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Abstract: The utilization of robotic systems is prevalent in various industries, such as defence and automotive, and is commonly utilized in 

industrial settings. The movements of these systems can be controlled through software programming, allowing for the manipulation of 

objects and modification of trajectory as desired. However, it is important to exercise caution during these operations as improper 

manipulation may result in undesired outcomes. As a result, the control of robotic systems has become a crucial aspect in modern industry. 

The parameters of robotic systems are subject to change based on the loads they carry. Robust control is a method that adapts the control 

system to accommodate these changes in parameters, thereby maintaining stability and performance. This control method allows for the 

desired level of control to be maintained even in the presence of changing system parameters. In contrast to traditional robust control 

methods, robust control utilizes variable parameters with a constant upper limit for parameter uncertainty. Control parameters are updated 

over time using cosine and sine functions, however, determining appropriate values for these parameters can be challenging. To address this 

issue, a neural network model utilizing fuzzy logic compensator is employed to continuously calculate the appropriate control parameter 

values. The effectiveness of this proposed control method is demonstrated through graphical representation. 
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1. Introduction 

Previous research on the adaptive control for robot 

manipulators has resulted in the development of parameter 

estimation laws by Slotine et al. [1] and Sciliano et al. [2]. 

Building on these works, Spong [3] proposed a robust 

control law. However, this robust control law [3] is 

susceptible to chattering and large tracking error when there 

is uncertainty in the system's parameters. To overcome this, 

it is essential to determine an appropriate upper uncertainty 

bound limit. 

Burkan and Askin [4] aimed to improve upon the 

previously proposed robust control method by designing an 

uncertainty estimation algorithm for the robust controller [3] 

algorithm based on the Lyapunov theory, thereby ensuring 

the stability of the uncertain system. The control parameters 

were then estimated using trigonometric functions such as 

Cosine and Sine. However, determining the appropriate 

values for these fixed control parameters is challenging. To 

overcome this, a fuzzy logic control based compensator was 

designed and the effects on the robot's tracking errors were 

investigated. 

Fuzzy logic control has been studied extensively by 

various researchers. Its advantages include the ability to 

handle uncertainty, time-varying and complex systems, and 

the ability to incorporate the expertise of system control 

experts. Furthermore, it can be applied to non-linear and 

unknown mathematical model systems. Following the work 

of Zadeh [5] and Mamdani [6], many research groups have 

undertaken studies in this area. Fuzzy sets have found 

application examples in a wide range of areas, from control 

systems to various estimation methods [7]. A fuzzy logic 

controller can be implemented directly on a system [8] as 

well as to control its various parameters, with the goal of 

enhancing the overall performance of the controller [9]. 

Neural networks have been widely studied and applied in 

various fields, including control systems. They are 

particularly useful in applications where the dynamics of the 

system are complex or unknown, and traditional control 

methods may not be effective. Neural network controllers 

(NNC) are designed to approximate the unknown dynamics 

of the system and provide accurate control actions [10]. In 

the present study, the coefficients of the robust control 

system were treated as variables and their optimal values 

were determined through the utilization of a neural network 

trained using a fuzzy logic-based algorithm. 

2. Control Strategy 

   The dynamic model of an n-joint manipulator, in the 

absence of friction or other disturbance effects, can be 

represented mathematically as [3]. 

M( ) C( , ) G( )

Y( , , )π τ

      

  

  


   

      (2.1) 

     The dynamic model of the n-joint manipulator in the 

absence of friction or other disturbance effects can be 

represented by a constant p-dimensional vector of robot 

parameters (π), generalized coordinates (θ), an n-dimensional 

vector of applied torques or forces (τ), an nxn symmetric 

positive definite inertia matrix (M), an n-dimensional vector 

of centripetal and coriolis terms C( , )   , and an n-

dimensional vector of gravitational terms (G(θ)). The control 

parameters are defined as 

d    ;
r d    ; r       

  
(2.2) 

    The control law, based on the control parameters defined 

in equation (2.2), is presented in reference [4]. 
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                                 (2.3) 

where u2 and u1 are supplementary control inputs that are 

implemented to enhance the robustness of the system against 

parametric uncertainty, allowing for improved stability and 

performance of the control system in the face of changes in 

the system's parameters. 
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       The function 2( / )cos( )sin( )T TY dt Y dt        is 

employed as a parameter estimation law. In order to derive 

the control law, a Lyapunov function candidate is defined as 

follows 
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   (2.5) 

where BR
nxn

 is a positive diagonal matrix of size nxn,  is 

chosen as a pxp dimensional diagonal matrix that varies over 

time.  

The time derivative of V along the system (2.5) is 
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                   (2.6) 

As a result, the time derivative of the Lyapunov function is 

written as.  

T T T T

1 2

T T

V - K - K Y(u u )

ˆY Y

    

   

    

 

        (2.7) 

Control parameters are defined in Equation (2.6)  

T T T T T

2V - K - K Yu(t) Y                  (2.8) 

The rest of the proof is given in [3]. 

The fuzzy logic controller implemented in this study has two 

inputs (e1, e2) and two outputs (α,β). The inputs to the 

controller are the orbital tracking error values for the first and 

second manipulator (e1, e2), whereas the outputs are the 

torque values to be applied to the joints. These torque values 

are used to calculate the values of the controller's parameters, 

α ([0.5;1.5]) and β ([1;15]) These parameters are then used to 

adjust the system's dynamics and achieve the desired control 

performance. 

 

Figure 2.1 Membership function for tracking error of 

first manipulator (Input value e1 : [-0.8 ; 0.5]) 

      
Figure 2.2 Membership function for tracking error of second 

manipulator (Input values e2 : [-0.3 ; 0.7]) 

 

 

Figure 2.3 Membership function of α: 

 

Figure 2.4 Membership function of β  

 

Table 1: Rule table for fuzzy logic  

 

Using (If ... and ... Then ...) structure of the rule table is 

created. 

In this study, a defuzzification method known as Centroid 

was employed to convert the fuzzy output of the fuzzy logic 

controller into a crisp value. The values of the controller's 

parameters, α and β, were then obtained and added to the 

system to improve its control performance and reduce the 

error found by the fuzzy logic controller. 

 

 

Figure 2.5 Fuzzy Surface Model α(e1,e2) 
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Figure 2.6 Fuzzy Surface Model β(e1,e2)  

3. Neural Network Control 

The efficacy of traditional control methodologies is 

dependent upon the veracity of the dynamic model of the 

system. However, the attainment of a precise mathematical 

model for complex systems with multiple variables, such as 

robotic manipulators, is often a challenging task. As a result, 

model-based control approaches may be inadequate in 

achieving the desired control performance and precision. To 

address this issue, a model-free intelligent controller based 

on fuzzy set theory, specifically fuzzy logic control, is 

proposed as a solution. The fuzzy logic controller employs 

appropriate linguistic fuzzy rules, derived from an operator's 

control experience and a database, for decision-making 

processes. These rules simulate human cognition through the 

application of fuzzy logic and fuzzy set operations. 

Despite the advantages of fuzzy logic control, it presents 

inherent difficulties in implementation. Specifically, the 

definition of membership functions for linguistic variables 

exhibits a high degree of autonomy, and determining 

appropriate functions through trial and error can be 

laborious. Additionally, finding appropriate fuzzy logic 

control rules can also prove difficult. As an alternative, a 

neural network control strategy is proposed, as it possesses 

the ability to learn and adapt to the system's characteristics. 

This study utilizes a multilayer feedforward neural 

network as the primary architecture due to its widespread use 

and versatility in various applications. The backpropagation 

learning algorithm is employed to adjust the weighting of the 

network, allowing it to learn and adapt in a manner similar to 

the neural networks of the human brain. The multilayer 

feedforward neural network consists of multiple processing 

elements connected through weighted data connections. The 

strength of these connections is determined by the weighting 

values. The activation value of each processing element is 

calculated by summing the input signals, each multiplied by 

their corresponding weighting values as described in 

reference [10]. 

𝑛𝑒𝑡𝑗
𝑘 =  𝑊𝑗𝑖

𝑘𝑂𝑖
𝑘−1    (3.1) 

𝑂𝑗
𝑘 = 𝑓 𝑛𝑒𝑡𝑗

𝑘     (3.2) 

where 𝑛𝑒𝑡𝑗
𝑘  is net input function, 𝑊𝑗𝑖

𝑘  is the weighting, 

𝑂𝑖
𝑘−1 is the output, and 𝑓 ∗  activation function.  

The training of the neural network utilizes the 

backpropagation algorithm, which adjusts the weight values 

in the network based on the discrepancy between the actual 

output and the desired output. The performance of the 

network is measured by an objective function, defined as the 

error between the actual output and the desired output. The 

objective of the training process is to minimize this error 

through adjustments of the weight values, thereby enabling 

the network to adapt to and learn the characteristics of the 

system. The object function defined as 

𝐸 =
1

2
  𝜃𝑑𝑗 − 𝑂𝑗  

2
𝑗                   (3.3) 

The utilization of the steepest descent optimization 

method for the modification of the weighting values in the 

neural network, with the aim of minimizing the objective 

function, allows for the determination of the correction value 

for the weighting. It can be obtained 

∆𝑊𝑗𝑖
𝑘 = 𝜇𝛿𝑗

𝑘𝑂𝑖
𝑘−1    (3.4) 

𝛿𝑗
𝑘 = −

𝜕𝐸

𝜕𝑛𝑒𝑡 𝑗
𝑘                   (3.5) 

where 𝜇 is learning rate parameter, so 

𝛿𝑗
𝑘 = 𝑓 𝑛𝑒𝑡𝑗

𝑘  𝛿𝑙
𝑘+𝑙𝑂𝑙𝑗

𝑘+𝑙

𝑙

 

The activation functions used for the neural network are a 

linear function, 𝑓 𝑥 = 𝑥, for the output layer and a sigmoid 

function for the hidden layer. The linear function is chosen 

for the output layer as it allows for direct computation of the 

output, while the sigmoid function is used for the hidden 

layer as it allows for non-linearity and differentiability, 

which are important properties in neural networks. 

𝑓 𝑥 =
1

 1+𝑒−𝜇𝑥  
    (3.6) 

 

Figure 3.1 Block diagram of the proposed neural network 

based on fuzzy-robust controller. 

In this study, as shown in Figure 3.1, alpha and beta 

parameters of the robust controller were determined by a 

neural network controller trained with fuzzy logic. 

 

Figure 3.2 Changing α parameter with time 
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Figure 3.3 Changing β parameter with time 

 

4. Simulation Results 

To evaluate the effectiveness of the proposed control law, 

it was applied to a two-linked manipulator system. The 

performance of the controller was analyzed by monitoring 

the system's response to various inputs and evaluating the 

control performance metrics. 

  Figure 4.1 Two-Link Robot Arm [3,4]. 

Robot parameters are given as follows. 
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G
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(4.4)

 

To simulate the proposed control law, a specific trajectory 

was chosen for each joint of the two-linked manipulator 

system. The trajectory used in the simulation was 0.5cos 

(0.5πt)-0.5. 

The simulation was performed under the same conditions 

and using the same trajectory for both the proposed control 

law and a comparison method. The results of the simulation 

are presented in Figures 4.2-4.3, which compare the 

performance of the proposed control law with the 

comparison method. 

 

Figure 4.2 Tracking error for robust controller [3] 

 

      Figure 4.3 Tracking errors for robust control with 

fuzzy based neural network 

As depicted in Figure 4.3, the proposed control law 

utilizing a neural network controller, was able to effectively 

reduce the tracking error of the two-linked manipulator 

system. The neural network controller, through the use of α 

and β, adapts the system's dynamics in real-time by updating 

the values of α and β as the simulation progresses. This 

results in the selection of the most appropriate values of α 

and β, leading to a reduction in the tracking error of the 

system. 

As a result of the proposed control law, a very small 

tracking error was obtained for the two-linked manipulator 

system. The performance of the proposed controller was 

compared with a known robust controller, and the results are 

presented in Figure 4.4. As can be seen from the figure, the 

proposed controller provides superior performance when 

compared to the known robust controller. The results show 

that the proposed controller is able to achieve a much smaller 

tracking error compared to the known robust controller.

 

 Figure 4.4 Comparison of orbital tracking errors 
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4. Conclusion 

Computer simulations were conducted using the same 

model and trajectory. The effect of control parameters, α and 

β, on control performance were evaluated by keeping the 

values of K and constant while varying α and β. The results, 

depicted in figures 4.2 and 4.3, indicate that the tracking 

error of the robust control is substantial. In contrast, the 

proposed adaptive control algorithm effectively reduces the 

tracking error. It was observed that α and β values have a 

significant impact on tracking error, however, these values 

are fixed, making it difficult to select optimal values. 

Furthermore, the tracking error may not always be improved 

with these fixed values of α and β. Therefore, the proposed 

control algorithm was developed to enhance the control law. 

As depicted in the figures, the tracking error is significantly 

reduced through the implementation of the neural network 

controller. 
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