BOOK REVIEWS

Data Processing and Reconciliation
in Chemical Process Operations

By J. Romagnoli and M. C. Sdnchez, Aca-
demic Press, San Diego, 2000, 270 pp., §79.95.

Data reconciliation is a branch of
process monitoring, which has its for-
mal roots in a seminal article by Kuehn
and Davidson (1961). The technique
consists of filtering measurements of a
process with the object of determining
reliable estimates of process variables.
Typically, this is performed by contrast-
ing measurements with an existing
mathematical model of the process, de-
termining the existence of biases and
leaks. The process is in general rooted
on the use of maximum likelihood mod-
els.

The technique is possible simply be-
cause there is a redundancy of mea-
surements. This redundancy is seldom
hardware redundancy (duplicate mea-
surements of the same variable), and is
almost always spatial or software re-
dundancy, which basically arises when
measurements do not conform to model
equations.

In industrial practice, this technique
has concentrated on models based on
material balances and has found its us-
age in production accounting and in-
strumentation maintenance. Several
types of software exist commercially that
also use models including component
and energy balances. Thus, advanced
users perform parameter estimation for
online optimization. The use of more
detailed models of the process has been
a matter of some (in my opinion unwar-
ranted) controversy.

The book covers the field well, high-
lighting its most important aspects with
efficiency. After an introductory chap-
ter touching on the estimation problem,
the book discusses the issue of variable
classification, followed immediately by
steady-state data reconciliation, includ-
ing a very useful chapter on sequential
processing. The issue of gross errors is
discussed next. The book then turns to
dynamic data reconciliation, the param-
eter estimation problem, and, in the fi-
nal chapters, an important discussion on
new tendencies and case studies.

The objective of classification is on
the one hand to eliminate variables of
the model, which lead to singularities
and uncertainties (these are called un-
observables), and, on the other hand, to
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further decompose the model so that
only essential varibles (called redun-
dent measured) are used for the core of

.the data reconciliation procedure. The

authors make a brief review of the dif-
ferent approaches, and they concen-
trate on the QR decomposition ap-
proach in a separate chapter. Although
there exist earlier suggestions to use QR
for classification (Swartz, 1989), the au-

‘thors had studied it extensively suggest-

ing its use in a variety of situations
(Sanchez and Romagnoli, 1996). The
example used in Chapter 3 is rich and
illustrates the technique well. The au-
thors ingored illustrating graph ori-
ented methods, a decision that I share.
A small section discussing the advan-
tages and disadvantages of all
equation-oriented methods, including
those not illustrated, like the Madron’s
Gauss Jordan factorization, is somehow
missing. However, I think that this is an
easy task to ask, and I am not sure if it
is so easy to accomplish without addi-
tional research. Thus, this omission does
not diminish these excellent chapters.
Finally, Q-R factorization is empha-
sized, because it is easy to perform us-
ing software like Matlab, it can be used
as part of some implementations of data
reconciliation (as shown in Chapter 5),
and, in general, we can see it as an ele-
gant alternative to the matrix projection
method.

The book illustrates steady-state data
reconciliation very well. In particular,
the chapter on sequential processing is
a very important contribution. We
should thank the authors for reminding
the data reconciliation field the valu-
able results discussed by Mikhail (1976).

One of the most important issues in
data reconciliation is the identification
of gross errors, which consists mainly of
biased instruments and leaks. The for-
mer do not follow the statistical as-
sumption of normal distribution of er-
rors and therefore invalidate the data
reconciliation procedure altogether and
the latter constitute a model deviation.
Serial elimination of biases is treated
using the method developed by Romag-
noli and Stephanopoulos (1981) and
Romagnoli (1983) in the early time of
research in this area. The authors also
present a combined procedure that
takes advantage of the use of thresh-
olds based on the chi-square distribu-
tion. Although these methods are ade-
quate, there are in my view several oth-
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ers that merit more coverage. For ex-
ample, the serial elimination procedure
involving the so-called measurement
test, which is in use in commercial soft-"
ware, is not discussed. Also, the use of
generalized likelihood ratio (GLR) pro-
posed by Narasimhan and Mah (1987),
as well as the unbiased estimators
(UBET) proposed by Rollins and Davis
(1992) and Rollins and Devanthan
(1993), should have been in my opinion
included in more detail, especially be-
cause the latter seem to be powerful.
After this book was finished, some
relevant additional work on the identifi-
cation and estimation of gross errors
was performed. The reader of the book
should be aware that this body of work
exists and consult it for a more com-
plete understanding of the issue. First,
an important article on gross error de-
tection for nonlinear data reconciliation
was published by Renganathan and
Narasimhan (1999, 2000). In the case of

* linear systems, the problem of uncer-

tainty in the gross error location is of
importance. Some aspects of it were al-
ready pointed out by Iordache et al
(1985), problems were reported by
Rollins and Davis (1992) and some
remedies were offered by Sanchez and
Romagnoli (1994). Finally, Jiang and
Bagajewicz (1999) showed that this is
not a phenomenon inherent to the
identification method used, but rather a
problem that will surface independently
of the method used. The theory was
later used to improve the performance
and automation of several methods such
as SEGE, UBET, and GLR (Bagaje-
wicz et al., 2000). Some advanced serial
compensation procedures (Jiang and
Bagajewicz, 1999) including the im-
provement of the SEGE method pre-
sented in the book, which was pub-
lished by Sénchez et al. (1999), as well
as the performance measure that takes
into account uncertainties (OPFE) de-
veloped by Jiang and Bagajewicz (1999)
are new findings that will complement
well the material offered in the book.
The chapter on dynamic data recon-
ciliation is well written and covers key
aspects. Considering that a whole book
can be written just on this issue alone,
the authors have given just a brief in-
troduction of the most basic aspects and
have left some work intentionally out.
Good judgment has been exercised in
this case, because, as the authors say,
the book emphasizes steady-state data
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reconciliation. The reader can consult
the work of Darouach and Zasadzinski
(1991), which points out that many times
the Kalman filter is singular and sug-
gests the use of the generalized Kalman
filter, the fault detection GLR method
due to Narasimhan and Mah (1988), as
well as the work due to Rollins and De-
vanathan (1993). The work of Albu-
querque and Biegler (1995, 1996) is also
of interest, but it is included in the
chapter of parameter estimation.

Another great chapter is the one on
parameter estimation. This is an in-
creasingly important issue these days,
because industry is rapidly shifting to-
wards real time online optimization.
This means that accurate models have
to be used to optimize the process and
suggest changes in production online.
Thus, reconciling the data against these
models- is of paramount importance.
The chapter covers extensively the lat-
est and most important work in this area
and presents excellent examples. The
same can be said about the chapter on
variance estimation, which covers the
subject in a complete manner.

Finally, the last two chapters on new
trends and case studies are informative
and well written. The authors are very
fond of these chapters and rightfully so.
For example, they cover the analysis of
the work of Johnston and Kramer,
which represents a more general formu-
lation of the problem, of which the clas-
sical maximum likelihood model that
gives rise to the least-square formula-
tion is a particular case. They also touch
in detail on the issue of robust estima-
tion (M-estimators, QQ-plots, and trust
functions). Finally, they review the use
of principal component analysis in data
reconciliation. These are tendencies
that the authors point out as new direc-
tions for research and development.
While others may think of some other
issues, there is no doubt that these re-
cent techniques need to be researched
further. This has already started to hap-
pen in issues regarding the use of PCA.
Unfortunately, results on the use of
PCA analysis, published after the book
went to press, are discouraging
(Bagajewicz et al.,, 1999, 2001).

The chapter on case studies presents
.several real industrial cases of applica-
tions of data reconciliation techniques.
In addition, they are valuable because
almost all the techniques presented in

the book are being used. There is a dis-
tillation column example that also shows
the importance of data reconciliation
for online optimization, especially when

-a distributed control environment is
rused.

Finally, as the authors warn in the
preface, the book is written for ad-
vanced readers and may be used for ad-
vanced undergraduates in chemical en-
gineering for teaching purposes.

To sum up, this is an excellent and
well-written book. Even though there
are other books on the subject, this book
contains valuable information that has
not been put together before and thor-
oughly worked-out examples, which re-
veal the great potential of data reconcil-
iation for good and proper process
monitoring.
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