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ABSTRACT

Research to use Demand Response (DR) for reducing
the load of grid assets. To implement DR, knowledge is
needed of the congestion and of DR possibilities. This
paper describes a method to forecast the load and peak
moments of a HV/MV transformer. With this forecast
will be evaluated how DR can help to reduce the load of
the HV/MV transformer in case of potential
overloading.

INTRODUCTION

The paper describes the use of power flow data at
substation level to forecast grid loading of crucial grid
components like HV/MV transformers. This forecast
can be used to predict possible overloading of grid
components. If the peak or expected overloading can be
predicted early enough, it offers the possibility to use
DR for reducing the peak load of grid components. In
this way, grid investments can be postponed if
reinforcement would otherwise be needed.

In this case, an analysis in 2011 showed that one of the
feeding HV/MV transformers at a 150/10kV substation
was quite often loaded for more than 100% of the
nominal capacity. Following the conventional
reinforcement guidelines, the distribution network
operator (DNO) increased the capacity by adding
capacity to the substation (extra HV/MV transformer).
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Figure 1 Overview of the 150/10 kV substation
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Increasing the capacity at high/medium voltage levels
leads to high investments, which possibly can be
postponed or even prevented by using grid congestion
management. Currently due to legislation the DNO is
not allowed to do so. In the research project it is
investigated if it’s technically possible to use DR in
industry for grid congestion management. It’s also
investigated if the industrial customers on an industrial
site in Heerlen (NL) are able and willing to reduce their
load with about 5 MW for a certain time when a high
load is forecasted (taking into account all technical
constraints). A study in 2011 showed that about 5 MW
of flexibility was available at the industrial site.

This paper focuses on the forecasting of the load of the
feeding HV/MV transformer, connected to this
industrial site. For this, power flow data is made
available by DNO Enexis. If an accurate forecast is
possible, the flexibility of the load of the industrial
customers can be activated to prevent overloading of the
HV/MV transformer. The analysis of the available
flexibility and the DR mechanisms are not treated in this
paper, but are part of further research in the project.

POWER FLOW DATA

Enexis has provided power flow data of the highly
loaded HV/MV transformer. This transformer feeds
household areas, shops and also small and medium
industries. With highly loaded is meant up to 130% of
the nominal power (Snom), which is 58 MVA. Enexis
allows such assets, in normal conditions, to be loaded
for:

e 110% of nominal power during 8 hours

e 130% of the nominal power during 1 hour
This is a widely accepted way of asset management. [1]
Four years of power data (in MVA) is provided, on 5-
minute time intervals.

DATA PRE -TREATMENT

The 5- minute sample data was pre-treated to have more
smooth data. Because the main problem, due to high
loading of transformers, is overheating, we do not need
to take into account fast load changes. The average load
determines the thermal effect and thus the temperature
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of the transformer. Therefore we decided to average the
5- minute samples into one-hour averages. The
following figure shows the effect of this pre- treatment,
the effect is small and negligible.

A Loading of a 58 MVA transformer, measured samples vs smoothed ¢
w0
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Figure 2 Sample data vs smoothed power flow data

FIRST DATA ANALYSIS

To understand better the load profile of the connected
loads, a statistical analysis was conducted. The
following histogram shows the frequency of the loading
of the transformer per power interval of two MVA.
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Figure 3 Frequency of loading of the transformer

The difference between daily peak loading during
weekends and all days is shown in Figure 4 and Figure
5 in which is zoomed into the daily peak load. The
vertical black line at 58 MVA is Snom, the orange line
is the power at 110% of Snom, the red line at 130% of
Snom.
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Figure 4 Zoom of daily peak loading (all days)
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Figure 5 Zoom of daily peak loading (weekends)

It can be clearly seen that the probability that the
transformer is loaded more than 100% of Snom is much
lower during weekend then during the working days.

CORRELATION

To be able to forecast the load of the transformer,
correlation must be found between the load and other
parameters. Outside temperature is known to have
influence on the load, mainly at lower and higher
temperatures. This is shown in the figure below. A U-
shape is recognized, which is also mentioned in
literature.
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Figure 6 Daily peak vs daily maximum temperature

Another way to present this dependency is shown in
Figure 7.
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Figure 7 Transformer load vs outside temperature
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CROSS CORRELATION

The investigation also showed that there is a cross
correlation between load time series. This means that
the load of hour N depends on hour N-1, N-2, ....

A way to show this cross- correlation is presented in
Figure 8 with a correlogram. A clear periodicity of 24
hours is visible in this figure.
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Figure 8 Cross correlation of load time series

DAY TYPE EFFECT

An important parameter determining the load shape and
peak loading is the type of the day. For the load shape
this is shown in the next picture with histograms. In this
picture ‘0’ corresponds to Sunday. The working days
clearly have a higher variety of powers, which are also
on average higher. During weekends the load is clearly
lower, mainly because of less power used by connected
industry.
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Figure 9 Load shape off all days

Therefore the forecaster needs to take into account the
type of day to be more accurate. If the shape is known
beforehand, it doesn’t need to be predicted.

SEASONAL EFFECT

The effect of the season is shown in Figure 10, where X
is the transformer load in MVA. The dashed lines are
the 25% and 75% percentile values. It’s clear that the
moment of the peak in winter occurs between 17h and
19h and in summer around 14h. This could be explained
by the need for air-conditioning in summer.
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Figure 10 Average hourly load during summer and winter

TYPE OF FORECASTERS

There are many types of forecasting methods. Also
there is a difference in forecasting the hourly values or
only the peak value. In the literature there is not a clear
winner among the methods [2]. The best method
depends on the type of data to be forecasted. Because of
this, multiple forecasters were tested in the project. The
following methods are widely accepted to forecast load:

e  Multiple linear regression method

e  Stochastic time series method

e  Similar day approach

e  Exponential smoothing

o  Neural networks
Of course there are more methods available, but these
were not considered useful for our case.
The testing method is as follows. The forecast method is
trained on the first three years of the dataset and is
validated on the 4" year of the data set. Gaps in the
dataset are replaced with the same value approach.
Holidays are not flagged in the dataset, which will have
a slightly negative effect on the forecast results.
As correlation  parameters, temperature, solar
irradiation, calendar information (type of day) and start
and end of the day are used.

OVER FITTING

To create a robust model, care should be taken not to
add too many correlation parameters to find the best fit.
It’s a classical mistake to train a forecaster on a dataset
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and add a lot of parameters to create the best fit. When a
new dataset is used the fit could be bad, because the
created model fits only the training set. This is called
over fitting.

HOURLY FORECAST RESULTS

This paragraph contains the results of the first tests with
some forecast methods for hourly forecasts. The
methods try to forecast the load for the day ahead at
midnight for the following 24 hours at once.
Table 1 presents the results. In this table:
e MAE [MVA] is the average absolute error
e STDE [MVA] is the standard deviation of the
error
e  ‘With day length’ means that depending on the
day length an average profile is constructed
first
e ‘All days considered” means that an average
profile is considered first for each day of the

week
Method MAE | STDE
Multi- regression- with day length 1,83 | 2,56
Neural network- all days considered 2,11 | 2,98
Persistent- all days considered 2,25 | 3,28
Recursive regression- with day length | 2,02 | 2,82

Table 1 Best results of some forecasters

In literature the error is most of the times between
1,5-3%. The average loading of the transformer is
around 55 MVA during working days. This means that
the errors in this case are slightly higher (3-4%). The
main explanation is the size of the problem we are
looking at. It’s small compared to problems in literature.
In our case we cannot benefit from the ‘averaging’
effect (of many small loads), which leads to an easier
forecast.

To show the results more clearly, Figures 11-13
visualize the error of the 24-hour forecast of the best
forecaster (see Table 1). The best, average and worst
24- hour forecasts with this forecaster are shown.

70 Hourly load prediction Best case (MAE= 0.67 [MVA])

65

Power [MVA]
o o
% 2

w
S

as[+)

acceptable for DR; the peak load is predicted very well
and action with DR can be planned 24h in advance.
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Figure 12 Median case 24- hour forecast

Hourly load prediction Worst case (MAE= 4.46 [MVA])
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Figure 13 Worst case 24- hour forecast
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The last picture would result in a too large error and is
unacceptable if the grid reliability would depend on it.
Therefore it’s not enough to predict only the hourly
values. The peak should be predicted separately, with
high probability.

PEAK FORECAST RESULTS

For the peak forecast the same forecast methods can be
used. The best result is achieved by not forecasting the
peak value, but to first predict if the peak will be below
or above a certain threshold (0/1). After this prediction,
the value of the peak can be forecasted.

The following results were obtained for forecasting the
numerical value of the peak directly, 24 hours ahead.
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Figure 11 Best case 24-hour forecast

The results presented in Figure 11 and 12 would be

Method MAE | STDE
ARIMA Matlab 1,96 | 1,86
e Linear Matlab 199 1182
-~ predicted values Multi- regression- with day length 1,84 | 2,49
Neural network- all days considered 1,94 | 2,64
Persistent- all days considered 2,11 | 2,85
Recursive regression- with day length | 2,01 | 2,64

Table 2 Best results for 24h ahead peak forecast
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As shown in the table above the results for the hourly
and peak forecast are comparable (table 2). Figures 14-
16 on the next page show again the best, average and

worst case week of the daily peak forecast.
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Figure 14 Best case week daily peak prediction
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Figure 15 Median case week daily peak prediction
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Figure 16 Worst case week daily peak prediction

Also the results of the peak forecast show that a large
error in the daily peak forecast is possible (Figure 16).

Therefore, to be sure the right value of the peak is
predicted, there is need to have a more dedicated
predictor. This can be realized by using next to the 24h
forecast of the value of the peak, an intraday peak
forecast some hours or even 15- minutes ahead to
predict the occurrence of the peak. Predicting the peak

15 minutes ahead is already being used extensively in
peak shaving equipment. Predicting the peak only a few
hours ahead can be done very accurate; tests with the
software MetrixDR from Itron showed an average error
of 0,6 MVA or even better is possible.

0 Bl NAROREBCAST

Preliminary tests in Matlab show that it’s possible to
predict the occurrence of a peak with high probability.
In this case it’s predicted when a certain load limit will
be crosses or not, so the result is 0/1. Results show for
our case that for a limit of 110% of Snom, the
probability to be right is 95% that the limit will be
crosses. Then, with this probability of knowing there
will be a peak, the value of the peak can be calculated
better. This is topic for further research in the project.

CONCLUSION

The research until now has shown that the hourly load
of a HV/MV transformer can be forecasted 24h ahead
with good results. By using the multi regression
analysis, an average error of 3-4% can be achieved by
taking into account outside temperature and day type
and day length information. Also the dataset can further
be cleaned by removing holidays which can further
improve the results. Because the HV/MV transformer is
a critical grid asset, the probability of predicting a peak
should be high. This is possible by applying a dedicated
predictor that predicts the occurrence peak, next to
predicting the hourly values. Such a dedicated predictor
can predict the crossing of a set load limit with high
probability. A probability of 95% was achieved in a
preliminary test with a limit set of 110% Snom.

NEXT STEPS

The forecast method will be fine tuned to be able to
predict the peak and forecast the duration and value of
the peak. With this information it will be possible to use
DR to shift energy use in time when needed and prevent
peak overloading of the HV/MV transformer.

To analyse the available flexibility, companies on the
industrial site will be visited the next months.
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