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Abstract: Today, there is already a signiĄcant injection of renewable energies at the medium-voltage
level, which requires the use of reliable monitoring methods. In addition to tracking electrical
parameters such as line current or bus voltage magnitudes, precise knowledge of the active and
reactive power feed-in is becoming increasingly relevant in order to provide the necessary information
for optimization strategies at higher voltage levels. For this reason, we have developed a method to
monitor the active and reactive power for the medium-voltage level with very low measurement density,
which is based on artiĄcial neural networks (ANN). The actual training of ANN is accomplished
with photovoltaics (PV) and wind feed-in time series based on real weather data to ensure realistic
monitoring of the injection. The presented method is applied to a German medium-voltage grid to
evaluate the estimation accuracy.
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1 Introduction

The German electricity grid is already subject to an immense feed-in from renewable
energy sources in 2019. More than 90 % of the 106.61 GW [Bu19] installed wind and
photovoltaic generation capacity is connected to the distribution grid. The feed-in situation
will become even more dramatic in the future, as the sum of installed systems will continue
to grow considerably over the next decades according to forecast scenarios [DEA13]. This
rapid expansion requires knowledge of the current grid condition, especially for the highly
Ćuctuating and time-dependent injections of photovoltaics (PV) and wind energy.
In the past, grid congestion induced by current or voltage did rarely pose problems, so
there was no requirement to coordinate distributed energy resources (DER) in medium or
low-voltage systems. With the expansion of volatile renewable energy sources and a changed
load behavior, the monitoring of the medium-voltage level has become a prerequisite for
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the grids of the future. Whereas in the transmission grid level the State Estimation (SE)
[AGE04] has been state of the art for decades, the minimum number of measuring devices
mmin at the medium-voltage level is not sufficient to calculate the complete state of the grid
using the traditional SE based on least weighted squares (WLS SE). When using the WLS
SE method, missing measurements in medium-voltage grids have to be reconstructed by
pseudo measurements. Furthermore, the installation of additional measurement equipment
including the information and communication technology causes signiĄcant costs for grid
operators.
We present a method based on artiĄcial neural networks (ANN) that can provide a sufficiently
accurate estimate of active and reactive power injection as they have been trained on feed-in
time series. By applying this type of training, the ANN learns various feed-in characteristics
based on historical weather data and thus increases the estimation accuracy, especially
when estimating feed-ins of large PV and wind power plants. The parameters voltage
magnitude and line current are also considered in the studies. Section 2 brieĆy outlines
our comprehensive preceding studies of the presented approach, on which a comparison
between the state estimation with ANN and the WLS SE with pseudo measurements has
already been evaluated [MBB19]. In Section 3 the paper gives a short insight into the ANN
architecture. Section 4 shows how the training of the ANN is performed via feed-in time
series and the scenario generator already introduced in [MBB19]. Section 5 highlights the
electrical grid used for the validation. Section 6 focuses on the results of the simulation and
the achieved monitoring accuracy for active power P, reactive power Q, voltage magnitude
V , and line current I.

2 Related Work

The methods covered in this paper are based on detailed preliminary studies and simulations,
which are described in [MBB19]. There, an approach for ANN-based grid monitoring
was presented. The basic features of the general methodology are shown in Fig. 1. It was
demonstrated that the method exceeds the limitations of other existing ANN methods for grid

Fig. 1: Flow chart of the scheme: The left side represents the preparation phase, while the right box
shows the operating phase, in which live measurements for the trained ANN are used to predict the
target values. [MBB19]
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monitoring [IG12] [OWM13] [OM14], which are not applicable for electrical distribution
grids with a high penetration of renewable energies. In order to train ANNs appropriately
with reliable estimation accuracy, the scenario generator was presented, which captures a
feasible number of grid states including the volatile power generation. In addition, it was
shown how a selection of hyperparameters can be achieved with a reasonable trade-off
between estimation accuracy and training time. Furthermore, WLS SE and ANN were
compared with a variety of simulations using a benchmark grid (CIGRE test grid) [Ru06]
and a real German distribution system. This involved the analysis and evaluation of various
test cases with different measurement conĄgurations, topological errors and bad data. In all
generated results of the test cases, the ANN monitoring method outperformed the WLS SE.
The methods presented in this paper extend the previous approaches by enabling the training
of ANNs through historical feed-in time series of individual generations in order to improve
the estimation accuracy of the ANNs.

3 ArtiĄcial Neural Networks for Active and Reactive Power Monitoring
Of Medium-Voltage Grids

3.1 ANN Fundamentals

A fully connected feed-forward ANN consists of individual components called neurons. The
model of a neuron can receive different input values X1,X2,X3, ...Xn, which are weighted
with the respective weights w1j,w2j,w3j, ...wnj and then summed up. The weighted and
summed input values then pass an activation function ϕ. This can be represented, for
example, by one of the following functions:

ϕReLU(x) = max(0, x) ϕSigmoid(x) =
1

1 + exp(−x) ϕTanh(x) =
exp(x) − exp(−x)
exp(x) + exp(−x)

A single neuron outputs Y as the output value. The Ćow of information through such a
neuron is shown in Fig. 2. Typically, several parallel neurons are combined as so called

Fig. 2: Scheme of a neuron

layers. Serially connected layers form the complete artiĄcial neuronal network. All outputs
of the neurons of a previous layer are connected to every single neuron of the next layer.
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Fig. 3 illustrates an exemplary fully connected feed-forward ANN with the input values
X1,X2, ...Xn and the output values Y1,Y2, ...Yn. The training of the ANN runs over several
epochs, in which an optimization algorithm (e.g. ADAM [KB14]) adjusts the individual
weights w1j,w2j,w3j, ...wnj of the ANN in such a way that they match the required outputs

Fig. 3: Feed-forward ANN

and minimize a loss function. The training and testing process requires two different data
sets. The so-called training set is applied for the training of the ANN, whereas the test set is
used for the validation of the predictions made by the ANN. For a more detailed insight into
the modelling of artiĄcial neuronal networks, see [BL17] [SFM12] [Pa17].

3.2 Monitoring Electrical Distribution Grid Parameters with ANN

The static state of the electrical grid can be described by the power Ćow equations and
can be determined by performing iterative power Ćow calculations. In distribution grids,
the problem lies in the availability of necessary initialization variables due to the very low
density of measuring devices. ANN can be applied here to describe the output parameters
as approximate functions even with a small number of input values. By suitable training, the
ANN can establish a link between the input parameters and the corresponding estimates of
the output values. Fig. 4 shows the approach in which a trained ANN uses a small number
of measurement values and the respective switching conĄguration to estimate the active
power P, the reactive power Q, and the voltage magnitude V for each bus.

Fig. 4: ANN for monitoring electrical distribution grid parameters
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4 ANN Training with Time Series

4.1 Generating Feed-in Time Series

The generation of feed-in time series is enabled via a Python interface to the platform
renewables.ninja [PS16], which can run simulations of hourly power output from PV systems
and wind power plants with a speciĄc location [SP16]. The parametrization of the PV
and wind models can be adjusted individually (e.g. turbine model, hub height, capacity,
etc.). Furthermore, these feed-in models are based on weather data generated from satellite
observations and hourly reanalysis [Pf19] [GM17]. Since the SimBench medium-voltage
grid used for the validation is available in pandapower [Th18], we can create an individual
feed-in time series based on the geo-coordinates for each PV system and wind power plant
directly via the Python interface. In the model generation of PV systems, a distinction can
be made between two weather data sets. For our simulations, we use the ŞSurface Solar
Radiation Data Set - HeliosatŤ (SARAH), which provides hourly averages on a regular
latitude/longitude with a spatial resolution of 0.05◦ × 0.05◦ [Pf19].
Fig. 5 illustrates the corresponding feed-in time series over selected summer days in the
years 2012 to 2015 for a 1.5 MW PV system connected to the medium-voltage level. Fig.
6 shows a feed-in time series for a wind power plant with a nominal power of 2.4 MW
covering the Ąrst days of January in the years 2012 to 2015.

Fig. 5: ExempliĄed hourly feed-in time series for a 1.5 MW PV System

Fig. 6: ExempliĄed hourly feed-in time series for a 2.4 MW wind power plant
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4.2 Load Time Series

For the loads, standard load proĄles for industrial and household consumers are selected
[BD19]. Since a high number of connected consumers are aggregated from the low-voltage
level, an approximation can be made by load time series. In addition to the feed-in time
series, the hourly load values of the proĄles are scaled accordingly for each time step. To
address the variability between individual loads, Gaussian noise is applied with a standard
deviation of 5% for each load.

4.3 Generating the Training and Validation Data Set

To ensure that the ANNs are capable of estimating the relationship between the input
measurements and the output values Q, P, V , and I reliably, it is essential to consider as
many different grid states as computationally feasible during the training process.
First of all, the corresponding feed-in time series are stored for all individual PV and
wind power plants of the electrical grid. In addition, the load time series are also saved.
Subsequently, the components are scaled for every hourly time step based on the time series
and a power Ćow calculation is performed. For each result of every time step, the active
power P, reactive power Q, voltage magnitude V , and line current I for each bus and line
are extracted and stored. Similarly, the corresponding measured values of the measuring
equipment and the switch conĄguration are also saved. This procedure can be summarized
as follows:

1. Generate and store feed-in time series and load time series

2. Scale the individual components for every time step accordingly

3. Perform a power Ćow calculation for each time step

4. Store the result of P, Q, V, I, the measurement values, and the switching conĄgura-
tion for each time step

The Ąnal training and test data set for the ANN therefore consists of the measured values
and the switch conĄguration which serve as input parameters. The associated results of
active power P, reactive power Q, voltage magnitude V , and line current I are set as target
values.

5 Electrical Test Grid

The SimBench benchmark datasets [SBDfN19] were developed for a realistic analysis,
planning, and management of distribution and transmission systems. For the simulation
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of the estimation accuracy, the slightly modiĄed SimBench 20 kV medium-voltage grid
(semi-urban) is used, which was constructed on the basis of real German medium-voltage
grids and features geographical allocation.
The grid operated as an open ring and is connected to the high-voltage level via two parallel
transformers. A total of nine feeders exist. Table 1 summarises the sum of connected loads
and static generators (PV generators and wind power plants) of each feeder. The grid consists
of 117 buses, 121 lines, 115 loads, 116 PV generators and 5 wind power plants. Of the
117 buses, 4 are virtual, so they are electric sleeves on which no active or reactive power
injection can occur. Moreover, three plausible switching conĄgurations were selected; the
Ąrst conĄguration is shown in Fig. 7. In the SimBench grid, measuring devices are located

Fig. 7: SimBench medium-voltage grid with the default conĄguration of tie lines

at three buses. They measure active power P, reactive power Q, and voltage magnitude V .
In addition, in the Ąrst line of each feeder outgoing from the substation, P and Q are also
measured. Thus, a total of 27 measurements are available. Measurement device tolerance is
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given by accuracy classes, which describe the accuracy that can be expected for a measured
value. AC 0.5 is applied for voltage measurements. This class is described for instance
in IEC 61869-2. The associated standard deviation is 0.5

3 ≈ 0.167 %. Thus 99.7 % of all
measurements have a maximum error of 0.5 % within the 3σ conĄdence interval. For
measurements of P and Q, a standard deviation of 2

3 % is assumed. This level of accuracy is
considered for all power Ćows and is consequently present in the training and test sets for
the ANN.

Feeder
Number of
loads [n]

Total active
power of loads

[MW]

Number of static
generators [n]

Total active power
of static generators

[MW]

Total line
length
[km]

1 22 7.427 24 5.987 11.89
2 12 3.016 12 1.182 7.03
3 11 2.603 12 2.189 5.60
4 12 2.881 14 1.292 6.73
5 9 1.383 10 4.546 6.25
6 6 1.596 6 0.828 3.40
7 11 2.976 12 1.512 6.87
8 16 5.496 16 3.287 7.26
9 15 3.922 14 1.471 8.34

substation 1 0.340 2 3.000 -

sum 115 31.64 122 25.29 63.37

Tab. 1: Feeder parameters of the SimBench 20 kV medium-voltage grid (semi-urban)

6 Simulation

The fully connected feed-forward ANN presented in chapter 3.1 was used for the simulations.
The estimation accuracy could not be increased by using a recursive neural network (RNN)
based on long short-term memory (LSTM). With the research focus on time series with
higher time resolution and forecasting capability for monitoring with ANN, RNN (especially
RNN with an attention mechanism) will be considered. Each of the parameters active power
P, reactive power Q, voltage magnitude V , and line current I is trained on a single ANN over
500 epochs using the open source deep learning library PyTorch [Pa17]. The ANN models
consist of three layers, with a hidden layer size of 500. The combination of hyperparameters
was selected by the hyperband method [Li16] with the objective of maximum estimation
accuracy.
The criteria C1 and C2 from [MBB19] are selected for the evaluation of the simulation
results. C1 is fulĄlled if the bus voltage magnitude errors are less than 1 % (C2: U∆ < 0.5 %)
and line loading errors are less than 10 % (C2: I∆ < 5 %). For the simulation and validation
process, three test sets and a training set based on the procedure outlined in Section 4.3 are
generated. The training set consists of 10 years in total (2003-2012). This set is used to train
the ANN. In addition, three plausible switching conĄgurations of the SimBench grid are
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Fig. 8: Percentage error of the total estimated reactive and active power of the SimBench grid (2015)

considered for each year. For the training set, this results in 263016 hourly time steps (87672
hours over all years for 3 switching conĄgurations). The years 2013, 2014, and 2015 are
individually used as test sets. Each of them consists of 26280 time steps (8760 hours for 3
switching conĄgurations). Fig. 8 illustrates the percentage error of the total estimated active
and reactive power of the SimBench grid for each time step in the test year 2015. In this
case the mean error for monitoring the reactive power is 2.047 % (max: 4.031 %) and the
active power is 2.037 % (max: 4.922 %). Fig. 9 shows the estimation errors of the reactive
power as estimated by the ANN at each bus over the hourly time steps of the test year 2015,

Fig. 9: Monitoring error of reactive power at the SimBench grid (2015)

Training of ArtiĄcial Neural Networks Based on Feed-in Time Series 553



Fig. 10: Monitoring error of active power at the SimBench grid (2015)

Fig. 11: Monitoring error of voltage magnitude at the SimBench grid (2015)

Fig. 12: Monitoring error of line loading at the SimBench grid (2015)

including the three switching conĄgurations. Each individual boxplot indicates the under
0.25 quantile, the upper 0.75 quantile, the median, as well as the outliers. The maximum
absolute error for estimating the reactive power over all time steps of the year 2015 is
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20.254 kvar. The mean of the error lies at 1.258 kvar with a standard deviation of 1.342 kvar.
The peak error for the active power estimation is 72.609 kW. In addition, the mean value
of the error is 3.332 kW ± 3.620 kW (Fig. 10). Fig. 11 illustrates the maximum absolute
estimation error for the voltage magnitude of 0.195 % and Table 2 shows the monitoring
estimation errors for P and Q over the various test years. For the estimation errors of bus
voltage magnitude and line loadings, the strict criterion C2 (U∆ < 0.5 %, I∆ < 5 %) was met
in all simulation results. If the criteria of line loadings are set as the maximum monitoring
error of the total reactive and active power in the grid, C2 is fulĄlled for the reactive power
estimation in all test years, whereas criterion C1 can be achieved for the monitoring of
active power for the years 2013 and 2014.

Maximum
Absolute Error

Mean Absolute
Error (MAE)

Standard
Deviation (SD)

Maximum percentage
error of the total
active and reactive
power in the grid [%]

Test year
2013

P 60.272 kW 3.334 kW ±3.621 kW 5.084 %
Q 18.246 kvar 1.257 kvar ±1.343 kvar 3.891 %

Test year
2014

P 62.902 kW 3.331 kW ±3.622 kW 5.175 %
Q 20.251 kvar 1.261 kvar ±1.347 kvar 4.296 %

Test year
2015

P 72.609 kW 3.332 kW ±3.620 kW 4.922 %
Q 20.254 kvar 1.258 kvar ±1.342 kvar 4.031 %

Tab. 2: Overview of monitoring errors for each test year

In the following, the approach of training with time series is compared with the scenario
generator, which is presented in [MBB19]. The scenarios generated by the scenario generator
are referred to as scaled scenarios. In order to establish comparability in the number of
training scenarios, both training sets consist of approximately 260000 training samples.
Again, the active power in the target year 2015 is estimated. The mean absolute error and

Fig. 13: Monitoring error of active power at the SimBench grid (2015)

the standard deviation for the estimation of active power are 3.818 kW± 4.384 kW using the
scaled scenarios (time series: 3.332 kW ± 3.620 kW). The difference in mean and standard
deviations are mainly explained by the estimation of active power at PV and wind power

Training of ArtiĄcial Neural Networks Based on Feed-in Time Series 555



plants. Fig. 13 shows the difference in the estimation error among the 8 largest PV and wind
power plants in the SimBench grid. As the ANN has learned the individual feed-ins over a
period of 10 years, the estimation error is lower for the ANN trained by time series.

7 Conclusion and Outlook

This paper presents an approach for monitoring active power P, reactive power Q, voltage
magnitude V , and line current I in medium-voltage grids based on ANN. For the simulation
and evaluation process, the estimation accuracy of the ANN was demonstrated using three
separate test years (2013, 2014, and 2015). The errors for estimating V (0.195 %) and I
(1.962 %) are sufficient to identify current and voltage violation with high accuracy. In
addition, the mean errors for estimating the active (2.037 %) and reactive power (2.047 %)
over the entire grid are sufficiently low to provide essential information for optimization
strategies at higher voltage levels which has been veriĄed by meeting criteria C1/C2.
Conclusively, the accuracy of the estimation increased especially on large PV systems and
wind power plants when time series are used for training the ANN. This demonstrated that
the individual feed-in characteristics inĆuenced by weather phenomena can be learned from
the ANN and thus reduce the estimation error.
However, there are also some drawbacks of the presented method. The behavior of individual
loads can be signiĄcantly more diverse than assumed and may differ from standard load
proĄles. In addition, only time series with an hourly interval was used for the validation. A
higher time resolution may be considered for further evaluations. Limitations are primarily
related to dynamic topologies, e.g. many switching states or transformers with taps, which
signiĄcantly extends the training time. Furthermore, future research could evaluate if
constant retraining of the ANN with new time series data could further decrease the
estimation errors. In this way, it could be ensured that further grid states continually update
the ANN.

Bibliography

[AGE04] Abur, A; Gomez-Exposito, Antonio: Power System State Estimation: Theory and
Implementation, volume 24. 01 2004.

[BD19] BDEW Bundesverband der Energie- und Wasserwirtschaft e.V.: , 2019. (www.bdew.de,
accessed 22.04.2019).

[BL17] Buduma, Nikhil; Locascio, Nicholas: Fundamentals of Deep Learning: Designing
Next-Generation Machine Intelligence Algorithms. OŠReilly Media, Inc., 1st edition,
2017.

[Bu19] Burger, B.: , Energy charts - Fraunhofer ise, 2019.

[DEA13] Deutsche-Energie-Agentur: , dena Verteilnetzstudie. Ausbau- und Innovationsbedarf der
Stromverteilnetze in Deutschland bis 2030, December 2013.

556 Marcel Dipp et al.



[GM17] Gelaro, Ronald; McCarty, Will et al.: The Modern-Era Retrospective Analysis for
Research and Applications, Version 2 (MERRA-2). Journal of Climate, 30(14):5419Ű
5454, 2017.

[IG12] Ivanov, O.; Garvrilaş, M.: State estimation for power systems with multilayer perceptron
neural networks. In: 11th Symposium on Neural Network Applications in Electrical
Engineering. pp. 243Ű246, Sep. 2012.

[KB14] Kingma, Diederik; Ba, Jimmy: Adam: A Method for Stochastic Optimization. Interna-
tional Conference on Learning Representations, 12 2014.

[Li16] Li, Lisha; Jamieson, Kevin G.; DeSalvo, Giulia; Rostamizadeh, Afshin; Talwalkar,
Ameet: Efficient Hyperparameter Optimization and InĄnitely Many Armed Bandits.
CoRR, abs/1603.06560, 2016.

[MBB19] Menke, Jan-Hendrik; Bornhorst, Nils; Braun, Martin: Distribution System Monitoring
for Smart Power Grids with Distributed Generation Using ArtiĄcial Neural Networks.
International Journal of Electrical Power and Energy, 113:472Ű480, December 2019.

[OM14] Onwuachumba, A.; Musavi, M.: New Reduced Model approach for Power System State
Estimation Using ArtiĄcial Neural Networks and Principal Component Analysis. In:
2014 IEEE Electrical Power and Energy Conference. pp. 15Ű20, Nov 2014.

[OWM13] Onwuachumba, A.; Wu, Y.; Musavi, M.: Reduced Model for Power System State
Estimation Using ArtiĄcial Neural Networks. In: 2013 IEEE Green Technologies
Conference (GreenTech). pp. 407Ű413, April 2013.

[Pa17] Paszke, Adam; Gross, Sam; Chintala, Soumith; Chanan, Gregory; Yang, Edward; DeVito,
Zachary; Lin, Zeming; Desmaison, Alban; Antiga, Luca; Lerer, Adam: Automatic
differentiation in PyTorch. In: NIPS-W. 2017.

[Pf19] Pfeifroth, Uwe; Kothe, Steffen; Trentmann Jörg; Hollmann Rainer; Fuchs Petra; Kaiser
Johannes; Werscheck Martin: Surface Radiation Data Set - Heliosat (SARAH) - Edition
2.1. Satellite Application Facility on Climate Monitoring (CM SAF), 2019.

[PS16] Pfenninger, Stefan; Staffell, Iain: Long-term patterns of European PV output using 30
years of validated hourly reanalysis and satellite data. Energy, 114:1251 Ű 1265, 2016.

[Ru06] Rudion, K.; Orths, A.; Styczynski, Z. A.; Strunz, K.: Design of benchmark of medium
voltage distribution network for investigation of DG integration. In: 2006 IEEE Power
Engineering Society General Meeting. June 2006.

[SBDfN19] SimBench-Benchmark-Datensatz für Netzanalyse, Netzplanung und Netzbetriebsführung:
, 2019. (www.simbench.de, accessed 21.04.2019).

[SFM12] Shiffman, D.; Fry, S.; Marsh, Z.: The Nature of Code. 2012.

[SP16] Staffell, Iain; Pfenninger, Stefan: Using bias-corrected reanalysis to simulate current and
future wind power output. Energy, 114:1224 Ű 1239, 2016.

[Th18] Thurner, L.; Scheidler, A.; Schäfer, F.; Menke, J.; Dollichon, J.; Meier, F.; Meinecke,
S.; Braun, M.: pandapower Ů An Open-Source Python Tool for Convenient Modeling,
Analysis, and Optimization of Electric Power Systems. IEEE Transactions on Power
Systems, 33(6):6510Ű6521, Nov 2018.

Training of ArtiĄcial Neural Networks Based on Feed-in Time Series 557


