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Preface 
 

After successful publication of ‘Advances in Measurements and 
Instrumentation: Reviews’, Open Access Book Series, Vol. 1 in 2018 and 
feedback from our authors and readers, we have decided to publish the 
second volume of this Book Series in 2021. 

The 2nd volume of ‘Advances in Measurements and Instrumentation: 
Reviews‘ Book Series contains 9 chapters written by 21 authors from  
7 countries: Brazil, China, France, India, Mexico, Russia and Spain. But 
it is not a set of reviews. As usually, each chapter contains the extended 
state-of-the-art followed by new, unpublished before, obtained results. 

Chapter 1 describes the theoretical concepts for describing a replication-
levels-based uncertainty analysis approach. 

Chapter 2 comprehensive overviews existing results for filtering 
approaches to detect weak signals of different physical nature. It presents 
a computationally simple, robust, and rather precise approach for the 
filtering of weak desired signals in presence of white Gaussian noise. 
The proposed in the Chapter new approach is based on the unique 
standpoint of non-linear filtering techniques for chaotic modelled desired 
signal. 

Chapter 3 presents a methodology for estimating the metrological 
parameters during a flowmeter calibration procedure and its use for 
measurement. The focus is the determination of the number of 
measurements to be made so that the uncertainty of flowrate 
measurement can be properly estimated. The Chapter describes methods 
for calibrating several flowmeters and use of reference meter types for 
calibration. Also it describes a methodology estimating the measured 
flowmeter value from interpolation of certificate calibration flowrate 
values. 

Chapter 4 quantitatively analyses the effect of leak of process fluid in the 
steam pipeline. 

Chapter 5 discuss the embedded system based total harmonic distortion 
measurement for unified power quality conditioner. 
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Chapter 6 presents the results of detecting biogenic gases by the laser 
photoacoustic gas-analysis method are presented. The construction and 
specifications of instruments, developed for this purpose, are described. 
Examples of the analysis of gas samples of various biological objects, 
like air, exhaled by patients, suffered from different illnesses, and 
residual gases in the wood of annual rings of conifer discs are given 
together with recommendations on applying the received information. 

Chapter 7 describes the autonomous ultrasonic microsystem for 
prevention and diagnosis in cancer pathologies: larynx and breast 
abnormalities. 

Chapter 8 introduces some advanced technologies of Massive MIMO 
system, including virtual multi-antenna technology, the detection signal 
design, implementation, calibration and verification of based on this 
channel sounder. Furthermore, in the indoor LOS and NLOS, outdoor 
LOS and NLOS scenarios, measurement activities are carried out, 
deployed linear multi antenna array and circular multi antenna array at 
1.4725 GHz and 4.45 GHz. Based on the in-field data of the 
measurement system, the spatial correlation fading characteristics are 
researched applying parameter estimation algorithms, including 
multipath delay power distribution, arrival angle, departure angle, angle 
power spectrum and others. The channel stationarity and correlation are 
explored in depth. 

Chapter 9 provides the up-to-date survey on path planning of mobile data 
collection for Wireless Sensor Networks (WSNs) including the current 
and future system architecture of mobile WSNs and the future directions 
remaining unexplored. 

I hope that readers will enjoy this new volume and that can be a valuable 
tool for those who are involved in research and development of different 
measuring systems. 

 

Sergey Y. Yurish 

Book Series Editor 
IFSA Publishing Barcelona, Spain 
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Chapter 1 

Theoretical Concepts for Describing  
a Replication-levels-based Uncertainty 
Analysis Approach 

Ander Zarketa-Astigarraga, Alain Martin-Mayor  
and Manex Martinez-Agirre1 

1.1. Introduction 

Delimiting the scope of uncertainty analysis, which places itself between 
the fields of mathematics and physical experimentalism, may turn 
tedious for the newbie who tries to take it to application for the first time. 
However, performing such an analysis is becoming an accepted standard 
on fields including any sort of experiment, and the subsequent results are 
being required to provide information on their degree of exactitude. This 
calls for a systematization when accounting for the uncertainties of 
measured magnitudes, and systematizing such an analysis, albeit 
possible and desirable, asks for a well-founded background on the 
notions that underpin the uncertainty theory. The fact, anyway, is that 
there seems to be no conclusive consensus regarding the basic concepts 
that are meant to constitute the building blocks of the theory; rather, 
those concepts are to be found on a number of canonical references [1, 
3, 5, 7, 8] that, although compose a closed system of notions as a theory 
already liable to be applied, lack of a unified narrative necessary for 
constituting a holistic view of the subject. 

Hence, the principal aim of the work presented herein is to perform an 
attempt to gather those disperse pieces of information and to put them in 

                                                      
 
Ander Zarketa-Astigarraga 
Mondragon Unibertsitatea, Faculty of Engineering, Mechanical and Industrial 
Production, Mondragon, Spain 
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a format of a structured narrative; the secondary aim is to provide the 
theoretical background so that its application to practical case studies 
may be understood on a well-founded basis. As the purpose is to give a 
bottom-up description of the entities that come to interplay in the 
uncertainty analysis, the paper is structured as follows: Section 1.2 serves 
as a reminder of the foundational concepts of physical experimentalism; 
Section 1.3 introduces the notion of measurement chain, which is the 
starting point for properly describing the term uncertainty, detailed in 
Section 1.4. Section 1.5 verses on replication levels, which are central to 
the process of systematizing the analysis and, finally, Section 1.6 
translates the previous concepts to a mathematical formulation, 
developing the tools that are to be applied on practical grounds.  

1.2. On the Basic Definitions of Physical 
Experimentalism 

The study of any physical phenomenon, from an empirical standpoint, is 
comparative. The baseline case is usually represented by a simplified 
model of a particular phenomenon. The purpose of a modelization is to 
enclose a minimal set of entities needed to reproduce a phenomenon; 
such a minimal set is known as a system. The term model, as it is 
employed herein, refers to the mathematical formulation that describes a 
physical process taking place within a defined system. The concept of 
physical phenomenon is related with the notion of change, and the 
questions to be answered are how, and why, a system changes (the 
constancy of a system can be understood as a lack of change). As such, 
a given model contains a set of descriptors that represent the variations 
of a system. Those descriptors are termed variables in the mathematical 
formulation, and their material counterparts are combinations of physical 
properties, or magnitudes. Intuitively, the lesser the number of 
magnitudes affecting a phenomenon, the less complex the relational 
analysis becomes. That’s why, as happens for the definition of a system, 
the formulation of a model seeks to describe a physical process with a 
set of variables that minimizes the magnitudes coming to interplay. That 
minimum amount need not be obtained by a unique collection of 
magnitudes; rather, it is left to the judgement of the experimentalist to 
choose from the set of potential properties the ones that best describe the 
different configurations to be found on a predefined system. The only 
constraint imposed upon the chosen magnitudes is that their discrete 
values must univocally reproduce a given configuration of a system. 
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Each of those configurations, represented by disjoint combinations of 
magnitudes, is known as a state of a system. 

The definitions yielded above constitute a mere conceptual framework. 
A model is no more than a derivation coming from the abstract 
mathematical strata. Insofar a model addresses entities of different 
categorical sciences, as physics and mathematics, it remains theoretical 
unless corroborated by empirical evidence. From this conception, a proof 
seeks to ascertain the closeness between the physical reality of a 
phenomenon and its modelization. Accounting for that closeness lies at 
the core of the comparative nature of experimentalism. The primary act 
that experiments rely on is observation and a physically observed action 
constitutes a fact. The validity of an abstract, mathematical-empirical 
model depends on the assessment of relations between facts, or 
hypotheses. Hence, a hypothesis is a potentially true statement that links 
facts together. Thus, for a system undergoing a physical phenomenon, a 
hypothesis constitutes a relation between the magnitudes that determine 
the states of that system. It follows that a physical fact is 
acknowledgeable as far as it is measurable, i.e. as far as the observed 
differences between magnitudes are quantified somehow. On 
experimental grounds, the magnitudes that constitute the variables of a 
model become measurands. 

Any experimental effort is carried out within a given physical scenario, 
or experimental set-up. A set-up is projected and built so that a desired 
system may be reproduced at its states of interest. Inherently, any set-up 
comes with two main limitations. On the one hand, the experimentalist 
is supposed to operate on the system somehow, i.e. the system is 
requested to allow setting a number of measurands to known values. On 
the other hand, and in addition to the desired physical phenomenon, 
several other phenomena may be taking place. This implies the potential 
existence of magnitudes that are not measurands themselves. As such, 
even though hypotheses are stated in simple terms, yielding a one-to-
one, causal relationships between measurands, it is practically unfeasible 
to incorporate the entire set of physical magnitudes in a set of 
hypotheses. Based on these considerations, the overall magnitudes of a 
set-up that interact with a given system may be divided into three 
categories: 

• An independent magnitude is a measurand contained in a hypothesis, 
and settable by the experimentalist; 
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• A dependent magnitude is a measurand contained in a hypothesis, and 
determinable by the experimentalist; 

• An extraneous magnitude is not contained in a set of hypotheses, and 
hence does not constitute a measurand itself. However, it may affect 
the values of the measurands of a system. 

An experimental workflow leading to the determination of a set of 
dependent magnitudes is called an experiment. Due to the heuristic 
nature of physical experimentalism, the experiments are required to be 
normative; a way of restating this is to consider that the same abstract 
system is usually subjected to physical analysis repeatedly, either in a 
single set-up or in a number of different set-ups. Regardless of the 
possible different physical scenarios, for the experiments to be relevantly 
comparable they must comply with a reproducibility condition. This 
does not solely mean that the input measurands need to match among 
different trials, but that the experiments themselves are to be performed 
in a procedurally equivalent manner. That’s why the design of an 
experiment is meant, ultimately, to define formal procedures, or 
protocols. These protocols contain the sets of rules for setting the 
independent magnitudes and determining the dependent ones; 
additionally, they should provide the experimental conditions under 
which the extraneous magnitudes are assumed unchanged, or frozen. In 
such circumstances, a theoretical model may be tested against a number 
of experiments to prove its validity. 

1.3. On the Concept of Measurement Chain 

When the previous methodology is applied to the study of a physical 
phenomenon, discrepancies may be found at two conceptual levels. The 
first one pertains the differences between the theoretical framework and 
the physical reality; a model may not reflect the overall changes that a 
system is undergoing, or it may be valid within a restricted range of 
physical magnitudes, or the effects of such magnitudes may not be 
acceptably imprinted on the model itself. Regardless of the specific 
cause, a decoupling between the two categorical strata, namely physics 
and mathematics, lies at the core of the divergences. Severe as it may 
sound, this kind of flaw has more to do with a lack of understanding of a 
phenomenon, rather than with mistakes committed at the execution level 
of the experiments. 
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The second source of discrepancies is found at the experimental stage. 
When a model is assumed valid enough so that its rejection is not 
considered an acceptable solution for the detected divergencies, 
explanations are to be found at possible experimental errors. Taking a 
model for granted is not an exception that raises few times; either if the 
mathematical expressions reflect basic conservation laws of physics (e.g. 
zero net production of energy on an isolated system) or refer to 
previously validated tests against universally accepted standards (e.g. 
calibration protocols), the underlying mathematical abstractions are not 
questioned. Instead a sensible and broadly accepted consideration in 
experimentalism is the existence of errors in measurements. 

When the scope of error analysis is limited to experimental reasons, the 
basic concept serving as a starting point is that of measurement chain. 
This chain refers to the potential deviations that contribute to the 
mismatch between a measurand’s value and its modeled counterpart. 
Notice that the comparison with an idealized system also lies at the 
conception of the measurement chain. According to [5], the disturbances 
introduced in a system by the mere act of measuring may be described 
sequentially, and yield a total of five potentially different values for a 
measurand, which are schematically summarized in Fig. 1.1. 

 

Fig. 1.1. Schematic depiction of the different potential values found  
on a generic measurement chain (adapted from [12]). 

• The real value is the hypothetical value the measurand would have if 
the system were not affected by the measurement process. 
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• The available value is the value of the measurand in the system, at the 
measurement point, while the measurement is being taken. A device 
employed to measure a magnitude is termed sensor, or probe. Since any 
sensor is intrusive to some extent, it is considered unfeasible to leave a 
system intact when a probe is introduced. Put on formal terminology: as 
the sensor itself constitutes another system, what is being measured are 
the changes in the state of the sensor-system; those changes come at the 
expense of moving the original system to a different operating point, 
resulting in a further change of the measurand. Carefully designed 
sensors or non-intrusive techniques are aimed at minimizing these 
system disturbances as much as possible. 

• The achieved value is the value that the measurand has in the sensor 
while the measurement is being made. If attention is focused on the 
system constituted by the sensor itself, it would be naïve to consider that 
the only magnitude affecting that sensor-system is the measurand. 
Extraneous magnitudes may further alter the value being recorded, 
which ultimately cause the sensor to equilibrate with the entire 
environment rather than with the measurand alone. These deviations are 
called system/sensor interactions. 

• The measured value is the value attributed to the measurand when the 
output of the sensor is interpreted using the best estimate of the 
calibration of the sensor. The only potential source of error that stands 
between achieved and measured values is the measurement system. A 
proper calibration seeks to provide a complete map between the input 
and output of a measurement system in terms of a temporal parameter. 
Even in standardized calibration protocols, there exists a pre-established 
tolerance related to the acceptability of the measured values relative to 
the hypothetical real values. This tolerance can fall as small as the 
resolution of the sensor, which imposes a lower bound on the changes 
that the sensor itself is able to detect on a measurand, and is usually 
dictated by physical constraints. However, that tolerance may grow 
larger due to several reasons, as fabrication defects or above-resolution 
measurand fluctuations; in such cases of imperfect calibration, the 
achieved and measured values do not coincide, and the error coming 
from the calibration stage needs to be accounted for. 

• Finally, the corrected value refers to the experimentalist’s best estimate 
of the real value, once the system disturbances, system/sensor 
interactions and calibration errors are taken into account. 
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As far as measurands are descriptors of a system, if errors on 
measurement are assumed as an inherent part of the experiments, then a 
description of a system lacking information about those errors is 
incomplete by all means. An acceptable description requires defining 
certain bounds for the differences between real and corrected values and 
information must be provided on how close those values are estimated 
to lie. However, completing a system’s description by error information 
is not to be understood, solely, as a formal good-practice exercise; in fact,   
another of its main purposes resides in constituting a checking baseline 
for other experiments. It tells experimentalists whether values measured 
in a hypothetically equivalent system’s state, but under potentially 
different experimental conditions, is significant. In cases that those 
values differ more than the expected error range, it may be concluded 
that either the experimental conditions are not the same for the tests, or 
that unwanted effects are entering one of the measurement chains. The 
former cause is not treated herein as a formal experimental error, as it is 
fixable by modifying the operative point of the mistaken set-up. 
Accounting for measurement chain perturbations, besides, is related to 
the nature of two main factors: that of conducting the experiments and 
that of the error sources. 

1.4. On the Concept of Uncertainty: Nature  
of Experiments and Error Sources 

Previous considerations make clear that an error refers to a difference 
between real and corrected values, and that it constitutes a reliability 
descriptor of a measurand on an experiment. For a single observation on 
a test, the error is certainly a fixed number, computable by the 
experimentalist; when a finite number of measurements are performed, 
an error analysis may be carried out on the recorded data, or the stored 
values of the measurand. As those values are known, error calculations 
are based on statistical analysis. 

However, the term uncertainty addresses a different concept, as the point 
is not to compute the error value from known data, but to ascertain a 
possible value that the error might have on future tests. From this 
standpoint, uncertainty analysis relies on statistical inference, and not 
statistical analysis. Uncertainty values are not descriptors in the way 
errors are, but estimators. The distinction is relevant in a twofold sense: 
on formal grounds, mathematical tools employed in statistical analysis 
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are different from those used in statistical inference. From a practical 
point of view, a test owns an unknown error value a priori. At best, the 
error is expected to fall within the range predicted by the uncertainty 
value. The calculations to obtain this uncertainty may depend on the pool 
of error data coming from previous tests and, if so, its value changes due 
to the error resulting from the experiment itself. As such, error and 
uncertainty analyses may come to influence each other, but that they are 
defined in such a way so that uncertainties are meant to predict the 
possible errors committed in further tests. 

Thus, uncertainty analysis is predictive by definition, but its relation to 
error analysis is not. The link between uncertainties and errors depends 
on the type of experiment conducted. Statistically, experimental tests 
may be classified in two main groups [3, 7], whose differences are subtle 
enough to require further explanation. The basic criterion is the 
availability to obtain independent data points on a given experimental 
configuration. From a statistical standpoint, achieving independent data 
points is equivalent to repeating the experiment a number of times. The 
convenience of repeatability has a well-founded rationale behind: 
ideally, if the same measurement were taken with acceptably large sets 
of different observers and instruments as to constitute a statistical 
population, then the reliability of the measurements could be assured by 
statistics. Multiple-sample experiments are those in which uncertainties 
are evaluated by such a repetition. On the other hand, single-sample 
experiments are constrained, for any reason whatsoever, to a limited 
number of observations, and their uncertainty evaluation is done by 
estimation, not statistical calculus. 

Although the concept of statistical independence is easily understood, its 
experimental reality is not as evident. The difficulty seems to come from 
a number of factors that tend to lessen the repeatability condition [3], 
such as differences in the reading of the same measurand by several 
observers, or discrepancies on the same measurement by nominally 
equivalent, but individually different, sensors. Alternatively, inadequate 
measurement parameters may lead to single-sample observations [7]. 
Regardless of the number of samples taken, measurements are done with 
a given sampling frequency, and the physical phenomenon being studied 
shows characteristic changing rates, or frequency spectra. If the lapse 
between consecutive readings happens to be much larger than the lowest 
characteristic frequency of the system, then the samples may be 
considered independent. Otherwise, a single-sample experiment results. 
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The corollary is that the mentioned experimental categories are 
overlapping. A measurement may satisfy single-sample conditions for 
certain configurations, whereas it becomes multiple-sampled for others. 

The distinction between the mentioned experimental categories arises 
when treating the recorded data. Statistical inference and statistical 
analysis are mathematical processing tools used when dealing with 
single- and multiple-sample experiments, respectively. Nevertheless, 
experiments are subjected to the same potential sources of error 
regardless of their statistical nature. Those sources are identified in 
Section 1.3 as being responsible for the different links that constitute the 
measurement chain, namely: system disturbances, system/sensor 
interactions and calibration errors (see Fig. 1.1). Although valid enough, 
that classification lacks the universality employed when defining the 
types of error that are found on experiments. Instead, error sources are 
better classified on a temporal basis alone. If time-dependency is taken 
as the primary criterion, it follows that errors fall into two main 
categories: those that change with time, and those that do not. 
Additionally, the ones that change with time may be predictable on a 
deterministic way, or be of a wholly random nature. A way of matching 
this temporal classification and the one introduced in Section 1.3 is to 
think of a time-marching structure, or a past-present-future sequence 
(which is an ad hoc classification made by the authors). Past errors are 
the ones not affected by time anymore, such as fabrication defects or 
calibration errors that may influence the measurements. Future errors 
refer to those that change with time, but whose effect is known in 
advance: system disturbances and system/sensor interactions can be 
regarded as deterministic as long as they follow well-established trends. 
Present errors are to be understood as purely random, either because 
system disturbances and system/sensor interactions are poorly 
understood or wrongly considered, or because there are a number of 
sources entirely contingent on experimental or operative conditions, such 
as scale- or display-reading actions performed by observers or natural 
equilibrium fluctuations, respectively. 

This classification, based on deterministic grounds, allows performing a 
preciser denomination of errors. As the so-called past and future errors 
can be estimated, their effects are considered by the addition of a fixed 
correction factor to the measurements that compensates the bias 
introduced in the recorded value; hence, they constitute fixed or bias 
errors. On the other hand, present errors are not liable to corrections due 
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to their random nature or precision scattering, and are assumed as 
random or precision errors. The double denomination has to do with 
historical differences on the terminological conventions regarding 
single- and multiple-sample uncertainty theories; whereas fixed and 
random errors are used on single-sample theory, bias and precision errors 
are typical of multiple-sample experiments. 

Regardless of the type of experiment conducted, it is the 
experimentalist’s duty to account for all the correctable errors, so that the 
tests are carried out with the only unavoidable sources at play, which are 
the random ones. Additionally, both fixed and random error values are 
meant to be reported with a justified uncertainty analysis performed on 
them. A systematic approach to account for those uncertainties lies on 
the concept of replication levels. 

1.5. On the Concept of Replication Levels 

Replication and repetition are close concepts, but refer to different 
experimental levels. When a test is said to be repeatable, it is meant that 
the recorded values of a measurand, on repeated trials, lie on an 
acceptably narrow range; in other words, that the committed errors are 
below a certain threshold. Section 1.4 links the concept of repeatability 
to the stage of data processing, whereby the statistical categories of 
experiments arise; similarly, it distinguishes between error values and 
error sources, showing them to be independent from each other. Keeping 
that distinction, replicability has to do with the conditions under which 
the repeated trials are assumed to take place; specifically, it points to the 
potential error sources that are supposed unchanged for all trials. As 
such, repeatibility is related to the error values resulting from a set of 
experiments, whereas replicability addresses the error sources of those 
tests. 

Originally, the notion of replicability lies within the scope of single-
sample experiments [5-8] and it owns an additional distinctive feature 
when compared to repeatability; as replicability addresses unchanged 
error sources, the experimentalist can make different assumptions 
regarding the sources that remain constant. This leads to defining 
different orders of replicability in accordance to the constraining level of 
those assumptions. The interest in considering constant error sources 
resides in the auxiliary information obtained from such analyses, which 
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ultimately serves to diagnose the system from an uncertainty standpoint. 
Following the classification of error sources in Section 1.4, three main 
replication levels are defined [5, 8] (see Fig 1.2). 

 

Fig. 1.2. Schematic depiction of the replication level philosophy. 

• 0th order replication level: at this level, time itself is considered frozen. 
A way of thinking of a time-independent replication pattern is to assume 
that no error sources are allowed to change, just the reading that different 
observers make of a certain measurand on the same display. If a picture 
of that display is taken and shown to a number of observers, the only 
error source available is the scale-reading interpolation resulting from 
the resolution of the sensor. The utility of this particular replication 
pattern is found on the planning stage of an experiment, when a survey 
is taken over a number of sensors to check their suitability for a given 
measurement. If the precision of that measurement is required to lie 
below a predefined value, sensors that own larger interpolation scattering 
can be discarded in advance. A generalized case should consider the 
contributions of electrical white noise [2] and thermodynamic 
equilibrium fluctuations [4]. However, the resolution interval of the 
device usually subsumes white noise, as it happens to be several orders 
of magnitude smaller than the detectable electrical output. A way of 
characterizing the relevance of thermodynamic equilibrium fluctuations 
is to estimate whether the medium within which measurements are taken 
behaves as a continuum; as those fluctuations happen at a molecular 
scale, the comparison between that scale and the probe’s representative 
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dimension is used as an indicator. That is precisely the meaning of the 
Knudsen number, Kn = / d , where   stands for the molecular mean 
free path and d  is the characteristic dimension of the probe. If the 
resulting Kn is small, the sensor is large compared to the scale at which 
thermodynamic fluctuations take place, and their effect is, usually, 
averaged out over the measurement volume. As such, for typical cases 
in which white noise and thermodynamic fluctuations are neglected, the 

th0  order replication level provides the random uncertainty value of the 
measurement system. 

• 1st order replication level: when the temporal parameter is allowed to 
change, the inherent unsteadiness of the process enters the uncertainty 
calculation. This timewise jitter, as it is termed, is captured if a number 
of subsequent measurements are taken while the test is running; from 
previous considerations, it is important to ensure the independence of 
those measurements, so that a proper statistical calculation can follow. 
Additionally, for this replication level to be representative, the 
measurements must cover a characteristic time-lapse of the measurand’s 
change rate during the experiment. The lower bound of that time-lapse 
is dictated by the response time of the probe, but the upper bound is 
specifically test-dependent, and corresponds to the experimentalist to 
choose a sensible value. As the set of subsequent measurements is 
obtained while the experiment is running, both timewise jitter and 
interpolation errors are present on the recorded data. The timewise jitter, 
measured this way, only accounts for random errors of system 
disturbance and system/sensor interaction types. Usually, the st1  order 
replication test is run separately at the debugging stage of the 
experimental set-up, and its value stored to diagnose further 
measurements. 

• Nth order replication level: it is the broadest replication level 
conceivable, and may be considered by thinking that, for each 
measurement, the probe is changed by a similar one coming from the 
same manufacturer. The potential errors committed at the calibration 
level are added to the uncertainty value, together with the experimental 
unsteadiness and interpolation scattering. Typically, tests performed on 
a single experimental set-up do not face the scattering problems 
associated with sensor identity, as the measurements are carried out with 
the same equipment. However, information about calibration uncertainty 
is necessary when comparing experimental data from different facilities 
that undertake the same tests. When random calibration errors are 
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considered together with the value coming from the st1  order replication 
test, the resulting uncertainty is meant to be part of the final report. 
Unlike the available tests for the lower replication levels, there is not an 
auxiliary test or a generalized rule of thumb for obtaining the calibration 
error of a probe. The manufacturer may provide this information in the 
form of a calibration sheet, but the usual case is not to do so, either 
because the information itself has not been obtained or because it is 
concealed on behalf of confidentiality. Instead, the experimentalist has 
to interpret the specification sheet and retrieve the necessary 
information, making the correspondent assumptions to justify the data. 

The concept of replication levels comprises a property that determines 
the relation between single- and multiple-sample experiments. By 
definition, all orders of replication show a common feature, not 
mentioned so far: they require the repeatability of tests for their 
determination. Further, they need those repetitions to be both large and 
independent so that statistical analysis applies on the recorded data. It is 
precisely the purpose of multiple-sample theory the evaluation of 
uncertainties by repetitive, independent tests. Hence, it follows that 
replication orders aim at calculating random uncertainty terms of single-
sample experiments by undertaking individual, multiple-sample tests on 
each of those random terms. If it is not possible to perform multiple-
sample tests on a term, which is the case, for example, of calibration-
related errors, then statistical inference is used to estimate its 
contribution. With all, the notion of replication level provides a hinge 
between the statistical categories of experimental tests. 

However, replication levels only account for random errors. For a 
complete description of the uncertainties, it is necessary to add the 
correspondent fixed errors at each level. The resultant values are named 
0th, 1st and Nth order uncertainties, respectively. Fixed errors coming from 
the measurement system are usually due to ground loops or flawed 
connections, and should not show up if the electrical circuitry is properly 
designed; hence, th0  order uncertainty is usually equal to the random 
uncertainty of the measurement system. st1  order fixed errors come from 
deterministic system disturbances and system/sensor interactions; the 
typical way of treating them is by analytical-empirical correlations that 
model the expected effects. If those models quantify the error in terms of 
the measurand alone, the resultant value is directly added as a fixed error. 
Instead, if the correction models depend on additional parameters, the 
uncertainty associated with each of them affects the fixed error value, 
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and needs to be estimated. thN  order fixed errors coming from the 
calibration stage are as elusive to detect as their random counterparts. 
Their ultimate sources are fabrication defects or unaccounted calibration 
biases that unavoidably leak into the tests. On measurement argot, it is 
said that these errors are fossilized, in the sense that they can neither be 
detected nor removed, but simply assumed. If the calibration process is 
taken for granted, the fossilized error may be neglected without further 
concerns. With all, the corollary to be drawn from previous lines is that 
fixed and bias errors are equivalent terms, in the sense that they both 
need to be estimated regardless of the type of experiment conducted. 
Random and precision errors differ on the statistical treatment, which 
ultimately depends on how large the population of measurements grows. 

The outputs generated by single- and multiple-sample analyses are not 
strictly equivalent. As mentioned, the concept of replication level is 
linked to the theory of single-sample experiments; as such, the notions 
of replication order or uncertainty order are defined within that scope. 
For any reason whatsoever, multiple-sample theory has been, originally, 
more concerned with analyzing standard procedures [8]. The outcomes 
of multiple-sample experiments are defined to be the bias limit and the 
precision index [1]; the former is equivalent to the thN  fixed error of 
single-sample theory, whereas the second is related (but not equal) to the 

st1  order random error. When combined, they yield the overall 
uncertainty, which matches the thN  order uncertainty of single-sample 
experiments. 

With the core concepts laid, what is left is to translate the key definitions 
to mathematical notation for laying the proper formulation  
of the theory. 

1.6. On the Mathematical Basis of Uncertainty Analysis 

The primary question posed by the uncertainty analysis is how to process 
the measured data so that potential errors committed during a test get 
reflected on the final results. So far, the term result has not been formally 
introduced on its uncertainty-related meaning. Instead, the term 
measurand has been used to address the primary quantity, or magnitude, 
coming from a measurement and the term data has served to refer to the 
stored values of a given measurand. A result, however, is obtained after 
processing the data. This processing stage may not only include 



Chapter 1. Theoretical Concepts for Describing a Replication-levels-based Uncertainty 
Analysis Approach 

29 

converting the electrical output into a physical magnitude or applying 
signal treatment techniques, but making operations with different blocks 
of data. As such, the distinctive feature of a result, from the uncertainty 
standpoint, is that it comes from calculations performed by a number of 
different measurands. Of course, there may be measurands that constitute 
results themselves, i.e. they need not be combined with other measurands 
in order to yield a proper descriptor of a system. 

Such a definition of result involves considering how the errors that affect 
each measurand on the calculation are propagated to the derived values. 
Although the former definition of propagation, due to Kline & 
McClintock [3], calls uncertainties to the errors carried by each of the 
measurands to the result, updated versions of the theory state that 
uncertainties are meant to be specifically result-related [8]; measurands 
used to derive results are said to own fixed and random errors, if single-
sampled, or bias limits and precision indices, if multiple-sampled. The 
distinction is important insofar the information provided by uncertainties 
and errors is different; in fact, as uncertainties are obtained by combining 
errors statistically, the contributions of individual error terms are no 
longer discernible in an overall uncertainty value. 

The analysis begins by stating the functional relation between a generic 
result R  and a number of magnitudes 1, , nx x : 

  1= , , nR f x x  (1.1) 

The term magnitude is used to address each of the ix -s present on Eq. 
(1.1). From those, the set containing either dependent or independent 
magnitudes constitutes, by definition, the observed measurands. The rest 
are extraneous magnitudes that do not get measured, but that may affect 
the outcome if they are not properly considered; in case the experiment 
is designed and conducted correctly, those extraneous magnitudes 
remain unchanged or frozen. Letting N  be the number of measurands, 
and m  the number of extraneous magnitudes that, for the sake of 
simplicity, are assumed frozen, Eq. (1.1) may be reformulated thusly: 

    
1,...

1 1 1
frozen

= , , ; , , = , , ,
mx x

N m NR f X X x x R f X X    (1.2) 

where the right hand-side expression is to be understood as the frozen 
magnitudes not affecting the result. 
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If the measurands are considered independent and their respective errors 
small enough, the overall error may be assumed to follow a linearized 
expression: 

 
=

=1
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  (1.3) 

In Eq. (1.3), the terms / iR X   constitute the error sensitivities, i.e. each 
of the partial contributions to the overall error due to a unit error in a 
measurand [6]. The terms iX  represent measurand uncertainties, in 
case measurands were considered results themselves. However, being 
terms that enter a result calculation, these factors are named variation 
intervals further on, thus complying with formal terminological 
conventions. 

Further derivations of Eq. (1.3) require assumptions regarding those 
variation intervals. As mentioned in Section 1.4, uncertainties refer to 
the probabilities of errors falling between certain values. The procedures 
for modeling errors and calculating uncertainties, hence, require the 
usage of probability spaces. Mathematically, when an experiment is 
conducted, all possible events comprising error observations constitute a 
set  ; such a set is interpreted as the potentially observable errors that 
can be obtained when randomly sampling  , which is why   is termed 
a sample space. An event is the actual observation of a particular error 
on a given trial; intuitively, it is assumed that certain events are more 
probable to happen than others, which is expressed by a functional 
relation P  that assigns probabilities to events. The triplet  , , P   is 

called a probability space; the variable  refers to a mathematical entity, 
namely a -algebra structure, that is formally necessary to define a 
probability space with the required mathematical rigor, but which is not 
of a major concern for the derivation that follows. 

A probability space links events and probabilities together, but it is 
defined in terms of error observations instead of error values. Providing 
values to events is accomplished by introducing the concept of random 
variable that, within the scope of uncertainty analysis, is a functional 
relation assigning real numbers to error observations. When a random 
variable   is defined so that it maps each error observation to the actual 
error value coming from a test, it becomes possible to relate   and the 
probability assigning function P  to yield relevant information about the 
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experiments. If an infinite number of trials were conducted,  
different relations between   and P  would constitute continuous 
functions upon which the tools of differential calculus would apply. Two 
of such functions that provide experimental information are the 
cumulative distribution function and the probability density function, 
respectively [9]: 
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The cumulative distribution function, Eq. (1.4), provides the probability 
of an error acquiring a value of   or less, which is why it is mapped to 

the interval  0,1  (the probability of committing any error is unity, 

whereas that of no error is zero). Its derivative with respect to the random 
variable is the probability density function (PDF onwards), Eq. (1.5), 
also named the frequency distribution function. Intuitively, such a 
concept of derivative may be understood as ( )df    being the 

probability of   falling in the interval  , d   . Although any of the 

distribution functions contains the necessary information for 
mathematically acknowledging a random variable, the PDF provides a 
straightforward relation to certain experimental data, as this function can 
be constructed from that data. 

So far, no distinction has been made on the particular nature of the errors 
being treated. Building the PDF of a given experimental error is done by 
following the definition of Eq. (1.5); for a set of subsequent trials, the 
number of times a particular error value is measured is plotted against 
that same value. When normalizing the number of events by the total 
number of trials, and on the limit of taking the number of trials to infinity, 
this procedure results on a continuous function that represents the 
probabilities of measuring those error values, which is precisely the 
definition of  f  . However, requiring subsequent trials for the 

construction of  f   discards any possibility of treating fixed errors in 

such a way, as fixed errors do not manifest themselves on the scattering 
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of a set of consecutive measurements. Instead,  f   addresses random 

errors only, whose specific nature will depend on the order of replication 
considered in the experiments. 

The fact that random errors may be represented by PDFs is 
acknowledged on early reports treating the subject [10, 3]. The choice of 
a particular distribution for describing a random error is done according 
to additional assumptions regarding that randomness. Usually, those 
assumptions lead to three typical random error distributions [9]: 

• A Gaussian or normal distribution (see Fig. 1.3) is used when the 
scattering of the measurements is considered to be of a random  
nature itself: 

    2
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White noise or equilibrium thermodynamic fluctuation measurements, if 
feasible, would enter this group. So would fluctuations of a measurand 
above the resolution of the measuring device. The standard uncertainty 
interval,  , corresponding to a Gaussian distribution is given by [9]: 

 = ,
N

  (1.7) 

being N  the number of measurements, or sampling population. 

 

Fig. 1.3. Schematic of a Gaussian distribution (may not be properly scaled). 
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• A uniform distribution (see Fig. 1.4) is used when the interval of 
possible values is known, but the measurement provides little additional 
information. Being [ , ]a b  the interval of possible values for  : 
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 (1.8) 

 

Fig. 1.4. Schematic of a uniform distribution (may not be properly scaled). 

Again, from [9], the standard uncertainty of a uniform distribution is 
given by: 

 =
2 3

b a 
 (1.9) 

Digital-display equipment is considered to follow this distribution at the 
resolution level of the device. The resolution represents the range 

 b a  of possible values, within which the measured value is known to 

lie. As it is unknown how the device performs the round-off operation, 
the actual value is equiprobable within the range  b a , from which the 

uniform distribution results. 
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• A triangular distribution (see Fig. 1.5) is used when, in addition to the 
range  b a  of possible values of  , the measurand is considered to lie 

closer to the central value of that range: 
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 (1.10) 

 

Fig. 1.5. Schematic of a triangular distribution (may not be properly scaled). 

As for the previous cases, [9] provides the standard uncertainty for a 
triangular distribution: 

 = ,
2 6

b a 
 (1.11) 

where  b a  stands for the range of possible values, as before. 

Triangular distributions are typical for analog-display devices such as 
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calipers or manometers. The actual reading allows discerning the 
indicator’s closeness to the center value, which affects the subsequent 
round-off operation, unlike for digital displays. 

The definition of typical PDFs entails additional statistical concepts not 
introduced so far, such as the parameters   or   in Eqs. (1.6), (1.8). 
Mathematically, those parameters are grouped under the notion of 
moment, which serves to quantitatively describe the shape of a function. 

Formally, the k -th moment of a continuous PDF about a point ̂  is 

defined as [9]: 

    ˆ= d
k

k f    



  (1.12) 

The parameter   corresponds to the centered ( ˆ = 0 ) first moment  

( = 1k ) of a PDF: 

  = df   


 , (1.13) 

and it represents the average value of a given distribution, or the mean. 

The parameter 2  equates to the mean-centered ( ˆ =  ) second moment 

( = 2k ) of a PDF: 

    22 = d ,f    



  (1.14) 

and is known as the variance of the distribution ( 2 = Var ). The 
parameter   itself, which is unit-consistent with  , is termed standard 
deviation, and quantifies the scattering of a distribution around its mean. 
Although higher-order moments provide additional morphological 
information on the distribution, the mean and the standard deviation 
suffice for the purpose of uncertainty analysis. 

Running an infinite number of experiments constitutes an idealization, 
and on practical ground the PDFs are not continuous, but discrete. They 
are obtained not from the entire population that would result from the 
idealized set of infinite experiments, but from the finite sampling space 
that represents the actually undertaken ones. As such, the moments 
obtained from that finite sampling space do not describe the shape of the 
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theoretical PDF faithfully but, rather, constitute estimators of its 
moments. If a sufficiently large number of samples is taken, as may be 
the case for random errors, the estimators will lie close enough to the 
theoretical moments so that the differences can be regarded as negligible. 
Otherwise, as happens for fixed errors, the experimentalist is forced to 
guess the PDF that would result from a hypothetical repetitive pattern of 
those biases. The main difference between single- and multiple-sample 
experiments, at a mathematical level, is to be found here: multiple-
sample experiments are liable to follow a practically discrete, but 
conceptually continuous, PDF, whereas single-sample tests are not. 
However, the point on describing the different replication levels in 
Section 1.5 is to justify that the distinction between fixed and random 
errors is formally relative; in fact, fixed errors may be thought of as 
random errors not been sampled the necessary amount of times to obtain 
a statistically relevant PDF. Written in simpler terms [3]: fixed errors are 
also accepted to own a theoretical PDF similar to random errors. 

With all, the discrete estimators of the mean and the (squared) standard 
deviation are written as follows [9]: 
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The aim of the estimators is to provide the best estimate of a measurand, 
and the magnitude of the error on that estimation. Employing Eq. (1.15) 
as the best estimate is straightforward; agreeing on an estimator for the 
errors, which ultimately stand for each of the X  mentioned in Eq. 
(1.3), is not. The problem with considering the standard deviation as the 
basic uncertainty estimator is that it is inconsistent for errors coming 
from different distributions [3]. That inconsistency is found at the 
definition level. As a data scattering quantifier, the standard deviation is 
to be understood as follows: a value of a unit standard deviation around 
the mean encloses a certain area of the underlying PDF; that area is the 
probability of an error value lying on the range [ , ]     . For the 
typical PDFs in Eqs. (1.6), (1.8) and (1.10), those probabilities are of  
68 %, 58 % and 65 %, respectively (see Figs. 1.3 to 1.5). 
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Usually, the experimentalist asks for higher probability rates. A 
confidence level of 95 % is commonplace when reporting experiments, 
which is to say that, regardless of the PDF, the scattering is quantified 
with a 95 % of probability of finding future error values lying on the 
resulting confidence interval around the mean. The advantages of 
considering uncertainties with such a method are that it homogenizes the 
differences coming from different distributions, allows propagating the 
uncertainties with constant probability to the results, and provides the 
experimentalist with a flexible parameter to play with, namely the 
settable value of the confidence level. Bearing such considerations in 
mind, measurands are meant to be reported on the following manner [3]: 

  = to 1 ,S b    (1.17) 

where   and S  are the arithmetic mean and standard deviation 

estimators, respectively, and the expression  to 1b  stands for the odds 

that the experimentalist would be willing to bet that the error is less than 
S . The parameter b  and the confidence level are related as 

 100= 1 / 1b  , with   being the chosen level. For the case = 95% , 

the previous expression yields = 20b , which provides the odds  20 to1  

for the measurand-reporting expression. In addition to the interpretations 
given so far, such an expression tells that, for consecutive trials of an 
experiment, the error committed in the measurand value, 19 times out  
of 20, is supposed to lie below S . For the typical Gaussian, uniform and 
triangular distributions, the 95%  confidence level uncertainties are 
related to the standard uncertainties expressed in Eqs. (1.7), (1.9) and 
(1.11) by constants, such that 

=0.95
= 2


  , 1.65  and 1.81 , 

respectively. 

Reports [3, 8] show that, if a result can be linearized as in Eq. (1.3), with 
each of the measurands on the expression being independent and 
expressed as in Eq. (1.17), then a quadratic combination of uncertainty 
intervals (with =i iX S ) allows propagating the uncertainties to the 
result with constant probability: 
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With such an approach, fixed and random errors of measurands are kept 
separated until the last step of computing the uncertainty of a result is 
undertaken. Thus, Eq. (1.18) is applied separately for fixed and random 
terms, namely |R fixedS  and |R randomS . The overall uncertainty in a result is 

given as [1]: 

  22
| |= ,R R fixed R randomX S tS   (1.19) 

where |R fixedS  and |R randomS  are calculated from Eq. (1.18). In the original 

formulation, the parameter t  is the Student-t value, which depends on 
the degrees of freedom used in estimating each of the S  factors. For 
relatively large samples ( > 30N ), t  may be assumed to be 2 ; 
otherwise, the Welch-Satterthwaite formula is to be applied [11, 1]. The 
purpose of the Student-t parameter is to account for the difference 
between the statistical parameter (coming from a continuous PDF) and 
its estimator (discrete), as mentioned before. As the 95 % confidence 
intervals already account for that difference, the approach undertaken 
herein does not employ the Student-t parameter, and the formulation 
changes slightly by already introducing the |R randomS  terms with their 

respective 95 % intervals |R randomu : 

  
= 2

| | |
=1

=
i N

R random R random R random i
i

S u S  (1.20) 

As the errors are propagated with constant probability, the Student-t 
parameter is absent in the final expression: 

 2 2
| |=R R fixed R randomX S S   (1.21) 

The treatment of errors developed so far serves to systematically account 
for different sources and their propagation to results. When doing so, it 
is common practice to provide the broadest uncertainty intervals in order 
to keep the measurements as conservative as possible. However, such a 
practice hinders the original purpose of uncertainty analysis: if results 
from different set-ups or facilities are to be compared, shorter uncertainty 
intervals allow for preciser comparisons, easily detecting differences 
among tests and capturing mislead measurements. Thus, the claim made 
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herein is to employ the shortest uncertainty intervals available when 
reporting the measured data. 

1.7. Concluding Remarks 

It has been shown that the growing importance that experimental 
uncertainty analysis has had historically can be tackled by a systematic 
procedure lying on the concept of replication levels. Those levels are 
delimited by the nature of the error sources that enter the experimental 
test. The 0th  replication level considers, merely, the reading-
interpolation error committed at the measuring device’s scope. The 1st  
one adds potential system/sensor interactions, which are accounted for 
by analytical-empirical correlations, and timewise jitters. The broadest 
level, namely the thN  one, encompasses the uncertainties coming from 
possible manufacturing defects or calibration errors. The former two 
levels are calculated by tools coming from the field of statistical 
inference, whereas the latter can only be estimated based on 
manufacturers’ specification sheets. Anyhow, the mathematical strategy 
that backs up the mentioned procedure assumes that the combination of 
different uncertainty intervals is to be performed on a probability-
preserving manner. This means that, when certain measurands are 
combined to yield a derived magnitude, the uncertainty interval of such 
a magnitude is meant to own a confidence level that matches the one that 
the original measurands have. This approach provides a way for building 
a hierarchical classification of magnitudes depending on their functional 
relation to the basic measurands, with the overall set of magnitudes 
owning the same confidence level regarding their particular uncertainty 
intervals. These intervals can be pieced down into a number of 
contributors that, if traced back, correspond to the basic measurands. 
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Chapter 2 

Effective Filtering of Weak Signals: 
Essential Solution for Their Measurement 
and Instrumentation 

Valeri Kontorovich, Zinaida Lovtchikova,  
Carmen Beatriz Rodríguez-Estrello, Fernando Ramos-Alarcón 1 

2.1. Introduction 

Any signal processing algorithms for signal measurement and 
instrumentation entails two steps: first one is to remove (filter) the 
background noise from the input (incoming) desired signal and the 
second one is to perform the corresponding signal processing, for 
example, its detection, measurement, identification, etc. [1, 2]. Though, 
signal filtering plays a fundamental role in that process and it becomes 
challenging if the involved signals are weak (which concretely means a 
Signal to Noise Ratio -SNR less than 0 dB). 

Many studies have dealt with signal filtering of different nature from 
different points of view. Some of these studies have used wavelet 
techniques, which can be considered somehow as Fourier 
Decomposition with variable windows. Wavelet analysis provides good 
performance of weak signals estimation [3, 4] due to its multi-scale 
resolution, particularly for speech signals, however, the use of fixed 
decomposition scales and limited length of wavelet function are 
significant drawbacks of these technique. 

Hilbert-Huang Transformation (HHT) [5] is also a possible solution for 
weak signals filtering. This method is theoretically based on the 
“analytical representation” of the desired signal and its cubic–spline 
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interpolation with analysis of its extrema and zero crossings. HHT might 
be further developed by means of Artificial Intelligence (AI) and results 
of statistical theory, but its application in real time scenarios might be 
difficult. 

In the field of neural networks, several variants have been developed for 
the weak signals detection such as combining neural networks and chaos 
[6], or Deep Learning approach together with chaos modelling (see, for 
example, [7-10]). Sure, they might be rather opportunistic, but not for 
real time applications in practice. 

The central idea of Model Based detection [8] is, that real signals are 
modeled as chaotic signals (i.e. EEG Electroencephalogram, radar sea 
clutter). This strategy, as well as the approach presented in this chapter 
in the following, implicitly takes advantage of the “singular property of 
the signal processing” which naturally follows from the application of 
chaotic modeling of the desired signal. This topic will be explained in 
the outgoing material (see also [11, 12] and references therein). Here it 
is worth to mention that in [8, 13], this singularity is extracted trough 
“stochastic resonance” and “chaotic oscillations” etc., contrary to  
[11, 12], where it directly follows from the properties of dynamic 
equations for the a-posteriori PDF of filtering (see below). 

On the other hand, Derivative-Free Extended Kalman Filter (DFEKF) 
approach [14, 15] tracks the non-linear dynamics of the weak signal 
using a chaotic reference model. Its main feature is that in the inner 
cycles the DFEKF does not imply a linearization step which offers a 
significative gain in processing times with good estimation accuracy. 

Two important inferences are derived from the previous outline. First: 
some of those methods are rather complex for the real time applications 
and second: only those of them based on chaotic modeling of the desired 
signals are efficient for the weak signals case. Starting from these, it is 
worth to think that to improve efficiency in terms of precision of weak 
signals filtering, the problem must be formulated in the sense of a well-
known phenomenon of “singular” solutions. That is, the problem might 
be considered as a one, where the technical result (in our case filtering 
fidelity) is almost independent to the noise intensity [16]1. 

                                                      
 
1 Note that here the term “singularity” means a result almost independent from noise and 
not a magnitude (result) with infinite value 
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Shortly, it means that the problem of weak signals filtering in presence 
of noise must be “shifted” from its “stochastic” formulation to an almost 
“deterministic” one. That is, for effective weak signals filtering, it is 
reasonable to formulate the problem in terms of “stochastic behavior of 
deterministic dynamic systems” which is well- known from physics (see, 
for example, [11, 12, 17, 18] and references therein). So, filtering 
approach based on the theory of dynamic systems [19-21] appears 
directly as one the possible choices of “effective” filtering algorithms. 
Furthermore, if the signals of interest are significantly weak its chaotic 
modeling as an output signals of chaotic attractors seems to be a rational 
way to “approach” the singular properties for its filtering  
algorithms [22, 23]. 

Different from the previous described approaches, in the following, 
dynamic filtering is proposed by adopting a more general (non-linear) 
point of view [11, 12]: signals coming from different types of real 
phenomena are modeled through observable components of chaotic 
attractors1 (generators of deterministic chaos) together with the Additive 
White Gaussian Noise(AWGN) and filtered by the dynamic filtering 
algorithms. Although, previous published papers have dealt with weak 
signals [10, 13, 14], their processing is not addressed from the dynamic 
filtering point of view and therefore, as far as we are concerned, optimum 
or almost optimum (quasi-optimum) solutions are not applied. The 
following material will illustrate the effectiveness of using a dynamic 
non-linear strategy (first introduced in [20, 21]) for filtering. 

Once more it is worth to remind, that in the following the term “effective 
filtering” is used to indicate rather high precision, which is evaluated 
considering values of the Normalized Mean Square Error -NMSE- less 
than 1 %; normalization of the MSE will be considered in relation to the 
variance of the desired input signal. 

It should be noticed that in the regular practice, there might be several 
precision measures corresponding to each specific filtering scenario. The 
use of the NMSE, or RMSE (Root Mean Square Error for non-stationary 

                                                      
 
1 Modeling approach for real phenomena using deterministic chaos has been used for 
more than fifty years and there is a wide range of scientific and practical applications, 
such as: seismology [24-26], statistical theory of communication [16, 19, 27], control, 
geophysics, biomedical telemetry [28, 29] under water signal processing [30] and many 
other areas related to applied physics, as well [17]. 
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scenarios), as a measure of filtering precision (fidelity) is well 
established from the statistical theory [16] and so, it can be considered 
as “universal” because its formal definition is the same irrespectively to 
specific filtering scenarios [1, 2]. Also note, that the case of small values 
of the NMSE it might adequately correspond to concrete practical criteria 
of fidelity [16, 19]. 

The hereafter proposed strategy is considered as “robust” but not in the 
sense used in control theory, where the term “robust” means that the 
filter’s structure is invariant to a priori unknown features of the input 
signals. The proposed chaotic filtering is considered as robust in the 
sense that its fixed structure and its filtering fidelity are almost invariant 
to signals from rather different filtering scenarios, which in the following 
correspond to seismic signals, heart beat signals, voice like signals and 
Radio Frequency Interference (RFI) signals as well. Such invariance 
makes the filtering “ubiquitous” [23]. 

As it was mentioned before the term “weak chaotic signals” will be used 
for the case in which SNR ≤ 0 dB, keeping in mind that chaos modeling 
is applied for different filtering scenarios. Chaos modeling seems to be 
extremely useful here because almost all quasi-optimum filtering 
algorithms (which are formally non-linear, but essentially quasi-linear, 
see below), show rather high precision in the sense of low NMSE (less 
or even equal to 1 %) and exhibit low computational complexity among 
other benefits. These properties, together with its “almost singular 
properties” were broadly discussed in [11, 12], where theoretical proofs 
can be found. 

2.2. Extraction of Some Theoretical Principles  
of Non-linear Filtering of Weak Signals  

2.2.1. Chaotic Modelling and Filtering 

Let us assume that a chaos vector process  tx  can be generated from 

the following Ordinary Differential Equation (ODE) of certain chaotic 
attractor [17]: 

 ( , ),F x tx   (2.1) 
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where the initial condition is   0 ;ot x x   F  is the n-dimensional 

vector function, which for any real time application, is a priori unknown 
together with the initial conditions and needs to be somehow identified 
beforehand. Moreover, one has to notice, that ordinary equation (ODE) 
(2.1) describes a multidimensional fully deterministic dynamic system. 

It is worth mentioning, that the identification problem for  F  has 

attracted a lot of interest in the last decades, but being rather complex 
and it has not been accomplished so far, at least to the author’s 
knowledge(see also for example [31]). 

The reason behind this, is that the recognition of (2.1) is an identification 
of the “inertial vector non-linear dynamic system” which, doesn’t have 
an unique solution and can be formulated only for a previously defined 
class (type) of non-linear systems. The complexity of this task has been 
addressed elsewhere [11, 12, 17, 32] and it will not be considered 
hereafter. In this work, chaotic attractors such as Rössler, Lorenz and 
Chua types [11, 12] are used as examples for  F . 

In [18] the introduction of the so-called additive “process noise” in (2.1) 
is suggested based on the fundamental statements of statistical dynamics 
for deterministic systems related to A. N. Kolmogorov [17]. In this work, 
the approach in [17] is used to neglect the uncertainty effects of the initial 
conditions, at least for real data filtering. By using the proposed approach 
in [18], the equation for strange attractors (2.1) can be transformed into 
the equivalent stochastic form as a Stochastic Differential Equation 
(SDE) [32], which “generates” the n-dimensional Markov stochastic  
process [17, 32]: 

  ( ) ( ),t t x f x   (2.2) 

where  ( )tf x  is identical to  ( )tF x  from (2.1). The influence of a 

weak external source of white noise is denoted by ( );t  the noise 

intensities are given in a matrix form 
nxn

ij      

When the SDE (2.2) is used as a model for chaos, the first strategy that 
comes up is that non-linear filtering of chaotic signals must be found in 
an adequate dynamic representation. This dynamic representation was 
rigorously developed in [11, 12] where its kernel are the Stratonovich-
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Kushner Equations (SKE) [20, 21], etc. As it was shown there, SKE 
describes the dynamic partial differential equation for the a posteriori 
Probability Density Function for the filtered chaos ( )x t . Such kind of a 
posteriori information is exhaustive, as it is the only one, which can be 
obtained from the input signal: 

       ,y t x t n t    (2.3) 

where ( )n t is the AWGN. 

If this generalized approach is used, the information from the received 
aggregate signal has to be incorporated on one moment time instant 
sense, or on several sequential time instants, i.e. for the latter the 
information has to be considered in the block manner by aggregating data 
(see below so-called multimoment processing). 

The concrete form of SKE for one moment case, besides, it is well 
described at [11, 12] and it will be thoroughly described in general way 
for multimoment algorithms in the following. Multimoment algorithms 
are carried out through the generalization of the Stratonovich-Kushner 
Equations (SKE) for the corresponding multimoment data. 

Time evolution or dynamic solution for the a posteriori PDF for x(t), is 
completely described by the SKE but, unfortunately, it does not provide 
exact analytical solutions and moreover is not suitable for real time 
applications. There are very few exceptions: linear SDE (2.2) which 
yields the well-known Standard Kalman filtering (SKF) algorithm  
[20, 27]; for some other examples see also [20, 21]. Due to this 
shortcoming, non-linear filtering algorithm are practically always 
simplified, as quasi-optimum, or even quasi-linear [19, 20]. In practical 
applications quasi-linear filters are always broadly applied (see 
references at [11, 12]). 

For the problem of weak signal filtering, the kernel question lies in the 
“singular” properties of the solution of the SKE (see equations (9) and 
(10) in [12]) for the dynamic ODE for chaos (2.1). There the solution of 
the SKE is “almost tuned” to the deterministic chaos from (2.1) without 
strict dependence to the SNR [11] and it is also an attractive qualitative 
demonstration of singularity needed for effective filtering of weak 
signals! Sure, this statement is almost true for the behavior of the  
quasi-linear algorithms as well [11, 12]. 
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2.2.2. Generalization of SKE for the Multimoment Case 

The following is an illustration of the paradigm of multimoment  
non-linear filtering (complete version can be found at [12, 23], etc.). 

As it was mentioned above, chaos is “generated” by the equation: 

   ,x f x  ,nx R    0 ,ot x x  (2.4) 

where      1 ,...,
T

nf x f x    f  is the differentiable vector function 

and it can be considered as a “degenerated” Markov process from the 
following SDE: 

   ( ),t x f x   (2.5) 

where ( )t  is the vector of “weak” external white process noise with the 

related positively defined matrix of “intensities” .
nxn

ij      

Let us introduce the following notation for the time instants (time 

moments): 21 3..... nt t tt     and   ,    1, .i ix x t i n   Then   
1

n

ix t

forms a vector      1 ,...,
T

nt x t x t   x  and 

   1 1, ,..., ; ,..., ;n n n nt W x x t tW x   ,nW tx  – is an a priori PDF for x(t). 

As it follows from [27]: 

 
    ,

, ,n
i n

i

t
L t

t





W x

W x  (2.6) 

where      
2

1 22

1

2i i i
i i

L K x K x
x x

 
  

 
 is the FPK(Fokker-Plank-

Kolmogorov) operator for a-priori PDF [27] with its local characteristics: 
K1(xi) =  1 ,if x    2

2 .iK x   It is easy to show that by consecutive 

differentiation one can obtain: 
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Certainly, the adjoint operator (see for example [27, 19, 20]) for the 
multimoment case is: 
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 is the adjoint Kolmogorov operator 

to FPK [27]. 

Let us then introduce the a posteriori n-dimensional PDF 
   ps psW t W ty|x, x,  for the multimoment case and repeat formally 

the development for the SKE, but in this case generalized for the “n” 
time case (in the same way as it was done at [20, 21]), one can get: 
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F x y x  (2.11) 

where      1 ,...
T

nt y t y t   y  is the vector of   n

i i
x t  taken from 

     y t x t n t   and  n t is the AWGN with intensity 0.N  
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Analyzing (2.9) by comparing it with the standard form of the  
one-moment SKE, one can see that there is a total “structural” identity; 
obviously classical SKE [19, 20] follows from (2.10), (2.11) for  
one-moment case. 

The same matter takes place for the a posteriori cumulants (see  
[27, 32]), i.e.: 
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 (2.12) 

where r1+ r2+...+rn = k, k = 1,2,… . 

It is somehow obvious, that the algorithms from (2.10)-(2.12) are rather 
complex for implementation in real time regime. So, they must be 
modified to get useful ones for practice as the quasi-optimum solutions 
applying the certain type of heuristics. 

This problem was thoroughly described in the recently published chapter 
[23], where the interested reader can obtain all necessary information. In 
the following some extractions from it will be presented, particularly 
one-moment (1MM) and two-moment (2MM) algorithms for Extended 
Kalman Filtering (EKF). 

2.3. One Moment EKF and Generalized  
(Two-moment) EKF 

In this part the corresponding numerical algorithms of filtering in 
discrete time are presented. 
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2.3.1. One Moment EKF 

Kalman filter allows a rather accurate estimation by assuming that the 
desired signal is generated from a linear dynamical system under the 
influence of AWGN and is optimum for this specific case. 

Extended Kalman Filter (EKF) allows applying the same methodology 
for the case of non-linear dynamical systems by introducing in each cycle 
(one moment processing) an “instantaneous” linearization process 
(Jacobian of the correspondent non-linear equations). 

For the sake of completeness, the discrete version of the Kalman Filter 
is reproduced in the following. The state dynamics in a discrete system 
is given by (see also [19, 20], etc.): 
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  (2.13) 

where kx  represents the state of the system and ky  a measurement of 

the state of the system, 0{ }
k

n  and  k  are independent AWGN 

processes with zero mean and covariance matrixes given by: 

 
k k k
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where kQ  stands for process noise and 0k
N  for measurement noise. The 

prediction and correction cycles of the Kalman filter are given by: 
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where kG  is the so-called Kalman Gain, ˆkx  is the a priori state estimate 

in the k-th update cycle, ˆkx  is the a posteriori state estimate in the k-th 
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update cycle, ,kP  kP  are respectively a priori and a posteriori 

covariance matrix estimates in the k-th cycle, kA  is the linearization (or 

state transition) matrix and kH  is the matrix that relates the measurement 

and the state vector in the k-th cycle assuming absence of noise. 

For the Standard Kalman Filter (SKF) kA  is a fixed matrix for each 

cycle. For the EKF the matrix kA  is updated on each cycle through the 
calculation of the Jacobian: 
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The function  kf x  is assumed to be one of the following for early 

mentioned strange attractors: 
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where    1 0 1
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and ST  is the sampling time. 
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For experimental purposes, real weak signals are modeled using one of 
the chaotic processes (2.16)-(2.18), i.e. which one of the three 
components (x, y or z) is the most suitable as a model; the way in which 
it might be done is well explained at [18]. 

2.3.2. Two-moment EKF 

For the heuristic construction, the idea of “forced” diminishing of a 
posteriori error of filtering applying additional data from the block of 

two-time instants is used (see details at [27, 12, 23]. kP  is estimated to 
improve the a priori covariance matrix. So, the second equation from the 
prediction cycle in (2.16) takes the form: 

  21 ,k k k k kP A P A Q        (2.19) 

here   is the correlation coefficient of two adjacent samples. 

The rest of the equations remain unchanged; then, filtering structure is 
the same for all practical purposes. This allows achieving the benefits of 
the two -moment filtering with the same structure of the one moment 
EKF, i.e. the processing times are almost the same. 

EKF is not a unique option at all but is the simplest one. Some others 
quasi-linear filtering algorithms for chaotic signals, which was found as 
rather opportunistic for real time implementations with 1MM and  
2MM are: 

 Unscented Kalman Filter (UKF); 

 Kalman Quadrature Filter (KQF); 

 Gauss-Hermite Quadrature Filter (GQF); 

 Conditionally optimum Filter, etc. 

All of them are based on the so-called “Local Gaussian Approximation 
Approach for the a posteriori PDF” [12, 19-21]. These algorithms 
certainly show different filtering precision for a fixed SNR and 
completely different computational complexity for a fixed filtering 
fidelity. So, in the selection of a specific filtering algorithm for a concrete 
scenario, the MSE (NMSE, RMSE) together with the computational 
complexity should be used as a possible selecting criterion. 
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It is worth to mention, that the simplest way to get a comparative analysis 
of the above mentioned algorithms in the case of weak chaos filtering is 
in the framework of the so-called stochastic equivalent approximation of 
the observable component of the chaotic attractor, considered as an 
adequate model of the real process for filtering(see below). 

2.3.3. Stochastic Differential Equation of the First Order 
(SDE-1) 

The idea of the stochastically equivalent dynamic system (or SDE) was 
presented for the first time by R. Stratonovich in [21] and extensively 
developed for many real scenarios [32]. Let us provide hereafter with the 
simplified methodology of it. 

Consider a chaotic attractor with certain observable component in 
equation (2.1) together with its stochastic characterization as a model of 
the input data. One might consider a random process, generated by a 
Stochastic Differential Equation of the first order (SDE-1), and name it 
as a stochastic equivalent as long as it has the same Probability Density 
Function (PDF) and the same covariance function as the observable 
component. 

So, if one assumes that the stochastic equivalent (through the solution of 
the scalar SDE-1) is an adequate approach to substitute the model of the 
real phenomena (in the form of an observable component of the 
multidimensional chaotic attractor), then the actual model is [21, 32]: 

 ( ) ( ),x f x K t   (2.20) 

where the local characteristics, here denoted as  2K x  and  1K x  for 

(2.6) are    1 ,K x f x   1K x K  and ( )t  is AWGN with unitary 

intensity [19, 21, 32]1. If the input signal for filtering is: 

 0( ) ( , ) ( ),y t S x t n t    (2.21) 

where  on t  is the AWGN with intensity .oN  

                                                      
 
1 One can see that for the SDE (2.20) the Stratonovich and Ito forms for K1(x) and K2(x) 
are identical. 
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Applying the standard procedure of local Gaussian Approximation 
approach for the a posteriori PDF, the following quasi-optimum filtering 
algorithms can be found [19, 21]: 

 

11

0

2
2

11 11 11
0

ˆ2 ( ) ( , )
ˆ ˆ ˆ( ) [ ( ) ( , )] ,

ˆ ˆ2 ( ) 2 ( )
( ) ,

2

P t S x t
x f x y t S x t

N x

K f x S x
P t P P

x N x


  



        




  (2.22) 

where ˆ( )x t  and  11P t  are the posteriori mean (estimated value) and 

variance (error) of filtering respectively. 

For this case, Taylor series representation for all nonlinearities are 
applied, it also includes the PDF exponent representation (see [32]) and 
is limited to only quadratic terms at the SKE [19, 21]. Applying then the 
well-known standard EKF synthesis procedure [19] for (2.20) and (2.21), 
one can also easily obtain the algorithm described by the equations 
(2.22). 

Now it is worth mentioning, that the difference between the above listed 
algorithms for the Local Gaussian Approximation depends only on the 
way how the localization of the instantaneous estimation of x(t) is 
chosen. 

For the case of high filtering accuracy, where the true value of the filtered 
process almost coincide to its estimation, so all algorithms that apply 
Local Gaussian approximation [11] can be successfully approximated by 
the EKF, because the true value of the filtered process and the reference 
point for application of the Local Gaussian approximation are obviously 
very “close”, so EKF is valid! 

The algorithm described by the equations (2.22) is related to the one-
moment (1MM) regime of filtering which is classical for the EKFIn the 
2MM regime during each cycle, two samples from two instants of time 
are processed in the block matter, so the main parameter for 2MM 
algorithm is “  ”, which is the correlation coefficient between two 

adjacent samples of the processing algorithm. 

One has to notice, that mainly the concept of stochastic equivalence of 
the observable component together with the SDE-1 was used to make 
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our statements in a simple and “friendly” way and to provide 
computationally simple algorithms. 

If the stochastic equivalence in the above presented form cannot be 
applied for the general case of the vector SDE (vector ODE) (2.1), 
because generally speaking the high order statistics (HOS) might play a 
significant role [12], all of the above qualitative comments are true as 

well. The term 
ˆ( , )S x t

x




 at (2.6) has to be substituted by the Jacobian 

matrix, which is usually considered as a “linearization coefficient” at the 
point ˆx x  [21]. Then, the synthesis approach for the filtering 
algorithms (in the framework of the Local Gaussian approximations for 
the a posteriori PDF) can be considered as an instantaneous 
(miscellaneous) linearization approach. 

2.3.4. Computational Complexity 

Computational complexity of the quasi-linear algorithms is crucial for 
the applications addressed in the next section. For the general case, when 
EKF, UKF, GHF and QKF algorithms are applied considering Chua, 
Lorenz and Rössler attractor signals as a source of the desired input 
signals, the computational complexity for the processing is presented in 
the following table, where all operations, additions (subtractions), 
multiplications (divisions), Cholesky decompositions, Jacobian 
calculation (linearization) and nonlinear propagation are taken  
into account. 

From Table 2.1, it can be easily seen that EKF seems to be the simplest 
one, while UKF implies the bigger complexity. However, the 
linearization process performed in EKF by the Jacobian calculation 
involves partial derivatives. For that reason, and depending on the 
mathematical model of the attractor, EKF may not always be the fastest 
algorithm, but it might be the simplest one! Moreover, as it will be shown 
in the following section, the EKF fidelity for weak signal detection might 
be acceptable for all practical cases. Together with the simple theoretical 
analysis, EKF can be considered as an opportunistic approach for real 
applications. It is interesting to mention as well, that for the robust 
(ubiquitous) solution and applications, EKF might be additionally 
modified by some additional heuristics (for example, by 2MM regime). 
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Robust solution for the EKF applications might be found as an 
alternative to the quasi-linear EKF algorithms if a “fixed linearization” 
(with predefined linearization matrix) is used instead of an 
“instantaneous” one. It means that instead of the EKF, the Standard 
Kalman Filtering (SKF) approach is applied (see at [19-21] and recently 
at [33-34]) and obviously some “losses” must be admitted in the filtering 
accuracy for this case. At the same time, it must be considered, that the 
Local Gaussian Approximation of the a posteriori PDF assumes that all 
model components are almost linear and therefore the accuracy losses 
might be rather moderate. 

Table 2.1. Computational complexity. 

 EKF UKF GHF QKF 
Additions 8 50 25 25 
Multiplications 15 77 33 40 
Cholesky decomposition 1 2 2 2 
Nonlinear propagation 0 15 21 6 
Jacobian calculation 1 0 0 0 

 

These filtering assumptions seem to be valid for several practical 
problems such as interference mitigation, seismology, biomedical 
telemetry, etc. For weak chaotic signals, it is possible to consider the 
EKF with “linear” Jacobian matrix, or even SKF instead of the EKF, 
which additionally simplifies the problem. To obtain the linearization 
procedure, i.e. operate with a linear matrix A(t) at (2.1), that comes from 
the linear approximation of the attractor’s model for chaos, the broadly 
applied “System Identification Toolbox” (SIT) in MATLAB, [35] could 
be used. SIT provides a solution for A(t) with the spectral properties of 
the real data. It is worth mentioning, that the way, how the SIT identifies 
the linear matrix A(t) follows from four “canonical representations” for 
the linear systems stated at [19]. 

All this is nothing else but an approximation for the instantaneous 
linearization procedure required by the quasi-optimum filtering using 
Local Gaussian Approximation, but it gives a hope that for a high 
filtering precision: NMSE less, than 1 %; the filtering precision losses 
(by use of the mentioned identification approach) might be moderate and 
rather acceptable for practice (see also results of the experimental set up 
in the following part). 
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Finally: note that the “linearization ideology”, as an approach, is rather 
common for quasi-optimum filtering algorithms with varying input data. 

2.4. Simulation Results and Discussion 

The aim of this section is twofold, and it will be considered separately. 

On one side, the objective is to show that the stochastic equivalent 
approach (SDE-1) is efficient and has good accuracy for filtering 
purposes, taking the sufficiently non-linear Chua attractor (2.20) as the 
most attractive example. 

On the other side, the goal is to illustrate the efficiency of the proposed 
methodology when it is applied to several real world signals, of 
absolutely different physical nature, namely: seismic signals, 
electrocardiogram (ECG) signals, voice-like signals and RFI signals. 
These experimental settings have been associated to non-linear chaotic 
signals [22, 24-26, 28, 36] and very often, the scenario of such kind of 
signals includes a strong AWGN background, and so the desired signals 
are rather weak. 

An experimental real-time test bed was developed, containing block 
generators for the AWGN, the EKF estimation (with their SDE-1 
equivalents), the SKF estimation (with the linearization matrix 
coefficients evaluated from the SIT block) and the real input signals. The 
“Chaos EKF segment” is a discrete implementation of the EKF which 
internally contains the discrete version of the equations for the strange 
attractors of Rössler, Lorenz and Chua. It also performs a linearization 
by calculating the Jacobian in every single processing cycle. For each 
signal setting, one of the attractor components (x, y or z) is fitted as an 
adequate signal model. 

For this purpose first, the sampling time of the chaotic discrete equations 
is varied so as to achieve a “match” between the temporal variations of 
the selected attractor component and the desired signal (make the time 
scales as close as possible). Second, the desired signal is normalized in 
relation to the mean and variance of the attractor component. The 
material of [11, 12] shows that frequently the x-component of the three 
above mentioned strange attractors might be suitable for modelling the 
signals from the experimental settings. 
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The SKF segment is a discrete implementation of the Standard Kalman 
Filter which in this case is tridimensional to make a fair comparison with 
the tridimensional EKF. In this segment the linearization matrix is 
obtained from the experimental signal (seismic, EGG, voice-like) using 
MatLab’s SIT. Matrix evaluation is made offline, calling the MatLab’s 
command “ident”. Once the signal is loaded in the workspace the 
identification is made selecting the option “state space models” [19, 27] 
for the tridimensional case. 

The program offers three estimation options and at the end it yields the 
confidence percentage for the selected estimation option. It was found 
experimentally that the PEM option (Prediction Error Method) gives the 
best confidence for the estimated Matrix. Note that for a fixed scenario 
from the real life, the matrix should be evaluated for each incoming 
signal off line before the signal processing is done (to obtain information 
both a priori and (or) from experimental data) as it is illustrated in the 
Fig. 2.1 by introducing a “virtual” delay “  ”, which means the 
separation in time of the matrix identification and filtering procedure; as 
the signals are stationary the identification made for a large vector signal 
will suffice for any short vector signal. This experimental strategy is 
shown at Fig. 2.1. 

 

Fig. 2.1. Block Diagram of the experimental test bed. 

In the following, experimental results applying the 1MM and 2MM 
filtering strategies are shown. The 2MM strategy requires for its 
processing the correlation between two samples which in our case it was 
set to 0.85.   The 2MM shows better NMSE values as it is expected. 
For the scenario of seismic signals it was not possible to calculate the 
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linearization matrix from the SIT, as the signals are not tractable (limited 
signal durations for the spectral analysis), but, for sure, the SIT can be 
applied for the signals from the constant seismic activity areas. For all 
filtering scenarios a weak process noise value (Q) has been introduced 
(EKF and SKF) to exclude the uncertainty of the initial conditions and is 
indicated in the corresponding tables. 

a) Experiment one. 

This experiment shows the efficiency of the stochastic equivalent  
SDE-1 for filtering. For illustration purposes the intended signal here is 
the x-component of the chaotic attractor from Chua. It is worth noticing 
that upon taking  x t  in (2.20) as the observable component, the 

correspondent PDF is bi-modal due to the function  U   [32]. The 

statistically equivalent SDE-1 for the case of Chua’s x-component can 
be obtained straight forward from (2.8) [11, 12]: 
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 (2.23) 

where p1 = 3.5 and q1 = 1.5. 

Fig. 2.2 shows the result for the NMSE. The dotted line corresponds to 
the SDE-1 filtering according to (2.23) and the continuous line to the 
1MM 3D EKF using (2.18); in both cases the input signal is the Chua’s 
x-component. The reason for doing this is that when one filters the input 
signal (Chua’s x-component) using the Chua’s equations (2.18), it is 
almost the best one can do (quasi-optimum solution) and that’s why it 
gives the most adequate benchmark. From the Fig. 2.2 it is possible to 
see that there are some very moderate losses due to the use of the  
SDE-1 methodology, as it is logically expected, however the NMSE for 
the SDE-1 does not differ to much from the 1MM 3D EKF and so the 
SDE-1 approach offers almost the good accuracy. 

The following examples are devoted to the filtering of real data, which 
obviously differ from the theoretical chaos. The NMSE will increase 
because there is a mismatch between the input signal and the “chaotic 
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signal component” from the filtering algorithm. This “mismatch” as it 
was mentioned above can be “compensated” by introducing a process 
noise with intensity Q, in the filtering structure. 

 

Fig. 2.2. Comparison between SDE method and 3D EKF. 

b) Experiment two: Fetal Electrocardiogram signals (FECG). 

The experimental data were obtained from a database ATM at PhysioNet 
[37]. The signal for this experiment corresponds to a 36 month pregnancy 
heart. For an SNR = -3 dB, Fig. 2.3 shows the original signal and the 
filtered signal using 1MM EKF with Rossler x-component as a model. 
Full results for the NMSE are shown in Table 2.2. 

c) Experiment three: Voice sounds. 

For this experiment sustained vowel sounds were used. These kinds of 
signals are used for voice synthesis procedures [34]. Fig. 2.4 shows the 
snapshot (continuous line) of the vowel sound ¨O¨ (recorded in a 
sustained fashion for 5 seconds at 22050 Hz) and also the filtered signal 
(broken line) using 2MM SKF with its Matrix evaluated with the SIT. 
Almost identical results as in the previous experiments are shown in 
Table 2.3. For this experiment none of the components from the Lorenz 
attractor were suitable as a model for the voice-like signals. 
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Fig. 2.3. Snapshot for signals in experiment 2. 

Table 2.2. NMSE results for experiment 2. 

SNR 0 dB -3 dB -10 dB Processing time 
SKF Q = 0.04 (with matrix from SIT) 
1MM 0.0025 0.0037 0.0078 0.43 s 
2MM 0.0021 0.0032 0.0065 0.89 s 
EKF Rossler x Q = 0.21 
1MM 0.0026 0.0040 0.0098 1.825 s 
2MM 0.0023 0.0036 0.0079 3.503 s 
EKF Lorenz x Q = 0.42 
1MM 0.0029 0.0042 0.010 1.782 s 
2MM 0.0023 0.0034 0.0083 3.59 s 
EKF Chua x Q = 0.075 
1MM 0.0034 0.0053 0.015 1.812 s 
2MM 0.0026 0.0042 0.012 3.61 s 

 

 

Fig. 2.4. Snapshot for signals in experiment 3. 

d) Experiment four: Seismic signals. 

For this experiment a MatLab seismic model assumed for intensive 
seismic zones [23] was used. For an SNR = -3 dB, Fig. 2.5 shows the 
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seismic signal and its filtered version using 2MM EKF with Rossler  
x-component as a model. Full results are presented in Table 2.4. Since 
the seismic signals of limited duration, it was not possible to obtain an 
adequate linearization matrix and so the SKF was not applied for  
this scenario. 

Table 2.3. NMSE results for experiment 3. 

SNR 0 dB -3 dB -10 dB Processing time 
SKF Q = 0.0081 (with matrix from SIT) 
1MM 0.0025 0.0037 0.0079 0.47 s 
2MM 0.0015 0.0024 0.0053 0.95 s 
EKF Rossler x Q = 0.23 
1MM 0.0029 0.0044 0.0124 1.792 s 
2MM 0.0027 0.0039 0.011 3.611 s 
EKF Chua x Q = 0.76 
1MM 0.0031 0.0048 0.0137 1.81 s 
2MM 0.0025 0.0043 0.0130 3.58 s 

 

 

Fig. 2.5. Snapshot for signals in experiment 4. 

Table 2.4. NMSE results for experiment 4. 

SNR 0 dB -3 dB -10 dB Processing time 
EKF Rossler x Q = 0.35 
1MM 0.0048 0.0074 0.0178 1.79 s 
2MM 0.0047 0.0073 0.0135 3.53 s 
EKF Lorenz x Q = 0.135 
1MM 0.0058 0.0093 0.0245 1.807 s 
2MM 0.0054 0.0081 0.0187 3.62 s 
EKF Chua x Q = 0.135 
1MM 0.0057 0.0095 0.029 1.816 s 
2MM 0.0051 0.0084 0.023 3.65 s 
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e) Experiment five: Radio Frequency Interference (RFI) Signals. 

This experiment considers the RFI generated by computing equipment 
[17, 29, 38] that affects the transmission of the information signals. For 
an SNR = -3 dB, Fig. 2.6 shows the RFI signal and its filtered version 
using 1MM SKF with its Matrix evaluated with the SIT. Full results are 
presented in Table 2.5. 

 

Fig. 2.6. Snapshot for signals in experiment 5. 

Table 2.5. NMSE results for experiment 5.  

SNR 0 dB -3 dB -10 dB Processing time 
SKF Q = 0.02 (with matrix from SIT) 
1MM 0.0018 0.003 0.0098 0.51 s 
2MM 0.0015 0.0025 0.0085 0.92 s 
EKF Rossler x Q = 0.2 
1MM 0.0026 0.005 0.019 1.872 s 
2MM 0.0023 0.0036 0.011 3.9 s 
EKF Lorenz x Q = 0.6 
1MM 0.0023 0.0032 0.04 1.76 s 
2MM 0.0016 0.0027 0.0083 3.81 s 
EKF Chua x Q = 0.4 
1MM 0.0034 0.0053 0.035 1.86 s 
2MM 0.0026 0.0042 0.029 3.77 s 

 

The simulation results obtained from the linearization approach, 
applying SIT are presented at Tables 2.2, 2.3 and 2.5. Comparative 
analysis of the data in the tables, allows the following conclusions. All 
the filtering approaches presented above are rather effective, as all of 
them show low values of NMSE. One can notice that for the worst-case 
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scenario (-10 dB), signals are visually impossible to be distinguished 
from noise; however, the NMSE is around 1 % for both strategies (SKF 
and EKF) with either 1MM or 2MM. 

Tables also show the average time (in seconds) required to process  
5000 samples applied for statistical processing, for each filtering 
scenario. One has to notice that the 2MM approach consumes a bit more 
time, than the 1MM algorithm. Second, the use of SKF is faster (almost 
three times) because there is no time consuming for the linearization. The 
processing time together with the filtering complexity and fidelity might 
be considered as “criteria”, while choosing the appropriate filtering 
algorithm for concrete implementations. 

The SKF with the linearization approach as well yielded the best results 
for many cases; the latter once more confirms what was pointed above, 
that for the processing of the quasi-linear algorithms of filtering, the 
influence of the spectral properties of the input data for these algorithms 
prevail over the influence of the “Non-Gaussian” statistics of the data. 

The values of the NMSE, obtained by simulations can be regarded as 
below or equal to the requirements for many cases of the practice. 
Moreover, one can see that the NMSE values are rather close for all 
filtering scenarios, and for the practice it is not so important what model 
of chaotic attractor or linearization matrix from SIT is applied! 

Why it happened?! It is worth to stress, that all the chaotic attractors 
mentioned and applied for modeling of the real data are “generating” 
chaos as quasi-deterministic stochastic process (2.1), (2.3). Therefore all 
quasi-optimum filtering algorithms listed before (including EKF and its 
modifications) that apply chaotic modeling are working in almost 
“singular” regime, i.e. the shape of the a posteriori PDF is “concentrated” 
along the a priori PDF of the desired signal “irrespective” to the value of 
the SNR [19, 20]. That is why it is possible to obtain so low values of 
NMSE for weak signals (SNR less than 0 dB and down to -10 dB). Thus, 
for high filtering fidelity, the linear term of the Taylor expansion for the 
quasi-linear algorithm [11, 12, 27] significantly prevails over the terms 
related to the “nonlinearities” (Jacobian matrix, etc.), i.e. the linear 
approximation is almost “enough”. Sure, the explanation above is 
“qualitative”, but well corresponding to the theoretic development of the 
quasi-optimum algorithms [20, 21]. 
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Chapter 3 

Methodology for Estimating Metrological 
Parameters during Flow Meter 
Calibration and Its Use for Flowrate 
Measurement 

Alcir de Faro Orlando1 

3.1. Basic Concepts  

According to the International Vocabulary of Metrology [1], calibration 
is an operation that, under specified conditions, in a first step, establishes 
a relation between the quantity values with measurement uncertainties, 
provided by measurement standards and corresponding indications with 
associated measurement uncertainties and, in a second step, uses this 
information to establish a relation for obtaining a measurement result 
from an indication. 

According to the same reference [1], repeatability condition of 
measurement is the one that includes the same measurement procedure, 
same operators, same measuring system, same operating conditions and 
same location, and replicate measurements on the same or similar objects 
over a short period of time. 

The calibration procedure of a flowmeter consists in comparing the 
indicated values of the volume flowrate for the reference meter 𝑄 ) and 
for the meter under test (𝑄 , considering that the flowrate fluctuation 
around its mean value is very small, and can be neglected. Theoretically, 
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if a sufficiently long lasting comparison is carried on, the flow meter 
under test can be metrologically characterized by three parameters: 

(a) Meter Factor (MF), which is the relationship between the reference 
meter (𝑄  and meter under test (𝑄  time averaged volume flowrate 
values, for a constant density flow, defining the correction according 
to [1], which means a compensation for estimating a systematic effect 

 𝑀𝐹     (3.1) 

The meter under test repeatability (𝑈 , which is the product between a 
coverage factor (k) (95.45 % confidence interval)) and the root mean 
square error of the meter under test (𝑢  with respect to the time 
averaged value (𝑄 ) 

 𝑢   . ∑ 𝑄 , 𝑄  ,  (3.2) 

 𝑈   𝑘. 𝑢    (3.3) 

(b) The reference meter repeatability (𝑈 , which is the product between 
a coverage factor (k) (95.45 % confidence interval and the root mean 
square error of the reference meter (𝑢  with respect to the time 
averaged value (𝑄 ) 

 𝑢   . ∑ 𝑄 , 𝑄  ,  (3.4) 

 𝑈   𝑘. 𝑢    (3.5) 

The uncertainty of measurement of the meter under test can be  
calculated as 

 𝑈  𝑈 𝑈    (3.6) 

However, in practice, a calibration run cannot take too long, and the true 
time averaged values, must be estimated from a small number of 
measurements. Also, when several runs are used to estimate the 
calibration parameters, the set flowrate fluctuation cannot be neglected 
and its time average value is hardly the same for all runs. Therefore, a 
methodology must be used to estimate the true calibration parameters 
from real test conditions. 
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Many laboratories use a gravimetric type reference meter for calibration 
purposes. The fluid in a pipeline has its flowrate measured by the meter 
under test, integrated over a period of time and directed to a reservoir, 
where it is weighed by load cells. Then, the weights of fluid measured 
by the reference meter and by the meter under test are compared and the 
metrological parameters are calculated. 

A flowmeter type reference meter can be used to calibrate the meter 
under test. In this case, the flowrate measured by both meters can be 
directly compared. 

In this chapter, all uncertainty values refer to 95.45 % confidence 
interval. 

3.2. Calibration of Flowmeters 

The current practice of flow measurement becomes increasingly 
important to the oil and gas sector, particularly to meet national and 
international regulatory requirements, certainly a metrology challenge. 
Hence the need to evaluate and validate transfer standards that can 
reliably be used to calibrate flow meters within a level of measurement 
uncertainty that fully satisfy the needs of professional users. Currently, 
there are many measurement instruments and techniques used for 
measuring flow rate. In the oil and gas industry, differential pressure 
meter (orifice plate, Venturi tube, flow nozzle, Pitot tube); positive 
displacement meters (gear, rotary piston, vane, lobe) and linear meters 
(turbine, vortex, electromagnetic, Coriolis, ultrasonic) are commonly 
used [2]. 

The choice of the flowmeter for a particular application will depend on 
the physical-chemical nature of the fluid, the pipe diameter and levels of 
pressure and temperature of the fluid, whose flow rate is to be measured. 
Other aspects to be considered are related to the pressure drop introduced 
by the meter in the pipeline, the location of the meter installed upstream 
of a straight non-disturbed flow; costs associated with the operation, 
maintenance and implementation of the calibration system and, of 
ultimate importance, compliance with the applicable measurement 
standards and recommendations stated by OIML, the International Legal 
Metrology Organization [2]. 
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Concerning the custody transfer process and the fiscal metering aspects 
of it, another striking factor refers to the metrological reliability of the 
flow meter itself, whose calibration shall take into account the actual 
operating conditions by means of a transfer system which level of 
acceptable uncertainty is pre-defined in specific contracts that must 
reflect the applicable regulation [2]. 

The flow can be measured based on different measuring principles, 
among which the direct method that totalizes the amount of fluid 
discharged in a given period of time. It can also be obtained by using 
indirect means, such as gravimetric and volumetric methods. In the first 
case, the volume of the liquid disposed over a period of time is 
determined by the weight of the drained fluid and knowledge of its 
density, while in the latter, it is determined based on previous calibration 
of controlled volumes used as standard reference values. 

Fig. 3.1 shows a typical loop for a flowmeter calibration. The fluid flows 
from Reservoir A to Back-up Reservoir, the flowrate is registered by the 
flowmeter under test and integrated over a given period of time, resulting 
in the mass of fluid that flows through the meter, which is compared to 
the mass of fluid that flows from Reservoir A and measured by load cells 
placed in its base. The weight of fluid in Reservoir B can be used, 
alternatively, to measure the weight of fluid that flows from Reservoir 
A, by previously determining the ratio between the volumes of fluids in 
both reservoirs when they are interconnected [2]. 

 

Fig. 3.1. Typical loop for a flowmeter calibration [2]. 



Chapter 3. Methodology for Estimating Metrological Parameters during Flow Meter 
Calibration and Its Use for Flowrate Measurement 

73 

Once the gravimetric system (Fig. 3.1) is calibrated to overcome for all 
relevant impacting uncertainties, the system of calibrated reservoirs A 
and B can then be used as a calibrator for liquid flow meters. In this 
schematic, the Back-up Reservoir serves the same purpose of Reservoir 
A. When one is full, the flow can be reversed to the other, allowing the 
fluid to be reutilized. 

3.3. Mass of Fluid Flowing Through the Meter 

The indirect method for calibration of a flowmeter for flowrate 
measurement consists in comparing the mass of fluid flowing through 
the meter over a specified period of time with the indicated value by the 
meter, obtained by integrating the registered flowrate over the same 
period of time. 

The basic principle of this procedure is to weigh the amount of fluid that 
is discharged into the reservoir, after been measured by the meter. 
Therefore, it is necessary to calibrate the reservoir load cell. The most 
common calibration method is to compare the outputs of both reservoir 
and reference load cells. This usually requires high capacity reference 
load cells. 

An alternative method, is to feed the reservoir by several small amounts 
of water in a batch procedure, which have been weighed by a weighing 
instrument, which is the reference for calibrating the reservoir load cell. 

3.3.1. Calibration of Non-automatic Weighing Scales 

OIML R-76-1:2006 [3] defines non-automatic weighing instruments as 
those requiring the intervention of an operator during the weighing 
process. A typical example is that in which a known mass of water is 
manually added to or subtracted from a reservoir to define a reference 
value to be used as a known calibration parameter [2]. 

The calibration of these instruments relies on standard-weights classified 
by OIML Recommendation OIML R-111-1:2004 [4], according to their 
accuracy (classified based on the maximum error associated with the 
nominal value of the standard-weight considered). These reference 
measurement standards are ranked according to the following  
7-step scale: E1 (highest accuracy), E2, F1, F2, M1, M2 and M3  
(lowest accuracy). 
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The mass (m) of an object, with density (ρ) and volume (V), is to be 
measured by a weighing instrument in a place where the acceleration of 
gravity is (g). When it rests on the plate of the weighing scale, 
surrounded by air with density (ρair), a force (F1) is applied downwards 
to its load cell. At the same time, a force (F2) is applied upwards as the 
result of the buoyancy effects. The net force (F) applied to the load cell 
can be expressed by 

 F = F1 – F2,  (3.7) 

 F1 = m.g, (3.8) 

 F2 = ρair.V.g,  (3.9) 

 m = ρ.V, (3.10) 

 𝐹  𝑚 ∙ 1 ∙ 𝑔   (3.11) 

The output from a load cell can be either current or voltage (x). The load 
cell can be calibrated at the manufacturer ‘site, where the acceleration of 
gravity is (gref), by applying a known force (F) to it and measuring its 
output (x). A calibration curve can be obtained by using the least square 
method to several values of the applied force (F) and its related output 
(x). The manufacturers try to select a load cell design that results in a 
linear relationship for a good repeatability of measurement, Eq. (3.12). 
Alternatively, the applied force (F) can be calculated from Eq. (3.11) by 
using a known mass value (m) and the reference acceleration of  
gravity (gref). 

 F = a.x + b  (3.12) 

When measuring mass (m) with the load cell, Eq. (3.12) is used to 
calculate the applied force (F) from the measured current or voltage (x). 
Then, mass (m) is calculated by Eq. (3.11) using the value of the local 
acceleration of gravity (g), where it is being measured. 

Instead of force, many commercially available weighing scales displays 
directly the so called apparent mass (mapp), which is defined as the ratio 
between the applied force (F) and the acceleration of gravity at the 
manufacturer ‘site (gref). Therefore, using Eq. (3.11), 

 𝑚     𝑚. 1 .    (3.13) 
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In Eq. (3.13), fixed values of ρair = 1.2 kg/m³ and ρ = 7800 kg/m³, when 
the calibrating weight (m) is made of cast iron, are the mostly used 
density values. Considering that both density values can vary ± 10 % 
around its average value, the buoyancy factor varies in the  
(0.99985 ± 0.00003) range, thus justifying the use of fixed  
density values. 

When calibrating commercially available weighing scales it is not 
necessary to know the value of the acceleration of gravity (gref) used by 
the manufacturer in the last calibration. 

The calibration of a load cell consists in determining its output as a 
function of the force applied to it, which is considered to be the combined 
effect (F), Eq. (3.7), of the gravitational force (F1) downwards, Eq. (3.8), 
of an object of mass m resting on the plate of the weighing scale and the 
related buoyancy effect (F2) upwards, Eq. (3.9). An apparent mass (mapp) 
can be defined as the ratio between the net applied force (F) and the 
acceleration of gravity (g). 

 𝑚     𝑚. 1   (3.14) 

Several values of the apparent mass (mapp) and the related indicated mass 
value (mind) by the weighing instruments are measured and used in the 
least square method to determine a linear relationship between the two 
parameters, Eq. (3.15). 

 𝑚   𝑐. 𝑚 𝑑   (3.15) 

Therefore, the result of the calibration can be represented as a linear fit 
between the apparent mass (mapp), instead of force, Eq. (3.14), and the 
load cell output (mind), Eq. (3.15). 

Inversely, when the output (mind) of the load cell is measured, the 
apparent mass (mapp) is calculated using Eq. (3.15). Then, mass m is 
calculated using Eq. (3.14). 

Fig. 3.2 shows the results of the calibration of a system that consists of a 
300 kg capacity weighing scale, 0.02 kg resolution, and an auxiliary  
160 L tank (about 75 kg) placed on its plate. Several reference weights 
are sequentially added to it, simulating the measurement of the mass of 
different amounts of water inside the tank. Therefore, the weighing scale 



 
Advances in Measurements and Instrumentation: Reviews, Book Series, Vol. 2 

76 

indicates the mass of the auxiliary tank together with the apparent mass 
of the reference weights. 

 

Fig. 3.2. Curve fit between indicated mass and apparent mass. 

The system was calibrated in the 75 kg to 235 kg range. The lower limit 
corresponds to the condition of no water is inside the auxiliary tank. The 
upper limit corresponds to the condition where the auxiliary tank is filled 
with 160 kg of water. From 1 to 8 calibrated class M1 cast iron weights, 
with a nominal value of 20 kg and uncertainty of ± 0.3 g, were 
sequentially added to its plate. Fig. 3.2 shows a linear curve fit between 
the apparent mass of the reference weights added to the plate and the 
indicated mass by the weighting instrument. The coefficients of the 
linear fit can be seen on the top of the graph. 

The root mean square error with respect to the linear fit was uT = 0.0151 
kg. The coverage factor for a 95.45 % confidence interval was k = 2.181. 
Therefore, the meter repeatability with respect to the linear fit is 

 UT = 2.181  0.0151 = 0.0329 kg  (3.16) 

If n reference weights (xi) are added to the plate, each one with an 
uncertainty of measurement (ui), the total mass (X) can be computed as 

 𝑋  ∑ 𝑥     (3.17) 

According to ISO GUM [5], the uncertainty of the sum of the weights uR 

can be calculated as 

y = 1,005161x ‐ 75,704310
R² = 1,000000
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 𝑢   ∑ 𝑢     (3.18) 

If the uncertainties of all reference weights are equal to u 

 𝑈   𝑘. 𝑢   𝑘. √𝑛.u  (3.19) 

For the maximum amount of water in the auxiliary tank (160 kg),  
8 reference weights (xi = 20 kg, each) are added to the plate, each one 
with an uncertainty of 0.0003 kg, to within 95.45 % confidence interval. 
Therefore, the uncertainty of the sum of the reference weights, in kg, is 

 𝑈   0.0003  √8   0.000849  (3.20) 

According to Eq. (3.6), the apparent mass (mapp) of the weights added to 
the plate can be calculated from the total mass indicated by the weighing 
scale, using the linear fit. The uncertainty, to within 95.45 % confidence 
interval, is 

 𝑈  𝑈 𝑈  

  0.000849 0.0329  = 0.033 kg  (3.21) 

3.3.2. Calibration of the Reservoir Load Cell 

The calibration of the Reservoir A load cell (Fig. 3.1) consists in 
discharging measured amounts of water into it in a batch procedure, 
which are then compared to its output. In the process, an auxiliary 160 L 
tank (about 75 kg, empty) is placed on the plate of a weighing scale and 
filled with different amounts of water. The total mass of the tank and the 
water inside is indicated by the weighing scale. The apparent mass of 
water is calculated from Fig. 3.2, with Eq. (3.15), and the mass of water 
is calculated from Eq. (3.14), considering ρ = 1000 kg/m³, the water 
density [6]. 

For calibrating Reservoir A load cell, the auxiliary tank is sequentially 
filled with water and discharged into Reservoir A in a batch procedure. 
The mass of water in each batch is measured by the weighing scale, 
according to the described procedure. The accumulated mass of water in 
Reservoir A is calculated every time a new batch is discharged into it, 
and the load cell indication is registered. Fig. 3.3 shows a linear curve fit 
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between the two parameters. The direct correlation takes into account the 
buoyancy effect of the water in Reservoir A [6]. 

 

Fig. 3.3. Calibration of Reservoir A load cell [6]. 

The root mean square error with respect to the linear fit was  
uT = 1.15 kg. The coverage factor for a 95.45 % confidence interval was 
k = 2.0483. Therefore, the meter repeatability with respect to the linear 
fit is [6] 

 UT  2.0483  1,15  2.36 kg  (3.22) 

The uncertainty of measurement of each batch of water is U = 0.033 Kg, 
Eq. (3.21). For n batches, the uncertainty of measurement of the 
accumulated amount of water in Reservoir A (UR) is [6] 

 𝑈   𝑈√𝑛 ,  (3.23) 

 𝑈   0.033√𝑛    (3.24) 

Using the Reservoir A load cell indicated value and the linear curve fit 
of Fig. 3.3, the uncertainty of measurement of the mass of water in 
Reservoir A can be estimated by Eq. (3.6). However, it can be shown 
numerically that UR ≪ UT. Therefore, it can be considered that [6] 

 U  2.36 kg  (3.25) 

Fig. 3.3 presents a linear correlation between the mass of water inside 
Reservoir A and its load cell indication. However, when calibrating a 
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flowmeter, the reservoir is not empty, and the mass of water discharged 
into it must be calculated from the difference of the load cell indications 
during the calibration run. According to [5], the uncertainty of 
measurement (𝑈 ) of the difference of the mass of water between two 
load cell indications can be calculated by [6] 

 𝑈   √2 𝑈  3.3 kg  (3.26) 

In order to keep the relative uncertainty of measurement of the mass of 
water in Reservoir A below 0.05 %, it was decided to discharge at least 
7000 kg of water into Reservoir A for a flowmeter calibration [6]. 

3.3.3. Gravimetric Measurement Standards 

Two are the essential issues to be addressed: (a) the technique used to 
measure the required large amount of water and (b) the best accuracy that 
can be attained when a measurement is performed. To answer these 
fundamental questions, the simple gravimetric system comprised by two 
hydraulically connected reservoirs (A and B), both open to the 
atmosphere on their tops, fundaments the analysis discussed below. To 
suit the purpose of the gravimetric system proposed, the internal volume 
of reservoir A is chosen to be much larger than the volume of reservoir 
B, as depicted in Fig. 3.1 [2]. 

When filled with water, and under static conditions, the water level in 
both reservoirs is exactly the same, by the principle of communicating 
vessels . Ideally, if the water density (which is a function of temperature) 
were the same in all points of Reservoirs A and B, the ratio between the 
volumes of water in each side VA and VB would be inversely proportional 
to their average cross-section areas AA and AB. Therefore, if a water 
volume V is transferred to Reservoir A, only a fraction of volume V (say 
𝒗) will flow to Reservoir B, then raising its level by a length Δh, while 
the remaining volume of water 𝑉  will remain in Reservoir A. If the 
volumes occupied by the water in the reservoirs and its density are 
known, the mass of water transferred to Reservoirs A and B can be 
calculated. Therefore, it is necessary to either calibrate the reservoirs or 
weigh the mass of water transferred to both reservoirs. Weighing large 
amounts of water is usually troublesome. That is why the petroleum 
industry prefer to calibrate oil tanks. Capacity tables can be generated 
relating the volume of the reservoir region delimited by its bottom 
section and a horizontal plane at a height h (capacity at height h). Thus, 
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the volume of the oil in the reservoir can be determined from its free 
surface height measurement [2]. 

The capacity tables can be generated from the knowledge of volumes VA 
and VB in Reservoirs A and B at height h, obtained by integrating their 
cross-section areas AA and AB from its bottom to height h, resulting in the 
average cross-section areas �̅�  and �̅� . In general, the cross-section areas 
vary along the reservoir height [2]. 

 𝑉   𝐴 . 𝑑ℎ  �̅� ∙ ℎ,  (3.27) 

 𝑉   𝐴 . 𝑑ℎ  �̅� ∙ ℎ, (3.28) 

 V  𝑉 𝑉   (3.29) 

Solving Eqs. (3.27), (3.28) and (3.29) 

 𝑉  1
̅

̅ ∙ 𝑉 , (3.30) 

Equation (3.30) shows that the capacity of Reservoirs A and B at height 
h can be estimated multiplying the capacity of Reservoir B at height h by 
a geometrical factor, which is calculated adding one to the ratio between 
the average-section areas of Reservoirs A and B. Instead of measuring 
directly the reservoir cross-section areas along their heights, the 
geometrical factor is calculated in this work from direct mass 
measurement of the water transferred to Reservoirs A and B 𝑀  𝜌. 𝑉  
and the water transferred to Reservoir B 𝑚  𝜌. 𝑣 . The volume 
occupied by the water can be calculated from density measurement 𝜌 . 
Starting from the empty reservoir condition, increments of volumes of 
water at a controlled temperature are weighed and systematically added 
into them, continuously totalizing the volume of water transferred to both 
reservoirs 𝑉  and continuously measuring the volume of water 
contained in Reservoir B 𝑉 , generating the capacity table [2]. 

The mass of water inside Reservoir B (𝑀 ), which rests on a weighing 
scale, is calculated by subtracting the previously measured reservoir 
mass from the overall measured mass value. The volume occupied by the 
water (𝑉 ) is calculated by dividing the measured mass of water (𝑀 ) by 
the water density (ρ) [2]. 
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During the meter calibration process with the gravimetric measurement 
standard, the mass of water inside Reservoir B is measured before 
(𝑀 , , at height ℎ ) and after (𝑀 , ,at height ℎ ) the water from the 
meter under calibration has been transferred to Reservoir A. The 
volumes occupied by the water inside Reservoir B (𝑉 , , at height ℎ ) 
and (𝑉 , ,at height ℎ ) are calculated by dividing the measured mass of 
water by the water density (ρ). Using the capacity table, the volumes of 
water inside Reservoirs A and B, and transferred from the meter under 
calibration to Reservoir A, are respectively, 𝑉 , at height ℎ , and 𝑉 , 
at height ℎ . The volume of water transferred from the meter under 
calibration to Reservoir A (V) and the mass of water transferred to 
Reservoir B (𝑣) are given, respectively, by [2] 

 𝑣  𝑉 , 𝑉 , ,  (3.31) 

 𝑉  𝑉 𝑉    (3.32) 

The mass of water transferred from the meter under calibration (M) to 
Reservoir A can be calculated, with the fluid density (ρ) and Eq. (3.32), 
by the expression 

 𝑀  𝜌. 𝑉   (3.33) 

If the reservoir cross-sections were completely uniform throughout their 
heights, the geometrical factor would be constant. It can be shown that 
the mass of water transferred from the meter under calibration (M) would 
be equal to the product between the geometrical factor and the mass of 
water transferred to Reservoir B (m). It would be extremely convenient 
allowing measurement of a “large mass M” to be performed by 
measurements of a much smaller mass m [2]. 

In Eq. (3.30), the ratio between the average cross-section areas �̅�  and 
�̅� , Eq. (3.27) and (3.28), which depends on the height of water level h, 
can be obtained by two measurements: 

 The mass of water (M) that is transferred to Reservoirs A and B, 
measured in several batches with a weighing scale, 300 kg capacity, 
0.02 kg measurement resolution, and uncertainty of 0.033 kg for each 
batch, Eq. (3.21), 95.45 % confidence interval; 

 The mass of water (m) that is transferred from Reservoir A to 
Reservoir B, displacing the water level by Δh, with a weighing scale, 
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32 kg capacity, 0.10 g measurement resolution, and uncertainty in the 
0.20 to 0.47 g range, 95.45 % confidence interval, calibrated using 
the same procedure as before [2]. 

The uncertainty of measurement of the total mass of water transferred to 
reservoirs A and B in n batches can be calculated by Eq. (3.24). 

For a uniformed water temperature throughout Reservoirs A and B, or 
constant water density, the ratio between volume ratios is equal to the 
measured mass ratio. 

Fig. 3.4 shows the schematics of volume measurement by the alternative 
gravimetric system. 

 

Fig. 3.4. Schematics of volume measurement by the alternative  
gravimetric system [2]. 

The ratio between the total volume of water (V) in Reservoirs A and B, 
and the volume of water in Reservoir B (VB), as a function of height h, 
Eq. (3.30), was determined by discharging sequentially 58 amounts of 
water into Reservoir A, each one measured by the 300 kg weighing scale 
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in the 145 kg to 162 kg range, and measuring the mass of water in 
Reservoir B by the 32 kg weighing scale in the 1 kg to 22 kg range [2]. 

For interpolation purposes, when using the gravimetric system for 
measuring the volume of water in Reservoir B and determining the total 
volume of water which flows through the meter under calibration and is 
discharged into Reservoir A, two methods were investigated, (a) A least 
square fit between V and VB, (b) Linear interpolation between two 
neighbouring values of V and VB. 

Initially, a least square fit procedure was tried to interpolate the data, 
resulting in larger uncertainty values than obtained by linear 
interpolation between two neighbouring points. The interpolation 
scheme is described as follows [2]. 

Consider a given volume (v) of water, measured in Reservoir B acrylic 
tube) among two reported values; i.e.: a value surrounded by two 
reported neighbour data points (vi, Vi) and (vi+1. Vi+1). For this situation, 
assuming a linear interpolation [2], one can calculate the correspondent 
volume of water (V), transferred to the gravimetric system, as described 
in Eq. (3.34) 

 𝑉  𝑉 ∙ 𝑉 𝑉    (3.34) 

According to ISO GUM [5], the standard uncertainty can be  
expressed by 

 u   
∙ u ∙ u ∙ u

∙ u ∙ u
, (3.35) 

where the sensitivity coefficients are given by the following  
equations [2] 

   1 ,  (3.36) 

   ,  (3.37) 
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   ,  (3.38) 

   ∙ 1 ,  (3.39) 

   ∙    (3.40) 

Fig. 3.5 shows the expanded uncertainty of the volume of water (V) 
transferred to Reservoirs A and B from volume measurement (v) in 
Reservoir B. 

 

Fig. 3.5. Uncertainty (95.45 % confidence interval) due to interpolations [2]. 

The metrological reliability of the proposed gravimetric system –
assessed through the propagation of all impacting measurement 
uncertainties – falls in the 0.018 % to 0.055 % range, depending on the 
volume of the working fluid transferred throughout the calibration 
process (varying from a minimum of 0.001 m3 to a maximum of  
0.022 m3). Therefore, in order to keep the relative uncertainty below 0.02 
%, the measured volume of water in Reservoir B must be at least  
4 L, which corresponds to 1.5 m3 of water flowing through the meter 
under calibration [2]. 
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When using the gravimetric system for calibrating flowmeters, Reservoir 
B is not empty, and the volume of water transferred from Reservoir A to 
Reservoir B must be obtained from mass measurement at two different 
levels of Reservoir B. According to Eq. (3.26), the overall uncertainty, 
is therefore 0.02. √2 = 0.028 % [2]. 

3.4. Flowmeter Calibration with a Gravimetric Reference 

Positive displacement meters measure the volume of fluid that flows 
through it during a given period of time, in other words, flow rate. The 
volume of fluid that flows through a turbine is proportional to its number 
of turns in a given period of time. Ultrasonic flowmeters measure the 
average velocity along an ultrasonic path. 

Fluid volume can thus be calculated by integrating the indicated flowrate 
over a period of time. The fluid mass can be calculated by the product of 
volume and density. The calibration of a flowmeter consists in 
comparing both calculated and indicated value by a gravimetric system. 

When the working fluid is water, an expression is used [12] for the 
variation of its density with temperature. 

3.4.1. Totalization of the Indicated Flowrate 

The flowmeter output during the flow rate measurement is not a constant 
value for two reasons. Firstly, the turbulent flow is intrinsically a 
transient phenomenon, fluctuating around its average value. Secondly, 
because the output of a flowmeter fluctuates even if the flow is  
absolutely stable. 

The integration of the indicated volume, flowrate output (Q) from a 
flowmeter over a given run time interval (T) results in volume (V) or 
average flowrate (𝑄  over the same run time interval 

 𝑉  𝑄. 𝑑𝑡   𝑄.T   (3.41) 

Two methods are used to integrate numerically a function. 

(a) Trapeze method. It is assumed that the flowrate varies linearly from 
Qi to Qi+1, when time varies from ti to ti+1, in the ith interval, which is a 
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good approximation when the time interval is small. The volume (Vi) in 
this time interval, which is the integral of a linear function with respect 
to time, can be expressed as the area of a trapeze. When the measurement 
time interval is constant, Δti = Δt, and the total volume (V) over the run 
time interval (T), with (n-1) intervals and (n) flowrate values, is [11] 

 𝑉   . 𝑡 𝑡   . 𝛥𝑡 ,  (3.42) 

 𝑉  ∑ 𝑉  ,  (3.43) 

 𝑉  ∑ . 𝛥𝑡    

   𝑄 ⋯ 𝑄 .   𝑄. 𝑇, (3.44) 

 𝑄   𝑄
. .

,  (3.45) 

 𝑄   . ∑ 𝑄     (3.46) 

Eq. (3.45) shows that, when the flowrate fluctuation is small  
(Q1 ≈…≈ Qn ≈ Q), or when the number of flowrate measurements (n) gets 
large, the average flowrate (𝑄) approaches the flowrate arithmetic mean 
value (Qm) over the run time interval (T). The standard deviation (u) of 
the flowrate indicated value (Qi) with respect to the average flowrate (𝑄), 
is [6] 

 𝑢  . ∑ 𝑄 𝑄     (3.47) 

The best estimate of the average volume flowrate (𝑄) can be found by 
minimizing Eq. (3.47), with respect to (𝑄) 

   0,  (3.48) 

 𝑄   𝑄   . ∑ 𝑄     (3.49) 

Thus, the flowrate arithmetic mean value (Qm) minimizes the standard 
deviation (u) of the flow rate indicated value (Qi). Also, when the number 
of flowrate measurements (n) in run time interval (T) gets large, the use 
of Eq. (3.45) indicates the same results [6]. 
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(b) Simpson Method. It is assumed that the flowrate varies according to 
a second degree polynomial that fits three measured neighbouring points 
(𝑄 , 𝑡 ), (𝑄 , 𝑡 ) e (𝑄 , 𝑡 ), in the ith interval, resulting in the 
following expression [11] 

 𝑄  𝑎 𝑏. 𝑡 𝑐. 𝑡    (3.50) 

The volume (Vi) in the ith interval can be found by integrating Eq. (3.50) 
from ti-1 to ti+1, resulting in 

 𝑉   𝑎. 𝑡 . 𝑡 . 𝑡 - 𝑎. 𝑡 . 𝑡 . 𝑡    (3.51) 

(c) Mean Flowrate Method. It is assumed that the mass of fluid 
discharged into the Reservoir A during the run time interval can be 
computed by the product of the arithmetic mean value of the flowrate, 
the average fluid density and the average time interval between two 
neighbouring measured flowrates over the same run time interval, even 
if it varies slightly. 

The total volume (V) of fluid that runs through the meter over the run 
time interval (T) can be found by Eq. (3.43). When calibrating an 
ultrasonic flowmeter (UFM), two values must be compared: 

 Mass of water that flows through the meter, integrating the indicated 
flowrate over the run time interval (MT); 

 Mass of water measured by Reservoir A load cell, over the same run 
time interval (MR). 

When the flowrate is approximately constant, better calibration results 
are achieved. In many laboratories, the fluid circulates in a calibration 
loop after the flowrate has been started. When the fluid flow steady state 
is achieved, the fluid is directed to a Reservoir where the mass of water 
is measured over a run time interval. An alternative method is to start a 
pump for circulating the fluid flow through a pipeline at a specified 
flowrate. The water is discharged into the Reservoir in a variable 
flowrate, which starts from rest until the steady state is achieved and 
returns to rest after some time, at the end of the test. During this test, the 
mass of water discharged into the Reservoir is measured. However, the 
meter indicated flowrate must be integrated over the total run time test 
by the three described methods [6]. 
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An eight path, 4” diameter, ultrasonic flowmeter was tested to verify 
these concepts. The straight pipeline distance between the meter position 
and its entrance was about 90 equivalent length diameters, thus 
indicating that the flow was completely developed. The run time interval 
(T) varied from about 15 min at 40 m3/h flowrate to about 100 min at  
5 ms/h, so that mass of water in Reservoir A was at least 7000 kg. The 
indicated flowrate by the flowmeter (m3/h) was registered every 8 s. At 
the end of the run the registered flowrate profile was carefully examined 
and three (3) regions were clearly identified [6]: 

 Entrance Region, where the flow was accelerated from rest until an 
approximately constant flowrate was achieved, identified as the 
steady state condition; 

 Steady State Region, where the flowrate was approximately constant, 
with more than 96 % of the run time interval; 

 Exit Region, where the flow was decelerated from the steady state 
flowrate value to rest. 

During the whole run duration (T), water was continuously discharged 
into Reservoir A at a variable flowrate, depending on the run region. The 
mass of water was measured by the Reservoir A load cell, which was 
compared to the UFM integrated flowrate profile, using the Trapeze, 
Simpson and Mean Flowrate Methods. Water density was calculated by 
[12] for the measured temperature [6]. 

The integration of the flowmeter indicated flowrate profile in each of the 
three (3) regions results in the mass of water that flows through the meter 
in the entrance region (Min), in the steady state region (Mss) and in the 
exit region (Mout). Therefore, the indicated mass of water (MT) that flows 
through the flowmeter during the run time interval (T) is equal to, 

 𝑀   𝑀 𝑀 𝑀    (3.52) 

A comparison between the calculated values of the mass of water (MT) 
that flows through the meter in the run time interval (T), obtained by 
integration of the flowrate profile, shows, in Table 3.1, that Simpson 
Method is slightly higher than the Trapeze Method, because it takes into 
account a second degree variation between the measured flowrate values, 
mainly in the Entrance and Exit Regions. This conclusion is supported 
by the fact that the difference between the results of the numerical 
integration schemes is larger than the uncertainty of measurement of the 
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mass of water discharged into Reservoir A (3.3 kg), Eq. (3.26). On the 
other hand, the Mean Flowrate Method produces a much lower result, 
and can be considered as an approximate method [6]. 

Table 3.1. Mass of water (MT) that flows through the meter  
in the run time interval (T) [6]. 

Flow rate Reservoir A 
Mass of water (MT) in the run time 
interval (T) 

m3/h Load Cell (MR) Trapeze Simpson Mean Flowrate 
 kg kg kg kg 

5 7551.0 7754.0 7755.9 7743.4 
10 7536.5 7578.5 7580.0 7546.2 
15 7679.3 7714.3 7719.0 7668.4 
20 7594.8 7614.7 7621.4 7558.0 
25 7489.8 7488.4 7497.6 7416.0 
30 7524.8 7541.6 7539.3 7455.2 
35 7384.9 7406.0 7406.6 7319.3 
40 7609.3 7625.7 7638.1 7520.0 

 

Table 3.2 shows that all three integration methods are equally reliable 
for calculating the mass of water in the Steady State Region, where the 
flowrate fluctuation is small, with less than 1 kg differences, which is 
smaller than the uncertainty of measuring the mass of water by Reservoir 
A load cell (3.3 kg), Eq. (3.26). Theoretically, the Simpson method has 
a smaller truncation error for the same integration time interval and 
should be used whenever possible for better integration accuracy [6]. 

A parameter can be defined as the Percentage of the Steady State Region 
(F), expressed as the ratio between the mass of water that flows through 
the meter in the Steady State Region (Mss) and the mass of water (MT) 
that flows through the meter in the run time interval (T) 

 𝐹     (3.53) 

The influence of the Entrance and Exit Regions in the measurements was 
minimized by adjusting the percentage of the Steady State Region to at 
least 96 %, as shown in Table 3.3. 
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Table 3.2. Mass of water (Mss) that flows through the meter  
in the Steady State Region [6]. 

Flow rate Reservoir A 
Mass of water in the Steady State 
Region (Mss) 

m3/h Load Cell (MR) Trapeze Simpson Mean Flowrate 
 kg kg kg kg 
5 7551.0 7.645.1 7645.8 7644.7 

10 7536.5 7.459.5 7459.8 7459.6 
15 7679.3 7.623.4 7624.2 7623.3 
20 7594.8 7.421.8 7421.4 7421.9 
25 7489.8 7.269.5 7269.6 7269.5 
30 7524.8 7.334.8 7335.1 7334.8 
35 7384.9 7.173.5 7174.0 7173.5 
40 7609.3 7.359.8 7359.9 7359.8 

 

Table 3.3. Percentage of the Steady State Region (F) [6]. 

Flow rate Reservoir A 
Percentage of the Steady State 
Region (F)  

m3/h Load Cell (MR) Trapeze Simpson Mean Flowrate 
 kg % % % 
5 7551.0 98.60 98.58 98.73 

10 7536.5 98.43 98.42 98.85 
15 7679.3 98.82 98.77 99.41 
20 7594.8 97.47 97.38 98.20 
25 7489.8 97.08 96.96 98.02 
30 7524.8 97.26 97.29 98.39 
35 7384.9 96.86 96.86 98.01 
40 7609.3 96.51 96.36 97.87 

 

In general, for taking into account the fluid density variation, the meter 
factor (MF), Eq. (3.54), can be defined as the ratio between the mass of 
water discharged into Reservoir A and measured by the load cell (MR), 
and the mass of water that flows through the meter (MT) in the run time 
interval (T). For most commercial meters, the meter factor varies slightly 
with the flowrate. The average flowrate in the Steady State Region can 
be different from its value in the Entrance and Exit Regions. Thus, it is 
expected that the meter factor be also different in the Entrance (MFin), in 
the Steady State (MFss) and in the Exit (MFout) Regions. 
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 𝑀𝐹     (3.54) 

The mass of water discharged into Reservoir A (MRss) in the Steady State 
Region can be estimated with the mass of water that flows through the 
meter in the Steady State Region (Mss). The meter factor in the Steady 
State Region (MFss) can be used to estimate the value that could be 
obtained if the Entrance and Exit Regions were very small, as in many 
calibration facilities 

 MRss = Mss.MFss,  (3.55) 

 𝑀𝐹     (3.56) 

The mass of water discharged into Reservoir A (MR,in-out), in both 
Entrance and Exit Regions, can be estimated from the integrated flow 
profile. In those Regions, the flowrate varies from zero to the steady state 
value, or approximately half this value on the average. Thus, as a first 
approximation, the meter factor (MFin-out) could be defined as the ratio 
between the mass of water (MR,in-out) discharged into Reservoir A in these 
Regions and the mass of water (MT – Mss) obtained by integration of the 
flowrate profile at approximately half the steady state flowrate value, 
which can be different from the steady state value, Eq. (3.56). Thus 

 MR,in-out = (MT – Mss). MFin-out   (3.57) 

The mass of water discharged into the Reservoir A (MR) can be 
calculated by 

 MR = MRss + MR,in-out   (3.58) 

Substituting Eq. (3.58) into Eq. (3.54), using Eq. (3.53) and (3.56), and 
solving for MFss 

 𝑀𝐹   
.

   (3.59) 

From Table 3.1, the Meter Factor, Eq. (3.54), defined as the ratio 
between the mass of water measured by the load cell (MR), and the mass 
of water calculated (MT) by integration of flowrate profile in the run time 
interval (T), is shown in Table 3.4. 

Table 3.5 shows the estimated value of the meter factor in the Steady 
State Region (MFss), Eq. (3.59), as a function of the Meter factor (MF), 
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Eq. (3.54), mass of water discharged into Reservoir A (MFR,in-out),  
Eq. (3.57), in both Entrance and Exit Regions, and the Percentage of the 
Steady State Region (F), Eq. (3.53). 

The meter factor MFR,in-out value used in Eq. (3.59) was obtained from 
Table 3.4 at half the steady state flowrate value in each run. 

Table 3.4. Meter Factor (MF) in the run time interval (T) [6]. 

Flow rate Reservoir A 
Meter Factor (MF) in the run time 
interval (T) 

bm3/h Load Cell (MR) Trapeze Simpson Mean Flowrate 
 kg    

5 7551.0 0.9738 0.9736 0.9752 
10 7536.5 0.9945 0.9943 0.9987 
15 7679.3 0.9955 0.9948 1.0014 
20 7594.8 0.9974 0.9965 1.0049 
25 7489.8 1.0002 0.9990 1.0100 
30 7524.8 0.9978 0.9981 1.0093 
35 7384.9 0.9972 0.9971 1.0090 
40 7609.3 0.9979 0.9962 1.0119 

 

Table 3.5. Meter Factor (MF) in the Steady State Region [6]. 

Flow rate Reservoir A 
Meter Factor (MF) in the run time 
interval (T) 

bm3/h Load Cell (MR) Trapeze Simpson Mean Flowrate 
 kg    

5 7551.0 0.9738 0.9736 0.9752 
10 7536.5 0.9948 0.9946 0.9990 
15 7679.3 0.9956 0.9950 1.0015 
20 7594.8 0.9975 0.9966 1.0050 
25 7489.8 1.0003 0.9991 1.0102 
30 7524.8 0.9978 0.9982 1.0095 
35 7384.9 0.9972 0.9971 1.0091 
40 7609.3 0.9979 0.9962 1.0120 

 

It is shown that the maximum difference between the meter factors in the 
Steady State Region (MFss), Table 3.5, and in all Regions (MT),  
Table 3.4, is less than 0.0003, or about 0.03 %, which is less than the 
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uncertainty of measurement of the mass of water in Reservoir A  
(0.05 %). Thus, it can be concluded that the measurement of the meter 
factor in all Regions (MT) is a good approximation for the measurement 
of the meter factor in the Steady State Region (MFss). 

3.4.2. Calibration of Ultrasonic Flowmeter (UFM) 

An eight path, 4” diameter ultrasonic flowmeter was tested to verify 
these concepts. The run time interval varied from about 15 min at  
40 m3/h flowrate to about 50 min at 10 ms/h flowrate, so that mass of 
water discharged into Reservoir A was at least 7000 kg. The indicated 
flowrate by the flowmeter (m3/h) was registered every 8 s. The Simpson 
method was used to integrate the flowrate profile. The meter factor in the 
steady state region was estimated from measurements of the mass of 
water in all three (3) regions, Eq. (3.59). About 16-18 tests were run for 
each flowrate, from 10 m3/h to 40 m3/h. Naturally, this is not a 
commercial calibration procedure, however it is useful for examining the 
results [6]. 

When running several tests at a selected nominal flowrate it is very 
difficult to set exactly the same flowrate. As a result, the measured 
flowrate of all runs, when they are analysed together, fluctuates more 
than it should be expected if the flowrate were exactly the same. In other 
words, the flowrate repeatability gets artificially worse, which can be 
considered a measurement error [6]. 

This difficulty can be overcome by assuming a proportionality between 
the reference meter (𝑀 ,  and meter under test (𝑀 ,  measured values 
of the mass of fluid, for each the n runs with the same test nominal 
flowrate. The proportionality constant can be identified as a meter factor, 
according to Eq. (3.1) and (3.59). Thus, the following equation can  
be written 

 𝑀 ,   𝑀𝐹. 𝑀 ,   (3.60) 

The least square method can be used to calculate the proportionality 
constant (MF) by Eq. (3.61) and the measurement repeatability (𝑈 ) of 
the mass of fluid by the meter under test, according to [13] 

 𝑀𝐹  
∑ , . ,  

∑ ,  
,  (3.61) 
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 𝑈   𝑘. . ∑ 𝑀 , 𝑀𝐹. 𝑀 ,    (3.62) 

A very good approximation to this method, resulting in very small errors, 
is the use of the meter factor concept, Eq. (3.60), with the assumption it 
has a constant value (MF) in the neighbourhood of the test nominal 
flowrate. The procedure starts by computing the measured meter factor 
for each run (MFi), defined as the ratio between the reference meter 
(𝑀 ,  and meter under test (𝑀 ,  measured values of the mass of fluid 

 𝑀𝐹   ,

,
,  (3.63) 

 𝑀𝐹  . ∑ 𝑀𝐹     (3.64) 

For small fluctuations, Eq. (3.60) and Eq. (3.64) calculate, with small 
error, the same value for the meter factor, assumed to be constant in the 
neighbourhood of the mean flowrate value. Therefore, the meter factor 
value can be calculated by both equations. Then, integrating Eq. (3.60), 
the following equation is obtained 

 𝑀   ,  (3.65) 

where the arithmetic means of the indicated values of reference meter 
(𝑀  and of meter under test (𝑀  are the best estimates of the measured 
mass of fluid in n runs. 

 𝑀   . ∑ 𝑀 ,  ,  (3.66) 

 𝑀   . ∑ 𝑀 ,     (3.67) 

The meter factor repeatability (𝑈 ) can be calculated by 

 𝑈   𝑘. . ∑ 𝑀𝐹 𝑀𝐹     (3.68) 

The relationship between the meter factor repeatability (𝑈  and the 
measurement repeatability (𝑈 ) of the mass of fluid by the meter under 
test can be obtained by propagating the uncertainty [8], using Eq. (3.65), 
and the reference meter repeatability (𝑈  
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      (3.69) 

If the reference meter repeatability has a small value, the following 
expression can be written as  

     (3.70) 

The measurement repeatability (𝑈 ) of the mass of fluid by the meter 
under test can be calculated by both Eq. (3.62) and Eq. (3.70), and the 
difference is very small, Fig. 3.6. 

 

Fig. 3.6. Calibration of UFM at several flowrates [6]. 

The result of the calibration can be expressed in terms of several 
parameters, shown in Table 3.6. 

Table 3.6. Results of the calibration of an ultrasonic flowmeter (UFM) [6]. 

Flowrate MF 𝑼𝑴𝑭 𝑼𝑹 𝑴𝑹⁄  𝑼𝑻 𝑴𝑻⁄  
mᶟ/h   % % 

39.05 0.9972 0.0056 0.05 0.57 
34.84 0.9984 0.0048 0.05 0.48 
30.67 0.9988 0.0040 0.05 0.40 
25.30 0.9982 0.0046 0.05 0.46 
20.02 0.9988 0.0046 0.05 0.46 
15.08 0.9985 0.0048 0.05 0.48 
10.15 0.9980 0.0072 0.05 0.72 
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3.4.2.1. Minimum Number of Runs to Estimate Repeatability  
with Confidence 

The most important part of the calibration procedure is to estimate the 
true measurement value and its repeatability from a small number of 
measurements. Firstly, the best estimate for the true value is the 
arithmetic mean of measurements, which approaches the true value for a 
large number of measurements. Secondly, the repeatability of 
measurements can be estimated from Eq. (3.3), assuming that the  
t-student value is good approximation for the k parameter. It approaches 
2 for 95.45 % confidence interval and normal statistic distribution. 
Therefore, the key issue is to estimate the number of measurements 
needed to estimate both true value and repeatability to within an  
accepted error. 

The usual procedure is to calculate the average meter factor and its 
repeatability for 3 runs, as representative of the respective true values. 

In the proposed procedure, an additional test is run and the results are 
added to the already existing data set for calculating new values of the 
average meter factor and its repeatability with the already increased 
number of runs. Sequentially, new tests are run and the same calculating 
procedure used to produce values of the meter factor repeatability as a 
function of the number of runs with the same time interval [6]. 

Fig. 3.7 shows that the use of the three (3) run scheme overestimates the 
meter factor repeatability. After about 10 runs, an approximately 
constant value is achieved for the meter factor repeatability and no 
additional test is needed to estimate its value with confidence [6]. 

 

Fig. 3.7. Meter Factor repeatability as a function of the number of runs [6]. 
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The same procedure can be used to optimize the run time interval. 
Sequentially, several tests are run for each flowrate to produce values of 
the meter factor repeatability as a function of the number of runs with 
different time intervals [6]. 

3.4.2.2. Stability of Fluid Flow 

The measured flowmeter repeatability gives different results according 
to the stability of the fluid flow. When the fluid flows through a 
circulating pump of a calibration loop, a small fluctuation may be 
introduced into the flow, thus increasing artificially the flowmeter 
repeatability value that would be measured in undisturbed flows, which 
can be considered a measurement error. Applying the Fast Fourier 
Transform (FFT) to the flowmeter output signal, it is possible to identify 
the fundamental frequency, which is proportional to the main fluid flow, 
and other harmonics, due to noise, that includes perturbation of the fluid 
flow, together with the amplitude of each one. 

The influence of the flow perturbation on the measured repeatability 
value can be assessed for defining modifications, when smaller 
repeatability values are required. Fig. 3.8 shows the results obtained by 
a commercially available oscilloscope [6]. 

 

Fig. 3.8. Fast Fourier Transform (FFT) applied to the flowmeter  
output signal [6]. 

The Fast Fourier Transform (FFT) of the output signal from the 
ultrasonic flowmeter (UFM) shows the existence of a perturbation of the 
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fluid flow, characterized by different frequencies and amplitudes, 
besides the generated fundamental frequency, which is proportional to 
the main fluid flow, thus increasing artificially the repeatability value of 
the measured flowrate. This information can be helpful to justify a higher 
uncertainty of measurement value and to indicate ways of stabilizing the 
fluid flow. 

3.4.2.3. Influence of Fluid Viscosity on Ultrasonic Meter 
(UFM) Calibration 

According to [7] a measuring system shall exclusively be used for 
measuring liquids having characteristics within its rated operating 
conditions, as specified in the type approval certificate. The rated 
operating conditions of a measuring system shall be within the rated 
operating conditions of each of its constituent elements (meters, gas 
elimination devices, etc.).Therefore, the flowmeter calibration should be 
performed in the same flowrate and viscosity range of the fluid flow in 
the pipeline. 

It is shown by the hydrodynamics theory that the ratio between the 
average velocity, as measured by the ultrasonic flowmeter (UFM) along 
its ultrasonic path, and the cross section average flow velocity is only a 
function of Reynolds number for completely developed flows in smooth 
pipes [8]. Many manufacturers calibrate a new meter after production 
under this principle and use the data as a fingerprint for future 
measurement purposes. Alternatively, available correlations in the 
literature are used, thus avoiding time consuming calibrations, if larger 
uncertainty of measurement values are allowed [8]. An ultrasonic 
flowmeter (UFM) was calibrated in a European Calibration Laboratory 
for different flowrates and viscosities [8], so that this principle could be 
verified. The differences between the indicated values by the reference 
and under test meters were analysed by available statistical 
methodologies, [8] and [9]. The conclusion was that they could be 
justified in terms of the overall meter measurement uncertainty and not 
due to a systematic error of other possibly impacting parameter, but 
Reynolds number. Therefore, when using the calibration certificate for 
correcting the indicated flowrate by the ultrasonic flowmeter (UFM), the 
flow Reynolds number must be used for interpolation purposes in the 
calibration Reynolds number range. 
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For calculating the mass flowrate from the indicated volumetric flowrate 
by the ultrasonic flowmeter (UFM), the fluid density was  
calculated by [10]. 

Figs. 3.9 - 3.14 show that all meter factor errors are within  0.20 %, the 
uncertainty of measurement. 

 

Fig. 3.9. Meter Factor Error. Calibration Fluid: WATER [8]. 

 

Fig. 3.10. Meter Factor Error. Calibration Fluid: OURAL [8]. 

 

Fig. 3.11. Meter Factor Error. Calibration Fluid: CONDENSAT [8]. 
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Fig. 3.12. Meter Factor Error. Calibration Fluid: FUEL [8]. 

 

Fig. 3.13. Meter Factor Error. Calibration Fluid: HEAVY OIL [8]. 

 

Fig. 3.14. Meter Factor Error. All calibration fluids [8]. 

3.5. Flowmeter Calibration with a Non-gravimetric 
Reference 

3.5.1. Calibration of a CLAMP ON type Ultrasonic Flowmeter 

In many industrial applications, the fluid flow through pipelines is 
turbulent, typically a transient regime, although the time averaged 

-0,40

-0,20

0,00

0,20

0,40

0 2000 4000 6000 8000 10000M
e

te
r 

F
a

c
to

r 
E

rr
o

r 
(%

)

Reynolds Number

Calibration Fluid : FUEL (186 cSt)
D = 600 mm

-0,40

-0,20

0,00

0,20

0,40

0 1000 2000 3000 4000 5000 6000M
et

er
 F

ac
to

r 
E

rr
o

r 
(%

)

Reynolds

Calibration Fluid : HEAVY OIL (271 cSt)
D = 600 mm

-0,40

-0,20

0,00

0,20

0,40

0 1000 2000 3000 4000 5000 6000M
et

er
 F

ac
to

r 
E

rr
o

r 
(%

)

Flowrate (mᶟ/h)

Flowrate versus Meter Factor
D = 600 mm



Chapter 3. Methodology for Estimating Metrological Parameters during Flow Meter 
Calibration and Its Use for Flowrate Measurement 

101 

flowrate becomes approximately constant after long periods of time. The 
objective of a calibration procedure is to determine this value and its 
uncertainty of measurement, by comparing the outputs from the meter 
under test and from the reference meter. 

The usual procedure is to run several sufficiently long duration tests, so 
that the approximately constant value is achieved for each flowrate, and 
to estimate its repeatability, and thus the uncertainty of measurement, by 
methods described in Section 3.4. A similar procedure can be used to 
estimate the minimum run time interval necessary to properly estimate 
the repeatability of measurement. 

When the reference meter is not of the gravimetric type and measures 
directly the flowrate, a procedure can be used to determine the minimum 
run time interval for sufficiently large number of runs (at least 15 to  
20 runs), which was investigated by Section 3.4.2.1, to estimate properly 
the repeatability of measurement. 

The calibration of a non intrusive clamp on type ultrasonic meter 
(CLAMP ON) was performed [6], using an intrusive ultrasonic 
flowmeter (UFM) as a reference meter, which was metrologically 
characterized, as shown in Table 3.6. 

The circulating water flowrate was set at 10, 15, 20, 25, 30, 35 e 40 m³/h 
nominal values, and a single long duration (at least 900 s) test was run 
for each flow condition. Indicated values by the CLAMP ON and UFM 
meters were registered every 2-3 s in the Entrance, Steady State and Exit 
flow regions. 

The data were analysed only in the steady state region, which was 
carefully identified from the output report at the end of each test. The 
meter factor was then calculated, Eq. (3.63), for all registered instant of 
time (N), taken every 2-3 s by the data acquisition system, summarizing 
more 300 than values. The meter factor repeatability was calculated with 
all N values, representing the value that would result from N test runs, 
each one with Δt = 2-3 s run time interval. 

Then, for simulating longer run time intervals with the acquired data, sets 
of k meter factors were sequentially selected from the total number N, 
representing Nk = N/k test runs, each one with a (k-1).Δt run time interval. 
The number of simulated runs Nk was sufficiently large (at least 15-20) 
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so that only the influence of the simulated run time interval could be 
investigated to estimate properly the repeatability of measurement. The 
average meter factor value (MFi) was calculated and shown in Fig. 3.15. 

 

Fig. 3.15. CLAMP ON Calibration. Meter Factor repeatability [6]. 

The meter factor repeatability in the Steady State Region was calculated 
with Nk average meter factor values, considering, as a first 
approximation, its arithmetic mean value, although other schemes can be 
used for refining the results. Table 3.2 shows that the mass of water in 
the Steady State Region, calculated by all three methods, Trapeze, 
Simpson and Mean Flowrate Methods is approximately the same, to 
within less than 1 kg (0.015 %), because the flowrate fluctuation is small, 
thus justifying the use of the Mean Flowrate Method for being simpler. 
A graph can be prepared, showing the meter factor repeatability as a 
function of the number of k meter factor values in each interval. It can 
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interval) there is no need of increasing the number of runs because the 
meter factor repeatability approaches an approximately constant value, 
which was used in Table 3.7 (𝑈 𝑀𝐹⁄ ) for estimating the uncertainty 
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Table 3.7. Meter Factor (MF), Repeatability (𝑈 𝑀𝐹⁄ ),  
Uncertainty (𝑈 𝑀⁄ ), [6].  

Flowrate 𝑼𝑹 𝑴𝑹⁄  MF 𝑼𝑴𝑭 𝑴𝑭⁄  𝑼 𝑴𝑻⁄  
mᶟ/h %  % % 
40 0.57 1.034 1.00 1.15 
35 0.48 1.033 1.21 1.30 
30 0.40 1.031 1.15 1.22 
25 0.46 1.028 1.10 1.19 
20 0.46 1.026 0.71 0.85 
15 0.48 1.025 1.24 1.33 
10 0.72 1.047 2.54 2.64 

 

3.5.2. Calibration of a Turbine 

A turbine meter is a positive displacement device that measures the 
volumetric flow rate of a fluid as it moves through its wheel body, which 
rotates as a function of the displaced volume. A pulse is generated at 
every turbine revolution. By counting the number of pulses per unit time 
it is possible to calculate the volumetric flow rate of the fluid (Q), which 
multiplied by the fluid density (  ) results in the mass flow rate  

( m ), [14] 

 �̀�   𝜌. 𝑄  (3.71) 

It is usual to express the volumetric flow rate at reference temperature 
and pressure conditions, respectively, T0 = 293.15 K (20 °C) and  
P0 = 101325 Pa. This means that a correction must be made to convert 
the real fluid volume (V), at measured temperature (T) and pressure (P), 
to the reference conditions (V0), by using the real gas law, [14] 

 𝑉   𝑉. . . ,  (3.72) 

where Z and Z0 are the compressibility factor, for, respectively, measured 
and reference conditions. When measuring the flow rate with the turbine, 
the ratio between volumetric flow rate at reference conditions (Q0) and 
at real conditions (Q) can be expressed by, [14] 

      (3.73) 
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Also, the mass flow rate at the reference and real conditions are equal 

 
0 0. .m Q Q     (3.74) 

During the calibration, both test and reference turbines are installed in 
series. Therefore, the fluid mass flow rate is the same for both. However, 
the test turbine may be indicating a slightly different value. A meter 
factor (MF) is then defined as the ratio between the mass flow meter at 
the reference turbine (�̀� ) and at the test turbine (

Tm ). Using Eq. (3.72), 

(3.73) and (3.74), [14] 

 𝑀𝐹  
̀

̀
  . . . ,  (3.75) 

  k.

, ,

, , , ,
 (3.76) 

Using Eq. (3.75), the Meter Factor repeatability (U MF) can be written, 
Eq. (3.76), [14]. 

A turbine calibration procedure is described in [14], and follows the 
methodology used for turbine type approval, [15]. Atmospheric air is 
used as a calibrating fluid, although natural gas can also be used [16]. 
The turbine test must be calibrated at least in 6 flowrate values between 
the minimum flowrate (Qmin) and the maximum flowrate (Qmax): Qmin,  
0.1 Qmax, 0.25 Qmax, 0.4 Qmax, 0.7, Qmax and Qmax From the measured air 
temperature and pressure for both reference and test turbine, the 
measured volumes are corrected to reference conditions, 20 °C and 
101325 Pa [14]. 

For initial verification purpose, three (3) measurements must be made 
for each flowrate, to check the repeatability of results. The maximum 
difference between any two (2) out of three (3) measurements, made for 
each flowrate larger than the critical one, must be smaller than ± 1 % 
with respect to the reference turbine volume, The average value is 
representative of the flow rate and the test turbine is considered to be 
approved if this condition is met [14]. 
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The turbine calibration consists in comparing the indicated values of the 
turbine under test and the reference turbine, during a selected run time 
interval (T). Section 3.4.2.1 describes a procedure to determine the 
minimum number of runs that is necessary to estimate the meter factor 
repeatability with confidence. Instead of using this procedure, many 
calibration laboratories use the proven volume methodology, in which 
the reference turbine displaced volume over a run time interval (T), 
obtained by integration of its measured flowrate, is selected to estimate 
the meter factor repeatability with confidence. The run time interval (T) 
is variable and depends on the flowrate and proven volume [14]. 

A 6” diameter pipeline air closed loop was used to supply data for 
comparing the outputs from the turbine under test and reference turbine, 
and thus calculating the meter factor by Eq. (3.75), using average 
flowrate values for both meters, calculated from integration of the 
flowrate. For each flow rate, in the 0-800 m³/h range, 10 to 20 runs were 
made to determine the meter factor repeatability. Table 3.8 specifies the 
proven volume for each run and flowrate [14]. 

Table 3.8. Proven volume and flowrate [14]. 

Proven Volume (m³) Flowrates (m³/h) 
  

10 90, 180, 270, 360, 450, 540, 630, 720 
20 90, 360, 450, 630 
30 90, 360, 450, 630 
40 90, 225, 270, 360, 450, 540, 630 

 

Figs. 3.16 to 3.19 shows the meter factor repeatability for different 
proven volumes. Following Section 3.4.2.1, n runs, taken sequentially 
from the whole set of tests (10 to 20 runs), were used to calculate meter 
factor average value and repeatability. 

Figs. 3.16 to 3.19 show that at least 7 runs are necessary to obtain an 
approximately constant meter factor repeatability value. In principle, no 
more runs are needed to estimate the meter factor repeatability value with 
confidence. In all those runs, the run time interval (T) can be calculated 
as the ratio between the proven volume and the flowrate, which is shown 
in Table 3.11. 
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Fig. 3.16. Meter Factor Repeatability (UMF) as a function of number  
of runs [14]. 

 

Fig. 3.17. Meter Factor Repeatability (UMF) as a function of number  
of runs [14]. 

 

Fig. 3.18. Meter Factor Repeatability (UMF) as a function of number  
of runs [14]. 
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Fig. 3.19. Meter Factor Repeatability (UMF) as a function of number  
of runs [14]. 

The methodology described in Section 3.5.1 can also be used to estimate 
the meter factor repeatability with confidence. Table 3.9 shows  
the results. 

Table 3.9. Meter Factor Repeatability [14]. 

Meter Factor Repeatability (UMF/MF), (%) 
Volume Flowrate (m3/h) 

m3 90 180 225 270 360 450 540 630 720 
10 0.25 0.33  0.33 0.28 0.28 0.31 0.30 0.28 
20 0.29    0.15 0.15  0.13  
30 0.23    0.15 0.18  0.15  
40 0.15  0.13 0.14 0.08 0.09 0.08 0.10  

 

The uncertainty of flowrate measurement with the turbine under test can 
be estimated from Eq. (3.69). The reference turbine was calibrated in a 
laboratory with an uncertainty of UR/QR = 0.32 %. 

Table 3.10 shows that the maximum uncertainty of flowrate 
measurement with the tested turbine is 0.46 %, when using a proven 
volume of 10 m3, which should be avoided if lower uncercentainty of 
measurement is desired. Table 3.11 shows the run time interval (T), in 
seconds, for each run, calculated as the ratio between the proven volume 
and the flowrate. It can be seen that if small run time intervals (T) are 
chosen, the uncertainty of flowrate measurement is overestimated. 
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Table 3.10. Uncertainty of flowrate measurement (U/QT), (%). 

Uncertainty of Flowrate Measurement (U/QT), (%) 
Volume Flowrate (m3/h) 

m3 90 180 225 270 360 450 540 630 720 
10 0.41 0.46  0.46 0.43 0.43 0.45 0.44 0.43 
20 0.43    0.35 0.35  0.35  
30 0.39    0.35 0.37  0.35  
40 0.35  0.35 0.35 0.33 0.33 0.33 0.34  

 

Table 3.11. Run time interval (T), (s). 

Run Time Interval (T),(s) 
Volume Flowrate (m3/h) 

m3 90 180 225 270 360 450 540 630 720 
10 400 200 160 133 100 80 67 57 50 
20 800 400 320 267 200 160 133 114 100 
30 1200 600 480 400 300 240 200 171 150 
40 1600 800 640 533 400 320 267 229 200 

 

3.6. Selecting the Reference Meter 

When a meter is metrologically characterized it can be considered a 
reference meter to be used in calibrations. Its uncertainty of measurement 
impacts directly the uncertainty of measurement of the meter under 
calibration. Therefore, the choice of a reference meter is directly related 
to the uncertainty value to be accepted during measurement. 

Defining x as the ratio between the reference meter and meter under test 
uncertainty of measurements, and substituting in Eq. (3.6) 

 UR = x.UT,  (3.77) 

 𝑈  𝑥. 𝑈 𝑈   √1 𝑥 . 𝑈   (3.78) 

If x = 0.1, then U = 1.005 UT, In other words, if the reference meter 
uncertainty of measurement (UR) is 10 % of the meter under test 
repeatability (UT), the meter under test uncertainty of measurement (U) 
is approximately equal to its repeatability (UT), with an error of 0.5 %. 
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When calibrating meters, the ratio (x) between the reference meter and 
meter under test uncertainty of measurements is in the following ranges: 

 x ≪ 1. Best calibration results are achieved, as shown in Table 3.6. 
The reference meter uncertainty of measurement does not have to be 
taken into account when estimating the meter under test uncertainty 
of measurement; 

 x ≈1. This occurs in many flowmeter calibrations. The reference 
meter uncertainty of measurement must be taken into account when 
estimating the meter under test uncertainty of measurement, as shown 
in Table 3.7; 

 x ≫ 1. The contribution of the repeatability of the meter under test 
for estimating its uncertainty of measurement is small, as shown in 
Table 3.10. This occurs when the meter under test is much better than 
the reference meter, which should be avoided, although allowed, and 
degrades its metering characteristics. 

Thus, it is important to check the repeatability of the calibrating meters. 
The results can eventually include the stability of the fluid flow and its 
influence on the meter performance. The possibility of using a rotary 
meter as a reference meter for calibrating a CLAMP ON meter was 
investigated, using water as the fluid flow [6]. The indicated flowrate of 
both meters, installed in series in a closed loop, was registered every  
2.5 s. Following the procedure described in Section 3.5.1, the 
repeatability of both meters was estimated, under completely developed 
flow condition (54 pipe diameters equivalent straight pipe length), for  
20 mᶟ/h flowrate. It can be seen that the repeatability of both meters are 
of the same order of magnitude, Fig. 3.20. For estimating the uncertainty 
of measurement of the CLAMP ON meter, the rotary meter repeatability 
was supposed to be its uncertainty of measurement, without considering 
the reference meter uncertainty of measurement. 

Table 3.7 shows the value of the uncertainty of measurement of the 
CLAMP ON meter for a 20 mᶟ/h flowrate, using as reference an 
ultrasonic flowmeter (UFM), which has a lower uncertainty of 
measurement. Because of the fact that the rotary meter has a larger 
uncertainty of measurement (1.26 %) than the UFM (0.46 %), its use as 
a reference meter increases the CLAMP ON uncertainty of 
measurement, as shown in Fig. 3.21. 
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Fig. 3.20. Flowrate repeatability for different flowmeters [6]. 

 

Fig. 3.21. Uncertainty of measurement of CLAMP ON meter using  
the Rotary meter as Reference. 
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Flowrate Values 
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calculation, recommended by the main standards [7], specify that the 
meter must be calibrated for about 6 or 7 flowrate values, with several 
measurements each, along its measurement range. By the prior reading 
of calibration certificates, as well as the guidance standards, the number 
of three readings to evaluate the meter repeatability appears to be the 
most widely adopted by many laboratories. This chapter (Section 
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3.4.2.1) presents a methodology for determining the minimum number 
of runs necessary to estimate the repeatability of the results with 
confidence. Through actual calibration certificates, a post-processing of 
the results is done, landing on the outcome of flowrate measurement 
uncertainty in [17]. 

Moreover, not always it would be able to match the points calibrated to 
the meter operational range. Often, the values to be measured by the 
flowmeter under test are not the same checked during calibration, and 
these results will be useful only if interpolating procedures to estimate 
these values are used [17]. 

Assuming a linear flowrate variation between two neighbouring 
calibration certificate flowrate values, this chapter (Section 3.3.3) 
presents a methodology for estimating the actual flowrate and its 
uncertainty of measurement from meter indicated values, using the 
calibration certificate. The closer the neighbouring values are, the more 
precise will the estimated parameters for the interpolated flowrate. 

The aim with a second uncertainty model is to infer the uncertainty of 
the calibration results by adjusting a curve to the data of the certificate 
using the ordinary least square method for estimating the curve 
parameters and the uncertainties [17]. The procedure is based on the 
estimated overall flowrate variation in the measurement range, for which 
average uncertainty of measurement values are calculated. The type of 
curve is usually made by choosing the one that minimizes the root mean 
square deviation between the experimental and curve fit flowrate values, 
considering that its shape must represent the physical phenomenon. 
Usually, up to third degree polynomials, and 10 to 20 flowrate values, 
give good results for the least square fit procedure. Sometimes, the 
measurement range is subdivided in several intervals, and different 
curves are chosen for each one. The mathematical restrictions (continuity 
of values, first and second derivatives) in the junction points between 
two neighbouring curves are satisfied by equations derived by the 
Lagrange Multipliers Method [18]. Also, these numerical schemes can 
be combined to better fit the data in some intervals, mainly for small 
flowrate values, and thus to reduce the uncertainty of the curve fit in 
those regions. 

The least square method [18] starts by writing down an expression for 
the reference flowrate (QR) as a function of the indicated flowrate (QT) 
by the meter under test 
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 𝑄   𝑎. 𝑄 𝑏. 𝑄 𝑐. 𝑄 𝑑   (3.79) 

Then, an expression for the root mean square error (uT) is written  
for n points 

 𝑢   . ∑ 𝑄 ,
𝑎. 𝑄 , 𝑏. 𝑄 , 𝑖

𝑐. 𝑄 , 𝑑
  ,  (3.80) 

where p is the number of coefficients to be calculated by the least square 
method. Then the polynomial coefficients are determined by the 
minimization of the root mean square error (uT) 

         0,  (3.81) 

which results in the following set of linear equations, that must be solved 
for a, b, c and d 

 𝐴 . 𝑎 𝐴 . 𝑏 𝐴 . 𝑐 𝐴 . 𝑑  𝐵 , (3.82) 

 𝐴 . 𝑎 𝐴 . 𝑏 𝐴 . 𝑐 𝐴 . 𝑑  𝐵 , (3.83) 

 𝐴 . 𝑎 𝐴 . 𝑏 𝐴 . 𝑐 𝐴 . 𝑑  𝐵 , (3.84) 

 𝐴 . 𝑎 𝐴 . 𝑏 𝐴 . 𝑐 4 . 𝑑  𝐵 ,  (3.85) 

 𝐴   ∑ 𝑄 ,  ,  (3.86) 

 𝐵   ∑ 𝑄 , . 𝑄 ,  ,  (3.87) 

where l stands for line number, and c stands for column number. 

Eqs. (3.80) and (3.3) are used for estimating the repeatability of the meter 
under test measurement (UT). Eq. (3.79) is used for interpolating the 
certificate flowrate values from the indicated flowrate measurement by 
the meter under test, together with the uncertainty of measurement (U), 
using Eq. (3.6). 

3.8. Conclusions 

This chapter presents a methodology for estimating the metrological 
parameters during a flowmeter calibration procedure and its use for 
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measurement. The focus is the determination of the number of 
measurements to be made so that the uncertainty of flowrate 
measurement can be properly estimated. The chapter describes methods 
for calibrating several flowmeters and use of reference meter types for 
calibration. Also describes a methodology estimating the measured 
flowmeter value from interpolation of certificate calibration  
flowrate values. 
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Chapter 4 

Leak Detection Measurement for Mixing 
Flow Process in a Steam Pipeline 

P. Madhavasarma, P. Veeraragavan and S. Kumaravel1 

4.1. Introduction 

Power generation, pharmaceutical and microelectronics industries are 
common industries where water chemistry need to be firmly controlled. 
Any minor deviations from established operating parameters result in 
significant increases in downtime, maintenance and cost and can 
endanger lives and destroy future of several generations as in Chernobyl. 
Conductivity can be used as a process to monitor the leaks the industries. 
Engineering analysis involves the measurement of outputs from an 
unknown system (known as a black box) since they are affected by 
various combinations of inputs. The result is usually a set of  
input-output equations that define the internal functions (simple or 
complex) of the black box. 

The function of the industrial instrumentation is to aid the industry 
specialist and researchers in devising ways and means of obtaining 
reliable and meaningful measurements. The measuring process must not 
endanger the life of both the equipment and operator. It should not inflict 
undue pain or any other undesirable conditions. The difficulties in 
measurements may be posed by: 

(i) Safety considerations; 

(ii) Industrial environments. 

Because of the considerable amount of interaction between the 
instrumentation system and the equipment, the system is also considered 
as an integral part of the instrumentation system. 

                                                      
 
P. Madhavasarma 
Saraswathy College of Engineering& Technology, Tindivanam, Tamilnadu, India 



 
Advances in Measurements and Instrumentation: Reviews, Book Series, Vol. 2 

116 

Hence, the internal characteristics of system must be considered in the 
design and application of any measuring instruments. 

An instrumentation system consists of a set of instruments and 
equipment to measure the characteristics or phenomena and the 
presentation of measured information in a form that can be read and 
interpreted by humans. The modern trends in laboratory include various 
types of automated instruments for routine analysis and measurement of 
conductivity, pH, sodium, potassium and other variables. Though 
literature mentions these works, still many tests are performed manually. 
Auto analyzers and other automated equipment produce charts on which 
the test results are recorded. To accommodate the large volume of test 
results from the automated equipment and to assimilate these data with 
relevant information and the results of manually performed tests, now a 
day’ digital computers are used for data acquisition and processing. 
Electrical conductivity measurement can be done in different methods 
the line diagram for the conductivity measurement in this work is shown 
in the Fig. 4.1 below. 

 

Fig. 4.1. Schematic line diagram of the Experimental setup  
for the leak measurement. 
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Electrical conductivity is one of the transport properties extensively used 
in investigations on the [1-7] have explained about the leak measurement 
and control and design of industrial processes. 

Leak detection in pipe line was explained by. L. Billmann [8]. The 
following papers frequently used in following places [9-13]. These are 
presented in Table 4.1 certain works using conductivity measurements is 
presented in Table 4.2. 

Table 4.1. Applications of Conductivity measurements in the industry. 

S.no  Applications  

1. 
Water treatment plants, purification of drinking water reverse 
osmosis, Desalination in the cooling tower, waste streams 

2. 
Pharmaceutical plants and in refineries for process control 
applications 

3. 
Dosing and dilution of chemicals, rinsing and cleaning processes 
especially for Cleaning in Place 

4. Agriculture, Food and beverage industries(distilleries) 
5. Hospitals 
6. Paper 
7. Mining, and petroleum 
8. Semiconductor 

9. 
Chemical, structure of ionic chemical systems, control of high 
purity 

10. Monitor purity of solvents, to develop high-energy batteries 
11. Chromatographic separation techniques 

 

Table 4.2. Previous works on Conductivity measurements in the industry. 

S.no Author Contribution 

1. Diezo, et al [9] 

Hardware circuit for conductivity 
measurements of KCl solution; 
converted conductivity into 
continuous voltage signal for offline 
analysis 

2. Rajendran, et al [10] 

Micro controller based modified AC 
Wheatstone Bridge network for ionic 
solutions conductivity measurement 
for linear system only 
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S.no Author Contribution 

3. Dinjiz, et al [8] 

Micro-controller based conductivity 
control system for offset printing in 
daily newspapers industry; designed 
predictive control algorithm without 
considering time delay 

4. Diego, et al [8] 

Experimental model for the 
measurements of conductivity data at 
constant temperature on specific 
concentrated systems in industrial 
process 

5. Tutmeza, et al [10] 

Experimentally studied total solids 
dissolved in ground water using 
conductivity data; developed neuro 
fuzzy inference model for 
categorization of ground water 
sample 

6. Robertson, et al [11] 

Modelled a reverse osmosis 
desalination process using product 
water electrical conductivity as a 
measure of control variable; used an 
empirical transfer function with 
decouples for modelling the process 

7. Sundaram, et al [12, 13] 
Developed model using conductivity 
as a process variable 

 

In this chapter leak analysis was performed in a pilot plant experimental 
setup using conductivity as a process variable neural network algorithm 
was used to analysis the leak in the stem pipeline in the pilot plant  
[14-19]. The neural network based developed algorithm identify the 
faults in the systems. 

4.2. Leak Detection & Water Quality 

Often it is necessary not to know exactly what is in solution, only 
whether a certain level of ions from any source has been reached (single 
point control) e.g. Cooling towers and boilers, where the recirculation 
water must be dumped when its salt level increases due to evaporation 
or steam loss. 
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1. Too high a dissolved solids level lead to scaling, foaming, heat transfer 
inefficiency, and corrosion. Many processes use heat exchangers to vary 
the temperature of strong and often dangerous chemicals. 

2. If the low conductivity heating or cooling fluid is being contaminated 
with even small amounts of process chemical, then it must be known 
instantly so that flow can be shut down before damage is done. 

In both above cases, measurement inaccuracies of 5 % or greater can be 
tolerated without problem. For these applications, linearity and exact 
temperature compensation and distinctions between types of chemicals 
are not important. 

4.2.1. Leak Detection Methods 

1. Secondary Containment with Interstitial Monitoring; 

2. Vapor Monitoring; 

3. Groundwater Monitoring; 

4. Statistical Inventory Reconciliation. 

The leak detection methods noted above are all monthly monitoring 
methods and eventually everyone must use at least one of them. 

4.2.1.1. Secondary Containment with Interstitial Monitoring 

This method often uses a barrier, an outer wall, a vault, or piping. Tanks 
can be equipped with inner bladders that provide secondary containment. 
Leaked product from the inner tank or piping is directed towards an 
"interstitial" monitor located between the inner tank or piping and the 
outer barrier. Interstitial monitoring methods range from a simple 
dipstick to a continuous, automated vapor or liquid sensor permanently 
installed in the system. 

4.2.1.2. Vapor Monitoring 

This measures product "fumes" in the soil around the UST to check for 
a leak. This method requires installation of carefully placed monitoring 
wells. It can be performed manually on a periodic basis or continuously 
using permanently installed equipment. 
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4.2.1.3. Groundwater Monitoring 

This senses the presence of liquid product floating on the groundwater. 
This method requires installation of monitoring wells at strategic 
locations in the ground near the tank and along the piping runs. To 
discover if leaked product has reached groundwater, these wells can be 
checked periodically by hand or continuously with permanently installed 
equipment. This method cannot be used at sites where groundwater is 
more than 20 feet below the surface. 

4.2.1.4. Statistical Inventory Reconciliation 

In this method, a trained professional uses sophisticated computer 
software to conduct a statistical analysis of inventory, delivery, and 
dispensing data, which you must supply regularly. Any technology can 
be used if it meets a performance standard of detecting a leak of  
0.2 gallons per hour with a probability of detection of at least 95 percent 
and a probability of false alarm of no more than 5 percent. Regulatory 
authorities can approve another method if you demonstrate that it works 
as well as one of the methods above and you comply with any condition 
the authority imposes. This method combines periodic tank tightness 
testing with monthly inventory control. Inventory control involves taking 
measurements of tank contents and recording amount pumped each 
operating day, as well as reconciling all this data at least once a month. 
This combined method must also include tightness tests, which are 
sophisticated tests performed by trained professionals. This combined 
method can be used only temporarily 

4.3. Experimental 

For leak measurement methods a pilot plant experimental setup is 
designed is shown in the Fig. 4.1. A concentrated sodium chloride tracer 
solution and fresh water are fed to a 40 liter spherical tank through 
suitable rotameters. Online conductivity sensor from M/s Honeywell in 
the exit pipe measures the conductivity of the flowing liquid. The signal 
is suitably modified and interfaced with an inbuilt AD Instrument ADC 
is used. In the card the specification of the ADC is as follows Input 
configuration: 12 dedicated single ended inputs; 4 inputs configurable as 
single ended or differential (through pod port) Amplification range:  
±2 mV to ±10 V full scale. Maximum input voltage: ±15 V. Input 
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impedance: 1 MΩ || 100 flow-pass filters: 1 Hz to 1 kHz in  
2:5:10 steps; 2 kHz, 25 kHz, AC coupling: DC or 0.15 Hz (software –
selectable), Frequency response (–3 dB): 25 kHz on 10 V range, DC 
drift: Software corrected, CMRR: 100 dB @ 100 Hz (differential mode,  
100 mV – 2 mV range),Input cross talk: 75 dB minimum, Input noise: 
<350 μVrms referred to input on 10 V range. The output signal is 
connected to the P.C. The conductivity is continuously recorded by PC. 
The conductivity is recorded as a function of time. The leak valves are 
V8, V7, are shown in Fig 4.1. Leak flow was artificially introduced by 
the above leak valves. The leak response was recorded in the PC. In the 
present chapter these data were pre-processed to extract the features fault 
prediction for using as inputs to the artificial neural networks. Fig. 4.2 
shows the schematic setup for the leak measurement. Heater coil is used 
in this work for heating the water. 

 

Fig. 4.2. Photograph showing the experimental setup for leak measurement. 

4.4. Methodology of Measurement 

The initial work for this chapter is collecting the leak as well as normal 
data in the pilot plant setup using conductivity as a process variable. Data 
was generated experimentally. The obtained data is used for generating 
data for training the neural model. The measurement procedure for 
normal and leak data is by varying water flow rates from 2 lpm to  
5 lpm. Tracer was injected as a step from 0 to 0.5 lpm. The outlet 
conductivity was recorded. A leak of different magnitude using leak 
valve was introduced in the pipeline by manipulating valve V7 for pure 
water. The exit conductivity with leak was also measured and recorded 
in Fig. 4.3. It is observed from the figure it consists of normal data as 
well as faulty data presented. In that data total numbers of samples 
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collected for input of neural network is 29286 data set for one flow rate 
of water this experiment was conducted and the data was taken. In the 
present work, these samples were divided into training sample and 
validation samples each samples stored in array file. Each of these file 
was further processed to extract the following features mean (μ), rms, 
variance (σ2), skewness (normalized 3rd central moment, γ3), kurtosis 
(normalized 4th central moment, γ4), normalized fifth to ninth central 
moments (γ5–γ9), where E { } represents the expected value of  
the function. 

 

Fig. 4.3. Real time Response for leak of water. 

4.4.1. Data Acquisition System 

The data obtained from the pilot plant experimental setup via the online 
Honeywell conductivity sensor contain noises. The noises of different 
magnitude were sent to filter which is inbuilt in the AD Instrument data 
acquisition card. Using this noise signal magnitude the leak performance 
was calculated. The input signal to the neural network is used as a 
magnitude of noise signal in the neural network for every change in step 
input given in the pipeline 23000 readings was recorded in terms of 
voltage signal than it will be converted in to conductivity values. The 
same procedure was repeated for the next flow rate such as 2 lpm, 3 lpm 
and 5 lpm flow rates in water and in tracer 0.500 lpm step change for 
every set in this way different set of experimental values was recorded. 
The leak magnitude of 50 percentages and 66 percentages and  
75 percentages was introduced. All the collected data’s are utilized for 
neural network training purpose.  
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4.4.2. Software 

The software was developed in c language for data acquisition and on 
line testing of the neural models. In the data acquisition to start AD 
conversion to check the end of conversion and to read the data from ADC 
for voltage value in to conductivity values for measurement of time, data 
computation for acquired data, storage of data and to send data to PC, to 
receive data from PC. The software is compiled by C compiler and the 
resulting codes are stored in the memory. 

4.4.2.1. Neural Network Training 

In the pilot plot experimental setup for leak measurement purpose 
artificial neural network feed forward model has been chosen. In the 
model for training purpose. Levenberg-Marquardt network algorithm 
was used [20-21]. In the network there are three layers are used such as 
input layer, hidden layer and output layer. Normally neural network 
perform the classify function. In this work inlet flow rate and tracer flow 
rate leak flow rate and without leak flow rate are the different status 
involved.so for this case neural network to be developed for three input 
parameters inlet flow rate and tracer flow rate and out let flow rate in 
addition in the out let another two neurons to be consider for leak and 
without leak conations. In this process collected date is separated in to 
three categories namely training, validation and testing. For activation of 
the network hyperbolic and tangent function are used. The testing 
interval chosen for input was [0, 1] and [-1, 1].The real time experimental 
data recorded with and without leak condition was used to train the 
network A sampling time of 10 seconds was used for the simulation. A 
total of 23000 data were taken continuously and it was saved in file. Out 
of which 10000 data taken for testing and 9999 data taken for validation. 
By training the input output data the NN model of the non-linear process 
was obtained. The back propagation algorithm was used for training the 
recurrent network. For the network training and validation, the LM back 
propagation algorithm being known for fast convergence was used. The 
convergence criterion was selected as 10-3, and this was achieved  
in 175 epochs. 
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4.5. Results and Discussions 

The neural network is trained for the various leak conditions. The 
training curve predicts the system’s response based on the input and 
output data presented to the network. The training curves appear to 
converge with the actual experimental response. The comparison of the 
training curve with the experimental results is a very efficient method in 
leak detection in a plant. Thus neural network based leak diagnosis 
method is found to be the most efficient and reliable method of fault 
detection. The below Figs. 4.4 to 4.5 shown in the plots represent the 
network training for the normal operation of the plant without any fault 
conditions. In this figure blue line represents the input flow rate and 
green line represent the output flow rate these two date are actual 
experimental data. The red line indicates the training data. The neural 
network algorithm perfectly predict the actual output for all the cases. 

 

Fig. 4.4.The real time experimental result for 3lit/min without leak. 

 

Fig. 4.5.The real time experimental result for 4lit/min for without leak. 
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The Figs. 4.6-4.8 shows the leak response for the pilot plant setup. When 
the input is given in varying nature due to leak if there is leak sudden 
change in the input side the same pattern was observed in the output 
response. The blue line indicates the input and the green line indicates 
the output and the red line indicates the neural prediction. From this 
graph neural network actually predict the leak in perfect manner. The 
neural network is trained for the various process conditions. The training 
curve predicts the system’s response based on the input and output data 
presented to the network. The training curves appear to converge with 
the actual experimental response and it is observed that the conductivity 
of the mixture increases when there is a leak in the water pipeline. 

 

Fig. 4.6. The real time experimental result for 3lit/min for with leak. 

 

Fig. 4.7.The real time experimental result for 4lit/min for with leak. 
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Fig. 4.8. Shows the real time experimental result for 5lit/min for with leak. 

4.6. Conclusions 

A sharp increase was observed in the conductive value in the presence 
of the leak in a real time pilot plant experiments. This shows that we can 
detect leaks in stem pipe line in thermal power plant based on the 
conductivity as a process variable. This additional technique for leak 
detection can help when offline analysis fails. A neural based on-line 
monitoring of the leak in the power plant steam pipeline may replace the 
human operator monitoring the conductive value present in the steam 
pipeline. Increased conductivity and sludge formation and leakage in the 
pipeline, may injure operating humans. 
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Chapter 5 

Embedded System Based Total Harmonic 
Distortion Measurement for Unified 
Power Quality Conditioner 

P. Madhavasarma, S. Arul Kumar, M. Sridevi 
and P. Veeraragavan1 

5.1. Introduction 

The main concern to the power reliability and the power quality become 
stringent due to the standard application of variable frequency and 
variable speed drives, robots, accurate digital-control machines, 
programmable logic controllers, automated production lines information 
manage systems in Computers and so on. The aforementioned equipment 
and computer systems are very sensitive to the power supply ripple and 
various disturbances. All this equipment’s are nonlinear loads and 
become major. 

Several power quality problems may result in the decrease of product 
quality or confusion of management order which means great financial 
loss. The majority of the power quality problem is affected by factors 
such as voltage sag-swell, voltage flickers, voltage sags, harmonic 
contamination and nonlinear load, etc. 

Now a days maintaining the quality of power is a most important exciting 
task due to variation of load side voltage. For regulating the deviation of 
load side voltage problem can be compensated using UPQC. Unified 
Power Quality Conditioner (UPQC) has acknowledged exceptional 
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attention during the last two decades due to their most important gain in 
conserving the quality of power at different load or voltage oscillations. 

The active power filtering technique has developed as one of the best 
solutions for mitigation of for most power quality problems Axenete et 
al. [1] have discussed about problems in the inverter and transformer 
from their work harmonic problems present in the inverter side and 
harmonic effect present in the transformer. 

For medium voltage application UPQC has been developed using 
without series injection transformer. Kolhatkar, et al. [2] have discussed 
the main improvement of UPQC is that it does not require any external 
energy storage. It can be planned to mitigate any sag above a certain 
magnitude, independent of its duration. This could result in a device that 
is able to compete with the uninterruptible power supply (UPS) typically 
used for the protection of low power and low-voltage equipment. Vidhya 
K and Viswambaran, et al. [3] have discussed about mathematical 
modelling and simulation of maximum power point algorithm to 
investigate the tracking efficiency at different atmospheric conditions 60 
W PV panel is used here because the panel output current is used for 
maximum power point tracking. It gives a simulation based comparative 
study between two popular methods Perturb and Observe (P&O) and 
Incremental Conductance (In Cond) to optimize the energy conversion 
efficiency of the PV system. 

The various MPPT techniques were compared based on certain 
parameters like convergence speed, complexity, reliability, sensitivity, 
ability to track true maxima. Mohammad Jafari, et al. [4] have briefly 
discussed about Full Bridge Series-Parallel DC converter is used to 
optimize the maximum power point from the PV panel. Recent time’s 
people are using renewable energy sources. 

Due to the increase in fuel intake has made the people to force to move 
onto renewable energy resources. Now-a-days people are using 
renewable energy resources in larger number. In the field various energy 
sources are available among various renewable energy resources 
available best one for the photovoltaic energy [6-10]. 

Since the cost of the PV array is much reduced than others, it is clean 
and safe method for energy generation. But its poor efficiency during 
varying climatic condition is its disadvantage thus researchers have 
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found many methods for better optimization of PV array. Among those 
techniques the genetic algorithm based PSO tuned PI controller 
techniques [11-26] were more popular and many implementation and 
development in the genetic algorithm based PSO tuned PI controller 
technique were done. 

In this present work to compensate and improve the load side power in 
the distribution network, solar based additional power using Maximum 
Power Point Tracking algorithm controlled by PSO technique is 
provided. Moreover, shunt active and series active filter of UPQC are 
tuned by recent technique such as PI controller, Fuzzy logic controller, 
Neural Network and Genetic controller. The Total Harmonic Distortion 
(THD) present the value of the controller reduce from average value of 
2.77 % to 0.98 % for voltage and average value of current 4.48 % to  
1.18 % respectively. 

5.2. Measurement Methods 

5.2.1. System Description 

The pictorial representation of UPQC and solar system is shown in  
Fig. 5.1 which has shunt and series voltage source inverters. It is coupled 
via 3φ three wire shunt inverter connected back to back DC link 
capacitor. The DC link capacitor voltage is controlled by various 
controlling techniques such as PI, Practical swam optimization based 
neural network controller and Fuzzy based PI controllers. The controlled 
output signal is transformed into pulse signal to drive the  
converter switches. 

For regulation of DC voltage with harmonics series active filter is used 
in this work. The harmonics is compensated with DC link to reduce the 
ripple factor after compensation. It is stabilize in the DC link capacitor. 
Nonlinear load is existing in the UPQC system is overcome by 
introducing the shunt active filter which is used to maintaining a linear 
voltage. PI, PSO based neural network and FPI based control technique 
is used to maintain a linear voltage. 

The solar system is connected across the DC link capacitor to boost the 
power level which is shown in Fig. 5.1. For increasing the power level 
in the solar system PSO based MPPT control is used. Due to introduction 
of solar system to this unit output power is improved. 
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Fig. 5.1. Pictorial representation of UPQC and solar system. 

5.2.2. Simulation of UPQC 

The PI controller is designed and simulated using SIMULINK toolbox 
in MATLAB software for UPQC system. The closed loop Simulink 
diagram is developed for reduction of total harmonic distortion values 
used for this work is tabulated and it is listed in Table 5.1. 

Table 5.1. Simulation specifications of UPQC. 
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The Simulink block diagram of reduction of total harmonics in UPQC 
with PI controller is shown in Fig. 5.2. Generally in high power 
applications a low distorted sine wave is preferred. The 
MATLAB/SIMULINK tool is applied to simulate the UPQC for 
harmonic reduction using PI controller. 

 

Fig. 5.2. Simulink block diagram of reduction of total harmonics  
in UPQC with PI controller. 

The conventional PI controller is used to generate a control signal by 
comparing the original output signal and reference sine wave. This 
control sign is used to adapt the switching. The sinusoidal PWM 
technique is adopted for reducing the total harmonic distortion. The 
UPQC output is further providing for to the LC filter section for 
decreasing the magnitude of THD. 

The schematic block diagram of PI controller is shown in Fig. 5.3. The 
input voltage is the set up by the user. The output value is taken from the 
UPQC system feedback to comparator. The comparator compares the 
both input and output value. The output of the comparator is given to 
proportional integral controller. The function of PI controller is to reduce 
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the overshoot value in the system voltage and maintaining a constant 
load voltage level. Normally the tuning value of PI controller set using 
Z-N tuning method. In this work the controller tuning value Kp = 1.6 and 
τi = 36. 

 

Fig. 5.3. Schematic block diagram of PI controller. 

5.2.3. Simulation Result 

Recent times due to the increased usage of loads, maintaining the power 
factor and harmonic standards are the major challenging task for control 
engineer. This PI controller based UPQC presents the power quality 
enhancement in power distribution system both linear and nonlinear with 
the help of shunt active power filter (D-STATCOM) and series active 
power filter (DVR) using PI controller. UPQC is a complex power 
electronics device, which leads to improved and it is very difficult 
without computer simulations. The overall design process can be 
shortened through the use of computer simulations, since it is usually 
easier to study the influence of a parameter and the system behavior in 
simulation. This section presents the MATLAB simulation and 
demonstrates the effectiveness of the proposed control strategy for the 
active filter for harmonic current filtering, reactive power compensation 
and load current balancing. All the compensators are implemented using 
blocks. To observe the performance of Shunt filter for current 
compensation PI controller is used. To observe the performance of Series 
filter for voltage correction Hysteresis controller is used. 

In this PI controller the source voltage is given to UPQC system is  
Vrms = 1.1104 Volts and current is Irms = 12 Ampere. Objective of the 
work is to monitor and control the UPQC system output at a desired level 
by introducing PI. After the PI controller tuning parameters in the stable 
region the output waveform is presented in the result section. PI 
controller output response for source voltage side is shown in Fig. 5.4. It 
is inferred from the Fig. 5.4 the input voltage is Vrms = 1.1104 Volts 
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for all the phases and the current Irms is for phase-A 12.72 A, phase-B  
12.73 A and phase-C 12.76 A. From the Fig. 5.5 the PI controller output 
response for load voltage and current. It is observed that the PI controller 
maintaining the load voltage is Vrms = 1.098104 from Fig. 5.6 and the 
current is same for all the phases Irms = 15.55 A from Fig. 5.7 PI 
controller output responses for real and reactive power for source side 
and load side is shown in Figs. 5.8 and 5.9. In this figure the real and 
reactive power is significantly improved the value of Pload = 5391 and 
Qload = 5757 similarly from source side real and reactive power  
Psource = 3384 and Qsource = -4442. It is observed from Table 5.2 the 
voltage and current harmonics percentage level is slightly reduced due 
to introduction of PI controller in the system. 

All the above Figs. 5.4-5.9 exhibit the results of the UPQC based PI 
controller technique for harmonic reduction using PI controller with 
linear resistive load, R = 50 ohm. In the response curve, it is observed 
that the UPQC average output voltage harmonics maintains a constant 
magnitude of 2.77 % whereas the UPQC average output current 
harmonics has initial overshoot and fluctuations and its THD magnitude 
is 4.48 %. 

 

Fig. 5.4. Waveform for source side voltage. 

 
Fig. 5.5. Waveform for Source side Current. 
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Fig. 5.6. Waveform for load side voltage. 

 

Fig. 5.7. Waveform for load side current. 

 

Fig. 5.8. Waveform for real and reactive power for source side. 

 

Fig. 5.9. Waveform for real and reactive power for load side. 
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Table 5.2. Harmonics result with PI controller. 

 
 

5.2.4. PI Controller Output Response of THD 

PI controller output response and FFT window for THD values for 
UPQC system. The Figs. 5.10 to 5.11 clearly indicates that the THD 
values for various phase voltage and current such as phase A, phase B 
and Phase C respectively. 

The Fig. 5.10 shows the voltage harmonics values after compensation 
for phase A is 3.01 % and the phase B value is 2.33 % and phase C value 
2.98 %. The Fig. 5.11 shows the current harmonics values after 
compensation for phase A is 4.86 % and phase B value is 4.02 % and 
figure and phase C value 4.56 %. 

 

 

 
Fig. 5.10. THD levels of Voltage harmonics for phase A, phase B phase C. 
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Fig. 5.11. THD levels of current harmonics for phase A, phase B phase C. 

From the Table 5.2 shows that the voltage harmonics and current 
harmonics Based on the PI controller the output is stabilized for both 
voltage and current harmonica and the average value for voltage 
harmonics is 2.77 %, current harmonic is 4.48 %.From the result overall 
view for UPQC based PI controller is established that the voltage 
harmonics be determined by on source stability and network impedance 
and current harmonics are load depended. The Table 5.2 shows that the 
THD factor maintains nearly constant magnitude for different operating 
conditions. 

5.3. Hardware Design Method 

The block diagram of the hardware circuit is shown in Fig. 5.12. The 
block diagram of microcontroller and interfacing ADC circuit that is 
used to measure the total harmonic distortion for the UPQC system is 
shown in the figure. The heart of the measurement system is and 
AT89C55WD microcontroller. UPQC and solar system is embedded 
together which has shunt and series voltage source inverters. It is coupled 
via 3 phase three wire shunt inverter connected back to back DC link 
capacitor. For regulation of DC voltage with harmonics series active 
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filter is used in this harmonics is compensated with DC link to reduce 
the ripple factor after compensation. It is stabilizing in the DC link 
capacitor. Nonlinear load is existing in the UPQC system all the things 
furnished in block A. 

 

Fig. 5.12. Block diagram of microcontroller and interfacing. 

5.4. Experimental Results 

The photographic view of the experimental result shown in Fig. 5.13 
Recent time’s people are using renewable energy sources. Due to the 
increase in fuel intake has made the people to force to move onto 
renewable energy resources. Now-a-days people are using renewable 
energy resources in larger number. 

 

Fig. 5.13. Photographic view of the experimental. 

In the field various energy sources are available among various 
renewable energy resources available best one for the photovoltaic 
energy. Since the cost of the PV array is much reduced than others, it is 



 
Advances in Measurements and Instrumentation: Reviews, Book Series, Vol. 2 

140 

clean and safe method for energy generation. But its poor efficiency 
during varying climatic condition is its disadvantage thus researchers 
have found many methods for better optimization of PV array. Among 
those technique the genetic algorithm based PSO tuned PI controller 
techniques were more popular and many implementation and 
development in the genetic algorithm based PSO tuned PI controller 
technique were done. It is inferred from the Table 5.3 Particle Swarm 
Optimization tuned PI controller is the best suited for this UPQC system. 

Table 5.3. Experimental THD comparison. 

 

5.5. Conclusion 

PSO based PI tuned controller is designed for maintaining the voltage 
level constant in the UPQC system and to improve the power quality. It 
is observed from the Table 5.3. PSO based GA tuned PI controller is best 
suited for this system. It is proven from the results that the THD for the 
output voltage of the proposed system is quite low as compared with the 
conventional controller observed from Table 5.3. Hence the optimum 
power is transferred to the load. The PSO based GA controller can 
provide more skilled than the conventional controller for nonlinear 
systems. The control of real and reactive power is done with the help of 
PSO based GA tuned PI controller. 
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Chapter 6 

CO2 Laser Photoacoustic Gas Analyzers 
for the Measurements in Plant Biology 
and Medicine 

Boris G. Ageev, Olga Yu. Nikiforova, Yurii N. Ponomarev  
and Valeria A. Sapozhnikova1 

6.1. Introduction 

Photoacoustic (PA) method refers to the group of calorimetric ones. A 
studying sample (gas, liquid, solid) is the detector of the absorbed power. 
The PA method is widely used in molecular spectroscopy and gas 
analysis with the use of different lasers, generating radiation in interval 
from UV to far IR range. It is characterized by the following  
properties [1-3]: 

1. The PA signal is zero in the absence of the absorption in the sample; 

2. The signal-to-noise ratio increases proportionally to the radiation 
source power, up to the mode of the absorption saturation; 

3. The PA signal depends linearly on the concentration of absorbing gas 
molecules at the concentration variation within 4-5 orders of magnitude; 

4. The PA signal amplitude is the intensive parameter of the studied 
sample, i.e., it does not depend on its sizes. This circumstance allows us 
to work with gas cells of small volumes, easily controlling in them 
temperature, pressure, and gas composition. 

In High-Resolution Spectroscopy the PA method is successfully used in 
smoothly wavelength-generating narrow-band lasers, particularly, in the 
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diode ones [4-6]. In the diode-laser spectrometers the resonant PA 
detector in the form of differential Helmholtz resonator [4] is 
successfully used, providing for measurements of absorption  
cross-sections at vibrational-rotational molecular transitions of up to 
410-23 cm2/mol. 

A wide class of gas lasers, generating radiation at molecular transitions 
of active media, such as СО, СО2, NH3, are used in laser PA  
gas-analyzers for the ecological control of atmospheric contaminations, 
analysis of the exhaled air composition, aiming at the diagnostics of 
bronchopulmonary illnesses, diagnostics of vapors of dangerous 
chemical compounds, and in series of other applications [7-12]. 

In this chapter, the application of the CO2-laser PA gas-analyzers to 
detection of biogenic gases is demonstrated; the constructions and 
specifications of the used instruments are described; examples of the 
analysis of different biological samples are presented, such as air, 
exhaled by patients, suffering from different illnesses; residual gases in 
the wood of annual rings of conifer discs; and recommendations are 
formulated on the use of the obtained information. 

6.2. Breath Sampling Procedure 

Breath sampling procedure is of special interest regardless of the 
radiation source used and spectrum recording technique. Exhaled breath 
collection can be performed either on-line, directly to the measuring 
instrument, or off-line to an appropriate container [13]. 

Different methods were compared to collect the breath samples [14]:  
(i) end-tidal breath exhaled through the mouth, (ii) end-tidal breath 
exhaled via the nose, (iii) a single mixed (dead space and end-tidal air) 
mouth exhalation collected to a gas sampling bag and a commercial 
breath sampling device (Multiple Breath Gas Sampler, Loccioni) 
monitoring tidal volume and breath CO2 concentration was used to 
extract the end-tidal part of the mouth and nose samples. Mouth-exhaled 
concentrations of many endogenous compounds are discovered to be 
several times higher than the respective concentrations exhaled through 
nose [13]. 

In [15] for the acetylene concentration measurements, each subject 
provided a single exhaled full breath sample that was collected by direct 
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breathing into an aluminum-coated sampling bag of 1300 cm3 volume 
(Wagner Analysen Technik, WT 8004). Simultaneously, a second 
sample bag of the same type was filled with indoor air from the room the 
subject was occupying. All samples were taken indoors. The bag samples 
were analyzed on the same day or the following at the latest. The bags 
were verified to be suitable for acetylene sampling; they were found to 
retain the same C2H2 mixing ratio for up to 5 days. The aluminum-coated 
bags of the same type were used for HCN analysis [14]. In contrast to 
acetylene, HCN is not fully retained in the gas phase in these bags. 
Preliminary data on the suitability of different types of gas sampling bags 
for the collection of breath samples suggest that about 15 % of the 
original amount of HCN is lost instantaneously upon filling the unheated 
1.3 l aluminum-coated bag. This is probably due to adsorption to the 
inner walls of the bag. After this first loss, the decay in the bag is 
relatively slow so that around 65 % of the original concentration is left 
after 4 days. 

Several factors may affect the measured compound concentration in 
exhaled breath. Respiratory rate, tidal volume and dead space 
contribution as well as age, gender, body-mass index, diet, physiology 
and illnesses affect the exhaled breath gas concentrations of an individual 
[13]. As stated in the same paper, good repeatability of breath 
measurements with close to alveolar concentrations can be achieved by 
using the isothermal rebreathing sampling technique where the breath 
sample donor repeatedly rebreathes her own breath. E. V. Stepanov and 
V. A. Milyaev demonstrated the difference in NO concentration in 
different portions of exhaled air [16]. 

Water vapor is the interfering gas at breath air analysis. So, in [13-15] all 
samples were directed through a Nafion tube (PermaPure, MD-070-72) 
for dehumidification. This was done to reduce spectral interference from 
a nearby strong water absorption line. It also helped to avoid 
condensation in the tubing and the sample cell after the Nafion tube. It is 
proposed also to collect the patient’s exhalation in a disposable sterile 
plastic bag, place it in a low-temperature freezer chamber to freeze the 
water vapor, and then transfer part of the dried exhaled sample to the gas 
analyser [17]. 

The efficiency of absorptive trapping and cryogenic trapping was studied 
in [12] to remove carbon dioxide and water vapors from exhaled breath 
samples and the KOH trap was used to remove as much as possible the 
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high quantity of CO2 from the exhaled air at ethylene and ammonia 
measurements with CO2 laser photoacoustic spectrometer. It is possible 
that different techniques are available at various breath  
component analysis. 

6.3. Photoacoustic Instrumentation for the Analysis  
of Biogenic Gases 

6.3.1. Description of the Construction and Specifications  
of the Used Instruments 

The analytical investigation of gaseous samples from biological objects 
in the framework of this work conducting was performed with two 
photoacoustic gas-analyzers: ILPA-1 and PAD-1. The instruments were 
assembled by one principal scheme (Figs. 6.1(a), 6.2(a)) on the base of 
waveguide wavelength-tuneable CO2 lasers with RF excitation [18]. The 
lasers emit in bands of 10 and 9 µm at more than 70 lines of P and R 
branches at an output generation power up to 3 W at strong lines and up 
to 0.5 W at weak ones. 

 

1 – photoacoustic detector, 2,3 – microphones, 4 – input-output of gas sample, 
5 – passage window, 6 – thickening, 7 – body of the emitter of waveguide CO2 
laser, 8 – waveguide, 9 – output mirror of the laser, 10 – power meter  
of radiation, 11 – output radiation of the laser, 12 – air pump, 13 – adjusting 
lens, 14 – unit of retuning of radiation wavelength with diffraction grating,  
15 – step actuator of the retuning unit, 16 – unit of control and indication,  
17 – RF generator of laser pumping. 

Fig. 6.1 (a). ILPA-1: Scheme of laser PA gas-analyzer. 
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Fig. 6.1 (b). ILPA-1: General view of gas-analyzer. 

 
(a) 

1 – photoacoustic detector, 2 – microphone, 3 – vacuum post, 4 – passage window, 
5 – thickening,, 6 – body of emitter of waveguide CO2 laser, 7 – waveguide,  
8 – output mirror, 9 – power meter of radiation, 10 – output laser radiation,  
11 – adjusting lens, 12 – unit of retuning of radiation wavelength with diffraction 
grating, 13 – step actuator of the retuning unit, 14 – RF generator of laser pumping, 
15 – unit of control and indication. 

 
(b) 

Fig. 6.2. PAD-1: Schemes of laser PA gas-analyzer (a); General view  
of gas-analyzer (b). 
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Each device has its own constructive properties: the ILPA-1 (Fig. 6.1) is 
a transportable instrument, produced in small series (company Ltd 
“Special technologies”, Novosibirsk), and has an intracavity location of 
the detector [19]. In the instrument, the resonant differential 
photoacoustic flow-type detector is used, which allows pumping of the 
gas sample with the air pump through the detector. The gas-analyzer 
sizes are 91.5×31.0×16.0 cm, and its weight is no more than 27 kg. 

The instrument PAD-1 (Fig. 6.2) (our proper elaboration) [10] is a stand 
variant of ILPA-1 one with the external detector of non-resonant type. 
The detector evacuation and filling in with a sample of the studying gas 
are performed with the help of the vacuum post. As well, there are 
differences in the element bases of the gas-analyzers, the most important 
of which are the modification of laser sources and the type of the used 
microphones. 

6.3.2. Method of the Laser Photoacoustic Gas Analysis 

The operation of the gas-analyzers is based on the PA effect, arising in 
the result of absorption of CO2 laser radiation by gases. The control for 
the radiation spectrum retuning is performed with the help of the 
personal computer through the control block with the use of the specially 
developed computer program ILPA Sensor. Laser radiation passes 
through the PA detector, which is a cylindrical cell with condenser 
microphones, build in the side wall. Gas molecules, having absorption 
lines at the CO2 laser wavelengths, absorb the modulated radiation of 
the laser. In this case, acoustic vibrations at the modulation frequency 
are formed inside the PA detector and are recorded by microphones. The 
value of the measured acoustic signal, normalized to the magnitude of 
the laser radiation power, is proportional to the magnitude of the 
molecular absorption at the given concentration of the absorbing gas in 
the sample. 

Signals of the detector microphone mic and radiation power meter pyro 
are put first to wideband preamplifiers and then to the system of 
measuring and recording, based on sound cart of the personal computer. 
As the measurement result, a file appears with recorded values of mic, 
pyro, and absorption = mic/pyro at corresponding generation lines, i.e., 
the analogue of the sample absorption spectrum (Fig. 6.3). The 
information on the recorded spectrum is displayed also on the monitor of 
the computer (Fig. 6.4). 
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Fig. 6.3. An example of the file with the recorded signals from the gas-analyzer 
ILPA-1 when measuring the reference gaseous mixture CO2-N2, having a CO2 
concentration of 5000 ppm in Р branch of the 10 µm band. 

 

Fig. 6.4. The window of the ILPA Sensor program when recording a scan  
of spectrum of the reference gaseous mixture CO2-N2 with concentration  
of СО2, equal to 5000 ppm by the gas-analyzer PAD-1 in Р branch  
of the 10 µm band. 

In order to determine the concentration of gaseous components in the 
studied samples, it is necessary to transform values of gas-analyzer 



 
Advances in Measurements and Instrumentation: Reviews, Book Series, Vol. 2 

150 

signals, measured in relative units into the value of concentration of the 
absorbing component in absolute units, for example, in ppm. For this 
purpose, it is necessary to calibrate gas-analyzers to a gas mixture with 
the known concentration. To do this, we used the reference gas mixture 
CO2-N2 (PGS, Ltd “PGS service”, Zarechny town) with a certified 
content of CO2, equal to 5000 ppm in N2. Plots of the obtained  
gas-analyzer signals are shown in Fig. 6.5. Certain difference of derived 
curves from the CO2 absorption spectrum profile is caused, apparently, 
by distinct measuring conditions, specifically, an intra-resonator location 
of the ILPA-1 gas-analyzer detector. This can matter for spectral line 
parameters study (form, half-width, strength, etc.). For gas-analysis 
measurements this circumstance can be take into account the detector 
calibration on utilized laser lines. 

 

Fig. 6.5. Spectra of signals of laser photoacoustic gas-analyzers ILPA-1  
and PAD-1 when filling in cells with a reference gas mixture of 0.5 % CО2  
in N2 at a general pressure of 1 atm (Y-axis -absorption in arbitrary unit  
of gas-analysers output signals, X-axis – laser line wavenumber in cm-1). 

Since the calibration mixture includes only two components, and the 
nitrogen does not absorb at generation lines of СО2 laser, we can mind 
that the recorded signal depends only on CO2 absorption. The absorption 
by the calibrated mixture at CO2 laser lines was calculated in accordance 
with parameters of spectral lines from the HITRAN database. 
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6.3.3. Description of Gaseous Samples Preparation 

When conducting analytical measurements, the preparation of samples 
is very important. We also paid a sufficient attention to this problem. 
Note that measurements of exhaled air were conducted with the  
gas-analyzer ILPA-1, while the gas content in the wood annual rings was 
measured with the gas-analyzer PAD-1. 

6.3.3.1. Preparation of Gaseous Samples of Exhaled Air 

Under standard conditions, there are about 400 volatile compounds in 
exhaled air [20]. A part of compounds, for example, СО2, N2, O2, couples 
of Н2О reside in the exhalation of all peoples in some or other proportion, 
but the presence or increased concentration of other compounds can 
testify the fact that a person is ill or under certain stress impact. At the 
present time, facilities for gathering air, as a rule, make a series of 
nonstandard devices, produced by researchers themselves. In order to 
separate a definite gaseous component, the catchers are used, working 
on one or other principle. 

One of the technological problems in gathering samples of exhaled air is 
in creating of comfortable conditions for patients, making easy the 
exhalation into the gathering device. In our case, the calibrated gas 
injector from a serially-made spirometer of a volume of 1 litter was used 
for gathering samples of the exhaled air. Its nozzle part was changeable 
in order to escape the risk of infecting. 

Air, exhaled by peoples, is not homogeneous. An adult healthy person 
exhales 0.5 litter of air or more at each breathing cycle. The first 150 ml 
are exhaled from the volume of upper breathing tracts, free of the 
exchange of gases. The informative air samples are to be taken from the 
pulmonary depth. Therefore, the reserve air volume was used for the gas 
analysis, exhaled by a patient into the injector after the corresponding 
instruction and under the control of medical nurse. Then the input end of 
the gas-analyzer’s probe was put into injector and the mixture was 
pumped through the detector cell at operation of the gas-analyzer at a 
chosen radiation wavelength. At reaching the detector signal, maximal 
for the given value of the letting in, the pumping was cut off, and the 
wavelength has been scanned throughout the spectrum. At the first stage 
of investigations on spectroscopic analysis of the exhaled air by patients 
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we used gas samples without any selection of gaseous components in 
order to escape any information losses. 

The problem of gaseous samples contamination is actual, because there 
exist admixtures of volatile chemical compounds in any room. These 
trace compounds were taken into account as the background “noise” in 
the process of investigations. To increase the reliability of results, we 
conducted a spectral analysis of room air and air inside the injector 
immediately before and after series of measurements of exhaled air. 

6.3.3.2. Preparation of Gaseous Samples from Annual Rings 
of Conifer Discs 

In the analysis, discs of conifers were used, which were stored from  
6 months to several years under laboratory conditions, therefore, the 
wood of discs can be thought room-dry. As it follows from the literature, 
the carbon dioxide is generated by living cells of the wood and stores in 
the tree stem, because the cambium (a layer of conducting tissues 
between the bark and wood of the stem) is relatively impermeable for 
diffusion of gases [21]. In order to develop the method for preparation of 
samples, we have conducted a testing experiment. An example of the 
wood ring sample was put into the hermetically sealed exposition 
chamber with room air under atmospheric pressure. The sample was in 
the chamber during ~ 6 months, and then an air sample was taken from 
the chamber for measuring PA absorption signals. After so long 
exposition, we failed to fix any difference in the magnitude of PA signals 
from the sample and air. Therefore, in our following measurements we 
used the vacuum extraction of gaseous samples from wood rings. 

The wood of rings was planed away with special chisels, weighted, and 
then put in sealed exposition chambers, which were subjected to a  
short-time evacuation for stimulating the output of the gas, and after  
20 minutes measurements began. It was checked that just this time is 
required for the most intensive emission of gases from wood ring 
samples. During measurements the gaseous sample from each exposition 
chamber (at a pressure of ~ 6 Torr) was input into sealed PA cell and air 
was added up to a general pressure of the gaseous mixture of 100 Torr, 
at which the optimal sensitivity of the detector has been reached. Each 
series of measurements of absorption by analyzed samples was 
accompanied by measurements of the background absorption by air. The 
value of difference in absorption by the gaseous sample and by air was 
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informative, it served for determination the relative content of the 
absorbing component in the sample for each ring with the help of 
calibrating plot. 

6.4. Gas Samples Analysis for Diagnosis of Disease 

6.4.1. Comparison of Gas Samples and Possibility  
of Diagnosis 

At different times, spectra of signals of laser photoacoustic gas-analyzer 
ILPA-1 were recorded for exhaled air, emission from skin of the chest, 
back, and abdomen, as well as vapors of urine of healthy persons and 
patients, suffering from different illnesses [22]. 

Healthy persons and patients with various diseases were studied: 

- 108 healthy persons; 

- 11 with coronary heart ischemia; 

- 41 with bronchial asthma; 

- 29 with community-acquired pneumonia; 

- 46 with chronic obstructive pulmonary disease (COPD); 

- 28 with pulmonary tuberculosis; 

- 15 with hepatitis; 

- 4 with stomach ulcer; 

- 3 with duodenal ulcer. 

Fig. 6.6 shows an example of the obtained absorption spectra of exhaled 
air from range 933-988 cm-1 (10P and 10R CO2 laser branches). 

Note that for the recorded spectra a wide dispersion is characteristic.  
Fig. 6.7 shows average values of absorption spectra of exhaled air 
samples for 10 healthy persons and for 10 samples of one person. 
Because such dispersion in measurements, made with the reference 
gaseous mixture, was not observed, we suppose that this dispersion is 
caused by the variability, characteristic for living objects. Also it is noted 
that several factors may affect the recorded spectra of exhaled  
breath [13]. 
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Fig. 6.6. Absorption spectra of exhaled air in range 933-988 cm-1  
for 5 examined patients with bronchial asthma, COPD, community-acquired 

pneumonia, coronary heart ischemia, stomach ulcer, and healthy one. 

 

Fig. 6.7. Absorption spectra of exhaled air in range 933-988 cm-1 for several 
examined persons. 

The measured spectra for participants between the test group (patients 
with diseases) and the reference group (healthy volunteers) were 
compared on the basis of the Mahalanobis distance [23]. The set of PA 
signals in the 10P and 10R branches of CO2 laser generation for each 
participant was used as feature vector and the specific average square of 
the Mahalanobis distances between each patient and reference group 
spectra in the 10P and 10R branches were calculated (M1 and M2, 
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respectively). The possibility of early diagnosis and monitoring of 
patients with liver diseases on basis of such analysis of their gas 
excretion was discussed [23]. 

Absorption spectra of breath air for 108 healthy persons, 28 patients with 
pulmonary tuberculosis and 56 patients with many diseases were 
analyzed in the same way [24]. Reference group included 22 patients 
with pulmonary tuberculosis. The rest 6 patients with pulmonary 
tuberculosis, 56 other patients, and 108 healthy persons were in test 
group (see Fig. 6.8). It was ascertained that, as the breath air analysis 
result, pulmonary tuberculosis can be diagnosed [24]. 
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Fig. 6.8. Comparison of spectra of reference group (1) and test group: 6 patients 
with pulmonary tuberculosis (2), patients with bronchopulmonary diseases (3), 
patients with other diseases (4), and healthy persons (5) using Mahalanobis 
distance. 

It was ascertained that, as the breath air analysis result, pulmonary 
tuberculosis can be diagnosed [24]. 

One more study involved 20 healthy volunteers and 77 patients with 
bronchopulmonary diseases, including chronic obstructive pulmonary 
disease (COPD), bronchial asthma, pulmonary tuberculosis, and 
community-acquired pneumonia [25]. Analysis of the Mahalanobis 
distance-based absorption spectral profiles of breath air from 
bronchopulmonary patients and healthy volunteers allows the 
formulation of a preliminary diagnosis. 
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6.4.2. Investigation of the Carbon Dioxide in Exhaled Air 

The non-invasive diagnosis of the human organism state through the 
analysis of the exhaled air is very attractive, because together with 
molecules-biomarkers of different illnesses it contains a few percent of 
CO2, which concentration also attests the state of the human  
health [26, 27]. 

The carbon dioxide itself is not a specific marker of certain illness. By 
data of [28], in exhaled air of healthy people its concentration is 
commonly about 4.5 %, but higher values, were also observable, which 
were conditioned by different causes, such as: infecting by the 
Helicobacter pylori bacteria; the food passing through gastrointestinal 
tract; dysfunction of the liver, including cirrhosis; excessive growth of 
bacteria; dysfunction of the pancreas, metabolism of the bile; 
metabolism of the glucose, etc. In 29 and 30 somewhat less values were 
obtained: the concentration of the carbon dioxide in exhaled air of  
39 healthy volunteers, aged from 21 to 61 turned out to fall into interval 
between 1.9 and 4 %, at an averaged value of 2.8 %; and about 4 % of 
СО2 was found in the sample of exhaled air of 16-aged patient-asthmatic. 
Possibilities of capnometry in the screening of illnesses of respiratory 
and cardiovascular organs were studied in 27, in which as the critical 
value of CO2 concentration in the exhaled air for diagnostics of illnesses 
was proposed a magnitude of 4.6 %, despite the fact, showing that it is 
impossible to separate these illnesses by the CO2 concentration value. 

Below we show measurement results for the carbon dioxide 
concentration in exhaled air of healthy persons and patients, suffering 
from different illnesses. The results were obtained from absorption 
spectra, recorded with the help of the ILPA-1 gas-analyzer. Since 
absorption coefficients for CO2 at lines of CO2 laser generation differ 
less than by two times, the CO2 concentration in samples of exhaled air 
was determined by the single-wave method. 

In the group of the examined patients with different somatic illnesses 
from the Tomsk Regional clinical hospital and City hospital no. 3:  
11 persons with bronchial asthma and coronary heart ischemia (COI),  
12 patients with the community-acquired pneumonia, 17 patients with 
chronic obstructive pulmonary disease (COPD), 4 patients with ulcer of 
stomach, and 3 patients with ulcer of duodenum. In the test sampling of 
exhaled air participated healthy persons (students of Siberian State 
Medical University (117 samples)). 
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It is seen from Fig. 6.7 that for range of wave numbers 967-985 cm-1 
(10R branch) a greater dispersion of data is characteristic, than for  
933-950 cm-1 (10P branch), nonetheless, the CO2 concentration was 
calculated for signals at each generation line in range 933-988 cm-1 and 
then the least value was chosen. It was found during the process that a 
lesser values of CO2 concentration corresponded to the absorption at 
lines, close to 946 cm-1 for healthy persons and close to 975 cm-1 for 
patients with differing illnesses. The high values of the CO2 
concentration obtained by the magnitude of absorption at other lines can 
be conditioned by absorption by other gases, residing the exhaled air. 

Fig. 6.9 and Table 6.1 show values of CO2 concentrations in exhaled air 
for all groups of examined peoples. 

 

Fig. 6.9. CO2 concentration in exhaled air of healthy persons and patients  
with bronchial asthma, COPD, pneumonia, coronary heart ischemia (COI), 

duodenal ulcer (DU), and stomach ulcer (SU). 

Obtained values of the CO2 concentration in exhaled air of healthy 
peoples are significantly higher, than of patients with different illnesses: 
the p-value by the Kruskal-Wallis test is р << 0.001, however, we failed 
to discern patients by illnesses, using the value of CO2 concentrations. 
The highest differences are observed, when comparing patients with 
bronchopulmonary disease and coronary heart disease (51 persons) and 
patients with ulcer (7 persons); by Mann-Whitney test, p-value was 
0.054, by the Student’s t-test for equal variance assumed, p = 0.053, and 
only for equal variance not assumed р = 0.026, however, the application 
of the Student’s t-test is rightful only for normally distributed data, but 
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in accordance with Shapiro-Wilk normality test in this case it was not so 
(р = 0.374). Significant differences between these two groups of patients 
can be found only under supposition that CO2 concentrations in exhaled 
air of patients with ulcer are lower than of patients with other diseases. 
In this case, when applying one-tailed Mann-Whitney test, р = 0.028. 
However, by data of work [28] the infecting by the bacteria Helicobacter 
pylori should cause the increase of the CO2 concentration. 

Table 6.1. Values of CO2 concentration (%) for all examined groups.  

 Examined groups 
Size of a 
group 

Me (Q1; Q3) Min Max 

1. Healthy peoples 117 5.6 (4.6; 6.8) 1.9 11.1 

2. 
Patients with bronchial 
asthma 

11 2.7 (2.0; 3.3) 1.8 3.6 

3. Patients with COPD 17 3.2 (2.4; 3.4) 1.0 3.9 

4. 
Patients with 
community- acquired 
pneumonia  

12 2.8 (2.2; 3.7) 1.1 4.6 

5. 
Patients with coronary 
heart disease 

11 3.1 (2.4; 3.6) 1.9 3.9 

6. 
Patients with duodenal 
ulcer  

3 2.1 2.0 2.2 

7. 
Patients with stomach 
ulcer  

4 2.1 (2.0; 3.1) 1.9 3.5 

 

On the whole, the obtained values of CO2 concentration in exhaled air of 
patient with bronchopulmonary and cardiovascular illnesses is somewhat 
lower than the corresponding literature data (4.6 % [27] and 4 % [30]), 
and in exhaled air of heathy persons they are a few higher (4.5 % [28] 
and 1.9-4 % [29]), however, by data from [31] the CO2 concentration 
strongly depends on the state of the examined persons and conditions, in 
which they live: a variation of the CO2 concentration, exceeding  
1.5 times, was found in exhaled air of one and the same person, measured 
in the morning and in the evening. In addition, possibly, the age of 
persons also is significant for measurements. The age of healthy peoples 
did not exceed 22 years, and samples from these persons were taken in 
various time of a day, while ill patients mostly were significantly older, 
and samples of exhaled air were taken from them in the first  
half of a day. 
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6.5. Investigation of Residual Gas in the Wood  
of Annual Rings of Trees 

At present there are many experimental works dealing with 
determination of the CO2 contributed from forest communities and soils 
to the atmosphere. This interest is caused by the fact that vegetation 
affects the climatic system via a change of the rate of the H2O and CO2 
exchange with the atmosphere as well as through a change of the 
radiation and heat regimes of the earth surface. The role of forests in the 
climatic changes can be understood better taking into account the effect 
of the atmospheric CO2 rise on stomatal conductivity [32] and the 
characteristic features of the evaporation, condensation and transfer of 
moisture over forests [33]. In our opinion, estimates of the CO2 release 
by forests and soils require more accuracy [34]. Studies of the pressure 
and the CO2 and H2O content in the gas samples extracted from the tree 
rings show their annual distributions to be cyclic with periods close  
to 2 and 4 years [35]. Therefore, it is possible to suggest that the CO2 
release by the tree stems and roots into the atmosphere has also a cyclic 
character. 

The main subject of the analysis is the annual CO2 distributions in the 
tree discs of various species: a Scots pine (Pinuv sulvestris L.), a Siberian 
stone pine (Pinus sibirica Du Tour), a spruce (Picea obovata Ledeb.) and 
Siberian larches (Larix sibirica Ledeb.). The number of annual rings on 
the discs varies ~ 40 ÷ 100. All the discs, with the exception of one, were 
taken from the trees that grew in Tomsk Oblast (West Siberia), and one 
disc was taken from a larch near the settlement of Chernorud in Irkutsk 
Oblast on the north – west coast of Lake Baikal. Priol’khonie, where 
Chernorud is situated, is the driest area near Lake Baikal (the radiation 
index of dryness corresponds to dry steppes). Scots pine discs were taken 
in Timiryasevo pine forest 10-15 km west of Tomsk. In the first site pines 
grew on a mineral crest and were felled by wind in 2015. Discs from 
three such trees were sawn in May 2017. Another site 200 m away from 
the first one was margin mare peat sediment, where the peat thickness 
was about 1 m. The altitude difference between the sand crest and the 
surface of the peaty site was about 10 m. The pines from peat fell after a 
fire. Discs from three trees were also sawn in May 2017. Conifers are 
more vulnerable to anthropogenic impacts as compared with deciduous 
species because of the long-term toxicant accumulation by leaves. That 
is why a comparison of the CO2 chronologies for deciduous conifer trees 
(larch) with those developed for evergreen trees is of prime interest. 
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The measurements were performed at four spectral lines of a tuneable 
10.6-μm CO2 laser, Р(20, 16, 14) and R(20), coinciding with СО2 
absorption lines (Р) and with water vapor absorption line (R). The СО2 

content was averaged over measurements at three spectral lines of laser 
radiation, the correlation coefficient between which was 0.85-0.90. 

We discovered that experimental СО2 distributions over disc rings of 
trees, growing close on the same site, turned out to be different. Even for 
2 discs (les1 and les2), which have highly correlated ring width 
chronologies (Fig. 6.10), the annual СО2 distributions differ (Fig. 6.11). 
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Fig. 6.10. Correlation between tree ring width of two discs: les 1 and les 2  
(R = 0.96, N = 44, P < 0.0001). 
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Fig. 6.11. Comparison of experimental CO2 and widths chronologies  
for different tree on the same site (les1, a and les2, b). 

We previously found that the distribution of CO2 in disc tree rings is 
cyclical, with a 4-year cycle that is associated with climatic parameters 
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[35, 36]. In the studied discs, the 4-year cycle is also noticeable (for 
example, Fig. 6.12). 
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Fig. 6.12. Results of Fourier analysis of CO2 variations  
in disc tree rings (les. 2). 

From the analysis of CO2 distributions with 4-years variations of the 
studied discs, it was concluded that some of the trees of coniferous 
forests (~40 %) can simultaneously contribute to atmospheric CO2. To 
confirm this we have also analyzed the published time series of the 
atmospheric CO2 content assuming that the atmospheric CO2 can contain 
a signal characteristic of the CO2 in the conifer tree rings. It is known 
that Siberia is a region with the highest concentration of boreal forests. 
The fullest CO2 series over West Siberia was obtained by aircraft 
measurements of the vertical distribution of greenhouse gases [37]. The 
results of the Fourier – analysis (ORIGIN) of the digitized data on the 
CO2 content at three altitude levels (summer points) from the work [37] 
are shown in Fig. 6.13 (the year number N = 21). 

Fig. 6.14 demonstrates the Fourier – spectrum of the CO2 content at the 
station for monitoring atmospheric gases on the island of Hateruma in 
Japan (N = 25) located at an altitude of 36 m [38]. The spectrum points 
to the CO2 variations with a period of about 2 and 4 years. We have also 
analyzed a longer CO2 series from Mauna Loa Observatory [39] located 
on the island of Hawaii in the Pacific Ocean (N = 61). The observatory 
is situated at an altitude of over 3000 m above sea level, and the complete 
absence of vegetation there and the distant location of the island allows 
one to consider the CO2 content background. It turned out that during the 
period of February – March – April the variations close to 4 years  
(~3.5 years) in the CO2 content can be distinguished (Fig. 6.15). 
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Fig. 6.13. Fourier – spectra of the CO2 content according to the aircraft 
measurement data from [37] at altitudes of 0.5 km, 3 km and 7 km  

(summer points). 
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Fig. 6.14. Fourier – spectrum of the CO2 content on the island of Hateruma. 

Thus, part of the conifer trees from the forest communities are 
characterized by synchronous 4 – year variations of the CO2 contained 
in the tree stems. They can influence the CO2 exchange between conifer 
forests and the atmosphere. The measurement series of the CO2 content 
in the atmosphere near the earth’s surface show close periodicities. The 
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CO2 content at the Mauna Loa is also subject to the influence of the 
respiration of the Siberian forests [40].  
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Fig. 6.15. Fourier – spectra of the CO2 content at Mauna Loa observatory  
in February (a) and March (b). 

6.6. Conclusions 

The results of this work show, that the laser PA gas analyzers, based on 

CO2 lasers, can be successfully used to detecting of biogenic gases of 
various origin, like air, exhaled by patients and residual gases in the 
wood of annual rings. 

A comparison of the absorption spectra of the examined individuals and 
the reference group of patients with established disease may be useful 
for the diagnosis of diseases. 

The differences in the CO2 concentration in the breath air of examined 
healthy persons and patients with different illnesses were found: p-value 
by the Kruskal-Wallis test is p << 0.001. 

Investigations of the gas chronologies from the conifer tree – ring discs 
show synchronism of the processes of the CO2 accumulation in the stems 
of at least part of the forest community. The periodicity of the above 
processes can affect the atmospheric CO2 content. These investigations 
suggest that the CO2 released by forests into the atmosphere varies from 
year to year with a dominant 4 – year period. To determine it correctly 
and to establish its relation to the forest respiration, it is necessary to 
perform long-term measurements of the CO2 content in the atmosphere 
above forests, under the forest canopy and over forest soils. 



 
Advances in Measurements and Instrumentation: Reviews, Book Series, Vol. 2 

164 

Acknowledgements 

This work was supported by the Ministry of Science and Higher 
Education of the Russian Federation (budget funds for IAO SB RAS). 

References 

[1]. A. B. Antipov et al., Photo-Acoustic Technique in Laser Spectroscopy of 
Molecular Gases, Nauka, Novosibirsk, 1984. 

[2]. V. P. Zharov, V. S. Letokhov, Photo-Acoustic Spectroscopy, Nauka, 
Moscow, 1984. 

[3]. B. G. Ageev, Yu. N. Ponomarev, B. A. Tikhomirov, Nonlinear  
Photo-Acoustic Spectroscopy of Molecular Gases, Nauka, Novosibirsk, 
1987. 

[4]. V. Zeninari, et al., Design and characteristics of differential Helmholtz 
resonant photoacoustic cell for gas detection, Inf. Phys. & Techn., Vol. 40, 
Issue 1, 1999, pp. 1-23. 

[5]. V. A. Kapitanov, et al., Two-channel opto-acoustic diode laser 
spectrometer and fine structure of methane absorption spectra in  
6070-6180 cm−1 region, Spectrochimica Acta Part A, Vol. 66, Issues 4-5, 
2007, pp. 811-818. 

[6]. V. A. Kapitanov, Yu. N. Ponomarev, High resolution ethylene absorption 
spectrum between 6035 and 6210 cm−1, Appl. Phys. B, Vol. 90, Issue 2, 
2008, pp. 235-241. 

[7]. S. Bernegger, M. W. Sigrist, CO-laser photoacoustic spectroscopy of 
gases and vapours for trace gas analysis, Infrared Phys., Vol. 30, Issue 5, 
1990, pp. 375-429. 

[8]. P. L. Meyer, M. W. Sigrist, Atmospheric pollution monitoring using  
CO2-laser photoacoustic spectroscopy and other techniques, Rev. Sci. 
Instrum., Vol. 61, Issue 7, 1990, pp. 1779-1807. 

[9]. V. S. Starovoitov, S. A. Trushin, V. V. Churakov, Use of lasers on 
isotope-substituted CO2 molecules in optoacoustic control of atmospheric 
pollution, J. Appl. Spectrosc. Vol. 59, Issue 5, 1993, pp. 855-859. 

[10]. B. G. Ageev, Yu. N. Ponomarev, V. A. Sapozhnikova, Laser photoacoustic 
method for disc tree-ring gas analysis, World Environment, Vol. 2,  
Issue 2, 2012, pp. 4-10. 

[11]. B. G. Ageev, O. Yu. Nikiforova, Optoacoustic determination of carbon 
dioxide concentration in exhaled breath in various human diseases, J. Appl. 
Spectrosc., Vol. 83, Issue 5, 2016, pp. 820-825. 

[12]. D. C. Dumitras, A. M. Bratu, C. Popa, in CO2 Laser – Optimisation and 
Application, InTech, 2012, pp. 43-102. 



Chapter 6. CO2 Laser Photoacoustic Gas Analyzers for the Measurements in Plant 
Biology and Medicine 

165 

[13]. O. Vaittinen, F. M. Schmidt, M. Metsälä, L. Halonen, Exhaled breath 
biomonitoring using laser spectroscopy, Current Analytical Chemistry, 
Vol. 9, Issue 3, 2013, pp. 463-475. 

[14]. F. M. Schmidt, M. Metsälä, O. Vaittinen, L. Halonen, Background levels 
and diurnal variations of hydrogen cyanide in breath and emitted from 
skin, J. Breath Res., Vol. 5, Issue 4, 2011, 046004. 

[15]. M. Metsälä, F. M. Schmidt, M. Skyttä, O. Vaittinen, L. Halonen, 
Acetylene in breath: Background levels and real-time elimination kinetics 
after smoking, J. Breath Res., Vol. 4, Issue 4, 2010, 046003. 

[16]. E. V. Stepanov, V. A. Milyaev, Application of tuneable diode lasers for a 
highly sensitive analysis of gaseous biomarkers in exhaled air, Quantum 
Electron., Vol. 32, Issue 11, 2002, pp. 987-992. 

[17]. I. V. Sherstov, R. V. Pustovalova, Development of a new system to collect 
and dry patient exhalation samples for laser photo-acoustic gas analyzer, 
Lasers in Medical Sciences, 2020. 

[18]. I. V. Sherstov, K. V. Bychkov, V. A. Vasiliev, A. I. Karapuzikov,  
V. V. Spitsin, S. B. Chernikov, Two-channel CO2 laser system for 
heterodyne lidar, Atmos. Oceanic Opt., Vol. 18, Issue 3, 2005,  
pp. 248-253. 

[19]. A. I. Karapuzikov, I. V. Sherstov, B. G. Ageev, V. A. Kapitanov,  
Yu. N. Ponomarev, Laser sensors-gas analyzers based on smart waveguide 
СО2 lasers and resonance photoacoustic detectors and their applications, 
Atmos. Oceanic Opt., Vol. 20, Issue 5, 2007, pp. 418-423. 

[20]. M. Phillips, Breath tests in medicine, Scientific American, Vol. 267,  
Issue 1, 1992, pp. 74-79. 

[21]. P. J. Kramer, T. T. Kozlowski, Physiology of Woody Plants, Academic 
Press, New York, 1979. 

[22]. O. Yu. Nikiforova, B. G. Ageev, Yu. V. Kistenev, Scans of Middle-IR 
Absorption Spectra of Gas Samples of Various Kinds of Healthy Persons 
and Patients with Various Diseases, Database Registration Certificate 
No. 2011620627, Russia, 2011 (in Russian). 

[23]. Yu. V. Kistenev, K. I. Tchuikova, S. S. Gomboeva, A. A. Karapuzikov, 
Study correlation of absorption spectra of gas excretions of patients with 
acute viral hepatitis, obtained by laser opto-acoustic spectroscopy, with 
blood biochemical parameters, Meditsinskaya Fizika (Medical Physics), 
Issue 4, 2011, pp. 32-37. 

[24]. B. G. Ageyev, Yu. V. Kistenyov, Ye. V. Nekrasov, O. Yu. Nikiforova,  
Ye. S. Nikotin, G. S. Nikotina, Yu. N. Ponomaryov, O. I. Urazova,  
O. V. Filinyuk, V. A. Fokin, G. V. Yanova, Estimate of expired air samples 
of patients with the pulmonary tuberculosis using laser photoacoustic 
spectroscopy technique, Bulletin of Siberian Medicine, Vol. 11, Issue 4, 
2012, pp. 116-120. 

[25]. A. A. Bulanova, E. B. Bukreeva, Yu. V. Kistenev, O. Yu. Nikiforova, 
Diagnostics of bronchopulmonary diseases through Mahalanobis distance-



 
Advances in Measurements and Instrumentation: Reviews, Book Series, Vol. 2 

166 

based absorption spectral analysis of exhaled air, Front. Optoelectron., 
Vol. 8, Issue 2, 2015, pp. 183-186. 

[26]. V. I. Kuznetsov, S. A. Tarakanov, N. I. Ryzhakov, V. T. Kogan,  
A. V. Kozlenok, A. A. Rassadina, Method of highly sensitive non-invasive 
diagnostics of functional states of organism, http://www.medtsu.tula.ru/ 
VNMT/Bulletin/E2013-1/4167.pdf 

[27]. D. V. Lapitski, R. F. Ermolkevich, S. M. Metelski, A. N. Ryapolov, 
I. A. Manichev, V. G. Scherbitski, Capnometry screening ability of 
ventilatory and circulatory disorders, Military Medicine, Issue 1, 2014,  
pp. 54-57. 

[28]. S. I. Lukash, Problems of diagnostics of some diseases on exhaled air, 
Computer Means, Networks and Systems, Vol. 9, 2010, pp. 62-71. 

[29]. K. Stamyr, O. Vaittinen, J. Jaakola, J. Guss, M. Metsälä, G. Johanson, 
L. Halonen, Background levels of hydrogen cyanide in human breath 
measured by infrared cavity ring down spectroscopy, Biomarkers, Vol. 14, 
Issue 5, 2009, pp. 285-291. 

[30]. J. H. Shorter, D. D. Nelson, J. B. McManus, M. S. Zahniser, S. R. Sama, 
D. K. Milton, Clinical study of multiple breath biomarkers of asthma and 
COPD (NO, CO2, CO and N2O) by infrared laser spectroscopy, J. Breath 
Res., Vol. 5, Issue 3, 2011, 037108. 

[31]. S. I. Lukash, Development of the technique of measurement CO2 in 
exhaled air, Computer Means, Networks and Systems, Vol. 10, 2011,  
pp. 119-125. 

[32]. G. J. Kooperman , Y. Chen , F. M. Hoffman,  C. D. Koven , K. Lindsay, 
M. S. Pritchard, A. L. S. Swann , J. T. Randerson, Forest response to rising 
CO2 drives zonally asymmetric rainfall change over tropical land, Nat. 
Clim. Change, Vol. 8, 2018, pp. 434-440. 

[33]. A. M. Makarieva, V. G. Gorshkov, Biotic pump of atmospheric moisture 
as driver of the hydrological cycle on land, Hydrol. Earth Syst. Sci.,  
Vol. 11, 2007, pp. 1013-1033. 

[34]. B. G. Ageev, A. N. Gruzdev, Yu. N. Ponomarev, V. A. Sapozhnikova, 
Variations of residual CO2 and pressure in conifer woody roots, Atmos. 
Ocean. Opt., Vol. 31, 2018, pp. 146-152. 

[35]. V. A. Sapozhnikova, A. N. Gruzdev, B. G. Ageev, Yu. N. Ponomarev, 
D. A. Savchuk, Relationship between CO2 and H2O variations in tree rings 
of Siberian Stone Pine and meteorological parameters, Doklady Earth 
Sciences, Vol. 450, 2013, pp. 652-657. 

[36]. B. G. Ageev, A. N. Gruzdev, V. A. Sapozhnikova, Cyclic variation of 
residual (CO2 + H2 O) and total pressure in conifer stem and woody root 
tree rings, J. Siberian Fed. Univer. Biology, Vol. 11, 2018, pp. 206-217. 

[37]. O. Yu. Antokhina, P. N. Antokhin, V. G. Arshinova, et al., Investigation 
of the hothouse gas dynamics in West Siberia, Atmos. Ocean. Opt.,  
Vol. 32, 2019, pp. 777-785 (in Russian). 

[38]. Center for Global Environmental Research, http://db.cger.nies.go.jp/ 
portal/ggtus/hateruma 



Chapter 6. CO2 Laser Photoacoustic Gas Analyzers for the Measurements in Plant 
Biology and Medicine 

167 

[39]. Earth System Research Laboratory Global Monitoring Division, 
https://www.esrl.noaa.gov/gmd/ccgg/trends/graph.html 

[40]. W. Buermann, B. R. Lintner, C. D. Koven, A. Angert, J. E. Pinzon, 
C. J. Tucker, I. Y. Fung, The changing carbon cycle at Mauna Loa 
Observatory, PNAS, Vol. 104, 2007, pp. 4249-4254. 

 

 



 

 

 



Chapter 7. Autonomous Ultrasonic Microsystem for Prevention and Diagnosis  
in Cancer Pathologies: Larynx and Breast Abnormalities 

169 

Chapter 7 

Autonomous Ultrasonic Microsystem  
for Prevention and Diagnosis in Cancer 
Pathologies: Larynx and Breast 
Abnormalities 

Georges Nassar1 

7.1. Introduction 

Nowadays intelligent devices control aspects of our life. Some of them 
will even think for us. In all technological sectors, researchers focus on 
the design or optimization of operations in order to generate a new model 
of interaction between the various actors in society involved in the fields 
of health, comfort and safety. 

Far from replacing the role of professionals, on-board electronic systems 
strengthen the links between scientists, patients and caregivers. This 
practice of "continuous monitoring" with prevention tools alternative to 
exposure to harmful radiation (e.g. MRI, RX...) reassures and involves 
individuals who become actors in their health. 

Technologically, the study of interactions between sensors and living 
things goes far beyond biological and health impact studies. The 
continuous nature of the measurement of information is often difficult to 
obtain and only a few restrictive intrusive devices (e.g. wire probes) 
allow continuous monitoring of a person's physiological or/and 
pathophysiological properties. Practices conditioned by morphology 
and/or age often impose a state of stress linked to the need to prepare the 
procedure for a stay in a medical centre. The evaluations of the data 
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sought are based on significant parameter uncertainty, which constitutes 
an undeniable field of application for statistical approaches. These 
numerous technological and experimental challenges are at the origin of 
potential innovations in the fields that we will develop. 

It is in this context that this chapter relates to the development of 
prevention and diagnosis connected devices which are bio-compatible 
miniaturized and autonomous. 

Although the study and the design of integrated micro sensors constitute 
the heart of this work, particular attention was paid to the association 
with our sensors of tele-connected modules in Hot (patient) and target 
(health professionals) architectures under a “Decision Support” protocol. 

The combination of these two technological axes: "integrated  
micro-sensors" and "connected modules" have led to simultaneous  
real-time acquisition systems of physiological signals offering 
multidimensional information representative of a given pathophy-
siological state. Such systems will meet the demands of the modern 
world on health, well-being, comfort and safety. 

Contrary to the magnetic approaches practiced today, this chapter 
focuses on ultrasonic systems of prevention and diagnosis adapted to the 
screening of cancer for both Larynx and the Breast pathologies. 

7.2. Mechanical Model of the Multilayered Tissues 

The study of the mechanical behavior of biological tissues multilayers 
under vibration of wave is necessary in order to adapt the parameters of 
transducers for an optimum of coupling coefficient. In this context the 
work reports a complete mathematical model of the behavior of 
ultrasonic waves in viscoelastic liquid/solid multilayer biological tissues 
to quantify the optimal ultrasonic parameters to improve the preservation 
of human health and establish a “soft” therapeutic or diagnostic tool 
without the risks linked to current magnetic equipment. We discuss the 
displacement of ultrasonic fields and the boundary conditions at two 
interfaces between different media reflecting both the layers 
characterizing the larynx environment (skin, fat,...) and those of the 
breast (skin, fat, lobes,...). From a physical point of view, the continuity 
of the displacements and the normal and shear stresses are respected. To 
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reach our goal, the transfer matrix approach involving the viscosity and 
the mixed boundary conditions was used to model wave propagation. 
With this method, the matrix describing the multilayer structure can be 
obtained by multiplying the matrices of the same order describing each 
layer. The displacement and stress at the multilayer surface can thus be 
expressed as a function of those at the posterior surface by taking into 
account the angle of refraction. 

7.2.1. Layer Characterization Using a Matrix Approach 

Consider a multilayered structure consisting of N layers of different 
nature and thickness bounded by two fluid semi-spaces, as shown in  
Fig. 7.1. The layers and interfaces separating them are indexed i, with i 
varying from 1 to N. The upper and lower semi-spaces along with the 
corresponding interfaces are indexed 0 and N+1, respectively. The 
coordinate system was chosen so that the incident plane coincides with 
the x, z plane, hence the components of all vectors are only expressed in 
terms of x and z. 

 

Fig. 7.1. A Multilayered structure consisting of N layers. 

For an incident plane wave on the upper interface of the structure with 
an incidence angle 0, the number of partial plane waves n propagating 
in each medium depends on the nature of the latter. For each layer, a 
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local spatial coordinate is selected at the top of the mth layer  
(z = zm – 1) for waves propagating in the +z direction, denoted by the 
superscript n+, and at the bottom of the ith layer (z = zm) for waves 
propagating in the – z direction, denoted by the superscript n , hence, 
n  n , n . The corresponding wave number vectors are: 

 𝒌   𝑘 𝑘 , , 𝒌   𝑘 𝑘 , , (7.1) 

where T denotes the transpose vector and k ,   k , . Moreover, 
applying Snell’s law, the projection of these wave number vectors on the 
x-axis for all the modes in all layers should be equal, which gives: 

 𝒌𝒙𝒎
𝒏   𝒌𝒙𝟎

  𝒌𝟎 𝐬𝐢𝐧 𝜽𝟎   𝒌𝒙 ∀𝒏, 𝒎, (7.2) 

with k  being the wave number in the incidence medium. In general, for 
a plane wave of index m in layer m, the wave number can be  
expressed as: 

 𝒌𝒎
𝒏   

𝝎

𝒄𝒎
𝒏   𝒌𝒙

𝟐 𝒌𝒛𝒎
𝒏 𝟐

, (7.3) 

with c  being the corresponding wave velocity and ω the radial 
frequency. 

Therefore, the total displacement in a given layermisthe summation of 
all displacements relative to each propagating wave mode and is 
expressed as follows: 

 𝒖𝒎 𝒙, 𝒛   𝒆𝒋 𝒌𝒙𝒙 𝝎𝒕 ∑ 𝒂𝒎
𝒏 𝒑𝒎

𝒏 𝒆𝒋𝒌𝒛𝒎
𝒏 𝒛 𝒛𝒎 𝟏

𝒏

∑ 𝒂𝒎
𝒏 𝒑𝒎

𝒏 𝒆𝒋𝒌𝒛𝒎
𝒏 𝒛 𝒛𝒎

𝒎

, (7.4) 

where a  is the amplitude of the displacement; p  is the normalized 
displacement polarization vector that is parallel to the wave number 
vector for a longitudinal wave and orthogonal to it for a transverse wave. 

The harmonic time dependence term e  is intentionally suppressed in 
the following. 

An algorithm based on matrix formalism was developed to deepen the 
understanding of the ultrasonic behavior of multilayer human tissue [1]. 
The reflection and transmission of ultrasonic waves in a combination of 
different layers (skin fat, lobular,...) were studied. Based on the result 
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issues from this approach, the criteria for choosing the ultrasonic 
characteristics (electrical, mechanical and dimensional) of the diagnostic 
systems have been defined. 

7.3. Larynx Abnormalities Evaluation with Passive 
Ultrasonic Resonator 

Oral communication is the major tool for human interactions, the vector 
of our identity, and the witness of our emotions. Some diseases might 
affect the vocal apparatus, which is the unit responsible of generating 
sounds in human bodies, leading thus to disabilities in oral 
communication. The most common encountered diseases in diagnosis 
are those related to the larynx and the vocal cords [2-6]. 

While some of these diseases are considered as mild, affecting the 
individual for a short period of time, such as the acute laryngitis, an 
inflammatory condition of the larynx which could cause a dysphonia, 
some others might be more severe and serious such as the laryngeal 
cancers that are mostly of squamous cell carcinoma form. A large 
number of patients are diagnosed annually with laryngeal cancer, the 
latter being among the most common cancers of the upper aero-digestive 
tract. The treatment option for every individual depends on many factors 
among which are the stage of the cancer and the location and size of the 
tumor, the objective of that treatment being thus either a cure of the 
disease or an extension of the survival years of the patient and his 
palliation. The most commonly used treatments might be of a single or 
combined modality of a radiation therapy, a surgery involving a partial 
or total laryngectomy, and chemotherapy. Other new types of treatments 
are still being developed and tested in clinical trials such as targeted 
therapy that uses drugs to attack specific cancer cells. However, 
regardless of the treatment care method, the chances of recovery from 
laryngeal cancer are still being low especially in the case of patients 
diagnosed in advanced and metastatic stages [7]. From here the 
importance of an early detection of cancer arises, which might increase 
the patient chance of a cure. This detection might be useful in the case of 
subjects showing early signs and symptoms of the disease including a 
sore throat and ear pain, as well as individuals having high risk factors 
such as heavy smokers, alcoholics, or those with a family history. 

Nowadays, there exist several clinical methods for the screening and 
diagnosis of laryngeal cancer, requiring physical and/or surgical 
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interventions such as laryngoscopy and endoscopy both allowing a 
biopsy, Computerized Tomography scan (CT scan), Magnetic 
Resonance Imaging (MRI), Positron Emission Tomography scan (PET 
scan), etc... On another hand, researches have been carried recently to 
develop speech processing methods that can be used as a preliminary 
diagnosis of several voice pathologies. Most of these studies analyze 
sound in the audible bandwidth, which gives incomplete information on 
the vibratory state of the vocal cords, while some others worked on the 
improvement of existing techniques such as local imaging or  
scanning [8-12]. 

In this context, this part of work aims to evaluate some larynx physical 
properties variation through a non-intrusive passive smart listening 
collar. The latter can provide systematic and in-vivo screening for some 
laryngeal diseases, including laryngeal cancer, by spectro-temporal 
analysis of the voice signal resonance. This would allow consequently 
the detection of these diseases at an early stage, even in people who still 
represent no symptoms, which would permit an early treatment and a 
higher chance of cure. 

7.3.1. Physical Concept 

The transmitted wave in the transmission medium (gel) is acquired by 
the transducer attached to the individual’s neck using a collar. The 
position of the transducer may greatly affect the collected signal and 
consequently the results for identification and classification purposes in 
the medical application. The position of the transducer can be defined in 
terms of the angle (0), angle made with the normal to the longitudinal 
axis (z-axis). In order to examine the best location, the transmission 
coefficient is obtained, as outlined earlier by matrix formalism model 
using physical parameters in Table 7.1, gives an optimal opening of the 
exploration field of 0-70 ° around the neck and this for a base frequency 
band of 2 kHz. 

Table 7.1. Physical parameters of the fluid and solid layers. 

Fluid 
Density (𝝆𝒇) 920 Kg.m-3 
Speed of sound in fluid (𝒄𝒇) 1450 m.s-1 

Solid 

Thickness (h) 2 mm 
Density (𝝆𝒔) 1050 Kg.m-3 
µ 2.1 MPa 
𝜆 50.4 MPa 
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7.3.2. Low Frequency Micro Resonator Design 

7.3.2.1. Numerical Approach 

This finding gives the suitable position where the sensor should be 
attached on the collar with respect to the human neck and the 
corresponding frequency for an optimum reception of the information. 
Since the operation of the sensor is expected at a low-frequency (below 
2 kHz band), and knowing that the resonance frequency of a resonant 
piezoelectric transducer vibrating in a thickness mode is inversely 
proportional to its size, the main challenge here is to design and build an 
acoustic receiver being able to operate at a low-frequency but at the same 
time of a miniature size. 

In this context, a transducer is designed based on the concept of resonant 
concentric thin rings of reduced size rather than the classic sensor design. 
The physical parameters of the receptors are chosen in accordance with 
the results (Fig. 7.2) obtained from a simulation study by the ANSYS 
software (ANSYS® Academic Research Mechanical, Release 10, 
Coupled Field Analysis, ANSYS, Inc.), consolidated by the mechanical 
analytical model (Fig. 7.3) while taking into account the physical and 
electromechanical properties of the piezo elements used. The transducer 
is built then according to the design parameters, and the results are 
validated experimentally. 

 

Fig. 7.2. Geometrical dimensions and modular resonance  
of the concentric rings sensor. 
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Fig. 7.3. Mechanical equivalent model of the sensor, where k and c reflect  
the spring and dashpot characteristics. 

7.3.2.2. Mechanical Approach 

To validate the approach, the numerical simulation is completed by the 
analytical approach of the mechanical behavior (Fig. 7.3) in order to 
characterize the resonator vibration modes and visualize the 
corresponding distortions when the structure is excited. This 
concordance gave access to set in practice the experimental element to 
receive waves coupled by tissues and validates the findings. 

From a mechanical point of view, the dynamics of the system are 
expressed by the following differential equations: 

Mass m1: 

 m x  + k x  + k (x x ) + c  x + c (x x ) = 0 ⟹ 

 ⟹ x + Ω  x  + ∆  x   
 

x   x  = 0,  (7.5) 

where Ω  = 
  

 
 and ∆  = 

  

 
. 

Mass m : 

m x  + k (x x ) + k (x x ) + c (x x ) + c (x x ) = 0 ⟹ 

 ⟹ x  + Ω  x  + ∆  x  - 
 

x  - x  - 
 

x  - x  = 0,  (7.6) 

where Ω  = 
  

 
 and ∆  = 

  

 
. 

Mass m3: 

 m x  + k x  + k (x x ) + c  x + c (x x ) = 0 ⟹ 

 ⟹ x  + Ω  x  + ∆  x  - 
 

x  - x  = 0,  (7.7) 
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where Ω  = 
  

 
 and ∆  = 

  

 
. 

Grouping the three differential equations in Eqs. (7.5) to (7.7) for the 
three masses leads to the following system of equations: 

⎩
⎪
⎨

⎪
⎧ x   Ω  x   ∆  x   

 
x   x 0 

x   Ω  x   ∆  x   
 

x   x   
 

x   x 0 

x   Ω  x   ∆  x   
 

x   x 0 

(7.8) 

A sinusoidal motion with ω as pulsation, leads to express the following 
displacement system: 

 
x   Ae
x   Be
x   De

 

Considering the expressions of xi (i = 1,2,3) and their derivations, the 
system of equations yields: 

⎩
⎪
⎨

⎪
⎧ Ω   ω jω ∆ A  B 0 

   A  Ω  ω jω ∆  B    D 0

  B  Ω  ω jω ∆ D 0 

 (7.9) 

with  k  =  k  =  k  =  k  &  c  =  c  =  c  =  c . 

For there to be a non-zero solution, the determinant must be zero: 

Ω   ω jω ∆  0

  Ω  ω jω ∆    

0   Ω  ω jω ∆

0  (7.10) 

Applying the following numerical values: k = 2.102 N/m, c = 0.2,  
m1 = 4,835.10-6 Kg, m2 = 1.088ꞏ10-8 Kg, and for m3 = 1.813ꞏ10-8 Kg, the 
solutions of the following differential equation: 
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 –ω +5.9ꞏ107jω +6.2ꞏ1014ω –3.15ꞏ1019jω – 

 –1ꞏ1023ω +1ꞏ1026jω+3.4ꞏ1028= 0  (7.11) 

gives resonance frequency values at: f0 = 1.6 kHz, f1 = 85.3 kHz, and  
f2 = 2.1 MHz. 

7.3.2.3. Experimental Device 

The experimental realization of the receiver is elaborated on the basis of 
a piezoelectric disk of diameter at the base 10 mm and thickness of  
0.25 mm. The central concentric rings are made through an assisted laser 
engraving system. Other than the physical maintenance of the rings, the 
central rod allows both electrical polarization and electrical continuity 
with the central control unit (Fig. 7.4). 

Table 7.2 shows a good agreement between the main resonance 
frequencies values obtained from the numerical simulation, the 
analytical model, and the experimental response by a network analyzer. 
These results ensure that the designed transducer has a fundamental 
resonance frequency (around 1.6 Hz) which makes it convenient to be 
used in this medical application. 

 

Fig. 7.4. Physical concept of the micro-resonator acoustic system. 

Table 7.2. Comparison of the resonance frequencies of sensor obtained  
from the numerical simulation, the mechanical model  

and the experimental results. 

Frequencies 
(kHz) 

ANSYS 10 
Mechanical 
Model 

Experimental 
Results 

f0 1.63 1.60 1.53 
f1 85,00 85.30 84.60 
f2 2310 2100 1980 
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7.3.3. In-vivo Diseases Detection 

Having succeeded to design a miniature sensor with a low resonance 
frequency, and having found the suitable position where it should be 
attached on the collar to be wrapped around the human neck for an 
optimum information reception, the collar is implemented and is used to 
carry a detailed examination on four different categories of people: 
healthy cases, subjects with laryngeal cancer, those suffering from 
inflammatory polypus, and the ones having chronic laryngitis. Fig. 7.5a 
shows the spectrograms of the two extreme physiological cases: a 
healthy state versus a cancerous one. In our application, one hundred 
patients with an average age of 53 years of whom 20 % were women 
were diagnosed in the same context but separately. The vibratory signal 
was acquired after each person pronounced the vowel / a / (Fig. 7.5 b), 
which reflects the greatest number of vocal cord vibrations modes  
[13-14]. For each person, an average of three signals was recorded in 
order to avoid the natural dispersion resulting from the experimental 
application. 

The detected signals are treated using an algorithm based on the Short 
Time/Frequency Transform coupled with the Jitter index for each 
frequency band on the time signal, the steps of the algorithm being 
detailed in Fig. 7.5b. A feature vector for each individual is stored in the 
database (training set) and the remaining acquired feature vectors (or 
signals) are used to study the performance of the system. A very high 
recognition rate has been achieved (above 90 %). 

 

Fig. 7.5a. Spectrograms showing the different frequency components  
weights for two extreme physiological states: a healthy case  

and a cancerous state. 



 
Advances in Measurements and Instrumentation: Reviews, Book Series, Vol. 2 

180 

 

Fig. 7.5b. Sensor position and algorithm steps used for the classification  
of the different pathological states of the larynx. 

In order to validate the concept experimentally, the hundreds of cases 
concerned were classified under 4 categories (20 subjects by category): 

Category A for healthy subjects; 

Category B for subjects with laryngitis cancer; 

Category C relates to inflammatory polyp disease; 

Category D reflects chronic inflammation. 

To reduce intra-category dispersion, 4 subgroups (5 subjects by group) 
were identified by setting a cross-correlation coefficient threshold 
between the time signals that are derived from subjects belonging to each 
category. 

Fig. 7.6a shows that the fundamental frequency of the waves produced 
by the vibration of the vocal cords in healthy subjects (A) is around  
600 Hz with a standard deviation (STD) of 13 Hz. The Jitter, which 
represents the characteristic temporal index of the sound, is located at 
around 0.7. 
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For subjects with larynx cancer (B), this frequency index is around  
150 Hz (STD = 5 Hz) and the Jitter value is considerably higher at  
around 2.5. 

 

Fig. 7.6a. Classification resulting from the coupling of data from frequency 
components with those from the Jitter thus showing four distinct physiological 
states: (A) Healthy Patients, (B) Cancer state, (C) Inflammatory Polypus,  
and (D) Chronic Laryngitis. 

In addition, for patients with benign lesions (C) of the larynx (vocal cord 
polyps), the fundamental frequency is around 400 Hz (STD = 8 Hz) and 
the Jitter is around 1.1, whereas for patients with chronic laryngitis (D) 
the fundamental frequency is around 110 Hz (STD = 4 Hz) and the Jitter 
is around 1.5. 

In what follows, Fig. 7.6 (b) gives an idea about the display of data and 
the classification of categories in a real environment. It shows an 
example of the graphical interface implemented providing the time 
signature of the signals for each of the above-mentioned patient 
categories. 

The ENT examination shows that in a healthy subject the laryngeal 
pathway is normal with good mobility of the vocal cords (A). The 
envelope of the autocorrelation function (of the time signal) is a sinc 
function; it is maximal at the intercept and contains several secondary 
periodic lobes resulting from the periodicity of the vibration of the  
vocal cords. 
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Fig. 7.6b. Graphical interface of connected system showing the morphological 
diagram of signal issued from each category. 

For a person with cancer (B), the temporal plot is irregular (random) and 
the spectrum is limited to low frequencies due to a significant decrease 
in and even total absence of vibration of the vocal cords. 

As for subjects with inflammatory polyps or chronic laryngitis (C & D), 
the temporal plot contains some irregularities but also shows some 
similarities with the temporal plot of healthy patients. Additionally, the 
spectrum contains high frequencies but with lower values than  
healthy subjects. 
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7.3.4. Discuss 

Non-invasive methods are proposed for screening pathological in cancer 
states. Firstly, for larynx cancer pathology, the vibrating passive system 
consists of attaching a smart collar on the human neck where a transducer 
is attached to detect the wave generated by the vocal cord vibrations 
when the individuals pronounce the vowel / a /. A study has been done 
first to model that wave propagation and decide about the best location 
of the transducer with respect to the human neck, as well as  
the corresponding resonance frequency of the transducer for an optimum 
information reception. Based on that, a micro transducer based  
on the concept of resonant concentric thin rings has been designed  
and built. 

The collar has been then used for medical diagnosis of a given sample of 
individuals presenting different laryngeal pathological states. The 
acquired signals have been treated according to a developed algorithm 
and a corresponding database has been built to classify the frequency 
components of every pathological case. An experimental result has 
shown the validity of the proposed idea with a rate of classification 
accuracy about 90 %. The 10 % dispersal in overall diagnosis is related 
in part to the acute frequency component of the female sex. Work is 
underway to develop a characteristic chart for each sex to minimize this 
dispersion and make the system very reliable. 

As a result, this work presents a "soft" and reliable diagnostic system 
based on the vibratory mechanical behavior of the vocal apparatus. A 
double interest results in the prospects of such application: 

1. Clinically, this system has been studied and designed to implement 
an alternative screening method for laryngeal pathologies to save 
patients from frequent exposure to harmful radiation as RX, MRI,... 

2. In terms of prevention, the connected feature of this system offers a 
means of continuous information on the evolution of a state of health, 
continuously viewable by a "smart phone" interface, which could lead 
to a possible early detection of severe laryngeal diseases, especially 
cancer, giving the subject a higher chance of cure. 
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7.4. An Ultrasonic Bra for an Autonomous Soft 
Diagnosis of Breast Tissues 

With the same objective of screening and diagnosing cancer pathology, 
breast cancer is the most common malignancy among women 
worldwide, with 1.7 million women diagnosed annually [15]. Detecting 
pathology before it metastasizes is practically the only way of stopping 
the progression of the disease and saving the patient. For this purpose, it 
is necessary to diagnose the disease at an early stage and determine 
whether the tumor is benign or malignant. Mammography screening is 
currently available for women at average risk of breast cancer aged 
between 40 and 75 years. However, several clinical studies have 
demonstrated that ultrasound imaging can detect micro-calcifications in 
dense breasts that potentially lead to 30 % of metastatic cases. Several 
studies have recently contributed to our understanding of the 
mechanisms that control tumor development and the diagnosis of cancer 
at physical, chemical, and biological levels [16-22]. Studying the 
anatomy of this structure would help improve understanding of the 
ultrasound images collected within the framework of this work. 
However, the ultrasound model of the mammary gland changes with age, 
health status, and hormonal cycle. 

During the past decade, many research teams and commercial companies 
have developed ultrasound imaging systems to visualize 2D or 3D 
images of the breast using antenna of different shapes (e.g., circular, 
semicircular, matrix or conical). Nevertheless, most of these systems are 
bulky and the images are acquired in a ventral decubitus position, as the 
patient must immerse her breast in a tank of water for more than  
half an hour. 

Several solutions have been developed to solve this problem [23-27], 
unfortunately, ultrasound imaging still has the disadvantage of being 
operator-dependent, which can lead to high false-negative rate if the 
operator lacks experience. 

Hence, the search for technologies to improve the quality and simplicity 
of tumor detection will help improve prospects with regard to treatment 
and surgery, empower women to make informed, coherent decisions, and 
contribute to positive health outcomes. 

This part of work aims an ultrasound system with sensors distributed 
uniformly on rings of different diameters thus covering almost the whole 
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breast (Fig. 7.7A). The wide lateral radiation field of these sensors will 
be the key feature of the concept. 

 

Fig. 7.7. A) Illustration of the layout of the ultrasonic imaging system. Rings 
equipped with an adequate number of electromechanical elements (piezo)  
that can be adapted to the morphology of the breast. Cyclic excitation  
of Emitter/Receiver units covering the entire organ compile images  
of the transversal sections of the breast. B) Female Breast anatomy [28]. 

From a physiological point of view, the breast is a relatively uniform 
organ with about twenty identical lobes distributed symmetrically 
around the nipple. Fig. 7.7B shows the different layers of the successive 
tissues constituting the breast. Observing these structures provides a 
direct means of quantifying any alterations that result from mammary 
pathologies as soon as they become perceptible. 

7.4.1. Methodology 

7.4.1.1. Quantification of Backscattered Signal Intensity 

The backscattered echo envelope of the signal received was modelled 
using the Rayleigh statistical formula [29, 30] based on the Nakagami 
distribution. In this case, the density of the backscattered intensity was 
exploited to define the boundaries of the target regions through a gamma 
mixture of ultrasonic intensity differentiating the boundaries with 
distinct mechanical impedances (presence of speckles). The definition of 
phantom tissues led us to define retro intensity levels diffused in a 
gamma mixture by each "pixel". This pathway was explored for 
ultrasound speckle location delineating the boundaries of the region of 
interest (ROI). The signal-shaping factor and the relative weight of the 
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gamma mixture led to the delineation of regions containing suspicious 
boundaries. 

In fact, some works [31-35] indicate that scattering of a heterogeneous 
area can be treated as a contribution of the weighted sums from different 
types of scattering or “species” and the density function of the 
backscattered intensity can be expressed in terms of a gamma mixture of 
n components. The most suitable way of validating the density of the 
mixtures is the Bayesian Information Criterion [36] using the following 
equation: 

  2log( ) 3 1 log( )optBIC LLF n n     (7.12) 

The convergence of this equation is based on a two-step iterative method: 
the first step determines the expected value of the log-likelihood of the 
data [37], the second step maximizes the log-likelihood to obtain the 
parameters of the mixture of morphological intensities. Iterations are 
performed while continually adjusting the parameters until a stable  
log-likelihood function is reached that reflects the optimal parameter 
values. By processing the data samples independently, the log likelihood 
(LLF) function is: 
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N
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N
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j

LLF q f z

p f z q Q 





   

 




 (7.13) 

where Q represents the iteration number and N is the number of data 
samples. 

The expression produces a set of optimal parameters for a given number 
of components n if 

 ( 1) ( ) 0LLF k LLF k    (7.14) 

The trend towards zero of this equation defines the lower threshold 
related to the heterogeneity of the breast tissue. A non-zero value 
indicates the probable presence of a suspicious speckle that can be 
assigned to a pixel of order “n”. According to Klaeskens [38], the best 
model is obtained if the differences between the BIC values are small. 
Let BICmin and k be defined as: 
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 k = BIC (k) – Bic(min); k = 1,2,3….,n (7.15) 

Once the selection of a model (n = k) is based on k being zero, a 
detection threshold value is suggested. The choice of the value depends 
on the nature and the form of the signals received that are refracted by 
the heterogeneity of the tissues. 

In this context, the model with the lowest BIC value has the highest 
probability detection: 
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n

k

P k z
e 






 (7.16) 

with BIC(min) = BIC(k) k = 1,….,n, leading to a noticeable 
simplification, as the case classification will be reduced over the  
range 0 to 1. 

Based on a Matlab Math works formulation, Table 7.3 shows the 
following data in both extreme cases for a homogenous area without 
edges (no visible boundary) and for existing edge interface layers. 

Table 7.3. 

ROI 
Normalized 
BICmin 

LLF(k+1) – 
LLF(k) 

Probability 

No boundary 0.4 0.01 0.6 
Contains boundary 0.1 0.7 0.9 

7.4.2. Model Validation 

As discussed previously, phantoms consist of a collection of target points 
in a highly diffusive region (ROI with edges). The phantoms are 
generated by finding their random position in a limited space, then 
assigning Gaussian amplitude to each phantom (Fig. 7.8). 

In this context, we have developed an ultrasound approach based on the 
phenomenon of lateral diffraction of the ultrasonic field coupled, by 
impedance breakdown, to a suspicious cellular biomass. According to 
Lockwood and Willette [39], a diffusion impulse response formulation 
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provides access to spatial (shape) information from secondary sources 
which are a core element relating to our study. Then, the definition of a 
critical convolution threshold for the resemblance functions associated 
with ultrasound measurements reduces the effects of phase fluctuation, 
leading to a systematized inspection of suspected cancerous areas. 

 

Fig. 7.8. Numerical model based on the incursion, in a given volume (same 
order of size as the breast), of heterogeneous porosities with various physical 
properties. This model, dedicated to the detection of internal boundaries through 
ultrasound groups in Emission/Reception, includes 10 sensors evenly 
distributed around a circular ring. 

For in-vivo applications, the characteristics of each elementary sensor 
were adapted to obtain a wide lateral radiation field (Fig. 7.9) to compare 
the critical shape threshold for each Emitter/Receiver (E / R) group by 
exploiting the symmetrical similarity of the lateral sections of the breast. 

To minimize the computation time, we considered an area with a 
circumferential distribution (2D) whose spatial distribution of the 
sensors, uniformly distributed, respects the boundary conditions and the 
interference phenomenon. To cover the 2D plane of a lateral breast 
section, the ultrasound excitation/reception protocol follows a cyclic 
rotation so that the transmitter at the starting time t0 becomes a  
receiver at t(0+1). 



Chapter 7. Autonomous Ultrasonic Microsystem for Prevention and Diagnosis  
in Cancer Pathologies: Larynx and Breast Abnormalities 

189 

 

 

Fig. 7.9. Ultrasonic radiation field and physical characteristics of each 
elementary Emitter/Receiver sensor. 

7.4.3. Results: Spatial Speckle Detection and Delimitation 

Starting from a spatial reference based on the BIC (not exceeding a 
critical threshold) accessible by analysis of the signals from the 
successive E/R groups, the signal processing algorithm could be 
significantly reduced by eliminating data (signals) with a very high 
correlation coefficient and focusing only on the areas where the gamma 
mixture was detectable. 

In practical terms, the likelihood algorithm was applied to compare the 
two signals received by receivers R1 and R(k + 1) located on either side 
of the emitter Ei (Fig. 7.10). For each transmission/reception trio (Ei/R1; 
R(k + 1)) associated with a given pixel, the morphology of the envelopes 
and the wave travel times were taken into account to estimate the 
intensities received and the exact spatial location of the “pixel” 
concerned. 
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Fig. 7.10. Ultrasonic measurement principle adopting a cyclic 
Emission/Reception protocol taking into account the wave propagation time  

of flight and the angle of refraction at the tissue interfaces. 

To define a spatial reference for the positioning of the ultrasound ring, 
we considered the tendency towards zero for Eq. (7.12). In other words, 
the maximum resemblance between two signals received jointly by the 
receivers forming the group E/Ri, R(k + 1). Consequently, the transfer 
function governing the position of the scattering point will allow its 
spatial identification, which leads to the measurement of the time of 
flight of the wave emitted and refracted by the ROI in the mass. 

Indeed, the analysis of the ultrasonic magnitudes of the signals received 
will make it possible, based on exceeding a certain critical similarity 
threshold between the two receivers, to define the existence of the 
interfaces in a separate gamma mixture and consequently suspicious 
ROI. For the latter, the amplitudes resulting from the contribution of 
different sensors are then added together until a significant image of the 
suspicious speckle is obtained. 

A 1000×1000-pixel sample of the lateral section of the breast was 
obtained with spatial identification of each pixel. Physically, the spatial 
sampling of the computing grid is equivalent to a wavelength of 0.3 mm. 
Each pixel on the map is assigned an ultrasonic velocity, impedance, and 
angle of refraction, which are assumed to be representative of the type of 
tissue constituting the breast, e.g. fat, lobes. 

From a statistical point of view, the spatial correlation functions per 
sensor group (E/Ri, Rj) were used to describe the size, shape, 
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distribution, and mechanical properties of the medium. By exploiting the 
Gaussian form factor and the density of the envelope intensity, we were 
able to isolate and then amplify the ROI zone, thus expressing the 
presence of heterogeneity that goes beyond the anatomical standard of 
the breast. In the medical field, this would indicate the presence of 
structural anomalies. Clinically, a bra equipped with 10 ultrasonic 
sensors integrated into a ring 10 cm in diameter covering the base of the 
breast was used to compare data obtained in a real situation using our 
concept and other techniques such as X-Rays (Fig. 7.11). 

 

Fig. 7.11. shows good agreement between the 2D image, the sample  
from the model adopted in this study, and the X-Ray mammography. 

7.4.4. Knowledge 

In the case of the breast abnormalities, we implemented "soft" ultrasound 
characterization and imaging technology. The objective was to attain 
unrestricted access to early screening and apply the result to a preventive 
therapeutic tool to mitigate overall breast cancer metastasis. 

The information resulting from an application like this will have a 
preventive role through an individual examination in order to: 

1. Evaluate the variation in the physical properties of the matter in 
relation to normal biological variations (stress, hardening, 
calcification...); 

2. Verify good conditions for prosthesis implantation: physical 
compatibility; 



 
Advances in Measurements and Instrumentation: Reviews, Book Series, Vol. 2 

192 

3. Use radiation-free, "soft" technology that monitors the progression of 
the physical condition of a “treated organ”, especially for people at 
risk who have undergone surgery and/or chemotherapy. 

To make this concept useful, reliable, and safe, the bra covering the 
whole breast will be equipped with a "mechatronics" system thus 
ensuring the standardization of the measurement parameters (normalized 
positioning of the sensors) with optimal physical adaptation. This "Hard" 
concept of optimal coupling conditions (medical gel microinjection, if 
necessary, between the sensor and the breast) will optimize the transition 
and the reliability of the information carried by the ultrasonic signal and 
consequently ensure minimum uncertainty regarding the analyses and an 
optimized algorithm for "real-time" diagnosis. 

Moreover, a communication module and "smartphone" interface will be 
integrated into the bra to make the overall concept autonomous  
and connected. 
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Chapter 8 

Advanced Technology in Channel 
Measurement for Massive MIMO Systems 
of 5G Wireless Communication 

Liu Liu and Yanping Lu1 

8.1. Introduction 

In this chapter, we address a measurement platform aiming for Massive 
MIMO of 5G communication system. Advanced technology has been 
recently triggered by the next generation wireless communication 
system. To ensure high rate communications, spatial multiplexing has 
been taken into account when time and frequency multiplexing are fully 
exploited. Here the advanced measurement technologies revolve around 
Massive MIMO system. 

The wireless channel describes the link between the radio transmitter and 
receiver. The fundamental method of channel measurement is usually 
carried out by transmitting a predefined detection signals at base station. 
The received signal is compared with raw signal and marked by large 
scale fading and small scale fading in time, frequency and spatial 
dimensions which reveal the channel characteristic. Thus, a  
high-performance channel sounder is of great important for channel 
measurement. While channel measurement is the foundations of 
communication link simulation, physical layer optimization and channel 
modelling. It plays an important role in the evolution of wireless 
communication standard. 

                                                      
 
Liu Liu 
Institute of Broadband Wireless Mobile Communications, Beijing Jiaotong University, 
Beijing, China 
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8.2. Framework of Channel Measurement 

In-field radio channel measurements, combined with theoretical analysis 
and computer simulation are fundamental methods to study wireless 
communication channels. On one hand, technology of theoretical 
analysis is an unceasing improvement process. By now it is a  
multi-disciplinary approach intersected by electromagnetic theory, 
statistics, matrix science and other related knowledge. Various 
mathematical models are proposed aiming for the complexity and 
differentiation radio propagation environment. For example, free space 
path loss model fits for large scale fading, while Rayleigh model and 
Rice model are usually used to describe small scale fading. On the other 
hand, technology of computer simulation suffers rapid development with 
the improvement of computer hardware. By now many simulation 
software are popular, includes Lucent's WiSE (Wireless Systems 
Engineering), Wireless Valley's SitePlanner [1], Marconi's Planet EV, 
etc. these software can provide aids to architecture the three-dimensional 
space geometry of the propagation environment, and to define the 
dielectric properties of objects in the propagation space, and simulate 
multipath including components of LOS (Light of sight), reflection, 
diffraction and scattering. These methods are called ray tracing and 
widely used [2-4]. 

Both methods of theoretical analysis and computer simulation grow out 
of in-field channel measurements. For a specific propagation 
environment, channel sounding is considered to be the most direct and 
effective method to capture the channel propagation characteristics. As 
we known, channel measurements are carried out by transmitting a raw 
detection signal from transmit antenna, and receive the fading signal on 
the receive antenna. The channel’s time-frequency-space characteristics 
are captured by compare the receive signal with raw detection signal. 
The basic block diagram of channel measurement system is  
shown in Fig. 8.1. 

According to the communication bandwidth, technologies of channel 
measurement can be divided into two kinds. One is the narrow band 
channel measurement technology. As the term suggested that single tone 
signal, such as sinusoidal signal, is often employed as detection signal in 
narrow-band channel measurement system. The time-varying channel 
impulse response can be easily obtained. This method is mainly used to 
study the large-scale fading characteristics. 
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Fig. 8.1. Block of channel measurement system. 

The other is broadband channel measurement technology. It is 
commonly used and can be divided into three kinds of methods, impulse 
sounding, pseudo-random sequence sounding and multi-carrier signal 
sounding. 

8.2.1. Impulse Sounding 

The impulse sounder is shown in Fig. 8.2. A narrow pulse is trigged at 
transmitter. According to theory of time-frequency conversion, a  
time-domain narrow pulse signal maps to a frequency-domain 
broadband signal. 

 

Fig. 8.2. Block of Impulse Sounder. 

The radio waves pass through a band-pass filter and are digitally 
recorded as showed in Fig. 8.3. The width of pulse presents the system 
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resolution. The advantage of this method lies in its simplified flows and 
effective results. However, there are downsides. Firstly, it is easily 
affected by noise and interference limited by bandwidth of band-pass 
filter; secondly, the filter of impulse sounder is triggered by the first 
receive pulse. If the arrival waves suffer serious blockage or high 
attenuation, it might lead to system out of work; finally, the technology 
of envelope detector is applied at the receiver, thus spatial behavior of 
each multipath component are unachievable, such as the AOD (angle of 
departure) and AOA (angle of arrival). 

X(t) h(t) Y(t)

t t t  

Fig. 8.3. Impulse channel measurement. 

8.2.2. Pseudo-random Sequence Sounding 

The framework of pseudo-random sequence channel sounder is shown 
in Fig. 8.4. Here pseudo-random sequence works as channel detection 
signal. The most commonly used pseudo-noise sequence includes  
m-sequence, M-sequence, gold sequence, Walsh sequence and ZC 
(Zadoff-Chu) sequence. The autocorrelation makes them outstanding. 
Based on sliding correlation method, we can acquire the channel  
impulse response. 

 

Fig. 8.4. Block of the pseudo-random sequence channel sounder. 
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The pseudo-random sequence sounding can achieve good performance 
in the dynamic range of the system, noise suppression in passband, 
synchronization requirements. At the same time, it helps to reduce the 
transmit power by introducing spreading gain. But due to sliding 
correlation scheme, the real-time performance of measurement results 
cannot be promised. 

8.2.3. Multi-carrier Signal Sounding 

Multi-carrier sounding is a popular measurement method carried out in 
frequency domain. The key idea is to parallel transmit signals on many 
carriers. If carriers are orthogonal, it is well-known orthogonal frequency 
division multiplexing (OFDM) system [5, 6]. By this way, inter symbol 
interference (ISI) is overcome. Besides this, it is outstanding for  
time-varying channel measurement. The RUSK channel measurement 
instrument of MEDAV company in Germany adopts multi-carrier spread 
spectrum signal as the channel detection signal. 

The flow is shown in Fig. 8.5. The main idea of frequency domain 
measurement is to transmit the well-designed detection signals with 
balanced power spectrum on the measured passband, and to observe the 
changes of the received spectrum compared with the detection signals. 
As a result, the channel transfer function 𝐻 𝑓  can be obtained. Then 
just by the way of inverse Fourier transform, the channel impulse 
response is finally obtained. 

 

Fig. 8.5. Block of the frequency-domain channel measurement. 
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8.3. Massive MIMO Measurement System 

The usually measurement system consists of transmitter, receiver and 
synchronization unit. At the transmitter the detection signal is  
up-converted to radio frequency (RF) and radiates out through 
multiple antenna array whether in form of uniform linear array (ULA), 
or uniform circular array (UCA), or even others. The most common 
transmitter is vector signal generators, such as Rhode & Shwarz’s SMBV 
series instruments. As for antennas, bi-conical omnidirectional antennas 
are widely accepted. The antenna is assumed to provide an ideally 
omnidirectional radiation pattern in the azimuth plane, so idealized equal 
gain is achievable in the H-plane. The receiver usually equips with a RF 
down-converter, a high-speed digitizer card and a data storage unit. The 
synchronization is maintained by a GPS disciplined rubidium frequency 
standard. Note that, at remote end the accurate synchronization 
performance is promised by a fiber-optical remote unit. The 
measurement system is show as the Fig. 8.6. The detail presentations are 
following. 

 

Fig. 8.6. Hardware structure of Massive MIMO channel sounder. 
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8.3.1. Antenna and RF On-and-off Link 

Massive MIMO system usually equips with tens or hundreds of antenna 
elements. A large number of antennas are densely deployed with 
physical shape of line, circle, plane or cylinder, etc. As for a 
measurement system, it aims to truly reflect the real-world propagation 
scenario and to guarantee the high precision tracing back. In Massive 
MIMO system all elements of the array transmit radio signals in parallel. 
By this way, each antenna needs to equip with an independent RF unit to 
realize the signal conversion which leads to two pain points that one is 
the system cost and the other is the conformance of the RF units. To 
trade-off, some measuring scheme is proposed to replace the 
independent RF link, such as switching link. The switching RF link is 
used in Massive MIMO measurement campaign since the earliest 
research activities at Bell Lab and Lund University [7, 8]. The typical 
difference lies in group of antenna elements shares with the same RF unit 
with electronic RF on-and-off switch in time division multiplexing. We 
should pay more attention to the on-and-off time, input linearity, 
insertion loss and signal reflection of the switch. Take a typical electronic 
switch as an example, the on-and-off time is within 10 ns, the insertion 
loss is commonly relative with frequency range and can be limited to 3 
dB within 20 GHz. This scheme can achieve a complex communication 
system with lower cost. It is helpful for time-to-market. So, it is popular 
in academic prototype research and industrial instrument design. But an 
unignorable shortcoming is really exist that the measurement scheme is 
more suitable for static radio scenarios. 

The virtual linear and cylinder antenna array [9-11] developed by Lund 
University is shown in Fig. 8.7(a) and (b). The total 128 elements are 
evenly distributed along the rail or over the surface and separate from 
one another by one-half wavelength. Fig. 8.7(c) illustrates a virtual ULA 
array designed by Beijing Jiaotong University. 

The advantages of virtual antenna array include easily deployed, fast 
implemented low cost. By this way, the coupling of antennas is removed 
in the propagation channel, while the large-scale measurement require 
can be promised. But this method brings into a question that it is only 
suitable for static channel measurement. Fig. 8.8 are virtual linear 
antenna arrays scheme. 
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             (a)                                   (b)                                            (c) 

Fig. 8.7. Massive MIMO antenna array. (a) Cylindrical array with electronic 
switches of Lund University; (b) Virtual linear antenna array of Lund 

University; (c) Virtual linear antenna array of Beijing Jiaotong University. 

 

Fig. 8.8. Virtual Massive MIMO antenna array. 

8.3.2. Detection Signal Design 

Several items should be taken into consider during design of excitation 
signal, including bandwidth, flatness in passband, correlation 
performance and time-bandwidth product. Trade-off between these 
items, multi-carrier is ideal for channel measurement. Compared with 
traditional multi-carrier, here we have a tip to improve the measurement 
performance, named Null Sub-Carriers Scheme. Actually, null  
sub-carrier technology is not a new technology which has successfully 
applied in communication system, such as 3GPP LTE (the  
Third-Generation Partnership Project long-term evolution) [12]. But in 
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Massive MIMO measurement, the null sub-carriers scheme gets a new 
interpretation. 

Multi-carrier symbol is defined as following. As we know, a number of 
single-carrier signals are combined with different weights, frequencies 
and phases. The traditional multicarrier system requires multiple clock 
standards, mixer units and filters, which lead to the complexity. But now, 
thanks to the fast algorithm and digital signal processing technology, 
modulation and demodulation can be realized by IFFT and FFT 
respectively, so OFDM technology is widely accepted to perform 
channel detection [13]. 

 𝑠   ∑ 𝑑 𝑒𝑥𝑝 𝑗2𝜋𝑖𝑘 𝑁⁄   0 𝑘 𝑁 1 , (8.1) 

where N is the number of sub-carriers and i is the index; 𝑑  is payload 
for every sub-carrier. As an excitation signal of channel detection, BPSK 
(Binary Phase Shift Keying) modulation is employed to promise the 
balance power on sub-carriers. 

As an example, we design a multi-carrier detection signal with symbol 
length of 2560. and 512 of 2560 is defined as the null sub-carriers. The 
length of null sub-carriers is based on the following considerations. The 
first is the number of subcarriers. Second, the signal period is also taken 
into consideration. The third item is the roll off of passband filter at 
transmitter which is determined by transmit instruments, such as vector 
signal generator of Rhode & Schwarz’s SMBV100A. The symbol 
distribution in frequency domain of multi-subcarriers is  
shown in Fig. 8.9. 

 

Fig. 8.9. Frequency domain distribution of multi-carrier signal. 
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We can receive the signal and obtain the channel frequency response by 
least squares (LS) channel estimation method [14], as shown 

 𝐻   𝑋 𝑌 (8.2) 

Furthermore, the channel impulse response is obtained by inverse 
Fourier Transform. 

8.3.3. Synchronization Based on Fiber-optical Remote Unit 

Synchronization is a key problem for communication system, especially 
for orthogonal frequency division multiplexing (OFDM) systems. 
OFDM is very sensitive to synchronization error and the symbol timing 
synchronization error is uppermost prominent. There is a saying going 
like this, a miss is as good as a mile. As to characters analysis of spatial 
representation, the effect of synchronization error is particularly 
noticeable in Massive MIMO system. 

Excellent synchronization guarantees the better channel parameter 
estimation. In Massive MIMO channel sounder. The synchronization 
system consists of two units. One is a high-precision rubidium frequency 
standard [15]. Another is the fiber-optical remote unit. 

(1) High-precision rubidium frequency standard 

A rubidium frequency standard disciplined by the GPS (Global 
Positioning System) works to maintain the time synchronism of the 
measurement system. the short-term stability of rubidium atomic clock 
is up to 1 10 . But the long-term stability is not good enough due to 
frequency drift. While GPS timing is just overcome the problem. It is 
widely used in-field because of outstanding accuracy and stability in 
long-term work. The long-term accuracy of GPS system is as high as 
1 10 , while relative lower performance in phase jitter up to 100 ns. 
The results of performance evaluation suggest to adopt the GPS 
disciplined rubidium frequency standard as the timing service. That 
means the 1 PPS pulse output from GPS receiver is input to rubidium 
frequency standard as the reference clock signal. This scheme helps to 
exploit the advantage of long-term stability of GPS timing and the  
short-term stability of rubidium frequency standard, while avoid 
introducing the drift and jitter of clock signals. 
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(2) Fiber-optical remote unit 

It’s not enough to won high-precision frequency standard. How to keep 
the transmitter and receiver being in lockstep is another important thing. 
Here the frequency standard is transmitted to far end using a fiber-optical 
remote unit to guarantee the accurate synchronization performance. 

The fiber-optical remote unit consists of a transmitter and a receiver, and 
the link medium is fiber. The transmitter is electric-optical conversion 
modules. The input timing signal is outputted to fiber and passed to the 
receiver, which might be geographically apart from the transmitter. The 
receiver operates as an optical-electric conversion. 

Nowadays most of the practical applications adopt the scheme of local 
synchronization, that means, the transmitter and receiver using 
independent instruments to achieve the lockstep. Though the instruments 
might lock to the same source, such as satellite. There is still a problem 
that the independent timing receivers inevitably have local oscillator. no 
matter the oscillator is outstanding OCXO (Oven Controlled Crystal 
Oscillator) or excellent TCXO (Temperature Compensate Crystal 
Oscillator). The phase-shifted cannot be overcome which can be 
observed from the eye pattern of the clock source. The phase-shifted will 
not harm to the large-scale channel parameter measurement, but as to 
angle information of spatial multipath, it is fatal. Here the fiber-optical 
remote unit works which transmits the clock referent source to remote 
device. It can guarantee the complete phase-locked between the 
transmitter and receiver apart for a long distance. 

All in all, the synchronization based on fiber-optical remote unit offers 
high precision and high stability of the reference frequency and timing. 
It helps us to obtain the accurate space information from the channel 
measurement. 

8.3.4. Data Storage Based on Packet Hopping 

For raw measurement data online monitoring and offline storing. A  
high-performance software platform is necessary. In most cases, as for 
Massive MIMO system, it is a difficult task for continuous and reliable 
measurements and data storage due to the limitation of capacity and 
access speed for hard disk. To overcome the problem, an advance 
technology is proposed named packet hopping mechanism [16]. 
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Sampling and storage based on Packet hopping mechanism are the strong 
points of the Massive MIMO channel measurements. The technologies 
mentioned above, including RF on-and-off link, null sub-carriers, and 
synchronization based on fiber-optical remote unit all serve for sampling 
and storage. Fig. 8.10 shows the desktop client of the data collection and 
storage. While packet hopping mechanism aims for keeping the integrity 
and continuity of the data storing at the cost of lower memory capacity. 
It should be emphasized that the integrity and continuity here mean that 
the phase information of sampled data are fully captured and successfully 
recorded.  

 

Fig. 8.10. Desktop client of data collection and storage. 

We will go into packet hopping mechanism in details in the following 
sections. 

At first, common sense suggests that broadband signal receiver is of great 
amount of calculation and resources. For example, the total data 
throughput is up to 3.26 Gbps at sampling rate of 250 M Sample per 
second with word depth of 14 bit. If broaden the signal bandwidth, the 
sampling rate increase to 500 MS/s, then data throughput will be 
doubled. As we know, RF on-and-off link enables the antenna elements 
to share the RF transmitter with time division multiplexing. It is 
necessary to continuously sample at every antenna element when RF link 
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is switching from one element to another. By this way, the continuity of 
phase information can be guaranteed. But we note that, during the 
process of the RF switch turning from one link to another, the received 
data is meaningless. It is obvious that when the events of link on or link 
off occur, the link is far away from stability. Once the antenna elements 
of Massive MIMO are large in number, the operation of on-and-off will 
carry out frequently. The result is abundant data occupy the memory 
space. The high-speed and huge-volume data will bring pressure on data 
cache and disc access. Unfortunately, most of them are meaningless and 
achieve nothing. 

In Massive MIMO system, we employ package hopping mechanism to 
avoid the invalid data sampling and storing when employing RF  
on-and-off link. Fig. 8.11 illustrates the working mechanism of data 
storage based on package hopping. 

storage

Valid 
Package 1

…(count for invalid 
package)

Valid 
Package 2

…(count for 
invalid package)

Valid 
Package m

storage storage

On-and-off On-and-off

 

Fig. 8.11. Illustration of data storage based on packet hopping. 

The key idea is to perform continuous data sampling. At the same time 
the data package is labelled with valid and invalid. Not all of the 
packages are stored. Only packages labelled with valid are stored. Are 
the invalid packages directly given up? The answer is no. the invalid 
packages also play an important role. The number of packages is counted 
which is helpful to calculate the phase offset of the next valid package. 
We will take you through the steps of how it works. 

Here we take broadband intermediate (IF) sampling as example. The 
baseband signal is converted by digital down-conversion shown in 
formula (8.3): 
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 𝑓 𝑛   𝑓 𝑛 ∗ 𝑒𝑥𝑝
𝑗 ∗ 2𝜋 ∗

∗ 𝑓 𝑓⁄ ∗ 𝑛  𝑖  1,2,3 …, (8.3) 

where ( )B if n  is the baseband signal, ( )IF if n  is the IF signal,  

𝑛   𝑛 𝑀 ∗ 𝑁, 𝑛 ∈ 0, ⋯ 𝑁 1  is the snapshot of sample indexed 
i. cf  is the frequency of IF signal, sf  is the sampling rate of data 
acquisition card. N is the number of symbols in a valid package, and M 
is the number of packets between the two valid packages. 

Though we don’t record the whole snapshot, we can restore the sample 
by inserting packages filled with zero. The aim of inserted zeros is to 
maintain the continual phase of sampled package data. By this way, the 
limitation of disc access is unlocked and it is benefit for efficient storage. 

The storage mechanism based on package hopping can be further 
optimized by rationally designing the period of detection signal. Here are 
tips. Before a measurement campaign some parameters are defined, 
including IF, sampling frequency. By aid of the relationship between IF 
and sampling frequency, we can design the sequence length of snapshot 
to make sure the first symbols in every snapshot keep the same phase. In 
this case, there is no need to count the invalid package. It simplifies the 
process quite a lot. 

The package storage based on package hopping is shown in Fig. 8.12. N 
is the number of symbols in each packet. filegap_num represents the 
interval between the two valid packages. data_num is the sampling depth 
which means the cumulative number of packages. The size of each 
sample is predefined, and fixed during the process of sampling and 
storing. Therefore, the data packages as illustrated in the figure win the 
same size, not only for the valid package, but also for the invalid 
package. 

 

包1 空包1 空包2 空包p 包2 空包1 空包2 空包q 包3

filegap_num filegap_num

data_num

N N N

 

Fig. 8.12. Data structure of packet hopping. 
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For example, each data package is defined 5 M in symbol length, that is 
L = 5 * 1024 * 1024 = 5242880 symbols. If filegap_num is counted in 
tens. Then N* filegap_num is counted in hundreds. The other two 
parameters are defined that signal IF 𝑓   180 𝑀𝐻, sampling 
frequency 𝑓   500 MHz. Then we have 𝑓 𝑓⁄   9/25. Based on the 
above results, we make sure that data_num is divisible by 25. As we 
know, phase of symbol in signal sequence runs in cycle. Here snapshot 
just consist of integral units of signal period. Therefore, the initial phase 
of the first symbol in every stored data package is the same. As results, 
the invalid package has no impact on the channel information capture. 
This simplified storage mechanism greatly improves the storage 
efficiency. The prominent superiority of the system is that the sampled 
data reserved the angle information and Doppler characteristics. 

8.4. Calibration of Measurement System 

Any measurement system is non-ideal and hence affects the accuracy of 
measurement results. The influences lie in signal distortion caused by 
nonlinearity of measurement hardware system and radiation distortion 
caused by antenna non-ideality. The influences are inevitable, but there 
are methods to amend the distortions. In this case, we can capture the 
non flat frequency-amplitude curve of the hardware instruments and the 
non-ideal antenna radiation pattern. The whole process is called system 
calibration. The channel parameters are estimated more accurately with 
the steps of system calibrate. 

The hardware platform can be calibrated in a back-to-back setting. The 
phenomena of non-linearity and non flat-fading of the system may locate 
in all parts of the measurement system, including the modulator, 
filtering, and antenna, as well as the down conversion, demodulator, 
sampling and quantization units. The performance of calibration is 
shown in Fig. 8.13. It can be seen that the received signal may suffer 
selective fading in time-frequency-angle domain. After the system 
response calibration of the measurement equipment’s, the spectrum 
leakage of the channel impulse response is weakened, the energy 
distribution is more concentrated, and the dynamic range of the system 
is enlarged, which is conducive to improving the measurement accuracy. 

As to the antenna pattern, the calibration should be carried out in 
anechoic chamber as shown in Fig. 8.14. It is necessary to fully eliminate 
the influence of multipath components to obtain the ideal results. 
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Fig. 8.13. Back-to-back calibration. (a) Measured system response of sounder; 
(b) Calibrated results of sounder. 

 

Fig. 8.14. Antenna pattern calibration in anechoic chamber. (a) Measurement 
in anechoic Chamber; (b) Measured system response of sounder;  

(c) Calibrated results of antenna. 

8.5. In-field Measurements 

8.5.1. Measurement Campaigns 

The activities of channel measurement aim to capture the propagation 
characteristics of radio wave. In-field measurement data is the 
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fundamental of channel model research works, and no matter statistical 
analysis or ray tracing method is adopted. Only measurement data truly 
reflect the channel environment. There are many famous research teams 
of Massive MIMO, such as team led by professor Larsson from 
Linköping University in Sweden, researchers led by professor Ove 
Edfors from Lund University, team led by professor Chokalingam from 
Indian Institute of science and technology, and researchers led by 
Marzetta from Rice University in the United States. They run into the 
practical work of antenna array design and channel sounding, focusing 
on parameter estimation algorithm and system performance analysis. 

Now, we introduce some related measurement activities. Several typical 
scenarios are chosen as following. 

(1) Indoor micro-cell 

A meeting hall presents indoor micro-cell environment, and teaching 
building groups present outdoor LOS and NLOS(Non-LOS). The 
meeting hall can accommodate 420 people. It is about 23 m in length, 
20.5 m in width, and the height is nearly 5 m in front of the auditorium, 
decreasing to 4 m in the rear part. We placed the transmit antenna array 
on the front stage, with a height of 2.2 m from the ground, and set the 
receiver equipment in the auditorium, at four different receiver positions. 
Fig. 8.15 shows the measurement scenario. In the Fig. 8.15(a), TX means 
the base station (BS), where the antenna array lies in, and the RX1 – RX4 
represent the four mobile stations (MS) spots pointed out with four red 
stars. Fig. 8.15(b) provides a view of the surroundings from the TX 
towards location RX4, and the antenna in details. Fig. 8.15(c) shows the 
sight from the RX2 spot to TX. 

(2) Outdoor micro-cell 

Another measurement is conducted outdoor micro-cell scenario 
surrounding with several tall buildings. The main building forms a wall 
naturally in the height of six-story, there is an atrium in the middle. The 
four-storey high auxiliary building divides the atrium into two separated 
parts. The antenna array at the transmitting end is located on the roof of 
the main building, and the antenna height is 2 M. the receiving end is 
located on the court ground with the antenna height of about 2.5 M. As 
shown in Fig. 8.16. In the Fig. 8.16(a), TX means the transmitter where 
the antenna array lies in, and the RX1-RX8 represent the receivers 
marked with red stars. 
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Fig. 8.15. Measurement in a meeting hall scenario. (a) The measurement 
scenario sketch map; (b) sight from the transmitter in-field;  

(c) sight from the receiver in-field. 

 

Fig. 8.16. Measurement in building groups scenario. The measurement 
scenario sketch map; (b) sight from the transmitter in-field;  

(c) sight from the receiver in-field. 

(3) Outdoor macro-cell 

The other measurement scenario is an open stadium representing an 
outdoor macro-cell. Fig. 8.17 shows an overview of the propagation 
environment. The standard stadium ground covers 8,000 m2 
approximately. A grandstand lies at the west side, and two tall buildings 
stand behind the grandstand. The main propagation condition is open and 
clear. We placed the transmitter antenna array on the grandstand, with a 
height of 5 m from the ground, and set the receiver equipment’s in the 
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ground field, at six different receiver positions indexed with red spots in 
Fig. 8.17(a). Due to equipment limitations of the virtual linear antenna 
array, specifically the time required to take all measurements at all 
elements of the array, we are initially investigating static channels. This 
ensures the channel coherence time is larger than our measurement time. 
Thus we ensured that there were few and rarely occurring moving objects 
and people near the measurement site when conducting the 
measurement. 

Antenna array
（TX）

Groudstand

StadiumRX1

RX2

RX3 RX4

RX5

RX6

 

Fig. 8.17. Measurement in an open stadium scenario. (a) The measurement 
scenario sketch map; (b) real world measurement scenario. 

The campaign was conducted with a 128-element virtual ULA and UCA 
at transmitter, and a 2-element virtual antenna array at receiver. The 
frequency parameter is set as 91 MHz bandwidth at 1.4725 GHz, and 
100 MHz bandwidth at 4.45 GHz. The detail measurement parameters 
are listed in Table 8.1. 

Table 8.1. Measurement system specifications. 

Central frequency 1.4725 GHz; 4.45 GHz 

Bandwidth 
91 MHz@1.4725 GHz; 
100 MHz@4.45 GHz 

Transmit power 25 dBm 
Excitation signal OFDM 
Code length 2047 
Tx antenna number 128 
Rx antenna number 2 
Tx antenna height 2.2 m 
Rx antenna height 1 m 
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8.5.2. Signal Model 

Consider a wireless communication system, at a particular time instant 
,t  the received data vector ( )Y t  can be write as 

 ( ) ( ) ( ),t t t  Y H S N  (8.4) 

where ( )tS  denotes the source signal. ( )N t  is a noise vector modelled 

as temporally white complex Gaussian process with zero mean. H  
presents the M L channel matrix. M  is the number of the antenna 
elements, and L  is the number of multipath. Here we take the first 
antenna element as the reference point, meaning that the particular point 
in time when the radio wave arrives the first antenna element through the 
LOS path is defined to zero, then we have 
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where 0 2 ,
c 


  ij  is the excess delay of the i -th antenna element for 

the j -th propagation path. As for a ULA antenna array, we have 

 sin cosij j j

d

c
     (8.6) 

As for a UCA antenna array, we have  

 sin cos( ),ij j j i

r

c
        (8.7) 

where d  is the antenna spacing of ULA, r  is the radius of the UCA, c  
is the speed of light, j  and j  is the azimuth and elevation of the j-th 

propagation path, and i  is the angular location of the i-th antenna 

element. =( , ) θ  stands for the set of azimuth and elevation of the 

AODs. Fig. 8.18 shows the topologies of ULA and UCA. ( , )   is 

determined by the physical position of a dominant reflector with respect 
to the receive antenna array. 
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Fig. 8.18. AOD over the antenna array. (a) The ULA architecture;  
(b) The UCA architecture. 

8.5.3. Massive MIMO Channel Characteristics 

(1) Multipath distribution over the antenna array 

Multipath components are overlapped arriving at the receiver, and 
composed of a compound signal, known as multipath effect. The final 
signal is broadened in time domain, and the time dispersion brings signal 
distortion into the communication system. 

The in-field distribution of multipath power components (MPCs) over 
the antenna array is showed in Fig. 8.19. In the outdoor measurement the 
distance between transmitter and receiver is about 100 m. Some relative 
phenomena can be observed. Firstly there are many MPCs. From the 
above introduction about measurement environment, we know that tall 
buildings are around the transmitter, so it is quite reasonable for several 
MPCs with relatively high strength in receive signals. Secondly, the 
radio behaves differently. The higher frequency leads the fast fading. 
Thirdly it is clear that the power of LOS signal is significantly larger than 
other NLOS components. Finally birth and death processes of MPCs are 
obvious, which means that power of MPCs vary violently. In some 
antenna positions, the MPC is existed, but from other antenna position, 
the MPC can’t be observed. It is an evidence that some scatterers are 
only visible to part of the antenna elements, but as to another elements, 
the scatterers are lie in invisibility regions. 



 
Advances in Measurements and Instrumentation: Reviews, Book Series, Vol. 2 

218 

M
P

C
 I

nd
ex

 @
 4

.4
5G

H
z 

(n
s)

 

Fig. 8.19. MPCs distribution over the antenna. (a) Multipath distribution  
at 1.4725 GHz outdoor scenario; (b) Multipath distribution at 4.45 GHz  

outdoor scenario. 

(2) Delay spread distribution over the antenna array 

The time delay spread is important to any digital communication system. 
It quantifies the distribution of power versus delay. Here we address the 
stationarity of RMS delay spread 

mT  along the whole array. The RMS 

delay spread, which is inversely proportional to the coherence 
bandwidth, is determined by the first and second moments of the 
instantaneous power-delay profile is given by [17] 
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where   is the time delay, 
mT  is the average time delay spread, the first 

moments of the instantaneous (or average) power-delay profile ( )P   is 

defined as 
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 (8.9) 

The multipath delay spread in outdoor micro-cell measurement are 
compared, as shown in Fig. 8.20. The origin is defined as the time point 
of the strongest power multipath arriving. Here, assuming that multipath 
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is distributed uniformly on each antenna element, thus it is reasonable 
that the average delay is only related to the distance between the antenna 
elements of transmitter and receiver. Therefore, the root mean square 
(RMS) time delay distribution can be linearly fitted in the array domain, 
as shown in the straight-lines in Fig. 8.20(a) and (b). 

 

     (a)                                                           (b) 

Fig. 8.20. RMS time delay distribution: (a) The RMS time-delay  
at 1.4725 GHz outdoor scenario; (b) the RMS time-delay at 4.45 GHz  

outdoor scenario. 

In the figure, the distribution of RMS delay is a random process, which 
results in time delay spread. It is generally believed that delay 
propagation is tightly bound to propagation environment. Although the 
antenna elements of large-scale array are densely employed, due to the 
expansion of array physical size, the spatial consistency can not be 
promised at different elements. Therefore, it doesn’t stand that array is 
idealized to an ideal point source for massive MIMO system. The 
different channel environment at different array elements results in the 
nonstationarity of the received signal delay distribution. Furthermore, it 
can be observed that at the lower central frequency in Fig. 8.20(a), the 
RMS time-delay distribution tends to be stable, while at the higher 
central frequency point in Fig. 8.20(b), the RMS delay distribution is 
more fluctuating, that is to say, the RMS delay distribution has greater 
random. Considering the difference of propagation characteristics of 
higher and lower frequency, the spatial fading of low frequency is small. 
Obviously, the received multipath at frequency of 1.4725 GHz is richer, 
and the continuous multipath in each element is also larger in number, 
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all there contribute to the stationary of RMS delay distribution. However, 
at the 4.45 GHz, due to the rapid fading of signals power, a large number 
of multipath are swallowed up by the channel noise reaching the 
receiving antenna. In the case, the multipath is reduced, there are fewer 
continuous multipaths observed in the array domain. The discontinuity 
leads to the nonstationary of the channel. It is proved that the high 
frequency signal is easily to be affected by the propagation environment. 

(3) AOD and AOA over antenna array 

Since the distinguished difference between the traditional wireless 
communication systems and Massive MIMO systems is spatial 
characteristics, the angular characteristics is obviously a key research 
point. The radio signals will suffer the possible reflection, scattering, 
diffraction and so on, which is so-called multipath fading. The 
geometrical and electrical properties of scatterers, the incidence and 
reradiated directions of waves will tremendously influence the signals 
arriving at the MS. It is assumed that the distance from TX to RX is long 
enough so that the wave fronts impinging on the first scatterer cluster 
from the array along the propagation paths can be idealized to be plane 
waves. In order to analyse the AOD and AOA, here we used the  
space-alternating generalized expectation maximization (SAGE) 
algorithm for high resolution estimation [18]. 

Fig. 8.21(a) shows the results from indoor measurements. The blue 
circles represent the estimated AOD parameters of every antenna 
element at transmitter, which are identified in degree. The solid red line 
denotes the best fitting line of the AODs over the whole antenna array. 
From the results, it is clear that the AODs fluctuate around the fitting line 
in a narrow range. We can take the actual environment into account, the 
array is about 13 meters in length with 128-element linear array at 1.4725 
GHz, Due to the noise and the accuracy of the measurement, the 
distribution of AODs fluctuates over the array, even in some position of 
the antenna element, the measurement results deviate far away from the 
expected tendency. Nevertheless, the trend of the real measurement 
results and mathematics results are accordant. Because the distance 
between the transmitter and receiver is not so far comparing with the 
antenna array physical size, the AODs suffer a wide varying range degree 
when the antenna moves from the 1st position to the 128th position. 
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In addition to the LOS component, the scattering component on 
propagation should also be concerned. Because the received signal is 
composed of LOS component and scattering components. These 
multipath signals arrive at the receiver with different amplitudes, delays 
and angles, which completely describe the distribution characteristics of 
scatterers in the propagation environment. Fig. 8.21(b) shows the angular 
power distribution of the emitter multipath departure angle. In polar 
coordinates, each multipath component is uniquely identified by 
departure angle and path power. The analysis results show that the 
energy of the Los path of the array is significantly greater than that of the 
NLOS path, and the multipath angle estimation results are in good 
agreement with the analysis results of the real scene ray tracing  
method [19]. 

（a） （b）  

Fig. 8.21. AOD and AOA distribution at indoor measurement.  
(a) AOD distribution of LOS components over the array; (b) AOA distribution  

of Multipath. 

(4) Antenna correlation over antenna array 

Usually, the radio propagation is supposed with the “favourable” 
propagation condition, which means channel vectors between the BS and 
the terminals are orthogonal, and even more, the antenna array elements 
are uncorrelated. However, the dense deployment of antenna, which 
leads to the insufficient distance between elements, increases the spatial 
correlation. 

Realistic angular spread (AS) is of great importance for spatial 
characteristic research, which enables us to estimate the antenna 
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correlation features over the array. According to the formula of antenna 
correlation, we have [20, 21] 

 *[ ], , 1,2,..., ,mn m nE a a m n M     (8.10) 

where ( )ma   is the steering vector, and ( )na   is so on. They map the  

m -th and the n -th antenna element respectively. 

Then the correlation coefficient   of L  clusters can be expressed as: 
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where , ( )m n d  means the correlation coefficient of the m -th and the  

n -th antenna elements. d  presents the distance between the elements, 
and ( )ma  , ( )na   are the steering vectors of the m -th and the n -th 

antenna element respectively. ( )p   presents the power azimuth 

spectrum (PAS) of the incoming waves. k  represents the central AOD 

and k  represents the angular spread of the k -th cluster, which are the 

first and second moment of angular spread respectively. 

In our case, the measurement campaign was conducted in stationary 
environment. We can replace the temporal sampling of the channel with 
the spatial sampling because the channel temporal fluctuation is usually 
not due to the scatterers motion but the transmitter/receiver motion. We 
can consider the situation that the antenna is moving from the first 
element spot to the last element spot. And we get all measurement data 
at every spot. Then we can reasonably assume that the spatial sampling 
behaves the temporal ergodic. Using the widely adopted Gaussian 
model, the PAS is fitting-best as 

 
2

0( )/(2 )1
( ) ,

2
p e   


   (8.12) 

where 0  is mean of AOA, and   is AS, .      

The antenna correlation results according to formula (8.12) show in  
Fig. 8.22. The result proved that the antenna elements are deeply 
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correlated within a number of wavelengths and fluctuate along the 
distance. Obviously we can find that the envelope correlation coefficient 
is decreased with increasing of antenna spacing. 

 

Fig. 8.22. Antenna correlation over antenna array. 

8.6. Conclusions 

This chapter introduces some advanced technologies of Massive MIMO 
system, including virtual multi-antenna technology, the detection signal 
design, implementation, calibration and verification of Based on this 
channel sounder. Further more, in the indoor LOS and NLOS, outdoor 
LOS and NLOS scenarios, measurement activities are carried out, 
deployed linear multi antenna array and circular multi antenna array at 
1.4725 GHz and 4.45 GHz. Based on the in-field data of the 
measurement system, the spatial correlation fading characteristics are 
researched applying parameter estimation algorithms, including 
multipath delay power distribution, arrival angle, departure angle, angle 
power spectrum and others. The channel stationarity and correlation are 
explored in depth. 

Wireless channel measurement plays an important role in research works 
of the propagation characteristics of wireless channel. The measurement 
process is regarded as walking through the channel, then the statistical 
analysis based on the measurement data is significant. Mean while the 
extracted propagation laws can truly and comprehensively characterize 
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the channel. Thus the established channel model can guide the practice 
and application. All in all, channel sounder and channel measurement are 
effective ways to verify the accuracy and rationality of channel model. 
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Chapter 9 

Path Planning for Mobile Data Collection 
in Wireless Sensor Networks: A Survey 

Xuxun Liu1 

9.1. Introduction 

The new era is characterized by the pervasive Internet of Things (IoT), 
which connects a vast number of physical objects and influences our 
lives almost everywhere. Wireless sensor networks (WSNs) are key 
components of IoT and establish the bridge between human beings and 
the surrounding environments [1-3]. WSNs have attracted extensive 
attention in government, academia, as well as industry, and have been 
applied in a vast range of scenarios, including warehouse tracking, smart 
factory, precision agriculture, habitat monitoring, forest fire detection, 
medical health care, building automation, etc. [4-6]. 

WSNs are composed of a large number of sensor nodes, which are 
generally powered by batteries with limited energy resource and low 
processing ability. Such sensor nodes are difficult or impractical to be 
charged or replaced in most cases, such as volcano monitoring and 
battlefield surveillance. Moreover, there exists uneven energy 
expenditure throughout the network, such as the more traffic load near 
the sink, resulting in the energy hole phenomenon and network longevity 
reduction [9, 10]. Meanwhile, WSNs usually need to work for a long 
time in order to complete lasting monitoring tasks. Thus, energy 
efficiency is an essential consideration, and the problem of energy 
resource shortage needs to be addressed in such systems. 
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Various approaches have been designed to tackle the energy constraint 
issue of WSNs, including load-balanced clustering [11-14], density-
based deployment [15-18], sleep scheduling [19, 20], energy-efficient 
transmission [21-24], cross-layer resource allocation [25, 26], etc. For 
example, in density-based deployment, generally sensor nodes are 
placed more densely around the sink, while more sparsely far from the 
sink, in order to achieve balanced workload throughout the network. 
However, as long as the sink or sensor nodes are static with no extra 
assistance, this issue cannot be thoroughly tackled. 

Mobile data collection is an efficient solution to this issue [27]. In this 
pattern, a mobile element moves along a specific trajectory and gathers 
data from specific sensor nodes through near-distance communications, 
as shown in Fig. 9.1. In contrast to static methods, movement solutions 
can not only retain lasting network operation [28, 29], but also enhance 
system performance [30-32]. Typically mobile robots or vehicles are 
adopted to gather data throughout the network, even they are utilized to 
replenish energy for sensor nodes. Furthermore, mobile elements can act 
as mobile fog/edge nodes, which complete complex local tasks, and 
connect to the upper cloud centre of the IoT [33-35]. 

 

Fig. 9.1. An example of mobile data collection in WSNs. 

In this chapter, we propose a comprehensive survey on mobile data 
collection for WSNs. The main contributions of our work are 
summarized as follows: 

1) We propose the current and future system architecture of mobile 
WSNs. The system is divided into three and five layers in current state 
and future state, respectively. To the full of our knowledge, this is the 
first work in this research field; 
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Mobile Element

Sensor Node
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2) We introduce several representative solutions of mobile data 
gathering. We also analyze their advantages as well as disadvantages of 
these solutions, and compare them in terms of several attributes based on 
the taxonomy; 

3) We provide some future directions unexplored so far. This provides 
references of other researchers and contributes to further studies  
in this field. 

The rest of this chapter is structured as follows. Section 9.2 analyze the 
current and future system architectures of Mobile WSNs. The 
performance criteria of mobile data collection are analyzed in  
Section 9.3. Several representative solutions of mobile data gathering in 
different categories are described and analyzed in  
Section 9.4. In addition, several open topics remaining unexplored so far 
are provided and analyzed in Section 9.5. Finally, this chapter is 
concluded in Section 9.6. 

9.2. Current and Future System Architecture 

Many different system architectures of Mobile WSNs are studied in the 
literature [45-48]. 

A. Current System Architecture 

Akyildiz et al. [45] provided the protocol stack of WSNs, which consists 
of five layers and three planes, including the physical layer, data link 
layer, network layer, transport layer, application layer, power 
management plane, mobility management plane, and task  
management plane. 

X. Chen et al. [46] offered a hierarchical mobile WSN architecture, 
which is composed of a low-end sensing layer and a high-end routing 
layer. A large number of sensor nodes monitor interesting data in the 
interesting field and send the sensed data to the high-end nodes. The 
routing layer contains a small number of high-end nodes, which are 
responsible for collecting and delivering the sensing data to the final 
service centre. 
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Munir et al. [47] presented a three-tiered WSN architecture, which 
consists of the sensors layer, mobile agents layer, and access points layer. 
The lowest layer means the randomly scattered senor nodes which send 
data to the upper layer agent in close range. The mobile agents mean lots 
of entries including persons, mobile phones, vehicles, robots, etc., and 
are responsible for gathering data from the lower layer and then 
forwarding to the upper layer. The access points layer stands for some 
specific number of access points. This network type is of diversity, such 
as Mesh or ad hoc. This layer provides contributes to creating a large 
range of inter-city exchange. 

Huang et al. [48] proposed a three-layer network architecture of WSNs 
for healthcare applications. This architecture includes three layers, i.e., 
the sensor network tier, mobile computing network tier, and back-end 
network tier. In the sensor network tier, two types of sensor systems, i.e., 
wearable sensor systems and wireless sensor motes, are designed to 
capture body signals and environmental information. In the mobile 
computing network tier, many mobile computing devices, e.g., the 
palmtop and laptop, are self-organized locally to route with each other to 
build a remote or local station. The back-end network tier is organized 
in the Internet and has fixed stations. The role of this tier is to provide 
application services and process the sensing data from all kinds of mobile 
computing devices. 

The above works are different, but they are similar in some aspects, and 
can be approximately regarded as a common system architecture, as 
shown in Fig. 9.2(a). This framework includes three layers, i.e., the 
sensing layer, network layer, and application layer. In the sensing layer, 
sensor nodes sense environments and process the sensed information. In 
the network layer, the sensed data is routed to the data collecting centre 
by corresponding routing protocols. In the application layer, the useful 
data collected from the network layer is utilized to provide a variety of 
services for users. 

B. Future System Architecture 

This chapter presents a five-layer system architecture for mobile WSNs, 
i.e., the sensing layer, converging layer, network layer, computing layer, 
and application layer, as demonstrated in Fig. 9.2(b). Each layer of the 
system architecture is scalable and performs different function. 
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Fig. 9.2. Current and future system architecture of mobile WSNs: (a) Current 
system architecture; (b) Future system architecture. 

1) Sensing Layer 

In the sensing layer, sensor nodes, as the fundamental devices of WSNs, 
perform the sensing and processing tasks to assist specific decision 
making. The sensed information includes temperature, humidity, 
movement velocity, object appearance, etc. However, the data quality is 
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greatly influenced by environment conditions, especially in intrusion 
detection [49], weather monitoring [50], ventilation monitoring [51], 
traffic surveillance [52], etc. On one hand, sensor nodes are capacity-
powered and have limited resources as well as capability, easily 
generating inaccurate and unreliable data. On other hand, sensor nodes 
may suffer from malicious attacks in which the data are changed by 
adversaries. Recently, machine learning becomes an efficient solution to 
sensor data decision. Typical machine learning methods include neural 
networks [53], Bayesian learning method [54], support vector machine 
(SVM) [55], K-Nearest Neighbor [56], etc. 

2) Converging Layer 

The converging layer aims to converge local data to specific sojourn 
locations of mobile sinks or mobile chargers. Furthermore, local data 
may need to be aggregated to reduce data redundancy and save energy 
expenditure. On the basis of communication scheme and network 
topology, data aggregation algorithms can be divided into three 
categories, i.e., structured (or hierarchy-based), unstructured (or  
gossip-based), and hybrid (mixed) [57]. In structured algorithms, e.g., 
[58, 59], data is rustically forwarded from a level to another in response 
to a request from the sink. The unstructured data aggregation approaches, 
e.g., [60, 61], can independently form the network structure instead of 
building any predefined topology. The hybrid data aggregation 
algorithms, e.g., [62], adopt multiple routing approaches from the above 
classes for better network properties. 

3) Network Layer 

The network layer aims to select appropriate paths for different mobile 
data collectors or mobile chargers. This layer performs the task of 
establishing an efficient topology for data delivery in mobile data 
collection, or for energy replenishment in mobile charging. For mobile 
data collection, it has various classes according to different metrics. An 
efficient path needs to maintain high energy efficiency, low latency, etc. 
Generally, a path is composed of multiple sojourn locations for mobile 
sinks, and the path is always formulated as a traveling salesman problem. 
Typically, in path-controllable mobile data collection, the place with 
high node density and far from other sojourn locations is selected as new 
sojourn locations, such as [38]. For mobile energy replenishment, an 
appropriate path needs to yield high energy usage effectiveness via 
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shorting traveling path of mobile chargers or reducing the number of 
mobile chargers. There are many efficient charging strategies for 
different charging types. For example, Jiang et al. [43] made a first 
attempt to consider the association between the charging period of 
mobile chargers and the operational longevity of sensor nodes. 

4) Computing Layer 

The computing layer aims to optimize network resource and enhance 
system efficiency by using fog/edge service and cloud assistance. With 
the help of cloud computing, mobile WSNs can accurately and fast 
process a mass of data from different applications. The cloud servers 
with extremely storage and computing abilities can analyze such data 
and make corresponding decisions to improve the network performance. 
Cloud services can be classified into three kinds, i.e., software as a 
service, platform as a service, and infrastructure as a service [63, 64]. 
The edge computing and fog computing aim to leverage the storage and 
processing abilities of a mass of WSNs or IoT devices connected to the 
Internet in order to offer an intermediate layer between sensor nodes and 
the cloud [65, 66]. The edge [67] and fog [68], also called the extended 
cloud, perform computing closer to the source of data, improving the 
service quality by diminishing the delay in conveying data between 
sensor nodes and the cloud. Compared with the cloud computing, edge 
computing and fog computing have several advantages, which are listed 
in Table 9.1 [65]. 

5) Application Layer 

The application layer utilizes the useful data from the computing layer 
to provide efficient services for users with different requirements. Future 
applications are summarized in Fig. 9.3, where the smart transportation, 
smart healthcare, smart grid, and space exploring are new applications. 
Machine learning plays an essential role in applications of WSNs, due to 
several reasons [69]: First, the monitoring environments of WSNs may 
change rapidly all the time, so it is required for the network to adapt 
efficiently in such scenarios. Second, there may be unhoped behavior 
patterns that appear in dangerous or unreachable places, and machine 
learning approaches can be used to calibrate errors and capture new 
knowledge. Third, in complicated scenarios without precise 
mathematical models, machine learning approaches can provide  
low-complexity evaluations for the system model. Machine learning has 
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been intensively applied in WSNs, such as fault detection [70], security 
surveillance [71], data aggregation [72], outlier detection [73], and 
location prediction [74]. 

Table 9.1. Features between cloud computing and fog/edge computing. 

Features  Cloud Computing  Fog/Edge Computing  
Service delay  High Low 
Network delay  High Very low 
Location of service  Within the Internet Near the local network 
Distribution  Centralized Distributed 
Mobility  Limited support High support 
Location awareness  No Yes 
Type of connectivity  Leased line Wireless 
Client-to-server hops  Multiple hops One hop 

Smart 
transportation

Environment 
monitoring

Smart healthcare

Military and 
defense

Logistical 
support

Smart grid Space exploring

Industrial control

Smart ocean
Security 

surveillance
Future applications 

of WSNs

 

Fig. 9.3. The future applications of WSNs. 

9.3. Performance Criteria of Mobile WSNs 

Movement solutions aim to improve the performance of WSNs. 
Different applications pursue different performance indicators, and thus 
a protocol needs to consider the specific application requirement. The 
common performance indicators of Mobile WSNs are summarized  
as follows. 

A. Energy Overhead 

Energy overhead is the most important evaluation metric in mobile data 
collection. For all mobile data collection schemes in WSNs, regardless 
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of their applications, the primary concern is to extend the system 
longevity by saving energy expenditure. Mobile data collection also 
needs to balance energy depletion across the network, in order to prevent 
premature deaths of sensor nodes in specific areas of the network, 
because the energy hole problem easily causes topology damage and 
connectivity failure. In essence, energy holes are mitigated in the mobile 
solution results from the energy expenditure of mechanical movement of 
data collectors. Thus, there is a large challenge of the trade-off between 
energy expenditure of sensor nodes and that of mobile data collectors. 
Energy saving of mechanical movement needs to decrease the traveling 
distance, while power cost of sensor nodes requires more positions or 
areas to be visited by the mobile sink. 

B. Data Collection Delay 

Data collection delay is generally defined as the duration of the data 
collector which visits the entire network and delivers the collected data 
to the final data centre. The data generated by sensor nodes is relevant to 
variable time depending on the network status, such as congestion 
degree, queue delays, and channel errors. Nevertheless, from the 
perspective of the total process, the data collection delay is mainly 
determined by the time of traveling of the mobile data collector, because 
the movement speed of the data collector is far lower than that of data 
forwarding. In this sense, controlling data collection delay is mainly to 
decrease the traveling distance of the mobile data collector. Thus, there 
is a conflict between energy consumption control and data collection 
delay control. Energy saving requires the mobile sink to visit more places 
for short-distance data delivery from sensor nodes to the mobile sink, 
while data collection delay reduction needs to shorten the traveling path 
of the mobile sink. 

C. Packet Loss Rate 

The packet loss rate is used to evaluate the network reliability, and is 
generally defined as the forwarding ratio of the data packets generated 
by sensor nodes to that gathered by the final data collection centre. The 
loss of data packets is mainly caused by the inaccurate position 
prediction of the mobile sink and the variable communication links 
between sensor nodes and the mobile sink. If data packets are delivered 
to an outdated location of the data collector, such packets must be lost 



 
Advances in Measurements and Instrumentation: Reviews, Book Series, Vol. 2 

236 

because the actual sink is not in the predicted position. Also, the route 
reconfigurations may cause unexpected packet loss in a short time. In 
this sense, there is a consideration regarding the channel resource 
allocation and the flow quality. Generally, high quality flows should be 
allocated more channel resources while low quality ones should be 
assigned less channel resources. 

9.4. Typical Mobile Data Collection Schemes 

In this section, we introduce several approaches of mobile data collection 
for WSNs. 

A. LBC-DDU 

The authors in [36] provided a mobile data gathering framework, which 
includes three layers: the sensor layer, cluster head layer, and mobile 
collector layer. This framework aims to achieve load-balanced clustering 
and dual data uploading (LBC-DDU). Three goals are included in this 
framework, including fine scalability, long system longevity, and low 
data gathering delay. At the sensor layer, sensor nodes organize 
themselves into multiple clusters, each of which forms multiple cluster 
heads in order to balance the communication load and facilitate dual data 
uploading. At the cluster head layer, inter-cluster communications are 
performed among multiple cluster heads, and data is delivered from a 
selected cluster head to the mobile sink. At the mobile collector layer, 
the mobile sink has two antennas, by which two cluster heads are able to 
upload data to the mobile sink synchronously. The path of the mobile 
sink is optimized to fully use dual data uploading capability by rationally 
determining the polling points in each cluster. On the basis of the polling 
points, the mobile sink collects data from cluster heads and send the 
gathered data to the final sink. 

The obvious merit of LBC-DDU is the load balancing ability. Based on 
rotation-based clustering, twofold data uploading, and cooperative  
inter-cluster communications, LBC-DDU can significantly diminish 
power expenditure of sensor nodes and balance load among different 
cluster heads. However, this protocol has large time complexity. In the 
worst case, the time complexity is O(n

2

), which indicates that, it is not 
efficient in large-scale networks. 
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B. CTR 

Cheng et al. [37] proposed the combine-TSP-reduce (CTR) algorithm, 
which aims to minimize the trajectory length of the mobile sink and 
shorten the data collection latency. The most obvious character of this 
algorithm is the single-hop communication pattern, in which data 
receiving is performed only when the mobile sink arrives at the 
communication range of each sensor. In order to save the traveling path, 
the mobile sink only visits the overlapping communication region of 
multiple sensors, rather than separate transmission areas of individual 
sensors one by one. The authors determined the visiting point of each 
overlapping communication region by addressing the classic traveling 
salesman problem (TSP). A representative point of every visiting region 
is selected to reduce the path length and the computational complexity. 
This is performed by a seesaw algorithm, in which the visiting points are 
integrated and reduced. Furthermore, the data transfer rate is taken into 
account in path planning in order to meet the restrictive condition of data 
transfer rate. 

Two clear strengths exist in CTR. First, all sensor nodes can directly send 
their sensed data to the mobile sink by the single-hop communication 
pattern, and do not need to relay data from other sensor nodes. This can 
greatly save energy overhead of the whole network. Second, the time 
complexity depends on the selected TSP algorithm, which is controllable 
and can be desirable if a good choice is made. However, CTR suffers 
from a large delay due to the unique communication pattern. Compared 
with general multi-hop communication, the single-hop communication 
pattern results in a long traveling path and large data collection delay in 
large-scale networks. 

C. WRP 

Salarian et al. [38] designed a hybrid traveling mechanism, called 
weighted rendezvous planning (WRP), in which the mobile sink only 
visits some rendezvous points (RPs), instead of all sensors. Each RP is a 
specific sensor which acts as a local data collector and sends the gathered 
data to the mobile sink periodically. All sensor nodes except RPs deliver 
their sensed information to the closest RP based on multi-hop 
transmission. The key issue of this work is to plan a traveling tour that 
visits all of the RPs under the constraint of data collection delay. This is 
an NP-hard problem, and is tackled by a heuristic algorithm. Every 
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sensor node is allocated a weight, which is determined by two factors. 
One is its hop distance to the existing traveling tour, and the other is the 
entire amount of data that it gathers from its children and delivers to the 
nearest RP. The sensor node that has the maximum weight, i.e., being far 
from the existing traveling tour and being with large amount of data to 
be gathered, is selected as an RP, if the total path length does not exceed 
the delay demand. 

There are two advantages in WRP. First, it can save much energy due to 
the RP selection approach, in which the specific locations with dense 
node distribution are determined as RPs. Second, the node far from the 
existing tour is preferable to be an RP. This means that data will not be 
delivered to far RPs, balancing energy consumption of the whole 
network. Nevertheless, the obvious shortcoming of WRP is the large 
time complexity. Due to calculating the amount of data that is gathered 
by each sensor node, WRP is subject to the computational  
cost O(n2O(TSP)). 

D. MWR 

Miao et al. [39] put forward a multihop weighted revenue (MWR) 
algorithm to minimize the total data collection delay. The authors used 
the virtual multiple-input multiple-output (vMIMO) methods to 
minimize the data delivery delay and save energy expenditure. Both the 
traveling time of the mobile sink and the data uploading time of sensors 
are jointly considered in MWR. The core task of this work is how to 
jointly use the vMIMO technique and select suitable polling points to 
minimize the whole data gathering delay. It is of great importance of PPs 
where the mobile sink sojourns to gather the sensed data. In order to 
reduce the energy cost of sensor nodes, the maximum number of hop 
distance of data transmission is confined. The authors designed a 
weighted metric of sensor nodes, including the number of compatible 
sensors, the number of h-hop neighbors, and the traveling distance of the 
mobile sink, which are the evaluation rule of selecting polling points. In 
addition, in order to make full use of concurrent uploading, MWR also 
highlights the even relations of sensors to the compatible sensors. 

The merits of MWR are summarized as follows. First, it is suitable for 
the multiple-input multiple-output scenarios. Second, multiple factors 
are jointly considered in order to control the data collection delay, 
resulting in the trade-off between energy efficiency and data delay. 
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However, the information updating progress is too complex, causing a 
very large time complexity O(n4), which may be unacceptable in  
large-scale WSNs. 

E. QCHBRP 

The authors in [40] studied disconnected networks, and designed a path 
for mobile data collection, called quick convex hull-based rendezvous 
planning (QCHBRP), which aims to achieve full connectivity of disjoint 
networks and form a short path of the mobile sink. This approach is 
specially devised for disjoint networks, where nodes are scattered on 
some isolated regions. It is much more difficult to design a path in such 
a scenario than connected networks, because the network delay and the 
connectivity guarantee constitute a contradiction in such a scenario. 
Also, this scenario better matches the actual situation. QCHBRP is 
formed based on a near convex hull, which is the skeleton of the final 
path of the mobile sink. Unlike general convex hull formation 
approaches (e.g., Grahams scan and Jarvis algorithm [41, 42]) exploring 
and calculating all existing positions, a near convex hull is quickly 
established by means of the selection of few special locations, which 
serve as the RPs of the mobile sink. Four special regions are utilized to 
expand the convex hull and form the final trajectory of the base station. 
The whole network is partitioned into multiple grids for approximately 
calculating the distance between two far nodes. This helps to decrease 
the computational cost. 

The advantages of QCHBRP are summarized as follows. First, this 
approach has the ability of collecting data from disconnected segments 
of the network. Furthermore, due to grid division for distance computing, 
the calculational cost has been reduced compared with other solutions. 
However, QCHBRP suffers from two limitations. First, only one RP is 
deployed in each isolated segment, so there exists unbalanced 
distribution of energy dissipation of nodes. Second, the path is expanded 
within four special regions, but this is not practical if there are not any 
node deployed on these regions. 

9.5. Future Directions 

Although some works of mobile data collection have been proposed in 
the literature, there are also some open topics that require further studies. 
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1) Mobile data collection in complex environments. 

Most mobile data collection methods serve general environments, such 
as square, strip, and circular areas. Nevertheless, there are other 
environments which are much more complex. For instance, there are 
uneven road and irregular obstacles in mountain areas, where the 
Euclidean distance is not practical, and it is needful to avoid obstacles. 
Thus, in such complex scenarios, the path design needs to handle the 
challenge of geographical surroundings. 

2) On-demand mobile data collection. 

As far as we know, all existing mobile data collection methods focus on 
periodic data gathering of mobile sinks. Nevertheless, there exists some 
applications with dynamic data collection requirements in some cases, 
e.g., the monitoring of accident occurrence. In the case of periodic and 
emergency data, it is a challenge to plan appropriate movement trajectory 
of the mobile sink and achieve rational work division among multiple 
mobile collectors. 

3) Fog/edge computing by mobile data collectors. 

Mobile data collectors are extensively used in WSNs, and they greatly 
outperform ordinary sensor nodes in terms of energy storage, computing 
ability, and communication capacity. Mobile data collectors also can act 
as fog/edge devices in IoT, and connect local networks to the cloud 
centre, alleviating the workload of the cloud. However, fog/edge devices 
need to take upon many complex tasks, e.g., security communications. It 
is of great challenge to achieve efficient energy distribution and reliable 
normal operation for such mobile elements. 

4) Hybrid data collection for disconnected networks. 

Mobile data collection can improve the network reliability, but may 
result in large data delivery delay, due to the relatively slow movement 
speed of the mobile sink. However, in disconnected networks, where 
several isolated segments exists and the mobile sink must visit each one. 
Thus, deploying static sensor nodes connecting a part of segments is a 
suitable solution to delay control. This is a hybrid data collection method, 
in which mobile sink visits most large-area segments and some extra 
nodes are used to connect a part of segments. This can shorten the 
movement distance of the mobile sink and reduce the data delivery delay. 



Chapter 9. Path Planning for Mobile Data Collection in Wireless Sensor Networks:  
A Survey 

241 

9.6. Conclusion 

This chapter offered a comprehensive survey on path planning of mobile 
data collection in WSNs. We provided the future system architecture of 
mobile WSNs and analyzed the performance criteria of such networks. 
We outlined some representative schemes of mobile data collection in 
different categories, and analyzed their advantages as well as 
disadvantages. Additionally, we provided several future direction that 
need to be further studied. We hope that this survey would do a great 
benefit to the development of WSNs and IoT in future. 
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