise are as follows:

1: Chapter 2: The concept of zero crossing lag (ZCL) of sample ACF, its
closed-form solution for various types of signals as well as the method-
ology for its use in determining the model order of these signals is
proposed.

2: Chapter 2: A stochastic ACF-ZCL model of general time-series signals
is proposed along with an algorithm to determine its tonic and phasic
components. This is applied to analyze several DDP signals.

3: Chapter 3: The KFLPC model of DDP signals is developed using the stan-
dard LPCs obtained from the AR modelling approach. A methodology
is proposed for obtaining the state space model for the KFLPC model.

4: Chapter 3: The KFTS model along with its underlying state space model
is derived ab-initio from the proposed ACF model.

5: Chapter 2 and 3: The effect of rest on various features of the tonic and
phasic parameters of the ACF, KFLPC and KFTS models as well as on
the metric parameters of the 2 KF models are analyzed.

6: Chapter 4: The effectiveness of ACF, KFLPC and KFTS model parame-
ters in two classification studies have been established. These are
(i) hypertensive and normotensive classification or detecting the pres-
ence or absence of hypertension in subjects
and (ii) sitting and supine posture classification or detecting the change
in posture of human subjects.
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Chapter 2

Stochastic ACF-ZCL model of
DDP signals

2.1 Introduction

In this chapter, a suitable time-series model of the DDP signal is established
using its ACF characteristics. As mentioned in Section 1.1.1, Chapter 1, it
is known that several real time signals like EDA have a slowly varying tonic
component along with a fast changing phasic component [15, 44–46]. Simi-
larly, it is to be expected that the model for the DDP signals, will have the
deterministic component and the residual error time-series will be representa-
tive of the tonic and phasic components of the signal dynamics respectively.
Thus, the objective of modelling these signals is ascertain the determinis-
tic trend using time series regression methods like a pth-order polynomial of
time. This results in a residual error time series, which is typically serially
correlated and represents the stochastic component [175].

Hence, the primary task for modelling any system is its order identifica-
tion [15] [54]. For this purpose, the most popular method is to study its ACF
characteristics. As mentioned in Chapter 1 in [1], it is reported that the ACF
characteristics of DDP signals are of two types: one having a deterministic
linear trend and others having higher order dynamics. However, contrary to
prevalent ACF based approaches, a direct method has been proposed in this
work to fit the model to the acquired DDP signals. This method is based
on a closed form solution of the 1st zero crossing lag (ZCL) of the sample
autocorrelation function (ACF) of an underlying ideal signal. This and some
other notations are listed in Table 2.1. Since the trend of the DDP signals
is linear, so a 1st order ideal affine model was primarily assumed for these
signals. However, higher order dynamics have been observed in several of

21
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the residuals of the stochastic affine models of the signals. So, this same ap-
proach has been extended to obtain general order models, henceforth termed
as stochastic ACF-ZCL models (Table 2.1).

The work presented in this Chapter aims to

a) Develop a method based on the ZCL of the ACF to determine the model
order for any real time-series signal, alternatively referred as time-series
or series.

b) Determine a stochastic polynomial regression model of the actual sig-
nal and validate the model properties in comparison with those of the
standard PACF model.

c) Establish the correlation of the deterministic trend and the stochastic
residual time-series with the tonic and phasic components of the real
signal and interpret the physiological relevance of the model features.
The specific application of no-nap restfulness has been used for this
purpose.

Table 2.1: List of notations

Symbol Description
T Sampling time=50 ms.
k Sample (or time instant).
N Number of samples=2400.
i Order of the particular term.
n Overall polynomial model order.
ai Coefficient of the i-th order term.
wk Zero mean, finite variance Gaussian noise.

lzc, ZCL 1st zero crossing lag of sample ACF.
rk Residual, alternatively phasic component of signal.

RMS Root of mean of square of a variable.
CDF Cumulative distribution function
SSE Sum of squares of error
IQR Inter-quartile range

Stochastic ACF-ZCL model ZCL based ACF model with additive stochastic residuals

In this work, closed form solutions are determined for the ZCL of a general
power law series, both deterministic and stochastic, as well as of a polynomial
time-series. These time-series are denoted as ydk, ysk and ypk respectively as
listed in Table 2.2. The power law series are considered to be of order i while
the polynomials are considered to be of order n, unless otherwise mentioned.
It must be mentioned here that in the seminal text by Box and Jenkins et
al. [27], the dying out of the sample ACF of stochastic processes is discussed
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in brief but no solution is provided for the ZCL of power law or polynomial
time-series. The ZCL is used to determine the order of the deterministic poly-
nomial regression fit, hereafter also referred simply as polynomial or polyfit,
component of a stochastic model. Thereafter, an algorithm is proposed to fit
the proposed stochastic ACF-ZCL model, also referred to in short as ACF
model, to actual time-series signals yk. Finally, the ACF model components
are utilized for restfulness analysis.

The Chapter is organized as follows. The concept of ZCL of sample ACF
and the structure of the stochastic ACF-ZCL model are proposed in Section
2.2. Section 2.2.1 contains the expressions for obtaining the ZCL of the
stochastic power series ysk, the deterministic power series ydk, the stochastic
1st order polynomial fit (polyfit) yk1, the polynomial time series ypk and a
general signal yk from first principles in theorem and corollary format. The
key observations from the theorems, presented in Section 2.2.2, are used in
Section 2.2.3 to propose an algorithm for the model order determination and
obtaining the stochastic ACF-ZCL model of a signal. The modelling protocol,
method and analysis of all acquired DDP signals of 1st order and higher order
are presented in Section 2.3. The effect of noise and coefficient interactions
as discussed in Section 2.2.2 are illustrated in Section 2.3.3 while the analysis
of the tonic and phasic components of DDP signals are presented in Sections
2.3.4 and 2.3.5 respectively. A comparison of the proposed stochastic ACF-
ZCL model features with the standard PACF model features is discussed
in Section 2.3.6. The assessment of various aspects of restfulness using the
stochastic ACF-ZCL model features is stated in Section 2.4. The details of
the assessment methodology as well as the effect of rest on the characteristics
of the tonic and the phasic model parameters are discussed in Sections 2.4.1,
2.4.2 and 2.4.3 respectively. Discussions are stated in Section 2.5.

2.2 Stochastic ACF-ZCL model

It is well known that any bio signal contains higher order dynamics. As
studied in [1], it is observed that the DDP signals also reflect the same
nature. This is evident in the ACF characteristics of these signals also.
The value of the sample ACF of the DDP signal starts from 1 and then
decreases via 0 to a negative minimum. As evident in Figure 2.1, the ACF
value thereafter increases again and may undergo further undulations with or
without additional zero crossings till it finally ends at 0 [176]. In this work,
the lag at which the sample ACF crosses the zero axis for the first time has
been used to determine the model order of the signal. As marked in Figure
2.1, this first zero crossing of the signal ACF is denoted as lzc and termed
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Table 2.2: List of terms and their mathematical forms

S.No. Terms Description Mathematical forms
1. (k + l)i = (iC0k

i +i C1k
i−1l + ... +i Cil

i)
2. Skl

.
= (iC1k

i−1l + ... + li) = (k + l)i − (k)i

3. Si (Sn)
.
=
∑N

k=1 k
i (=

∑N
k=1 k

n)

4. Sj
.
= [
∑N

k=1(
∑n−1

i=0 ai(kT )i)]/N

5. Xk,l Cross covariance of noise wk
.
= 1

N

∑N−l
k=1 wk.wk+l = E[wk.wk+l]

6. X1 =
24Xk,l

(N−lzc)(a1T )2

7. ydk Deterministic (ith order) power law series = ai(kT )i, ∀k ∈ [0, N ]
8. ysk Stochastic (ith order) power law series = ai(kT )i + wk = ydk + wk, ∀k ∈ [0, N ]

9. ypk
Deterministic (nth order) polynomial

or trend or tonic component

=
∑n

i=0 ai(kT )i, ∀k ∈ [0, N ]

= ydk|i=n +
∑n−1

i=0 ai(kT )i, ∀k ∈ [0, N ]
10. ypk1 Deterministic 1st order polynomial = a1(kT ) + a0, ∀k ∈ [0, N ]

11. ydk,ysk, y Mean of the power law series = aiT
i

N

∑N
k=1 k

i + E[wk] = aiT
i

N Si

12. ypk,yk
Mean of the polynomial ypk
or signal (or its model) yk

=
∑N

k=1(
∑n

i=0 ai(kT )i)

N

=
∑N

k=1(an(kT )n)

N +
∑N

k=1(
∑n−1

i=0 ai(kT )i)

N

= anT
n

N Sn +
Sj

N

13. yk Stochastic ACF-ZCL model
= ypk + wk ∀k ∈ [0, N ]

= ysk|i=n +
∑n−1

i=0 ai(kT )i, ∀k ∈ [0, N ]
14. yk1 Stochastic 1st order ACF-ZCL model = ypk1 + wk ∀k ∈ [0, N ]

15. yk1 Mean of yk1
=

∑N
k=1(a1kT+a0+wk)

N

= a1T (N+1)
2 + a0 + E[wk] = a1T (N+1)

2 + a0
16. rk, wk Residuals of signals = yk − ypk, ∀k ∈ [0, N ]
17. rk1 Residuals of 1st order signals = yk1 − ypk1, ∀k ∈ [0, N ]

the zero crossing lag (ZCL)(Table 2.1).

As mentioned earlier, a stochastic polynomial regression fit of any general
time-series signal is proposed as the stochastic ACF-ZCL model in this work,
while this study has been validated on the DDP signals. Thus, the actual
signal yk is modelled as ypk + wk, where wk is an additive time-correlated
noise which adds on to a deterministic high-order polynomial time-series ypk.

In order to assess the ACF characteristics of this total signal, we take a
block-by-block build up approach. Each term in the polynomial component
is of the form of a deterministic power law process ydk = ai(kT )i(Table
2.2). So we systematically observe the characteristics of this ydk, then the
corresponding stochastic series ysk = ai(kT )i+wk. Then we consider the ACF
of the deterministic polynomial ypk and infer the effects of these individual
components on the ACF of the actual acquired signal yk.

The nature of lzc, of ydk = ai(kT )i ∀k ∈ [0, N ], N = 2400 for i = 1, 4, 7
is shown in Figure 2.1. It is to be noted that the ACF of ydk is independent
of the coefficient ai, as will also be established in 2.2.1 and 2.2.2. Figure 2.1,
it is observed that the lzc values of ydk, marked as red circles, decrease as
the order i of the signal increases. Specifically, the lzcs for i = 1, 4, 7 are 878,
780 and 675 respectively. It is further observed that in this case, the ACF
crosses 0 once and then ends at 0 at the final time instant N . There are no
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Figure 2.1: Sample ACF of ydk = ai(kT )i for any value of ai where, i = 1, 4, 7
∀k ∈ [0, N ], N = 2400

other zero crossings. Hence, it may be said that the order of the process ydk
can be determined from the lzc of the corresponding sample ACF.

An acquired DDP signal, yk, is chosen as a test case and its sample ACF
(violet colour) is plotted in Figure 2.2a. It has been determined using the
modelling algorithm developed in Section 2.2.3 that the best fit polynomial
for this signal is of order 3. The stochastic component wk, practically taken to
be the residual rk (= yk − ypk), has power -27.16dB. It is to be noted that wk

is used interchangeably with rk henceforth. The ACFs for the corresponding
fitted power series ydk = ai(kT )i (blue colour) and the fitted polynomial ypk =∑3

i=0 ai(kT )i (green colour) are shown in Figure 2.2a. To get a preliminary
idea of the effect of noise on the ACF characteristics of ydk, the corresponding
fitted stochastic power series ysk = ydk + wk ∀k ∈ [0, N ] (as given in Table
2.2) obtained by adding the residual rk to ydk, is shown in Figure 2.2b in red
colour. In order to appreciate these ACF characteristics, the corresponding
original signals for yk, ydk, ysk and ypk are shown in Figure 2.3a while the
residual series rk is shown in Figure 2.3b.

As shown in Figure 2.2a, when additional lower order terms pertaining
to a polynomial regression fit are added to the power law series ydk, the
characteristics of the sample ACF may remain the same but the ZCL value
changes as expected from a comparison of ydk and the corresponding ypk.
However, in this case, merely adding wk to ydk causes a large change in
its ACF characteristics and the lzc as evident from the sample ACF of the
stochastic power series ysk(= ydk + wk) in Figure 2.2b.

Based on these observations, a method to model a signal is proposed
henceforth in this Chapter. For this, the first task is to ascertain the order
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Figure 2.2: Sample ACFs of (a) ydk = ai(kT )i, i = 3, a3 = −1.43e − 09,
ypk =

∑3
i=0 ai(kT )i and yk = ypk +wk, power of wk = −27.16dB (b) ydk and

ysk = ydk + wk ∀k ∈ [0, N ], N = 2400

of the deterministic component of the time-series from the value of its ZCL.

2.2.1 ZCL of general time-series

In this subsection, the expressions to obtain the lzc of 3 types of time-series:
a) the stochastic power law series ysk, which is considered mathematically as
ydk corrupted by an additive zero mean, finite variance Gaussian noise wk,
b) the stochastic 1st order polyfit yk1 and
c) the deterministic polynomial series ypk
have been derived systematically from first principles in theorem format.
The expressions for the lzc of the deterministic power law series ydk and the
deterministic 1st order polyfit ypk1 are stated as corollaries.
The noise wk is not assumed to be totally uncorrelated or white, but is merely
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Figure 2.3: Time-series plots of (a) ydk, ysk, ypk, yk and (b) residual rk
for the sample ACFs shown in Figure 2.2

assumed to be zero mean and uncorrelated with the tonic component ydk (or
ypk) in order to mimic the phasic component of the real time-correlated DDP
signal.

As mentioned earlier, the notations that are commonly used in this work
have been listed at the outset in Table 2.1 while the mathematical forms of
ydk, ysk, ypk, ypk1, yk, yk1 as well as some additional expressions used for the
derivations are stated in Table 2.2.

The expressions for lzc of the sample ACF for ysk, yk1 and ypk have been
stated here as Theorems I, II and III respectively. It is to be noted that ydk
and ypk1 can be treated as special cases of ysk and yk1 respectively. So the
closed form expressions for lzc of ydk and ypk1 are provided as Corollaries 1
and 2 of Theorems I and II respectively.

It is to be noted that since the noise wk is assumed to be zero-mean,
hence E[wk] = 0. So the mean y of ydk and ysk are identical. The expression
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for y = ysk = ydk is stated in Table 2.2.

Theorem I:
Considering an additive zero mean Gaussian noise wk that is uncorrelated
with the deterministic component and with finite variance Xk,l as defined in
Table 2.2, the lzc of the sample ACF of the stochastic power law series ysk is
obtained as the solution of[(

Si

N

)2

− Si

∑N−lzc
k=1 ki

N(N − lzc)
+

∑N−lzc
k=1 ki(k + lzc)

i

(N − lzc)

]
−[

Si

∑N−lzc
k=1 (k + lzc)

i

N(N − lzc)
+

N

N − lzc
Xk,l

(aiT i)2

]
= 0 (2.1)

Proof : Let l ≤ N be the lag between k and (k + l) samples of stochastic
power law series ysk with total number of samples N . Then, the sample ACF
of a general biased stochastic series R̂x(l∆k) is [27]

R̂x(l∆k) =
1
N

∑N−l
k=1 (ysk − y)(ysk+l − y)
1
N

∑N
k=1(ysk − y)2

(2.2)

Since the denominator of (2.2) is a square term, hence it is always positive.
So, only the numerator of (2.2) is set to 0 in order to solve for the lzc value.
Using definitions of ysk and y = ysk in Table 2.2 and thereafter substituting
the relation (k + l)i = ki + Skl obtained from the expression for Skl in Table
2.2 in the numerator of (2.2), we obtain

1

N

N−l∑
k=1

(ysk − y)(ysk+l − y)

=
1

N

N−l∑
k=1

[
(ai(kT )i + wk − ysk)(ai(k + l)iT i + wk+l − ysk)

]
=

1

N

N−l∑
k=1

[
(ai(kT )i − ysk + wk)(aiT

i(ki + Skl) + wk+l − ysk)
]

=
1

N

N−l∑
k=1

[
(ai(kT )i − ysk + wk)(ai(kT )i − ysk + aiT

iSkl + wk+l)
]

(2.3)

Multiplying the terms in (2.3) and using the relation Xk,l as defined in Table
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2.2 yields

1

N

N−l∑
k=1

(ysk − y)(ysk+l − y)

=
1

N

N−l∑
k=1

[(ai(kT )i − ysk)2 + (ai(kT )i − ysk)aiT
iSkl]

+
1

N

N−l∑
k=1

[(ai(kT )i − ysk)(wk + wk+l) + wkaiT
iSkl] +Xk,l (2.4)

Let us define a term A in which the relation ysk = ai
N
T iSi from Table 2.2 is

substituted to yield

A
.
= (ai(kT )i − ysk) = (ai(kT )i − ai

N
T iSi) = (aiT

i)(ki − Si

N
) (2.5)

Substituting for A in (2.7) and using the fact 1
N

∑N−l
k=1 [(ai(kT )i − ysk)(wk +

wk+l) +wkaiT
iSkl] = 0 since the noise wk is assumed to be uncorrelated with

ydk yields

1

N

N−l∑
k=1

(ysk − y)(ysk+l − y)

=
1

N

N−l∑
k=1

[(ai(kT )i − ysk)2 + (ai(kT )i − ysk)aiT
iSkl] +Xk,l (2.6)

=
1

N

N−l∑
k=1

[A2 + (aiT
i)SklA] +Xk,l (2.7)

=
1

N

N−l∑
k=1

[(aiT
i)2(ki − Si

N
)2 + (aiT

i)Skl(aiT
i)(ki − Si

N
)] +Xk,l

=
1

N

N−l∑
k=1

(aiT
i)2[(ki − Si

N
)2 + Skl(k

i − Si

N
)] +Xk,l = 0 (2.8)

The LHS of (2.8) is next divided by (aiT
i)2/N . Then using the expression

Skl = (k + l)i − ki as in Table 2.2, it is expanded term by term to obtain

N−l∑
k=1

[(
ki − Si

N

)2

+ ((k + l)i − ki)
(
ki − Si

N

)]
+

N

(aiT i)2
Xk,l (2.9)
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=
N−l∑
k=1

(ki)2 +
N−l∑
k=1

(
Si

N

)2

−
N−l∑
k=1

2ki
Si

N
+

N−l∑
k=1

(k)i(k + l)i −
N−l∑
k=1

(ki)2

−
N−l∑
k=1

Si

N
(k + l)i +

N−l∑
k=1

Si

N
ki +

N

(aiT i)2
Xk,l

=
N−l∑
k=1

(
Si

N

)2

−
N−l∑
k=1

ki
Si

N
+

N−l∑
k=1

(k)i(k + l)i

−
N−l∑
k=1

Si

N
(k + l)i +

N

(aiT i)2
Xk,l = 0 (2.10)

Further simplifying (2.10) and taking the term (N − l) common yields

(N − l)

[(
Si

N

)2

− Si

∑N−l
k=1 k

i

N(N − l)
+

∑N−l
k=1 k

i(k + l)i

(N − l)

]
−

(N − l)

[
Si

∑N−l
k=1 (k + l)i

N(N − l)
− N

N − l
Xk,l

(aiT i)2

]
= 0 (2.11)

l = N is the end point and hence the lzc, which is the 1st zero crossing lag,
is obtained as the closed form solution of setting the term within the square
bracket to zero. This is identical to (2.1).

Corollary 1:
The lzc of the deterministic power law series ydk is obtained as the solution
of[(

Si

N

)2

− Si

∑N−lzc
k=1 ki

N(N − lzc)
+

∑N−lzc
k=1 ki(k + lzc)

i

(N − lzc)
− Si

∑N−lzc
k=1 (k + lzc)

i

N(N − lzc)

]
= 0

(2.12)

by substituting Xk,l = 0 in equation (2.1).

Theorem II:
Considering an additive zero mean Gaussian noise wk that is uncorrelated
with the deterministic component and with finite covariance Xk,l as defined

in Table 2.2, X1 =
24Xk,l

(N−lzc)(a1T )2
and number of samples N , the lzc of the 1st

order stochastic ACF-ZCL model yk1 = a1kT + a0 + wk is obtained as

lzc =
−N +

√
3N2 − 2 +X1

2
(2.13)
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Proof : Let l ≤ N be the lag between k and (k + l) samples of the 1st order
stochastic ACF-ZCL model yk1 with total number of samples N . Then, equa-
tion (2.2) can be rewritten for the sample ACF of the first order stochastic
model yk1 as

R̂x(l∆k) =
1
N

∑N−l
k=1 (yk1 − yk1)(yk1+l − yk1)

1
N

∑N
k=1(yk1 − yk1)2

(2.14)

To identify the lzc of yk1, the numerator of 2.14 is set to 0 as in Theorem I
yielding

1

N

N−l∑
k=1

(yk1 − yk1)(yk1+l − yk1) = 0

=
N−l∑
k=1

((a1kT + a0 + wk)− yk1) (a1(k + l)T + a0 + wk+l − yk1) (2.15)

The noise is assumed to be zero-mean, hence E[wk] = 0. So, yk1 is obtained
(as defined in Table 2.2) as

yk1 =
∑N

k=1(a1kT+a0+wk)

N
= a1T (N+1)

2
+ a0 + E[wk] = a1T (N+1)

2
+ a0 (2.16)

Substituting the value of yk1 in (2.15) and simplifying yields

N−l∑
k=1

(
a1kT + wk −

a1T (N + 1)

2

)(
a1(k + l)T + wk+l −

a1T (N + 1)

2

)

= [
N−l∑
k=1

(
a1T (2k −N − 1)

2
)2 + a1lT (

a1T (2k −N − 1)

2
)] +Xk,l

= [
N−l∑
k=1

a21
4
T 2((2k −N − 1)2 + 2l(2k −N − 1))] +Xk,l = 0 (2.17)

It is to be noted that l = lzc for equation (2.17) to hold. Thus, using lzc and
simplifying equation (2.17) leads to

[
N−lzc∑
k=1

a21
4
{(4k2 + (N + 1)2 − 4k(N + 1)) + 2lzc(2k − (N + 1))}] +

Xk,l

T 2
= 0

(2.18)
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On expanding the relevant terms within the square bracket for k = 1 to
(N − lzc), equation (2.18) can be written as

a21
4

[
2(N − lzc)(N − lzc + 1)(2N − 2lzc + 1)

3
+ (N − lzc)(N + 1)2 −

2(N − lzc)(N − lzc + 1)(N + 1) + 2lzc(N − lzc)(N − lzc + 1)−

2lzc(N + 1)(N − lzc)] +
Xk,l

T 2
= 0 (2.19)

Dividing equation (2.19) all over by (N − lzc) and then simplifying yields

(
a21
4

)(
N2 − 2lzcN − 2l2zc − 1

3
) +

Xk,l

(N − lzc)T 2
= 0

So, (a21/12)(2l2zc + 2lzcN −N2 + 1)− Xk,l

(N − lzc)T 2
= 0 (2.20)

Dividing equation (2.20) by (a21/6) and using X1 =
24Xk,l

(N−lzc)(a1T )2
, a quadratic

equation for lzc is obtained as follows.

l2zc + lzcN − (
N2 − 1

2
+
X1

4
) = 0 (2.21)

Solving this yields the closed form solution of lzc as

lzc =
−N ±

√
3N2 − 2 +X1

2
(2.22)

Since lzc cannot be negative, so the solution which yields a practically feasible
value of lzc is obtained as equation (2.13) provided the term

√
3N2 − 2 +X1 >

N .
Corollary 2:
The closed form solution of lzc of the 1st order polyfit ypk1 = a1kT + a0 is

lzc =
−N +

√
3N2 − 2

2
(2.23)

Theorem III:
Considering Sn and Sj as defined in Table 2.2 and defining A1 = (an(kT )n−
an
N
T nSn), C1 =

∑n−1
i=0 ai(kT )i − Sj

N
, the lzc of the sample ACF of the deter-

ministic polynomial series ypk is obtained as the solution of[
1

N

N−lzc∑
k=1

[A12 + anT
nSklA1] +

1

N

N−lzc∑
k=1

[2A1C1 + A1
n−1∑
i=0

aiT
iSkl]

]

+

[
1

N

N−lzc∑
k=1

[C12 + C1
n∑

i=0

aiT
iSkl]

]
= 0 (2.24)
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Proof :
The sample ACF R̂x(l∆k) of ypk can be written as [27]

R̂x(l∆k) =
1
N

∑N−l
k=1 (ypk − ypk)(ypk+l − ypk)

1
N

∑N
k=1(ypk − ypk)2

(2.25)

As in Theorem I, in this case also the numerator of R̂x(l∆k) is set to 0 for
obtaining the lzc. Accordingly, using the expressions for ypk and Skl from
Table 2.2, we have

1

N

N−l∑
k=1

(ypk − ypk)(ypk+l − ypk)

=
1

N

N−l∑
k=1

[(
n∑

i=0

ai(kT )i − ypk

)(
n∑

i=0

ai(k + l)iT i − ypk

)]

=
1

N

N−l∑
k=1

[(
an(kT )n +

n−1∑
i=0

ai(kT )i − ypk

)(
n∑

i=0

(aiT
iki + aiT

iSkl)− ypk

)]
= 0 (2.26)

Using the terms Sn, Sj and the expression ypk = anTn

N
Sn +

Sj

N
from Table 2.2

in (2.26) yields

=

[
1

N

N−l∑
k=1

(
an(kT )n +

n−1∑
i=0

ai(kT )i − anT
n

N
Sn −

Sj

N

)]
1

N

N−l∑
k=1

[(
n∑

i=0

(aiT
iki + aiT

iSkl)−
anT

n

N
Sn −

Sj

N

)]
(2.27)

Let the terms dependent on model order n and the remaining terms respec-
tively be denoted as

A1
.
= (an(kT )n − an

N
T nSn), C1

.
=

n−1∑
i=0

ai(kT )i − Sj

N
(2.28)

Then (2.27), and hence (2.26), can be expressed as

1

N

N−l∑
k=1

[
(A1 + C1)(A1 + anT

nSkl + C1 +
n−1∑
i=0

aiT
iSkl)

]
= 0 (2.29)

The condition for lzc as in (2.24) is obtained by expanding (2.29).
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2.2.2 Key Observations from Theorems

In several cases, the ACF of real time-series signals cross the zero axis multi-
ple times due to interactions between the signal and noise coefficients before
finally ending at zero. So, the expressions obtained in the aforementioned
theoretical derivations for the lzc of ydk, ysk, ypk can be used for determining
the model order n.

The key observations from the three theorems and the two corollaries
stated in subsection 2.2.1 are described as follows:

1. The nth order stochastic ACF-ZCL model of the actual time-series sig-
nal, as well as the signal itself, is represented as yk. It is composed of
the deterministic and noise components of ysk (at i = n) along with
the 0 to (n − 1) order components of ypk. Hence it is to be expected
that the lzc of yk will be affected by the noise interactions as in ysk as
well as the coefficient interactions as in ypk.

2. The sample ACF is zero at the final instant for all cases, as is to be
expected for a finite time series data.

3. The lzc of the deterministic 1st order polynomial model ypk1 is uniquely
obtained and does not depend upon the coefficients a0 or a1 or the
sampling time T but is dependent only on the number of observations
N as seen in Corollary 2.

4. The lzc of the general ith order power law series ydk of order i is uniquely
obtained and is decided by i and N , but is independent of ai or T as
seen in Corollary 1.

5. The lzc of the stochastic 1st order model yk1 is uniquely obtained pro-
vided the particular noise sequence wk and hence X1 is known. Fur-
thermore, it is independent of a0 but varies with a1, T , and N as seen
in Theorem II.

6. The lzc of the stochastic series ysk or the deterministic polynomial ypk
or the stochastic ACF-ZCL model yk cannot be determined uniquely.
Furthermore, the expressions for the lzc in these cases depend on all the
terms i, N , ai and T as seen in Theorems I and III and Observation 1.

7. The first two terms in the expression in (2.24) for ypk and in (2.7)
for ysk are identical. This is so since the underlying terms A in (2.5)
and A1 in (2.28) are identical, being terms in the ACF of the common
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Figure 2.4: Zero crossing lag lzc vs. order i of deterministic power law series
ydk for N=2400 and N=10000

Table 2.3: Order and ZCL (lzc) of the series ydk and ysk, ypk or yk for N=2400

Order
lzc of
ydk

lzc of
ysk, ypk, yk

Order
1st lzc of
ydk

1st lzc of
ysk, ypk, yk

1 878 [865,∞) 6 708 [691, 725)
2 852 [834, 865) 7 675 [660, 691)
3 817 [798, 834) 8 645 [631, 660)
4 780 [761, 798) 9 617 ≤ 630
5 743 [725, 761) 36 305

deterministic component ydk. It is to be noted that i in ysk is the same
as n in ypk. So the nature of lzc of ysk and ypk can be expected to be
similar since these two terms are augmented by interaction terms in
both cases.

8. The lzc of ysk will be higher or lower than that of the corresponding
ydk depending on the contributions of the net noise correlation Xk,l, as
shown in (2.7).
In case of the 1st order models, this is evident from the effect of the
Xk,l dependent term X1 on the value of the lzc in (2.13). The lzc shifts
towards higher lag values than that for the corresponding ypk1 if X1

is positive. Else, if X1 is negative but is such that (3N2 − 2 + X1) ≥
N , then lzc shifts towards lower lag values. The other solutions are
unrealistic yielding negative or complex solutions for the lzc.
A similar interpretation exists for the lzc of ypk and the effect of net
coefficient interactions. In this scenario, the net coefficient interactions
obtained from the 3rd to 6th terms in (2.24) play an analogous role as



36 CHAPTER 2. ACF-ZCL MODEL

that of Xk,l in (2.7).

9. Taking both types of interactions into account, it is necessary to judi-
ciously ascribe a range of the lzc values to indicate a particular system
order n since this crucially affects the efficacy of the system model.
In case of ysk, ypk or yk, the range of lzc values are considered to vary
from the mid-value of the lzc of ydk for orders (i − 1) and i to that of
orders i and (i+ 1).
Table 2.3 lists the deterministic lzc of ydk for i = [1, 9], 36 and the cor-
responding range of lzc considered for ysk, ypk and/or yk for i = [1, 9].

10. Figure 2.4 shows a plot of lzc vs. i for the series ydk for i = [1, 54] for
N = 2400 and N = 10000. It is observed that the plots asymptotically
reach a fixed value in both cases. Furthermore, in both cases, as i
increases beyond 9, the change in the values of lzc drops significantly
and beyond i = 36, the lzc values are almost identical.

11. It is observed from Figure 2.4 and Table 2.3 that the values of lzc drop
to less than lzc/2 as the series order increases from n = 9 to n = 36.
The values of lzc for n = 9 are 617 and 2572 while those for n = 36
are 305 and 1267 for N = 2400 and N = 10000 respectively. Hence,
any time-series with an lzc less than half of that at n = 9 will have an
order n = 36 or more. It is known that for real time-series signals, the
ACF of residuals reveal further structure, or additional dynamics, in
the system and lower ACF lags indicate lower noise variance [177,178].
Combining these, it can be said that a large separation in the orders
(or lzc) of ypk and wk (or rk) is related to a large SNR.

2.2.3 Algorithm

Based on the observations, an algorithm has been developed that uses the lzc
of the actual time-series signal yk for identifying the primary system order n.
n is then updated using the ZCL of the residuals rk, till a sufficiently large
SNR is assured. The updated n is finally used to determine the standard
best fit polynomial ypk and the residual series rk of the stochastic ACF-ZCL
model yk. The flowchart for developing the mathematical model is provided
in Figure 2.5. The steps of the algorithm are stated hereafter.

Step 1: The sample ACF of the acquired time-series signal yk ∀k ∈ [0, N ] is
calculated using any available standard technique. In this study, N =
2400 in most cases.
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Figure 2.5: Flowchart for determining stochastic ACF-ZCL model
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Step 2: The lzc value is identified from the sample ACF and the signal order n
is determined using Table 2.3 for cases where lzc ≥ lzcmin. For signals
with lzc < lzcmin, n is set as nmax. In this study, nmax = 9 and since
N = 2400, so lzcmin = 630.

Step 3: A best fit polynomial ypk of order n is generated using standard least-
squares technique [179] and the corresponding residual series is gener-
ated as rk = (yk − ypk) ∀k ∈ [0, N ].

Step 4: If n < nmax, the ACF of rk is calculated and its lzc value is determined.
The system order and model is adjusted till lzc of rk is less than lzcmin/2,
indicating a sufficiently large SNR as discussed in Observation 11 listed
above.

Step 5: If the lzc of rk is larger than lzcmin/2, increase model order to n+ 1 and
repeat Steps 3 and 4. Then check the condition for the new rk until its
lzc < lzcmin/2 or n = nmax.

Step 6: If the lzc value of rk is within lzcmin/2 = 315 or the model order n =
nmax, retain the system polynomial as ypk with order n.

Thus, yk = ypk + rk ∀k ∈ [0, N ] is the stochastic ACF-ZCL model of the time
series signal yk, where ypk and rk represent its deterministic trend or tonic
and stochastic residual or phasic components.

2.3 Modelling and analysis of DDP signals

Table 2.4: Mean correlation matrix of all 4 acquired signals

Signals LH RH LL RL
LH 1 0.25 -0.01 0.02
RH 0.25 1 -0.08 -0.08
LL -0.01 -0.08 1 -0.06
RL 0.02 -0.08 -0.06 1

In the DS4 experiment stated in Section 1.1.6, total 68 sets of 4-channel
DDP signals are available. Each set of signals comprises of simultaneously
recorded 10-minute long LH, RH, LL and RL signals at a sampling time
of T = 50 ms. The cross-correlation coefficients of the 4 simultaneously
acquired LH, RH, LL and RL signals in each data set has been determined
and then their mean over all 68 sets of data has been tabulated in Table
2.4. As is to be expected for short duration biosignals, the cross-correlation
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values are typically very low, within ±0.1. Only the LH and RH signals
show a larger correlation coefficient of 0.25. This value is significant only for
long-range processes [175, 180] but since a duration of 10 minutes does not
qualify as such, hence this too can be regarded as low.

Thus the results indicate that although these signals have been acquired
simultaneously from 4 locations on the body of the same subject, yet they
can be treated as independent signals. Accordingly, all acquired signals from
all the different experiments have been treated as independent signals in the
present study.

2.3.1 Modelling protocol and method

The flow chart of the overall protocol for the data modelling and analysis is
shown in Figure 2.6. A detailed description of the steps are given thereafter.

Step 1: Each signal to be modelled is considered to be of 2-minutes duration.
Hence, any acquired signal of longer duration is divided into suitable
number of non-overlapping subsets of 2-minutes duration each. The
modelling and analysis is then done on each of the 2-minute potentials.

Step 2: The sample ACF of the 2-minute DDP signals is calculated and the
1st zero crossing lag (lzc) value is identified from it.

Step 3: Using the algorithm stated in Section 2.2.3, the stochastic ACF-
ZCL model yk of each 2 minute data is determined. In this model,
the signal order n is determined from the ZCL of the signal ACF,
the corresponding deterministic polynomial component is ypk and the
residual rk is expectedly the corresponding stochastic component.

Step 4: The next stage involves the analysis of the various model compo-
nents of the 2-minute long signals.

Step 5: Finally, the models of the signals acquired in DS4 experiment for the
restfulness assessment application have been studied in detail. In this,
the tonic and phasic characteristics of the signal have been inferred
from the model parameters for the consecutive 5 non-overlapping 2
minute segments of each 10 minute long signal.

In view of the finding regarding the independence of these signals, the
stochastic ACF-ZCL models of the DDP signals that have been acquired by
Sarkar [1] from all 4 types of experiments, namely DS1, DS2, DS3 and DS4
as stated in Section 1.1.6, have been determined. For this, each long signal
has been subdivided into 2 minutes segments as described above. Hence,
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Is signal
length = 2
minutes?

Calculate lzc value of each 2-
minute (2400 samples) DDP signal

Determine the polyfit ypk of each
2-minute signal using algorithm.
Determine rk from yk and ypk.

Analyze the various model components

Characterize the tonic and pha-
sic model components for the

signals in restful condition

Divide the signals into suitable
number of non-overlapping

2-minute subsets. Con-
sider each 2-minute subset

as an individual signal.

Yes

No

Figure 2.6: Steps of modelling protocol of DDP signals

there are 5706 numbers of 2 minutes long DDP signals with a sampling time
of 50 ms, that is 2400 discrete samples.

2.3.2 Fitting order 1 and higher order models

The first stage involves the order determination and modelling of all the 5706
acquired DDP signals. From the ACF of the acquired signals, it is observed
that in 902 signals, the lzc of the noisy signal lies within 865 and 1183. Thus
these are fitted with the 1st order models yk1 = ypk1 + rk1. It is interesting to
note that of these, 76 signals have their lzc equal to 878, which is the same
as the lzc for ydk for n = 1 as stated in Table 2.3.

The lzc of the remaining 4804 signals are either out of this range or their
residuals have higher order dynamics and hence, these signals are fitted with
respective n-th order models yk = ypk + rk ∀ n > 1. However, since all
signals seem to exhibit a predominantly linear trend, so these 4804 signals
have also been fitted with the 1st order models yk1 = ypk1 + rk1 considering
yk = yk1. This is done in order to verify the efficacy of the proposed algorithm
in determining the suitable signal order and corresponding model.

In accordance with the stochastic ACF-ZCL model formulation, the resid-
ual signals rk (or rk1) have been generated from the stochastic model yk (or
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Figure 2.7: Time-series plots of (a) 1st order signals yk1, yk2 and their polyfits
ypk1, ypk2, (b) higher order signals yk3, yk4 and their polyfits ypk31 , ypk41 , ypk33
and ypk48 (c) residuals rk1, rk2 and (d) residualsrk31 , rk41 , rk33 and rk48

yk1) by subtracting the corresponding polyfit ypk (or the 1st order fit ypk1)
from it. The characteristics of these residuals help in evaluating the good-
ness of fit of the respective model. Figure 2.7a shows the time-series plots
of 1st order signals yk1 and their respective ypk1 while Figure 2.7b shows the
time-series plots of the higher order signals yk and their respective 1st order
polyfits ypk1 as well as their higher order polyfits ypk. The corresponding
residuals are shown in Figures 2.7c and 2.7d respectively.

As expected, it is observed that the residuals of the proper order fits are
within ±0.5 mV range while the residuals rk1 that pertain to 1st order models
of the higher order signals are much larger (within ±2.5 mV). Higher order
dynamics are also clearly observed in the residuals in these cases indicating
the need for fitting higher order ypk models.
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Figure 2.8: Time plot of residuals of 25 sample signals: (a) 1st order signals
(b) higher order signals
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Figure 2.9: Cdf plot of 95% of the residuals (about median) of (a) 902 1st
order and 4804 higher order signals (b) 4804 higher order signals fitted with
1st order model

The next step is to study the characteristics of the residuals in more
detail. Figure 2.8a and Figure 2.8b show the residuals of 25 representative
1st order and higher order signals respectively. It is observed that in all cases
the residuals are random in nature with amplitudes typically within ±0.5
mV with some sudden spikes.

Thereafter, a statistical analysis is performed of the instantaneous resid-
uals of all the signals. The zoomed cdf plots pertaining to 95% (about the
median) of the residuals rk1 and rk of the 1st order signals yk1 and the higher
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Table 2.5: Statistical analysis of 1st order residuals

Parameters
902 1st order signals

4804 higher order
signals with 1st order fit

4804 higher order signals

Overall
95% about

median
Overall

95% about
median

Overall
95% about

median
Range (mV) (−20, 10) (−0.8, 0.8) (−250, 250) (−2, 2) (−223.37, 71.08) (−0.8, 0.8)

Mean,
median (mV)

0.00 0.00 0.00 0.00 0.00 0.00

SD (mV) 0.43 0.20 1.25 0.48 0.58 0.18
Skewness −1.45 −0.02 10.85 0.01 −22.08 0.02
Kurtosis 98.37 5.81 2.80× 103 6.23 7.89× 103 6.67

order signals yk are shown in Figure 2.9a while that of the residuals rk1 of
the 1st order models yk1 of the higher order signals yk are shown in Figure
2.9b. The corresponding statistical parameters are tabulated in Table 2.5.

It is observed in Figure 2.9a that 95% of the rk and rk1 lie within ±0.8
mV, of which more than 91% lie within ±0.5 mV. It is to be mentioned that
the overall spread of the rk and rk1 is however much larger owing to some
instantaneous spikes in some signals, as evident from Table 2.5. It is also
evident from the Figure and the Table that the residuals are zero mean and
95% of the rk and rk1 are unskewed with standard deviation within 0.2 mV.
Further, most of these residuals are clustered very close to 0 with a high
kurtosis of more than 5.5, even considering the 95% population.

As evident from Figure 2.9b and the corresponding statistics in Table 2.5,
the characteristics of the residuals are much worse in all cases for 1st order
fits of higher order signals further validating the efficacy of the proposed
algorithm for determining the model order and in fitting a stochastic ACF-
ZCL model.

2.3.3 Effect of interactions on signal models

It is mentioned in Observations 7 and 8 in Section 2.2.2 that the lzc of ysk
(alternatively, ypk) is affected by the Xk,l in (2.7) (alternatively, the polyno-
mial coefficient interactions). The effects of these interactions on the shift
in lzc from that in the deterministic power law cases are studied hereafter in
terms of the signals and their models.

(A) Effect of noise interactions

Since yk = ypk + rk, hence yk differs from its deterministic component ypk
only in the noise component rk. The effect of noise interactions in yk is thus
observed by comparing the ACFs of yk and its corresponding ypk. The ACF
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plots of two representative DDP signals, labeled as signal 1 and signal 2, are
shown in Figure 2.10a along with their respective polyfit series ypk. In the
zoomed plot shown in Figure 2.10b, the lzc of signal 1 and its polyfit are
marked as black dots while those of signal 2 and its polyfit are marked as red
dots. Both the signals chosen have 3rd order polynomial fits, but in case of
signal 1, the lzc of yk shifts towards higher lag than that of the corresponding
ypk, whereas the reverse happens in case of signal 2. Thus Observation 8
in Section 2.2.2 that the contribution of Xkl being positive or negative will
cause the lzc to shift to the left or right is validated.
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Figure 2.10: (a) ACF with lzc of two representative signals and their 3rd
order polyfits (b) zoomed plot near the lzc values

(B) Effect of coefficient interactions

In the next stage, the combined effect of the noise and coefficient interactions
on the lzc of yk is studied. It is observed in Table 2.3 that the lzc of the 3rd

order deterministic power law series ydk is 817, while the corresponding range
of lzc for yk, ysk and/or ypk is considered to be [798, 834). Considering all
signals yk identified to have 3rd order polyfit components, it is observed that
the lzc of the polyfits ypk lie in the range [648, 940] while the lzc of all the
actual signals yk lie in the range [798, 1028]. In order to visualize this, polyfit
models ypk of 50 representative 3rd order signals are shown in Figure 2.11.

It is thus evident that the range of lzc for the ypk is smaller than the
range of lzc for the actual signals. This variation is necessarily due to the
additive effect of noise interactions since yk = ypk+rk. However, as expected,
the lower limit of lzc for all the actual signals yk is maintained at 798. The
increase in the upper limit of lzc from a theoretical value of 834 to a practical
value of 1004 is because some signals with lzc in the range of 1st or 2nd order
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Figure 2.11: ACF plot of 3rd order polyfit signal without noise

Table 2.6: Orderwise coefficients and residual ranges

Order n of
signal yk

Number
of signals

Range of
coefficient (an)

Range of
residuals rk(mV)

1 902 (−0.01, 0.01) (−0.8, 0.8)
2 1587 (−4.16, 4.03)× 10−6 (−0.6, 0.6)
3 1192 (−2.61, 1.12)× 10−8 (−0.6, 0.8)
4 329 (−0.57, 4.78)× 10−11 (−0.8, 0.8)
5 198 (−1.42, 1.82)× 10−14 (−0.8, 0.8)
6 152 (−1.80, 2.66)× 10−17 (−0.6, 0.8)
7 122 (−0.24, 2.97)× 10−19 (−0.6, 0.8)
8 104 (−1.80, 3.75)× 10−23 (−0.6, 0.6)
9 1120 (−1.03, 0.94)× 10−25 (−0.8, 0.8)

signals also get included in this set due to the condition on the residuals to
account for higher order dynamic content in them. Thus Observations 6, 8
and 9 in Section 2.2.2 are validated.

2.3.4 Analysis of tonic components of the model

It has already been shown that the mV order magnitude DDP signals can be
represented suitably using their deterministic polyfits ypk. These ypk can be
considered as the tonic components of the models as mentioned in literature
[15], [46] and are studied hereafter.
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Analysis of coefficients

The order nACF of the ACF model has been identified using the lzc and there-
after the polyfit ypk is determined using the algorithm proposed in Section
2.2.3. The range of the highest order coefficients an of all the ypk signals for
different orders n and the corresponding range of rk for the ACF model have
been calculated for all 5706 signals and tabulated in Table 2.6.

In order to appreciate the contribution of the tonic components of ypk,
box plots of the logarithm of the magnitudes of the highest order coefficients
of all polyfit signals ypk, specifically log10(|an|), are shown in Figure 2.12a.
It is observed from both Table 2.6 and Figure 2.12a that the magnitude of
an drops significantly from 10−2 to 10−25 as the order increases from n = 1
to n = 9.

In order to verify the maximum contribution of these terms in ypk, the
box plots of log(|an| × (kT )n) at the terminal instant, that is for t = 2400×
50ms = 120s, are shown in Figure 2.12b. Since the plots of log(|an|(kT )n) =
log|an|+nlog(kT ), hence these differ from the corresponding log|an| plots by
a fixed gain in magnitude of nlog(120) = 2.08n. It is observed that there is
a significant difference in magnitudes of the components at n = 9 from those
of the lower order components in general as well as at the terminal instant.
This justifies the truncation of the ACF modelling algorithm at n = 9 for
this class and length of signals.
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Figure 2.12: Box plots of highest order coefficients of all polyfit signals ypk:
(a) log10(|an|) vs. n (b) log10(|an|(2400T )n) vs. n
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Analysis of ypk

In order to validate the results, the standard order identification technique
using PACF is also applied and the results of modelling are compared with
those of the proposed ACF method. In the PACF model, the signal order
nPACF has been identified using the function parcorr in MATLAB version
R2021a. Thereafter, for both the models, the MATLAB function fit which
uses standard least-squares polynomial regression [179] has been used to fit
the polynomial ypk and obtain rk.

Two representative 2-minute signals yk, their ACF based and PACF based
polyfits ypk are shown in Figures 2.13a and 2.13b. The respective model order
n and its primary coefficient a0 is also listed in Figures 2.13a and 2.13b. In
signal 1, the ACF model order is much higher than that of the PACF model
while in signal 2, the ACF model order is slightly lower than that of the
PACF model but the a0 values of the two models are almost identical in
both cases. In both cases, the ACF model captures the trend component
reliably while the PACF model fails to do so in signal 1.
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Figure 2.13: Time-series plots of (a) Signal 1 and its ACF and PACF polyfits
(b) Signal 2 and its ACF and PACF polyfits

2.3.5 Analysis of the phasic component of the model

The time-correlated stochastic rk represents the phasic component of the
model. The corresponding rk of the 2 signals yk and their polyfits ypk shown
in Figures 2.13a and 2.13b are shown in Figures 2.14a and 2.14b. The time-
correlated character of rk is evident in all cases and the range of the residuals
are observed to be similar for both the ACF and the PACF models. All 4
residuals are zero mean. However, the standard deviation (SD) of the ACF
and PACF model residuals of signal 1 are 0.16 mV and 0.32 mV respectively
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while it is 0.03 mV for both residuals of signal 2 as expected from their close
match in the plots.
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Figure 2.14: Time-series plots of (a) both residuals for Signal 1 (b) both
residuals for Signal 2

From the analysis of tonic and phasic component, it is clear that the
proposed stochastic ACF-ZCL model of DDP signals is representative of the
acquired DDP signals.

2.3.6 Comparison between stochastic ACF-ZCL model
and standard PACF model

In order to further study the suitability of the proposed model, the ACF
models of all the 5706 signals are compared with the corresponding standard
PACF models on the basis of the order of the trend components as well as
the statistical characteristics, Sum of squared errors (SSE) and Root mean
square (RMS) of the residuals.

As mentioned earlier, all 5706 signals have been fitted with stochastic
ACF-ZCL and PACF models. Thereafter, the cumulative distribution func-
tion (CDF) of the ratios of the orders of the two polyfits nACF/nPACF and
that of the corresponding SSE residuals SSEACF/SSEPACF are calculated.
These as well as their zoomed plots are shown in Figure 2.15a -2.15d. It
is observed from Figure 2.15b that nPACF/nACF ≥ 1 that is, the detected
order using PACF is equal or larger than that obtained using the proposed
ACF technique for 70% cases while SSEACF/SSEPACF is less than 1 in 30%
cases. The subscripts ACF and PACF refer to the ACF and PACF models
respectively.

The RMS of the rk in both cases, RMSPACF and RMSACF have been
compared and the cdf of their ratio plotted in Figure 2.16. It is observed
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Figure 2.15: (a) CDF plot (b) Zoomed CDF plot of nACF/nPACF (c) CDF
plot (d) Zoomed CDF plot SSEACF/SSEPACF

that in 90% cases, the RMSACF (RMSPACF ) is within twice (1.78 times)
of RMSPACF (RMSACF ) and is at most 12.82 (15.21) times that of the
RMSPACF (RMSACF ) considering all the signals. Thus, the ACF model
typically provides a lower to equal order of fit as compared to the PACF
model but this is associated with a marginally higher RMS of the residuals.

In view of this finding, a statistical analysis of the model residuals is
done to further study the efficacy of the proposed approach. The statistical
analysis of 95% (about median) of the residuals for the proposed ACF models
and the standard PACF models is shown in Table 2.7. All residuals of both
models are zero mean and the basic statistics of 95% of all the residuals about
the median of both models are observed to be similar. More specifically, the
residuals rk lie within ±0.8 mV for both models, while the corresponding SD
is 0.19 mV (0.18 mV) for the ACF (PACF) model. Furthermore, the ACF
(PACF) model residuals are non-skewed with kurtosis of 6.52 (8.02). This
indicates that in both types of models, less than 5% of the potentials have
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Figure 2.16: Cdf plot of ratio of residual errors:: RMSPACF and RMSACF

Table 2.7: Statistical analysis of 95% (about median) of the residuals

ACF method PACF method
Range (−0.8, 0.8) mV (−0.8, 0.8) mV

Mean, median 0.00 mV 0.00 mV
SD 0.19 mV 0.18 mV

Skewness −0.01 0.04
Kurtosis 6.52 8.02

local abrupt large spikes. This is to be expected since the data were acquired
mostly from restful supine or sitting subjects who were not subject to any
external stimuli.

In the next stage, the correlations of the residuals are studied. The
Durbin-Watson test results lie within 0 to 2 for residuals of both ACF and
PACF models indicating positive series correlation. This validates the con-
sideration of the finite cross-covariance Xk,l of the noise wk in ysk or yk.

The Pearson coefficient test of the residuals show that 60.31% of the
residuals of the ACF models follow beta distribution (both 4-parameter and
F-location types or alternatively, of 1st and 2nd kind [181]) while 39.69% of
the residuals are not related to any distribution. In case of the residuals of
the PACF models, these proportions are 53.62% and 46.37% respectively.

This comparative study thus establishes that the conventional PACF
model and the proposed ACF model are comparable and the residuals of
both models exhibit positive series correlations. However, the ACF model
typically captures the deterministic tonic component with a lower order poly-
fit component than the corresponding PACF model. Furthermore, the ACF
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model residuals follow the beta distribution more consistently and so can be
considered representative of the phasic component of the signal.

2.4 Restfulness Assessment

The effect of rest on the parameters of the tonic and phasic components
of the 4-channel DDP signal is observed in this Section. As mentioned in
Chapter 1, DDP signals were acquired simultaneously from 4 limbs of the
volunteers while they were in restful supine posture in the DS4 experiment.
For purposes of statistical variety, the data was collected from the subjects in
multiple (at least 3 or more) sessions that were conducted on different days
and at different times within working hours. The acquired 10 minute long
data from each limb of a subject in a particular session was then subdivided
into 5 subsequent 2-minute duration sets. These denote 5 successive stages
of restfulness of the subject. The proposed algorithm mentioned in Section
2.2.3 was then applied for modelling each 2-minute duration set of these
signals as stated in the modelling protocol flowchart in Section 2.3.1.

2.4.1 Assessment Methodology

In the DS4 experiment [1], total 68 numbers of 10 minute 4-channel data
sets were recorded from 16 volunteers over a total duration of 6 months.
Thus, there are total 68× 4 = 272 sets of independent signals from subjects
in restful supine condition for 10 minutes. Thereafter, each of these signals
have been segmented into 5 non-overlapping sets of 2-minutes signals. These
are denoted as (rest) state 1, 2 and so on till state 5. So, 272 × 5 = 1360
numbers of 2-minute duration signals with N = 2400 discrete samples each
are available for the analysis since the sampling time is T = 50 ms. The
model features of these 5 stages of each DDP signal are analyzed henceforth
to assess the systematic stage-wise changes in the deterministic and stochastic
components of the ACF model due to restfulness.

One of the parameters considered in this study is the spectral entropy
[182]. It is known that for a signal x(n) with discrete Fourier transform X(k),
its power spectrum is S(k) = |X(k)|2. Then, the probability distribution
P (k) and the spectral entropy E are defined as

P (k) =
S(k)∑
i S(i)

, E = −
N∑
k=1

P (k)log2P (k). (2.30)

For the calculation of the spectral entropy E, the 10 minute DDP signal is
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first z-normalized as (yk−yk)/SD of (yk) [24] and then the signal is subdivided
into the 5 non-overlapping 2-minute subsets for further analysis.

The comprehensive list of parameters considered for the restfulness as-
sessment are lzc, n, mean of yk and ypk, spectral entropy of yk, ypk and rk as
well as the SD of yk and rk.

2.4.2 Effect on tonic parameters

For the assessment of restfulness, the box plots of the lzc of the signal ACF
and the order n of the ACF models for each of the 5 rest states are shown
in Figures 2.17a and 2.17b. In case of the lzc, it is observed that the upper
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Figure 2.17: Box plots of (a) lzc, (b) order n of ACF models for 5 rest states

quartile and median values remain almost same but the lower quartile de-
creases with rest. In case of the order of the ACF models, the median value
is 3 in all states except state 4 where it drops to 2. This is also the lower
quartile for all states. However, the upper quartile of n increases with rest
indicating an emerging determinism of the system.

A comparison of the box plots of the mean of yk and ypk in the 5 rest
states, as shown in Figures 2.18a and 2.18b, as well as the spectral entropy
of yk and ypk in the 5 rest states, as shown in Figures 2.18c and 2.18d, show
that the plots of these yk and ypk parameters are almost identical in both
cases. This further validates that ypk represents the tonic component of the
DDP signal.

It is observed that the median as well as the inter-quartile range (IQR)
of the mean of the tonic component show minimal change with rest. But the
box plots of the spectral entropy of yk and ypk show that state 3 exhibits the
maximum entropy in terms of the median as well as the IQR and then these
decrease systematically till state 5. It is known that in the restful condition,
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Figure 2.18: Box plots of mean of (a) yk (b) ypk = xkACFtonic, spectral entropy
of (c) yk (d) ypk of ACF models in 5 rest states

the body distributes the power over a larger frequency range [183] and so
the spectral entropy also increases [184]. The maximum entropy in state 3
thus indicates that a supine subject achieves fully rested condition typically
within 4-6 minutes of no-nap rest and this phenomena markedly affects the
tonic component of the DDP signal.

2.4.3 Effect on phasic parameters

The box plots of the SD of the signals yk and the residual rk, as shown in
Figure 2.19a and 2.19b, are observed to vary similarly from state 1 to state
5 and are almost identical for states 3, 4 and 5. Since the phasic component
is the fast changing component, it is more likely to be represented by the SD
of the signal. Hence, the box plots validate that the stochastic residual series
rk of the ACF model represents the phasic component of the signal.

It is further observed that the IQR as well as the median of the residuals
decrease significantly towards zero with rest. This supports the finding in [24]
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Figure 2.19: (a) SD of yk and (b) rk = xkACFphasic (c) Spectral entropy of rk

that the average SD of the signals decrease with rest. Additionally, the
median and the lower quartile of the box plots of the spectral entropy shown
in Figure 2.19c also decrease with rest. Both these findings further support
the emerging determinism of the signal with rest.

2.5 Discussions

Three objectives that are stated at the outset of this Chapter have been
established. The first objective is to use the ZCL value of sample ACF
of general time series to determine the order of general time-series signals.
Based on this order, the polynomial regression models of the signals are
developed. The ZCL of stochastic as well as deterministic (i) straight line
(ii) power law series ( n = 1, 2, 3...) and (iii) a deterministic polynomial series
are stated as Theorems and Corollaries and derived. Based on the results and
observations from these derivations, an algorithm is developed to obtain the
stochastic ACF-ZCL model, or ACF model in short, of a finite time-series.

The theoretical observations from the Theorems and Corollaries are vali-
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dated using the results of modelling of DDP signals. Here, total 5706 signals
are taken for modelling. It is observed that of all the signals, 902 signals
can be fitted with linear models. It is then established that the remaining
4804 signals do not satisfy the lzc criterion and/or contain higher dynamics
in their residuals thus requiring higher order model fits. Accordingly, higher
order ACF models of these DDP signals are obtained using the proposed
algorithm. From the theoretical derivations, it is found that the lzc value can
be shifted towards left and right lag for noise interactions and also coeffi-
cient interactions. These findings are also validated from the results of ACF
modelling. Hence, the stochastic ACF-ZCL model of DDP signals are well
established.

In the next objective, the proposed ACF models of the signals are com-
pared with the models whose orders are determined using the standard PACF
method. It is observed that the order of PACF model is greater or equal than
ACF model in 70% cases. To observe the comparison results in more detail,
SSE of all signals are calculated for both cases and it is found that in 30%
cases, SSE of ACF model is less. This may be due to the local large spikes
observed in several of the signals. RMS of the residuals of all signals are also
calculated. It is observed that the RMSACF (RMSPACF ) is within twice
(1.78 times) of RMSPACF (RMSACF ) in 90% cases and is at most 12.82
(15.21) times that of the RMSPACF (RMSACF ) considering all the signals.
From the statistical analysis, it is found that the value of parameters are
almost similar in both cases and the Durbin-Watson test results show that
both sets of residuals are positively correlated. However, it is observed that
the deterministic tonic component of the ACF model typically has a lower
order polyfit component than the corresponding PACF model and the ACF
model residuals follow the beta distribution more consistently. So, both the
tonic and the phasic components of the signal can be said to be represented
better using the ACF model features.

The final objective involves the assessment of the effect of restfulness on
the ACF model features. This study is performed on the 5 numbers of con-
secutive 2-minute subsets of the original 10-minutes long signals acquired
using DS4 experiment. The median of lzc is almost equal in all the con-
secutive 5 states but the order n is low in state 4. It is also observed that
the statistical characteristics of the mean and SD of the acquired signals are
almost identical with those of the mean of the trend polynomial and the SD
of the stochastic residuals respectively. This establishes that these represent
the tonic and phasic components of the DDP signals. It is observed that the
maximal entropy of the tonic component occurs in state 3 and then decreases
indicating that the subject achieves a fully rested condition typically within
4-6 minutes of no-nap supine rest. Furthermore, the variations of the ZCL,
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system order, mean of the tonic component, SD and spectral entropy of the
residuals support the emerging determinism of the system with rest. The pro-
posed stochastic ACF-ZCL model thus provides physiologically interpretable
tonic and phasic components of a time-series signal. Additionally, the restful
condition provides a useful baseline for further condition monitoring studies
of DDP or similar biosignals involving applied stimuli.

The observations and interpretations from this study confirm that the
proposed stochastic ACF-ZCL model of a time-series is well established.



Chapter 3

Kalman Filter model of DDP
signals

3.1 Introduction

In Chapter 2, a stochastic ACF-ZCL model has been proposed for a general
time-series signal. Thereafter, it has been shown to be effective in obtaining
the tonic and phasic components of the DDP signals. This enables a de-
tailed characterization of the signals and how they are affected by external
or internal phenomena.

As discussed in Chapter 1, Kalman filter (KF) models of signals are also
used for similar purposes. Traditionally, these utilize the Autoregressive
(AR) modelling approach to obtain the required linear prediction coefficients
(LPC) of the state space model for the KF algorithm [75], [71].

In this Chapter, the KF model of the DDP signals are developed using the
stochastic polynomial form (yk = ypk +wk) obtained in the ACF model. The
order of the state space model of the DDP signals is determined using the lzc
and the polyfit ypk is used to develop the state space model systematically.
The KF algorithm is then implemented using this state space model of the
DDP signals.

It is to be noted that the KF model assumes a process noise and a mea-
surement noise. Accordingly, methods for determining the two sets of noises
and their covariances have been devised for the state-space descriptions of
the conventional and proposed KF models. Thereafter, using the assumed
noise covariances, the filtered estimates of the signals are obtained using the
KF algorithm. The filtered signals are then partitioned into the tonic and
phasic components.

In order to ascertain the validity and efficacy of the KF models, a com-

57
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parative study is done of the stochastic ACF-ZCL model, the proposed KF
model and the conventional KF model of the DDP signals. They are com-
pared in terms of the respective fit signals, their parameters and the statisti-
cal characteristics of the phasic components. The robustness and sensitivity
metrics [174] of the KF models are also determined for these signals. All
these parameters of the KF models are evaluated for the various states iden-
tified in the restfulness study discussed in Section 2.4 for the ACF models in
Chapter 2.

The objectives of this Chapter are to

a) Derive the state space model of DDP signals using the time-series (TS)
polyfit obtained in the ACF model approach along with the standard
Linear Prediction Coefficients (LPC) based state space model of the
signals.

b) Develop the corresponding KFLPC and KFTS models of DDP signals us-
ing standard KF equations. Determine the deterministic and stochas-
tic components of the proposed and conventional KF models of DDP
signals and study their properties. This includes the robustness and
sensitivity metrics for the KF models also.

c) Compare the properties of the tonic and phasic components of the pro-
posed and conventional KF models and the earlier proposed stochastic
ACF-ZCL model. Observe and compare the effect of long duration of
(no-nap) rest on the parameters of the 3 models.

The standard AR based Linear Prediction Coefficient (LPC) state space
model formulation that forms the basis of the standard Kalman Filter model,
denoted here as the KFLPC model, is discussed in Section 3.2. In Section
3.3, a time-series (TS) state space model is derived ab-initio from the ACF
model of the time-series signal yk. The derived TS state space model forms
the basis of the proposed KFTS model. The standard KF algorithm that
is applied to the LPC and TS state space models to obtain the standard
KFLPC and proposed KFTS models of the DDP signals is described in Sec-
tion 3.4. The robustness (J1) and sensitivity (J2) metrics, as obtained from
these KF models, associated metrics parameters and their implications in
terms of the KF models are discussed in Section 3.4.1. The KF models of
the DDP signals and their analysis is discussed in detail in Section 3.5. This
includes the modelling protocol and the method used for obtaining the filter
parameters in Section 3.5.1, followed by fitting tonic and phasic components
of the KF models to two signals of different orders in Section 3.5.2. In all
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common cases, the two KF model parameters are compared and validated in
terms of those of the ACF model, while the KF residuals and the KF metrics
are compared among themselves. The detailed statistical analysis of these
3 models is performed in Section 3.5.3 while the metrics related parameters
of the two KF models are discussed and compared in Section 3.5.4. The
restfulness assessment performed in Section 2.4 is extended in Section 3.6 to
compare the ACF as well as the two KF models. This is done systemati-
cally in terms of the spectral entropy of the 3 models across all states of rest
in Section 3.6.1, followed by a comparison of the characteristics of the noise
residuals of the two KF models in Section 3.6.2 and finally a detailed compar-
ison of various tonic and phasic components and the key metrics parameters
in Section 3.6.3. The discussions are presented in Section 3.7.

3.2 Developing the KFLPC model

The standard KF model, denoted henceforth as KFLPC model, relies on AR
models in which it is assumed that the current value of a signal depends
linearly on its past values. Accordingly, the kth sample of a nth order signal
xkLPC is represented in terms of its n number of past values xk−iLPC , the
linear prediction coefficients (LPCs) of the past values bi and the AR process
noise wkLPC as [71]. The AR coefficients bi have been determined using the
command ‘ar’ in MATLAB, version 2021a.

xkLPC = −
n∑

i=1

bixk−iLPC + wkLPC (3.1)

The method for obtaining the LPC based state space description of the
KFLPC model is described hereafter.

3.2.1 State space description of LPC model

The nth order state space model of the system described in equation 3.1 can
be represented as

xkLPC

xk−1LPC

xk−2LPC

.

.

.
xk−n+2LPC

xk−n+1LPC

 =


−b1 −b2 −b3 · · · −bn−1 −bn
1 0 0 · · · 0 0
0 1 0 · · · 0 0
· · · · ·
· · · · ·
· · · · ·
0 0 0 · · · 0 0
0 0 0 · · · 1 0




xk−1LPC

xk−2LPC

xk−3LPC

·
·
·

xk−n+1LPC

xk−nLPC

+


1
0
0
·
·
·
0
0

wkLPC

or

XkLPC = φXk−1LPC +GwkLPC (3.2)
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In this state space model, XkLPC is the (n× 1) state vector matrix, φ is the
(n× n) state transition matrix, G is the (n× 1) input matrix and wkLPC is
the noise corrupting the input signal at the kth instant. The standard AR al-
gorithm provides the LP-Coefficients and the process noise covariance σ2

wLPC

of the state space model. wkLPC is then generated as a random, uncorrelated
Gaussian sequence of required length and with standard deviation σwLPC .

Considering the (1×n) observation matrixH and the zero mean, Gaussian
measurement noise vkLPC , the actual measured signal yk is obtained as

Yk = HXkLPC + vkLPC = [1 0 ... 0]XkLPC + vkLPC

= yk = xkLPC + vkLPC (3.3)

In order to satisfy this relation, the measurement noise is generated using the
actual signal yk and the process xkLPC described in equation 3.1 as vkLPC =
yk − xkLPC . σ2

vLPC is the covariance of this measurement noise sequence.

The medians of the two covariances, σ2
wLPC and σ2

vLPC , for all the acquired
signals are considered to be the effective process and measurement noise
covariances, qLPC and rLPC , of the DDP signals. For the LPC model, the
process noise covariance matrix QLPC is generated as qLPCGG

T , while the
measurement noise being scalar, the measurement noise covariance matrix
RLPC = rLPC . The standard KFLPC model is obtained by using this nth

order state space description along with the noise covariances QLPC and
RLPC in the standard KF algorithm described in Section 3.4.

3.3 Proposed Time-Series state space model

As discussed earlier, the DDP time-series signal yk can be modelled as a sum
of a time-series polynomial regression ypk and a time-correlated stochastic
noise wk. This representation of the signal is used to derive ab-initio a Time-
Series (TS) based state-space model as an alternative to the conventional
LPC based state-space model discussed in Section 3.2.1.

Let pCj and ! denote the combination and factorial operators respectively.
In order to develop the state-space model, let us consider the k-th instant of
the signal yk. The corresponding state, denoted as xkTS, has a deterministic
component xdk and the instantaneous process noise component wkTS. This
model is formulated such that ypk of the ACF model is identical to xdk while
wk of the ACF model is a combination of wkTS and the measurement noise
vkTS associated with this proposed model. All the noises are assumed to be
zero mean with Gaussian distribution. Thus,
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yk = ypk + wk =
n∑

i=0

ai(kT )i + wk ∀k ∈ [0, N ], i ∈ [0, n]

= xkTS + vkTS = xdk + wkTS + vkTS (3.4)

xkTS
.
= xdk + wkTS; xdk

.
= ypk =

n∑
i=0

ai(kT )i (3.5)

wk
.
= wkTS + vkTS (3.6)

As in case of the ACF model, in this case also T is the (constant) sampling
time, k denotes the sample (or time instant), N denotes the number of sam-
ples, n denotes the order of the signal yk (and its corresponding ypk), i is
the variable representing the local order of the term tk = kT and ai is the
coefficient of the ith order term.

The state space model is developed from the successive discrete time-
derivatives, or finite differences, of the deterministic state component xdk. The
general pth difference ∆p

dxk ∀p ∈ [1, n] can be derived from first principles as
follows.

The first difference ∆1
dxk is obtained using equation (3.5) as

∆1
dxk = (xdk+1 − xdk)/T (3.7)

= [
n∑

i=0

ai[(k + 1)T ]i − (
n∑

i=1

ai(kT )i)]/T

=
n∑

i=0

aiT
i−1[(k + 1)i − ki] (3.8)

=
n∑

i=0

aiT
i−1[

1∑
j=0

(−1)j+1{1Cj(k + j)i}] (3.9)

Using equation (3.8), the 2nd difference ∆2
dxk is obtained similarly as

∆2
dxk = (∆1

dxk+1 −∆1
dxk)/T (3.10)

=
n∑

i=0

aiT
i−2[(k + 2)i − (k + 1)i]−

n∑
i=0

aiT
i−2[(k + 1)i − ki]

=
n∑

i=0

aiT
i−2[(k + 2)i − 2(k + 1)i + ki] (3.11)

=
n∑

i=0

aiT
i−2[

2∑
j=0

(−1)j+2{2Cj(k + j)i}] (3.12)
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By mathematical induction, the pth difference ∆p
dxk ∀p ∈ [1, n] can be

represented as

∆p
dxk = (∆p−1

d xk+1 −∆p−1
d xk)/T (3.13)

=
n∑

i=0

aiT
i−p[

p∑
j=0

(−1)j+p{pCj(k + j)i}] (3.14)

Depending on the order n of the polynomial, the term ∆n
dxk−1 can be further

simplified. For a polynomial of order n = 1, the maximum value of p = n = 1
and so we have

xdk =
n∑

i=0

ai(kT )i = a0 + a1kT (3.15)

xdk−1 =
n∑

i=0

ai(k − 1)iT i = a0 + a1(k − 1)T

∆1
dxk−1 = [a0 − a0 + a1{k − (k − 1)}T ]/T = a1 = 1!a1 (3.16)

Similarly, for a polynomial of order n = 2,

xdk =
2∑

i=0

ai(kT )i = a0 + a1kT + a2(kT )2 (3.17)

xdk−1 = a0 + a1(k − 1)T + a2(k − 1)2T 2

∆1
dxk−1 = (xdk − xdk−1)/T

= [a0 − a0 + a1{k − (k − 1)}T + a2{k2 − (k2 − 2k + 1)}T 2]/T

= a1 + a2(2k − 1)T (3.18)

∆1
dxk = a1 + a2[2(k + 1)− 1]T (3.19)

∆2
dxk−1 = [a1 − a1 + a2{2(k + 1)− 1− (2k − 1)}T ]/T

= 2a2 = 2!a2 (3.20)

By mathematical induction, it can be shown that for a signal of order n,

∆n
dxk−1 = n!an (3.21)

Let the system states for the state-space model be xkTS,∆
1
dxk,∆

2
dxk, ...,∆

n−1
d xk.

Then, using equation (3.5) and the definitions of the finite differences in equa-
tions (3.7), (3.10) and (3.13), we have
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xkTS = xdk + wkTS = xdk−1 + ∆1
dxk−1T + wkTS (3.22)

∆1
dxk = ∆1

dxk−1 + ∆2
dxk−1T (3.23)

∆2
dxk = ∆2

dxk−1 + ∆3
dxk−1T (3.24)

.

.

.

∆n−1
d xk = ∆n−1

d xk−1 + ∆n
dxk−1T (3.25)

Further, equation (3.25) can be written using equation (3.21) as

∆n−1
d xk = ∆n−1

d xk−1 + n!anT (3.26)

Hence, using equations (3.22)-(3.26) and denoting n!an as the known
input uk to the system, the proposed state space model of order n is obtained
as

xkTS

∆1
dxk

∆2
dxk
.
.
.

∆n−1
d xk


=



1 T 0 · · · 0
0 1 T · · · 0
0 0 1 · · · 0
· · · · ·
· · · · ·
· · · · ·
0 0 · · · 0 1





xdk−1

∆1
dxk−1

∆2
dxk−1

·
·
·

∆n−1
d xk−1


+



0
0
0
·
·
·
T


uk +



1
0
0
·
·
·
0


wkTS

or

XkTS
.
= FXk−1TS + G1uk + G2wkTS (3.27)

Yk = HXkTS + vkTS = yk = xkTS + vkTS (3.28)

As mentioned earlier, for the n-th order signal, the (n × 1) state vector
XkTS

.
= [xkTS ∆1

dxk ∆2
dxk ... ∆n−1

d xk]T , F is the (n × n) state transition
matrix, the known (constant) input uk

.
= n!an where an is the n-th order

coefficient of the polynomial xdk (or ypk), wkTS is the process noise and G1,
G2 are the (n×1) input vectors for uk and wkTS respectively. Yk is the actual
measured signal, vkTS is the zero mean Gaussian measurement noise that is
assumed to be uncorrelated with wkTS and H is the (1 × n) observation
vector.

In order to determine the noises wkTS and vkTS, we first consider the
calibration study of the data acquisition system (DAS) used for acquiring
the signals of this magnitude [132]. The sensor noise vkTS is generated as
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a random zero-mean Gaussian noise with the variance as obtained from the
calibration chart. Thereafter, using equation (3.6), we determine wkTS as
(wk − vkTS), where wk is the noise in the ACF model.

Let the variances of the noise sequences wkTS and vkTS for a particular
acquired signal yk be denoted as σ2

wTS and σ2
vTS respectively. As in the LPC

state space model, in this case also, the medians of σ2
wTS and σ2

vTS for all the
acquired signals are considered to be the effective process and measurement
noise variances, qTS and rTS respectively, of the DDP signal. For the proposed
model, the process noise variance matrix QTS is then generated as qTSG2G

T
2 ,

while the measurement noise being scalar, the measurement noise variance
matrix RTS = rTS.

This proposed nth order TS state space description and the noise covari-
ances QTS and RTS are used to obtain the proposed KFTS model as discussed
hereafter.

3.4 KF models of DDP signals

In this section, the KF standard equations [174], [75] are used to develop two
different KF models of DDP signals. The 1st KF model is the conventional
KF model, denoted henceforth as KFLPC , which uses the LPC state space
model stated in Section 3.2.1 while the 2nd KF model, denoted henceforth as
KFTS, uses the proposed Time-Series (TS) state space model described in
Section 3.3.

The Kalman filter systematically calculates the apriori and aposteriori

state estimates, X̂−
k and X̂k, as well as the corresponding state error covari-

ances, P−
k and Pk, while using the Kalman gain Kk. Two other intermediate

terms determined for calculating Kk and X̂k are the innovation and its covari-
ance, denoted as sk and Sk respectively. These equations of the KF algorithm
are stated sequentially hereafter.

In case of the two KF models KFLPC and KFTS, the difference is only in

the form of the apriori state estimate X̂−
k . Hence, this estimate is suitably

denoted as X̂−
kLPC and X̂−

kTS for the two models respectively. The other
relations are identical in form for both the KF models and hence are stated
in general form. The two noise covariances, represented in general as Q
and R, will refer to KFLPC or KFTS depending on the KF model being
determined.
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X̂−
kLPC = FX̂k−1 (3.29)

or X̂−
kTS = FX̂k−1 +G1uk

P−
k = FPk−1F

T +Q (3.30)

sk = Yk −HX̂−
k = yk −HX̂−

k (3.31)

Sk = HP−
k H

T +R (3.32)

Kk = P−
k H

TS−1
k (3.33)

X̂k = X̂−
k +Kksk (3.34)

Pk = P−
k − P

−
k H

TS−1
k HP−

k (3.35)

It is to be noted that the input uk = n!an remains constant in all iterations
of the KFTS.

It is reiterated that Yk = yk is considered to be the k-th instant of the DDP
signal being modelled. In both the KF algorithms, the Kalman gain Kk, the
aposteriori state vector estimate X̂k and its corresponding error covariance
Pk are continually updated in every iteration. The initialization of ˆXk−1 and
Pk−1 in both the KF models have been done using the same approach. The
first n number of discrete samples of the DDP signal being modelled have
been used for initialization of ˆXk−1, where n is the order of the signal as
determined using the lzc approach. In order to initialize Pk−1, the two point
differencing method [185] has been used. This requires an additional set of
data and so the first (n+ 1) number of discrete samples are used for this.

3.4.1 Robustness and Sensitivity Metrics

It is observed that the noisy, measured output is yk and the KF provides
its cleaned estimate as the first scalar component x̂k of the state vector X̂k,
as already shown in case of the conventional Kalman filtering of the speech
signal [72], [71]. In order to interpret the relation between yk and x̂k, the
Kalman recursion equations are rewritten in scalar form by pre-multiplying
the vector equations by H and pre- and post- multiplying the covariance
equations by H and HT respectively. The only exceptions are the relations
for the innovation and its covariance, which remain as they are. Further,
since HG1 = 0, so the apriori estimate x̂−k = HX̂−

k assumes a common form
for both the KF models. Further, for the respective KF model, the scalar
process noise variance q = HQHT is assumed suitably while the measurement
noise variance being essentially scalar, R = r.

The recast KF algorithm with the scalar state estimates and correspond-
ing covariances can thus be written as follows.
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x̂−k = HX̂−
k = HFX̂k−1 (3.36)

HP−
k H

T = HFPk−1F
THT +HQHT .

= αk + q (3.37)

αk
.
= HFPk−1F

THT ; q = HQHT (3.38)

sk = yk − x̂−k (3.39)

Sk = HP−
k H

T +R = αk + q + r (3.40)

HKk = HP−
k H

TS−1
k = HP−

k H
T (HP−

k H
T +R)−1 (3.41)

=
αk + q

αk + q + r
(3.42)

x̂k = HX̂k = x̂−k +HKksk = x̂−k +HKk(yk − x̂−k )

= (1−HKk)x̂−k +HKkyk (3.43)

HPkH
T = HP−

k H
T −HP−

k H
TS−1

k HP−
k H

T

= (1−HP−
k H

TS−1
k )HP−

k H
T = (1−HKk)HP−

k H
T (3.44)

=
r(αk + q)

αk + q + r
(3.45)

αk represents the contribution of the aposteriori mean squared error from
the previous instant to the total apriori mean prediction squared error. It can
be further simplified for an nth order system considering Pk is real symmetric.

αk = H(FPk−1F
T )HT

=



1
0
0
·
·
·
0



T 

1 T 0 · · · 0
0 1 T · · · 0
0 0 1 · · · 0
· · · · ·
· · · · ·
· · · · ·
0 0 · · · 0 1


Pk−1



1 T 0 · · · 0
0 1 T · · · 0
0 0 1 · · · 0
· · · · ·
· · · · ·
· · · · ·
0 0 0 · · · 1



T 

1
0
0
·
·
·
0



=
[
1 T 0 · · · 0

]


p11 p12 p13 · · · p1n
p12 p22 p23 · · · p2n
p13 p23 p33 · · · p3n
· · · · ·
· · · · ·
· · · · ·
p1n p2n p3n · · · pnn





1
T
0
·
·
·
0


= p11 + 2Tp12 + T 2p22 (3.46)
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It is thus apparent that only the effects of the state estimation errors for
the present instant k and its immediate previous instant k − 1 contribute
to αk. The noise variances q and r can be typically considered to be time-
invariant for a particular acquired signal since biosignals do not normally
vary rapidly or instantaneously.

These parameters allow for the evaluation of the sensitivity metric J1
and the robustness metric J2, as proposed in Saha et al. [174] and used
in the speech applications [72], [71], [75], for the KF model. If the KF
model is operating in the sensitive zone, this indicates that its ability and/or
adaptability to any dynamic changes is high whereas a robust KF is useful
for discarding the effect of dynamic model errors or disturbances.

The instantaneous robustness metric J2k and the corresponding instanta-
neous sensitivity metric J1k are defined in terms of the trace operator denoted
as tr(·). In this one-dimensional case with particular scalar noises q and r,
the trace reduces to a scalar form [75] as follows.

J2k = tr[(HP−
k H

T )−1HQHT ] =
q

αk + q
(3.47)

J1k = tr[(Sk)−1R] =
r

αk + q + r
(3.48)

For the evaluation of the overall filter performance, the instantaneous per-
formance metrics are time-averaged in terms of the total time horizon N to
obtain the KF sensitivity and robustness metrics J1 and J2 as

J1 =
1

N

N∑
k=1

J1k; J2 =
1

N

N∑
k=1

J2k (3.49)

In practice, the parameters of the two metrics and the corresponding q
values are defined for the time-averaged values of J2 and J1 obtained for
a particular signal. The values of J2 and J1 and the KF estimates vary if
the underlying process noise covariance q is varied. As evident from their
definitions in equations (3.47) and (3.49), the value of J2k, and hence J2,
increases from a minimum value, typically close to 0, to a high value as
q increases. In a similar manner, but in a reverse trend, it can be said
from equations (3.48) and (3.49) that J1k, and hence J1, decreases from its
maximum value to a minimum value as q increases. The various metric
related parameters are listed and defined in Table 3.1.

Further representing the scalar form of the KF algorithm listed in equa-
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Table 3.1: Parameters of the Robustness and Sensitivity Metrics

Parameters Definition
J1 The sensitivity metric
J2 The robustness metric

J1max, J2max The respective maximum values of J1 and J2
J1min, J2min The respective minimum values of J1 and J2

Jcom The value of J1 and J2 for which J1 = J2
qmin The maximum value of q for which J1 = J1max

qmax The minimum value of q for which J2 = J2max

qcom The value of q for which J1 = J2 = Jcom

tions (3.36)-(3.45) in terms of the instantaneous metrics, we have

HP−
k H

T = αk + q = q/J2k (3.50)

αk =
(1− J2k)q

J2k
(3.51)

1−HKk =
r

αk + q + r
= J1k (3.52)

x̂k = (1−HKk)x̂−k +HKkyk = J1kx̂
−
k + (1− J1k)yk (3.53)

HPkH
T = (1−HKk)HP−

k H
T

=
r(αk + q)

αk + q + r
=
J1kq

J2k
(3.54)

The following observations can be made from the above relations.

• By definition, as q increases, J2k of the system increases till it saturates
to a maximum value J2kmax. The minimum value of q for which the
system would operate at J2kmax is denoted as qmax.

• Also by definition, as q decreases, J1k of the system increases till it
saturates to a maximum value J1kmax. The maximum value of q for
which this saturation is obtained is denoted as qmin.

• As per equation (3.53), the value of J1k decides the proportion of the
measured output yk and its apriori KF estimate x̂−k in the aposteriori
KF estimate x̂k.

• The aposteriori state error covariance HPkH
T is affected by both the

metrics, but in opposing ways. As per equation (3.54), it is directly
related to J1k and inversely to J2k.
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Hence an interim choice of the metrics, denoted as Jcom, where J1k =
J2k provides a compromise choice between the apriori estimate and the
measurement thus allowing the system to balance between responding
to valid external changes and rejecting disturbances. The correspond-
ing value of q for which the system would operate in this manner is
denoted as qcom.

• It is observed from equation (3.50) that any further increase of q be-
yond qmax causes the apriori state error covariance HP−

k H
T to increase

proportionately.

As evident from equations (3.54) and (3.53), the aposteriori state error
covariance HPkH

T of the system will be minimized in this scenario
to yield a noise-optimized estimate x̂k of the signal yk if the system
operates at a small value of J1k and a corresponding value of q.

If the system operates in such a scenario, it is expected to respond
suitably, or sensitively, to dynamic changes affecting the system.

• Alternatively, as q decreases below qmin, J2k decreases till it saturates
to a minimum value J2kmin. From equation (3.50), it is also observed
that for even smaller q, the corresponding HP−

k H
T decreases further.

In this scenario, the value of J1k for the system will necessarily be large
to trust the apriori estimate and thus obtain an accurate aposteriori
estimate x̂k and to keep HPkH

T low.

A system operating in this regime will tend to treat any dynamic
changes affecting it as disturbances and thus respond robustly by re-
jecting it.

3.5 Modelling and analysis of DDP signals

The same 5706 signals that have been considered for the analysis of the ACF
model in Chapter 2 are modelled in this Chapter using the KFLPC and KFTS

algorithms. It is to be recalled that each 2 minutes long signal is acquired
with a sampling time of 50 ms yielding 2400 discrete samples.

In the proposed ACF model, the measured signal yk is directly partitioned
into a tonic and a phasic component as yk = ypk + wk. Using the notations
xkACFtonic

and xkACFphasic
for these two components, the ACF model can thus

be expressed as

yk = xkACF = xkACFtonic
+ xkACFphasic

(3.55)

ypk
.
= xkACFtonic

, wk
.
= xkACFphasic
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As discussed in Section 3.4, the Kalman filter is used to remove, or reduce,
the process and measurement noise (residuals) corrupting the signal yk to
obtain the cleaned signal estimate x̂k. This x̂k is then partitioned into the
tonic and phasic components. Just as xkACFtonic

= ypk is obtained in the ACF
model, the tonic components in the KFLPC and KFTS models, xkLPCtonic

and xkTStonic
respectively, are also obtained by fitting suitable polynomial

regression models to the respective x̂k. Thereafter, the phasic components
xkLPCphasic

and xkTSphasic
are obtained as the difference of the tonic component

from its respective cleaned estimate. Thus,

x̂kLPC = xkLPCtonic
+ xkLPCphasic

(3.56)

x̂kTS = xkTStonic
+ xkTSphasic

(3.57)

yk = x̂kLPC + rkLPC = x̂kTS + rkTS (3.58)

3.5.1 Modelling protocol and method

The detailed description of the steps followed to develop the KF models,
obtain its parameters and metrics are given hereafter.

Step 1: The 2 minutes duration signals considered for the ACF models are
considered for obtaining the KFLPC and KFTS models.

Step 2: The order n of each 2 minute signal yk are identified using the lzc
method discussed in Section 2.2.3 for the ACF models. These are used
to obtain the system matrices φ and G of the LPC model and F , G1,
G2 of the TS model and the output matrix H for both LPC and TS
state space models as described in Sections 3.2 and 3.3 respectively.

Step 3: The process and measurement noise sequences generated using the
particular state space model are used to obtain the process and mea-
surement noise covariances σ2

w and σ2
v respectively. The effective time-

invariant fixed process and measurement noise covariances, q and r
respectively, of the DDP signal are obtained as the medians of σ2

w and
σ2
v respectively for all the acquired signals.

The process noise covariance matrix Q of the respective model is gener-
ated using the noise input matrix G as qGGT , while the measurement
noise being scalar, the measurement noise covariance matrix R = r.

Step 4: Using the nominal process noise variance q, a variable process noise
variance is defined as qv = q × 10l where l varies from (−10, 10).
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Step 5: The initial state vector and state error covariance matrix are de-
termined from the initial (n + 1) samples of the signal yk using the
two-point differencing method [174]. Using these along with the sys-
tem matrices and the noise covariances Q and R discussed in Steps
2 and 3, the respective KFLPC and KFTS model parameters are ob-
tained for each qv. These include the cleaned state vector X̂k and its
error covariance matrix Pk. The cleaned estimate x̂k of the signal yk is
obtained as the first value of X̂k.

Step 6: The instantaneous metrics J1k, J2k are determined for the nominal q
as well as for each qv. Thereafter the overall sensitivity and robustness
metrics, J1 and J2, of a particular signal are calculated for the varying
qv. From the plots of J1 and J2 for varying q, the parameters J1max,
Jcom, J2max, qmin, qcom, qmax, J1min and J2min are identified for the
particular signal.

Step 7: The tonic (xkLPCtonic
and xkTStonic

) and phasic (xkLPCphasic
and

xkTSphasic
) components for both KF models are determined from the

respective cleaned signal estimate x̂k using the same approach as in
the ACF model.

Step 8: A comparative analysis is done of the various parameters of the
tonic and phasic components of the ACF, the KFLPC and the KFTS

models including a comparison of the noise residuals of the two KF
models. The performance metrics J1 and J2 of the KFLPC and the
KFTS models and their various parameters are also compared.

Step 9: Finally, the effect of restfulness on the tonic and phasic components
and the metrics of the KFLPC and the KFTS models are studied and
interpreted using the same restfulness data discussed in Section 2.4.

3.5.2 Fitting KFLPC and KFTS models

The time plots of 2 representative signals, yk3 of order n = 3 and yk9 of
order n = 9, along with their corresponding cleaned KF estimates x̂kLPC and
x̂kTS using the KFLPC and KFTS algorithms are shown in Figures 3.1a and
3.1b respectively. These figures also contain the corresponding tonic com-
ponents ypk, xkLPCtonic

and xkTStonic
of the ACF, KFLPC and KFTS models

respectively.
It is observed that the signal yk3 as well as both its cleaned estimates and

all 3 tonic components vary within a span of 5 mV in this duration while the
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Figure 3.1: Time-series plots of yk, ypk, x̂kLPC , xkLPCtonic
, x̂kTS and xkTStonic

for (a) an order 3 signal yk3 and (b) an order 9 signal yk9

spans of the signal yk9, its cleaned estimates and their tonic components lie
within 1 mV in the 2-minutes duration. The cleaned KFTS model estimates
of the original signals yk3 and yk9 are almost identical to the respective sig-
nals but the KFLPC estimates show a bias shift as time increases in both
cases. Furthermore, x̂kLPC of KFLPC model in both cases is much smoother
than the corresponding yk or x̂kTS. As expected, the tonic components ypk,
xkLPCtonic

and xkTStonic
are smoothened versions of the respective signals or

their estimates.
The time plots of the corresponding phasic components wk, xkLPCphasic

and xkTSphasic
of the ACF, KFLPC and KFTS models for the yk3 and yk9

signals are shown in Figures 3.2a and 3.2b respectively. The respective noise
residuals rkLPC and rkTS that have been eliminated using the KF algorithms
from both the signals yk3 and yk9 are shown in Figure 3.2c.

All the phasic components lie within ±0.6 mV. As in the case of the orig-
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Figure 3.2: Time-series plots of wk, xkLPCphasic
and xkTSphasic

of signals (a)
yk3 (b) yk9; (c) noise residuals rkLPC and rkTS of yk3 and yk9

inal signal and its estimates, in these cases also, the ACF model component
wk and the KFTS model component xkTSphasic

are almost identical while the
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KFLPC model component xkLPCphasic
is much smoother than the other two

phasic components and distinguishably separate.

Thus, as expected, the residuals rkLPC are much larger as compared to
rkTS. In fact, rkLPC of yk3 exhibits a large bias of 0.6 mV. However, rkLPC of
yk9 varies within ±0.2 mV. Both the KFTS model residuals rkTS are primarily
limited to ±0.05 mV except for few instantaneous spikes.

3.5.3 Comparison of ACF, KFLPC and KFTS models

In order to validate these preliminary findings, the phasic components of
the ACF, KFLPC and KFTS models of 25 other representative signals are
shown in Figure 3.3a -3.3c. In all these cases, it is observed that the phasic
components vary within ±1 mV. Further, the xkLPCphasic

characteristics are
much smoother than those of the corresponding wk and xkTSphasic

.

The corresponding KF residuals rkLPC and rkTS of the 25 signals are
shown in Figures 3.4a and 3.4b respectively. As expected, these characteris-
tics are significantly different for the two models. The KFTS model residuals
are very close to zero, typically within ±0.2 mV and exhibit random, stochas-
tic characteristics. However, the KFLPC model residuals exhibit relatively
gradual changing characteristics about an overall bias value. These residuals
and their biases typically vary within (−0.5) to (+1) mV.

The statistical characteristics of the tonic and phasic components as well
as the noise residuals of the ACF, KFLPC and KFTS models for all 5706
signals are stated in Table 3.2. These parameters are also tabulated in the
same Table for 95% of the data about the median. In addition to statistical
analysis, the zoomed cdf plots (within 95%) of the tonic components of the
three models are shown in Figures 3.5a, 3.5c and 3.5e while those of the
corresponding phasic components are shown in Figures 3.5b, 3.5d and 3.5f.
The zoomed cdf plots (within 95%) of the noise residuals of the KFLPC and
the KFTS models are shown in Figures 3.6a and 3.6b.

The observations from the statistical analysis and the cdf plots are listed
hereafter.

1. All the parameters of the tonic and the phasic components of the ACF
and the KFTS models are very close while those of the KFLPC models
are distinguishably separate. This is true for the overall as well as the
95% populations.

It is however observed that the 3 cdf plots of the tonic components
are similar in nature while the 3 cdf plots of the phasic components
are also similar to each other. Furthermore, the phasic component cdf
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Figure 3.3: Time-series plots of of (a) xkACFphasic
(b) xkLPCphasic

and (c)
xkTSphasic

of 25 representative signals

plots are symmetric and equally skewed about the median with 80%
values within ±0.2 mV.
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Figure 3.4: Time-series plots of (a) rkLPC and (b) rkTS of 25 representative
signals

In case of the KFLPC and KFTS model residuals, it is observed that
while the cdf plot of rkLPC seems to follow a continuous probability
distribution characteristics, the data distribution of rkTS is not smooth
as might be expected for noise residuals obtained from cleaning the
recorded signals.

2. The minimum and maximum values of the tonic components are almost
twice that of the 95% population in all 3 models indicating the presence
of significant outliers in 5% of the data.

This is even more notable in case of the phasic components where 95%
of the data in all models are limited within ±0.8 mV while the overall
minimum and maximum values range within [−250, 72] mV for the
ACF and the KFTS models and within ±40 mV for the KFLPC model.
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Table 3.2: Statistical analysis of tonic and phasic components and noise
residuals

Parameters Models
Tonic

Component
Phasic

Component
Noise

Residuals
Overall 95% Overall 95% Overall 95%

Min (mV)
ACF −224.03 −127.26 −223.37 −0.8 - -
KFLPC −219.73 −122.41 −34.74 −0.6 −231.93 −0.6
KFTS −224.03 −126.81 −221.54 −0.8 −89.81 −0.07

Max (mV)
ACF 451.31 198.27 71.08 0.8 - -
KFLPC 438.46 195.87 37.93 0.8 58.77 0.8
KFTS 451.32 197.80 71.69 0.8 221.13 0.07

Mean (mV)
ACF 21.46 20.28 0.00 0.00 - -
KFLPC 20.97 20.21 0.00 0.00 0.48 0.45
KFTS 21.43 20.25 0.00 0.00 0.00 0.00

SD (mV)
ACF 75.98 62.28 0.58 0.19 - -
KFLPC 74.34 61.00 0.46 0.17 1.71 1.34
KFTS 75.93 62.17 0.58 0.19 0.16 0.01

Skewness (mV 3)
ACF 0.49 0.41 −22.08 −0.01 - -
KFLPC 0.48 0.44 −0.71 0.43 0.14 0.46
KFTS 0.49 0.42 −21.25 0.01 549.28 −0.05

Kurtosis (mV 4)
ACF 4.34 3.15 7.89× 103 6.52 - -
KFLPC 4.33 3.16 1.32× 103 6.03 98.96 3.23
KFTS 4.34 3.15 7.50× 103 6.54 6.43× 105 6.75

Since the origin of the models are different, time series for the KFLPC

model and finite differences for the KFTS model, hence the residuals
obtained are also different. The corresponding noise residuals of the
KFLPC model for 95% population lie within [−0.6, 0.8] mV. This is
almost an order larger than that of the KFTS model, which is within
±0.07 mV. This is indicative of the difference in the noise removal
processes using the two KF modelling approaches.

3. CDF plots of the powers of the acquired signals yk as well as the phasic
components of their ACF models (xkACFphasic

) and the noise residuals
(rkLPC and rkTS) of both KF models are shown in Figure 3.7. It is
observed that the power of yk primarily lies within -32dB to +22dB.
The power of xkACFphasic

lies within the range -64dB to -20dB. The
power in the residuals of the KFLPC model rkLPC is typically greater
than even that of the ACF phasic component xkACFphasic

and lies within
-56dB to -10dB. In comparison, the power of rkTS varies within -90dB
to -34dB, which is distinctly lesser than that of yk. Hence, it can be
said that of the 2 proposed KF models, maximal signal dynamics are
captured in the tonic and phasic components of the KFTS model.

4. The mean of the overall and 95% of the tonic components in all 3 models
are quite close to each other and lie typically within 20 to 21.5 mV.
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Figure 3.5: CDF plot (95% about median) of 1st and higher order signals:
(a) xkACFtonic

(c) xkLPCtonic
and (e) xkTStonic

; (b) xkACFphasic
(d) xkLPCphasic

and
(f) xkTSphasic

Furthermore, all the phasic components are zero mean, as expected
from the approach adopted for determining the phasic components.
The noise residuals of the KFTS model are also zero mean but the
mean of the noise residuals of the KFLPC model show a bias of 0.45 to
0.48 mV. This indicates the removal, or alternatively an addition, of a
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Figure 3.6: CDF plot (95% about median) of rkLPC and rkTS
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Figure 3.7: CDF plots of the powers of the signal yk, the ACF model phasic
component xkACFphasic

and the KF model residuals rkLPC and rkTS

bias in the cleaned KF estimate due to the KFLPC approach.

5. The SD of the overall and 95% of the tonic components in all 3 models
are observed to be close to each other. The SD values are almost thrice
that of the corresponding mean and lie within 60 to 76 mV.

The overall SD of the phasic components are 0.58 mV for the ACF and
the KFTS models and 0.46 mV for the KFLPC model. However, this
reduces to almost 1/3rd when considering 95% of the population with
the corresponding values being 0.19 mV for the ACF and the KFTS

models and 0.17 mV for the KFLPC model.

The SD of the noise residuals vary significantly by almost 3 orders of
magnitude for the two KF models. The SD values specifically are 1.34
mV and 0.01 mV for 95% of the KFLPC and the KFTS model data
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respectively.

A point to note is that the noise residual in case of the KFTS model
is of the order of 0.01 mV or 10 µV, which is close to the resolution of
the DAS used. These observations are substantiated from the cdf plots
of the noise residuals in Figures 3.6a and 3.6b.

6. It is observed that the overall as well as 95% population of the tonic
components in all three models are significantly positively skewed with
values in the range of 0.41 to 0.49. Considering the 95% population,
it is observed that the skewness of the phasic component as well as
noise residuals of the KFLPC model are also 0.43 and 0.46 respectively.
But the corresponding phasic components of the ACF and the KFTS

models as well as the noise residuals of the KFTS model are almost
unskewed with values of −0.01, 0.01 and −0.05 respectively.

7. The kurtosis of the tonic components of all 3 models (and the noise
residuals of the KFLPC model) are close to that of a normal distribu-
tion at 3.15 (3.23) for 95% population. The corresponding 95% phasic
components of the ACF and the KFTS models as well as 95% of the
noise residuals of the KFTS model exhibit more peakedness with kur-
tosis values within 6 to 7.

3.5.4 Analysis of Metrics of the KF models

The process noise covariance matrix Q in case of the KFLPC and the KFTS

models have the form QLPC = qLPCGG
T and QTS = qTSG2G

T
2 respectively.

Here G and G2 are both (n× 1) constant input vectors of the form

G = G2 = [1 0 0 · · · 0 0]T

Thus in order to observe the characteristics of J1 and J2 for changing Q,
it suffices to vary only the respective scalar process noise covariance q. Let
the nominal value of q, whether qLPC or qTS, be denoted as qnom. Then the
variable scalar process noise covariance is obtained as qv = qnom× 10l and J1
and J2 values are determined for changing l.

The representative plots of J1 and J2 of the 2 signals yk3 and yk9 for
varying l are shown in Figure 3.8 for the KFLPC and KFTS models. It is
observed that J1min = J2min = 0 in all cases. Further, J1max = J2max = 1 for
the KFLPC model. However, in case of the KFTS model, while J2max = 1 for
both signals, the values of J1max for yk3 and yk9 are 0.97 and 0.88 respectively.
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Figure 3.8: Plots of J1, J2 for varying l of KFLPC and KFTS models for
signals yk3 and yk9

Table 3.3: Statistical parameters of J1max, Jcom and l values of qmin, qcom,
qmax of both KF models

Parameters Models J1max Jcom l of qmin l of qcom l of qmax

Mean (mV)
KFLPC 0.99 0.50 −4.97 3.15 9.00
KFTS 0.96 0.48 −8.30 −1.16 6.42

SD (mV)
KFLPC 1.81× 10−4 0.0042 0.40 0.0040 0.01
KFTS 0.04 0.02 0.37 0.01 5.22

J1min = J2min = 0, J2max = 1 in all cases

In all cases, the Jcom values are almost half of the respective J1max values
and vary similarly. Accordingly, qcom of the KFLPC model is a fixed value
while that of the KFTS model varies slightly. It is also observed that the
qcom of the KFLPC model is associated with and l = 3.15. However, the qcom
values for the KFTS models are slightly negative at −1.17 and −1.13 for yk3
and yk9. This further highlights the difference in the two KF models.

In view of these findings, the mean and SD of J1max, Jcom as well as the
l values of qmin, qcom and qmax for the KFLPC and KFTS models of all 5706
signals have been evaluated and are stated in Table 3.3. It is to be noted
that J2max = 1 and J1min = J2min = 0 in all cases.

As expected, J1max = 0.99 in all cases of the KFLPC models as evident
from its very low SD value (1.81 × 10−4). In case of the KFTS models, the
average value of J1max is lower (0.96) while the SD of 0.04 ensures that in
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some cases, the value reaches 1. Accordingly, while Jcom ' 0.5 for all KFLPC

models, Jcom in case of KFTS models has an upper bound of 0.5 but is also
lower in several cases, as evident from the mean and SD of 0.48 and 0.02
respectively.

As observed for the 2 representative signals, the l values of qmin, qcom and
qmax for the KFLPC models are shifted almost by +3 to +4 as compared to
the corresponding values of the KFTS models. The SD of the respective l
values are similar for the two models in case of qmin (0.40 and 0.37). The
respective values for qcom (0.004 and 0.01) of both models and that of qmax

(0.01) of the KFLPC model are almost of the same order. However, it is
observed that SD of l for qmax (5.22) of the KFTS model is much larger.
qmax is indicative of J2 reaching its maximum value and the value of J2 is
governed by the process description of the underlying KF model. Hence, the
large variation in the value of qmax is reflective of a wide variation in the
underlying process dynamics of the KFTS models of the 5706 DDP signals.

The findings from the qcom (or its corresponding l value) of the KF models
of the DDP signals regarding the underlying system behaviour are opposing
in nature. In case of the KFLPC models, mean of l at qcom is 3.15. Hence,
the nominal system with l = 0 lies to the left of this compromise point. This
indicates that the nominal system is robust and hence resists, or responds
minimally to, any internal or external inputs. On the other hand, since mean
of l at qcom for the KFTS model is −1.16, hence the nominal system is slightly
shifted towards the right of this point. This indicates a sensitive responsive
behaviour of the system to incoming internal and/or external inputs.

Thus it may be expected that the metric parameters of the KFTS model
will be more responsive to changes in the human condition.

3.6 Restfulness Assessment

In Section 2.4 of Chapter 2, the effect of long term rest on the parameters
of the tonic and phasic components of the ACF model have been analyzed
on the data acquired in the DS4 data sets. This study is extended in this
Section in order to perform a comparative analysis of the effect of restfulness
on the ACF model parameters with the parameters of the tonic and phasic
model components and the metrics of the KF models.

As mentioned earlier, the DS4 data sets contain total 68 numbers of 10
minute long DDP signals acquired from LH, RH, LL and RL of 16 volunteers
over a total duration of 6 months. Thus a total of 68 × 4 = 272 sets of
independent signals acquired from subjects in restful supine condition for 10
minutes are considered. For restfulness assessment, each 10 minutes signal is
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Table 3.4: Statewise median of spectral entropy of tonic and phasic compo-
nents and noise residuals

Parameters Models
Median

State 1 State 2 State 3 State 4 State 5

Spectral Entropy of
phasic component

ACF 0.767 0.772 0.776 0.776 0.782
KFLPC 0.765 0.771 0.767 0.767 0.766
KFTS 0.846 0.856 0.859 0.860 0.863

Spectral Entropy
of rk

KFLPC 0.750 0.753 0.753 0.751 0.751
KFTS 0.942 0.943 0.943 0.943 0.943

Medians of SEACFtonic
= 0.750, SEKFLPCtonic

= SEKFTStonic
=0.756

Table 3.5: Statewise IQR of spectral entropy of tonic and phasic components
and noise residuals

Parameters Models
IQR

State 1 State 2 State 3 State 4 State 5

Spectral Entropy of
phasic component

ACF 0.037 0.041 0.047 0.048 0.054
KFLPC 0.012 0.024 0.027 0.025 0.025
KFTS 0.058 0.058 0.057 0.054 0.054

Spectral Entropy
of rk

KFLPC 0.002 0.012 0.010 0.005 0.003
KFTS 0.039 0.045 0.054 0.055 0.058

IQR of SEACFtonic

.
= SEKFLPCtonic

.
= SEKFTStonic

.
= 0

divided into 5 subsets (or states) of 2 minutes window, yielding 272×5 = 1360
numbers of 2-minute duration signals (with N = 2400 discrete samples each)
for the analysis. KFLPC and KFTS models are generated for each of these
2 minutes signals and their tonic and phasic components as well as their
metrics are evaluated as discussed in Section 3.5.1.

3.6.1 Spectral entropy of models

Spectral entropy (SE) is known to be able to differentiate regular and irreg-
ular system dynamics [186]. It is further established that SE of regular or
ordered systems are lower in value and as disorder or chaos increases in a
system, its SE value increases and so the upper threshold of SE is useful in
distinguishing states with varying stochasticity [187], [188].

The box plots of SE of the tonic and phasic components of the ACF,
KFLPC and KFTS models for all 1360 signals in the 5 rest states are shown
in Figures 3.9a -3.9f while the box plots of the SE of the noise residuals of the
KFLPC and KFTS models are shown in Figures 3.10a and 3.10b respectively.
The medians and Inter Quartile Range (IQR) of all these parameters are
listed in Table 3.4 and Table 3.5 respectively.
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Figure 3.9: Box plots of spectral entropy (SE) in 5 rest states of (a) xkACFtonic
,

(b) xkACFphasic
, (c) xkLPCtonic

, (d) xkLPCphasic
, (e) xkTStonic

and (f) xkTSphasic

The observations from the box plots of the SE of the various model com-
ponents and from the Tables listing the corresponding median and IQR values
are stated hereafter.

1. The SE of the tonic components of the ACF, KFLPC and KFTS mod-
els are henceforth denoted as SEACFtonic

, SEKFLPCtonic
and SEKFTStonic
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Figure 3.10: Box plots of SE in 5 rest states of (a) rkLPC (b) rkTS

respectively while that of the corresponding phasic components will
be denoted as SEACFphasic

, SEKFLPCphasic
and SEKFTSphasic

respectively.
The SE of the noise residuals of the KFLPC and KFTS models will be
denoted as SEKFLPCresiduals

and SEKFTSresiduals
respectively.

2. In all 3 models, it is observed that the SE of the tonic component
is almost a fixed value close to 0.75 with the IQR = 0 in all cases.
Specifically, SEACFtonic

=0.750 and SEKFLPCtonic
=SEKFTStonic

=0.756.

Since the SE of the corresponding phasic components are typically more
than 0.75, thus in this case also it is inferred that the tonic components
are representative of the regular dynamics of the system while the pha-
sic components are indicative of the system stochasticity in all 3 models
for all acquired signals.

3. As mentioned at the outset, the SE of all tonic parameters are practi-
cally fixed values across all states.

However, it is evident from the zoomed box plots in Figures 3.9c and
3.9a that the IQR of SEKFLPCtonic

and SEACFtonic
are both maximum

in state 3. The corresponding box plots of SEKFTStonic
in Figure 3.9e

are almost invariant across all states.

4. In case of SEACFphasic
, its lower threshold is fixed at 0.75. However,

as discussed in Section 2.4.2, its median, IQR and upper threshold
increase monotonically. The median increases from 0.767 in state 1 till
0.782 in state 5. The corresponding IQR also increases from 0.037 in
state 1 till 0.054 in state 5.
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5. The median of SEKFLPCphasic
increases from 0.765 in state 1 to 0.771 in

state 2 but thereafter drops to 0.767 in state 3 and stabilizes.

The corresponding IQR increases from 0.012 in state 1 to 0.027 in
state 3 but then drops and stabilizes at 0.025. This pattern of change
is reflected in the upper threshold too since the lower threshold is fixed
at 0.76 across all states.

6. The lower threshold of SEKFLPCresiduals
is fixed at 0.75 across the 5 states

while the upper threshold, 3rd quartile and median increase sharply
from state 1 to state 2 and then decrease till state 5. The median
changes from 0.750 in state 1 to 0.753 in state 2 and 3 and then drops
and stabilizes at 0.751.

Since these values overlap those of the tonic and phasic components,
this indicates that certain significant regular dynamics are eliminated
as residuals in the KFLPC approach.

The associated IQR increases from 0.002 in state 1 to 0.012 in state 2
and 0.010 in state 3 but then decreases sharply till 0.003 in state 5. It
is to be noted that these IQR values are almost one order lower than
those of the corresponding SEKFTSresiduals

indicating lesser variability.

7. In case of the KFTS model, it is observed that the box plots as well as
the median and the IQR range are fairly constant across all the states,
irrespective of whether it is that of the tonic component or the phasic
component or the noise residual.

Thus in case of the KFTS model, the SE value is not a differentiating
parameter for the 5 states of rest. It is instead an identifier of a partic-
ular component irrespective of the stage of rest. This is most evident
in case of the phasic component where the box plot has no outliers in
any of the 5 states and yet the overall ranges are fairly constant.

8. Furthermore, as mentioned earlier, the SEKFTStonic
is typically 0.756

for all states with IQR practically 0.

The SEKFTSphasic
also has an almost fixed lower threshold of 0.76 and

upper threshold close to 0.95. The median increases from 0.846 in state
1 to 0.863 in state 5.

In case of SEKFTSresiduals
, its upper threshold is fixed at 0.975. The

median is fixed at 0.943. The associated IQR varies from 0.039 in state
1 to 0.058 in state 5.

The medians and associated IQR ranges (as evident from the box plots)
of the SE of the tonic, phasic and residuals of the KFTS model are



3.6. RESTFULNESS ASSESSMENT 87

distinct, non-overlapping and in increasing order. This validates the
increasing randomness of the three components.
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Figure 3.11: Box plots of mean of (a) rkLPC and (c) rkTS and SD of (b) rkLPC

and (d) rkTS in 5 rest states

3.6.2 Effect on noise residuals of KF models

It is expected that the noise residuals of the two KF models will effectively
eliminate the process and measurement noises in affecting the signal acquisi-
tion while retaining all pertinent information. Hence, it is expected that the
bulk of the noise residuals will have significantly lower thresholds than the
corresponding signal and will be random in nature and will be uncorrelated
with the increasing duration of rest from state 1 to state 5.

Thus, prior to the detailed study of the model parameters, the suitability
of the KF models for this application are studied in terms of the character-
istics of their noise residuals. The box plots of the mean and SD of rkLPC

and rkTS in the 5 rest states are shown in Figures 3.11a - 3.11d and their
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Table 3.6: Statewise median of noise residuals of KF models

Parameters Models
Median

State 1 State 2 State 3 State 4 State 5
Mean of rk

(mV)
KFLPC 0.21 0.31 0.28 0.29 0.24
KFTS ∼ 0 ∼ 0 ∼ 0 ∼ 0 ∼ 0

SD of rk
(mV)

KFLPC 0.19 0.22 0.21 0.22 0.22
KFTS 0.018 0.013 0.011 0.010 0.009

Table 3.7: Statewise IQR of noise residuals of KF models

Parameters Models
IQR

State 1 State 2 State 3 State 4 State 5
Mean of rk

(mV)
KFLPC 1.09 1.51 1.46 1.95 1.62
KFTS 0.006 0.004 0.001 0.003 0.002

SD of rk
(mV)

KFLPC 0.3 0.41 0.44 0.48 0.49
KFTS 0.027 0.02 0.015 0.016 0.012

corresponding median values and IQR are stated in Tables 3.6 and 3.7 re-
spectively.

The observations from the box plots and the statistics of the median and
IQR of the noise residuals are stated hereafter.

1. The mean of rkLPC exceeds those of rkTS by 3 orders of magnitude.
While mean values of all rkTS lie within ±0.4 mV, majority of the mean
values of rkLPC lie within ± 4 mV. This is evident from the values of
the respective median and IQR values also across all states.

2. The medians of mean of rkTS across all states are practically 0 and
the IQR values lie within 1 to 6 µV in all the states. It is reiterated
that this matches the noise threshold of the DAS used for the signal
acquisition.

3. The medians of the mean of rkLPC lie within 0.20 mV to 0.31 mV and
the IQR in all states exceed 1 mV and is 1.95 mV for state 4. These
values are commensurate with actual signal levels in several cases.

4. In case of the SD values, the SD of rkLPC exceeds those of rkTS by at
least 1 order of magnitude. While most SD values of rkTS lie within
0 to 0.08 mV, those of rkLPC lie within 0 to 1.2 mV. This is evident
from the values of the respective median and IQR values also across all
states.
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5. The medians of the SD of rkLPC are typically 0.22 mV across all states.
The IQR increases from 0.3 mV in state 1 to 0.49 mV in state 5. The
overall noise residual range increases state 1 till state 5 for this model.

6. The medians of the SD of rkTS decrease from 0.018 mV to 0.009 mV
from state 1 till state 5 and the corresponding IQR also decreases from
0.027 mV in state 1 to 0.012 mV in state 5. The overall noise residual
range, barring the outliers, also decreases similarly from state 1 till
state 5. SD of rkTS indicates dynamics in the signal.

It is to be recalled that the residuals of the two models are obtained
as the difference of the true signal yk and the KF estimates of the two
models x̂k as stated in equations (3.56)-(3.58). So this difference in
the characteristics of the SD of the two noise residuals may be due
to the fact that while the KFLPC model utilizes the dynamic change
of an n-th order time-series, the KFTS model is based on the n-th
order finite differences, where n denotes the model order in both cases.
Furthermore, it can be hypothesized that it is the characteristic change
of the neglected higher order dynamics (nmax = 9 in this study) due to
rest that is evident in the SD of rkTS.

3.6.3 Effect on tonic, phasic and metric parameters

Finally, the effect of increasing duration of rest on tonic and phasic compo-
nents of the ACF , KFLPC and KFTS models as well as the metric parameters
of the two KF models are compared and analyzed.

The box plots of the mean and SD of the tonic components ypk, xkLPCtonic
,

xkTStonic
of the 3 models in the 5 rest states are shown in Figure 3.12a to 3.12f.

The mean of all the phasic components are identically zero by design. So
in case of the phasic components, only the box plots of the SD of wk =
xkACFphasic

, xkLPCphasic
and xkTSphasic

of the 3 models in the 5 rest states are
shown in Figure 3.13a to 3.13c. From the preliminary findings in Section
3.5.4, it is observed that Jcom and l of qcom are the 2 key parameters to be
observed from the metrics. The box plots of these parameters of the two KF
models are shown in Figures 3.14a to 3.14d. The median and IQR of these
parameters for all 5 states of rest are tabulated in Tables 3.8 and 3.9.

The observation from these box plots and associated tables of the medians
and IQR are stated hereafter.

1. The ranges of ypk, xkLPCtonic
and xkTStonic

are similar as evident from
the box plots. The medians for all 3 models and across all 5 states lie
within 13.88 to 16.10 mV.
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Table 3.8: Statewise median of tonic, phasic and metric components

Parameters Models
Median

State 1 State 2 State 3 State 4 State 5

Mean of tonic
component (mV)

ACF 15.72 15.96 16.10 15.69 14.17
KFLPC 15.50 15.70 15.82 15.40 13.88
KFTS 15.69 15.93 15.08 15.68 14.14

SD of tonic
component (mV)

ACF 1.68 1.15 0.82 0.71 0.57
KFLPC 1.66 1.15 0.82 0.72 0.57
KFTS 2.83 2.22 1.79 1.39 1.51

SD of phasic
component (mV)

ACF 0.19 0.13 0.11 0.09 0.08
KFLPC 0.19 0.14 0.14 0.12 0.11
KFTS 0.18 0.13 0.11 0.09 0.08

Jcom
KFLPC 0.49 0.49 0.49 0.49 0.49
KFTS 0.493 0.493 0.493 0.498 0.493

l of qcom
KFLPC 2.68 2.97 2.98 3.05 3.03
KFTS -1.01 -0.93 -0.75 -0.60 -0.57

Table 3.9: Statewise IQR of tonic, phasic and metric components

Parameters Models
IQR

State 1 State 2 State 3 State 4 State 5

Mean of tonic
component (mV)

ACF 86.09 86.73 88.67 80.92 85.22
KFLPC 84.80 85.17 87.07 79.23 83.68
KFTS 86.06 86.66 88.61 80.75 85.10

SD of tonic
component (mV)

ACF 2.62 1.8 1.27 1.11 0.95
KFLPC 2.58 1.77 1.27 1.06 0.92
KFTS 3.51 3.03 2.67 2.33 2.21

SD of phasic
component (mV)

ACF 0.27 0.21 0.18 0.15 0.14
KFLPC 0.25 0.21 0.17 0.23 0.17
KFTS 0.27 0.21 0.18 0.15 0.14

Jcom
KFLPC ∼ 0 ∼ 0 ∼ 0 ∼ 0 ∼ 0
KFTS 0.01 0.01 0.02 0.02 0.02

l of qcom
KFLPC 0.001 0.001 0.001 0.00 0.00
KFTS 0.01 0.01 0.01 0.01 0.01
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Figure 3.12: Box plots of mean of (a) xkACFtonic
(c) xkLPCtonic

(e) xkTStonic

and SD of (b) xkACFtonic
(d) xkLPCtonic

(f) xkTStonic

It was inferred in Section 2.4 that yk and ypk are identical in ACF model
and ypk represents the tonic component of DDP signals. The similarity
of the box plots of all tonic components leads to the inference that
xkLPCtonic

and xkTStonic
are representative of the tonic components of

DDP signals in the KFLPC and KFTS models.
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Figure 3.13: Box plots of SD of (a) wk = xkACFphasic
, (b) xkLPCphasic

, and (c)
xkTSphasic

in 5 rest states

2. The nature of change of ypk and xkLPCtonic
are similar across all states.

Their medians increase till state 3 and then decrease quite sharply till
state 5.

However, xkTStonic
varies in a slightly different manner. Its median

increases in state 2 from state 1, then decreases in state 3, then increases
in state 4 and then decreases again in state 5.

The IQR values in all 3 models vary similarly. These values increase
till state 3, then drop in state 4 but then increase again in state 5.

3. The SD of ypk and xkLPCtonic
vary similarly within 0 to 7.5 mV. The

1st and 3rd quartiles, median and upper threshold decrease almost
identically from state 1 to state 5 in an exponential manner. The lower
threshold is very close to 0 in all cases.

The corresponding SD values for xkTStonic
also decrease monotonically

quasi-linearly from state 1 to state 5 with the exception of the median
in state 5 which is slightly larger than that in state 4. In general, all
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Figure 3.14: Box plots of (a) JcomLPC (b) JcomTS, l of (c) qcomLPC and (d)
qcomTS

these values are typically larger by 1 mV and their ranges of variation
are also larger, ranging from 0 to 10 mV in state 1 till 0 to 6 mV in
state 5. In this case also, the lower threshold is practically 0 in all
states.

4. It is reiterated that owing to the method of determining the tonic and
phasic components, the mean of the phasic component is zero for all 3
signal models.

5. It has been discussed in Section 2.4.3 that the SD of actual DDP signals
[24] and that of wk = xkACFphasic

change in the same manner due to the
effect of long duration of rest. It is further observed from the box plots
as well as the median and IQR that the SD of xkACFphasic

and xkTSphasic

vary almost identically across all states.

Thus the information of the SD of the DDP signals is retained as the
SD of the phasic component in the ACF and KFTS models.

The nature of change of the SD of xkLPCphasic
is, however, quite different.
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This is evident from the overall range as well as the IQR of this SD.
These decrease till state 3 and then increase slightly in state 4 and then
decrease to the level of that in state 3 yet again.

6. Comparing the box plots of Jcom of the KFLPC and KFTS models, it is
observed that the median of JcomLPC across all states is 0.49 and this is
practically a fixed value with an IQR and overall range less than 0.001.

In case of JcomTS, its upper threshold across all states is 0.5 while its
median is 0.493 in all states except in state 4 (0.498). The IQR is 0.01
in states 1 and 2 and thereafter increases to 0.02 for the remaining
states. The lower threshold also changes accordingly.

Thus it is observed that this parameter is quite close to n/2 = 0.5 in
both models and almost invariant across all states.

7. In case of the l of qcom in the KFLPC model, it is observed that l of
qcomLPC is close to +3, varying from +2.68 in state 1 to 2.97 in state 2
till it finally reaches 3.03 in state 5.

The l of qcomTS increases systematically from -1.01 till -0.57. These
values are practically constant as evident from the box plots as well as
the very low IQR values.

Thus the inference of the system behaviour from the two models re-
mains the same as discussed in Section 3.5.4.

8. In case of l of qcomTS, it is further observed that the medians as well
as the IQR around the median are distinct and non-overlapping and
increasing from state 1 till state 5. Except in the final stable rest state,
the overall ranges are also distinctly non-overlapping.

This feature is thus a strong demarcator of the stages of rest.

3.7 Discussions

It is known that recorded signals are corrupted by sensor, or measurement,
noise and the sensor noise cleaned signal may further be corrupted by sys-
tem noises or inherent process disturbances. Two Kalman Filter models are
developed in this Chapter to obtain cleaned estimates of the DDP signals
that can be used for various applications. The first step for this is to formu-
late the corresponding state space models of the system outlining the process
and measurement noises affecting the system. The first KF model uses the
standard Linear Prediction Coefficients (LPC) based state space model and
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the corresponding KF model is labeled the KFLPC model. The second state
space model is derived ab-initio from the time-series (TS) polyfit obtained in
the ACF model. The corresponding KF model is termed the KFTS model.

The LPC and TS state space models differ not only in the states and
the system matrices, but also in the way the noises are defined. In case
of the LPC model, the process noise covariance is obtained from the LPC
determination process and the measurement noise is derived as the difference
between the signal and the corresponding process output. In the TS model,
the measurement noise is obtained from the sensor noise calibration data and
the process noise is obtained as a difference between the ACF model residual
and the measurement noise. It is to be mentioned that the tonic component
of the ACF model and the TS state space model are assumed to be identical
and forms the basis for deriving the TS state space description.

Using the respective forms of the state space models, the KFLPC and
KFTS models of the DDP signals are obtained using standard KF equations.
Since the DDP signal is a one-dimensional signal, hence the simplified scalar
forms of the robustness and sensitivity metrics are derived and interpreted
for these signals. It is observed that while the robustness metric decides
the goodness of the process model description, the sensitivity metric is a
direct measure of the Kalman gain. The error covariance of the aposteriori,
or post-measurement, cleaned estimate is related directly to the sensitivity
metric and inversely to the robustness metric. Thus the value at which these
two metrics are balanced, denoted as Jcom, is a critical KF parameter. The
error covariance of the aposteriori, or post-measurement, cleaned estimate is
also proportional to the scalar process noise covariance q and hence the value
of q for Jcom, denoted as qcom is another critical KF parameter.

Based on these model and metric descriptions, the two KF models are
fitted to the DDP signals using a well-defined systematic approach. The order
of the signals are determined based on the lzc as detailed in the ACF model.
Thereafter, the KF models and their robustness and sensitivity metrics are
determined. Thereafter, the tonic and phasic components of the respective
cleaned estimates are determined using the same approach as used for the
ACF model.

These KF models are fitted to the same 5706 signals as discussed in the
ACF model. It is observed that the tonic and phasic components of the KFTS

models are almost identical to those of the ACF model, while those of the
KFLPC models are distinguishably separate. In all cases, 80% of the phasic
components lie within ±0.2 mV. The KFLPC residuals show a bias of 0.45 to
0.48 mV with SD of 1.34 mV for 95% population, while the KFTS residuals
are zero mean with 0.01 mV SD for 95% population as expected and SD of
rkTS indicates dynamics in the signal. The SD of the phasic components in
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all 3 models lie within 0.19 mV for 95% of the population.
The sensitivity metric J1 and its maximum value J1max show a variabil-

ity in case of the KFTS models while those of the KFLPC models are fixed
in nature. Accordingly, the two key parameters Jcom and qcom are variable
for the KFTS models and invariant for the KFLPC models. Furthermore,
the values of qcom for the two KF models are opposing in nature. The posi-
tive values of qcom for the KFLPC models indicating robust nominal system
behaviour while the negative values of qcom for the KFTS models indicate
sensitive model behaviour.

Finally, the effect of rest on the various parameters of the two KF models
have been studied using the same 272 number of 10 minute long signals and
methodology described in Section 2.4. These include the spectral entropies
of the tonic and phasic components and the noise residuals of the KF models,
the mean and SD of the tonic components, SD of the phasic components and
the two metric parameters Jcom and qcom.

The spectral entropy (SE) of the tonic and phasic components of the
KFLPC models are observed to increase till the second or third state of rest
and then decrease. However, the spectral entropies of the tonic and phasic
components and the noise residuals of the KFTS models are observed to be
fairly constant across all stages of rest. Further, their medians and ranges
are observed to increase from tonic components to phasic components and
are maximum for the noise residuals indicating sequential departure from
regularity to irregularity as expected. Thus the SE of the KFTS model
components are useful identifiers.

The mean of the tonic components of both the KF models vary similarly
as that of the ACF model. The SD of the tonic components of the ACF
and KFLPC models vary identically, decreasing exponentially with increas-
ing rest. While the SD of the tonic components of the KFTS models also
decrease monotonically with increasing rest, yet their nature of decrease is
quasilinear. The SD of the phasic components of the ACF and KFTS models
vary identically, decreasing exponentially with increasing rest while that of
the KFLPC models decrease initially and then increase and decrease slightly
to become almost stationary with increasing rest.

As expected, the nature of change of the two metric parameters Jcom
and qcom with rest are distinctly different for the two KF models. Both
these parameters remain fairly constant over changing duration of rest for
the KFLPC models. Jcom of the KFTS models have a fixed upper bound of
0.5 for all stages of rest but the lower bound drops sharply in the third state
and then becomes constant. The corresponding qcom increases sharply and
distinctly with increasing rest providing a distinguishing parameter for the
stages of rest.
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Thus, the KFTS model developed ab-initio using the system order and
polyfit obtained in the earlier proposed ACF model provides consistent tonic
and phasic components. The key features of these components and the KF
metrics can be used to reliably differentiate the stages of rest. The stan-
dard KFLPC model also performs creditably in several aspects though not
so markedly.
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Chapter 4

Efficacy of Models in classifying
Human Conditions

In Chapters 2 and 3, the ACF, KFLPC and KFTS models have been devel-
oped ab initio and the effect of restfulness on their tonic, phasic and other
parameters have been studied. As mentioned in Chapter 1, this is one of
the human conditions studied in [1], [24], [189]. The classification of two hu-
man conditions, namely (i) hypertensive and normotensive subjects and (ii)
sitting and supine postures, have also been tested and discussed in [1], [189].

In this Chapter, the objective is to study the efficacy of the parame-
ters of the ACF, KFLPC and KFTS models of the DDP signals in the two
aforementioned classification applications. The open source data mining
software WEKA, version 3.9.4 [1, 190, 191] is used for these binary classi-
fication studies. The same DDP signal datasets used for the hypertensive-
normotensive and the posture change classifications, namely DS2 and DS1
respectively [1], [189], are used in the present study also.

This Chapter is organized as follows. The experimental methodology used
for the classification studies is described in Section 4.1. The type of data sets
used and their pre-processing, as discussed in [1] are stated at the outset.
Thereafter, the details of the signal quantization performed for the two stud-
ies, the model parameters used for the classifications, the understanding of
the feature selection and ranker methods tested, the background of the clas-
sification metrics evaluated as well as the cross-validation protocols used for
the studies are discussed in Sections 4.1.1 to 4.1.5. This is followed by the
details of the hypertensive and normotensive classification in Section 4.2 and
the posture classification in Section 4.3. In each case, the selection of ranker,
the attributes selection and the cross validation results for the 3 models and
their analysis are discussed in detail in the subsequent subsections. Section
4.4 contains the overall discussions.

99
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4.1 Experimental Methodology

The objective of this study is to ascertain whether the presence or absence of
a human condition like hypertension or the change in human dynamics like
posture change affects one or more parameters of each of the 3 models. Is
the effect significant enough to enable viable classification and if so, to what
extent? Thus the classification is done by considering the parameters of any
one, out of the three, models at a time.

Classification 1: Hypertensive and Normotensive Subjects
The DS2 dataset as discussed in Chapter 1 is used for this binary classifi-
cation. In this, 10 minutes long signals have been acquired simultaneously
from the left hand (LH) and right hand (RH) of a subject. This data has
been collected from 5 hypertensive and 17 normotensive subjects, that is a
total of 22 subjects, in supine posture.

Classification 2: Sitting and Supine Postures
In this case, the dataset used is DS1 in which 20 minutes long signals have
been acquired only from the left hand (LH) of a subject. This data has been
collected from 24 subjects. As described earlier in Chapter 1, the data is
acquired for the initial 2 minutes in sitting posture, then 2 minutes during
change in posture from sitting to supine and last 16 minutes in supine posture.

For the purpose of the binary classification done in this study, only the
sitting posture component during the first 2 minutes and the initial supine
posture component during 4 to 6 minutes of the DS1 datasets have been
considered. These two sets are labelled as the Sitting and Sup 1 states re-
spectively.

4.1.1 Data Preprocessing [1]

As mentioned as the outset, the data sets used for the classification studies are
those that were acquired and used in the study by Sarkar [1]. The acquisition
methodology of these DDP signals is stated in Chapter 1 for ready reference.
For the classification study, the acquired datasets have been preprocessed
in a definite manner as stated hereafter. The data cleaning is first done to
remove anomalies or to address missing data and then this cleaned data is
z-normalized. For z-normalization, the bias of the signals (temporal mean of
the signals) are subtracted from the signals and then the values are divided
by the temporal SD of the respective signals. The sampling frequency has
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been set to 20 samples/second.
In the next stage, the datasets have been suitably quantized in order to

obtain multiple subsets in a particular class. Each 20 (or 10) minute long
DS1 (or DS2) DDP signal is first divided into 10 (or 5) numbers of 2 minute
signals. Then each 2 minute signal is further sub-divided into 12 small sub-
sets of 10s each as discussed hereafter.

DS1: As mentioned earlier, DS1 signals are acquired from LH in sitting
posture in the first 2-minutes. These are denoted as the Sitting state data.
Since the subjects change posture from sitting to supine in next 2-minutes, so
this 2-minutes signals are not considered for the binary classification. After
that, the signals are acquired for the remaining 16-minutes in supine posture.
The first 2-minutes subset of these 16-minutes is denoted as Sup 1 and this
is the supine state considered for the binary classification.

Hence for posture classification, the Sitting state is compared with the
Sup 1 state. Here, total 57 numbers of 20 minute long data sets were con-
sidered after data cleaning. Of these, only the 2-minutes Sitting and the
2-minutes Sup 1 signal sets are considered for the classification. Each 2-
minutes subset is further divided into 12 small subsets. Hence each state
contains 12 small sets × 57 sets = 684 small sets. The data for the two
states are arranged in a 684× 2 data matrix A1 as follows.

A1 =


Sitting1 Sup 11

Sitting2 Sup 12
...

...
...

Sitting684 Sup 1684

 (4.1)

As mentioned earlier, each 2-minutes data set is divided into 12 small sub-
sets, so the time duration of each subset is 10s. Thus, Sitting1 to Sitting12
are the 12 small subsets of 10s duration of the original 2-minutes long Sitting
subset of the first data set. The other terms are also to be considered in the
same way.

DS2: In DS2 experiment, the signals are acquired from both LH and RH
in supine posture and the length of the signal is 10-minutes long. In the first
stage, the signals are divided into 5 subsets of 2-minutes each. These subsets
form the 5 states that are termed as Sup 1 to Sup 5.

In this case, a total of 156 bilateral signals of 10 minutes duration are
considered. Here also the 2 minute subsets of the DS2 data set are further
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quantized into 12 small sets of 10s length. Hence, the total number of data
sets for each of the 5 states are 12 small sets × 156 sets = 1872. The sets
and small sets of the LH and RH signals are labelled accordingly. The data
for the five states of any one hand are arranged in a 1872 × 5 data matrix
A2 as follows.

A2 =


Sup 11 Sup 21 Sup 31 Sup 41 Sup 51

Sup 12 Sup 22 Sup 32 Sup 42 Sup 52
...

...
...

...
...

Sup 11872 Sup 21872 Sup 31872 Sup 41872 Sup 51872


As discussed for the DS1 dataset, in this case also Sup 11 to Sup 112 are

the 12 small subsets of 10s duration of the original 2-minutes long Sup 1
subset of the first data set. The other terms are also to be considered in the
same way.

4.1.2 Model Parameters used in Classification

For each preprocessed 10s signal, the lzc of the ACF is calculated and this
is used to determine the signal order n following the method mentioned in
Section 2.2.3. Thereafter, n-th order ACF, KFLPC and KFTS models are
developed for each of the 10s signals following the steps outlined in Chapters
2 and 3. The statistical parameters and spectral entropy of the tonic (or
deterministic) and the phasic (or stochastic) components of the 10s signals
have been calculated for all three models using MATLAB. Each 10s signal
has been z-normalized again to further calculate their normalized variance
and kurtosis. In case of the two KF models, the Jcom and qcom parameters
have also been determined from their robustness and sensitivity metrics, J1
and J2 respectively. It is to be recalled that Jcom is the compromise metric
value and qcom is the index of the multiplier for the corresponding process
noise covariance Qcom. The list of all the features calculated for the three
models are given in Table 4.1.

4.1.3 Feature Selection (Ranker) Algorithm

The next step in classification is to reduce the attribute space from total
feature (or parameter) set and identify a subset of features by removing ir-
relevant or redundant features. This is a critical step that helps in reducing
the classification model dimension and hence its training time, improves the
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Table 4.1: List of Model Parameters used for the Classifications

Parameters ACF model KFLPC KFTS

General lzc, a0, n - -

Statistical
parameters

Mean of xkACFtonic
Mean of xkLPCtonic

Mean of xkTStonic

SD, Variance,
Skewness, Kurtosis of

xkACFtonic
and xkACFphasic

SD, Variance,
Skewness, Kurtosis of

xkLPCtonic
and xkLPCphasic

SD, Variance,
Skewness, Kurtosis of
xkTStonic

and xkTSphasic

Normalized variance,
Normalized kurtosis of
xkACFtonic

and xkACFphasic

Normalized variance,
Normalized kurtosis of
xkLPCtonic

and xkLPCphasic

Normalized variance,
Normalized kurtosis of
xkTStonic

and xkTSphasic

Spectral
parameters

SEACFtonic
, SEACFphasic

SELPCtonic
, SELPCphasic

SETStonic
, SETSphasic

Metrics
parameters

- Jcom, qcom Jcom, qcom

Total number of
parameters for

one hand
18× 5 = 90 17× 5 = 85 17× 5 = 85

efficiency and accuracy of the classification algorithm and also avoids the
pitfalls of over-fitting of the data. Although various attribute evaluators are
available in the WEKA software, only the AttributeSelection filter was used
in this experiment. It is a very flexible supervised attribute filter and allows
the use of various combinations of search and evaluation methods.

Out of the various techniques available in the WEKA platform for select-
ing machine learning data sets using various Attribute Evaluators, three of
them are mostly used in classification analysis [192]. These are the Corre-
lationAttributeEval, InfoGainAttributeEval and ReliefFAttributeEval tech-
nique. All of these are used with a Ranker Search Method that evaluates each
attribute and lists the results in decreasing rank order [193]. The details of
these Attribute Evaluators [194] are as follows.

1. The CorrelationAttributeEval technique requires the use of a Ranker
Search method. This is one of the popular techniques for most relevant
attribute selection and depends on the Pearson’s correlation coefficient.
In this technique, the correlation between each attribute and the output
variable is calculated. The attributes with the highest positive or neg-
ative correlation (close to -1 or 1) are ranked first and selected. The
ranking score decreases as the correlation amplitude reduces. Hence
attributes with low absolute correlation are omitted.

2. As the name suggests, the InfoGainAttributeEval attribute evaluator
supports feature selection via information gain, or entropy, calculations.
As in the correlation technique, the Ranker Search Method must be
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used in this case also. In this technique, entry values vary from 0
(no information) to 1 (maximum information). The attributes that
contribute more information have a higher entropy value and are likely
to be selected while the others which contribute low information or
lower score are removed.

3. The ReliefFAttributeEval attribute evaluator is another type of feature
selection algorithm that evaluates the worth of an attribute by repeat-
edly sampling an instance. The Monte Carlo Approach is used in this
evaluator for randomized selection of instances [195]. This is usable on
both discrete and continuous class data. In this case, the value of the
given attribute for the nearest instance of the same as well as different
class is evaluated and the total value obtained for a particular attribute
is used as a ranker.

4.1.4 Classification Metrics

Both the classifications studied in this Chapter use the random forest (RF)
classifier, although the underlying random tree (RT) classifier has been used
occasionally to validate the choice of the attribute(s) identified by the ranker.
RT is a classifier that selects a decision tree randomly to evaluate various sub-
sets of the data set, while RF is a classifier that evaluates a number of such
decision trees on the various subsets of the given data set. In both cases,
the average of the obtained values is calculated to improve the predictive
accuracy of that data set and control over-fitting. The advantages of RF
classifier are it takes less training time as compared to other algorithms, pre-
dicts output with high accuracy, runs efficiently even for large data sets and
can maintain accuracy despite lack of a large proportion of data.

Some traditional classification metrics that are used to evaluate the clas-
sification models are described below.

1. Confusion matrix: The confusion matrix of a binary classification
comprises of two dimensions, one of actual values and another of pre-
dicted values, as shown in Table 4.2. The actual values are the true
values of the given observations while the predicted values are the val-
ues that are predicted by the classification model. This matrix is used
to evaluate the performance of the classification models, make predic-
tions on test data and estimate the goodness of the classification model.

The two classes of the binary classification are labelled as Positives
and Negatives. The matrix elements expressed in terms of these classes
are the following.
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Table 4.2: Structure of confusion matrix

Predicted output
Positive Negative Total

True/Actual instances
Positive TP FN TP + FN
Negative FP TN FP + TN

Total TP + FP FN + TN N

True Positive (TP): The total number of cases where the model has
predicted Positive and the actual value is also Positive.
False Negative (FN): The total number of cases where the model
has predicted Negative, but the actual value is Positive.
False Positive (FP): The total number of cases where the model has
predicted Positive, but the actual value is Negative.
True Negative (TN): The total number of cases where the model
has predicted Negative and the actual value is also Negative.
Thus, the total number of cases N = TP + FP + TN + FN .

2. Accuracy: It is one of the important parameters that defines how
often the model predicts the correct output and is evaluated as:

Accuracy =
TP + TN

TP + FP + TN + FN

3. Precision or Positive Prediction Value (PPV): It is defined as
the number of correct positive outputs provided by the model out of all
positive classes that have been predicted by the model. It is calculated
using the formula:

Precision =
TP

TP + FP

4. Recall or True Positive Rate (TPR) or Sensitivity: This is de-
fined as the number of cases in which the model predicts Positives
correctly out of the total actual instances of Positives. The recall must
be as high as possible.

Recall =
TP

TP + FN

5. Specificity and False Positive Rate (FPR): Specificity is defined
as the number of cases in which the model predicts Negatives correctly
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out of the total actual instances of Negatives. As for the recall, the
specificity must also be as high as possible.
On the other hand, False Positive Rate (FPR) is the number of cases in
which the model predicts Negatives incorrectly out of the total actual
instances of Negatives. Hence,

Specificity =
TN

TN + FP

FPR = 1− Specificity =
FP

FP + TN

6. F1 score: In case of unbalanced data sets where the actual instances
of Positives or Negatives vary significantly from actual instances for
the other class, the accuracy or some of the other metrics get skewed
as opposed to calculations based on balanced data sets. For example,
if two models have low precision and high recall or vice versa, it is dif-
ficult to compare these models. In this scenario, the F1-score is used
as the metric that is desensitized to data imbalances. This is evaluated
using the recall and the precision as follows.

F1score =
2×Recall × Precision
Recall + Precision

7. Receiver Operating Characteristics (ROC) Curves and Precision-
Recall Curves: ROC Curves summarize the trade-off between the
TPR (or Sensitivity) and FPR (or reverse of Specificity) for a predic-
tive model using different probability thresholds. On the other hand,
Precision-Recall Curves summarize the trade-off between the Precision
(or PPV) and the Recall (or TPR or Sensitivity) for a predictive model
using different probability thresholds. Higher the Area under the Curve
(AUC) values for these two curves, more the reliability of the particular
classification model being tested.

4.1.5 Cross Validation Protocols

Both the classifications are validated using three different cross validation
techniques, namely 10 fold cross validation (10FCV), leave one out cross
validation (LOOCV) and leave one subject out cross validation (LOSOCV).

In 10FCV, the total dataset is grouped into 10 number of subsets with
equal number of populations. Of these 10 subsets, 9 subsets are used to train
the model and the remaining 1 subset is taken for testing in the first cycle.
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In the next cycle, a different subset is used for testing and the remaining 9
are applied for training. In this way, the process is repeated for 10 iterations.
The overall performance and the classification metrics are then calculated by
averaging all 10 prediction values.

LOOCV is very similar to 10FCV but in this technique, the total N
number of data sets is considered in each iteration in place of partitioning it
into 10 groups. Of all the N data sets, only 1 set of data is kept aside for
testing while all the other N-1 sets are used for training. Hence, the number
of the iterations in LOOCV is N which is equal to the number of sets of
data. In this case, the overall performance and the classification metrics are
calculated by averaging all N prediction values.

In LOSOCV, the objective is to eliminate the subject bias and so, subjects
are eliminated one after other. In this technique, all the datasets of one
subject are taken as testing set in a particular iteration, while the rest are
considered as training sets. Hence, the number of iterations is same as the
number of subjects in this case. Furthermore, the overall confusion matrix
and the classification metrics are calculated by averaging all S prediction
values, where S is the total number of subjects.

The confusion matrix, accuracy and all other metrics as well as the ROC
and PRC AUCs are determined automatically in WEKA software once the
CV method is chosen as 10FCV or LOOCV.

However this is not so for the LOSOCV since there are likely to be data
imbalances for the various subjects. Furthermore, in case of LOSOCV, the
class definitions of Positive and Negative in WEKA software need to be stated
explicitly in order to obtain the proper confusion matrices for the data set of
each subject. If all data sets of a subject pertains to one class while all data
sets of another subject pertains to another class, then the class definitions of
Positive and Negative in the two cases need to be reversed suitably. In case
some of the data sets of a subject belong to one class while the other data sets
belong to the second class, then this reversal has to be done for the respective
data sets. This is necessary in order to obtain the proper weightages in the
calculations of the metrics for the particular class. Thereafter, the confusion
matrices calculated for all the conditions are added to obtain the overall
confusion matrix. The metrics are then determined individually for both the
classes and from these, the weighted average values are obtained.

In case of LOSOCV, the ROC or PRC AUCs have not been calculated in
this study.
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4.2 Hypertensive and normotensive classifi-

cation

Using the methodology detailed in Section 4.1, the binary classification of
hypertensive and normotensive subjects have been done using the parameters
of each model, as listed in Table 4.1. The class definitions of Positive and
Negative in this case refer to Hypertensive or Normotensive subjects. The
identification of the state of a subject is based on the medical history of the
person. Hence for a particular subject, all data sets belong to one class,
either Hypertensive or Normotensive. The DS2 data sets have been acquired
from 5 hypertensive subjects and 17 normotensive subjects.

As already detailed in Section 4.1.1, this study is based on the total 156
DS2 data sets that have been acquired simultaneously from the LH and the
RH of human subjects in supine posture for 10 minutes. Each 10 minutes
signal is subdivided to obtain 5 sets of non-overlapping 2 minutes signals.
These form the 5 states, defined as Sup 1 to Sup 5, of the particular LH
or RH data set. After the quantization of each of these 2 minutes signals
belonging to a state, total 1872 numbers of 10s signals are generated in each
state of one data set. As mentioned in Section 4.1.2, the ACF model, the
KFLPC model and the KFTS model are fitted to each of these 10s signals and
all the model parameters listed in Table 4.1 are calculated for each quantized
signal. As stated in the Table, the number of parameters calculated from
the ACF model, the KFLPC model and the KFTS model in one state of one
hand are 18, 17 and 17 respectively and so the total number of parameters
considering all 5 states of one hand are 90, 85 and 85 respectively. In DS2
data sets, LH and RH both hands are considered. So the total number of
parameters from ACF model are 90× 2 = 180 and from KFLPC and KFTS

models are 85× 2 = 170.

4.2.1 Selection of Attribute Evaluator

A preliminary classification considering all parameters is done using At-
tributeSelection filter. This provides the ranking of the parameters. Based
on the ranking, trial and error method is used to select the top few relevant
attributes beyond which the overfitting leads to either reduced accuracy, pre-
cision or a saturation of the results. These selected attributes are then used
for the classification study.

The accuracy of classification using the 3 different ranker methods dis-
cussed in Section 4.1.3 for each model is stated in Table 4.3. It is observed
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that using CorrelationAttributeEval, number of attributes for ACF, KFLPC

and KFTS models are 7, 6, 1 respectively which are reasonable in number and
the classification accuracies are 91.18%, 99.94% , 99.51% respectively. The
number of attributes for the ReliefFAttributeEval are the same for ACF and
KFTS models but less for KFLPC , specifically 3. In this case, the accuracy at
97.38% is significantly higher for the ACF model, but decreases marginally
for KFTS model to 99.19% while it remains the same for the KFLPC model.

Table 4.3: Rank wise selected attributes and accuracy for hypertensive-
normotensive classification

Ranker
Number of attributes selected

ACF KFLPC KFTS

Number of
attributes

Accuracy
(%)

Number of
attributes

Accuracy
(%)

Number of
attributes

Accuracy
(%)

Correlation
AttributeEval

7 91.18 6 99.94 1 99.51

InfoGain
AttributeEval

3 98.07 3 99.89 1 99.51

Relief
AttributeEval

7 97.38 2 99.94 1 99.19

Using InfoGainAttributeEval, the accuracies of the classification results
are uniformly high at 98.07%, 99.89% and 99.51% for the ACF, KFLPC and
KFTS models respectively while the numbers of attributes, specifically 3, 3
and 1 respectively, are uniformly low for all models. Hence, this evaluator is
used in this study to classify the two classes of hypertensive and normotensive
signals.

4.2.2 Selected attributes and their analysis

Applying the Supervised Attribute Selection filter in WEKA, 29 (out of total
180 parameters) attributes from ACF model, 32 (out of total 170 parame-
ters) attributes from KFLPC model and 22 (out of total 170 parameters)
attributes from KFTS model are selected. On using the InfoGainAttributeE-
val attribute evaluator on this subset of features, finally 3, 3 and 1 attributes
respectively are selected for the 3 models as stated in Table 4.4.

In order to appreciate the characteristics of all the 7 selected attributes,
their box plots are shown in Figures 4.1a, 4.1b and 4.1c for the ACF model,
Figures 4.2a, 4.2b and 4.2c for the KFLPC model and Figure 4.3 for the KFTS

model. The corresponding box plot parameters for the 3 models are listed
in Tables 4.5, 4.6 and 4.7. The observations from these selected features and
their box plots are listed hereafter.
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Table 4.4: List of the selected attributes using ACF, KFLPC , KFTS model
parameters for hypertensive-normotensive classification

Model Sl No.
Selected attributes

as per rank

Cross validation accuracy
(%)

10FCV LOOCV LOSOCV

ACF
1 Norvar xkACFphasic

of LH3
98.07 98.13 83.012 Norvar xkACFphasic

of LH4
3 Norvar xkACFphasic

of LH2

KFLPC

1 qcom of LH5
99.89 100 69.872 qcom of LH1

3 qcom of RH1
KFTS 1 qcom of LH4 99.51 99.51 72.70

Table 4.5: Box plot parameters for hypertensive normotensive classification
using ACF model parameters

Attributes Posture
Lower

Adjacent
Lower

Quartile
Median

Upper
Quartile

Upper
Adjacent

Norvar xkACFphasic
of LH3

Hypertensive -0.21 -0.16 -0.03 -0.03 0.12
Normotensive -0.23 -0.12 -0.06 -0.04 0.07

Norvar xkACFphasic
of LH4

Hypertensive -0.21 -0.16 -0.03 -0.03 0.15
Normotensive -0.21 -0.11 -0.06 -0.04 0.06

Norvar xkACFphasic
of LH2

Hypertensive -0.21 -0.17 -0.03 -0.03 0.13
Normotensive -0.23 -0.12 -0.06 -0.05 0.06

Table 4.6: Box plot parameters for hypertensive normotensive classification
using KFLPC model parameters

Attributes Posture
Lower

Adjacent
Lower

Quartile
Median

Upper
Quartile

Upper
Adjacent

qcom of LH5
Hypertensive 2.34 2.34 2.35 2.73 2.88
Normotensive 1.48 2.21 2.75 2.86 3.41

qcom of LH1
Hypertensive 1.92 2.35 2.35 2.73 2.88
Normotensive 1.27 2.21 2.75 2.85 3.45

qcom of RH1
Hypertensive 2.25 2.35 2.35 2.73 2.88
Normotensive 1.5 2.21 2.74 2.86 3.41

Table 4.7: Box plot parameters for hypertensive normotensive classification
using KFTS model parameters

Attributes Posture
Lower

Adjacent
Lower

Quartile
Median

Upper
Quartile

Upper
Adjacent

qcom of LH4
Hypertensive -0.64 -0.61 -0.49 -0.24 -0.20
Normotensive -0.46 -0.34 -0.29 -0.23 -0.15
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Figure 4.1: H: Hypertensive, N: Normotensive. Box plots of (a) Norvar
xkACFphasic

of LH3 (b) Norvar xkACFphasic
of LH4 (c) Norvar xkACFphasic
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Figure 4.2: H: Hypertensive, N: Normotensive. Box plots of (a) l of qcom of
LH5 (b) l of qcom of LH1 (c) l of qcom of RH1 for KFLPC model

1. Of the total 7 attributes selected for the 3 models, it is observed that 6
attributes are from LH and only 1 is from RH. These are the normalized
variance (Norvar) of xkACFphasic

of 3 states (state 3, 4, 2) from LH for
ACF model, qcom of 2 states from LH (state 5, 1) and 1 state from RH
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Figure 4.3: H: Hypertensive, N: Normotensive. Box plots of l of qcom of LH4
for KFTS model

(state 1) for KFLPC model and qcom of 1 state from LH (state 4) for
KFTS model.

Thus, as already observed in [1], the presence or absence of hypertension
is most reflected in the LH parameters.

2. In case of the ACF model, all 3 attributes are selected from only the
phasic component of LH and RH signals. In case of both KF based
models, the parameters selected are the indices qcom of the process
noise covariances at compromise Qcom [174] for various states. These
are all obtained from the performance metrics specific to the KF model.
Also, in terms of the nominal value qnom, qcom = 10lqnom where, l is
termed as the multiplier, as stated earlier.

3. The box plots of all 3 normalized variance features selected in the ACF
model are similar. In general, the medians are quite high for hyper-
tensive signals and lower for normotensive signals. The lower adjacent
values are similar but the upper adjacent values are quite high for the
hypertensive signals.

4. The box plots of all 3 qcom features selected in the KFLPC model are
also similar. The overall range of the individual classes are almost
similar for all 3 box plots. In all cases, the median value is low and
is the same as the lower quartile in hypertensive signals. The overall
range for the normotensive class is much larger and the median is also
significantly higher in all 3 cases.
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5. In case of the KFTS model, there is only 1 selected feature. Although
this is also a qcom value, yet it is to be recalled that the natures of
the qcom for the KFLPC and KFTS models are very different, differing
also in the sign. Hence the characteristics are expectedly significantly
different.

In particular, the range of qcom of LH4 in case of hypertensive subjects
is much larger than that for normotensive subjects and the median
is low for hypertensive signals as compared to that for normotensive
subjects.

4.2.3 Confusion Matrices and Metrics

The confusion matrices for 10FCV, LOOCV and LOSOCV for hypertensive-
normotensive classification using the selected attributes listed in Table 4.4
for the 3 models are stated in Table 4.8. As stated earlier, the total instances
for this binary classification is 1872.

The corresponding classification metrics of precision, recall (or TPR or
sensitivity), specificity, F1-score as well as the ROC and PRC AUC for
10FCV, LOOCV and LOSOCV of the ACF, KFLPC , KFTS models are tab-
ulated in Tables 4.9, 4.10 and 4.11 respectively.

Table 4.8: Confusion matrix (in %) of RF classifier using ACF, KFLPC ,
KFTS model parameters for hypertensive-normotensive classification

CV Method Actual
ACF KFLPC KFTS

HT NT HT NT HT NT

10FCV
HT 10.79 1.39 12.18 0 11.81 0.37
NT 0.53 87.29 0.11 87.71 0.11 87.71

LOOCV
HT 10.84 1.34 12.18 0 11.81 0.37
NT 0.53 87.29 0 87.82 0.11 87.71

LOSOCV
HT 2.40 9.78 1.23 10.95 6.09 6.09
NT 7.21 80.61 19.18 68.64 21.21 66.61

DS2 data set: N=1872, HT: Hypertensive, NT: Normotensive

The observations from the confusion matrices and the classification met-
rics for the 3 models using the 3 different cross-validation techniques are
stated hereafter.

1. There are 5 hypertensive (HT) subjects with 228 sets of data and 17
normotensive (NT) subjects with 1644 sets of data. So this is a heavily
unbalanced binary classification with 12.18% HT and 87.82% NT data.
Hence, more credence is to be given to F1-score than to accuracy.
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Table 4.9: Results for Hypertensive and Normotensive classification using
ACF model parameters

CV Method Class Precision Recall Specificity F1-Score
ROC
Area

PRC
Area

10FCV
HT 0.953 0.886 0.994 0.981 0.991 0.965
NT 0.984 0.994 0.886 0.989 0.991 0.998
WA 0.980 0.981 0.899 0.980 0.991 0.994

LOOCV
HT 0.953 0.890 0.994 0.921 0.991 0.967
NT 0.985 0.994 0.89 0.989 0.991 0.998
WA 0.981 0.981 0.903 0.981 0.991 0.995

LOSOCV
HT 0.25 0.19 0.91 0.22 - -
NT 0.89 0.91 0.19 0.90 - -
WA 0.81 0.82 0.28 0.81 - -

Table 4.10: Results for Hypertensive and Normotensive classification using
KFLPC model parameters

CV Method Class Precision Recall Specificity F1-Score
ROC
Area

PRC
Area

10FCV
HT 0.991 1.00 0.99 0.996 1.00 1.00
NT 1.00 0.99 0.99 0.99 1.00 1.00
WA 0.99 0.99 1.00 1.00 1.00 1.00

LOOCV
HT 1.00 1.00 1.00 1.00 1.00 1.00
NT 1.00 1.00 1.00 1.00 1.00 1.00
WA 1.00 1.00 1.00 1.00 1.00 1.00

LOSOCV
HT 0.60 0.10 0.78 0.17 - -
NT 0.86 0.78 0.10 0.82 - -
WA 0.88 0.69 0.18 0.74 - -

2. The classification metrics of the precision (or PPV), Recall (or Sensitiv-
ity or TPR) and Specificity are also evaluated for all 3 cross-validation
methods. The ROC and PRC AUC are also evaluated for the 10FCV
and LOOCV methods.

In all these cases, the values are calculated twice, once by considering
the hypertensive (HT) case to be the Positive class and normotensive
(NT) as the Negative class and then by reversing this class definition.
Thereafter, their weighted average (WA) is calculated which is expect-
edly more biased towards the NT class.

3. As is expected, in each of the 3 models, the confusion matrices for the
10FCV and LOOCV are identical or almost so, as evident in Table 4.8.
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Table 4.11: Results for Hypertensive and Normotensive classification using
KFTS model parameters

CV Method Class Precision Recall Specificity F1-Score
ROC
Area

PRC
Area

10FCV,
LOOCV

HT 0.991 0.969 0.99 0.980 0.986 0.975
NT 0.996 0.99 0.97 0.99 0.986 0.996
WA 0.995 0.995 0.973 0.995 0.996 0.994

LOSOCV
HT 0.22 0.50 0.76 0.31 - -
NT 0.92 0.76 0.50 0.83 - -
WA 0.83 0.73 0.53 0.77 - -

Accordingly, the metrics are also very similar or identical for these two
CV methods for a particular model.

Hence, of these two methods, only the 10FCV results will be discussed
henceforth.

4. From Table 4.8, it is observed that for 10FCV method, 202 HT and
1634 NT are predicted correctly out of a total of 1872 instances, that is
98.07% instances are predicted correctly using the ACF model features.
The corresponding prediction accuracies using the KFLPC and KFTS

model features are significantly high at 99.89% and 99.51% respectively
as also stated in Table 4.4.

5. A comparison of the other metrics for the 10FCV across the 3 models
shows that except specificity (97.3%), all other metrics including the
AUCs are almost 99.5% for the KFTS model. These high values are
even more significant since the KFTS model metrics are obtained on
the basis of just one feature.

The KFLPC model exhibits very high values of 99% for the precision
and recall and 100% for the others. Yet, as also evident from the
saturation of the corresponding accuracy and all others metrics at 100%
for the LOOCV, this might be due to overfitting or subject data bias.

In comparison, the WA values of the metrics are lower in case of the
ACF model. Yet they are significantly high with the precision, recall
and F1-score values at 98% and the ROC and PRC AUCs larger than
99.1%. Only the specificity is slightly lower at 89.9%.

6. In order to study the effect of subject bias, the LOSOCV results for
the metrics have also been tabulated for all 3 models. As might be
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expected, significant drops are observed in the metrics in all 3 models
for all the metrics.

The drop in F1-score is maximum for the KFLPC model from 100% to
74% indicating steep subject bias in the data.

In case of the KFTS model also, the F1-score drops from 99.5% to
77%. This indicates the need to evaluate the other model parameters
as selectable features instead of a dependence on just one single feature.

In case of the ACF model, the F1-score drops by 17% to 81%. Thus,
the features selected for this model provide the most balanced F1-score
result.

7. A comparison of the specificity values for the LOSOCV in all 3 models
show that the KFTS model results (WA: 0.53) are the most balanced
and highest of all 3 models being almost double that of the other two
models with WA of 0.28 and 0.18 for the ACF and KFLPC models
respectively.

8. A comparison of the accuracy or F1-scores of 10FCV of the 3 models
with those stated in [1] and reproduced as Table 5.2 shows that
all 3 models provide competitive scores for this binary classification. A
comparison table is given in Chapter 5, Section 5.1.5.

4.3 Posture change classification

The second binary classification is that of two postures, the Sitting state and
the supine state Sup 1. For this, the model parameters of the LH, as listed
in Table 4.1, are used to detect the two different postures (states) assumed
by subjects during the DS1 data set acquisition as discussed in Section 4.1.1.
In this case, the class definitions of Positive and Negative refer to Sitting or
Sup 1 postures.

In this case, a total of 57 DS1 data sets acquired for 20 minutes from the
LH of human subjects in first sitting, then supine posture are considered.
Of these long data sets, the initial 2 minutes data in sitting posture and
the data in the 4 to 6 minutes duration when the subject is in initial supine
posture are considered. These 2 minutes signals form the 2 states, defined as
Sitting and Sup 1. After the quantization of each of these 2 minutes signals
belonging to a state, total 684 numbers of 10s signals are generated in each
state of one data set. As in Section 4.2, in this case also the ACF model, the
KFLPC model and the KFTS model are fitted to each of these 10s signals and
all the model parameters listed in Table 4.1 are calculated for each quantized
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Table 4.12: Rank wise selected attributes and accuracy for posture change
classification

Ranker,
AttributeEval

Number of attributes selected
ACF KFLPC KFTS

Number of
attributes

Accuracy
(%)

Number of
attributes

Accuracy
(%)

Number of
attributes

Accuracy
(%)

Correlation,
InfoGain,

Relief
5 96.34 1 100 1 100

signal. Thus in this case, the number of parameters calculated from the ACF
model, the KFLPC model and the KFTS model in each state are 18, 17 and
17 respectively.

4.3.1 Selection of Attribute Evaluator

As mentioned in Section 4.2.1, in this case also a preliminary classification
is done using AttributeSelection filter considering all 17 or 18 parameters in
order to obtain their ranking. Based on the ranking, the top few relevant
attributes are selected for use in the classification study.

The results for the 3 different ranker methods discussed in Section 4.1.3
for each model is stated in Table 4.12. It is observed that using all 3 attribute
evaluators, the number of attributes for ACF, KFLPC and KFTS models are
5, 1 and 1 respectively and their classification accuracies are 96.34%, 100%
and 100% respectively. In case of the KFLPC model, increasing the number
of parameters does not affect the 100% accuracy but in case of the KFTS

model, the accuracy decreases as the number of features are increased. In
fact, a choice of 5 attributes in the KFTS model causes the accuracy to drop
to 99.85%.

In case of the ACF model, the best results are obtained for 5 attributes
irrespective of the ranker algorithm chosen. These attributes are the same
across all the rankers but their ranking orders vary in the 3 ranker algorithms.
Thus the choice of 5 attributes yields the same and maximum accuracy for
the ACF model irrespective of the ranker algorithm chosen. In order to
differentiate the 3 ranker algorithms, only the top ranked attribute in each
ranker is chosen. On performing the posture classification using this single
attribute, the InfoGainAttributeEval ranker provides the highest accuracy
as compared to the other two. So this ranker is henceforth chosen for the
posture classification study.
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4.3.2 Selected attributes and their analysis

As already stated earlier, the original number of features is limited to 17
or 18 in case of the posture change classification. In all the 3 models, the
application of the Supervised Attribute Selection filter in WEKA identifies 5
numbers of features. On using the InfoGainAttributeEval attribute evaluator
on this subset of features, finally 5, 1 and 1 attributes respectively are selected
for the 3 models as detailed in Table 4.13.

Table 4.13: List of the selected attributes using ACF, KFLPC , KFTS model
parameters for posture change classification

Model Sl No.
Selected attributes

as per rank

Cross validation accuracy
(%)

10FCV LOOCV LOSOCV

ACF

1 Norvar of xkACFphasic

96.34 96.49 84.80
2 Norvar of xkACFtonic

3 Norkur of xkACFtonic

4 a0
5 SEACFphasic

KFLPC 1 qcom 100 100 90.49
KFTS 1 qcom 100 100 65.39

In order to appreciate the characteristics of all the 7 selected attributes,
their box plots are shown in Figures 4.4a, 4.4b, 4.4c, 4.4d and 4.4e for the
ACF model and in Figures 4.5a and 4.5b for the KFLPC and KFTS models.
The corresponding box plot parameters for the 3 models are listed in Tables
4.14 and 4.15. The observations from these selected features and their box
plots are listed hereafter.

1. Of the total 5 attributes selected for the ACF, it is observed that there
are 2 phasic parameters: normalized variance of xkACFphasic

and spectral
entropy of ACFphasic, 2 tonic parameters: normalized variance and
kurtosis of xkACFtonic

and 1 signal coefficient a0.

2. In case of the KF models, only the performance metric parameter qcom
is selected. This exemplifies the effect of posture change on the process
noise covariance at compromise Qcom.

3. The box plots of the 5 features selected in the ACF model are quite
distinct from each other. The lower adjacent till upper quartile of the
box plots of the normalized variance of xkACFphasic

for the two classes
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Figure 4.4: Box plot of (a) Norvar of xkACFphasic
(b) Norvar of xkACFtonic

(c)
Norkur of xkACFtonic

(d) a0 (e) SEACFphasic

are distinct with the Sitting state values lower but spread over a much
larger range than those of the Sup 1 state.

This is almost the reverse in case of the normalized variance of xkACFtonic
.

The range for the Sitting class is much smaller and its median is much
larger than those of the Sup 1 class but the range for the Sitting state
falls within the range for the Sup 1 state.

Hence, the same variable for the tonic and phasic components exhibit
almost reverse natures. For the other 3 features, namely the normal-
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Table 4.14: Box plot parameters for posture classification using ACF model
parameters

Attributes Posture
Lower

Adjacent
Lower

Quartile
Median

Upper
Quartile

Upper
Adjacent

Norvar of Sitting -0.17 -0.16 -0.15 -0.11 -0.03
xkACFphasic

Sup 1 -0.09 -0.09 -0.08 -0.07 -0.04
Norvar of Sitting -0.18 -0.18 -0.17 0.15 -0.11
xkACFtonic

Sup 1 -0.28 -0.27 -0.24 -0.09 0.16
Norkur of Sitting -0.66 -0.37 -0.30 0.01 0.59
xkACFtonic

Sup 1 -0.77 -0.41 -0.29 0.11 0.88

a0
Sitting -2.57 -0.80 0.10 0.94 3.43
Sup 1 -1.48 -0.88 -0.29 0.77 2.21

SEACFphasic

Sitting 0.76 0.85 0.89 0.92 0.96
Sup 1 0.83 0.89 0.91 0.93 0.96
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Figure 4.5: Box plot of l of qcom for (a) KFLPC model (b) KFTS model

ized kurtosis denoted as Norkur in the figure, a0 and SE of the phasic
component, the overlap in the box plots of the two states are more and
their median values are also closer.

4. The box plots of the qcom for the two classes (or states, in this case) in
the KFLPC model are absolutely segregated. The values are clustered
around fixed values in both states. The values in case of the Sitting
state are distinctly less than that for the Sup 1 state. This justifies the
high accuracy of 100% for 10FCV using this model. The qcom for the
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Table 4.15: Box plot parameters for posture classification using KFLPC and
KFTS model parameters

Attributes Posture
Lower

Adjacent
Lower

Quartile
Median

Upper
Quartile

Upper
Adjacent

qcomLPC

Sitting 2.29 2.300 2.305 2.307 2.313
Sup 1 3.151 3.154 3.155 3.156 3.16

qcomTS

Sitting -0.29 -0.27 -0.21 -0.17 -0.17
Sup 1 -0.30 -0.29 -0.23 -0.19 -0.19

KFLPC model are clearly independent for the two postures.

This can be ascribed to the fact that any change in posture leads to
distinct change in the pattern of the time-series signal which forms the
basis for the KFLPC model. This pattern change is reflected in the
changed qcom value.

5. For the KFTS model, the median of qcom for the Sitting state is higher
than that for the Sup 1 state. However, the range of the two states are
significantly overlapping. Although the box plots are not distinct for
the two states, yet this model also provides 100% accuracy for 10FCV.
This might be due to overfitting or subjective bias.

4.3.3 Confusion Matrices and Metrics

The confusion matrices for 10FCV, LOOCV and LOSOCV for Sitting and
Sup 1 posture classification using the selected attributes listed in Table 4.13
for the 3 models are stated in Table 4.16.

The corresponding classification metrics of precision, recall (or TPR or
sensitivity), specificity, F1-score as well as the ROC and PRC AUC for
10FCV, LOOCV and LOSOCV of the ACF, KFLPC , KFTS models are tab-
ulated in Tables 4.17, 4.18 and 4.19 respectively.

1. The number of instances for the Sitting state and the Sup 1 state are
684 each, with a total of 1368 instances. Thus this is a balanced bi-
nary classification unlike the hypertensive- normotensive classification
discussed in Section 4.2. So in this case accuracy as well as F1-score
have same relevance.

However, in the LOSOCV classification of all 3 models, the data for the
true Sup 1 state in case of 3 subjects could not be classified, whether
correctly or incorrectly. Consequently, the total instances in case of
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Table 4.16: Confusion matrix (in %) of RF classifier using ACF, KFLPC ,
KFTS model parameters for posture change classification

CV Method Actual
ACF KFLPC KFTS

ST SP 1 ST SP 1 ST SP 1

10FCV
ST 47.88 2.12 50 0 50 0

SP 1 1.54 48.46 0 50 0 50

LOOCV
ST 47.95 2.05 50 0 50 0

SP 1 1.46 48.54 0 50 0 50

LOSOCV
ST 41.37 8.63 49.93 0.07 26.75 23.25

SP 1 2.70 21.86 7.02 17.54 2.56 22.00
DS1 data set: N=1368, ST: Sitting, SP 1: Sup 1

Table 4.17: Results for posture classification using ACF model parameters

Application Precision Recall Specificity F1-Score
ROC
Area

PRC
Area

10FCV
ST 0.969 0.958 0.96 0.963 0.995 0.995

SP 1 0.958 0.969 0.96 0.964 0.927 0.995
WA 0.964 0.963 0.97 0.963 0.995 0.995

LOOCV
ST 0.970 0.959 0.97 0.965 0.995 0.995

SP 1 0.960 0.971 0.96 0.965 0.965 0.994
WA 0.965 0.965 0.97 0.965 0.995 0.995

LOSOCV
ST 0.94 0.83 0.89 0.88 - -

SP 1 0.72 0.89 0.83 0.80 - -
WA 0.83 0.86 0.86 0.84 - -

LOSOCV is 1020 and the corresponding accuracy and other metrics
are calculated accordingly on this basis.

2. As for the hypertensive-normotensive classification, in this case also
the accuracy, Precision (or PPV), Recall (or Sensitivity or TPR) and
Specificity are evaluated for all 3 cross-validation methods while the
ROC and PRC AUC are evaluated for the 10FCV and LOOCV meth-
ods. The method for determining the metrics for the 2 classes and the
weighted average (WA) is the same as that used for the hypertensive-
normotensive classification.

3. The confusion matrices for the 10FCV and LOOCV are almost iden-
tical for the ACF model as evident in Table 4.16. Accordingly, the
metrics are also very similar or identical for these two CV methods for
a particular model.
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Table 4.18: Results for posture classification using KFLPC model parameters

Application Precision Recall Specificity F1-Score
ROC
Area

PRC
Area

10FCV, LOOCV
ST 1.00 1.00 1.00 1.00 1.00 1.00

SP 1 1.00 1.00 1.00 1.00 1.00 1.00
WA 1.00 1.00 1.00 1.00 1.00 1.00

LOSOCV
ST 0.88 0.99 0.71 0.93 - -

SP 1 0.99 0.71 0.99 0.83 - -
WA 0.94 0.85 0.85 0.88 - -

Table 4.19: Results for posture classification using KFTS model parameters

Application Precision Recall Specificity F1-Score
ROC
Area

PRC
Area

10FCV, LOOCV
ST 1.00 1.00 1.00 1.00 1.00 1.00

SP 1 1.00 1.00 1.00 1.00 1.00 1.00
WA 1.00 1.00 1.00 1.00 1.00 1.00

LOSOCV
ST 0.91 0.54 0.90 0.68 - -

SP 1 0.49 0.90 0.54 0.63 - -
WA 0.70 0.72 0.72 0.66 - -

Hence, of the 2 methods, it suffices to study the 10FCV results only.

4. From Table 4.13, it is observed that the accuracy of the ACF model
for the 10FCV and LOOCV are 96.34% and 96.49% respectively. It is
further observed from the confusion matrices that the numbers of TP
and TN instances are balanced in both methods while the numbers of
FP and FN instances are also similar to each other.

Since this is a balanced binary classification, hence as expected, the WA
precision, recall, specificity as well as F1-score are typically around 96%
while the ROC and PRC areas are typically 99.5%. These high values
coupled with similar statewise values are indicative of high reliability
of this classification.

5. The confusion matrices for the 10FCV and LOOCV are exactly identi-
cal for the two KF models with 100% cases correctly identified. Hence,
all the metrics are also 100%.

As evident from the box plot characteristics, this result for the KFLPC

model may be due to the clear differentiation evident in the box plots of
the qcom for the two states. However, this differentiation is not evident
in the qcom box plots for the KFTS model. So it needs to be investigated
whether there is any overfitting or subjective bias in this result.
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6. The LOSOCV results for the metrics have been tabulated for all 3 mod-
els in order to study the effect of subject bias. As might be expected,
drops are observed in all the metrics in all 3 models. The typical char-
acteristic of the reversal of the values of recall and specificity for the
two classes is valid for all 3 models.

The drop in F1-score is minimum for the KFLPC model from 100% to
88% indicating marginal subject bias in the data. In case of the ACF
model, the F1-score drop is similar, from 96.3% to 84%. However,
for this posture change classification, the KFTS model is subject to
steep subject bias and hence the F1-score drops sharply from 100% to
66%. So in this case also, it is necessary to evaluate the other model
parameters too instead of a dependence on just one single feature.

4.4 Discussions

The ACF, KFLPC and KFTS models that have been developed ab initio in
Chapters 2 and 3, and more specifically the respective model parameters
that been identified, have been used in this Chapter to study whether the
presence or the absence of hypertension affects the some of the model param-
eters, which ones most significantly and how effective are these parameters
in discriminating the two conditions.

The second application studied using the same sets of model parameters
is that of posture change. The questions looked into are - whether a change
of posture from sitting to supine leads to significant effect on some of the
model parameters of the three models and how reliably can this effect be
used to differentiate the two postures?

Both these studies have been performed on the three models separately
using the open source data mining software WEKA, version 3.9.4 [1,190,191].
The same DS2 and DS1 DDP signal datasets and the methods for signal
quantization that have been used for the hypertensive-normotensive and the
posture change classifications respectively in [1], [189] are used in the present
study also.

Both of these are binary classification studies involving two states, namely
Hypertensive and Normotensive in the first study and Sitting and Sup 1
(supine) in the second study. The first study classifies subjects in one of
the two classes according to their underlying health condition. This is an
unbalanced classification since it is performed with a total of 156 sets of
data acquired from 5 hypertensive and 17 normotensive subjects. In the
second study, all 24 subjects undergo the physical posture change leading to
a balanced classification on the basis of a total of 57 acquired sets of data.
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The choice of a suitable classification method and associated attribute
evaluator and/or ranker algorithm is critical to the performance of the classi-
fications. Since the random forest (RF) classifier was established as the most
viable one in [1], hence it has been used in these studies too. Thereafter,
it has established in both these applications that the InfoGainAttributeEval
evaluator cum ranker which utilizes the spectral entropy or information gain
method provides the most balanced and among the highest accuracies for all
the three models. So both the studies have been performed using this ranker
algorithm.

In the hypertensive study, the total number of parameters used are 180
for the ACF model and 170 each for the two KF models. However, using the
ranker, it is observed that only 3, 3 and 1 parameters are identified to be
most significant for the classifications based on the ACF, KFLPC and KFTS

models respectively. The 3 ACF parameters are all normalized variances of
the phasic components of 3 different states, while all the parameters of both
KF models are the indices related to the process noise covariance matrix
at compromise Qcom that has been identified from the performance metrics
derived from the KF algorithm [174]. Furthermore, it is observed that of
these 7 parameters selected across the 3 models, 6 are derived from the left
hand (LH) data. This is in accordance with the observation in [1] that the
LH signals being closer to the heart seem to respond more significantly to
hypertension or its absence.

In the posture change study, 5 parameters are selected for the ACF model.
2 each of the 5 ACF model parameters are related to the phasic and the
tonic components while 1 additional parameter is the nominal ACF model
coefficient a0. The box plots of the normalized variance of the phasic and
tonic components in the 2 classes are well differentiated, while those of the
other 3 parameters are somewhat similar.

As in case of the hypertensive classification, for the posture change clas-
sification also, only the parameter related to the process noise covariance at
compromise Qcom [174] is selected for both the KF models. This exemplifies
the effect of posture change on this performance metric parameter.

The box plots of the qcom for the two classes in the KFLPC model are
absolutely segregated while those in case of theKFTS model have a significant
overlap. This is expected to affect the classification results for these two
models.

Three standard cross-validation methods have been applied on the se-
lected model parameters of the 3 models in both the classification studies.
These are 10 fold cross-validation (10FCV), leave one out cross-validation
(LOOCV) and leave one subject out cross-validation (LOSOCV). In all cases,
it is observed that the results of 10FCV and LOOCV are either identical or
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very close. However, since the subject bias effect is expectedly removed in
LOSOCV, the results for the method differ significantly from those of the
other two methods.

In case of the hypertensive classification, the accuracies and the weighted
average (WA) F1-scores of the ACF, KFLPC and KFTS models for 10FCV
method are (98.07%, 98%), (99.89%, 100%) and (99.51%, 99.5%) respec-
tively. Thus, despite the unbalanced data sets, the 10FCV results for the
accuracy and WA F1-score are almost identical for the ACF and KFTS mod-
els, with those for the KFTS model being higher. A comparison of the 10FCV
results for the accuracy and F1-scores of the 3 models with those stated in [1]
establish that all 3 models provide competitive scores for this binary classifi-
cation. However, the F1-score at 100% in case of the KFLPC model needs to
be investigated for overfitting and/or subjective bias. The WA Precision and
Recall values match with the accuracy for all 3 models while the Specificity
is slightly lower in case of the ACF and KFTS models at 89.9% and 97.3%
respectively.

The effect of subject bias on the classification is studied using the LOSOCV
approach. The values of all the metrics in all 3 models reduce significantly.
Since this is an unbalanced classification, hence the F1-score is most relevant.
It is observed that the drop in F1-score is maximum for the KFLPC model
from 100% to 74% indicating steep subject bias in the data. On the other
hand, the F1-score drops minimally for the ACF model by 17% to 81%. The
final LOSOCV WA F1-score value is also maximum for this model. Thus
the features selected for the ACF model provide the most reliable and best
F1-score result.

In case of the KFTS model, the F1-score drops quite steeply from 99.5% to
77% but the scores for the individual states are most balanced and the max-
imum score of 33% for the hypertensive state is obtained using this model.
The specificity values for the KFTS model (WA: 0.53) are also the most bal-
anced and highest of all 3 models and is almost twice that of the other two
models, specifically WA of 0.28 and 0.18 for the ACF and KFLPC models
respectively. These factors establish the utility of the KFTS model in this
classification despite the overall drop in F1-scores.

In case of the sitting and supine posture classification, the accuracies and
the weighted average (WA) F1-scores of the ACF model for 10FCV method
are almost identical at 96.34% and 96.3%. This is to be expected since this is
a balanced classification. The respective values for the two classes (or states,
in this case) are also similar. All these factors are indicative of high reliability
of this classification. This is justified by the relatively medium drop in the
F1-score for LOSOCV by 12.3% to 84%.

In case of theKFLPC andKFTS models, these values are identically 100%.
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However, as mentioned earlier, the characteristics of the selected feature in
case of the KFLPC model justifies this result but that is not so evident in
case of the KFTS model. The LOSOCV result for the F1-score of the KFLPC

model shows a drop of 12% to 88% indicating marginal subject bias in the
data. In case of the KFTS model, this drop is much sharper from 100% to
66% indicating a significant subjective bias and/or lack of sufficient number
of discriminating features.

Thus, it is evident that the KFLPC and ACF models show high 10FCV
accuracies and relatively low or medium effects of subjective bias for the
classification of posture change. The KFTS model with its single selected
feature is not suitable for this differentiation.
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Chapter 5

Conclusions and Future Scope
of Work

5.1 Conclusions

The aim of this work is to develop various models of the differential der-
mal potential (DDP) signals and to determine the use and efficacy of the
parameters derived from these models in studying and/or classifying human
conditions.

As mentioned at the outset of this work, this DDP signal is a specific type
of endosomatic electrodermal activity (EDA) that is acquired in differential
mode unlike the standard referenced mode [1], [24]. Since these signals have
been proposed and are in use only recently, hence their characteristics as well
as their modelling are yet to be investigated in detail. The study presented in
this work utilizes the signals acquired for the work in [1] and hence suitable
details of the acquisition of these DDP signals are provided in Section 1.1.6.

One of the first steps for developing a model is to determine the signal
order. This aspect has been addressed in this work from a new perspective
based on the derivation of the sample autocorrelation function (ACF) of three
types of signals. The signal order thus obtained has been used to develop
three different models from basic principles.

DDP signals have been acquired by Sarkar [1] from 4 types of experiments
labelled as DS1, DS2, DS3 and DS4 using a specific 4-channel data acqui-
sition system (DAS) and RISH multimeter, as stated in Section 1.1.6. The
results of the cross-correlation of simultaneously acquired signals from the 4
limbs in DS4 establish the independence of these signals. Hence, a total of
5706 numbers of DDP signals acquired from all the 4 experiments have been
considered for all the three modelling studies. Each signal is 2 minutes long

129
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with a sampling time of 50 ms and thus has 2400 discrete samples.
The parameters obtained from each of the three models have been used in-

dividually in the three applications studied in [1] related to the DDP signals,
namely a) study the effect of long duration of rest, b) classify the presence or
absence of hypertension and c) differentiate between the sitting and supine
postures of a subject.

5.1.1 Model order identification

In this work, the lag value at which the 1st zero crossing of the sample ACF
of the signal occurs is termed as the zero crossing lag (ZCL), or the lzc. The
model order of a signal is popularly determined in terms of the dying out
of the sample ACF of stochastic processes, as discussed in Box and Jenkins
et al. [27]. However, no closed form solution is provided for the ZCL of any
time-series signal. The same sample ACF is used in this work for the same
purpose but here a method to determine the model order for a real time-series
signal is developed based on the closed form solution of the ZCL.

Closed form solutions for the lzc are determined for various types of sig-
nals. The first of these is the deterministic ith order power law series, denoted
as ydk. The lzc of this general series is uniquely obtained and is decided by
i and the total time instant N , but is independent of the coefficients ai or
sampling time T .

This has been determined as a special case of the stochastic ith order
power law series. This series, denoted as ysk, is considered as the sum of the
deterministic series ydk and an additive zero mean Gaussian noise series wk

that is uncorrelated with the deterministic component. Another signal type
considered is the deterministic polynomial series ypk. It has been shown that
the lzc in both these cases are not unique and furthermore, their expressions
depend on all the terms i, N , ai and T .

The closed form solutions of the lzc of the 1st order stochastic polyno-
mial model yk1 as well as its deterministic counterpart ypk1 have also been
determined. It is established that the lzc of ypk1 is unique. In case of yk1, the
lzc is unique provided the particular noise sequence wk and its correlation is
known. It is further observed that the lzc of ypk1 does not depend upon the
coefficients a0 or a1 or the sampling time T but is dependent only on the
number of observations N while that of yk1 is independent of a0 but varies
with a1, T , and N .

The nth order stochastic ACF-ZCL model of the actual time-series signal,
as well as the signal itself, is represented as yk. This model is composed of the
deterministic and noise components of ysk (at i = n) along with the 0 to (n−
1) order components of ypk. It is found from the theoretical derivations that
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due to the noise interactions as in ysk as well as the coefficient interactions
as in ypk, the lzc of yk can be shifted within limits towards left or right lag as
compared to that of the underlying ydk. These findings have been validated
from the results of the stochastic ACF-ZCL models of acquired DDP signals.

It is established that there exists a one-to-one map between the ZCL and
the order n of the deterministic power law series ydk. This in conjunction
with the shift in the ZCL within limits due to noise or polynomial coefficient
interactions forms the basis for determining the order n of the time-series
signal yk for all three types of models proposed in this work.

5.1.2 Stochastic ACF-ZCL model

It is known that real time EDA signals can be decomposed into a slowly
varying tonic component and a fast changing phasic component [15]. In the
model for the DDP signal also, the deterministic trend or tonic competent
of these signals is ascertained as the polynomial regression time series with
the order n as determined using the ZCL. The resultant error time series,
obtained as the residual of the signal and the polynomial fit component, is
typically serially correlated and represents the stochastic phasic component.

In order to obtain this model for the DDP signals, an algorithm is pro-
posed to fit the proposed stochastic ACF-ZCL model, also referred to in short
as ACF model, to actual time-series signals yk. The algorithm utilizes the
ZCL of the actual signal and the findings relating the order n of the polyno-
mial fit to the ZCL. In this, the preliminary model order n determined from
the ZCL of the signal is updated using the ZCL of the residuals rk, till a
sufficiently large SNR is assured. The updated n is finally used to determine
the standard best fit polynomial ypk and the residual series rk of the proposed
additive ACF model yk = ypk + rk.

As mentioned at the outset, a total of 5706 DDP signals have been con-
sidered for determining their ACF models. It is observed that using the
proposed algorithm, 902 signals can be fitted with linear models while the
remaining 4804 signals are fitted with higher order models. The efficacy of
the ACF model is tested by comparing these models with corresponding mod-
els for these signals whose orders are determined using the standard partial
ACF (PACF) method.

It is observed that the order of PACF model is greater or equal than
ACF model in 70% cases means the model complexity is high. To observe
this comparison results more preciously, Sum of squared errors (SSE) of all
signals are calculated for both cases and it is found that in 30% cases, SSE
of ACF model is less. This may be due to the local large spikes observed in
several of the signals. The root of mean of squared (RMS) of the residuals of
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all signals are also calculated. It is observed that the RMSACF (RMSPACF )
is within twice (1.78 times) of RMSPACF (RMSACF ) in 90% cases and is at
most 12.82 (15.21) times that of the RMSPACF (RMSACF ) considering all
the signals. The results of the statistical analysis of the residuals are almost
similar in both cases and the Durbin-Watson test results show that both sets
of residuals are positively correlated. From the Pearson coefficient tests, it is
observed that 60.31% (53.62%) of the residuals of the ACF (PACF) models
follow beta distribution.

It is thus observed that the deterministic tonic component of the ACF
model typically has a lower order polyfit component than the correspond-
ing PACF model and the ACF model residuals follow the beta distribution
more consistently. The observations and interpretations from this study con-
firm that the proposed stochastic ACF-ZCL model of a time-series is well
established with well defined tonic and phasic components.

5.1.3 KFLPC and KFTS models

It is well known that acquired signals are corrupted with sensor noise and
furthermore, some process disturbances or noises may also distort the true
nature of the signal being acquired. The Kalman filter (KF) is a popular
technique used to clean these noises and obtain dynamic system models that
respond to internal and external valid inputs. This KF algorithm requires a
suitable state space model description with well-defined states, system matri-
ces and output relations as well as process and measurement noises and their
statistical descriptions. The Autoregressive (AR) modelling approach that
is typically adopted for this purpose provides the required linear prediction
coefficients (LPC) of the state space model. The KF model developed in this
work using this standard approach is termed the KFLPC model.

It has already been established in this work that the ACF model repre-
sents the tonic and phasic components of the signal adequately. Hence it
is used to derive ab-initio another KF model. ypk, which is the polynomial
time-series (TS) developed in the ACF model, is used to obtain the descrip-
tion of the state space model of this model and so it is termed the KFTS

model.
Once the respective state space model formulations are obtained, these

are used in the standard KF algorithm to obtain the KFLPC and KFTS

models. Hence these models differ only in the state space model descriptions.
However, the differences in the LPC and TS state space models are manifold
- in the states, the system matrices and also in the way the noises are defined.

In case of the LPC state space model, the LP coefficients obtained from
the AR model of the signal are used to obtain the states and system matrix.
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The process noise covariances are also obtained from the AR process. These
make up the process model of the state space description. Thereafter, the
measurement noise is derived as the difference between the signal yk and the
corresponding process model output.

In case of the TS model, the tonic component ypk of the ACF model is
assumed to be identical to the deterministic component of the TS process
model. Accordingly, the states and system matrix are derived ab-initio from
this polynomial time-series ypk. As for the noises, the measurement noise is
obtained from the sensor noise calibration data and using this, the process
noise is obtained as a difference between the ACF model residual and the
measurement noise.

Once the respective state space models are obtained, the KFLPC and
KFTS models of the DDP signals and their output in terms of the cleaned sig-
nal estimates are obtained using the standard KF algorithm. As mentioned
earlier, the order of the signals are determined based on the lzc obtained
using the signal ACF. These cleaned KF estimates are then partitioned into
the tonic and phasic components following the same approach used in the
ACF model. The tonic components in the KFLPC and KFTS models are
obtained by fitting suitable polynomial regression models to the respective
cleaned estimates and their difference is ascribed as the phasic components.

Thereafter, the robustness and sensitivity metrics [174] of the KF models
are determined. Since the DDP signal is a one-dimensional signal, the ro-
bustness and sensitivity metrics for these two KF models are scalar in form.
These simplified scalar forms of the metrics for the DDP signals are derived
and their relation to the model performance is interpreted in this work. It is
observed that while the robustness metric decides the goodness of the process
model description, the sensitivity metric is a direct measure of the Kalman
gain. Thus Jcom, which is the value at which these two metrics are balanced,
is a characteristic parameter of the KF model. Furthermore, the error co-
variance of the aposteriori, or post-measurement, cleaned estimate is related
directly to the sensitivity metric and inversely to the robustness metric. This
error covariance is also proportional to the scalar process noise covariance q.
Hence the value of qcom, which is the q for Jcom, is another characteristic KF
parameter.

The stochastic ACF-ZCL model, the KFLPC and the KFTS models of the
DDP signals are compared to ascertain the validity and efficacy of these three
proposed models. For this, both types of KF models are fitted to the same
5706 signals as are used to obtain the ACF models. They are compared
in terms of the respective fit signals, their parameters and the statistical
characteristics of the phasic components. The various parameters of the
robustness and sensitivity metrics of the two KF models are also compared.
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It is observed that the tonic and phasic components of the KFTS models
are almost identical to those of the ACF model, while those of the KFLPC

models are distinguishably separate. In all cases, 80% of the phasic com-
ponents lie within ±0.2 mV. The KFLPC residuals show a bias of 0.45 to
0.48 mV with SD of 1.34 mV for 95% population, while the KFTS residuals
are zero mean with 0.01 mV SD for 95% population as expected. The SD
of the phasic components in all 3 models lie within 0.19 mV for 95% of the
population.

The sensitivity metric J1 and its maximum value J1max show a variability
in case of the KFTS models while those of the KFLPC models are fixed in na-
ture. Accordingly, the two key parameters Jcom and qcom are variable for the
KFTS models and invariant for the KFLPC models. Furthermore, the values
of qcom for the two KF models are opposing in nature. The positive values of
qcom for the KFLPC models indicate robust nominal system behaviour while
the negative values of qcom for the KFTS models indicate sensitive model
behaviour.

Thus, the KFTS model developed ab-initio using the system order and
polyfit obtained in the earlier proposed ACF model as well as the KFLPC

model obtained using the standard AR approach provide consistent tonic
and phasic components, although the KFLPC model estimates show a dis-
tinct bias. Since the nature of the metrics in the two KF models are distinctly
separate, hence it is expected to lead to different interpretations in the ap-
plications of these models.

Here, three specific applications of the DDP signals have been studied
using the datasets recorded in all four experiments, namely DS1, DS2, DS3
and DS4 as stated in Section 1.1.6.

Application 1: Determination of the effective duration of rest in supine
posture.

Application 2: Classification of hypertensive and normotensive subjects.

Application 3: Classification of sitting and supine postures.

Three standard cross-validation methods have been applied on the se-
lected model parameters of the 3 models in the classification studies per-
formed in Applications 2 and 3. These are 10 fold cross-validation (10FCV),
leave one out cross-validation (LOOCV) and leave one subject out cross-
validation (LOSOCV). In all cases, it is observed that the results of 10FCV
and LOOCV are either identical or very close. However, since the subject
bias effect is expectedly removed in LOSOCV, the results for the method
differ significantly from those of the other two methods.
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Of the 3 proposed models, the stochastic ACF-ZCL model provides the
basis for order determination and also some key features and understanding
of the tonic and phasic components of the recorded DDP signals, while any
one of the two KF based models, KFLPC or KFTS, is very effective in
distinguishing the various classes in the aforementioned 3 applications. These
two KF models are distinctly separate in terms of their characteristics (as
evident from Table 3.2). Hence, the efficiency of the KF models depend on
the particular application. It is observed that while the KFLPC model is
very effective in distinguishing posture change (as evident in Figure 4.5 of
Section 4.3, Chapter 4), the KFTS model is more efficient in differentiating
stages of rest (as seen in Figure 3.10 of Section 3.6.1, Chapter 3) as well as
for the Hypertensive-Normotensive classification (as evident in Figure 4.3 of
Section 4.2.2, Chapter 4).

A detailed description of the 3 applications vis-a-vis the 3 models are
presented in the 3 subsequent subsections. Furthermore, each subsection
contains a segment in which the results obtained using the 3 proposed models
are compared with existing results for the particular application.

5.1.4 Determination of the effective duration of rest

In the DS4 experiment designed by Sarkar [1], total 68 numbers of 10 minute
4-channel data sets were recorded from 16 volunteers over a total duration
of 6 months. Since it has been established in the same work that the signals
acquired simultaneously from the four limbs can be treated to be uncorrelated
to each other, hence a total of 68 × 4 = 272 sets of independent signals
have been obtained from subjects in restful supine condition for 10 minutes.
Thereafter, each of these signals have been segmented into 5 non-overlapping
sets of 2-minutes signals. These are denoted as (rest) state 1, 2 and so
on till state 5. So, 272 × 5 = 1360 numbers of 2-minute duration signals
with N = 2400 discrete samples each are available for the analysis since the
sampling time is T = 50 ms.

The effect of rest on the various parameters of the ACF model have been
studied. In order to compare the acquired signal and the ACF model, a
comparison is done of the mean of the acquired signal yk and its polynomial
fit ypk as well as the standard deviations (SD) of yk and rk. Further studies
on the effect of rest are done in terms of the ZCL or lzc, the model order n
and the spectral entropies of yk, ypk and the residual rk.

It is observed that the statistical characteristics of the mean and SD of
the acquired signals are almost identical with those of the mean of the tonic
polynomial and the SD of the stochastic residuals respectively for all the
states. This establishes that these represent the tonic and phasic components
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of the DDP signals.
In [1], the effects of restfulness have been observed in 3 specific spectral

characteristics of the DDP signals. These are central frequency, power at
central frequency and spectral entropy. Furthermore, from the maximum
entropy analysis, the effective duration of rest is ascertained to be 4 to 6
minutes. This is supported by the nature of changes of the box plots of the
3 spectral parameters also.

As for the effect of rest on the ACF model parameters, it is observed that
the median of lzc is almost equal in all the consecutive 5 states but the order
n is low in state 4. However, as observed in [1] for the entropy of the overall
signal, it is observed that the mean as well as the IQR of the entropy of the
tonic component of the ACF model is maximum in state 3 and then decreases
indicating that the subject achieves a fully rested condition typically within
4-6 minutes of no-nap supine rest. Furthermore, the variations of the ZCL,
system order, mean of the tonic component and the SD of the residuals
support the emerging determinism of the system with rest.

The proposed stochastic ACF-ZCL model thus provides tonic and pha-
sic components that match those of the original time-series signal. Specific
parameters of the model can also be identified that are affected consistently
due to physiological change as in the case of increased duration of rest.

The effect of rest on the various parameters of the two KF models have
also been studied. The model parameters considered are the spectral en-
tropies of the tonic components, the phasic components and the noise resid-
uals of the KF models; the mean and SD of the tonic components; SD of the
phasic components and the two metric parameters Jcom and qcom.

In case of the KFTS model, the spectral entropy (SE) is an useful identi-
fier of the tonic components, the phasic components and the noise residuals.
The SE values of each of these components are observed to be fairly constant
across all stages of rest. However, their medians and ranges are observed to
increase from the tonic components to the phasic components and are max-
imum for the noise residuals indicating sequential departure from regularity
to irregularity as expected.

The spectral entropy (SE) of the tonic and phasic components of the
KFLPC models are quite different. The SE values are observed to increase
till the second or third state of rest and then decrease.

The mean of the tonic components of both the KF models vary similarly
as that of the ACF model.

The SD of the tonic components of all 3 models show a decreasing nature.
However, while this parameter varies identically for the ACF and KFLPC

models by decreasing exponentially with increasing rest, that for the KFTS

models decreases in a quasilinear manner.
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In case of the SD of the phasic components of the models, those of the
ACF and KFTS models vary identically, decreasing exponentially with in-
creasing rest while that of the KFLPC models decrease initially and then
increase and decrease slightly to become almost stationary with increasing
rest.

The metric parameter Jcom for the two KF models are both quite close to
n/2 = 0.5 and almost invariant across all states. However, one distinguishing
feature in case of the KFTS models is that the lower bound of Jcom drops
sharply in the third state and then becomes constant.

As observed earlier in the general case, the qcom for the two KF models are
intrinsically different. This parameter is represented in terms of its nominal
value qnom as qcom = 10lqnom where l is termed as the multiplier. The typical
multiplier values are fairly constant and around +3 in case of the KFLPC

models, while in case of theKFTS models, it varies within−1 and−0.5. More
specifically, the qcom of the KFTS model increases sharply and distinctly with
increasing rest providing a distinguishing parameter for the stages of rest.

Thus, the key features of the model components of the ACF model and the
metrics of the KFTS model can be used to reliably differentiate the stages of
rest. The standard KFLPC model also performs creditably in several aspects
though not so markedly.

Comparison with existing methods

Rest in terms of short nap has been a topic of research in several studies
as tabulated in Table 5.1. In most of these studies, sophisticated standard
techniques like ECG and EEG have been used for sleepiness or alertness
detection, while in some cases EOG has also been used to track slow eye
movement that occurs due to fatigue or drowsiness along with EMG. Self
reporting or performing definite tasks have been used in almost all cases to
check change in efficiency and the output is measured using any standard
scale.

In the present case, the objective is to determine a physiologically deter-
minable effective duration of rest while the subject was in daytime no-nap
supine condition in a controlled environment. Hence, the subjects were not
disturbed during the experiment and neither was any self reporting done by
them. It has already been established in Section2.4 and Section3.6 that the
effect of restfulness is obtained using the spectral entropy of tonic component,
SD of phasic component of ACF-ZCL model and SD of phasic component,
qcom of KFTS model in 4 to 6 minutes. For KFLPC model, restfulness is
predicted in 2 to 4 minutes using the same parameters as in KFTS model.
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Table 5.1: Estimation of effective duration of rest

Serial Authors & year Experiment Measurement Outcome

1
Mats Gillberg et
al. (1996) [196]

Effect of short nap at day
time

Self reported sleepi-
ness/alertness, ECG and
EEG

19.8 minutes

2
J. A. Horne et al.
(1996) [197]

Effect of nap, coffee and
placebo on drivers sleepi-
ness/alertness

Self reported sleepiness,
ECG indicates alertness

10.8 minutes

3
Masaya Taka-
hashi et al.
(2000) [198]

Effect of 15 minute nap af-
ter a short night sleep

Polygraph monitoring for
sleep, Visual analog scale
and ECG for subjective
sleepiness and logical rea-
soning test for alertness

10.2 minutes

4
Amber J. Tiet-
zel et al. (2001)
[199]

Estimation of effective du-
ration of short term rest af-
ter noctural sleep restriction

ECG and EOG measure-
ment

10 minutes

5
Amber J. Tiet-
zel et al. (2002)
[200]

Estimation of effective du-
ration of short term and ul-
tra short rest after noctural
sleep restriction

EEG and EOG measure-
ment, different tests

10 minutes

6
Mitsuo Hayashi
et al. (2005)
[201]

Corrective power of short
day time nap

Subjective mood, visual de-
tection and symbol-digit
substitution tasks, and slow
eye movements

9.1 minutes
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Table 5.1 – continued from previous page

Serial Authors & year Experiment Measurement Outcome

7
Mitsuo Hayashi
et al. (1999)
[202]

Effect of 20 minute nap and
no nap at noon

EEG, mood, performance,
and self-ratings of perfor-
mance level

20 minutes

8
Mitsuo Hayashi
et al. (1999)
[203]

Effect of 20 minute after-
noon nap on mood, perfor-
mance and cardiac activity

EEG, mood, performance,
and self-ratings of perfor-
mance level

20 minutes

9
Mitsuo Hayashi
et al. (2003)
[204]

Effect of short daytime nap
with caffeine, bright light
and face washing on day
time sleepiness

event related potentials
(ERP) and EEG power
spectra

15 minutes

10
Masaya Taka-
hashi et al.
(1998) [205]

Effect of post lunch short
nap on alertness, perfor-
mance, and autonomic bal-
ance

event-related potential,
subjective sleepiness and
ECG

7.3 minutes

11
Amber Brooks et
al. (2006) [206]

Comparison of different
length of afternoon nap

ECG, EMG, EOG 10 minutes

12
Nasser Al-
Busaidi
(2018) [207]

Subjective and objective ef-
fects of post lunch short nap

EEG,EOG and work place
questionnaire

10 minutes

13
Cassie J.
Hilditch
(2016) [208]

10 or 30 minutes nap, which
one associated with sleep in-
ertia

The Samn-Perelli Fatigue
Scale for fatigue measure-
ment, polysomnography
(PSG), EEG, EMG, EOG

10 minutes
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Table 5.1 – continued from previous page

Serial Authors & year Experiment Measurement Outcome

14
Mohamed
Romdhani
(2020) [209]

Effects of nap after sleep
loss on reaction time, mood,
and biochemical response in
athletes

Anaerobic sprint test, re-
action time, Hooper index,
Epworth Sleepiness Scale,
biomarkers and antioxidant
status.

20 minutes

15 Sarkar (2023) [1]
Spectral entropy (SE) and
other relevant features of
DDP signals

Maximum entropy 4 - 6 minutes

16
Proposed ACF
method

1. SE of tonic component,
2. SD of phasic component

1. Maximum of Median of
SE and 2. Median of SD
drops below 0.10 mV

4 - 6 minutes

17
Proposed
KFLPC model

1. SD of phasic compo-
nent, 2. Level of process
noise qcom at compromise
metric (in terms of nominal
q, qnom) [174]

1. Median of SD < 0.15mV ,
2. Median of qcom >
800qnom

2 - 4 minutes,

18
Proposed KFTS

model

1. SD of phasic component,
2. qcom

Median of SD < 0.10mV ,
Median of qcom > 0.15qnom

4 - 6 minutes,
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The outcomes of these experiments in terms of the duration that provides
subsequent enhancement in subject efficiency vary between 7.3 minutes to 20
minutes, but most of these studies converge to an effective duration of around
10 minutes.

5.1.5 Classification of hypertensive and normotensive
subjects

One of the human conditions studied in [1] is the hypertensive and normoten-
sive classification, or detecting the presence or absence of hypertension in
subjects. The open source data mining software WEKA, version 3.9.4 [190]
has been used for this binary classification study. In this, the random forest
(RF) classifier has been used since it is established as the most viable one.

This is a binary classification involving two classes, the Hypertensive and
the Normotensive classes, and the subjects are accordingly labeled in one
of the two classes according to their underlying health condition. Since the
study is performed on the DS2 dataset which comprises of a total of 156 sets
of data acquired from 5 hypertensive and 17 normotensive subjects, hence it
is an unbalanced classification.

In the present work, the efficacy of the parameters of the ACF, KFLPC

and KFTS models of the DDP signals has been studied in this classification.
The same DDP signal datasets and methodology used in [1] are used in
the present study also. This study ascertains whether the presence or the
absence of hypertension affects some of the model parameters, which ones
most significantly and how effective are these parameters in discriminating
the two conditions.

The total number of parameters used are 180 for the ACF model and 170
each for the two KF models from each hand. The RF classifier is used in this
case also but the associated attribute evaluator and/or ranker algorithm has
been chosen after testing three viable alternatives since this is critical to the
performance of the classifications. The InfoGainAttributeEval evaluator cum
ranker which utilizes the spectral entropy or information gain method has
been chosen in this application. This uniformly provides the most balanced
and among the highest accuracies for all the three models.

Using the ranker, it is observed that only 3, 3 and 1 parameters of the
ACF, KFLPC and KFTS models respectively are identified to be most sig-
nificant. The 3 ACF parameters are all normalized variances of the phasic
components of 3 different states, while all the parameters of both KF mod-
els are the indices related to qcom. Thus it can be said that qcom plays a
characteristic role in capturing information related to changes in the signal
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dynamics in this classification.
Furthermore, it is observed that of these 7 parameters selected across the

3 models, 6 are derived from the left hand (LH) data. This is in accordance
with the observation in [1] that the LH signals being closer to the heart seem
to respond more significantly to hypertension or its absence.

In the hypertensive classification, the accuracies and the weighted aver-
age (WA) F1-scores of the ACF, KFLPC and KFTS models for 10FCV and
LOOCV method are (98.07%, 98%), (99.89%, 100%) and (99.51%, 99.5%)
respectively. Thus, despite the unbalanced data sets, the 10FCV results for
the accuracy and WA F1-score are almost identical for the ACF and KFTS

models, with those for the KFLPC model being higher. A comparison of the
10FCV results for the accuracy and F1-scores of the 3 models with those
stated in [1] establish that all 3 models provide competitive scores for this
binary classification. However, the F1-score at 100% in case of the KFLPC

model indicates over fitting and/or subjective bias. The WA Precision and
Recall values match with the accuracy for all 3 models while the Specificity
is slightly lower in case of the ACF and KFTS models at 89.9% and 97.3%
respectively.

The effect of subject bias on the classification is studied using the LOSOCV
approach. The values of all the metrics in all 3 models reduce significantly.
Since this is an unbalanced classification, hence the F1-score is most relevant.
It is observed that the drop in F1-score is maximum for the KFLPC model
from 100% to 74% indicating steep subject bias in the data. On the other
hand, the F1-score drops minimally for the ACF model by 17% to 81%. The
final LOSOCV WA F1-score value is also maximum for this model.

It is further noted that in case of the KFTS model, the F1-score drops
quite steeply from 99.5% to 77% but the scores for the individual states are
most balanced and the maximum score of 33% for the hypertensive state is
obtained using this model. The specificity values for the KFTS model (WA:
0.53) are also the most balanced and highest of all 3 models and is almost
twice that of the other two models, specifically WA of 0.28 and 0.18 for the
ACF and KFLPC models respectively.

These results can be compared with the classification accuracy of 0.765
and F1-scores using 10FCV, LOOCV and LOSOCV of 0.752, 0.756 and 0.738
respectively achieved in [1] using the selected features of the acquired DDP
signals. This shows that the selected features of all the 3 models, and in
particular the ACF and KFTS models, are more effective for this hypertensive
classification. In particular, the features selected for the ACF model provide
the most reliable and best F1-score result, while the balanced and highest
specificity establishes the utility of the KFTS model in this classification
despite the overall drop in F1-scores.
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Thus the features selected for the ACF model of the DDP signals provide
the most reliable and best F1-score results for the hypertensive-normotensive
classification, followed by the feature for the KFTS model.

Comparison with existing methods

Hypertension causes many severe health complications like heart problem,
stroke or even death. According to the WHO report [210], 17.9 million people
have died in 2019 due to cardiovascular diseases. Among these, 85% were
due to heart attack and stroke [211]. 63% of the total deaths in India are
due to noncommunicable diseases, of which 27% are due to cardiovascular
diseases [212]. The different stages of hypertension are detailed in [213].
Since this fatality occurs due to lack of awareness, lack of primary care and
follow up, so it is essential to have a simple, reliable automated screening
system along with the usual BP monitoring system.

A comparison of the existing methods for classifying hypertensive subjects
is presented in Table5.2. It is observed that there exist methods based on
ECG with accuracies well above 90%. The classification accuracy of the
DDP signals based method is at most 80.60%. In comparison, the present
method shows 83.01%, 69.87%, 72.70% accuracy using LOSOCV for ACF-
ZCL, KFLPC , KFTS models respectively.

Yet, the simplicity of its acquisition even by nominally skilled health
workers and the minimal subject discomfort during its acquisition using the
simple 10 minutes rest protocol can be useful for primary monitoring and
screening purposes.
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Table 5.2: Comparison of the existing methods for classifying hypertension [1]

Serial Authors & year Experiment
Classification tech-
nique

Accuracy

1
Yongbo Liang et al.
(2018) [153]

Hypertension assessment
using ECG and PPG

Logistic Regression,
AdaBoost Tree,
Bagged Tree, and
k-Nearest Neighbur
classification

F1 score: 94.84%

2
Gabor Kovacs et al.
(2016) [156]

Pulmonary hypertension as-
sessment using ECG and
other non-invasive tools

Multivariate Logistic
Regression

PPV:92%, NPV:97%

3
J. S. Rajput et al.
(2020) [155]

Automatic detection of
severity of hypertension
ECG signals

Optimal bi-orthogonal
Wavelet Filter bank

Average accu-
racy: 99.95%

4
Hongbo Ni et al.
(2015) [213]

Severity of hypertension
Multiscale fine-
grained HRV analysis Precision: 95.1%

5
M. Simjanoska et al.
(2018) [214]

Blood pressure classifica-
tion from ECG signals

Complexity analysis-
based Machine Learn-
ing

Precision:
96.68%

6
M.G.Poddar et al.
(2019) [215]

Automated Hypertension
classification technique
from HRV analysis

Probabilistic Neural
Network, k-Nearest
Neighbour, and Sup-
port Vector Machines
classifiers

96.67% in SVM
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Table 5.2 – continued from previous page

Serial Authors & year Experiment
Classification tech-
nique

Accuracy

7
Tim Seidler et al.
(2019) [216]

Pulmonary hypertension
detection from ECG signals

Random Forest of
classification trees
and Regression Trees,
Lasso penalized Lo-
gistic Regression,
Boosted classification
trees, Support Vector
Machines

Accuracy: 95%,
AUC: 0.87

8 Sarkar (2023) [1]

1. SD of left hand (LH) of
DDP signals 2. Gap and
Pairsum (PS) of LH and
right hand (RH) signals and
3. lateralization coefficients
of mean of LH and RH sig-
nals

Random Forest of
classification trees
and Regression Trees

Accuracy:
80.60%

9 Proposed ACF model
Normalized variance of pha-
sic component

RF classification using
Leave one subject out
(LOSOCV)

Accuracy:
83.01%

10
Proposed KFLPC

model
qcom

RF classification using
LOSOCV

Accuracy:
69.87%

11
Proposed KFTS

model
qcom

RF classification using
LOSOCV

Accuracy:
72.70%
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5.1.6 Classification of sitting and supine postures

Another human condition studied in [1] involves a sitting and supine posture
classification or detecting the change in posture of human subjects. This is
also a binary classification of the Sitting and Sup 1 (supine) states. This
study is performed on the DS1 dataset in which all 24 subjects undergo the
physical posture change leading to a balanced classification on the basis of
a total of 57 acquired sets of data. Here, the issues studied are whether a
change of posture from sitting to supine leads to significant effect on some
of the model parameters of the three models and how reliably can this effect
be used to differentiate the two postures.

Unlike the hypertensive-normotensive classification, the total number of
parameters used are 180 for the ACF model and 170 each for the two KF
models from each hand. The RF classifier is also used here and InfoGainAt-
tributeEval evaluator is used as the ranker.

Using the ranker, it is observed that 5 parameters are selected for the ACF
model while only 1 parameter is selected in case of both the KF models.
2 each of the 5 ACF model parameters are related to the phasic and the
tonic components while 1 additional parameter is the nominal ACF model
coefficient a0. The box plots of the normalized variance of the phasic and
tonic components in the 2 classes are well differentiated, while those of the
other 3 parameters are somewhat similar. The characteristic posture change
parameter selected in case of both the KF models is the metric parameter
qcom. However, the box plots of qcom for the two postures in the KFLPC

model are absolutely segregated while those in case of the KFTS model have
a significant overlap.

Here also three cross-validation methods 10FCV, LOOCV and LOSOCV
have been used on the selected model parameters of the 3 models. In this
classification, the results of 10FCV and LOOCV are identical or similar where
as, the results of LOSOCV are quite different.

In case of the sitting and supine posture classification, the accuracies and
the weighted average (WA) F1-scores of the ACF model for 10FCV method
are almost identical at 96.34% and 96.3%. This is to be expected since this is
a balanced classification. The respective values for the two classes (or states,
in this case) are also similar. All these factors are indicative of high reliability
of this classification. This is justified by the relatively medium drop in the
F1-score for LOSOCV by 12.3% to 84%.

In case of the KFLPC and KFTS models, these values are higher and
actually saturated at identically 100%. The characteristics of the box plot
of the selected feature in case of the KFLPC model justifies this result but
that is not so evident in case of the KFTS model. The LOSOCV result for



5.1. CONCLUSIONS 147

the F1-score of the KFLPC model shows a drop of 12% to 88% indicating
marginal subject bias in the data. In case of the KFTS model, this drop
is much sharper from 100% to 66% indicating a significant subjective bias
and/or lack of sufficient number of discriminating features.

In comparison, it is observed that the overall accuracy obtained in [1]
was 0.99, 0.98 and 0.93 for the 10FCV, LOOCV and LOSOCV experiments
respectively. Hence, in this particular scenario, the basic statistical features
of the acquired signal perform better in the classification with comparable
reliable results obtained from the ACF model and moderate results for the
KFLPC model. It is evident that the KFLPC and ACF models show high
10FCV accuracies and relatively low or medium effects of subjective bias for
the classification of posture change. The KFTS model with its single selected
feature is not suitable for this differentiation.

Comparison with existing methods

A comparison of recent methods for posture classification is presented in Ta-
ble5.3. In a study, Foubert et al. proposed a sitting and supine classification
technique using bed-based pressure sensor array and videography [217]. Re-
sults show very low miss rate with significantly high accuracy. In another
study, a smart chair system has been developed combining six infra-red reflec-
tive distance with pressure sensor array for posture classification [218]. Use
of IMU (inertial measurement unit) sensor in posture classification shows
mixed performances in terms of accuracy [166,219]. Overall accuracy in the
experiment by Lockhart et al. is greater than 0.95 [219], while Vo states
the classification accuracy of sitting posture to be 0.60 only, which is very
low [166]. A common method of posture classification is by using data from
multiple accelerometers such as light weight thigh worn activePal accelerom-
eters [220–222]. The classification accuracy of this accelerometer data are
very high in almost all cases, except the standing/light activity in upright
posture in the experiment performed by Bassett et al. [221]. Furthermore,
electrocardiogram (ECG) is also used for posture classification in many ex-
periments. In these experiments, signals were acquired using normal ECG
monitor [223], or Holter monitor [170] or even downloaded data available in
online repository [224]. In [1], the posture classification was established using
features of DDP signal with an 10FCV accuracy of 99.9% in 2-level. Com-
paring the results of these existing methods for posture classification with
the present 3 types of model parameters, it is found that the accuracy val-
ues are 84.80%, 90.49% and 65.39% using LOSOCV for ACF-ZCL, KFLPC ,
KFTS models respectively. Therefore, it can be said that the classification
results of the present approach (using LOSOCV) for KFLPC model is close to
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(or perhaps better than) that of the existing (10FCV) posture classification
results using DDP signals [1].

Thus the validity of all three proposed models are established and the
characteristic features of each of the models have been identified exhaus-
tively. In case of the two KF models, their metric parameters have also been
determined. It is observed that several of these identified features show relat-
able changes as the duration of rest of a supine subject is increased. All the
three models show identifiable changes, yet of the three models, the changes
in the ACF and KFTS models are more significant. This observation holds in
case of the hypertensive classification too. But in case of the posture change
classification, the KFLPC model classifies the postures most reliably and that
too in terms of its single metric parameter. This also exemplifies the utility
of the robustness and sensitivity metrics in such applications.
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Table 5.3: Comparison of the existing methods for classifying sitting and supine posture

Serial Authors & year Experiment
Classification tech-
nique

Accuracy

1
Nicholas Foubert et al.
(2012) [217]

Pressure sensor array SVM, k-NN 0.94

2
Thurmon E. Lockhart
et al. (2013) [219]

IMU signal
Wavelet based ap-
proach

0.968

3
David R. Bassett et al.
(2014) [221]

2 accelerometers (activePal)
data used

Coken kappa statistics 1.00

4
Nhat Nguyen Vo
(2014) [166]

Accelerometer based sensor
ANN

Supine: 0.972
sitting: 0.608

5
Saeid Wahabi et al.
(2015) [225]

ECG signal SVM
Sitting: 0.98 and
Supine: 0.94

6
Kate Lyden et al.
(2016) [220]

thigh-worn, tri-axial activ-
PAL3 accelerometer their novel method

supine: 0.967,
sitting: 0.929

7
Dai Sasakawa et al.
(2018) [171]

Height and a Doppler radar
cross section (RCS)

kNN
Sitting 0.965,
supine 1.00

8
Nindynar Rikatsih
(2018) [226]

Movement data of UCI Ma-
chine Learning Repository

kNN 0.995

9
Angel D. Ruiz1 et al.
(2019) [224]

Electrocardiography and
respiratory flow

linear SVM 0.995

10
Yutaka Yoshida et al.
(2019) [170]

Holter electrocardiographic
(ECG) recorder with built-
in accelerometer

RF
Supine: 0.98,
Sitting: 0.717

11 Sarkar (2023) [1]
RF classification using
mean, SD and normalized
variance

binary RF
Supine: 1.00,
Sitting: 0.997
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Table 5.3 – continued from previous page

Serial Authors & year Experiment
Classification tech-
nique

Accuracy

12 Proposed ACF model

Normalized variance of
tonic, phasic and Nor-
malized kurtosis of tonic
components, a0 and Spec-
tral entropy of phasic
component of DDP signals

Binary RF using LOSOCV Accuracy:84.80%

13
Proposed KFLPC

model
qcom Binary RF using LOSOCV

Accuracy:
90.49%

14
Proposed KFTS

model
qcom Binary RF using LOSOCV

Accuracy:
65.39%
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5.2 Future Scope of Work

The order identification technique as well as the model development proce-
dures are proposed in this work for the specific DDP signals. However, these
are applicable to most general signals, whether of human or other origins.
Furthermore, since the model parameters determine the efficacy of the clas-
sification, hence it is possible to explore their use in general system condition
monitoring applications.

It is to be noted in such applications that medication and hydration are
crucial factors for the accurate assessment of health status since they can
influence the robustness of physiological measurements in various health care
settings. Hence, it is important to consider these factors carefully in such
studies involving the interpretation of patient data. Suitable adjustments
or corrections may be necessary to account for any physiological changes in
such future work.

The DDP signals in particular can be explored for use in emotion recog-
nition, human physiology analysis, psychiatric research, stress management,
health monitoring, neuromarketing research, consumer research, gaming and
virtual reality, safety and security and sleep research.

It has been shown that in case of the ACF model of these signals, the
magnitude of the highest order coefficient an of the polynomial drops signif-
icantly from 10−2 to 10−25) as the order increases from n = 1 to n = 9. In
view of this finding, the order of the polynomial is limited to a maximum
value of 9 in the algorithm proposed for determining the ACF model. It may
be of interest to study the effect of the ignored higher order dynamics of the
signal in various condition monitoring studies. This is particularly relevant
for long duration signals since in the form of the polynomial ypk, the multi-
plier for an is (kT )n. This term thus increases exponentially as kT increases
and hence its effective contribution may become significant as was observed
from the dynamics present in the KFTS model residuals in the restfulness
assessment studies.

It is established that the proposed stochastic ACF-ZCL model provides
physiologically interpretable tonic and phasic components of the DDP sig-
nal. It is of interest to study whether this model is useful for obtaining
interpretable tonic and phasic components of general time-series signals ob-
tained from other applications too.

Also, the restful condition studied in this work provides a useful baseline
and thus these signals and their models can be used for interpreting changes
in the state, whether physical or mental, due to applied stimuli. Such a
study involving the signals acquired for baseline restful sitting state followed
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by applied stimuli has been reported in [26]. However, there is a scope to use
the ACF and/or the KF models for these signals in order to obtain additional
interpretations.

The results from both the classification studies establish the utility of the
3 models in differentiating the two classes, albeit with varying significance.
However, the number of parameters selected for the ACF model and in par-
ticular, the two KF models, are very low. This merits a detailed study using
more parameters and also by combining parameters from all 3 models. It is
to be expected that some alternative choice(s) of the classifier as well as the
ranker algorithm(s) will lead to more consistent and improved interpretable
results as in the case of the restfulness assessment. A judicious choice of
these combinations of parameters can avoid the over fitting and subject bias.

It has been observed that the same metric parameter qcom for the two
KF models affect the two classification results differently. Specifically, while
qcom from KFLPC model can differentiate the sitting and supine postures sig-
nificantly, the same parameter from KFTS model facilitates the classification
of the two classes of subjects, hypertensive and normotensive, properly. The
features of the ACF model perform creditably in both cases. Hence, there is
a scope to combine the signal parameters stated in [1] and those of the ACF
and KFTS model parameters for improved and more reliable hypertensive
and normotensive classification results. There is a also scope to combine
signal parameters with those of the ACF and KFLPC model parameters for
posture change classification.

In general, the general parameters of the acquired DDP signals as well as
those of the 3 models proposed in which work can be used to study, classify
and interpret other physiological or external changes in state.



Appendix A

A.1 Consent form

Note to the subjects:

You are being asked to take part in the research project described below.
There are no known risks associated with this research. If you do not take
part in the study, there will be no penalty. If you choose to take part, you
have the right to stop at any time. However, we encourage you to talk to
the research group so that we know why you are leaving the project. If there
are any new findings during the study that may affect you, you will be told
about them. Your part in this study is confidential. None of the information
will identify you by name. All records will be maintained in codes so that
identity is not disclosed. The collected data and information may be used
and transferred to other research studied in the Research Laboratory. Your
personal information will be suitably anonymised and/or masked to prevent
tracing or identifying your identity. If you decide to enrol in this project, your
involvement will be required in 2 or 3 phases for the experimental portion
only and this may last for about 10-12 weeks in a phase. The results of this
research study may be presented at meetings or in publications; however,
your identity will not be disclosed in those presentations.

ABOUT THE RESEARCH TOPIC:

Topic: “Study and characterization of the relational aspects of human
biopotentials externally acquired from multiple locations”

Biopotential based systems like Electrocardiogram (ECG), Electroen-
cephalogram (EEG) and Electrodermal activity (EDA) based sensors are
used abundantly to characterize several infirmities or diseases in humans
since the biopotentials in different parts of the human body change under
various physical, mental as well as social stressors. In a recent study, biopo-
tentials have been acquired bilaterally from human subjects using a low cost,
passive, non-invasive EDA based system. A preliminary investigation of these
potentials has indicated the existence of inter-relations between these bilat-
eral signals. The aim of the present research is to perform a detailed study
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of the relational aspect of these and other biopotentials acquired externally
from human subjects and to derive some definitive indices. The scope of re-
search includes a feasibility study of using these indices in an expert system
to classify the overall condition of the human health inclusive of physical,
mental, social and spiritual wellbeing.

The bilateral biopotentials will be acquired using two systems. The first
system comprises of 4 sets of multimeters (Make: RISH Multi 18S) with com-
patible adapters (Make: RISH Multi SI232) for online simultaneous recording
of a maximum of 4 channels of data to the PC. The second system has been
built indigenously in this laboratory, which can acquire potentials simulta-
neously from 4 locations and send to the PC. Both systems transmit data to
the PC via optically isolated transmitter-receiver module to ensure safety to
the human body from electrical hazards.

I, Mr./Mrs./Dr./Ms. -------------------------------------------------------------------
------ resident of ------------------------------------------------------------------------------
------------------------------------------- do hereby give consent voluntarily to record
my endosomatic skin potential and other data pertaining to the research work
being conducted by Mr. Arindam Sarkar under the guidance of Prof. Ratna
Ghosh and Prof. Bhaswati Goswami in Instrumentation and Electronics
Engineering Department, Jadavpur University. I have no objection to publi-
cation of my case study details without my name in any journal or any other
reviews. I am signing this consent form voluntarily, out of free will, without
any pressure and in my full senses.

Date: Full Signature:
Place:
Consent form explained/witnessed by: -------------------------------------------

-------------------------------------
Date: Full Signature:
Place:



Comprehensive questionnaire  

 

 

SUBJECT CODE : S_ _ _ 

 Full name পুর ো নোম  

 Sex (Male/Female) লিঙ্গ(রেরি/রমরে)  

 Age (years) বেস(বে )  

 

 
Please Answer the following - (write Y for yes 

and N for no): 

নিম্ননিনিতপ্রশ্নগুনির (হ্যাঁ বয িয নিয়ে) 

উত্তর নিি 

Do you take 

any medicine 

prescribed by 

doctor? 

Do you take 

any medicine 

on your own? 

Remarks, if 

any. 

1. 
Do you have any disease from the following 

list (any history of Chronic illness)? (Y/N) 

আপনো  লনরে  লিখো বযোলিগুলি লেরে, এে বো 

এরে  লবশী লেোরনো বযোলি  (ীীঘ স্থাোেী অেবো 

ীু োর োগ্য) আরে?  (্যো বো নো) 

লেোরনো ল োগ্ 

েোেরি, ্যো বো 

নো লীরে উত্ত  

লীন 

আপলন লে 

ডোক্তোর   বিো 

লেোরনো ওষুি 

খোন?  

আপলন লে 

লনেলমত লনরে 

লেরে লেোরনো 

ওষুি খোন?  

 High Blood Pressure/ Hyper tension  উচ্চ  ক্তেোপ     

 Diabetes মিুরম্    

 Kidney problem লেডলন  সমসযো    

 High Cholesterol  লেোরিরে ি লবশী     

 Chronic Constipation ীীঘ স্থাোেীরেোষ্ট-েোঠিনয     

 Chronic Cardiac problem ীীঘ স্থাোেী ্োরটস্থ  সমসযো     

 Chronic Indigestion  ীীঘ স্থাোেী বী্েরম  সমসযো     

 Any other Chronic illness আ  অনয লেোরনো ীীঘ স্থাোেী বযোলি     

 Prone to cold infection সলীস্থ-েোশী  িোত     

 Asthma ্ো াঁপোলন    

 Headache মোেো বযোেো     

 Migraine মোইরেন    

 Prostrate problem প্ররেট সমসযো     

 Jaundice নযোবো/পোণ্ডুর োগ্     

 Dengue লডঙু্গ    

 Chicken pox লেরেন-পক্স     

 Menstrual problem মোলসরে  সমসযো     

 Others (mention) অনয লেোরনো সমসযো  (েোেরি েোনোন)    

 Mumps মোম্পস্    

 Toncil টনলসি    

    

A.2 Overall Questionnaire



 

 

 

 

 

 

 Answer these questions in Yes/No নিয়ের প্রশ্নগুনির হ্য বয িয তত উত্তর িযও  Yes (Y) No (N) 

2 Do you have any dominant or recurrent pain? 
আপনো  লেোরনো ীীঘ স্থাোেী বো ল োেেো  লবেো 

আরে? 
  

 If yes (Y), please specify region. ্যো ্রি লেোেোে?  

3 Have you had surgery before? আপনো  লেোরনো অস্ত্রপেো  ্রেরে?   

 If yes (Y), please specify  ্যো ্রি লেোেোে?  

4 
For females only: Any Hormone replacement 

(HR) therapy done? 

মল্িোরী  েনয: আপনো  লেোরনো ্ রমোরন  

লেলেত্সো ল্রেরে? 
  

5 Are you a consumer of alcohol?  আপলন লে মীযপোন ের ন?   

 

if yes (Y) then, 

daily/weekly/monthly/occasional? 

is it more than 2 pegsor less? 

্যো ্রি, লের োে/সপ্তোর্/মোরস/মোরে মরিয? 

২ লপরগ্  লবলশ নো েম? 
 

6 Do you smoke? আপলন লে িুমপোন ের ন?   

 if yes (Y), then what (cigarette/ biri/ cigar) ? ্যো ্রি  ( লসগ্োর ট/লবলি/লসগ্ো )?  

 Is it more than 10 nos. daily or less? লীরন ১০টো  লবলশ নো েম?  

7 Do you take drugs? আপলন লে মোীে লসবন ের ন?   

 if yes (Y), then 

daily/weekly/monthly/occasional ? 
্যো ্রি, ল োে/সপ্তোর্/মোরস/মোরে মরিয?  

8 Do  you take Jardapaan? আপলন লে েীস্থো পোন খোন?   

9 Do  you take Jarda masala / pan parag/ chutki 

/gutkha? 

আপলন লে েীস্থো মশিো/পোন 

প োগ্/েুটলে/গুটখো খোন? 
  

 If yes (Y), please tell what?, How much?   ্যো ্রি লেোনঠট? েতটো?  

10 Are you left handed? আপলন লে বোম ্োরত েোে ের ন? `  

  

 Measured Physical parameters - শযরীনরকপনরমযপ  

 Weight in kg. ওেন লেরিোেোরম   

 Height in meters উচ্চতো লমটোর    

 BMI (Body mass Index) in metric BMI সংখযোে  

 Waist measure in cm. লেোম  লসলিলমটোর   

 Hip measure in cm. লনতম্বরসলিলমটোর   

 WHR (Waist to Hip Ratio) লেোম  ও লনতরম্ব  অনুপোত   



A.3 Daily Questionnaire set

Strong or moderate AC effect: Amitriptyline (Elavil), Atropine, Benztropine
(Cogentin), Chlorpheniramine (Actifed, Allergy & Congestion Relief,
Chlor-Trimeton, Codeprex, Efidac-24 Chlorpheniramine, etc), Chlor-
promazine (Thorazine), Clomipramine (Anafranil), Clozapine (Clozaril),
Cyclobenzaprine (Amrix, Fexmid, Flexeril), Cyproheptadine (Periactin),
Desipramine (Norpramin), Dexchlorpheniramine, Dicyclomine (Bentyl),
Diphenhydramine (Advil PM, Aleve PM, Bayer PM, Benadryl, Ex-
cedrin PM, Nytol, Simply Sleep, Sominex, Tylenol PM, Unisom, etc.),
Doxepin (Adapin, Silenor, Sinequan), Fesoterodine (Toviaz), Hydrox-
yzine (Atarax, Vistaril), Hyoscyamine (Anaspaz, Levbid, Levsin, Levsinex,
NuLev), Imipramine (Tofranil), Meclizine (Antivert, Bonine), Nortripty-
line (Pamelor), Orphenadrine (Norflex), Oxybutynin (Ditropan, Oxytrol),
Paroxetine (Brisdelle, Paxil), Perphenazine (Trilafon), Prochlorperazine
(Compazine), Promethazine (Phenergan), Protriptyline (Vivactil), Pseu-
doephedrine Cl/Triprolidine, HCl (Aprodine), Scopolamine (TransdermScop),
Thioridazine (Mellaril), Tolterodine (Detrol), Trifluoperazine (Stelazine),
Trimipramine (Surmontil)

Lesser AC effect: Alprazolam (Xanax), Fluphenazine (Prolixin), Amanta-
dine (Symmetrel), Baclofen Carisoprodol (Soma), Cetirizine (Zyrtec),
Cimetidine (Tagamet), Clorazepate (Tranxene), Codeine, Colchicine,
Digoxin (Lanoxicaps, Lanoxin), Diphenoxylate (Lomotil), Furosemide
(Lasix), Hydrochlorothiazide (Esidrix, Dyazide, HydroDIURIL, Maxzide
& literally scores of other medications for high blood pressure), Lop-
eramide (Imodium), Loratadine (Alavert, Claritin), Maprotiline, Nifedip-
ine (Adalat, Procardia), Ranitidine (Zantac), Thiothixene (Navane),
Tizanidine (Zanaflex)



Table 1: Daily Questionnaire set 1

Questions DDMMYYYY DDMMYYYY
Have you taken any drug from the list pro-
vided in table below within 24 hours?
Please specify medicines or treatment that
you are undergoing as on date, if different
from that stated in comprehensive question-
naire.
Has subject taken any anticholinergic drug
knowingly or unknowingly? (If NO, then
proceed for daily questionnaire 2, followed by
acquisition of data, else exclude the subject
for today)

Table 2: Daily Questionnaire set 2

Questions DDMMYYYY DDMMYYYY
Are you stressed? Provide rating in scale of
0-5
If yes, is the stress a) work related, b) emo-
tional or c) any other? Please specify
Have you taken any psychotic or antidepres-
sant drug within 1 week?
If yes, then provide the reason, list of
medicine and time of taking medicine.
Do you have any specific pain? Provide rat-
ing in scale of 0-5
If yes, is the pain short term or long term?
Is the pain in a) left half or b) right half of
body or c) overall or d) not localized? If a)
or b), please specify location.
Do you have fever? Provide rating in scale
of 0-5
Do you have cough or cold? Provide rating
in scale of 0-5
Do you have any headache? Provide rating
in scale of 0-5
If yes, is the headache in a) left half or b)
right half or c) overall or d) not localized? If
a) or b), please specify location.
Have you taken any cigarettes or any other
intoxicating substance or caffeine containing
drink within 72 hours?



Table 3:Daily Questionnaire set 3

Question DDMMYYYY DDMMYYYY

Clothing of the subject (Light,
Moderate, Heavy)
Body temperature

Bias voltages measured for 4 elec-
trodes with respect to 1 reference
electrode.

Tag Volt Tag Volt
Rish IL Rish IL
Rish ML Rish ML
Rish IR Rish IR
Rish MR Rish MR





Appendix B

B.1 Effect of additional controlled noise in Hy-

pertensive and Normotensive Classification

In order to observe the effect of noise in the Hypertensive and Normotensive
classification results, a re-classification has been done for all 3 proposed mod-
els by adding 10dB SNR random distributed Gaussian noise to the original
acquired DDP signals. Using the same methodology and same numbers of
10s signals and parameters detailed in Chapter 4, a detailed study is pre-
sented step by step hereafter. Here, the two classification methods, 10FCV
and LOOCV are used. This classification is henceforth referred as the 10dB
noise added hypertensive-normotensive classification.

B.1.1 Selection of Attribute Evaluator

Since using InfoGainAttributeEval provided uniformly high accuracies of the
classification results for all models, hence this ranker method is used in this
case also. It has been observed that the accuracies are 94.97%, 94.28% and
100% using the numbers of attributes 5, 5 and 2 for the ACF, KFLPC and
KFTS models respectively. Hence, it can be said that the overall accuracies
have increased in ACF and KFLPC but have decreased in case of KFTS.
However, the numbers of attributes have increased in this classification for
all models. The rank wise selected attributes and accuracy for the 10dB
noise added hypertensive-normotensive classification are stated in Table 1.

B.1.2 Selected attributes and their analysis

Applying the Supervised Attribute Selection filter in WEKA, 31 (out of total
180 parameters) attributes from ACF model, 25 (out of total 170 parameters)
attributes from KFLPC model and 28 (out of total 170 parameters) attributes
from KFTS model are selected. Using the InfoGainAttributeEval attribute
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Table 1: Rank wise selected attributes and accuracy for 10dB noise added
hypertensive-normotensive classification

Ranker

Number of attributes
selected

ACF LPC TS
Number of
attributes

Accuracy
(%)

Number of
attributes

Accuracy
(%)

Number of
attributes

Accuracy (%)

InfoGain
AttributeEval

5 94.97 5 94.28 2 100

Table 2: List of the selected attributes using ACF, KFLPC , KFTS model
parameters for 10dB noise added hypertensive-normotensive classification

Model Sl No.
Selected attributes

as per rank
Cross validation

accuracy (%)

ACF

1 Norkur xkACFphasic
of LH5 10FCV LOOCV

2 Norkur xkACFphasic
of RH1

94.97 94.92
3 Norkur xkACFphasic

of RH3
4 Norkur xkACFphasic

of RH4
5 Norkur xkACFphasic

of RH5

KFLPC

1 qcom of LH1

94.28 94.39
2 qcom of RH1
3 qcom of RH3
4 qcom of RH4
5 qcom of RH5

KFTS
1 qcom of LH1

100 99.94
2 qcom of RH5

evaluator on this subset of features, finally 5, 5 and 2 attributes respectively
are selected for the 3 models as stated in Table 2. Therefore, it can be said
that in this classification, Attribute Selection filter selected more attributes
in ACF and KFTS models and less in KFLPC model as compared to the
actual case (without added noise).

In order to appreciate the characteristics of all the 12 selected attributes
for all of 3 models, their box plots are shown in Figures 1a, 1b, 1c, 1d and
1e for the ACF model, Figures 2a, 2b, 2c, 2d and 2e for the KFLPC model
and Figures 3a and 3b for the KFTS model. The corresponding box plot
parameters for the 3 models are listed in Tables 3, 4 and 5. The observations
from these selected features and their box plots are listed hereafter.

1. As mentioned, total 12 attributes are selected for the 3 models. Of
these, 3 attributes are from LH, while 9 are from RH. These are the



Table 3: Box plot parameters for 10dB noise added hypertensive normoten-
sive classification using ACF model parameters

Attributes Posture
Lower

Adjacent
Lower

Quartile
Median

Upper
Quartile

Upper
Adjacent

Norkur xkACFphasic
of LH5

Hypertensive -0.13 -0.11 -0.04 0.19 0.65
Normotensive -1.79 -1.05 0.20 0.66 1.95

Norkur xkACFphasic
of RH1

Hypertensive -0.13 -0.11 -0.04 0.2 0.67
Normotensive -1.79 -1.5 0.20 0.66 1.60

Norkur xkACFphasic
of RH3

Hypertensive -0.53 -0.12 -0.04 0.21 0.67
Normotensive -1.70 -1.05 0.20 0.66 1.60

Norkur xkACFphasic
of RH4

Hypertensive -0.59 -0.12 -0.04 0.20 0.71
Normotensive -1.71 -1.05 0.20 0.66 1.99

Norkur xkACFphasic
of RH5

Hypertensive -0.38 -0.12 -0.05 0.20 0.67
Normotensive -1.76 -1.05 0.20 0.66 1.70

Table 4: Box plot parameters for 10dB noise added hypertensive normoten-
sive classification using KFLPC model parameters

Attributes Posture
Lower

Adjacent
Lower

Quartile
Median

Upper
Quartile

Upper
Adjacent

qcom of LH1
Hypertensive -0.19 .38 0.82 0.93 1.23
Normotensive 0.01 0.71 1.01 1.19 1.90

qcom of RH1
Hypertensive 0.06 0.36 0.54 0.72 0.98
Normotensive -0.30 0.59 0.98 1.19 1.91

qcom of RH3
Hypertensive -0.28 0.18 0.34‘ 0.51 0.91
Normotensive -0.38 0.50 0.77 1.08 1.80

qcom of RH4
Hypertensive -0.26 0.25 0.48 0.70 0.91
Normotensive -0.33 0.55 0.90 1.15 1.89

qcom of RH5
Hypertensive -0.14 0.30 0.57 0.74 1.00
Normotensive -0.33 0.61 1.01 1.24 1.92

Table 5: Box plot parameters for 10dB noise added hypertensive normoten-
sive classification using KFTS model parameters

Attributes Posture
Lower

Adjacent
Lower

Quartile
Median

Upper
Quartile

Upper
Adjacent

qcom of LH1
Hypertensive -1.35 -1.29 -1.29 -1.16 -1.08
Normotensive -1.45 -1.30 -1.21 -1.12 -1.04

qcom of RH5
Hypertensive -1.35 -1.29 -1.29 -1.16 -1.08
Normotensive -1.45 -1.30 -1.21 -1.12 -1.04
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Figure 1: H: Hypertensive, N: Normotensive. Box plots of (a) Norkur
xkACFphasic

of LH5 (b) Norkur xkACFphasic
of RH1(c) Norkur xkACFphasic

of
RH3 (d) Norkur xkACFphasic

of RH4 (e) Norkur xkACFphasic
of RH5 for 10dB

noise added hypertensive-normotensive classification.

normalized kurtosis (Norkur) of xkACFphasic
of 5 states (state 5) from

LH and (states 1, 3, 4, 5) from RH for ACF model, qcom of 1 state from
LH (state 1) and 4 states from RH (states 1, 3, 4, 5) for KFLPC model
and qcom of 1 state from LH (state 1) and 1 state from RH (state 5) for
KFTS model. In the previous results in Chapter 4, it has been found
that the presence or absence of hypertension is most reflected in the LH
parameters but the 10dB noise added classification results show most
reflection in RH parameters. Hence, two results are different.
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Figure 2: H: Hypertensive, N: Normotensive. Box plots of (a) l of qcom of
LH1 (b) l of qcom of RH1 (c) l of qcom of RH3 (d) l of qcom of RH4 (e) l of qcom
of RH5 for KFLPC model for 10dB noise added hypertensive-normotensive
classification.

2. In the ACF model, all 5 attributes are selected from only the phasic
components of LH and RH signals. In the KFLPC (KFTS) model, 5 (2)
attributes are selected from qcom of LH and RH. Hence, it is clear that
in both classification studies (previous results and present 10dB noise
added results), qcom is the only feature in the KF models for separation
of hypertensive and normotensive classes.

3. The box plots of all 5 normalized kurtosis features selected in the ACF
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Figure 3: H: Hypertensive, N: Normotensive. Box plots of (a) l of qcom of
LH1 (b) l of qcom of RH5 for KFTS model for 10dB noise added hypertensive-
normotensive classification.

model show that the median values are negative in hypertensive sub-
jects and are all positive in normotensive subjects. The median values
are same in all 5 attributes for both classes. Further, the lower adja-
cent values and upper adjacent values are quite large in normotensive
subjects as compared to the hypertensive subjects.

4. From the box plots of all 5 qcom features selected in the KFLPC model,
it is observed that the median values vary from 0.34 to 0.82 in nor-
motensive class and it varies from 0.77 to 1.01 in hypertensive class.
The lower adjacent values are quite high in hypertensive subjects ex-
cept qcom of LH1 attribute, whereas upper adjacent values are high in
normotensive class. This may be due to the larger numbers of subjects
in the normotensive class.

5. In case of the KFTS model, only 2 features of qcom are selected. The
nature of these two attributes in terms of the median and the lower-
upper adjacent values are also almost same.

6. A comparison of these results with the previous results stated in Chap-
ter 4 shows that due to the addition of 10dB SNR noise, the qcom values
decrease to quite low values both in KFLPC model (vary from 1.5 to
2) as well as in KFTS model (vary from -1.45 to -1.05).



B.1.3 Confusion Matrices and Metrics

The confusion matrices for 10FCV and LOOCV classifications using the se-
lected attributes are calculated and stated in Table 6. The overall results of
classification using 3 model parameters are separately stated in Tables 7, 8
and 9 respectively.

Table 6: Confusion matrix (in %) of RF classifier using ACF, KFLPC , KFTS

model parameters for 10dB noise added hypertensive-normotensive classifi-
cation

CV Method Actual
ACF KFLPC KFTS

HT NT HT NT HT NT

10FCV
HT 8.01 4.17 8.07 4.11 12.18 0
NT 0.85 86.97 1.60 86.22 0 87.82

LOOCV
HT 7.91 4.27 7.96 4.22 12.18 0
NT 0.80 87.02 1.39 86.43 0.06 87.76

DS2 data set: N=1872, HT: Hypertensive, NT: Normotensive

Table 7: Results for 10dB noise added Hypertensive and Normotensive clas-
sification using ACF model parameters

CV Method Class Precision Recall Specificity F1-Score
ROC
Area

PRC
Area

10FCV
HT 0.904 0.658 0.990 0.761 0.902 0.790
NT 0.954 0.990 0.658 0.972 0.902 0.978
WA 0.948 0.950 0.698 0.946 0.902 0.955

LOOCV
HT 0.908 0.649 0.991 0.757 0.914 0.981
NT 0.953 0.991 0.649 0.972 0.914 0.981
WA 0.948 0.949 0.691 0.946 0.914 0.959

From the confusion matrices, it is observed that the matrix structures
are similar for the 3 models using the 2 different cross-validation techniques.
Hence, it is expected that for all the models, the WA of the matrices elements
(precision, Recall, Specificity, F1-Score, ROC, PRC) will also be similar using
both techniques. This type of identical results were also observed when
classification was done using the acquired signal parameters in Chapter 4.

1. Except the WA of specificity, all the WA values of the confusion matrix
elements are greater than 90% in both techniques for ACF model stated
in Table 7. From Table 4.9 of Chapter 4, it was observed that the
WA values of these matrices elements were greater than 98%. In both



Table 8: Results for 10dB noise added Hypertensive and Normotensive clas-
sification using KFLPC model parameters

CV Method Class Precision Recall Specificity F1-Score
ROC
Area

PRC
Area

10FCV
HT 0.834 0.662 0.982 0.738 0.964 0.818
NT 0.954 0.982 0.662 0.968 0.964 0.994
WA 0.940 0.943 0.701 0.940 0.964 0.972

LOOCV
HT 0.851 0.654 0.984 0.739 0.971 0.841
NT 0.984 0.969 0.047 0.969 0.971 0.995
WA 0.941 0.944 0.694 0.941 0.971 0.976

Table 9: Results for 10dB noise added Hypertensive and Normotensive clas-
sification using KFTS model parameters

CV Method Class Precision Recall Specificity F1-Score
ROC
Area

PRC
Area

10FCV
HT 1.00 1.00 1.00 1.00 1.00 1.00
NT 1.00 1.00 1.00 1.00 1.00 1.00
WA 1.00 1.00 1.00 1.00 1.00 1.00

LOOCV
HT 0.996 1.00 0.999 0.998 1.00 1.00
NT 1.00 0.999 1.00 1.00 1.00 1.00
WA 0.999 0.999 1.00 0.999 1.00 1.00

classifications (with and without added 10dB noise), the specificity
values are low.

2. In Table 8 for the KFLPC model, the specificity value is almost 69%
while other parameters are greater than 94% using 10FCV and LOOCV.
As in Table 4.10, the low specificity value is also maintained here. From
Table 4.10, it was observed that using LOOCV, the values of matrix
elements are 100% but these values decrease by almost 6% on adding
the 10dB noise.

3. From Table 9 for the KFTS model, it is observed that the values of
all elements are almost 100%. Using the KFTS model parameters, 2
attributes were finally selected and from Figure 3a and 3b, it is observed
that both classes are distinctly separable. Hence, the 100% results,
stated in Table 1, are to be expected.

4. Comparing the two KF models, it can be said that on adding noise, all
the values in the confusion matrix are less in case of the KFLPC model
although the number of selected attributes are more. Caomparing these



results with the original results in Table 4.10 and Table 4.11, it is found
that the results were opposite with the confusion matrix values being
100% in case of KFLPC model.

Thus in this hypertensive-normotensive classification study, where 10dB
noise is added to observe the changes of overall results using the parameters of
the 3 proposed model parameters, it is found that in general more numbers of
attributes are selected in this case. In case of the ACF model, a different set of
attributes is selected, specifically normalized kurtosis in place of normalized
variance. However, the same attributes are selected in both KF models, albeit
for different states. The overall accuracies are marginally low (high) in ACF,
KFLPC (in KFTS) when compared to the results of Chapter 4. Therefore,
it can be said that of the 3 models, the KFTS model is the most suited for
this classification although the other models are also quite comparable and
robust.
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