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Combined State Estimation
and Measurement Calibration
Shan Zhong, Student Member, IEEE, and Ali Abur, Fellow, IEEE

Abstract—A measurement calibration method is described in
this paper. The proposed method identifies calibration models
for the uncalibrated measurements and estimates the calibration
model parameters along with the system states. The permanent
nature of calibration errors allows their estimation by using
multiple scans of measurements. The parametric models of the
measurements can be estimated by reformulating the conventional
system state estimation problem and incorporating calibration
models. The paper also addresses the issues of network and
parameter observability and provides simulation results for cases
involving the IEEE 14-bus test system.

Index Terms—Parameter estimation, power system state estima-
tion, remote measurement calibration.

I. INTRODUCTION

MEASUREMENTS that are transmitted to the control
centers are processed by the state estimators in order

to determine the state of the system during normal operation.
Measurements may not all be correct, due to errors introduced
by the transducers, telecommunication medium, etc. These er-
rors may have both random as well as systematic components,
depending upon the error source.

State estimators are designed to filter the random component
of the errors in the telemetered quantities. Most state estima-
tion formulations, including the popular weighted least squares
(WLS) method, are developed based on the assumption that the
measurements contain only random errors with zero mean and
known variance. Exceptions to the WLS estimator that are more
robust against gross errors also exist but are not widely imple-
mented due to their computational complexity. Any existing sys-
tematic errors are, therefore, filtered either by post WLS esti-
mation methods or via alternative robust estimation methods.
Unfortunately, performances of all of these methods are lim-
ited by the measurement redundancy. The number of bad data
that can be handled by these methods cannot exceed an upper
limit, which is dictated by the local measurement redundancy
and configuration. Hence, in order to eliminate all gross errors,
those measurements with only random errors should constitute
the majority of the overall measurement set. Any calibration er-
rors in these measurements should be eliminated before using
them in state estimation. Measurement calibration at the substa-
tion is a labor-intensive and costly process, not to mention the
fact that it has to be repeated at regular intervals during the year.
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The alternative, which is referred to as “soft” calibration, has
been proposed, and various ways of calibration that can be re-
motely conducted in the control centers are discussed in [1]–[4].
In [1], the authors utilize the measurement residuals to do a
linear regression between the estimated/measured measurement
pairs. The procedure that is described in [2] and [3] is executed
at individual substations by taking advantage of the redundancy
provided by multiply-measured quantities. A calibration model
is assumed, and its parameters are estimated using these mul-
tiply-measured quantities. A system-wide calibration approach,
which relies on a set of essentially reliable measurements, is
proposed in [4], but implementation and performance details are
not provided.

In this paper, measurement calibration is considered as a pa-
rameter estimation problem, where the users choose the cali-
bration models for the measurements of interest. An excellent
review of parameter estimation methods used in power system
applications is given in [5]. The commonly used method of aug-
menting the state vector with the unknown parameters of in-
terest is applied to the measurement calibration problem, and
preliminary results are given in [6]. The main idea is to relate
the true and measured values by parametric equations and esti-
mate these parameters simultaneously with the system states by
using a modified state estimation program. In order to filter the
random noise and provide the needed redundancy, the proposed
technique can be implemented offline utilizing several recorded
measurement scans. This paper will further elaborate on this ap-
proach and also address the related issues, such as the determi-
nation of the suspect measurement set, verification of the cali-
bration results, and observability analysis.

The paper is organized such that Section II introduces the gen-
eral formulation of the proposed method. Section III discusses
the implementation of the method for a specific case, where the
measurement calibration model is chosen as a quadratic function.
Section IV mainly addresses the observability issue. Results of
testing the performance of the proposed method using simulated
data for different-size IEEE systems are shown in Section V.

II. FORMULATION OF THE PROBLEM

Power system state estimation is formulated based on the
measurement equations given below:

(1)

where
measurement vector of dimension ;
nonlinear function relating the error-free measure-
ments to the system states;
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state vector of dimension ;
measurement noise vector;
number of measurements and state variables, respec-
tively ( ).

Consider a case where there are systematic errors in some of
the telemetered quantities. Assume that the measured and true
values of a given subset of measurements are related through a
nonlinear calibration function, as given below:

(2)

where
vector of telemetered (not calibrated) quantities;
vector of true (calibrated) quantities;
vector of chosen calibration functions;
vector of parameters in the chosen functions.

The first-order Taylor series expansions of (1) and (2) yield

(3)

(4)

where
, evaluated at ;
, evaluated at ;
, evaluated at ;
;
;
;
.

Substituting (3) into (4)

(5)

where . Equation (5) can be compactly rewritten as

(6)

where

... and

Then, the unknown vector in (6) can be estimated by
the conventional state estimation techniques, such as the WLS
method. Existing state estimation codes can be easily modified
for this purpose.

Using this formulation, the parameters of the chosen calibra-
tion functions can be estimated along with the system state vari-
ables. These parameters can then be used to calibrate the sub-
sequently telemetered measurements by applying the inverse of
the calibration function

(7)

where
vector of calibrated measurements;
estimated vector.

The inverse function of may not be uniquely defined, de-
pending on the chosen expression for . However, in practical
systems, the calibrated values are close enough to the measured
values that the correct solution can be identified by inspection.

The formulation given in (6) assumes a single scan of mea-
surements. In general, there is not enough redundancy to allow
estimation of all calibration parameters based on a single scan.
The fact that systematic errors remain to appear in several
consecutive measurement scans can be exploited in order to
increase redundancy and further suppress the influence of the
random errors. This is accomplished by using a window of

consecutive measurement scans simultaneously, where the
expanded measurement and state vectors will be

(8)

(9)

Note that the calibration function parameter vector is as-
sumed to remain fixed from one scan to the next, while the mea-
surements and the states are changing. Measurement equations
for the scan measurement window can be written using the
expanded form of (6)

(10)

where the arrays with subscripts ( ) correspond to the
equations for the th measurement scan.

Applying the WLS method, (10) will yield a bordered-block-
diagonal gain matrix with the following structure:

. . .
... (11)

Incorporating several scans together, as in (10), naturally
significantly increases the computational burden compared to
single-scan estimation. The gain matrix of (11) must be built
and factorized at each state estimation iteration. However,
alternative implementation methods exist [7] where computa-
tional burden is significantly reduced. On the other hand, if the
calibration procedure is repeated a few times on a daily basis,
it essentially becomes an offline procedure, making these com-
putational issues less relevant. It may run on a batch computer
without interfering with the execution of the state estimator or
any other online application. Hence, the calibration parameters
can be updated routinely using the estimated results.

A. Determination of the Suspect Measurement Set

Before the calibration process, a set of suspected measure-
ments must be identified. This can be done by inspecting trouble
spots, which yield bad data flags in consecutive state estima-
tion runs, or by setting routine maintenance schedules. Theoret-
ically speaking, for optimal results, all measurements requiring
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calibration should be included in this set, perhaps along with
some already calibrated measurements. However, the number
of measurements that can be calibrated is limited by the mea-
surement redundancy for the given system. Furthermore, since
even the calibrated measurements are not perfect but contain
random errors, it is preferable to use only a subset of the re-
dundant measurements in the calibration process. In our expe-
rience, the number of measurements included in the calibration
process should not exceed half of , i.e., half the total
number of redundant measurements. If any of the uncalibrated
measurements are excluded from the suspect set, these will be
later identified at the verification stage described in Section II-C
below.

B. Detailed Calibration Procedure

The proposed calibration procedure, which is based on the
measurement model of (10), is outlined below:

1) Determine the set of measurements to be calibrated. This
set can be chosen based on the largest normalized resid-
uals obtained after the state estimation.

2) Collect consecutive scans of measurements. Those
scans should be made within a reasonable short window
of time to ensure that the characteristics of the systematic
errors in uncalibrated measurements remain the same.

3) Initialize the system state vector ( ), the
calibration parameter vector ( ), and the iteration index

.
4) Compute , , , , where and are

the measurement scan and iteration indices, respectively.
Build the Jacobian for iteration ( ), as given in (10)

5) Compute the estimated measurement vector for iteration
( ). Calculate the measurement residuals

for iteration :

(12)

6) Solve the WLS state estimation problem and obtain the
estimates of the system states for each scan (

) and calibration parameters ( ) for iteration .
Update both vectors by

(13)

7) If converged, go to step 8. Otherwise, update the iteration
counter and go to step 4. Convergence can be
checked based on the norm of the incremental changes in
the estimated vectors using a prespecified tolerance.

8) Update the calibration parameters and use them to cali-
brate the corresponding measurements, as given in (7).

C. Verification of the Calibration

The calibration procedure described in the previous section
utilizes consecutive scans of measurements to estimate the
calibration parameters of the suspect measurements. However,
if some of the measurements with systematical errors are not in-
cluded as suspected measurements or the calibration functions
of some of the suspected measurements do not properly model

the patterns of systematical errors, the calibration results will be
biased. This problem can be identified as follows by using the

st scan of the measurements: After the calibration param-
eters are estimated, state estimation and bad data analysis for
the st scan will be executed using the calibrated values for
those suspected measurements. If no more bad data are identi-
fied, then this will imply a successfully calibrated measurement
set. Otherwise, the calibration procedure should be conducted
further. There are two possibilities in this case.

1) Bad data still remain in some of the calibrated measure-
ments. This will imply that the chosen calibration func-
tions do not properly model the existing error patterns.
Alternative functions must then be chosen, and the cal-
ibration process should be repeated. For example, if a
linear calibration function is used for one measurement in
the calibration process and calibration is not successful,
then the linear function should be replaced by a quadratic
or higher order nonlinear function, and the calibration
process must be repeated.

2) All of the identified bad data belong to the set of previ-
ously not suspected measurements. This indicates that
some uncalibrated measurements are mistakenly ex-
cluded from the initial suspected measurement set in the
previous calibration process. Hence, the set of suspect
measurements is accordingly updated, and the calibration
process is repeated. Note that, in this case, those mea-
surements, which are already calibrated in the previous
calibration cycle, will be replaced by their calibrated
values.

III. IMPLEMENTATION

The general formulation of the proposed remote measure-
ment calibration technique has been described above. In a spe-
cific implementation, the calibration function needs to be de-
termined in advance for a given system and all of its measure-
ments. The types of systematic errors appearing in measure-
ments that are telemetered to the control centers are typically
caused by [2]

• age, temperature, and other ambient effects related to drift
and deterioration of instruments over time;

• changes in gains, zero offsets, and nonlinear characteris-
tics of instruments involved in the measurement process;

• inadvertently introduced gross errors due to the wrong
modeling and scaling used at the control center;

• errors in transducer parameters, instrument transformer
ratios, transformer ratings, and scaling coefficients.

The calibration function, which relates the measured and cal-
ibrated values, may be chosen as a quadratic function

(14)

The first-order Taylor series expansion of (14) yields

(15)

Substituting (15) into (4)

(16)
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Equation (16) can be rewritten in compact form as

(17)
Here, is the operator of forming a diagonal matrix

whose diagonal elements are equal to the vector .
Assuming that scans are considered simultaneously, (17)

can be expanded, as shown in (18) at the bottom of the page.
Estimation of the unknown variables in (18) will yield the

sought-after parameters , , and for the chosen calibration
function of (14). Corresponding measurements can be calibrated
by using the inverse of this quadratic function, as in (7). Among
the two possible solutions of this quadratic equation, only one
will be correct and needs to be identified.

The calibration function (14) has two solutions, given by

(19)

(20)

For a single measurement, we can define the calibrated
residual for different solutions as

(21)

where
residual computed using the th solution of the th
measurement scan;
th solution for the th measurement scan;

estimated measurement vector for the th measurement
scan.

For all the possible solutions, we can calculate the sum of the
squares of corresponding residuals as

(22)

The correct solution “ ” will be identified by selecting the one
with the smaller value for in (22).

As an alternative, the calibration function can also be chosen
as linear instead of quadratic, reducing the unknown parameters
to and only:

(23)

This model can be implemented by simply eliminating the
columns and variables corresponding to the parameter in (18).
Similar modifications can be made in (18) for other possible
combinations of , , and . Certainly, it is possible to employ
within the same formulation different functional forms for cali-
brating different measurements.

In a practical implementation, the following issues must be
considered:

• If the chosen measurements have already been calibrated
once earlier, the original uncalibrated values must be used
when forming the measurement vector. The existing cal-
ibration parameters can be used as initial values in esti-
mating the new parameters.

• In case of a new calibration, initialize the parameter as
1 while using zeros for and . However, this choice of
initial values will lead to ill conditioning of the Jacobian.
This problem can be circumvented by eliminating the pa-
rameters from the calibration model in the first iteration
and including them in the subsequent iterations. Another
alternative is to set the initial values of system-state vari-
ables to the estimated values if they are available.

IV. OBSERVABILITY ANALYSIS

The performance of the proposed remote measurement cal-
ibration method is dependent on the observability of the cali-
bration model parameters as well as the system states. The gain
matrix shown in (11) may become singular under certain cir-
cumstances, such as the following.

• The number of suspect measurements is too large.
• The number of calibration parameters is too large.

Both of these problems will be discussed and addressed in the
subsections below.

A. Number of Measurements That Can Be Calibrated

The measurement calibration issue can be treated as a special
case of the measurement error detection/identification problem.
Multiple bad data detection and network observability are dis-
cussed in [8] and [9]. The same discussion can be applied to
the proposed calibration method, which will encounter observ-
ability problems under the following conditions:

• existence of critical measurements;
• existence of critical -tuples, which is defined as a set

of measurements, none of which belongs to any lower
order critical tuples, whose deletion results in the loss of
observability [8].

(18)
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Obviously, the errors in the critical measurements cannot be
detected. Hence, this implies that critical measurements cannot
be calibrated by the proposed remote measurement calibration
method.

Furthermore, as shown in [8], gross errors in a critical
-tuple of measurements are detectable and identifiable, while
and errors in a critical -tuple of measurements are

detectable but not identifiable. Similar rules will also be valid in
remote measurement calibration.

• Rule 1. Any or less measurements of a critical -tuple
of measurements can be calibrated.

• Rule 2. Any measurements in a critical -tuple of
measurements can be calibrated as a group but not indi-
vidually. In other words, including the parameters for all
of those measurements in (10) will not result in a
singular matrix, and estimates can be obtained for the pa-
rameters even though they may not reflect true calibration
models for individual measurements in the -tuple.

• Rule 3. All of the measurements of a critical -tuple
cannot be calibrated. Including the parameters for all of
those measurements in (10) will result in a singular gain
matrix.

These rules will be further discussed, along with the simula-
tion results, in Section V. Unfortunately, these problems cannot
be solved by increasing the number of snapshots in the equation.
Increasing the number of snapshots can only help to suppress the
influence of random errors and allow the use of a larger number
of parameters for individual measurements.

B. Number of Calibration Parameters

As shown above, only the parameters of the redundant
measurements can be estimated along with the system state.
On the other hand, each redundant measurement can facilitate
the estimation of only one parameter. Hence, in order to esti-
mate all parameters of a chosen model, a sufficient number
of measurement snapshots will have to be used. Formula-
tion of the calibration problem with measurement snapshots
will allow estimation of, at most, parameters for individual
measurements.

V. SIMULATION RESULTS

The proposed remote measurement calibration technique is
tested on simulated data using different IEEE systems. The
results show that the performance of this method remains
insensitive to the size of the system due to the local nature of
this problem. Hence, the detailed simulation results will be
presented only for IEEE 14-bus system in this section.

Fig. 1 shows the one-line diagram of the studied system. The
measurement configuration is also shown in the figure. The
system has the following measurements:

• 10 injections at buses 1, 2, 3, 4, 8, 9, 11, 12, 13, and 14;
• 11 flows on branches 1–2, 1–5, 2–4, 3–4, 4–5, 4–7, 6–12,

7–8, 9–14, 12–13, and 13–14;
• five voltage magnitudes at buses 1, 3, 4, 5, and 14.

Considering only the active sub problem, the measurement
redundancy is 21/13.

Fig. 1. Studied system with measurement configuration.

Residual to error sensitivity matrix is defined as [10]

(24)

where is the inverse of the measurement covariance matrix.
can be used to identify the critical measurements and residual

spread components [9]. Note that critical measurements will re-
sult in null row/columns in , and the residual spread compo-
nents form diagonal blocks. The structure of the sensitivity ma-
trix [10] for the active sub problem for the test system is shown
in (25). The row sequence of is rearranged to illustrate the
block diagonal structure.

(25)

where
zero matrix of dimension 4 4;
2 2 sub matrix with rank 1;
7 7 sub matrix with rank 3;
8 8 sub matrix with rank 4.

As can be seen from (25), for the active sub problem, this
measurement set contains the following:

1) critical subset 1: four critical measurements, injections at
4, 9, and 11 and flow 4–7. They correspond to in (25);

2) subset 2: critical pair, including injection 8 and flow 7–8,
which corresponds to in (25);

3) subset 3: residual spread component [9] containing seven
measurements, injections at 12, 13, and 14 and flows
6–12, 9–14, 12–13, and 13–14. Any four of these seven
measurements form a critical quadruple. They correspond
to in (25);

4) subset 4: remaining eight measurements. Any five of them
form a critical 5-tuple. They correspond to in (25).

Errors having a normal distribution with zero mean and 0.004
variance are introduced for voltage magnitude measurements
and 0.01 variance for all power measurements. The calibration
results for the power injection and flow measurements differ
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from those for the voltage magnitude measurements. The sim-
ulation results for both cases will be given and discussed sepa-
rately in the following subsections.

A. Multiple Bad Data in Power Injection/Flow Measurements

This case simulates multiple uncalibrated power injection
and power flow measurements. The quadratic model of (14)
is used for all the measurements to be calibrated. The fol-
lowing three measurements are simulated as uncalibrated
measurements using quadratic calibration models with the
given parameters:

1) active power injection on bus 3 ( ; ;
);

2) active power injection at bus 14 ( ; ;
);

3) active power flow on branch 3–4 ( ; ;
).

Using the base case network data for the IEEE 14-bus system
and randomly varying bus loads, 11 scans of measurements are
simulated using the uncalibrated measurements. The first ten
scans will be used to test the proposed calibration method, while
the last one will be used to identify the suspected measurement
set and validate the calibration results.

Using the uncalibrated data, bad data analysis after initial
state estimation yields the following results:

Only those measurements having normalized residuals above
a threshold of 3.0 are shown. The suspect measurement set is
chosen as the top three measurements in the list: active power
injections at buses 2 and 3 and active power flow in branch
3–4. The parameters of their calibration functions are estimated
along with the system state variables using the first ten scans. It
takes six iterations for the procedure to converge to a tolerance
of .

After the first calibration process, the state estimation pro-
gram is rerun using the calibrated measurement value for the
11th scan. Subsequent bad data analysis yields three more bad
data:

TABLE I
ESTIMATED SYSTEM STATES

TABLE II
SIMULATION RESULTS FOR POWER INJECTION/FLOW MEASUREMENT

The list only contains three measurements, and they are
all different from the already calibrated measurements in
the previous cycle. Since more bad data are still identified,
a second calibration cycle is executed. Note that during this
second cycle, the calibrated measurement values will be used
for those measurements that are already calibrated in the first
calibration cycle. The normalized residual test following the
second calibration cycle no longer identifies any more bad data;
hence, the calibration process is completed.

Table I shows the estimated system states at the 11th scan.
The proposed method’s results are comparatively displayed
with those provided by the conventional WLS method without
any measurement calibration as well as the true values of the
states. The corresponding values of the objective functions are
also given in the last row.

The estimated parameters for the calibrated measurements
are shown in Table II along with the measured, estimated, and
calibrated values of the measurements corresponding to the 11th
measurement scan. Since we use the quadratic model shown in
(14) in this case, there may be two possible calibrated values
for each measurement. However, the calibrated values shown in
Table II are calculated by (19). The identification procedure al-
ways picks the first solution in (19) as the correct one during our
simulations. For example, the value of (22) for calibrated values
of active power injection at bus 3 given by (19) is 3.4 ,
while for (20), it is 4562.35.

The simulation results validate the effectiveness of the pro-
posed method, as is evident from the close match between the
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TABLE III
SIGNIFICANT NORMALIZED RESIDUALS IN DIFFERENT STAGES

true and estimated states when calibration is employed. Further-
more, for all of the three measurements with bad calibration, the
estimated parameters of the calibration model are very close to
the true values used in generating the simulation data. Naturally,
in an actual system, the true form of the calibration model will
not be known, and the chosen model structure may not result in
such a good match. However, since the measuring instruments
are not replaced frequently, it is assumed that the correct cali-
bration model for individual measurements can be found based
on a reasonably long operating history.

In order to test different calibration models, some simula-
tions are also carried out for the linear model shown in (23).
Similar performance of the method is observed as those shown
in Tables I and II. In the case of the linear model, the pro-
posed calibration method requires fewer scans and iterations
to yield results of similar quality. Moreover, utilizing the linear
model eliminates the problem of multiple solutions. In a prac-
tical implementation, in order to save computation time, most of
the measurements can be assumed to have linear models. The
quadratic model can be used only on selected measurements
whose characteristics show strong nonlinear behavior due to ef-
fects such as saturation, temperature dependence, etc.

B. Simulation Results for Wrong Calibration Function

In this case, the calibration function will be deliberately
chosen incorrectly in order to demonstrate the performance of
the proposed method under such conditions. When the specified
calibration function does not appropriately model the measured
value, then this can be identified by a verification procedure.
Consider the active power injection at bus 3 having a quadratic
calibration function such as (14) with parameters ;

; . A set of 11 measurement scans are generated,
as in the previous section. Prior to the calibration process, the
largest significant normalized residuals obtained from the last
measurement scan are shown in Table III.

The first three measurements are selected as the suspect set.
In the first calibration cycle, we assume that the errors are only
offsets, i.e., the only nonzero parameter to be estimated is in
(14). After this calibration cycle, the bad data analysis for the
last scan yields the results also shown in Table III. At this point,
it is observed that the top three measurements in the list are those
that have supposedly already been calibrated in the previous cal-
ibration cycle. This implies that a wrong calibration function is
used. Hence, the calibration function is replaced this time by a
linear function, as in (23), estimating both and parameters.

TABLE IV
SIMULATION RESULTS FOR MULTISTEP CALIBRATION PROCESS

TABLE V
SIMULATION RESULTS FOR VOLTAGE MAGNITUDE MEASUREMENTS

However, even after this second calibration cycle, several bad
data are still identified, as shown in the last columns of Table III.
In fact, the first three suspect measurements are still the same.
Finally, the quadratic model of (14) is used as the calibration
function. After this third calibration cycle, no more bad data are
identified, and the calibration results are shown in Table IV. As
can be seen, the estimated parameters for the uncalibrated mea-
surements Pinj 3 match closely with the assumed model param-
eters used in the simulations. Furthermore, those other two mea-
surements, which are actually calibrated but falsely suspected as
uncalibrated, are fitted with calibration models where is almost
1.0, and and parameters are almost zero, implying essentially
calibrated measurements.

C. Voltage Magnitude Measurements

It should be mentioned that the behavior of the voltage mag-
nitude measurements and other types of measurements some-
what differ when applying the proposed method. In the per-unit
system, the voltage magnitudes vary only in a rather small re-
gion, and they usually remain very close to 1. Using a quadratic
model as in (14) or a linear model as in (23) may easily lead
to multiple solutions of the parameters. This can be shown by
a simple example. Assuming a linear model as in (23) with a
noncalibrated voltage magnitude measurement at bus 1 (

), the estimated parameters and by the proposed
method will be ; . Even though these
results do not match the parameters of the true (assumed) cal-
ibration model, since the true voltage magnitudes of bus 1 are
very close to 1.06 in all of the snapshots, the calibrated values
will still be very close to the true ones. This can be seen from
the results shown in Table V. In this case, the parameter can be
fixed, simplifying the model down to a single bias parameter .

D. Critical Measurements/Critical -Tuple of Measurements

As discussed earlier, critical measurements cannot be cali-
brated since the errors in them are not detectable. Hence, only
the case of the critical -tuples will be discussed here.

If calibration errors exist in only measurements of a
critical -tuple, then they can all be calibrated. The simulation
results will be similar to those already given in Table I.

The case where there are calibration errors in a -tuple
presents difficulties in calibration. This will be illustrated with a
simple case by using the subset 2 of the system shown in Fig. 1
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containing a critical pair (critical 2-tuple) as an example. Con-
sider an uncalibrated active power injection at bus 8 with the
assumed calibration model ( ).

• If the suspicious measurement set only contains this mea-
surement, the estimated parameters will be ;

.
• If the suspicious measurement set contains both measure-

ments, then the estimated parameters will be ;
; ; .

These results confirm Rule 2 given in Section IV. Actually,
the calibration error in this case is not identifiable. The fact that
the correct parameters are obtained for the first case is purely
coincidental, due to the lucky identification of the correct sus-
pect measurement set.

VI. CONCLUSIONS

Measurements used by state estimators may contain both sys-
tematic and random errors. Systematic errors are generally in-
dicators of calibration problems and cannot be easily identified
and corrected without sending a maintenance crew to the mea-
surement location. In this paper, a remote calibration approach
is proposed. This approach is based on the idea that each uncal-
ibrated measurement will have an associated calibration func-
tion, which can be identified via the use of system-wide multiple
measurement scans. The calibration models are incorporated
into the state estimation algorithm, transforming the problem
into a state/parameter estimation problem. Several practical is-
sues, including observability of calibration model parameters,
dealing with incorrectly assumed calibration models, and im-
plementation of the proposed method as part of a typical power
system state estimator, are discussed. The proposed method is
implemented for the IEEE 14-bus test system under various
network and measurement configuration scenarios. So far, the
method is tested using only simulated measurements, and it is
ready to be field tested for identifying and remotely correcting
badly calibrated measurements in the substations.
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