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SYNOPSIS iii

The classification of variables into the at /e categories is important in the analysis of the
reconciliation results, gross error detectic and in the analysis and design of measurement
structures. The presence of unobservable variables causes the results obtained for the
unmeasured variables to be nonunique. Nonredundant measurements pass through the
reconciliation procedure unadjusted. Statistical tests that are based on the reconciled
adjustment cannot be applied to nonredundant measurements. Gross errors can therefore exist

undetected in nonredundant measurements.

The objective of this dissertation is to identify certain extensions that can be applied to data
reconciliation and gross error detection schemes. Imbedded in the data reconciliation
procedure is the measurement variance matrix. The measurement variances are usually
assumed as arbitrary percentages of the me ured values. It was found that the reconciliation
procedure can be sensitive to specific variances. The sensitivity of the reconciliation
procedure to a pair of measurements of the same size and hence variance, but in different
positions in a network, was investigated. It was found that the reconciliation procedure can
be more sensitive to one variance than the her. Using differential sensitivities it is possible
to rank the measurement variances in ord:  of their effect on the reconciliation procedure.
It is thus possible to identify which measurement variances need a high degree of accuracy

and which may be roughly estimated.

The success of gross error detection schemes depends heavily on the measurement structure
upon which they operate. If measurc ient structures contain many nonredundant
measurements poor gross error detection results can be expected. Two algorithms; the Global
Search Algorithm (GSA) and the Local Search Algorithm (LSA), have been developed to
synthesise good measurement structures. 7 e GSA performs an exhaustive search and may
(in large problems) not reach a solution in an acceptable time. However, the GSA solution
is guaranteed to be the globally optimal measurement structure constrained by variable
classification specifications. The user may classify any variable as measured or unmeasured;
and any measured variable as redundant, nonredundant or with a specified degree of
redundancy; and ' unmeasured variable: observable or unobservable. The LSA,a h
not guaranteed to find the global optimum, returns good local solutions in a fraction of the

time needed for the GSA. It has been shown that multiple applications of the LSA, with
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NOMENCLATURE Xiii

) variance of the residuals y - x°

Ly  covariance matrix for Win dynar c systems

T7gr  global test statistic

T vector describing changing process conditions

¢, simultaneous data reconciliation and gross error detection objective function
®, matrix of balance constraints at time instant &£ in dynamic systems

¥(x) nonlinear constraints equations
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CHAPTER 1: INTRODUCTION 4

The objectives of this project are therefore:

L To review data reconciliation ar gross error detection strategies presented in the

literature.

[ To evaluate the sensitivity of the reconciliation procedure to the measurement

variances.

[ To investigate the development of an algorithm for measurement structure synthesis
that would provide ‘good’ measurement structures upon which data reconciliation and

gross error detection can readily be performed.

[ To investigate the use of Gen c¢ Algorithms as a replacement for the serial

elimination search algorithms in ; Jss error detection.
[ To apply the techniques develope in an industrial case study.
The dissertation is organized as follows:

Chapter 2 contains a review of the different data reconciliation and gross error detection

fi " inthe i ature.

Chapter 3 investigates the sensitivity of the reconciliation procedure to the measurement

covariance matrix.

Chapter 4 contains the development of measurement structure synthesis algorithms. The
Global Search Algorithm and the Local :arch Algorithm are presented. The effectiveness

of these algorithms is tested using two literature examples.

Chapter 5 applies Genetic Algorithms to gross error detection as a replacement for the serial
elimination techniques. Two different test statistics are used in the Genetic Algorithm to

search for gross errors, namely the glot test statistic and the recursive method for gross
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error detection.

Chapter 6 contains the results from an industrial case study in which data reconciliation,
gross error detection, a sensitivity analysis, variable classification and measurement structure

synthesis were performed on a nonlinear system.
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G
Figure 2.1 Example flow network
Balance equations are performed around each node:
NODE 1: Xa +Xg+ X -%X =0
NODE 2: Xg~Xc =0
NODE 3: Xc~Xp-%xg =0
NODE 4. Xg-Xg-X%X; =0
giving the incidence matrix H.
(11 1 0 1
AN 01 -1 0 0 O
00 1 -1-10 O
00 0 1 -1 -1 2.2
x = :xA Xg Xo Xp Xp Xp Xg ]T

The solution is obtained by using Lagrange multipliers. In matrix notation the new problem,

involving Lagrange multipliers ( A ), can be rewritten as follows:

Min_ (y - x)"27%(y - x) + ATHx
2.3
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Equation (2.3) is then differentiated wi  respect to x and A and the stationary points are

found by setting the resulting differentials equal to zero and solving simultaneously for x and

A

2.4

where ¥ = a diagonal matrix with elements ( ¢/ 2 )
H = the matrix ( 4, ) of mass ¢ 1 energy balances

x = the vector ( x; ) of adjusted measurements

the vector ( A, ) of Lagrange multipliers

the vector ( 2y / 0 ) of tra formed measurements

Rather than solving Eq. (2.4) by the direct approach, requiring the inversion of the left most
matrix in Eq. (2.4), Kuehn and Davidso (1961) recommend the following solution as being

more computationally efficient:

A = (HZHT)'Hy
x* =y - BHTA 2.5

The above formulation applies only to 1ear balance equations such as material balances.
Nonlinear balances occur with the inclusion of heat balances, or when more than one species

is present where concentrations together with the total stream flow rate are measured.

Problems involving nonlinear balance equations can be solved by applying the Newton-
Raphson method for finding the roots f simultaneous equations. Following the method
outlined in Kuehn and Davidson (1961), one replaces the solution of Eq. (2.4) with the

following:
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A similar approach was presented by Mah er al. (1976) to manage the presence of
unmeasured variables. Their formulatio of the objective function is similar to the above
approaches, but the balance equations are formulated as two incidence matrices: H, and H,

corresponding to the measured and unmeasured streams respectively.
Min, (y - 9TZ 7y - x)
Subject to
Hx + Hu =0

2.12

These researchers developed their data reconciliation theory based on the following two
graph-theoretic results.

1) Reconciliation with missing measurements can be decomposed into two disjointed
problems: reconciliation on a graph which is formed by pairwise aggregation of
the nodes linked by arcs of w 1easured flows, and the estimation of unmeasured
flows in the tree arcs of the process graph.

2) Missing flow measurements can be determined uniquely if and only if the

unmeasured arcs form an acyclic graph (i.e. trees).

The first leads to a reduction of the dimension of the computational problem. When two arcs

a ' 4t to tl P l, but all in al linl (ar

between them are removed from consid ation. The second result pinpoints the unmeasured

streams whose flow rates can and cann« be uniquely determined.
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CARCYA N

Ru}

0
= rAlRu | QIRIZ]

B, - Ok, 2.43

B, = O\R,,

-1
~ B, = B|R;|R,,

B, is linearly dependent on the remaind¢ of the B matrix, B,, if a row of R,;'R,, has one

or more nonzero elements.

A similar approach, using sparse LU decomposition, is used by Albuquerque and Biegler

(1995) to evaluate observability in dynamic systems.

2.3.2. Redundancy

By definition, a nonredundant variat = becomes unobservable upon deletion of the
corresponding measurement. It follows that the column representing a nonredundant
measured variable in C is zero. This becomes apparent when one takes a closer look at the

"¢ omposition of B.
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against tabulated values of x?, at a given significance level to check for the presence of gross
errors (Reilly and Carpani, 1963; Almasy and Sztano, 1975; Madron et al., 1977). The
shortcoming of the global test is that it does not give an indication of which measurement
contains a gross error. Nevertheless, the global test can still be used together with a serial
elimination technique to identify an error free set of measurements. In serial elimination
techniques measured variables are removed from the measurement set and the statistical tests
applied to the reduced data set. This pro dure eventually returns a set of measurements that
pass the global test and which could be « nsidered to be free of any gross errors. The serial
elimination technique using the global test is computationally intensive and has been
surpassed by the measurement test as a method for detecting gross errors. However, the
global test without any serial elimination techniques is still a good test of the measurement
set under consideration. For completeness, an example of a global test serial elimination
technique is presented (Rosenberg ez al., 1987). Three sets are used in the serial elimination.
Let S be the set of all measured stream flows, L be a temporary set which contains the
measurements being deleted in a particular step, and F be the current set of measurements

suspected of containing gross errors.
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When a serial elimination scheme is af ied for identifying the source of gross errors, one
may meet the following phenomenon. After a measurement has been deleted, its value is
determined as a parameter of the m: iematical model. If the calculated values differ

1 antly from the measurement values, then reservations about the measurements in
question may be raised. In most cases a priori information is available about the maximum
possible error that may occur during that measurement. For example, accumulation in a
storage tank must be more than zero and less than the tank capacity. The presence of gross
errors corrupts the results of the data reconciliation and may cause unrealistic gross errors
to be incorrectly reported in certain measurements. Continuing the above example, if the
estimated gross error is larger that the t:  k capacity, then this measurement may be removed
from suspicion because the estimated size of the gross error is physically impossible. The

above outlined considerations are the sis for a new method of identifying gross errors

(Madron, 1985). The procedure can be divided into four steps:

1) The maximum value of a gross error, which cannot physically be exceeded by an
actually occurring gross erre  is assessed for each of the measured quantities.
This value is denoted b, ..

2) Based on the value of the test criterion J,,;, and §, the magnitude of the respective
gross errors corresponding to J, ., are estimated for the individual measurements,

| & |-

3) From the measurement set, a subset exists for which the following holds.

|b,"| > b,

,max

2.62

In this way a subset of suspect measurements are removed, which are not
considered sources of gross errors since the estimate of their gross errors is greater
than the assumed value b, ..

4) Now the set of measurements suspected as sources of a gross error is found as the
difference between the set of suspect measurements assessed by conventional

methods and the set of meas -ements satisfying the inequality above.
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2.4.4. Generalized likelihood ratio (GLR)

The GLR method is based on the likelihood ratio statistical test and provides a general

framework for identifying any type of gross errors that can be modelled (Narasimhan and
ah 1987). The GLR approach was developed by Willsky and Jones (1974) to identify

abrupt failures in dynamic systems.

The serial elimination strategies proposed (Searth and Heenan, 1986; Rosenberg, 1985)
exploit the association of a gross error with a measurement, but are not applicable to gross
errors that are not directly associated ith measurements such as leaks, since the serial
elimination strategy assumes that only 1 : eliminated measurements are corrupted by gross

CITOTIS.

Narasimhan and Mah (1987) propose 1 alternative strategy which incorporates a serial
compensation of gross errors. In this str. gy the gross errors are identified and compensated
for (using an estimation of the gross € >rs’ magnitude) before attempting to identify any
more. The serial compensation strategy can be used to identify multiple gross errors of any
type. They show serial compensation to be computationally more efficient than serial

elimination.

Process Model

The steady state model of a chemical p1 ess in absence of gross errors can be described by

Yy =Xx+E€
Hx =0
2.63
where y = (n x 1) vector of measurement errors
x = (n x 1) vector of true values for the measurements
e = (n x 1) vector of measure ent errors - normally distributed, zero mean with

known covariance X

H = (z x n) matrix of constraints (Mass / Energy Balances)
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Measurement Bias Model

The model for a bias of unknown magnitude in measurement i is given by

y =x +¢€ + be,

2.64
where b = unknown measurement bias
e; = vector with unity in positic i, and zero elsewhere
Process Leak Model
The presence of a leak affects the balance constraints
Hx - bej =0
2.65

Equation (2.65) represents a mass flow :ak in process unit j of unknown magnitude b. For
physical leaks the value of b is allowed to have nonnegative values. Any negative values are

interpreted as a reflection of unsteady state behaviour.

The GLR Method
It is assumed that one gross error is present. The balance residuals are

r, = Hy
2.66

Since r, is a linear transformation of y it has a multivariate normal distribution. Therefore,
if gross errors are present due to bias ¢ process leaks, the mathematical expectation of the

residuals equals:

E(r,) = bf;

He, for bias in measurement i
where f, = 2.67

e for leak from node j
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2.4.4.2. The unbounded GLR method

In this method proposed by Narasimhan and Harikumar (1993b), gross error detection using
the GLR test is performed. After all e suspected gross errors have been detected and
compensated for, the bounded data reconciliation problem is solved using a quadratic
programming algorithm. The fundame; ly different idea is that it is possible to perform
gross error detection prior to data reco: iliation using the GLR test. The test is efficient in
the sense that data reconciliation is performed only once at the final step. In this method the
bounds on process variables have no effect on the performance of the gross error detection,

hence this test is named the unbounded GLR (UGLR) method.

2.4.4.3. The bounded GLR method

This method proposed by Narasimh: and Harikumar (1993b) makes use of bound
information on the values of the process variables in gross error detection. To include bound
information, the bounded data reconcili on problem is solved as the first step. The variables
that are at their bounds in the solution (restricted variables) and the remaining variables
(unrestricted variables) are then tested separately for gross errors. Gross errors in the
restricted variables are detected by appl: g the GLR test to their measurement residuals, and
gross errors in the unrestricted variables are detected by applying the GLR test using the

constraint residuals due to the unrestricted variables.

In tests presented in Narasimhan and ] rikumar (1993b), the bounded GLR (BGLR) was
found to detect more gross errors than the UGLR at the expense of a greater number of
mispredictions. Both these methods a  especially useful when tight bounds on process
variables are specified.

2.4.5. Recursive identific;tion of grc errors

A method for the recursive prediction of changes in the statistical tests was formulated by
Crowe (1988). The inverses of large m: ‘ices are not required and the data reconciliation can
easily be recalculated after the deletion of any set of measurements. It has been shown that
the decrease in the reconciliation objective function, caused by the deletion of a single

measurement, equals the square of the corresponding maximum power measurement statistic
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The standard least squares objective function is obtained from the frequency of a Gaussian

distribution for an error e with standard deviation o, which can be written as follows:

exp(-2€0?)

1
f =
o2 2 2.80

Here e represents the difference between the measured variable y and the estimation x”. In
general, the above function is used to describe the frequency of purely random errors and
is used to develop the standard least squares criterion. However, if there are gross errors,
then a linear combination of distribution 1nctions based on their likelihood is preferred (Tjoa
and Biegler, 1991). If the probability of gross error measurements is p, (p, < 0.5), and the
ratio of the standard deviation of the outliers to that of random errors is b, (b, > 1), then

the frequency function for the bivariate distribution can be written as follows:

f=

0\/_ (1 —pb)exp(—€20 2+ —o exp( eza'2b ) 81

The objective function can now be constructed based on the contaminated Gaussian
distribution instead of the Gaussian distribution. Tjoa and Biegler developed a hybrid
Successive Quadratic Programming (SQP) method tailored to the new objective function. The
nonlinear objective function can now be reformulated as the log reciprocal of the error

likelihood for each measurement:

. 4 12 2, -
min, &,¢x) = -} In|(1 - p)exp(-5€0;) + exp<*— 7b,")
i=1
Subject to
H@) =0
2.82
Z; <z = zZ,
where

e=@-x% , z=[x"u’

The SQP method is known as an efficie  optimization strategy for solving small to moderate
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sized NLP problems; it usually takes fewer iterations to converge than other methods. The
basic idea of the SQP method is to solve a quadratic programming (QP) problem at every
iteration to find a new search direction. This QP subproblem is formed by making a

quadratic approximation of a Lagrange function subject to linearized constraints.

At convergence each measurement error can be tested against the combined distribution. If
the probability associated with an error (1t is suspected to be an outlier) is greater than that
of random errors, then the measurement can be identified as an outlier, i.e. as containing a
gross error. Thus, the distribution function that is used for the objective function can also be
used as a rational basis for a gross error detection test. If the residual ¢ satisfies the
following inequality, then the corresponding measurement i is identified as containing a gross

CITor.

5
l;|] > 0, | — -In
-1

(2]

b,(1 - p,)

P, 2.83

Furthermore, Tjoa and Biegler (1991) report that the effectiveness of the gross error
detection test is not very sensitive to the values of p, and b,. The effectiveness of the test
increases slightly as the values of b increases or p decreases. In cases where p, and b, are
unknowns, values of 0.05 and 10 respectively, give reasonably good results. This result is
encouraging because if the standard devi: on, p, and b, can be specified a priori, then the

optimization task can be made much easier.

2.4.7. Gross error detection when mea rement variances are unknown

Rollins and Davis (1993) have addressed 1 : estimation of an unknown variance - covariance
matrix by adapting their model for the system, the Unbiased Estimation Technique (UBET),
for an unknown Z. The UBET consists of an «-level global test. The global test is used to
test for the existence of one or more biased measurements or process leaks. In their treatment

they also * ‘roduce a method for evaluat g S, an approximation of X, in the presence of

changing process conditions.
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Therefore, the computing time for step 1 is likely to be large. This prompted Knepper and
Gorman (1980) to use old values of derivatives until the constraints were satisfied. However,

tt  approach leads to slow convergence.

Broyden (1965) developed a method of updating the Jacobian matrix in order to overcome
the disadvantages of Newton’s method for solving systems of equations. The method uses the
function residuals at the new point to generate from the old Jacobian an approximation of the
Jacobian at the new point. Broyden’s method has been extended to the case of nonlinear data

reconciliation to update the A and B matrices (Pai and Fisher, 1988).

Pai and Fisher (1988) concluded that in most cases one initial evaluation of [A | B, is
sufficient for the algorithm to reach a good solution and that the convergence rate was faster

than when the constant direction approac of Knepper and Gorman (1980) is used.

2.5.2. Estimation of an unknown variance - covariance matrix

In all the theories presented in this repo for data reconciliation and gross error detection,
the variance - covariance matrix is an important feature. This matrix serves as a weighting
function between the various measurements. Throughout the theory it has been assumed that
this variance - covariance matrix has been available, but no indication of it’s origin has been
presented. It is possible that from “ 1l" ity w" ™ process, an estimate of " © matrix may
be obtained. Another suggestion has been that one can follow a statistical approach based on
sample sets of measurements over a period of time to estimate a variance - covariance S from
this sample variance. The ability of S to accurately estimate I increases as N (the number
of samples) increases. However as N increases the time over which the samples are taken
increases. The probability of a departure from steady state increases with an increasing

sample time. Departure from steady state has to be accounted for.
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The method of estimating the covariance matrix in the presence of changing process

conditions (Rollins and Davis, 1993) has already been presented in subsection 2.4.7.

2.6. The Development of Data F conciliation in the Minerals Processing

Arena

There has been a parallel development of data reconciliation techniques in the minerals
processing industry, with little reference to the chemical engineering literature or use of
chemical engineering examples. Mine1  processing flowsheets are similar to chemical
flowsheets and may be defined as a set « process streams connected by nodes. These nodes
can be pieces of process equipment, a flotation cell for example, or a point where streams

join.

The principle aim of a material balance on a mineral processing flowsheet, is to calculate the
mass flowrates in the circuit. Measurem ts can be of two types: 1) mass flow measurements
or 2) assay measurements. Examples of assay measurements are: percent iron, percent minus
100 mesh and percent solids in any stream. Assay measurements are analogous to

composition measurements in the standard chemical engineering approach.

Muchof tl ther , dee opedisb :d  the two prodi rule, w'  ° perforn
balance around a node with one input (w,) and two outputs (w, and w;). For each component

that has been assayed the mass balance quations are:

-w, ~w, =0

w 2 3

1
k k k

WiX; - WoXy - Waxy =10 2.89
where x} is the measured assay value of the £ component in stream /. If any one of the mass

flows is known, it is a simple task to c: :ulate the remaining flows by using the two product

formula.
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k k
W2 _ xl - x3
k k

This two product formula can easily be « panded to higher orders.

In general, the problem will be over defined: for example two assays per stream will allow
two different values to be calculated for the flow rate. In addition, the presence of

measurement errors will also add to the confusion.

The common way to describe a mineral processing flowsheet is to construct an incidence
matrix, H. The mass balance equations for the mass flow rates at each node i can be written

in summation form.

E H,..wj* =0
& i 2.91

If the solids consist of K various assayed components, the mass balance at each node i for

component kK can be written in summati 1 form.

5 2.92

In a mathematical sense minimizing the adjustments made to the measurements is equivalent

to minimizing the weighted sum of squares:

J

k* k m *
i Wi (R R (O'Jk)?‘ = (0.1)2 2.93

such that w;" and x/" satisfy the mass balance equations.
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2.6.1. Solution techniques
Essentially two techniques for the solution of the material balance problem (defined above)

have been presented: 1) Lagrangian multipliers or 2) Direct search techniques.

2.6.1.1. Lagrangian multipliers
The basis of the Lagrangian multipliers technique is the combination of J and the mass

balance constraints into a single function,
n m K n ‘ m ‘
L, =J+EAiZHijwj +EZA,-ZHI.}JC}- w; 5 04

where \; and \* are unknown Lagrange multipliers. This approach is similar to the one
followed by the chemical engineering literature. The material balance problem then reduces
to minimizing L, with respect to \;, A, " and x}*". Wiegal (1972) developed the MATBAL
computer program for the solution of tI . problem using a gradient method. This involves
a partial differentiation of L for each of the unknowns and then setting the derivatives to
zero. The result is a set of nonlinear e 1ations, one for each unknown, hence an iterative

solution is required.

Cutting (1976) solves the material balance problem along similar lines to that of Wiegal
(1972); however the iterative method € 1loyed by Cutting to solve the resulting system of

nonlinear equations follows the direct s ution (Keuhn and Davidson, 1969).

In problems where none or only one of 1e mass flows is known, working with the relative
mass flows in the circuit leads to a simplified problem. This following method proposed by
Smith and Ichiyen (1973) presents a problem which is again formulated as a least squares

optimization in the assay variables.
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The problem is formulated as a norma red weighted sum of squares containing all the

variables (search and non-search) in the )jective function J.

7 - i [o,(xg -~ %)V’

%, 2.98

w e x;, = is the given i variable vah

x,, = is the adjusted i variable ¢ a value

The direct search is perfomed as follows. or each search variable two successive steps equal
to A (a fixed percentage of the given ¢ a value) are taken and the corresponding Js are
evaluated. If the second J is smaller than the first, a step of A from point 1 is taken in the
opposite direction and J is evaluated. Additional steps of 24, 4A, etc. are taken until J again
begins to increase. At this point a quadratic is fitted to these three points and the quadratic
is minimum computed. The correspondi1  x,, replaces x,, in J and the procedure is repeated
for the next search variable. It has been 10wn that this technique is more powerful than a
Fibonacci or Golden Section searches due to the use of a priori knowledge of the nature of

the J response surface, (White et al., 1S 7).

2.6.1.3. Alter1 ive solution methods

A few researchers have proposed new methods based on the theory developed above.
Hodouin and Everell (1980) employ an a )roach in which the function J is decomposed into
two parts; one which contains the assay 1ta, J% and the other which contains the flowrate
data, J°. The functions J* and J¢ are then minimized under the material balance constraints.
The procedures may be analytical, that is involving Lagrangian multipliers, or may involve
an additional set of search variables. This method may be viewed as a combination of the

Lagrangian and direct search techniques.

Kimpel (1983) developed equations for the calculation of stream flow rates for individual

splitter and mixer units for different types of experimental error models. Traditionally, the
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error i assumed to be normally distributed, but Kimpel developed equations based on the
two product formulae that take double exponential and rectangular error distributions into

account.
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3. SENSIT! 'ITY ANALYSIS

This section is dedicated to evaluating e sensitivity of the reconciliation procedure and
statistical tests to the measurement covariance matrix. Formulae were developed for the
derivative of the reconciliation equation -ith respect to individual measurement variances.
The predictions of the derivative matrix were then tested by manually changing a specific
me: rement variance and evaluating e effective change in the reconciled measured

variables.
3.1. Development of the Deriva ve of the Reconciliation Equations

The solution to the data reconciliation problem, as formulated in subsection 2.1.4, has the
following form.
x* =y -3C :ch]"(Cy - d)

3.1
The following development is based on the assumption that the covariance matrix is diagonal,

which corresponds to the measurements being uncorrelated. The proposed method is to take
the derivative of Eq. (3.1) with respect to the individual measurement variances o;, contained
in X. X appears as a product in Eq. (3.1), therefore the product law for matrices (Eitelberg,
1991) will be used in the derivation of t : derivative of Eq. (3.1). Taking the derivative of

Eq. (3.1) with respect to individual measurement variances yields the following:
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3.3. Sensitivity Analysis of a St¢ m-Metering System

Steam-metering systems of industrial chemical processes constitute an important area of
application for data reconciliation techni 1es. These systems comprise mass-flow networks
characterized by moderate size, relatively complex topography, and a range of flowrates that
typically covers two orders of magnitude. The network under consideration is the process
steam system for a methanol synthesis unit used by Searth and Heenan (1986) to evaluate a

number of gross error detection techniqi s.

Figure 3.9 Process steam network for a methanol synthesis example.

The network in Fig. 3.9 consists of twenty eight measured streams and eleven nodes (or

process units). Searth and Heenan (1986) assumed the standard deviation o; of the
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measurements in the first and fifth streams respectively. The resulting z; values of the measured

variables are presented in Table 3.6.

Table 3.6 shows that changes in the varia :e of the measurement in the first stream cause a
greater change in the z; values than in the ifth stream. The critical value, z, = 2.73 for this
example. The middle column of Table 3.€ orresponds to the original variance data. It can be
seen that initial measurements fail the measurement test for both the hydrogen measurements

in streams one and five.

The measurements that failed the measurement test initially, pass when the variance of the
hydrogen in the first stream is over-estim: :d by more that 20 %. By comparison, the values
of the measurement test statistics remain unchanged when the variance of the hydrogen

measurement in the fifth stream is adjuste by + 25 %.

It is thus important to note that the errors in assigning a measurement variance can cause errors
in the reconciled measurements, which ay in turn be large enough to cause significant

changes in the values of the measurement test statistic.
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4.1.1. Restricting the search
This section will illustrate by means of an example how the previous ‘good’ measurement

structures are used to define the search  the current generation.

Consider a measurement superstructure consisting of five measurements. Assume that the
first generati 1 failed to produce any ‘t 1" measurement structures. The second generation
tests the ren val of all combinations of two measurements. Table 4.1 presents all the

possible combinations of removing two from five measurements.

Table 4.1 All possible combinations of removing two measurements.

Every com nation of two out of
five measurements

12 | a3y | 14 | 15
| {23} | 2.4 2,5
| | 3.4 3,5

| | | 4,5

A matrix T is used to keep a record of ‘bad’ measurement structures. If the removal of the
measurements indexed by {1,3} and {2,3} causes the constraints to be violated, then the I'

matrix will have the following form:

5
T =
33 4.1

In the third generation the removal of all combinations of three measurements will be tested,
as shown Table 4.2. The measurement structures involved in the third generation are
generated from the ‘good’ measurement structures found in the second generation. In the
third generat n the algorithm will try a 1 remove one more measurement from each of the

‘good’ measurement structures of the second generation.

Consider the general case where (i,j) was evaluated as a ‘good’ measurement structure. The

third generation will test all combinations of (i,j,k) where kK = j + 1 to 5. In this manner the
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algorithm builds up a set of measurement structures based on the ‘good’ results of the second
generation. For example: from (1,2), the following measurement structures will be tested:
(1,2,3), (1,2,4) and (1,2,5). Entries in the last column of Table 4.1 are disregarded because
they are already accounted for by precedi ; entries. Consider the following combinations that
could be formed from (1,5):

(1,5,2) already formed from (1,2) as (1,2,5), see above.

(1,5,3) would have been formed from (1,3), if (1,3) was not a ‘bad’ measurement

structure.
(1,5,4) already formed from (1,4) as (1,4,5), see Table 4.2.

Table 4.2 shows all the possible measu nent structures that can be evaluated in the third
generation. The values in braces are not sted, as they contain subsets of ‘bad’ measurement
structures. Theses entries would not nc 1ally be present, but are presented for accounting

purposes.

Table 4.2 Measurement structures cons :red in third generation.

Measurement structures that could be tested in the
third generation.

1,23 | 1,24 | 1,2,5 { {1,3,4} |{ 3,5} | 1,45

{2,3,4} |{ 3,5} 2,45

3,4,5

A new set of measurement structures has been created, based on the results of the previous
generation. In so doing it has been possible to reduce the size of the search set by four
elements, (the braced measurement structures in Table 4.2). In general, entries that contain
subsets of bad’ measurement structures il still exist. In this example, (1,2,3) contains the
subset (1,3), which has previously been specified as ‘bad’. Integer cuts (Duran and
Grossmann, 1986) were used to remove this measurement structure and others like it from

consideration.
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The search is terminated when no more ‘good’ measurement structures are reported. The
solution set is then the set of ‘good’ measurement structures in the previous generation. If
a cost function for the measurements as employed it would be possible to choose a

minimum cost measurement structure.

cost function is not directly involved in the search algorithm because it may cause
possible measurement structures to be overlooked. If one measurement is particularly
expensive it may be removed at an early stage, but the result may be that two or more
measurements, whose combined cost may be more expensive, may be needed to replace that

measurement at a later stage of the sear
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4.1.5. Flowsheet of the GSA

The algorithm upon which this flowsheet is based appears in Appendix E.

START

FORM MEASUREMENT STRUCTURE CONTAINING
n, UNMEASURED VARIABLES, BASED ON THE
PREVIOUS 'GOOD' STRUCTURES IN OXD.

N
INTEGER CUTS PASSED
N
Y|
OBSERV/ ASSED >
Consenv, ASSED >
Y
N
REDUNDANCY CONSTRAINTS PASSED ). >
Crent SED >
v
DEGREE OF REDUNDANCY CONSTRAINTS PASSED S N
Y »
‘RECORD BAD
MEASUREMENT
PLACE MEASUREMENT STRUCTURE IN OD STRUCTURE
N v
TESTED ALL THE STRUCTUR )
(TESTED ALL THE STRUCTURES IN OXD,
~ Y
Y
(is oxp EMPTY)-
: i
N h 4

STOP -
o SOLUTION=0XD-
OXD,=0XD

Ng=ngy+1

OXDr,=MATRIX OF PREVIOUSLY EVALUATED GOOD MEASUREMENT
STRUCTURES

OXD=MATRIX OF CURRENT GOOD MEASUREMENT STRUCTURES
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4.2. Local Search Algorithm

The Local Search Algorithm (LSA) presents a method to obtain a quick solution to the
measurement structure synthesis problem since the GSA may become intractable for large
problems due to the exhaustive combinat al nature of the search. However, the LSA is not

guaranteed to find the global optimum.

The LSA method was inspired by a procedure for measurement structure selection presented
by Madron and Veverka (1992). They presented a method for the optimal selection of
measurement points in process networks modelled by linear balance equations. This method
is based on multiple Gauss-Jordan elimir ion of the system of linear model equations. Two
objective functions that may be used in = optimization are proposed: the first is based on

the overall cost of the measurements, while the second deals with the precision results.

Madron and Veverka presented the fo »wing classification of variables: measured and
required; measured and not required; unn isured and required (observable); and unmeasured

and not required (unobservable).

After Gauss-Jordan elimination has been applied to a system of model equations the following

results can be concluded:

1) Whether the system contains :pendent equations.

2) If the system contains contra« :tory equations.

3) If all the required unmeasure variables are observable, and which unmeasured
variables need to be measured to eliminate these unobservabilities.

4) Which measurements are redundant and nonredundant.

The optimization procedure starts wil a suboptimal base structure. All measurement
structures of distance one, are be found by manipulating the columns of the Gauss-Jordan
reduced model equations matrix. The distance is defined as the difference between the

number of distinct measurements of two measurement structures (Madron and Veverka,
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1992). The objective function is evaluated for all the measurement structures of distance one,
and the one with the minimum objective function value is exchanged with the base design.
The optimization is continued until a local minimum is found. This approach finds a
‘measurement structure that ensures that the observability constraints, on specified unmeasured
variables, are met with the minimum number of measurements. However, it does not
guarantee finding the global optimum measurement structure, nor does it address the question

of degree of redundancy or enforce redi dancy in the measurements.

The main difference between the LSA and the GSA is that instead of starting with a
superstructure (containing all variables) 1€ LSA begins with a random set of unmeasured
variables. It then proceeds to convert some of these unmeasured variables into measurements
to satisfy redundancy and degree of redundancy constraints. No adjustments for the
observability constraints are made at this stage because the initial set of random unmeasured
variables is chosen such that no unobservable variables are present. The LSA then proceeds
in a similar fashion to the GSA in searching for the optimum measurement structure (subject
to the variable ciassiﬁcation constraints) by removing measurements. The measurements that
were added to satisfy the constraints of redundancy and degree of redundancy are not
considered for removal in the search for the optimum measurement structure, because their
removal will cause the constraints (that caused their placement in the first place) to be
violated. Only the initial measurements that were specified by the initial selection of

u sured ol uj

The implementation of the LSA cau s a reduction in the size of the measurement
superstructure that needs to be explored. Instead of the measurement superstructure
containing all the measurements it now contains only those measurements specified by the

initial choice of unmeasured variables.

The solution is not necessarily the global optimum because the initial choice of unmeasured
variables may restrict the LSA. This effect has been countered by multiple applications of
the LSA with different starting points. As will be shown in later sections, the global solution

is often found by multiple applications ' the LSA.
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4.2.1. Initial choice of unmeasured variables
The initial choice of the unmeasured * :iables is obtained from a random selection of
variables that ensures that no unobservable variables are present. The basis for the selection

stems from the discussion on variable classification in subsection 2.3.

There are two points that govern the che :e of unmeasured variables:

1) Data reconciliation must be able to be performed on the resulting measurement
structure. This is important :cause the purpose of developing measurement
structure synthesis algorithms is the development measurement structures upon
which data reconciliation can readily be applied.

2) The resulting set of unmeasured variables must contain no unobservable variables.

This is used to ensure that the data reconciliation returns a unique result.

The first point implies that the resulting C matrix, formed from the A and the Q, obtained
from the QR decomposition of B, must contain a minimum of one row. If this C matrix is
empty the data reconciliation procedure yields the trivial result that the reconciled
measurement values equal the measurement values. C is obtained from the premultiplication
of the A by the Q,F. In order for C to ¢ 1tain one row @, must contain one column. Since
0, is obtained from the QR decomposition of B, the selection of unmeasured variables must

be such that the correct form of @, is obtained.

The second point that no unobservable v 1iables be present implies that there should be zero
entries in the u,,, vector or equivalently, the matrix R, should not exist. Since R,; and R,,
are formed from the QR decomposition of B and the column entries in R,, correspond to
dependent columns in B, the following le is applied: the rank of the B matrix must equal
the number of columns present. This | :vents the presence of dependencies between the
columns of B and ensures that the matrix R,, will be absent from the QR decomposition of

B.

The combination of these two points ensures that for each problem considered there exists

a maximum number of unmeasured variables that can be assigned at this stage. The



€
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If any nonredundant variable classificat n constraints are violated, the first unmeasured
variable is converted into a measureme and the variable classification repeated. If the
nonredundancies in any of the specified measurements are removed, the measurement is
included in the measurement structure. If the addition of the measurement does not affect the

zdundancy of the specified measuren nts, it is reclassified as unmeasured and the effect
of measuring the next unmeasured variable is evaluated. This process is continued until all
the nonredundancies are removed or the st of unmeasured variables is exhausted. If after
exhausting the list of unmeasured variables there are still nonredundancies present in the
system, the initial choice of measurements can be classified as ‘bad’ and the LSA restarted.
Although this is a possible scenario, it has never been encountered in the examples

considered.

4.2.3. Enforcing the degree of redund icy constraints
After all the unwanted nonredundancies ave been removed, the constraints that specify a

degree of redundancy in certain measurements can, if they exist, be enforced.

The measurement structure is tested so see if any of the degree of redundancy constraints are
violated and a list of all offending measurements made. The first unmeasured variable is
converted into a measurement, and the resulting measurement structures tested for this
constraint violation. The update to the measurement structure is accepted if the number of
n sur ontst fail their d of redundancy istraints ““min .7 isce T ued
until no more measurements fail this cc traint or all the unmeasured variables have been
converted to measurements. In this way it is possible that all the unmeasured variables will

be converted into measurements in order to meet these constraints.

4.2.4. Searching for the optimum measurement structure

Now that all the variable classification constraints have been met the LSA can perform a
search for the optimal measurement structure. This search is exactly the same as the GSA
except the superstructure from which it can remove measurements has been reduced in size.
This superstructure contains only the :asurements present in the initial measurement

structure. In effect the LSA is a modifie version of the GSA starting possibly closer to the

optimal solution.
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From this point onwards the search en oys all the devices of the GSA, with the next
generation based on ‘good’ solutions in the previous generation and integer cuts used to

restrict the search.

The LSA is based on the presumption at starting the search closer to the solution will
return a reasonable ‘good’ local solution, if not the global solution, in a fraction of the time
needed by the GSA. As will be shown the examples, the GSA’s execution time can be

restrictive and quick good solutions can be obtained using the LSA.
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4.2.5. Flowsheet of the LSA
The algorithm upon which this flowshe is based appears in Appendix E.

START

SELECT AN INITIAL SET OF UNMEASURED VARIABLES

< ADD MEASUREMENTS TO ENSURE REDUNDANCY >

s

@MEASUHEMENTS TO ENSURE A DEGREE OF REDUNDANCY

OXD,=0, n,=1

FORM MEASUREMENT STRUCTURE CONTAINING
ny, UNMEASURED VARIA _ES, BASED ON THE
PREVIOUS 'GOOD' STRUCTURES IN OXD,

h
N /
INTEGER ClL S5 PASSED
\

-~

Y
@ERVABILITY CONSTRAINTS PASSED ) »
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C ‘J 1
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Table 4.5 VAR for the steam flow network

Definite Degree of Allow non- Observable
measurement | re ndancy = 1 redundancy variable

1 0 0 0 0 -

2 0 0 0 0

3 0 0 0 0

4 1 1 0 0

5 0 0 0 0
| 6 0 0 0 0
- 7 1 1 0 0

8 1 1 0 0

9 1 1 0 0

10 0 0 0 0

11 0 0 0 0

12 0 0 0 0

13 0 0 0 0

14 0 0 0 0

15 1 1 0 0

16 0 0 0 0

17 1 1 0 0

18 0 0 0 0

19 0 0 T 0 T 0 T

20 0 0 0 0

21 1 1 0 0

22 0 0 0 0

23 0 0 0 0

24 1 1 0 0

25 1 1 0 0

26 0 0 0 0

27 1 1 0 0

28 1 1 0 0
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4.3.1.1. Global Search Algorithm Sol ion

The GSA reported a solution time of 96.7 seconds. Twenty-four equivalent (in terms of the
number of measurements) solutions were found and are shown in Table 4.6. An arbitrary
selection of ome the solutions is dis] wyed in Fig. 4.1 which displays the resulting
measurement structure together with all the redundant measurements, measurements with a

degree of redundancy equal to one and unmeasured variables.

s 27

—_— Measured
—_— Measured DoR=1

............. , Ur asured

Figure 4.1 Optimal measurement structure for the network

From Fig. 4.1, it can be seen that all the variable constraints have been met. Using
measurement seven as an example (constrained to be measured with a degree of redundancy
of one), if measurement eighteen fails, measurement seven will not become nonredundant
because eighteen is redundant, and can be calculated and its value used to ensure redundancy
in measurement seven. This exar , & may be repeated by r  )ving any one of the other
measurements and measurement seven will always remain redundant, and therefore has a

degree of redundancy equal to one.
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few redundancy constraints, the numb« of searches and hence the time taken increases

significantly, as will be shown in subser on 4.3.2.

4.3.1.2. Local Search Algorithm Solu )in

The LSA was also applied to the stez = metering problem. In order to find the global
solutions (shown in Table 4.6) the LSA was applied to the problem ten times with each run
starting the LSA with a different set of initial unmeasured variables. A summary of the
results appears in Table 4.7. The ten « ferent starting points are presented in a table in

Appendix E.

Table 4.7 is arranged in the following way: the ten rows represent ten runs started with
different initial sets of unmeasured varial :s; the first four columns represent the unmeasured
variables of the ten solutions; the fifth column displays the number of equivalent solution sets

that where found for each run and the last column reports the time taken to reach a solution.

As was shown in Table 4.6, there are t enty-four equivalent solutions. The LSA can find
more than one of the solutions during « :h run, but for simplicity only the last of these is

presented.
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Figure 4.2 Madron flow network with all variable constraints displayed

The variable constraints specified in the original paper were duplicated. In addition it was

specified that all the required measurements (ten to fourteen) be redundant, with the

C I

ir ___2nts allowed to be nonredundant. The variable constraint matrix for the

Madron network is shown in Table 4.8. The solution obtained by Madron does not represent

a global optimum, but only a good, fea

)le solution (Madron and Veverka, 1992).
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5. GENETIC ALGORI' HMS AND GROSS ERROR
DE 1 ECTION

1 ction presents the results of an investigation into the use of Genetic Algorithms (GAs)
in gross error detection. Present methods combine statistical tests with serial elimination
search algorithms for gross error detect n (Searth and Heenan, 1986; Rosenberg ef al.,
1987). The proposal is to replace the serial elimination techniques with an optimization
approach. Since the statistical tests that form the objective function of the optimization are

expected to be nonconvex, a global optimization strategy will need to be implemented.

The power of GAs comes from the fact that the technique is robust, and can deal successfully
with a wide range of problem areas. Gen ¢ Algorithms are not guaranteed to find the global
optimum, but they are generally good : finding ‘acceptably good’ solutions to problems
‘quickly’. Where specialized techniques exist for solving particular problems, they are likely
to out-perform Genetic Algorithms in both speed and accuracy. The main ground for Genetic
Algorithms, then, is in difficult areas where no such techniques exist. Even where existing
techniques work well, improvements have been made by hybridizing them with a Genetic
Algorithm (Beasley ef al., 1993). This section presents the results of an investigation into the

effect of using Genetic Algorithms in gross error detection.

A simple GA dealing with a minimization on an irregular surface will be presented as an
introduction, followed by a performance comparison of GAs using the recursive gross error
detection method (Crowe, 1988), the G] »al test (Reilly and Carpani, 1963; Madron et al.,

1977; Almasy and Szatno, 1982) and a simple random search for gross errors.

The Genetic Algorithm TOOLBOX for MATLAB provided the computational tools for this
investigation. It was developed by Andrew Chipperfield, Peter Fleming, Hartmut Pohlheim
and Carlos Fonseca of the Department of Automatic Control and Systems Engineering at the
University of Sheffield. This TOOLBOX is in the development stage and is intended to form
part of the suite of TOOLBOXES ¢ tributed by MATHWORKS, the producers of
MATLAB. The manual accompanying the TOOLBOX provides an excellent reference to
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would be an individual’s ability to survi in its environment.

Before reproduction, each individual is assigned a fitness value derived from its performance
which is evaluated by the objective fun on. Highly fit individuals, relative to the whole

population, have a high probability of bi 1g selected for mating.

During the reproduction stage, highly fit individuals are selected from the population and
recombined to produce the next generation. Genetic operators manipulate the genes of the
chromosomes directly on the assumption that the combination of certain individuals’ gene
codes, will on average, produce fitter individuals. A recombination operator is used to
exchange genetic information. Single po  crossover is the simplest recombination operator.

As an example, consider the following { 0 parent binary strings.
P, = 10010110

P, = 10111000

A position, i, is selected uniformly at 1dom in the range, [1, L,,-1], where L, is the

1

1

i}

length of the string. The genetic information is then exchanged between the two individuals
about the point {. The offspring that are produced fri  the parents above, with i=5, have

the following form:

O, = 10010000
0, = 10111110
This ¢ sov is] ° "wToop ty P, when pairs are chosen for breedi~~

Another genetic operator, mutation, is also applied to the individuals with a probability P,,.
In a binary string representation, mutatic will cause a single bit, allele, to change its state.

For example, mutating the fourth bit of !, leads to the new string O,,,.

0,,, = 10000000

Mutation is generally considered a background operator that ensures that the probability of
searching a particular subspace of the problem is never zero. In addition, mutation tends to

inhibit convergence to a local optimum.
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A fitness function is usually used to transform the objective function value into a relative
measure of fitness,

Fyx) = &(f;(»)
5.1

where f; is the objective function and g transforms the value of the objective function into a
nonnegative fitness, F;. In minimization problems this type of mapping is always necessary

as the lower values of the objective func >n correspond to fitter individuals.

5.2.3. Selection - Stochastic Universal Sampling
Selection is the process of determining which individuals are chosen for reproduction.

Efficient selection methods are needed to reduce the GA’s execution time.

The time used by the other sections of a A (excluding evaluation of the objective function)
are of the order of (L, . N,,). This is « fined as time complexity, where L,, and N,,, are
the length and number of individuals. A selection algorithm should not contribute to

increasing the time complexity of the GA.

Stochastic Universal Sampling (SUS) is a single phase sampling algorithm. SUS uses N,
equally spaced pointers, where N, is the number of individuals required for breeding. The
" lividi s are then chosen by generatit N, poin ¢ ° " lividuals v * )se cumulative
fitness spans the position of these poir rs are selected. The sequence of pointers, p, is

obtained from the following formula:

%ﬁ [p + [0,+,N, - 1]]

s

=
11

Now 5.2

i=1

p = random number in the range [0 1]
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5.2.4. Single point crossover

The basic operator for the production of new chromosomes in GAs is crossover. Crossover
produces new individuals that contain some parts of both parents’ genetic material. The
simplest form of crossover is that of single point crossover, described in the overview of

GA:s.

5.2.5. Mutation ‘

In nature, mutation is a random process where one allele of a gene is replaced by another,
producing a new genetic structure. In GAs mutation is randomly applied with a low
probability, in the range [0.001 0.01]. M tation is considered a background operator and is

used to ensure that the probability of searching the entire is space is never zero.

5.2.6. Reinsertion

Once a new population has been produce and recombined with the individuals from the old
population, the fitness values of th¢ individuals may be evaluated. If fewer individuals are
produced by recombination than the size of the original population, then a fractional

difference between the old and the new populations is known as the generation gap.

To maintain the size of the original population, the new individuals have to be inserted into
the old population. Similarly, if not all the new individuals are to be used or if more
offspring than the original population size is produced, then a reinsertion scheme must be

used to determine which individuals are to exist in the new population.

5.2.7. Termination of the Genetic Algorithm

It is difficult to formally specify a convergence criterion for GAs. The fitness of a population
may remain static for a number of g@ zrations before a superior individual is found.
Common practice is to terminate the GA  ter a prespecified number of generations and then
test the final population for a solution. If no acceptable solutions are found the GA may be

restarted or a new search initiated.
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5.3. Example Problem

In this section the problem of finding t : minimum of the MATLAB ‘peaks’ function is
considered. Figure 5.1 displays the three dimensional graph of this function, defined by the
following equation.

2 = 3(LxPexp(x2 (1)) -10(E x>y ) exp(-x 57 - Sexp(-(e 1)y

5.3
The GA was solved using the Genetic Algorithm Toolbox for MATLAB. The m-files and

a table of the results are to be found in Appendix G. The maximum number of generations

was set to fifty.

An initial population size of thirty individuals is used. A study of one hundred test cases was
performed. In each test case the initial population is different. The results obtained are
reasonable, with the solution (x=0.2903, y=-1.6452, z=-6.5048) found in seventy-four
| percent of the test cases. Figure 5.1 shows the initial and final population from the solution
for one of the test cases of the simple C .. The crosses and circles represent the initial and

final populations respectively. The mini um point can clearly be seen on Figure 5.1.

10 e
] ™
- \\\\“
5 AR
/ "‘.‘:“““‘\“\" 7 ,"l;
w04 s “\\'f{ﬁ"zf:

Y x

Figure 5.1 The ‘Peaks’ surface with the initial and solution populations of a GA with a
population size of thirty individuals.
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An individual in the population consists of a pair of measurement indices. These entries in
the individual are defined as two inte. rs in the range [1 28]. The objective function
evaluates the test statistic (global or recursive). Based on the individual’s objective function
value it may be chosen for reproduction with another. The off-spring are reinserted into the

population forming a new generation.

From the final population, the individu with the minimum objective function value was

chosen as the solution.

It is possible to determine the number of calculations that would represent searching the
entire subspace, i.e. all possible positions of the gross errors by using the formulae below.

The number of ways of selecting r objects from n distinct objects (Miller and Freund, 1985):

(’:) i r_'(nn'——r)' 5.7

There are a total of twenty-eight measurements in the flow network therefore, to test the
entire subspace (all combinations of selecting two measurements out of the twenty-eight)
would represent three hundred and seventy-eight calculations. With the chosen population
size and number of generations, one hundred and eighty calculations would be performed by

the GA. This represents forty-eight percent of the possible calculations.

One hundred test cases were performed and for each case the position and size of the gross

errors was changed at random.

In addition, a purely random search for t : gross errors was performed. The number of tests
perfo :d in the random search was matched to the same number of tests performed by the
competing GAs. Tables of results and m-files are to be found in Appendix H. Table 5.2

summarises the results obtained.
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CHAPTER 7: CONCLUSION 1

improvement, because it has improved variable classification properties (the absence of
nonredundant measurements) with fewer measurements than the original. In addition the
modifications needed to retro-fit the original measurement structure, eliminating the
nonredundant measurements, were identified. These successful applications of the LSA shows

its ability to solve the measurement structure synthesis problem on an industrial scale.
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APPENDIX A: Derive on of the formulae for the

differentiation of a matrix inverse
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APPENDIX B: Problem ¢ ita and m-files for the example

r twork
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APPENDIX C: Problem lata and m-files for the steam

meter 1g network



MEAS...... VARIABLES

All the variables are measured namely, 1 to 28.

BALANCE EQUATIONS

(the numbers represent the measurement tags)
NODE 1: 1+2+4-3=0

NODE 2: 7+8-5-6-9=0

NO_ 23: 5-1-10=0

NODE 4: 10+11-12=0

NODE 5: 3+13-11-14-15-16-17=0
NODE 6: 6-2-13=0

NODE 7: 14 +18-7-19-20-21 =0
NODE 8: 15 +22-18-23-24=0
NODE 9: 12 +16-22-25=0
NODE 10: 19 +23 +27-26 =0
NODE 11: 20 +26 +28-8 =0
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APPENDIX D: Problem data and m-files for the NH,

synthesis network
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APPENDIX E: Algor ‘hms, m-files and data for

measurement structure synthesis



GSA Algorithm

In this algorithm there are a number of important matrices:
1) OXD P stores all the previously evaluated ‘good’'measurement structures.
2) OXD stores the ‘good’measurement structures evaluated in the current generation.
3) T stores all the previously ev: 1ated ‘bad’measurement structures.
4) RXD stores the ‘bad’measurer nt structures evaluated in the current generation.

5) VAR variable classification constraint matrix.

The GSA Algorithm:
1) Initialize the variables: Set OXD, OXD P, RXD and T = 0, n,=1
2) LOAD VAR, H, n,
3) IFthe n, = 1,
FOR all i in n,,
IF VAR(,1) # 1, placei 10XD P
NEXT
ELSE set OXD P = OXD
4) FOR each measurement struct e in the matrix, OXD_P.
4.1) Assign a vector y;” for the current measurement structure.
4.2) IFn, = 1, lety, =y, EL{ . FOR each possible deletion of 7, measurements
based on y;. Form y, from y,".!
4.2.1) IF n, # 1, IF y; contains a variable constrained as measured GOTO 4.2).
42.2) IF n,#1 test y, against I' for previously evaluated ‘bad’subsets of
measurement structures, u. g integer cuts. IF y, fails the integer cut criterion,
GOTO 4.2).
4.2.3) Form the A and B matrices, corresponding to the measurement structure
described in Yi» from the balance equations H. Form C, @, R from A and B.?
4.2.4) Check that the measurements specified in VAR are redundant. IF these
constraints are satisfied GOTO 4.2.5), ELSEIF the measurement structure in
y; fails this test, place the indices of y; in a column in RXD and GOTO 4.2).*
4.2.5) Check that the measureme s specified in VAR have a degree of redundancy
of one. IF these constraints are satisfied GOTO 4.2.6), ELSEIF the

measurement structure in y; fails this test, place the indices of y; in a column



in RXD and GOTO 4.2).2

4.2.6) Check that the variables specified in VAR are observable. IF these constraints
are satisfied, place the ind s of y; in OXD assign a cost to this measurement
structure and GOTO 4.2), ELSEIF the measurement structure in y; fails this
test, place the indices of y; in a column in RXD and GOTO 4.2).

4.3) IFn, = 1letI' = RXD, ELSE append RXD onto T.

4.4) IF OXD is empty STOP. T : solution set is OXD P, ELSE setn, = n, + 1

and GOTO 3).

! The method used to perform this step was presented in Section 4.1.1.
2 The formulation of the matrices describing the new measurement structure and the

variable classification have be:  discussed in Sections 2.1.4., 2.3, and 4.1.3.

LSA Algorithm

In this algorithm there are a number of important matrices:
1) OXD P stores all the previously evaluated ‘good’'measurement structures.
2) OXD stores the ‘good’'measurement structures evaluated in the current generation.
3) T stores all the previously evaluated ‘bad’'measurement structures.
4) RXD stores the ‘bad’measurement structures evaluated in the current generation.
5) VAR variable classification constraint matrix.
6) NREDNM stores the list of nc edundant measurements.
7) MEAS stores the indices of the measurements.
8) UNMEAS stores the indices of the unmeasured variables.
9) NDOR stores the list of meast >ments that are constrained to have a set degree

of redundancy.

The LSA Algorithm:
1) Load H, VAR
2) Evaluate the number of balance equations, z, the number of rows in H.
3) Form ialme wrer atstruc e withz-1 ured * ‘ablessu * 7t
the rank of B equals the number of columns present, and store in vector yj"

4) Perform the initial variable classification on the measurement structure defined by



yj", forming a list of nonredundant measurements, NREDNM.
5) Find all the nonzeros entries in yj‘ and store as a list of the variables UNMEAS.
Set the number of unmeasured variables n, = z - 1.

6) IF NREDNM is NOT empty, 'y, = y/.

6.1) Find the combination of un asured variables in UNMEAS whose addition to
the measurement structure removes the nonredundancies in the measurements
listed in NREDNM, let yj’ denote this measurement structure. IF no such
selection exists GOTO 3).

7) From the second column of V4 form the list NDOR of measurements which are

specified to have a degree of redundancy equal to one.

8) IF NDOR is NOT empty, let y; = y/.

8.1) Set UNMEAS=0 AND find all the nonzeros entries in y; and store as a list of
the variables in UNMEAS.

8.2) Find the combination of um :asured variables in UNMEAS that results in all
the measurements in NDOR having the correct degree of redundancy. Let y?
equal the corresponding measurement structure.

9) Calculate the indices of all the measurements in y? and store in MEAS. Let n,,

equal the number of elements in MEAS.

10) Set OXD, OXD P, RXD and = 0, n,=1

11) IF the n, = 1,

FOR all i in n,,
IF VAR(MEAS(i),1) # 1, place MEAS()) in G~ ™
NEXT
ELSE set OXD P = OXD

12) FOR each measurement struc re in the matrix, OXD P.

12.1) Assign a vector yj' for the current measurement structure.

12.2) IFn, =1, lety; =y, EL{ FOR each possible deletion of n, measurements

based on y,. Form y; from y;".!
12.2.1) IFn,; # 1, IF y; contains a variable constrained as measured GOTO 12.2).
12.2.2) IF n,=1 test y, against I' for previously evaluated ‘bad’subsets of
measurement structures, sing inte :r cuts. IF y; fails the integer cut
criterion, GOTO 12.2).

12.2.3) Form the A and B matrices, corresponding to the measurement structure



12.2.4)

12.2.5)

12.2.6)

described in y;, from the balance equations H. Form C, Q, R from A and B?
Check that the measure =nts specified in VAR are redundant. IF these
constraints are satisfied J)TO 4.2.5), ELSEIF the measurement structure
in y; fails this test, place the indices of y; in a column in RXD and GOTO
12.2).2

Check that the measurements specified in VAR have a degree of redundancy
of one. IF these consti nts are satisfied GOTO 12.2.6), ELSEIF the
measurement structure in  fails this test, place the indices of y; in a column
in RXD and GOTO 12.2).2

Check that the variabli specified in VAR are observable. IF these
constraints are satisfied, place the indices of y; in OXD assign a cost to this
measurement structure an GOTO 12.2), ELSEIF the measurement structure
in y; fails this test, place e indices of y; in a column in RXD and GOTO
12.2).

12.3) IF n, = 1letT' = RXD, ELSE append RXD onto I'.
12.4) IF OXD is empty STOP. The solution set is OXD P, ELSE set n, = n,; +

1 and GOTO 11).

! The method used to perform this step was presented in Section 4.1.1.

2 The formulation of the matrices describing the new measurement structure-and the

variable classification have been discussed in Sections 2.1.4., 2.3, and 4.1.3.
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APPENDIX F: Problem data and for the Madron network



MEASURED VARIABLES

All the variables are measured namely, 1 to 24.

B/~ ANCE EQUATIONS

(the numbers represent the measurement tags)
NODE 1: 5+15-16=0

NODE 2: 16 +8+6 -7-17-18=0
NODE 3: 9+18-10-19=0

NODE 4: 4+10-3=0

NODE 5: 3+20-1-2=20

NODE 6: 11-21 =0

NODE 7: 21 +22-15=0

NODE 8: 12-13-20=0

NODE 9: 13-14=0

NODE 10: 17-23 =0

NODE 11: 19-24 =0
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APPENDIX G: Results and m-files for the example
Genetic Al orithm problem
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APPENDIX H: Results and m-files for the application of

Genetic Algorithms to gross error detection.
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