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Abstract 

In this paper, a data-driven method to tune proportional-integral-derivative (PID) controllers for automatic voltage regulators (AVRs) using 

Bayesian neural networks (BNNs) is presented. The AVR is simulated as a dynamic control system consisting of an amplifier, exciter, 

generator and sensor. The data set is generated by systematically changing the PID gains and recording the corresponding closed loop 

performance indices, settling time and maximum overshoot. Then, a BNN is trained to learn the inverse mapping from the desired transient-

performance specifications to the PID gains. The proposed method is validated using real-time simulation platform based on Arduino Uno. 

The results indicate that the BNN-based PID controller achieves shorter settling time and lower overshoot than the initial PID controller under 

the tested nominal AVR conditions. The method proposed offers a practical data-driven approach to PID tuning from desired transient-

performance specifications. In this study, parameter uncertainty, external disturbance and measurement noise are not taken into consideration. 
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1. Introduction 

The proportional-integral-derivative (PID) controller is 

the most widely used control algorithm in industrial 

automation, robotics, electrical drives, process control and 

power systems. PID controllers are widely used owing to their 

simple structure, easy implementation and effective control 

performance for a variety of dynamic systems. The controller 

continuously measures the error between the setpoint and the 

actual output of the system and generates a control signal 

based on proportional, integral and derivative action. The 

proportional term improves the response speed, the integral 

term eliminates the steady state error, and the derivative term 

improves the system stability and reduces the overshoot. 

Many methods for PID tuning have been developed over 

the years. The conventional tuning methods are the Ziegler-

Nichols method [1], Cohen-Coon method [2] and trial-and-

error methods [3]. These techniques are simple and popular, 

but result in large overshoots, long settling time, and poor 

robustness for nonlinear or uncertain systems.  

Optimization based methods such as genetic algorithm (GA) 

[4, 5], particle swarm optimization (PSO) [6, 7], ant colony 

optimization (ACO) [8] and simulated annealing (SA) [9] 

have been proposed to improve the controller performance. 

Although these intelligent optimization techniques can 

achieve near-optimal PID gains by minimizing predefined 

objective functions, they usually require high computational 

effort, long optimization time, and careful parameter 

selection. Moreover, performance of these algorithms can 

also be highly sensitive to the chosen objective function and 

optimization parameters. 

Recently, approaches based on artificial intelligence (AI) 

and machine learning (ML) are gaining popularity for PID 

tuning. Methods such as artificial neural networks (ANNs) 

[10], fuzzy logic systems (FLS) [11, 12] and adaptive neuro-

fuzzy inference systems (ANFIS) [13, 14] offer adaptive and 

data driven tuning capability. However, these approaches 

usually require large training datasets, heavy training 

processes, expert knowledge to design the models, and may 

suffer from overfitting or degraded generalization 

performance under different operating conditions. Overall, 

the three main classes of PID tuning techniques are 

conventional tuning techniques, optimization-based tuning 

techniques, and artificial intelligence (AI)-based tuning 

techniques, as shown in Figure 1. 

 

Figure 1: Classification of PID controller tuning methods. 

An automatic voltage regulator (AVR) is a device which 

adjusts the excitation of a generator depending on the real-

time conditions of the system to maintain a stable output 

voltage [15]. This is usually done through a closed-loop 

control scheme where a feedback loop continuously measures 

the output voltage and adjusts the excitation current to 

compensate for disturbances and load variations. PID 

controllers are the most widely used among the different 

control strategies due to their simplicity, robustness and 

effectiveness to minimize the voltage deviations and 

oscillations, which ensures an accurate and stable voltage 

regulation [16-18]. To enhance the performance of the AVR 

system in complex and fast changing operating environments, 
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the recent AVR systems have started employing advanced 

control techniques such as fuzzy logic (FL) [19], sliding mode 

control (SMC) [20], ANNs [21] and model predictive control 

(MPC) [22].  

BNNs are a type of ANNs which use Bayesian probability 

theory during the learning process [23, 24]. In conventional 

ANNs, weights are fixed values, whereas BNNs model these 

parameters as probability distributions. This probabilistic 

representation allows the network to model uncertainty and 

enhance robustness and generalization performance. 

In this work, a BNN-based approach was proposed to find 

the optimal PID controller gains for an AVR system. The 

dynamic behavior of digital control implementation was 

shown by modelling the AVR system with PID controller in 

discrete-time domain. The complete training data set was 

achieved by simulating the closed loop AVR system under 

various operating conditions and PID controller settings. The 

dataset includes the main transient-response performance 

indices, such as settling time and maximum overshoot, used 

as input features to the BNN model. The outputs of BNN are 

the optimal PID controller gains that give the desired dynamic 

performance of the AVR system. 

The remainder of this paper is organized as follows. 

Section 2 presents the discrete-time sub-models of the AVR 

system and the PID controller. The formulation of the 

discrete-time PID controller is mentioned in Section 3. BNNs 

for regression are introduced in Section 4. Next, Section 5 

describes a detailed procedure for deploying a simple real-

time simulation platform using an Arduino microcontroller to 

validate the proposed method. Results and discussions are 

also presented in Section 5. Finally, Section 6 concludes the 

paper. 

2. The Automatic Voltage Regulator 

An AVR is an electronic control device which is used to 

automatically maintain a constant level of output voltage in 

electrical systems. It is widely used in generators, alternators, 

power plants, industrial systems and electrical equipment to 

maintain the constant voltage of the supply when load 

conditions or input voltage changes. The AVR is very 

important to protect electrical devices from voltage 

fluctuations that may cause overheating, malfunction or 

damage. 

2.1 Continuous-Time Sub-Models 

The AVR operates on the principle of feedback control as 

shown in Figure 2. The regulator constantly monitors the 

output voltage and compares it to the desired reference 

voltage. If the output voltage decreases as load demand 

increases, the AVR increases the excitation current to the 

generator field winding. If the output voltage is too high, on 

the other hand, the AVR reduces the excitation current. In 

synchronous generators, the voltage generated is proportional 

to the field excitation current: 

 
fV I  (1) 

where: 

• V : represents the generated voltage, 

• 
fI : presents the field excitation current. 

The AVR system can be seen as a basic closed-loop 

structure with the following components: 

• The amplifier: amplifies the power of the control 

signal as the controller output is usually too weak to 

drive the excitation system directly. The amplified 

signal is then fed to the exciter. 

• The exciter: supplies the field excitation current to the 

generator rotor winding. By modifying the excitation 

current, the magnetic flux inside the synchronous 

generator changes directly affecting the generated 

terminal voltage. 

• The generator: makes electrical output AC voltage. 

• The sensor: constantly monitors and measures the 

terminal voltage and feeds it back to the summing 

junction. 

 

Figure 2: Basic closed-loop structure of the AVR. 

The Laplace-domain transfer functions of the sub-models 

of the AVR system are presented in Table 1. Each sub-model 

is represented as a first-order transfer function with a gain 

parameter and a time constant. These first-order models 

represent the dynamic behavior of the main AVR 

components: amplifier, exciter, generator and sensor. The 

gain is the size of the system response, and the time constant 

is the speed of the response to changes in the input. This type 

of modeling approach provides a simplification of the analysis 

and design of the AVR system while retaining the essential 

dynamic characteristics. 

Table 1: Transfer functions of sub-models in an AVR system. 

Component Transfer Function Parameter Range 

Amplifier 

( )
1

a

a

a

k
G s

s
=

+
 

10 400ak   

( )0.02 0.1a s   

Excitier 

( )
1

e

e

e

k
G s

s
=

+
 

1 400ek   

( )0.4 1e s   

Generator 

( )
1

g

g

g

k
G s

s
=

+
 

0.7 1gk   

( )1 2g s   

Sensor 

( )
1

s

s

s

k
G s

s
=

+
 

( )0.001 0.06s s   

2.2 Discrete-Time Sub-Models 

The discrete-time form of the amplifier is given by: 

      1 a a

a a

a a

T K T
V k V k u k

T T T T
+ = +

+ +
 (2) 

where: 

•  aV k : the output voltage of the amplifier at the k -th 

sampling instant, 

•  1aV k + : the output voltage of the amplifier at the 

1k + -th sampling instant, 
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•  u k : the input voltage of the amplifier at the k -th 

sampling instant, 

• aT : the time constant of the amplifier, 

• aK : the gain of the amplifier, 

• T : the sampling interval. 

The discrete-time form of the exciter is given by: 

      1 e e

e e a

e e

T K T
V k V k V k

T T T T
+ = +

+ +
 (3) 

where: 

•  eV k : the output voltage of the exciter at the k -th 

sampling instant, 

•  1eV k + : the output voltage of the exciter at the 1k +

-th sampling instant, 

• eT : the time constant of the exciter, 

• eK : the gain of the exciter. 

The discrete-time form of the generator is given by: 

      1
g g

g g e

g g

T K T
V k V k V k

T T T T
+ = +

+ +
 (4) 

where: 

•  gV k : the output voltage of the generator at the k -th 

sampling instant, 

•  1gV k + : the output voltage of the generator at the 

1k + -th sampling instant, 

• 
gT : the time constant of the generator, 

• 
gK : the gain of the generator. 

The discrete-time form of the sensor is given by: 

      1 s s

s s g

s s

T K T
V k V k V k

T T T T
+ = +

+ +
 (5) 

where: 

•  sV k : the output voltage of the sensor at the k -th 

sampling instant, 

•  1sV k + : the output voltage of the sensor at the 1k +

-th sampling instant, 

• sT : the time constant of the sensor, 

• sK : the gain of the sensor. 

3. The Discrete-Time PID Controller 

The time-domain model of the PID controller is given by: 

 

 ( ) ( ) ( )
( )

0

t

P I D

de t
u t K e t K e t dt K

dt
= + +  (6) 

where: 

• ( )u t : the output voltage of the controller, 

• ( ) ( ) ( )e t r t y t= − : the tracking error, in which ( )r t  

is the reference and ( )y t  is the plant output,  

• PK : the proportional gain, 

• IK : the integral gain, 

• DK : the derivative gain. 

The discrete-time form of the controller is given by: 

      
   

1

1N

P I D

k

e k e k
u k K e k K e k T K

T=

− −
= + +  (7) 

where: 

•  u k : the output voltage of the controller at the k -th 

sampling instant, 

•  e k : the tracking error at the k -th sampling instant, 

•  1e k − : the tracking error at the 1k − -th sampling 

instant. 

4. Bayesian Neural Networks for Regression 

This section describes the formulation of BNNs for 

regression problems. In contrast to conventional neural 

networks, where the model parameters are represented by 

fixed deterministic values, BNNs treat the network weights 

and biases as probabilistic variables described by probability 

distributions. This probabilistic framework enables the model 

to capture uncertainty in the learning process and improve 

generalization performance, especially when the training data 

are limited, noisy, or affected by uncertainties. 

4.1 Feedforward Neural Networks for Regression 

In FFNNs for regression, information flows in one 

direction-from the input layer through a single hidden layer 

and finally to the output layer-without any feedback loops. 

The network output of FFNNs is given as follows: 

 ( ) ( ) ( ) ( )2 1 1 2

1 1

tanh
M d

k kj ji i j k

j i

z w w x b b
= =

  
= + +  

  
   (8) 

where: 

• ix : the i -th input value to the network, 

• d : the number of network inputs, 

• 
( )1

jiw : the weight on the connection from the i -th input 

to the j -th hidden node, 

• 
( )1

jb : the bias of the j -th hidden node, 

• 
( )2

kjw : the weight on the connection from the j -th hid-

den node to the k -th output node,  

• 
( )2

kb : the bias of the k -th output node, 

• kz : the k -th output node value, 

• M : the number of hidden nodes. 

4.2 Bayes’ Theorem 

The use of Bayes’ theorem can result in the posterior 

distribution of weights and biases in a neural network given a 

dataset as follows: 

 ( )
( ) ( )

( )

|
|

p D w p w
p w D

p D
=  (9) 

where  w  is the vector of weights and biases. ( )|p w D  is 

the posterior distribution of weights and biases given a dataset 
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D . ( )p w  is the prior distribution of weights and biases. 

( )|p D w  is the dataset likelihood. Finally, ( )p D  is a 

normalization factor to ensure the posterior distribution 

integrates to 1. ( )p D  is well-known as the evidence, which 

is given by an integral over the network space as follows: 

 ( ) ( ) ( )|p D p D w p w dw=   (10) 

4.3 The Evidence Procedure 

The evidence procedure is an iterative algorithm for 

determining the optimal vector of weights and biases, and 

hyperparameters. In the evidence procedure, the following 

cost function needs to be minimized: 

 ( ) ( ) ( )D WS w E w E w = +  (11) 

where: 

• ( )S w : the cost function, 

• ( )DE w : the data error function depending on the 

weights and biases, 

• ( )WE w : the weight function depending on the weights 

and biases, 

•   and  : the hyperparameters. 

In (11), the data error function ( )DE w  is given by: 

 ( ) ( ) 
2

1

1
;

2

N
n n

D

n

E w z x w t
=

= −  (12) 

where: 

• ( );nz x w : the network output corresponding to the n -

th training patterns, 

• 
nt : the desired network output (target) corresponding 

to the n -th training patterns, 

• N : the number of training patterns. 

The weight function in (11) has the following form: 

 ( )
2 2

1

1 1

2 2

W

W i

i

E w w w
=

= =   (13) 

where: 

• w : the vector of weights and biases, 

• iw : the i -th weight or bias. 

• W : the number of weights or biases. 

The value of   can be estimated by using the following 

equation [25, 26]: 

 
( )2 W MPE w


 =  (14) 

where: 

• MPw : the most probable vector of weights and biases, 

•  : the number of well-determined parameters. 

The value of   is determined as follows: 

 
1

W
i

i i




 =

=
+

  (15) 

where ( )1,...,i i W =  are the eigenvalues of the Hessian 

matrix of the data error, ( )DE w . 

The values of   can be estimated by using the following 

equation: 

 
( )2 D MP

N

E w




−
=  (16) 

In the evidence procedure, there is also a need of 

maximizing ( )| ,p D   , which is known as the evidence. 

This term can be found by integrating data likelihood over all 

possible weights and biases.  

 ( ) ( ) ( )| , | , , | ,p D p D w p w dw     =   (17) 

Instead of directly evaluating the evidence, it is more 

convenient to compute the log evidence by using the equation 

below [25, 26]: 

 

( ) ( ) ( )

( ) ( )

ln | ,

1
ln det ln ln ln 2

2 2 2 2

W MP D MPp D E w E w

W N N
A

   

  

= − −

− + + −
 (18) 

where A  is the Hessian matrix of the cost function evaluated 

at MPw  as follows: 

 ( ) ( )MP D MPA S w E w I =  =  +  (19) 

where: 

• ( )D MPE w : the Hessian matrix of ( )DE w  at MPw , 

• I : the identity matrix. 

The log evidence ( )ln | ,p D   , as determined in (19), 

can be used to identify the optimal number of hidden nodes in 

the BNN. In particular, the optimal number of hidden nodes 

corresponds to the configuration that yields the highest log 

evidence. 

4.4 Update of the Weights and Biases 

The vector of weights and biases can be updated via an 

iterative process as follows: 

        1w k w k k d k+ = +  (20) 

where: 

•  w k : the vector of weights and biases at the k -th it-

eration, 

•  1w k + : the vector of weights and biases at the 1k +

-th iteration, 

•  d k : the search direction at the 1k + -th iteration, 

•  k : the learning rate at the 1k + -th iteration. 

The vector of weights and biases is updated to minimize 

the difference between the predicted output and the real 

output. Training algorithms, usually backpropagation 

combined with an optimization algorithm like the scaled 

conjugate gradient (SCG) method or quasi-Newton method 

[25, 26]. The BNN training procedure includes the following 

steps: 

• Step 1: Initialize the values for   and  . The net-

work weights and biases are initialized from the prior 

distribution defined for  . 
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• Step 2: Update the vector of weights and biases to 

minimize the cost function, ( )S w , using SCG 

method. 

• Step 3: When the cost function has reached a local 

minimum, the values of   and   can be re-estimated 

as follows: 

 
2

old

new

WE


 =  (21) 

 
2

old

new

W

N

E




−
=  (22) 

• Step 4: Repeat Steps 2 and 3 until a convergence has 

reached. 

The principle of computing PID controller gains using a 

trained BNN is shown in Figure 3. The inputs to the network 

are the normalized minimum values of the settling time vector 

and the overshoot vector and these represent the desired dy-

namic performance of the AVR system. The trained BNN pre-

dicts the optimal PID controller gains based on these perfor-

mance indices. This approach gives an efficient nonlinear 

mapping between the system performance specifications and 

the corresponding controller parameters. 

 

Figure 3: Principle of determining the PID controller gains using a trained 

BNN. 

5. Real-Time Simulation 

To verify the effectiveness of the proposed method, a 

simple real-time simulation system based on Arduino Uno 

was developed as shown in Figure 4. Arduino Uno is an open-

source microcontroller development board based on 

ATmega328P microcontroller. It is widely used in embedded 

control, data acquisition and real time monitoring applications 

because of its low cost, flexibility and ease of programming. 

In this work, the real-time simulation of the AVR system and 

PID controller algorithm was performed using the Arduino 

Uno. 

A data acquisition (DAQ) software was developed using 

the Python programming language for the real-time 

monitoring and visualization of the terminal voltage response 

of the AVR system. The graphical user interface (GUI) shown 

in Figure 5 can provide continuous communication between 

the computer and the Arduino Uno through serial 

communication, with the measured signals displayed and 

recorded during operation. In addition, the software has the 

feature to store the transient speed response for off-line 

analysis and performance evaluation using MATLAB. The 

experimental test bed provides a simple and effective platform 

to validate the proposed BNN-based PID tuning method under 

real-time operating conditions. 

 

Figure 4: Simple real-time simulation system using Arduino Uno. 

 

Figure 5: GUI of the DAQ software. 

The training process of the BNN requires the formation of 

a representative dataset containing the relationships between 

the PID controller gains and the corresponding dynamic 

performance indices of the AVR system. Table 2 presents the 

transfer functions of the sub-models in the AVR system used 

for real-time simulation, including the amplifier, exciter, 

generator, and sensor models. 

Table 2: Transfer functions of the sub-models in the AVR system for real-

time simulation. 

Component Transfer Function Parameter Range 

Amplifier 

( )
1

a

a

a

k
G s

s
=

+
 

10ak =  

( )0.1a s =  

Excitier 

( )
1

e

e

e

k
G s

s
=

+
 

1ek =  

( )0.4e s =  

Generator 

( )
1

g

g

g

k
G s

s
=

+
 

1gk =  

( )2g s =  

Sensor 

( )
1

s

s

s

k
G s

s
=

+
 

1sk =  

( )0.01s s =  

Before generating the training dataset, the initial values of 

the PID controller gains must be specified in advance 

following the flowchart in Figure 6. In this step, the initial PID 

parameters ( 0PK , 0IK  and 0DK ) are determined using the 

PID auto-tuning function in MATLAB through the command 

pidtune(G,’pid’), where G  represents the overall transfer 

function of the AVR system. The obtained PID gains serve as 
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the reference values for generating a range of controller 

parameters used in the dataset creation process. 

 

Figure 6: Flowchart for computing initial values of the PID controller gains. 

The procedure for generating the training dataset is 

illustrated in the flowchart shown in Figure 7. Based on the 

initial PID gains ( 0PK , 0IK  and 0DK ), multiple combinations 

of PK , IK  and DK are generated systematically. For each 

combination, the AVR system response is evaluated to obtain 

important dynamic performance indices such as rise time, 

settling time, and overshoot. These data are then stored and 

used to train the proposed BNN model for determining the 

optimal PID controller gains. The initial PID gains can be 

obtained by using the MATLAB pidtune(G,'pid') function. 

Then, the parameter ranges for generating the training dataset 

were defined as: 

0 00.5 1.5P P PK K K= −  

0 00.5 1.5I I IK K K= −  

0 0.05DK = −  

Each parameter range was uniformly divided into 10 grid 

points. Since each vector of PK , IK , and DK  contains 10 

grid resolutions, the total number of parameter combinations 

is 10×10×10=1000. Therefore, a total of 1000 operating 

conditions of the AVR system are generated for the dataset. 

Each operating condition corresponds to a unique 

combination of PID controller gains and produces a different 

dynamic response of the AVR system. For every combination, 

important performance indices such as rise time, settling time, 

and overshoot are evaluated and recorded. This large dataset 

provides sufficient input-output mapping information for 

training the BNN to accurately estimate the optimal PID 

controller gains. 

The flowchart in Figure 8 illustrates the whole procedure 

for training a BNN for the determination of the best PID 

controller gains for the AVR system. The process begins with 

loading the training dataset from “training_data.mat” that 

contains the performance indices and PID controller gains 

from different operating conditions of the AVR system. Also, 

the dataset is loaded, and the input variables are normalized 

to achieve better training performance of the BNN. The 

settling time vector and the overshoot vector are normalized 

by dividing each element with their maximum value. These 

normalized quantities are the matrix input. Similarly, the PID 

controller gain vectors are normalized to construct the target 

matrix. Then, the BNN structure and parameters are defined.  

 

Figure 7: Flowchart for generating the training dataset for BNN. 

The network consists of two input neurons corresponding 

to the normalized settling time and normalized overshoot, a 

hidden layer with a variable number of neurons ranging from 

1 to 8, and three output neurons corresponding to the PID 

controller gains ( PK , IK  and DK ). Also, initial values for the 

hyperparameters (  and  ) are defined to enable Bayesian 

learning. Next, the BNN model is designed using FFNN 

architecture. Initialization of training options: outer loops, 

inner loops, training cycles. The network is trained with the 

scaled conjugate gradient (SCG) optimization algorithm. At 

each iteration, the evidence framework is used to update the 

hyperparameters and improve the generalization ability of the 

network.  

The variation of the log evidence as a function of the 

number of hidden nodes in the BNN is shown in Figure 9. The 

maximum value of the log evidence is obtained for the 

network with two hidden nodes. This indicates that the BNN 

with two hidden nodes gives the best trade-off between the 

model complexity and the model generalization ability. A 
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higher number of hidden nodes may cause high risk of over-

fitting. Therefore, the two-hidden-node BNN is chosen as the 

optimal network structure as it yields the highest evidence and 

best generalization performance for the prediction of the 

optimal PID controller gains of the AVR system. 

 

Figure 8: Procedure for training the BNN to find the optimal values of the 

PID controller gains. 

After the training process, the desired system performance 

is specified using the minimum normalized settling time and 

minimum normalized overshoot obtained from the generated 

dataset. These two values are provided as the input to the 

trained BNN. The BNN then predicts the corresponding 

normalized PID gains, which are subsequently denormalized 

to obtain the final PID controller parameters. 

The trained BNN predicts the normalized PID controller 

gains via forward propagation. Finally, the predicted 

normalized gains are denormalized to the original scales. The 

resulting values of PK , IK  and DK  represent the optimal 

PID controller gains obtained using the trained BNN. It 

should be noted that the inverse mapping from the two 

performance indices ( st  and 
pM ) to the three PID controller 

gains ( PK , IK  and DK ) is generally non-unique. Therefore, 

the trained BNN does not provide a mathematically unique 

solution. Instead, it learns a representative mapping from the 

performance specifications to a feasible PID-gain vector 

based on the distribution of the training data. The Bayesian 

formulation accounts for uncertainty in the learned model 

through probabilistic network parameters; however, the 

present implementation uses the BNN prediction to obtain one 

representative PID-gain set rather than explicitly estimating 

all possible PID solutions corresponding to the same 

performance indices. 

The role of the BNN is different from that of direct 

optimization or exhaustive search. The generated dataset 

contains 1000 predefined combinations of ( PK , IK  and DK ), 

for which the corresponding transient-response indices are 

explicitly calculated. Direct selection from these samples can 

therefore identify the best controller within the predefined 

candidate set. In contrast, the BNN is trained to learn an 

inverse mapping from the desired transient-performance 

specifications to the PID parameters. Consequently, the BNN 

is intended to provide a rapid prediction of PID gains for a 

specified performance requirement without repeating the 

complete evaluation of all candidate PID combinations. The 

BNN prediction is subsequently validated by applying the 

predicted gains to the AVR model and evaluating the resulting 

transient response. 

 

Figure 9: The log evidence versus the number of hidden nodes. 

Table 3 shows how the hyperparameters vary throughout 

the BNN training process over five re-estimation periods. The 

value of the hyperparameter   is relatively small during the 

re-estimation periods, which indicates that the weight decay 

term has little effect on the training process. i.e. the network 

weights are free to adapt to the training data more flexibly. On 

the other hand, the hyperparameter   is rather large for all 

the re-estimation periods, suggesting a high confidence in the 

training data and a small, estimated noise variance. The large 

value of   implies that the BNN focuses more on the 

reduction of data error, thus improves the regression accuracy 

and model fitting performance.  

The PID controller gains before and after the optimal 

tuning based on the trained BNN are shown in Table 4. 

Figures 10 and 11 show the terminal voltage responses of the 

AVR system for the reference voltages of 220V and 110V 
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respectively. The curves show the performance of the PID 

controller tuned to optimum at working points. From the 

responses, it is observed that the BNN-based PID (BNN-PID) 

controller can give better performance indices such as less 

settling time and smaller overshoot in comparison with the 

initial settings of the controller.  

Table 3: Changes of the hyperparameters according to three re-estimation 

periods. 

Re-estimation Period     

1 0.25222 40.85538 

2 0.40534 40.83342 

3 0.43186 40.82383 

4 0.43515 40.82237 

5 0.43554 40.82220 

Table 4: The PID controller gains before and after optimal tuning using the 

trained BNN. 

PID Controller 
PK  IK  DK  

Before optimal tuning 0.177 0.108 0.000 

After optimal tuning 0.115 0.072 0.026 

 

The quantitative dynamic performances of the AVR 

system for reference voltages of 220 V and 110 V are given 

in Tables 5 and 6, respectively. The results show the 

effectiveness of the proposed BNN-PID controller in two 

operating conditions. The BNN-PID controller has a shorter 

settling time and a great reduction of overshoot compared 

with the initial PID controller settings. The improvements 

show that the proposed tuning approach improves the 

transient response and stability of the AVR system while 

keeping the accurate voltage regulation performance. 

Table 5: Dynamic performance of the AVR corresponding to a 220 V 

reference voltage. 

 Settling Time (s) Overshoot (%) 

Before optimal tuning 3.5966 14.3728 

After optimal tuning 2.4340 0 

Table 6: Dynamic performance of the AVR corresponding to a 110 V 

reference voltage. 

 Settling Time (s) Overshoot (%) 

Before optimal tuning 3.5964 14.3728 

After optimal tuning 3.0218 0 

 

 

Figure 10: Terminal voltage responses for a 220 V reference voltage. 

 

Figure 11: Terminal voltage responses for a 110 V reference voltage. 

6. Conclusion 

The paper proposes a data-driven approach for tuning PID 

controllers for AVR systems based on BNNs. The AVR was 

represented as a dynamic system made up of an amplifier, 

exciter, generator, and sensor. We created a dataset by 

systematically changing the PID gains and evaluating the 

corresponding settling time and maximum overshoot. Then 

the BNN was trained to learn the inverse mapping from the 

desired transient-performance specifications to the PID gains. 

The proposed method was tested using an Arduino Uno based 

real-time simulation. The results show that the BNN-based 

PID controller achieves less overshoot and a faster settling 

time than the original PID controller for the nominal AVR 

conditions that were tested. But the parameter uncertainty, 

external disturbance and measurement noise were not 

explicitly considered. Hence, robustness and generalization in 

these conditions cannot be inferred from the present results. 

In future work the proposed method will be studied under 

parameter variations, disturbances and measurement noise. 
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