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Abstract—Geomagnetic disturbances (GMDs) threaten the se-
cure and reliable operation of the electric power grid. During a
GMD, geomagnetically induced currents (GICs) cause additional
reactive power losses and a lowered voltage profile. Prevent-
ing and mitigating a widespread system collapse in such an
occurrence requires accurate knowledge of the current system
state. This is provided by power system state estimation, but as
traditional methods do not account for GIC-related monitoring
and modeling, they may fail to provide accurate results during
a GMD. Therefore, in this work excess reactive power losses
are explicitly modeled in the state estimation method and GIC-
related values are included among the states and measurements.
The modeling scheme is thoroughly discussed and estimation
results on a 20 bus and 150 bus case validate the estimation
accuracy improvement provided by a GIC-inclusive modified
state estimator during a GMD.

Index Terms—Geomagnetic disturbance (GMD), geomagneti-
cally induced currents (GICs), state estimation, modeling, reac-
tive power losses.

I. INTRODUCTION

POWER systems are critical infrastructures required for
delivery of electric power. While this system is robust,

challenges exist that disrupt operations. The disturbances can
be localized or regional and can be natural or man-made. A
geomagnetic disturbance (GMD) is a natural force that has
the potential to disrupt the operations of the power grid. In
a GMD, coronal mass ejections discharging from the sun’s
surface disturb the earth’s magnetic field, causing it to vary
rapidly [1], [2]. Following Faraday’s law of electromagnetic
induction, a varying magnetic field produces an electric field
over the earth’s surface in the region affected. This electric
field in turn induces a surface potential along long-distance,
high-voltage transmission lines. This voltage drives geomag-
netically induced currents (GICs) to flow through the lines,
neutral-grounded transformers and the ground, forming a cir-
cuit. When these quasi-dc (less than 1 Hz) GICs flow through
high-power transformers, they can cause half cycle saturation
which results in reactive power losses. This can also cause
transformer heating and damage. GICs produce harmonics in
the system which can trip control and protection devices. The
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tripping of reactive power support in the system can disturb
the voltage profile across the system. If these problems persist,
it can eventually lead to voltage collapse [3]. The GMD event
of 1989 that occurred in the Hydro-Quebec region caused a
blackout that lasted nine hours. Multiple transformers were
damaged, and their cascading failures led to a total voltage
collapse [4], [5]. Hence, a GMD has the potential to cause
long-term damage to the grid, leave people without power for
extended periods of time, and negatively impact emergency
services and public safety.

The grid needs to be resilient to such GMD hazards, and this
can be possible with real-time monitoring and event analysis as
well as by preparing response action plans. The North Amer-
ican Electric Reliability Corporation (NERC) first mandated
assessments and plans to address the impacts of GMD for the
industry in 2014 [6], [7]. Various efforts have been pursued
including mitigation techniques, voltage analysis, reliability
assessment, improved GIC modeling, and GIC monitoring to
list a few [8]–[13].

One less explored aspect of addressing GMD effects is to
look at these events from a power system state estimation
(PSSE) perspective. Briefly put, the state of the system can
be estimated using an accurate power flow model and avail-
able measurements [14]–[16]. While extensions in this well-
researched area include improved methods during abnormal
conditions, such as cyber-attack and other extreme situations
[17]–[20], the extent of specialized applications of PSSE dur-
ing a GMD is to estimate just the underlying geoelectric field,
not the full system state [21]. Previous work has shown that
the traditional PSSE model falls short in providing the accurate
system states during a GMD event [22]. Traditional estimators
incur additional error from the lack of GMD modeling, and
the resulting estimates may induce unreliable results if used in
additional tools, applications, or algorithms. The operational
ramifications of such erroneous inputs include misoperation
and making the situation worse, not better. Therefore, a
modified or GIC-inclusive state estimator can immensely aid
system operators. The more accurate states obtained using this
state estimator can help operators decide on the correct steps
to take to curb the ill-effects of the event.

To address these needs, this paper contributes an algorithm
for GIC-inclusive PSSE for GMD events. GIC-related mea-
surements, namely neutral current measurements and elec-
tric field-based pseudomeasurements, are leveraged and GIC-
induced reactive power losses are explicitly included in the
state estimation model. The algorithm is implemented in MAT-
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LAB upon the MATPOWER state estimation package [23].
Measurements are obtained from a power flow software and
additive noise is added to mimic real-life measurements. The
measurement set includes traditional state estimator measure-
ments along with measurements from transformer neutral GIC
monitoring devices and pseudomeasurements derived from
electric field information. The states comprise of the traditional
states (voltage magnitude and angle) along with the system
transformer neutral currents. The estimator is tested on two
systems under varying GMD scenarios: a 20 bus case [24] and
a 150 bus case [25]. The resulting error profiles are plotted and
compared with the results of a traditional state estimator. A
bad data detection method for the proposed estimator is also
developed and tested.

The paper is organized as follows: the dc GIC model
and the resulting ac effects are introduced in Section II.
The traditional estimation methods and its shortcomings are
discussed in Section III. The formulation and implementation
of the proposed estimator is described in Section IV. In Section
V, the results are presented and discussed. The conclusion and
future work are detailed in Section VI.

II. GIC MODELING

A. DC Modeling

GICs circulating in the system depend on the electric field
over the region affected by the GMD, as well as the dc
parameters and topology of the system [26]–[28]. The voltages
induced in the transmission lines by the geoelectric field are
quasi-dc in nature and hence, the GICs are modeled via the
dc network analysis [29] given by:

I = GV (1)

where G is the dc conductance matrix of the system including
values for substation nodes. V is the vector comprised of
the bus and substation dc voltages. The vector I consists
of injection currents at every node in the system - bus
and substation. The injection current at every node depends
linearly on the electric field E and the direction and length of
the transmission lines. The GIC flowing from node n to node
m in the network is given by the equation,

Inm = gnm(Vn − Vm) (2)

where gmn is the dc conductance of the connecting
line/transformer.

Let the quasi-dc effective per phase GIC current for trans-
former t be It. It is the current flowing through the high-side
winding for delta-wye transformers. It is a combination of
the currents flowing through both high-side and low-side coils
for autotransformers and wye-wye transformers. According to
[30], the equation for effective GICs is given by

It =| IH,t +
IL,t

at
| (3)

where the per phase GIC flowing through the high side
transformer coil is IH,t, the per phase GIC flowing through
the low side transformer coil is IL,t, and the transformer turns
ratio is at. IH,t and IL,t can be obtained using Eq. 2.

B. AC Modeling of GIC Effects

GMDs affect transformers in the system, where higher
magnetizing currents from core saturation lead to additional
reactive power losses. Using the fundamental frequency com-
ponent, these losses are modeled as linearly dependent on
transformer effective GICs [31], [32] and expressed by

Qloss,t = ktVpu,tIt (4)

where the ac voltage (pu) at the transformer high side bus
is Vpu,t, and kt (MVar/A) is a transformer-dependent scalar
which may be nonlinear but is acceptably modeled as linear in
Eq. 4 [33], [34]. This reactive power loss is not accounted for
in the traditional state estimation measurement model, outlined
in Section III. The contribution of this work is amending
existing formulations to incorporate this relevant value.

III. TRADITIONAL STATE ESTIMATION

Supervisory Control and Data Acquisition (SCADA) and
increasingly available metering make real-time monitoring of
the system possible. Situational awareness obtained from the
system states enables effective management of the system
[15], [16]. A typical PSSE algorithm is formulated as solving
an over-determined system for a non-linear ac power flow.
The non-linear system equations are often solved using the
weighted least square (WLS) approach [16]. Let the system
states be indicated by x which is a vector of length n. The
states are typically bus voltage angles and magnitudes. Let
the measurements obtained from the system be indicated by z
which is a vector of length m. The measurement set typically
consists of real and reactive power flows and injections, angle
differences, voltage magnitudes, current flows and injections,
turns ratios and transformer phase shift angles, if available.
The model that relates the system states to the measurement
i is given by

zi = hi(x) + ei (5)

where the states x are related to each measurement zi through
the non-linear function hi(·) and ei is the measurement error
and is assumed to have zero mean and variance σ2

i .
The PSSE problem is formulated as a minimization opti-

mization problem. For the WLS method, the standard solution
approach involves iterative methods. For practical implemen-
tations, the Gauss Newton method is used. Let

J(x) =
1

2

m∑
i=1

r2i
σ2
i

(6)

where the residual ri is zi − hi(x). The Jacobian matrix H,
the diagonal weight matrix of measurement variances R, and
the residual r are related by first-order optimality conditions.
By Taylor series expansion and ignoring second-order terms,
subsequent iterations can be calculated by

∆xk = G(xk)−1HT (xk)R−1r(x) (7)

xk+1 = xk + ∆xk, (8)

where G = HTR−1H is the gain matrix.
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Ill-conditioning and convergence issues might occur because
of non-linearity of the problem and weighting factor differ-
ences The system also needs to be modeled accurately to avoid
estimation errors and issues. Fig. 1 shows the number of trials
out of 100 that converged using a traditional state estimator on
a 150 bus case. An electric field was applied to the case with
magnitude 4 V/km and direction varying from 0 to 360◦. This
shows how lack of proper modeling of GMD effects can lead
to lack of situational awareness during a GMD. The following
section details how traditional state estimation methods can be
augmented to account for GMDs.

Fig. 1. Number of convergent trials (out of 100) using traditional state
estimation methods with an electric field applied

IV. GIC-INCLUSIVE ESTIMATION FORMULATION

To formulate the GIC-inclusive estimator, the system models
for power flows, injections, and line losses need to be updated
to include the reactive power losses depicted in Eq. 4. These
changes incur further updates to the elements of the classic
solution method, namely the resulting components of the Jaco-
bian matrix. The state and measurement vectors are extended
to accommodate these updates. In this section, these changes
and the corresponding derivation of terms are described in
full. Additionally, a bad data detection method for the GIC-
inclusive estimator is outlined.

A. Augmentation of State and Measurement Vectors

With the addition of GIC-inclusive models, GIC-related
values are also added to the state and measurement vectors,
x and z. Though the reactive power losses are directly de-
pendent on effective GICs, transformer neutral GICs across
the system are chosen to be the additional states, per-unitized
for numerical purposes. Therefore, the augmented state vector
is x = [θ,Vpu, In,pu]T where θ is the set of all bus
voltage angles, Vpu is the set of all bus voltage magnitudes
(pu), and In,pu is the set of all transformer neutral GICs
(pu). Effective GICs are not directly measurable, but some
systems do have the capability to measure select transformer
neutral currents. Therefore, available GIC neutral measure-
ments are added to the measurement vector, represented by

z = [Pf ,Pinj ,θmeas,Qf ,Qinj ,Vmeas, In,meas]
T where the

sets of measured real and reactive power flows are Pf and
Qf , respectively, the sets of measured real and reactive power
injections are Pinj and Qinj , respectively, the set of mea-
sured voltage angles is θmeas, the set of measured voltage
magnitudes is Vmeas, and the set of measured transformer
neutral GICs in pu is In,meas. As electric field information is
becoming increasing available via measurement and estimation
[35], [36], electric field input is not leveraged directly in
the measurement vector, but indirectly through initialization
and model parameters. Through intermediary means such as
[37] this electric field information provides neutral GIC state
guesses as well as modeling values for every iteration.

B. Updates to the Power Flow and Injection Models

The additional transformer reactive power loss due to GMD
effects is represented by Qloss,i, because it is modeled at the
high side bus, i. In conjunction with Eq. 4, an improved model
for the reactive power injection at bus i (Qinj,i,new) is given
by

Qinj,i,new = Qinj,i,initial +Qloss,i

Qinj,i,new = Qinj,i,initial + Vpu,i

×
nx∑
k=1

(kpu,trk × Ieff,pu,trk)
(9)

where Qinj,i,initial represents the traditional reactive power
model, from the classic power flow equations. Here, nx refers
to the number of adjacent lines with a transformer connected
with the high side connected to the bus i and the subscript trk
refers to the ’kth’ transformer. Similarly, the improved model
for the reactive power flow from bus i to j (Qf,ij,new) is given
by

Qf,ij,new = Qf,ij,initial +Qloss,ij

Qf,ij,new = Qf,ij,initial + Vpu,i

×kpu,trk × Ieff,pu,trk
(10)

where Qf,ij,initial represents the value from the traditional
power flow model and Qloss,ij is the additional transformer
branch reactive power loss due to a GMD. By explicitly
including the additional reactive power losses due to GIC
effects, the model upon which the state estimator is built is
more accurate. By representing the nuances of the system
during a GMD in the model, the estimator results will also
be more accurate.

C. Changes in the Terms of the Jacobian Matrix

As the elements of the Jacobian matrix are essentially
relating changes in measurement models with changes in the
states, the addition of measurements and states in Section IV-A
and models in Section IV-B necessarily leads to updates in
the components of the WLS solution approach. The changes
in the Jacobian matrix, H, resulting from Eq. 4 belong to
two categories. First, the new partial differentiation terms
that represent the relationship between the reactive power
flows and injections and the transformer neutral GIC system
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states. Second, the additional partial differentiation terms that
are added to the original terms relating reactive power flows
and injections to the pu voltage magnitude states. These two
modifications occur because the additional reactive power loss
is modeled as dependent on the pu transformer neutral GIC
and the pu voltage magnitude at the high side transformer bus.

Before examining the details of these terms, it is important
to derive another expression - that of the partial differentiation
of the pu effective GIC with respect to the pu neutral GIC for
a given transformer. It can be derived as follows:

Ieff,trk =| Ih,trk + Il,trk/atrk |
Ieff,pu,trk =| In,pu,trk × (rh,trk + rl,trk/atrk) |

∂Ieff,pu,trk/∂In,pu,trk = ±(rh,trk + rl,trk/atrk) (11)

where, Ieff,trk is the effective GIC, Ih,trk is the high side GIC,
Il,trk is the low side GIC, In,trk is the neutral GIC, rh,trk and
rl,trk are the ratios of high side and low side GICs respectively
to the neutral GIC, and atrk is the transformer turns ratio for
transformer k. As the high and low side currents are not able
to be realistically metered, the ratios of Eq. 11 are found as
functions of the the available electric field information. Eq. 11
is a useful building block for obtaining the new GMD-related
partial derivative terms.

1) New partial differentiation terms in the Jacobian matrix:
The completely new terms of H can be derived by partially
differentiating Eqs. 9 and 10 by the pu neutral GIC at every
transformer in the system. These terms are included as new
columns relating the reactive power flows and injections af-
fected by the transformer reactive power losses to the available
neutral GIC measurements, hence, elongating the H matrix
horizontally. The terms are calculated using the following,

∂Qinj,i

∂In,pu,trk
= Vpu,i × kpu,trk ×

∂Ieff,pu,trk
∂In,pu,trk

(12)

∂Qf,ij

∂In,pu,trk
= Vpu,i × kpu,trk ×

∂Ieff,pu,trk
∂In,pu,trk

(13)

where Vpu,i is the pu voltage magnitude at the high side
transformer bus, kpu,trk is the scalar transformer parameter
for transformer k, and ∂Ieff,pu,trk/∂In,pu,trk is the partial
differentiation term found by Eq. 11, and thus derivative of
the electric field inputs.

2) Additions to partial differentiation terms in the Jacobian
matrix: Changes to existing terms of H can be derived by
partially differentiating Eqs. 9 and 10 by the pu voltage
magnitude at every transformer high side bus in the system.
These terms are added to the already present terms which
represent the sensitivity of the traditional reactive power flow
and injection terms to the pu bus voltage. These additions do
not have an effect on the Jacobian matrix dimensions. The
terms are found using the following,

∂Qinj,i

∂Vpu,i
=

nx∑
k=1

kpu,trk × Ieff,pu,trk (14)

∂Qf,ij

∂Vpu,i
= kpu,trk × Ieff,pu,trk (15)

where Ieff,pu,trk is the pu effective GIC per Eq. 11, deter-
mined from electric field data.

D. Integration with State Estimation Methodology

Implementing these changes within the state estimation
solution method outlined by Eqs. 7-8 involves the follow-
ing. First, knowledge of the dc system parameters and sys-
tem topology are used to extend the system model and
state/measurement vectors. This information should be known
because of the assessment required by NERC. If information
is known about the expected error variance of the newly added
GIC neutral measurements it is incorporated into the diagonal
weight matrix R. Then for every iteration k, electric field
information, which may be measured or estimated and uniform
or non-uniform, is used to estimate GIC ratios, r, and effective
GICs which contribute to the calculation of H(xk). Now,
sufficient information is available to calculate the increment
∆xk of Eq. 7 and the next “best guess” xk+1. This process
is repeated until a maximum number of iterations or other
stopping criterion is met.

E. Bad Data Detection

Another important functionality of the state estimator is to
detect and identify measurements with gross error, which can
cause estimation interference. The largest normalized residual
test is invoked to identify bad data in the proposed GIC-
inclusive estimation framework [38], [39]. The residual can
be found from the estimator solution x̂ and is defined by
r(x̂) = z− h(x̂). The normalized residual for measurement i
is calculated by

rNi (x̂) =
ri(x̂)√
Ωii(x̂)

(16)

where the residual covariance matrix is defined by

Ω(x̂) = R−H(x̂)G−1(x̂)HT (x̂). (17)

If |rNmax| is greater than a certain threshold, than there is reason
to suspect the presence of data and the corresponding measure-
ment could be eliminated from the measurement set and the
states re-estimated. It should be noted that this method is not
able to identify gross error in critical measurements; a more
in-depth discourse on observability, critical measurements, and
mitigating the effects of bad data on the state estimate is a
subject for future work.

This section outlined the proposed changes to develop a
GIC-inclusive state estimator, including augmentation of the
state and measurement vectors, updates to the power flow
and injection models, changes to elements within the Jacobian
matrix used for solving the resulting WLS problem, and a bad
data detection method. The following section describes the
test cases used to validate the augmented estimation methods
and the results that demonstrate improved accuracy during a
GMD.

V. RESULTS

The previously described method is implemented in MAT-
LAB and makes use of the open-source products MATPOWER
and MATGMD to enable some of the state estimation and
GIC estimation functionality required. In this section, the
inclusive estimator is applied to two cases under various GMD
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conditions and is shown to provide more accurate results than
GIC-agnostic methods during a GMD.

Fig. 2. One-line diagram of a 20-bus test case [24]

Fig. 3. One-line diagram for a synthetic 150 bus power system case. [25]

The GIC-inclusive state estimator was applied to a 500/345
kV 20 bus case in Fig. 2 and a 500/345 kV 150 bus system
case in Fig. 3. GMD scenarios are simulated in commercially
available power flow software and artificial noise added to
the solution measurement values to emulate reality. The ar-
tificial noise added to the measurements follows a Gaussian
distribution with standard deviations as follows: 0.01pu for
power flows, 0.02pu for power injections, 0.01pu for node
voltage magnitudes, and 0.001-0.005pu for neutral GICs. For
the power flow measurements, the percentage of maximum
measurements given as input ranged from 70%-85%. For the
power injection measurements, the percentage of maximum
measurements given as input range from 70%-95%. For the
voltage magnitude measurements, the percentage of maximum
measurements given as input is up to 80%. 50%-100% for
neutral GICs. The true state solution is also retained for vali-
dation purposes. The electric field is assumed to be known with
minimal error, for the purposes of determining current ratios
and initializing estimation starting values. The representative
results of the following GMD scenarios are presented:

1) Uniform electric field,
2) Non-uniform electric field,
3) Uniform electric field of fixed magnitude (4 V/km) and

varying direction from 0◦ to 180◦,
4) Uniform electric field of increasing magnitude (1 V/km

to 9 V/km) at a fixed direction (0◦).
To quantify the accuracy of the proposed method, the differ-
ence between the known state values and the estimated states
comprises a vector of errors.

Figs. 4 and 5 correspond to the 20 bus case affected by
a uniform electric field and show the average absolute error
(over 100 Monte Carlo simulations) in the voltage magnitude
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Fig. 4. Voltage magnitude decimal logarithmic absolute error for a uniform
electric field on a 20 bus case
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Fig. 5. Neutral GIC decimal logarithmic absolute error for a uniform electric
field on a 20 bus system

and the neutral current state for the scenario where neutral GIC
measurements are taken at random. The number of available
measurements is kept at 50% of the total number of possible
GIC measurements. The estimation error of the pu voltage
magnitude state is in the range of 10−5, which is significantly
less than that obtained by the traditional state estimator used
during the GMD scenario, which is in the range of 10−2, if it
even converges. Studies carried out in [22] indicated that the
use of traditional state estimation during GMD situations may
lead to non-convergence, which is an issue the GIC-inclusive
state estimator did not face. Also, with around 50% neutral
current measurements available, the error in the pu neutral
GICs estimation, which is a parameter of interest in online
GIC studies, is in the range of 10−3.

Figs. 6 and 7 correspond to the 20 bus case affected by a
non-uniform electric field scenario. The plots show the average
absolute error in the voltage magnitude and neutral current
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Fig. 6. Decimal logarithmic absolute error for the voltage magnitude state
for a non-uniform electric field scenario on the 20 bus case
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Fig. 7. Decimal logarithmic absolute error for the neutral GIC state for a
non-uniform electric field scenario on the 20 bus case

states for a scenario where neutral GIC measurements are
taken from only one transformer if many transformers with
the same parameters are in parallel. The pu voltage magnitude
estimation error is in the range of 10−5, which is much less
than that obtained for the traditional state estimator which
is in the range of 10−2.5. Again, this is only representative
when the traditional state estimator even converges. With a
current measurement available at one transformer from a set
of parallel transformers, the pu neutral GIC state estimation
error is in the range of 10−3.2. Fig. 8 depicts the estimation
error profiles of the voltage magnitude (Vm) and neutral
current (In) states at different uniform electric field directions
ranging from 0 - 180◦ for a fixed magnitude. From the
plot, it is clear that the error in the pu voltage magnitude
states using GIC-inclusive estimation is lower than that of the
traditional state estimator. The estimation error of neutral GICs
is around 10−4. Fig. 9 depicts the estimation error profiles of
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Fig. 8. Decimal logarithmic absolute error for the voltage magnitude and
neutral GIC states along with the voltage magnitude state error from the
traditional state estimator on a 150 bus case
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Fig. 9. Decimal logarithmic absolute error for the voltage magnitude and
neutral GIC states along with the voltage magnitude state error from the
traditional state estimator on a 150 bus case

the voltage magnitude and neutral current states at different
uniform electric field magnitudes ranging from 1 - 9 V/km in
a fixed direction. From the plot, it is clear that the error in the
pu voltage magnitude states using GIC-inclusive estimation is
lower than that of the traditional state estimator. The GIC-
inclusive SE also has superior performance because all the
scenarios carried out converged. With the traditional state
estimator, especially with a larger case like the 150-bus case
used here, the number of simulations that converge can be low.
The estimation error of neutral GICs is around 10−4. The error
pattern observed in the traditional state estimator (increasing
error with increasing storm magnitude) is attributed to the fact
that the lack of GMD-related modeling incurs increasing error
as the GMD input increases. These patterns do not exist for
the GIC-inclusive estimator error due to more accurate system
modeling.
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TABLE I
AVERAGE ERROR WITH INCREASING ELECTRIC FIELD NOISE

Noise (σ) Average Total Error
0.00 0.0090
0.01 0.0154
0.10 0.0996

Sensitivity to the number of available measurements incor-
porated is undertaken and shown in Fig. 10. When fewer than
50% of the transformer are metered, the estimator is prone to
unobservability, but when the estimator converges the resulting
estimate has acceptable accuracy. Sensitivity to the accuracy

Fig. 10. Average error magnitude with increasing GIC measurement
availability on a 150 bus case

of the electric field information is also explored. For a scenario
on the 150 bus case with a non-uniform electric field, as the
error of the electric field input increases, so does the resulting
state estimation error, see Table I, but not prohibitively so.
A scenario on the 150 bus case with a uniform electric field
of 5V/km at 50◦ is graphically represented in Fig. 11. The
increasing size of the dots show the increasing estimation error
in neutral GIC states. The estimation error of the neutral GICs
is mostly less than 0.05A. For this case, 70% of the neutral
GICs and voltage magnitudes were available as measurements
for the estimation process.

To determine the effectiveness of the proposed bad data
detection methods, one of the measurements, chosen randomly
by measurement type, is corrupted by 4σ, 6σ, and 10σ. Over
hundreds of Monte Carlo simulation, the percentage of bad
measurements correctly identified is plotted in Fig. 12. As
important as it is that the method detects bad data correctly,
it is also important that the test do not flag for bad data when
there is none. The bad data detection false alarm rate when
there is no egregiously bad data is 28.5%, 26.7%, and 29% for
corrupted real power, reactive power, and voltage magnitude
measurements, respectively. Future research into tuning the
detection threshold could improve this metric.

With respect to computational efficiency, the GIC-inclusive
state estimator takes as little as 2 seconds to solve the 150

bus system on an Intel Core i7-6500U @ 2.5 GHz. Time
required per iteration for the GIC-inclusive state estimator is
only around 0.5% more than that required by a traditional state
estimator. For scenarios with a sizeable electric field applied,
the conventional state estimator often fails to converge, but
when it does it is in an average of 7 iterations. Meanwhile the
GIC-inclusive state estimator was found to always converge
in around 9 iterations with sufficient metering.

VI. CONCLUSION

This paper addresses the improved implementation of PSSE
during a GMD. It is found that inclusion of GIC-related
states, measurements, and models is necessary to maintain
estimation accuracy during abnormal conditions. The model-
ing of GICs is explained, along with the required changes
to the traditional model. The results indicate that the GIC-
inclusive state estimator accurately estimates the traditional
and new GIC-related states in the presence of an underlying
electric field. It helps overcome the issue of non-convergence
that marred the traditional PSSE during a GMD. Therefore,
utilities and system operators can greatly benefit from using
this framework. Operator decision making during normal and
abnormal operations depends on state estimation results and
the system visibility during a large-scale GMD provided by
the proposed methods could save the system from collapse. In
addition to improving the estimation of existing states, the pro-
posed modified estimator also provides important situational
awareness for GIC-related values, namely neutral GICs.

Assumptions regarding system parameters, measurement
availability, and measurement accuracy were made in this
initial implementation. Future work will address these topics.
Additional analysis in the physical world is necessary to im-
prove parameter modeling; the modular nature of the proposed
estimation framework enables convenient updating of the dc
system information as it becomes available. The addition
of neutral current states requires additional measurements
to maintain observability, a complex but well-understood
topic with respect to traditional estimation. Research into
the dependencies between the new states and measurements
could provide valuable insight for future iterations of GIC-
inclusive estimators. These relationships may ultimately help
obtain the conditions for critical measurements and lead to
further improvements in GIC-inclusive estimation bad data
detection. Reliable electric field measurements or estimates
for the given GMD scenario are a useful input to the GIC-
inclusive ac state estimator. A dc GIC estimator could obtain
fairly accurate electric field estimates from magnetic field,
transformer, and earth data. A sequential combination of these
estimators could be especially effective, using the dc estimator
output to generate additional measurements, or pseudomea-
surements, for the ac estimator. In practice, this may make the
best use of available measurements to maintain observability
and improve accuracy. Regarding measurement accuracy, the
standard estimator relies on an assumed model of measurement
noise. An appropriate noise model for GIC-related values is
an area for future research. It would also be of interest to
consider how the estimate error changes for different and
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Fig. 11. Geographical representation of error magnitude in neutral GIC estimates for a 150-bus case set on the footprint of Tennessee
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Fig. 12. Percentage of bad data instances correctly identified as a function
of the data badness

possibly wrong error models. Understanding the error model
directly informs the weighting factors used in the estimation
algorithm.

The proposed GIC-inclusive ac state estimator provides
extended system states with sufficient accuracy during GMD
events. This ability is dependent on factors for future work
such as system parameters, availability and placement of
measurements, and the use of a dc state estimator to provide
pseudomeasurements, but overall an improved model and
method are proposed for PSSE during a GMD.
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