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B. Abstract  
 
The development of effective reliability-based evaluation approaches for assessment of power system component importance is very crucial in the planning and operational decision-making processes of power systems. Bayesian Network (BN) is one of the most powerful tools that have been used for this purpose. Generally, a BN may be constructed based on expert beliefs, casual-effect, or learning methods. In this chapter as a contribution to the previous literature, a new learning-based hybrid mutual information-oriented measure is developed for constructing the BN model for a Composite Power System (CPS) with emphasis on the involvement of the transmission components. Whilst, in the previous literature, because of the lower failure probability of transmission components compared to generating units, transmission components have not been accurately involved in the BN model.  The presented approach is implemented on IEEE 24-bus Reliability Test System. The analysis shows that the constructed BN of the case study based on the proposed hybrid mutual information measure provides the importance evaluation of transmission system components more precisely.  C. Composite power system, Reliability, Transmission, Bayesian Network, Normalized Mutual Information  D. Introduction  
Power system reliability issue has been received more attention in the recent years [1, 2]. From the reliability viewpoint, evaluation of the importance measure of power system components is essential in long-and short-term power system decision-making procedures such as, but not limited to, transmission expansion planning, generation expansion planning, maintenance scheduling, and network reinforcement. In recent years, the need for a fast and reliable evaluation technique is receiving more attention due to the higher mutual interactions of different components in the smart grid environment, and in the case of cascading events that lead to blackouts [3]. Two approaches are used for assessing the importance of system components: analytical models and simulation-based approaches.  Applying the analytical models such as Reliability Block Diagram (RBD), structure-function, Fault Tree Analysis (FTA), and Markov Modeling for complex systems, such as the CPS, is not effective nor practical. Among simulation based-approaches, Monte Carlo (MC) method has been frequently used in the previous literature [4]. For importance evaluation of each component via MC simulation, the MC procedure should be repeated for large number of iterations. Hence, the evaluation of the importance of components via MC simulation is time-consuming and difficult to be implemented. To tackle this problem, BN is developed. Generally, a BN is a graphical probabilistic model that has been used successfully to study the probabilistic relations between lots of variables in large scale systems. A BN represents the conditional dependencies between a variable set via a Directed Acyclic Graph (DAG) known as BN structure and conditional probability distributions assigned to each node of DAG known as BN parameters. In BN structure, if an edge from node X to node Y exists, X is called as the parent of Y 
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[5]. BNs have been applied for various areas of power system studies such as fault diagnosis of three-phase inverters [6], reliability assessment of grid-connected photovoltaic systems with intermittent faults [7], incorporating of protection system failures in reliability studies [8], and agent-based modeling of electrical energy markets [9]. In [10], the BN has been used for assessing system resilience and is applied to study an interdependent electrical infrastructure system. In [11], a BN-based unified model has been presented for the performance and reliability study of the radial multi-microgrids.  
Two steps should be taken to design an appropriate BN: a) constructing a proper structure for the BN, b) assigning precise parameters to the corresponding nodes: In [12], the BN of the CPS is constructed based on the physical topology of the system and the corresponding fault tree, or the minimal cut-sets. This approach was applied to a small CPS having a simple fault tree. In [13], an approach is employed to determine the minimal cut-sets and then they are used to construct the BN. Since using cut-sets for reliability analysis of systems with multi-state components is not a simple task, implementation of this method in CPS containing multi-state components such as derated generators is not practical for large power systems. Also, incorporation of protection system failures in reliability assessment of CPS, proposed in [8], suffers the same difficulty. Apart from time-consuming problem, in [8, 13], the cut sets of the system are determined in condition of fixed load, while with varying the system load, the cut sets may be changed. In [14], a BN is constructed for a CPS based on a learning approach. However, due to its generality of the employed learning algorithm, a relatively large burden of computation is required. Also in the final structure of the BN, the transmission components do not exist. In [15], to construct the BN, a novel learning-based approach has been adopted for a CPS. In [15], an initial structure is considered for the BN based on the causal relations and then it is modified using the Mutual Information measures between variables. In [16], it has been shown that due to the low failure probability of transmission system components, to reach the BN structure of the electric transmission system, a very large training data set is required that the structure learning becomes difficult. To overcome this problem, in [16] the Importance Sampling (IS) has been used to provide a weighted training data set with lower number of data. Afterwards, to construct the BN, the MI based approach presented in [15] with weighted training data is employed.  
In [16], it is shown that by utilizing IS, the BN associated with the only transmission system can be obtained effectively. As the motivation of this research, it is shown in this study that the structure of BN of the power system consisting of both the generation and transmission systems based on MI measure is very sensitive to the threshold value selected for comparing MI values with it. Hence, the BN obtained based on MI measure may not be accurate enough. As it will be shown in this study, the cause of inaccuracy is due to considerable difference between Forced Outage Rate (FOR) of generation and transmission components.   
Although transmission system components compared with generating units almost have low failure probabilities, their outages may have constructive effects on reliability of system. In this regard, transmission components need to be accurately involved in the designed BN.  
In this study, as a major contribution, a new dependency measure named Hybrid Mutual Information (HMI) measure is developed that is used in the learning-based approach of constructing the BN associated with a CPS which is consisting both transmission and generation sectors. Since transmission 
components’ FOR is low, the number of samples with transmission component outage is low. To have a richer data-set containing the failure of transmission components and with lower number of data, IS is deployed in data generation of MC simulation.  
Generally, the structure learning of a BN is a NP-hard problem and different algorithms are proposed for it. But the special learning based approach proposed in [15] simplify constructing the BN associated with power system and it does not require much computational effort. It can be applicable for power systems with complex topologies and it is not required to system cut-sets be identified. Also, the multi state components and variation of load can be considered easily and it can be developed to consider other items in reliability studies of power systems. However, by introducing the HMI measure, while maintaining the advantages of constructing the BN from the learning based approach proposed in [15], a precise analysis of transmission components simultaneous with generation system components is 
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provided and the effectiveness of the proposed approach is shown in the modified IEEE 24-bus Reliability Test System. Table 1 presents a taxonomy of a few studies related to BN construction for a 
CPS’s reliability studies.   
E. Introducing the HMI measure and its using to construct the BN associated with composite power system 

1. The BN Construction Procedure 
The procedure for constructing the BN is based on an initial structure. Afterward, it is modified using the 
BN’s possibility of learning from data. MC simulation is utilized for training data set production in a non-sequential way. The procedure to create the BN and using it for reliability analysis of the CPS is briefly presented in Fig.1. In the following, at first the approach to produce training data is reviewed and then the general approach to create the BN is briefly presented [15, 16].  Table 1. Taxonomy of studies related to BN construction for a CPS   
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Proposed approach   Multi learning with  HMI measure    
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   Fig. 1.  The procedure to construct the BN with the application for reliability analysis  
1.1. Training data Generation 

As mentioned in the previous sections, to create the BN, we need a training data set. The training data includes state vectors as 1 1 1[ ,..., , ,..., , , ,..., ,..., , ]ng nl i j k n mS G G L L L L Bus Bus SF− −=   
where Gi points to the ith set of generation units located on the same bus which are similar. The generating units related to Gi variable is considered as a derated generation unit and the value is equal to the number of its related generation units in the failure state. Li is related to the state of the transmission line or power transformer i and its value is equal to 1 if it is in failure state, otherwise, it is zero. 𝐿𝑖−𝑗 denotes parallel transmission components i and j, having the same specification and its value equals the number of corresponding components in outage state. SF variable is devoted to represent the system state in supplying load. Its value equals to zero, unless the loss of load is occurred that it will be one. Variable Busk is similar to SF; however, it is devoted to the load point k. The value of Busk is equal to one, if the loss of load is occurred in bus k; otherwise, it is equal to zero. 𝑛𝑔 and 𝑛𝑙 are the numbers of generating units sets and individual transmission system components, respectively. Also, m is the number of load buses. MC simulation is used to generate training dataset. To evaluate and specify the sampled states and the values of variables Busk’s and SF variables in vector S, DC Optimal Power Flow (OPF) is used. In the OPF model, the branch flow constraints and real power generation limitations are considered.  As corrective the actions to establish operational constraints, generation rescheduling and load shedding are applied. To perform a more accurate analysis of the transmission system, as suggested in [16], the IS scheme is used in the data generation stage. Using the IS results in a weighted training data set. 
1.2. BN Construction 

The components outage might cause load loss in some load points. Load loss in each bus means the system load loss. So, the initial BN structure based on the independence assumption 
of the components’ outages and the casual relationships between variables is considered as shown in Fig. 2. However, it is clear that all of components do not equally affect all of the load points. In this regard, to identify more critical relations between load points and components, a dependency measure should be used. After the BN structure is specified, the parameters of BN are determined as pointed in [15, 16]. In the next section, a new dependency measure is proposed to identify the effective links between nodes.   
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                    Fig. 2.  The initial structure of the BN associated with the CPS  
2. Mutual Information and Normalized Mutual Information Measures 
One of the simple indices for measuring the dependency between random variables is Mutual Information index. For random variables X and Y with marginal probabilities p(x) and p(y), and joint probabilities p(x, y), MI is defined as: 
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MI measure is always non-negative. If X and Y are independent, p(X, Y) = p(X).p(Y) and therefore MI measure is equal to zero. The higher value of MI indicates the stronger dependency between X and Y variables. The Mutual Information can be represented as the following equation in terms of variable entropies [17]: 
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where, H(X) is the entropy of variable X that measures the uncertainty on variable X and is defined as 
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The Mutual Information on the basis of Eq. (2) indicates the uncertainty reduction about X (or Y) through observing of Y (or X). The conditional entropy H(X|Y) is defined as: 
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( ) −= yx yxPyxPYXH , ),(log),(,         () 

Also, the MI measure is represented as: 
),()()(),( YXHYHXHYXMI −+=  () 

The relation between MI measures and entropies is shown in Fig. 3., Eq. (6) implies that: 
0 ≤ 𝑀𝐼(𝑋 < 𝑌) ≤ 𝑚𝑖𝑛(𝐻(𝑋), 𝐻(𝑌)) ≤

1

2
(𝐻(𝑋) + 𝐻(𝑌)) 

                                   ()           Fig. 3. Relations between MI measure and entropies  
 MI has been normalized in [18] in a way that the its maximum is 1. Four types of normalized NI are as following: 
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3. A new hybrid dependency measure 
Although, it is not expected that the BN structure consists of all components, it is expected that the BN comprises the most critical components. In the MI based approach proposed for constructing the BN, MI measure is used to measure the dependency between components outages events and load loss in different load points. After the computation of MI measures, they are compared with a threshold value to decide about the existence of edges in the BN.  Based on inequality (7), MI measure is always less than variables entropies. The variations curve of H(X) for variable X having a binomial distribution with parameter p, for different values of p is shown in Fig. 4.  
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 Fig. 4. The curve of H(X), X having binomial distribution with parameter p  It is observed that for p=0.5, H(X) is maximum. Also, for values near to zero or one, H(X) is very small and near to zero. Therefore, for components such as transmission system components that their Forced Outage Rate (FOR) values are very low, their entropies are very small and so, even if their outages cause to certainly loss of load in some load points, the MI measure will be very small and depending on the chosen threshold value, such components may or not be appeared in the BN. To ensure the existence of the edges between load points and components having very low FOR values that their outages affect the reliability of load points considerably, it seems that using the MI measure is not effective. Applying Eq. (10) can solve the problem, since in that equation the normalization is done based on entropy of components. On the other hand, for components with high FOR values, such as generating units, corresponding values of NIx are low. Therefore, a hybrid mutual information measure (HMI) to measure the dependency between components Xi and load point Busj is proposed as: 

j xj
( , ) ( , )( , ) max ,max max

i j x i ji j
MI X Bus NI X BusHMI X Bus   

=  
  MI NI               () 

In Eq. (12), MIj and NIxj are respectively the vectors of MI and NI measures between Busj and all of the system components. Since the variation range of MI and NI measures are different, to improve their comparison, they are normalized on the basis of their maximum values on each bus. The value of HMI measure is limited to [0, 1], so the threshold value can be specified easily (e.g. 0.05). 
4. Component ranking  
One of the main application of BN in power system is component ranking. A question that may be raised is why the BN is constructed, while the critical components can be identified using the MI, NI, or HMI. It should be noted that the BN provides the possibility of various probabilistic inferences and the importance of components can be evaluated from different aspects as is done in [15, 16, 19, 20]. For example in [15], it is shown that the BN can be used to components ranking on the basis of frequency and duration indices. So, having the BN for the power system can be useful. Although these evaluations can be done by other approaches such as MC simulation, they will be very time consuming. In the next section, Birnbaum Mesure (BM) is used for component ranking. BM indicates how system unavailability will change with changes in component unavailability and is defined as 
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where SF denotes system failure event and xk points to the number of component in failure state related to the kth component. So, 𝑃𝑆𝐹=1indicates the system failure probability and 𝑃𝑥𝑘=1 indicates the failure probability of component k. Considering the conditional probability rule, Eq. (13) can be represented as: 

( ) ( )0|11|1 ==−=== kkk xSFPxSFPBM    (14) 
The BM of component k represents the criticality state of system in view of probability with respect to that component. Based on Eq. (11), this measure indicates the importance of the component for system operation from the structural point of view and so sometimes is known as structural importance index [21]. In this study, with regard to considering the similar components in the same position with one multi-state variable and so with one multi-state node in the BN, the definition of BM will be different. For a multi-state system with multi-state components, the Composite Importance Measures (CIM) are developed [22]. On this base, for a two-state system with multi-state components, BM measure will be as: 

( ) ( )
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=−==
−

=
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j kk
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1
1|11

1              (15) 
  where mk is the number of state of xk. 
5. Case Study 
In this study to more obviously show the importance and efficiency of the new proposed dependency measure, a moderate size power system as IEEE- 24 bus Reliability Test System (RTS) is selected for the case study. But to put the transmission section in more stress, the load of the system is increased by 40% and the capacity of transmission components is decreased   

 Fig.5. The single-line diagram of IEEE-RTS 
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10% and then the approach is applied to the Modified RTS (MRTS). The MRTS is depicted in Fig. 5 that has 24 buses, 32 generation units, 17 load points, 5 transformers , and 33 transmission lines [23]. As mentioned in Section III, similar generating units placed on a same bus are related to one variable Gi in vector S and they are shown with one node in the BN. The variables Gi (∀𝑖 = 1: 𝑛𝑔) for the test system, with their specifications can be referred to Table 1 of [14].  As an example, in that Table, variable G1 points to 6 generating units having the capacity of 50MW and FOR value of 0.01, located on Bus 22. It should be mentioned that the approach to generate data, and constructing the BN involving structure and parameter learning is done in MATLAB and for inference from the BN, GeNIe & SMILE developed at the University of Pittsburg [24]is employed.  
5.1. Comparison of MI, NI and HMI measures  

Before showing the final structure of BN corresponding to the test system obtained using the HMI measure, it is appropriate to compare the MI, NI, and HMI measures between a load point and components. This is done for Bus 8 in Figs. 6 and 7. From Fig. 5, it is observed that transmission lines 11, 12, and 13 connect Bus 8 to the system. In this study, the used load shedding policy in contingency states is based on closeness to the component(s) on an outage. So, the outage of lines 11, 12, and 13 can affect the reliability of load point 8 and so it is expected that these lines are parents of node Bus8 in the BN.  
 Fig. 6 shows that the MI measures between theses transmission lines and the load point 8 are low and so the existence of edges between these lines and node Bus8 in the BN, is highly affected by the chosen threshold value to compare with MI measures. However, the value of NI measures between transmission lines 11, 12, and 13 is high and so based on this measure, these lines certainly are chosen as parents of node Bus8.On the other hand, the NI measures between some variables that have large MI measures, are relatively low due to their high FOR values and so their high entropies. The curve of HMI measures between load point 8 and components is shown in Fig. 7. It is observed that the effective components on the reliability of this load point are well identified using this measure. It should be mentioned that the value of MI, NI, and HMI measures of the other components that have not appeared in Figs. 6 and 7, is very low and so they are not shown. In another illustration, the value MI and HMI measures between  Buses 1-6 and system components are respectively shown in Figs. 8 and 9. This can be done for all load points. But, for more clear view, here this is shown for only 6 load points. Also, some components that their related MI and HMI measures with all load points were very low are not considered in these figures. Based on Fig. 8, it is shown that most of MI measures between load points and transmission system components are very low and so identification of effective transmission components on  load points is highly dependent on the selected threshold value to compare them. But it is shown that based on Fig. 9, the effective transmission components can be suitably identified based on HMI measures. 
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 Fig. 6. MI and NI measure between Bus 8 and components  

 Fig. 7. HMI measure between Bus 8 and components   

 Fig. 8. MI measures between load point 1-6 with components  
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 Fig. 9. HMI measures between load point 1-6 with components   
5.2. Final structure of BN associated with MRTS  

The final structure of the BN obtained using the HMI measure is shown in Fig. 10. Although the accuracy of the obtained BN can be evaluated by different quantitative probabilistic inferences from the BN, the BN structure also involves information and so it can be evaluated intuitionally. In Table 2 the transmission system components that are parents of each loads point are shown. Referring to Fig. 5 and with regard to load shedding policy, it is observed that the being parents of transmission system components for load points is expected. It may be thought that it is not required to determine the parents of load points using the HMI measure and they can be identified based on system topology. But it should be noted that in this study, the closeness to the component(s) on outage is considered as load shedding policy. However, the other load shedding policies may be used in a power system and so identification of effective components on   
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 Fig. 10. The BN structure associated with MRTS  load points will not be so easy, generally. The results in Table 2 verify the accuracy of the proposed dependency measure in constructing the BN. 
5.3. Numerical Evaluation of component ranking  

The ranking of components based on the BM measure is performed. The results are shown in Fig. 11. For computation of BM of each component with mk states, mk MC simulation is run. MC should be repeated for each component which is very time-consuming. While, these assessments can be easily done using the obtained BN. The results of MC simulation is also depicted in Fig. 11.   

 Fig. 11. Components ranking based in Birnbaum measure  As another assessment, here, the Loss of Load Probability (LOLP) of Bus3, given some components in outage states is shown in Fig. 12.  To show the accuracy of the results, this analysis is also done using the Monte Carlo simulation. For this purpose, it is required to set the state of each component individually to failure state and then run MC simulation to obtain the LOLP of buses or system. It is clear that it is time-consuming, but it can be easily performed by inference from the BN. However, the comparison of results obtained from the BN and MC verifies the accuracy of the BN model. In this study the BN is applied to assess the CPS in view of loss of load probabilities and components ranking.  It is noted that the approach is applicable for larger power system. A BN may be generally large. But it is suitable that the number of parents for each node is not so numerous. For every load point, there are some components that have more effect on their reliability and so the number of parents of the load point nodes in the BN will be limited. But when the power system is large size, 
the parents’ number of node SF will be large that it will not be suitable. For the large size power system, the nodes  
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  Fig. 12. Loss of load probability of Bus 3 given components outage  associated with load points can be divided to some groups, each group connect to one node and then the new nodes associated with groups connect to SF nodes and so it can be employed for the large power system.  
 
F. Conclusion In this chapter, a new dependency measure was suggested to be used in constructing the BN associated with the power system considering both generation and transmission sections with the aim of achieving the more precise BN and so more accurate analysis of transmission system components effects on the system reliability. The proposed measure was a combination of Mutual Information and a special normalized Mutual Information measure. Using the new proposed measure in the process of special BN structure learning provided the possibility of accurate analysis of the transmission system components while taking advantage of using the BN in detailed reliability evaluation of CPS. As a case study, the proposed measure was applied to the modified IEEE 24-bus test system, although it was applicable for larger CPS. The simulation results showed that using the new dependency measure in constructing the BN could provide a more precise evaluation of transmission system components on system and load points reliability in comparison with the BN constructed based on MI measure. As future work, it is suggested that the state of load points in the BN is selected based on the measure of curtailed load or energy not supplied to provide more reliability analysis of CPS on the basis of energy indices. Also, the application of the proposed approach to renewable-based power systems, hybrid AC/DC systems and micro-grids is suggested.  G. References 
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