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Introducing Data Science to the
Power Engineer
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Current Research - SysOpt

Flexible hydropower generator? a l
Reactive power exchange - voltage control Challenges: ' ,l\

more variable and less
controflable wind and solar

Absorption of reactive power: power
- maintain the voltage profile and protect transformers against
overvoltage.

Production of reactive power:
.. - (Stationary) reduced net loss.

“._(Transient) boosts reactive power into the grid in
unforeseen events to maintain voltage.
Surge tank>,




Next-Step Lab
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Next-Step Lab
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Load Forecasting Analysis



Load Analysis

Power WINTER Powser SUMMER
demand demand

p('d‘,

intermediate intermediate

base load base load

Time of day Time of day

source: PENN STATE
(https://www.e-education.psu.edu/eme807/node/667) 12



Load Analysis
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Load Analysis
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Flexible Load

Objective
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Flexible Load Shape

Johannesen, N.J,, Kolhe, M. L. (2021). Application of regression tools for load
prediction in distributed network for flexible analysis. In Flexibility in Electric Power
Distribution Networks (pp. 67-94). CRC Press.




Power Distribution Network
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Figure 2: Downlaodable Geographical information system (GIS) from The
Norwegian Water Resources and Energy Directorate (NVE) 17



Sme¢la - Nordheim

Figure 3: Transmission system to mainland



System overview

Wind farm
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Solar farm Main transformer Transmission line
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Smela power
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Figure 4: System overview from generation at Smela to Transformer at

Nordheim Tutsna o



Feature Engineering




Feature Engineering: Important influences on Load Pattern
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Feature Engineering: Important influences on Load Pattern

i)

Time

i)
Weather

iii)

Random Effects
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Time: Autocorrelation
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G. Box and G. M. Jenkins, Time Series Analysis: Forecasting and Control. Holden-Day,
1976
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Autocorrelation
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N. J. Johannesen, M. Kolhe, and M. Goodwin, “Deregulated electric energy price
forecasting in nordpool market using regression techniques,” in 2019 IEEE Sustainable
Power and Energy Conference (iSPEC), 2019, pp. 1932-1938
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Weather: Cross-correlation
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G. Box and G. M. Jenkins, Time Series Analysis: Forecasting and Control. Holden-Day,
1976
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Seasons-plot
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N. J. Johannesen, M. Lal Kolhe, and M. Goodwin, “Load demand analysis of nordic
rural area with holiday resorts for network capacity planning,” in 2019 4th International
Conference on Smart and Sustainable Technologies (SpliTech), 2019, pp. 1-7
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Seasons-plot
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N. J. Johannesen, M. Lal Kolhe, and M. Goodwin, “Load demand analysis of nordic
rural area with holiday resorts for network capacity planning,” in 2019 4th International
Conference on Smart and Sustainable Technologies (SpliTech), 2019, pp. 1-7
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Bias vs. variance trade off

Underfitted Overfitted

Test
set

Fit score
Suitable Model

Training
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Model Complexity

P. Bacher and H. Madsen, “Identifying suitable models for the heat dynamics of
buildings,” Energy and Buildings, vol. 43, no. 7, pp. 1511 = 1522, 2011
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Demand Side Management and
Electricity Markets




Why do we need this work? |

Innlegg Nils Jakob Johannesen

Hva kan vi leere av Texas-krisen?

Delstaten Texas opplevde katastrofe
etter rekordlave temperaturer og
rekord i stremforbruket. Smarte
nettverk er lpsningen | fremtiden.
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veatet mandag mongen. En vandet keise
kommer spebdent alene. og | covid-19 théer
f stromBorsysing t ULsatTe grepper pre-
hert. Mandag abdde stroatoppen 69 GW.
Til sammenligring sddde vi | Norge rekord-
1opp dem 12 februar § 4r, pd 25 GW.

Da desne toppen ble nbdd mandag satie
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Allert 3, som tvang krafifoesy mingsscisha
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+ Misloner av inniygigere | Sexas mivtet stremmen da vinterstormen Url rameet delstaten.

Fom Junn SlivansGetty ImageuarsnTR

W syTEngekapasiteten et u
av spill som folge v 500, is of abde. Blase
asnct sthe vindturtener og kyerackraftverk
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Twitter. P Twitter var ogad Texasgaver
e Goeg Abbott, dor han vander fall etter-
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do we need this work? I

fos Angeles Times
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Demand Side Management,

Johannesen, N. J,, Kolhe, M. L, Goodwin, M. (2022). Recurrent neural networks for
electrical load forecasting to use in demand response. Industrial Demand Response:
Methods, Best Practices, Case Studies, and Applications, 41.
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Regression Model

Eucledian=(y/z — y)?
P v 1
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Historical data

k-value Distance Function

Load consumption

Linear Model —| Activation Function | ——> iy
prediction result

Johannesen, N.J,, Kolhe, M. L. (2021). Application of regression tools for load
prediction in distributed network for flexible analysis. In Flexibility in Electric Power
Distribution Networks (pp. 67-94). CRC Press.
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Vertical Approach

Vertical approach
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Johannesen, N.J,, Kolhe, M. L. (2021). Application of regression tools for load
prediction in distributed network for flexible analysis. In Flexibility in Electric Power
Distribution Networks (pp. 67-94). CRC Press.
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Seasons

Season Months

Season 1 December January  February
Season 2 March April May
Season 3 June July August
Season 4 September October November

Table 1: Seasons

Johannesen, N.J,, Kolhe, M. L. (2021). Application of regression tools for load
prediction in distributed network for flexible analysis. In Flexibility in Electric Power
Distribution Networks (pp. 67-94). CRC Press.
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Performance Metrics

n
waE= 531y ®)
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MAPE:lzn]uhﬂOO (6)
we=" I

Johannesen, N. J,, Kolhe, M., Goodwin, M. (2019, November). Deregulated electric
energy price forecasting in nordpool market using regression techniques. In 2019 IEEE
Sustainable Power and Energy Conference (iSPEC) (pp. 1932-1938). IEEE.
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ban Area Load

Sydney Dataset - New South Wales
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Johannesen, N. J,, Kolhe, M, Goodwin, M. (2019). Relative evaluation of regression
tools for urban area electrical energy demand forecasting. Journal of cleaner
production, 218, 555-564.
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Table 2: MAPE for Urban Area Load

Regressor
Time Random Forest kNN Linear

Season One Vertical Approach

30 minutes 0.94(16%) 1.85(8** 1***) 1.76
24 hours 5.88(13%) 5.49(5%% 2***) 5.83

Season Three Vertical Approach

30 minutes 0.86(17*) 1.19(6%* 1***) 2.15
24 hours 2.71(17%) 2BA(A 72 ) 4.26
* n-estimator

** k-value
***g-value
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Rural Area Load

Bjgnntj¢nn Dataset - 125 Holiday Cabins
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Johannesen, N. J,, Kolhe, M. L, Goodwin, M. (2020). Smart load prediction analysis for
distributed power network of Holiday Cabins in Norwegian rural area. Journal of
cleaner production, 266, 121423.
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Table 3: Forecasting Results (24 hours prediction) for season 1 (winter)
trained with time feature lags of 24-, 48- and 168-hours

Features Vertical winter Continous winter
SMAPE | MAPE | MAE | SMAPE | MAPE | MAE
kNN AC 9.88 10.06 | 26.07 9.72 9.74 | 25.60
RF AC 10.43 | 10.67 | 27.85 | 9.56 9.49 | 25.24
kNN AC AR 10.05 | 10.20 | 26.39 | 9.25 924 | 24.42
RF AC AR 10.87 | 11.03 | 28.67 | 10.34 | 1034 | 26.91

kNN ACT H 9.48 9.66 | 25.09 9.05 9.09 | 23.89
REACTH 11.39 | 1153 | 29.86 | 1150 | 11.53 | 29.81
kNN ACARTH 9.75 9.92 | 25.65 | 8.88 8.86 | 23.45
RFEACARTH 12.03 | 12.18 | 31.56 | 10.88 | 10.96 | 28.06
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Conclusions

- Meaningful relation among pre-processing of data and
regression results

- Machine learning models can help planning for shifting loads
- Practical shifting of loads to help reduce energy consumption
- A future of distributed networks with autonomous networks

38



Deep Learning

Algorithms

Light-GBM

NordPool

Forecast
Modeling

Dimensionality
duction

Feature
Engineering

Time Series

Correlation

ADF test

39



	Introducing Data Science to the Power Engineer
	Introduction: Research Area
	Load Forecasting Analysis
	Power Distribution Network
	Feature Engineering
	Demand Side Management and Electricity Markets
	Conclusions

