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Abstract: As a generalization of the successful hidden Markov models, Dynamic Bayesian Networks (DBNs) are a natural basis for 
the general temporal action interpretation task. This document provides a conditional probabilistic approach to analyze the energy 
availability in electrical distribution networks by using Bayesian networks (BN). Firstly a static BN modelling is presented to show 
the influence of the switch behaviour on the energy availability. Then, the dynamic behaviour of the switch is cared by switch 
reliability modelling using DBN which permits to predict the energy availability. The prediction by DBNs discussed in the case study 
of this paper gives a strong contribution on electrical network supervisory control and it can also be applied to transportation 
networks. 
 
 
 

1. Introduction  

An electrical distribution network depends on an 
operator that must ensure the operation and 
maintenance while ensuring the quality and continuity 
of supply, security of persons and property. Operating 
the network will lead to react to the result of various 
events occurring on this network. The fact that events 
are random, it is necessary to determine how to 
behave according to the situations, imagine the 
maximum failure scenarios to predict failures and 
ensure optimal network availability. The Bayesian 
networks (BNs) proposed in this paper were used in 
many fields and to resolve different problems. 
Modelling with static BN is similar to that of fault tree 
[1]. [2] have used BNs for estimation of overhead 
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lines failure rate in electrical distribution systems. [3] 
showed that employing Bayesian methods could 
enhance transmission grid risk analysis. [4] used 
Bayesian method for electrical power system transient 
stability assessment. [5] developed a Bayesian belief 
network model for electrical load demand. 

Geographic knowledge of network, topology and 
the electrical state knowledge of the network are 
necessary to master situations that occur each time one 
or more sections of the network are unavailable [6]. 
The operations manager must then seek to restore 
power supply of the largest possible number of 
customers taking into account any statutory priorities 
or the sensivity of customers regarding power outage. 
To do this in the best conditions, it is essential to 
prepare troubleshooting plans that allow designing  
in advance of the maneuver sequences to restore 
power. 
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Among all constituent elements of an electrical 
distribution network, the switch is the most important 
element of maneuver. It has a dynamic behaviour. It 
ensures isolation and power restoration function. It 
performs the function of isolation and power 
restoration; in this case the maintenance over time of 
these two functions is essential. The reliability of a 
switch is the maintaining over the time of the isolation 
and restoration performances. 

This paper presents an approach for assessing the 
availability of electric power based on reliability 
modelling of switching devices using DBNs. The 
remainder of this paper is organized as follows: In 
section 2, BNs are presented. Section 3 presents the 
research methodology. Section 4 is devoted to the 
application of our approach to an electrical 
distribution network supplying a city. Finally, 
conclusions are presented at section 5. 

2. Bayesian Networks 

Probabilistic graphical models such as BNs [7] have 
been widely used to solve various problems (for 
example, diagnosis, classification, failure prediction 
and risk analysis) [8, 11]. These models are 
characterized by their ability to treat uncertain 
information and represent the interdependencies 
between different variables of a given problem. The 
advantage of probabilistic graphical models is 
interesting graphical representation of models, easy to 
understand and analyze. In addition, the probabilistic 
failure analysis evaluates the probability of failure of a 
complex system that its weak points can be identified. 

In Bayesian Network (BN), indicating an arc 
between two variables implies direct dependence 
between these two variables (one is the parent and the 
other is the child). It must provide the behavior of the 
child variable regarding the behavior of its Parents. 
For this, each node has a conditional probability table 
(CPT). A CPT associated with a node enabling to 
quantify the effect of parents’ nodes on this node: it 
describes the probabilities associated with child nodes 

according to the different values of the parents’ nodes. 
For root nodes (without parents), the probability table 
is no more conditional and then, fixes a priori 
probabilities concerning the variable values [7]. 

BNs prohibit child dependencies of parents. Thus, 
the set of variables and arcs will form a directed graph 
(arcs have a direction), and acyclic (no cycles in the 
graph). So a BN (Fig. 1) is defined by a directed 
acyclic graph (DAG), as explained in [12]: 
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Where C (Vi) is the set of parents (or causes) of Vi 
in DAG. 

3. Methodology 

A BN is a modeling tool which deals issues where 
the variable is static. In such a field each variable has 
a unique and fixed value. Unfortunately this 
hypothesis of static world does not always take, many 
fields exist where the variables are dynamic and 
reasoning over time is necessary, such as dynamic 
systems. DBN are graphical models for representing 
compactly the uncertainties inherent in dynamic 
systems evolving with time. The BNs and DBNs 
provided a strong contribution in the field of 
reliability. For example the work of [13] is cited for 
reliability modelling of a complex system using BNs, 
and the work of [14] for modelling reliability with 
DBNs. 

In this study we will use DBNs to assess the 
reliability of switch, and consequently predict the 
different situations of power supply. The study 
approach was inspired primarily from the work of [14]. 
In order to control the electrical distribution network, 
we must control and monitor the evolution over the 
time of the variables (control of section) for each 
section. To achieve this objective the idea is to infer, 
 

 
Fig. 3  Graphical representation of a simple BN  
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what is the possibility for example that a section is 
isolated or supplied based on the switch closing and 
opening sequences. In this case the hidden random 
variable is (control of section)t with two state (isolated 
section)t and (section supplied)t, and the observed 
variable is (state of switch)t. the satisfaction of these 
suppositions is modelled using the dependencies 
between all model variables that which is given by the 
DBN of Fig. 2 : 

In Fig. 2, the fact indicate an arc between the two 
variables control of section)t and (state of switch)t, this 
means that the isolation and power restoration of 
section depends on the switch condition and its 
reliability at time t, and even the switch reliability at 
time t depends on its reliability at time t-1.  

From this DBN it is possible to calculate the most 
recent a posteriori distribution of the variable (control 
section)t with filtering, as it is possible to calculate the 
a posteriori probability in a future time of variable 
(control section)t+i, where i is the number of time steps 
as given by formula (2): 
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4. Case Study 

The electrical network supplied a locality is used as 
a case study network to show the strong contribution 
of BNs in electrical distribution networks operations. 
This network is supplied at 30KVA (Fig. 3). 

The protection of this network is provided by a 
switch remote-controlled to voltage dips (interrupteur 
aérien télécommandé à creux de tension (IATCT)), 

installed in tap-off head and eliminates it in case of 
default, opening automatically during the slow cycle 
breaker tripping out. These switches allow for easy 
location of permanent faults and reduce sections 
unpowered during repairs to the following incidents or 
when scheduled, if they cannot be carried out under 
tension. 

4.1 Static BN modelling 

In this study we are interested in the reliability of 
the switches that allow the isolation and the current 
restoration of the various network sections. To control 
an electrical distribution network must master and 
predict the behaviour of switches. Table 1 gives the 
failure rate per year of the IATCT under the two 
defects: the switch remains open and the switch 
remains closed. 

The definition of a priori probabilities is the most 
difficult step in building the model; it is based on the 
knowledge held by experts or the feedback. It also 
requires special attention because the results depend 
on data. 

Fig. 4 Represents a BN which gives a posteriori 
probabilities of the variable (control of section) 
depending on the switch reliability. 

A posteriori probabilities given in Table 3 are 
calculated from the a priori probabilities and CPT 
given in Table 2. 

4.2 DBN modelling 

DBN encodes the joint probability distribution of a 
time-evolving set of variables V (t) = {V1 (t),…, Vi 
(t)}. If we consider t time slices (time step) of 

 

 
Fig. 2  Control of section modelling with DBN. 

t   t-1 t+1 

t+1 t t-1 
Control of 

section 
 

Control of 
section 

 

Control of 
section 

State of 
switch 

State of 
switch 

State of 
switch 

 



Availability Assessment of Electric Power based on Switch Reliability Modelling with Dynamic  
Bayesian Networks: Case Study of Electrical Distribution Networks 

292 

 
Fig. 3  Network design 
 

Table 1  A Priori Probabilities 

Failure Failure rate ( Probabilities) 
Remains open λ = 0.072 
Remains closed λ = 0.064 
working correctly λ = 0.864 

 

 
Fig. 4  Static Bayesian network modelling  

Table 2  Conditional Probabilities Table 

Control of section 
Switch 
Remains 
closed 

Remains 
open 

Working 
correctly 

Supplied section 0 1 1 
Isolated section 1 0 0 

 

Table 3  A Posteriori Probabilities of Variable Control of 
Section 

Control of section A posteriori Probabilities 
Supplied section 0.928 
Isolated section 0.072 

 

variables, the DBN can be considered as a "static" BN 
with T ×i variables. 

The temporal probability distributions of parent 
variable (switch) with three state (remains open, 
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Temporal probability distributions
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Fig. 5  Temporal probability distributions. 
 

A posteriori probabilities 
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Fig. 6  A posteriori temporal probability distributions of variable control of section. 
 

remains closed, and working correctly) are shown in 
fig. 5. 

Modelling the dynamic behaviour of the switch and 
therefore the two states (isolated section) and 
(Supplied section) versus time consists of 50 time 
steps, with each time slice contains its own variables. 

The state of the section is quantified by a posteriori 
probability per (2); the results are presented in Fig. 6. 

This section presents the prediction results of an 
experimentation conducted on an IATCT feeding 
locality. From the results given by our model, we can 
extract knowledge and transform them automatically 
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for probabilistic, quantitative and qualitative 
prediction results, these prediction results of our 
system allows us to anticipate different situations 
caused by failure in power supply system, it is very 
encouraging. 

Indeed, our study concerns the prediction of the 
network state. This prediction is dynamic; it evolves 
throughout the operation of the network by new 
measures and new situation. With each year of the 
network operations, we could envisage his state at the 
future by a probability, which will be used, in the 
prediction of the year + 1, with these measured 
observations. 

5. Conclusion 

In this paper, we described an application of 
decision support system to the electrical distribution 
network operations. This system aims at helping the 
operators to estimate the availability rate. The decision 
given by this model is dynamic because it is based on 
the network state described in switch temporal 
behaviour of which the unit of time is the year. The 
dynamic decision system evolves and proceeds in 
several stages corresponding to the increasing levels 
of the equipments situation comprehension (in our 
example switch state). On each level, a set of 
knowledge can be generated. 

We have implemented the DBNs based on fixed (at 
t=0 that gives a static BN) and temporal data (years of 
operations). The application of the developed models 
for behaviour prediction of cut-off devices gives good 
results. 

The control of power distribution network includes 
mastery of behaviour of all static equipment such as 
transformer and dynamic such as the cut-off devices. 
Network design, equipment condition, and the human 
factor are elements which help to ensure quality and 
continuity of service in the profession of electricity 
distribution. In our future work, we will take over all 
these elements by static / dynamic models on the one 
hand and secondly by hybrid BNs for example to 

model the influence of consumption during peak hours 
on electrical network availability. 
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