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Abstract— A power system stabilizer (PSS) installed in the 

excitation system of the synchronous generator improves the 

small-signal power system stability by damping out low 

frequency oscillations in the power system. This paper 

introduces a neural network to tune the fuzzy-logic power 

system stabilizer (FPSS) which has been designed to 

provide a supplementary signal to the excitation system of 

the synchronous generator. This mechanism of tuning the 

FPSS by the neural network makes the FPSS adaptive to 

changes in the operating conditions. The performance of 

neuro-fuzzy power system stabilizer (NFPSS) is 

investigated by applying to a single machine infinite bus 

(SMIB) system. The simulations have been tested under 

different fault conditions and the obtained results show that 

the proposed controller for stabilizing power system can 

provide very good damping characteristic, comparing with 

the conventional PSS and FPSS, through wide range of 

operating condition for power system and improves 

dynamic stability of the power system substantially. 
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I. INTRODUCTION 

The electrical power system is a dynamic system. If the 

interconnecting ties between neighbouring power systems 

are relatively weak, It easily leads to low frequency inter 

oscillation. Low frequency Oscillations often persist for 

long periods of time and in some cases can hinder power 

transfer capability. Power system stabilizers were developed 

to aid in damping these oscillations via modulation of the 

generator excitation.  

In power systems, generally many generators are 

designed with high gain, fast acting AVRs to enhance large 

scale stability to hold the generator in synchronism with the 

power system during large transient fault conditions. But 

with the high gain of excitation systems, it can decrease the 

damping torque of generator [1]. A supplementary 

excitation controller referred to as PSS have been added to 

synchronous generators to counteract the effect of high gain 

AVRs and other sources of negative damping. To provide 

damping, the stabilizers must produce a component of 

electrical torque on the rotor which is in phase with speed 

variations. The PSS is used to generate a supplementary 

stabilizing signal, which is fed to the excitation system of 

the generating unit to produce a positive damping.  

II. FUZZY-LOGIC PSS 

In the design of fuzzy-logic controllers, unlike most 

conventional methods, a mathematic model is not required 

to describe the system under study. It is based on the 

implementation of fuzzy logic technique to PSS to improve 

system damping. A fuzzy logic controller determines the 

operating condition from the measured values and selects 

the appropriate control actions using the rule base created 

from the expert knowledge. By knowing the advantages of 

the fuzzy control, described before, a nonlinear fuzzy 

control might be desirable as a power system stabilizer, 

instead of PSS, by providing a supplementary signal to the 

excitation system of the synchronous generator. Fuzzy logic 

is widely used in machine control. The term "fuzzy" refers 

to the fact that the logic involved can deal with concepts that 

cannot be expressed as the "true" or "false" but rather as 

"partially true". Fuzzy logic has the advantage that the 

solution to the problem can be cast in terms that human 

operators can understand, so that their experience can be 

used in the design of the controller. This makes it easier to 

mechanize tasks that are already successfully performed by 

humans. 

The input variables in a fuzzy control system are in 

general mapped by sets of membership functions similar to 

this, known as "fuzzy sets". The process of converting a 

crisp input value to a fuzzy value is called "fuzzification". 

 
Fig. 1: Input and Output Variables Map into the Fuzzy Set 
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III. NEURAL NETWORK 

An Artificial Neural Network (ANN) is an information 

processing paradigm that is inspired by the way biological 

nervous systems, such as the brain, process information. The 

key element of this paradigm is the novel structure of the 

information processing system. It is composed of a large 

number of highly interconnected processing elements 

(neurons) working in unison to solve specific problems. An 

ANN is configured for a specific application, such as pattern 

recognition or data classification, through a learning 

process. Learning in biological systems involves 

adjustments to the synaptic connections that exist between 

the neurons. Feed-forward ANNs allow signals to travel one 

way only; from input to output. There is no feedback (loops) 

i.e. the output of any layer does not affect that same layer. 

Feed-forward ANNs tend to be straight forward networks 

that associate inputs with outputs. They are extensively used 

in pattern recognition. This type of organization is also 

referred to as bottom-up or top-down. 

Feedback networks can have signals travelling in 

both directions by introducing loops in the network shown 

in figure 2. Feedback networks are very powerful and can 

get extremely complicated. Feedback networks are dynamic; 

their 'state' is changing continuously until they reach an 

equilibrium point. They remain at the equilibrium point until 

the input changes and a new equilibrium needs to be found 

 
Fig. 2: A Simple Feed Forward Network 

IV. NEURO-FUZZY CONTROLLER 

Neuro-fuzzy refers to combinations of artificial neural 

networks and fuzzy logic. Neuro-fuzzy hybridization results 

in a hybrid intelligent system that synergizes these two 

techniques by combining the human-like reasoning style of 

fuzzy systems with the learning and connectionist structure 

of neural networks. Neuro-fuzzy hybridization is widely 

termed as fuzzy neural network (FNN) or neuro-fuzzy 

system (NFS) in the literature. Neuro-fuzzy system (the 

more popular term is used henceforth) incorporates the 

human-like reasoning style of fuzzy systems through the use 

of fuzzy sets and a linguistic model consisting of a set of IF-

THEN fuzzy rules. The main strength of neuro-fuzzy 

systems is that they are universal approximates with the 

ability to solicit interpretable IF-THEN rules. A recent 

research line addresses the data stream mining case, where 

neuro-fuzzy systems are sequentially updated with new 

incoming samples on demand and on-the-fly. Thereby, 

system updates do not only include a recursive adaptation of 

model parameters, but also a dynamic evolution and pruning 

of model components (neurons, rules), in order to handle 

concept drift and dynamically changing system behaviour 

adequately and to keep the systems/models "up-to-date" 

anytime. Comprehensive surveys of various evolving neuro-

fuzzy systems approaches can be found. A neuro-fuzzy 

system is based on a fuzzy system which is trained by a 

learning algorithm derived from neural network theory. The 

(heuristical) learning procedure operates on local 

information, and causes only local modifications in the 

underlying fuzzy system. A neuro-fuzzy system can be 

viewed as a 3-layer feed forward neural network. 

The first layer represents input variables, the 

middle (hidden) layer represents fuzzy rules and the third 

layer represents output variables. Fuzzy sets are encoded as 

(fuzzy) connection weights. It is not necessary to represent a 

fuzzy system like this to apply a learning algorithm to it. 

However, it can be convenient, because it represents the 

data flow of input processing and learning within the model. 

A neuro-fuzzy system can be always (i.e. before, during and 

after learning) interpreted as a system of fuzzy rules. It is 

also possible to create the system out of training data from 

scratch, as it is possible to initialize it by prior knowledge in 

form of fuzzy rules.The learning procedure of a neuro-fuzzy 

system takes the semantical properties of the underlying 

fuzzy system into account. This results in constraints on the 

possible modifications applicable to the system parameters. 

V. CONVENTIONAL POWER SYSTEM STABILIZER 

The input to the conventional PSS is speed deviation. The 

PSS gain Ks is an important factor as the damping provided 

by the PSS increase in proportion to an increase in the gain 

up to a certain critical gain value, after which the damping 

begins to decrease. 

 
Fig. 3: Block Diagram of the Conventional PSS 

The basic structure in figure 3 of CPSS consists of 

 A phase compensation block A signal washout block 

 A gain block 

The conventional fixed power system stabilizer is 

designed using a linearized model of the system using 

control theory. Therefore, this provides optimum 

performance for a nominal operating condition and system 

parameters with the input being small enough to justify the 

linear model. However, its performance becomes 

suboptimal following variations in system parameters and 

loading conditions from their nominal values or when the 

disturbance applied is large. Finally, the application of a 

Phasor Power Oscillation Damping (POD) controller to the 

excitation control system in the synchronous generator is 

studied. Nowadays, POD for inter-area oscillation modes in 

power systems is also achieved through FACTS. Control 

structures using low-pass filter based and recursive least 

square based estimation methods to extract the oscillatory 

component of a signal have been successfully applied to 
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control FACTS, achieving damping. The same idea is used 

in this work to define an alternative controller for the 

generator which is based on a low-pass filter based signal 

estimation algorithm. The analysis is done again using the 

SM-IB system. The obtained results indicate that the 

alternative controller is able to damp successfully the local 

oscillation mode that appears after applying a disturbance to 

the system. However, deeper studies are needed in order to 

be able to compare fairly the performance of the PSS and 

the Phasor POD controller when they are applied to the 

synchronous generator. 

VI. SYSTEM USING NEURO FUZZY CONTROLLER 

The below Figure 4 block diagram  shows that  A power 

system stabilizer (PSS) installed in the excitation system of 

the synchronous generator improves the small-signal power 

system stability by damping out low frequency oscillations 

in the power system. This mechanism of tuning the FPSS by 

the neural network makes the FPSS adaptive to changes in 

the operating conditions. The performance of Neuro-Fuzzy 

Power System Controller (NFPSC) is investigated by 

applying to a Single Machine Infinite Bus (SMIB) system. 

 
Fig. 4: System with N-F Controller 

VII. MODELLING OF POWER SYSTEM SET UP 

In order to tune the FPSS, speed deviation is scaled 

according to the relation Kp. and accelerating power is 

scaled according to the relation P*K d . P. Also, the output 

of the FPSS is scaled according to a similar relation. In the 

aforementioned relations, K p and Kd are the speed and 

acceleration scaling factors, respectively. The scaling factor 

for the output U is fixed to a suitable number, i.e. 0.5 for the 

system under study. The FPSS is tuned by computing 

optimum K p and Kd , exploiting a neural network . The 

neural network is composed of three layers, i.e., an input 

layer, a hidden layer, and an output layer. The generated 

active power P and reactive power Q are selected for input 

signals to represent the operating condition of the 

synchronous machine. Xe, the total reactance of the 

transmission line, is also selected as an input to represent the 

external information. The activation functions for the hidden 

characteristics are linear functions. To reduce the required 

computation time in the learning process a bias signal is put 

in the neural network. For various sets of input data to the 

neural network, the optimum values of K p and Kd are 

searched sequentially using nonlinear simulations. 

 
Fig. 5 : Overall Setup with Fault 

In Fig. 5 simulation carried out without Neuro Fuzzy 

controller and the results are found. 

 
Fig. 6: Overall Setup with N-F Controller 

In Fig. 6 simulation carried out with Neuro Fuzzy 

controller and the results are found. 

VIII. SIMULATION RESULTS 

The simulation result is followed by the graph which is 

plotted against the respective parameters used in simulation 

and the time in sec with fault and with N-F controller. 

A. With Fault 

The graph is plotted against stator current (amperes) and 

time (sec) where the oscillation gets into steady state at 0-

0.5sec at Fig. 7. The graph is plotted against Reactive Power 

(Volt-Amps) and time (sec) where the oscillation gets into 

steady state at 0-0.4sec at Fig.  8. 

 
Fig. 7: Stator Current vs Time 
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Fig. 8: Reactive Power vs Time 

The graph is plotted against Phase Voltage (Volts) 

and time (sec) where the oscillation gets into steady state at 

0-0.35 sec at Fig. 9.The graph is plotted against feild 

Voltage (Volts) and time (sec) where the oscillation gets 

into steady state at 0-0.357 sec at Fig 10. 

 
Fig. 9: Phase Voltage vs Time 

 
Fig. 10: Field Voltage vs Time 

The graph is plotted against Rotor Speed (rpm) and time 

(sec) where the oscillation gets into steady state at 0-0.51 

sec at Fig. 11. 

 
Fig. 11: Rotor Speed vs Time 

B. With N-F Controller 

When N-F controller is installed the oscillations get into 

steady state within few seconds compared with the output 

during fault conditions. The graph is plotted against stator 

current (amperes) and time (sec) where the oscillation gets 

into steady state at 0-0.37sec at Fig. 12. The graph is plotted 

against Reactive Power (Volt-Amps) and time (sec) where 

the oscillation gets into steady state at 0-0.27sec at Fig. 13. 

 
Fig. 12: Stator Current vs Time 

 
Fig. 13: Reactive Power Vs Time 

The graph is plotted against Phase Voltage (Volts) and time 

(sec) where the oscillation gets into steady state at 0-0.27 

sec at Fig. 14. The graph is plotted against Field Voltage 

(Volts) and time (sec) where the oscillation gets into steady 

state at 0-0.31 sec at Fig. 15. 

 
Fig. 14: Phase Voltage vs Time 
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Fig. 15: Field Voltage vs Time 

 
Fig. 16: Rotor Speed Vs Time 

The graph is plotted against Rotor Speed (rpm) and 

time (sec) where the oscillation gets into steady state at 0-

0.42 sec at Fig. 16. 

IX. COMPARISON OF SETTLING TIME DURING FAULT AND 

WITH N-F CONTROLLER 

In the below table 1 it shows the settling time of different 

parameters used in simulation during fault and using N-F 

controller. The comparison is mainly carried out for the 

improvement in minimization of setting time when N-F 

controller is installed. 

Parameter 
Settling Time 

During Fault With N-F Controller 

Stator Current 0-0.5sec 0-0.37sec 

Real Power 0-0.48sec 0-0.32sec 

Reactive power 0-0.4sec 0-0.27sec 

Phase Voltage 0-0.35sec 0-0.27sec 

Field Voltage 0-0.357sec 0-0.31sec 

Rotor Speed 0-0.51sec 0-0.42sec 

Table 1: Comparison of Settling Time during Fault and with 

N-F Controller 

X. CONCLUSION 

Power systems could lose synchronism if the low frequency 

oscillations are not damped effectively. A conventional 

power system stabilizer can provide sufficient damping for a 

limited range around its tuning point. To improve the 

performance of power system stabilizer, neuro-fuzzy 

controlling technique has been proposed. This proposed 

Neuro-Fuzzy Power System Stabilizer (NFPSS) not only 

reduces the settling time of the oscillations but also 

minimizing both positive and negative overshoots very 

effectively. Thus it can be concluded stability enhancement 

is achieved by this neuro-fuzzy based stabilizer compared 

with conventional PSS and FPSS. 
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