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Abstract—This paper describes an approach for choosing and
updating measurement weights used in weighted least squares
(WLS) state estimation. Since the weights are related to the
measurement error variances, sample variances are estimated
using historical data from previous measurement scans and the
corresponding WLS estimation results. The proposed approach
can be implemented as a one-time estimation function for off-line
execution or as a recursive function for updating the measurement
weights on-line. Simulated measurement data and state estimation
results are used to test and verify the accuracy of the proposed
method. The proposed method can be integrated into an existing
WLS state estimator as an added feature.

Index Terms—Auto tuning, measurement weights, power system
state estimation, random error variances.

I. INTRODUCTION

MEASUREMENTS that are telemetered to the control
center to be processed by the power system state esti-

mator usually contain a combination of systematic and random
errors. Large systematic errors in the measurements can pos-
sibly be attenuated by using appropriate calibration methods
[1], [2] while the random errors will always remain and will
influence the accuracy of estimated state.

The weighted least squares (WLS) estimators assume a set of
measurement error variances whose reciprocals are commonly
chosen as the weights for the measurements. These same
weights also influence the bad data detection and identifica-
tion procedures which are based on the normalized residuals.
Choice of these weights is therefore an important consideration
for state estimators. Furthermore, once chosen, the weights
need to be continuously updated since they vary with operating
conditions of telecommunication systems and aging of the
instruments.

The measurement weights are typically assigned based on
some assumed accuracy of the measuring instruments and they
may be further adjusted to tune the residual based error detec-
tion tests. While these approaches may work for most systems,
it is felt that they can be further improved via a tuning pro-
cedure which further reduces the degree of user intervention.
Few papers [3]–[5] have addressed this issue so far. Reference
[3] presents a general formulation of the parameter estimation
problem and suggests that the standard deviation of measure-
ment can also be treated as an unknown parameter; however no
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further details or simulation results are provided. Reference [4]
uses a set of so-called test equations which include regular mea-
surement equations as well as some consistency relations. The
residuals of the test equations are then used to identify the mea-
surement variances via the use of artificial neural networks.

A novel algorithm to estimate and adaptively update mea-
surement variances is proposed in [5]. The measurement error
variances are estimated based on their calculated residuals cor-
responding to several past measurement scans. The sensitivity
relationship between the measurement variances and the covari-
ance matrix of their residuals is used for this purpose. However,
this method can be further improved to address the following
shortcomings.

1) It requires the calculation of all the elements in the sen-
sitivity matrix. This is computationally very expensive,
especially for large systems.

2) Its initialization phase is successful provided that the
range of measurement variances is confined to a small
region.

3) It assumes that the redundancy of the measurement set
is high enough to make the Schur product (M) of the
sensitivity matrix nonsingular, which is not always true.
M is used for estimating measurement error variances.

In this paper, an alternative and simpler method which avoids
the above listed shortcomings is proposed and comparatively
discussed with the algorithm presented in [5]. Both methods
make the following two assumptions.

1) The correct network topology and parameters are known.
2) Large systematical errors have been eliminated by appro-

priate calibration. The measurement errors only consist
of Gaussian random errors. This can be ensured by dis-
regarding those measurement scans with identified bad
data.

Initially, it is assumed that no information is available on the
variances of the measurements. An off-line procedure, which
is executed only for initialization purposes, is proposed. Subse-
quently, a recursive updating procedure which is computation-
ally more efficient and therefore suitable for on-line implemen-
tation to update the variances is presented. It is also realized
that the capability of estimating variances of the available mea-
surements depends on the measurement configuration and types.
Limitations imposed by the existing measurement structure and
identification of cases for which variance estimation can not be
carried out are also presented.

Section II of the paper gives the background and develops
the basic ideas of the proposed method. Section III focuses on
the iterative implementation of the initialization step. Section IV
describes the recursive updating procedure. Section V discusses
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the issues of observability for the variances. Finally, Section VI
presents test results obtained by simulating the proposed method
on different size IEEE systems.

II. PROBLEM FORMULATION

Consider the measurement equation

(1)

where
measurement vector of dimension ;
nonlinear function relating the error-free measure-
ments to the system states;
state vector of dimension ;
measurement error vector with zero mean and a diag-
onal covariance matrix ;

, the number of state variables and measurements,
respectively;

Writing the first order of Taylor expansion of around
some

(2)

where
;

at ;
.

The WLS estimate for can then be found by minimizing the
following objective function:

(3)

where is chosen as . The optimality condition is
given by the following equation which is solved iteratively to
find the solution minimizing (3):

(4)

where
;

evaluated at ;
, weight matrix;

.
Equation (4) can be rewritten as

(5)

where is called the gain matrix.
The measurement residual vector is given by

(6)

Equation (6) can be rewritten as

(7)

where is referred to as the sensitivity matrix [6].
Covariance matrix of measurement residual can be

expressed in terms of the covariance matrix of the mea-
surement errors as

(8)

A statistically sampled covariance matrix for can be cal-
culated based on a given set of historical data. Also note that
the rank of the matrix in (8) is at most , making it a
singular matrix [6]. Hence, given the matrix , (8) can not be
directly solved to find . However, using the assumption that
random errors of individual measurements are not correlated,
the covariance matrix can be assumed to be strictly a diag-
onal matrix. In that case, the diagonal elements of and
can be related by manipulating (8) and can be used to estimate
the diagonal elements of . This is the approach taken in [5]
and will be referred to as Method 1 in the sequel.

A. Overview of Method 1 [5]

A brief review of the method proposed in [5] will be given
here for completeness. Let be an array containing the diag-
onal entries of . Similarly define to be an array containing
the diagonal elements of . can be expressed in terms of

by manipulating (8) as

(9)

where

...
...

. . .
...

is the Schur product of the matrix by itself.
Matrix will be nonsingular provided that certain redun-

dancy requirements, which will be elaborated on later, are met.
In (9), will be approximated as the sample variances of the
residuals computed based on a set of historical state estimation
runs. The measurement error variances may thus be estimated
by solving (9) for . It is noted that this will also only be a
good approximation for the true measurement variance vector.
The true value of can not possibly be found due to the sin-
gularity of matrix in (8).

It is further observed that the residual vector in (7) is com-
parably small making the numerical solution nonrobust. This
problem is overcome through scaling (7) as follows:

(10)

where
is the weighted residual vector;

is the weighted sensitivity matrix;
is the weighted measurement vector;

Equation (8) can then be rewritten as

(11)

where and are the covariance matrix of weighted
residual vector and weighted measurement vector respectively.

Thus the weighted form of (9) is obtained as

(12)

where is the weighted form of matrix . Once is calcu-
lated by solving (12), can be recovered by the inverse trans-
formation as

(13)



2008 IEEE TRANSACTIONS ON POWER SYSTEMS, VOL. 19, NO. 4, NOVEMBER 2004

B. Proposed Alternative Method (Method 2)

The formulation of Method 1 given above involves all the
elements of the sensitivity matrix . In fact, the special property
of can be exploited to express (8) in a simpler form as follows
[6]:

(14)

Thus, the diagonal elements will simply be related as

(15)

In this formulation, only the diagonal elements of are
needed and they are typically available from the bad data
processing function, which utilizes the normalized residual test.

It can be seen from (9) and (15) that only the diagonal
elements of the residual covariance matrix are needed for
both formulations. Hence, the variances of the residuals of
individual measurements are estimated by computing their
sample variances corresponding to a set of historical data. The
system model and the measurement variances are assumed to
be constant during the given period. In order to make (9) or (12)
valid, the matrix and the weight vector must be the same
for all those snapshots. Even though the system state changes
continuously during the computation period, the fast decoupled
state estimation method is used to approximate as a constant
matrix. It is observed that is not too sensitive to changes in
the states but is affected significantly by changes in network
topology.

III. PROPOSED ITERATIVE INITIALIZATION PROCEDURE

Irrespective of which method is used, initially there is no prior
information about the measurement error variances and yet the
weights should be given some initial guesses. This is accom-
plished via the below given iterative procedure which starts with
an arbitrarily assumed set of weights.

1) Save time samples of the system measurements.
Those snapshots should be taken reasonably close to
each other to ensure steady random error variances for
all the measurements. The system topology must also
remain unchanged.

2) Initialize the weight vector. If no prior information is
available, use a value of 1.0 for all measurements.

3) Run WLS state estimator using the same weight vector
for all of those snapshots. Compute the time series for
each measurement residual and their sample variances.

4) Use method 1 or method 2 to estimate the random error
variances for all the measurements.

5) Update the weights using the reciprocals of the estimated
random error variances. Compute the maximum absolute
deviation in the weights with respect to the previous it-
eration. Go to step 3 and continue with iterations until
the computed maximum deviation falls below a chosen
threshold or the iteration limit is reached.

Simulation results indicate that the convergence of the above
iterative procedure remains sensitive to the number of snapshots
up to a certain minimum number after which it is not improved
significantly with an increase in the sample size. This minimum

number is independent of the system size; hence, once it is de-
termined, it can be used for any system. Some simulation results
on this iterative procedure will be presented in Section V.

IV. RECURSIVE UPDATING PROCEDURE

The above described initialization procedure will yield a set
of estimated measurement error variances, which are subse-
quently used to compute the measurement weights. However,
the measurement error variances are known to vary in time
due to various external factors as well as the deterioration of
equipment. Correspondingly, in order to follow the changes
in the variance, the weight vectors also need to be updated
frequently. Although the initialization process can be used to
re-estimate the variance once a change is detected, it cannot be
easily executed as frequently as required due to its heavy com-
putational requirements. It is observed that having initial values
close to the true values for the majority of the measurement
variances greatly reduces the iteration count for the estimation
procedure described in Section II to converge. Hence, a recur-
sive updating procedure, which can be easily integrated into the
conventional state estimator without significantly increasing
the computational burden, is designed to solve this problem.
The steps of this updating procedure are as follows.

1) Choose the weight vector using the reciprocals of the es-
timated error variances obtained from the iterative ini-
tialization process.

2) Choose an updating window size, . It can be chosen as
the number of snapshots used in the initialization process
or any other number. Initialize the counter .

3) Run the conventional WLS state estimator using the cur-
rent weight vector. Record the residuals for all the mea-
surements. Increment the counter by 1 .

4) If the number of snapshots included in the recorded set is
equal to , go to step 5. Else, check if the system
topology is changed. If yes, go to step 2. Otherwise, go
to step 3.

5) Calculate the sample variances of residuals for snap-
shots.

6) Use method 1 or method 2 to estimate the random error
variances for all the measurements.

7) Replace the current weight vector by the newly estimated
one. Start the next updating procedure by going to step 2.

The only extra computation in the above given recursive up-
dating procedure is the calculation of the sample variances for
measurement residuals and the solution of (12) for method 1 or
(15) for method 2.

It should also be noted that the procedure needs to be re-ini-
tialized each time a topology change is detected as indicated in
step 4. Any topology change will result in a change of the
matrix. As long as the system topology remains constant, the
weight vector used in state estimator will be updated automati-
cally every snapshots. In all the simulations, a window size
of 200 snapshots is used.

V. OBSERVABILITY PROBLEM

In this section, the limitations imposed on the proposed tuning
procedure by the measurement configuration will be discussed.
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In [5], this issue is avoided by assuming sufficient measure-
ment redundancy for successful estimation of all measurement
variances. However, in practical systems both methods will en-
counter observability problems due to the following conditions.

• Existence of critical measurements. If there are critical
measurements, the corresponding rows and columns in
will all be zero.

• Existence of critical -tuples [7]. The rows and columns
of corresponding to these measurements will be linearly
dependent.

Next, observability analysis will be discussed for both methods.

A. Observability Analysis for Method 1

The variances of critical measurements can simply not be es-
timated by this method because the zero rows and columns in

will result in zero rows and columns in . However, there is
practically no need to estimate the variance of a critical measure-
ment since the weight of the critical measurement will have no
influence on the state estimation result. Some arbitrary values
can be assigned as weights for the critical measurements to
avoid ill-conditioning of the matrix during the state estimation
process.

On the other hand, there is a chance for to be singular
when there is a critical -tuple. In such a case, (9) or (12) cannot
be directly solved. The algorithm shown in Section II can be
slightly modified to account for such cases with singular . The
original formulation of (9) will be used instead of the weighted
formulation (12) for simplicity of notation.

Consider (9) where is a singular matrix with rank
. Furthermore, define a full-rank submatrix of matrix

consisting of rows and columns as . Those elements in
vector which correspond to these columns can be estimated
by

(16)

where
subset of vector corresponding to columns in ;
subset of vector corresponding to rows in .

The submatrix of rank can be easily identified via the
triangular factorization of with pivoting.

For those measurements whose variances cannot be esti-
mated, their initial values, if they exist, or the average value of
variances of other measurements within the same residual error
spread area [8] can be used. The simulation results show that
even for such cases, estimated error variances of most of the
measurements are acceptable.

The fact that there are pseudomeasurements, such as zero-
injection measurements, can be exploited to improve the es-
timation procedure for the remaining measurement variances.
These zero injections are considered as perfect measurements
thus their variances need not be estimated. They can be excluded
at the outset from the variance estimation procedure.

B. Observability Analysis for Method 2

Variances of critical measurements cannot be estimated be-
cause the zero values in the denominator in (15). Hence, this
case is handled the same way as discussed in Section V-A.

For critical -tuples, no further problems are encountered
since the corresponding denominators in (15) will be nonzero,
their variances can be estimated. However, these values will not
individually reflect true variances, due to the linear dependen-
cies existing between these measurements.

It can be seen that compared to method 1, the handling of low
redundancy situation is quite simple. It only needs to identify
the critical measurements, which has been done automatically
during the calculation of the diagonal elements of matrix.

VI. SIMULATION RESULTS

A. The Initialization Process

The initialization procedure is tested using simulated mea-
surements on different size IEEE systems. No information is
assumed to be available for the measurement variances prior to
the initialization process and the initial values are set equal to 1
for all the measurements. Using the method 2, the results of ini-
tialization obtained after 6 iterations for the IEEE 14-bus system
are shown in Table I. Simulation parameters for this case are as
follows:

Bus number: 14
Number of snapshots: 200
Tolerance to converge:
Measurement Setting: Fully measured
Load Setting: Slow Changing
Method: Method 2
Standard Deviation Setting:
Voltage: 0.004, except bus3,8 (0.080) and bus5,9 (0.001)
Injection: 0.01, except bus4 (0.05) and bus 7,10 (0.001)
Flow: 0.008, except branch3,5,9 (0.1) and branch 10
(0.001)

In the above list, “Fully measured” means that a voltage mag-
nitude measurement and a power injection measurement is as-
signed to every bus. Also, every branch is assigned a power flow
measurement at one end.

In order to generate realistic simulation data, bus loads
are varied by treating them as random variables distributed
according to a Normal distribution . The base
case bus loads are chosen as the mean values. Using different
standard deviations, the load settings in the simulations are
divided into “slow changing” and “fast changing” categories
with 1% and 100% of the mean value specified as the STD,
respectively.

In Table I, the first two columns indicate the type of measure-
ment and its location. The third column shows the measurement
standard deviations used when generating simulation data. Al-
though only one standard deviation value is used for both active
and reactive parts of the same measurement, two different esti-
mation results are obtained due to the use of fast-decoupled al-
gorithm. Column 4 and 5 show the estimation results for the ac-
tive and reactive measurements, respectively. Note that, column
5 is also used to show the results for voltage measurements after
the flow measurements. While the simulated weights for most
of the same types of measurements are chosen to be the same,
for few measurements these weights are intentionally simulated
as different. For instance, injection at bus 7, flow 2–4, flow
1–5, voltage at 5, etc. are assumed to have much smaller errors
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TABLE I
SIMULATION RESULT FOR INITIALIZATION PROCESS

compared to the remaining measurements. As is evident from
Table I, the proposed estimation procedure can closely track the
simulated weights, differentiating between the more and less ac-
curate measurements.

Similar results are obtained for all the other larger size sys-
tems and these results are not shown here due to space limita-
tions. The number of iterations required for different sized test
systems remains insensitive to system size, as shown in Table II.

TABLE II
NUMBER OF ITERATIONS FOR DIFFERENT SYSTEM SIZES

Since only the diagonal elements (the variances of individual
measurement residuals) in the covariance matrix of residuals are
used in this method, it is expected that the number of required
snapshots for a given accuracy will not increase with increasing
system size.

Simulations are also carried out for rapidly changing loads.
It is observed that the required number of iterations to converge
to the same tolerance will increase for these cases. However,
the accuracy of the estimation results remains similar to those
shown in Table I. This validates the applicability of the proposed
technique to systems irrespective of their type of load variations.

The above given simulation results are obtained by using
method 2. Similar results are obtained by method 1 (column
6 in Table I) when the procedure is used for the same cases
except for a decrease in the number of iterations from 6 to 5.
Note however that, since there is no need to calculate all the
elements of matrix in method 2, the total computation time
may not actually be more especially for larger systems.

It is observed that method 2 is more sensitive than method 1
to a lower convergence tolerance. For tolerance , method 2
requires 11 iterations while method 1 only needs 6. The estima-
tion results of method 2 and method 1 for convergence tolerance

are shown in columns 7 and 8 of Table I, respectively. By
comparing the last four columns of Table I, one can see that
using such small a tolerance cannot result in great improvement
of the estimation results. For measurements variance estimation,
using tolerance can produce satisfactory results while re-
quires much fewer iteration number.

B. Influence of Estimation Errors

The effect of choosing the wrong weights for the measure-
ments on the solution of the WLS state estimation will be il-
lustrated here via simulations. Two types of errors will be con-
sidered. The first type occurs when large estimated variances
are used for measurements which are in fact highly accurate.
The second type represents the opposite case where small vari-
ances are assumed for measurements that are actually not very
accurate.

The following four cases will be discussed to illustrate these
effects. Statistic analysis results of relative errors between the
state estimation solutions obtained using the incorrect and cor-
rect weights will be presented for comparison of effects of dif-
ferent types of errors.

1) Case 1: Low weights are assigned to highly accurate
power measurements including power injection mea-
surements and power flow measurements. The errors in
the following measurements are simulated according to
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TABLE III
RELATIVE ERRORS OF VOLTAGE MAGNITUDE IN BUS 1

the correct variances while the state estimation uses the
wrong ones:
a) Power injections in buses 4 and 7. Their correct

standard deviation is 0.001, which is wrongly set to
0.01.

b) Power flows in 1–5 and 4–5. Their correct standard
deviation is 0.001 which is wrongly set to 0.01.

2) Case 2: High weights are assigned to inaccurate power
measurements including power injection measurements
and power flow measurements. The measurements used
for this simulation are:
a) Power injections in buses 4 and 7. Their correct

standard deviation is 0.1 which is wrongly set to
0.01.

b) Power flows in 1–5 and 4–5. Their correct standard
deviation is 0.1 which is wrongly set to 0.01.

3) Case 3: Same as Case 1, but instead of the power mea-
surements, the voltage magnitude measurements at buses
4 and 7 are used. Their correct standard deviation is as-
sumed to be 0.001 which is wrongly set to 0.01.

4) Case 4: Same as Case 2, but instead of the power mea-
surements, the voltage magnitude measurements at buses
4 and 7 are used. Their correct standard deviation is as-
sumed to be 0.1 which is wrongly set to 0.01.

In all these cases, the remaining measurements are assumed
to have a standard deviation of 0.01 and their weights are set
consistently.

Since it is not possible to show the results of state estimation
for all the system states, one example will be presented. Similar
results are obtained for all state variables in all the simulations.
The chosen state variable for illustrations is the voltage magni-
tude at bus 1. Table III shows the relative errors between the es-
timated voltage using the correct and incorrect weights for the
indicated measurements for the four cases over a period cov-
ering 500 state estimation runs. The second row in Table III is
the average value of the relative errors. Third row is the standard
deviation. The fourth and fifth rows are maximum and minimum
value, respectively.

By comparing column 2, 4 to 3, 5 in Table III, it is evident that
the effects of the first type of errors are relatively smaller than
those of the second type, irrespective of the type of measure-
ments used. On the other hand, a comparison of column 2, 3 to
4, 5, implies that the incorrect choice of weights for the voltage
magnitude measurements will have a much greater effect on the
state estimation solution than choosing the incorrect weights for
the power measurements.

Considering the results of part A as displayed in Table I, it can
be observed that the proposed initialization method can track the
weights associated with the voltage magnitude measurements at

TABLE IV
LISTS OF VARIANCES CHANGES

higher estimation accuracy than the power measurements. Since
the results from part B suggest that the solution of state estima-
tion is less sensitive to errors in power measurement weights,
it can be concluded that the benefits of the proposed method
will remain effective even when some of the power measure-
ments’ error variances can not be estimated very accurately by
this method.

C. Recursive Updating Process

In order to test the performance of the proposed recursive up-
dating procedure, time-dependent standard deviations are intro-
duced for selected measurements during the generation of the
simulation data. The standard deviations of some measurements
are abruptly changed as shown in Table IV. The measurements,
their old and new variances and the time step when the change
is introduced, are all indicated in Table IV.

The simulation data contain a total of 2000 consecutive snap-
shots. The first 200 snapshots are used to complete the initial-
ization procedure. The results of this stage are similar to the
results shown in Table I. The updating procedure is applied
starting with the 201st time step. Depending on which estima-
tion method is chosen, two possible procedures can be used and
they are both tested on the same simulation data. The simula-
tion results show that both can keep track of every change in the
standard deviation and update the corresponding weights. Plots
of the estimated standard deviations for the power injection at
bus 3 are shown in Fig. 1. Fig. 1(a) and (b) correspond to the
results obtained by method 1 and method 2, respectively.

Note that for one cycle (200 time steps) estimation, method 1
is computationally more demanding; however, it requires fewer
cycles to converge to a new value than method 2 in case of
a sudden jump in the measurement variance. Actually, this is
a highly unlikely worst-case situation. A more common situ-
ation is a gradual drift in the measurement error variances in
which case method 2 can track the changes at a lower compu-
tational cost. Assuming that the state estimator can be executed
every several seconds, the updating process can capture even the
abrupt changes in the measurement error variances in less than
few hours. Furthermore, if the variance changes gradually, the
proposed updating process will track the changes much faster.

D. Critical Measurements/Critical -Tuple of Measurements

It can be argued from the above discussion that the proposed
technique performs satisfactorily both in initialization and up-
dating modes, provided that there is sufficiently high redun-
dancy in the measurement set. In the above simulation example,
the measurement/state redundancy ratio is 34/13. Now, this ratio
will be lowered and the performance of the method under re-
duced redundancy configurations will be studied.
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Fig. 1. Estimated standard deviation of power injection at bus 3. (a) Result obtained by method 1. (b) Result obtained by method 2.

The modified measurement set includes ten power injections,
nine power flows, and three voltage magnitude measurements.
These measurements are specified in the first two columns of
Table V. The redundancy ratio for this configuration is 19/13.
The structure of the sensitivity matrix for the active part is shown
in (17). For convenience, the row sequence of is rearranged
to form a block diagonal structure

(17)

where
a 2 2 sub matrix with rank 1;
a 5 5 sub matrix with rank 1;
a 8 8 sub matrix with rank 4.

As can be seen from (17), for the active subproblem, this mea-
surement set contains the following.

1) Critical subset 1: 4 critical measurements, injections at
4,9,11 and flow 4–7. They correspond to the first four
rows of in (17).

2) Subset 2: Critical pair including injection 8 and flow 7–8,
which correspond to the submatrix in (17).

3) Subset 3: Residual spread component containing 5 mea-
surements, injections at 12, 13, 14 and flows 6–12, 9–14.
Any two of these five measurements form a critical pair.
They correspond to the sub matrix in (17).
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TABLE V
SIMULATION RESULT FOR LESS REDUNDANCY CONFIGURATION

4) Subset 4: Remaining eight measurements. Any five of
them form a critical 5-tuple. They correspond to the sub-
matrix in (17).

The initialization procedure is tested for this case using both
method 1 and method 2. Again, the estimation results are similar
except for the fact that method 2 converges in more iterations.
Table V shows the results of method 2.

For critical measurements, the weights have no influence and
there is no way to estimate their variances. These are assigned
the average value of all other measurements (0.0211) in order to
avoid any ill conditioning.

For critical pairs, such as the subset 2 and those pairs in
subset 3, the corresponding submatrix of has a rank of 1, and
hence the estimation results of measurements belonging to the
same set are equal. This is a limitation imposed by the measure-
ment configuration and can not be avoided without further meter
placement.

The estimation results for the weights of measurements in
subset 4 are closer to the true values than those in subset 3.
This can be explained by the higher local redundancy in subset
4 compared to that of subset 3.

Moreover, low redundancy has less of an influence on the es-
timation results for the voltage magnitude measurements. This
is verified by the results in Table V, where the weights for all
three voltage magnitude measurements, each having a different
error variance, can be closely estimated.

VII. CONCLUSIONS

This paper is concerned about the estimation of measurement
error variances for their subsequent use in state estimation. A
simple method is proposed based on the sample variances of the
measurement residuals calculated using the historical records.
An off-line iterative initialization and an on-line recursive up-
dating procedure are developed and illustrated by simulated ex-
amples. The paper also illustrates the limitations of the proposed
method imposed by the measurement configuration using ob-
servability analysis. The presented approach can be used at de-
sired intervals in order to maintain properly tuned weights for
the measurements.
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