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Grid operators are being called on to apply innova-
tive concepts to help ensure a successful energy-pol-
icy transition by facilitating the integration of volatile, 
decentralised generators and storage systems. This 
also includes taking into account the rising demand 
for power resulting from the increasing electrification 
of automobility and the heating sector. At the same 
time, lowering revenue caps are creating added 
pressure to keep improving operational efficiency. 
This is forcing grid operators to adapt to a new role 
requiring a high level of digitalisation. One possible 
approach for tackling this exists in the form of arti-
ficial intelligence (AI) methods, which, as key tech-
nologies of the future, build on the use of existing 
data volumes.

This study records and analyses the many different 
AI applications in the energy industry, before using 
standardised assessment metrics to evaluate their 
level of development and potential. Of the 37 es-
tablished applications, those with high potential for 
the future, and which revolve around generation and 
consumption predictions, are especially impressive. 
Ranking close behind is the field of grid monitoring, 
which includes estimating voltage states in the 
distribution grids. These two areas of application 
particularly offer economic potential to tap into. The 
added value in the field of system and infrastructure 
documentation, meanwhile, lies more in increasing 
the efficiency achieved by text-comprehension and 
image-processing methods. A high level of devel-

Management summary

opment here means businesses wanting to utilise 
initial AI applications are especially able to achieve 
swi� success in pilot projects.

If an AI strategy first involves identifying possible 
applications, this should then be followed by check-
ing that existing data infrastructure and quality are 
compatible for usage in those applications. In ad-
dition to interoperable data sources, it is also im-
portant to take into account the regulatory framework, 
which, without a legally compliant plan, can quick-
ly bring everything to a grinding halt. This study uses 
case examples and expert interviews to clearly explain 
how businesses can tackle these issues during the 
implementation process.
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The change in energy- 
policy poses new challenges  
for grid operators

‘The Energiewende and digitalisation are the two major,  
closely linked transformational tasks of our time’ 

„Energie macht Zukun�“ report by the bdew

Germany’s energy-policy transition is bringing about 
sweeping changes in the energy industry and a 
permanent transformation of the power-supply 
system. Decentralised power-generation and storage 
units are increasingly replacing large, conventional 
power plants, resulting in bidirectional power flows in 
the grid. 2020 saw net power production from re-
newable energy sources exceed the 50% mark for the 
first time in Germany1. And at a consumption level, 
the energy transition is characterised by a shi� from 
consumers to prosumers, who both consume and 
produce on the market, as well as to an electrification 
of the mobility and heating sector. These develop-
ments are causing greater volatility in the power grid, 
posing challenges for grid operators in particular.

At the same time, regulatory adjustments and new 
technical capabilities mean the degree of net-
working is continuously increasing. The introduc-
tion of Redispatch 2.0 has forced various players 
in the energy industry to network more intensive-
ly2, and the smart-meter rollout as part of the law 
on digitalising the energy transition (Gesetz zur 
Digitalisierung der Energiewende) is a prime ex-
ample of how communication-enabled hardware 
has been comprehensively integrated3.In an in-
dustrial context, this development is encompassed 
under the terms Industry 4.0 and Internet of Things 
(IoT). The consequence of this networking is the 
ever-increasing volumes of data being recorded 
and stored.

The data can be used to optimise grid planning and 
operations, as well as associated grid-operator tasks. 
Decision-making processes need to take into account 
a number of factors, o�en almost in real time, in 
order to react to fluctuations in generation and 
consumption, while at the same time not compro-
mising grid stability. One field of technology that 
has proven extremely effective in recent years in 
terms of quickly analysing and assessing large vol-
umes of data with astonishing accuracy relates to 
the various methods of artificial intelligence (AI).

But the principle of artificial intelligence is not some-
thing that has only been developed over the last 
few years; it is a term that was first coined over 60 

years ago4. Initially only reserved for scientific fields 
before becoming an industry buzzword, artificial 
intelligence has, in recent years, been increasingly 
used for practical purposes. From major online 
companies such as Google, Amazon, Facebook etc., 
to the finance and insurance sector, the technology 
is now also infiltrating more asset-intensive industries, 
including the energy industry and, in particular, 
power-grid operation. In future, the growing com-
plexity grid operators face in almost all areas of their 
work will be impossible to handle using convention-
al methods. Processing and interpreting the asso-
ciated data volumes would exceed human capabil-
ities. New, intelligent methods thus need to be 
applied in order to meet the requirements of a 
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flexible, sustainable power grid. Artificial intelligence 
fills precisely this void, making it an important tool 
to help achieve a successful energy-policy transition.

There are nevertheless a few hurdles for grid oper-
ators to overcome, and these must also be examined 
objectively, divorced from the (justified) hype. In 
addition to regulatory aspects (e.g. standardised 
data-protection regulations) and operational chal-
lenges, this particularly relates to formulating a 
comprehensive AI strategy. Doing so requires busi-
nesses to, among other things, focus intensively on 
AI’s capabilities and on the areas of application in 
their own fields in order to establish high-potential 
use cases. But the versatility of the various approach-

es means businesses can lose track of the possibil-
ities and limitations of AI within their sphere.

This is where this study comes in. In addition to pro-
viding an overview of the latest AI applications for 
grid operators, it also assesses the potential and 
readiness (the degree to which the application is 
developed in terms of technology, data availability 
and regulatory restrictions). The AI Energy Radar, 
meanwhile, provides ideas on how to initially identify 
and prioritise worthwhile, feasible applications.

12
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Artificial intelligence  
on the rise

Artificial intelligence appears to be the technology 
of the moment, and its continuing rise in prominence 
is comparable to the development of the electric 
motor or the emergence of the Internet for public 
use. The reasons for this, however, do not lie solely 
in the ongoing further developments of AI methods; 
they can instead primarily be traced back to two 
other factors5. On the one hand, the magnitude, 
variety and transfer rates of data recorded are 
growing every year. This phenomenon is known as 
‘big data’, and it encourages the use of AI, as it is 

based on high-quality, accurate data. On the oth-
er hand, exponential progress in computing and 
storage performance is increasingly enabling AI to 
be used more broadly.

Identifying and implementing suitable AI applica-
tions requires knowledge of the potential use, but 
also a certain basic understanding of the technol-
ogy. This is explained in the following section, so 
as to ensure a uniform basis of understanding for 
subsequent details.
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Definition Distinction between AI, machine learning  
and deep learning

Fig. 01

Artificial Intelligence (AI)

Machine Learning (ML)

Deep Learning (DL)

There is disagreement among some expert groups 
regarding the definition of the ‘artificial intelligence’ 
concept. This study uses the term to denote the 
approach of using automation to replace cognitive 
tasks normally performed by humans6. This definition 
includes machine learning and deep learning as 
sub-categories of AI, but not learning, pre-written 
programming, which is described as symbolic AI. The 
latter is based on the assumption that extensive sets 
of rules can be used to reproduce human-level 
knowledge and thus replace very specific tasks, such 
as playing chess.

Complex, undefined tasks require the ‘machine 
learning’ (ML) approach. While symbolic AI involves 
specifying rules and data and the system providing 
answers, machine-learning models learn the nec-

essary rules independently. To do this, the system is 
provided with input data sets and corresponding 
output data based on the application – known as 
‘training data’. The system learns the rules inde-
pendently in order to connect input and output data 
and identify patterns in the data, or it finds the 
optimum way of achieving a desired end state. The 
algorithm is then able to apply the learnings to new 
input data, without each individual case requiring a 
set of rules with an ‘if-then…except’ condition. 
Systems based on artificial intelligence are capable 
of understanding text and speech, recognising 
patterns and anomalies and preparing forecasts.

These capabilities mean most applications involving 
the processing of large data volumes can be per-
fectly catered to by machine-learning methods. 
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Supervised-learning methodology Fig. 02

Labelled data

Training data &  
desired output

Output

Unsupervised-learning methodology Fig. 03

All kinds of data formats– from simple machine and 
sensor data to complex signals in the form of speech 

– can be processed, resulting in a vast range of 
potential fields of use. As such, machine learning has 
become the most important subcategory of artificial 
intelligence, dominating both research and practical 
application7.A number of machine-learning ap-
proaches have also been used in this study’s over-

view of relevant AI applications for grid operators. 
To better understand the way machine-learning 
algorithms work, the various learning methods will 
be briefly explored, with distinctions being made 
between three different types of learning8. 

‘Supervised learning’ is the most common ma-
chine-learning technique, as it o�en involves appli-

cations that are easy to understand and relatively 
simple to implement. Input data is labelled with the 
answer due to be determined by the algorithm, so 
that the algorithm can abstract the detection pat-
terns and later apply them to unlabelled data sets. 
For example, this technique can be used to train AI 
to define the type and severity of damage based 
on a data set of damage profiles if the algorithm 

has previously been trained with appropriately la-
belled profiles.

 The second approach for training AI is ‘unsupervised 
learning’, in which a system is provided with unla-
belled input data. The model is thus not specified 
a set solution to be achieved, but instead inde-
pendently tries to find a structure within the 

Unlabelled data

Interpretation

Output
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Reinforcement-learning methodology Fig. 04 Structure of a neural network Fig. 05

Input neurons Hidden, intermediate layer of neurons Output neurons

input data set. This technique is particularly suitable 
in cases where input data cannot be classified in 
advance or where there is more than one solution 
for the underlying problem, e.g. when assigning grid 
statuses to certain state clusters.

The third and least common technique is ‘reinforce-
ment learning’, in which the model is taught how to 

look for a desired end state through direct feedback 
in the form of a reward system. The manner in which 
this occurs is not specified beforehand. The algorithm 
performs various actions, the most successful of 
which is rewarded each time. The algorithm then 
optimises the best actions until the most efficient 
solution is found. This form of learning can be used 
to train AI-controlled robots, for example.

‘Deep learning’ is a machine-learning method 
applied to cases involving particularly large vol-
umes of data or complex tasks. It is based on 
artificial neural networks. These are algorithms 
whose structure and functioning methods are 
modelled on the human brain. A neural network 
consists of input and output neurons connected 
by a hidden, intermediate layer of neurons. The 

‘deep’ element relates to the number of such 
hidden layers. The more neurons and layers there 
are, the better the neural network is able to solve 
complex problems. At the same time, the decisions 
made by the system become less traceable for 
humans, because the hidden-layer area is trained 
independently by the neural network, acting as a 
black box for users.

Status Reward Action

Environment
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AI capabilities

AI capability Description

Image processing
The processing of image or video files, as input data, enables the system  
to learn how to recognise various specific features. Objects, people and  
captions can thus be identified, written and understood.

Text comprehension
Text comprehension denotes an AI system’s ability to understand words and sentences  
in spoken speech or from text files. The input data is initially converted into a  
machine-readable format, and can then be further processed by linguistic models.

Predictions
Prediction models are trained to use an input data set to deduce the probabilities  
of one or more output variables occurring (e.g. defective wire). Only correlations  
– not causalities – are modelled.

Robotics and embedded AI
This enables machines, devices and robots to grasp their environment using sensor sys-
tems, and interpret it with the help of artificial intelligence. The intelligence is not linked 
to an external analysis program, but rather integrated directly into the internal controls.

Discovering
Artificial intelligence is able to detect, in large volumes of data, dependencies  
that would remain hidden by classic analysis methods. Patterns, anomalies or certain 
segmentations can all be identified.

Planning
Describes the search for a defined sequence of individual steps, so that these  
can produce a plan, factoring in mutual dependencies. Different solution pathways  
can be taken into account and weighted against each other.

AI usage can serve various purposes. Companies 
most frequently use AI to improve product or service 
features, and to optimise internal workflows7. Various 
approaches and algorithms help the system-in-train-

ing learn specific capabilities, resulting in different 
AI abilities that can be divided into six relevant 
categories.
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New roles and tools for  
grid operators in future.

Future tasks and role of grid operators

Artificial intelligence is not an end in itself, and should 
thus always be used as a tool in a solution-orient-
ed manner, taking into account the specific factors 
at play. The challenges grid operators are already 
facing, and will have to face in the coming years, 
are particularly linked with the requirements for a 
successful change in energy-policy. The transition 
away from nuclear energy was decided on back in 
2011, and the decision to transition away from coal 
followed suit in 20209, 10. It is being replaced by 
decentralised renewable producers, with the direct 
consequence being a reduced ability to plan for the 
volumes of power generated. This development, 
combined with rising pressure at a cost and effi-
ciency level – including as a result of the German 
Incentive Regulation Ordinance (Anreizregu-
lierungsverordnung) –, poses new challenges, par-
ticularly for grid operators11.Overcoming these re-

quires innovative tools that can be used throughout 
the resulting task structure. As a data-oriented and 
multi-faceted technology domain, artificial intelli-
gence offers all kinds of potential applications, 
giving grid operators the potential to actively help 
shape the energy-policy transition.

The role of grid operators in the energy transition 
is particularly defined by the availability of an 
appropriate infrastructure that facilitates the tran-
sition from fossil to renewable energy sources. And 
it is not just the physical infrastructure in the form 
of power grids that is relevant here, but also inter-
nal structures in the area of planning, system 
management and grid operation. This role change 
ties in with the challenges of the energy-policy 
transition, and involves specific tasks that grid 
operators have to tackle.

 In Germany, the number of decentralised renewable 
energy producers is set to keep rising over the 
coming years. The country’s Federal Environment 
Agency has set itself the target of making this 65% 
of gross power consumption by 2030 – equivalent 
to a required increase of 20% or 109 TWh while 
total consumption remains the same12. At the con-
sumers’ end, however, the electrification of the 
mobility and heating sector is also causing a para-
digm shi� and intensifying the demand for electric 
power – as illustrated by the booming electromo-
bility industry. By 2030, the number of electric ve-
hicles in Germany is set to rise from its current level 
of 2% to 25% of total vehicles13.

Compared to conventional power plants, which 
enable accurate planning, the generation process 
at wind and PV plants is highly volatile and subject 
to fluctuate at short notice. On the flip side, flexible 
consumers, such as electric cars and home storage 
systems, which can also be used to systematically 
supply the grid, offer the potential for productivity 
to be time-variable. But they must be co-ordinat-
ed at a regional level, and this also includes 

65% of gross power  
generation is set to come 
from renewable energy 
sources by 2030.

By 2030, the number of 
electric vehicles in Germany 
is set to rise from its  
current level of 2% to 25%  
of total vehicles.
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New task structure for grid operators as a  
result of the change in energy-policy

Fig. 06

Connecting  renewable energy producers to the power grid

System management within the distribution grids by utilising local potentials for flexibility

Proactive grid operation through close monitoring

Historic roles of grid operators as per the German Energy Management Act (EnWG)

Decarbonisation Decentralisation Digitalisation

market-based, grid-friendly controlling of produc-
tion and consumption14. Comprehensive knowledge 
of future supply and consumption volumes from 
decentralised units is one key pre-requisite for im-
plementing such mechanisms, which is why grid 
operators will have to intensively focus on using smart 
prediction methods in future.

Not only is renewable power generation volatile and 
difficult to plan, but it is also primarily supplied at a 
lower or medium-voltage level compared to con-
ventional large-scale power plants. As a result, the 
technical possibilities offered by classic active and 
blind-power controls in the transmission grid reduce 
further and further, and the system is increasingly 
managed at a distribution-grid level. Regulatory 
adjustments made as part of Redispatch 2.0 support 
this change process, and provide clear specifications 

as to how to balance loads spatially in future. The 
supply within the distribution grids means bidirec-
tional power flows need to be routed at the lower 
voltage levels as part of such balancing processes. 
The originally passive operation of low and medi-
um-voltage grids has given way to active operation. 
In order to achieve bidirectional power flows and 
system management at a distribution-grid level, 
these need to be equipped with extensive technical 
features to monitor the operational and grid facilities. 
Fitting sensors throughout the entire long and 
complex distribution grid would be very cost and 
time-intensive, making it all the more important to 
identify and implement alternative monitoring options 
and state estimations.

Another important grid-operator task to ensure 
the success of the energy-policy transition is that 

of developing the power grids to facilitate the 
geographic decoupling of production in the north 
and consumption in the south. But the latest es-
timates show that the investments required for this 
by 2030 are not feasible15. Utilising existing capac-
ities through smart controlling of grid and system 
operations is thus all the more vital. This doesn’t 
mean having control tasks automated by intelligent 
so�ware, but rather systematically supporting grid 
management with intelligent methods, which include 
monitoring the capacity utilisation of overhead lines 

or introducing future-oriented, needs-based 
maintenance strategies

In sum, it can be said that the requirements for grid 
operators will change dramatically as a result of the 
energy-policy transition and the associated trans-
formation of the energy-supply system. Historic roles 
are evolving through changing task structures, and 
will, in future, be characterised by networking, flexi-
bility and versatility. This vision involves great com-
plexity, and fulfilling it will require new tools.
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AI as a tool for a successful energy-policy transition

One tool, or an entire toolbox, which can help over-
come the aforementioned challenges is the field of 
artificial intelligence technology. Its primary strengths 
lie in solving complex planning and analysis tasks 
that facilitate faster decision-making.

Artificial intelligence provides grid operators with 
various ways of predicting fluctuating load flows 
within the distribution grid. With the help of machine 
learning, algorithms can pool and analyse various 
pieces of data in order to map a broad prediction 
spectrum. Data used includes historical data, nu-
merical weather forecasts and master data from grid 
operators, but o�en also price forecasts supplied by 
energy exchanges, and calendrical information. 
Compared to classic, statistical forecasts, AI-based 
prediction models are able to take into account 
various production factors, thereby facilitating more 
accurate information on expected supply volumes. 

Flexible consumers can similarly also use artificial 

intelligence to look to the future by identifying 
consumption patterns. One example of this is the 
load behaviour of electric cars, for which relatively 
accurate and dynamic aggregated load profiles can 
be prepared using accumulated meta data (traffic 
volume, proportion of EVs, etc.). AI can also help 
consolidate volatile production and consumption 
curves by co-ordinating a balance of consumption 
and production across different times, spaces and 
sectors. The ability to detect patterns and depen-
dencies in large volumes of data enables shortages 
to be identified and optimum recommended actions 
to be devised based on past actions. In future, AI-
based systems could use this information in local 
smart grids to make decisions independently, the-
oretically enabling (partially) automated system 
management.

Another great area of AI potential lies in the area 
of preventing faults, particularly for smart system 
monitoring, inspection and maintenance. The 
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resource allocation

IT-security

AI fields of application Fig. 07

possible applications of artificial intelligence include 
classifying damage, e.g. by analysing image ma-
terial or audio signals. Creating an adequate data 
basis for training the AI is of crucial importance 
here. Intelligent algorithms are also able to learn 
the operational behaviour of production and dis-
tribution systems, and identify irregularities early 
on. This can be done either by using historical data 
or by supplying the AI with a continuous stream of 
operational data to train the algorithm. Maintenance 
of hard-to-access equipment, such as overhead 
lines or rural distribution stations, can thus be 
maintained in a needs-based manner, significant-
ly reducing the time and cost involved. Data-re-
cording in such cases can be partially automated 
by using drones or robots. 

In addition to fast, and sometimes nearly real-time, 
identification of anomalies in the operational be-
haviour of certain pieces of equipment or entire 
grid sections, AI can also improve supporting 

processes. Audio-visual assistance systems have 
long ceased to be merely the stuff of science-fic-
tion, and enable field service staff to retrieve 
processes, maintenance manuals and testing/in-
spection logs through voice commands. These sorts 
of applications are useful for risky maintenance or 
testing processes, such as the work performed on 
high-voltage systems, where strict adherence to 
defined process stages is essential.

By subdividing the possible usage areas across 
the grid operators’ future task structure, specific 
fields of application can be established based on 
the strengths of the various AI methods. In addi-
tion to operational areas, such as load-flow 
management and grid monitoring, these also 
include supporting fields, e.g. in the area of per-
sonnel allocation or infrastructure documentation. 
The nine defined AI fields of application in Fig. 7 
help enable structured planning and classification 
of the relevant use cases.
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Interview with SWKiel Netz GmbH

We spoke with Henning Schröer, head of Asset Management at SWKiel Netz GmbH,  
about the upcoming changes and associated challenges for grid operators, as well as  
the potential offered by artificial intelligence.

 What requirements will (distribution) grid 
operators have to meet over the next few years 
as a result of decentralised and decarbonised 
energy production?

The electrification of the mobility and heating 
sector in particular means that the computation-
al logic previously applied for power-grid capac-
ity utilisation will no longer work. New dynamic 
peak loads need to be factored in, though this 
does not necessarily mean increasing the size of 
equipment. Rapid estimation of grid states is an 
especially important task for large-scale grid 
operators, as penetration by decentralised, vola-
tile suppliers is much higher here than for a mu-
nicipal grid operator.

Monitoring the distributed equipment will be anoth-
er challenge, as rotational maintenance does not 

meet system-security requirements. And manual 
checks – both routine and those performed as a 
result of errors – tie up valuable human resources. 
This is incidentally true not only for the power grid, 
but also for other supply systems, such as dis-
trict-heating supply.

These requirements necessitate an appropriate com-
munications infrastructure, through which the relevant 
data can be recorded from the distributed sources. 
Other external data also needs to be taken into ac-
count, both for planning and for grid management. 
Such data includes traffic data or calendrical infor-
mation for major events, which may enable inferences 
to be made regarding anticipated load peaks. 

Where can artificial-intelligence methods be 
used appropriately and what needs to be borne 
in mind when operating the systems?

Smart processes can be more beneficial than clas-
sic processes when it comes to grid calculations, as 
they are more flexible and dynamic. For example, 
such systems can significantly reduce the time spent 
on checking power supplies. Artificial intelligence 
can also be of help in the long-term planning of 
necessary grid capacities. Long-term predictions of 
the anticipated penetration of electric vehicles and 
heating pumps in both the public and private sec-
tor enable optimum operational strategies to be 
devised early on. The grids can thus be developed 
in a needs-based manner, without having to be 

geared around the cumulative peak load, as is the 
case in conventional grid-planning processes.

Once a development project is complete, however, 
these complex systems are not easy to implement, 
and their usage requires additional time and expense. 
In many cases, an initial test phase is an important 
step to reconcile simulated or estimated values with 
real-life readings. Because, in most cases, the aim 
is to be able to map reality digitally. The systems 
must then be continuously maintained, and their 
precision and reliability monitored.
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Success factors for effective AI use

‘AI needs to be understood right across the board’

Michael Hartke, clarifydata

‘The data is available, but needs to be  
prepared in order for AI to use it’

Dr. Johannes Wagner, Ginkgo Analytics

AI use offers a lot of potential for grid operators, though 
success in this area requires taking into account 
various factors. Internal (operational or strategic) 
aspects and external factors, which are dictated by 
specific technological features of AI projects, both 
play a role. Preparing an AI strategy that takes into 
consideration introduction and usage following im-
plementation is a crucial but o�en neglected success 
factor. This was precisely the experience of Michael 
Hartke, managing director of clarifydata, a so�ware 
provider for AI-based added-value optimisation for 
public utility companies. The availability of an AI-based 
tool alone does not automatically mean it will be used 
by staff. The probabilistic approach adopted by AI in 
particular is initially an unfamiliar concept and can 
result in minimal uptake. When introducing an AI 
system, therefore, all affected parties must be involved 
and properly trained right from the outset.

The data required as input for an AI application is 
especially subject to technical challenges. In the best 
case scenario, this data is available in a clean and 
interoperable format. In reality, however, this is 
rarely the case, and the necessary quantities of data 
first have to be laboriously gathered from data silos 
in order for an AI model to be developed. While 
complex communications processes, networked 
production systems and the introduction of smart 
power meters have for many years been collecting 
a lot of data in the energy industry, data is o�en 
communicated by email, and there are no data 
infrastructures where data can be stored and pre-
pared for subsequent processing. This aspect makes 
it vastly more difficult to develop AI-based systems 
compared to other industries. The logistics industry, 
for example, is already quite advanced in this, says 
Dr Johannes Wagner, lead data scientist at expert 

AI company Ginkgo Analytics. In order to access the 
necessary data, providers of AI solutions are o�en 
also dependent on in-house IT, which is why relevant 
staffing capacities need to be factored in for an AI 
project to succeed. 

In addition to technical factors, regulatory and ethical 
aspects created added uncertainty for businesses. 
The General Data Protection Regulation (GDPR) has 
been in effect since 2018, and it o�en results in extra 
work, particularly in relation to data storage. When 
using cloud services, it is now essential to ensure the 
data is stored on servers in an EU member state. This 
aspect needs to be checked when using global cloud 
providers. The GDPR also governs the use of person-
al data, and can prohibit providers from training their 
AI model on certain data.

AI usage itself can also involve pitfalls. Particularly 
when applying it in security-related areas (e.g. crit-
ical infrastructure), it is important that decisions be 
traceable. The more complex an AI model, the more 
difficult it becomes to guarantee this transparency. 
Companies need to consider the extent to which AI 
enables the necessary explanations to be provided, 
and whether AI can even make a decision in the first 
place if transparency cannot be guaranteed at a 
technological level.

Overcoming these hurdles and maximising the full 
potential of artificial intelligence is the aim of a 
comprehensive AI strategy. Over the next few chap-
ters, the AI Energy Radar will be introduced as the 
starting point for developing an AI strategy. The 
underlying metrics for assessing applications will first 
be examined, followed by specific uses.
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The AI Energy Radar.

Assessment metrics

Assessment metrics of the readiness scale Fig. 08

What is the AI’s tech.  
development status?

1. Concept
2. Research
3. Pilot projects
4. Market launch
5. Market-tested

What is the data situation 
regarding AI application?

1.  Inadequate data availability
2.  (Some) data available 

externally for a fee
3.  Data available internally or 

externally for free

What is the current legislation regarding 
implementation of the use case?

(minus 0-2 points)
0. Practical usage permitted
1. Implementation heavily restricted
2. Implementation not currently permitted

Tech.  
development 

status

Data  
availability

Regulations

-2

-1

-0

The AI Energy Radar gives grid operators an over-
view of relevant applications that can be achieved 
using artificial-intelligence methods. Based on a 
comprehensive market analysis, quantitative state-
ments have been formulated regarding the poten-
tial and development status of the respective 
application, providing a cross-section of AI’s 
current possibilities and thus helping grid operators 
develop their own AI strategy.

The research was preceded by defining categories 
encompassing both the perspective of the grid 
operators’ tasks and the technological perspective 
of AI. This facilitates classification, and simultane-
ously creates structure for the analysis. The techno-
logical perspective is represented by the AI capa-
bilities introduced in Chapter 2, while the grid 
operators’ perspective is denoted by the AI appli-
cation fields introduced in Chapter 3.

Two target values were defined for the quantitative 
assessment: readiness, which indicates the applica-
tion’s development status, and potential, which takes 
into account several factors. Both assessment cri-
teria can range in intensity on a scale of one to five, 
where one is the worst and five the best possible 
level. In this context, readiness can be equated with 
‘development status’, though it also takes into account 

other factors beyond just technological development 
status, as is o�en used for other technology-assess-
ment contexts16. Such factors include the available 
data basis and potential regulatory hurdles that could 
impede or totally prevent usage.

In the context of the AI Energy Radar, the techno-
logical development status refers to the gener-
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Assessment metrics of the potential scale Fig. 09

How o�en is the process 
performed?

1. Annually or less frequently
2. Weekly to monthly
3. Continuously to daily

How autonomously can  
the AI make decisions?

1. The human decides
2. Assisted decision-making
3. Verified decision-making
4. Delegated decision-making
5. Autonomous decision-making 

What economic potential does 
the use case offer?

1. Low (e.g. assistance systems)
2. Medium (e.g. grid calculations)
3. High (e.g. predictive maintenance)

What is the use case’s future 
relevance?

1. Not essential for the future
2.  Not essential, but offers advantag-

es compared to the status quo
3. A future industry-wide standard
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al technological development status of the respec-
tive application, not to the underlying AI capability 
introduced in Chapter 2. The ‘data availability’ factor 
is a measure of the availability of data needed as the 
basis for training and operating the AI application. 
Readiness is downgraded by one or two points 
depending on regulatory obstacles relating to arti-
ficial intelligence itself (e.g. GDPR) or secondary 

technologies used (e.g. EU drone regulation). 
The second target value describes the general 
potential of the applications, and, just like the read-
iness scale, also consists of several factors. The 
cumulative examination of efficiency potential, 
economic potential and the AI application’s relevance 
for the task at hand facilitate a comprehensive 
assessment of general potential.
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Analysis of AI applications

A total of 37 relevant AI applications for grid oper-
ators were identified and evaluated. The readiness 
scale reveals a broad spectrum, ranging from ap-
plications already established on the market, and 
which offer a solid data basis, to those that have so 
far only been examined as an idea in an academic 

context. The applications’ potential, meanwhile, shows 
less of a spread. Given the far-reaching benefits AI 
offers grid operators, the applications were rated 
quite well overall. Potential can also vary based on 
usage environment, meaning it can deviate up or 
down in company-specific contexts.
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AI Energy Radar Fig. 10
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Smart system monitoring
• Autonomous flying of assets and grid infrastruc-

tures by drones or other unmanned aircra� (3)
• Smart analysis of satellite images and/or aerial 

photographs for managing vegetation in the 
power grid (8)

• System monitoring in the event of natural 
disasters, using image-recognition algorithms (9)

• Location and cause analysis of faults in the 
high-voltage grid through smart analysis of 
various input data (10)

• Reduction in repair time in the low and medi-
um-voltage grid through smart analysis of 
various data streams (11)

• Use of mobile, plan-based robot controls for 
routine monitoring of energy-production and 
distribution systems (16)

• AI-based monitoring of systems, wiring and 
their environment to increase asset security 
(protect against vandalism etc.) (20)

• Prevention of bird strikes on overhead lines 
using image recognition and acoustic warning 
systems (31)

• Early-warning system for detecting potential 
control-unit problems at substations (36)

(Personal) security management
• Improved personal security at construction sites, 

substations and switching stations through 
automatic detection of security-related issues (15) 

Personnel and resource allocation
• Optimised routing and automated placement 

planning for the sales force (17)
• Planning of maintenance work for power lines as 

part of grid expansion using AI-based planning 
models (26)

Inspection and maintenance
• Support for inspection and maintenance work 

through a smart voice-assistance system (1)
• AI-based state predictions based on sys-

tem-state data (2)
• Automated error detection on overhead lines 

through AI-based image processing (4)
• A smart system to predict wiring problems in the 

medium-voltage grid (5)
• State-based maintenance using infrared 

cameras and AI for early detection of errors in 
electrical equipment (21)

• Ascertainment of transformer ageing and 
residual lifespan through AI-based analysis of 
oil samples (25)

• Identification of partial discharges in high-volt-
age systems and lines using ultrasound cameras 
and AI-based image analysis (32)
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System and infrastructure documentation
• Automated recording of type labels and 

machine displays using optical character 
recognition (6)

• Largely automated 3D modelling of grid 
infrastructure and assets based on image fi les 
and scanned point clouds (7)

• Service-fuse documentation using historic plans 
and drawings (37)

Load and supply predictions
• AI-based production predictions for wind and 

solar energy (22)
• Predictions of consumption behaviour of 

decentralised, fl exible consumers and storage 
systems (28)

• Synthesis of load profi les using AI-based 
analyses of smart-meter data (30)

• AI-based preparation of consumption profi les 
for decentralised, fl exible consumers (33)

• Prediction of power consumption for regional 
grid sections within distribution grids (34)

IT security
• AI-based detection and prevention of cyber 

attacks and technical problems in smart grids 
(24)

Grid monitoring
• Eff icient grid operation by forecasting optimised 

switching operations based on the grid’s current 
state (12)

• Increased transparency in the distribution grid 
through real-time estimates of voltage levels at 
all grid nodes (18)

• Detailed real-time assessment of grid state by 
using multi-layered neural networks and PMUs 
(phasor measurement units) (19)

• Data synthesis and cleansing using ma-
chine-learning algorithms to generate numerate 
grid models from various input systems (23)

• AI and big-data-based use of sensor systems 
to record the states of grids and systems within 
the distribution grid (27)

Load-fl ow management
• Prediction of anticipated vertical power fl ows 

within the distribution grid for each grid section 
(13)

• Smart issuing of recommended actions based 
on the predicted grid state (14)

• AI-based energy-management system to 
autonomously adjust production and consump-
tion in distribution grids  (29)

• Improved utilisation of existing transmission 
capacities through AI-supported weather-de-
pendent operation of overhead lines (35)
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Energy Radar analysis based on AI capabilities Fig. 11
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In another analysis, the averaged ratings were iden-
tified on the potential and readiness scale for the 
individual AI capabilities. This revealed that predic-
tion applications offer the greatest potential, pri-
marily due to the many different usage options, but 
also to the advantages associated with sound 
knowledge of future grid and system states and 
resource requirements. The anticipated supply and 
consumption volumes in system management, for 
example, can be used to establish action strategies 
for optimally utilising available capacities.

In terms of inspection and maintenance, an in-
creased degree of plannability is achieved through 
prediction of system failures. Combined with a high 
average readiness, prediction applications are thus 
an extremely interesting area that grid operators 
should start exploring sooner rather than later. It is 
important to note here that these models’ tech-
nological development statuses and data avail-
ability can vary depending on the application. The 
analysis of two specific applications in Chapter 5 
provides detailed insights here. Both potential and 
possible stumbling blocks during implementation 
are identified in this context.

The applications involving the AI capability of dis-
covering show the second highest potential in the 
analysis. This field includes pattern recognition, 
classification and anomaly detection. In terms of 
grid operators’ task structure, the potential offered 
by such applications primarily lies in system and grid 
monitoring, as well as in grid-status estimation. 
Given the increasing volatility within the power grid, 
being able to estimate current grid statuses is an 
important tool for ensuring a load-flow management 
system that meets requirements. Applications as-
sociated with discovering do, however, need large 
volumes of data in order to distinguish between 
normal and faulty operations or to establish grid 
statues based on incomplete readings. Strict re-
quirements for application security also need to be 
upheld, particularly when it comes to load-flow 
management. In addition to predictions, discover-
ing will be the main AI capability grid operators will 
have to face in future, which is why setting up a 
careful data-management system is important. ‘#18 
Increased transparency in the distribution grid 
through real-time estimates of voltage levels at all 
grid nodes’ in Chapter 5 will be examined more 
intensively as an example application.
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Energy Radar analysis based on AI applications Fig. 12
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Applications rating particularly highly on the readi-
ness scale are ideal for businesses with little to no 
experience in artificial intelligence. These are pri-
marily found in the AI field of text comprehension. 
Commercially available solutions include chatbots 
and mobile assistance systems that can be used in 
technical grid services, and which give technicians 
an added degree of freedom through the voice-con-
trol element. Such systems are generally quick to 
implement and use. Relevant models are also already 
being used in combination with image-processing 
methods for documenting power supply. The study 
later describes in more detail a practical application 
that uses artificial intelligence to prepare automat-
ed power-supply documentation for the main fuse.

A second analysis particularly focused on the char-
acteristics of the readiness scale, examining not the 
AI capabilities, but rather the AI fields of application 
outlined in Chapter 3.

In this analysis, smart-(system)-monitoring appli-
cations rate the highest. The possibilities of AI usage 
here are especially varied, and can build on existing 
monitoring systems that record operational and 
status data for systems or infrastructure components. 

This aspect is reflected in the high ratings of the 
associated applications on the readiness scale. If, 
however, a company does not have suitable systems, 
e.g. for power and voltage monitoring on the trans-
formers, or if the data is not stored, these tasks must 
initially be tackled by the grid operators.

Prediction was the AI capability performing the 
strongest, with a comparatively high rating on the 
readiness scale, while load and supply predictions 
lags somewhat. This can be attributed to the fact 
that, though practical application is possible, achiev-
ing reliable predictions still requires research. Pre-
dictions of the aggregated behaviour of flexible 
consumers, which lead to new load behaviour as part 
of integrated energy, are particularly still in concep-
tualisation or pilot phases. On the other hand, AI 
models are already able to provide accurate forecasts 
for entire system fleets when it comes to supply. Due 
the rapid development of AI in recent years, grid 
operators should be watching this field of application 
very closely, and take the plunge into it in due course.

The fact that the ratings in Fig. 12 are spread widely 
overall is largely due to the varying involvement of 
grid operators in the technical fields. The spectrum 

of potential uses ranges from tools capable of issuing 
recommended actions for control centres – primari-
ly in the area of grid monitoring – to AI systems that 
(semi) automatically intervene in controlling power 
grids. While such solutions are feasible in theory, some 

research projects have shown that there are still many 
hurdles to overcome in practice, especially in relation 
to critical infrastructure – hence load-flow manage-
ment’s low rating on the readiness scale.
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AI usage in the energy industry. Fault predictions

AI usage is already on many grid operators’ agendas 
as a project for the future. By this measure, however, 
very few projects have actually been implemented in 
practice. The applications recorded and evaluated in 
the AI Energy Radar show that there is no dearth of 
possible usage options. O�en what is lacking are the 
necessary skills to translate the abstract algorithms 
and calculation methods of artificial intelligence, such 

as neural networks, support vector machines, cluster 
algorithms and time-series forecasting, into tangible 
applications. This study uses four such applications 
to highlight what exactly AI usage can look like for 
grid operators. In addition to describing and evalu-
ating relevant applications, interviews were also 
conducted with experts from the respective fields for 
this purpose.

The use of artificial intelligence offers particularly high 
potential in the area of fault predictions, as it can 
prevent serious negative consequences from occur-
ring in the event of unplanned system failures. These 
especially include power outages and associated 
last-minute, cost-intensive service call-outs at the 
grid operators’ end. In addition to the potential cost 
savings, fault predictions thus also constitute a prom-
ising approach to increasing system and supply se-
curity in increasingly decentralised power grids.

Suitable solutions are being offered by various start-
ups as customised solutions or are being developed 
by a number of large companies under the term of 
‘predictive maintenance’. In reality, however, this 
potential is not being adequately utilised. According 
to Dr Johannes Wagner, lead data scientist at expert 
AI company Ginkgo Analytics, there are specific 
reasons for this discrepancy. We talked to him and 
the managing director and founder of Ginkgo An-
alytics, Steffen Maas, about this.

What are the particularities associated with 
using AI in the energy sector, and how wide-
spread is it compared to other industries?
Introducing artificial intelligence here is particu-
larly complex due to the many regulatory factors 
in the energy sector. There are a number of small 
players who o�en face the same challenges, but, 
as individual companies, do not have the capac-
ities necessary to develop innovative solutions. 
The data basis in the energy sector, on the other 
hand, is excellent, thanks to the policies on 
smart-meter roll-out and as part of market com-
munications. But AI is unable to use the data 
further due to the relevant data not being ade-
quately prepared and centrally provided in re-
al-time databases. Other industries, such as the 
logistics sector, where data-recording is much 
more time-intensive, are already a lot more ad-
vanced here – both in terms of preparing and 
providing data, as well as using it with the help of 
artificial intelligence.
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What kinds of equipment can artificial intelli-
gence be used for to predict potential faults?
In general, faults can be predicted both for produc-
tion and distribution systems, as well as for infra-
structure components. The main difference lies in 
the data available for creating such a model. In 
rotating production systems, directly measurable 
physical parameters can be used to make inferences 
about potential problems. Based on data from 
temperature sensors in wind power stations, for 
example, time-series forecasts can help reliably 
determine outage times.

But in electrical systems and devices, relevant pa-
rameters can o�en only be obtained indirectly from 
log files. These log files – large, unstructured text 
files – cannot be used directly as input for estab-
lishing fault probabilities. These files first need to be 
prepared for further processing through what is 
known as ‘log message parsing’.

When it comes to infrastructure components such 
as cables or wires, metering points spread across 
the grid need to be used to predict faults. While 
artificial intelligence can once again be used here in 
the form of relevant meta analyses to help forecast 

anticipated outages, the process is more complex 
than for models using direct, physical parameters. 
But the potential savings don’t always justify the 
work and effort involved in developing such models.

Which AI methods are used to develop fault 
predictions, and what needs to be borne in 
mind during implementation?
There is no one single method for developing fault 
predictions; rather, relevant models o�en comprise 
a combination of various approaches. However, 
neural networks, which are o�en what people first 
associate with AI, are just one of many possible 
components. A number of applications are based 
on probabilistic methods such as Hidden Markov 
models and Kalman filters, which are able to predict 
outage times based on probability. When imple-
menting such models, it is important to gear their 
sensitivity around the respective business case.  
A very high sensitivity (recall) with simultaneously low 
accuracy (positive forecast value) can lead to a high 
false-positive rate, which results in unnecessary 
service call-outs, among other things. If, however, 
the criticality for the asset concerned is high, a 
lower accuracy may be preferable if it means sen-
sitivity will be higher.
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A smart system to predict wiring problems  
in the medium-voltage grid (5)

Problem
• Replacing power lines in a timely manner is  

an important step towards modernising power 
grids and avoiding fault-induced power 
outages.

• To date, o�en only reactive measures have been 
available, particularly in the medium-voltage 
grid, and this affects supply reliability as the grid 
infrastructure continues to age.

Solution
• Machine learning can be used to identify 

potentially faulty cables early on, and  
promptly initiate the relevant maintenance/
replacement work.

• This involves using both internal and external 
data (age, maintenance history, weather  
data, real-time information from grid control 
centres) to analyse the transmission  
behaviour and consequently predict the 
anticipated residual lifespan and thus  
potential outages times.

Specific added value
• Increased plannability
• Reduced costs
• Guaranteed supply 

Classification
• Technical task area: Asset management
• AI field of application: Inspection and  

maintenance
• AI technology: Predictions
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Supply predictions

Extra expense must thus be factored in to purchase 
the data, because the models are trained on that 
specific data – 15 months retrospectively at best. On 
the other hand, the weather data used needs to be 
examined very closely. There is no one-size-fits-all 
solution here, as every location has its own specific 
characteristics. Only by correctly selecting the pos-
sible influencing factors is it possible to establish 
usable models. It’s a task where even companies 
specialising in predictions achieve varying levels of 
success.

Then there’s the issue of transferring data. As new 
interfaces need to be implemented when working 
with live data, an alternative data-as-a-service 
model is used. One example of this is a simple 
transfer using CSV files – optimised for the day-
ahead market, itemised every 15 minutes. This 
process enables costs for customers to be further 
reduced, while still maintaining a very high level of 
data accuracy, and customers regain the sense of 
planning certainty that had been lost as a result of 
highly volatile production.

What are the different phases of an AI project, 
and does the project end a�er the go-live?
The first step involves preparing the system data 
and choosing suitable weather data for the site. The 
algorithms are then trained and optimised for this 
specific application. Users can expect an approxi-
mately two-week test phase under live conditions 
a�er just one month.

But even if the prediction model is running smooth-
ly and delivering satisfactory readings, the work 
doesn’t stop there. It is then of course necessary to 
keep working on the algorithms to optimise the 
predictions. Involving the customer in the AI side of 
things is generally another fundamental part of a 
project. Workshops can achieve and foster a high 
uptake of the AI application, as well as raise aware-
ness of other potential AI uses.

It’s a well-known fact that decentralising the pow-
er grid by supplying it with renewable energy will 
pose a challenge for grid operators. The increasing 
volatility in the power grid is prompting a rise in the 
number of necessary redispatch measures, and thus 
also in the costs throughout the value chain. Supply 
predictions for wind and solar systems based on 
smart algorithms have the ability to accurately as-
certain both long-term and short-term production 
quantities, offering tremendous potential for 
cost-saving throughout the entire value chain – from 
producers, to grid operators, to consumers, such as 
those in large-scale industry. 

Facilitating a high degree of accuracy from AI-based 
prediction models requires taking a number of 
factors into account. We spoke with managing di-
rector and founder of NAECO Blue, Felix Ollech, about 
the opportunities and challenges associated with 
using and developing supply predictions. The com-
pany develops prediction models for supplying 
energy from wind-power and PV stations.

What opportunities do AI-based models offer 
in terms of supply predictions for wind and 
solar plants?
Highly accurate supply predictions bring a lot of 
benefits for users, the main one being the ability to 
reliably plan grid operations. But they also enable 
information to be provided on systems affecting 
operating status and maintenance planning. For 
example, an accurate prediction makes it possible 
to determine the optimum time to turn off a 
wind-power station for maintenance.

What aspects need to be taken into account 
for successful implementation?
A good prediction model is only as good as the 
quality of the data. Two aspects need to be taken 
into account here. On the one hand, customers have 
be known to send incomplete data, which can 
sometimes be due to a defective inverter. While this 
is not a big problem, it does mean more work during 
the data-preparation process. Some energy sup-
pliers are also unable to access the systems’ pro-
duction data because they do not own these systems. 
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AI-based production predictions  
for wind and solar energy (22)

Problem
• The increasing amount of power generated  

from wind and solar energy is subject to  
a number of factors, making it very volatile.

• Forecasts relating only to weather data, and 
which neglect the geographic location of 
production systems or other factors, may some-
times deliver inaccurate results.

Solution
• A machine-learning algorithm that uses historic 

production data, weather data and location 
data, such as local vegetation or topography,  
to issue forecasts about the production of 
electrical energy from wind and solar stations 
can be used to make more accurate predictions.

• These predictions help grid operators react 
proactively to potential shortages or surpluses, 
and plan grid operations accordingly.

Specific added value
• Specific added value
• Optimised grid capacity utilisation
• Integration of renewable energies
• Reduced costs

Classification
• Technical task area: System management
• AI field of application: Load and supply  

predictions
• AI technology: Predictions
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Grid monitoring

AI Energy Radar shows that grid monitoring offers 
great potential. Artificial-intelligence methods provide 
various possible uses, particularly in the distribution 
grid, which has so far not been subject to extensive 
monitoring. Processes such as neural networks are 
able to learn transmission behaviour in the relevant 
grid section, thereby filling gaps in physical monitor-
ing. Available solutions range from simple applications 
that only advise of problems in the voltage band, to 
complex solutions capable of establishing all electri-
cal parameters for every grid node. The main differ-
ence lies in the data serving as the basis for training 
the AI model – from simple electricity and voltage 
readings on coupling transformers to high-frequen-
cy scanning using PMU sensors. 

Unlike in load-flow management, grid-monitoring 
systems do not actively intervene in operations, and 
thus can be used in practice without any legal re-
strictions. As the basis for flexible decision-making, 
however, they do provide great added value for grid 
operators, especially in distribution grids, which are 
increasingly being operated actively. We spoke to 

our colleague Detert Bracht, from the Systems 
Operations focus group at umlaut energy, about AI 
usage in grid monitoring.

What challenges are arising for grid operation as 
a result of the increasing decentralisation occur-
ring as part of the change in energy-policy?
Many grid operators, particularly at a low and me-
dium-voltage level, are unable to adequately 
monitor their grids in terms of increased grid trans-
parency. The increasing involvement of decentralised 
renewable energy producers and additional load 
peaks resulting from integrated energy are bringing 
distribution-grid operators in particular into focus. 
By monitoring the current grid statuses, these op-
erators need to ensure that grids remain stable, 
despite volatile supply and unexpected load peaks. 
This requires status data capable of reproducing the 
current capacity utilisation of individual grid sections. 
However, the high costs associated with using in-
strumentation across the board mean this data 
cannot be recorded at all relevant grid points. Smart 
methods enabling grid statuses to be estimated 

based on various data sources and a handful of 
representative metering points are thus required.

How can using artificial intelligence to estimate 
grid statuses help overcome these challenges? 
Artificial intelligence can be used to generate estimates 
of the statuses of entire grid areas, including based 
on just a few metering points. This approach thus 
helps increase grid transparency in the distribution 
grids, while simultaneously saving the need to set up 
metering points across the board. Learning process-

es based on neural networks, for example, are applied 
here. In addition to load-flow simulations, other input 
parameters for training such models include expert 
knowledge gained through grid operations, as well 
as metadata influencing the grid status.

An initial stage involves setting up metering points 
at relevant grid nodes, and transferring the infor-
mation in real time. Additional data can be obtained 
from smart meters or charging stations for electric 
cars to monitor lower-voltage levels. This data 
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needs to be located within the grid topology using 
an appropriate location indicator. Other metadata 
used include weather data and the grid’s key pa-
rameters (power consumption, production). The 
power grid’s behaviour can then be learned based 
on the relevant metering points and metadata, and 
real-time estimates achieved despite incomplete 
physical monitoring. Voltage stability, as well as 
other monitoring criteria such as thermal capaci-
ty-utilisation limits, can be observed.

What requirements need to be met by grid 
operators in terms of data and system architec-
ture in order to implement an AI-based grid- 
status estimate?
Although grid monitoring using artificial intelligence 
requires fewer metering points than conventional 
methods, metering points do still need to be set up, 
at least at representative grid nodes. In many grid 
networks, however, this requirement has barely been 
met, if at all. It is therefore essential to initially equip 
the most important grid nodes with appropriate, 
communication-enabled instrumentation. 

As the data for setting up an AI-based grid-status 
estimate comes from various sources, it is advisable 
to initially pool this data in a standardised system or 
platform. This would facilitate exchanges with other 
grid operators, on the one hand, and access for the 
AI models on the other. 

The security-critical nature of the power grids means 
high security standards are necessary. A communi-
cations infrastructure facilitating a secure transfer of 
data between grids and between the individual data 
sources and analysis systems thus needs to be set 
up. Preference here is given to end-to-end encryp-
tion technologies. In addition to the security of the 
transfer, the reliability of the parameters being 
transferred must also be taken into account. Dis-
ruptive factors potentially influencing these should 
therefore be identified in advance and incorporated 
into the planning process.
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Increased transparency in the distribution grid through  
real-time estimates of voltage levels at all grid nodes (18)

Problem
• Ensuring more decentralised producers  

and consumers can be integrated into the 
distribution grid in future requires  
exceptionally accurate knowledge of  
the current grid status

• To that effect, the infrastructure’s lack  
of sensor systems poses a challenge for 
distribution grids in particular 

Solution
• Artificial intelligence can be used here to create 

an estimate of the current grid status in  
real time based on a handful of metering points.

• Using voltage and current readings from the 
coupling transformers, neural networks are 
trained to estimate the status of all grid sections 
based on the voltage levels at the individual 
nodes

• Grid operators can thus identify problems  
in the voltage band in real time

Specific added value
• Increased system security
• Integration of renewable energy
• Reduced costs

Classification
• Technical task area: System management
• AI field of application: Grid monitoring
• AI technology: Discovering
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Evaluation Fig. 15
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er the installed fuses are the right size for an addi-
tional load. The same problem arises at the local 
grid stations, where the individual ports converge 
and substations in particular pose a potential bot-
tleneck. Accurate documentation of the power 
outputs currently connected is thus required in order 
to make the testing process for private wall boxes 
more efficient and, most importantly, more reliable.

How did clarifydata solve this problem and how 
was AI used here?
As many companies have a number of plans for 
the equipment and structural measures they use, 
the data availability for preparing service-fuse 
documentation is theoretically very good. The 
problem lies in analysing and consolidating these 
documents. Image-recognition processes can be 
used to automatically process these documents 
and extract relevant information. The aim was to 
prepare a comprehensive, standardised plan of the 
city documenting all fuses used, as well as con-
sumers already connected.

What challenges did implementing the appli-
cation involve?
The various input documents meant the AI model 
had to learn a number of special symbols and their 
meaning. As this o�en involves electrical plans, it 
was a matter of needing both IT knowledge and 
specialised energy-related knowledge. Using ar-
tificial intelligence frequently requires interdisciplin-
ary skills, especially in specialised fields such as the 
energy industry. Semantic errors that arise when 
the AI is being trained cannot be identified by IT 
experts, and can later lead to false results. The 
input data used in the form of plans, drawings etc. 
also lacked structure and, in some cases, could not 
be analysed by the AI. In these instances, manual 
analysis was necessary.

Infrastructure documentation

When breaking down the use cases by AI field of 
application, system and infrastructure documenta-
tion particularly stands out due to its high rating on 
the readiness scale. It is an aspect that makes the 
idea of implementation in this area appear partic-
ularly attractive, especially for companies wanting 
to gain initial experience in carrying out AI projects.
Infrastructure-documentation tasks still require a 
high degree of manual work and are thus extreme-
ly time-intensive, while not involving any directly 
value-adding activities. This not only generates 
direct HR costs, but, as shown in the use case de-
scribed (#37), can also prevent more highly qualified 
staff from performing actual tasks. This economic 
potential is easily overlooked, however, if costs such 
as those on the scale of a grid incident cannot be 
prevented. The focus here is rather on small im-
provements within the process, which have an indi-
rect positive effect on the budget. 

When first implementing AI at a company, however, 
this area in particular needs to be shortlisted, as its 

applications are comparatively easy to employ and 
are already widespread on the market. As such, the 
AI methods can usually be employed faster and more 
cheaply than methods in areas with supposedly 
higher potential. This can be a deciding factor, es-
pecially for companies more sceptical towards AI. 
Achieving success in this field of application may 
open the door to other, more complex AI projects, 
and thus help develop internal skills as part of initial 
implementation projects. We discussed how com-
panies can benefit from such projects, and what 
needs to be borne in mind during implementation, 
with Michael Hartke, managing director of so�ware 
provider clarifydata.

What problems arise for grid operators as a 
result of the increasing demand for private 
charging ports?
Private wall boxes being connected to the power 
grid means fuses are no longer able to support the 
new outputs and currents. This sees grid operators 
faced with the challenge of having to check wheth-
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Service-fuse documentation using existing 
plans and drawings (37)

Problem
• Inadequate documentation of service fuses and 

their current capacity utilisation can cause 
problems if customers want to connect another 
consumer, e.g. a wall box.

• Documentation involves a high level of manual 
eff ort for grid operators, especially if old plans 
and documentation have to be retrospectively 
incorporated.

Solution
• Using AI that analyses old drawings and plans 

with the help of OCR technology, a plan of 
the service fuses and their capacity utilisation by 
existing consumers can be prepared.

• This can shed light on the current capacity 
utilisation of individual power supplies 
and the entire local grid station, as well 
as on how much power output can be 
added at the individual ports.

Specifi c added value
• Increased plannability
• Increased eff iciency (processes, resources)
• Increased system reliability

Classifi cation
• Technical task area: Power supply
• AI fi eld of application: System and infrastructure 

documentation
• AI technology: Text comprehension, 

image processing
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Data policy should also be borne in mind right from the outset to avoid potential conflicts relating 
to the GDPR. Coupled with this are other project-specific factors, especially in terms of critical 
infrastructure. For grid operators, these mean more legal hurdles in the sense of increased  

requirements for the AI application’s security and transparency. The company’s own employees 
are another central factor for successful AI usage. Not only do they have to be inspired to use AI, 
but they also need the necessary skills to work with the new technology. 

Over the next few years, artificial intelligence will primarily help enable grids to be operated and 
controlled in a smarter manner – not as a result of automated grid operation by AI, but rather by 
AI-supported decision-making that facilitates flexible and more objective action strategies. 
Sub-tasks associated with system management and grid operation may, in future, be (semi) 
automated, initially in local smart grids and later also at higher voltage levels. But this requires 
further research and clear, uniform legal regulations – both in relation to data traffic within the 
energy sector and in relation to AI usage in security-critical areas.

There is no question, however, that artificial intelligence is one of the most promising technology 
fields for grid operators, and that its usage should be expedited through relevant innovation 
processes and budgets. Having a strategy for gradually developing the necessary skills with a view 
to achieving lasting success is essential. Identifying and mapping out worthwhile applications is 
an important starting point for this.

Conclusion & outlook

In recent years, AI has progressed from the high-tech companies of Silicon Valley to the histori-
cally less digitalised energy sector. This study has shown that grid operators already have access 
to a vast number and variety of applications capable of being implemented based on artificial 
intelligence. The potential – both for sustainably increasing profitability and for actively expediting 
the energy-policy transition, is rated as very high in many areas. 

In an increasingly decentralised, highly volatile power grid, AI will be one of the key technologies 
able to handle the intensified complexity. These include load and supply predictions, as well as 
pattern detections in the areas of grid and system controls and system management. Other areas 
promising similarly significant improvements are already easily implemented in practice – espe-
cially for image-processing and text-comprehension methods used in documentation and da-
ta-recording. 

These sorts of applications are ideal for introducing AI or gaining initial experience with it. Com-
panies yet to establish their AI skills should take this step now if they want to tap into the large and 
increasingly inaccessible potential in future.

In addition to an application’s general potential and development status, other company-specif-
ic success factors also need to be taken into account when implementing AI projects. This includes 
tackling the recording, storage and preparation of data early on to create a digital twin of the 
energy infrastructure, as this step forms the basis of developing a number of AI models. But this 
is precisely the area in which the energy sector lags compared to other industries. 
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