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Abstract. Dead zone nonlinearity of electrical motor influences the stabilization and oscillation of mechanical systems, 

such as two-wheeled inverted pendulum vehicles. Based on the intelligent control techniques, this article proposes the 

development of a neuro-fuzzy controller method for the refereed vehicle, considering the nonlinearity of its actuators 

and using the differential evolution as optimization method to determine the controller parameters. A simulation analysis 

shows the influence of dead zone and points out that neuro-fuzzy controller is able to deals with it. 
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1. INTRODUCTION 

 

The study of control methodologies applied to two-wheeled vehicles is widely performed (Juang and Lum, 2013; 

Bonafilia et al., 2014; Pereira et al., 2016 ) due to the nonlinearity characteristic of the robot, being applied in this way in 

the benchmarkings survey regarding the efficiency of controllers applied to nonlinear systems. 

Actuators of two-wheeled vehicles, usually equipped with DC motors, are also subject to nonlinearities among which 

we can mention slack, saturation and dead zone. The latter, caused by the Coulomb friction, exerts a strong influence on 

the dynamic behavior of these systems with respect to their stabilization and the increase of their oscillation amplitude 

(Peng and Dubay, 2011). 

The increase of the processing capacity of the microcontrollers together with the inefficiency of the classical controllers 

in nonlinear and high complexity processes makes possible the use of optimization and intelligent control techniques in 

the design of controllers for these types of systems (Grabowski et al., 2008; Han, Lin, and Chang, 2013; Jang, 1992). 

Thus, this work proposes the analysis of the dead zone influence on the dynamics of a two-wheeled inverted pendulum 

vehicle, controlled from a neuro-fuzzy controller whose parameters are obtained through the differential evolution 

algorithm from the simulation of the vehicle operation conditions, considering the knowledge of the plant’s dynamic 

behavior and the dead zone of its actuators. 

 

2. TWO-WHEELED INVERTED PENDULUM VEHICLE 

 

In Bonafilia et al. (2014), a two-wheeled inverted pendulum vehicle, Fig. 1, is modeled, where 𝑥 is the vehicle 

position, 𝑥̇ is its translation speed, 𝜃 measures the inclination angle of the vehicle, 𝜃̇ the variation of the inclination angle 

in time and 𝑢 is the supply voltage of the two DC motors. Equation (1) presents the system dynamic model. 
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Figure 1. Two wheeled inverted pendulum vehicle representation. 
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The description and the adopted values of the parameters involved in the process are presented in Tab. 1: 
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Table 1. System Parameters. 

 

Parameters Description Value 

Mb Vehicle structure mass 1.304 kg 

Mw Vehicle wheels mass 0.031 kg 

Jb Vehicle structure moment of inertia in relation to its center of mass 0.00480 kgm2 

Jw Wheel moment of inertia in relation to its center of mass 0.00003 kgm2 

r Wheel radius 0.032 m 

Lm Distance from wheel axle to the vehicle center of mass 0.0748 m 

Ke Ratio between the counter-electric force generated by the engine and its speed 0.3400 Vs/rad 

Km Ratio between the torque generated by the motor and its armature current 0.3373 Nm/A 

R Motors electrical resistance 0.93 Ω 

b Constant related to the motors viscous friction 0.0001 Nms/rad 

𝑔 Gravity acceleration 9.81 m/s2 

 

In order for the dynamic model could be used in simulations of the mechanism operation, Eq. (1) is discretized 

considering a zero-order holder, as described below: 

 

𝜉𝑘+1 = 𝐺𝜉𝑘 +  𝐻𝑢𝑘                                                                                                                                                     (2) 

 

in which: 

 

𝐺 = 𝑒𝐴𝑇𝑠                                                                                                                                                                       (3) 

                                                                                                                        

𝐻 = 𝐴−1(𝑒𝐴𝑇𝑠 − 𝐼)𝐵                                                                                                                                                    (4) 

                                                                                                          

where 𝑇𝑠 is the sampling time and 𝐼 is the identity matrix. 

 

3. ACTUATORS’ DEAD ZONE 

 

The dead zone of an actuator (Fig. 2) is characterized as the range(s) in which the variation of the input variable has 

no influence on the system output response. In (Peng and Dubay, 2011), an actuator that presents this nonlinearity is 

modeled by Eq. (5): 

 

𝑦 = {

𝑓𝑛(𝑢), 𝑢 ≤ 𝛿𝑛

     0,   𝛿𝑛 <  𝑢 <  𝛿𝑝

𝑓𝑝(𝑢), 𝑢 ≥ 𝛿𝑝

                                                                                                                                           (5) 

 

where u is the control action applied to the actuator, y is the actuator torque, 𝑓𝑛(𝑢) and 𝑓𝑝(𝑢) are functions that relate the 

control action to the actuator output and the parameters 𝛿𝑛 and 𝛿𝑝 determine the dead zone size. 

 

 
 

Figure 2. Dead zone representation. 
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The parameters 𝛿𝑛 and 𝛿𝑝 are difficult to obtain because they change as a function of the loads to which the actuators 

are subjected, and are also a function of their mechanical wear. 

In the present paper, the DC motors of the two-wheeled vehicle are subjected to the dead zone effect, and in order to 

add the effect of this nonlinearity in the dynamic modeling indicated in Eq. (2), it is considered |𝛿𝑛| = |𝛿𝑝| = 𝛿 in Eq. 

(5). Thus, the control action perceived by the system dynamics and used as input signal in Eq. (2), 𝑢𝑘, is modeled from 

Eq. (6): 

 

𝑢𝑘 = {

𝑢𝑘
0, 𝑢𝑘

0 ≤ −𝛿

     0, −𝛿 <  𝑢𝑘
0 <  +𝛿

𝑢𝑘
0, 𝑢𝑘

0 ≥ +𝛿

                                                                                                                                     (6) 

 

where 𝑢𝑘
0 is the control action actually applied on the vehicle's engines and 𝛿 is the mechanism dead zone amplitude. 

 

 

4. NEURO FUZZY SYSTEM 

 

The adaptive neuro-fuzzy system (Jang, 1992a; Jang, and Sun, 1995), also known as ANFIS, arose from the merging 

of artificial neural networks ANN with the Fuzzy Inference System FIS. In this way, the ANFIS inherits the FIS structure, 

that is, it contains the fuzzification process, a rule base of type If ... Then, a fuzzy inference machine and the 

defuzzification; but with the same structure  representation, learning capacity and adaptation of ANN through the 

adjustment of the parameters related to the fuzzy system. 

Figure 3 sketches the structure representation of a neuro-fuzzy system that uses the fuzzy inference method of Takagi-

Sugeno (Chen, Lin, and Lin, 2008), where the variables 𝐼𝑖(𝑘), 𝑖 = 1, … , 𝑛, are the process inputs in iteration k; 𝑀𝐹𝑖𝑗 , 𝑖 =

1, … , 𝑛, 𝑗 = 1, … , 𝑚, are the membership functions associated with the input variables; 𝑅𝐿 , 𝐿 = 1, … , 𝑅, are the rules 

belonging to the ANFIS rule base and 𝑓𝐿 , 𝐿 = 1, … , 𝑅, are the functions that relate the input variables to the output variable 

𝑂(𝑘). 

 

 
 

Figure 3. Neuro-fuzzy system representation. 

 

Considering that the fuzzy inference method used is the first order Takagi-Sugeno, the functions 𝑓𝐿 are then given 

by: 

𝑓𝐿 = 𝑤0𝐿 + 𝑤1𝐿𝐼1 + ⋯ + 𝑤𝑖𝐿𝐼𝑖 + ⋯ + 𝑤𝑛𝐿𝐼𝑛                                                                                                               (7) 

 

The parameters 𝑤𝑖𝐿 are weights whose values are obtained from some optimization method that minimizes the cost 

function 𝐶𝑓 related to the process. Section 5 deals with differential evolution, used as a method to find the appropriate 

weights for ANFIS. 

  

5. DIFFERENTIAL EVOLUTION 

 

Differential evolution is an algorithm developed by Storn and Price (1996) that aims to minimize functions, which 

may be nonlinear and non-differentiable. The method is able to reach the global optimum value more easily and quickly 

than other classical and heuristic methods. 

The method has a search engine that is based on the differential mutation operator (vector sum), Eq. (8): 
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𝑉 = 𝐼𝑛 + 𝐹(𝐼𝑚 − 𝐼𝑝)                                                                                                                                                    (8) 

 

where 𝑉 is a vector representing an individual that is candidate to belong to the population, 𝐼𝑛, 𝐼𝑚 e 𝐼𝑝 are randomly 

chosen individuals that belong to this population, and F is a factor called disturbance factor. 

Differential evolution is an evolutionary method, and thus it repeats iteratively from the differential mutation operator 

until some predetermined stop condition is satisfied. 

 

6. METHODOLOGY 

 

The neuro-fuzzy controller in this paper, named as Differential Evolution and Dynamical Model Based Neuro-Fuzzy 

Controller (DEDMNF), is obtained by simulating the operating conditions of the two-wheeled vehicle, taking into account 

the dynamic model presented in Eq. (2) and the dead zone of its actuators. 

The simulation for the vehicle at the operating conditions is described below: 
 

 The vehicle operation is simulated for Tt = 20 𝑠 with a sampling time Ts = 0.005 s; 

 The vehicle is assumed, initially, at rest and only with an inclination angle θ0; 

 The accelerometer is corrupted by zero mean white noise and standard deviation σacc 

 Both θk  and ∆θk are corrupted respectively by zero mean white noise and standard deviation σθ and σ∆θ;  

 Disturbances (e.g., impulse functions) are applied to the system inclination angle θk, with intensity iθ and repeated 

nid times; 

 The mentioned above disturbances and noises are applied until the simulation time Tp, Tp < Tt. It’s verified the 

controller ability to reject the system external disturbances; 

 The determination of the kinematic structure properties at time 𝑘𝑇𝑠 is given by Eq. (2); 

 If the value of the control action calculated by the controller at time 𝑘, 𝑢𝑘, is contained in the interval −𝛿 < 𝑢𝑘 <
+𝛿 , it is necessary that it be equal to zero, according to Eq. (6), so as to account for the effect of the engines dead 

zone on the vehicle dynamic behavior in the simulation;  

The simulation is reproduced for each possible solution found from the differential evolution method, in which is 

used 40 vectors, 50 iterations, the disturbance factor equal to 0.4 and unitary crossing rate. In this process, it seeks to 

minimize the cost function 𝐶𝑓 associated with the process, Eq. (9): 

 

𝐶𝑓 =  
∑ 𝜆1(𝑢𝑘) 2+ 𝜆2(𝜃𝑘  −

 𝑘max   
𝑘=1 𝜃𝑟𝑒𝑓  ) 2+ 𝜆3(Δ𝜃𝑘  − Δ𝜃𝑟𝑒𝑓  ) 2

𝑘𝑚𝑎𝑥
                                                                                                (9) 

 

where 𝜃𝑟𝑒𝑓   is the reference inclination angle, considered null, Δ𝜃𝑟𝑒𝑓   is the reference inclination angle variation, also 

considered null, and the constants 𝜆1, 𝜆2 and 𝜆3 are used in the imposition of priorities in the cost function minimization 

procedure. The constant 𝜆1 is linked to the control effort and the system energy efficiency, while the constants 𝜆2 and 𝜆3, 

as they are related respectively to the inclination angle and the variation of the inclination angle, are linked to the 

minimization of the vehicle oscillation amplitude. In order to prioritize the control effort minimization and the system 

energy efficiency maximization, the values of 𝜆1, 𝜆2 and 𝜆3, respectively and by trial and error, are equal to 20, 2 and 0.5. 

   

7. RESULTS AND DISCUSSIONS 

 

In order to analyze the influence of the dead zone on the plant response and the ability of the neuro-fuzzy structure 

to control a system subjected to this nonlinearity, simulations of the two-wheeled vehicle operation are performed, using 

the model presented in Eq. (2), and varying the value of the dead zone amplitude 𝛿. 

The normalized control action 𝑢𝑁,𝑘 and the vehicle inclination angle 𝜃 obtained during the simulation, that also is 

used in the obtainment of the DEDMNF controller parameters, are presented below, where in Figs. 4a and 4b is considered 

𝛿 = 0 V, 𝛿 = 0.6 V in Figs. 5a and 5b, 𝛿 = 1.2 V in Figs. 6a and 6b, and 𝛿 = 1.8V in Figs. 7a and 7b.  
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                                                      (a)                                                                                      (b) 

 

Figure 4. Vehicle (a) input  and (b) output for δ = 0 V. 

 

 
 

                                                         (a)                                                                                  (b) 

 

Figure 5. Vehicle (a) input  and (b) output for δ = 0.6 V. 

 

 
 

                                                       (a)                                                                                     (b) 

 

Figure 6. Vehicle (a) input  and (b) output for δ = 1.2 V. 
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                                                       (a)                                                                                         (b) 

 

Figure 7. Vehicle (a) input  and (b) output for δ = 1.8 V. 

 

From Figs. 4, 5, 6 and 7, it is possible to verify that as the amplitude of the actuators dead zone increases, plant 

oscillation also increases, which is in agreement with the conclusion drawn in Peng and Dubay (2011). There is, however, 

no evidence that the neuro-fuzzy controller is not able to control a system corrupted by such nonlinearity. 

Table 2 shows the mean and standard deviation values of the control action and inclination angle as a function of 𝛿, 

obtained from the simulations. 

 

Table 2. Controller performance as a function of 𝛿. 

 

𝛿 [𝑉] 𝑢𝑁̅̅̅̅  𝑠𝑢𝑁
 𝜃̅  [°] 𝑠𝜃  [°] 

0 0.035 0.275 -0.059 1.110 

0.6 0.017 0.485 -0.014 1.713 

1.2 -0.041 0.443 0.002 1.733 

1.8 0.013 0.574 0.026 2.101 

 

From the values presented in Tab. 2, statistical tests (Montgomery, 2004) are performed in order to analyze, with a 

certain level of statistical confidence, the effect of the dead zone on the vehicle performance and the neuro-fuzzy controller 

capacity to make the system to follow the predetermined reference value. 

For the statistical analysis of the dead zone effect, from F Snedecor statistical distribution, two hypotheses are 

elaborated:   
 

 Null hypotheses: The vehicle response variance is insensitive to the existence of dead zone in the actuators; 

 Alternative hypotheses:  The vehicle response variance is greater when the actuators present dead zone. 

The null hypothesis was rejected for any analyzed 𝛿 ≠ 0 with a 95% confidence level, which indicates that the dead 

zone actually contributes to the increase of the system oscillation amplitude around the reference value. 

For the statistical test of the DEDMNF controller ability to make the system follow the predetermined reference 

value, from t Student statistical distribution, 2 hypotheses are elaborated: 
 

 Null hypotheses: The vehicle response mean is equal to the zero reference value when using DEDMNF controller; 

 Alternative hypotheses: The vehicle response mean is different from the zero reference value when using DEDMNF 

controller. 

For any value of 𝛿 analyzed, the null hypothesis was not rejected with a 95% confidence level, that is, there is no 

indication that DENFNF controller is not able to statically stabilize the inclination angle of the two wheeled inverted 

pendulum vehicle. 

 

8. CONCLUSIONS 

 

This article presented a neuro-fuzzy controller named as Differential Evolution and Dynamical Model Based Neuro-

Fuzzy Controller (DEDMNF). DEDMNF parameters were obtained through the differential evolution algorithm from the 
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simulated response of the vehicle at its operational condition, taking into account the knowledge of the plant’s dynamic 

behavior and the dead zone of its actuators.  

In fact, the dead zone of the DC motors of two-wheeled inverted pendulum vehicles causes the appearance of 

nonlinear effects, affecting the responses and reducing its controllability. The greater amplitude of the actuators dead 

zone, the greater the amplitude of the vehicle oscillation around the pre-determined reference position.  

By knowing the actuators’ dead zone amplitude 𝛿 and the dynamic model of the system, it is possible to develop a 

neuro-fuzzy controller that takes into account the nonlinearity in question and is able to statically stabilize the two-

wheeled inverted pendulum vehicle inclination angle. With 95% of confidence level, there is no indication that DENFNF 

controller is not able to statically stabilize the inclination angle of the two wheeled inverted pendulum vehicle affected 

by the dead zone effects. 

 

9. FURTHER WORK 

 

It is proposed to perform bench tests for the experimental validation of DENFNF controller applied in the dead zone 

effect compensation in two-wheeled inverted pendulum vehicles. 
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