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Why short term electricity pricing forecasting
IS needed?

 Benefits
o Utility side
» To maximize the profits in electricity market (\Weron Rafat, 2006)

» To reduce 1% in the mean absolute percentage error (MAPE) of short-term
price forecasts is equal to $300,000 per year with 1 GW peak load (Hong
Tao, 2015)

e Customer side

e To encourage customer in modifying their consumption in response In
price signal or engage with Demand response (Sianaki O., et al., 2010)



Research question

e In price forecasting, Is that hybrid forecasting model Is better
than pure model? (Is ANN-ABC is better than ANN?)



Objectives of this study

 Develop algorithms for electricity pricing forecasting using
hybrid algorithms,

 Evaluate developed algorithms on half-hour ahead electricity
pricing forecasting.
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Methodology: Collecting price data

Monday Sunday
20/Feb/2017 26/Feb/2017
- price - price
- demand - demand

Forecasting phase
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Artificial Neural Network is constructed
from neural layers which are input, hidden
and output layers

Each connection assigned with weight which
Is call “connection weight”

Bias (constant value) is additional neural
which is added to compute next layer
Output Is computed from activation function

In (Cevik, Harmanci, & Cunkas, 2016), only
connection weights are optimized. This study

forecast short term demand on Turkey market
using ABC-ANN.



Methodology: Artificial Bee Colony (ABC)

solution space

sources: http://nabeeco.mpi-inf.mpg.de

- Artificial bee colony consists of two types of

bees: scouts and workers.

- 1) Scouts are to explore randomly new sources of

food.

- 2) Workers explore local neighbourhood of

known food sources.

« The information about the food source and

amount of food it posses is shared in the hive.

- The more food contains the source the higher its

chance to be picked up as target to fly to.


http://nabeeco.mpi-inf.mpg.de
http://nabeeco.mpi-inf.mpg.de
http://nabeeco.mpi-inf.mpg.de
http://nabeeco.mpi-inf.mpg.de
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Bee randomly moves when it stucks at same point
- for a period.
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Methodology: Example of ABC
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Methodology: Applied ANN + ABC
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Methodology: Evaluation

 The measurement of forecasting accuracy is accomplished by Mean Absolute
Error (MAE) and Mean Relative Error (MRE), which is computed as

MAE [$] = ~%_,|P} — PE| x 100

pL—pt
MRE [%] = — .’;:1' APA H o 100

e where; P, is the actual price, Pr is the forecasted price, N is the number of data
point.




Results: Collecting of price data

Price spike higher than
1,000 $/MWhr
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Results: Collecting of price data
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Results: Collecting of price data

e [eressoke s

Monday, 30th January 2017 p(34) = 2346.05

Monday, 6th February 2017 p(31) = 2741.78, p(32) = 4686.56, p(33) = 11692.09,
p(34) = 6392.31

Thursday, 9th February 2017 P(33) = 2558.96, p(34) = 7822.25, p(35) = 2829.62

Friday, 10th February 2017 p(32) = 2088.32, p(33) = 3747.48,
p(34) = 12914.63, p(35) = 13966.67, p(36) = 14000,
p(37) = 4738.51




Results: ANN-ABC (training process)
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Results: ANN-ABC (training process)

Train data on Saturday

R-square
ANN =0.84
ANN-ABC =0.93

X D
N
/ >4 %
Vi
= i
7] S N\g A
ol | R
& i = A
o 3 /! N X
4 &
Ao )
& &

1 4 7 1013 16 19 22 25 28 31 34 37 40 43 46 1 3 5 7 9 1113151719212325272931333537 394143454
Pricc —ANN -=ANN-ABC

18

Price. —ANN -=ANN-ABC



Results: ANN-ABC (forecasting process)

Predicting data on Future Friday Predicting data on Future Saturday
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Discussion: R-square test In training process

Day ANN ANN-ABC
Monday 0.87 0.97
Tuesday 0.91
Wednesday 0.97
R-square Test | Thursday 0.97
Friday 0.86 0.96
Saturday 0.84 0.93
Sunday 0.95 0.96
Average 0.88 0.96

 The ANN-ABC shows the best performance
on R-square when ABC can find the optimum
weights between layers and bias value of
ANN.

» Average R-square test, ANN-ABC is higher
than pure ANN around 10%.



Discussion: MAE and MRE test in forecasting process

Day ANN ANN-ABC
Monday 35.04 39.09
Tuesday - 20.92
Wednesday 14.18 31.31
('\gfl:/'fv;ﬁf; Thursday 185 19.57
Friday 23.68 25.9

Saturday 13.92 -
Sunday 28.54 16.99
Summation 191.37 163.58

Day ANN ANN-ABC
Monday 33.44 35.61
Tuesday 49.49 18.66
Wednesday 34.25
MRE Test (%)| Thursday 17.21
Friday 22.75
Saturday
Sunday

Average




ANN and ANN-ABC were trained using eight weeks historical data of demand and
prices.

Applied ABC into ANN, whereas ABC optimize connection weights and bias between
neural in ANN, improves R-square test.

Applied ANN-ABC can reduce summation of forecasting error (MAE, MRE) during
20t to 26" February, 2017.

The higher error in forecasting process occurs when price spike occurs during 20t to
26t February, 2017.



* The predicted electricity prices are evaluated by R-square test, MAE and MRE to find
suitable forecasting model on pricing forecasting of difference characteristic of day, i.e.
number of price spikes and fluctuation in prices.

 ANN-ABC is based on artificial intelligence approach. The results are varied in every
calculation.

« Since ANN-ABC has excellent performance on tuning the forecasting model to match
validate with train data, this method can use to forecast a change in price with changing
In Input parameters. For example, renewable energy resource can be an additional input
for forecasting model. The model can show how a change in renewable energy
resource effects to short-term electricity prices.
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