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Applying Machine Learning to Renewable Energy Challenges

Goal of this presentation = application

To show how researchers at Stellenbosch University have
applied machine learning and data in the context of renewable

energy.
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Applying Machine Learning to Renewable Energy Challenges
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Renewable Energy (solar, wind) = intermittent and stochastic power source
= More renewables = More uncertainty & stress onto the electrical grid

» Biases power utilities against dominant grid connection of renewables

Solution: Reduce uncertainty with Forecasting
= Aids both grid operators and power producers with:
= Supply & demand,

» Unit commitment (energy markets)
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Commercial Solar PV forecasting

= 1st group in SA to deliver a
state-of-the-art forecast
model for commercial PV

= /5MW PV system
= 84x 880 kVA inverters
= 13000+ strings

= Successfully delivered
1h - 6h ahead forecasts
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Commercial Solar PV forecasting

Big question:
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Is one ML model enough to
capture PV system dynamics?

Or should we divide PV system
into sections and forecast each
section's behaviour?

PV system Forecast model
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Project: Solar PV Forecasting

Results:

Machine Learning is
powerful enough to capture
low-level PV system
dynamics

Solution proven to reduce
computational expense
without sacrificing accuracy

“You can build..one model to
rule them all”

PV-system power [MW]
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Wind-Power forecasting

Question: We can forecast the wind, but..how can we reduce the energy-

market penalties for ‘bad’ unit commitments?
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Data:
«  Stellenbosch daily wind speed data set
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Wind-Power forecasting S,
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Challenge:
+  Unit commitments are required in day-ahead energy markets.
 If forecasts under-predict, there is a loss of sales.

 |f forecasts over-predict, there is a penalty/fine imposed.

Solution:
« Use batteries to supplement unit-commitment errors.

«  But how big should this battery be?
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Wind-Power forecasting S,
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Over-prediction

157 ; ;
(i.e. less power produced than predicted) o
1.0 | Discharge
* Energy shortage is supplemented
from batteries k|
'g‘ 0.0 |
« Avoids energy market penalties 2, o
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Under-prediction el
(Le. surplus power available) Battery
-2.0 | Charge
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Wind-Power forecasting
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Case Study Results (1h - 24h forecast)

Eliminate 70 % of forecast errors with

battery = ~5 % of [rated capacity] x [h]

Eliminate 80 % of forecast errors with

battery = ~10 % of [rated capacity] x [h]

Elimination of Errors > 80%
Battery size becomes increasingly

impractical

Typical wind forecast error?
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Real-time performance monitoring S,
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Challenge

Large SA company installed a
3MW PV system

|Issues with automatic & manual

system monitoring
Objective:

Develop a sensitive monitoring

tool with machine learning

Date & Time 1 3
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Real-time performance monitoring S,
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Result

* Real-time system performance executed with little to no dependence on human observation

PV Plant Actual versus Emulated Output Power PV Plant Actual versus Emulated Output Power

3000 4 \ m 2000 1
2500+
1500 A
2000+
g g
.
: -
1500 4 4
IS & 1000
1000 1
500 1
500 1
ol — Actual J L — Actual
—— Emulated 01— Emulated
T T T T T T T T
-01- -01- -01- 01- 01- -01- 01 01- T T T T T T T T T
2024-01-19 2024-01-20 2024-01-21 2024-01-22 2024-01-23 2024-01-24 2024-01-25 2024-01-26 05-07 00 05-07 03 05-07 06 05-07 09 05-07 12 05-07 15 05-07 18 05-07 21 05-08 00

Date & Time Date & Time

System deviation identified 14



forward together
sonke siya phambili
saam vorentoe

. . . . - Stellenbosch
Renewables, Batteries, Electric Vehicles & Machine Learning @ T

UNIVERSITEIT

l"ll'll'll'll"ﬁ"ﬁi'lri'l._. — [TE SR {530 1
-_ﬂfffw _&.hxgﬂmmammm.

UINIIM'

IYUNIVESITHI
u-mmm




Application:

= Machine learning has proven to be an

effective tool to assess EVs efficiency.

= Provided the data of any existing EV, we

can emulate any route, anywhere.

= With kWh/km identified, financial

feasibility can be determined
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Traditional electricity planning was relatively simple Stellenbosch

until... the four D’s arrived
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South African Dispatchable Power Plants

Capacity Technology Coal Resource
50 - 100 MW ® Coal B Carboniferous
100 - 200 MW @ Nuclear B Permian ~
200 - 500 MW Gas / Liqued Fuel Bl Triassic ”Io:
500 - 1000 mw Hydroelectric
(.‘ .. Polokwane

1000 - 2500 MW @ Pumped Storage

Concentrating Solar Power
2500 - 5000 mw Rustenburg
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The Centre for Renewable and Sustainable Energy Studies (CRSES) | Stellenbosch University
Source: Eskom 2025a; Merrill & Tewalt 2008.

South African Transmission Grid and Load Centres

Grid Infrastructure
A Existing Substations

A Planned Substations
~ Existing Lines

Planned Lines

Load Centres

CAPACITY
EXPANSION
MODEL
(least-cost
generation mix,
years resolution)

+
UNIT
COMMITMENT
MODEL
(validation of
generation mix,
hours resolution)

East London

o
George A Ggeberha

The Centre for Renewable and Sustainable Energy Studies (CRSES) | Stellenbosch University
Source: Eskom 2025; Sustainable Energy Africa 2020.
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until... the four D’s arrived

South African Dispatchable Power Plants

Capacity Technology Coal Resource
50-100 MW Coal Carboniferous
100 - 200 MW Nuclear Permian

00 - 500 MW

South African Transmission Grid and Load Centres

Grid Infrastructure
A Existing Substations
Planned Substations

Existing Lines

Decarbonised, Distributed, Deregulated, Datafied electricity
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until... the four D’s arrived

Annual new renewable capacity (actual to 2018, IRP 201910 2025, IRP 2025 from 2026)
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7
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S 5 Plans from 2022: eq. i
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Nuclear
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Decarbonised, Distributed, Deregulated, Datafied electricity
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until... the four D’s arrived

South African Non-dispatchable Power Plants

Electric Vehicle (EV)
Charging Battery Storage System

Customer with Rooftop PV j (EV Discharge)
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p— - : 20-40 MW © 50-80 MW
A - _ % ° East London 40 - 60 MW O 80-110 MW
C T A .
ape Town oS8 ', @) CHatiaitia 60 - 80 MW O 110-140 MW

George

The Centre for Renewable and Sustainable Energy Studies (CRSES) | Stellenbosch University
Source: Eskom 2025a. Notes: REIPPPP: Renewable Energy Independent Power Producer Procurement Programme.

Decarbonised, Distributed, Deregulated, Datafied electricity




Why does electricity
planning need to
adapt?
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The grid is not adequately acknowledged

Annual new renewable capacity (actual to 2018, IRP 201910 2025, IRP 2025 from 2026)
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Why does electricity planning need to adapt? Stellenbosch
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The grid is not adequately acknowledged

Annual new renewable capacity (actual to Sep 2025, IRP 2025 projected from 2026)
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Inadequate geospatial and temporal representation of wind and solar

Why does electricity planning need to adapt? Stellenbosch

Average Yearly WS (m/s)
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Inadequate geospatial and temporal representation of wind and solar

KOMSBERG - . AVERAGE WIND POWER DAILY PROFILES
Low demand season (Sept-May)
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Inadequate geospatial and temporal representation of wind and solar

Typical-Day Electricity Production

32
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Electricity Demand [GW]
N
N

N
o

B other

Solar PV

Wind
Mlcsp
-Pumped Storage
-Hydro
B imports
-Nuclear

" Diesel & Gas
-Coal

The Centre for Renewable and Sustainable Energy Studies (CRSES) | Stellenbosch University
Source:Eskom 2025a. Notes: Winter daily average uses data from June, July, and August 2024

Curtailment of wind due to coal’s

minimum generation levels, even

at the current low penetration of
wind.
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Stability costs as variable renewables increase are not considered

Renewable Energy Integration Risks

l ConstrainedlInertia

Constrained Flexibility I Frcquency Stability

[ I )
i) I I | Short Term Scheduling
z I S | Primary Reserve Complications:
g I I | S ccondary Reserve The required stability data,
& I | Tertiary Reserve if available, is typically

__________________________ —  Market Dispatch confidential and unlikely to
S | Constrained Transmission ~ SA29%0 I T2nsient Stability be released by the utility.
(@] 1 \
0 —' Transmission Efficiency
o

SA 2022 — Congestion Management
: I Voltage Stability

E — Fault Level and Protection
(@)
—

—: Sub-synchronous Interaction

0% 10% 20% 50% 100%
Share of Renewable Energy in Annual Electricity Generation

The Centre for Renewable and Sustainable Energy Studies (CRSES) | Stellenbosch University
Source:Mararakanye & Bekker 2019 | Eskom 2022 (TDP 2023- 32).
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University grid modelling project

« Utilise high-resolution wind and SR
solar resource data to produce { Model ‘
technology-specific geospatial
and temporal inputs. D .

Capacity Expansion Model Grid i Baseline

& Unit Commitment
(Single-Node)

 Develop and demonstrate an S /
iterative soft-linking approach , \
that explicitly incorporates W covacioy Expnsion Model | step1
transmission constraints and " I | Multi-node
resource sensitivities into !
expansion planning.

i Single node

Feedback
and multiple
iterations

Step 2

Iteration

« Evaluating the use of steady- .
state proxy metrics for voltage
stability and inertia
requirements.



Renewable Candidate Technologies Stellenbosch
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Onshore Wind bl

* Wind capacity factors are derived from ERAS5 and bias-
corrected using WASA. Candidate locations are graded by
capacity factor and used as inputs to the multilayer

. Main Transmission
mOde”mg framework. Station outside of the

100km Buffer

x  MTS
[] Supply Nodes
71 100 km MTS Buffer
Capacity Factor

I 10% i
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Station 100km Buffer
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Renewable Candidate Technologies

Solar PV

Solar PV capacity factors are derived from ERA5
data. Candidate locations are graded by capacity
factor and used as inputs to the multilayer modelling

Main Transmission
framework.

Station outside of the
100km Buffer

(] supply Nodes g
I~ 100 km MTS Buffer
Capacity Factor

l 19% , ' -

A . ! Main Transmission
25% - £ : 02 e ) 2 & Station 100km Buffer

Stellenbosch
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Renewable Candidate Technologies Stellenbosch
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Concentrated Solar Power

Direct Normal Irradiance (DNI) is derived from ERA5 and used as the Concentrating Solar Power resource
input layer. Candidate locations are graded by DNI, and the highest-ranked locations sufficient to supply 5
GW of CSP per supply node are used as inputs to the multilayer modelling framework.

x MTS

(] Supply Nodes

71 100 km MTS Buffer
Direct Normal Irradiance
kWh/m2/day

l 8.5

Main Transmission
Station 100km Buffer
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Renewable Candidate Technologies
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Offshore Wind

Offshore wind capacity factors are derived from ERA5
wind data with bias correction using the Global Wind
Atlas. Candidate locations are graded by capacity factor
and incorporated into the multilayer modelling
framework.

MTS

] Supply Nodes

MTS 100 km Buffer
Capacity Factor

21%

40%
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Objectives and methodology
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VRE sites nationally / M

ranked by capacity Grid-ignorant

!

factor (CF) X . . .

gl Capacity Expansion Model Where would variable renewables
! & Unit Commitment Results
|
1
\

costs and VRE capacity factors,
and inter-node grid constraints?

: (VRE) be built if grid constraints
(Single-Node) )
and costs are ignored?
Geospatial | I~ A -
170 Yo =Y O e |
. 1
Capacity Expansion Model Nodal grld-aware E
& Unit Commitment Results | Where would VRE be built based |
. . I
VRE sites nodally (Multi-Node) on VRE nodal capacity factors !
grouped by capacity and inter-node grid constraints? !
factor (CF) . !
I/ ---------------------------------------------------------------------------------------------- ‘\
! Capacity Expansion Model . \
: : & Unit Commitment Results Sub-nodal grid-aware |
Vi - q . I
Individual VRE Inter no.dal grid constraints, and (Multi-Node) Where would VRE be built !
sites at 23x27km VRE sites nodally ranked by ) .
) . ) based on sub-nodal connection !
connection-cost inclusive LCOE |
!
1
1
1

1
1
1
1
1
scale .
1
1
1
1
1

Nodal build-out plan

e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e me e e e e e e e e e e e e e e e e e e e e e e e e e e e e e =



Models alone do not improve planning outcomes Stellenbosch

...and academia does not make the decisions that shape SA’s future

Yuv al N oah
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Sapleﬂs
A Brief
History of

Humankind

“...an imagined reality is something that everyone
believes in, and as long as this communal belief
persists, the imagined reality exerts force in the
world.”

"Storytelling is our superpower™

STORIES MODELLING FOR IMPACTFUL

SHAPE = INFORMS = MODELS, LEARN TO
REALITY STORIES TELL BETTER STORIES
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We can make our models impactful

...by telling these stories to audiences that can effect change

* Everyone likes listening to good stories.

* However, you have limited time and resources to make
your models impactful, so choose wisely where you tell

these stories.



We can make our models impactful Stellenbosch

...by building relationships and trust with model recipients

* Decision-makers are more likely to listen to stories from
people they know and trust.

* Relationships help you understand the decision-maker's
existing knowledge scaffolding.
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ing the next generation

We can make our models impactful
i

...by mentoring and insp
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