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ABSTRACT 

Artificial Intelligence (AI) is a wide-encompassing family 
of technologies with the potential to revolutionize 
customer relationships, to improve efficiency of business 
processes and to improve decision-making tools in all 
economic fields.  
Enedis has been developing supervised machine learning 
algorithms since the 1990s. In the past three years, Enedis 
has continued to test new AI solutions through a holistic 
bottom-up approach, resulting in more than 50 Proof of 
Value (POVs) addressing use cases in key business 
divisions.  
The return of experience from the POVs is key in preparing 
the industrialization of AI solutions and has highlighted 
limiting factors to the acceleration of uptake of AI 
solutions.  

INTRODUCTION 

Artificial Intelligence (AI) is a wide-encompassing family 
of technologies subject currently to a lot of attention from 
all stakeholders of the energy system[1, 2]. The solutions 
available today are the results of a convergence of 
algorithms developed by academia, ever increasing 
amounts of data and computing power to train these 
algorithms.  
 
The current promise of AI solution providers is no more 
than to revolutionize customer relationships, to improve 
efficiency of business processes and to improve decision-
making tools in all economic fields. The onset of these new 
solutions question the current approach of developing 
decision-making tools of complex systems, via expert 
models derived from technical expertise combined with 
statistical approaches, and many other internal business 
processes.  
 
The first section of this paper describes the approach used 
at Enedis to foster interest in this family of technologies 
through testing. The second section shares the key insights 
from more than 50 Proof-of-Values (POVs), with a focus 
on transforming those POVs into industrialized services. 
The third section opens up on the foreseeable limits to the 
development of AI solutions for regulated entities like 
distribution system operators (DSOs).   

ENEDIS’ APPROACH TO TESTING 

ARTIFICIAL INTELLIGENCE SOLUTIONS 

Enedis has developed since the 1990s several expert 
systems for network operations based on supervised 
machine-learning algorithms, including systems for self-
healing of MV networks[3, 4, 5], for predictions of load 
and production curves[6, 7] in the context of increasing 
shares of distributed generation, and more recently for 
failure detection of smart meters.  
 

Variety of internal stakeholders involved 

In the last three years, Enedis has adopted a holistic 
bottom-up approach by testing AI solutions in almost all 
business processes with the sole focus of improving the 
efficiency and ease-of-use of processes.  
 
Enedis has chosen to give the freedom to regional and 
corporate company divisions in identifying problems to be 
solved with AI technologies, and testing solutions in 
comparison with current processes or expert solutions. The 
authors represent the core AI team with representatives 
from key company divisions and have been surveying 
these bottom-up initiatives, fostering the information 
sharing among POVs and assessing prioritization 
guidelines towards industrialization.  
 

Variety of technologies tested  

As a result, more than 50 POVs have been conducted or 
are currently on-going using technologies of   

 Artificial conversational agents 
 Robotic Process Automation 
 Supervised machine learning 
 Unsupervised and reinforcement machine 

learning 
 Text and web mining  
 Image and text-recognition 

 
These POVs have addressed use cases from the main 
company divisions (technical, customer and territories, 
human resources, financial accounting and purchasing) as 
illustrated in figure 1.  
 
Figure1 shows that a large number of POVs have been 
conducted in the technical division with the aims of 
improving existing supervised machine learning 
algorithms and of testing new machine-learning 
algorithms like unsupervised and reinforcement 



 25th International Conference on Electricity Distribution Madrid, 3-6 June 2019 
 

Paper n°1840 

 
 

CIRED 2019  2/5 

learning[8, 9, 10]. This is the result on one hand of a long-
term R&D focus in improving the control, supervision and 
maintenance of network components. On the other hand, 
this trend reflects the combination an ever-increasing 
amount of data collected from network components and 
business processes, the advances by the scientific and 
open-source community in the development of AI 
software libraries and the acceleration in available 
computing power.  
 
Figure 1 also shows that a significant share of POVs have 
tested artificial conversational agents, also known as 
chatbots and voicebots, and robotic process automation 
(RPA) with the aim of improving customer relationships 
and internal support processes. The number of chatbots 
and RPA POVs is interpreted as an indication of the 
current focus of a part of the AI ecosystem in putting 
forward the ease of implementation and quick return on 
investment of these solutions.  
 

Variety of players involved 

Being given the freedom, each company division has also 
chosen different ways to develop the POVs. As a result, 
the POVs have involved many players in the AI ecosystem 
in France through  

 Experiments with pure-digital players,  
 Startup Challenges organized by Enedis since 

2015,  
 R&D collaborations with academic and R&D 

institution, and  
 Development leveraging in-house Data Science 

expertise.  
 

This variety of players has helped Enedis understand the 
maturity of the ecosystem for each technology, for 
contracting on the data used by algorithms and on the 
intellectual property derived from the POVs.  

KEY INSIGHTS FROM PROOF OF VALUES 

The authors have collected and continue to collect the 

return of experience from the various POVs and three 

families of insights common to all POVs have been 

identified.  

 

The importance of the data preparation phase 

The first key insight from the POVs relates to data used by 
the AI algorithms. In many POVs, a very significant share 
of the effort has been focused on preparing the required 
data with the adequate sensitivity, data format, and 
sufficient quality, and on preparing the underlying IT 
infrastructure to support the use of AI algorithms. For 
some early POVs, the results from the AI algorithms may 
have been disappointing due to insufficient effort in the 
data preparation phase.  
 
At Enedis, significant on-going investments in datalake 
infrastructures aim at building a single backbone to 
support all Big Data applications, including AI solutions, 
whether at the POV level or industrialized solutions, and 
at streamlining the efforts related to data preparation via 
mutualized data banks accessible to multiple divisions and 
projects. It is expected that continuous integration of the 
vast amount and variety of data handled by Enedis into its 
datalake will simultaneously reduce the time to launch new 
POVs on AI and accelerate the transition from POVs to 

Figure 1. Distribution of technologies tested (x-axis) among use cases from three main groups of business 

divisions at Enedis (y-axis). The size of the dots represent the number of POVs tested or being tested. 
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industrialized AI solutions[9].  
 

The importance of governance 

The second key insight from the POVs relates to balancing 
the freedom of initiative coming from bottom-up 
initiatives with the need for investment prioritization when 
transitioning from POVs to industrialized solutions. 
Channeling AI POVs through a centralized datalake with 
the aim of accelerating industrialized solution is 
unfortunately subject to the limits of the hosting capacity 
of the infrastructure and to the datalake development 
roadmap, shared by multiple stakeholders.  
 
The resulting balance is directly linked to the governance 
of investment prioritization in innovation initiatives and IT 
infrastructures. Given the recent history of many AI 
initiatives at Enedis, it can be expected that prioritization 
of industrializing POVs will be very selective until 
sufficient confidence in the business cases and in the risk 
assessments has been built, resulting in a balanced 
portfolio of quick-win solutions using available chatbots 
and RPA technologies, and of longer term big impact-high 
risk projects using recent machine learning algorithms.   
 

The importance of the users of AI solutions  

Adoption of AI solutions, as for many emerging 
technologies seen as disrupting forces to society at large, 
also depends on its societal acceptance. For DSOs, societal 
acceptance encompass both external stakeholders and its 
workforce. Internally, AI solutions can be seen as a mean 
to impose cost-cutting policies, as a potential reduction of 
in-house expertise and increased reliance on “black boxes” 
for complex decision-making processes.  
 
The third key insight is related to the role of AI solution 
users in POVs. The most successful and impactful POVs 
at Enedis have been conducted using user-centric 
approaches, like design thinking, to identify the most 
valuable problems to solve first. AI technologies then 
become a mean rather than the end to the POVs and the 
business value becomes very easy to evaluate by the users 
themselves. The POVs remain aligned by design with 
divisions’ objectives related to business performance and 
the company roadmap.  
 
It is expected that current research focused on the topic of 
Explainable AI[11, 12] will also lead to increasing 
acceptance of AI solutions and of results from AI 
algorithms used to solve complex problems. Training in-
house experts to test AI solutions and maintaining their 
expertise to be able to audit AI algorithms is key for a DSO 
to remain relevant in the AI ecosystem in the medium and 
long term.  

CURRENT LIMITS TO THE DEVELOPMENT 

OF AI SOLUTIONS FOR DISTRIBUTION 

SYSTEM OPERATORS 

Can decision business cases for AI solutions be 

built on a promise? 

The approach adopted by Enedis in giving the freedom of 
initiative to the business divisions is clearly a success at 
the POVs level. However, it has also raised concerns in the 
sustainability of the initiatives in transforming the POVs 
into industrial solutions for internal users, as the 
investment required to scale-up and to reach the same level 
of service as existing solutions may be in competition with 
previously planned projects with a proven business case.  
 
Although the AI ecosystem has garnered extensive 
experience at the POV level and on new applications or 
services, the industrialization of solutions in the energy 
sector is still lacking the required maturity to build reliable 
business cases. The decision towards industrialization of 
POVs may be driven in the short term more by factors such 
as reputation of being an innovative company or risk 
assessments of lagging behind competitors more than 
business performance improvement or cost reduction. For 
regulated entities such as DSOs, this may create a 
difficulty in the short term to prioritize investments in 
industrialization of AI solutions.  
 

Are data regulations a show stopper for data-

driven solutions ? 

DSOs face another family of challenges regarding the 
regulatory constraints on data and cybersecurity. Recent 
laws in France and in Europe have in turn defined new sets 
of data to be published as open data[13, 14] and reinforced 
the protection of consumer data, through the General Data 
Protection Regulation (GDPR)[15], and of IT systems, 
through the European directive of Security of Networks 
and Inofrmation Systems (NIS directive)[16]. As machine 
learning algorithms require large amounts of data to 
operate, these regulations will have a profound impact on 
the development of the AI ecosystem in Europe.  
 
On one hand, open data policies have been put in place to 
foster transparency of public entities and to accelerate the 
development of data-driven startups and companies. On 
the other hand, IT and data protection regulations have 
reinforced the responsibilities of a DSO regarding the data 
it collects from its network components, especially smart 
meters, and the data it distributes to energy stakeholders 
and to the public. It is still too early to evaluate the 
economic outcomes of these data policies, but, from the 
perspective of developing data-driven solutions especially 
using machine-learning algorithms, this two types of 
policies could be seen as risks for DSO activities on AI. 
 
Enedis has already felt the impacts on the way contracts 
are negotiated with data-driven companies. The analysis of 
sensitivity of data to be published, shared or analyzed by 
third parties has become more complex and more dynamic 
with the development of AI algorithms. The length of 
contract negotiations have thus significantly lengthened on 
the topics of intellectual property of algorithms, location, 



 25th International Conference on Electricity Distribution Madrid, 3-6 June 2019 
 

Paper n°1840 

 
 

CIRED 2019  4/5 

ownership and use of data during and after the contracts. 
The AI ecosystem would benefit from accelerating 
contractual innovation on the topic of data for AI in order 
to streamline the adoption of AI solutions.  
 
Regarding cybersecurity, AI has been adopted by all 
stakeholders. For DSO activities to which the NIS 
directive will be applied, a large uncertainty remains on the 
level of funding for cybersecurity investments allowed by 
the regulators within the network tariffs. If cybersecurity 
is deemed a major risk for a DSO, it may be expected that 
investment on cybersecurity, including AI for 
cybersecurity, might be deemed of higher priority than 
projects with less mature business case such as 
industrialization of AI solutions.  
 

Could human capacity in Big Data and AI 

development be the biggest hurdle ? 

In the optimistic case of a DSO with an adequate IT 
infrastructure, solid business cases for industrialization of 
AI POVs, maturity in negotiating contracts with data-
driven companies and having implemented data 
regulations, the biggest hurdle in the acceleration of AI 
solutions might be related to human capacity.  
 
The current competition for Big Data and AI talents in the 
IT labor market is driven by the large data-driven 
companies, such as Google, Amazon, Facebook, Apple, 
Microsoft, IBM, Baidu, Alibaba, Tencent, and Xiamoi 
(GAFAMI and BATX), and the finance industry.   
 
Regulated entities such as DSOs are not structured to 
compete in terms of salary with such players. DSOs have 
the option to resort to IT service companies to have access 
to the talent pool but face the risk of being dependent on 
such companies to leverage Big Data and AI technologies. 
DSOs also have the option to resort to cloud infrastructures 
to harness the capabilities included with these services, if 
such use are compatible with the GDPR and NIS directive. 
The strategic impact for DSOs of resorting to cloud 
infrastructures can depend on the strategies in the energy 
sector of cloud infrastructure providers, or of traditional 
equipment suppliers expanding into data-driven services.   
 
In the medium and long term, DSOs choosing to harness 
the full potential of AI might be required to accelerate 
internal training programs so that a significant share of 
their workforce is able to develop, maintain, train and 
interact with AI solutions.  
 

CONCLUSION 

Through its holistic bottom-up approach, Enedis has 
conducted more than 50 POVs addressing use cases from 
key business divisions. The technologies identified in 
these POVs are a testimony to the long-term research using 
supervised machine learning algorithms transitioning 
towards unsupervised and reinforcement machine learning 
algorithms. The recent uptake of artificial conversational 
agents showcases the current focus of a part of the AI 
ecosystem to deploy turnkey solutions.  
 

Three key insights have been identified from these POVs. 
First, data preparation is a key step in a successful POVs 
and Enedis’ datalake infrastructure is expected to be a 
catalyzer for all Big Data and AI initiatives. Second, 
governance on innovation initiatives and IT infrastructures 
will set the pace of industrialization of AI solutions. It is 
expected that Enedis will balance the portfolio of AI 
projects from POVs to industrial-scale solutions between 
small quick-win projects and longer term big impact-high 
risk projects. Third, POVs conducted with a user-centric 
approach have the biggest potential in terms of adoption 
by users and in terms of business added value.  
 
The coming years will tell whether AI has delivered its 
promise on the business cases towards industrialization of 
POVs, whether the AI ecosystem has been able to innovate 
on the contractual terms for data and whether the 
development of the AI workforce will have followed the 
demand of human capacity. Addressing these three 
potentially limiting factors may accelerate the pace of 
industrialization of AI solutions, provided DSOs have 
successfully developed their IT infrastructures with 
accessible data of sufficient quality.  
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