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OUR MISSION

Using Artificial Intelligence (Al) to reduce costs and emissions
in the energy sector

Up to 2040 about 67 trillion US-Dollar investments in the energy
sector are needed to achieve current global COs-reduction targets

(Source: International Energy Agency)
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How to make energy systems smarter and reduce these costs?




OUR SOLUTION: Q-SYSTEM BASED ON Al

With “Q-System” we implement Al to support an efficient
design and control of energy applications

big data analytics /9\ predictive analytics

" Al-controlled consumption, : —
load pattern recognition . stochastic optimization
storage and generation
-_ I

1
frfrin




ADVANTAGES OF AI-BASED OPTIMIZATION

Al has several advantages compared to standard optimization

techniques (e.g. Linear Programming)

Full Modelling
stochastic non-linear
optimization behavior

Processing
large data
streams

Modelling
complex
dynamics

Calculation
speed of
trained

model
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METHOD - REINFORCEMENT LEARNING BASED AlI-APPROACHES

An agent is trained to take actions on an environment in
order to maximize a cumulative reward (or to minimize costs)

» Observation / Data » Valuation / Expected Reward

= Feedback / Reward = Action / Control

~
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CASE STUDY - BENEFITS FROM USING Al FOR SYSTEM DESIGN

We compare our Al-based approach vs. a standard software

= Setting up a standard = Setting up same microgrid » Using same calibrated model
software for microgrid model in Q-System (without for all components
optimization and modeling Al)

= Enabling Machine Learning
» Setting same parameters for in Q-System
gear in Q-System

to find the optimal design of

a microgird
» Comparing results to

» Compare results and standard software
minimize deviations

= Wind, PV, battery and genset
have to optimally sized to
serve a given load
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CASE STUDY - DETERMINING BASELINE p

In this first step we set up an optimization problem with a
standard software

Wind PV Battery Diesel Engine

——
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l—’ Load, wind and irradiation data

!

Standard software

>
Optimizing all energy flows using standard approach and searching for optimal deisgn

v v v v
Wind PV Battery Diesel
2 250 kW 5 246 KW 12,4 MWh 4100 kW

10 *)Assumptions included a given hourly demand profile for the microgrid and the component behavior as modelled by @ QANTIC
the standard software



CASE STUDY - CALIBRATION OF Q-SYSTEM > 3

In the second step we try to fully reproduce the results and

specific component behavior of the standard software

‘ Wind ‘ PV ‘ Battery Diesel
2 250 kW 5246 KW 12,4 MWh 4100 kW

Ao s

Load, wind and irradiation data
|

v
Standard software

Optimizing all energy flows using
standard approach

11 *) Deviations of the model are to be minimized in this step as we want to fully mimic component behavior and dispatch @ QANTIC
model



CASE STUDY - DEVIATIONS AFTER CALIBRATION (1) > 3

Models are fully aligned concerning component behavior to
determine benefits from Machine Learning in a next step

Net Present Costs 76 133 KEUR 76 118 KEUR
Generation Genset (annually) 1 884 362 kWh 1 883 420 kWh
Operation Genset (annually) 1819 hours 1822 hours
Fuel Costs (annually) 572 474 EUR 572 835 EUR
Battery Usage (annually) 1 046 636 kWh 1041 998 kWh

Very small deviations > Component behavior and parameters are almost fully aligned between the models
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CASE STUDY - DEVIATIONS AFTER CALIBRATION (2) >

.. for example the deviations in battery dispatch are
extremely small and almost ,invisible”

Model Comparison: Storage Charge/Discharge [kWh]
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CASE STUDY - COMPARISON VS. STANDARD SOFTWARE b

Although less renewables are installed the use of Machine
Learning lowers emissions

-2250kW‘ -5246KW‘ -12,4MWh‘ -4100kW

Wind PV Battery Diesel

T oan = =
30% CO,- { |

I THTIN - VR |

Load, wind and irradiation data *)
|

reduction B N

v
Standard software

Optimizing all energy flows using
standard approach

14 *) To avoid any effects from over-optimization i.e. perfect foresight Q-System has been trained on different time-series, @ QANTIC
whereas the validation has been done on the same set of data for Q-System and standard software



CASE STUDY - COST SAVINGS )b

Q-System also significantly reduces costs

Net Present Costs (total) -8.7%
Fuel Costs -30%
Initial Investment -20%
CO2-Emissions -30%

Costs and emissions can be significantly reduced by using Al in system design
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WHERE DOES THE MONEY COME FROM

Q-System has some properties that allow it to outperform the
compared standard approach

Coordination of consumption,

generation and storage

Foresighted system control

Extracting value from data

Dealing with uncertainty

Optimal dispatch to ensure efficient use of components and
maximize usable RES production

Not only considering present but also future costs > e.g.
avoid having to start a plant in the future or having to run it
at low efficiency

Recognizing typical patterns in the data > Get better
foresight e.g. on demand and production and expected
future costs

Preparing for different possible future developments - Also
considering events with low probability but high costs (e.g.
events leading to fall-out)
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CHALLENGE IN SYSTEM OPERATION - OPTIMAL DISPATCH OF GENSET AND BATTERY

Determining the optimal dispatch is a non-trivial task of
balancing genset OPEX and battery degradation/aging

Generic operation regimes

P . . . . . e e e e e e e o —— — e e e e e e  — — — ——————— ]

: (A) Serving demand with (B) Serving demand with : | (C) Optimized dispatch :
: battery genset | : |
| |
: Renewables ————» Renewables ————» : : Renewables ————» :
| 20% 5 200% £ | 20% 5 |
I =) ) | )
| Battery ———» O Battery o : | Battery ———» O :
| 0% - 7 | '
| |
| Genset = Genset oo N | | Genset >~ |
| 80 % | | ? |
| | | |
: - Battery degradation - Genset OPEX : : - Minimzed total costs over :
| | | whole optimization period |
| | | |
| | | |
| | : |
| ~ . fe | . . I
Simplified  |Optimized |

System Dynamics and intertemporal effects make it difficult to find dispatch that reduces total expected
cost over lifetime. DRL helps.
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CASE STUDY B: OPERATION OF A HYBRID MICROGRID (GRID-CONNECTED)

The system is dispatched by ML and a heuristic and the
results are compared: Costs are reduced by 16.9 % using ML

Grid Connection

Genset — Battery
4100 kW 1 000 kW 6 MWh
Converter
Wind ———
2 250 kW
PV —
5 246 kW Load

— Using input data for one representative year (load, weather, ...) the system is dispatched by a heuristic
used in a standard microgrid planning software (“load following”) as well as with a ML model*)

— Total costs are calculated considering fuel costs, O&M and costs for replacement of genset and battery
depending on operation regime

— Costs can be reduced by 16.9 % using DRL

*) To be able to calculate the results for a representative period (a full year) we switched to a lower resolution than 20 ms
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OVERVIEW

Machine Learning can help to reduce costs in dispatching
complex energy systems

What is our task? Dispatching all controllable energy resources of an energy
system to serve a time-varying demand at least costs

What makes it difficult? Complex system dynamics and intertemporal effects
How would we normally solve it?  Heuristics or techniques for deterministic or stochastic
optimization (e.g. dynamic programming)

What can Al do better? Optimizing energy systems with complex system dynamics at
high computation speed using large amounts of input data

Al can yield benefits if energy systems exceed a certain level of complexity, computation speed is
crucial or large amounts of input data (e.g. measurement data, forecasts) have to be processed
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COMPARISON OF OPTIMIZATION TECHNIQUES

Al allows high quality optimizations

Heuristics

Straightforward
approaches to control
system by following a set
of easy implementable
rules

->Suboptimal results
~>Easy to implement

> High calculation speed

Deterministic
Optimization

Full optimization of the
system control, e.g.
Dynamic Programming
(DP) or Mixed Integer
Linear Programming
(MILP). Using singular
forecasts

>Neglecting uncertainty
(suboptimal results)

> Representation of
system can be challenging

Stochastic Optimization
(conventional)

Same as deterministic
optimization but using
scenarios to represent
uncertainties, e.g.
stochastic DP or MILP
approaches

> Theoretically optimal

> Usually simplifications
needed to keep model
computationally tractable
(suboptimal results)

->Low calculation speed

Reinforcement Learning
based Al

Stochastic optimization
using Al with a freely
choosable simulation
model of the system

—>Lowest restrictions in
the representation of the
energy system (detailed
modeling possible)

->Very good coverage of
stochastic aspects

> High calculation speed
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