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 The ball and beam system is a nonlinear and inherently unstable single-

input, multiple-output (SIMO) system, which poses significant challenges 

for control design. Intelligent control algorithms are often applied to 

autonomously control complex systems when there are changes in 

parameters or the control environment. Therefore, in this paper, we research 

and develop two methods: proportional integral derivative (PID) and single 

neuron adaptive (SNA)-PID-recurrent fuzzy neural network identifier 

(RFNNI) to control the ball and beam system. Simulation results on 

MATLAB/Simulink show that the SNA-PID-RFNNI controller provides a 

more stable output signal than the traditional PID controller, with minimal 

overshoot and a settling time of about 15 seconds. Next, we will conduct 

real-time experiments on the object using the proposed algorithm through 

the MEGA2560 control board with an ultrasonic positioning mechanism. 
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1. INTRODUCTION 

The ball and beam system is a well-known classical benchmark model in the fields of automatic 

control research and education, due to its unstable and nonlinear characteristics [1]. In terms of physical 

structure, the system consists of a ball capable of rolling along a long rod. This rod has one fixed end; the 

other end can be tilted by controlling a motor with a connecting rod attached to it; the control goal is to keep 

the ball stable at a pre-defined location on the rod [2]. Due to the influence of gravity, the material of the ball 

and the slider, when adjusting the tilt angle of the rod (even very small), the ball will roll quickly to one side, 

causing the system to fall into an unbalanced state easily [3]. The unstable and nonlinear characteristics make 

the ball-and-rod balancing system ideal for testing modern control algorithms, from classical proportional 

integral derivative (PID) control to intelligent methods such as fuzzy control, neural networks, and hybrid 

methods [4], [5]. PID control is still the most popular solution due to its ease of tuning and significant 

efficiency in practice. However, classical PID controllers are often designed with fixed parameters, leading to 

poor performance when the control object changes or when there is significant noise and signal delays [6]. 

To improve the adaptability and accuracy of the system, a prominent approach is to use an adaptive 

single neuron network to optimize the PID controller, where the coefficients Kp, Ki, and Kd are adjusted 

online through the neural network [7]. In addition, accommodating the nonlinear and time-dependent 

characteristics of rod and ball system, the system identifier plays an essential role in providing information 

https://creativecommons.org/licenses/by-sa/4.0/
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for adaptive control. Recurrent fuzzy neural network identifier (RFNNI) is a suitable tool for modeling and 

identifying nonlinear systems that can handle time and fuzzy inference [8]. This paper proposes a new 

control method combining a single-neuron adaptive PID controller and RFNNI, applied to a ball and beam 

system. This method is verified through simulation on the MATLAB/Simulink platform, showing that the 

algorithms help improve accuracy, reduce the transient time, and improve the system's stability [9], [10]. 
 

 

2. MATHEMATICAL MODELLING 

The beam and ball system consists of a circular ball that can roll along a long beam. A motor placed 

at one end of the beam adjusts the angle of inclination of the beam, and a connecting rod connects the 

rotating disk to the beam [9]. The system is depicted in Figure 1, where Figure 1(a) shows the system 

modeling and Figure 1(b) shows the experimental prototype. The system parameters are presented in Table 1. 
 

 

  
(a) (b) 

 

Figure 1. Modeling and experimental setup of the ball and beam system: (a) system modeling and  

(b) experimental prototype 
 
 

Table 1. Actual parameters on the model that the team has built 
Parameter Unit Value Meaning 

L (m) 0.4 Length of the beam 

m (kg) 0.11 Mass of the ball 
M (kg) 0.4 Mass of the beam 

g (m/s2) 9.8 Gravitational acceleration 

r (m) 0.2 Ball position 
R (m) 0.015 Radius of the ball 

α (rad) 0 Beam angle coordinate 

θ (rad) 0 Servo gear angle 
d (m) 0.02 Lever arm offset 

 

 

The ball dynamics are primarily influenced by gravity and its moment of inertia. This results in a 

system that is unstable and nonlinear. The development of an effective controller requires an accurate 

mathematical representation of the system [1]. 

According to the literature [10]–[13], the mathematical equation of plant is described as (1) and (2). 
 

(𝑚𝑟2 + 𝐽𝑀)𝛼̈ + 2𝑚𝑟𝑟̇𝛼̇ +
𝐿

2
𝑔𝑀 𝑐𝑜𝑠 𝛼 + 𝑔𝑚𝑟 𝑐𝑜𝑠 𝛼 = 𝜏 (1) 

 

(𝑚 +
𝐽𝑚

𝑅2) 𝑟̈ − 𝑚𝑟𝛼̇2 + 𝑚𝑔 𝑠𝑖𝑛 𝛼 = 0 (2) 

 

With 𝐽𝑀 , 𝐽𝑚 are the moments of inertia of the beam and ball, 𝜏 is the torque generated by the motor. Let  

𝑥1 = 𝑟, 𝑥2 = 𝑟̇, 𝑥3 = 𝛼, 𝑥4 = 𝛼̇ [9], we get (3) and (4). 
 

𝑥̇1 = 𝑥2; 𝑥̇2 =
𝑚𝑥1𝑥4

2−𝑚𝑔 𝑠𝑖𝑛 𝑥3

𝑚+
𝐽𝑚
𝑅2

 (3) 

 

𝑥̇3 = 𝑥4; 𝑥̇4 =
𝜏−2𝑚𝑥1𝑥2𝑥4−

𝐿

2
𝑔𝑀 𝑐𝑜𝑠 𝑥3−𝑔𝑚𝑥1 𝑐𝑜𝑠 𝑥3

𝑚𝑥1
2+𝐽𝑀

 (4) 

 

This model describes the interaction between the beam angle and the ball position. Based on (3) and (4), the 

system is implemented in MATLAB/Simulink environment, as illustrated in Figure 2, forming the basis for 

the subsequent controller design. 
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Figure 2. Modeling of ball and beam system in MATLAB/Simulink 
 

 

3. DESIGN OF THE CONTROLLER 

In this study, the controller is proposed based on the single neuron adaptive (SNA)-PID algorithm. It 

is combined with the RFNNI to control the ball and beam system. The goal is to adapt and respond quickly to 

changes in the system state while handling the nonlinear and noisy characteristics of the entire closed-loop 

system well. 
 

3.1.  The single neuron adaptive-proportional integral derivative controller 

Figure 3 depicts the structure of PID controller. The controller is constructed using a linear neuron. 

This design integrates proportional, integral, and derivative components within a neural-based framework. 
 
 

 
 

Figure 3. Structure of SNA-PID controller 
 

 

As given in (5), the proportional, integral, and derivative terms are computed from the error between 

the reference input and the system output. 
 

𝛥𝑧1 = 𝑧(𝑘); 𝛥𝑧2 = ∫ 𝑧(𝑘)𝑑𝑘; 𝛥𝑧3 =
𝑑𝑧(𝑘)

𝑑𝑘

∞

0
 (5) 

 

The equation describing the PID controller is defined as (6) [14], [15]. 
 

𝑢(𝑘) = 𝐾𝑝𝛥𝑧1 + 𝐾𝑖𝛥𝑧2 + 𝐾𝑑𝛥𝑧3 + 𝑢(𝑘 − 1)  (6) 
 

Here, z(k) (with k =1, 2, 3) denotes the error between the reference signal and the system response. In the 

proposed controller, the neuron output is equivalently regarded as the PID controller output, which is shown 

in (7) [16]. 
 

𝑛 = (𝑎11 𝛥 𝑧1 + 𝑎12𝛥𝑧2 + 𝑎13𝛥𝑧3) 
𝑑𝑢( 𝑘) = 𝑓(𝑛) = 𝑛 𝑎𝑛𝑑 𝑢(𝑘) = 𝑑𝑢(𝑘) + 𝑢(𝑘 − 1) (7) 

 

Where, 𝑎1𝑖|𝐼=1,2,3 are the weights of the neurons, corresponding to the PID gain set (Kp, Ki, Kd), and they are 

adaptively updated in real time. 

The training process for the SNA-PID controller aims to minimize the cost function shown in (8) by 

updating the network weights 𝑎1𝑖|𝑖=1,2,3. 
 

𝑍( 𝑘) =
1

2
𝑧2(𝑘) 𝑤𝑖𝑡ℎ 𝑧(𝑘) = 𝑦𝑟𝑒𝑓(𝑘) − 𝑦(𝑘)  (8) 
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Here, 𝑦𝑟𝑒𝑓(𝑘) and y(k) denote reference signal and system response, respectively. The gradient descent 

method was employed to adapt the network weight set 𝑎1𝑖|𝑖=1,2,3, as described in [17], [18]. 
 

3.2.  The recurrent fuzzy neural network identifier 

The RFNNI as shown in Figure 4, is a multi-layer recurrent neural network for fuzzy inference that 

can be formulated using a set of fuzzy inference rules [17].  

i) Layer 1 - input layer: the RFNNI uses the current control input and the previous system output as input 

variables, whose connection weights are updated at the current time instant k as expressed in (9). 

Specifically, the input signals are defined as (10). 
 

𝐺𝑖
1(𝑘) = 𝑥𝑖

1(𝑘) + 𝜃𝑖
1𝐺𝑖

𝑘(𝑘 − 1) 𝑤𝑖𝑡ℎ 𝑖 = 1,2 (9) 
 

𝑥1
1(𝑘) = 𝑢(𝑘) 𝑎𝑛𝑑 𝑥2

1(𝑘) = 𝑦(𝑘 − 1)  (10) 
 

ii) Layer 2 - fuzzy layer: this layer is composed of (2×5) nodes, each node represents a Gaussian function 

with mean 𝑚𝑖𝑗, standard deviation 𝜎𝑖𝑗, as defined by (11). 
 

𝐺𝑖𝑗
2 (𝑘) = 𝑒𝑥𝑝 [−

(𝐺𝑖
1(𝑘)−𝑚𝑖𝑗)

2

𝜎𝑖𝑗
] , 𝑤𝑖𝑡ℎ 𝑖 = 1,2 𝑎𝑛𝑑 𝑗 = 1,2,3,4,5 (11) 

 

The RFNNI’s online learning mechanism involves the adaptive adjustment of two specific parameters 

𝑚𝑖𝑗 and 𝜎𝑖𝑗 for each node within the fuzzy layer.  

iii) Layer 3 - rule layer: this layer contains (5×5) nodes, and the output of the node 𝑞 is given by (12). 
 

𝐺𝑞
3(𝑘) = ∏ 𝐺𝑖𝑞𝑖

2 (𝑘) 𝑤𝑖𝑡ℎ 𝑖, 𝑞𝑖 = 1,2,3,4,5𝑖  (12) 

 

iv) Layer 4 - output layer: it consists of a linear neuron, and its output is expressed as (13). 
 

𝐺𝑖
4(𝑘) = ∑ 𝑎𝑖𝑗

4 𝐺𝑗
3(𝑘) 𝑤𝑖𝑡ℎ 𝑖 = 1 𝑎𝑛𝑑 𝑗 = 1,2, . . . ,25𝑗  (13) 

 

With 𝑎𝑖𝑗
4  is the connection weight between layer 3 and layer 4. The output of this layer also represents 

the output of the RFNNI, as expressed in (14). 
 

𝐺1
4(𝑘) = 𝑦𝑚(𝑘) = 𝑓 [𝑥1(𝑘), 𝑥2(𝑘)]𝑤𝑖𝑡ℎ 𝑥1(𝑘), 𝑥2(𝑘) 𝑎𝑟𝑒 𝑑𝑒𝑓𝑖𝑛𝑒𝑑 𝑏𝑦 (10)  (14) 

 

 

 
 

Figure 4. The structure of the RFNNI 
 

 

The purpose of the online training algorithm in RFNNI is to adaptively tune the network weights 

and the fuzzy layer-dependent function parameters to minimize the cost function, as defined in (15). 



                ISSN: 2252-8938 

Int J Artif Intell, Vol. 15, No. 2, April 2026: 1202-1210 

1206 

𝑍(𝑘) =
1

2
[𝑦(𝑘) − 𝑦𝑚(𝑘)]2 =

1

2
[𝑦(𝑘) − 𝐺1

4(𝑘)]2 (15) 

 

Using the backpropagation technique, the RFNNI connection weight set will be adjusted in (16). 
 

𝐴( 𝑘 + 1) = 𝐴(𝑘) + 𝛥𝐴(𝑘) 𝑤𝑖𝑡ℎ 𝛥𝐴(𝑘) = 𝜂 (−
𝜕𝑍(𝑘)

𝜕𝐴
) (16) 

 

Where, 𝜂 and A denote the learning rate constant and the adjustable parameter in the RFNNI training, 

respectively. The gradient of Z(.) in (15) and the weight of each RFNNI network layer are determined in 

reference [17]. Additionally, to predict the output 𝑦𝑚(𝑘) of the plant model, the RFNNI must also compute 

the Jacobian 
𝜕𝑦(𝑘)

𝜕𝑢(𝑘)
, which is essential for the online training of the SNA-PID controller. The Jacobian 

information is defined in (17), referring to [17], [19]. 
 

𝜕𝑦(𝑘)

𝜕𝑢(𝑘)
=

𝜕𝐺1
4

𝜕𝑢
= ∑ {

𝜕𝐺4

𝜕𝐺𝑞
3 .

𝜕𝐺𝑞
3

𝜕𝑢
} = ∑ 𝐴𝑖𝑗

4 . {
𝜕𝐺𝑞

3

𝜕𝑢
}25

𝑞=1
25
𝑞=1 = ∑ 𝑎𝑖𝑗

4 . {∑
𝜕𝐺𝑞

3

𝜕𝐺𝑞𝑠
2 .

𝜕𝐺𝑞𝑠
2

𝜕𝑢𝑠 }𝑞 =

∑ 𝐴𝑖𝑗
4

𝑞 . {∑
𝜕𝐺𝑞

3

𝜕𝐺𝑞𝑠
2 .

(−2)[𝐺𝑖𝑗
1 (𝑘)−𝑚𝑖𝑗]

(𝜎𝑖𝑗)
2𝑠 } (17) 

 

 

4. SIMULATION RESULTS AND DISCUSSION 

4.1.  Diagram of SNA–PID–RFNNI controller 

A block diagram of the control system developed using MATLAB/Simulink is presented in  

Figure 5 [20], [21]. Based on (3) and (4), the mathematical description for the ball and beam setup is 

established. The parameters of the SNA-PID controller are selected by a trial-and-error method, as described 

in [4]. The structure of the RFNNI set consists of 4 main layers: input, fuzzification, rule, and defuzzification. 

The recognition set supports online adjustment through backpropagation gradient. It outputs the output signal 

of the object as well as the Jacobian derivative to determine the influence level of the input on the output, 

serving the training of adaptive control. 

 

 

 
 

Figure 5. SNA-PID-RFNNI controller diagram [19], [22] 

 

 

4.2.  Results and comparison 

The beam and ball system, using the SNA-PID-RFNNI algorithm, is simulated with fixed parameter 

positions of 24 cm and 28 cm (step function) and zero noise for the output responses in Figures 6 and 7. The 

results show that the ball moves and stays at the desired position. Continue using the SNA-PID-RFNNI 

algorithm to simulate with fixed parameter positions of 30 cm and 35 cm (constant function) with a noise of 

0.00001 for the output responses in Figures 8 and 9. The results show that the ball still maintains its desired 

position, although there is a slight oscillation around the equilibrium point. 

The beam and ball system using the PID and the SNA-PID-RFNNI algorithm is simulated with 

fixed parameter positions of 26 cm (step function) with zero noise for the output responses in Figure 10, with 

fixed parameter positions of 32 cm (constant function) with noise equal to 0.00001 for the output responses 
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in Figure 11. In Figure 10, both the SNA-PID-RFNNI and PID controllers return the ball to the reference 

position. However, the PID controller causes large oscillations and higher initial overshoot, while the  

SNA-PID-RFNNI controller provides a smoother response, shorter recovery time, and less oscillation. When 

disturbances are present (Figure 11), the difference becomes more pronounced. The PID controller continues 

to exhibit large overshoots and prolonged settling times. In contrast, the SNA-PID-RFNNI maintains a 

response close to the reference position with fewer oscillations and improved noise immunity.  

 

 

  
  

Figure 6. Transient response of SNA-PID-RFNNI 

with r =24 cm 

Figure 7. Transient response of SNA-PID-RFNNI 

with r =28 cm 

 

 

  
  

Figure 8. Transient response of SNA-PID-RFNNI 

with r =30 cm 

Figure 9. Transient response of SNA-PID-RFNNI 

with r =35 cm 

 

 

  
  

Figure 10. Position response with r =26 cm Figure 11. Position response with r =32 cm 
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Under the condition of no noise (Figure 12), both SNA-PID-RFNNI and PID controllers achieve 

zero convergence errors. However, the SNA-PID-RFNNI controller gives smoother and faster stability, with 

smaller oscillation amplitude after the transient period. Meanwhile, under the condition of noise (Figure 13), 

the PID controller clearly demonstrates the influence of noise, exhibiting strong oscillation errors and slow 

stabilization. In contrast, the SNA-PID-RFNNI controller still maintains good stability, minor errors, and less 

oscillation. The Jacob signal of the SNA-PID-RFNNI controller under noise-free and noise conditions is 

shown in Figures 14 and 15 [23]–[25].  
 

 

  
  

Figure12. Error of two controllers with r =26 cm Figure13. Error of two controllers with r =32 cm 

 
 

  
  

Figure 14. Jacob signal with r =26 cm Figure 15. Jacob signal r =32 cm 

 
 

The results in Table 2 show a clear difference in performance between the two controllers. This 

improvement reflects the intelligent control system's adaptive and online learning capabilities. Specifically, 

using single neurons allows for flexible adjustment of the PID coefficients Kp, Ki, Kd in real time, allowing 

the system to respond faster to state changes. In addition, the RFNNI plays a role in learning and accurately 

modeling the nonlinear behavior of the rod and ball system, thereby providing feedback information to 

optimize the controller output. Lower overshoot demonstrates effective control through adjustment, reducing 

oscillation, thereby helping the system operate more stably. At the same time, shortening the settling time 

shows that the system can reach equilibrium in a shorter time, which is essential for applications that require 

fast response and high accuracy. 
 

 

Table 2. Compare some quality indicators between the two controllers 
Controllers Rise time (s) Peak time (s) Settling error (m) Overshoot (%) Settling time (s) 

PID 2 9 0.018 44.36 22 

SNA-PID-RFNNI 4 8 0.0021 5.85 17 
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5. CONCLUSION 

This study presented a control method for a beam and ball system using the SNA-PID-RFNNI 

controller. The proposed method not only overcomes the limitations of classical PID control in nonlinear 

systems but also improves adaptability and accuracy in the control process. Simulation results on the 

MATLAB/Simulink platform confirm that the SNA-PID-RFNNI controller is capable of significantly 

improving the control quality compared to the traditional PID controller: shorter settling time and peak time, 

lower overshoot and settling error. These improvements demonstrate the effectiveness of the intelligent 

control model in handling nonlinear and noisy dynamic systems. In the future, the next step will continue to 

experimentally deploy the system on real hardware with the MEGA2560 board and IR sensor, to assess the 

effectiveness and practical implementability of the proposed approach. 
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