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Abstract: In power systems, faults are unavoidable events. They can cause disastrous problems to 
operations. In this study, we aim to reduce the bad effects resulting from these faults in order to raise 
the operation performance. Fuzzy petri nets (FPN) are very important tools used to diagnose and 
prognosis issues. However, they take constant certainty factors (CFs) and depend upon long-term 
statistical average values to describe initial places. A new method is introduced here to determine 
CFs and initial truth degrees in FPN, so they can reflect different operating states and adapt to any 
changes in conditions in order to improve the prognosis. For this purpose, we define new kinds of 
CFs in order to take various conditions into account and represent a wide range of their effects on the 
system. The main purpose of this study is to analyze the system operation at different states under 
different conditions to determine the state that may cause problems, and take convenient procedures 
to prevent them. The proposed method is applied on a reliability test system to show its ability to 
make the FPN model more flexible and cover a wide range of operation cases. 
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1. Introduction 

Power systems performance assessment is receiving increasing attention from researchers 
because of its importance to keep working requirements acceptable; its main idea is to determine 
performance indicators for the system and its elements that define weak elements, possible faulted 
sections and reliable working. Fault diagnosis and prognosis are two important forms of performance 
assessment that help in decreasing faults bad effects on the electrical system, fault diagnosis deals 
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with possible faults in the current situation of the system, while prognosis issue deals with the future 
system status which means predicting how would system behave in expected conditions to prevent 
malfunctions before its occurrence [1]. Electrical networks are wide spread systems which consist of 
large number of elements which exposes it to many disturbances affect its services, we can divide 
them into two categories internal and external affected factors. The former includes influences 
caused by changes in the basic electrical parameters (voltage, current, frequency), which results in 
problems in providing consumers demands and internal faults in some elements. The latter includes 
influences come from outside resources like the surrounding environment, temperature, lightning and 
human errors [2]. These effects and others may reduce system's efficiency so it's important to take 
them in consideration when evaluating system performance; they are changing in turn so there is 
always a need to adapt the changes, which makes this process more complex. 

Many methods have been used to achieve fault diagnosis for electrical networks such as neural 
networks [3] which have effective representation to determine faulted sections when historical data 
are available but it has a long training time with every connect/disconnect case, genetic algorithm [4] 
used to define the most reasonable fault hypotheses but it may fail to complete the process in case of 
insufficient background information, fuzzy logic [5] is suitable for diagnosis process because of its 
ability to cover wide range of possibilities even in case of lack data. 

Fuzzy petri nets are very important tools used in this field, because of their abilities to represent 
the networks graphically and mathematically, their extensions adapt with a lot of applications and 
constantly evolving to increase works accuracy. Most of diagnosis methods use FPN depends on 
separate representation of elements [6], in [7] the analysis of incidence matrix is used to make large 
networks formulation easier, another developments included with FPNs to fit topological changes [8], 
take relays time features in consideration [9]. Fault prognosis is a recent term in power systems 
operations aims to prevent hazard situations and keep operation under reliable recommendations by 
rising correct operation time and reducing interruption time , intelligent methods such as neural 
networks (NN) [10,11] are powerful tools can represent the behavior of dynamic complex systems, a 
recurrent NN (RNN) shown in [12] have suggested clustering technique results in a smaller error 
compared with conventional (NNs) shown in [13], in [14] power flow had been calculated then 
neural network should trained to predict the hazards meet corresponding loads, probability theory 
can provide a perfect avenue for diagnosis and prognosis processes. Combination of intelligent 
method and Bayesian algorithm is used to develop a prognosis method for hydro control valve 
system [15]. Probability prediction is used to determine voltage problems in transmission 
networks [16], knowledge based methods like fuzzy logic method apply experts knowledge in a 
form of if-then rules to predict the dynamics of failure in various operating conditions [17,18]. An 
important application of fuzzy logic is shown in [19] where fuzzy logic and adaptive-neuro fuzzy 
systems are used to evaluate levels of road traffic congestion. A new hybrid fault prognosis 
methodology, which was a combination of the distributed neural networks and the recursive 
Bayesian method, was proposed for the application of the aircraft MFS System in [20]. Petri nets also 
have been used to prognosis faults depending on calculating probabilities of transitions firing [21], 
included fuzzy logic to PN allowed dealing with uncertainty and incomplete information to 
performance analysis [22]. A full description of the most important methods of forecasting faults is 
available in [23]. 

Reasoning in traditional FPN use the information of relays and circuit breakers as inputs and the 
relations between them determines the faulted element or section, transitions describe system transfer 
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from one state to another and the confidence degree of the rule related to a transition is set as 
constant certainty factor [24], initial truth degrees is set as the statistical average correct operation 
rates of elements. The actual reliability operation rates cannot be accurately detected so to get a 
representation closer to the real operation in [25] they used Weibull distribution to estimate 
parameters of reliability then used them to measure the initial information certainty, in addition the 
relative values of reliabilities are used to determine the weights of places during reasoning.  

The basic contribution of this research is to adapt with changing operating conditions when FPN 
diagnosis and prognosis tasks are carried out, research related to this field focus on a specific state or 
element in computations because of the difficulty to deal with many states and conditions at the same 
time. In this paper we proposed a different view of prognosis electrical systems performance using 
FPN, it depends on the relationships between the elements to build the model and use fuzzy rules to 
determine certainty factors instead of set them as constant values. After that we take different 
operation conditions (load cases, environmental factors) to analysis their effects on system 
performance and take appropriate procedures to avoid danger cases. The main contribution in this 
paper is: 
1. Submitting a new way to set CF values so they can adapt with changes in working 

circumstances, this makes the representation closer to system real status. 
2. Building the FPN based on the relationships between elements allows to take the interact effect 

in reasoning so many hazards may be taken in consideration.  
3. In view of 1 and 2 dealing with system transformation will be more flexible since the 

consequent FPN covers many disturbances may affect the system. 
This paper is organized as follows: section 2 shows a review of fuzzy Petri net theory and the 

process of traditional diagnosis with FPN, section 3 explains the proposed prognosis method, in 
section 4 three cases at different conditions have been calculated and finally section 5 shows the 
conclusions. 

2. Diagnosis method based on traditional FPN 

FPN is one of Petri nets extension which combines the graphical representation of petri nets 
with the reasoning logic of fuzzy logic that makes them effective tools in dealing with uncertainty 
and lack of data [26]: 

A FPN can be defined as the following:  

) , f, O, I,D, T, (P,  FPN          (1) 

where: 
P = (p1, p2. . . pi, pn) is a finite nonempty set of places, n number of places; 
T = (t1, t2... ti, tm) is a finite nonempty set of transitions, m is number of transitions; 
D = (d1,d2………dn) is a finite nonempty set of propositions; 
I: P→T is an m × n matrix, it represents input relationships which described by directed arcs from 
places to transitions; 
O: T→P is an m × n matrix, it represents output relationships which described by directed arcs from 
transitions to places; 
f: T→[0,1] is a function attaches transitions to real values between zero and one; 
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α: P→[0,1] is a function attaches places to real values between zero and one; 
β: P→D is a function attaches places to propositions. 

There are two different kinds of directed arcs that connect the nodes of the net; the arc from 
place node to transition node is called input arc and the arc from transition to the place is the output 
one. When the input subset of a place x has no element it is called source place and is called sink if 
its output subset has no element. The dynamic characteristic of a net is described by markings and 
the enabling and firing rule of the transitions. Each transition ti ∈ T is associated with a real value 
μi  [0,∈ 1] which is called certainty factor (CF) of ti. The place pi  P is marked with a token ∈

associated with a value α (pi) = yi, yi  [0,∈ 1]. If β (pi) = di, di  D then the place pi is associated ∈

with the proposition di with the truth degree equals as yi. The token in a place pi in a marked FPN is 
drawn as (•) inside the place pi. A transition ti in marked FPN is fired if for all pj  I (ti),∈  α (pi) ≥ λ , 
where λ ∈ [0,1] is a predefined threshold value. Besides, the firing fuzzy rules can be summarized as 
follows: 
1) If pi is a place and β (pi) = di, α (pi) = yi then yi  [0,1] is a truth degree of the proposition di.∈  
2) If pi is an antecedent place, and the pj is a consequence place of the transition tk, where pi  I ∈

(tk), pj  O∈  (tk), then the truth degree of the pj is defined based on the fuzzy production rule as 
following:  

  ×y =)(p ij k      (2) 

The simple rule of FPN is shown in Figure 1. 
3) For a transition tk, if pj  O (tk) is the output place and the number of input places pi  I∈ ∈  (tk) is 

more than one, then the truth degree of the pj is defined based on the fuzzy conjunctive rule as 
following:  

  ×)....yy,min(y=)(p ini2i1j k
   

(3) 

The conjunctive rule of FPN is depicted in Figure 2. 

 

Figure 1. The simple rule of FPN. 
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Figure 2. The conjunctive rule of FPN. 

4) If pj is a terminal place where tkj  I (pj), pj  O (tkj), k∈ ∈  = 1,…,n, then the truth degree of the pj 
is defined as following: 

)×y....×y , ×(ymax  =)(p ni22i11ij n      
(4) 

This is the disjunctive rule of FPN and it is shown in Figure 3. 

 

Figure 3. The disjunctive rule of FPN. 

In traditional FPN diagnosis alarm messages and protection devices information are used to 
define the diagnosis results. This way doesn't take in consideration the relationships between 
elements and doesn't allow representing internal and external factors affect the system.  

3. The proposed prognosis method 

The basic purpose of our method is preventing dangerous situation from damaging system 
services, to achieve this task we analyze systems performance at different predicted conditions to 
know how can they affect the system and take preventive procedures when there is a possibility of 
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danger. For these goals we offer some suggestions to make the FPN model closer to the real state of 
the system, we can summarize the differences between the original fuzzy petri nets and the proposed 
Fuzzy Petri nets by: 
1- Building the FPN based on the relationships between the elements, that means the FPN will 

reflect the mutual interaction between elements each other while the original FPNs depends on 
the protection devices to determine the probable faulted section. 

2- Determine the initial places as fuzzy numbers so it shows the real initial state of the element 
instead of considering them as average values as original FPNs. 

3- Attaching operation factors to the CF of the transitions to adapt any change in operating 
conditions instead of giving them a constant value. 

4- For reasoning process there isn't any difference between the proposed FPNs and the original 
ones. 
Since FPN have the same reasoning principle as fuzzy logic then we head for using it to replace 

the constant CF with changing value CF which reflects more accurate representation of the network 
real state. We represent the conditions as simple fuzzy framework where the membership functions 
represent the strength of the conditions and there ranges, and the fuzzy rules represent the 
relationships between parameters and the consequently CF denotes how the condition affect the 
system. 

Here we recognize three kinds of CF in the supposed FPN: 
1- Permanent CF: this kind is attached to transitions that describe operational parameters which 

any change of them affects the system, they always enter the assessment. 
2- Constraint CF: this kind is attached to transitions that describe parameters affect the system in 

special cases or specific range, they enter the reasoning just when they exceed the limited values; 
that requires to put high threshold λ that prevent the transition  from firing, when there is danger 
changes in condition  λ will be low and t is enable. 

3- Normal CF: this kind is attached to transitions that work for getting reasoning results. 
In addition, two kinds of initial places are defined: 

1- Places which represent the steady state elements situation their truth degrees are set as a fuzzy 
rule between the reliable rate operation and the basic parameters related to the element. 

2- Places which represent measured parameters their truth degrees are set as their fuzzy equivalent 
numbers. 
After building the FPN model and determining initial truth degrees and convenient CF values 

we get the prognosis results by achieving a normal reasoning process. 

4. Case study 

We take the IEEE 9 bus system from [27] to clarify the proposed method. First we choose two 
important parameters affecting power systems operation to include them in the computations; they 
are: load changes and environmental factors. The former is a vital parameter in electrical systems 
performance assessment, it affects voltage stability, lines status and system frequency, the latter is a 
fundamental parameter in evaluating many elements working especially outside sections as lines. 
These parameters are important to investigate two serious risk states may cause a huge damage to the 
whole system, they are voltage collapse and line interruption, both of them start with limited 
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elements then accelerate to include wide areas which we want to prevent from happening, the Table1 
shows summary information about these hazards.  

Table 1. Considered risk states. 

Risk state Causes Solutions 
Voltage collapse A significant increase in load 

active power. 
Insufficient reactive power 
resources. 

Install special protection systems 
for the weakest contract. 
Reactive Power Compensation. 

Line interruption Over voltage, overload, and 
heating. 

Maintain operating parameters 
within appropriate limits. 

Here we carried out computations at high load demands to prognosis there effects on the system 
and suggest convenient solutions. In addition we insert environmental factors in the calculations as 
danger factor because of its effects on the elements operation especially when high currents flow. 
Figure 4 shows the IEEE9 bus system which consists of 3 controlled voltage sources, 3 loads, 3 
transformers, 9 bars; basic voltage levels are 13.8 kV, 16.5 kV, and 18 kV.  

 

Figure 4. The IEEE 9 bus system. 

The proposed FPN model for the network is illustrated in Figure 5. We divided the network into 
three local areas based on the distances between buses (local1 B1, B4, and B5), (local2 B2, B7 and 
B8), (local3 B3, B6 and B9). Every area has been evaluated on basis of its buses assessment, which 
have been estimated by fuzzy relationship between the lines connected to it and its node voltage, all 
this information gives finally the prognosis result.  
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Figure 5. The proposed model for the IEEE 9 bus system. 

Initial places (L1 to L9) give the initial representation of lines performance according to their 
reliable operation, nominal power flow and line's long. Next layer of places (L11 to L99) represents 
the current status of the lines after taking in consideration the change in load value by means of 
including fuzzy factor with the transitions. 

Initial places (v1 to v9) represent the node voltage of the bus bars and their truth degrees are 
carried out by take the equivalent fuzzy number of the real values of voltages. 

To represent the environmental factors we use transitions with constraint CF  
We designed four fuzzy controllers with fuzzy inference system (FIS) in mat lab [28] to get 

permanent and constrained CF values. 
 The first one allows inserting the effect of load changes with time on lines state. 
 The second one aims to insert environmental changes' effect on the system. 
 The third one describes the reliability relationships between bars to determine the effect of their 

work on section estimation. 
 The fourth one describes the reliability relationship between sections to determine the effect of 

their work on network estimation. 
We illustrate our additional suggestions by taking three cases to discuss: 

1. At total load 8 p.u lasted for 1 hour. 
2. At total load 8 p.u lasted for 2 hours. 
3. When the environmental conditions exceeds the limited value. 

We used Psat tool in Mat lab toolbox [29] to curry out load flow computations, and FIS tool to 
design fuzzy controllers to determine permanent and constraint CF values. 
FIS1: describes the effect of load changes with time on line state 
(Inputs: line load, its period; output CF). 
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FIS2: describes the effect of environmental conditions on the line state 
(Inputs: temperature, wind speed; output CF). 
FIS3: bus bars estimation 
(Inputs: bus I, bus II, bus III; output CF). 
FIS4: sections estimation 
(Inputs: local I, local II, local III; output CF). 

Here we insert a controlled threshold λ, that means in the normal state λ=1 and the transition is 
blocked, when temp exceeds 38˚C and wind speed exceeds 70 km.h-1, λ becomes 0.5 and t becomes 
enabled. 

4.1. First case total load 8 p.u lasted for 1 hour 

Lines initial truth degrees are shown in Table 2. 

Table 2. Lines initial truth degrees. 

Line number Reliable operation Normal flow 
pu 

Line long km Truth degree 

1 0.95 0.24 106 0.93 
2 0.95 0.76 76 0.96 
3 0.95 0.6 179 0.92 
4 0.95 0.86 170 0.92 
5 0.95 0.4 89 0.92 
6 0.95 0.3 97 0.94 
7 0.99 - - 0.99 
8 0.99 - - 0.99 
9 0.99 - - 0.99 

CF values for transitions figured out from FIS1 and they are shown in Table 3.  

Table 3. CF values for the first case. 

Transition CF 
t 1 0.87 
t 2 0.85 
t 3 0.9 
t 4 0.86 
t 5 0.72 
t 6 0.72 
t 7 0.95 
t 8 0.95 
t 9 0.95 

Table 4 shows voltage and load flow values from the simulation of Psat tool and results of truth 
degrees for each bus from FIS3 and for the local sections from FIS4. 
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Table 4. Load flow values and results. 

 B3B9 B6   
T.D L8 V T.DL8 L3L1V T.DL6 L3 V 
0.84 0.851.025 0.721.630.1 1.0250.6 2.9 0.1 1.04 8 pu/1h 

Local 3 = min (B3,B6,B9) * CF = 0.6 * 0.93 = 0.55 
B1 B5 B4  

T.DL9 V T.DL5 L4 V T.DL9 L6 L5 V  
0.846.3 0.81 0.592.9 0.16 0.81 0.596.3 2.9 2.9 0.86 8 pu/1h 

Local 1 = min(B4,B5,B1) * CF = 0.59 *0.93 = 0.55 
B2 B8 B7  

T.DL7 V T.DL2 L1 V T.DL7 L4 L2 V  
0.841.630.96 0.721.79 0.95 0.92 0.711.63 0.16 1.7 0.95 8 pu/1h 

Local 2 = min (B7, B8, B2) * CF = 0.71*0.95 = 0.66 

NETWORK1 = min (local1, local2, local3) * CF = 0.54*0.95 = 0.51 
We find in this experiment that the overloaded lines appears as less truth degree which helps in 

determine the weak element and then the weak section; notice that in original FPNs the constant 
values of initial places and CF will give confusion results because all lines truth degrees will be the 
same and we couldn’t find out the weak element. 

4.2. Second case 8 p.u load lasted for 2 hours 

The CF values will be changed because the period of time is changed; Table 5 illustrates the new 
CF. 

Table 5. CF values in the second case. 

Transition CF 
t 1 0.84 
t 2 0.8 
t 3 0.87 
t 4 0.8 
t 5 0.64 
t 6 0.64 
t 7 0.9 
t 8 0.9 
t 9 0.9 

We get results as the same in the first case; Table 6 illustrates them: 
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Table 6. Results for second case. 

B3  B9 B6  
0.8 0.85 1.025 0.7 1.4750.1 1.0250.542.9 0.1 1.04 8 pu/2h 

Local 3 = min (B3.B6,B9) * CF = 0.54*0.92 = 0.49 
B1 B5 B4  

T.DL9 V T.DL5 L4 V T.DL9 L6 L5 V  
0.8 6.3 0.81 0.542.9 0.160.81 0.526.3 2.9 2.

9 
0.86 8 pu/2h 

Local 1 = min(B4.B5,B1) * CF = 0.52*0.92 = 0.47 
B2 B8 B7  

T.DL7 V T.DL2 L1 V T.DL7 L4 L2 V  
0.8 1.63 0.96 0.7 1.79 13.50.92 0.641.63 0.16 9.

8 
0.95 8 pu/2h 

Local 2 = min (B7.B8,B2) * CF = 0.64*0.93 = 0.59 

NETWORK2 = min (local1, local2, local3) * CF = 0.47*0.93 = 0.44 
When comparing this experiment with the previous one, we see that the increase in overloading 

time appears as a decrease in the final truth degree which shows a greater danger than first case, 
notice that original FPNs don't allow to control cf then they can't deal with this changing parameter 
unless a new net had been designed with every change. 

4.3. Third case 

The difference here is entering the constraint transitions which change the initial values of the 
lines; Table 7 shows CF values for constraint transitions and Table 8 shows the results. 

Table 7. CF values for the constraint transitions. 

Constraint transitions CF 
t 1' 0.88 
t 2 ' 0.88 
t 3' 0.88 
t 4' 0.9 
t 5' 0.87 
t 6' 0.88 
t 7' 0.9 
t 8' 0.9 
t 9' 0.9 
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Table 8. Results for the third case.  

 B9 B6  

T.DL8 T.D L8 L3 L1 T.DL6 L3 

0.750.95*0.90.72 0.95*0.9 0.92*0.880.93*0.880.630.94*0.88 0.92*0.88 8 

Local 3 = min (B3,B6,B9) * CF = 0.63*0.92 = 0.58 

B1 B5 B4  

T.DL9 T.D L5 L4 T.DL9 L6 L5  

0.750.95*0.90.51 0.92*0.88 0.92*0.9 0.510.95*0.9 0.94*0.88 0.92*
0.88 

8 

Local 1 = min (B4,B5,B1) * CF = 0.51*0.9 = 0.45 

B2 B8 B7  

T.DL7 T.D L2 L1 T.DL7 L4 L2  

0.750.95*0.90.64 0.92*0.88 0.93*0.88 0.640.95*0.9 0.92*0.9 0.92*
0.88 

8 

Local 2 = min (B7,B8,B2) * CF = 0.58 

NETWORK3 = min (local1, local2, local3) * CF = 0.50.45*0.93 = 0.41 
In this case it's obviously clear that the network is in bad operating status because all conditions 

exceed the safe limits, the network here is still working but it's close to a danger state so it's necessary 
to take convenient procedures to avoid any serious dangers. Notice that in original FPNs it's not 
possible to find out these effects because of the constant transitions from one state to another, in 
addition, network will be more complex when many factors enter the representation.  

4.4. Discussion  

After checking the results shown above we notice from the first two cases that long period time 
of high loads appears in the truth degrees of the buses which are useful when we need to know bus 
state at every change in loads. Also inserting constraint transitions helps in detecting their effects 
when it's necessary. As we notice the flexibility of the net because there is no need to rebuild the 
model with every change in factors since the new CFs will deal with any new condition and the 
constraint ones will enter just in specific cases without making the reasoning complex.  

After the analytical study we use prognosis results in determining the weak element to take 
appropriate procedures, here installing redundant power compensation devices will be useful to keep 
the system safe, as the real load approaches the expected loads, it can start with establishing 
substations to relieve pressure on the lines. Another useful of this method is the ability to use it in 
network design and expansion, by entering the expected loads or expected future conditions to 
prognosis network response and determine the appropriate procedures (size of generators, number of 
lines.) It's also possible to use prognosis results to avoid voltage problems on the bars and support 
system stability related to voltage and power flow problems. 

In order to clarify the characteristics of the proposed method we review in the Table 9 a 
comparison between these networks and the most important intelligence methods used in the field of 
prognosis. 
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Table 9. A comparison between proposed FPNs and other intelligent methods. 

Intelligent 

methods 

Dealing with 

several risk 

states 

Graphical 

representation 

Complexity Insert 

changing 

conditions 

Process time 

Neural networks hard Not possible complex for 

large networks

hard long since the need of 

training the NN with 

any changes 

Fuzzy logic hard Not possible complex for 

large networks

hard long with every 

change a new 

computations figured 

out 

Fuzzy petri nets Possible powerful complex for 

large networks

Hard with 

constant CF 

Long when changes 

happened we need to 

rebuild the FPN 

Proposed FPN Possible Powerful Less since 

combining 

more than one 

state and 

condition 

possible by 

changing CF 

less since making the 

computation for 

several conditions 

5. Conclusions 

Our research focuses on making the performance prognosis of power systems closer to reality in 
order to take appropriate measures to increase operation uptime relative to downtime. Two basic 
developments are introduced here to adapt to various operating conditions: defining new kinds of 
certainty factors and representing initial places with fuzzy relations. 

We have applied our proposed method on the IEEE 9 bus test system under different load 
conditions and environmental changes. The results show the advantages of the proposed method. Two 
of which are to improve the representation of FPN, so there is no need to rebuild it at every change in 
operation, and to enter the conditions at specific limits to avoid complexity. The researchers were able 
to apply this method on any electrical network and define any important factors as permanent or 
constraint certainty factors according to the purpose of the study. 
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