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Abstract The emergence of the automated smart grid has become an essential device for responding to
these problems and is bringing progress toward a smart grid-based society. Smart grid is a new paradigm
that enables two-way communication between electricity suppliers and consumers. Smart grids have
emerged due to engineers' initiatives to make the power grid more stable, reliable, efficient and safe.
Smart grids create opportunities for electricity consumers to play a greater role in electricity use and
motivate them to use electricity wisely and efficiently. Therefore, this study focuses on power demand
management through machine learning. In relation to demand forecasting using machine learning,
various machine learning models are currently introduced and applied, and a systematic approach is
required. In particular, the GP learning model has advantages over other learning models in terms of
general consumption prediction and data visualization, but is strongly influenced by data independence

when it comes to prediction of smart meter data.
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hour weekday day week cosHour occupancy electricity-kWh

0120001 01:00:00 1 6 1 52 0.866025 0 147

W20N-010200:00 2 6 1 52 0955926 0 17989395
W2-00-010300:00 3 6 1 52 1.000000 0 M9001H
2001 0400:00 4 6 1 52 0955026 0 116.005567

0120101 0%:00:00 5 6 1 52 0866025 0 13
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nugget = 0.008
theta = np.arange(0.05, 0.5, 0.05)
crossValidation(theta, nugget, 10, trainX_
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Fig 5. Cross validation

dE, e ALt ¢ JHAske O9 63 2
Train score R2: 0.957912601164
Test score R2: 0.893873175566

Predictec

J% 6. OIE HT AL
Fig. 6. Calculate prediction accuracy

O 72 &3 BdE 95 7S BFES UErd
o} Hr} #E H|2E 98] Matlab Z& 3% AMEH
o 9 82 ARMF AY 4] &S 3t Aot

{img src = "Pics/results_hourlyElectricity.png’,
style="width:100%")

trainStart = '2012-01'

trainEnd = '2013-06'

testStart = '2013-07'

testEnd = '2014-10'

results_allHourlyElectricity =

pd.read_excel(' Data/results_allHourlyElectricity.x
Isx")
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def plotR2(df, energyType, title):
testY = dflenergyTypel
predictedY = df[ predictedY']
print "Test score R2:",

(testY, predictedY)

plt.figure(figsize = (9,8))
plt.scatter(testY, predictedY)
plt.plot(Imin(testY), max(testY)l,
max(testY)], 'r')
plt.xlim([min(testY), max(testY)])

sklearn.metrics.r2_score

[min(testY),

plt.ylim(Imin(testY), max(testY)])
plt.title( Predicted vs. observed: ' + title)
plt.xlabel(' Observed')
plt.ylabel( Predicted")
plt.show()
plotR2(results_allHourlyElectricity,
'electricity-kWh', 'All Hourly Electricity')
Test score R2: 0.882986662109

Gaussian Process Regression

Hourly Electricity Prediction

8 7. 65 75 B2 7HMEt
Fig.. 7. Visualization of predictable parts

Predicted

a3 8. Az MY Ad| OF
Fig. 8. Estimated power consumption per hour
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