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Abstract—The threat of geomagnetic disturbances (GMDs) to
the reliable operation of the bulk energy system has spurred the
development of effective strategies for mitigating their impacts.
One such approach involves placing transformer neutral blocking
devices, which interrupt the path of geomagnetically induced
currents (GICs) to limit their impact. The high cost of these
devices and the sparsity of transformers that experience high
GICs during GMD events, however, calls for a sparse placement
strategy that involves high computational cost. To address this
challenge, we developed a physics-informed heterogeneous graph
neural network (PIHGNN) for solving the graph-based dc-
blocker placement problem. Our approach combines a hetero-
geneous graph neural network (HGNN) with a physics-informed
neural network (PINN) to capture the diverse types of nodes
and edges in ac/dc networks and incorporates the physical
laws of the power grid. We train the PIHGNN model using a
surrogate power flow model and validate it using case studies.
Results demonstrate that PIHGNN can effectively and efficiently
support the deployment of GIC dc-current blockers, ensuring
the continued supply of electricity to meet societal demands. Our
approach has the potential to contribute to the development of
more reliable and resilient power grids capable of withstanding
the growing threat that GMDs pose.

Index Terms—geomagnetic disturbance, geomagnetically in-
duced current mitigation, blocking devices, physics-informed
machine learning, graph neural networks.

I. INTRODUCTION

Geomagnetic disturbances (GMDs) pose a serious threat to
the continuous and reliable operation of the bulk energy system
[1]. During severe space weather, charged and magnetized
particles are blown away from the Sun. These disrupt the
Earth’s magnetic field and drive geomagnetically induced
currents (GICs) – quasi-dc currents produced by the induced
low-frequency electric fields – in the conductive infrastructure,
which flow into the high-voltage network through the neu-
trals of transformers [2], [3]. Depending on intensity, GICs
can adversely impact transmission networks and equipment

through overheating and thermal degradation in transform-
ers, misoperation in protective devices, voltage collapses and
the loss of reactive power support, and in the worst case,
widespread infrastructure damage and tripping of transmission
lines, leading to cascading power outages [3]–[6].

A handful of strategies, for both system operation (transmis-
sion line switching, generation re-dispatch, and load-shedding)
and system planning (placement of dc-blockers or series ca-
pacitors, and equipment stockpiling), have been explored over
the years to mitigate the impacts of GMDs. This paper focuses
on the placement of transformer neutral blocking devices –
the installation of GIC dc-current blockers – which consists of
injecting a shunt capacitor in series with the grounding point of
transformer neutrals to interrupt the path of GICs [7]. Unlike
other strategies, this approach does not reduce the power-
carrying capacity of the grid, but may interfere with ground-
fault relaying, which in turn requires additional switching
devices and increased capital costs. Given the high initial
costs of these devices, and that the number of transformers
that experience high GICs during GMD events is sparse [8],
sparse dc-blocker placement is necessary. This motivates the
need for optimization-based placement formulations to guide
the choices of where to place blocking devices.

Determining the optimal placement of GIC blocking devices
is a challenging optimization problem formulated as a diffi-
cult mixed-integer non-linear program (MINLP). Developing
effective techniques to solve such complex MINLP models for
large-scale power systems has been an active research area for
decades [9]–[11].

Recently, machine learning (ML) approaches have shown
great promise for tackling these challenging optimization
problems by training ML models to predict high-quality
solutions efficiently [12]–[14], avoiding the need to solve
the optimization directly. These ML surrogate models have
demonstrated impressive performance on traditional power
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systems optimization tasks.
Motivated by these promising ML developments, this paper

explores applying machine learning techniques to the critical
problem of optimally placing GIC blocking devices to mit-
igate geomagnetically induced current impacts during solar
storms. We develop a novel ML surrogate model approach
that leverages recent advances in graph neural networks and
physics-informed neural networks to effectively capture the
complex network structure and physical laws governing power
grid systems.

More specifically, the application of graph neural networks
(GNNs) in power grid systems has been a rapidly developing
area of research in recent years. For example, [15] applied
GNNs to learn a local and scalable parameterization of the op-
timal power flow (OPF) solution, while [16] learned to perform
ac OPF computations by directly minimizing the violation of
physical laws during training. Additionally, [17] proposed a
new approach to predicting short-term power generation from
renewable energy sources, combining a graph convolutional
network and a long short-term memory model to capture both
spatial and temporal correlations. Furthermore, [18] presents a
novel approach for solving reliability assessment commitments
(RAC) optimization problems in power systems using GNNs
and uncertainty quantification.

However, these models are designed for homogeneous
graphs, which cannot fully capture the complex relationships
and dependencies between different types of nodes and edges
in ac/dc networks. The physics of GMD impacts on power
system cause induced low-frequency voltages on electric trans-
mission lines. A reasonable approximation is to model these
as dc voltages. GICs can be calculated on transmission lines
by generating a dc network from an ac transmission network
model. In this dc network, the nodes correspond to both buses
in the ac network and substation grounding grids, while edges
correspond to transmission lines and transformer windings.
This dc network is linked to the ac transmission network
by reactive power loss resulting from half-cycle saturation on
transformers. This is calculated as a function of the weighted
sum of GICs flowing though each winding of a transformer
and mapped to one of the transformer terminals [19]. We will
further discuss the details in Section III-A.

In addition, physics-informed neural networks [20] have
drawn attention in recent years to address the problem of
learning from data while respecting the underlying domain.
With such an approach, constraints can be added to the ML
model to respect the underlying physics [20]–[22], or by
combining more explicit information from numerical solvers
with the ML model [23], [24]. In this work, we incorporate the
physical information of the power grid into the ML training
process. This gap in the power grid literature motivates our
research to explore the potential of heterogeneous graph neural
networks in solving the dc-current blocker placement problem
while ensuring the satisfaction of physical laws.

This paper proposes a novel heterogeneous graph neural
network (HGNN) approach to model the complex ac/dc power
grid network and predict optimal locations for placing GIC

dc-current blockers to mitigate geomagnetic disturbance im-
pacts. The HGNN captures the diverse node and edge types
present in integrated ac/dc networks through tailored node and
edge embeddings. Building upon this base HGNN model, we
develop an innovative physics-informed heterogeneous graph
neural network (PIHGNN) that incorporates the fundamental
physical laws governing power grid operation. The PIHGNN
combines the HGNN’s predictions with a surrogate power flow
model solver to ensure predictions respect the nonlinear ac/dc
power flow constraints.

To the best of our knowledge, this is the first work that
combines the powerful representational capabilities of graph
neural networks for capturing network structure with physics-
informed neural network techniques for enforcing physical
law constraints. Applying this novel PIHGNN approach to
the critical problem of optimizing GIC dc-current blocker
placement is an important contribution. By addressing this gap
between data-driven graph representations and physical power
system models, our research enables more reliable and resilient
power grid operation in the face of growing geomagnetic
disturbance threats. The proposed PIHGNN model provides a
cost-effective and computationally efficient machine learning
surrogate for supporting real-world GIC blocker deployment
decisions.

The rest of the paper is structured as follows: In Section
II., we introduce the mathematical formulation of blocker
placement with objectives and constraints. In Section III., we
describe our ML surrogate approach and the methodology used
to train and validate the model. In Section IV., we present two
case studies that demonstrate the effectiveness of our approach
and discuss the results. Finally, in Section V., we conclude
with a brief discussion of the implications of our research and
future directions for improving power grid resilience against
GMDs with the use of neural networks.

II. PROBLEM FORMULATION

In this section, we discuss the GIC dc-current blocker
placement formulation from an optimization problem perspec-
tive. This formulation consists of four distinct pieces: the
formulation used to model ac power flows in a transmission
network, the formulation used to model GIC flows in a
transmission network, the formulation that links GIC and ac
formulations, and the formulation for modeling blockers. It
is important to note that while the ac and GIC flows are
formulated for the same physical system, the formulations
utilize unique representations of the system.

A. AC Power Flow

The ac power flow constraints consist primarily of the set
of equations that represent the physics of power flow on an ac
transmission network, and the set of inequalities that represent
the operational limits of the network. This is formulated as
a MINLP maximum-load-delivered (MLD) formulation, as
described in [25].
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1) Objective:
The problem objective is to maximize the amount of load
delivered. This can be alternately formulated as minimizing
the cost associated with load-shedding:

min.
∑
i∈D

∣∣pdi ∣∣κd
i z

d
i (1)

where D is the set of loads in the ac network; pdi is the
dispatched power of load i; κd

i is the cost of shedding load i;
and zdi ∈ {0, 1} is the load-shedding variable corresponding
to load i.

2) Nodal power balance constraint:∑
j∈Ea+

i

(
s+j − iqloss+j

)
−

∑
j∈Ea−

i

(
s−j + iqloss−j

)
=

∑
j∈Gi

sgj −
∑
j∈Di

zdj s
d
j − ys

i |vi|2 , ∀i ∈ N a

where N a is the set of ac buses; Ea+i is the set of branches
flowing into bus i; Ea−i is the set of branches flowing out of bus
i; sj is the complex power flow through branch j; qlossj is the
reactive power loss of the branch resulting from GIC; Gi is the
set of generators connected to bus i; sgk is the complex power
produced by generator k; Di is the set of loads connected to
bus i; sdk is the scheduled power of load k; zdk ∈ [0, 1] is the
load shed variable; ys

i is the shunt admittance of bus i; and
vi is the voltage phasor at bus i.

3) Branch flow constraint:
∀ i ∈ Ea

s+i =

(
y∗
i − i

bsh
i

2

)
|vj |2 − y∗

i vjv
∗
k (2a)

s−i =

(
y∗
i − i

bsh
i

2

)
|vk|2 − y∗

i v
∗
jvk (2b)

where Ea is the set of ac edges; yi is the series admittance of
branch i; and bsh

i is the line charging capacitance (equal to 0
for transformers).

4) AC Operational Limit Constraints:
The voltage limits for each node (bus) i ∈ N a are defined by,

vi ≤ |vi| ≤ vi (3)

where the lower and upper bounds of the voltage magnitude
at node i ∈ N a are set by the range [vi, vi].
The thermal limits of an edge i ∈ Ea are defined by,

∣∣s−i ∣∣ ≤ si (4a)∣∣s+i ∣∣ ≤ si (4b)

where si is the thermal limit of edge i.
Voltage stability limits on the phase angle difference on edge
i, between nodes j and k, are defined by,

θi ≤ arg(vk)− arg(vj) ≤ θi (5)

where θi and θi represent the upper and lower bounds on the
phase angle difference.

Given the set of generators G, the capacity of power generation
of i ∈ G is defined by,

pg
i
≤ R(sgi ) ≤ pgi (6a)

qg
i
≤ I(sgi ) ≤ qgi (6b)

where R(s) and I(s) are the real and imaginary components
of is the real part of s, respectively, pg

i
and pgi represent the

lower and upper bounds on real power for generator i; and qg
i

and qgi represent the lower and upper bounds on real power
for generator i.

B. GIC Flow

The dc power flow constraints consist of the set of equations
that represent the physics of GIC flow on a dc representation
of the transmission network. For a node i ∈ N d, the nodal
flow balance constraint is defined by,∑

j∈Ed+
i

Ij −
∑

j∈Ed−
i

Ij = (1− zbi )a
s
iVi (7)

where N d is the set of nodes in the dc network; Ed+i is the set
of directed edges connected to node i in the dc network that
are oriented towards node i, while Ed−i is the set of directed
edges connected to node i that are oriented against node i;
for the problem of maximizing load delivered, zbi ∈ {0, 1}
for node i is a parameter indicating if there is a blocker at i,
which forces GIC flow into a transformer neutral to 0; for the
blocker placement problem, it is the binary placement variable
for the blocker; and finally, Vi is the quasi-dc voltage at node
i and asi is the resistance to remote earth at i.

Next, the dc Ohm’s law constraint for i ∈ Ed is defined by,

Ii = ai(Vj − Vk + V br
i ) (8)

where ai is the conductance of dc edge i; and V br
i is the

voltage induced on dc edge i by the GMD.

C. GIC and AC coupling

The notion of “effective” GIC is to calculate a weighted sum
of currents through transformer windings that is proportional
to the transformer core flux, and therefore to the GIC-induced
reactive power losses of the transformer. This varies for dif-
ferent transformer configurations. These are defined ∀i ∈ Ea
by,

Ĩi =



IiH if i ∈ E∆

αiIiH+I
iL

αi
if i ∈ Ey

αiIiS+I
iC

αi+1
if i ∈ E∞

IiH +
I
iL

αi
+

I
iT

βi
if i ∈ E3

0 otherwise

(9)

where E∆ is the set of grounded-wye delta transformers, Ey
is the set of grounded-wye-grounded-wye transformers, E∞
is the set of autotransformers, E3 is the set of three-winding
transformers, αi = V b

iH/V b
iL is the transformer turns ratio for

the primary and secondary windings, while βi = V b
iH/V b

i3
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is the transformer turns ratio for the primary and tertiary
windings for the case of three-winding transformers; Ĩi is the
“effective” GIC current on the dc edge; IiH is the high-side
winding current and IiL is the low-side for two- or three-
winding transformers; IiS is the series winding current and
IiC is the common winding current for auto-transformers;
and iH = Hd

i , i
L = Ld

i , i
S = Sd

i , i
C = Cd

i , i
3 = T d

i are
set index variables for transformer terminal nodes in the dc
network.

The magnitude of “effective” GIC for ∀i ∈ Eτ is then
defined by,

Ii =
∣∣∣Ĩi∣∣∣ (10)

where Eτ = E∆∪Ey∪E∞∪E3 is the set of all transformers.

Last, the reactive power loss increase for a transformer
resulting from GIC-induced half-cycle saturation ∀i ∈ Eτ is
defined by,

qloss+i =

{√
2
3
· Sb

i

V b
k

· |vj |KiI
d
i if k = iH

0 otherwise
(11)

qloss−i =


√

2
3
· Sb

i

V b
j

· |vj |KiI
d
i if j = iL

0 otherwise
(12)

where j = Hi is the high-side node associated with trans-
former i; qlossj is the GIC-induced reactive power loss at the
high-side node j; Sb

i is the base power of transformer i; V b
j is

the rated voltage at the high-side node j; and Ki is the GIC
reactive power loss of transformer i.

The MLD problem is formulated by minimizing Eq. (1)
subject to constraints Eqs. (2) – (12) being satisfied.

D. GIC DC-Current Blocker Placement

The blocker placement problem takes on the same form as
the MLD problem, however, the blocker placement parame-
ters zbi become binary decision variables and an additional
constraint is added to limit the cost of blocker placement to
within a budget: ∑

i∈Nd
b

κb
iz

b
i ≤ cb (13)

where κb
i is the cost of placing a GIC dc-current blocker at

node (bus) i; and cb is the total budget for blocker placement.

The blocker placement problem is formulated by minimiz-
ing Eq. (1) subject to constraints Eqs. (2) – (13) being satisfied.

III. LEARNING MODEL

Given the mathematical formulation of blocker placement,
in this section, we present our ML approach using HGNN
to solve the GIC dc-current blocker placement problem as a
binary classification problem with a physics-informed neural
network model.

substationsubstation

Virtual relation

Meta relation

Generator

DC nodes

AC nodes

Fig. 1: An abstract view of a heterogeneous graph for power
grid (B4GIC).

A. Heterogeneous Graph

The power grid can be modeled as a heterogeneous graph,
where different types of nodes represent different compo-
nents of the grid (such as ac bus and generator) and the
edges between nodes represent the connections between these
components (such as transmission lines and transformers). In
addition to building a HGNN to predict blocker locations, we
first consider the effects of GMD as quasi-dc current injection,
and then we can use the ac-dc power flow model to solve the
power flow problem. Therefore, we also have a set of nodes
and edges from the dc network, and a set of new edges between
ac and dc networks. We can use a combination of node and
edge embeddings to represent the graph structure and node
attributes (such as the type of power plant or the voltage level
of a transmission line). Figure 1 provides an abstract view of
a heterogeneous graph for power grid B4GIC1, a typical small
network studied for GIC problems.

Definition 1 (Heterogeneous Graph). A heterogeneous graph
is defined as an undirected graph G = (N , E ,A,R) where
each node v ∈ N and each edge e ∈ E are associated with
their type mapping function τ(v) : V → A and ϕ(e) : E → R,
respectively.

Meta Relation: From an abstract view, a meta relation
can be thought of as an edge e = (s, t) that connects a source
node s to a target node t. The tuple (s, e, t) represents the
meta relation, where e is the edge between the nodes, and s
and t are the nodes themselves. The features associated with
the meta relation are the attributes of the edge and the nodes
it connects. For example, the branch is an edge connecting
two buses, denoted as (bus s, branch e, bus t), and has the
attributes of the branch, the source bus, and the target bus. By
leveraging the features associated with meta relations, we can
build more accurate and effective models that can be used to
make predictions and decisions about the power grid.

Virtual Relation: The power grid is hierarchical, and
the meta relations alone are not sufficient to capture its
hierarchical structure. For instance, generators are a subset
of buses, and they have attributes that are not shared with
buses. To address this limitation, we introduce virtual relations,

1PowerWorld simulator (B4GIC): https://www.powerworld.com/
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a special type of meta relation that connects nodes without
having edge features. The virtual relation (bus s, conn e, gen
t) represents a bus that is also a generator, i.e., bus s and
gen t are the same physical entity, and the virtual edge conn
e is used to establish a connection between them. Thus, this
relation does not have any edge features but can still capture
information from node to node.

B. Heterogeneous Graph Neural Network
Our approach uses HGNNs to learn the node and edge

embeddings of a power grid. Once the embeddings are learned,
we use them to predict the likelihood of a blocker occurring
in the dc buses, and identify the most effective locations to
place blockers to mitigate the impact of GMDs. Thus, we can
use a HGNN to predict GIC dc-current blockers as a binary
classification problem on dc buses.

To build a HGNN to predict blocker locations, we use a
combination of node and edge embeddings to represent the
graph structure and node attributes, such as a set of features
of nodes (e.g., type, real demand, reactive demand, etc.) and
a set of features of transmission lines (e.g., length, capacity,
voltage level, etc.).

In general, the GNNs learn the embedding of each node by
aggregating the information from its neighbors as follows,

Ht
v ← Aggr∀u∈N(v)

(
f
(
Ht−1

u ;Ht−1
v

))
(14)

where N(v) denotes the neighbors of v; Ht
v is the embedding

of node v at the t-th layer; and f is a learnable function given
the node embeddings. HGNNs can learn the node and edge
embeddings simultaneously.

HGNN is a type of neural network designed to work
with heterogeneous graph-structured data, and it has been
shown to be effective in a variety of tasks, such as node
classification, graph classification, and link prediction. The key
idea of HGNN is to iteratively update the node embeddings by
aggregating information from neighboring nodes and learning
a representation of the graph structure. The update rule for the
node embeddings can be written as:

Ht+1
i = σ

 ∑
j∈N(i)

Ht
jW

(α)
ij +

∑
j∈N (i)

Et
ijW

(β)
ij

 (15)

where Ht
i is the embedding of node i at iteration t; σ is

an activation function; N(i) is the set of neighboring nodes
of i; W

(α)
ij and W

(β)
ij are weight matrices that capture the

importance of the edge between nodes i and j for the node
and edge embeddings, respectively; and

∑
j∈N(i) H

t
jW

(α)
ij +∑

j∈N(i) E
t
ijW

(β)
ij is the aggregated feature representation of

the neighbors of i.
In addition to the node embeddings, the model also learns

edge embeddings to represent the transmission lines and
transformers between nodes. The edge embeddings are learned
using a similar update rule:

Et+1
ij = σ

 ∑
k∈N (j)

Et
kjW

(α)
ik +

∑
k∈N (i)

Ht
kW

(β)
ik

 (16)

Data

Heuristic
solver

Heuristic
solution ( )

ML

solution ( )

Evaluator

HGNN
solver

classification loss physics-informed loss

Fig. 2: PIHGNN Framework

where Et
ij is the embedding of the edge between nodes i and

j at iteration t. For t = 0, we take H0 and E0 as the input
node and edge features, respectively.

Once we have learned the node and edge embeddings, we
use them to predict the likelihood of a blocker occurring in the
power grid. Specifically, we place blockers on the dc buses,
where we define a probability distribution over the possible
GIC blocker locations using a fully connected multi-layer
perceptron (MLP) that takes the node and edge embeddings
as input:

P(z|H,E) = MLP(H,E) (17)

where H is the set of node embeddings of dc nodes; E is the
set of edge embeddings; and z is the set of possible binary
GIC blocker locations the model tries to predict.

The HGNN is trained using a variety of loss functions, such
as cross-entropy loss between the predicted probability and
the true labels, to optimize the prediction performance. The
learnable parameters of the HGNN include the weight matrices
W

(α)
ij and W

(β)
ij for the node and edge embeddings, and the

parameters of the MLP for predicting the blocker locations,
denoted as θ in general.

C. Physics-Informed Heterogeneous GNN

Having location predictions simply provided by the HGNN
is insufficient to solve the problem. Since the core blocker
placement problem is MINLP, and a heuristic solver (ac-
rect) [26] can only provide locally optimal solutions and not
necessarily the global optimum, in this section, we introduce
a novel approach that combines the strengths of HGNNs with
the physics-based modeling of power grids.

The developed method, called physics-informed heteroge-
neous graph neural network (PIHGNN), leverages the predic-
tive power of HGNNs with the physical laws governing power
systems. This allows for more accurate and reliable predictions
of GIC dc-current blocker locations, which can help prevent
equipment damage and power outages caused by GMDs.

PIHGNN is based on a re-evaluation step after reading
out the blocker location predictions from the HGNN. The
predicted locations are sent into a surrogate problem, which
measures the feasibility and optimality of the predictions in a
real electric grid. We denote the surrogate problem as function
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surrogate
objective

feasible
region

Fig. 3: Evaluation of predictions. The heuristic solver provides
the label z (highlighted in yellow), and the GNN-based pre-
diction ẑ (highlighted in green) is evaluated by the evaluator
g. The evaluator g is a surrogate MLD model that takes the
predictions from the heuristic solver and the GNN model as
inputs.

g(·), which is a physics-based model that solves the MLD
problem of a power grid given both ac and dc formulations;
it takes the predicted blocker locations as input, and outputs
a set of feasible and optimal values of the surrogate problem.

The surrogate model, g(·), along with the HGNN, is trained
using the backpropagation method. The training data are the
same as the HGNN problem with the additional output from
the heuristic solver into the surrogate problem. The total loss
function was built not only from the HGNN problem but also
from the surrogate problem as well, presented in Figure 2, and
is given

ℓ(A,X, z) = ℓCE(z, ẑ) + ηℓPI (g(z), g(ẑ)) (18)

where A are the heterogeneous structural adjacencies, X are
the node and edge feature matrices, and η is the regularization
parameter; ℓCE(·, ·) is the classification loss based on cross-
entropy function from the HGNN problem; and ℓPI(·, ·) is the
physics-informed loss from the surrogate formulation.

Figure 3 illustrates the rationale behind the loss function
in PIHGNN. A classification loss, typically based on a cross-
entropy function, only ensures that the solution obtained from
the HGNN (ẑ) is close to the observed data (z). Due to
the non-convex and non-smooth optimization of the blocker
placement problem, the observed data is not the only solution
to the original problem. Moreover, the prediction from the
HGNN model is not guaranteed to be a feasible solution to the
original blocker placement problem. To capture the underlying
physical laws governing the behavior of power systems, we
propose to use a surrogate model g(·) to evaluate the quality
of predictions, both in feasibility and optimality. A physics-
informed loss ℓPI(·, ·) offers a promising approach to simplify
the complexity of the underlying physical laws but still serves
as a surrogate measurement to the quality of solutions.

The advantages and contributions of PIHGNN are:
• Improved accuracy: PIHGNN combines the predictive

power of HGNNs with the physical laws governing power

systems, leading to more accurate predictions of blocker
locations.

• Increased reliability: The re-evaluation step using the
surrogate model ensures that the predicted GIC dc-current
blocker locations are feasible and optimal, reducing the
risk of equipment damage and power outages caused by
GMDs.

• Flexibility: PIHGNN can be adapted to different scenar-
ios and can handle various types of uncertainties, such
as uncertainty in the blocker locations, uncertainty in the
grid topology, and uncertainty in the grid parameters.

Algorithm 1 Adaptive training of PIHGNN

1: Data: G1(A,X1, z1), · · · ,Gn(A,Xn, zn)
2: HP: η, p, lr, epoch, etc.
3: procedure TRAINING(G1, · · · ,Gn)
4: for epoch do
5: for sample Gi in batch do
6: ẑi ← HGNN(Gi) ▷ feedforward
7: ℓCE,i ← CE(zi, ẑi) ▷ classification loss
8: end for
9: if epoch % p = 0 then

10: for sample Gi in batch do
11: ℓPI,i ← d(g(ẑi), g(zi))) ▷ PI loss
12: end for
13: end if
14: ℓ = 1

b

∑
i(ℓCE,i +

η√
epoch

ℓPI,i)
15: Update θ ▷ backpropagation
16: end for
17: Return HGNN with parameters θ
18: end procedure

IV. CASE STUDIES

A. Dataset

Extensive experiments were conducted on two widely used
synthetic test systems, EPRI21 and UIUC150, which are pub-
licly available with PowerModelsGMD2 (PMsGMD) [6]. The
EPRI21 dataset is a 20-bus network with 7 generators and 31
branches, and the UIUC150 dataset is a 150-bus network with
27 generators and 218 branches. Details of the PMsGMD data
format are summarized in Table I: tables “bus”, “gen”, and
“gmd_bus” contain the nodes in the heterogeneous graph;
tables “branch”, “branch_gmd”, and “gmd_branch”
contain the meta relations with a set of specific features; and
tables “bus_conn_gen” and “gmd_bus_attach_bus”
contain the virtual relations without edge features.

Data preprocessing: To demonstrate the effectiveness of
our proposed models, we first generate a set of synthetic
data representing the GMD scenarios: 50 samples for each
combination of E-field direction in (45, 135) degree and mag-
nitude (5, 10, 15, 20), along with a uniformly random scalar
perturbation in [0.8, 1.2] for active and reactive demands on
load buses. With a total 400 samples for each dataset, we split

2https://github.com/lanl-ansi/PowerModelsGMD.jl
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the dataset into 80%, 10%, and 10% for training, validation,
and testing, respectively. We also normalize the node and edge
features to [0, 1] in order to stabilize the training process3.

B. Performance

Formulated as a binary classification problem, we evaluated
the performance of the proposed models on the test systems
using the accuracy and ROC-AUC metrics with 10-fold cross
validation, where the accuracy is the ratio of the number
of correct predictions to the total number of predictions,
and the ROC-AUC is the area under the receiver operating
characteristic curve, which is typically used to evaluate the
performance of binary classification models. We use 4 lay-
ers of heterogeneous transformer layer with 4 heads, and
4 layers of MLP with 128 hidden dimensions. We apply
the Adam optimizer [27] with a learning rate of 0.001 and
weight decay of 0.0001 for the backpropagation with 200
epochs. Table II summarizes the prediction performance of
the two models, HGNN and PIHGNN, on the two datasets.
Results indicate that PIHGNN outperforms HGNN on both
datasets, with average accuracy improvements of 0.052 and
0.013, and average ROC-AUC improvements of 0.046 and
0.007, respectively. Regarding the performance variations of
the datasets, EPRI21 has generally higher accuracy and ROC-
AUC scores than UIUC150, which is primarily due to the
complexity of UIUI150 being a larger system. Results also
suggest that PIHGNN is a more reliable and robust model
than HGNN, especially when applied to a diverse and complex
power system dataset.

One advantage of the proposed HGNN/PIHGNN model is
that it can be trained efficiently in a supervised manner. To
demonstrate this, Table III compares the efficiency of three
methods – HGNN, PIHGNN, and a heuristic solver [26] – for
solving the blocker placement problem. Training and testing
times for each method, expressed in seconds per data sample,
is displayed; training time is the time required to train the
model on the training set, while testing time is the time
required to evaluate the model with one sample on the test
set. The heuristic solver [26], is a baseline method that uses
a stochastic learning optimizer which is implemented in Julia,
and its time is also shown per data sample. Table III shows
that HGNN and PIHGNN have significantly lower training
and testing times than the heuristic solver, with HGNN being
the fastest method overall. In particular, HGNN has training
of 4.75 and 8.12 seconds per data sample on average from
EPRI21 and UIUC150, respectively. While on the testing set,
HGNN has a negligible time of less than 1 second per data
sample. In contrast, the heuristic solver has much longer times,
ranging from 1 minute to 10 minutes per data sample in
EPRI21 and UIUC150 respectively. These results indicate that
both HGNN and PIHGNN are significantly more efficient than
the heuristic solver, and are therefore more suitable for solving
the blocker placement problem in large networks where the
heuristic solver is time-consuming.

3The source code is accessible: https://github.com/cshjin/swmp ml/
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Fig. 4: Training PIHGNN model on EPRI21
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Fig. 5: A surrogate evaluator for EPRI21

Figure 4 shows the training process of the PIHGNN model
on the EPRI21 dataset. Both accuracy and ROC-AUC scores
are shown as a function of the number of training epochs.
The figure shows that the model achieves a high accuracy
and ROC-AUC score over 0.75, respectively, after 150 epochs.
These results indicate that the PIHGNN model can be trained
efficiently on the EPRI21 dataset, and can achieve a high pre-
diction performance after a small number of training epochs.
More interestingly, Figure 5 shows the surrogate evaluator on
a single case in EPRI21. As shown, the PIHGNN prediction is
slightly different from the heuristic solver, but the output from
both solutions is exactly the same in the surrogate evaluator.
This demonstrates the need for the surrogate evaluator to
evaluate the PIHGNN prediction despite the binary labels from
the HGNN model when compared with the MIP solver.

We further investigated the impact of the electric field (E-
field) on the blocker placement problem by evaluating the PI-
HGNN model’s predictions under different E-field magnitudes.
Figure 6 depicts the objective function values for the PIHGNN
model, applied to the EPRI21 dataset, as a function of in-
creasing E-field magnitude (while fixing the direction at 45°).
Notably, both the heuristic approach and the ML approach
exhibit an increasing trend in objective function value with
rising E-field magnitude. However, the ML approach achieves
comparable objective function values to the heuristic approach,
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TABLE I: Statistics of networks

(# entries, # features) blocker locations bus gen gmd bus branch branch gmd gmd branch bus conn gen gmd bus attach bus

EPRI21 (8, ) (19, 15) (7, 20) (27, 3) (31, 11) (31, 18) (37, 4) (7, 0) (27, 0)
UIUC150 (98, ) (150, 15) (27, 20) (248, 3) (218, 11) (218, 18) (250, 4) (27, 0) (248, 0)

TABLE II: Prediction performance

Dataset Model Accuracy ROC-AUC

EPRI21 HGNN 0.732 ± .08 0.755 ± .11
PIHGNN 0.784 ± .12 0.801 ± .10

UIUC150 HGNN 0.702 ± .07 0.588 ± .07
PIHGNN 0.715 ± .10 0.594 ± .12

TABLE III: Efficiency comparison. The training time is the
time per data sample to train the model, and the testing time
is the time per data sample to evaluate the model on the test
set. The heuristic solver is the time per data sample to solve
the problem in Julia.

Dataset Model Training (sec.) Testing (sec.)

EPRI21
HGNN 4.75 ≪ 1

PIHGNN 7.50 2.31
Heuristic Solver 54.056 54.12

UIUC150
HGNN 8.12 ≪ 1

PIHGNN 10.30 3.55
Heuristic Solver 384.52 390.41

demonstrating similar average performance.
It is important to acknowledge that the non-convex and

non-smooth nature of the optimization problem precludes
exact equivalence between the objective function values of
the PIHGNN model and the heuristic solver. Nevertheless,
the observed closeness in their average values across various
E-field magnitudes suggests the PIHGNN model’s efficacy
in predicting the objective function value of the blocker
placement problem, which consequently allows for assessment
of prediction quality. This aligns with the findings presented
in Table III, emphasizing the suitability of the PIHGNN
model for large-scale power systems, where the computational
efficiency of training the model outweighs the substantial time
required for the heuristic solver.

Last, we examined the generalization capability of our
machine learning model by training it on one network and
predicting on another. This approach leverages the knowl-
edge acquired during training on known datasets to make
predictions on similar datasets, even with different network
sizes, thanks to the graph neural networks (GNNs). Such
generalization ability is particularly useful in power systems
where a model can learn patterns from one network and apply
them to another without the need for explicit heuristics or
simulated data.

Table IV shows the empirical results of training HGNN
model (without true labels to be evaluated in the surrogate)
on one network and testing it on another. The model trained
on EPRI21 data and tested on UIUC150 achieved an accuracy
score of 0.672, which is lower than the model trained and
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Fig. 6: Objective function values w.r.t. E-field magnitude on
EPRI21

TABLE IV: Generalization of learned HGNN (accuracy scores
reported)

Train
Test EPRI21 UIUC150

EPRI21 0.741 0.672
UIUC150 0.661 0.718

tested on its own (0.718). Similarly, the model trained on
UIUC150 and tested on EPRI21 had an accuracy score of
0.661, which is lower than the model trained from its own
data. These results provide empirical evidence that a model
can generalize to new data without requiring explicit labels or
training data from the new network.

V. CONCLUSION

We introduced a physics-informed heterogeneous graph
neural network (PIHGNN) for solving the graphically con-
strained blocker placement problem in power systems. The
proposed method combines the strengths of graph neural net-
works (GNNs) and physics-informed neural networks (PINNs)
to efficiently and accurately optimize the placement of geo-
magnetically induced currents (GICs) dc-current blockers. The
GNN captures the complex relationships and dependencies
between different types of nodes and edges in ac/dc net-
works, while the PINN ensures that the solution satisfies the
physical laws of the power grid. Further work will extend
the proposed method to solve other optimization problems
on power systems, such as voltage stability in presence of
GICs, investigate other machine learning techniques, such as
reinforcement learning, and incorporate spatiotemporal data
for explicit physics-informed neural networks in the future.
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