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Supervised Learning

With supervised learning one can incorporate larger data for
better accuracy:

1.  Wider data sets provide more signals for forecasting
2. Longer data sets provide more precise estimation of
those signals.

With supervised learning one can automate forecasting work by
letting the data do the decions:

« Still in many daily forecasting tasks humans are still
used to select the desired inputs, select between
different model outputs and manualy correct the
forecasts.

Luottamuksellinen 23.11.2020

HELEN

Deep neural network architectures,
1078 (CNNs, RNNs, GANs, LSTMs etc.)

Medium deep neural
networks

Performance (on a subjective scale)

Amount of teaching data

https://www.nokia.com/blog/study-ai-machine-learning/

model.train ()

https://www.technotification.com/2019/06/how-to-forecast-sales-for-your-new-product.html
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Case heat load forecasting HELEN
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Weather forecasts HELEN

MAE with different number of
weather measurement stations

ryves g
o . ., o
1 F /
by & \". / ‘ H .
s 4 JAKOMAXE
4 - ’ " 5 i )
. {5 L § o i ’ -t - !.
T 7 AR ’
Es | ‘ o L S / : ; kY
i : / &7 Bt \
3 3 YI : 4 1 4] 2
i v ., \. ~ 5. & R
: “ Vi W 1 12 24 36

Hours a head forecast

g e e -

i S

12 374 w5m6

23.11.2020

5 Luottamuksellinen



Project and technologies

Train a model

Validate model
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Performance monitoring HELEN

For now heat consumption forecasts ML models have produced most Old load forecasts

significant advantage in the intraday forecasting. In 1-6h scope:

» Deployed model: on average 25 % (Mid June-Oct)
* Yearlong test data: on average 19 %

Along with improving old forecasts, in-house model building
has provided us with a cost-effective way to create completely
new forecasts for things that couldn’t be forecasted before.

New ML forecasts

Waste Water ﬂOW (MAE) Ennuste ja toteuma - tunneitain
36
30
24
18
12
6
3
mRegressio |l Regressio | Baseline

7 Luottamuksellinen 23.11.2020



: 444
Data not Modeling HELEN

When starting a forecasting project you are usually tapping into existing company data stores, which define at first what
modeling can be done:

In the longer run data assets, not modeling experties, will determine benifits your company will reap from data science.

Learning Algorithm

Train Model
J/ —

In different levels of maturity analytics teams need to
work with larger organization in different ways:

1. Finding the data — How to get it?
2. Understang the data — What is it?
3. Defining the data — What it could be?

— A) —

Score Model Evaluate Model

https://medium.com/@aaaanchakure/data-preprocessing-3cd01eefd438
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In Closing HELEN

Time series forecasting and optimization are a big part of
energy companys operations.

Machine learning can help by utilizing large data sets:
1. Providing more accurate forecasts for core inputs

2. Help forecast other inputs that weren'’t forecasted
before

3. Save in labour vs. manual forecasting

Data science is a company effort:

« Statistical modeling is not a competitive
advantage for most firms. Company data can be.
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