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Two collective estimation strategies, the Unbiased Estimation Technique (Rollins and Davis, 
1992) and the recursive Generalized Likelihood Ratio (Keller er a/., 1994), have been shown to 
be very efficient in detecting and estimating multiple gross errors in linear process systems. 
However, these strategies run into singularities and uncertainties that prevent them from being 
used in automatic schemes. This paper uses a recently presented theory on gross error equiva- 
lency to explain when and how these singularities and uncertainties take place. The procedures 
presented by these two methods are modified to prevent the singularities from appearing 
and allowing their automatic implementation. 

Keywords: Gross error detection; data reconciliation; bias estimation; leak estimation 

INTRODUCTION 

Measurements in process plants contain errors, random and systematic. T o  
make these measurements abide by basic conservation laws, these errors are 
eliminated by the application of data reconciliation techniques. Systematic 
errors as well as process leaks, which have been together called gross errors, 
have been the object of several publications in the past three decades. It is 
desired to obtain the exact location of gross errors and it is advantageous to 
have an  estimate of their size. The former helps instrument maintenance in 
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2 M. BAGAJEWICZ er a1 

the case of biases and process monitoring in the case of leaks. The latter 
constitutes valuable information for production accounting. 

All compensation techniques that deal with gross errors rely on two steps, 
identification and size estimation. Three kinds of strategies have been 
developed in identifying multiple gross errors: Serial Elim~nation (Ripps, 
1965; Serth and Heenan, 1986; Rosenberg et al., 1987) which identifies one 
gross error at a time using a test statistic and eliminates the correspond- 
ing measurement until no gross error is detected; Serial Compensation 
(Narasimhan and Mah, 1987) which identifies the gross error and its size, 
compensates the measurement and continues until no error is found; 
Simultaneous or Collective Compensation (Keller et a/., 1994; Kim et al., 
1997; Sinchez and Romagnoli, 1994), which proposes the estimation of all 
gross errors simultaneously. In addition, Bagajewicz and Jiang (1998) 
proposed a collective compensation strategy for dynamic systems that can 
be used for steady state cases. Finally the Unbiased Estimation Technique 
(UBET) proposed by Rollins and Davis (1992) makes the identification first 
and then a simultaneous estimation. 

This paper concentrates on two published collective compensation 
methods, the Unbiased Estimation Technique (UBET; Rollins and Davis, 
1992) and a modification of the Generalized Likelihood Ratio (GLR, 
Narasimhan and Mah, 1987) strategy (Keller er al., 1994), which we call 
Collective GLR (CGLR), because size estimation is done for all gross errors 
at the same time. UBET relies first on an identification step that requires 
determining a certain number of gross error candidate locations. In a second 
step, it performs an estimation of the gross error size and it applies 
Bonferroni tests to determine if the estimates are statistically significant. The 
CGLR technique is based on the Generalized Likelihood Ratio test that 
locates one gross error in each step and compensates/estimates all gross 
errors previously identified. 

Both these techniques have shown problems for special cases of locations 
of gross errors. These problems consist mainly of singularities of matrices 
that need inversion. These problems will be explained in detail in view of the 
Gross Error Equivalency Theory recently developed by Bagajewicz and 
Jiang (1998). This theory is also used to modify certain steps of both methods 
so that automatic implementation of both techniques is possible. After these 
modifications are presented, the two methods are numerically compared. 

UBET and CGLR are first briefly reviewed and special sections describe 
the problems encountered. The theory of gross error equivalency is summa- 
rized next and in the following section, the modifications needed to avoid 
the problems are introduced. Finally, the methods are compared. 
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GROSS ERROR COMPENSATION 3 

REVIEW OF UBET 

In this section, we review the unbiased estimation technique presented by 
Rollins and Davis (1992). In this paper, the basic elements of the technique 
are presented and suggestions are made on how to implement it. These 
suggestions have not been put into the form of a step by step recipe by these 
authors. Therefore, the description that follows as well as the step-by-step 
summary of the method is our own construction on how best to implement 
the method. The UBET is developed from the'balance residuals: 

and its expected value 

where 

M =  [ m , ,  ..., m,] (3 )  

and p , q  are the number of measured variables and constraint equations 
respectively; 6, y the unknown ( p  x 1) measurement biases and ( q  x 1) leaks, 
A  is a ( q  x p) constraint matrix with rank ( A )  = q, y is a ( p  x 1) vector of 
measurements and mi is a ( q  x 1) vector with zeros in every position but a 1 
in the jth. 

By partitioning A,  M, 6, y and assuming there are always q  gross errors, 
one can get: 

Finally, by introducing 

one obtains 

Thus, I,' r ( i  = 1,.  . . , q )  are unbiased estimators of the components of 6 
and y contained in 0 , .  
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The procedure for applying UBET can be then summarized as follows: 

(1) Use a gross error identification strategy, like the 'nodal strategies 
reported by Mah et 01. (1976) and Heenan and Serth (1986), to isolate 
the suspect nodes and also construct the candidate biaslleak list from the 
suspect nodes. 

(2) Obtain BI with elements no more than the number of constraint 
equations (4). 

(3) Construct CI with rank equal to q. 
(4) Obtain the size estimation for the elements in BI .  
(5) Use the Bonferroni Test to identify the gross errors. 

Although the original paper suggests a fixed number of q gross errors, as 
the basis for the method, Rollins (1998) have suggested that with appro- 
priate modifications, the method can be applied to a lower number of gross 
errors candidates. These modifications are not explored in this paper. In 
addition, he recommends the use of linear combination of tests (LCT), as 
suggested by Rollins et 01. (1996). 

SOME DIFFICULTIES IN APPLYING UBET 

In UBET, it is assumed that the rank of CI is equal to the number of nodes 
(q) and there are at most q gross errors. i.e., no matter how many gross 
errors are identified in step (I), q and only q gross errors will be used in BI in 
step (2). Thus, the following problems arise: 

Too Many Gross Error Candidates 

In many cases, the gross error candidates found in step (I) are more than q. 
Which q gross errors should one choose? We illustrate this situation next: 

Consider the process flowsheet in Figure 1, where the true values of the 
mass flowrates are s = [loo. 40. 80. 30. 50. 40. 60. 40. 20. 60.1 and the total 
flowrate standard deviations are taken as 2.5% of the true flow rates. All 
streams are measured and their values are: y = [I 15.63 31.40 77.1 1 30.42 
49.50 40.69 61.22 46.71 20.64 61.001. Now, assume three measurement biases 
are present in streams SI, S2 and S8 of size 12.5, -7 and 6 respectively. 

The Modified Method of Pseudonodes (MMP; Serth and Heenan, 1986) 
identifies onlybiases. Thus, to identify leaks, an extension of M M P  was 
necessary. This extension consists of adding the corresponding leak into the 
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GROSS ERROR COMPENSATION 5 

FIGURE I Process flowsheet I .  

candidate list when a node is identified as a suspect during the procedure. 
Rollins (1998) suggested that an alternative would be to use the LCT 
method (Rollins el al., 1996). 

Once the extended M M P  was applied, the following list of candidates was 
obtained: {SI, S2, S8, Leakl, Leak 2, Leak3, Leaks). It can be seen that the 
number of candidates is larger than the number of nodes in this system, so 
the UBET strategy can only be applied by an expert user who can decide 
which leaks and biases have to be included in CI. 

Not Enough Gross Error Candidates 

In some other cases, the number of suspects identified by a strategy could be 
less than the number of nodes. If that happens, could one arbitrarily add 
any other candidates to B I ?  

In the example of Figure 1, consider the following measurement vector 
y = [102.97 38.79 79.96 29.88 47.99 46.25 58.42 41.41 19.59 60.791, which 
corresponds to a bias of size 6 in stream S6. The extended M M P  strategy 
identifies the following candidate list: {S6, Leak2, Leak3), which contains 
two gross errors,less than required. Thus, some other gross error has to be 
included in the candidate list to fulfill the requirement of q = 5 gross errors. 

Singularity of CI 

In the example of Figure 1, consider the following measurement vector 
y = [100.54 44.57 65.65 29.95 48.73 40.61 60.76 41.69 20.29 59.031, which 
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corresponds to two biases of size 5.5 and -14.0 in streams 2 and 3. The 
extended M M P  strategy identifies the following candidate list {S2, S3, 
Leakl, Leak2, Leak4). The rank of CI based on this set is less than 5. In 
other words, CI is singular. 

In addition, when the number of candidates is less than q one cannot add 
arbitrarily any gross errors to complete the required number without the 
risk of running into singularities. Likewise, when the number of candidates 
is larger than q, one may run into the same problem: one cannot remove the 
excess number arbitrarily. These suggestions have not been put forth by 
Rollins and Davis (1992) o r  papers thereafter, but rather, they are a result of 
the present discussion. 

REVIEW OF CGLR 

This strategy is a modification of the Serial Compensation Strategy based on 
GLR (Narasimhan and Mah, 1987), proposed by Keller et al. (1994). We 
call this new strategy CGLR. 

It is based on a recursive algorithm. In each step, one new gross error is 
identified and CGLR collectively estimates and compensates for all gross 
errors identified in the previous steps rather than just estimates and com- 
pensates for the new gross error. 

Suppose that k gross errors ~k = [bl ,  bz , .  . . , bklT (obviously k = 0 at  the 
initial time) are already detected. Assume also that there exist some other 
gross errors not yet identified and one of these gross errors is b, with fault 
direction jj = A, or 4 = mj. The constraint residual of the system can be 
expressed as: 

where Fk = [ f l , .  . . ,fklT is the (q x k) fault directions matrix describing the 
gross errors already detected and E the vector of measurement random 
errors. In the least square sense, the magnitude estimators of gross errors are 
solutions of: 

where Sk is a (k x I) vector of gross errors estimation, 8, the estimation of 
the hypothetical gross error and V = var(r) = AQA? One finally obtains: 

D
o
w
n
l
o
a
d
e
d
 
B
y
:
 
[
E
B
S
C
O
H
o
s
t
 
E
J
S
 
C
o
n
t
e
n
t
 
D
i
s
t
r
i
b
u
t
i
o
n
 
-
 
C
u
r
r
e
n
t
]
 
A
t
:
 
1
7
:
3
2
 
4
 
S
e
p
t
e
m
b
e
r
 
2
0
1
0



GROSS ERROR COMPENSATION 

where 

The GLR test statistic is: 

where 

According to Keller et al. (1994), the recursive procedure for applying 
CGLR can be summarized as follows: 

(1) At time k (k = 0 at the initial time), calculate T', for every vectorl;. of 
Z(s - k). Here s represents the total number of streams and nodes and 
Z(s - k) the set of (s - k) hypothetical fault directions. 

(2) Obtain Tk and compare it with a pre-specified critical value. If Tk 
exceeds this threshold, the gross error j is present. Also obtain ij and ~ k .  

If Tk does not exceed this threshold, go to step (4). 
(3) Let k = k + l and Fk+ = [Fk 141, go to step (1). 
(4) Declare k gross errors and stop. 

SOME DIFFICULTIES IN APPLYING CGLR 

At step k, the calculation of (hTSk&) has to be performed for every vectorl;. 
of Z(s - k) in order to evaluate Ti and by If (fjTskfi) is zero, it is not possible 
to calculate the test statistic for stage k (Tk), and to make a decision of which 
is the gross errors in suspect. 

Consider the process flowsheet in Figure 2, where the true values of the 
mass flowrates are x = [20. 40. 40. 20. 20.1 and the total flowrate standard 
deviations are taken as 2.5% of the true flow rates. All streams are measured 
and their values are: y = [31.9 40.9 34.5 20.7 19.41. Now, assume two gross 
errors are present in streams S1 and S3 of size 11.1 and -5.0 respectively. 
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M. BAGAJEWICZ cr a/. 

Leak 1 Leak2 Leak3 

FIGURE 2 Process flowsheer 2. 

The application of the CGLR strategy results in the following: At step (I), 
k = 0, s = 8, and one can calculate Th for all 8 hypothetical fault directionsf, 
(j = 1,. . . ,a ) .  At step (2), To is identified equal to T; and exceeds the critical 
value, therefore, the bias in S1 is detected and its size 8 ,  is also estimated. 
Since To exceeds the critical value, one has to go back to step (I). Now we 
have k = 1 and s -  k = 7 .  Unfortunately, flSIfs, corresponding to Leakl, is 
found to be zero, which makes the calculation of TI  and the estimation of 
8 6  impossible. 

PREVIOUS REPORTS OF FAILURES 

The difficulty associated with the selection of a right amount of candidates 
list has not been reported in the literature for the UBET strategy. If a non- 
automatic procedure of selection was originally applied, the expert user 
might choose a convenient amount of gross errors from MMP results, so 
this problem did not appear. In the same way, some combinations with a 
right amount of gross errors that create singularities problems were avoided. 

Nevertheless, some difficulties can not be eliminated by an expert user. 
These problems were reported by Rollins and Davis (1992). When analyzing 
the failures of the technique in nine cases of Table V in their paper, they 
conclude: "This happened because these 6's are distributed such that their 
unique estimation is not possible. That is, A l l  is not of rank 3." Later on, they 
add: "It is important to note, however, that in all these cases BNS reaches the 
conclusion that at least two or three 6's are nonzero, which is correct." The 
authors use an ad-hoc technique, not explained in their paper, but commu- 
nicated separately (Rollins, l.998) to determine that "two of three errors" 
are present. 
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GROSS ERROR COMPENSATION 9 

In turn the problems experienced by CGLR were not reported in the 
original paper. All these difficulties, can be summarized as: 

Not obtaining the right amount of gross error candidates. 
Singularities. 
Uncertainties as  of which are the gross error present. 

ASSESSMENT OF THE FREQUENCY OF FAILURES 

T o  determine the frequency a t  which these methods run into the afore- 
mentioned problems a simulation study was conducted. The method propos- 
ed by Iordache et al. (1985) was followed. Each result is based on 10000 
simulation trials where the random errors are changed and the magnitudes 
of gross errors are fixed. 

Three performance measures are used: overall power (OP), average num- 
ber of type 1 errors (AVTI) and expected fraction of perfect identifica- 
tion (OPF). They are defined as follows: 

No. of gross errors correctly identified 
O P  = 

No. of gross errors simulated 

No. of gross errors incorrectly identified 
AVTI = 

No. of simulation trials (16) 

No. of trials with perfect identification 
O P F  = 

No. of simulation trials (17) 

The first two measures were proposed by Mah and Narasimhan (1987) 
and the last one by Rollins and Davis (1992). 

The process flowsheet in Figure 3 is used to analyze the performance of 
the strategies. In this example the true flow rate values are x = [5. 15. 15. 5. 
10. 5. 5.1. The flow rate standard deviations were taken as  2.5% of the true 
flow rates. All possible combinations of two measurement biases were 
simulated first. Fixed gross error magnitudes of 7 and 4 standard deviations 
were considered for the corresponding flow rates. Measurement values for 
each simulation trial were taken as the average of ten random generated 
values. In order to compare results on the same basis, the level of sig- 
nificance of each method was chosen in this paper such that it gives an AVTI 
equal to 0.1 under the null hypothesis. The results of these runs are 
summarized in Tables I and 11. 
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TABLE 1 Performance o f  UBET. Biases 

6 

- 

Biased A VTI O P  OPF Failure ( I  . -OPF) 
stream 

Singular Too few Too many Other 

2 - 2  

From these tables, one could conclude that the power of these methods is 
low. In addition, the methods cannot be implemented automatically, as an 
expert opinion is needed to sort out the problems that arise. The iden- 
tification of too few or too many gross error candidates can be blamed on 
the identification method of choice. Nothing suggests that other identifica- 
tion algorithms will perform satisfactorily in this regard either. In addition, 
it is interesting to note how certain combinations of gross errors lead to a 
high number of failures due to singularities, whereas others do not. The 

4 
FIGURE 3 Process flowsheet 3. 
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GROSS ERROR COMPENSATION 1 1  

TABLE 11 Performance of CGLR. Biases 

Biased A VTI OP OPF Failure (I .-OPF) 
stream 

Sinnulor Other 

emergence of singularities is more frequent in CGLR than in UBET. The 
difference is not by any means a result of a poorer performance of the 
method. These singularities are not found in UBET simply because too 
many or too few gross error candidates are identified first. 

If one seeks an automatic implementation of these techniques one needs 
an automatic way of sorting these difficulties efficiently. All these difficulties 
can be sorted using the equivalency theory (Bagajewicz and Jiang, 1998), 
which is summarized briefly next. 

EQUIVALENCY THEORY 

This theory was recently presented by Bagajewicz and Jiang (1998) and is 
briefly summarized next. Two sets of gross errors are equivalent when they 
have the same effect in data reconciliation, that is, when simulating either 
one, leads to the same value of objective function. Therefore, the equivalent 
sets of gross errors are theoretically undistinguishable. In other words, when 
a set of gross errors is identified, there exists an  equal possibility that the 
true locations of gross errors are in one of its equivalent sets. From the view 
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of graph theory, equivalent sets exist when candidate stream/leaks form a 
loop in an augmented graph consisting of the original graph representing the 
flowsheet with the addition of environmental node. 

For example, consider the process of Figure 4 and assume that all streams 
are measured. As shown in Table 111, a bias of (- 2) in S4 and a bias of (+ 1) 
in S5 (Case 1) can be represented by two alternative sets of two gross errors 
(Cases 2 and 3). 

By applying this theory, one can see that any proposed set of gross error 
candidates cannot form a loop. Otherwise the size of these gross errors is 
indeterminate, a condition that leads to singularities. This explains why 
combinations of introduced gross errors in Figure 3 like 1-6, 1 - 7 ,6-  7 lead 
so easily to singularities: The addition of just one stream to these sets can 
lead to a loop through the environmental node. Take for example the com- 
bination of simulated gross errors 1-6: just the addition of stream 7 will 
form a set with a loop through the environmental node. 

Environmental Node 

FIGURE 4 lllustration of gross error equivalency. 

TABLE Ill Illustration of equivalent sets in {S2,S4,Ss) of ~ i g u r e  4 

SI s2 s3 s 4  s5 s6 

Measurement 12 18 10 4 7 2 
Case I Reconciled data 12 18 10 6 6 2 
(Bias in S4, Ss) Estimated biases - 2 I 

Case 2 Reconciled data 12 19 I0 7 7 2 
(Bias in Sir S4) Estimated biases - 1 - 3 

Case 3 Reconciled data 12 16 10 4 4 2 
(Bias in S,. SS) Estimated biases 2 3 
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GROSS ERROR COMPENSATION 13 

TABLE IV Illustration of degenerate cases in {S2. S4, SS} of Figure 4 

Measurement 12 18 10 7 7 2 
Case I . Reconciled data 12 18 10 6 6 2 
(Bias in Sq,S5) Estimated biases 1 I 

Case 2 Reconciled data 12 19 10 7 7 2 
(Bias in S2) Estimated biases - I  

Degenerate Cases 

The equivalencies above are built in the assumption that the number of 
gross errors identified is equal to the real number of gross errors. However, 
there are examples where the actual number of gross errors can be larger 
than the number of gross errors identified. One such example is shown in 
Table IV, where a set of two gross errors (Case I) is equivalent to one gross 
error (Case 2). These cases are rare, as they require that the two real gross 
errors have equal sizes. This poses an additional uncertainty. If a certain 
number of gross errors are detected, there is a possibility that the actual num- 
ber of gross errors is larger. 

Degenerate cases are, however, more frequent in the case of the presence 
of leaks. Indeed, take again the example of Figure 4. A leak of a certain size 
in unit U1 can be represented by a set of equal in size (but opposite sign) 
biases in streams S2 and S3. If one chooses to perform the candidate 
identification step using a bias detection test (like the measurement test for 
example), then one is likely to identify these degenerate cases. 

MODIFICATIONS OF UBET AND CGLR 
TO ADDRESS SINGULARITIES 

In view of the above theory, we can now explain why in applying UBET C, 
could be singular and how one should construct B , ,  and why in applying 
CGLR in some cases&'&& are zero. All these singularities are caused by 
the presence of loops. 

The procedure of applying UBET is modified as follows: 

(I) In step (I), after the candidate biaslleak list is constructed, the 
Equivalency Theory is applied to delete the possible existing loops in 
this list. All candidates are checked one by one. If a candidate forms a 
loop with any candidate(s) checked, it will be deleted from the list. 

(2) After this modified step (I), in view of the Equivalency Theory, the 
elements of 0, in step (2) will certainly be no more than the number of 
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constraint equations (q). Therefore, B1 can be directly transferred from 
step (I). 

(3) In step (3), if the number of elements in 0, is less than q, one has to add 
other streams/leaks as candidates to O1 to make the number equal to q. 
Any of these streams/leaks must be checked and be sure that it is not 
forming a loop with any element(s) in 0, before it is added. 

The modification made to the CGLR procedure is: 

In step (I), at time k (when k > I), one calculate T; only for those vectors 
Jj that d o  not form a loop with any element(s) in Fk. 

We call these new methods Modified UBET (MUBET) and Modified 
CGLR (MCGLR) 

PERFORMANCE OF MODIFIED UBET AND CGLR 
IN ADDRESSING SINGULARITIES 

After modifying UBET and CGLR strategies to avoid singularities, a 
simulation procedure was applied to study their performance in gross error 
detection and estimation. 

Table V shows good results expressed in terms of performance measures 
for the two modified methods when leaks are not present. In addition, it can 
be seen that there is one case (biases in streams 1 and 5) where UBET is 
capable of performing an acceptable identification, whereas CGLR 
performs poorly. At this time, we have no explanation for this anomaly. 

TABLE V Good performance results for MUBET and MCGLR when leaks are not present 

Biascd MUBET MCGLR 

stream A VTI OP OPF A VTI OP OPF 

1-2 0.066 0.999 0.934 0.103 0.944 0.897 
1-3 0.132 0.977 0.915 0.100 0.944 0.900 D
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GROSS EKKOR COMPENSATION 15 

However, it serves as an indication that the power of a method seems to be 
location dependent. 

As it is shown in Table VI, MUBET gives zero O P F  'for the nine 
combinations of gross errors. In addition, CGLR gives similar results for 
seven of these cases. Although UBET and CGLR have been modified to 
avoid singularities, the O P F  measure indicates the inability of the methods 
to distinguish the exact locations of the gross errors, hence its inability to 
estimate its size. 

In Table VII, bias estimation results are presented based on perfect 
identification trials. It is important to note that when the O P F  is low, the 
results are based on a lower number of successful runs. Similar identification 
and estimation examples are presented in Tables VIIl and IX when leaks are 
present. 

TABLE V1 Unsatisfactory results for MUBET and MCGLR when leaks are not present 

Biased MUBET MCGLR 

stream A VTI O P  OPF A VTI O P  OPF 

1-6 0.084 0.966 1,6,7* 0.068 0.997 0.935 
1-7 1.061 0.500 1,6,7* 1.062 0.500 0.000 
2-3 1.077 0.500 2,3,4* 1.058 0.503 0.005 
2-4 0.091 0.944 2,3,4* 0.992 0.500 0.000 
3-4 1.017 0.504 2,3,4* 0.992 0.500 0.000 
4-5 1.083 0.500 4,5,6* 0.052 1.000 0.949 
4-6 0.351 0.875 4,5,6* 0.899 0.576 0.144 
5-6 1.025 0.517 4,5,6* 1.033 0.500 0.000 
6-7 1.050 0.499 1,6,7* 0.910 0.500 0.000 

At least two of the three locations cantain gross errors. (Rollins and Davis, 1992). 

TABLE VII Biases estimation results for MUBET and MCGLR when leaks are not present 

Biased MUBET MCGLR 

stream Sizes Estimates Standard Estimates Standard 
deviation deviafian 
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TABLE Vlll Performance results for MUBET and MCGLR when leaks are present 

Gross MUBET MCGLR 
errors 

A VT I  OP OPF A VT I  OP OPF 

Nole:  L n  means a lcak in node n and En means a bias in  stream n.  

TABLE IX Gross error estimation for MUBET and MCGLR when leaks are present 

Gross Sizes MUBET MCGLR 
errors 

Esrimarcs Standord Estimates Standard 
deviation deviation 

ADDRESSING UNCERTAINTIES 

The uncertainties in gross error identification, experienced by UBET as well 
as CGLR, can be also completely understood in view of the aforementioned 
theory of equivalency of gross errors. Returning to the uncertain cases of 
Table VI, each set of three streams ({I, 6 ,7 ) ,  {2 ,3 ,4 )  and {4 ,5 ,6) )  forms a 
loop, the first through the environment node, and the other two within the 
graph. For each set, all combinations of two gross errors form equivalent 
sets, so they are theoretically undistinguishable. 

As a result of the equivalency of gross errors, the issue of perfect 
identification of gross errors should be revised. This issue has been raised by 
Bagajewicz and Jiang (1998), when presenting the equivalency theory, where 
the concepts of gross error exact detectability and gross error correct 
detectability were introduced. Exact detectability is possible in principle, 
only when there are no equivalent sets. Thus, the perfect identification per- 
formance measure (OPF), as defined by Rollins and Davis should be ex- 
tended to include equivalent sets. That is, gross error identification should 
be considered successful if exactly the errors introduced are identified, or an 
equivalent set is identified. Degenerate cases should also be considered as 
success in such counting. 
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GROSS ERROR COMPENSATION 17 

Using the concepts from Equivalency Theory the definition of OPF is 
extended to include all trials that identify the perfect set, equivalent sets 
and degenerate sets as successful trials. This new measure is called overall 
power of equivalent identification (OPFE) 

No. of trials with successful identification 
OPFE = 

No. of simulation trials (18) 

Using this new measure, the modified UBET and CGLR strategies 
achieve a significant increase in the identification performance for the cases 
of Tables V, VI and VIII. These results are included in Tables X and XI. 
Furthermore, the size estimation of all simulated gross errors can now be 
obtained, as it is shown in Tables XI1 and XIII. These results are based on 
successful identification trials. 

TABLE X OPFE for MUBET and MCGLR strategies. Biases 

Biased stream MUBET MCCLR 

1-2 0.935 0.897 
1-3 0.963 0.900 
1-4 0.817 0.927 
1-5 0.956 0.023 
2-5 0.950 0.940 
2-6 0.909 0.916 
2-7 0.942 0.999 
3-5 0.960 0.939 
3 -6  0.924 0.938 
3-7 0.922 0.999 
4-7 0.971 0.284 
5-7 0.914 0.994 
1-6 0.928 0.935 
1-7 0.91 1 0.944 
2-3 1.000 1.000 
2-4 0.839 0.91 1 
3 -4  0.943 0.91 1 
4-5 0.996 0.949 
4 -6  0.928 0.968 
5 -6  0.946 0.949 
6-7 0.958 0.802 

TABLE XI OPFE for MUBET and MCGLR strategies. Leaks and biases 

Biased stream MUBET MCGLR 
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TABLE XI1 Biases estimation results for MUBET and MCGLR when leaks are not present 

Biased Sizes M UBET MCGLR 
stream 

Estimares Standard Estimates Standard 
deviarion deviation 

TABLE XllI Gross error estimation for MUBET and MCGLR when leaks are present 

Gross Sizes 
errors 

MUBET 

Estimates Standard 
deviation 

1.798, 0.627 0.166, 0.132 
1.799, 1.251 0.168, 0.1 14 
1.799, 0.627 0.143, 0.103 
1.805, 0.625 0.147, 0.096 
1.251,1.881 0.139,0.152 
1.251. 0.626 0.136. 0.096 

MCGLR 

Estimates Standard 
deviation 

1.801, 0.627 0.144, 0.125 
1.620, 1.378 0.290, 0.262 
1.799, 0.625 0.1 12, 0.097 
1.802, 0.626 0.152, 0.096 
1.265, 1.854 0.139, 0.202 
1.234. 0.645 0.134. 0.130 

CONCLUSIONS 

In this paper, the identification difficulties that arise in the practical 
application of two effective strategies for gross error identification and 
estimation are presented. The Equivalency Theory of Gross Errors is used to 
explain why these techniques sometimes fail. The theory states that the 
problem is ;elated to the nature of the system and that they do not depend 
on any presumed weaknesses of the strategies. Based on the Equivalency 
Theory of Gross Errors, UBET and CGLR strategies are modified. These 
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GROSS E R R O R  COMPENSATION 19 

modifications enhance their performance in identification and estimation of 
gross errors and allow their use in an automatic way. 

NOTATION 

A 

A, 
AVTI 
i rk  

bi 
Cl 
ei 
E 
Fk 

fj 
k 
I 

M 
O P  
O P F  
OPFE 

P 
'? 
Q 
r 

S 
S 

T k  
v 
X 

Y 

( q  x p) balance matrix 
jth column of matrix A 
Average number of type I errors 
vector of gross error estimates at step k 
size of gross error not yet identified 
matrix defined by Eq. (4) 
vector with 1 in the ith place and zero elsewhere 
matrix defined by Eq. (I I) 
( q  x k) fault direction matrix 
jth fault direction 
estimation step for CGLR 
vector used for making linear combinations of measurements 
vector with zero in every position but in jth 
diagonal matrix of constants for calculating leaks 
overall power 
expected fraction of perfect identification 
overall power of equivalent identification 
number of measured variables 
number of constraints 
covariance matrix of the measurement errors 
equations' residuals 
matrix defined by Eq. (12) . 
number of constraints and measurements 
GLR test statistic 
covariance matrix of r 
vector of true values of variables 
measurements 

Greek Symbols 

6 (p x 1) measurement biases 

7 (q x 1) leaks 
E vector of random measurement errors 

Pr expected value of r 
01 vector with elements of 6 and 7 
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