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Abstract

This paper proposes a new solution for controlling complex nonlinear systems, through the combination of a type-2
fuzzy CMAC controller and Jordan neural network. This method takes advantage of type-2 fuzzy CMAC in dealing
with uncertainties and learning ability, while the Jordan neural network helps to enhance the stability and improve
the performance of the system. The adaptive learning laws were designed to help the proposed network automatically
update the network parameters. The results from simulations and experiments have shown that this method achieves
superior accuracy and robustness compared to other methods. When applied to control the Magnetic Levitation System,
this method shows great potential in solving complex nonlinear control problems, opening up new approaches in this
field.

Keywords: Cerebellar model articulation controller, type-2 fuzzy system, Jordan neural network, adaptive control
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1 Introduction

Cerebellar Model Articulation Controller (CMAC) is a control method based on the cerebellum model, commonly used
in nonlinear control systems and machine learning. CMAC has strong learning and prediction capabilities thanks to
its distributed neural network structure [2]. A popular variant of CMAC is Fuzzy CMAC, in which fuzzy rules are
incorporated to enhance the ability to handle imprecise and uncertain information [5]. Although Fuzzy CMAC using
Type-1 fuzzy has achieved many positive results in control applications, it still has difficulty in thoroughly handling the
uncertainties and fluctuations of the system [16]. This is because type-1 fuzzy can only describe variables with a certain
degree of uncertainty. To overcome this drawback, type-2 Fuzzy CMAC (T2FCMAC) is introduced, with the ability
to better handle uncertainties through the use of Type-2 fuzzy sets. Type-2 fuzzy sets include not only the degree of
membership but also the uncertainty about that degree of membership, which improves control efficiency [4]. Typical
research works on type-2 fuzzy logic focus on solving uncertain and complex problems in many fields. Some studies have
successfully applied type-2 fuzzy in the control of robotic systems, motor systems, and industrial applications, thanks
to its ability to handle fuzzy and uncertain information better than type-1 fuzzy logic [3, 8, 11, 12, 15, 20, 27, 28]. In
addition, type-2 fuzzy is also used in pattern recognition, signal processing, and control system optimization to improve
accuracy and adaptability in a changing environment [9, 10, 17, 22, 25]. Improvements in methods such as type-2 fuzzy
neural networks and advanced fuzzy control systems have also contributed to the development of this field. Jordan
Neural Network (JNN) is a type of recurrent neural network capable of remembering the previous state of the system,
thereby improving the stability and efficiency of the control system [4]. The JNN uses feedback loops to store information
from previous steps, helping it better handle problems related to time series and dynamic states [14]. Recently, some
notable studies using JNN networks include: In 2020, Su and Lin proposed a method using Jordan neural networks and
the least squares algorithm to estimate weak signals in chaotic noise, the results showed that this method outperformed
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traditional methods in terms of accuracy and signal-to-noise ratio [24]. In 2021, Das et. al provided modeling of the
electron beam welding process using Elman and Jordan recurrent neural network, optimized by algorithms such as
search, the results showed that Jordan model optimized by flower pollination gave the best results [6]. In 2021, Kumari
et. al proposed a convolutional Elman Jordan neural network, which uses small attention windows for image recognition,
improving reconstruction and classification efficiency compared to previous methods [14]. Magnetic Levitation System
is a common application in transportation, robotics, and industrial equipment fields [1]. This system uses magnetic
force to lift and hold objects in a fixed position in space, without requiring physical contact. Controlling a magnetic
ball lifting system is a major challenge due to the nonlinearity, hysteresis, and uncertainty of the system [30]. Current
control methods for magnetic ball lifting systems include proportional-integral-derived (PID) control, fuzzy control, and
modern control techniques such as predictive control, adaptive control, and optimal control [7, 13, 19, 21, 23, 26, 29, 31].
Although these methods have achieved much success, there are still limitations in terms of accuracy and resilience to
system uncertainties and fluctuations. In this study, we combine the JNN with the T2FCMAC structure to create a
new proposed controller. This combination is intended to take advantage of the T2FCMAC ’s uncertainty handling
and learning capabilities along with the state memory capabilities and high stability of the Jordan network. This
research contributes a new control method for nonlinear systems, by combining two advanced technologies: T2FCMAC
and JNN. The novelty of the research is to take advantage of the advantages of both technologies to improve control
efficiency under uncertain and fluctuating conditions. Experimental results show that the proposed method not only
improves accuracy but also improves system sustainability compared to traditional control methods.

2 The proposed T2FJCMAC Controller

In this section, the T2FCMAC method combined with JNN is designed to improve the control efficiency of nonlinear
systems by taking advantage of both techniques. The developed T2FJCMAC network architecture is shown in Fig.1.
The detailed description of its structure and operation is given as follows:

Figure 1: The developed T2FJCMAC network architecture.

2.1 Structure of T2FCMAC:

� Input space: this space contains the system input, which can be represented by state variables I = [i1, i2, . . . , ii, . . . , ini
],

where ii is the ith input.
� Membership function space: These fuzzy sets include the upper membership function (UMF) and lower mem-

bership function (LMF), representing each input variable’s membership degree. This study uses the Type-2 Gaussian
membership function, which can be given as:
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where φ̄ijk and φ
ijk

are the UMF and LMF, respectively; oijk and ν̄ijk, νijk are the mean and the standard

deviations, respectively.
� Fuzzy firing space: This space creates the fuzzy inferences from input fuzzy sets LMF and UMF. These rules

determine how the input variables affect the output control variables.
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where ϕ̄jl and ϕ
jl

are the upper and lower fuzzy firing strengths.

� Connecting weight space: This space stores and adjusts the connection weights between the fuzzy firing space
and the output space. These weights are learned through control and feedback to optimize control efficiency. It can be
represented as follows:
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where β̄jlq and β
jlq

are the upper and lower fuzzy connecting weights.

� Output space: In this space, the results from fuzzy firing space and connecting weight space are aggregated to
create the system output.
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2.2 Structure of Jordan neural network:

� JNN Input space: Receives state variables from the input space of T2FCMAC and the feedback from the JNN
output space. By having a feedback loop that helps store and process information from previous steps.

λ = [i1, i2, . . . , ii, . . . , ini , y
1
JNN , y2JNN , . . . , yqJNN , . . . , y

nq

JNN ] = [λ1, λ2, . . . , λr, . . . , λnr
], (8)

where λr is the rth input; yqJNN is the qth feedback output of the JNN.
� JNN hidden space: The outputs from this space can be determined using the input space of the JNN and the

associated hidden weights, γmr, as follows:

θr =

nr∑
r=1

λrγmr. (9)
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� JNN output space: The outputs of this space can be derived using the hidden layer of the JNN and the
corresponding output weights, ωqr, as follows:

yqNN =

nr∑
r=1

θrωqr. (10)

The final output of the proposed T2FJCMAC can then be obtained by combining the JNN output space with the
T2FCMAC output space as follows:

yqT2FJCMAC = yqT2FCMAC + yqNN . (11)

3 The parameter adaptation laws for T2FJCMAC Controller

To improve the tracking performance, this study employs high-order sliding mode techniques [18].
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where γ is a positive constant that characterizes the slope of the sliding surface.
By differentiating equation (12)
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where γ =
[
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]T ∈ Rm−1 denotes a positive gain vector. If m and γ are chosen to
match the coefficients of a Hurwitz polynomial, then lim
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e(t) = 0 . The Lyapunov cost function is defined as
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then
V̇1(s(t)) = s(t)ṡ(t). (15)

An online learning gradient descent algorithm is applied to minimize V̇1(s(k)). Therefore, the online tuning for
parameter adaptation laws of the proposed T2FJCMAC controller are given by the following equations:
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∂oijk

= oijk(t)− ηo
∂s(t)ṡ(t)
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∂yqT2FCMAC

∂yqT2FCMAC
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where ydT2FCMAC is the desired value of yqT2FCMAC
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Proof. First, defined:

FΘ(t) =
∂yqT2FCMAC

∂Θ
, (27)

where Θ is expressed in terms of ϕ̄, ϕ, o, ν̄, ν, ω, and γ in (16)-(22).
Utilizing the gradient descent technique for (16), obtained:
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where ηΘ is expressed in terms of ηϕ̄, ηϕ, ηo, ην̄ , ην , ηω, and ηγ in (16)-(22).

Incorporating (31) and (32) into (30), obtained:
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From (32), if ηΘ is chosen as a positive value, then ∆V̇ (s(t)) < 0. Consequently, the Lyapunov stability theorem can
guarantee the proposed T2FJCMAC control system’s stability.

4 Results and discussion

Figure 2: The developed T2FJCMAC network architecture.

The mathematical equations describing the magnetic levitation ball system, as illustrated in Fig. 2, are as follows:

Ma = F (x, I)−Mgm, (33)
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where:
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where M denotes the mass of the iron ball, and x indicates the separation between the ball and the magnet. The
parameters a and gm represent the acceleration and the ball’s gravitational acceleration, respectively. I denotes the
electric current, and F indicates the magnetic force that is being controlled. The symbols µ0 and h stand for the
vacuum permeability and the length of the magnetic coil. Additionally, N is the rotational speed (in revolutions per
meter), and S is the area of the magnetic field’s cross-section. Lastly, R1 and R2 are used to represent the maximum
and minimum radius of the magnetic coil, respectively.

Based on equation (30), we derive:
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and u(t) = I2, d = −gm.

4.1 Simulation results

The simulation results of MLS were performed to evaluate the performance and stability of the system under
specific design parameters. The parameters of the MLS system were selected as follows: number of coils N = 2850,
inner radius R = 0.012 m, outer radius R = 0.038 m, cross-sectional area S = 0.0005515 m², permeability of vacuum
= 4 Ö 10 Wb/Am, mass of the ball M = 0.0216 kg and gravitational acceleration g = 9.8 m/s². The simulation
program was implemented on Matlab software, using a computer with Core i7 1355U CPU and 16GB RAM. The
simulation results show the control efficiency and response-ability of the system under the set conditions, thereby
providing a basis for evaluating and improving control methods for the MLS system.
The initial position of the ball is set at -2 mm relative to the equilibrium position. The study is conducted on three
main cases: (1) controlling the ball to balance at 0 mm, (2) controlling the ball to track a sinusoidal reference signal,
and (3) tracking a sinusoidal reference signal with noise and disturbances. The first case aims to test the stability and
position retention of the system under the influence of initial disturbances, while the second case evaluates the
tracking and response of the system to the dynamic signal, thereby determining the effectiveness of the proposed
control method. Finally, the third case further assesses the controller’s robustness by introducing noise and
disturbances, evaluating its ability to maintain accurate tracking performance under real-world uncertainties. The
random noise is generated using the randn() function in MATLAB, which produces random numbers following a
normal (Gaussian) distribution with a mean of 0 and a standard deviation of 1. Additionally, disturbances are applied
intermittently at fixed time intervals, simulating sudden external effects on the system. This setup ensures that the
controller is tested under varying and unpredictable conditions, highlighting its ability to adapt and maintain stability.

Figure 3: The position of the ball for Case 1.
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Figure 4: The control signal for Case 1.

Figure 5: The tracking error system for Case 1.

Figure 6: The position of the ball for Case 2.

Figure 7: The control signal for Case 2.
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Figure 8: The tracking error system for Case 2.

Figure 9: The position of the ball for Case 3.

Figure 10: The control signal for Case 3.

Figure 11: The tracking error system for Case 3.
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Figure 3 shows the position of the ball when using the proposed T2FJCMAC controller for Case 1, where the ball is
kept balanced at 0 mm. The results show that the control system is capable of stabilizing the position of the ball,
with the oscillations quickly decreasing to the equilibrium position after the control force is applied. Figure 4
illustrates the corresponding control signal, showing that the control signal responds promptly to the system
fluctuations to maintain the balance. Figure 5 presents the tracking error of the system in Case 1, showing that the
tracking error is significantly reduced to near zero after a short period of time, demonstrating the effectiveness of the
T2FJCMAC controller in maintaining the stability of the system.
In Case 2, Figure 6 depicts the position of the ball when tracking the sinusoidal reference signal. The results show
that the ball follows the reference trajectory with high accuracy, demonstrating the controller’s ability to respond
flexibly to time-varying signals. Figure 7 shows the control signal in Case 2, showing the appropriate adjustments to
ensure that the ball follows the desired trajectory. Figure 8 shows the tracking error of the system in Case 2, with
small and stable errors, demonstrating the ability to accurately and efficiently adjust the T2FJCMAC controller in a
dynamic environment.
In Case 3, Figure 9 presents the position of the ball when tracking the sinusoidal reference signal under noise and
disturbances. The results indicate that despite the presence of external uncertainties, the ball maintains close
adherence to the reference trajectory, proving the robustness of the proposed controller. Figure 10 illustrates the
corresponding control signal, showing adaptive adjustments to counteract disturbances and maintain accurate
tracking. Figure 11 shows the tracking error of the system in Case 3, demonstrating that while minor deviations occur
due to noise, the controller effectively mitigates their impact, ensuring stable and precise tracking performance.
The simulation results show that the proposed T2FJCMAC controller provides superior control performance
compared to the Type-2 Fuzzy Controller (T2FC), Type-2 Fuzzy CMAC Controller (T2FCMAC), and Type-2 Brain
Emotional Learning Controller (T2BELC) in all cases. The proposed T2FJCMAC controller exhibits a faster
response, with shorter settling time and smaller oscillations than the other methods. This demonstrates the flexibility
and adaptability of the proposed controller in handling dynamic and uncertain signals of the nonlinear system. The
comparison of the root mean square error (RMSE) between the controllers, as shown in Table I, shows that the
T2FJCMAC controller has the smallest RMSE in all cases. This demonstrates the accurate and efficient trajectory
tracking ability of the proposed control method when compared to the T2FC and T2FCMAC methods. This result
demonstrates that the combination of Jordan neural network structure and T2FCMAC has brought significant
performance advantages, especially in minimizing tracking errors and improving system stability. Thus, the
T2FJCMAC controller not only improves the response speed but also ensures better control efficiency in both studied
cases. This confirms the superiority of the proposed method in controlling complex nonlinear systems such as
magnetic suspension systems.

Table 1: TABLE I
THE RMSE COMPARISON FOR Magnetic Levitation System

Computation Case 1 Case 2 Case 3

time (ms)

T2FC 0.2638 0.8024 0.6652 0.7010

T2FCMAC 0.3192 0.5504 0.4548 0.5126

T2BELC 0.3725 0.3143 0.3795 0.4650

T2FJCMAC 0.3437 0.1340 0.2275 0.3804

(Proposed method)

4.2 Experimental results

The MLS experimental system is constructed as shown in Figure 12, including main components such as
electromagnetic coils, position sensors, and a control system connected to a computer to perform control experiments.
The proposed control algorithm is implemented on the Arduino R3, which features an ATmega328P microcontroller,
32 KB of flash memory, 2 KB of SRAM, and 1 KB of EEPROM. The clock speed of the Arduino R3 is 16 MHz. A
Hall sensor is used for measurement, providing real-time feedback. Communication between the Arduino and external
devices is established via UART. Data collection and visualization are performed using MATLAB. The sampling rate
of the A/D converter is 10 kHz, and the control sampling time is set to 0.01 ms The experimental results are
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conducted to verify the effectiveness of the proposed T2FJCMAC controller in the simulation. The experimental
results are evaluated through two main cases.
Case 1, controlling the ball balance at position 0 mm, is presented in Figures 13 to 15. Specifically, Figure 10 shows
the position of the ball when using the T2FJCMAC controller for Case 1, showing the good stability of the system in
maintaining the balance position with small errors. Figure 11 describes the applied control signal, demonstrating the
flexible and timely adjustment of the controller to changes in the system. Figure 12 shows the tracking error of the
system, showing that the error level is maintained at a very low level, consistent with the results recorded in the
simulation.
For Case 2, the ball control follows the sinusoidal waveform reference signal. In this case, the weight of the ball is also
increased to introduce uncertainty and demonstrate the adaptability of the proposed controller. The results show that
despite the variation in system dynamics, the controller effectively adjusts its parameters in real-time, maintaining
accurate tracking performance and stability. The results are shown from Figure 16 to Figure 18. Figure 16 illustrates
the position of the ball, demonstrating the ability to track the reference signal with high accuracy, consistent with the
design requirements. Figure 17 depicts the control signal, showing reasonable fluctuations during the tracking of the
reference trajectory. Figure 18 shows the tracking error in Case 2, with a small and stable error, confirming the
superior performance of the T2FJCMAC controller when applied in real conditions.
These experimental results confirm the feasibility and high efficiency of the T2FJCMAC controller, not only in
simulation but also in real environment, well meeting the requirements of stable and accurate control.

Figure 12: The MLS experimental system.

Figure 13: The position of the ball using the proposed T2FJCMAC controller for Case 1 experimental.

Figure 14: The control signal using the proposed T2FJCMAC controller for Case 1 experimental.
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Figure 15: The tracking error system for Case 1 experimental.

Figure 16: The position of the ball using the proposed T2FJCMAC controller for Case 2 experimental.

Figure 17: The control signal using the proposed T2FJCMAC controller for Case 2 experimental.

Figure 18: The tracking error system for Case 2 experimental.
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5 Conclusions

This study proposed and successfully implemented the T2FJCMAC controller combined with the Jordan neural
network to solve the nonlinear control problem of the magnetic suspension system. The simulation and experimental
results demonstrated that the proposed method not only significantly improved the accuracy but also enhanced the
stability and resilience of the system under the influence of uncertainties and dynamic reference signals. The
experimental results showed that this control method is not only suitable for the magnetic suspension system but also
has the potential for wide application in other complex nonlinear systems where high requirements for flexibility and
control accuracy are required. The improvements in the learning and adaptive capabilities of the controller have
confirmed the feasibility of applying advanced techniques to practical control problems. Future research directions will
focus on optimizing the structure of the T2FJCMAC controller to minimize the computation time and improve the
real-time learning ability. In addition, the research will also extend the application of this method to other nonlinear
control systems such as robots, mechatronic systems, and industrial processes that require high precision. However,
the proposed method is limited by the learning rate selection, as a large value may cause instability while a small one
slows convergence. The current choice is empirically tuned and may not be optimal. Future work could explore
adaptive strategies for improved performance.
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