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ABSTRACT 
With a network of 1.4 million km Enedis spends  several 
hundred million Euros every year to maintain and renew 
the existing network by replacing parts of it. 

To be able to replace the network parts which are the 
most likely to be source of future faults is crucial for 
good capital expenditure (CapEx) management as it 
lowers operational expenditure caused by maintenance 
or incentive regulation rules. 

For the past three years Enedis has been using Artificial 
Intelligence (AI) to optimally choose which parts of the 
network have to be renewed. 

In this paper we detail the method, which was initially 
successfully developed for underground Low Voltage 
(LV) networks, and point out how it has been extended to 
underground Medium Voltage (MV) networks and 
overhead networks (LV and MV).(remark: this a non-
defining relative clause, so you have to put a comma and 
can`t omit the relative pronoun) 

We also describe how big data technologies have allowed 
us to leverage on the work done to target network 
replacement in order to initiate a transition towards 
predictive maintenance. 

INTRODUCTION 
It has long been known that older technologies such as 
paper isolated underground cables or open-wire for 
overhead networks are the main sources of faults on the 
network. 
Historically, replacement programs were therefore 
decided per technologies basis taking into account the 
average fault rate of a given technology. Efficiency was 
achieved taking into account the cost of replacement of a 
cable, driven mainly by its length, and by the impact of a 
potential fault on the network, driven mainly by the total 
capacity or number of customers supplied by the 
network. 
Big data and AI allow handling a large number of data at 
once and a treatment per asset basis. It is therefore 
possible to calculate the individual risk of fault for each 
asset and then optimize even more the choice of network 
to be replaced. The characteristics of the asset to be 
replaced are taken into account not only on the impact’s 
and cost’s sides but also on the risk’s one. We are able to 

calculate a fault probability for each asset and then find 
out, between two cables of the same technology and 
generation, which one is more likely to have a fault. 

THE LV UNDERGROUND NETWORKS’ 
SUCCESS STORY 
For obvious efficiency reasons, more efforts have 
historically been devoted towards MV networks, which 
are the backbone of the resilience of the distribution 
system. However, while the number of faults on MV 
networks has been decreasing for the last 10 years thanks 
to the investment policy, the situation of the underground 
LV networks has been deteriorating in some areas. 
It has become more and more important to target 
efficiently the networks to be replaced. 

Method 
We target actually the LV feeders. On average a (purely) 
underground feeder is less than 200m and estimating the 
risk for a feeder is precise enough to decide replacement. 
The first machine learning model was developed in 2015 
for one of the three operational division of Paris area (DR 
Ile de France Ouest). The model is a logistic regression 
fitted to reproduce the event “having an internal fault” for 
a given feeder. An internal fault is a fault caused by 
material failure and is not third party induced. 
We used c17,000 feeders, and less than 20 features 
describing the feeders and their fault history over past 
years to fit the model 
The model has proved quite effective in discriminating 
feeders likely to have a fault in the coming year. For 
example, some feeders with older technology are 
identified as being at much lower risk than other feeders 
with supposed newer technology. 
Following the good results on this operational unit, it was 
decided to generalise the model to the whole LV network 
managed by Enedis in France. This represents c300,000 
km of underground cables over 1.6m feeders. 
We generated 513 features both numerical and qualitative 
to describe 1.6m sample. This represents quite a large 
quantity of data to manipulate. Thanks to big data 
technology, used from the beginning of the project, the 
scaling up has been quite simple and fast. 
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probability of fault  
calculated a priori 

number of feeder 
(*1,000) km of cable 

Actual faults observed in 2017 

nb faults / nb 
feeders (%) 

nb faults / 100 km 
of cable 

… < 1% 933.2 172 405 0.4% 2.0 

1 % <= … <5% 33.4 10 710 2.6% 8.1 

5% <= … <10% 3.9 1 380 6.4% 18.3 

… >= 10% 1.5 685 8.3% 18.7 

Table 1 : a posteriori check of cable discrimination 

 

Results 
Results using this huge data set were better than those on 
a single operational unit thanks to the increased amount 
of data used in model calibration. 

Figure 1 below shows the cumulative growth of 
unsupplied power versus “replaceable length” once 
feeders are sorted by decreasing probability. It shows that 
for a given year almost 75% of unsupplied power during 
cut is due to only 10% of length to be replaced.  

 

 
Figure 1: discrimination of cable length to be replaced 

Table 1 on top of the page shows the different categories 
of underground only LV feeder depending on the 
probability of having an internal fault calculated a priori 
in 2016 and compared with the actual fault rate observed 
a posteriori in 2017. 
This table shows the ability of the method to discriminate 
feeders according to their risk of having a fault which 
then allows optimizing the money spent to replace these 
networks. In particular it is important to notice the ability 
to pick up, among the large amount of feeders, the one 
presenting a significantly higher risk of fault and which 
are a quite a small part of the total population. 
Even if the above high-level analyses are enough to be 
convinced of the utility of the model, we looked at 
features importance in order to be able to explain 
methodology and results to business lines. 
When simplifying the model with lasso method [1], we 
can see which are some of the most important features: 

(by alphabetical order): 
• length of dated 1946 underground cable on the 

feeder 
• length of paper isolated cable on the feeder 
• length of underground cable on the feeder 
• number of faults on the feeder at year-6 
• number of faults on the neighboring feeders at 

year-1 
• number of faults on the neighboring feeders at 

year-3 
• number of faults on the neighboring feeders at 

year-6 
• number of internal faults on the neighboring 

feeders at year-1 
• number of mass market customers 
• number of paper isolated line segments 
• number of underground line segments 
• total mass market customers subscribed capacity 
• total number of customers on the feeder 

 
It is reassuring to see that the known risky technology is 
among the important drivers. We also have the number of 
customer which means that the load has an impact. 
We noticed during the study that taking into account the 
faults on neighboring feeders had an impact on the risk 
for a feeder, it was at first a bit surprising but our 
interpretation is that these faults needed some civil works 
to be fixed which might have damaged the feeder we are 
considering. 

From statistic modelling to value creation 
To estimate the financial benefit of setting up the new 
method to choose the feeders to be replaced, we 
compared with the historical method which used to set an 
average fault rate for all the feeder of the same 
technology/age. For each method we are able to calculate 
a priority coefficient for each feeder. This allows sorting 
the feeder by decreasing priority. Representing then the 
cumulated avoidable faults versus the cumulated length 
of cable to be replaced in a similar way to what’s 
presented in Figure 1, we are able to estimate value 
created with avoided cable reparations (avoided 
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Operational Expenditure - OpEx) and avoided power cut 
(incentive regulation). 

 
Figure 2 : impact of changing targeting method for cable 

replacement in avoided faults 

Figure 2 above shows the significant increase of 
avoidable faults by replacing risky networks when 
feeders are chosen on their individual risk criteria rather 
than on an average risk depending only on their 
technology/age. 
It is worth pointing out that the value is only achieved 
when the identified cables are actually replaced. A lot of 
education has to be done with staff in charge of 
engineering studies to convince them that the results are 
not coming out a magic black box and to make them 
comfortable with using this new input.  
For these reasons Logistic Regression has so far been 
preferred to more advanced machine learning techniques 
like Random Forest or XG Boost even if their 
discriminating capacity was slightly better.  

Overhead Feeders 
For overhead feeders, the method hasn’t been as 
successful. This is mainly due to the fact that much more 
external factors influence the ageing of overhead lines 
whereas underground lines are mostly preserved. 
We calculated for each line a cumulated fatigue endured 
because of the wind, depending of the strength of the 
wind, its direction relative to the line, and the length of 
the line. The wind data (strength and direction) are 
available on a grid of 10 km wide squares for every three 
hour interval.  
These very calculation intensive features did improve the 
model although not to a large extent. 
Some work is underway to integrate new data source like 
reports from line inspection with drone or LIDAR. 

EXTENDING THE METHOD TO MV 
NETWORKS 
Enedis MV network has a different structure from the LV 
network with much longer feeders. For approximately the 
same total length of underground network, there are only 
c30,000 MV feeders. Calculating a probability per feeder 
is therefore not precise enough to decide of an investment 

and it has been necessary to fit some machine learning 
models on a per line segment basis. 
The historical faults data base used is the one of the 
dispatching where they collect the switch-disconnectors 
used to de-electrify the faulty cables. 
We used graph calculation to assign the faults on given 
line segments. The graph analytic techniques used are 
similar to those used by Enedis in its work to improve 
network resilience against flood risk [2]. 
 

 
Figure 3 : locating faulty line segment between switch-

disconnectors 

Whereas it is quite simple to understand how faults are 
located on line segments (Figure 3), being able to 
process 10 years of faults over the whole Enedis’ network 
in a reasonable time has been critical to build the samples 
needed to fit a machine learning model. 
Dense urban areas in France are subject to an increased 
number of faults during heat waves [3], and replacing 
risky network is important to ensure network resilience is 
maintained. 
The first results of MV cable replacement targeting with 
AI are still being challenged and compared with historical 
technique, including fault locating with online measures.  
Considering a heat wave which happened over Paris area 
in the second half of June 2017, c25% of the incidents 
where located on line segment which were targeted by 
the model. These first results are quite encouraging to 
keep on trying enhancing the models.  

LEVERAGING ON DATA PREPARATION TO 
DEVELOP PREDICTIVE MAINTENANCE 
All data analytics and predictive models are developed 
with open source big data technologies (Hadoop / Spark). 
This allows building some complex data processing 
pipelines which include geographic or graph calculation. 
Being able to reproduce easily up-to-date datasets is 
critical to develop operational machine learning models 
as the data processing represent usually more than 80% 
of the development costs. The main source for our study 
is the representation of the whole Enedis’ networks (MV 
and LV) used at Enedis for electro-technical studies and 
readily available in the CIM format [4]. This very 
structured format allows having a very detailed 
representation of the network both physical and electrical 
and can be processed in parallel calculation conveniently. 
It has been so far very useful. 
 Most the data preparation work for cable replacement 
studies can be re used for more dynamical modelling 
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such as predicting impact of storms on overhead network 
or identifying portions of overhead networks which could 
have a fault in near future. 

Impact of wind on overhead networks 
With almost the same code and data that what has been 
used to target replacement of overhead features, we are 
developing a model to forecast the impact of strong wind 
on a near future according to wind forecast. The use case 
is so far to challenge existing planning policies but 
predictive models could be used, if precise enough, for 
crisis management in case of strong storms. 
 

 
Figure 4 : wind directions and faults on MV network over 

Burgundy area 

Analysis of transient faults 
Another example of the use of existing code and data to 
quickly develop and test new use case is the processing of 
transient faults seen by installed fault indicators and 
collected through the smart meter IT system. 
The idea of the use case is to detect specific areas which 
are at the source of this transient faults in order to launch 
inspection and maintenance actions to prevent future 
fault. 
Massive data processing capacity and graph analytics 
allows to implementing analysis and testing outputs with 
operational team. 
In Figures 5, we show a feeder equipped with a number 
fault indicators, when there is a transient fault on the 
network, each fault indicator is able to indicate relatively 
to itself which part of the network is originating the 
transient fault. By combining all the signals generated at 
the same date we are able to locate the part of the 
network (green bold on the right) at the source. Some 
action could be taken to inspect and fix potentially any 
issue before a real faults happens. 

 
Figure 5: MV feeder with line segment identified as being a 

source of transient faults 

 

CONCLUSION 
In this paper we describe how Enedis deployed a solution 
using Big-Data / AI techniques to improve network 
replacement at the large scale of its whole network. 
Being able to estimate for each asset a risk of fault allows 
improving significantly the efficiency of network 
replacement CapEx spending.  
We also explain how big data technology is used to 
manipulate at once a large quantity of data, for a number  
of different use cases and how we can capitalize on the 
initially costly data preparation. 
The data describing the network and created by new 
objects, are numerous but not so heterogeneous which 
makes big data techniques particularly appealing and 
effective. Having the data management at the heart of the 
distribution system makes the data processing useful 
across all the business lines. 
Eventually, developing new data driven use cases directly 
on big data platform allows scaling up working solutions 
in a very effective manner and reduces time to market. 
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