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ABSTRACT 
 
This work models by Bayesian networks the residual heat removal system (SRCR) of Angra I nuclear power 
plant, using fault tree mapping for systematically identifying all possible modes of occurrence caused by a large 
loss of coolant accident (large LOCA). The focus is on dependent events, such as the bridge system structure of 
the residual heat removal system and the occurrence of common-cause failures. We used the Netica™ tool kit, 
Norsys Software Corporation and Python 2.7.5 for modeling Bayesian networks and Microsoft Excel for 
modeling fault trees. Working with dependent events using Bayesian networks is similar to the solutions 
proposed by other models, beyond simple understanding and ease of application and modification throughout 
the analysis. The results obtained for the unavailability of the system were satisfactory, showing that in most 
cases the system will be available to mitigate the effects of an accident as described above. 
 
 

1. INTRODUCTION 
 
The loss of coolant accident (LOCA) is considered as a design basis accident in a light water 
reactor as it is the one with the greatest potential for release of radioactive fission products. 
This LOCA is caused by a break in the primary coolant circuit, which is one of the reactor 
core protective barriers, (Glasstone & Sesonske, 1994). 
In order to mitigate the effects of this accident, there is a metal containment that limits the 
release of radioactivity to the environment and the reactor emergency cooling system, which 
has the mission to provide, in a timely manner, a sufficient amount of coolant to avoid 
melting of the reactor core. Particularly, in the case of loss of coolant accidents in the primary 
circuit with an equivalent diameter equal to at least 6 inches, the nuclear power plant is 
equipped with a system capable of injecting borated water from a storage tank system. This 
system is called residual heat removal system (FSAR, 2010). 
The objective of the work presented here is to identify the possible modes of system failures, 
development of their representative Bayesian network and definition of a priori probabilities 
of nodes roots, besides completing the Conditional Probability Table (CPT) to other network 
nodes. 
The analysis of the accident in the study uses a fault tree (FT) and adapts the FT to the model 
of Bayesian networks (BN); the latter has new possibilities, such as, for example, 
consideration of dependent events (DE), in particular redundant components failures due to 
common causes the so-called common cause failures. 
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2. METHODOLOGY 
 
The block diagram allows the understanding of the relationships between subsystems or 
components and the fault tree technique allows the representation of unwanted events causes 
of the studied system (Lewis, 1996). 
 
2.1 Block Diagram 
 
Each item that makes up the system is represented by a block and the set of blocks is 
arranged in the diagram according to their physical and / or functional configuration within 
the system, so understanding the relationships between system items is facilitated. 
 
2.2 Failure tree 
 
Logic trees can be used for both a qualitative and quantitative evaluation of a system and use 
deductive reasoning to determine the possible causes of an event of interest located at the top 
of the tree, which can be the failure or success of a particular mission. If the top event is the 
failure of a system in performing a particular task, the tree is said to be a fault tree, otherwise 
the tree is said to be a success tree (Lewis, 1996). 
 
2.3 Dependence between failures 
 
Two events A and B are dependent if 𝑃 𝐴 𝐵 ≠ 𝑃 𝐴 .𝑃 𝐵  or 𝑃 𝐴 𝐵 ≠ 𝑃 𝐴 𝐵   and, in 
general, 𝑃 𝐴 𝐵 ≥ 𝑃 𝐴 .𝑃 𝐵 , where the bar over a letter indicates the complementary event, 
particularly in systems having various levels of protection, considering the failure analysis as 
being independent, commonly overestimates system reliability. In this work, the attention 
will be focused on the kind of dependence called common-cause failures (FCC). 
Common-cause failures are considered generally as "... a subset of dependent events in which 
two or more components failed states exist at the same time or in a short time and are the 
direct result of a shared cause."(Mosleh et al., 1988) 
The quantitative treatment of common-cause failures in reliability analysis is done by using 
parametric methods, where the common cause of failure percentage is taken into account by 
one or more parameters. The first method is called the β factor method (Mosleh et al., 1988). 
 
2.3.1 β factor model 
 
It identifies the components subject to FCC, then divides the possible failures in two distinct 
categories: independent and dependent failures, such that the total rate of failure occurrence 
(𝜆𝑇) of these components may be described as the sum of the frequencies of occurrence of an 
independent failure (𝜆𝐼) and of a dependent failure (𝜆𝐶), namely: 

 
𝜆𝑇=𝜆𝐼+𝜆𝐶           (1) 

 
The model defines the β factor as the percentage of failures that occur in FCC function in 
relation to total failures, thus: 
 

𝛽 = !!
!!

           (2) 
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In a nuclear plant, the estimated value of β from the failure log to different categories of 
components, has show that their average value is 0.1 (Mosleh, 1991). 
 
2.4 Bayesian Networks 
Bayesian networks are a concise way to represent conjunction probabilities showing in a 
direct and structured way the dependencies between variables of a domain (Martins, 2013). 
 
2.4.1 Concepts 
 
A Bayesian network is a directed acyclic graph (DAG) wherein each node represents a 
random variable that can be discrete or continuous. These nodes are connected by directed 
arcs representing the dependence of the domain variables being modeled and cannot pass 
twice a given node following a path that respects the guidelines of the arcs. 
The main feature of Bayesian networks used in this work is the possibility of treating 
probabilistic dependencies between events from the specification of the causes which 
influences each effect. Quantitatively, each node receives a distribution of conditional 
probabilities showing the influence of parent nodes. Being both parents and child, variables 
with a finite number of states (discrete variables) the conditional probabilities for each state 
child node are shown in conditional probability tables (CPT). The CPT is the probability of a 
given node in each of the possible states, the states of the data parent nodes. Thus, 
considering Boolean variables, a node with k parents must submit 2𝑘 rows (or columns) in its 
CPT. A node that has no parents has only the initial probabilities associated with each 
possible state, and these probabilities are known as marginal probabilities, (Martins, 2013). 
 
2.4.2 Conditional probability and combination of probability 
 
The probability of occurrence of event A given that event B has previously occurred is the 
conditional probability of A given B, i.e. 𝑃 𝐴 𝐵 . 

 
𝑃 𝐴,𝐵 = 𝑃 𝐴 𝐵 𝑃 𝐵               (3) 

 
In eq. (3), 𝑃 𝐴,𝐵  represents the probability of the simultaneous occurrence of events A and 
B, an event represented by 𝐴^𝐵. If events A and B are independent 𝑃 𝐴,𝐵 = 𝑃 𝐴 𝑃 𝐵 , 
since, in this situation, 𝑃 𝐴 𝐵 = 𝑃 𝐴 . The possibility of representation of this dependent 
relationship is an important advantage of Bayesian networks for modeling complex systems 
as compared to the case of fault trees, where the events related to a gate "E" are regarded as 
independent. 
As 𝑃 𝐴,𝐵 = 𝑃 𝐵,𝐴 , then we can write Bayes' Theorem: 
 
 

𝑃 𝐴 𝐵 = ! ! ! ! !
! !

          (4) 
 

 
3. EMERGENCY CORE COOLING SYSTEM  

 
The system to be studied, that is, one that performs the phase of active injection at low 
pressure, is one of the subsystems of the Emergency Core Cooling System (ECCS), (FSAR, 
2010). 
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3.1. Loss Of Coolant Accident (LOCA) 
 
The accident begins with an instantaneous of rupture of the cold leg piping, between the main 
pump and the reactor pressure vessel. The coolant in the subcooled state undergoes rapid 
depressurization until the saturation pressure is reached. 
The reduction of pressure in the system and high pressure in the containment building are 
abnormal conditions that appear at the depressurizing phase, are detected by instrumentation 
and control, and activate the emergency core cooling system. 
The revetment temperature of the rods rapidly rises after the occurrence of rupture due to 
reduction in flow and the increase in local thermodynamic title that make the critical heat flux 
be exceeded. As the heat removal efficiency by the coolant decreases, there is a redistribution 
of the stored heat and a higher temperature equalization between fuel and cladding. 
Figure 1 shows a simplified model of a break in the cold leg between a pump and the core. 
 

 
 

Figure 1 - Example of LOCA. Adapted from (Glasstone & Sesonske, 1994). 
 

3.2 An Overview of the Emergency Core Cooling System 
 
The ECCS main function is to supply borated water to the reactor core to cool after the 
accident and to limit the temperature increase in fuel cladding, thus preventing damage to the 
core and preventing the escape of radioactive materials to the environment. 
 
3.3 Low Pressure Injection 
 
The low pressure injection system (LPIS) removes the residual heat from the reactor cooling 
system in order to reduce the reactor coolant temperature to the cold shutdown temperature at 
a controlled rate during the second part of the normal cooling plant and maintains this 
temperature until the plant be started again. 
Figure 2 shows a simplified LPIS diagram. 
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Figure 2 - LPIS model using the bridge system 
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3.4 ECCS operation after the occurrence of a LOCA 
 
The ECCS efficiency is estimated by the ability to keep the core flooded, or reflood it after a 
loss of coolant accident even after a (postulated) large rupture area. 
The initial operation after the occurrence of a LOCA is completely automatic, started by the 
safety injection signal. 
For a double-ended break LOCA type, which is characterized by a rapid fall of the reactor 
coolant system pressure, the injection is made through the injection paths of high and low 
pressure. However, most of the injection is made through the low pressure head, which is the 
focus of this study. 
 
 

4. Case Study 
 
To make a diagnosis the identification of possible system failure modes was made, preparing 
its representative Bayesian network and the definition of a priori probabilities of node roots, 
besides completing the CPT for the other network nodes. 
The failure rate λ is the generic component failure rate and involves failure due to any of its 
failure modes and can be obtained from database field data or reliability testing. 
 
4.1 Bridged System  
 
Consider that component E is inserted to connect two lines of a redundant system; the nodes 
in Figure 3 represent the components. 
 

 
 

Figure 3 - Bridge System 
 
 
The bridge system of Figure 3 can be patterned by a BN, which is shown in Figure 4 
considering nodes A, B, C, D and E with the reliabilities (given in%) of each of them. 
 

 
 

Figure 4 - Bayesian Network for bridge system 

LOCAG
W
F

 100
.006

E
W
F

99.7
0.26

A
W
F

99.8
0.16

B
W
F

99.3
0.73

D
W
F

99.3
0.73

C
W
F

99.8
0.16
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Table 1 displays all system configuration possibilities, that means Netica generated all 
possible combinations for components and the analyst filled the "LOCAG" column from the 
observation of all lines that showed whether the system worked or not under that 
combination. 
 

Table 1 - Conditional Probability Table for LOCAG 
 

 
 
The bridge system shown in simplified form in Figure 3 was used in this work, however, in 
reaching the reliability values of the nodes shown in Figure 4, the system used as the basis 
was the LPIS, which is shown in Figure 2. That is, each node represents the reliability that 
was obtained from a much larger network taking into account the possible failure associated 
with various LPIS valves and pumps. 
Thus, one obtains the BN of Figure 5, which was adapted to be seen as a bridge system using 
supercomponents and creating the nodes A, B, C, D and E shown in Table 2. 
 

Table 2 - Classification of nodes associated with supercomponents 
 

Node Name Components 
A Valves 8957A, 8928 and 8809A 
B Valves FCV-626, 8724A, 8958A and 

8812A 
Injection pump number 1 

C Valves 8957B, 8930 and 8809B 
D Valves FCV-619, 8724B, 8958B and 

8812B 
Injection pump number 2 

E Valves 8807A and 8807B 
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Figure 5 – LOCAG 
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4.2 Common-cause failure 
 
In the case of the FCC considered for the system of Figure 6, pumps B1 and B2 are two 
active components in parallel and compose the system. Let us consider that the FCC occurs in 
these pumps. In this study, it was assumed that the pumps failure rates are equal. 
 

 
 

Figure 6 - Bridge containing pumps and valves (Leite, 2014) 
 
 

The model shown in Figure 7 performs the reliability calculation assuming the system has 
components subject to failures that affect all components and further independent failures for 
each component, (Leite, 2014). 
 

 
 

Figure 7 - Bayesian Network for two components in active parallel taking into account 
an FCC 

 
The node CPT "FCC_OCCURS" admits that the network allows for a FCC to calculate the 
reliability. 
With the motivation to show the effectiveness of the modeling by BN for calculating the 
reliability of a system, some simulations were made for various β values and changes will be 
observed in the results of LOCAG reliability considering as a basis the residual heat removal 
system of Angra I. 
In these simulations, it is assumed that the pumps have independent failure rates and a 
common-cause failure rate.  
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The CPT is filled with the reliabilities of the components and the chances of occurrence of 
the FCC. In performing these steps, one can compile the BN, thereby obtaining the result of 
system reliability for each case analyzed. 
Figure 8 shows the complete network, where the default value for β is 10%. We made β equal 
to 15%, 20% and 40%, and the only changes in the BN are the "FCC_OCCURS" and 
"LOCAG”. A sensitivity analysis is shown in Figure 9. 
The values used in the CPT node "FCC_OCCURS" are calculated shown in Table 3. 
 

Table 3 - Values used in the CPT node "FCC_OCCURS” 
 

β (%) 𝜆𝐶 
10 1.4x10-4 

15 2.1x10-4 

20 2.8x10-4 
40 5.6x10-4 
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Figure 8 - Beta equal to 10% 
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What can clearly be seen is that all values of the nodes remain the same, except the values of 
nodes "FCC_OCCURS" and "LOCAG" that change as the beta values are varied. The 
variation of LOCAG values in relation to variation in β are shown in Figure 9. 
 

 
 

Figure 9 - Analysis of the impact on system unavailability due to the variation of β. 
 
The analysis of the results shows the flexibility of Bayesian networks for modeling dependent 
events. Specifically, it was necessary to use this model to link the redundant lines of the 
residual heat removal system, even though it may be done through the pivotal decomposition 
method and the common-cause failure between the RHR pumps (Leite, 2014). 
 

 
5. CONCLUSIONS  

 
Consideration of dependency between failures is also extremely important for proper 
modeling of system reliability and although existing models already being seen as classics for 
consideration of common-cause failures, modeling the dependence of equipment or 
components could be enhanced through the use of Bayesian networks. Bayesian networks are 
then seen as a highly promising technique for reliability and risk studies for its ease of 
handling and responsiveness, essential items for safety analysis. 
As one of the advantages of the conversion of FT to a BN, it has the possibility of performing 
inferences and analysis of “what if” type still in the design phase or when a new evidence of 
the system is obtained. This extends the FT analysis for the BN, and the possibility of 
simulations on different states of the system identifies the elements and their most probable 
failure modes. 
The analysis results show the flexibility of Bayesian networks for modeling dependent 
events. Specifically, it was necessary to use this model to link the redundant lines of the 
residual heat removal system, even though it may be done through the pivotal decomposition 
method and the common-cause failure between the RHR pumps, but faster using BNs. 
The results obtained for the unavailability of the residual heat removal system after a double-
ended LOCA using the BN and the FT were very close, it is important to note that in this 
analysis all events are considered independent and the difference between them was 
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approximately 2. 10!!, that is, the BN can be used and adjusted such that the results are close 
to those of the fault tree analysis. 
One can clearly see that the impact of common-cause failures is that system reliability 
decreases as the values assigned to β increases, that is, when we consider that all events that 
affect system reliability are independent, we obtain the unavailability 6. 10!!. However, 
when considering the common-cause failure between pumps with β = 10%, we get the 
unavailability 18. 10!!, that is, the system unavailability decreased significantly, showing 
that by not considering dependent events we are overestimating system reliability. A BN 
could be used, as well as fault tree, to observe the impact on system unavailability due to the 
improvement of the critical component or subsystem. 
The recommendation that the Bayesian Hybrid Networks are better developed and distributed 
on a larger scale to commercial software is due to the fact that they are simultaneously using 
discrete variables to represent the possible states of the system, and continuous variables to 
represent the operating conditions. But, unfortunately, the exact inference in hybrid networks 
is only possible for a few simple system configurations and probability densities, citing as an 
example the exponential distribution, limiting its application in reliability and risk studies, 
(Martins, 2013). 
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