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Abstract

In this paper, we design an adaptive neuro-fuzzy inference system(ANFIS) precompensator for
load frequency control of 2-area power systems. While proportional integral derivative(PID)
controllers are used in power systems, they may have some problems because of high
nonlinearities of the power systems. So, a neuro-fuzzy-based precompensation scheme is
incorporated with a conventional PID controller to obtain robustness to the nonlinearities. The
proposed precompensation technique can be easily implemented by adding a precompensator to an
existing PID controller. The applied neruo-fuzzy inference system precompensator uses a hybrid
learning algorithm. This algorithm is to use both a gradient descent method to optimize the
premise parameters and a least squares method to solve for the consequent parameters.
Simulation results show that the proposed control technique is superior to a conventional Ziegler-
Nichols PID controller in dynamic responses about load disturbances.
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M; : Inertial constant(0.1667[p.u.MW - s/Hz])

D: : Load damping coefficient(0.00823[p.u.MW/Hz])

Ty : Turbine time constant(0.3[s])

Ta : Speed governor time constant(0.08[s])

R; : Self-regulation coefficient of generator
(2.4[Hz/p.u.MW})

ti : Tie-line power flow constant
(0.545[p.u.MW/Hz])

B; : Frequency bias constant

aj : Ratio between rated power

A& : Change in phase angle

Af; : Frequency deviation

AP  : Change in load demand

AP; @ Change in steam turbine output

APz : Change in steam turbine output

APye; : Tie-line power flow deviation
ACE; : Area control error

Fig. 1 Block diagram of i area power system with
PID controller (i=2)
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Fig. 6 Training error for adaptive neuro-fuzzy
inference system

Table 2. Tuned premise parameters
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