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José Antonio Domı́nguez-Navarro
Electrical Engineering
University of Zaragoza

Zaragoza, Spain
jadona@unizar.es

Abstract—This work presents a novel graph neural network
(GNN) based power flow solver that focuses on electrical grids
examined as dynamical networks. The proposed method employs
a specific type of GNN that considers different types of nodes to
allow the direct translation to the generator and load buses, and
the branches present in power systems. The GNN model is trained
with modified versions of IEEE test cases by permuting the
configuration of the electrical grid for the distinct samples used
during training. The training is carried out in an unsupervised
manner, and the results are compared with a conventional
and trustworthy Newton-Raphson based method. The presented
results are shown to be accurate, and perform acceptably well
even when tested on grids of different size from the ones they
observed during training.

Index Terms—power flow, graph neural networks, unsuper-
vised learning

I. INTRODUCTION

In present times, the electrical grid on which modern society
has becoming completely dependant, is becoming increasingly
difficult to analyze and control [1]. This is due to the present-
day challenges that have led to reforms in the conventional
power grid, however, power flow analyses are still a critical
step in the planning and operation of power systems [2]. To
ensure that the grid remains in a secure state, many load flow
analyses must be carried out, each corresponding to one of a
variety of situations, such as different network configurations
and grid injections [3]. The power flow analysis is a com-
putational procedure with the purpose of finding the steady
state operating characteristics of a power system network; it
obtains the voltage phase and magnitude values at all buses
in a power system, for a specified condition, i.e. topology,
active and reactive power states for loads and generators [4].
With the voltage data known, the real and reactive power flow
of each branch, as well as the reactive power of generators
can be analytically determined with simple multiplication and
addition operations.

Because of its nonlinear nature, for decades, a wide range
of numerical analysis methods for solving nonlinear algebraic
equations have been applied to solve the power flow problem
[5], [6]. These methods are iterative in nature and many of
them, such as the commonly applied Newton-Raphson method,
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require the computation of inverse matrices in each iteration.
For large power networks this causes computational overhead,
rendering these methods inadequate for certain instances of
system monitoring and control [7]. Often, when fast and
repetitive load flow estimations are required, the DC power
flow method is used, which is significantly faster than the
other AC power flow methods that do not neglect reactive
power flows, but is also highly inaccurate.

For these reasons, there has been relatively recent interest
in exploring new avenues based on heuristic methods, neural
networks and fuzzy logic to deal with power systems subjects,
such as the security assessment problem [8], [9], and others
[10]–[12]. Given that for the power flow problem, one needs to
repeatedly solve different instances which share patterns and
characteristics , it is worth looking into data-driven algorithms
and machine learning approaches which may exploit these
patterns [13]. The hope is to develop new methods or comple-
ment existing numerical methods to improve their speed and
capabilities for practical cases.

While works that implement neural networks to solve the
power flow problem have been proposed since the early
90s [14], [15], they are not applicable to large, complex
networks. Modern works in the area usually apply dense feed
forward neural networks (FFNNs) that do not take advantage
of the inherent graph structure and sparseness of the electrical
grid [16], [17]. Additionally, most of them apply supervised
learning to imitate conventional solvers, i.e. they require a
large amount of training data to optimize the parameters of
the model.

The work in this paper proposes a typed graph neural
network (TGN) based system that abstracts the relationship
between the generator and load buses to solve the deterministic
steady-state power flow problem for dynamical networks, i.e.
considering different grid configurations. Dynamical networks
deal with elements that follow dynamical rules that include
interactions with neighboring elements, with the underlying
graph not being fixed, but allowing change [18]. The TGN
is trained on essentially different electrical grids, with the
same number of buses but different topology in each sample.
This work focuses on modifying the structure of the power
grid by simulating random line outages. The learning is not
supervised, and focuses on minimizing the violation of the



power equilibrium equations. The system is then tested on
a grid of different size from the one it was trained on, and
even in that case, acceptable results are obtained. The work
in this paper presents an important step towards the final
goal of developing a machine learning based system that is
capable of generalizing to grids of different size, with varying
topology and injections, to improve the speed and reduce the
computational burden of essential power flow analyses; this
in turn, would improve the static security assessment of large
scale power systems, and bring other important contributions
to the analysis of electrical grids.

II. METHODOLOGY

The concepts of graph neural networks (GNNs) and TGNs
are instrumental to the design of the proposed solution. An
overview of GNNs and TGNs is presented in section II-A,
followed by the proposed methodology in section II-B, which
shows how TGNs are used to solve the power flow problem.
Section II-C describes the training procedure.

A. Preliminaries: Graph Neural Networks

Electrical grids can inherently be seen as graphs, one
possible way to do this is by considering the buses as nodes
and the branches as edges:

G = (V, E) (1)

where V and E represent the set of nodes and edges, respec-
tively.

Usually, each node in the GNN is assigned an input vector
of features corresponding to it, represented by an input matrix:

x ∈ RN×Fin (2)

where N is the number of nodes and Fin is the dimension
of the input features. The topology of the GNN is defined
by a graph shift operator (such as the adjacency or Laplacian
matrices), which represent the graph structure in matrix form
by indicating whether pairs of nodes are connected by an edge:

A ∈ RN×N (3)

Since in this work the goal is to infer data at the nodes,
the GNNs used in the proposed method compute a node level
output:

y ∈ RN×Fout (4)

where Fout is the dimension of the desired output features.
The following equations illustrate the encoding, update and
decoding procedures. The input features of each node are
embedded to a state of dimension d, as shown in (5), then
each node is updated with the aggregated encoded features
of neighboring nodes and the node itself for T iterations, as
shown in (6). Lastly, a linear output map is applied to obtain
the desired output dimension in each node, as shown in (7).

z(0) = σ (xWσ(0)) ∈ RN×d (5)

z(t+ 1) = ϕ
(
Âz(t)Wϕ(t)

)
∈ RN×d, t = 1 . . . T − 1 (6)

y = z(T )Wy(T ) ∈ RN×Fout (7)

In the previous equations, each W(·) represents a linear
operator, σ and ϕ are nonlinear activation functions for the
embedding and update processes, respectively; Â = A + I,
where I represents the identity matrix, is an operator enforcing
self loops in the graph to aggregate the features of each of the
nodes as well as of the neighboring nodes.

By parameterizing the aggregation and update steps, the
GNN is trained in an end-to-end fashion against a loss
function. Thus, the GNN encodes critical graph structures that
aid in solving the problem more efficiently than with simple
FFNNs. Other reasons for using GNNs are described below.

By design, GNNs are invariant to permutation, which is a
very useful feature in dealing with electrical grids since they
have no unique representation, i.e. the buses can be renamed
but the electrical grid is the same.

Graph representations of electrical grids, especially larger
ones, are sparse (the number of edges is significantly lower
than the possible number of edges). Due to the local nature
of GNN operations (aggregations and updates), GNNs are
sparsity aware and scale linearly with the number of edges
and embedding size [19] .

TGNs present a way to generalize the concept of GNNs by
expanding the possible types of elements of graphs to more
than just nodes and edges [20]. TGNs simply consider all
elements as different types of nodes, each type can have input
features defined, adjacency matrices between them, and most
importantly, their own aggregation and update functions. This
means that each type of node can be embedded into a different
dimension, which causes the aggregation and update steps to
be separated into two individual operations, e.g. for a type of
node n:

µ̄n ← Akµ (zk(t)) , k ∈ Nn (8)
zn(t+ 1) = ϕ(zn(t), µn) (9)

where (8) represents the accumulation of messages of all
neighboring node types (Nn), µ : Rdk → Rdn , where dx
is the embedded dimension of a type x node, Ak represents
the adjacency matrix between type n and type k nodes,
and µn represents the complete message accumulation of all
neighboring nodes.

Considering that the electrical networks that we wish to
analyze consist of three types of nodes, namely slack (S),
generator (PV) and load (PQ) buses, the possibility to assign
them to different types of nodes in the graph representation is
advantageous; as well as being able to considering branches
as a type of node in the graph representation (E), allowing to
take the branch characteristics into account for the final model.



B. TGN based Power Flow Solver

The proposed power flow solver is based on a specified
number of TGN layers, each with three types of nodes: PV,
PQ and branch nodes (E). Since the purpose of the NN is to
infer the voltage phase and magnitude for each node, and this
information is a priori available for the slack node, this node
type is exclusively used between layers to update the input
features of the following layer, i.e. the power balance error
of the other node types depends, in part, on the voltage and
generated power value of the slack node. The input features
for each type of node are defined as follows:

xPV


Vmag,i

Vang,i

∆Pi

, xPQ


Vmag,j

Vang,j

∆Pj

∆Qj

, xE


γ(Rk, Xk)

δ(Rk, Xk)

Bk

(10)
∀i ∈ VPV , ∀j ∈ VPQ, ∀k ∈ VE

where VPV , VPQ and VE correspond to generator, load and
branch node type sets, respectively. Vmag,x and Vang,x are the
voltage magnitude and phase values of bus x, respectively.
∆Px and ∆Qx represent the active and reactive power equilib-
rium error of bus x, respectively. Rk, Xk and Bk represent the
resistance, reactance and susceptance of edge k, respectively.
The functions γ and δ are defined by:

γ(Rk, Xk) =
1√

R2
k +X2

k

(11)

δ(Rk, Xk) = arctan(
Rk

Xk
) (12)

The desired output features for each the PV and PQ nodes
are defined as follows:

yPV

{
V̂ang,i , yPQ

{
V̂mag,j

V̂ang,j

(13)

∀i ∈ VPV , ∀j ∈ VPQ

where V̂mag,x and V̂ang,x are the inferred values of the voltage
magnitude and phase of bus x, respectively.

Because of the way the TGN is defined, PV and PQ nodes
cannot be directly connected with eachother, always having an
E node (representing the branch) between them. Thus, only
two adjacency matrices are defined:

APV→E ∈ R|VPV |×|VE | (14)

APQ→E ∈ R|VPQ|×|VE | (15)

where |·| represents the cardinality of a set. These matrices are
transposed when the branch nodes are aggregating information
from either generator or load buses (instead of the other way
around).

A general schematic view of the proposed solver is shown
in Fig. 1. As can be seen, the slack node is not directly
represented as a graph node, but the ∆P and ∆Q values of
the surrounding nodes are affected by the state of the slack
node via the power equilibrium equations.

PV node

 inputs

TGN based 

 PF Solver

PQ node

 inputs

PV node

 outputs

PQ node

 outputs

Fig. 1. Basic architecture of proposed solver.

As was mentioned previously, the entire TGN based solver
is composed of a specified number of TGN layers, the outputs
obtained at each level are analogous to a solution approxi-
mation obtained in an iteration of a numerical method such
as Newton-Raphson. These outputs are used in the power
equilibrium equations to obtain the TGN inputs of the next
layer. This is illustrated in Fig. 2.

Power Equilibrium
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Node Inputs

Node Outputs

Embedding
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T steps
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Fig. 2. Computational graph proposed solver.

C. Training

The training of the parameters of all TGN layers is per-
formed simultaneously and is based on minimizing the vi-
olation of the power equilibrium equations. This way, the
loss function does not depend on target values obtained from
other methods, but focuses on finding a solution that will
minimize the active and reactive power imbalance at each



node. The training is performed in batches of M samples;
the loss function is defined as:

1

M

M∑
m=1

(
1

N

N∑
n=1

(
∆P 2

n,m +∆Q2
n,m

))
(16)

where N is the number of buses of the electrical grid.
Each sample is based on an IEEE power systems test case

with the difference that a random branch in the test case
is disconnected in each sample. This way the electrical grid
configuration is different for each sample in the training batch,
thus including the dynamic element to the power flow analysis.

III. TEST RESULTS

In this section the procedure for testing the proposed solver
is presented, including the way the input data was obtained
and the hyperparameters of the system. To results obtained
are compared with the results derived from Matpower with a
Newton-Raphson based algorithm, since this is a conventional
and trustworthy power flow solver.

The grid data was based on two standard IEEE power grids,
which were then modified to vary the network configuration.
The first grid tested is a modified version of the IEEE-30 bus
system, with 40 branches (original case has 41, but random
line outages were represented for each sample). The second
is a modified version of the IEEE-118 bus system, with 79
branches (original case has 80). Since the focus of this work
is on grid topology, and not so much on the fluctuation
of the injections or line characteristics, not much variance
was introduced for these values between the standard test
cases and the generated data. For both test cases, uniform
noise of only 5% of the original value was added to the
injections, i.e. the active and reactive power demand, the
active power generation and the generator voltage magnitude
values. The same noise percentage was applied to the branch
characteristics: resistance, reactance and susceptance.

Two instances of the TGN based power flow solver were
trained, both with the same number of TGN layers, and
aggregation and update steps. The models consist of 10 TGN
layers (L = 10), this is a hyper-parameter chosen empirically
to allow sufficient precision while keeping the complete model
relatively small. The number of aggregation and update steps
produces the exchange of information with the one-hop neigh-
bors of each node, to avoid the distortion of information from
distant nodes, only two aggregation and update steps were
chosen (T = 2). On of the models is trained with data from
the modified IEEE-30 node grid, and the other with data from
the modified IEEE-118 node grid. The Adam optimizer with
the default Tensorflow parameters was used, in batches of 20
samples (M = 20).

The proposed solver will always infer something no matter
the state of the electrical grid, but because of the way the
network samples are defined, some of the samples the model
is trained on do not converge in Matpower with the Newton-
Raphson based method; however, for testing, only samples that
converged in Matpower are considered. Each instance of the

proposed solver was tested on new grid samples with the same
number of nodes as the ones it was trained on, and on grid
samples of different size from the ones they were trained on.
The results are summarized in tables I and II for the voltage
magnitude and phase, respectively.

TABLE I
VOLTAGE MAGNITUDE MSE RESULTS

Voltage Magnitude MSE of Test Batch
Trained on IEEE-30 Trained on IEEE-118

Tested on IEEE-30 9.7997e-05 1.8466e-03
Tested on IEEE-118 7.5182e-04 2.4996e-05

TABLE II
VOLTAGE PHASE MSE RESULTS

Voltage Phase MSE of Test Batch
Trained on IEEE-30 Trained on IEEE-118

Tested on IEEE-30 1.1991e-03 1.5274e-03
Tested on IEEE-118 7.0574e-03 2.2512e-03

For illustrative purposes, Fig. 3 and Fig. 4 respectively show
graphs of the voltage magnitude and phase comparison of a
random sample of the solver that was trained and tested on
modified versions of the IEEE-30 bus test case.
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Fig. 3. Magnitude comparison, 30 node grid.

Fig. 5 and Fig. 6 respectively show graphs of the voltage
magnitude and phase comparison of a random sample of the
solver that was trained and tested on modified versions of the
IEEE-118 bus test case.

IV. CONCLUSION

The main contribution of this paper is the proposed power
flow solver method based on a type of graph neural network
that is able to exploit the differences between the types of
nodes by considering independent multidimensional features
for the different bus types present in an electrical power grid.
A significant aspect of the presented work is the importance
given to generalizing to different electrical grid topologies. To
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Fig. 5. Magnitude comparison, 118 node grid.
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the best of the authors’ knowledge, there is no other work
that solves the power flow problem with neural networks em-
ploying different power grid configurations during the training
of the parameters. The proposed method does not intend on
imitating any other method, but is focused on minimizing the
active and reactive power imbalance at each node of each
sample during the training of the parameters.

The computation of Jacobian matrices and their inverse is
completely avoided, as the method does not act directly on the
voltage variables but rather learns the parameters of the update
and aggregation functions of the proposed TGN model (as well
as the encoding and decoding function parameters). For small
grids the computational time is similar to Newton-Raphson
based methods, however, GNNs scale linearly with the number
of edges and embedding size, indicating that for larger grids,
the presented method can lead to decreased computational time
per power flow. The presented method is considerably more
scalable and requires less memory storage than other FFNN
based methods since it is based on local operations and shared
modules, i.e. the size of the model does not depend on the size
of the electrical grid.

By way of the numerical experiments, it was demonstrated
that the proposed graph neural network based method obtains
results very similar to the output of a conventional Newton-
Raphson based method, even when these target values were
in no way present during training.

The results presented constitute an important advance to-
ward a neural network based system that can aid in improving
the stages of power system planning, optimization, operation
and control.
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