Energy and Al 14 (2023) 100262

Contents lists available at ScienceDirect

ENERGY

AND

Energy and Al Al

journal homepage: www.elsevier.com/locate/egyai

Power flow forecasts at transmission grid nodes using Graph Neural Networks | %"

Dominik Beinert *!, Clara Holzhiiter »*-*!, Josephine M. Thomas ", Stephan Vogt"

a Fraunhofer Institute for Energy Economics and Energy System Technology IEE, Joseph-Beuys-Strafse 8, Kassel, 34117, Germany
b Intelligent Embedded Systems Lab, University of Kassel, Wilhelmshoher Allee 73, Kassel, 34121, Germany

GRAPHICAL ABSTRACT

BEMTL-GNN

Power flow
forecasts at
transformers

LA

Results

Improved prediction
performance

sl

s

ransfmers in power grid with

power [normalized]

* mutual dependencies

Model captures
transformer
interactions

» characteristic power flow
behavior

Beinert D., Holzhiter C., Thomas J. M., Vogt S.

B
und Forschung

HIGHLIGHTS

Combination of a Graph Neural Network and Multi-Task Learning.

Power Flow Forecast at transformers performed on two real-world data sets.

Bayesian multi-task embedding captures individual characteristics of transformers.
Graph Neural Network architecture considers information from close-by transformers.
Superior performance compared to benchmarks, particularly at interacting transformers.

ARTICLE INFO ABSTRACT

Keywords:

Power flow forecasting

Graph Neural Network

Graph Convolutional Network
Embedding Multi-Task Learning

The increasing share of renewable energy in the electricity grid and progressing changes in power consumption
have led to fluctuating, and weather-dependent power flows. To ensure grid stability, grid operators rely on
power forecasts which are crucial for grid calculations and planning. In this paper, a Multi-Task Learning
approach is combined with a Graph Neural Network (GNN) to predict vertical power flows at transformers
connecting high and extra-high voltage levels. The proposed method accounts for local differences in
power flow characteristics by using an Embedding Multi-Task Learning approach. The use of a Bayesian
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embedding to capture the latent node characteristics allows to share the weights across all transformers in the
subsequent node-invariant GNN while still allowing the individual behavioral patterns of the transformers to be
distinguished. At the same time, dependencies between transformers are considered by the GNN architecture
which can learn relationships between different transformers and thus take into account that power flows
in an electricity network are not independent from each other. The effectiveness of the proposed method is
demonstrated through evaluation on two real-world data sets provided by two of four German Transmission
System Operators, comprising large portions of the operated German transmission grid. The results show that
the proposed Multi-Task Graph Neural Network is a suitable representation learner for electricity networks
with a clear advantage provided by the preceding embedding layer. It is able to capture interconnections
between correlated transformers and indeed improves the performance in power flow prediction compared to
standard Neural Networks. A sign test shows that the proposed model reduces the test RMSE on both data sets

compared to the benchmark models significantly.

1. Introduction

The expansion of renewable energies and an increasing number of
new consumers, such as electric vehicles, contribute to an increased
volatility in power grids. This poses challenges to grid operators be-
cause power flows are becoming harder to predict. In the past, power
production used to be planned according to the expected consumption
needs, but nowadays, it is also largely dependent on local weather
and thus heavily fluctuating. At the same time, power consumption is
changing due to the growth of e-mobility, batteries, and heat pumps, as
well as trends in individual consumption behavior like the increasing
occurrence of home office.

1.1. Problem statement

Vertical power flow denotes the power being transferred between
two voltage levels in the electric grid measured at a transformer sta-
tion. For grid operators, they are an essential input to grid calcula-
tions, which indicate grid congestion, allowing the operator to initiate
countermeasures and thus maintain grid stability. Forecasts of vertical
power flows are required for better planning and earlier identification
of possible grid congestion.

While separate machine learning models can be trained for each
transformer to predict its vertical power flow, the use case poses
further challenges. The vertical power flows at transformers are not
independent of each other but are interconnected due to the meshed
power grid such that a dynamic balancing behavior of power flows can
be observed. In contrast to standard Neural Networks, Graph Neural
Networks (GNNs) can consider the interconnection between network
components and leverage them to make predictions. Therefore, GNNs
are particularly suitable for the task at hand.

1.2. Contribution

For accurate predictions of vertical power flows, a global model like
a GNN is required to model the relations of power flows at different
transformers in the power grid. By interpreting transformers as nodes
in a graph, GNNs can take into account dependencies and balancing of
power flows through message passing between nodes via the edges.

The main contribution of this paper is the novel combination of
a Bayesian Multi-Task Embedding with a GNN architecture for power
flow prediction that combines the following three aspects:

+ Vertical Power flow at different transformers with individual
latent characteristics, such as a specific share of renewable power
plants and load characteristic, can be predicted by only one model
using an Embedding Multi-Task Learning approach.

» The model generates forecasts of the vertical power flow at trans-
formers taking into account relevant information such as weather
conditions at neighboring transformers.

» Changes of how power flows at different transformers influence
each other can be handled by an attention mechanism.

The paper aims to examine the proposed method for day-ahead
forecasts of vertical power flows on real data sets provided by two
German Transmission System Operators (TSO) and evaluate it against
a local model benchmark. Here, local refers to a model that makes
predictions for each transformer based only on local features of that
single transformer, such as the wind speed at its location. This is
done by, e.g., standard Neural Networks. The research questions to be
answered are:

1. Can the combined architecture based on GNNs and Multi-Task
Learning improve the prediction performance of vertical power
flow forecasts compared to benchmark models based on only one
of these approaches?

2. Can the proposed method learn relations between transformers
in a dynamically changing power grid so that it correctly predicts
the power flow for nodes that are influenced by the behavior of
nearby transformers?

1.3. Related work

Power Flow approximation is required for a secure operation of
the power grid in order to avoid blackouts. Security analysis typi-
cally relies on load flow solvers. Such methods estimate the power
flow of transmission lines considering the physical constraints of the
power grid. They are typically probabilistic Monte-Carlo methods using
Newton—Raphson optimization to minimize the mismatch between the
in- and outgoing power of grid nodes [1]. Since such solvers are
computationally expensive, several machine learning-based approaches
have been proposed to speed up computations. Duchesne et al. [2],
for example, combine Neural Networks with variance reduction tech-
niques to accelerate a Monte Carlo approach. Other Neural Network
approaches are presented in, e.g., [3] or [4]. More traditional machine
learning approaches have also been applied by, e.g. Yu et al. [5], who
use support vector regression to learn the relationships of variables
in the power flow equations. In contrast to the approach proposed in
this paper, these methods do not take the grid structure and thus the
interaction of network components into account.

A similar use case, i.e., vertical power flow prediction, is proposed
in [6]. The authors Brauns et al. use a Long Short Term Memory (LSTM)
approach to incorporate time series data, which comes with additional
computational complexity. However the focus of the approach differs
significantly from the approach presented in this paper, since the
authors perform daily retraining of their local models to account for
dynamic changes in time series characteristics. This is an alternative
solution to the problem at hand. When using local models at each
transformer, events at other transformers cannot be used directly to
adjust model predictions. Instead, the models are retrained on new data
which is affected by the mentioned events. In contrast, the approach
proposed in this paper is a global model that is able to include events
at other locations. Thus, a retraining of a global model is not necessarily
required. Further differences in the approach by Brauns et al. are the
longer forecast horizon of 48 h and a difference of the data set, which
contains power flows between the medium and high voltage grid.
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Fig. 1. Vertical power flows of two transformers at one substation with visible interaction after switching node 158 into operation in august 2019. The positive sign denotes
power transmitting from the high into the extra-high voltage grid, whereas the negative sign refers to power transmitting from the extra-high into high voltage grid.

To consider that components in the power grid are not independent
but highly correlated, several GNN approaches for power flow calcula-
tion have been proposed. Some of them focus on specific areas of power
forecasting such as wind or solar power prediction [7-10]. Accordingly,
these approaches tackle a related use case of renewable energies, but
at another level, i.e., they directly estimate the production and not the
power flow. General power flow approximation has been approached
using GNNs as well. However, only a few works have been proposed so
far. Bolz et al. [11], for example, apply a spatial Graph Convolutional
Network (GCN) to approximate the loadings of lines based on reac-
tive and active power flow. A similar use case is presented by Wang
et al. [12] who use Cheb-Net to learn the distribution characteristics
of power flow. Kundacina et al. [13] propose a similar approach that
approximates the voltage angle and magnitude using a spectral GNN
based on current measurements. All of these methods outperform the
compared traditional methods [14]. Compared to our approach, these
methods rather focus on the physical aspects and constraints of power
flow approximation. Most of them take only technical variables such as
reactive and active power flow into account. However, they show the
potential of GNNs for such tasks since they are less computationally
expensive than traditional methods, such as linear state estimators and
solvers, while being more flexible than standard Neural Networks [14].
Unlike the approach presented in this paper, the input data for these
approaches consider buses, loads and generators explicitly.

The above mentioned methods are to some extent related to physics
inspired methods that use physical constraints such as Kirchhoff’s law
of the power grid as training loss for a neural network to learn the pre-
diction of power flows. Such methods have been combined with GNNs
as well [15-17]. Although GNNs have proven their applicability to the
task of power flow estimation, these approaches are not comparable
to the proposed approach, since they optimize a completely different
target.

For the related use case of grid voltage prediction in the distribution
grid, Fusco et al. [18] use a Gaussian graphical model expressed by
a GNN, which incorporates domain knowledge as well a physical
constraints. It focuses more on grid congestion and market bidding.

To the best of the authors’ knowledge, no other work proposed a
Multi-Task GNN approach that embeds latent attributes of individual
transformer stations and further processes the input data using a GNN
to estimate the corresponding load flow based only on weather, price
and consumption forecast and calendar information.

1.4. Outline

The paper is organized as follows: Section 2 provides details on the
behavior of power flows in the electric grid. The subsequent Section 3
covers the proposed model consisting of a GNN method combined
with task embeddings. In Section 4, the data set and experimental

setup, including model and training parameters, are described. Sec-
tion 5 presents the obtained results and discusses them. Finally, a short
conclusion is given in Section 6.

2. Power flows in the electric grid

The increasing amount of renewable energy sources has drastically
changed the power flows in the electric grid. While in the past, most
of the power generation took place at the extra-high voltage level,
nowadays, much energy is fed into the distribution grid at lower voltage
levels. In this section, the particularities of power flows at transformers
are discussed as well as the implications for a suitable model.

2.1. Interactions between transformers

The power grid has a meshed structure, meaning that there are
redundant lines and, thus, multiple paths for electricity to flow, making
the grid more flexible as electricity can be redirected. Due to this
meshed structure, the path the power takes when traveling between
its point of generation or consumption and the extra-high voltage level
can change dynamically, which results in changing characteristics of
the vertical power flow. Typical events triggering such changes can
be power grid switching or maintenance of single transformers. This
behavior can particularly be observed in transformers situated at the
same substation. Fig. 1 shows the vertical power flows at two such
transformers between the high and extra-high voltage grid. When one
transformer is inactive, i.e., its power flow measurements are zero,
the other takes over. Consequently, its power flow differs visibly from
periods of simultaneous activity.

While this kind of interaction can be seen clearly in time series plots,
the balancing behavior of power flows in the electric grid is typically
less obvious. Especially in the lower voltage levels, events can be hard
to detect and even harder to model, as detailed knowledge about the
grid topology is required.

2.2. Transformer-specific behavior

The topology of the distribution grid and the location and attributes
of power plants and consumers contribute to the specific power flow
characteristics of different transformers. Vertical power flows can be
understood as the sum of generated and consumed power in the lower
voltage levels. As seen in Fig. 2, the specific mix of production and con-
sumption can be estimated from the power flow time series. While one
vertical power flow shows a typical behavior of power consumption,
which follows a periodical diurnal cycle with negative consumption
peaks during mornings and evenings, the other is strongly influenced
by power production, i.e. most of the time power is fed from the high
voltage level into the extra-high voltage level, which is denoted by a
positive sign. The energy sources contributing to this power flow are
not known, but likely include wind power due to the high volatility of
the power flow.
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Fig. 2. Vertical power flows with a consumption characteristic at transformer node 146 and a mixed characteristic with mainly power generation at transformer node 147. Both
transformers are situated at the same location. The positive sign denotes power transmitting from the high into the extra-high voltage grid, whereas the negative sign refers to

power transmitting from the extra-high into high voltage grid.
2.3. Implications for a forecast model

A physical model approach for power flow forecasts is usually unfea-
sible or limited by strong simplifications, as it requires local modeling
of all possible power generation and consumption types at any time, as
well as complete knowledge of the transmission and distribution grid
topology, including all connected consumers and generators.

For a machine learning approach, this means that it is not sufficient
to treat all transformers’ behavior and attributes identically. Instead,
the individual, local properties of each transformer must be considered,
for example, by means of an individual model per transformer. Another
option is a multi-task learning model to allow for differences while
leveraging similarities.

However, to include the interactive behavior of the electric grid in
power flow forecasts, the model needs to consider neighboring node
interactions. In this paper, a combination of a multi-task learning model
and a GNN is proposed. The multi-task approach accounts for the
individual behavior of the transformer, whereas the GNN takes the
information of neighboring transformers into account to model the
dependencies between transformers. Furthermore, the goal is a mainly
data-driven method to be independent of grid topology models as an
input. For TSOs, this can pose an advantage, as it does not require other
grid operators to provide grid topology and switching state information
in lower voltage levels.

In summary, the interactive behavior displayed in Fig. 1 demands
for a global GNN model approach where information of neighboring
nodes is made available. On the other hand, the different specific time
series characteristics as seen in Fig. 2 require the model to distinguish
between nodes, which in this paper is achieved by the Bayesian Task
Embedding. This additional aspect has to be considered as the graph in
this use case does not contain a complete replica of the real electric grid
with every single power plant, consumer and power line. Instead, the
model must be able to predict different types of time series behavior
from local input features. In fact, the two nodes in Fig. 2 are located at
exactly the same location at the same substation, which means that the
same input values will be provided to the model for both nodes. While it
is still possible to consider varying node behavior in a GNN by message
passing, i.e., if the nodes have different connections, relying on it will
most likely not yield good results. In the example of node 147 in Fig. 2,
wind power is generated by near-by wind farms, so the local wind speed
will likely be higher correlated to the target time series than the wind
speeds at other nodes that are available due to message passing. By
integrating a Bayesian Task Embedding approach, the model is allowed
to use local input variables differently depending on the specific node.

3. Graph neural networks with multi-task embedding

The method proposed in this paper combines a GNN with a Bayesian
Embedding Multi-Task Learning approach, enabling the model to learn

both interactions between nodes and node-specific time series charac-
teristics. Given inputs X, € RY*" with d features at n nodes for a specific
timestamp ¢, the model will predict the vertical power flows y, € R>".
For training, a data set (X,y) = (X P y,) ey 18 provided, where 7 denotes
the given time range of training data.

3.1. Graph Convolutional Networks (GCNs)

Compared to standard Neural Networks, the usage of GNNs to
predict power flow at nodes in the electricity network has a theoretical
advantage: the information exchange between connected nodes. Note
that the mentioned information exchange is invariant of the absolute
node position in the graph. For standard Neural Networks, the input
samples are treated as independent samples. For the given use case
and data set, this means that the transformers would be assumed to
be independent of each other. However, this is not the case since
the power flow depends on several features that can be correlated
across different transformers. On one hand, features such as wind speed
or solar irradiance are locally correlated, i.e., transformers at close
locations will have a similar weather forecast. On the other hand,
the transformers are directly correlated in the sense that they show
compensatory behavior, e.g., if a transformer close by is inactive due
to maintenance. GNNs are designed for such data and enable the
propagation of information through the graph via the edges. Therefore,
they can model relationships between nodes in the graph.

More specifically, GNNs operate on graphs G = (E,V) where E
denotes the edges and V the nodes. The attributes of node v are
represented as a feature vector. Accordingly, the set of all nodes is
represented as a feature matrix of shape d x n where » is the number of
nodes, and d is the dimension of the features. The edges are represented
as an adjacency matrix A of shape nxn in which 4, , = 1 if node u and v
are connected and A, , = 0 otherwise. In the case of a weighted graph,
A, , is set to the weight associated with the edge between node u and
v.

Due to the great success of Convolutional Neural Networks (CNNs),
Graph Convolutional Networks (GCNs) have been developed to general-
ize convolutions to graph data. In the proposed approach, spatial graph
convolutions are used, which resemble the standard convolution such
that in each layer, each node v aggregates the features of its neighbors,
i.e., adjacent nodes. Similar to standard CNNs in which filters are
learned, GCNs aggregate neighboring features using learnable weight
matrices as well. Since each node aggregates information from direct
neighbors in each layer, the receptive field size of the network increases
by one with each layer [19]. This way, the GNN can learn a high-level
node representations which cover the interaction with a larger portion
of the underlying electrical grid.

The following exemplary basic spatial graph convolution as defined
in, e.g., [20] is given by:

A = o i +wy Y R0, ¢h}
veN (u)
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e R¢" denotes the d-dimensional node representation of node u
in layer / and W (u) describes the neighborhood of node u. W; and W,
are shared learnable weight matrices and ¢ is an activation function
such as ReLU. In the first layer, s, is the input features x, of node
u. In this graph convolution, every neighbor is weighted equally in
the neighborhood aggregation. Using the adjacency matrix and nota-
tion HO = (h(ll),...,hg,”), Eq. (1) can be written in matrix form as
multiplication with the adjacency matrix A described above:

gD — o(W, HD 4+ VVQH(I)A) 2

Note that A does not contain self-loops which means that the diagonal is
set to zero. The features of the target node itself are transformed using
matrix W;. To learn individual weights for each neighbor, basic graph
convolutions can be equipped with attention mechanisms as presented
in [21]. The new node representation for a node i changes Eq. (1) as
follows:

A =omin + Y, WarhD). 3
vEN ()

In contrast to the standard convolution from Eq. (1), every neighbor v is

weighted by attention coefficient «, ,, which is computed individually

for each pair of nodes. The coefficient, which represents the importance

of one node to another, is computed as follows:

(%hu)T W4hv
e

where d, is the number of outputs for the hidden layer /, i.e., the hidden
dimension and Y, «,, = 1. Although « is usually different for each
node and neighbor, the weights used to compute « are shared across
all nodes. To include edge features in this attention mechanism, the
equation changes as follows:

(€3]

u,

@, , = softmax <

W = oWih) + 3 a, (Wah) + We, ). ®)
vEN ()

e,, denotes the weight associated with the edge between node u and v

and Wj corresponds to a learnable weights matrix also used to compute

a with edge weights included:

<Mhu)T<W4hUW5eu,u)>

N

To learn different relations between nodes in one layer, multi-
head attention can be used. For this purpose, the attention mechanism
is applied multiple times, each learning its individual weights. The
resulting feature maps, called attention heads, are then concatenated
afterwards [21]. The concept is similar to producing multiple feature
maps in standard CNNs. Stacking multiple convolutional layers builds
a GCN that outputs a graph with new node representations that can
be used to perform specific prediction tasks such as node regression
or classification. For this purpose, the node embeddings can be used
directly by applying a suitable activation function, or they are further
transformed by a suitable readout network. Typically, such a network
consists of a set of fully connected layers that transform each node
separately.

(6)

@, = softmax<

3.2. Embedding multi-task learning

Multi-Task Learning (MTL) refers to a machine learning setting
in which a model is trained to solve multiple similar problems, also
referred to as tasks. The goal is to use the combined knowledge of all
tasks during training such that all tasks benefit from each other. In
contrast to GNNs, an MTL model does not exchange current information
between tasks when making predictions.

One possible way to share knowledge during training is the concept
of hard parameter sharing, where a certain part of model parameters is
shared between all tasks while other parameters are trained specifically

Energy and Al 14 (2023) 100262

for each task. In the Bayesian Embedding Multi-Task Learning Multi-
Layer Perceptron (BEMTL) model as proposed in [22], all weights in an
Artificial Neural Network (ANN) are shared, and only a Bayesian task
embedding is used to differentiate between tasks. A task embedding
can be understood as a vector encoding a specific task by placing it
in a low-dimensional embedding space. It is given into the network’s
first hidden layer concatenated to the task’s input variables and can
be trained similarly to ANN weights by back-propagation. A Bayesian
approach enforces a stable embedding training that maps similar or
even indistinguishable tasks close to each other in the embedding space.
Thus, instead of specific vectors w, € R™ in the embedding space,
multidimensional probability distributions ¢(w,) are used to represent
tasks u € {1, ...,n}. To simplify calculations, independent multivariate
normal distributions are chosen, and an identical, independent prior
normal distribution p(w) is introduced as regularization for all tasks.
The posterior probability distribution can be trained by using Bayes By
Backprop as described in [23] and used in [22]. The results are indepen-
dent multivariate normal distributions q(w,|u,.0,) = N (u,, diag (52))
with u,, o, € R™ for tasks u € {1,...,n}. With w = (w,,...,w,), the
probability distribution parameters u = (y;,...,4,) and o = (o, ...,0,)
minimize the cost function

argmin F(X, y, u, o)
u.c

= argmin{K L [g(W|p. 6) || pW)] = By 10 [0 p¥1X, W]}, )
n,c

where the first term is the Kullback-Leibler (KL) divergence between
the approximation ¢(w|u,o) and the chosen prior p(w), and the sec-
ond term represents the negative log-likelihood cost function. The KL
divergence is a measure of the difference between two probability
distributions. Thus, it serves as a penalty for diverging too far from
the given prior and can, in practice, be weighted by a hyperparameter
Apayes for appropriate regularization.
3.3. Proposed architecture

In the given use case, transformers are represented by nodes in a
graph. Since different transformers display different characteristic time
series behavior, as explained in Section 2, they can be seen as different
but also similar tasks in a Multi-Task Learning setting. A standard
GNN, which can be interpreted as a particular type of hard parameter-
sharing ANN, cannot distinguish between the graph nodes. Therefore,
a Bayesian task embedding is used as an additional node input into the
GNN by introducing two embedding layers for u and o. The proposed
architecture BEMTL-GNN with the novel combination of GNN with a
Bayesian task embedding for node distinction is shown in Fig. 3. For
n nodes and d input features, X, is a d X n matrix containing inputs
for one timestamp, while y and ¢ are m X n matrices with m being
the dimension of the embedding space. With w, ~ N (,,diag (¢2))
a sample for node u can be chosen from the embedding probability
distribution, and w = (w,,...,w,) for nodes {1,...,n}. It should be
noted that samples are drawn from the distribution only during the
training process and w = y when making predictions. The encoded task
representations w from embedding space are then concatenated with X,
to create the initial (¢ +m)xn node representations H® = (h(lo), e hfqo)).

These representations are passed to the GNN, which applies the
attention convolution defined in Eq. (3). As a readout function the
convolutional layers are followed by a set of fully connected layers to
produce the final 1 x n output y,, i.e., one value for each transformer
for the given timestamp ¢.

4. Experiments
An experiment was carried out to test the approach on a real-world

data set and evaluate it against models without GNN architectures and
a standard GNN without the embedding layer of the proposed model.
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Fig. 3. Proposed model architecture BEMTL-GNN.

Y

Fig. 4. Location of transformers for TSO 1 TenneT (left) and TSO 2 50 Hz (right).
Multiple transformers at the same location are possible.

4.1. Data set

This study has been conducted on two real-world data sets contain-
ing vertical power flow measurements at transformers of the German
Transmission grid, respectively. The overall problem size considered in
the data set corresponding to TSO1 (TenneT) includes 176 transformers
with 37 features each and 175 transformers with 28 features for TSO2
(50 Hz). Together, the data sets cover about half of the transmission
grid in Germany which make them a real-world use case at scale of
the real system. The transformers connect the high voltage distribution
grid to the extra-high voltage transmission grid. Additionally, the data
set includes metadata comprising coordinates for each transformer.
Apart from that, no exact information about the actual grid topology
is available for this experiment; nonetheless, it can be assumed that
the existence of an overhead line correlates strongly with geographic
proximity. Fig. 4 shows the location of the given transformers for both
data sets. The measurement time series are given in a 15 min resolution
with available data from Jan 5, 2018 to Dec 31, 2019 for the TenneT
data set and from Jan 2, 2020 to Feb 2, 2022 for 50 Hz. Power flows
from the distribution grid to the transmission grid are interpreted as
positive values and power flows from the transmission to the distri-
bution grid as negative values. The measurements are normalized by
each transformer’s estimated capacity rating, receiving target values
between —1 and 1. Furthermore, gaps in the measurements with a
duration of up to one hour are interpolated linearly.

As local inputs at each node, a mix of numerical weather predictions
(NWP) and other features are used to include explanatory variables
for each possible type of power generation and consumption. Table 1
shows the input features used in both data sets. As NWP inputs, the
IFS weather model by ECMWF [24] with day-ahead forecast horizons
of +24 to +48 h and at transformer locations is used. All input features
get standardized before training.

4.2. Experimental setup

In this section the experimental setup is discussed. First, the graph
construction is explained, followed by an introduction of benchmark
models that are compared to the novel approach. Lastly, the choice of
model parameters as well as the process of hyperparameter tuning are
elaborated.

4.2.1. Graph construction

In this use case, the graph represents the power grid, in which
the nodes correspond to the individual transformers between high
and extra-high voltage levels. The edges that connect the transformers
are defined by the distance between them, since the true wiring is
not given in the data set. Transmission lines, bus bars or other grid
components are not considered in the graph representation. Using a
graph in which each node is connected to every other node would
increase the computational complexity significantly. At the same time,
the mutual influence of two transformers is expected to decrease with
larger geographical distances, such that edges between transformers
that are far apart from each other are likely less beneficial for the
prediction performance. To affirm this hypothesis and test the effect
of edge density in the graph, the experiment is performed on two
differently constructed graphs.

In the first step, the benefit of the proposed approach shall be shown
in a proof of concept. For this purpose, a very sparsely connected graph
with edges only between transformers situated at the same substation is
chosen. Accordingly, the distance between that are connected by edges
is not allowed to exceed 0 km. This experiment is performed on both
data sets resulting in 102 edges for TSO1 and 171 edges for TSO2.

In the second step, an experiment is run on a more densely con-
nected graph for data set 1 with edges between all transformers with
a maximum geographical distance of 50km. This results in a graph
with 769 edges. No topological grid information is used to define edges.
Additionally, for the more densely connected graph, the edge weights
are set to the exponential inverse of the distance between the two
transformers connected by an edge.
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Table 1
Input features.
TSO 1 TSO 2

Wind speed at 10m and 100m, with +1 h time lag X X
Wind direction at 100 m X X
Temperature at 2m level X X
Dew point temperature at 2m level X X
Air pressure at surface level X X
Global horizontal irradiation with +1 h time lag X X
Precipitation as a moving mean, as well as accumulated precipitation of the last 1, 2, 3 and 4 days X
Solar height and solar azimuth X X
A night/day logical with value 1 from 10 pm to 6 am and 0 otherwise to accommodate noise protection regulations X X
Calendar information (hour of the day, day of the week, day of the year; logicals for holidays, sundays and saturdays) X X
Consumption day-ahead forecasts for Germany and all four German TSO regions [25] X X
Price day-ahead forecasts for Germany [26] X X
Active/inactive logical with value 1 for a detected active transformer state and O for inactive state. Inactivity is assumed for five or more X X

consecutive zeros or missing values in the vertical power flow measurements

Table 2
Parameters of the compared models.
BEMTL-GNN BEMTL St. GNN STL

Embedding d=8,A=1e-10 d=8,A=1e—-10 - -
Conv. Layers 2 - 2

Lin. Layers 3 3

Neurons per layer 100

Activation function ReLU

Batch size 128

L2-regularization le-8

Learning rate 0.001

4.2.2. Benchmark models

Four different models are compared in total, of which two models
are GCNs. The other two models serve as benchmark models. The
first benchmark model is a Bayesian Embedding Multi-Task Learning
approach (BEMTL) as described in Section 3.2, in which a set of
standard fully connected layers is applied to the input features of the
transformers after the Bayesian embedding layer. This model is equiv-
alent to the proposed BEMTL-GNN model applied to the transformer
graph without considering the edges. Accordingly, no information is
exchanged across nodes. The other non-GNN benchmark model is
a single-task model, which trains a fully connected Neural Network
(STL ANN) for each transformer separately. Hence, each model learns
individual weights optimized for the corresponding transformer. Both
GNN models apply the convolution from Eq. (3) with one attention
head per layer. The standard GNN, which serves as a benchmark,
does not include a Bayesian embedding layer. Accordingly, the model
allows information exchange between different transformers, including
individual attention coefficients, but it cannot distinguish between
different transformers. The proposed architecture BEMTL-GNN includes
both multi-task embedding and information exchange across nodes.
Although a temporal approach might be beneficial for the predictive
performance, a time series-based approach was not included as bench-
mark, since it comes with an additional increase of complexity. Instead,
this paper focuses on the aspect of combining MTL Learning with GNN
for power flow prediction. To analyze the impact of this approach, a
temporal model is not needed. However, for future work and further
model improvement, both the benchmark and the BEMTL-GNN model
can be expanded by temporal layers.

4.2.3. Model and training parameters

The exact parameters of all models, such as the number of layers
and neurons, are shown in Table 2. All non-GNN architectures and the
model training are implemented using pytorch [27]. All graph-related
methods, including the GNN architectures, and the graph data handling
are implemented using PyTorch Geometric [28], which provides the
applied GNN layers.

Preceding the experiment, a small range of hand-picked hyperpa-
rameters were investigated. These include different network depths and
numbers of attention heads (1-3 layers/heads), and several different
12-regularization values to fine-tune the model broadly. As part of
the hyperparameter tuning, two different architectures of GCNs were
applied, one based on the layer defined in Eq. (1) and the other one
using the attention-based convolution from [21] defined in Eq. (3).
Results showed an advantage of the attention-based convolution used
for further experiments. Other aspects that were considered in a small
study comprise the embedding regularization parameter 4,,,,,, the con-
volutional layers’ aggregation function, and the order of convolutional
and standard dense layers. Of course, the hyperparameter optimization
has been performed exclusively on the training set, defined as described
below.

The data described in Section 4.1 was split into a training and test
set containing data of individually consecutive periods. Furthermore, a
2-month period at the end of the training period is used as a validation
set for hyperparameter tuning. Table 3 shows the exact data split for
both data sets.

Using consecutive periods for each split is necessary to avoid includ-
ing data points from inside the test period in the training set. Sampling
randomly from the entire period would lead to a higher correlation
between the sets, which would reduce the reliability of the results on
the test set. Additionally, the power production is highly dependent
on the weather and, thus, on the seasons. Therefore results are most
representative when an entire year can be included in the test set.

In the experiments, all models were trained over 20 epochs using
the Adam optimizer. By tracking the validation error while training,
the epoch with lowest validation error was identified and the corre-
sponding model weights chosen as final model. As a loss function,
the mean squared error has been used. For all models which include
the Bayesian embedding, an additional loss term was introduced to
measure the quality of the embeddings. For this purpose, the KL loss has
been computed as described in Eq. (7) and weighted by hyperparameter
Apayes- The exact training parameters, such as learning rate, are shown
in Table 2.

To evaluate the performance of each model, the root mean squared
error (RMSE) on the test set averaged over five runs was compared.
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Table 3
Split of training, validation and test periods.
Training Validation Test
TSO 1 5 Jan-31 Dec 2018 1 Jan-28 Feb 2019 1 Mar-31 Dec 2019
TSO 2 2 Jan-31 Dec 2020 1 Jan-28 Feb 2021 1 Mar 2021-7 Feb 2022
BEMTL ~———— Yo J—— womx  x x x
BEMTL-GNN —— Yo ———xoxx  x x x

0.0 0.1 0.2

0.3 0.4 0.5

root mean squared error

Fig. 5. Test RMSE of normalized predictions on TSO 1 data set for benchmark models STL ANN, Standard GNN and BEMTL and proposed model BEMTL-GNN. One box represents
176 error samples, where each sample is the test error for one transformer averaged over 5 runs. The red line indicates the median over all samples and the black circle indicates

the mean.
5. Results and discussion

In this section, the proposed approach is evaluated and compared
to benchmark models described in Section 4.2. For evaluation the
models’ test RMSE on all transformers are compared and significance of
observed RMSE differences between models are asserted by a sign test.
As error values alone do not give any insight in how the model uses
the additional information provided by the graph, forecast time series
of the proposed model and the strongest benchmark are compared and
discussed. The results for the sparsely and densely connected graph
setup are examined separately.

5.1. Sparsely connected graph

For each method, five experimental runs were performed to reduce
random effects in the evaluation. Thus, in each run and for each
method one RMSE value per transformer is calculated on the test set.
By averaging over the five runs, for each method a mean RMSE per
transformer is obtained. Fig. 5 shows those averaged test RMSEs of data
set 1 as boxplots, i.e. each method’s boxplot depicts 176 values. The
results show that BEMTL-GNN achieves the lowest median and mean
RMSE but only with a slight advantage compared to the pure Multi-
Task Model BEMTL. Noticeably, the standard GNN performs poorly
with the highest average and median RMSE, indicating that in the given
use case it is essential for the model to be able to distinguish between
nodes. These results correspond to the authors’ expectations that the
differing behavior of the transformers requires a multi-task approach
that captures individual characteristics.

A comparison between the two non-GNN models, STL ANN and
BEMTL, points towards an advantage of the BEMTL model. However,
note that hyperparameters were tuned only for BEMTL-GNN. This
hyperparameter tuning translates better to a Standard GNN and the
Multi-Task model BEMTL since those models are trained on the same
amount of training data given by all transformers, while STL ANNs
are trained separately for each transformer and thus are provided with
fewer training samples. Accordingly, a lower error might be achieved
by STL ANN when performing a separate hyperparameter optimization.
However, in an experiment on wind power forecasting, [22] showed
that BEMTL can match or even outperform STL ANNs with individual
hyperparameter optimization for each STL model, such that focusing
on BEMTL as the strongest benchmark seems justified.

The results show that test errors vary widely across different trans-
formers. Thus, a better comparison of models can be made by looking at
RMSE differences at each transformer. In Fig. 6 the test error differences
between BEMTL and BEMTL-GNN are shown, with both median and
mean being greater than zero, indicating that BEMTL-GNN outperforms
BEMTL on the majority of transformers. To be exact, on data set 1,

the proposed approach achieves lower RMSEs at 130 of 176 (74%)
of transformers. A sign test performed on these results testifies that
the null hypothesis that BEMTL achieves lower errors than BEMTL-
GNN can be dismissed with a p-value of 8.88e—11. This attests that
the result of the proposed model being more likely to outperform the
benchmark is significant. Furthermore, the median is greater than zero
with a confidence interval of 95%, as indicated by the notches. This
shows that the proposed model achieves higher performance on a large
fraction of the transformers.

The results on data set 2 are less clear but point in the same
direction, with BEMTL-GNN being the better choice of model for 109
of 175 (62%) of transformers. Here, the null hypothesis that BEMTL
achieves lower errors than BEMTL-GNN can be dismissed with a p-value
of 7.14e—4.

However, evaluating error values does not give any insight into
the model’s ability to learn relations between transformers. For this
purpose, forecasts of BEMTL and BEMTL-GNN at example transformers
situated at the same substation are compared. As can be seen in Fig. 7,
forecasts by both models accurately predict zero values during times
of inactivity, but only BEMTL-GNN forecasts show a clear impact of
one transformer’s inactivity on the other. It can be observed that
BEMTL-GNN indeed learns the relation that these two transformers
strongly influence each other. This shows that the proposed BEMTL-
GNN model has successfully leveraged the ability of GNNs to capture
such relationships. Since the BEMTL model lacks information flow
between transformers, such effects cannot be explored, resulting in
the model ignoring the inactivity of correlated transformers. In this
example, node 158 was inactive for 4 months in the training set, while
node 157 only had short periods of inactivity. Thus, BEMTL forecasts
of node 157 are biased towards behavior that assumes the inactivity of
node 158. The predictions of BEMTL-GNN appear to be better than the
ones of BEMTL, even when both transformers are active. This could be
due to the fact that BEMTL has to average over the possible activity
states to some extent to make good predictions during times of activity
and inactivity of partner nodes.

While this example portrays the positive effect of the convolutional
layers provided by the GNN, the advantage of including the Bayesian
Embedding approach in the model is best illustrated by Fig. 8. Here
the center plot shows forecasts of the benchmark Standard GNN at two
transformer nodes located at the same substation. Being situated at the
same location, input values and edges are identical for both nodes.
Therefore, the standard GNN model without a Multi-Task Embedding
produces the same output for both transformers. As it can be observed
from the true measurements, the forecasts of the standard GNN are
not a good match for either node. However, the proposed BEMTL-GNN
model shown at the bottom of the figure is able to make two different
predictions using the same graph and input features, which results in
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[BEMTL] - [BEMTL-GNN] X XX X X XXX X XXX XX XX
-0.08 -0.06 -0.04 -0.02 0.00 0.02 0.04
root mean squared error
[BEMTL] - [BEMTL-GNN] = % X X XXX x x
-0.01 0.00 0.01 0.02 0.03 0.04 0.05 0.06 0.07

root mean squared error

Fig. 6. Top: TSO 1 data set, bottom: TSO 2 data set. Test RMSE differences between normalized predictions for benchmark model BEMTL and proposed model BEMTL-GNN. One
box represents 176 and 175 error samples, respectively, where each sample is the test error difference for one transformer averaged over 5 runs. Note that axes are not scaled

and clipped equally.
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Fig. 7. Vertical power flow predictions during test period by benchmark BEMTL (center plot) and proposed model BEMTL-GNN (bottom plot) at two transformers by TSO 1.

more accurate power flow forecasts for both nodes. This is due to the
task embeddings that were optimized during the training process and
resulted in dissimilar embedding values for both nodes, providing the
necessary variance of input. Consequently, including the Bayesian task
embedding is a valuable addition to the model in this use case.

5.2. Densely connected graph

The second experiment was performed on a more densely connected
graph in which two nodes are connected if their distance does not
exceed 50km. Again, five experimental runs were performed and the
error values averaged as described in 5.1 The results show a reduc-
tion of the test RMSE compared to the benchmark BEMTL, as can
be observed in Fig. 9. The plot shows the error differences between
BEMTL and BEMTL-GNN operating on the dense graph. As before on
the sparse graph, BEMTL-GNN performed better on 130 of 176 (74%)

transformers. However, in this experiment, forecasts by BEMTL-GNN do
not clearly show the expected balancing behavior that the model was
able to learn on the sparse graph. Since closer transformers show more
adaptive behavior towards each other, a more densely connected graph
probably includes too many factors in the neighborhood aggregation
of the graph convolution. Hence, the adaptive behavior is harder to
recognize for the model. To be able to predict such relationships also
on densely connected graphs, further research on edge attributes or
attention mechanisms could be of interest.

5.3. General remarks on efficiency and scale

Regarding efficiency, the following observations can be made:
Firstly, STL has by far the most trainable parameters since it includes
one model per transformer, whereas the other approaches learn only
one model in total. With approximately 62,000 trainable parameters,
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Fig. 9. Test RMSE differences between normalized predictions for benchmark model BEMTL and model BEMTL-GNN operating on a densely connected graph on TSO 1 data set.
The box represents 176 error samples, each sample being the test error difference for one transformer averaged over 5 runs.

BEMTL is the least complex model, followed by the standard GNN,
and BEMTL-GNN with approximately 86,000 and 92,000 parameters,
respectively. Each STL model contains about 24,000 parameters multi-
plied by the number of nodes in the graph. Accordingly, the model in
total is about 125 times larger than the BEMTL model.

Regarding the inference and train times, one STL model is roughly
three times faster than the BEMTL model, which, in turn, requires about
half the inference and train time of the GNN models. Conclusively,
the superior performance of the proposed BEMTL-GNN model comes
with an increased training and inference time compared to the STL and
BEMTL models. The reason for this is the higher number of parameters,
which reside mainly from the attention convolutions.

The inference time of the proposed model increases linearly with the
number of nodes since for each node a separate node representation
has to be computed. However, the size of the weight matrices in the
proposed model does not depend on the number of nodes, but only on
the number of node features. A more important factor regarding the
runtime is connectivity of the input graph. The reason is that for the
computation of a node embedding, the embeddings of all neighbors of
that node are involved. Accordingly, the more edges are present in the
graph, the more computationally expensive is the GNN layer computa-
tion. This holds especially for the applied attention convolution, since
it computes an attention score for each edge (c.f. Eq. (4))
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For the experiments on the densely connected graph including 769
edges, which is more than 7 times more edges than in the sparsely
connected graph, the inference time increases to 1.75 of the sparse
graph. When considering graphs with edges based on 100 kms (2400
edges) and 150 kms (4100 edges) distance between two transformers,
an increase of complexity to approximately 2.8 and 3.7 compared
to the sparse graph can be observed. Accordingly, in this range of
connectivity, the inference time increases linearly with the number of
edges. Since a higher connectivity, i.e. more edges, did not enhance
the performance in the experiments, a larger distance than 150 is not
suitable for the conducted experiments.

6. Conclusion and outlook

This paper proposes BEMTL-GNN, a GNN with a node-specific em-
bedding layer and an attention mechanism to forecast vertical power
flows at transformers. The model successfully learns individual latent
characteristics of the transformers, while also taking into account infor-
mation from close-by transformers. It has been shown that a preceding
embedding layer enhances the per-node predictions of the applied GNN
significantly, since it can capture the characteristic behavior of the
individual transformers. Compared to an equivalent multi-task network
without a GNN architecture, the novel approach indeed improves the
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prediction performance of vertical power flow forecasts. More specifi-
cally, the proposed model reduces the test loss at 74% of transformers
from a real-world data set. This includes situations in which trans-
formers are directly influenced by nearby transformers. A sign test
asserts the significance of the result that BEMTL-GNN is more likely
to outperform the pure multi-task model. However, a visible balancing
relationship between forecasts at different transformers can only be
retraced in time series plots when the model is trained on a sparse
graph with few edges. In summary, the proposed method delivers a
clear advantage by providing both the ability to use message passing
of GNN layers to include transformer interactions in forecasts, and the
ability to distinguish between nodes to allow a characteristic usage
of input features at different transformers. This is achieved by the
novel combination of GNN layers and a Bayesian task embedding. On
the other hand, the approach does not provide a solution for defining
relevant graph edges yet. Further research is also necessary to extend
the desired behavior seen in the experiment with a sparse graph to
densely connected graphs.

To enable the model to learn the more complex relations of several
transformers in a neighborhood, more than one attention head might
be necessary. Further research could also focus on reducing irrelevant
edges, as a large number of edges between transformers with little
impact on each other hampers model training. For this, a two-step
approach might be helpful, where the existence of edges is learned
in the first step before applying the model proposed in this paper
in the second step. Another approach could address the problem of
unbalanced data sets. Generally, periods in the training set from which
specific relations between nodes could be learned are relatively short.
This is because some switching states of the grid occur in exceptional
situations like maintenance or special weather conditions only. Thus,
data augmentation with a more frequent appearance of different grid
situations could improve model training but requires detection and
distinction of grid states in the first place, which is not trivial. Lastly,
including real grid topology information where possible might help the
model to learn unknown relations.

While the above suggestions for improvement can pave the way for
a more exhaustive, data-driven graph representation of the power grid,
including more system components and their interactions, the proposed
method can already enhance vertical power flow forecasts without
requiring additional information about grid topology. This is a valuable
step for grid operators towards a more accurate grid calculation for
increasingly fluctuating electricity networks.
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