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A novel autoassociative neural-network-based estimator for nonlinear steady-state 
data reconciliation was developed, which is a modified autoassociative feedfonvard 
neural network. The main difference between them lies in the minimization of an objec- 
tive function that includes material imbalance terms of flow rates and compositions as 
well as the traditional least-square prediction term. Accordingly, this neural network, 
with the material balance-related equations included in the objective criterion, can per- 
form simultaneously the following basic functions necessary for proper steady-state data 
rectification: (1) eliminate the nonrandom errors, such as the biases and gross errors, 
from measurements; (2) filter out the random errors from measured data; and (3) 
estimate the values of unmeasured process variables, provided data redundancy pre- 
vails. This novel neural-network-based reconciliation method is demonstrated on a 
flotation system. 

Introduction 
The last decades have witnessed the implementation of 

distributed control systems and a tremendous growth in the 
level of instrumentation in large chemical and mineral proc- 
essing industries that now have on-line access to massive data 
banks. The key process variables are normally used for 
closed-loop control, whereas the great majority of measured 
variables remain unused or merely serve for monitoring the 
states of the process. A lot of research is now being con- 
ducted to find ways to make better use of this wealth of in- 
formation that characterizes the real behavior of the process: 
development of softsensors (Aynsley et al., 1993), fault diag- 
nosis (Dunia et al., 1996; Hoskins et al., 1991; MacGregor, 
1995; Tong and Crowe, 1996; Wise and Ricker, 1991), statisti- 
cal process monitoring (Chen et al., 1996; Nomikos et al., 
1994; Piovoso and Kosanovich, 19941, and data reconciliation 
(Crowe et al., 1983; Crowe, 1986,1996; Hodouin and Everell, 
1980; Karjala and Himmelblau, 1994; Liebman et al., 1992; 
Mah, 1990; Romagnoli and Stephanopoulos, 1981; Schraa and 
Crowe, 1996; Smith and Ichiyen, 1973). The latter topic is the 
subject of this article. 

Measurements of process variables are generally contami- 
nated with significant random and nonrandom errors. For in- 
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stance, in the flotation circuit used in this investigation, key 
process variables such as flow rates and stream mineral com- 
positions are usually measured on-line using magnetic 
flowmeters and gamma-ray densitometers. Because of mea- 
suring difficulties related to the three-phase system, along 
with the complex measuring procedures and calibration prob- 
lems, the measurement errors of these variables can be ap- 
preciable. The same is true for many other processes encoun- 
tered in the chemical and mineral processing industries. To 
improve the level of confidence in these measurements and 
to rely on more accurate data for better process operation 
and control, it is important that these measurements be cor- 
rected, using some type of data-reconciliation method. Data 
reconciliation is a computing procedure that is currently used 
to adjust measured process variables to render them as co- 
herent as possible to their true values, by forcing them to be 
more consistent with known process constraints such as ma- 
terial and energy balances (Schraa and Crowe, 1996). 

The adjustment of process data, leading to better estimates 
of the true values of the process variables, is normally per- 
formed in two steps. Nonrandom measurement errors, such 
as persistent gross errors, must first be detected and then 
removed or corrected. Indeed, meaningful data adjustments 
can be achieved if and only if there is no gross error present 
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in the data (Tong and Crowe, 1996). Gross-error detection 
has been the subject of a significant amount of research (Mah, 
1990; Rollins and Davis, 1992; Tjoa and Biegler, 1991; Tong 
and Crowe, 1996). The second step, usually referred to as 
data reconciliation per se, generally satisfies the following 
three objectives: (1) the random errors in measurement are 
filtered out in order to reduce the variance of the data; (2) 
the measured data are corrected to render them as coherent 
as reasonable with the process model and/or process con- 
straints; (3) the values of unmeasured process variables are 
estimated. It is important to mention that data reconciliation 
is possible if and only if data redundancy is present in the 
data (Crowe, 1989; Zasadzinski, 1990). 

By and large, all data-reconciliation methods essentially use 
a very similar approach. All the methods use both the avail- 
able measurements and some prior knowledge, expressed in 
terms of process constraints such as mass and energy bal- 
ances and/or more sophisticated static or dynamic models. 
Since neither perfect measurements nor perfect process mod- 
els exist, reconciliation of data is performed by minimizing an 
objective function in which weighting coefficients are used to 
give the relative confidence level of each contributing term. 
Data reconciliation of steady-state processes has been the 
subject of significantly more research than it has for dynamic 
processes. 

For steady-state processes, the problem usually boils down 
to the minimization of a least-squares objective function sub- 
ject to some material balance constraints. Very often, the 
problem to be solved is bilinear. This problem has been stud- 
ied extensively as in its two limiting cases: (1) an exact mate- 
rial conservation model, that is, all the confidence is placed 
on the model (Wiegel, 1972; Hodouin and Everell, 1980; Mah, 
1990; Crowe, 1989; Meyer et al., 19931, and (2) exact mea- 
surements (Lynch, 1977). A two-step approach, where the bi- 
linear system is solved in two successive steps in order to 
simplify the problem, has been proposed by Hodouin et al. 
(1982). More recently a method that balances both model and 
measurement uncertainties for steady-state and dynamic data 
reconciliation has been proposed (Makni et al., 1995). Ac- 
cordingly, data reconciliation becomes an unconstrained min- 
imization or a penalty function optimization problem. Non- 
linear programming technique appears to be very well suited 
for the solution of the bilinear problem (Smith and Ichiyen, 
1973; Liebman et al., 1992). A data-reconciliation method, 
called matrix projection, has been proposed by Crowe et al. 
(1983) for linear systems, whereby a reduced set of balance 
equations is obtained by eliminating the unmeasured vari- 
ables. Crowe (1986) has extended the method of matrix pro- 
jection to the bilinear systems. Schraa and Crowe (1996) have 
recently proposed solving the same bilinear problem, using 
an unconstrained optimization method based on analytical 
derivatives, but the performance was not as good as ex- 
pected. Other approaches with filtering characteristics have 
also been proposed, such as the evaluation of reconciled val- 
ues of process variables in a moving data window (Hodouin 
et al., 1993; Makni and Hodouin, 1994). 

Data reconciliation for dynamic systems is significantly 
more complex because the process model must initially be 
derived or calibrated from raw measurements, that is, with 
process data not yet reconciled. In such systems, the func- 
tions of system identification and data reconciliation must be 

performed simultaneously, with the inherent difficulty of de- 
termining in what proportion an observed error is due to the 
dynamic behavior of the process, to model uncertainties, or 
to measurement uncertainties. Some research in dynamic data 
reconciliation has been performed by Albuquerque and 
Biegler (1996), Gertler (1979), Hodouin et al. (1996), Karjala 
and Himmelblau (1996), Liebman et al. (1992), Makni and 
Hodouin (19941, McBrayer and Edgar (1994), and Tjoa and 
Biegler (1991). The dynamic data reconciliation, however, is 
beyond the scope of the present article, since it is concerned 
with steady-state data reconciliation. 

Standard data reconciliation generally uses numerical opti- 
mization procedures that require appreciable computing time 
for the solution of the nonlinear data reconciliation of a com- 
plex process. To render the data reconciliation more suitable 
for on-line applications, various recursive schemes have been 
proposed (Hodouin et al., 1996). A recursive algorithm ac- 
counting for the trade-off between modeling and measure- 
ment errors, similar in this account with the Kalman filtering 
method, was derived and applied in data reconciliation of 
mineral processing (Makni and Hodouin,.1994). As an alter- 
native tool to deal with on-line data-processing problems, ar- 
tificial neural networks have recently found applications in 
the area of data rectification due mainly to their potential to 
rapidly and easily perform nonlinear system identification 
solely on the basis of historical data (Karjala and Himmel- 
blau, 1994). Among them, the use of artificial autoassociative 
neural networks ( A A " s )  is particularly of interest in the 
sense that it is trained with only measurements while simulta- 
neously being able to perform various data-screening tasks, 
including noise reduction, replacement of missing sensor val- 
ues (Dong and McAvoy, 1995; Kramer, 19921, and reducing 
data dimensionality (Kramer, 1991; Tan and Mavrovouniotis, 
1995). The autoassociative neutral network is usually a feed- 
forward neural network made of five layers: an input layer, 
three hidden layers, and one output layer. The function to be 
mapped is the identity function in the sense that the output 
layer is identical to the input layer. The first hidden layer is 
the mapping layer, the second hidden layer having a re- 
stricted number of neurons is the bottleneck layer and the 
third one is the demapping layer. The compression of infor- 
mation via the bottleneck layer results in the aquisition of a 
correlation model of the input data, thus making it useful to 
perform the various data-screening tasks. Furthermore, ro- 
bust autoassociative neural networks (RA"s) were pro- 
posed on the basis of the AA" (Kramer, 1992). RA" was 
shown to have the ability to implement the detect-identify-re- 
place cycle in a single pass for gross error removal while still 
keeping all the data-processing capacities of the AA". It is 
important to note that robustness to gross errors is not auto- 
matically a property of autoassociative neural networks. To 
achieve the objective just cited, the training data set must be 
augmented by new examples for the gross error inputs and 
the desired values for the network outputs. 

The present study is focused on the development of a novel 
autoassociative neural network and its application in nonlin- 
ear steady-state data reconciliation for a quasi-stationary 
process, that is, a process for which the process variables ex- 
hibit variations of constant variances around constant aver- 
age values and the process undergoes a very slow dynamics 
such that the system balances are nearly satisfied at all times. 
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What makes the novel network different from the traditional 
autoassociative neural networks lies in the use of a system 
balance-related least-square error criterion in order to per- 
form simultaneously the systematic error elimination, data 
smoothing (measurement noise compensation), correction 
(model deviation compensation), and estimation of the values 
for unmeasured variables of a stationary process. The system 
balances of a process may consist of material balances, en- 
ergy balances, and some others, depending on the nature of 
the system. 

This article is organized as follows. First, the flotation cir- 
cuit used to generate the data for the present investigation, 
its modeling, and simulation are briefly introduced. General 
criteria and methods for data reconciliation are then pre- 
sented. Finally, the novel neural-net-based method for data 
rectification of the flotation circuit is presented. A perfor- 
mance comparison study is also made between the novel neu- 
ral-net approach, AA", supervised artificial neural net- 
works (SANNs), simple averaging, and standard nonlinear 
optimization methods. A detailed description and derivation 
of the system balance-related autoassociative neural network 
(SBA") is given in the Appendix. 

Brief Description of the Floating Circuit 
Flotation is a selective process whereby particles are sepa- 

rated according to their mineral composition. This process is 
commonly used in mineral-processing industries, and it is 
usually carried out in flotation cells or flotation columns. To 
evaluate and compare the performances of the system bal- 
ance-related autoassociative neural network (SBA") for 
nonlinear steady-state data reconciliation, a simulated flota- 
tion circuit for the separation of chalcopyrite is used in this 
study. As shown in Figure 1, the flotation circuit consists of 
the rougher and scavenger sections, each one consisting of 
three flotation cells. A complete dynamic simulator of this 
flotation circuit has been developed. In the derivation of this 
model, the following fundamental assumptions were made: 
(1) the pulp in each flotation cell is well mixed; (2)  the mech- 
anisms of flotation and entrapment follow first-order kinet- 
ics; and (3) each class of particle is made of slow and fast- 
floating particles as well as nonfloating particles. For a more 
complete description of the model, the reader is referred to 
Makni and Hodouin (1994). 

This dynamic simulator was used to generate the data that 
were used to evaluate the steady-state data-reconciliation 
methods. The process was considered to operate around a 
stationary point of operation. However, to represent more 
closely the industrial context, the feed flow rate and composi- 
tion of the flotation circuit were deliberately and randomly 
perturbed to create slow dynamic excursions in the vicinity of 
the stationary point. It was assumed that the mass flow rate 

Tails Rougher 

Scavenger 

2 iconcentrate 

Figure 1. Flotation circuit. 

of the input and of the two output streams, as well as their 
mineral composition, were measured with a sampling period 
of 6 min. In addition, a normally distributed random noise 
with a standard deviation of 2% of the steady-state value was 
added to both the flow rate and the mineral composition. A 
total of 500 sets of measurements corresponding to 50 h of 
operation were generated. The data were split into training 
and validation data sets containing, respectively, 400 and 100 
data series of points. 

General Data-Reconciliation Criterion 
The reconciliation of data, based on observed data and on 

the model of the process, is normally carried out through the 
minimization of a least-squares criterion that encompasses 
both measurement and model uncertainties. The criterion was 
explained in detail in Hodouin et al. (1996). For the present 
study, the criterion can be simplified as 

where the terms e are the model uncertainties, that is, the 
imbalances or the constraint residuals for the main ore phase 
( m  = 0)  and for each of the species ( m  = 1 to M ) ,  which are 
the various minerals present in the ore entering the flotation 
cell. They are evaluated using the following equation: 

I'F,.?,, = em, 

where r is the plant incidence matrix; kt the vector of recon- 
ciled ore flow rates at time t ;  and P,, the reconciled compo- 
sition vector at time t (xOt  = 1 for the ore phase). The r val- 
ues of Eq. 1 are the measurement residuals defined by the 
following equations: 

rmkr = F~ - k, for m = 0 

rmkl = x,k - f,, for m = 1 to M (3) 

where Fk and xmk are the measured values of flow rates and 
compositions at time k. 

The tuning parameters of the criterion are the weights (P, 
and Q,) and the length of the filtering horizon K. The speci- 
fications of the two weight matrices are based on the level of 
confidence that one has on the material balance model and 
the measurements, respectively. The length of the filtering 
window will depend largely on the level of noise and on how 
stationary the process is. A larger value of K means that the 
variables are assumed to be operating close to stationary con- 
ditions and with a high level of noise. This objective criterion 
must be solved at each sampling instant using a nonlinear 
optimization method because of the bilinear or nonlinear na- 
ture of the constraints. Depending of the length of the filter- 
ing horizon, the numerical optimization technique may be 
very time-consuming. To render data reconciliation more 
suitable for on-line applications, various recursive schemes 
have been proposed (Hodouin et al., 1996). As an alternative, 
this article examines the use of an autoassociative neural net- 
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work to perform the function of data reconciliation. This 
neural network can be viewed as an emulator of the nonlin- 
ear reconciliation problem formulated earlier. 

Neural-Network Approaches 
Supervised training scheme 

To develop a neural-network model for steady-state data 
reconciliation, a supervised training scheme can be adopted 
(Terry and Himmelblau, 1993). A possible supervised training 
scheme is depicted in Figure 2. Supervised learning of feed- 
fonvard neural networks requires that the targets or the de- 
sired outputs be specified for each training example. How- 
ever, in data reconciliation, the true or reconciled outputs of 
the process are not known and cannot be readily specified. 
The output target can be generated using the best off-line 
steady-state reconciliation method along with a representa- 
tive data set. The neural network, trained with this prerecon- 
ciled data set, then becomes an emulator of the reconcilia- 
tion method. The advantage of this procedure is that the 
neural network can be used more conveniently for on-line 
application without requiring much calculation. The disad- 
vantage is the need to retrain the neural network if the 
process conditions change significantly, which may not always 
be easy to detect. 

Since the feedfonvard neural networks discussed in this ar- 
ticle are designed to deal with steady-state data reconcilia- 
tion problems, the neural network thus performs a static non- 
linear mapping of the network input space to the output 
space. If significant dynamics is present in the process vari- 
ables to be reconciled, temporal information would have to 
be considered, otherwise the network would provide the av- 
erage behavior of the process. In other words, the relevant 
historical data sets would have to be used in order to predict 
the values of the reconciled data at each sampling instant. 

Autoassociative artificial neural networks 
Autoassociative neural networks have been used for 

steady-state data reconciliation by Kramer (1992). Dong and 
McAvoy (1995) used an identical network, but the five layers 
were segmented into two three-layer networks that were 
trained separately. In these two articles, the transfer function 
in the mapping and demapping layers was nonlinear, whereas 
it was linear in the bottleneck and output layers. Figure 3 
presents the architecture of the autoassociative neural net- 

Autoassociative 

Figure 2. ANN emulator of the reconciliation procedure. 

Figure 3. Architecture of the autoassociative neural 
networks. 

work used in this investigation, where the inputs (Fl ,  F2, F,, 
X , ,  X,, and X 3 )  are the scaled process variables. This neural 
network simply attempts to replicate the input vector by min- 
imizing the sum of squares of the deviations between the in- 
put and the output vectors. Because the number of neurons 
in the bottleneck layer is significantly smaller than both the 
input and output layers, a compact representation is there- 
fore obtained. The underlying correlation and redundancies 
in the input data are thus captured (Kramer, 1992). 

In data-reconciliation applications, the bottleneck layer 
might perform the two expected functions of a reconciliation 
method: first filter out the measurement noise present in the 
data by conserving only the essential characteristics necessary 
to represent adequately the data, and then capture the 
mass-balance correlation or constraint that exists among the 
input data. Consequently, it should be possible to select a 
network architecture containing the required number of neu- 
rons in the bottleneck layer that is able to reconcile data, if it 
is properly trained. If the neural network is trained using a 
sufficiently large number of representative data patterns, it 
can be used to produce the adjusted values of the measure- 
ments (the outputs of the network) when the raw measure- 
ments (the inputs of the network) are available. 

To train an autoassociative neural network, a measured 
data vector is used for both the input and the output of the 
network, and the objective function to be minimized is noth- 
ing more than the sum of squares of the errors between the 
input and the predicted output vectors. As indicated by 
Kramer (19921, an AA" is able to remove the uncorrelated 
measurement noise between the sensors, and to capture the 
underlying mass-balance correlation. In practice, however, the 
random errors observed between the sensors may not always 
be completely uncorrelated. Sharing the same instruments to 
measure a number of process variables, a situation encoun- 
tered frequently in mineral processing industries, is one 
source of correlated measurement errors. 

The objective function of an AA" does not contain ex- 
plicitly the information related to the system balances such as 
the mass and energy conservation equations of a process. 
Therefore, it should not be expected that, without using such 
redundant information, the use of an AA" for data recon- 
ciliation will remove or reduce significantly the system imbal- 
ance terms in the presence of systematic errors, such as bi- 
ases, and/or the situation in which the estimation of the val- 
ues of unmeasured process variables is required. 
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and Reconciliation 
Criterion 

W I 
Figure 4. SBANN emulator of the data-reconciliation 

method. 

System balance-related autoassociutive neural network 
As discussed previously, the supervised training procedure 

for data reconciliation requires the minimization of two crite- 
ria: a reconciliation criterion, and then a learning criterion. It 
is possible to perform data reconciliation in a single step if 
the two minimization criteria are combined. This scheme is 
depicted in Figure 4. The proposed learning criterion of this 
modified autoassociative neural network contains both the 
properties of a learning criterion and a reconciliation crite- 
rion. The following objective function, like Eq. 1, can be de- 
fined as 

M -1 

where P is the number of training examples in the training 
data set; N is the number of process measurements to be 
reconciled, that is, the length of the composite measurement 
vector y made of the flow rate and composition vectors; j is 
the output vector of the network, that is, the reconciled com- 
posite vector; g r n ( - )  contains the constraint equations of the 
mass conservation for flow rates ( m  = 0) and for each species 
( m  = 1, . . . , M); and parameters an and pm are weighting 
factors. The first term of Eq. 4 therefore represents the 
weighted sum of squares of the differences between the esti- 
mated and measured process variables. The second term rep- 
resents the weighted sum of squares of the material consewa- 
tion imbalances, that is, a penalty function for not satisfying 
the mass-balance equations or other process constraints. 

It is obvious that the learning criterion of Eq. 4 cannot 
exactly reproduce the standard reconciliation method, and a 
direct comparison can only be made through experimenta- 
tion. In conventional reconciliation methods, all the temporal 
information in the window of the past K process measure- 
ments is used to filter out the noise and to estimate at each 
sampling instant the current reconciled values of each pro- 
cess variable. In addition, the mass-conservation imbalances 
are evaluated strictly with the current process variables. In an 
SBA",  the two tasks are performed simultaneously with the 
average knowledge (architecture and weights) that was con- 
tained in the minimization of the criterion of Eq. 4 over a 
learning horizon P .  It is important to note that the same 
horizon P is used for both the residuals (ypn - fPn> and the 
imbalances (gm). 

In this article, standard feedfoward neural networks are 
used in conjunction with the objective function defined in Eq. 
4 in order to rectify process data. The problem then reduces 

to finding the parameters (weights) of the neural network that 
minimize this objective criterion. Details of the backpropaga- 
tion learning algorithm (Rumelhart et al., 1986) for this spe- 
cial objective function are given in Appendix. This feedfor- 
ward neural network will be referred to as SBA". 

Results and Discussion 
A simple illustrative example 

A simple illustrative example is first presented to simply 
illustrate the influence of the SBA"'s weighting coefficients 
on the data reconciliation performance and the simultaneous 
correction of a systematic gross error. Consider a data set, 
comprising 200 values of yl,  y , ,  and y,, generated by the 
following three equations: 

y 1 = 0 . 8 s i n ( 8 ) + ~ ,  ( 5 )  

y 2  = 0.8 cos ( e ) +  c2 

y ,  = y ,  + y ,  +0.2+ € 3  

(6) 

(7) 

The three variables y,, y,, and y ,  are calculated using a uni- 
formly distributed value of 8 E [0,27r), and E , ,  E,,  and E ,  are 
measurement random errors with a Gaussian distribution with 
a standard deviation of 0.1. Note that the variable y ,  is sim- 
ply the sum of y ,  and y ,  with a constant systematic bias of 
0.2. 

The neural network used to reconcile the data sets just 
described consists of three neurons in both the input and 
output layers and a single middle layer containing five neu- 
rons (not including the neurons for the bias in the input and 
hidden layers). The specific S B A "  learning criterion for this 
problem can be expressed as 

P 
E =  C E p  

p = l  

To implement the neural-network-based emulator for data 
reconciliation, it is important to evaluate the sensitivity of the 
weighting factors al, a2, aj, and p through extensive simu- 
lations. Figure 5 shows variations in the sum of squares of the 

Squared errors 

t 

0 0.2 0.4 0.6 0.8 1 1.2 
Weighting factor p 

Figure 5. Effect of the weighting factor p on the neural- 
network performance. 
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imbalance residuals and the cumulative sum of squares of the 
errors for the three variables when the parameter p was var- 
ied from 0.0 to 1.2 while parameters al,  az and a,  were 
kept constant and equal to, respectively, 0.5, 0.5, and 0.1. For 
a value for p of zero, the three measurements are assumed 
to be accurate, so there has been no attempt to correct the 
system imbalance. As a result, the neutral network has done 
reasonably well in removing the noise from the original data, 
but is unaware of the presence of a systematic bias in one of 
the variables. As the value of p is increased, more weight is 
placed on the imbalance term and a significant correction of 
the original data, mainly on y , ,  is seen. For a value of p 
greater than 0.2, the imbalance is almost completely resolved. 
In general, though, selection of the weighting factors has a 
certain degree of subjectivity, as the choice depends on the 
level of confidence one has about the model and the accuracy 
of the measurement. For the present example, the value of 
parameter p would be chosen between 0.02 to 0.3. 

Figure 6a presents the plots of the noise-free and recon- 
ciled data for the following weighting factors: a ,  = 0.5, az = 
0.5, a ,  = 0.1, and p = 0.2. These results clearly show that the 
reconciled values of variables y ,  and y 2  are very close to 
their original true values, whereas y ,  is adjusted significantly 
such that the system imbalance term of Eq. 8 becomes quite 
small, as shown in Figure 6b. It is obvious from this example 
that the S B A "  was able to reduce significantly the system- 

1 .5  r I . .- 

I 

0.5 
U 
C 

m O  9 
7" -0.5 >- 

-I 

-1.5 !- I 

(a) 

0 50 100 150 200 
Test number 

Original 
-0.3 

0 50 100 150 200 
Test number 

(b) 
Figure 6. Data reconciled using SBANN for a determin- 

istic process. 
(a) Original and reconciled data of Y,, Y2 and Y,; (b) imbal- 
ance term relative to the original and reconciled data. 

atic bias on variable y , .  This was made possible only because 
the balance redundancy information was used and signifi- 
cantly less weight was placed on the estimation of variable 
y , .  If equal weights had been used for the three process vari- 
ables, the imbalance would have been distributed equally on 
all three of them. In order to achieve proper data reconcilia- 
tion, it is therefore important that systematic biases be de- 
tected so that the weighting coefficients of the objective crite- 
rion can be properly selected or corrected before performing 
data reconciliation. 

In the next subsection, the performance of a standard 
five-layer AA" is first examined, and in the subsection fol- 
lowing that the ability of a five-layer S B A "  to perform 
proper data reconciliation is evaluated and compared to tra- 
ditional data-reconciliation methods. 

AA" for steady-state data reconciliation 
A five-layer AA" similar to the one in Figure 3 is used in 

this subsection for the reconciliation of the flotation circuit 
data. The learning data set, consisting of 400 sets of the six 
measured process variables (the flow rates and compositions 
in points 1, 2, and 3 of Figure 1) in the absence of nonran- 
dom noise, generated by the flotation circuit simulator, was 
used to determine the weights of the neural network that 
minimize the sum of squares of the errors for the identity 
mapping. An AA" with six inputs and outputs, two neurons 
in both the mapping and demapping layers and a single neu- 
ron in the bottleneck layer, was used. The performance of 
the AA" was evaluated by using a validation data set com- 
posed of 100 additional data measurements. Since, after be- 
ing properly designed and trained with representative data, 
the AA" is able to capture the underlying correlation con- 
tained in the measurements and to partly exclude the uncor- 
related measurement effects, it is thus possible to produce 
the closest consistent noise-free state for the given input in 
the least-squares sense. Note that, in general, a simple vari- 
ance reduction of measurement random noise does not guar- 
antee that the measured data are corrected to satisfy mate- 
rial balances. To better assess these two facets of data recon- 
ciliation, the following performance indicators are defined: 

1 -  x -- c 2 -  1 D  
p = l  k = l  21 

P 3  

(10) 

c c (& - F&)L 
(11) 

p = l  k = l  x,= p 3 c c ( F k D -  Fk*p. )2  
p = l  k = l  

P 3  

p = l  k - 1  
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1 p  2 
x, = - c ( P , ,  - P2, - P,,) 

p , = ,  
(13) 

(14) 

Criteria X ,  and X2 account for the deviations between the 
corrected flow rates and compositions and their experimental 
values. These are the only two criteria that the AA" at- 
tempts to minimize. With simulated data, the various meth- 
ods can also be evaluated for their ability to estimate the true 
values of each variable. This performance evaluation is given 
by criteria X3 and X,. The closer these indicators are to 
zero, the closer the estimated values are to their true values 
in the sense of the least-square error. A value of one indi- 
cates that the measured data were not corrected. Of course, 
for industria! data, it is not possible to calculate these crite- 
ria, because the true values of F& and x& are never avail- 
able. Finally, criteria X ,  and X6 provide an evaluation of the 
ability of the data-reconciliation methods to correct flow rate 
and composition imbalances. 

Table 1 gives the six performance indicators for the autoas- 
sociative neural network (AANN) for both the training (T) 
and the validation (V) data sets. These results clearly show 
that the AA." was able to satisfactorily reconcile all the 
process variables as given by the criteria X ,  and X,. This 
was made possible because the AA" was able to remove a 
significant portion of the measurement errors, that is, the 
random Gaussian noise. As a result, the material imbalances 
( X ,  and X6) were also significantly reduced because, in this 
case, the imbalances mainly come from the presence of the 
white noise on each of the process variables. Therefore, the 
use of AA" is justified for data reconciliation in this partic- 
ular situation. 

In the next section, a five-layer S B A "  is trained and 
tested using (1) the same data sets used for the AA", that 
is, data containing only zero-mean Gaussian noise; (2) the 
identical data sets used in the previous example, except for 
the addition of a constant bias to the measurement of the tail 
mass flow rate; and (3) the identical data sets used with the 
AA", except for the presence of one unmeasured process 
variable that will be estimated simultaneously when all the 
measured variables are reconciled. 

SBA" for steady-state data reconciliation 
The structure of the S B A " ,  used in this section, for 

steady-state data reconciliation is the same as the one used 
for the AA". It is simply a five-layer feedforward neural 
network that attempts to perform the identity mapping be- 
tween the inputs and outputs of the neural network. The 
mapping and demapping layers contain two neurons and the 
bottleneck layer contains a single neuron. 

The specific objective function to be minimized for S B A "  
is defined by the following equation: 

(15) 

where pairs (j,,,, j,,,), ( jp2,  j,,,), and ( jp3, jp6) stand for the 
adjusted flow rate and mineral composition in the feed, the 
concentrate, and the tails, respectively. Parameters (Yk, Po, 
and p1 are weighting factors. The objective criterion, defined 
in Eq. 15, is significantly different from the objective crite- 
rion of Eq. 1, even though the final objective is the same. The 
main difference lies in the way the filtering of the data is 
being performed. In Eq. 1, filtering is achieved by the sum- 
mation over a moving window of length K of the past mea- 
surements, whereas in Eq. 15 the filtering is performed by 
the neural network itself and by the learning horizon P. When 
the backpropagation algorithm is used, caution must be exer- 
cised in specifying the weighting factors, f fk,  P o ,  and P, in 
Eq. 15, because of the magnitude of the output errors that 
are backpropagated through the neural network. To avoid 
possible convergence problems and to maintain an efficient 
learning rate, these parameters should be chosen based on 
the knowledge of the measurement error level, the model er- 
ror, and the setting of the learning-rate parameter, q. When 
the quasi-Newton optimization procedure is used, this re- 
striction does not apply. 

In general, the steady-state mass-balance equations of such 
quasi-stationary processes were approximately satisfied at any 
given instant, therefore the weighting parameters Po and PI 
were simply given sufficiently large values. Obviously, when 

Table 1. Performance Comparison of Steady-State Data Reconciliation 

x2 
Mass 

Fraction 
Method T V  T " V  

x3 
(-1 

T V  
Original data 
AANN (6-2-1-2-6) 
S B A "  (6-2-1-2-6) 

a,-6=1.0, p1,2=0.5 
Nonlinear optim ( K  = 1) 
Nonlinear optim ( K  = 4) 
Nonlinear optim ( K  = 8) 
Average (total) 
S A N N -  1 
SANN-2 

0 0  
2.39 1.99 

2.48 2.24 
2.26 2.02 
2.60 2.40 
2.73 2.38 
3.88 2.96 
2.56 2.20 
2.48 2.13 

0 
5.1 X 

5.4 X 
4.5 X 
4.9x 10-6 
5.4 x 10-6 

5.9 x 10-6 
7.0X 

5.2 X 

0 
4.2 X 10- 

4.4x 10-6 

4.7x 10-6 

5.4x 10-6 
4.7x10-6 

3.3X10-6 

4.8X 

4.6X10-6 

1 1  
0.23 0.22 

0.17 0.16 
0.22 0.25 
0.11 0.10 
0.06 0.06 
0.38 0.14 
0.09 0.10 
0.11 0.12 

x4 
(-1 

T V  
1 1  

0.13 0.12 

0.10 0.10 
0.33 0.36 
0.17 0.16 
0.10 0.10 
0.02 0.09 
0.05 0.07 
0.09 0.10 

x5 
t2h-' 

T V 
8.7 6.3 
6.3 X l o - '  1.4X l o - '  

4.8 x 10-4 3.5 x 10-4 
1.6 x lo-; 1.1 x 10- 
3.2 X 10- 
7.5 x 10- 7 6.2 x 10- 7 
1 . 2 ~ 1 0 - ~  4 . 4 ~ 1 0 - 2  
1 . 7 ~ 1 0 - ~  2 . 4 ~ 1 0 - ~  
2 . 2 ~ 1 0 - ~  2.5X10-3 

2.5 X 10- 

x6 
t 2 h - 2  

T V 
1.4X 1.5 X lo - '  
8.5 x 10-4 1.8 x 10-4 

4 .3~10-5  3 .0~10-5  
7.8 x 10- 7 9.6 x 10- 7 

3 . 9 ~  10-6 3 .2~10-4  

1.7X10-6 2.5X1OW6 
3.1 X 7.8X 

1.4X10-6 2.2X10-6 
2.7X10-6 3.1X10-6 
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Po and PI in Eq. 15 are both set to zero, the S B A "  be- 
comes an ordinary AA", which aims only to minimize the 
sum of the squares of the errors between the measurements 
and the adjusted data without explicitly taking the informa- 
tion related to the mass conservation redundancy into 
account. 

Table 1 presents the results obtained with the five-layer 
S B A "  trained with the identical data sets that were used in 
the previous section. When compared to the results obtained 
with the AA", the S B A "  performs slightly better. The 
inclusion of the imbalance terms in the objective cost func- 
tion to be minimized makes it possible for the S B A "  to use 
this redundancy information directly to filter out the portion 
of the correlated random errors between the measurements, 
and to reduce the uncorrelated measurement errors. On the 
other hand, AA" is only able to remove the uncorrelated 
random noise between the sensors. Note that the location of 
the correlated random errors between the sensors can be en- 
countered frequently in mineral processing industries, for ex- 
ample, in the case where the same instruments are used to 
measure a number of process variables. In the simulation, the 
introduction of random noise in the feed flow rate is mainly 
responsible for a portion of correlated random errors. 

To better assess the ability of the AA" and the S B A "  
to perform steady-state data reconciliation efficiently relative 
to a conventional data-reconciliation method, an uncon- 
strained optimization was performed to minimize the objec- 
tive function of Eq. 1 using the same data sets used for the 
two neural networks. The weighting matrix, Q,, in Eq. 1 ac- 
counts for the relative confidence that one has in the mea- 
surements of each of the variables. If no systematic biases are 
detected, this level of confidence is usually associated with 
the covariance matrix, and Q, is normally equal to the in- 
verse of the process variable covariance matrix. P, is set to a 
value that corresponds to the relative confidence level on the 
models, expressed here as material balances. Like the specifi- 
cation of the weight vectors in the SBA" ,  P, was set to a 
diagonal matrix whose elements were relatively large because 
of the quasi-stationary nature of the process and therefore a 
relatively high confidence level in the mass-balance model. 
The results obtained for data windows of lengths 1, 4, and 8 
are presented in Table 1. As expected, the reconciled data 
using the optimization method are closer to their true values 
when the length of the data window is increased ( K  = 8). The 
nonlinear optimization method for this particular data set 
performs best in terms of estimation accuracy when the length 
of the data window is sufficiently long to efficiently filter out 
the measurement noise. For this particular data-reconcilia- 
tion method, there is of course no distinction between the 
training and the validation data sets, since the optimization 
procedure must be performed independently at each sam- 
pling instant. This method has the disadvantage of requiring 
significantly more computational effort but, on the other 
hand, has the advantage of using local information and, as a 
result, it is more adapted to processes that are not entirely 
stationary, as in the present situation. When properly trained, 
it can be readily used, without further training, for the 
SBA", to estimate each of the process variables, but the 
information contained in the weights and the structure of the 
network represents the average trend that is expressed by the 
training data set. 

Since steady-state conditions were assumed, it is also inter- 
esting to evaluate the reconciliation performance using a sim- 
ple average of all measured variables over the entire length 
of the data sets, that is, the 400 and 100 values, respectively, 
for the training and validation data sets of each mass flow 
rate and composition. If the process were perfectly under 
constant steady-state conditions and only Gaussian noise was 
present, the simple averaging of all process variables, over a 
sufficiently large data window, should lead to an excellent 
data reconciliation. The results of the pure data filtering are 
also presented in Table 1. It was observed, however, that the 
criterion X, for the training data samples is considerably 
higher than those obtained with most of the other data- 
reconciliation methods. Pure filtering, or the simple averag- 
ing method, was not successful for the steady-state data rec- 
onciliation of this particular process in which a slow dynamics 
exists and the true process variables of the three mass flow 
rates are not constant but vary quite significantly with time. 

Results obtained with a S A "  are also presented in Table 
1. SA"-1  and SA"-2  represent the results obtained with 
a three-layer feedforward neural network for, respectively, 
training data sets of a hypothetically perfect data reconcilia- 
tion, and one that corresponds to the output of the nonlinear 
optimization procedure with a horizon K of 8. These results 
clearly show that an ordinary three-layer feedforward neural 
network could be used to emulate with relatively high accu- 
racy the performance of the best data reconciliation, and then 
could be used on-line more readily than any other data-rec- 
onciliation method. The fact that other results (not shown 
here), obtained with SA"-1  for a truly stationary process, 
led to nearly perfect behavior suggests that the data-recon- 
ciliation results of Table 1 for the S A " - 1  are the best that 
could be expected from neural networks for the particular 
quasi-stationary process used in this study. Indeed, without 
the presence of temporal information, the neural network can 
only represent the average behavior expressed by the data 
set. 

Each data-reconciliation method will now be evaluated for 
their ability to perform steady-state data reconciliation in the 
case where a constant bias is present on one of the measured 
process variables. Table 2 shows the performance of each 
data-reconciliation method for the data sets that are identical 
to those used earlier, except that the tail mass flow rate mea- 
surement is affected by a constant bias. Of course, this bias 
must be detected before performing data reconciliation in or- 
der to adjust the weighting coefficients; otherwise, this con- 
stant bias will be distributed to all the process variables in 
proportion to the inverse of their weighting coefficient. In 
this evaluation, the bias was assumed to be approximately 5% 
of the average value of the tail flow rate. Accordingly, the 
weighting factor, a3, associated with the tail mass flow rate 
term was given a value of 0.1 instead of the weighting coeffi- 
cient of 1.0 for other measured variables. The results in Table 
2 clearly show that the S B A "  performs quite well. The per- 
formance of both the AA" and the total average filtering 
method, which cannot account for the presence of a system- 
atic bias in the data set, is totally inadequate. The results in 
Table 2 show that the nonlinear optimization method is still 
the best one in terms of estimation accuracy. 

Finally, the ability of the S B A "  and the nonlinear opti- 
mization method are now evaluated in the case where one of 
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Table 2. Performance Comparison of Steady-State Data Reconciliation in the Presence of Bias 

x2 

Xl Mass x3 x4 XS x6. 
Fraction (-1 (-) t 2 h - 2  r 2 h - 2  _ _ _ _ ~  t 2 h - 2  

Method T V  T V T V T V  T V T V _______ 
Original data 0 0  0 0 1 1 1 1 3.5X10' 3.3X10' 1.4X10-2 1.2X10-2 
AA" (6-2-1-2-6) 1.59 1.67 4.9X10-6 6.2X10-6 0.87 0.83 0.15 0.18 2.9X10' 2.3X10' 3 . 9 ~ 1 0 - ~  1.6X10-3 
S B A "  (6-2-1-2-6) 

c r , ,2 ,4-6=1.0 ,~3=0.1  8.96 8.39 4.2x10-6 5.6X10-6 0.06 0.06 0.15 0.20 1.2X10-2 1.2X1OV2 6 . 3 ~ 1 0 - ~  5.7X10-4 

Nonlinear optim(K=4) 11.14 10.05 4.2X10-6 4 . 4 X W 6  0.05 0.05 0.18 0.17 2.3X10-9 3.6X10-5 l . l ~ l O - ~  l . 2 ~ l O - ~  
Nonlinear optim ( K  = 8) 11.09 10.12 4.8 X 4.3 X 0.03 0.03 0.10 0.16 9.2 X 10- I' 9.1 X lo-" 2.6X 2.1 X 
Average (total) 3.85 3.46 6.1X10-6 5.7X10-6 0.84 0.77 0.21 0.06 2.5X10' 2.5XlO+' 7.8X10-6 9.1x10-5 

P1.2 = 0.5 

the process variables is not measured and needs to be esti- 
mated. It is important to note that the AA" cannot be sim- 
ply used to estimate the values of unmeasured variables. To 
test these two methods, it was assumed that the tail mass 
flow rate, yp3, of the flotation circuit could not be measured. 
Thus, to account for the unmeasured process variable, two 
modifications of the S B A "  are required: first, the weight- 
ing coefficient, a3, in the objective cost function (Eq. 15) has 
to be set to zero; and second, the structure of the neural 
network has to be modified. Since there are now only five 
process measurements available, the S B A "  input layer con- 
tains only five neurons, excluding the bias neuron. The out- 
put layer of the neural network still contains six neurons for 
the six adjusted process variables, among which one is not 
measured. The network structure is thus designed to be (5-2- 
1-2-6) and it is trained with the identical data set used with 
the AA", except for the absence of the tail mass flow rate, 
yp3. In the neural network training procedure, the initial val- 
ues of jPp3 can be arbitrarily set. However, to promote faster 
convergence, it is better to set its value to the estimated aver- 
age value of this variable, as was done in this study. The per- 
formance indices for the two reconciliation methods are pre- 
sented in Table 3. Figure 7a presents the plots of the simu- 
lated and true values of the unmeasured tail mass flow rate. 
Note that the simulated unmeasured tail mass flow rate is 
only used for comparison with the S B A "  performance of 
the estimation, and does not exist in real situations. The true 
values of the unmeasured variable are the simulated values 
without the measurement random noise included. This graph 
allows visualization of the quasi-stationary behavior of the 
process and the level of noise on process variables. Figure 7b 
presents the plots of the true tail flow rate and the estimated 
values obtained with the SBA".  These results show that 
the S B A "  is able to perform proper data reconciliation and, 
at the same time, to estimate an unmeasured process vari- 

able. As expected, the nonlinear optimization method also 
performs extremely well for this example. It is important to 
point out that the estimation of an unmeasured variable is 
possible only if data redundancy is present or, in other words, 
if the unmeasured process variable is observable. It is also 
noticed that, even though the off-line training of the S B A "  
used in this study can take a few minutes to converge on a 
UNIX IBM 320 workstation, the on-line use of the neural 
networks for data reconciliation only requires a very short 
period of computing time because a very simple algebraic cal- 
culation is involved. The computing time for data reconcilia- 
tion using nonlinear optimization methods may be apprecia- 
ble, depending on the complexity of the problems. In this 
study, an unconstrained optimization algorithm using a sim- 
plex search method was used to perform the nonlinear 
steady-state data reconciliation. The maximum number of it- 
erations was set to 1,200. The average computing time using 
the optimization method for each set was about 3 s. 

Conclusion 
A novel autoassociative neural-network-based estimator 

(SBA") was developed to cope with nonlinear steady-state 
data-rectification problems. The objective function of the 
S B A "  is the same as that used in traditional autoassocia- 
tive neural networks (AA"), except that a system mass-bal- 
ance penalty function term is included, thus making the 
AA" a special case of the SBA".  The S B A "  conserves 
all the data-reconciliation capabilities of the AA". In addi- 
tion, because of the explicit use of the redundancy informa- 
tion related to system mass balances, use of the S B A "  is 
also able to adjust the measured data to make them as con- 
sistent as possible with the system mass balance model, espe- 
cially in the presence of nonrandom measurement errors. It 

Table 3. Performance Comparison of Steady-State Data Reconciliation for an Unmeasured Variable 

x2 
X Mass x3 x4 XS x6 

Fraction- (-) (-) t 2 h - 2  t 2 h - 2  r 2 h c 2  

Method T V  T V T V T V  T V T V 
Original data 0 0  0 0 1 1 1 1 5.6 4.5 1.4 X lo-' 1.5 X lo-' 

a1,2,4-6 = 1.0, cr-) =O.O 2.83 2.71 5.5X10-6 4.5X10-6 0.20 0.20 0.14 0.10 1.4X10-2 1.3xlO-* 7.6x10-4 6.8X10-4 

Nonlinearoptim(K=4) 2.78 2.60 4 . 8 X W 6  4.4X10e6 0.17 0.16 0.17 0.16 l.2X10-9 1 . 5 ~ 1 0 - ~  9.7X10-' l.2X10-4 
Nonlinearoptim(K =8) 2.84 2.51 5.3X10-6 4.6X10-6 0.09 0.10 0.10 0.09 33x10-"  6.0X10-" 2.5X10-6 4.6X10-6 

S B A "  (5-2-1-2-6) 

P1.2 = 0.5 
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Figure 7. Use of the SBANN to estimate the value of an 

unmeasured variable. 
(a) Comparison of the simulated measurement and the true 
value; (b) comparison of the estimated and the true values. 

is also able to simultaneously estimate the values of unmea- 
sured variables. Simulation studies have been conducted on 
the application of this novel neural network for data reconcil- 
iation of a flotation circuit with good success. 

The SBANN-based estimator, developed in this study, ex- 
hibited satisfactory filtering capability and robustness. How- 
ever, it may be necessary to adapt this neural network on-line 
in order to cope with significant steady-state changes in the 
system that may occur in practice. One possible method would 
be to conduct an off-line training of the S B A ”  in a moving 
window of past measurements in order to adapt the neural 
model to changing process conditions. 

Work is now in progress for the development of an 
SBANN-based estimator to be used for dynamic data recon- 
ciliation. 
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Notation 
em, =vector of mass residual imbalances, Eq. 2 

E =objective cost function, Eq. 4 
F =flow rate scaled from 0 to 1, Figure 3 

J ( t )  =objective cost criterion, Eq. 1 

M =total number of mineral species 
S =output of the hidden neuron 
X =mass fraction scaled from 0 to 1, Figure 3 
Xi  =performance indicator 
2 =output of the final layer of neurons 
8 =vector of propagated errors through the network 

Subscripts and superscripts 
m =mth species 
n =nth measured variable 
p =training sample number 
i =weighting factor index number (superscript) 
* =true value 
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Appendix 
The backpropagation learning algorithm (Rumelhart et al., 

1986) was used in this study for the special objective function, 
which contains not only the term of the least-square errors 
but also the process mass imbalances. To derive the learning 
algorithm, let’s look at a standard three-layer feedforward 
neural network as shown in Figure Al. The output of each 
neuron of this neural network is calculated as follows. First, 
the weighted summation of each neuron in the hidden and 
output layers are evaluated for each pattern, p :  

1 - 1  

spi = c w j y p i  + WIi (All  
i = l  

A 

I n p u t  layer Hidden layer O u t p u t  layer 
(i)  (j 1 (k) 

Figure A1 . Feedforward neural-network structure. 

where Wij  and yk are the connection weights, respectively, 
of neuron i to neuron j and of neuron j to neuron k .  

Next, the values of S p j  and Zpk are processed through a 
transfer function. In this investigation, a sigmoidal transfer 
function is used: 

(A4) 

The learning rule for multilayer feedforward neural net- 
works is generally the well-known backpropagation algorithm 
(Rumelhart et al., 1986) that is obtained by differentiating a 
least-squares objective function with respect to each weight 
in the neural network 

where and ?+$‘+l) are the weights, evaluated at time 
t ,  that will prevail from iteration t to ( t  + 1). The parameter r] 

in Eqs. 20 and 21 is the learning rate. Note that even though 
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these equations were defined for a three-layer neural net- 
work, similar equations are easily derived for a five-layer 
neural network. 

The backpropagation algorithm is usually only concerned 
with the sum of squares of the deviations between the pre- 
dicted and target values. For the SBA" ,  the system imbal- 
ance term is included in the criterion, along with the sum of 
squares of the deviations. Therefore, for a three-layer neural 
network, the output error, aPk, and the propagated error for 
the neurons of the hidden layer, aPj, can then be calculated: 

dE aE a f ( S p , )  8 .=--=--- 
PI dS] df(SPj) as, 

A backpropagation algorithm for a five-layer S B A "  can be 
determined in the same way as described before. This deriva- 
tion allows the backpropagation algorithm to be used di- 
rectly, but also the analytical derivatives to be calculated in 
the case where the quasi-Newton optimization routine is used. 
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