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Abstract

This thesis documents one phase of an ongoing project - a project which was initiated in 1999,
and whose research goal is to investigate, and provide imsight into, the possibility of using
impedance tomography to measure the mass flow rate of an air-gravel-seawater mixture. The
ultimate goal of the research is to develop an instrument which can be placed in-line with an
industrial scale airlift, and used to monitor its flow characteristics.

Since the project’s conception, a number of researchers have been involved with various
stages of its development; the research of G. Teague produced the most noteworthy results and
since their publication (in his Ph.D. thesis), the drive of the project has been to pursue his
recommendations.

Teague implemented a dual-plane, 16-electrode, Frequency Division Multiplexed (FDM)
Electrical Impedance Tomography measurement system using square-wave excitation, as well
as Neural Network (NIN) based image reconstruction algorithms. Research succeeding Teague's
investigated the use of sine-wave excitation on an single-plane, 8-electrode system, and using
the reconstruction software developed previously, demonstrated superior outcomes.

This thesis is specifically involved with the upgrading of the abovementioned 8-elecirode
system, to a 16-electrode system capable of measuring real flows. Only static environments
had been investigated prior to this research thus, the project’s dynamic implementation issues
needed to be addressed - a crucial step in the system’s industrislisation.

Besides the design and fabrication of & new, open-ended, 16-electrode electrode ring, hard-
ware issues which needed to be addressed included: the development of a new data acquisition
system and the upgrading of measurement hardware. There exists (now) measurement hard-
ware capable of capturing EIT data from a 16-electrode rig using sine-wave excitation.

The electrode ring contains three sets of electrodes - one plane of ‘line’ electrodes and two
planes of guard electrodes (positioned on either side of the line electrodes). This variety of
electrodes was realised to enable an investigation into the effects of electrode shape and con-
figuration on NN based reconstruction algorithms. The reason for investigating the use of line
electrodes is that previous research had shown significantly improved results in 2-dimensional
Finite Element Method (FEM) simulations of periphery voltages in EIT.

Regarding the system’s reconstruction software and signal processing: a new reconstruction
method has been proposed and is investigated. Kernel Ridge Regression (KRR) is an ‘intel-
ligent’ generalisation technique which has been demonstrated to outperform classical NN type



approaches in similar problems. The experiments of this research benchmark its performance
against the best performing Multi-Layer Perceptron (MLP) NN found in Teague's research.

Static training data was attained in much the same way as in forerunning phases of the
research. Three data sets were captured; measurements obtained using line electrodes, point
electrodes (realised using one plane of guards) and line + guard electrodes were recorded,
normalised and split into training and test data. On all datasets KRR outperformed MLP NNs
in predicting volume fractions of a static 2-phase mixture. Data captured using line electrodes
displayed improved results to data captured using point electrodes, when using MLPs to predict
volume fractions. The results of KRR were unchanged. The use of guard electrodes in
conjunction with line electrodes showed a further improvement in MLP and KRR generalisation
ability.

Dynamic experiments were performed using two techniques: firstly, s laboratory scale airlift
was used to emulate flow regimes similar to that expected in the final application. Results
of testing MLPs and KRR, trained using the static data of previous experiments, on real
data acquired from the airlift were poor. Thus, simulated boundary measurements with added
Gaussian noise were used as training data, the results of which demonstrated a strong correlation
between mean predicted volume fractions and average recorded flow rate.

The second dynamic experiment involved obtaining real flow data, captured from a high
velocity pumping loop, together with reconstructed conductivity ‘images’ of each data frame.
The date was supplied, and reconstructed by, Dr. A. Wilkinson’s world-class research group
at the University of Cape Town. The volume fractions of each frame were used as target
values in database population and were estimated by finding what percentage of pixels in
the image fell below a certain conductivity threshold. These target values, together with
the raw voltage measurements used to reconstruct each frame’s image, were used as training
and testing instances. Testing KRR and MLPs on the abovementioned data produced good
results. Specifically, KRR’s mean absolute prediction error was less than 1% of the vessel’s
cross-sectional ares.

The findings of the research lead to the following conclusions and recommendations:

1. KRR consistently outperforms MLPs in EIT reconstruction.

2. Data collected using line electrodes, especially used concurrently with guard electrodes,
is superior when using KRR or MLPs to predict volume fractions of 2-phase mixtures.

3. Boundary measurements simulated using the Finite Element Method (with added
Gaussian noise), produce a more representative training database than the empirical training
methods used previously.

4. KRR, using simulated training data, performs well in predicting volume fractions of a
rising-air-bubbles flow.

5. Kernel Ridge Regression, when trained using conventional images of a flow, can be used
to predict volume fractions of similar flows directly.

6. Simulated measurements should become the method of choice for training database
population for the prediction of real flows.

7. The real-time implementation issues of kernel methods should be investigated.

8. The system should be tested on high velocity flows.
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Chapter 1

Introduction

This thesis documents one phase of an ongoing project - & project which was initiated in 1999,
and whose research goal is to investigate, and provide insight into, the possibility of using
impedance tomography to measure the mass flow rate of an air-gravel-seawater mixture. The
ultimate goal of the research is to develop an instrument which can be placed in-line with an
industrial scale airlift, and used to monitor its flow characteristics. The airlift in question
simply uses the vacuum created by rising air, injected near the mouth of a pipe, to suck gravel
and alluvial deposits off the seabed and onto the shore. Such deposits are rich in precious
material, and until recently have remained an untapped resource - hidden by the ocean from
the eyes of man. It should thus be obvious why the ability to accurately monitor such a process
is invaluable, and hence why this project exists.

"The project"! has been through many stages of development since its conception and has
been the subject of one undergraduate, two M.Sc. level and one Ph.D. theses [1, 2, 3, 4] before
the present one. The most broad piece of documentation on this project is the Ph.D. thesis
of Gavin Teague [4]. In fact Teague's thesis [4] should be considered as a pre-requisite to this
thesis, as it covers almost all the background material relevant to topics covered in this text.

!%The project”, throughout this thesis, refers to reasearch done, specifically towards the goal of monitoring a
air-gravel-seawater mixture in an industrial airlift.



1.1 Tomography

"Tomography can be described as the measurement of some characteristic [of & medium] by
examining it in cross-section" [5, 6]. The goal of any tomographic system is to, non-intrusively,
gain certain information about the interior of some vessel (e.g. human body, pipeline, etc.).
Generally speaking, how this information is obtained is by exposing the body being examined
to some sort of induced energy field, and simultanecusly measuring how this field is affected
by the specimen. This is done commonly these days using x-rays in CAT (computer aided
tomography) scans, and electrical currents in Electrical Impedance Tomography (EIT).

The information gathering methods of EIT use a number of electrodes - placed around the
periphery of the body in question - to apply known currents or voltage fields to certain positions
on the body’s boundary. The resulting field, as determined by the internal characteristics of
the body, is measured on the remaining electrodes. The impedance of the body is what acts on
the injected currents or applied voltage field and hence, the kind of information gained about
the body is related to its interior impedance distribution. The subject of how we use the
collected data to ‘reconstruct’ the interior impedance distribution of the body being examined,

is where most of the complexities of the field lie.

1.2 Impedance tomography at UCT

Two groups currently research electrical tomography at the University of Cape Town (UCT).
The goals and project directions of the two groups are quite different, and hence the approach
adopted by each group differs somewhat. The first of these groups (in no particular order),
headed by Dr. A Wilkinson, concentrates on achieving accurate, real-time imaging - this seems
to be the main focus in the electrical tomography community at present. The other research
group, headed by Professor J. Tapson and of which the author is & member, is focused on
obtaining underlying information about the area under investigation without first creating an
image. |

The above may seem unavailing, but it is important to understand the differences between
the aims and methodologies of this project, and those of conventional EIT techniques - of which

Dr. A Wilkinson’s group is a world-class example. For this reason a brief summary of each



research group’s direction and methods appears in table 1.1.

Dr. A Wilkinson’s Research Group | Prof. J. Tapson’s Research Group
data used in reconstruction || resistance dats resistance and capacitance data
type of reconstruction image underlying data (e.g. volume fraction)
method of reconstruction mathematics of inverse problems neural networks
present focus of research real-time imaging real-time mass flow measurement

Table 1.1: A table highlighting the differences between the 2 impedance tomography research
groups at UCT.

1.3 Background to the research

Since Teague’s results were published in [5], the drive of the project has been to improve and
extend certain aspects of his system, so that & functional tomography system may soon be
realised in industry. As an example, Giannopoulos improved on Teague's results by using
sine-wave excitation instead of the square-wave excitation used previously.

The state of development of the EIT system, when initially handed to the author, was the
result of Giannopoulos’ research [3] into improving Teague’s data collection system. Hardware
capable of capturing bimodal? data from an 8-electrode electrode ring, as well as the recon-
struction software developed by Teague constituted the EIT system as received by the author.
The intent was that the hardware should be extended to drive a 16-electrode system (as was
the case with Teague’s system).

Furthermore, owing to the fact that both Teague and the researchers who followed him had
only investigated static (or near static) situations, the logical next step towards the project’s
ultimate goal would be an investigation into the dynamic implementation of the existing system.
A research partnership with the Flow Process Research Centre at the Cape Peninsula University
of Technology (CPUT), made available the use of their pumping laboratory. This provided
the author’s research group with the ability to test a dynamic EIT system, once developed, on
high velocity flowa similar to those expected in the final application airlift.

#Two modes of data i.e. resistance and capacitance data.



1.4 Aims and objectives

As indicated in the previous section, this thesis is involved with the dynamic implementation of
a 16-electrode EIT system - a crucial step in the project’s industrialisation. More specifically,

the aims of the author’s research are:

1. Undertake the design and construction of a 16-electrode electrode ring, capable of being

fitted in-line of a high velocity pumping loop?.

2. Upgrade the current hardware from an 8- to 16-electrode system. This involves the

addition of four more signal sources, and four more 8-channel demodulators.

3. Identify and perform any additional hardware modifications necessary in implementing a

dynamic rig.

4. Contrive and test a new method of training neural networks focused on volume fraction?

prediction, as opposed to image prediction.

5. Devise some method of training neural networks on dynamic data as opposed to the static
training data used previously. This involves some method of absolutely determining the

flow characteristics (target values) inside the pipe.

6. If possible, create a link between the conventional image reconstruction methods used

throughout the field and the neural computing methods used by the research group.

1.5 Scope and limitations

Although the long-term goal of the research is to develop an instrument capable of the real-time
monitoring of industrial flow regimes, this thesis will focus on the instrumentation and signal

processing side of the problem. The purpose of the research is to further establish whether

¥Such a pumping loop is available for use at the Cape Peninsula University of Technology (CPUT). Basically,
it consists of a large reservoir fitted with an industrial strength pump. The pump is capable of driving high
velocity (up to 5m.s™!), multi-phase flows through a loop of 57mm PVC piping. The loop is returned to the
reservoir to complete circulation.

4Volume fraction’ is that percentage of the 2-dimensional cross-sectional area of the measurement space
occupied by a certain phase of the flow,



such a system is feasible and investigate the issues involved with such a task. The resesrch
does not aim to achieve all of the functionality required by the final application. Hence,
where elements or modules envisioned as part of the final instrument are known to be readily
acquired or developed and are not the author’s forte (e.g. optimised software development),
their functionality is hypothetically assumed (e.g. un-optimal software may be developed) - but
with careful consideration and justification.

The limitations of the research - besides the obvious limitations facing every researcher of

time and money - are listed below:

1. For the first year of the author’s research, the measurement hardware was being used by
another member of the group for related research {7]. Thus, any modifications to the

hardware could only be made after the completion of this work.

2. The development platform used in data processing was MATLAB - partly due to its su-
perior matrix handling capabilities, and partly because of the author’s familiarity with
the language. MATLAB is a non-real-time platform, and any software developed in the

project would most likely have to be optimised for on-line implementation.

3. The measurement strategy employed in previous projects (4, 3, 7] would dictate the mea-
surement strategy used in this research. This is because the data-collection hardware
received by the author is extremely parallel and thus complex in nature, and is the result
of more than four years’ research; the entire systein is thus highly specific and accustomed
to the measurement strategy realised by the hardware. It was the desire of the project

gponsors that this hardware be upgraded, and research continued using this technique.

1.6 Plan of development

Chapter 2 begins with a brief overview of the basic principles of Electrical Impedance To-
mography (EIT). More specifically, it presents issues relevant to the project’s history and
state of development. Chapter 3 deals with conventional EIT image reconstruction algorithms
and investigates the factors affecting resolution using such techniques. Chapter 4 introduces

the reader to the computational intelligence approach to EIT recomstruction - the viewpoint



adopted by the author’s research group - and highlights the similarities and differences between
conventional reconstruction methods and those used throughout the project’s history. A simi-
lar investigation to that presented in Chapter 3 into the resolution determining factors of such
systems is documented. Chapter 5 is involved with the design and implementation of a new
electrode ring, as well as the upgrading of the measurement hardware to a 16-electrode system.
Chapters 6 and 7 present the results of static and dynamic experiments performed using the
new electrode ring and measurement hardware. Conclusions and recommendations for further

development appear in the final chapters.



Chapter 2

Principles of EIT and history of the

project

This chapter presents a brief overview of the rich field of EIT. It makes no attempt to explain
the concepts put forward in-depth. Rather it secks to familiarise the reader with the concepts
relevant to this thesis, and provide a source of references. Where appropriate, justifications
are made for the present state of the system. The history of the project is documented in terms

of decisions made throughout its various stages.

2.1 A typical EIT system

Figure 2-1 shows the basic sub-systems which constitute a typical EIT system [8]. These
systems will be referred to throughout the text.

Measurement Space

This is the area under investigation and can contain a mixture of anything from human tissue to
rock and seawater. The literature is rich with methods of extracting data from the measurement
space [4, 9, 10] - data which contains useful information about the characteristics of the medium

filling the space. The most commeon of these methods are discussed further in section 2.2.1.
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Figure 2-1: A block diagram illustrating the components of a typical EIT system. Blocks
here represent subsystems and arrows signal paths. The terminology used here will apply
throughout this document.

Voltage or Current Source

Most EIT systems rely on indirectly solving Maxwell’s equations to produce some sort of con-
ductivity map of the measurement space. The choice thus exists whether to inject current
into the measurement space and measure the resultant woltage field, or to apply voltage and
meagure the resulting current. The various factors that need to be considered when making

such a choice are discussed in section 2.3.

Current or Voltage measurement

If voltages are to be applied to the periphery of the measurement space, then currents must
be measured at the periphery and vice versa. This is because, if we are interested in finding
the resistivity distribution of the measurement space, then by Ohm’s law we need to know the

current and voltage distribution within the space.

Multiplexing

To obtain a useful resolution within the measurement space it is necessary to place measurement

electrodes at closely spaced intervals arcund the periphery. In fact, it can be shown [4, 10] that
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Figure 3-4: A flow chart of the Modified Newton-Raphson algorithm adapted from [24].
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Figure 3-5: A diagram of 3 datasets: the first dataset is uncorrelated data, the second and third
possess different degrees of correlation. Each dataset’s encapsulating ellipse is drawn with
major and minor axes in red and blue respectively. The greater the ratio of the variance of the
data in these directions, the more ill-posed the data.

more ill-conditioned data can be contained in a more elongated ellipse/ellipsoid than less ill-
conditioned data. A diagram illustrating these concepts appears in figure 3-5.

In ERT this can be explained as large changes in conductivity near the centre of the region
resulting in small changes in the captured boundary measurements. It is thus intuitive to see
that if such a system is ill-conditioned, then these small changes on the boundary will easily be
swamped by noise. Thus, such a system will become insensitive to changes near the centre of
the region.

This undesired phenomenon can be worsened by the measurement strategy employed. If
a measurement strategy which promotes current to flow mainly near the boundary is adopted,
then it is plain to see that little current can pass through the centre and hence little infor-
mation about this region is contained in the boundary messurements. In reconstruction,
ill-conditioning leads to conductivity values near the centre being spuricus and irregular, as
they have little effect on the objective function of equation 3.10. Thus, the need for some sort

of "smoothing" arises.

30
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Regularisation and Ridge Regression

The concepts, graphics and equations presented in this section are based on explanations put
forward in [23]:

The task of updating the conductivity values of a FEM mesh so as to move in the direction
of decreasing error, carried out by the MNR algorithm, is comparable to the problem of fitting

a plane to a set of highly dimensional points in a least squared error sense; in matrix notation:

X(pn) X W(n,1) = t(p,1) (3.13)

where X is a p by n matrix ( p = number of points and n = dimensionality of the input space?),
w is a vector of coefficients and t is a vector of target values. Target values being the desired
values of the function at the corresponding data points in X. Equation 3.13 is the general
equation of a plane in n + 1 dimensional space which passes through the origin. The shape of
this plane is determined by the coefficients of X (i.e. w), and this is what needs to be solved

50 as to determine the plane. If X were invertible, then the solution would be:
w=X"1-¢t (3.14)

X however, is often non-square (more equations than unknowns) and un-invertible. The solu-
tion is to form the ‘Moore-Penrose pseudo-inverse’ of X. "It is easy to show by differentiation
(and is a standard result in statistics) that the loss function [error function between fitted plane

and desired target values] is minimised by:
w=(XTX)" . XT.¢ (3.15)

"[23]. Here, (XTX)™!- XT is the Moore-Penrose pseudo-inverse (or just pseudo-inverse) of
X*5. Equation 3.15 represents the plane which fits the data in a least squared error sense.

Note too, that it is identical in format to equation 3.12 - the update equation of the MNR

4Input space’ is the n-dimensional space in which one of the points described by the n rows of X lives,
51t is easy to show that (XTX)™'. XT represents an inverse since ((XTX) ' . XT). X =(XTx)"".
XX =X M X)) I XTX =X"IX=X"X=1

31



algorithm repeated below for ease of comparison:

At = —[f(e*)TF (@) @) [f (%) - fol

where

X--» f'(d%) (Jacobian matrix)
w--+ Aok (conductivity update vector)

t--+ f(e¥) = fo (error)

Consider the simple 2-d datasets of figure 3-5 on page 30. Each data set of figure 3-5 can
be represented by the p by n matrix of equation 3.13 (X, ,)). The first data set will produce
an X matrix of full rank (i.e. all columns/rows are linearly independent), meaning that an
exact solution/plane can be found. The third data set, which is a correlated data set (i.e. 2 or
more columns of X are linearly dependent ), will produce an un-invertible correlation matrix
(XXT), meaning that infinitely many solutions/planes exist. In the partially correlated case of
the second data set, the correlation matrix (although technically of full rank) is ill-conditioned,
meaning that there are many equally well fitting planes® and the solution is thus ‘unstable’.

Regularisation is used to address this problem of multiple unstable solutions; a technique
known as ‘Tikhonov Regularisation’ or ‘Ridge Regression’ (this thesis adopts the latter nomen-
clature) is used in most implementations of the MNR algorithm. It involves adding to the
existing ill-conditioned X matrix, a set of virtual data points close to the origin - one on each
axis. This has the effect of reducing the slope (smoothing) of the plane in all directions, ex-
cept in those in which it is well defined. Just how close to the origin these points are placed -
which directly effects the degree of smoothing - is determined by a scalar factor known as the

regularisation parameter’. The addition of these virtual data points in matrix notation is:

xregularised = i + 'TI (316)

®These many equally well fitting planes are local minima of the error function in the MNR algorithm.
"Typically, for normalised data, the regularisation parameter () is in the order of 1075,
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Figure 3-6: A matrix manipulation diagram showing how regularisation of a square correlation
matrix (XTX) is achieved through ‘Ridge Regression’. A small number (gamma) is added to
the matrix’s disgonal - in vector space this is equivalent to introducing a ‘virtual data point’,
at a distance of ,/gamma from the origin, on each axis of the input space.

where v = regularisation parameter, I = the identity matriz and X is the correlation matrix
(XTX). This is depicted in the matrix manipulation diagram of figure 3-6.
Thus, when performing the MNR algorithm with regularisation, the update equation (equa-

tion 3.12) becomes:
Ac* = —[f(e*)T £(c*) + 2907 [ (c®)T £ (c®) — fol (3.17)

where v and I have the same meanings as in equation 3.16. Note that the expression
F'(c®)T f/(o*) is analogous to the correlation matrix discussed above.

The 2-d datasets of figure 3-5 are redrawn in figure 3-7 with target values represented by
the z-axis. The possible solutions/planes for each data set without regularisation are depictdd

to illustrate the need for regularisation.

3.4.2 A note on image resolution in conventional EIT systems

"The literature concerning measurement of spatial resolution in EIT is vague" [30]. Different
groups often quantify image resolution by their own means, thus making it difficult to com-
pare resolution between systems using a generalised measure. The task of quantifying image
resolution in EIT is further complicated by its spatially variant nature - meaning that a single

parameter is not adequate, as is the case with most imaging techniques. This spatial variance
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Figure 3-7: The datasets of figure 3-5 are redrawn with target values represented by the z-axis.
The dataset on the left has s unique plane that fits the data, the dataset on the right has
infinitely many such planes. The middle dataset (ill-conditioned) produces an unstable set of
planes - local minima. Regularisation is the process of stabilising this plane by adding virtual
points to the dataset.

in EIT is due to the non-uniform flow of current through the imaging medium, and is thus
different for dissimilar current injection patterns [30]. In fact, the spatial variance in EIT
is directly linked to - and can be explained in terms of - the ili-conditioning of the problem,
where large changes in impedance near the centre of the region cause small changes in voltage
at the boundary. Thus, it is possible to obtain much higher resolution near the edges of the
measurement space (where the current density is high) than near the centre. In this discussion,
resolution will be explained in terms of the number of elements for which the MNR algorithm
is guaranteed to converge.

In EIT, the maximum pumber of unknowns (conductivity values) which the MNR algo-
rithm is able to resolve, is equal to the number of linearly independent measurements available
from the measurement space [9, 16]. This is because the heart of the MNR algorithm -
the update equation (3.12) - relies on computing the inverse of the so called ‘Hessian matrix’
(f'(e®)T f'(c*)); recall that f’(o*) is the Jacobian matrix which holds information about the

effects that each conductivity element has on the boundary measurements. This means that,
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in order for convergence, the Hessian should be of full rank i.e. its rows and columns should be
linearly independent [31].

As the number of elements in the finite element mesh increases, so the effect that each
element’s conductivity has on the boundary measurements decreases. It is thus intuitive that
in a real system, as the resolution of a particular mesh increases, so the entries in the Jacobian
and hence Hessian matrix will shrink - decreasing the signal to noise ratio and conditioning of
the matrix. Note that this noise is present in real systems owing to such factors as measurement
noise and modelling error. It would be naive to think that no noise is present in a computer
simulation of an EIT problem; even the tiny error introduced by computer rounding is sufficient
to limit the resolution of ill-conditioned problems.

It should be mentioned that ‘cunning’ methods of increasing the resolution of such images are
known - especially when some a priori information about the measurement space is available.
It has already been shown that regularisation is one way of improving the conditioning of
the Hessian matrix, and therefore maximum resolution of an image (at the expense of image
smoothing). Mesh-grouping is a technique where certain elements of the mesh are grouped
together by forcing them to have the same conductivity [32]. This allows the mesh to contain
a higher number of elements than independent measurements available. The algorithm will
still converge if, in increasing the number of elements, the number of unknown conductivities
hsas not changed. Obviously these methods significantly increase the computation time of such
an algorithm.

In swmmary, the main limiting factor on resolution in EIT is the number of independent
measurements available of the measurement space. If resolution is pushed beyond this, then
the MNR algorithm has more unknowns than equations and will not converge. Regularisation
mskes convergence possible at higher resolution, but at the cost of image smoothing. The
second important resolution-limiting factor in EIT is measurement noise, which heightens the

ill-conditioning of system matrices.
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Chapter 4

Neural Networks and Computational

Intelligence for EIT Reconstruction

This chapter seeks to provide the reader with an overview of the reconstruction methods used
by the research group in the past. This is because some of the techniques used previously
are carried over to this project. Also, it will be important to have some understanding of
the methods used previously when they are discarded or altered. Furthermore, background
information on kernel methods is presented so as to prepare the reader for the results obtained

in later chapters.

4.1 Imtroduction

Since the explosion of commercially available computing power, artificial learning techniques
have been finding an ever increasing ensemble of real world applications. Simple algorithms
can be used to teach intelligent systems, by example, to simulate the mapping performed by
complex systems. Because such techniques are known to produce good approximators of highly
complex, nonlinear functions, they may be useful in approximating the functional mapping
between the internal conductivity or permittivity distribution within the measurement space in
EIT, and the boundary measurements obtained from a typical tomography system. In other
words, artificial learning methods have potential to solve the inverse problem discussed in the

previcus chapter.
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Figure 4-1: A connection diagram representing a common Artificial Neural Network architecture
used in EIT. The specific nomenclature and symbols used are similar to that used by Teague
[1, 4]. Note that each ‘neuron’ has such an activation function as represented by the singular
blocks.

4.2 Neural networks for EIT

"Neurocomputing, parallel distributed processing, connectionist networks, artificial neural net-
works or simply neural nets, whatever the terminology, are all models of large numbers of
simple but highly parallel and distributed processing elements with a high degree of connectiv-
ity between them "[21]. Throughout this document, the term ‘Neural Network’ (NN hereafter)
refers to the classical architecture of a number of layered neurons or ‘summers’. FEach neuron
performs the weighted summation of its inputs, and typically feeds the result to a non-linear
activation function. An example of such a network appears in figure 4-1.

Indeed NN’s have found a wide variety of uses in complex medical imaging tasks such
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as feature classification, image restoration [33] and EEG' spike detection [34]. Research on
applying NNs to the task of image reconstruction is however, less common - perhaps due to
the fact that conventional methods (e.g. the MNR algorithm) have been the industry standard
since long before NNs became widely accepted engineering tools.

In the available documented research on using NNs to solve the inverse problem in EIT,
sitnulated impedance measurements are most often used in network training [19, 20, 21, 35,
36, 18]. In these, boundary measurements are simulated using a finite element modelling of
systematically created impedance distributions. It was found in [18] that when testing the
performance of these networks on a physical system, acceptable results were only attained if
additional simulated noise - similar to the physical system’s measurement noise - was added to
the training data.

Hence, research into using "a new practical approach whereby the networks are trained and
tested using real data from an existing impedance tomography system" [5] was initiated by
the research group. The results and methods of the research are thoroughly documented in
Teague’s Ph.D. thesis [4] and summarised in [5]. The reconstruction technique developed has
been applied to a number of research projects within the group since then [3, 7], and to the
author’s knowledge constitutes a unique reconstruction method for EIT applications. A brief

description of how reconstruction is achieved follows.

4.2.1 Teague’s reconstruction methods

This section presents the key issues required to gain a general understanding of how Teague (and
the researchers who followed him) used NNs to perform reconstructions of the measurement
space. Where appropriate, extracts and graphics are taken from Teague’s Ph.D. thesis [4] and
paper [14].

Training database population

Training data was obtained by recreating what a cross-section of a flow might look like in
different ‘snap-shot’ scenarios. Rounded polystyrene cylinders and pockets of gravel submerged

in seawater were used to reproduce instances in time inside an air-gravel-seawater flow. These

1 A graphical record of electrical activity of the brain; produced by an electroencephalograph.
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Figure 4-2: A diagram illustrating the individual training bubble positions within the imaging
vessel. Circles represent a bubble position, lines form a 10 by 10 matrix of pixels which are
used to set the desired network output (target).

contiguous masses of polystyrene or gravel are referred to as ‘bubbles’ in [4, 5] and throughout
this document. Boundary measurements would be captured for different bubble positions -
"Essentially, the smallest identifiable element of one phase, or bubble, is placed in a specific
location in the second phase [seawater] and the readings are taken. The bubble is then moved
to a different position and the readings are taken again. This process is repeated until the
superposition of all the individual bubble positions effectively covers the cross-section of the

vessel." [5]. A diagram illustrating the individual bubble positions taken from [5] appears in

figure 4-2.

Due to the static nature of the training database (i.e. the fact that boundary measurements
are taken while the medium is stationary), the networks’ desired output or target values were
manually recorded by looking at the scenario from above. The ‘trainer’ would, via a graphical
user interface (GUI), record the entries of an 88 pixel image as being either air, gravel or

seawater. A screen capture taken from [4] of the GUI used for training appears in figure 4-3.
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A note on the performance measure used to train neural networks

Since the research group started investigations into neural networks for EIT, the performance
measures used to determine the generalisation ability of such networks have been called thresh-
old error and volume fraction error. An extract from [4] describes how these quantities are
obtained:

" 1. Threshold error, which is the percentage of pixels that are not predicted correctly.
For example, if the network predicts that a particular pixel is gravel when it is actually air, then
this represents an error. These errors are summed over the entire database and are divided by
the total number of pixels in the database. This performance measure applies only to the image
reconstruction neural network and gives an indication of the positional correlation between the
desired network output and the network prediction.

2. Volume fraction error, which is the percentage error of the volume fraction predictions
for each of the three phases. For example, if the image reconstruction neural network predicts
that there are 42 pixels of seawater when there are actually 44, then this represents an error of
two pixels. These errors in the seawater prediction are summed over the entire database and
are divided by the total number of pixels in the database to give the seawater volume fraction
error. For the volume fraction predictor neural networks, the absolute values of the differences
between the desired and the predicted volume fractions are summed over the entire database
and then divided by the total number of frames in the database. It therefore represents the
mean absolute error of the volume fraction predictor neural network for a specific phase. This
measure is independent of pixel position and operates simply in terms of volume. It gives an

indication of the ability of the network to predict volume fractions accurately.”

Newural network image reconstruction

Teague researched the use of Multi-Layer Perceptron (MLP) NNs as well as Radial Basis Func-
tion (RBF) NNs to predict the desired output image. In both cases, network architecture was
such that 88 outputs were available - each output representing a pixel in the image. Each pixel
would be predicted by the networks to be either air, gravel or seawater.

RBFs were found to be inferior to MLPs and were thus discarded early in his research.

Teague’s best results for static, 3-phase image reconstruction were obtained using a single-layer
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feed-forward neural network. These results (documented in [4, pp.75]) are tabulated in table
4.1.

Performance Measure Single-Layer Feed-Forward Neural Network
Threshold error (%) 2.69
Air volume fraction error (%) 1.22

Gravel volume fraction error (%) || 1.49

Water volume fraction error (%) | 0.80

Sum volume fraction error (%) 3.50

Table 4.1: 'Teague’s results for volume fraction predictions using a single-layer feed-forward
neural network. The training algorithm used was the Gradient Descent method. The entries
of the table are the mean absoclute errors between desired and predicted volume fractions of a

test database (reported as a percentage of the pipe’s cross-sectional area).

Interestingly, networks trained using only 2-phase data (i.e. either bubbles of air or gravel
submerged in seawater) could successfully generalise to 3-phase bubble distributions (i.e. bub-

bles of air and gravel submerged in seawater).

Neural network volume fraction prediction

Research preceding [4] had shown that greater volume fraction prediction accuracy could be
obtained by training neural networks to predict the volume fractions directly [1]. Furthermore,
this type of network can achieve results faster than if performing an image reconstruction first
[1, 4, 5]. This is because fewer output neurons were necessary (2 as opposed to 88 for image
prediction), and hence far fewer input weights to this final layer needed to be found. It was
found that the best results could be obtained using a double-layer feed-forward neural network,
the hidden layer of which contained 25 neurons. These results appear in the following table
4.2 [4, pp.77].
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Performance Measure Double-Layer Feed-Forward Neural Network

Air volume fraction error (%) 1.15

Gravel volume fraction error (%) || 1.49

Water volume fraction error (%) || 0.86

Sum volume fraction error (%) 3.50

Table 4.2: Teague's results for volume fraction predictions using a double-layer feed-forward
neural network (Multi-Layer Perceptron). The single hidden layer consisted of 25 neurons, each
having a sigmoid activation function. The training algerithm used was the Resilient Back-
Propogation method. The entries of the table represent the mean absolute errors between
desired and predicted volume fractions of a test database (reported as a percentage of the

pipe’s cross-sectional area).

4.3 Kernel methods

Briefly, kernel methods (as they are called in the computational intelligence community) refer
to those techniques of function approximation or classification, where kernel functions? are used
to map the training data into a higher dimensional feature space.

Although Teague investigated and ruled out the use of RBF NNs (which are a kernel
method), re-directed project goals and a new training method proposed by the author have
inspired a re-opening of the investigation into the ability of kernel methods to perform volume

fraction prediction in EIT.

4.3.1 Justification for further investigation of kernel methods

The reason given by Teague for the poor performance of RBFs (and hence kernel methods) is
that they suffer from the ‘curse of dimensionality’ "which specifies that the number of training
data points required to ‘fill’ the input space grows exponentially with the dimensions of the

input space" [23, 37]. In fact, using the database population techniques described in section

T he exact definition of & kernel function is complex and highly mathematical. For the purposes of this thesis
it is unnecessary to define such a function, and is sufficient to realise that the Gaussian/Normal distribution is
such a function.
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4.2.1, the time taken to suitably fill the input space would be in the order of months! This
is due to the fact that Teague’s GUI (figure 4-3) and training software was focused on image
reconstruction i.e. the position of training bubbles in the measurement space was important,
and played a significant role in network training., Thus, the time taken to set up each individual
bubble configuration, sample the boundary voltages, record the target values of each of the 88
pixels and reposition the bubbles, makes training a laboricus and tedicus task.

Because of the improved results achieved by Teague (1, 4] when predicting volume fractions
as opposed to image predictions, the focus of the research shifted to predicting volume fractions
directly. Although this was the case, researchers following Teague (Giannopoulos (3] and
Capindissa [7]) continued to use Teague's database population method designed for image
reconstructing networks. This meant that results were still slow in coming forth, and the curse
of dimensicnality remained a limiting factor in the types of intelligent computing techniques

investigated.

4.3.2 Kernel methods

Section 3.4.1 likened the task carried out by the MNR algorithm to fitting a plane to a number
of data points using simple linear regression techniques. FEven when regularising EIT data
however, it will be impossible to find a plane which fits such data suitably using linear regression.
This is because the mapping between the data (measured boundary voltages) and target values
(desired volume fractions) is highly non-linear, deeming linear regression useless; unless some
non-linear transformation is applied to the data first.

Kernel methods are capable of achieving highly irregular, nonlinear function mappings by
placing on each data point (in the training database) a kernel function. These kernels are
functions of the euclidean distance® between all points in the training data. The most common
and versatile kernel is the local Gaussian function®, which is characterised by a ‘width’ or
‘spread’ factor [23]. The kernel width parameter (usually called o) is a parameter which needs
to be tuned by trial and error. Different datasets will have different optimum ¢ values which

YEuclidean distance between two vectors (x and y) is defined as: D = /3 (zx — yx)2. In 2-d, Pythagoras’
theorum is a special case.
4 Although kernels are by no means limited to this case, they are the only kernels used in this thesis.
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Figure 4-4: A series of diagrams showing the basic principles of kernel methods. The diagram
on the left shows how Gaussian bumps are ‘placed’ on each data point in the training data -
note that all bumps have the same width factor (o). The middle sketch shows how each bump
is sca.leﬂ according to the target value corresponding to the input data point. The diagram on
the right shows how the summation of the smooth, scaled Gaussian bumps results in a function
which c\a.n be used to generalise to new data.
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give rise to the best classification or regression error. Most datasets however, produce similarly
shaped o vs. error*® curves, with a sharp notch in error occurring around a certain value of o.

Each of these kernels is then scaled by a weight, or « coefficient, and the linear sum of
all kernels is formed. This weighted sum of kernels becomes the classification function - in
classification problems, and the regression function - in regression problems. In both cases,
the o weights applied to each kernel are adjusted so that the kernel has approximately the
target value (+1 or -1 in classification problems, or a real number between 0 and 1 in regression
problems) at each data point. The resulting function, as a superposition of smooth basis
functions, is itself smooth; hence it can generalise or interpolate to new instances [23]. These
concepts are illustrated in figure 4-4 extracted from [23].

The way in which these kernels are mathematically ‘placed on each data point’, is illustrated
in the matrix multiplication diagram of figure 4-5.

S¢Error’ here is generslisation error: the error between the predicted values and the real target values in a
test database,
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Figure 4-5: A matrix manipulation diagram illustrating how a simple 2-dimensional linear
regression problem is transformed by the kernel function into a higher dimensional problem.
The way in which kernels are ‘placed’ on each data point is demonstrated in the middle section
of the figure.
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4.3.3 Kernel Ridge Regression

The process of adjusting the weights, or a coefficients, of each kernel function can be done using
a variety of methods. Various different kernel classification and regression ‘machines’ exist,
and are distinguished by the different methods used to adjust these weights. Support Vector
Machines (SVMs) for instance, iteratively adjust the weights so that the function passes as
closely as possible through the training points. In the process many weights become zero, and
only the ‘support vectors’ remain. SVMs are viewed as state-of-the-art in the computational
intelligence field, yet their performance is virtually indistinguishable from a technique known
as Kernel Ridge Regression (KRR) [23].

Simply, how the weights (a values) are found in KRR, is by using the methods of classical
linear regression i.e. matrix pseudo-inversion (described in section 3.4.1). This process is
however ill-conditioned - tending to overfit data - hence, regularisation is added.

In MATLAB, which is the author’'s KRR development platform of choice, pseudo-inversion

of matrices is performed very robustly when using the backslash operator:

w = X\y, or in the case of KRR: a = K\ttr 4.1)

MATLAB’S backslash operator (\) is an ‘overloaded’ one, which performs many different
functions. If the X or K matrix is un-invertible or ill-conditioned (as in the EIT case), the
above notation will achieve a minimum-norm, least squared error solution to the equations.
This is done (very robustly) using ‘Singular Value Decomposition’ [23], which is described
further in section 7.1.2. Thus, no need of hardcoding the Moore-Penrose pseudo-inverse will be
necessary when finding the a-weights, although it will be necessary to perform regularisation
(Ridge Regression) on the kernel matrix before pseudo-inversion; hence the name Kernel Ridge
Regression.

Once the o-weights which best map the transformed training data to its corresponding
target values have been found, then predictions can be performed on the unseen ‘test data’.
Firstly, the same process as followed in mapping the training data into a higher dimensional
space needs to be applied to the test data (i.e. a distance table made between each testing
point and each training point, followed by application of the kernel function). Once the test
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data has been mapped into this higher dimensional space, the a-weights (found previously) can
be multiplied by the transformed test data to arrive at predicted target values.

Below are a few lines of MATLAB pseudo-code for implementing KRR. The reader should
not let the simplicity of the code detract from its power.

function yte = krr(Xtr, ttr, sigma, gamma, Xte)

%

% usage: yte = krr(Xtr, ttr, sigma, gamma, Xte)

% ¥tr is the training data matrix - rows are instances, columns features.

% ttr is a vector of the associated target values.

% sigma is the kernel width, gamma the regularisation parameter.

% Xte is the test data (same format as Xtr).

% the predictions from Xte are returmed in yte.

%

D2=dist2(Xtr,Xtr);

% creates a distance table of all the inter-training point squared

% euclidean distances.

K=e" (-D2/(2*sigma"2)) ;

%4 the kernel matrix using the Gaussian kernel is a function of the

% distance matrix. This is what ‘places’ a kernel on each data point.

K=K + gamma*IDENTITY_MX;

% kernel matrix with ridge regression (regularisation).

alpha=K\ttr;

% finds kernel weights using MATLAB’s robust pseudo-inversion operator (\).

D2=dist2(Xte,itr);

% distance table of test-training point squared euclidean distances.

=" (~-D2/ (2%sigma”2));

% kernel activations at test points.

yte=K#alpha;

% function value at test points.
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4.4 A note on resolution in neural network-type EIT systems

A discussion of image resclution was included in section 3.4.2. The topic was discussed in terms
of the maximum number of unknowns which would result in an invertible Hessian matrix - the
requirement for convergence of the MNR algorithm. Since intelligent computing techniques
are function approximators, and are not directly involved with equation solving, it is difficult
to predict at what resolution their methods will collapse. This is the main drawback of such
techniques, i.e. they do not provide the outside world with information about the function they
approximate, and hence it is difficult to analyse their mechanisms,

Because the intelligent computing techniques used in EIT (such as the ones developed by
Teague |1, 4]) are merely another method of solving the same inverse problem as that solved
by conventional techniques (i.e. image reconstruction using the MNR algorithm), the same
inherent sources of error contribute to the bounds on reconstruction resolution. Just as the
MNR algorithm fails to converge for ill-conditioned Hessian matrices, so too does computational
intelligence find it difficult to find a unique surface which fits the training data if it is ill-
conditioned. Therefore, the first and foremost factor influencing resolution in EIT is the number
of independent messurements available, which is determined by the number of electrodes and
measurement protocol employed.

Given an EIT system with a certain number of electrodes, it is thus safe to say that,
in an ideal noise-free measurement environment®, the resolution of any EIT reconstruction
method is determined by the data-acquisition hardware’s ability to measure small changes in
the boundary values, and the computational device’s ability to store (and perform calculations
with) these small changes. Of course, in the presence of measurement noise, the system
resolution will deteriorate as these small changes become swamped in noise. Furthermore,
once measurements have been digitised for computer manipulation, rounding errors will further
encroach on resolution. Thus, when sampling boundary measurements from an EIT rig, the
analogue-to-digital conversion resolution and number storage format should be chosen with the

expected amplitude of measurement noise in mind. It is relatively easy to obtain high resolution

5Measurement noise in EIT, besides the effects of electromagnetic interference, is mainly due to unknown
contact impedances between electrodes and electrolyte.
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Figure 4-6: A diagram showing the sources of error introduced during the reconstruction process
in EIT. The largest source of error is that introduced by measurement noise, which is mainly
due to unknown contact impedances between the electrodes and the medium. Note that an
additional source of error is introduced in conventional reconstruction technigues.

analogue-to-digital conversions and number storage formats; the main factor influencing system
resolution is therefore measurement noise.

A diagram illustrating these concepts is presented in figure 4-6. The diagram illustrates
a definite advantage of using an intelligent computing approach in EIT; a further source of
error introduced by conventional techniques, but not by neurocomputing methods, is that of

modelling error in the forward problem.
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Chapter 5

Design and Implementation of a

Dynamic EIT Measurement System

All the topics covered in this text so far have been theoretical in nature. Their purpose was to
introduce the reader to the concepts of EIT relevant to the project - specifically the author’s
stage of it. Background information has been abundant in earlier chapters (and in Appendix B)
80 as to familiarise the reader with the state of the system and aims of the research - as received
by the author. All concepts presented have been based on the work of previous researchers
on the project or in the literature. On the contrary, all that follows is work done, by the
suthor, using the tools gained through studying the literature and investigating the constructs
presented so far.

This chapter is concerned with the practical issues involved with the design and implemen-
tation of a dynamic EIT measurement system. More specifically, the practicalities involved
with undertaking such a task (given the present state of the system) are: the design and imple-
mentation of an open-ended electrode ring, the implementation of a new data capture system

and the upgrading of the current hardware.

5.1 New direction of the project

At a meeting with the project sponsors (25 August 2004), it was decided that the project

needed to become more focused on the practicalities involved with building a new electrode
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ring; one which could be fitted into the Flow Process Research Centre’s pumping loop at the
Cape Peninsula University of Technology (CPUT). The main decisions made at that meeting,

concerning the direction of the project appear below:

1. An electrode ring capable of handling real flows must be designed and built as soon as
possible.

2. Since improved results had recently been achieved through Herholdt [9] extending his
point electrodes to line electrodes!, the effects of performing a similar alteration to the

design of a new electrode ring should be investigated.

3. Due to the issues raised in section 2.6 on page 17 about the training of neural networks
with dynamic data, a purely intelligent computing (or black box) type approach may not
be the best route to follow. The project needs to become more inclusive of previously

avoided, conventional image reconstruction techniques.

4. Emphasis must be placed on designing a system to cutput volume fraction data (as
opposed to image data). It is however understood that image data is a useful tool in

research of this nature, and should not be sidelined.

5. For the sake of simplicity the dynamic measurement system should be a single-plane,
unimodal (resistance data only) system. The decision to use only resistance data is further
justified by the fact that capacitance data is mainly useful in distinguishing between
phases of different permittivity (i.e. rock and air); resistance data has proved sufficient for
distinguishing between phases of different conductivity (e.g. water and air/rock). Because
the final application seeks a volumetric flow of gravel? rather than air, the electrode ring
can be placed below the air injection point, and measure a purely gravel water mixture.

The reconstruction of such a mixture should be possible with only resistance data.

!This is discussed in detail in section 5.4.1.
2This gravel is the whole reason the airlift exists - it is what DeBeers are after - and hence why the flow rate
of gravel needs to be monitored. Also, the amount of air being injected is a known in any case.
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5.2 DBefore design, some careful considerations

When designing a new rig, many design choices must be made which affect the future of the
project. Specifically, hardware design choices will play a significant role in the successful ex-
change of the project from the author to his successor. This has been learned through the
difficulties experienced in reviving the dormant hardware of Teague, and analysing Giannopou-
los’ upgraded version.

In fact, Giannopoulos did make provisions for his work to be built upon and extended. It
is in this spirit, that whenever a design choice is made, careful consideration of the project’s
future is teken. Thus, in what follows, all decisions and design choices are justified in terms of

their extendability - not necessarily to the ultimate goal, but to the next stage of the project.

5.3 Data acquisition

In previous research, both Teague and Giannopoulos had used the EAGLE PC30G data ac-
quisition card to acquire their data. Teague had the following to say about the card: "This
card is intended for an ISA slot and is soon to be obsolete since it is increasingly difficult to
purchase computer motherboards that support the ISA standard" [4]. The research group
recently obtained the much more user friendly DATA TrRANSLATION DT9802 card. It is a USB
data acquisition module with high functionality. The module is supplied with the usual soft-
ware development kit (SDK), which contains numerous libraries with hosts of functions which
can be called to control the card’s sub-systems. More attractive to the end user is a popular
development tool called DT MEASURE FOUNDRY. At first this seemed attractive because of
its user friendly GUI with which no hard coding is necessary, and procedures such as exporting
data to Matlab are performed with mere touches of buttons. However, a little experimenta-
tion revealed that the complexities of the sampling task at hand (namely: the high sampling
rate, and need for sampling to be perfectly synchronised with external hardware) required the
module to be hard coded in C.
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5.3.1 Outside help

Unfortunately, with a purely electrical background, the author had never coded in C. So it was
decided, with the aid of Prof. J. Tapson® that an outside source should be hired to produce
some skeleton code on which the data acquisition software of the project could be based. An
electrical /computer engineer (Tim Long) who recently completed his B.Sc. thesis in EIT and
is currently doing his M.Sc. in EIT, was given the job. The author supplied Long with a list
of requirements which the skeleton program should meet. All the requirements were based on
specs obtained from Teague’s Ph.D. thesis [4] i.e. number of samples to capture per frame,

required frame rate etc. The specific requirements appear below:

1. 256 analogue voltages need to be sampled per frame.

2. The final application may require a reconstruction rate of up to 200 frames per second,

therefore the data should be captured at least as fast as this.

3. Some way of controlling the address lines of 8 16-channel multiplexers needs to be realised.
Preferably, the card should use one of its onboard counters to drive these address lines in
parallel. Alternatively, as Teague and Giannopoulos did, an output port of the module

could be used to communicate with an external sample controller board.

4. The code should be able to average the data of a number of frames e.g. capture 10 frames
of data, and then save (as one frame) the average of these 10 frames. This would be useful

to reduce noise effects.

5. The code should accept (as an input parameter) a mask, which tells it which samples are

significant i.e. which samples to use in reconstruction.

Note that although it was decided at the August meeting that, initially only one plane
of resistance data would be used (this corresponds to 64 samples), the requirements above
categorically state that 256 samples are required per frame (which is the number of samples
required for a 2-plane 16-electrode FDM system). The requirement for the code to accept a

masking file as an input parameter takes into account that only one plane, or only one mode

aProject supervisor.
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(resistance or capacitance) of one plane of data, might be needed by the user; in this case the
user would simply enter a mask file corresponding to the desired samples. Keeping extendability
in mind, this same code can be used for sampling any sequence of channels up to a 2-plane

16-electrode bimodal system.

5.3.2 Functionality of initial code

The completed skeleton code met all the requirements and ended up controlling the multiplexer
address lines via an external sample controller board - a board which still needed to be designed
and built. This was done as opposed to the requested use of onboard counters due to their
serial nature (i.e. the counter values are output serially, on one pin) which would be ill-suited
to the high speed requirements of the sampling task at hand. The code appears in Appendix
C.

5.3.3 Sample controller board

Long’s skeleton code output a clocking signal on one of the external pins of the DT9802 device.
This was to be fed to the device’s ADC ‘input trigger scan’ pin, which triggers the internal
ADC to sample all 16 analogue input channels on its rising edge. This clocking signal could
then be simultaneously fed to the clock input of an external counter, which in turn would drive
the address lines of the multiplexers on the demodulation boards. A block diagram of the
sample controller board (designed by the author) and how it interacts with the measurement
system appears in figure 5-1. Its circuit diagram and photograph appear in Appendix B.

The principle of operation of the sample controller board is similar to that used by Teague
[4] and Giannopoulos (3], yet slightly simpler - with less chance of loss of synchronisation
occurring. This is significant because Teague stated in his recommendations that: "there is an
occasional loss of synchronisation between the sample controller board and the data acquisition
card. This loss of synchronisation is the result of false triggering of the data acquisition card
by noise on the external trigger line." His recommendation was to address the issue in future
research, and although Giannopoulos used screened cable on his external trigger line, the cause
of the problem (i.e. separate counter and trigger clock source) had still not been eliminated.

In the present system, the sampling trigger scan and counter clock come from the same source
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Figure 5-1: A block diagram showing the interactions between the counter on the sample
controller board, the multiplexers’ address lines and the analogue inputs of the data acquisition
card. Note that Long’s application (coded in the DT9802 flash memory) sampled the analogue
input channels on the rising edge of an internally generated clocking signal. On the falling
edge, the multiplexers would be incremented to switch through the next set of measurements on
the demodulation boards. Note also, that only 4 demodulation boards are used in the present
system; the data acquisition board however, has been wired to accept up tol6 analogue inputs,
i.e. the number of demodulation boards required for a dual-plane, bimodal, 16-electrode FDM
EIT system. 56



(DT9802 output trigger), as opposed to an external clock source (implemented using a 555 timer
in Teague’s and Giannopoulos’s sample controller). Thus, even if noise occurs on the trigger
line, both counter and the trigger scan are effected, meaning that no loss of synchronisation

occurs, only a bad data point.

5.3.4 Modification of code for training

The initial skeleton code was designed to capture - and average if requested - a certain number
of frames and save the result in a .csv (comma separated variables) file. The application would
then close. This would be adequate for real-time testing, however it was not adequate for
training NNs using the methods used by Teague (and the researchers who followed him), where
time would be needed between each frame in order to change bubble positions.

It turns out that the two tasks (real-time testing and training data capture) required to be
performed by the card are quite different; they require totally different use of internal buffers
and buffer interrupt routines. Thus, an appreciable portion of time was spent gaining an
understanding of how the DT9802 performed its buffering operations.

There exists (now), a separate application suitable for training NNs in Teague’s fashion
using the DT9802 (see Appendix C). In fact, as the system stands, a different and more elegant
method of clocking the external counter has been implemented. This uses a ‘clever’ function
of the DT9802 which Long overloocked. It is called the ‘digital dynamic output’ capability
and solves problems encountered when dealing with situations which arose when modifying the
code to be used for training. The functionality is basically the ssme and is not discussed here;
however, a figure showing a block diagram of the subsystems’ interaction appears in figure 5-2,
and an oscilloscope screen capture of the digital dynamic ocutput pin and the counter output
pins is presented in figure 5-3.

Note that all the commented data capture code developed for this project appears in the
appendix where its functionality is briefly explained.
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Figure 5-2: A block diagram showing how the dynamic digital output pin of the DT9802 is
used to clock the external counter. The dynamic digital output pin cutputs a narrow pulse
each time the last channel is sampled, which happens at the end of every trigger scan.

Sample controlier board

5.4 Designing the electrode ring

5.4.1 Point vs. line electrodes

An undoubted improvement in EIT image reconstruction is achieved when using axially* ex-
tended point electrodes (line electrodes) in conjunction with a 2-d finite element model of the
imaging plane [9]. This is because a simple 2-d model takes no account of fringing. Using line
electrodes is a well known way of eliminating this fringing, or at least reducing it. The concept
of how fringing is minimised when using line electrodes is illustrated in figure 5-4.

At design time, the question still remained as to whether the use of line electrodes would
improve the predictions made by NNs in EIT. Thus, a practical investigation into the effects
of training NNs using data collected from both line and point electrodes was initiated and is

documented below.

4The axis being referred to here, and in what follows, is that of the centre line pipe being imaged.
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Appendix A

Circuit Diagrams

The circuit diagrams presented in this appendix document the state of the measurement hard-
ware as was the case at the commencement of this thesis.

The circuit diagrams of those systems designed by Giannopoulos and upgraded by the
author, but without significant alteration, are presented in the form of Giannopoules’ circuit
diagrams from which the PCBs were constructed. The changes made by the author have been
documented in the body of the text and further in Appendix B. Those sub-systems are:

1. Power supply
2. Frequency Generation Board

3. Demodulation Board

They appear in the above order in the pages that follow. The sub-systems redesigned and
built by the author follow those, and appear as redrawn circuit diagrams in the following

order:
4. Transmitter Amplifier
5. Receiver Amplifier

6. Sample Controller Board
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Appendix B

A Guide to the System’s

Measurement Hardware

This thesis has been mainly concerned with the theoretical issues involved with the implemen-
tation of a 16-electrode FDM EIT system. Little attention has been paid to explaining the
workings of the measurement hardware, even though a significant time of the author’s research
was involved with gaining an understanding of it and upgrading it. The reasons for not fo-
cusing on the measurement hardware in the body of this document are numerous; firstly, the
principles of how the hardware achieves resistance or permittivity measurement of the space
has been well documented in the projects forerunning this work [4, 3, 7]. Furthermore, the
major complexities concerned with EIT reconstruction are involved with the data manipulation
and signal processing of the data captured from the measurement hardware - these complexities
have been the focus of this thesis, deeming the documentation of the measurement hardware
subordinate.

Nonetheless, the author felt it important to include some practical explanations of the hard-
ware - for completeness, and to demonstrate the work done by the author (on the measurement
hardware), which has not been documented in the body of this text. Thus, this appendix is
dedicated to the explanation of the principles of operation of the system’s measurement hard-
ware, and the documentation of the work done by the author on it. Note that all the present

system’s circuit diagrams appear in the previous appendix and are thus not repeated when they
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are discussed below.

B.1 System overview

Figure B-1 is a system block diagram (extracted from [3]) of the measurement hardware as
the author received it. The diagram shows the operation and interconnection of the various
sub-systems of an 8-electrode, bimedal, FDM measurement system.

In figure B-1, the power supply regulates voltage and supplies power to all the other sub-
systems. Each frequency generation board produces 4 voltage varying signals - 2 driving signals
(to be injected into the rig) and their quadratures (to be used in capacitance demodulation).
There are 2 of these, hence 8 signals are produced (4 injection signals and their quadiatures).
The injection signals are sent to the transmitter boards (TxA, TxB, TxC, TxD), where they are
buffered, amplified and injected into the measurement space. Together with their quadratures,
these signals are also sent to the demodulation boards - v;fhere they will be used as reference
signals for arrays of synchronous detectors.

The receiver boards (RxA., RxA, RxB., RxB, RxC., RxC, RxD., RxD, ) amplify the
current received by the capacitance and resistance electrodes by means of trans-impedance am-
plifiers, and send these signals to the demodulation boards. Note that each receiver electrode
pair (resistance and capacitance) is sent to one demodulation board. Here (on each demodula-~
tion board), an array of synchronous detectors demodulate the strength of the various frequency
signals received by the receiver electrode in question. If there are 4 transmitter frequencies
injected into the rig, then the synchronous detection of 4 in-phase and 4 quadrature components
will be performed by each board. Thus, for an 8-electrode (4 transmitters, 4 receivers)|system,
each demodulation board will produce 8 data points (synchronous detector output voltages) to
be sampled. The entire system will produce 8 x 4 = 32 data points. The entire number of
data points available from the system at one time is said to constitute a frame of data in EIT.

Clearly, the number of data points to be sampled by this system (32) is higher than the
number of available input channels in most commercial data acquisition modules (typically 16),

thus some form of multiplexing is necessary. Thus, each demodulation board is fitted with a 16-
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Figure B-1: Giannopoulos’ system block diagram.




channel multiplexer! - the 8 data points available per demodulation board are connected to the
multiplexer input channels. In order for synchronisation to be achieved between sampling the
data acquisition input channels and clocking the multiplexer address lines, a sample controller
board is necessary. In short, this board operates by using an external counter to clock the

multiplexer address lines.

B.2 Frequency generation boards

As received by the author on commencement of the project, there were 2 frequency generation
boards. Each board generated 2 different frequency signals and their quadrature (4 signals in
total). This section explains how Giannopoulos achieved this frequency generation, his docu-
mented circuit diagrams, the undocumented changes he made to the boards and the author’s

alterations.

B.2.1 Principles of operation

The way in which Gilannopoulos generated the required frequencies is illustrated in figure B-2.
Firstly, a PIC micro-controller was hard coded to cutput a time series of 8-bit digital outputs.
This time series was structured to represent a ‘choppy’ sine-wave - the actual binary numbers
output on the PIC’s port and their decimal equivalents are shown in the figure. These binary
numbers are then held using a latch-type setup of D-type flip flops, and fed in parallel to DACs
where their values are converted to analogue currents. These currents are then offset and
scaled by a transimpedance amplifier and fed to a 6-pole butterworth low-pass filter to produce
a ‘harmonically clean’ sine-wave.

Note that the figure represents one frequency being generated - and its quadrature. Thus
it represents one half of a frequency generation board. Note too that each channel (one
frequency + its quadrature) is identical, except where different crystal’s are required for different
frequencies being generated by the PICs, and where different gains are required in each opamp
stage of the butterworth filters. See [41, pp.247] for the required gains and passive component

!Even though only 8 data points need to be sampled per demodulation board, 16 channel multuplexors
were used for extendability reasons - the extra channels would be necessary if more transmitter frequencies are
introduced,
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Figure B-2: A block diagram illustrating how frequency generation is acheived on the beards
designed by Giannopoulos and used in the present system. An indication of the type of signals
present throughout the chain is given (for the in-phase component only). Note that the diagram
represents half of an actual board as it stands.
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values.

The outputs of all channels are brought together on different pins (determined by jumper
settings) of two 10-way molex type connectors on each board. The first and second two
boards are then linked together by a 10-way ribbon cable bus, such that the first two frequency
generation boards fill their 10 way bus with the signals: TxA, TxA 90, TxB, TxB_ 90, TxC,
TxC_90, TxD, TxD_90. The remaining of the 10 lines are ground. These signals then get
sent to the demodulation boards, where they are used as reference signals for the synchronous
detector networks of receivers A, B, C and D. The other two frequency generation boards are
linked in the same manner and fill their busses with the signals: TxE, TxE 90, TxF, TxF 90,
TxG, TxG_90, TxH, TxH 90. This gets sent to the other half of the demodulation boards
(previously unpopulated by Giannopoulos) for demodulation of receivers E, F, G and H.

B.2.2 A note on the shielding of cables

In Giannopoulos’ system, recall that he was interested in obtaining bimodal data (i.e. resistance
and capacitance data). Due to the tiny magnitudes of the signals involved with capacitance
data, it was necessary to bootstrap (tie cable’s shields to a buffered version of signal) any
signal carrying cables. This was due to the fact that the stray capacitance of these cables
would significantly increase the signal to noise ratio of capacitance readings obtained from the
measurement system. It is for the same reason that transmitter and receiver boards were
previously realised on separate substrates - so that these boards could be placed as close as
possible to their associated electrodes, avoiding the use of long wires.

On Giannopoulos’ boards, any necessary bootstrapping (i.e. on cables between frequency
generation boards and transmitters) was performed on the board that the signals were sent to
- the signal was buffered on the receiving board and tied to the cable’s shield.

In the author’s research, only unimodal (resistance) data is required, and hence bootstrap-
ping was deemed unnecessary. Cable shields were thus grounded on both receiving and trans-

mitting ends of cables.
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B.2.3 Undocumented changes as performed by Giannopoulos

There were 3 changes carried out on the PCBs printed from their circuit diagrams in Appendix
A, These changes involved the re-routing of signals and the addition of components onto the
boards. Due to the hardy nature of PCBs, these alterations were sometimes destructive in
nature (e.g. when tracks had to be cut or even gouged out of the substrate). The changes
Giannopoulos made were laboriously traced out and redrawn by the author - often, a reasonable
explanation as to why the changes were made could not be found. Nonetheless, the changes

are described in terms of the functionality of the circuits below:

1. Generation of offset voltages for the I-V converters:

Due to the fact that the DACs in each channel output an offset version of a ‘choppy’ sine-
wave, before low pass filtering, and during current to voltage conversion, Giannopoulos
performed level shifting of the signal. This was done by, instead of tieing the non-inverting
input of the transimpedance amplifier to ground, creating a DC offset voltage and using

this as the reference.

In his documented circuit diagrams, the generation of these offset voltages was realised
independently on each channel using a buffered voltage divider circuit. In reality, on
the physical boards, this was not the case; instead, offset voltage references were created
using an LM336 Z2.2 zener voltage reference IC - one offset reference voltage was realised
on each physical PCB. This as opposed to a reference for each channel on each board (i.e.
four per PCB). The single reference created per board was buffered and fed to all four
channels on that board. As a result, the footprints and drilled holes in each channel of
each PCB, designed to accept the previous voltage divider circuit, were left unpopulated.
Instead, the voltage reference circuit was built (in a free hand manner) and raised off
the board, using the holes designed for one of the originally intended wvoltage dividers
per PCB. The reference was then fed to all the transimpedance amplifiers’ non-inverting
input via ordinary wire underneath the boards. A circuit diagram of how these reference

voltages was created in reality appears in figure B-3.

2. Bypassing of final RC network:
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Figure B-3: A circuit diagram showing how Giannopoulos generated the offset reference voltage
used to level shift the sinusoid.

One simple, passive sub-circuit which was not implemented in PCB format, was the final
RC low pass filter of each channel. This was not really necessary as the signal has already
gene through a 6 pole butterworth filter. Thus, the output was merely fed straight from
the output of the butterworth filter to the transmitter amplifier boards.

3. Alteration of cable shield bootstrapping:

For some reason, which the author was not able to ascertain, Giannopoulos added a pull
down resistor to each of the ‘bootstrapped’ cable shields which run between the frequency
generation boards and final transmitter amplifier boards. The buffering required in
bootstrapping or guarding of these cable shields was performed on the board the signal
was being sent fo. Thus when signals injected on the electrodes was sent back to the
frequency generation boards to be placed on the 10-way reference signal bus, they were
buffered on the frequency generation boards.

The pull down resistor added by Giannopoulos was repeated by the author when pop-
ulating new boards to ensure consistency with the rest of the system. The pull down
resistor added by Giannopoulos is detailed in figure B-4.

2‘Bootstrapping’ or ‘guarding’ is the process of buffering the transmitted signal and placing the buffered
version on the cable shield.
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Figure B-4: A circuit diagram showing where Giannopoulos placed the pull down resistor.

B.2.4 Changes as performed by the author (present state of the hardware)

1. Carrying through of Giannopoulos’ changes to new boards:

As was mentioned in point 3 above, where changes were present in the boards used by
Giannopoulos, they were carried through when populating new boards. This was done to
ensure system integration and uniformity. Most of the changes Giannopoulos doctored

the boards with were improvements (nonetheless messy ones) in any case.

2. Grounding of cable shields:

Instead of bootstrapping cable shields, for reasons justified in section B.2.2, the author
decided to, more simply and conveniently, ground them. Thus, whenever a cable shield

enters a PCB in the new system, it is immediately soldered to the ground plane.

3. Replacement of transimpedance opamp:

To convert the current output of the DACs to voltages, Giannopoulos had used a standard
LM741 opamp. This opamp was upgraded to the pin equivalent LF351. The spec’s are
merely improved and should improve (although very slightly) signal fidelity.
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B.3 Transmitter and receiver boards

B.3.1 Principles of operation

The amplification hardware for injection and measurement of signals on electrodes has been
completely re-designed and built by the author for this project. The transmitter and receiver
circuits are simple modules which use little more than an opamp and few passive components
per electrode. The circuit diagrams provided in Appendix A should be sufficient to explain
their operation and functionality. Transmitters use AD797 high power, ultra-low distortion,
ultra-low noise opamps in the non-inverting mode. Receivers use LF411 low noise opamps as
transimpedance amplifiers. A dual, vanilla, low noise opamp (LF355) is used to create two
buffered versions of the main electrode signal. These are used to drive the guard electrodes.
Where point electrodes are the required electrode choice, the main drivers (AD797s) should be

used.

B.3.2 Changes from the previous boards

Although the basic circuit details remained similar to the previous amplifiers, decoupling and
voltage regulation was realised differently. Due to the fact that multiple transmitters and
receivers are built on a single substrate, the banks of capacitors previously applied across the
incoming power on each amplifier board were reduced to one. 100nF ceramic decoupling
capacitors were however placed close to power pins in the usual decoupling fashion. Further-
more, because lower currents were expected due to the smaller geometry of the rig, the receiver
amplifiers’ regulation was performed with a single 1 amp LM7812 (or LM7912 for negative volt-
ages) at the power supply circuit. The transmitters’ regulation was still implemented at each
transmitter using LM78L12/LM79L12s. Thus, an additional two mandatory output capacitors
(100uF) were added per transmitter channel as required by the regulators

As far as the amplifier circuit details are concerned, two changes were made: one to the
receiver amplifier and one to the transmitter. Giannopoulos had previously used a buffer in the
feedback loop of the receiver transimpedance amplifier to avoid opamp saturation with the high
received currents in his larger rig. Due to the scaling down of the new system, this was scrapped.

In the transmitter chain, the Zobel network placed between the previous amplification IC
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(LM1875) and the electrode was not implemented. As far as the author could ascertain,
Giannopoulos had merely put this there as it is recommended in the LM1875’s datasheet. The
LM1875, is however, designed for audio applications, which usually require a Zobel network for
stability. As no inductance is present in an EIT load this was not implemented in the author’s

gystem.

B.4 Demodulation boards

B.4.1 Principles of operation

The principles of operation of the demodulation boards have been well documented in Teague’s
Ph.D. Thesis [4]. Basically, arrays of synchronous detectors - each with their own reference
signal - are used per receiver. The number of synchronous detectors depends on the number of
signals injected and the modality of the system (i.e. resistance data or resistance & capacitance
data). The resistance between a receiver and a transmitter electrode, is then proportional to
the DC output voltage of a synchronous detector circuit with that transmitter’s signal used as
a reference. The capacitance or permittivity between the two electrodes, is proportional to a
synchronous detector’s output voltage when supplied with the amplified signal from a receiver
electrode, with that transmitter’s 90° phase shifted signal used as a reference. Hence the need
to generate, but not inject, the 90 degree phase shifted versions of signals on the frequency
generation boards.

In the case of Giannopoulos’ system, only 8 electrodes (4 transmitters and 4 receivers) were
used and hence only 8 reference signals were ever fed to the demodulation boards (TxA, TxB,
TxC, TxD and their quadratures). The way in which his demodulation boards were designed
was such that one board was intended for one receiver electrode, and the maximum number of
synchronous detectors able to be populated per board was designed to meet the requirements
of a 16-electrode, bimodeal system (i.e. 8 in-phase reference signals and 8 quadrature reference
signals). The board would then demodulate a receiver electrodes received signal, to produce
16 readings - B resistance and 8 capacitance. This is why the sample controller board’s counter
is 4-bit (i.e. 16 counts) - so that it can switch through all 16 readings per demodulator board.

Of course Giannopoulos’ system only used 4 transmitter electrodes and hence 4 receiver
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electrodes. The demodulation boards designed however, were compatible with a 16-electrode

system - thus, half of each board was left unpopulated.

B.4.2 Undocumented changes as performed by Giannopoulos

The only changes from the documented circuit diagrams performed by Giannopoulos, were the
addition of pull down resistors on the bootstrapped received signal cables, and the bypassing of
the final RC low pass filter. Similar changes had been performed on the frequency generation
boards and are documented in earlier in this appendix see figure B-4.

B.4.3 Changes as performed by the author (present state of the hardware)

The main changes were discussed in the body of this document (section 5.5.5), but are docty-
mented again here for clarity. It has been emphasised that the demodulation PCBs designed
by Giannopoulos were intended to service one electrode per board; thus, the amplified signal
from one receiver electrode would be fed to each board. Thus, one board would have an array
of 16 synchronous detectors. Each synchronous detector on the same demodulation board
would be supplied with the incoming, amplified signal received by a receiver. The reference
signals would comprise the 8 in-phase signals injected into the rig on each transmitter electrode
(resistance data), and their quadratures (capacitance data).

Because the boards designed by Giannopoules had a number of pitfalls and needed to be re-
designed in future research, the author decided to use the unpopulated half of each demodulatign
board - originally intended for the demodulation of the 4 resistance and 4 capacitance signals
which would be added with the upgrade of Giannopoulos’ system from a 4-electrode to &n
8-clectrode rig. The unpopulated half was then populated and the routing of reference signals
altered.

In the present system, one demodulation board services 2 receiver electrodes, but only
demodulates resistance data. This is done by ‘tricking’ the synchronous detectors (originally
supplied with 90° phase shifted reference signals) into receiving the additional frequencies added
with more transmitter electrodes. A diagram illustrating this concept appears in figure B-5.
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To frequency geaneration
boards A, B.C. D

To frequency genaration
boaids E,F, &, H

To frequency genaration
boards & B, C,D.E,F, 6, H

To fequency generaiion
boads A,B,C,D.E.F, G, H

Figure B-5: A block diagram illustrating the differences between Giannopoulos’ demodulation
boards, and the new (altered) boards. The large blocks represent an actual PCB demodulaticn
board as it exists in the system. The small blocks contained therein are synchronous detectors,
demodulating the incoming signal with respect to their reference signal. FEach synchronous
detector is labelled 80 as to discribe its task e.g. "TxC c¢" means that this synchronous detector
is demodulating the capacative component of the signal transmitted by transmitter C, and
received by this demodulation board’s receiver electrode.
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C.2 Kernel Ridge Regression
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krr.m

% extracted from Prof. Greene's "Neural, Fuzzy and Evolving Systems" - a copyr
se taught in the Department of Electrical Engineering, University of Cape Tgw

n, 2003.
function [yte]=krr (Xtr,ttr,sigma,gamma, Xte)

D2=dist2 (Xtr,Xtr);
K=exp (-D2/(2*sigma*2));
K=K+gamma*eye (size (K)):
alpha=K\ttr;

D2=dist2 (Xte,Xtr):
K=exp (~-D2/(2*sigma”2));
yte=K*alpha
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krrtraintest.m

% extracted from Prof. Greene's "Neural, Fuzzy and Evolving Systems" - a coypr
se taught in the Department of Electrical Engineering, University of Cape Tew

n, 2003.

function err=krrtraintest (Xtr,ttr,Xte,tte,sigma,gamma)

D2=dist2 (Xtr,Xtr):;
K=exp (~-D2/ (2*sigma”2)
K=K+gamma*eye (size (K)
alpha=K\ttr;

D2=dist2 (Xte,Xtr):
K=exp(-D2/ (2*sigma”~2));
yte=K*alpha;

err=mean( (tte-yte)."2);

F

4

)
)
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normal svd.m

function [U, S, V, Dnorm, meanD, stdD] = normal svd(D, cutoff)
Written by G Goldswain June 2004
(U, S, V, Dnorm, meanD, stdD] = normal svd(D, cutoff)

%

%

%

%

% Normalise the input data matrix and perform a singular value decomposition
% on it. The returned S matrix will have all singular values which contribué
e
%
1
%
%

less than 'cutoff'% the data's total variance zeroed. U and V are the usya

remaining svd matrices.

Dnorm is the normalised Data matrix where meanD and stdD are the columnwige
mean
% and standard deviation of D.
%$ NB to note is that this function expects the input matrix to be the trainjm

g
% data (X) concatenated with the target values (t).

$r=# of rows (instances) of the input data matrix (D)

=gize (D,1);

%c=# of columns (features + 1) of the input data matrix (D)
c=size (D, 2);

3mean/stdX is a row vector with each column containing the mean/std dev
%$0f the input matrix's columns (features)

meanD = mean (D, 1) ;

stdD = std(D);

e=ones (r,1);

%$subtract the mean and divide by the std dev of each column
Dnocrm = (D - e*meanD);

Dnorm = Dnorm ./ (e*(stdD + (stdD==0) ));

$perform a compact svd all rows and all but the last column (which is reserype
d

$for target values)

[U 8 V]=svd(Dnorm(:, l:c-1}),0);

total=trace(S);

diagS=diag(S);

for i = 1l:length(diags)
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contrib=(diagS(i)/total)*100;
if contrib < cutoff
S(i,1)=0;
end
end
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scansglOfold.m

$Written by Gareth Goldswain, June 2005.
$Used to perform a grid search for optimum tuning parameters of KRR.

function [E, sig, gam, bestsig, bestgam] =scansglOfold(X,t)
sig=[(10~~-1.5 10~-1 10~-0.5 1070 10~0.5 1071 20 1071.5 1072 1072.5 10°3];
gam=[10~-6 10~-5 10~-4 10~-3 10~-2 10~-1 1070 1071 1072 10~3];

E=[];
for s=1l:length(sig)
for g=1:length(gam)
ss=sig(s):;
gg=gam(g) ;
e=tenfoldkrr (X, t,ss,gqg);
E(s,g)=e
end
end

[r,cl=find( E==min( min(E) ) );
bestsig=sig(

r)i:
bestgam=gam(c) ;
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tenfoldkrr.m

% extracted from Prof. Greene's "Neural, Fuzzy and Evolving Systems" - a coyr
se taught in the Department of Electrical Engineering, University of Cape Tew

n, 2003.
function E=tenfoldkrr(X,t,s,qg)
D=[¥X,t]:

[r,cl=size(X):;
n=round (0.9*r) ;

Err=[];
for j—1'10
D(1: n,l c);
tl D n,c+1);

(1
Ql= (n+1 r,l:c);
yl=D(n+l:r,c+l);

err=krrtraintest (X1,t1l,Q1,v1l,s,q9):;
Err=[Err,err];

D=[[Q1;X1],[tl;y1l1];
end

E=mean (Err) ;
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DIST2.m

function n2 = dist2(x, c)
$DIST2 Calculates sqguared distance between two sets of points.
%

% Description

% D = DIST2 (X, C) takes two matrices of vectors and calculates the

% squared Euclidean distance between them. Both matrices must be of

% the same column dimension. If X has M rows and N cclumns, and C has
% L rows and N columns, then the result has M rows and L columns. The
% I, Jth entry is the sqguared distance from the Ith row of X to the

% Jth row of C.

%

% See also

% GMMACTIV, KMEANS, RBFFWD

. v

% Copyright (c) Ian T Nabney (1996-2001)

[ndata, dimx] = size(x):;

[ncentres, dimc] = size(c):

if dimx ~= dimc
error('Data dimension does not match dimension of centres')
end

n2 = (ones (ncentres, 1) * sum((x.”2)", 1))' +
ones (ndata, 1) * sum((c.”2)',1) -
2.%(x*(c'))q

% Rounding errors occasionally cause negative entries in n2
if any(any(n2<0))

n2 (n2<0) = 0;
end






C.3 Finite Element Method (and meshing algorithm)
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function [sigma, ne] = elmtprop

% written by S. Herholdt 2004.

% modified for use by G. Goldswain 2005.

%

% THIS FUNCTION IS WHERE DATA SPECIFIC TO EACH PROBLEM IS ENTERED.

% THE OTHER FUNCTIONS ARE NOT MEANT TO BE CHANGED, UNLESS THE TYPE OF PROBL

EM COMPLETELY CHANGES -

% - TIF THAT HAPPENS,NEW CASES NEED TOC BE ADDED TO THE VARIOQOUS FUNCTIONS

%

% This function returns the element properties. N (number of nodes per elemgn

t), gauss_order, no_elm

% (number of elements), no nodes (number of nodes), p, t, rxtx (boundary noge
information; see
outering.m) are all globals.

%
%
% [sigma, ne] = elmtprop
%
%

returns in ne the number of element edges per electrode. This is used byys
umnodes.m
% returns in sigma a vector containing each elements conductivity. This copd
uctivity vector is created
% in elmtprop as a homogeonous medium.

% Data for different resolution meshes has been precomputed and saved. Thig
function loads the data

% each time it is called instead of recalculating it each time. To load diff
erent mesh data, uncomment

% the desired lines of code below.

global N gauss order no_elm no _nodes p t rxtx

MATLAR uses the following convention for defining meshes:

"The matrices P, E, and T are the mesh data.
In the point matrix P, the first and second rows contain
x- and y-coordinates of the points in the mesh.

In the edge matrix E, the first and second rows contain indices

of the starting and ending point, the third and fourth rows contain
the starting and ending parameter values, the fifth row contains
the boundary segment number, and the sixth and seventh row

contain the left- and right-hand side subdomain numbers.

O OF I° P OP O°P O° IO Of Jdf P I° P

In the triangle matrix T, the first three rows contain indices to
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% the corner points, given in counter clockwise order, and the last

% row contains the subdomain number.”

%

% ~--> For this computer program, the author has added the following

% definitions to the matrices described above:

%

% In the point matrix P, the third and fourth row decribe the boundary

% conditions. The third row contains the type of boundary condition,

% "0" for no boundary condition, "1" for essential boundary conditions

% (e.g. applied voltage) and "2" for natural flux boundary conditions

% (e.g. current). The fourth row contains the wvalue of the boundary

% condition.

% {Siggy forgot to mention here that there actually exists another row in
% his p matrix - it contains the projection number}

%

% In the triangle matrix T (or element matrix), the first N rows contaip
the

% indices to the corner points (nodes), the second-last row contains the
subdomain

% number while the last row contains the value for alpha (or sigma, in fh
e case of

% conductivity.

% CURRENT EXPERIMENT IS BASED ON DATA BELOW (DATE:04 April 2005 - G.Goldswgi
n)

N=3;

% load mesh data for a mesh with "mesh_ ()" elements "ne()" elements per elegt
rode/electrode gap

% and "nr ()" rings of elements

% load c:\MSc\Matlab\MyFEM\Mesh\Mesh data\mesh 70_nel nr3
% ne=1;

% load c:\MSc\Matlab\MyFEM\Mesh\Mesh data\mesh 108 nel nr4
% ne=1;

%load c:\MSc\Matlab\MyFEM\Mesh\Mesh data\mesh_ 158 nel nr5
¥ne=1;

% load c:\MSc\Matlab\MyFEM\Mesh\Mesh data\mesh 252 ne2 nreé
% ne=2;

% load c:\MSc\Matlab\MyFEM\Mesh\Mesh_data\mesh 328 ne2 nr7
% ne=2;

% load c:\MSc\Matlab\MyFEM\Mesh\Mesh data\mesh_ 416 ne2 nrs8
% ne=2;

% load c:\MSc\Matlab\MyFEM\Mesh\Mesh data\mesh 516_ne2 nr9
% ne=2;

% load c:\MSc\Matlab\MyFEM\Mesh\Mesh_data\mesh 662 _ne3_nrl0
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% ne=3; v

% load c:\MSc\Matlab\MyFEM\Mesh\Mesh_data\mesh_328 ne2 nr7
load c:\MSc\Matlab\MyFEM\Mesh\Mesh data\mesh_ 1416 ne3 nrl5
ne=3;

% load c:\MSc\Matlab\MyFEM\Mesh\Mesh data\mesh_ 2516 _ned4 nr20
% ne=4;

$pad the t matrix's 4th row (subdomain number according to Matlab) with 0's
dummy = zeros(1l,length(t));

t={t;dummy] ;

%$add another row to t. This row contains the conductivity value for each ele
ment

cond=ones (1, length(t)):

cond=cond*0.001;

t=[t;cond];

LEAVE THE CODE BELOW UNCOMMENTED

o O° oP o

$DETERMINE NUMBER OF NODES, NUMBER OF UNKNOWNS ETC.
no_elm = size(t,2);
no_nodes = size(p,2);
if size(t,1l) == N+2
sigma = t(N+2,:);
end
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function [a_soln,F _soln, rxtx, ne] = fem(varargin)

% Written by Siggy Herholdt, 2004

% Modified for use by Gareth Goldswain, 2005

%

% [a_soln,F soln, rxtx, ne] = fem(varargin)

%

% This function is the heart of Sigg's FEM.

%

% It returns in a_soln the calculated node voltages, and in F soln the calcyl
ated node currents.

% In the case of our research group, it is the current vector (F soln) whicl
is of interest as it is currents

% that we read from the rig. Note that both a_soln and F_soln will be pby8gm
atrices, where p is the number

% of nodes in the mesh.

%

% The reason it has 8 columns is because of what Siggy called projections. I
n his case the 1lst projection

$ would be the case where transmitter electrode 1 was active. The next projgc
tion would be when transmitter

% electrode 2 was active. Each projection appears in the corresponding colpm
n number.

% In FDM it 1s the same: i.e. we treat each transmitter as if it was the only

active one - which is sort of
% the case as instead of being separated in time, it is separated in frequepc

Y.
global N gauss_order no_elm no_nodes p t rxtx

[sig, ne] = elmtprop;

$EVALUATE THE INPUT ARGUMENTS
if nargin== $ if no input arguments (standard case) then continue withowt
changing anything, i.e. break the if statement
elseif nargin==1 % if 1 input argument, it contains the values for sigma, hegn
ce update sig.

sig = varargin{:}; % This case is used for calculation of jacobian for th
e newton-raphson method.
else

error ('incorrect input arguments'); % if any other number of input argpm
ents, throw an error.
end
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if size(sig,2)~=no _elm
no_elm
error ('Either sigma is undefined or the number of entries in sigma do ngt
correspond to the number of elements')
end

if size(p,1) < 4

size(p,1)

error('No p defined or you probably forgot to define the boundary condipi
ons in the p matrix')
end

K = spalloc(no_elm*N,no_elm*N,no_elm*N);

$F is initialised below.
%a is initialised below.

% EVALUATE & ASSEMBLE GLOBAL ISOPARAMETRIC STIFFNESS MATRIX & FORCE MATRIX
% CALCULATE STIFFNESS MATRIX K

if N==
$DETERMINE K USING GAUSS INTEGRATION

[w_nk w nl eta nl neta nk] = gauss(gauss_order);
for elm = 1l:no_elm
K local = zeros(N,N);

for i = 1:N
for j = 1:N

% GAUSS INTEGRATION
for k = l:gauss_order
for 1 = l:gauss_order

[de_phi dn_phi] = d_phi(eta nl(l),neta nk(k));

jacobian_e n = jacob(elm,p,t,eta nl(l),neta nk(k)):;

inv_jacobian = inv(jacobian_e n);

[dphi_i] = inv_jacobian * [de_phi(i);dn phi(i)]; %dp
hi/dx is in row 1 and dphi/dy is in row 2

[dphi_j] = inv_jacobian * [de_phi(j);dn phi(j)]:;
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%Apply Gauss-Legendre Rules (Numerical Integration)
K local(i,j) = K_local(i,]J) + w_nk(k)*w nl(l) * sigge
lm) * (dphi_i(1)*dphi_ j (1) + dphi i(2)*dphi_j(2))*det(jacobian_e n);

end
end

end
end
% ASSEMBLE GLOBAL STIFFNESS MATRIX
place = ({(elm-1)*N}+l:elm*N;
K(place,place) = K local;

end

eglseif N==
$DETERMINE K FOR TRIANGLE ELEMENTS

for elm=1l:no_elm
K local = zeros(N,N);
% DETERMINE COORDINATES OF LOCAL NODES

for localnode = 1:N
X (localnode)=p(1l,t (localnode,elm));
y (localnode)=p (2, t (localnode,elm)};

end
% CALCULATE THE ELEMENT MATRIX leocal

area = abs ((x(2)*y(3)=-x(3) *y(2)+x(3) *y (1) =-x (L) *y (3} +x (1) *y (2)=-x(2) *p(
1))/2);

bl = y(2)-y(3);
b2 = y(3)-y(1);
b3 = y(1)y-y(2);

cl = x(3)-x(2):
c2 = x(1)=-x(3):;
c3 = x(2)-x(1);

K local(:,:) = (sig(elm) / (4*area)) .* [b1l"2+cl”2 , b2*bl+c2*cl g
b3*bl+c3*cl
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b2*bl+c2*cl , b2”2+c2”2 ; b3*b2+c3*c2
b3*bl+c3*cl , b3*b2+c3*c2 , b3"2+c3"2];

$ASSEMBLE GLOBAL MASTER MATRIX
place = ((elm-1)*N)+l:elm*N;
K(place,place) = K _local;

end

end

$DEFINE MAPPING MATRIX C - IT MAPPES THE LOCAL NODES TO THE GLOBAL NODES
C = spalloc(no_elm*N,noc nodes,no_elm*N);
i=0;
for elnum=l:no_elm
for node=1:N
i = i+1;
C(i,t{(node,elnum))=1;
end
end

$ASSEMBLE MODIFIED STIFFNESS MATRIX
Kmod = C.'*K*C;

$APPLY BOUNDARY CONDITIONS

$CREATE THE INDEX MATRICES TO BE USED FOR RE~-ARRANGING

[row_idx col_idx] = find(p==1); %find the indices of nodes where voltages gr
e applied, i.e. set to "1" (see explanation of p matrix in the file "elmtpregp
.mn)

pre_idx_all = col_idx(find(row_idx==3)); %filter out the 1l's that are in the¢
3rd row of the p matrix.
pre_idx _grnd = pre_idx_all(find(p(4,pre_idx_all)==0)); %now filter out all th

e indices of the pre_idx_all above whose nodes are zero, i.e. are grounded.
pre_idx_act = pre_idx_all (find(p(4,pre_idx_all))); %here filter out all ingi
ces of pre_idx all whose nodes are non_zero, i.e. have active voltages applie
d.

proj_idx = pre_idx_all(find(p(5,pre_idx all))); %find the columns that contgi
n a projection number in the fifth row
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no _proj = max(p(5,proj_idx)); %*number of projections

% %$FIND THE FIRST NODE THAT CAN BE USED AS A REFERENCE NODE

% remove = [pre_idx_act;pre_idx grnd];

% rmidx = [l:no nodes]'; % create a basic index matrix

$ rmidx (remove) = 0; % set all indices that are in ‘remove' to zero.
$ rmidx = rmidx(find (rmidx));

% rmnode = rmidx(1l):

%

% %SET REFERENCE NODE DIAGONAL TO 1 AND COLUMN/ROW TO 0

% Kmod (:, rmnode)=zeros(size(Kmoed,1),1);

% Kmod (rmnode, : )=zeros (l,size (Kmod, 2)):

% Kmod (rmnode, rmnode) =1;

%$SOLVE THE FEM PROBLEM FOR EACH PROJECTION (EG. FOR EACH APPLIED VOLTAGE)
for proj num = 1: no_proj

currentidx of preidxact = find(p(5,pre_idx_act)==proj num) ; %find the po
des with active voltages for each projection
pre idx = ([pre_idx_ act(currentidx of preidxact); pre_idx_grnd]; %concategn

ate the index of the node where the active voltage is applied and the grounge
d nodes

num pre = size(pre_idx,1l); %this variable contains the number of predeje
rmined nodes, i.e. the number of nodes with boundary conditions.

idx = [l:no_nodes]‘; % create a basic index matrix

idx (pre_idx) = 0; % set all indices that are in pre_ idx to zero.

idx = idx(find(idx)): % remove all zero entries from the basic index pa
trix

$INITIALISE FORCE VECTOR (CURRENT VECTOR)
F = spalloc(no_nodes, 1,num _pre);

FINITIALISE "a" VECTOR (VOLTAGE VECTOR

a = spalloc(no nodes,1l,num_pre); %initialise a, the voltage vector

a(pre_idx _act (currentidx_of preidxact)) = p(4,pre_idx act(currentidx of p
reidxact)); %write the boundary conditions into the a vector (from p matrixg L
hat describes the geometry and mesh)

$RE_ARRANGE THE MATRICES APPROPRIATELY

Kff = Kmod (idx, idx) ;

Kfp = Kmod (idx,pre idx);

Kpf = Kmod (pre_idx, idx);
(

Kpp = Kmod (pre idx,pre idx);
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end

Ff = F(idx);
Fp = F(pre_idx):;

af = a(idx):
ap a(pre_idx);

$SOLVE THE MATRIX EQUATIONS
af = Kff\ (Ff-Kfp*ap) ;
Fp = Kpf*af + Kpp*ap:

$REBUILD THE SOLUTION MATRICES
a_soln([idx;pre_idx],proj num)
F_soln([idx;pre_idx],proj num)

[af;ap];s
[FE;Fpl:;

Page 6

11:48:36
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maketraindata.m

$written by Gareth Goldswain, July 2005
function [train, sigdist] = maketraindata(bubsize, ne, nr)

$bubsize is the radius of the required bubble in terms of a percentage of the
radius of the pipe

[p, t, rxtx] = meshlé(ne, nr);

t_cent = centroids(t, p);

$create a course mesh - the centroids of this mesh's elements will be the var
ious

$bubble position centres used

[pc, tc, rxtxc] = meshlé6(l, 3);

t centc = centroids(tc, pc);

num_bub_pos=length(t_centc);

train={];:

sigdist=[];

homog = ones (1, length(t)):

homog sig = 0.00l*homog;

[uh, ih] = fem(homog sig);

Yh=sumnodes (ih, rxtx,ne);
homog_readings=[Yh(:,1);Yh(:,2);Yh(:,3);Yh(:,4);Yh(:,5);Yh(:,6);Yh(:,7);Yh(z,
8)1:

for bub_pos=l:num_bub pos
sig=homog;
centre=[t_centc(bub_pos,1l), t_centc(bub_pos,2)];
bubrad=( (bubsize+randn)/100)*(0.057/2) ;
for i=1l:length(t)
x=t_cent(i,1l);
y=t cent (i,2);
if ((x-centre(l))”2 + (y-centre(2))"2 <= bubrad”2) & (sqrt(x"2 + y*¢)
< 0.025)
sig(i)=0; %air
end
end

sigdist=[sigdist;sig];

volfrac=length(find(sig==0)) /length(sig);
sig(find(sig==0))=10e-6;
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sig(find(sig==1))=0.001;
[v,cl=fem(siqg);
Y=sumnodes (c, rxtx,ne);
readings=[Y(:,1) ;Y (:,2):Y(:,3):Y(:,4);:;Y(:,5);Y(:,6):;Y(:,7):;¥Y(:,8)]1;
diff=homog readings-readings;
train=[train; [readings’',volfrac]l];
subplot(1,2,1)
pdesurf (p,t,siqg)
subplot (1,2, 2)
plot (readings)
hold ¢on
plot (diff*20-10~~3,'g")
hold off
drawnow

end
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s sty

buildtraindata.m

$written by Gareth Goldswain, July 2005

$function [D, train 2bub, train_3bub, train 4bub, train_5bub, train_ébub, tpa
in_7bub, train_8bub, train Sbub, train_ 1l0bub] = buildtraindata (low_bubsize, 4h
igh bubsize, ne, nr)

low bubsize=0.01;

high bubsize=0.035;

ne=3;

nr=15;

D=[]:

sigdist=[];

train 2bub=[];

train 3bub=[]:;

train 4bub=[];

train Sbub={(];

train_ébub=[];

train_ 7bub=[];

train Bbub=[]:

train S9bub=[];

train_ 10bub=[];

$create the fine mesh for solving forward problem
[p, t, rxtx] = meshl6(ne, nr);
t cent = centroids(t, p):

$change the following vector according to the bubble sizes you want to traip
for

rads=linspace (low _bubsize, high bubsize,5); %bubble sizes in terms of vol §fr
ac

rads=rads.* (0.057%2);

rads=sqgrt (rads); % do this so training data has linearly spaced vol fracs
rads=rads./0.057;

rads=rads.*100;

[train, sig] = maketraindata(rads(l), 3, 15):

D=[D:;train];

sigdist=[sigdist;siqg];

[train, sig] = maketraindata(rads(2), 3, 15):

D=[D:;train]:

sigdist=[sigdist;sig]l:

[train, sig] = maketraindata(rads(3), 3, 15):

D=[D;train];

sigdist=[sigdist;sig];
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[train, sig] = maketraindata(rads(4), 3, 15);
D=[D;train];

sigdist=[sigdist;sig];

[train, sig] = maketraindata(rads(5), 3, 15):
D=[D;train]:

sigdist=[sigdist;sig];

% [train, sig] = maketraindata(rads(6), 3, 15);:
D=[D;train]:;

sigdist=[sigdist;sig];

[train, sig] = maketraindata(rads(7), 3, 15);
D=[D;train];

sigdist=[sigdist;sig]:;

[train, sig] = maketraindata(rads(8), 3, 15);
D=[D:;train]:

sigdist=[sigdist;siqg];

[train, sig] = maketraindata(rads(9), 3, 15):
D=[D;train];

sigdist=[sigdist;sig];

[train, sig] = maketraindata(rads(10), 3, 15);
D=[D;train];

sigdist=[sigdist;sig]:

00 00 P OP JdO OO OP JO Of O OPf O° OO oP

homog = ones (1, length(t)):;

homog sig = 0.001*homog;

[uh, ih] = fem(homog sig);

Yh=sumnodes (ih, rxtx, ne) ;
homog_readings=[Yh(:,1);Yh(:,2);Yh(:,3);Yh(:,4);Yh(:,5);Yh(:,6);Yh(:,7);Yh(z,
8)1:

randpickl=randperm(size(D,1));
randpick2=randperm(size(D,1));

¥make random combinations of 2 bubbles
for i = 1l:length(D)
sigl=sigdist (randpickl (i), :);
sigl=not (sigl) ;
sig2=sigdist (randpick2(i), :);
sig2=not (sig2);
new sig=or(sigl, sig2);
new_sig=not (new_sig);

volfrac=length(find(new sig== ))/length(new sig);
new_sig(find(new_sig==0))=10e-6;
new_sig(find(new sig==1))=0.001;

[new_u, new_i]=fem(new sig);
new_Y=sumnodes (new_ i, rxtx,ne);
new_readings=[new_Y(:,1);new_Y(:,2);new_Y(:,3);new_Y(:,4);new_Y(:,5) ;ney_
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Y(:,6):new Y(:,7):new Y(:,8)];
new diff=homog readings-new_readings;
train 2bub=[train_Z2bub; [new_readings',volfracl]:
subplot(1,2,1)
pdesurf(p,t,new sig)
subplot(1,2,2)
plot (new readings)
hold on
plot (new diff*20,'g’")
hold off
drawnow
end

randpickl=randperm(size(D,1)):
randpick2=randperm(size (D, 1))
randpick3=randperm(size(D,1));

$make random combinations of 3 bubbles

for 1 = l:length(D)

sigl=sigdist (randpickl (i),:):

sigl=not(sigl):

sig2=sigdist (randpick2(i), :):

sig2=not (sig2):

sig3=sigdist (randpick3 (i), :);

sig3=not (sig3)~;

new sig=or(sigl, sigz);

new sig=or(new_sig, sig3);

new_sig=not (new_sig);
volfrac=length(find (new sig==0))/length (new_sig);
new sig(find(new_sig==0))=10e-6;

new sig(find(new_sig==1))=0.001;

[new _u, new_il=fem(new_sig);
new_Y=sumnodes (new_1i, rxtx, ne);
new_readings=[new_Y(:,1);new_Y(:,Z);new_ﬁ(:,3);new_Y(:,4);new_Y(:,S);neQ;
6):new Y(:,7);new Y (:,8)];

new diff=homog_ readings-new_readings;

train 3bub=[train 3bub; [new_readings’',volfrac]]:
subplot (1,2,1)

pdesurf (p, t,new_sig)

subplot(1,2,2)

plot (new readings)

hold on

plot (new diff*20,'g"')

hold off

drawnow

<



O:\buildtraindata.m Page 4
20 July 2005 08:44:57

end

randpickl=randperm(size (D,
randpick2=randperm(size (D,
randpick3=randperm(size (D,
randpickd4=randperm(size (D,

-
14
®
14

7

0
7

1
1
1
1

)
)
)
)

$make random combinations of 4 bubbles
for i = 1l:length(D)
sigl=sigdist (randpickl (i), :):
sigl=not (sigl);
sig2=sigdist (randpick2 (i), :):
sig2=not (sig2) ;
sig3=sigdist (randpick3 (i), :);
sig3=not (sig3):
sig4=sigdist (randpick4 (i), :);:
sigd=not (sig4);
new sig=or(sigl, sig2);
new_sig=or (new_sig, sig3);
new sig=or (new sig, sigd);
new_sig=not (new _sig);
volfrac=length(find(new_sig==0))/length(new sig);
new_sig(find(new sig==0))=10e-6;
new_sig(find(new sig==1))=0.001;
[new_u, new_il=fem(new sig):;
new_Y=sumnodes (new i, rxtx,ne);
new_readings=[new_Y(:,1);new_Y(:,Z);new_Y(:,3);new_Y(:,4);new_Y(:,S);ney;
Y(:,6)new_Y(:,7);new Y(:,8)];
new_diff=homog readings-new readings;
train_4bub=[train 4bub; [new_readings', volfrac]];
subplot (1,2,1)
pdesurf(p,t,new_sig)
subplot (1,2, 2)
plot (new readings)
hold on
plot (new diff*20,'g")
hold off
drawnow
end

randpickl=randperm(size (D, 1))

randpickZ2=randperm(size(D, 1)) ;

randpick3=randperm(size(D,1));
1))
1))

L4

4

randpickd4=randperm(size (D,
randpick5=randperm(size (D,

4

$make random combinations of 5 bubbles
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for i = 1l:length(D)
sigl=sigdist (randpickl (i), :):
sigl=not (sigl);
sig2=sigdist (randpick2 (i), :):
sig2=not (sig2);
sig3=sigdist (randpick3(i),:);
sig3=not (sig3):
sigd4=sigdist (randpick4 (i), :):
sigd4=not (sig4);
sigS=sigdist (randpick5(i), :);:
sig5=not (sig5):
new_sig=or(sigl,
new_sig=or (new_sig,
new_sig=or(new_sig, sigd):;
new sig=or(new_sig, sigb);
new_sig=not (new_sig);
volfrac=length(find (new_sig==0))/length(new_sig);
new sig(find(new_sig==0))=10e-6;
new_sig(find(new_sig==1))=0.001;
[new u, new_i]=fem(new_sig);
new_Y=sumnodes (new_i, rxtx,ne);
new_readings=[new_Y(:,1);new_Y(:
Y(:,6);new_Y(:,7);new_Y(:,8)];
new diff=homog readings-new_readings;
train_Sbub=[train_Sbub ;[new_readings',volfrac]];
subplot(1,2,1)
pdesurf (p,t,new_sig)
subplot (1,2, 2)
plot (new_readings)
hold on
plot (new_diff*20,'g")
hold off
drawnow
end

sig2);
sig3);

s2)inew_Y(:,3)

randpickl=randperm(size
randpick2=randperm(size (
randpick3=randperm(size (
( (
(s (D

D,
D,
D
randpick4=randperm(size (D
randpickS=randperm(size
randplck6—randperm(s1ze(D,1)
$make random combinations of 6 bubbles
for i = l:length(D)
sigl=sigdist (randpickl (i), :):
sigl=not (sigl);
sig2=sigdist (randpick2(i), :):

4

;jnew _Y(:,

4) ;new_Y(:,5) ;ney_
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sig2=not (sig2);
sig3=sigdist (randpick3(1i),:):
sig3=not (sig3):;
sig4=sigdist (randpick4 (i), :):;
sigd=not (sig4):
sigS5=sigdist (randpick5(i), :):
sigS5=not (sighb);
sig6=sigdist (randpické6(i), :):
sig6=not (sigb);
new_ sig=or(sigl, sig2);
new sig=or (new_sig, sig3):
new sig=or(new_sig, sig4);
new_sig=or(new_sig, sig5);
new _sig=or (new_sig, sig6):;
new_sig=not (new_sig);
volfrac=length(find(new_sig==0))/length(new_sig):
new _sig(find(new_sig==0))=10e-6;
new_sig(find(new _sig==1))=0.001;
[new_u, new_il=fem(new_sig);
new_Y=sumnodes (new_i, rxtx,ne);
new_readings=[new Y (:,1);new Y(:,2);new _Y(:,3)inew Y(:,4);new Y(:,5);ney_

Y(:,6);new Y(:,7);new Y(:,8)];
new_diff=homog readings-new readings;
train 6bub=[train ébub ;[new_readings',volfrac]];
subplot (1,2,1)
pdesurf (p,t,new_sig)
subplot (1,2,2)
plot (new readings)
hold on
plot (new diff*20,'g")
hold off
drawnow

end

4

randpickl=randperm(size(D,1));
randpick2=randperm(size(D, 1))
randpick3=randperm(size(D,1));
randpickd4=randperm(size(D,1));
randpick5=randperm(size (D, 1)) ;
randpické=randperm(size (D, 1)) ;
randpick7=randperm(size(D,1));
%make random combinations of 7 bubbles
for i = 1:1length(D)

sigl=sigdist (randpickl(i),:);

sigl=not(sigl):

sig2=sigdist (randpick2 (i), :);
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krr.m

% extracted from Prof. Greene's "Neural, Fuzzy and Evolving Systems" - a coyr
se taught in the Department of Electrical Engineering, University of Cape Tew
n, 2003.

function [ytel=krr(Xtr,ttr,sigma, gamma,Xte)

D2=dist2 (Xtr,Xtr);
K=exp (~-D2/(2*sigma~2));
K=K+gamma*eye (size (K) )
alpha=K\ttr;
D2=dist2 (Xte, Xtr):
K=exp (~D2/ (2*sigma”2));
yte=K*alpha
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krrtraintest.m

% extracted from Prof. Greene's "Neural, Fuzzy and Evolving Systems" - a copr
se taught in the Department of Electrical Engineering, University of Cape Tew
n, 2003.

function err=krrtraintest (Xtr,ttr,Xte,tte,sigma, gamma)

D2=dist2 (Xtr, Xtr);
K=exp (~D2/ (2*sigma~2));
K=K+gamma*eye (size (K) ),
alpha=K\ttr;
D2=dist2 (Xte, Xtr) ;
K=exp (-D2/(2*sigma"2));
yte=K*alpha;
err=mean ( (tte-yte).”2);
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normal svd.m

function [U, S, V, Dnorm, meanD, stdD] = normal svd(D, cutoff)

% Written by G Goldswain June 2004

%

% [U, S, V, Dnorm, meanD, stdD] = normal_svd(D, cutoff)

%

% Normalise the input data matrix and perform a singular value decomposition
% on it. The returned S matrix will have all singular values which contribypt
e

% less than 'cutoff'% the data's total variance zerced. U and V are the usya
1

% remaining svd matrices.

% Dnorm is the normalised Data matrix where meanD and stdD are the columnwige

mean
% and standard deviation of D.
% NB to note is that this function expects the input matrix to be the trainjim

g
% data (X) concatenated with the target values (t).

$r=# of rows (instances) of the input data matrix (D)
r=size(D,1);

$c=# of columns (features + 1) of the input data matrix (D)
c=size (D, 2):

$mean/stdX is a row vector with each column containing the mean/std dev
$of the input matrix's columns (features)

meanD = mean(D,1):

stdD = std(D);

e=cnes(r,1);

$subtract the mean and divide by the std dev of each column
Dnorm = (D - e*meanD)

Dnorm = Dnorm ./ (e*(stdD + (stdD==0) )):

$perform a compact svd all rows and all but the last column (which is reserype
d

$for target values)

[U 8 V]=svd(Dnorm(:, 1l:c~1),0);

total=trace(S);

diagS=diag(8S);

for 1 1:1length(diags)
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contrib=(diagS (i) /total)*100;
if contrib < cutoff

S(i,i)=0;

end ‘
end
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scansgl0fold.m

$Written by Gareth Goldswain, June 2005,
$Used to perform a grid search for optimum tuning parameters of KRR.

functiecn [E, sig, gam, bestsig, bestgam] =scansglOfecld(X,t)
sig=[10~~1.5 10~-1 10~-0.5 1070 1070.5 10”1 20 1071.5 1072 1072.5 1073];
gam=[10~-6 10~-5 10~~-4 10~-3 10*-2 107-1 1070 1071 1072 10~3];

E=[];
for s=1l:1length(sig)
for g=1:length(gam)
ss=81g(s);

gg=gam(g) ;
e=tenfoldkrr(X, t,ss,gqg):;
E(s,qg)=e
end
end
[r,cl=find( E==min( min(E) ) );

bestsig=sig(r):
bestgam=gam(c) ;
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tenfoldkrr.m

% extracted from Prof. Greene's "Neural, Fuzzy and Evolving Systems" - a copr
se taught in the Department of Electrical Engineering, University of Cape Tew
n, 2003.

function E=tenfoldkrr{X,t,s,q)

D=[X,t];
[r,cl=size(X):
n=round (0. 9*r) ;
Err=[];

for 3=1:10
X1l=D(1l:n,1l:c):
tl=D{(1l:n,c+l)};
Ql=D(n+l:r,1:c);
yl=D(n+l:r,c+l);

err=krrtraintest(X1,t1l,Q1,vy1l,s,qg);
Err=[Err,err]:;

D=[[Q1;X1],[t1l;y1]]:
end

E=mean (Err) ;
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DISTZ.m

function n2 = dist2(x, c)
$DIST2 Calculates squared distance between two sets of points.

%

% Description

% D = DIST2(X, C) takes two matrices of vectors and calculates the

% squared Euclidean distance between them. Both matrices must be of

% the same column dimension. If X has M rows and N columns, and C has
% L rows and N columns, then the result has M rows and L columns. The
% I, Jth entry is the squared distance from the Ith row of X to the

% Jth row of C.

%

% See also

% GMMACTIV, KMEANS, RBFEWD

%

% Copyright (c) Ian T Nabney (1996-2001)

[ndata, dimx] = size(x):;
[ncentres, dimc] = size(c);
if dimx ~= dimc
error ('Data dimension does not match dimension of centres')
end

n2 = (ones(ncentres, 1) * sum((x.72)', 1))"' +
ones (ndata, 1) * sum((c.”2)',1) - ...
2.%(x*(c')):

% Rounding errors occasionally cause negative entries in n2
if any(any(n2<0))

n2 (n2<0) = 0;
end






C.3 Finite Element Method (and meshing algorithm)
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function [sigma, ne] = elmtprop

% written by S. Herholdt 2004.

% modified for use by G. Goldswain 2005.

%

% THIS FUNCTION IS WHERE DATA SPECIFIC TO EACH PROBLEM IS ENTERED.

% THE OTHER FUNCTIONS ARE NOT MEANT TO BE CHANGED, UNLESS THE TYPE OF PROBL

EM COMPLETELY CHANGES -

% - IF THAT HAPPENS,NEW CASES NEED TC BE ADDED TO THE VARIOUS FUNCTIONS

%

% This function returns the element properties. N (number of nodes per elemgn

t), gauss_order, no_elm

% (number of elements), no nodes (number of nodes), p, t, rxtx (boundary noge
information; see

% outering.m) are all globals.

%

% [sigma, ne] = elmtprop

%

% returns in ne the number ¢f element edges per electrode. This is used byys

umnodes.m

% returns in sigma a vector containing each elements conductivity. This copd

uctivity vector is created

% in elmtprop as a homogeonous medium.

% Data for different resolution meshes has been precomputed and saved. Thig
function loads the data

% each time it is called instead of recalculating it each time. To load diff
erent mesh data, uncomment

% the desired lines of code below.

global N gauss _order no_elm no_nodes p t rxtx

MATLAB uses the following convention for defining meshes:

"The matrices P, E, and T are the mesh data.
In the point matrix P, the first and second rows contain
x- and y-coordinates of the points in the mesh.

In the edge matrix E, the first and second rows contain indices

of the starting and ending point, the third and fourth rows contain
the starting and ending parameter values, the fifth row contains
the boundary segment number, and the sixth and seventh row

contain the left- and right-hand side subdomain numbers.

O O O O O O O P O° OF O A oP

In the triangle matrix T, the first three rows contain indices to
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the corner points, given in counter clockwise order, and the last

e

$ row contains the subdomain number."

%

$ --> For this computer program, the author has added the following

% definitions to the matrices described above:

%

% In the point matrix P, the third and fourth row decribe the boundary

% conditions. The third row contains the type of boundary condition,

% "0" for no boundary condition, "1" for essential boundary conditions

% (e.g. applied voltage) and "2" for natural flux boundary conditions

% (e.g. current). The fourth row contains the value of the boundar

% condition.

% {Siggy forgot to mention here that there actually exists another row in
% his p matrix - it contains the projection number}

%

% In the triangle matrix T (or element matrix), the first N rows contaip
the

% indices to the corner points (nodes), the second-last row containsg theg
subdomain

% number while the last row contains the value for alpha (or sigma, in h
e case of

% conductivity.

% CURRENT EXPERIMENT IS BASED ON DATA BELOW (DATE:04 April 2005 - G.Goldswai
n)

N=3;

% load mesh data for a mesh with "mesh ()" elements "ne ()" elements per elegt
rode/electrode gap

% and "nr ()" rings of elements

% load c:\MSc\Matlab\MyFEM\Mesh\Mesh data\mesh 70 nel nr3
% ne=l;

% load c:\MSc\Matlab\MyFEM\Mesh\Mesh data\mesh 108 nel nr4
% ne=1;

tload c:\MSc\Matlab\MyFEM\Mesh\Mesh data\mesh 158 nel nr5
$ne=1;

load c:\MSc\Matlab\MyFEM\Mesh\Mesh data\mesh 252 ne2 nré
ne=2;

load c:\MSc\Matlab\MyFEM\Mesh\Mesh data\mesh 328 ne2 nr7
ne=2;

load c:\MSc\Matlab\MyFEM\Mesh\Mesh_data\mesh 416 ne2 nr8
ne=2;

load c:\MSc\Matlab\MyFEM\Mesh\Mesh data\mesh 516 ne2 nr9
ne=2;

load c:\MSc\Matlab\MyFEM\Mesh\Mesh data\mesh 662 ne3 nrl0

of Of OP OF O OP dP dP of
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% ne=3;

% load c:\MSc\Matlab\MyFEM\Mesh\Mesh data\mesh 328 ne2 nr7
load c:\MSc\Matlab\MyFEM\Mesh\Mesh data\mesh 1416 ne3 nril5
ne=3;

% load c:\MSc\Matlab\MyFEM\Mesh\Mesh data\mesh 2516 _ne4 nr20
% ne=4;

$pad the t matrix's 4th row (subdomain number according to Matlab) with O's
dummy = zeros(l,length(t)):

t=[t;dummy];

$add another row to t. This row contains the conductivity value for each e}e
ment

cond=ones (1, length(t) )

cond=cond*0.001;

t=[t;cond];

LEAVE THE CODE BELOW UNCOMMENTED

9 oP o I

$DETERMINE NUMBER OF NODES, NUMBER OF UNKNOWNS ETC.
no_elm = size(t,2);
no nodes = size(p,2):
if size(t,1l) == N+2
sigma = t(N+2,:);
end
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function [a_soln,F_soln, rxtx, ne] = fem(varargin)

Written by Siggy Herholdt, 2004
Modified for use by Gareth Goldswain, 2005

[a_soln,F soln, rxtx, ne] = fem(varargin)

%

%

%

%

%

% This function is the heart of Sigg's FEM.

%

% It returns in a_soln the calculated node voltages, and in F _soln the calcyl

ated node currents.

% In the case of our research group, it is the current vector (F soln) whicl

is of interest as it is currents

% that we read from the rig. Note that both a_soln and F_soln will be pby8gm

atrices, where p is the number

$ of nodes in the mesh.

%

$ The reason it has 8 columns is because of what Siggy called projections. ,I

n his case the 1lst projection

$ would be the case where transmitter electrode 1 was active. The next projgc

tion would be when transmitter

$ electrode 2 was active. Each projection appears in the corresponding colym

n number.

$ In FDM it is the same: i1.e. we treat each transmitter as 1f it was the on}ly
active one - which is sort of

% the case as instead of being separated in time, it is separated in frequepc

y.
global N gauss_order no_elm no nodes p t rxtx

[sig, ne] = elmtprop;

$EVALUATE THE INPUT ARGUMENTS
if nargin==0 $ if no input arguments (standard case) then continue withopt
changing anything, i.e. break the if statement
elseif nargin==1 % if 1 input argument, it contains the values for sigma, hgn
ce update sig.

sig = varargin{:}; % This case is used for calculation of jacobian for h
e newton-raphson method.
else

error ('incorrect input arguments'); % 1f any other number of input argpm
ents, throw an error.
end
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if size(sig,2)~=no_elm
no_elm
error ('Either sigma is undefined or the number of entries in sigma do ngt
correspond to the number of elements')
end

if size(p,1) < 4
size(p,1)
error('No p defined or you probably forgot to define the boundary condid
ons in the p matrix')
end
K = spalloc(no_elm*N,no_elm*N,no_elm*N);

$F is initialised below.
%$a is initialised below.

% EVALUATE & ASSEMBLE GLOBAL ISOPARAMETRIC STIFFNESS MATRIX & FORCE MATRIX
% CALCULATE STIFFNESS MATRIX K

if N==
$DETERMINE K USING GAUSS INTEGRATION

[w_nk w_nl eta_nl neta nk] = gauss(gauss order);
for elm = 1:no_elm

K local

zeros (N, N) ;

for i = 1:N
for j = 1:N

% GAUSS INTEGRATION
for k = l:gauss order
for 1 = l:gauss_order

[de phi dn_phi] = d phi(eta _nl(1l),neta nk(k));

jacobian_e n = jacob(elm,p,t,eta _nl(l),neta nk(k));

inv_jacobian = inv(jacobian_e n);

[dphi_i] = inv_jacobian * [de phi(i);dn phi(i)]; $%¢gp
hi/dx is in row 1 and dphi/dy is in row 2

[dphi_j] = inv_jacobian * [de_phi(j);dn phi(j)]:
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$Apply Gauss-Legendre Rules (Numerical Integration)
K local(i,j) = K local(i,j) + w_nk(k)*w_nl(l) * sigje
lm) * (dphi i(1)*dphi j (1) + dphi_i(2)*dphi_Jj(2))*det (jacobian_e_n);

end
end
end
end
% ASSEMBLE GLOBAL STIFFNESS MATRIX
place = ((elm-1)*N)+1l:elm*N;
K(place,place) = K local;
end
elseif N==

$DETERMINE K FOR TRIANGLE ELEMENTS

for elm=1:no_elm
K local = zeros(N,N);
$ DETERMINE COORDINATES OF LOCAL NODES

for localnode = 1:N
x (localnode)=p(1l,t (localnode,elm));
y(localnode)=p(2,t(localnode,elm)) ;
end

% CALCULATE THE ELEMENT MATRIX K local

area = abs ((x(2)*y(3)-x(3)*y(2)+x(3) *y (1) -x (1) *y (3)+x (1) *y (2)-x(2) *p(
1))y/2);

bl = y(2)-y(3);
b2 = y(3)-y(1);
b3 = y(1)-y(2);

cl = x(3)-x(2);
c2 = x(1)Y-x(3);
c3 = x(2)~-x(1):

K local(:,:) = (sig(elm) / (4*area)) .* [bl"2+cl"2 , b2*bl+c2*cl g
b3*bl+c3*cl
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b2*bl+c2*cl , b272+c2"2 , b3*b2+c3*c2
b3*bl+c3*cl , b3*b2+c3*c2 , b3"2+c372]:;

3ASSEMBLE GLOBAL MASTER MATRIX
place = {({elm~1)*N)+l:elm*N;
K(place,place) = K local;

end

end

$DEFINE MAPPING MATRIX C - IT MAPPES THE LOCAL NODES TO THE GLOBAL NODES
C = spalloc(no_elm*N,no_nodes,no_elm*N) ;
i=0;
for elnum=1l:no_elm
for node=1:N
i = i+1;
C(i,t(node,elnum))=1;
end
end

%ASSEMBLE MODIFIED STIFFNESS MATRIX
Kmod = C.'*K*C;

3APPLY BOUNDARY CONDITIONS

%CREATE THE INDEX MATRICES TO BE USED FOR RE-ARRANGING

[row_idx col_idx] = find(p==1); %find the indices of nodes where voltages r
e applied, i.e. set to "1" (see explanation of p matrix in the file "elmtprgp
.m")

pre_idx_all = col idx(find(row idx==3)); %filter out the 1's that are in the
3rd row of the p matrix.

pre_idx_grnd = pre_idx_all(find(p(4,pre_idx_all)==0)); %$now filter out all th
e indices of the pre_idx_all above whose nodes are zero, i.e. are grounded.
pre_idx_act = pre_idx_all(find(p(4,pre_idx all))); %here filter out all ingd
ces of pre idx_all whose nodes are non_zero, i.e. have active voltages applje
d.

proj_idx = pre_idx_all(find(p(5,pre_idx all))); %find the columns that contgi
n a projection number in the fifth row
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no_proj = max(p(5,proj_idx)); %number of projections

$ %FIND THE FIRST NCODE THAT CAN BE USED AS A REFERENCE NODE
% remove = [pre_idx act;pre_idx_grnd]:;

% rmidx = [l:no_nodes]'; % create a basic index matrix

% rmidx(remove) = 0; % set all indices that are in 'remcove' to zero.
% rmidx = rmidx(find(rmidx)):

$ rmnode = rmidx(1):;

%

% %SET REFERENCE NODE DIAGONAL TC 1 AND COLUMN/ROW TO O

% Kmod(:, rmnode) =zeros (size(Kmod,1),1):;

% Kmod (rmnode, :)=zeros(1l,size (Kmod, 2));

% Knod (rmnode, rmnode) =1;

$SOLVE THE FEM PROBLEM FOR EACH PROJECTION (EG. FOR EACH APPLIED VOLTAGE)
for proj_num = 1: no_proj

currentidx of preidxact = find(p(5,pre_idx_act)==proj_num) ; %find the po
des with active voltages for each projection

pre idx = [pre_idx_act(currentidx_of preidxact); pre_idx_grnd]; %concategn
ate the index of the node where the active voltage is applied and the dgrounge
d nodes

num pre = size(pre_idx,1); %this variable contains the number of predeje
rmined nodes;, i.e. the number of nodes with boundary conditions.

idx = [l:no nodes]'; % create a basic index matrix

idx (pre_idx) = 0; % set all indices that are in pre idx to zero.

idx = idx(find(idx)): % remove all zero entries from the basic index gpa
trix

$INITIALISE FORCE VECTOR (CURRENT VECTOR)
F = spalloc(no_nodes, 1l,num pre);

$INITIALISE "a" VECTOR (VOLTAGE VECTOR

a = spalloc(no nodes,1l,num pre); %$initialise a, the voltage vector

a(pre_idx act(currentidx of preidxact)) = p(4,pre_idx_act(currentidx of p
reidxact)); %write the boundary conditions into the a vector (from p matrixgt
hat describes the gecmetry and mesh)

%RE_ARRANGE THE MATRICES APPROPRIATELY
Kff = Kmod(idx,idx):

Kfp = Kmod({idx,pre_idx):

Kpf Kmod (pre_idx, idx);

Kpp = Kmod({pre_ idx,pre_idx);
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Ff = F(idx);
Fp F(pre_idx);

af = a(idx):;
ap = a(pre_idx):

%SOLVE THE MATRIX EQUATIONS
af = KEf£\ (Ff-Kfp*ap):
Fp = Kpf*af + Kpp*ap:;

$REBUILD THE SOLUTION MATRICES
a_soln([idx;pre_idx],proj_num)
F_soln([idx;pre_idx],procj_num)

[af;ap]:
[Ff;Fpl;



C.4 Simulated training data
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maketraindata.m

$written by Gareth Goldswain, July 2005
function [train, sigdist] = maketraindata(bubsize, ne, nr)

$bubsize is the radius of the required bubble in terms of a percentage of the
radius of the pipe

[p, t, rxtx] = meshlé(ne, nr);

t cent = centroids(t, p);

$create a course mesh - the centroids of this mesh's elements will be the vgr
ious

$bubble position centres used

[pc, tc, rxtxc] = meshlé(l, 5);

t _centc = centroids(tc, pc);

num_bub pos=length(t_centc);

train=[];

sigdist=[]s

homog = ones (1, length(t));

homog_sig = 0.001*homog;

[uh, ih] = fem(homog sig);

Yh=sumncdes (ih, rxtx, ne) ;
homog_readings=[Yh(:,1);Yh(:,2);Yh(:,3);Yh(:,4);Yh(:,5);Yh(:,6);Yh(:,7);Yh(z,
8)1;

for bub pos=1l:num_bub pos
sig=homog;
centre=[t centc(bub _pos,1l), t_centc(bub_pos,2)];
bubrad= ( (bubsize+randn) /100) *(0.057/2) ;
for i=1l:length(t)
x=t cent(i,1);
y=t cent (i, 2);
if ((x-centre(l))”2 + (y-centre(2))"2 <= bubrad”2) & (sqrt(x"2 + y*@
< 0.025)
sig(i)=0; %air
end
end

sigdist=[sigdist;sig];

volfrac=length(find (sig==0)) /length(sig);
sig(find(sig==0))=10e-6;
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sig(find(sig==1))=0.001;
[v,c]l=fem(siqg);
Y=sumnodes (c, rxtx, ne) ;
readings=[Y(:, 1) Y (:,2):Y(:,3) Y (:,4):Y(:,5):Y(:,6);:Y(:,7):Y(:,8)]:
diff=homog_readings-readings;
train=[train; [readings',volfrac]l];
subplot(1,2,1)
pdesurf (p, t,siqg)
subplot(1,2,2)
plot (readings)
hold on
plot (diff*20~10~-3,'g")
hold off
drawnow

end



O:\buildtraindata.m Page 1
20 July 2005 08:44:57

buildtraindata.m

$written by Gareth Goldswain, July 2005

$function [D, train 2bub, train_3bub, train_ 4bub, train Sbub, train 6bub, tpa
in_7bub, train_8bub, train 9%bub, train_10bub] = buildtraindata(low_bubsize, s
igh bubsize, ne, nr)

low_bubsize=0.01;

high bubsize=0.035;

ne=3;

nr=15;

D=[1;

sigdist=[];

train_2bub=[(];

train_3bub=[];

train_4bub=[];

train_Sbub=[];

train ébub=[];

train_7bub=[];

train_8bub=[];

train Sbub=[];

train_ 10bub=[];

$create the fine mesh for solving forward problem
[p, t, rxtx] = meshl6(ne, nr);
t_cent = centroids(t, p);

$change the following vector according to the bubble sizes you want to traip
for

rads=linspace (low bubsize, high bubsize,5); %bubble sizes in terms of vol fr
ac

rads=rads.* (0.057"2);

rads=sqrt(rads); % do this so training data has linearly spaced vol fracs
rads=rads./0.057; ‘

rads=rads.*100;

[train, sig] = maketraindata(rads(1l), 3, 15);

D=[D;train];

sigdist=[sigdist;sigl;

[train, sig] = maketraindata(rads(2), 3, 15):

D=[D;train];

sigdist=[sigdist;sig]:

[train, sig] = maketraindata(rads(3), 3, 15):

D=[D;train]:

sigdist=[sigdist;sig]l:
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[train, sig] = maketraindata(rads(4), 3, 15):
D=[D:trainl:

sigdist=[sigdist;sig]:;

[train, sig] = maketraindata(rads(5), 3, 15):
D=[D;train]:

sigdist=[sigdist;sig];

[train, sig] = maketraindata(rads(6), 3, 15):
D=[D;train]:

sigdist=[sigdist;sig];

[train, sig] = maketraindata(rads(7), 3, 15):
D=[D;train];

sigdist=[sigdist;:sig]l:

[train, sig] = maketraindata(rads(8), 3, 15);
D=[D;trainl];

sigdist=[sigdist;sig]:;

[train, sig] = maketraindata(rads(9), 3, 15);:
D=[D;train]:

sigdist=[sigdist;sig];

[train, sig] = maketraindata(rads(10), 3, 15);
D=[D;train];

sigdist=[sigdist;sig]:;

dC P P IO I OO P IO O N O O P O o

homog = ones(1l,length(t)):;

homog_sig = 0.001*homog;

[uh, ih] = fem(homog_sig):

Yh=sumnodes (ih, rxtx, ne) ;
homog_readings=[Yh(:,1);Yh(:,2);Yh(:,3);Yh(:,4);Yh(:,5);Yh(:,6);Yh(:,7);Yh(g,
8)1:

randpickl=randperm(size(D,1)):
randpick2=randperm(size(D,1));

$make random combinations of 2 bubbles
for i = 1:length(D)
sigl=sigdist (randpickl (i), :):
sigl=not (sigl);
sig2=sigdist (randpick2 (i), :):
sig2=not (sig2);
new_sig=or(sigl, sig2):;
new_sig=not (new_sig):;
volfrac=length(find (new_sig==0))/length(new sig):
new_sig(find(new sig==0))=10e-6;
new_sig(find(new_sig==1))=0.001;
[new_u, new i]=fem(new sig);
new_ Y=sumnodes (new i, rxtx,ne);
new_readings=[new_Y(:,1);new_Y(:,2);new_Y(:,3):new_Y(:,4);new_Y(:,5):ney

!
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Y(:,6);new Y(:,7);new_Y(:,8)];
new diff=homog readings-new_readings;
train 2bub=[train_Z2bub; [new_readings',6volfrac]]:;
subplot(1,2,1)
pdesurf (p, t,new_sig)
subplot(1l,2,2)
plot (new_ readings)
hold on
plot (new diff*20,'g")
hold off
drawnow
end

randpickl=randperm(size(D,1));
randpick2=randperm(size(D,1));
randpick3=randperm(size(D,1));

$make random combinations of 3 bubbles
for 1 = 1:length(D)
sigl=sigdist (randpickl(i),:):
sigl=not (sigl);
sig2=sigdist (randpick2(i), :);
sig2=not (sig2);
sig3=sigdist (randpick3(i),:);
sig3=not (sig3);
new sig=or(sigl, sig2):;
new sig=or(new_sig, sig3);
new_sig=not (new_sig);

volfrac=length(find (new_sig==0)) /length(new_sig);
new_sig(find(new_sig==0))=10e-6;
new sig(find(new_sig==1))=0.001;

[new_u, new i]=fem(new_sig);

new_ Y=sumnodes (new_i, rxtx,ne);

new readings=[new_Y(:,1);new _Y(:,2)snew_Y(:,3);new_Y(:,4);new_Y(:,5) ;ney_
Y(:,6):new Y(:,7);new Y(:,8)];

new diff=homog readings-new_readings;

train 3bub=[train_3bub; [new_readings',volfrac]];

subplot(1,2,1)

pdesurf (p, t,new_sigqg)

subplot(1,2,2)

plot (new_readings)

hold o©n

plot (new_diff*20,'qg")

hold off

drawnow
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end

randpickl=randperm(size(D,1));

randpick2=randperm(size(D,1)):;
))
))

14

randpick3=randperm(size (D, 1
randpické4=randperm(size(D,1

14

*make random combinations of 4 bubbles
for i = 1l:length(D)
sigl=sigdist (randpickl (i), :);
sigl=not (sigl);
sig2=sigdist (randpick2 (i), :):
sig2=not (sig2);
sig3=sigdist (randpick3(i),:):
sig3=not (sig3);
sig4=sigdist (randpickd (i), :);:
sigé4=not (sig4);
new_sig=or(sigl, sig2);
new_sig=or(new sig, sig3);
new_sig=or(new_sig, sig4);
new_sig=not (new_sig);

volfrac=length(find(new sig== )) /length(new_sig);
new_sig(find(new_sig==0))=10e-6;
new_sig(find(new sig==1))=0.001;

[new_u, new_il=fem(new sig);
new_Y=sumnodes (new_1i, rxtx, ne);
new_readings=[new_Y(:,1);neme(:,Z);new_Y(:,B);new_Y(:,4);new_Y(:,S);ne@;
6);new _Y(:,7);new Y(:,8)];

new_diff=homog readings-new readings;
train_4bub=[train_d4bub; [new_readings',6volfrac]];
subplot (1,2,1)

pdesurf (p,t,new_sig)

subplot (1,2, 2)

plot (new readings)

hold on

plot (new diff*20,'g"')

hold off

drawnow

end

Y(:

£

randpickl=randperm(size (D, 1))

randpick2=randperm(size (D, 1)) ;

randpick3=randperm(size (D, 1))
))
))

14

randpickd4=randperm(size (D, 1
randpickb=randperm(size (D, 1

L4

$make random combinations of 5 bubbles
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e
for i = 1l:length(D)

sigl=sigdist (randpickl (i}, :);
sigl=not(sigl);
sig2=sigdist (randpick2 (i), :):
sig2=not (sig2);
sig3=sigdist (randpick3 (i), :);
sig3=not (sig3);
sigd=sigdist (randpick4 (i), :);
sigd=not (sigd):
sigb5=sigdist (randpick5(1i), :):
sig5=not (sigd);
new_sig=or(sigl, sig2):
new_sig=or(new_sig, sig3):
new_sig=or(new_sig, sigd);
new sig=or(new_sig, sigd);
new_sig=not (new_sig);
volfrac=length(find (new_sig==0))/length(new_sig):
new _sig(find(new_sig==0))=10e-6;
new sig(find(new_sig==1))=0.001;
[new u, new_i]=fem(new_sig);
new_Y=sumnodes (new_i, rxtx,ne);
new_readings=[new_Y(:,l);new_Y(:,2);new_Y(:,B);nequ(:,4);newﬂY(:,S);new;

Y(:,6);new Y(:,7);new_Y(:,8)];
new_diff=homog_readings-new_readings;
train Sbub=[train_5bub ;[new_readings',volfrac]];
subplot(1,2,1)
pdesurf (p, t,new_siqg)
subplot(1,2,2)
plot(new_readings)
hold on
plot (new diff*20,'qg")
hold off
drawnow

end

randpickl=randperm(size (
randpick2=randperm(size (
randpick3=randperm(size (
randpick4=randperm(size (
randpickS5=randperm(size (
randpické=randperm(size (
$make random combinations o
for 1 = 1l:length(D)

sigl=sigdist (randpickl (i), :):

sigl=not (sigl);

sig2=sigdist (randpick2(i), :);
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end

randpickl=randperm(size(D, 1)
randpickZ2=randperm(size (D, 1)
randpick3=randperm(size (D, 1)
randpick4=randperm(size (D, 1)
randpickS5=randperm(size(D, 1)
randpické=randperm(size(D, 1)
randpick7=randperm(size (D, 1)
$make random combinations of

&
-

sig2=not (sig2);

sig3=sigdist (randpick3(i),:):
sig3=not (sig3);

sigd=sigdist (randpick4 (i), :):
sigd=not (sig4);

sigS5=sigdist (randpick5(i), :):
sig5=not (sig5);

sig6=sigdist (randpick6(i), :);
sigé=not (sigé) ;
new_sig=or(sigl, sig2);
new_sig=or(new_sig, sig3);:
new_sig=or(new_sig, sigd):
new_sig=or(new_sig, sig5)
new_sig=or(new _sig, sigé6);
new_sig=not (new_sig);

®
’

volfrac=length(find(new_sig==0))/length(new_sig);
new_sig(find(new_sig==0))=10e-6;
new_sig(find(new sig==1))=0.001;

[(new_u, new_i]=fem(new sig);
new_Y=sumnodes (new_i, rxtx,ne);

new_readings=[new_Y(:,l);new_Y(:,Z);new_Y(:,3);new“Y(:

6);new Y(:,7);new Y(:,8)];
new_diff=homog readings-new readings;
train_ébub=[train_6bub ;[new readings',volfrac]l]:
subplot (1,2,1)

pdesurf (p,t,new_sig)

subplot (1,2,2)

plot (new_readings)

hold on

plot (new diff*20,'g")

hold off

drawnow

) i
);
)i
) :
);
)7
)7

r

7 bubbles

for i = 1l:1length(D)

sigl=sigdist (randpickl (i), :):;
sigl=not (sigl):
sig2=sigdist (randpick2(i), :):

Page €
08:44:57

,4);new_Y(:,5);ney;
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sig2=not (sig2):

sig3=sigdist (randpick3(i),:);

sig3=not (sig3):;

sigd=sigdist (randpick4 (i), :):

sigd=not (sig4);

sig5=sigdist (randpick5(1i), :);

sigS5=not (sigb);

sig6=sigdist (randpick6 (i), :):

sig6=not (sigb) ;

sig7=sigdist (randpick7 (i), :):

sig7=not (sig7);

new sig=or(sigl, sig2);

new _sig=or(new_sig, sig3);

new sig=or (new_sig, sig4)

new sig=or(new_sig, sigd);
)
)

new sig=or (new_sig, sigé6):;
new sig=or(new_sig, sig7
new_sig=not (new_sig);
volfrac=length(find(new sig==0))/length(new_sig);
new_sig(find(new_sig==0))=10e-6;
new sig(find(new_sig==1))=0.001;
[new u, new_i]=fem(new_sig);
new Y=sumnodes (new_i, rxtx,ne);
new_readings=[new_Y(:,1);new_Y(:,2);newa(:,3);newa(:,4);new_Y(:,5);new;
Y(:,6);new Y(:,7);new_Y(:,8)1];
new diff=homog readings-new_readings;
train 7bub=[train_7bub ;[new_readings’,volfracl];
subplot(1l,2,1)
pdesurf (p,t,new_sig)
subplot(l,2,2)
plot (new_readings)
hold on
plot (new diff*20,'g")
hold off
drawnow
end

L

randpickl=randperm(size (
randpick2=randperm(size
randpick3=randperm(size (
randpickd=randperm(size (

( (
(
(

F

F

L

F

randpickS5=randperm(size
randpické=randperm(size (
randpick7=randperm(size(D,1
randpick8=randperm(size(D,1
$make random combinations o

1
1
r 1
1
1
1 -

F

F

))
))
))
))
))
))
))
))
f

8 bubbles
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for 1 = l:length(D)
sigl=sigdist (randpickl(i),:):
sigl=not (sigl);
sig2=sigdist (randpick2(i), :);
sig2=not (sig2);
sig3=sigdist (randpick3(i),:);
sig3=not (sig3):;
sigd=sigdist (randpick4 (i), :);
sigd=not (sig4):;
sigb=sigdist (randpick5(i), :);
sig5=not (sigh);
sig6=sigdist (randpické6(i), :):
sigé=not (sig6);
sig7=sigdist (randpick7 (i), :):
sig7=not (sig7);
sig8=sigdist (randpick8(i), :);
sig8=not (sig8);
new_sig=or(sigl, sig2);
new_sig=or(new _sig, sig3);
new_sig=or (new_sig, sigd);
new_sig=or(new_sig, sig5);
new_sig=or (new_sig, sigé):
new_sig=or(new_sig, sig7);
new_sig=or (new_sig, sig8);
new_sig=not (new_sig);
volfrac=length(find (new_sig==0)) /length(new _sig);
new_sig(find(new_sig==0))=10e-6;
new_sig(find(new sig==1))=0.001;
[new_u, new_i]=fem(new_sig):
new_Y=sumnodes (new_1i,rxtx,ne);
new_readings=[new_Y(:,1);neme(:,2);new_Y(:,3);new_Y(:,4);neme(:,S);new;
Y(:,6);new_Y(:,7);new Y(:,8)];
new_diff=homog_readings-new readings;
train 8bub=[train 8bub ;[new_readings',6volfrac]];
subplot(1,2,1)
pdesurf (p, t, new_sig)
subplot (1,2, 2)
plot (new_readings)
hold on
plot (new diff*20,'qg’")
hold off
drawnow
end

randpickl=randperm(size(D,1));
randpick2=randperm(size(D,1));
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randpick3=randperm(size(D, 1))
randpickd4=randperm(size(D, 1))
randpickS5=randperm(size(D, 1))
randpické=randperm(size(D,1));
randpick7=randperm(size (D, 1))
randpick8=randperm(size(D,1))
randpick9=randperm(size (D, 1))

$make random combinations of 8 bubbles
for i = 1l:length(D)
sigl=sigdist (randpickl (i), :):
sigl=not (sigl);
sig2=sigdist (randpick2 (1), :):
sig2=not (sig2):
sig3=sigdist (randpick3(i),:);
sig3=not (sig3);
sigd=sigdist (randpick4 (i), :):
sigd=not (sigd):
sig5=sigdist (randpick5(i), :);
sig5=not (sigb);
sig6=sigdist (randpick6 (i), :):
sigé=not (sigb6);
sig7=sigdist (randpick7 (i), :);
sig7=not (sig7);
sig8=sigdist (randpick8(i), :);
sig8=not (sig8);
sig9=sigdist (randpick9(i), :):
sig9=not (sig9);
new sig=or(sigl, sig2);
new sig=or (new_sig, sig3);
new_sig=or(new_sig, sig4)
new_sig=or(new_sig, sig5);
new sig=or(new_sig, sigé6);
new _sig=or (new_sig, sig7):
new sig=or (new_sig, sig8)
new sig=or(new_sig, sig9);
new_sig=not (new_sig);
volfrac=length(find(new sig==0))/length(new_sig);
new_sig(find(new_sig==0))=10e-6;
new_sig(find(new_sig==1))=0.001;
[new u, new_il=fem(new_sig);
new Y=sumnodes (new_i, rxtx,ne);
new readings=[new_Y(:,1);new_Y(:,2);new_Y(:,3);new_Y(:,4);new_Y(:,5);ney_
Y(:,6):new Y(:,7);new_Y(:,8)];
new_diff=homog readings-new_readings;
train 9bub=[train 9bub ;[new_readings',volfrac]];

P e B
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subplot(1,2,1)
pdesurf (p, t,new_siq)
subplot (1,2,2)
plot (new_readings)
hold on
plot(new diff*20,'g")
heold off
drawnow

end

randpickl=randperm(size(D,1));
randpick2=randperm(size(D,1));
randpick3=randperm(size (D, 1)) :
randpickd=randperm{size(D,1));
randpickS=randperm(size(D,1));
randpické=randperm(size(D,1));
randpick7=randperm(size (D, 1));
randpick8=randperm(size (D, 1)) ;
randpick9=randperm(size(D, 1)) ;
randpicklO=randperm(size (D, 1)) :
%make random combinations of 8 bubbles
for i = 1l:length (D)

sigl=sigdist (randpickl (i), :);

sigl=not (sigl):

sig2=sigdist (randpick2(i), :):

sig2=not (sig2) ;

sig3=sigdist (randpick3(i),:):

sig3=not (sig3);

sigd=sigdist (randpickd4 (i), :);

sig4=not (sig4);

sigS=sigdist (randpick5(i), :);

sigb5=not (sig5);

sigé=sigdist (randpické6 (i), :);

sigé=not (sig6) ;

sig7=sigdist (randpick7 (i), :):

sig7=not (sig7);

sigB8=sigdist (randpick8(1i), :);

sig8=not (sig8);

sig9=sigdist (randpick9(i), :):

sig9=not (sig9);

siglO=sigdist (randpickl10 (i), :):

sig9=not (sigl0) ;

new_sig=or(sigl, sig2);

new_sig=or (new_sig, sig3);

new_sig=or(new _sig, sig4);

new_sig=or (new_sig, sig5);
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new_sig=or(new_sig, sig6);

new_sig=or(new_sig, sig7);

new sig=or(new_sig, sig8);

new sig=or(new _sig, sig9);

new sig=or(new sig, sigl0);

new_ sig=not (new_sig);

volfrac=length (find(new sig==0))/length(new_sig);
new sig(find(new_sig==0))=10e-6;

new sig(find(new_sig==1))=0.001;

[new _u, new_i]l=fem(new_sig);
new_Y=sumnodes (new_1i, rxtx,ne);

new readings=[new _Y(:,1);new Y (:,2);new_Y(:,3);new_Y(:,4);new_Y(:,3);ney_
6);new Y(:,7);new_Y(:,8)];

new_diff=homog readings-new_readings;

train 10bub=[train 10bub ; [new_readings',6 volfrac]]:
subplot(1,2,1)

pdesurf (p,t,new_sig)

subplot (1,2, 2)

plot (new readings)

hold on

plot (new diff*20,'qg")

hold off

drawnow

Y (:

B

end
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ANALOG
DEVICES

Ultralow Distortion,
Ultralow Noise Op Amp

AD797*

FEATURES
Low Noise

0.8 nV/VHz typ (1.2 nVAHz max) Input Voltage

Noise at 1 kHz

50 nV p-p Input Voltage Noise, 0.1 Mz to 10 Hz
Low Distortion

~120 dB Total Harmonic Distortion at 20 kHz
Excelient AC Characteristics

8¢5 ns Seitling Time to 16 Bits (10 V Step)

110 MHz Gain Bandwidth (G = 1000)

8 MHz Bandwidth (G = 10)

280 kHz Full Power Bandwidth at 20 V p-p

20 VWus Slew Rate
Excellent DC Precision

80 pV max input Offset Yoltage

1.8 pN/7C Vg5 Drift
Specified for =5 V and 15 V Power Supplies
High Dutput Drive Current of 50 mA

APPLICATIONS

Professional Audio Preamplifiers

IR, CCD, and Sonar Imaging Systems
Spectrum Analyzers

Ultrasound Preamplifiers

Seismic Detactors

T A ADC/DAC Buffers

PRODUCT DESCRIPTION

The AD797 is a very low nolse, low distortion operatienal

amplifier ideal for use as a preamplifier. The low noise of

0.9 nVAHz and low total harmonic distortion of 120 dB at
audio bandwidths give the AD797 the wide dynamic range
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BIPUT VOLTAGE MOISE ~ nW/V bix

)]
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FREQUENCY ~Ha

AD787 Voltage Noise Speciral Density
*Patent pending.,

REV.C

information fumished by Analog Devices is believed to be scourate and
reiiabie. However, no responsiblity is assumed by Analog Devices for its
use, nor for any infringements of patents or other rights of third parties
which may resuit from its usa, No license is granted by implication or
otherwise under any patent or patertt rights of Analog Devices.
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CONNECTION DIAGRAM

8-Pin Plastic Mini-DIP (N),
Cerdip (Q) and SOIC (R) Packages

DECOMPENSATION &
DR TORTION

Furthermore, the AD797’s excellent slew rate of 20 Yius and
110 MHz gain bandwidth make it highly suitable for low fre-
quency ultrasound applications.

The ADT97 is also useful in IR and Sonar Imaging applications
where the widest dynamic range Is necessary. The low dl:Stor—
tion and 16-bit setthing time of the ADT97 make it ideal for
buffering the inputs to £A ADCs or the outputs of high resolu-
tlon [DACs especlally when they are used in critical applications
such as selsmic detection and spectrum analyzers. Key features
such as a 50 mA output current drive and the specified power
supply voltage range of 5 to £15 voits make the AD797 an
excellent general purpose amplifier.
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necessary for preamps in microphones and mixing ;anors,
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Ona Technology Way, P.0. Box 5168, Norwood, MA 02062-8108, U.S.A.
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AD797—SPEC| F ICATIONS (@71, = +25°C and Vg = =15 V de, unless otherwise noted)

ADTETA/S! AD79TB Max | Unit
nits
Model Conditions Vs Min  Typ Max Min Typ Max
25 80 10 40 (W
INPUT OFFSET VOLTAGE $5V. 215V 0 125180 30 60 | pv
T (0 Thonx £5V,£15V 02 L0 02 08 |wvrc
Offset Voltage Drift :
£5V,+15V 025 1.5 025 09 |pA
INPUT BIAS CURRENT : 05 3.0 025 2.0 | pA
Ton 0 Tox = 80 200 | nA
15V 100 400
INPUT OFFSET CURRENT 5V, ¢
Tyumy to Trinx 120 600/700 120 300 |nA
OPEN-LOOP GAIN Vour =110V 15V 20 2 20 ViV
Rioap = 2 ki 1 ViV
1 8 2 10 W
T to Tumax ViuVv
- 1 15 2 15 b
Ryioap = 6002
T, to Thax 1 ] 2 7 Vi
@ 20 kHZ 14000 20000 14000 20000 VvV
DYNAMIC PERFORMANCE MH
Galn Bandwidth Product G = 1000 £15V 110 ; ég L
G = 1000 115V 450 8 MHz
-3dB Bandwidth G=10 v t15V 8
Vo =20V p-p.
Full Power Bandwldth RSOAD o Ilsz 15V 280 280 KHz
Stew Rate Rpoap = 1 k2 +15V 125 20 125 20 - Vips
Settling Time to 0.0015% 10V Step t15V 800 1200 800 1200 ns
COMMON-MODE REJECTION Vew = CMVR +5V,115V | 114 130 120 130 dB
Tam to Thax 110 120 114 120 dB
POWER SUPPLY REJECTION Vs=15Vto+18V 114 130 120 130 dB
T to Thax 110 120 114 120 dB
INPUT VOLTAGE NOISE f=0 1Hzto 10Hz +15V 50 50 nV pp
= 10Hz 15V 1.7 L7 25 | nVNHz
f=1kHz 15V 09 12 0.9 1.2 |naVhHz
f=10Hz-1 MHz t15V 1.0 1.3 10 1.2 | pVrms
INPUT CURRENT NOISE f=1kHz 15V 2.0 2.0 pANHzZ
INPUT COMMON-MODE t15V +11 +12 11 #12 \Y
VOLTAGE RANGE 5V 25 13 +25 13 \Y
OUTPUT VOLTAGE SWING Rioap = 2 k2 t15V 12 13 12 13 Y
Rioap = 6000 t15V t11 +13 11 +13 \Y
Rioap = 6000 5V t25 3 125 13 \Y
Short-Circuit Current 5V, 115V 80 80 mA
Output Current? 5V, 215V | 30 50 30 50 mA
TOTAL HARMONIC DISTORTION | Rpoap = 1ki2, Cy =50pF | £15V -98  -90 -98 -90 |dB
f=250kHz, 3V rms
Rioap = 1 k2 t15V -120 -110 -120 -110]| dB
f=20kHz, 3V rms
INPUT CHARACTERISTICS
Input Resistance (Differential) 7.5 7.5 kQ
Input Resistance {Common Mode) 100 100 MO
Input Capacitance (Differential)® 20 20 pF
Input Capacitance {Common Mode) 5 5 pF
OUTPUT RESISTANCE Av=+1, f=1kHz 3 3 mQ
. POWER SUPPLY
Operating Range 15 118 15 118 | V
Quiescent Current 5V, 15V 82 105 82 105 | mA
NOTES

!See standard military drawing for 883B specifications.

S pecified using external decompensation capacitor, see Applications section,

3Fuli Power Bandwidth = Stew Rate/2 & Vpgax.
4Output Current for |Vs - Vour] >4 V, A >

200 kQ.

SDifferential input capacitance consists of 1.5 pF package capacitance and 18.5 pF from the input differential pair.

Specifications subject to change without notice,

D

REV.C



LF411 Low Offset, Low Drift

General Description

Thess devices are low cost, high speed, JFET input opera-
tional amplifiers with very low input offget voitage and guar-
antesd input offset vollage drift. They require low supply
current yat maintain a large gain bandwidth product and fast
siew rate. in addition, weil matched high voitage JFET input
devices provide very low input bias and offset currents. The
LF411 is pin compatibie with the standard LM741 aflowing
designers to immadiately upgrade the overail performance
of sxisting designs.

These ampiifiers may be usad in appiications such as high
speed integrators, fast D/A converters, sample and hold
circuits and many other circuits requiring low input offset
voliage and drift, low input bias cument, high input imped-
ance, high siew rate and wide bandwidth.

&National Semiconductor

JFET Input Operational Amplifier

February 1885
Features
8 internally rimmed offset voltage 0.5 mv{max)
2 input offsst voltage drift 10 pV/*C{max)
@ Low input blas cument 50 pA
® Low input nolse current 0.01 pArfHz
B Wide gain bandwidth 3 MHz{min)
@ High slew rate 10V /ps{min)
@8 Low supply cument 18 mA
m High input impedance 10120
@ Low totai harmonic distortion Ay =10, <0.02%

Ry =10k, V=20 Vp-p, BW =20 Hz—20 kHz

B Low 1/f noise corner 50 Hz
@ Fast setiling ime to 0.01% 2 pus

Typlcal Connection
LF411XYZ

" or "N

{3
~VEE

TL/H/8685~1

Simpiified Schematlc

o :

INTERBALLY

HTERRALLY TRIBSED

TRIMED

Vg O

BLFET M g o

of Mationsd O

Ordering Information

indicates slectrical grade

Y indicates temperaturs range
“#” for miiitary
*C" for commercial

Z indicates package type

Cennection Diagrams
Metal Can Package

Y-
Top View
Hote: Pin 4 connected to case.
Order Number LF411ACH
or LF411MH/883"
See NS Package Number HOBA

TL/H/ 58658

Dusl-in-Line Package

Nt

BALAHEE
Wyt . jD_L - vt
TP o GOTRUT

L BALARCE

Yo

4
Y

TL/H /88687
Top View
Order Number LF411ACH,
LE411CH or LP41104/883"°
Soee NS Package Number

/58555 NOBE or JOBA

*Available per JM38510/ 11804

©1983 Mulbonel Semiconducior Corporation TL/H/5885
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Absolute Maximum Ratings

it Milltary/Aerospace speciiied devices are required, H Package N Package
pissse contact the MNational Semiconductor Sales Power Dissipation
Office/Mstributors for avallablilty and specifications. {Notes 2 and 8) 670 mW 670 mW
{Note &) Tymax 150°C 18°C
LF411A LF411 BA 162°C/W (Still Airy 120°C/W
Supply Yoliage taazv 8V 65°C/W (400 LF/min
Differential input Voltage +38vV + 30V Air Fiow)
input Voltage Range L 20°C/W
{Note 1) tiav 15V Operating Temp.
Output Short Circuit Range {Note 3) {Note 3)
Duration Continuous ~ Continuous Storage Temp.
Range —~65°C<TaA%180°C ~65°C£Ta<150°C
Lead Temp.
{Soidering, 10 sec.) 280°C 260°C
ESD Tolerance Rating to be determined.
DC Electrical Characteristics pote 9
Symbol Perameter Conditions LF4TIA LFét Unite
Min| Typ Max| Min A Typ Max
Vos Input Offsst Voltage | Flg=10 kN, T4 =25°C 0.3 05 0.8 20 mV
AVps/AT | Average TC of Input | Rg=10 kil {Note 5) 20 .
Offast Voltage T 7 | nowe sy | FYC
ins input Oftset Cument | Vg= £ 15V Tj=25°C 25 100 25 100 pA
(Notes 4, 8) Tj=70°C 2 2 | nA
1= 125*C 25 25 nA
ia input Bias Current Vg= 15V Tj=25°C 50 | 200 50 200 pA
{Notes 4,6) Tj=70C 4 4 nA
Tj=125°C 50 50 nA
Rin tnput Resistance Tj=25°C 1p12 1012 n
AyoL Large Signa! Voltage | Yg= £ 15V, Vo= 110V,
Gain Ay = 2K, Tp=25°C 50 | 200 25 | 200 v/my
Over Temperature 25 200 15 200 V/my
Vo Output Voltage Swing | Vg= £ 15V, R =10k +12] £13.5 t12) £135 v
Yeum tnput Common-Mode 18| +19.5 11 ] +14.5 v
Voltage Range ~16.5 115 v
CMRR Common-Mode Rg<10k
Rejection Ratio 80 100 70 100 dB
PSAR Supply Yoltage {Note 7)
Fejection Ratio 80 100 70 100 d8
Is Supply Current 18 | 28 1.8 3.4 mA
AC Electrical Characteristics wow g
Symbol Parameter Conditions LFavIA LRt Unite
Win | Typ | Max | Min | Typ | Max
SR Slew Rate Vg= 15V, Ta=25C 10 15 ] 15 V/us
GBW Gain-Bandwidth Product Vg= £ 15V, To= 25°C 3 4 2.7 4 MHz
8p Equivalent Input Noise Voltage | Ta=25"C, Rg=100{1, 25 25 A FiE
f=1 kHz
In Equivalent Input Noise Current | Ta=25°C, =1 kHz 0.01 0.01 pAN Hz






