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Abstract: The general effectiveness of fuzzy representation depends heavily on the membership functions. The best 

footprint of uncertainty for a specific fuzzy system is highly dependent on the nature of the problem that the fuzzy 

system is supposed to solve. As a result, a proper footprint of uncertainty size selection is needed to improve the fuzzy 

system’s efficiency. This research intends to investigate the impact of a unique linear parallelogram membership 

function’s footprint of uncertainty on nonlinear system modeling and control. The proposed type-2 membership 

function has a crisp membership degree at the end points of the footprint of uncertainty and uncertain values in-

between. When dealing with data whose membership degree is certain at the boundary but uncertain in-between, the 

proposed membership function having its highest uncertainty at the midpoint of the membership function width is 

advantageous. Tuning the parameters of the proposed MF will provide a variety of triangular and quadrilateral 

footprints of uncertainty shapes that will better capture the training data’s uncertainties. The gradient descent learning 

algorithm was used to tune the consequent parameters of the evaluated interval type-2 fuzzy system. The performance 

results demonstrated the effect of the footprint of uncertainty on linear parallelogram membership function-based fuzzy 

system’s capability in prediction, identification, and control tasks. 

 

Index Terms: Parallelogram membership function, footprint of uncertainty, interval type-2 fuzzy system, prediction, 

identification, control. 

 

1. Introduction 

Intelligent control methodologies are considered more successful when there is insufficient or uncertain 

knowledge available for modeling or control problems. The most widely used model-free approaches are artificial 

neural networks (ANN) and fuzzy systems. Zadeh’s fuzzy set theory is a useful tool for describing subjective and 

inaccurate data in a variety of situations. According to studies, fuzzy systems are better at dealing with ambiguity than 

ANNs [1]. The adaptive neuro-fuzzy inference method, Takagi-Sugeno-Kang type recurrent fuzzy networks, fuzzy 

wavelet neural networks, and other approaches based on combining the ANN and the fuzzy system have become 

common [2]. These methods have been successfully applied in a variety of fields, including system approximation, 

control systems, pattern recognition, classification, medicine, chemistry, finance, and business. 

In the field of system modeling and control, the Takagi-Sugeno (T-S) fuzzy system is the most widely used fuzzy 

system. Developing a T-S fuzzy model for system identification or control entails determining the structure as well as 

estimating the parameters of the model’s antecedent and consequent parts [3, 4]. The type of membership function (MF) 

shape, number of MFs, how to reduce the computational cost, the number of rules needed, and so on are all 

considerations when designing fuzzy systems [5]. As a result, deciding which of these decisions is the most suitable is 

an important question for the designer to answer. It has also been claimed that there is no formal design process for 

fuzzy systems and that a fuzzy system’s output is determined by the shape of its MF [6]. Type-2 fuzzy systems are more 

better at handling disruptions and uncertainties than type-1 fuzzy systems because the type-2 MF in type-2 systems is 

composed of an infinite number of type-1 MFs [7-13]. The key characteristic that distinguishes type-2 fuzzy systems 

from type-1 fuzzy systems is the footprint of uncertainty (FOU) [14]. The shape of the FOU fully defines the MFs and 

has a great effect on the approximation accuracy of the fuzzy system [15, 16].  
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A membership function is a curve that specifies a fuzzy set’s feature by assigning a membership value or degree 

of membership to an element. In a closed unit interval [0, 1], each point in the space is mapped to a membership value. 

Researchers have presented various forms of MF in the related literature. Some MFs were introduced in [17], such as 

trapezoidal, triangular, Gaussian, and bell-shaped. The triangular MF first described by [18] is a subtype of the 

trapezoidal MF [19]. Diamond-shaped MFs with crisp values at the ends and unknown values in the center have been 

suggested in [20]. A nonlinear elliptical MF was proposed in [21, 22], with certain values on both ends of the support 

and the kernel and an uncertain value in the center. [23] proposed the beta fuzzy logic scheme. Semi-elliptic MF was 

proposed in  [19]. A procedure for the generation of interval type-2 membership functions from data was proposed in 

[24].  

Some data have a certain membership degree (MD) value at the boundary and uncertain MD in the middle. For 

example, six experts ranked 50 umbilical acid-base (UBA) assessments in terms of the likelihood of a patient suffering 

brain damage due to a lack of oxygen [25]. The relationship between an FLS decision and the type-2 MF FOU shape 

was studied. From the generated graph, it was observed that there is variation among the decisions and that the variation 

was greater at the middle range and less at the extreme edge.  To collect all of the uncertain information from various 

experts, a more suitable type-2 MF for these types of data should have a certain MD at the ends (boundary) and an 

uncertain value in between. Unfortunately, the well-known Gaussian and triangular MFs do not have these properties. 

This motivated us to develop an MF that better represent the uncertain distribution. 

In this paper, we present a novel linear parallelogram MF that has a certain MD at its ends and an uncertain MD in 

between. The proposed MF’s FOU parameters are decoupled from the MF’s center and width parameters, allowing us 

to explore the impact of the FOU parameters on the robustness in an interval type-2 fuzzy system. The proposed MF has 

fewer parameters than the diamond MF and is simpler than both the diamond and elliptical MFs. Similar to other linear 

MFs, our parallelogram MF cannot be optimized using derivative base optimizers. 

The rest of this paper is presented as follows: The fuzzy type-2 system and parallelogram MF are briefly described 

in section 2. Prediction and control simulation results are presented in Section 3. Experimental validation of simulation 

findings is presented in section 4. The paper concludes with Section 5.  
 

2. Type-2 Fuzzy System 

Systems built on a type-2 fuzzy set are known as type-2 fuzzy systems [26]. The fuzzy IF-THEN rules of the type-

2 fuzzy system contain type-2 fuzzy set [27]. The uncertain membership function (MF) of the type-2 fuzzy set, which 

creates the footprint of uncertainty, distinguishes it from the type-1 fuzzy set (FOU). 

2.1.  Structure of an Interval Type-2 Fuzzy System 

In this paper, the antecedent interval type-2 and consequent type zero (A2-CO) fuzzy system is adopted. It 

consists of type-2 MFs in the premise part and crisp values in the consequent part. Their rules are as in Eq. (1). 

IF  is
1

jA   is 
2

jA …, and,  is 
j

mA THEN 
1

m

j ij i ji
y ar x b

=
= +                                 (1) 

where , …,   are the input variables with (i = 1, 2,…, m), and the output variables are (j = 1,2,…,n); 
j

mA is a type-2 fuzzy set of the jth rule of the ith input;  and  are resulting parameters of the network. 

The purpose of the fuzzy system is to segment the input space into fuzzy domains in the antecedent section of the rule 

so that each class has a corresponding consequent component. The membership functions of an interval type-2 fuzzy 

system are represented by an upper and lower MF, which are, respectively, written as ( )x and ( )x . The “min” or 

“prod” t-norm is typically the implication operator of the inference engine. The product t-norm given by Eq. (2 & 3) is 

used in our model as recommended by [28]. 
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1 2

1 2
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nA A A
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The format of the inference block outputs is fuzzy interval type-2. The type of reducer block converts it to a fuzzy type-

1, which is then de-fuzzified to a crisp value at the defuzzification block. The fuzzy system’s output can be calculated 

using [29], 
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1
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j j j jj j
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                                                                    (4)                              

 

     
1

m

j ij i ji
y ar x b

=
= +       i = 1,2, …, n     j = 1,2, …, m                                                       

“q” is a design parameter that determines the contribution of the upper and lower values to the final output. 

 

2.2.  Parallelogram Membership Function 

This paper introduces a novel linear parallelogram MF that can be transformed into different type-1 and 

interval type-2 MF shapes. It is obtained by modification of the triangular MF by the introduction of two parameters 

( ) that define the shape and width of the FOU. It is similar to the diamond-shaped MF but with a simpler and 

smaller number of parameters that define the function. “  are the parameters responsible for the shape of the 

FOU are decoupled from the parameters for the center (c) and width (d), as will be shortly explained in detail. This 

allows us to investigate the impact of the FOU parameters on the type-2 fuzzy system’s approximation ability. Our 

proposed MF and the elliptic MF have this advantage over the triangular and Gaussian MFs. The mathematical 

expression of the upper and lower parallelogram MF are,  

                              

1
1

1 1

2
1

1 2

1

1 2

0

i

x c
a if c d x c d

d

x c
a b if c d x c d

d
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d
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                                                    (6)                              

 

where ,  ,  , hence only three parameters are required to describe the 

MF ( ) which are and  while the parameters for the lower MF ( ) are; and   

2.3  Formulation of Footprint of Uncertainty Shapes using the Parallelogram Membership Function 

As can be seen in Figs. 1-3, the upper and lower MF (  and  are defined all through the universe of 

discourse. Both and  can take values between zero and one. When and  are used as complementary 

parameters ( ), a type-2 parallelogram MF will be formed except at   where it transforms into 

a type-1 triangular MF, as shown in Fig. 1. The width of the uncertainty is determined by the value of and   When 
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 , a type-1 MF will be formed whose shape depends on the values of and . The shapes vary from 

trapezoidal at = , to pentagonal at = , and then triangular at =   as shown in Fig.2 (a, b, and 

c) respectively. When  and are not complimentary, a type-2 quadrilateral MF is formed except where 

or , which forms a type-2 triangular MF. Some of the cases for  are shown in Fig. 3. These 

show the proposed MF’s ability to flexibly transform to various shapes to appropriately represent the uncertainties. 

 
(a)              (b)               (c) 

 
             (d)                                              (e)                                                    (f) 

  

Fig. 1. Shapes of the proposed type-2 parallelogram MF with different values of a1 and a2 

 
(a)                                                           (b)    (c) 

Fig. 2. Shapes of the transformed type-1 MF when; (a) =  , (b) = , (c) =   

 
     a (09/08)          b (08/02)         c (03/02) 
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   d (1/0.3) `   e (1/0.8)         f (0.5/0.3) 

 
g (0.8/0.5)         h (0.5/0)           i (1/0.5) 

Fig. 3. Other possible FOU shape for difference parameters ( / ) values of the parallelogram MF. 

 

2.4.  Determination of System Stability and Parameters 

The crucial element of fuzzy system design is determining appropriate parameters for both the antecedent and 

consequent parts of the fuzzy system. We chose fixed sets of parameters for the MF in sections 3.1, 3.2, and 4.1 because 

our focus is on the effect of the FOU parameters on the output of the fuzzy system. To achieve stability, the consequent 

parameters were adjusted using the gradient descent algorithm [2]. The stability condition to be satisfied is given by 

                              ( ) ( )1 0E E t E t = + −                                                                                       (7)                              

 

The cost function is given by, 

                              ( )
21

2
dE y y= −                                                         (8)                              

where and  represent the desired and current output of the network. 

The consequent parameter update using gradient descent algorithm is as follows, 

                              ( ) ( )1ij ij

ij

E
ar t ar t

ar



+ = −


                                                                  (9)                              

                              ( ) ( )1j j

j

E
b t b t

b



+ = −


                                                                     (10)                              

Where  represent the antecedent parameters (mean/width and STD),   and  represent the consequent 

parameters of the fuzzy system,  represent the learning rate. Using IF/THEN rules, the algorithm adjusts the 

parameters to satisfy the stability condition of Eq. 7, hence making the cost function convergent. 

The derivatives in Eq. 9 & 10 are determined as follows, 
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                                                          (12)                              

The derivatives in Eq. 11, and 12 are determined as follows, 

                              ( ) ( )d

E
y t y t

u


= −


                                                            (13)                              

     1
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=


                                                     

     
j

j i
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=


                                                     

j

j

j

u
r

b


=


                                                    

3. Simulation Studies 

This section examines the impact of the proposed parallelogram MF’s FOU parameters (  and ) on the output of the 

interval type-2 fuzzy system (IT2FS). In order to attain the best values, parameters are typically modified using 

optimization techniques, or some constant values are selected by professionals [1]. For the analysis in sections 3.1 and 

3.2, we chose some constant values to observe the changes in IT2FS output for each set of parameters. There are six 

sets of FOU parameters (  and ): 1 & 0, 0.9 & 0.1, 0.8 & 0.2, 0.7 & 0.3, 0.6 & 0.4, and 0.5 & 0.5 selected for the 

analysis. Fig. 1 depicts their MF forms. Except for = 0.5 and = 0.5, which is a type-1 triangular MF, all of the 

parameters are type-2 parallelogram MFs. In all the analyses, two MFs were used for each input. The gradient descent 

algorithm was used to tune the parameters of the IT2FS’s consequent components. For prediction and control analysis, 

the chaotic Mackey-Glass time series and the 3 PRS parallel robot were used, respectively. The MATLAB R2018a 

software was used for all of the model’s training and testing procedures. The accuracy measure is based on the testing 

RMSE given by Eq. (14). All the algorithms aim to minimize the RMSE. The generated data was corrupted with noise 

at various levels for robustness analysis using Eq. (15). 

                              ( ) ( )( )
2

1
1

k

Ni
RMSE K y k y k

=
= −                                                               (14)                              

                              
1020log s

n

SNR




 
=  

 
                                                             (15)                              

Where  denotes the model output,  represents the system output,  represents the number of samples,  

represents the standard deviation of the data, and  represents the standard deviation of the noise.    

3.1.  Prediction of the Chaotic Mackey-Glass Time Series 

The Mackey-Glass time series [23] was used to assess the prediction accuracy of the IT2FS with our parallelogram MF. 

The FOU parameters are adjusted as previously mentioned. The Mackey-Glass time series problem is a well-known 

benchmark problem, which is expressed as:  

                              
( ) ( )

( )
( )10

0.2
0.

1

dx t x t
x t

dt x t





−
= −

+ −
                                                                  (16)                              
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Where  = 17, the initial value was   = 1.2, and the input-out format was 

( ) ( ) ( ) ( ) ( )24 , 18 , 12 , 6 ;x t x t x t x t x t− − − −  
. From t = 124 s to t = 1123 s, the first 500 patterns we generated were used 

in the training phase, while the remaining 500 patterns were used in the validation process. 

Table 1 shows that by using both the uncorrupted and corrupted data at various noise levels, the parameter ( =1, 

) had the highest RMSE and thus the least accuracy. Fig 4 shows that the RMSE decreases as the FOU size 

increases until it reaches the FOU with the lowest RMSE, after which it begins to increase. All of the noise levels 

studied showed a similar trend. This suggests that having a wider than required FOU will reduce accuracy. The type-1 

MF parameters =0.5 and  did not demonstrate any superiority in any of the noise levels tested, confirming 

the type-1 MF’s inability to manage uncertainties better than the type-2 MF. Different FOU parameters performed 

better at different noise levels, indicating that the appropriate parameters are data-dependent. As a result, using expert 

knowledge or optimization techniques can go a long way toward determining the best parameters for a given data set. 

The generally low RMSE performance demonstrates the effectiveness of the proposed MF in handling noisy data.  
 

 

Fig. 4. Width of the FOU versus accuracy RMSE 

Table 1: Prediction accuracy for each of the FOU parameters with respect to noise level 
 FOU parameters (  ) 

SNR 1/0 0.9/0.1 0.8/0.2 0.7/0.3 0.6/0.4 0.5/0.5 

uncorrupted 0.03082 0.02963 0.025 0.02496 0.02812 0.03042 

0 dB 0.16937 0.16546 0.16488 0.16555 0.16679 0.1682 

2 dB 0.159 0.15514 0.1533 0.15328 0.15415 0.15518 

4 dB 0.1355 0.13273 0.13076 0.13027 0.13086 0.13212 

6 dB 0.11909 0.10746 0.10775 0.11006 0.11323 0.11649 

8 dB 0.10897 0.09865 0.09858 0.10123 0.10466 0.10829 

10 dB 0.09314 0.08402 0.08265 0.08375 0.08591 0.0884 

 

3.2. 3-PRS Parallel Robot Control  

The 3-PRS parallel robot is used in integrated circuit manufacturing, precision machining and assembly, 

MEMS packaging, biochip preparation, and other fields. In this section, IT2FS was used to control a 3-PRS parallel 

robot model using the novel membership function. Each pair of the FOU parameters (  and ) 1 & 0, 0.9 & 0.1, 0.8 & 

0.2, 0.7 & 0.3, 0.6 & 0.4, and 0.5 & 0.5 were used to construct the IT2FS, and their effects on the IT2FS performance 

were evaluated using the integral of the squared error (ISE), integral absolute error (IAE), and integral of the product of 

time and absolute error (ITAE) [30]. The simulation was run for 120 seconds with a unit phase input as a reference 

signal. Fig. 5 depicts the control setup. 
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Fig. 5. The 3-PRS robot control setup 

Figs. 6, 7, and 8 depict the accuracy of the IT2FSs in terms of ISE, IAE, and ITAE, respectively, under external noise-

free conditions. The ISE result in Fig. 7 shows that as the FOU size (difference between and ) increases, the 

controller’s accuracy in terms of ISE increases, with the parameter ( =1, ) having the lowest ISE. This 

demonstrates the FOU’s efficacy in lowering the ISE. The parameters ( =0.8, .2) in Fig. 9 had the lowest ITAE, 

contrary to the ISE result. This demonstrates that the appropriate FOU parameter for a controller is determined by the 

performance criteria being considered. As can be seen in Figs. 7, 8, and 9, the low RMSE results also indicate that some 

or all of the type-2 based systems outperformed their type-1 counterparts ( =0.5 .5).  

 

 

 

 

Fig. 6. Width of the FOU versus the integral square error (ISE) 
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Fig. 7. Width of the FOU versus the integral absolute error (IAE) 

   

Fig. 8. Width of the FOU versus integral time absolute error (ITAE) 

External noise at intervals of [-0.1; 0.1] was added to the 3-PRS robot’s output to determine the robustness of the 

IT2FSs. The simulation was performed ten times, and an average performance result was calculated. Figs. 9, 10, and 11 

display the efficiency of the IT2FSs under external noise conditions for the ISE, IAE, and ITAE, respectively. In all 

performance parameters, some type-2 MFs (  based controllers outperformed the type-1 MF ( ), 

just as they did in the noise-free condition. The performance relationship of the different FOU sizes is inconsistent 

throughout the three performance criteria, which also shows that the ideal FOU size is determined by the performance 

criterion being considered. 
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Fig. 9. Width of the FOU versus integral square error (ISE) 

 

Fig. 10. Width of the FOU versus integral absolute error (IAE) 

 

Fig. 11. Width of the FOU versus integral time absolute error (ITAE) 

4. Experimental Evaluation of the Parallelogram Membership Function 

This section experimentally examines the impact of the proposed parallelogram MF’s FOU parameters (  and ) on 

the output of the interval type-2 fuzzy system (IT2FS). For the analysis in section 4.1, we chose some constant values to 

observe the changes in IT2FS output for each set of parameters. There are six sets of FOU parameters (  and ): 1 & 
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0, 0.9 & 0.1, 0.8 & 0.2, 0.7 & 0.3, 0.6 & 0.4, and 0.5 & 0.5 selected for the analysis. Except for = 0.5 and = 0.5, 

which is a type-1 triangular MF, all of the parameters are type-2 parallelogram MFs. In all the analyses, two MFs were 

used for each input. The gradient descent algorithm was used to tune the parameters of the IT2FS’s consequent 

components. The MATLAB R2018a software was used for all of the model’s training and testing procedures. The 

accuracy measure is based on the testing RMSE given by Eq. (14). All the algorithms aim to minimize the RMSE. The 

generated data was corrupted with noise at various levels for robustness analysis using Eq. (15). 

4.1. 6-PSS Complaint Parallel Robot Setup 

An important part of optoelectronic packaging is the 6-PSS parallel robot shown in Fig. 12. This robot changes 

the orientation of optical fibers to achieve microscale high-precision coupling  [31]. The inverse kinematic action of the 

parallel robot was determined using the top moving platform (surge, sway, heave, roll, pitch, and yaw). The output, 

however, was the measured corresponding measured lengths of the six legs  (L, 1,2,3,4,5, and 6). To determine how far 

the top platform must be moved by the six legs to obtain the required position, the inverse kinematic model was used. 

We generated 1134 input-output data pairs, out of which 567 were used for training and the remaining 567 are used for 

testing using the 6-PSS parallel robot. We trained the IT2FSs containing the suggested MF with various FOU 

parameters to show the potential of the proposed parallelogram based IT2FS. For all models, we utilized 100 training 

epochs and two MFs for each input.  

 

Fig. 12. Running setup of 6-PSS parallel robot. 

4.2. 6-PSS Complaint Parallel Robot Identification 

In the field Though the parameters =0.7, .3 had the best overall performance (lowest RMSE) at all the 

noise levels, as shown in Tables 2 to 5, the parameters =0.8, .2 and =0.6, .4 had the best performance 

for Leg 3 and 5, respectively, as shown in Table 2 to 4. This confirms that the appropriate FOU parameters are 

determined by the nature of the data. As a result, using expert knowledge or optimization methods to arrive at the best 

parameter values is strongly advised. As shown in Fig. 13, the accuracy improves as the FOU size increases from 

=0.5, , which is a type-1 fuzzy set, to the type-2 fuzzy set parameter with the highest accuracy, and then 

begins to decrease as the FOU size further increases. All the noise levels yielded a similar pattern. The parameter 

=1, , which is the largest FOU size, had the lowest accuracy, indicating that using a larger FOU size than 

needed reduces accuracy. 
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Fig. 13 Width of the FOU versus accuracy RMSE 

Table 2: Identification accuracy of the FOU parameters using uncorrupted data. 

 FOU parameters (  and ) 

Leg No. 1/0 0.9/0.1 0.8/0.2 0.7/0.3 0.6/0.4 0.5/0.5 

L 1 0.0509 0.0307 0.0254 0.0221 0.0224 0.0252 

L 2 0.0393 0.0288 0.0258 0.0251 0.0258 0.0267 

L 3 0.0289 0.0191 0.017 0.0171 0.0181 0.0186 

L 4 0.0464 0.0345 0.0308 0.0295 0.0307 0.0318 

L 5 0.0397 0.0284 0.0253 0.0227 0.0225 0.0234 

L 6 0.0573 0.0316 0.0257 0.024 0.0271 0.031 

Average 0.0438 0.0289 0.0250 0.0234 0.0244 0.0261 
 

Table 3: Identification accuracy of the FOU parameters using 20 dB 

 FOU parameters (  and ) 

Leg No. 1/0 0.9/0.1 0.8/0.2 0.7/0.3 0.6/0.4 0.5/0.5 

L 1 0.06309 0.03254 0.02585 0.02178 0.02205 0.03685 

L 2 0.04717 0.02857 0.02507 0.02414 0.02507 0.02597 

L 3 0.03813 0.02096 0.01838 0.01851 0.01978 0.02055 

L 4 0.05212 0.03539 0.03104 0.02982 0.03112 0.03238 

L 5 0.04329 0.02967 0.02544 0.02256 0.0224 0.02325 

L 6 0.05841 0.0325 0.02625 0.02476 0.02803 0.03222 

Average 0.0504 0.0299 0.0253 0.0236 0.0247 0.0285 
 

Table 4: Identification accuracy of the FOU parameters using 15 dB 

 FOU parameters (  and ) 

Leg No. 1/0 0.9/0.1 0.8/0.2 0.7/0.3 0.6/0.4 0.5/0.5 

L 1 0.06129 0.03261 0.02584 0.02239 0.02337 0.02633 

L 2 0.04298 0.02919 0.02556 0.02491 0.02609 0.02705 

L 3 0.03598 0.02081 0.0179 0.01800 0.01918 0.01979 

L 4 0.05804 0.03581 0.03019 0.02900 0.03081 0.03242 

L 5 0.06011 0.03207 0.02612 0.02267 0.02230 0.02324 

L 6 0.0667 0.03508 0.02818 0.02649 0.02922 0.03314 

Average 0.0542 0.0309 0.0256 0.0239 0.0252 0.0270 
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Table 5: Identification accuracy of the FOU parameters using 10dB 

 FOU parameters (  and ) 

Leg No. 1/0 0.9/0.1 0.8/0.2 0.7/0.3 0.6/0.4 0.5/0.5 

L 1 0.06988 0.0348 0.02737 0.02534 0.02847 0.03173 

L 2 0.04582 0.02983 0.02594 0.02567 0.02732 0.02834 

L 3 0.04290 0.02556 0.02126 0.02122 0.02252 0.02319 

L 4 0.06577 0.04059 0.03636 0.03632 0.03942 0.04161 

L 5 0.06795 0.03654 0.02858 0.0247 0.02509 0.02659 

L 6 0.062 0.0333 0.02722 0.02632 0.03071 0.03458 

Average 0.0591 0.0334 0.0278 0.0266 0.0289 0.0310 

5. Conclusion 

 We presented a novel linear parallelogram type-2 MF with crisp endpoints and uncertain values in between. 

The parameters that influence the FOU shape in our proposed MF are separated from those that regulate the MF’s width 

and center. This allowed for the examination of the impacts of FOU settings on the noise reduction capacity of the 

IT2FS while employing the suggested MF. The simulation outcome demonstrates the innovative MF’s capacity to deal 

with uncertainty. The data generated experimentally from a 6-PSS parallel robot was also utilized to support the 

simulation findings. The limitation of the linear parallelogram MF, just like all linear MFs is the inability to optimize its 

parameters using derivative-based optimizers. Further study on the proposed MF’s area of suitability can be conducted. 

A performance comparison of the proposed MF with other existing MFs can also be conducted. 
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