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Nature of the problem - intfraday and seasonal fluctuation

Main issues of PV integration:

1. Seasonal (declination angle) =» strategic problem

2. Infraday availability (azimuth angle) = strategic & balancing problem (DFD)

3. Schedule error = balancing problem

Seasonal comparison of measured power and MLP
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Position of PV in the HU power generation

Others: Hydro Run-of-River:
0,46 TWh 0,06 TWh
1,8% 0,2%
Waste non-renewable: Biomass:
0,05 TWh 0,87 TWh R
0,2% 3.5% Renewable:
4,42 TWh
Fossil oil: Wind onshore: 17,5%
0,01 TWh 0,49 TWh
0,0% 1,9%
Fossil gas: Solar: .
6,03 TWh 2,80 TWh Fossil:
23,9% 11,1% 8,89 TWh
35,3%
Other renewables:
0,09 TWh
0,4%
Fossil brown coal / ligniter __
2,34 TWh
9,3%
Nuclear:
11,89 TWh
47,2%
Nuclear:
11,89 TWh
47,2%
@ Waste renewable @® Hydro Run-of-River Hydro water reservoir ® Biomass
Wind onshore Solar @ Other renewables @ Geothermal
@ Nuclear @ Fossil brown coal | lignite Fossil gas @ Fossil hard coal
@ Fossil oil @® Waste non-renewable @ Others

Source: https://energy-charts.info/charts/energy_pie/chart.htm?2l=en&c=HU
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Position of PV in the HU power generation

20221010 12:00 - 2022.10.19 12:00
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« Domestic: ]
¢ ~1.5GW 1000

« Gross demand: :
o ~4_7 GW -1 l]l]l] ........... —

10.11 10.12 10.13 10.14 10.15 10.16 10.17 10.18 10.19
— Gross System Load - Validated - Gross System Load - gross.op.meas (15m) — MNet actual generation sum gross.op.meas. & Nuclear gross.op.meas.

m Fossil Brown coal/Lignite gross.op.meas. = Fossil Gas gross.op.meas. & Fossil Hard coal gross.op.meas. Fossil Oil gross.op.meas.

Wind Onshore gross.op.meas. Biomass gross.op.meas. Solar gross.op.meas. & Waste gross.op.meas.

Hydro Run-of-river and poundage gross.op.meas. Hydro Pumped Storage gross.op.meas. & Other renewable gross.op.meas. Other gross.op.meas.
& Import-Export Balance - op.meas. (15m) other correction of D50s

Source: data publication of MVIR Ltd. (Hungarian TSO)
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GINI relevancia

Relevance increase of solar prognosis in short-term system-
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Approaches for PV forecasting

Data-driven methods

Physical modelling ANN, SVM, RF, XGBoost, k-NN efc.
Pros: Pros:
« Well-published model chain concepts  No need for design data
* No previous data needed « Able to cope with local features (unique
« Same accuracy level from the first day (except weather, shadowing)
from post-tuning) « Capable of decreasing weather forecast
inaccuracy
Cons: Cons
« Sensitive for design data and it's quality * Previous data needed
« Not able to decrease weather forecast errors « the same weather model |
« Feedback on local features (weather, » undisturbed production !l
shadowing) is harder « feed-in tariff self requlating

» Post-processing needed

Rule nr.1.: garbage in := garbage out

2022.10.26. Ddvid Markovics | AEEEurope | SAE | BUTE 9




Machine learning

Meaningful
Compression

Image
Classification

Structure
Discovery

Customer Retention

Input data
(prediC'l'OfS Visu::ft:?o&: Dimensionality E::it:at;ieon

¥

denity Fraud Classification Diagnostics
Detection

Reduction

Advertising Popularity
Prediction

Learning Learning Weather

Forecasting
Clustering \ P
Targetted M ac r‘ I n e Population
Marketing Growth
c .
l o Learning
LS

Output data
(predicted variables)

Recommender Unsupervised Supervised

Systems

Regression

Market
Forecasting

Estimating
life expectancy

Real-time decisions

Reinforcement
) Source:
Learning https://www.wordstream.com

A
| Robot Navigation Skill Acquisition

+All models are wrong, but some are usefu
George Box

Learning Tasks
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General concepts & Issues

The target function of PV forecasting is driven by regulative environment
« Imbalace payoff cost or accuracy?
 Hard to generalize
 Difficult to compare results of studies

Market competition = closed data
* Lack of compareability and repeatability

Interdisciplinary field
« Three main approaches:
« Data scientist = pro algorithm, but lack of practical evaluation
« Energy professionals = practical thinking but lack of programming skills
« Meteorologists = deep knowladge about weather drivers, although might not the
sharpest in energy and data science

2022.10.26. Ddvid Markovics | AEEEurope | SAE | BUTE 11




Support
Kernel | Vector Neural Decision
Input | Hyperp. Linear models Ridge | Machines | Network | Neighbors | Tree Ensembles
LR | Lasso | Ridge | EN | Lars | OMP | BR | ARD | PAR RAN- TR | Huber KR SVM MLP KNN DT RF ET | ABR | GBR XG- LGBM Cat-
SAC Boost Boost
Basic default | 52.6 52.6 526 533 526 3526 54.0 52.8 53.0 52.6 53.2 52.1 56.2 56.3 56.5 52.1 55.6 53.6 54.2
funed 52.6 52.6 526 534 526 525 526 525 527 533.8 528 52.6 51.5 52.5 51.5 52.8 52.7 52,0 51.7 532 51.7 51.8 52.4 51.7

Como] default | 490.4 [104100 494 [726 584 528 494 494 |71 567 499  50.1
OMPIeX ™ ined | 49.4 497 494 49.8 495 494 494 494 494 503 49.9 494

Low default | 52.1 [O40N s52.1 (848 s2.1 s2.1 98 561 s512 522

resolution | ftuned | 52.1 52.6 52.1 55.1 526 52.1 51.5 553 514 52.1

49.4 46.7 53.1 487 477 518 46 506 484 488
48.2 49.7 465 464 467  46.1
s42 646 527 514 555 480 522 499 504

47.1 513 491 478 573 482 483 488 474

nRMSE

52.1

nasic | default | 37.4 1827 374688 374 382 374 374 363 362 358 374 35.1 36.5 40.9 30.0 30.1 36.6 385 372 376
tuned | 374 377 375 404 374 374 374 374 375 364 362 368 362 37.1 36.3 38.0 369 364 365 389 360 368 367 366
i Coml default | 35.3 JUB2 353 (637 409 378 353 353 5600 379 343 343 353 2780 308 32.7 388 31.0 307 39.5 309 326 309 315
2| PP | tuned |353 357 353 359 354 353 353 353 350 342 343 349206 30.8 29.6 30.4 31.8 302 302 364 308 308 309 305
Low default | 30.8 W83 3908 . 39.8 3908 [/588] 395 382 385 398 292 304 343 399 335 33.1 328 340 324 329
resolution | tuned |39.8 403  39.8 40.1 39.8 387 39.6 383  39.6  31.0 30.3 31.0 349 334  33.0 331 337 348 325
Bacic | default [ 82.9 ISl 829 821 829 823 829 829 825 829 829 829 83.0 $3.3 81.1 832 808 822 818
tuned | 82.9 829 829 8§26 829 829 829 829 829 824 829 829  83.7 83.0 83.6 82.8 828 833 835 825 835 834 830 835
5 Complox default | 85.1 IS 851 s2.6 787 827 851 851 6530 810 849 847  85.1 86.8 83.2 85.6 862 845 868 845 858 855
T tuned | 851 849 851 848 850 851 851 851 853 846 849 850 86.9 : 87.0 85.0 852 869 869 868 871
Low | default | 83.6 PRI 83.6 fH0® s36 7 715 836 836 666 810 840 832 836 86.8 $7.1 82.3 760 83.1 839 817 860 835 849 84.6
resolution | tuned |83.6 833 836 82.1 832739 836 83.6 841 811 839 835872 86.9 87.1 86.6 $3.8 853 862 702" 858 858  85.5 864
nasic | default [ 35.7 NN 357 BN 357 34e <7 257 QOGN 340 354 352 357 34.9 36.3 27.1 10.8 313 311 308 363 32.0 345 337

asic . L - - o i L - R

tuned 35.7 = T 354 35. 37.1 35.7 37 N e 'SA 365 36.8 349 36.7 36.7 35.9 36.8

default | 39. : 10 1 AN ® An 3

« 24 machine learning models tested for day-ahead photovoltaic power
forecasting

« Kernel ridge and multilayer perceptron are the overall most accurate

Review study models

itps://doi.org/10.1016/irser.2022.112364 - Predictor selection is even more important than model selection
* Hyperparameter optimization is essential for the highest accuracy
« Up to 13.9% RMSE improvement over a baseline linear regression model

2022.10.26. David Markovics | AEEEurope | SAE




Predictor selection

Meteorological
forecast Basic
GHI, Ta, Ws GHI, Ta, Ws
/ \ 4 ) Default
Solar Position Complex L )
Algorlthm GH[(I-21+2), GHImeanr GH]daily mean
elevation Ta,,, elevation, azimuth, - ~
azimuth, declination declination Tuned
\ / - / hyperparameters
\ Y,
Low resolution
Power data GHI 411y mean €levation, azimuth, Evaluate
Pout declination
N J N J N J
e Y Y

. Predictor Hyperparameter
variations cases
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What is the optimal training time<¢ - Methodology

Methodology:

¢ 51 train-time cases: 2 =102 weeks

* 52 different start-time (start of operation)
* 1 PV park
* |ID and DA forecast

Data:

* 2 years, NWP weather forecast
* Solar angles from SPA
* real measured output power of a 500kW plant

Models

* ExtraTrees

* XGBoost

* LightGBM

* (linear regression as benchmark)

2022.10.26.
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‘he optimal fraining fime<¢ - Results

Average nRMSE results with increasing the training time
Train time | Horizon ET LR B):)cc;);t Lc';gBr;\:
DA 1D
2-week DA 514 60.7 57.7 558 -
ID 45.0 47.5 51.1 49.6 LGBM 2
NRMSE DA 46.9 505 476 47.6 100 2
52-week N
[%] ID 39.9 43,1 40.0 40.4 . XGB S
102-week DA 46.7 50.6 46.7 47.3 2 3
ID 39.7 43.1 395 40.0 e 50 g
2-week DA 33.6 41.9 38.6 37.9 = LR %
ID 29.2 33.1 34.0 33.4 <
NMAE DA 31.0 363 31.6 31.7 BT 2
[%] 52-week ID 25.9 30.1 26.0 26.3 =
DA 30.8 36.5 31.0 31.5 ' ' ' ' ' ' ' ' '
- 0.60 0.54 0.48 0.42 0.36 0.36 0.42 0.48 0.54
102-week ID 25.8 30.2 25.6 26.0 RMSE
2-week IIDISA 317:93 ig; gj? g;z Average nMAE results with increasing the training time
Skill 52-week DA 42.7 38.3 41.9 41.8 DA ID
[7%] ID 485 444 484 47.8 LB Z
DA 430 38.2 43.0 4223 100 ¢
102-week =
L — D 48.8 1Z7 —42.0_ 483 4 XGB 3
Weeks needed to reach the best physical forecast § 50 2
~ nRMSE DA 12 _ 34 32 LR s
Base ID 2 4 20 10 BT 2
\ metric nMAE DA i i, i i, | e [ -
0.40 0.36 0.32 0.28 0.24 0.24 0.27 0.30 0.33 0.36
N ID 18 - 40 40 MAE
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Portfolio-level (16 parks), DA/ID

ID 42,67 % NRMSE Helgiielllef N 27.1% NRMSE .
@elnnellst . 44,65% Skill (D) ID 17,5% NMAE Okoy, but is
[ X X ) . 2
this goods
43.56 45357 Seiellon ) 29,2% nRMSE
% Ski BYAN 19,1% NMAE
% Sk 44,36% Skill %n

4 N

@ Base @36,85%
nodel Skill
kWh KE
NMAE ( lewnpv )

Results with portfolio-level sum production of 16 PV parks Industrial scale PV in Hungary

(2020.01. = 2021.06.):
« Solar prog. (infraday): 11,48 %

| -30.0 » Solar prog(dayahead): 12.31 %

-22.5

- 20.
NMAE - Komplex_id -F 2l 17.59 - 17.95 18.07 18.31 17.58 I 0.0
-17.5

NRMSE - Komplex_da -JeLy; 2999 29.67 29.87 29.29 I— 32.5

NMAE - Komplex_da -JPzsels 9.1 18.56 19.64 19.75 19.97 19.24

SAE
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What can we use the forecast

A good forecast means good predictability therefore a lower risk level. Accurate planning allows for
cost optimization, the utilization of which depends on the motivations.

Distributon of ~1.5 GW HSPP in Hungary

As a PV company As a portfolio

* Dayahead sceduling manager °:Z
(~T+24h) « Self-regulation >

*Infraday schedule *By changing market %
modification (~T+1.5h) position (~T+30m) 5

*MFRR potential (T+30m) «By other assets (~T+15m) 4

As a TSO As a DSO 5:%::;

« Load division « DSO-level load forecasting ZZ:; r

2

e Load forecgsﬂng * Load flows & state
(ID&DA) esimation

- Reserve management « Domestic consumption &
(binds) residual curve forecasting

« Imbalance forecasting for better frading
(T+15m) * Missing element:

household-sized small
power plants (HSPP)!
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6% % % R

0.0

s %

> ' ' o > D ST S A T4 T R I o X Y 5H 5 © o o AN 4 D D D D SN s
KR K I I I A A I R IR S G S I R R R A T G I R
LON

2022.10.26. David Markovics | AEEEurope | SAE




Conclusions & final thoughts

The most important variables:
» GHI forecasts surrounding the observed timestamp,

the most important > PRI,

* solar angles

Predictor selection is

Data CIUO“TY & post Make sure that the data is clean!
prO C eSSing Post-processing is always necessary.

SUQQ@STed mode|$: ExtraTrees — accurate, reached physical models (same weather data) in 12/2W DA/ID
Kernel Ridge is accurate, but has high computational demand
EXTFQTreeS, MLP' XGBoost and LGBM =» needs more attention to proper regularization and

Kernel Rld g e hyperparameter tuning

Nof recommended
'|'Q use more Th(]n 52— Extending the dataset increases computational demand with no sgnificant improvement

54 weeks for training
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Thank you for your attention!
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Photovoltaic power forecasting using machine learning
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Abstract

Photovoltaic (PV) energy production is under great development, the installed capacity is rising
exponentially worldwide, gaining higher share from the total portfolio of sources. According to EU
energy strategy, PV technology plays an important role in accomplishing the various climate
protection purposes. According to these trends, the topic of power forecasting and grid integration
(balancing) of weather-based intermittent energy sources, without risking the safety of supply,
became widely researched in the past years. Most of the papers in this topic are driven by the aim of
improving the solar irradiation prognosis, however my research is focused on predicting PV power
production from meteorological forecasts, for which | use machine learning techniques trained on
past set of weather and real power data provided by industrial partners. My predictions are made on
both day-ahead (24-48h) and intraday (00-24h) time horizons. In the presentation, | am going to
introduce the structure of forecasting methods, the results and comparison of different machine
learning algorithms, and some key issues from the practical side, like bias and verification.
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