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Graphical abstract Abstract

Velocity tracking is one of the important objectives of vehicle, machines and mobile
robots. A two wheeled inverted pendulum (TWIP) is a class of mobile robot that is open
loop unstable with high nonlinearities which makes it difficult to control its velocity
because of its nature of pitch falling if left unattended. In this work, three soft computing
techniques were proposed fo frack a desired velocity of the TWIP. Fuzzy Logic Control
==FLC (FLC), Neural Network Inverse Model control (NN) and an Adaptive Neuro-Fuzzy
Inference System (ANFIS) were designed and simulated on the TWIP model. All the three
confrollers have shown practically good performance in fracking the desired speed and
keeping the robot in upright position and ANFIS has shown slightly better performance
than FLC, while NN consumes more energy.
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1.0 INTRODUCTION

Problems like pollution, congestion, parking availability,
which are caused by conventional vehicles, have
made life difficult these days. To overcome the
sifuation, Two Wheeled Inverted Pendulum (TWIP)
mobile robots (Figure 1) have been introduced [1-7] to
overcome these problems. Due to its much smaller in
size compared with conventional four wheeled
vehicles, TWIPs can occupy less parking space than
other vehicles, hence reducing congestion and solving
availability of parking space issue. Also TWIP uses DC
motors for operation hence eliminating carbon
pollution, hence safer environment. However, they are
categorized as under actuated mobile robots which
makes it difficult to control. Many researchers in the
past two decades have been working in developing

the controllers for balancing the robot and also for
fracking the desired position and velocity [2, 4, 6, 8-30].
Among the recent works, linear conftrollers were
implemented in [2, 8, 11, 16, 27, 31]. In [2] pole
placement controller was applied at different
linearized points and was used to balance and frack a
desired velocity for the robot. In [8], system decoupling
confrol techniques with pole placement was used fo
confrol the velocity and yaw angle movement. A
Linear Quadratic Regulator (LQR) was compared with
partial feedback linearization for speed control in [11],
while Proportional-Derivative (PD) control was used in
[16] for position tracking and ftilt balancing. Another
LQR fechnique was investigated in [32] for velocity
and position tracking.

Nonlinear confrollers were also investigated and
studied by researchers [11, 12, 22, 33]. Partial feedback
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linearization was demonstrated in [11, 33] for velocity
tracking while Sliding Mode Confrol (SMC) method
using LQR technique was used fo control the robot
behavior while driving on uniform slopes [12]. The SMC
technique was also used and implemented in [22] for
velocity fracking. To show the robustness of the
controller, adaptive confrollers were implemented not
only for position and velocity fracking but also for filt
balancing [10, 18, 26].

Extend up to
600mm

Figure 1 TWIP Mobile Robot

Metaheuristic conftrollers, also known as intelligent
conftrollers, have been used in controlling velocity of
TWIP. Some works on Fuzzy Logic Control (FLC) were
implemented in [15, 17, 20]. In [15, 20] FLC was used to
balance the tilt position of the TWIP only, but in [17],
the tilt angle, position control and orientation angle of
the robot were all controlled using FLC. Adaptive
inteligent controller like Adaptive Neuro-Fuzzy and
Adaptive Neural Network, were shown in [14, 24, 28]. In
[14], a T-S Adaptive Neural Network Fuzzy controller
was used in balancing the robot and confrolling the
position movement, while Adaptive Neural Network for
balancing and yaw angle motfion control was
investigated in [24]. The position tracking and filt angle
balancing using PID and Neural Network controller was
shown in [28].

Based on the review stated above, velocity
fracking has been one of the major objectives of
controling the TWIP. Many works in the past years
have been published in the area. Model based
confrollers like LQR [32, 34], and Pole placement
controller [27], which are designed based on the
linearized model of the robot making the model
uncertainties fo affect the controllers gain. Nonlinear
conftrollers like partfial feedback linearization [11, 19,
33] and SMC [1, 12, 22] performs well in rejecting
modelling inaccuracies, parameter variations and
disturbances, but SMC has the problem of chattering.
Intelligent conftrollers were used by researchers to track
a desired speed of the TWIP, in [é] a direct adapftive
model reference control scheme was used, fuzzy logic
which is a non-model based confroller, was used in
[15, 20]. Adaptive neural SMC method for trajectory
tracking was shown in [35]. In this paper, three

infelligent metaheuristic control techniques will be
investigated. Neural Network inverse model conftrol
strategy, Adaptive Neuro Fuzzy Inference System
(ANFIS) used in mimicking another controller, and PD-
Fuzzy logic will be used and analyzed to track a
desired velocity of the robot. The three schemes have
the advantages of being none model dependent,
hence there is no problem of model uncertainties [36].
The main contribution of this paper is developing
inteligent controller, ANFIS conftroller, mimicking
another intelligent controller, FLC, instead of mimicking
any conventional controller for velocity fracking of the
under actuated mobile robot. The performance will be
compared with the original FLC and another intelligent
confroller NN in inverse model form.

The rest of the paper is organized as follows; section
Il discuss the overview of the control strategies, section
Il presents the model description, section IV gives the
details of the confrollers design, and section V is where
the results are discussed and analyzed, and finally
section VI concludes the findings of the work.

2.0 INTELLIGENT CONTROL STRATEGIES

This section describes the concept of FLC, Neural
Network Inverse Model Confrol as well as ANFIS
controller.

2.1 Fuzzy Logic Control

It has been almost 50 years when the first paper on
fuzzy sets was published by Zadeh [37]. Fuzzy sets differ
from fraditional classical set by omitting crisp
boundaries that are essenfial with classic sefs. It is this
idea that evolved too many disciplines and has
various applications [38]. Confrol using fuzzy logic is an
algorithm based on a linguistic control strategy, which
is achieved from expert knowledge and does not
need any mathematical model [39]. Fuzzy logic used
as a confroller is of two forms; a PD type direct confrol
stfrategy. The confrol strategy uses linguistic IF THEN
rules that is originated from human knowledge and
experience. The input to the FLC is usually two inputs.
First is the error signal, that is the difference between
the reference and the output signal, and the second is
the derivative of the error. The inputs are also called
antecedent, and the decision is made based on the
human knowledge known as fuzzy rules, to evaluate
the confrol output known as consequence. The
combination of the anfecedent, consequents, fuzzy
rules and fuzzy reasoning, gives what is called a fuzzy
inference system (FIS) [38]. The block diagram for FLC
in a direct form is shown in Figure 2. The second form of
confroller for FLC is internal model control structure as
shown in Figure 3 [39]. The inverse model of the plant
and the infernal model are developed by using fuzzy
logic (concept of internal model control is explained in
the next section).
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Figure 2 Direct FLC Block Diagram
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Figure 3 Internal Model Controller Block Diagram

2.2 Neural Network Inverse Model

The same structure used in fuzzy logic internal model
control is applied in neural network inverse model
control as shown in Figure 2. The difference is the
inverse model is formulated using neural network
rather than fuzzy logic. The concept behind inverse
control is to place the inverse of the plant in series with
the plant so the control action becomes feed forward.
The aim is to make the plant nonlinearities handled
efficiently by the use of the plant inverse model as
controller [36]. Consider a nonlinear plant:

x = Ax + Bu
y=Cx (D

The closed loop response is required to follow a
certain input reference r, so the controller has to
generate the control signal u(t) such that y =r. The
output explicitly does not involve the input u(k),
therefore making the inverse very difficult fo obtain
[39]. To overcome this problem the control law is
carried out using inputs and outpufs measurements to
get the inverse model. Problem arises when the model
is invertible, many literature proposes several
algorithms to find the inverse of plant models [39]. To
find the inverse of a model, the input fo the model is
taken as the output and the output of the model as
the input to the neural network learing process. The
scheme is illustrated in Figure 4. Neural network inverse
model control has been practiced by researchers [40-
44].

2.3 ANFIS Controller

The combination of fuzzy logic and neural network in
applications give rise to neuro fuzzy systems [36, 38].
Among the most common neuro fuzzy is the adaptive
neuro-fuzzy inference system (ANFIS). ANFIS is a fuzzy
logic system where the rules, membership function
ranges are computed automatically using neural
network, in fuzzy logic all the tunings are done
manually. Full concept and the principles of ANFIS can

be found in [38]. ANFIS can be used as a confroller in
two forms, either as inverse confroller just like the
neural network previously discuss as shown in Figure 4,
or mimicking another working conftroller. Using the
input/output data, ANFIS can refine the working rule of
the confroller and provide better performance, this
mode are shown in [45-49].

PLANT — y

NEURAL -
HNETWORK h

Figure 4 Neural network Learning

3.0 MODEL DESCRIPTION OF THE TWIP

The dynamics equation used to develop the robot is
derived using Kane's method of modelling in [3]. The
free body diagram is shown in Figure 5. The three
direction of movement of the robot are x fransitional
motion, ¢ tilt angle, and ¥ yaw angle, the dashed line
on the free body diagram present the robot straight
position when tilt angle = 0. The dynamics equations of
the TWIP are given in equation (2-4), where the
parameters used are listed in Table 1. The TWIP is
based on the assumption that the wheels of the robot
always stay in contact with the ground and the wheels
do not slip.

X axis

Figure 5 Schematic diagram of TWIP

. Mydsing(Myd*cos?p — (Myd? +1,)) .,
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Myd?cos?¢p — (My, + 3M,,)(Mpd? +1,) (2)
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Table 1 TWIP parameters and variables

Parameter Symbol  Value

Mass of Main Body Mo 13. 3 kg
Mass of Each Wheel Mw 1.89 kg
Center of Mass (gravity) of the d 0.13m
whole body from Base

Diameter of Wheel R 0.130 m
Distance between the Wheels L 0.325m
Mass moments of Inerfia of Body Ik 0.1935 kgm?2
WRT x-axis

Mass moments of Inertia of Body |I; 0.3379 kgm?
WRT z-axis

Mass moments of Inertia of Wheel la 0.1229 kgm?2
about the center

Acceleration due to gravity g 9.81 ms-2

4.0 CONTROLLERS DESIGN

This section describes the design of fuzzy logic
controller, the neural network inverse model confroller
and ANFIS confroller for the velocity tracking of the
TWIP robot. A simple PID controller was used for the ftilt
balancing of the robot, while the proposed controller
were used for the velocity fracking. The PID gains for
the tilt balancing are kp = 10, ki = 5, ka = 1. The overall
control scheme is shown in Figure 6.

velocity ref VELOCTTY .
+ TRACKTIG + || velocity
CONTROLER —
MOBILE
ROBOT
. + .
tilt ref [0] PID tilt

Figure 6 TWIP confrol scheme

4.1 Fuzzy Logic Controller

The steps of fuzzy logic confroller design include
selection of type and number of membership function,
selection of rule base, inference mechanism and
defuzzification process. For tracking velocity of the
TWIP, triangular membership function is used. The rules
are developed using fuzzy AND rules only with velocity
error and error rate as the input. The rules for DC motor
position control where used initially and further
adjusted by trial and error to suit the given task.
Combinations of these rules are used to generate 49
fuzzy rules. Table 2 shows the fuzzy rules.

Table 2 TWIP parameters and variables

é/e NB NM [ NS IE PS PM| PB
NB PB PB PB PB PM | PS IE
NM PM| PM| PM| PM| PS IE NS
NS NB NB NM | NS IE PS PM
/E NB NM | NS IE PS PM| PB
PS NM | NS IE PS PM| PB PB
PM NS ZE PS PM| PB PB PB
PB ZE PS PM | PB PB PB PB

The membership functions of the error, error rate
and outfput are implemented with seven membership
function [NB, NM, NS, ZE, PS, PM, PB] and after tuning,
the range of [-20 20] was used for the error, [-100 100]
for the error rate, and [-200 200] for the output. A
friangular membership function is used due to the
nature of the robot [17].

4.2 Neural Network Inverse Model Controller

The TWIP mobile robot has many outputs, tilt angle, filt
rate, position and velocity. Yaw angle and the yaw
rafe are also considered depending on the
application. The horizontal velocity of the robot is
taken as the output of the robot since it is the desired
manipulated variable. The data was taken when in
closed loop form since the robot is open loop
unstable. Simple PID controller was used for balancing
and the model was simulated in MATLAB Simulink
environment and the data for the neural network
training was acquired and use for training the inverse
model as shown in Figure 4. A two layered
feedforward back propagation network with 10
weights was used. A sigmoid fransfer function in the
first layer and purelin fransfer function in the last layer
were chosen. Levenberg-Marquardt back
propagation algorithm was used in the fraining of the
network. An MSE of 0.16779 was achieved after 252
iterations.
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4.3 ANFIS Controller

The fuzzy logic controller designed in the previous
section was obtained via lengthy and time consuming
trial and error process, therefore to enhance the
performance, numerical information was taken from
the fuzzy controller and used to train and refine the
membership functions in systematic way using ANFIS.
Just like the neural network controller, the input to the
FLC and the output was acquired and then used to
train the ANFIS controller. Two membership function
and a Sugeno type output were used. After fraining,
the ANFIS controller generated has two rules, two
triangular membership function in the input and two
linear membership function in the output.

5.0 RESULTS AND DISCUSSION

The results and analysis of the proposed controllers are
examined in this section. MATLAB and Simulink were
used to simulate and test the controllers. A speed of
2m/s, which is considered as averagely fast, was used
for the fracking purpose. Figures 7-9 shows the velocity
response, tilt angle position and the confrol signal
respectively. The conftrol signal is shown for 1 second fo
see the inifial response clearly.

25
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2
™ 3 —— REFERENCE
= 15 l === ANFIS N
~ '.' ...... NN
= 11 -=FLC i
= 5
< 0.5
>
o
055 20 40 60
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Figure 7 Velocity Response for step input
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Figure 8 Tilt angle for step input

A slightly better performance is observed by the
ANFIS confroller as compared to FLC, it has less
overshoot than the FLC, with the neural network
having the less overshoot but in the expense of higher
tilt angle initial swing compared to the other two. The

1
fg OReSamums BT e Al
=
g-1 ---ANFIS
g ------ NN
=2 -='FLC
-3
0 0.2 04 06 08 1
time (sec)

Figure 9 Confrol signal for step input

NN has higher energy consumption. The summary
of the step tracking performance is shown in Table 3.

Table 3 Comparative assessment of conftrollers to step input

Controller  Rise Settling o Torque  Tilt
time (s) time (s) os (NM) angle
[Max] (deg)

[Max]
ANFIS 11 30 12 0.4 2.4
NN 11 32 11 2.1 2.4
FLC 10 17.5 20 0.4 3.4

To test the robustness of the controllers, a sinusoidal
input signal of frequency 0.2 rad/sec and amplitude of
1 is used. Figures 10-12 shows the results.

1.5

[ —

o
[

velocity (m/s)
o

0.5 [ NG

time (sec)

Figure 11 Tilt angle for sine input

0.5

Torque (Nm)

time (sec)

Figure 12 Confrol signal for sine input
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The ANFIS confroller and FLC almost have similar
responses, the neural network have faster tracking
response as compared to the other two and less
overshoot but less tracking smoothness. The NN seems
to have higher energy consumption. This is because,
the inverse model obtain by the NN is not exactly 100%
the inverse of the robot model, this discrepancy
brought the need of high input energy to achieve
desired results. The summary of the sine input tracking
performance is shown in Table 4

Table 4 Comparative assessment of controllers to sine input

Controller % OS Torque Tilt angle
(NM) (deg) [Max]
[Max]
ANFIS 5 0.2 0.8
NN 0 2.1 1.8
FLC 5 0.2 0.8

Further testing reveals that the three controllers
have a bandwidth of 0.6 rad/sec, meaning the
conftrollers can perform up to expectation when the
input is sine wave signal with input frequency less than
or equal to 0.6 rad/sec. Above that, the output of the
robot will be less than 70% of the desired input.

6.0 CONCLUSION

Three soft computing techniques were proposed fo
frack a desired velocity of a two wheeled inverted
pendulum mobile robot. Fuzzy logic confroller, NN and
ANFIS were investigated in this work and have shown
great performance in velocity tracking and
maintaining the balance of the robot in simulations. A
slight improvement was shown by ANFIS when
compared to FLC, this is because the ANFIS confroller
was trained from the FLC to enhance the frial and
error work of the FLC controller. Neural network
contfroller has high energy consumption due fo
discrepancy in obtfaining the exact inverse model of
the nonlinear plant. All controllers are acceptable and
the real fime implementation of the conftrollers on real
robot can be considered for future work.

Acknowledgement

These authors are grateful to the Ministry of Higher
Education (MOHE) and Universiti Teknologi Malaysia for
the financial support through the GUP research fund,
Vote Q.J130000.2523.11H31and special thanks to
Bayero University, Kano, Nigeria for their support.

References

[1]  Jian, H., Feng, D., Fukuda, T. and Matsuno, T. 2013. Modeling
and Velocity Control for a Novel Narrow Vehicle Based on

(2]

(3]

(4]

(5]

(el

(7]

(8l

[9]

[1a]

(111

(12]

[13]

(14]

[13]

(1]

(17]

(8]

Mobile Wheeled Inverted Pendulum. Control
Technology. IEEE Transactions on. 21(5): 1607-1617.
Muhammad, M., Buyamin, S., Ahmad, M. N., Nawawi, S. W.
and Bature, A. A. 2013. Multiple Operating Points Model-
Based Confrol of a Two-Wheeled Inverted Pendulum Mobile
Robot. Infernational Journal of Mechanical & Mechatronics
Engineering. 13(5): 1-9.

Muhammad, M., Buyamin, S., Ahmad, M. N. and Nawawi, S.
W., Takagi-Sugeno. 2013. Fuzzy Modeling Of A Two-Wheeled
Inverted Pendulum Robot. Journal of Intelligent & Fuzzy
Systems. 25: 535-546.

Fukushima, H., Kakue, M., Kon, K. and Mafsuno, F. 2013.
Transformation Control to an Inverted Pendulum for a
Mobile Robot With Wheel-Arms Using Partial Linearization
and Polytopic Model Set. Robotics, IEEE Transactions on.
29(3): 774-783.

Dierks, T., Brenner, B. and Jagannathan, S. 2013. Neural
Network-Based Optimal Control of Mobile Robot Formations
With Reduced Information Exchange. Control Systems
Technology. IEEE Transactions on. 21(4): 1407-1415.

Canigur, E. 2013. Direct Model Reference Adaptive Tracking
Control Of Wheeled Mobile Robot. Innovations in Intelligent
Systems and Applications (INISTA). 2013 IEEE International
Symposium on. 19-21 June 2013. 1-5.

Salerno, A. and Angeles, J. 2007. A New Family of Two-
Wheeled Mobile Robots: Modeling and Confrollability.
Robotics. IEEE Transactions on. 23(1): 169-173.

Lv, W., Kang, Y. and Zhao, P. 2013. Speed And Orientation
Control Of A Two-Coaxial-Wheeled Inverted Pendulum.
Control Conference (CCC), 2013 32nd Chinese. 26-28 July
2013. 334-337.

Zhang, Z. H., Xiong, Y. S. and Ye, T. T. 2012. A New Path
Tracking Approach For A Mobile Robot Under Velocity Field.
Automatic Control and Artificial Intelligence (ACAI 2012),
International Conference on. 3-5 March 2012. 183-186.
Panfeng, S., Ishibashi, Y., Shibata, H. and Oya, M. 2012.
Adaptive Tracking Control Scheme For Wheeled Mobile
Robots Without Measurement Of Longitudinal Velocity.
Advanced Mechatronic = Systems  (ICAMechS), 2012
International Conference on. 18-21 Sept. 2012. 525-530.
Muhammad, M., Buyamin, S., Ahmad, M. N., Nawawi, S. W.
and lbrahim, Z. 2012. Velocity Tracking Control of a Two-
Wheeled Inverted Pendulum Robot: a Comparative
Assessment between Partial Feedback Linearization and
LQR Control Schemes. International Review on Modelling
and Simulations. 5(2): 1038-1048.

Min-Sun, K., Chang-Gook, J. and Dong Sang, Y. 2012. Sliding
Mode Control For A Two-Wheeled Inverted Pendulum
Mobile Robot Driving On Uniform Slopes. Control,
Automation and Systems (ICCAS), 2012 12th International
Conference on. 17-21 Oct. 2012. 2159-2162.

Mao-Lin, C. 2012. Analysis and Design of Robust Feedback
Control Systems for a Nonlinear Two-Wheel Inverted
Pendulum System. Computer, Consumer and Control (IS3C),
2012 International Symposium on. 4-6 June 2012. 949-953.
Junfeng, W. and Shengwei, J. T-S. 2011. Adaptive Neural
Network Fuzzy Control Applied In Two-Wheeled Self-
Balancing Robot. Strategic Technology (IFOST), 2011 6th
International Forum on. 22-24 Aug. 2011. 1023-1026.

Haa, Q., Li, P., Chang, Y. Z. and Yang, F. 2011. The Fuzzy
Controller Designing of the Self-Balancing Robot. IEEE
International Conference on Electronics and
Optoelectronics. Liaoning, China. 2011 of Conference. 16-
19.

Goher, K. M., Tokhi, M. O. and Siddique, N. H. 2011. Dynamic
Modeling and Control of a Two Wheeled Robotic Vehicle
with Virtual Payload. ARPN Journal of Engineering and
Applied Sciences. 6(3): 7-41.

Cheng-Hao, H., Wang, W.-J. and Chih-Hui, C. 2011. Design
and Implementation of Fuzzy Control on a Two-Wheel
Inverted Pendulum. Industrial Electronics. IEEE Transactions
on. 58(7): 2988-3001.

Petrov, P. and Parent, M. 2010. Dynamic Modeling And
Adaptive Motion Control Of A Two-Wheeled Self-Balancing

Systems



[19]

[20]

[21]

[22]

[23]

[24]

[25]

[2¢]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

Buyamin et al. / Jurnal Teknologi (Sciences & Engineering) 78: 6-11 (2016) 1-7

Vehicle For Personal Transport. Intelligent Transportation
Systems (ITSC), 2010 13th International IEEE Conference on.
19-22 Sept. 2010. 1013-1018.

Nawawi, S. W. 2010. Partial Feedback Linearization Control
of A class of Two-wheeled Mobile Robot, Universiti Teknologi
Malaysia.

Miasa, S., Al-Mjali, M., Al-Haj Ibrahim, A. and Tutunji, T. A.
Fuzzy confrol of a two-wheel balancing robot using DSPIC.
2010. Systems Signals and Devices (SSD), 2010 7th
International Multi-Conference on. 27-30 June 2010. 1-6.
Jones, D. R. and Stol, K. A. 2010. Modeling and Stability
Control  of Two-Wheeled Robots in  Low-Traction
Environments. Australasian Conference on Robotics &
Automation. 1-3 December, 2010 Brisbane, Australia. 1-9.
Huang, J., Zhi-Hong, G., Matsuno, T., Fukuda, T. and
Sekiyama, K. 2010. Sliding-Mode Velocity Control of Mobile-
Wheeled Inverted-Pendulum Systems. Robotics, IEEE
Transactions on. 26(4): 750-758.

Goher, K. M. and Tokhi, M. O. 2010. Modeling and Control of
a Two Wheeled Machine: A Genetfic Algorithm-Based
Optimization Approach. Journal of Selected Areas in
Robotics and Control (JSRC). 17-22.

Ching-Chih, T., Hsu-Chih, H. and Shui-Chun, L. 2010.
Adaptive Neural Network Control of a Self-Balancing Two-
Wheeled Scooter. Industrial Electronics, IEEE Transactions on.
57(4): 1420-1428.

Chih-Hui, C. 2010. The Design and Implementation of a
Wheeled Inverted Pendulum Using an Adaptive Output
Recurrent Cerebellar Model Articulation Controller. Industrial
Electronics, IEEE Transactions on. 57(5): 1814-1822.

Zhijun, L. and Jun, L. 2009. Adaptive Robust Dynamic
Balance and Motion Controls of Mobile Wheeled Inverted
Pendulums. Control Systems Technology, IEEE Transactions
on. 17(1): 233-241.

Grasser, F., D'Arrigo, A., Colombi, S. and Rufer, A. C. 2002.
JOE: A Mobile, Inverted Pendulum. Industrial Electronics,
IEEE Transactions on. 49(1): 107-114.

Seul, J. and Sung Su, K. 2008. Control Experiment of a
Wheel-Driven Mobile Inverted Pendulum Using Neural
Network. Control Systems Technology, IEEE Transactions on.
16(2): 297-303.

Mao, L., Huang, J., Ding, F. and Wang, Y. 2013. Velocity
Control Of Mobile Wheeled Inverted Pendulum.
International Journal of Modelling, Identification and
Contfrol. 19(1): 43-51.

Chenguang, Y., Zhijun, L. and lJing, L. 2013. Trajectory
Planning and Optimized Adaptive Control for a Class of
Wheeled Inverted Pendulum Vehicle Models. Cybernetics,
IEEE Transactions on. 43(1): 24-36.

Nawawi, S. W., Ahmad, M. N. and Osman, J. H. S. 2008.
Real-time Control Of A Two-Wheeled Inverted Pendulum
Mobile Robot. International Journal of mathematical and
Computer Sciences. (15): 214-220.

Kim, Y., Kim, S. and Kwak, Y. 2005. Dynamic Analysis of a
Nonholonomic Two-Wheeled Inverted Pendulum Robof.
Journal of Intelligent and Robotic Systems. 44(1): 25-46.
Pathak, K., Franch, J. and Agrawal, S. K. 2005. Velocity and
position control of a wheeled inverted pendulum by partial
feedback linearization. Robofics, IEEE Transactions on. 21(3):
505-513.

Ha, Y.-S. and Yuta, S. i. 1996. Trajectory tracking control for
navigation of the inverse pendulum type self-contained
mobile robot. Robofics and Autonomous Systems, 17(1-2):
65-80.

(3]

(3¢]

[37]

(38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

(48]

[49]

Bong Seok, P., Sung Jin, Y., Jin-Bae, P. and Yoon-Ho, C. 2009.
Adaptive Neural Sliding Mode Control of Nonholonomic
Wheeled Mobile Robots With Model Uncertainty. Control
Systems Technology, IEEE Transactions on. 17(1): 207-214.
Gaya, M. S., Wahab, N. A., Sam, Y. M. and Samsuddin, S. I.
2013. ANFIS Inverse Control of Dissolved oxygen in an
Activated Sludge Process. |EEE 9th International Colloquium
on Signal Processing and its Applications. Kuala Lumpur,
Malaysia.

Zadeh, L. A. 1965. Fuzzy Sets. Information and Control. 8:
338-353.

Jang, J. S. R. and Sun, C. T. 1995. Neuro-fuzzy Modeling And
Control. Proceedings of the IEEE. 83(3): 378-406.
Boukezzoula, R., Galichet, S. and Foulloy, L. 2003. Nonlinear
Internal Model Conftrol: Application Of Inverse Model Based
Fuzzy Control. Fuzzy Systems, IEEE Transactions on. 11(é): 814-
829.

Kern, J., Jamett, M., Urrea, C. and Torres, H. 2014.
Development of A Neural Controller Applied In A 5 DOF
Robot Redundant. Latin America Transactions, IEEE (Revista
IEEE America Latina). 12(2): 98-106.

Ornelas-Tellez, F., Sanchez, E. N. and Loukianov, A. G. 2012.
Discrete-Time Neural Inverse Optimal Control for Nonlinear
Systems via Passivation. Neural Networks and Learning
Systems, IEEE Transactions on. 23(8): 1327-1339.

Waegeman, T., Wyffels, F. and Schrauwen, B. 2012.
Feedback Control by Online Learning an Inverse Model.
Neural Networks and Learning Systems, IEEE Transactions on.
23(10): 1637-1648.

Xiucheng, D., Yunyuan, Z. and Guangzheng, R. 2011.
Internal Model Confrol Based On RBF Neural Network
Inverse System Decoupling In A 3-Dof Helicopter System.
Intelligent Control and Automation (WCICA), 2011 9th World
Congress on. 21-25 June 2011. 570-574.

Shuo, D. and Qinghui, W. 2011. Research On Robustness Of
BP Neural Network Based Inverse Model For Induction Motor
Drives. Electronics and Optoelectronics (ICEOE), 2011
International Conference on. 29-31 July 2011. V2-127-V2-
131.

Seng-Chi, C., Van-Sum, N., Dinh-Kha, L. and Ming-Mao, H.
ANFIS controller for an Active Magnetic Bearing system.
2013. Fuzzy Systems (FUZZ), 2013 IEEE International
Conference on. 7-10 July 2013. 1-8.

Mohan, V. and Singh, N. 2013. Performance Comparison Of
LQR And ANFIS Controller For Stabilizing Double Inverted
Pendulum System. Signal Processing, Computing and
Control (ISPCC), 2013 IEEE International Conference on. 26-
28 Sept. 2013. 1-6.

Lak, A., Nazarpour, D. and Ghahramani, H. 2012. Novel
Methods With Fuzzy Logic And ANFIS Controller Based SVC
For Damping Sub-Synchronous Resonance And Low-
Frequency Power Oscillation. Electfrical Engineering (ICEE),
2012 20th Iranian Conference on. 15-17 May 2012. 450-455.
Lutfy, O. F., Noor, S. B. M. and Marhaban, M. H. 2011. A
Genetically Trained Simplified ANFIS Controller To Control
Nonlinear MIMO System:s. Electrical, Control and Computer
Engineering (INECCE), 2011 Internafional Conference on.
21-22 June 2011. 349-354.

Ravi, S. and Balakrishnan, P. A. 2010. Modelling And Control
Of An Anfis Temperature Confroller For Plastic Exfrusion
Process. Communication Control and  Computing
Technologies (ICCCCT), 2010 IEEE International Conference
on. 7-9 Oct. 2010. 314-320.



