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An Adaptive Deep Belief Networkbased Intelligent moving Robot for Navigation Control
using Mamdani-Sugeno Fuzzy Inference System
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Abstract: The Intelligent Moving Robots (IMR) are designed to understand instructions and act accordingly in an independent manner. They use sensors that operate with
the help of the Internet of Things(loT) and Deep Learning (DL) for interpreting and navigating the directions following environmental conditions. Recent advancements use
the Artificial Neural Network(ANN) and an Adaptive Neuro-Fuzzy Inference System(ANFIS) to model an efficient engineering system. In this work, a hybrid fuzzy inference
system, MSFIS(Mamdani-Sugeno Fuzzy Inference System), is proposed along with Adaptive Deep Belief Networks(ADBN) for identifying and tracing the Direction
Finding(DF) capability of the IMR. The MSFIS uses parameters in the range 4:4 (4 Input and 4 Output Parameters). The inputs used are Front View (FV), Left View(LV),
Right View(RV), and Back View(BV), and the output (4 directions) might depend on the speed of the wheels used in the Robot. Four directions are used at the output for
navigation purposes. The results obtained from simulating the experiments confirm that the suggested navigation controller demonstrates superior viability, efficiency, and
resilience. Compared with the existing system, the proposed system outperforms well in accuracy and sensitivity, proving it is well efficient in navigating any new environment.
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1 INTRODUCTION

In recent years, substantial research has been devoted
to developing autonomous mobile robots since they can
perform dangerous or extremely small tasks [1]. As a
result, innovative new technologies were able to be
developed. There are numerous industries in which mobile
robots have applications, including manufacturing,
aerospace engineering, and nuclear engineering, among
others. Current robotics research is primarily concerned
with developing strategies to ensure that a robot can travel
from its point of origin to its point of destination without
colliding with either of those locations along the way [2].
Local or global route planning is possible, depending on
one's preference. Environmental factors are responsible for
this distinction. It is possible for a mobile robot performing
local path planning to have only a vague understanding of
its surroundings. The mobile Robot can navigate its
surroundings with global path planning. While determining
its global path, the mobile Robot is keenly aware of its
immediate surroundings [3]. Therefore, many sensors
collect data from the surrounding environment to aid
movement planning. The topic of robot navigation has
been the subject of a substantial amount of academic
research.

The intelligence present in nature serves as a model for
what we refer to as "intelligent systems" (IS). Examples
include learning, adapting, and remaining resilient across
many problem domains; effectively using resources;
converting data into knowledge quickly and efficiently;
and reasoning extrapolative [4]. IS provides a dependable
method for addressing complex (resource efficiency),
scalable problems (workload measurement, decision
making). Integration facilitates the development of
intelligence in engineering, which results from the
accumulation of experience and knowledge. This
definition can also be used to refer to a person's
intelligence, capacity for learning and memory, and rate of
adaptation to new circumstances. Computational
intelligence is the capacity of a computer program or
algorithm to adapt, learn, remember, reason, and deal
effectively with ambiguous or incomplete data. This is an

expected and normal part of the process. However,
artificial intelligence is indispensable in developing
intelligent systems. Most people would agree that there are
two distinct types of artificial intelligence. Humanistic
artificial intelligence (HAI) seeks to determine how
machines can mimic human intelligence [5]. Rationalistic
Al (RAI) is the other major subfield that focuses on
creating machines that can imitate human intelligence.

HAI's ultimate objective is to create intelligent
machines. Computer scientists are interested in discovering
methods to instruct computers to perform tasks more suited
to humans and currently conducting artificial intelligence
research. This is an effort to learn how computers behave
so that intelligence can be simulated using that knowledge.
Artificial intelligence (Al) researchers attempt to create a
machine that can mechanically replicate human
intelligence by using computer simulations and other
methods (AI). Systems that are more human-like in their
approach tend to rely less on Al than rationally intelligent
ones. Intelligent systems, a subfield of research that
emerged from scientific inquiry, can be defined as Systems
based on artificial intelligence. This is best explained by
referencing these and other related concepts. Artificial
intelligence (Al) is developing a smart system by first
comprehending the problem (typically in formal rational
terms) and then immediately employing the appropriate
reasoning to eliminate the problem [6]. As part of a new
initiative to achieve machine intelligence, researchers and
developers of intelligent system architectures will conduct
their research and development. It is based on the theories
of chaos, artificial neural networks, probabilistic
reasoning, machine learning, and genetic programming,
among other foundational concepts. The nature of this
discussion is hypothetical and approximate.

2 LITERATURE REVIEW

Artificial Neural Fuzzy Inference System (ANFIS) is
a model that combines conventional neural networks and
fuzzy logic. Both of these characteristics are included in
the model at issue. Using a technique involving fuzzy-
neuro networks and pattern recognition, they created a
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reactive navigation system for a car-like robot. They
proposed employing neuro-fuzzy behavior-based control
to guide a robot in the form of a car around stationary
obstacles. Using neuro-fuzzy techniques, multiple mobile
robots can be controlled. The neural network's findings are
then relayed to the fuzzy controller, which enables the
mobile Robot to navigate complex environments
successfully. The simulation and verification results
demonstrate the dependability of the method. A dynamic
neural-fuzzy system can be used to navigate mobile robots
[7].

A Takagi-Sugeno fuzzy controller processes sensor
data to determine the heading of the Robot [8].
Experiments indicate that this technique can assist mobile
robots in navigating environments about which they have
limited prior knowledge. The neuro-fuzzy guidance
systems utilized by mobile robots represent a significant
technological advancement. During this experiment, a
neural-integrated fuzzy controller was responsible for
regulating the mobile Robot's steering angle, as well as its
speed and direction. Frequently, mobile robots employ a
neuro-fuzzy control system. This article [8] illustrates the
construction of a neuro-fuzzy controller by combining a
Takagi-Sugeno controller with a radial basis function
neural network. This action was taken to achieve the
desired outcomes. Calculations based on a neuro-fuzzy
model were used to determine the path a mobile robot
would take in a dynamic environment in order to avoid
obstacles. Neuro-fuzzy methods perform better than GA
and Mamdani approaches in terms of parameter tuning,
optimizing the available resources etc. This was the
conclusion reached after contrasting the two strategies as
the beginning of the computational intelligence field (CI).
A considerable number of researchers are currently
focusing their efforts on CI [9].

Bionics concepts are utilized in computational
intelligence, which was initially developed to model
intelligent natural phenomena. Bionics is a subfield of
engineering science. The ability to simulate intelligence
characteristics such as learning and adaptability has led to
the birth of a new field of study with the potential to restore
ecosystems and redesign technological systems. Nonlinear
mapping and optimization are performed with a universal
approximator in CI. The foundations of the field can be
found in the FL, ANN, and EC regions, as well as a few
others. The study of hybrid algorithms has recently
increased in the subfield of computational intelligence
known as artificial intelligence. In contemporary software,
neural networks, evolutionary computation, and fuzzy
logic are used less frequently [10]. This is because they are
becoming progressively more complicated. The
technologies that were mentioned earlier are capable of
being combined in a wide variety of different ways. There
is no competition between fuzzy logic, neurocomputing,
and probabilistic reasoning disciplines. They are a
cohesive unit that works very well together. Accumulating
evidence supports the claim that combining them yields the
best results.

Neuro-fuzzy refers to the widespread use of fuzzy
logic and neural network techniques in various consumer
products and other types of systems [11]. Combining
neural networks, evolutionary computation, and fuzzy
logic produces dependable tools that can be created rapidly

and efficiently to solve complex problems. Differential
equations do not perform well when attempting to model
indeterminate or poorly understood systems. In spite of
this, fuzzy inference systems can model qualitative aspects
of human knowledge and reasoning without the necessity
of employing quantitative research methods, use
conditional rules that can at best, be described as being
hazy in their definition [12]. Because they rely on
probabilistic reasoning, fuzzy inference systems can
achieve this goal. On the other hand, deep learning
methods [13] learn sensitive and valuable representations
of features from the original set automatically, in contrast
to shallow learning methods, which require the user to
select features.

Deep learning methods also learn features from larger
data sets. Restricted Boltzmann Machines (RBMs) are the
building blocks of the Deep Belief Network (DBN), which
is the model of deep learning that has gained the most
popularity (RBMs). The Deep Belief Network (DBN) is
the deep learning model that has gained the most popularity
(RBMs)[14]. DBN can automatically learn information
pertinent to the task at hand based on the basic feature set
provided. The older method, which involved manually
selecting features, has been replaced with this method.
Second, because neural networks are so good at nonlinear
mapping, this idea ought to be implemented in neural
network systems so that it can take advantage of their
strengths [15]. It is superior at learning complex
relationships in fault diagnosis problems compared to
shallow learning models such as ANN and SVM, which
have fewer hidden layers. These models are used
extensively in machine learning. Even though DBN is
beneficial in various settings, the field of diagnosing issues
with rotating machinery is just starting to develop at this
point. Finding faults in rolling bearings in the time or
frequency domain can be difficult due to nonlinear factors
such as load, friction, clearance, and stiffness. Because of
this, finding the source of the problem can be challenging.
This is the case because the vibration signals affected by
each nonlinear component are distinct. WPT makes a more
in-depth investigation of time-frequency patterns possible
[16, 17].

This paper proposes a new intelligent navigational
controller for solving navigation problems for mobile
robots in a completely or partially unknown environment.
A new MANFIS (Fig. 1) (Multiple Adaptive Neuro-Fuzzy
Inference System) motion controller has been developed to
solve the optimization problem. Finally, Python simulation
results are presented to verify the effectiveness of the
proposed path planner in various scenarios populated by
stationary obstacles.

3 PROPOSED SYSTEM

The proposed system uses a hybrid model called the
fuzzy inference system, which uses the Mamdani Fuzzy
Inference System (MFIS) and Sugeno Fuzzy Inference
System (SFIS). Then the Adaptive Deep Belief Networks
(ADBN) [18] are used for identifying and tracing the
direction-finding ability of the IMR. Totally four input
parameters and four output parameters are used to obtain
the correct traceability. The inputs used here are to locate
the directions corresponding to Front View (FV), Left
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View (LV), Right View (RV), and Back View (BV), and
the output might depend on the direction of wheels
sensitivity used in the IMR and is used for the navigation-
related purpose. Right turn (RT), Left Turn (LT), Moving
Forward (MF), and Moving Backward (MB) are the four
directions specifically indicating the wheel direction. The
central part of the IMR consists of various sensors and
actuators in addition to the controller. The controller
system is made with two parts, the logic controller and the
module controller. Then for processing the information
Edge computing is used to get the data from the cloud. The
architecture representing the basic IMR is shown in Fig. 1.
The movement control of the IMR is done by
performing the kinematic analysis. The various wheel
directions will be responsible for the analysis. The analysis
is done by considering the wheel position in a two-
dimensional plane, and a couple of methods are used for
analyzing the wheel's kinematics, which is the position
using polar coordinates or cartesian coordinates. We know
that mobile robots might not move by slipping on a two-
dimensional plane as accurate contact exists between the
wheel and the ground, eliminating the lateral slip between
the wheel and the two-dimensional plane. Usually, the
researchers use cartesian coordinates for modeling.

Logic Controller ] { Module Controller }

Controllers

Sensors ] [ Actuators ]

Data Analytics

Regional Data Cloud Data
centre centre

Figure 1 Architecture of the intelligent mobile robot

Edge

[ Intelligent Moving Robots (IMR) Computing

The basic Robot uses two wheels which are fixed along
with one caster wheel, which is driven in a different
manner experienced by the steer motion. The driving
wheels are driven separately with the help of two various
motors for achieving differentiated motion and wheel
orientation. The wheels used might have the same diameter
as the fixed radius. The distance between the wheels used
for driving might get separated by a distance L. The two-
dimensional plane indicates the Robot's position
considering the coordinates used in cartesian. This is
illustrated with the help of the proposed architecture as
shown in Fig. 2.

Front View (FV) Righttun (RT)

Back View(BV) Left Turn(LT)

Moving Forward(MEF)

Right View(RV)

Left View(LV), Moving Backward (MB)

Figure 2 Architecture of the proposed MSFIS-ADBN system

MSFIS (Mamdani-Sugeno Fuzzy Inference System)
The hybrid fuzzy inference system used in this system
consists of a neuro fuzzy structure containing Mamdani

Fuzzy Inference System (MFIS) [19] and Sugeno Fuzzy
Inference System (SFIS) [20]. The two FIS systems are
used here in our proposed model for mapping the input and
the output data along with the combination of ADBN. This
might help compute the membership functions dedicated
for FIS. The learning methods used here are ensemble
learning methods with backpropagation algorithms, and
the various hybrid parameters are represented for
indicating the fuzzy membership functions solely. Various
learning and Backpropagation methods are used to predict
the wheel's velocity in RT, LT, MF, and MB directions for
Intelligent mobile robots. The output parameters represent
the speed of the wheel. The corresponding parameter
representation for input and output is mentioned in Tab. 1.

Table 1 Input and output parameter representation

Sl. No. Parameters Assumptions

Input Near | Medium Far

1 Front View (FV) o<y B, I

2 Left View (LV) <, B, T,

3 Right View (RV) 5 B; T

4 Back View (BV) oKy B, T,

Output

1 Right turn (RT) R

2 Left Turn (LT) L

3 Moving Forward (MF) F

4 Moving Backward (MB) B

Considering the above parameters from Tab. 1, the
MSFIS (Mamdani-Sugeno Fuzzy Inference System) uses
if-then rules and is defined as follows.

Rule:

IF (eq is FViand o6 is LV;and oG is RV;, and o4 is BV))

THEN
Wheel Velocity (V)= Roq+ Lo+ Fog+ Bog €))

Each of the sets R, L, F, and B might be considered as
the Fuzzy Membership Sets representing the input
variables o, o, ,o¢3, and &4 where i = 1, 2, 3, and 4,
whereas R, L, F, and B are the output parameters
considered, the linear combination of the input function
and ADBN.

The major functions of the MSFIS structure are
expressed in the form of mathematical expression as
follows.

For Right Turn,
n
Yi =
i=1
4 4 s 4 @
2R, (x)+ 2 PR, (x)+ X IR, (x)+ > HR, (x)
a=1 a=1 a=1 a=1
For Left Turn,
n
$u.-
" (3)
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For Move Forward,

3% -

—

\ ()

]
L
]
I
]
L
]
L

; . ; )
;Bj (x)+ ZIPBJ (x)+ ;WBn (x)+ ;HBm (x)

The various sensors are used to determine the values
of all possible directions while specifying the obstacles and
the targets. The layer used is the fuzzy layer which includes
fuzzification and defuzzification process. The nodes used
here in this process might correspond to the calculation
scenario of the membership functions typically indicated in
fuzzy set. The four inputs produce four corresponding
outputs and are represented as there in Egs. (2), (3), (4) and
(5).

For linear consideration of the input and the output, the
combination of M-S Fuzzy inference system is
implemented, but with certain difficulties in dealing with
the multi-parameters. For better evaluation of the input and
the output values with certain fuzzy rules commonly the
Mamdani model is used as it shows some variation in
understandability and legibility. The combination of the
sum and the products will be responsible for the following
mathematical expression. At least the output value is
obtained using the centralized fuzzification and the
defuzzification process, which is made equal to the average
value of the centroids represented as,

¥ (5)=(0(f)xa)+(Y(£)xB) (6)

Here, the Q(f;)and Y(f;) are considered as the

weighted parameters by implementing the fuzzy
expression W(/;). Then the corresponding MS of fi is

expressed as

Zys = ) +R(x) ™)

Adaptive Deep Belief Networks (ADBN)

The adaptive deep belief networks used here are to
optimize the IMR flow. Commonly ADBN are used for
initiated unsupervised learning. The robotic moves are
unpredictable; thus, unsupervised learning is used here.
ADBN have the property of adapting the generated
changes that occur in the input data in correspondence with
the output data. The architecture of the ADBN consists of
various layers of neurons, and the corresponding layer
contains separate functions indicated within the range. The

initial layer is mentioned as the visible layer, and those
layers may deal with the generated input data. The rest of
the layers are considered hidden layers, and the final layer
is called the output layer.

The hidden layers consist of different sub-layers of
MSFIS and ADBN. Here the Fuzzification and
defuzzification layers are hidden as they can deal with the
data hierarchically. The fine-tuning in MSFIS
implementation makes the ADBN to understand the
identified new features and data patterns for making it
more robust and accurate. The restricted Boltzmann
machine is a technique used by ADBN for reducing the
dimensionality of the data. ADBN could be used for
dealing with high-dimensional data. It is considered a
generative model that could represent high- and low-
dimensional data. Layers of neurons that each carry out a
specific function make up ADBNs. The first layer,
sometimes referred to as the visible layer, is where the
input data are located. Hidden layers, which make up the
remaining tiers, hierarchically handle data. The
architecture of ADBN is designed to inhibit changes in the
data. Pre-training along with fine-tuning are the two phases
of ADBN training. Before training, the network's weights
are randomly initialized, and limited Boltzmann machines
are used to train the network (RBMs). RBMs are generative
models that discover a lower-dimensional space in which
to represent data. The network can learn crucial data
features and patterns during the pre-training phase. The
algorithm representing the working of ADBN in the
Navigation control of IMR is shown in the following
algorithm.

Algorithm 1:

Step 1: Collect the data from sensors on the Robot, such as
cameras or LIDARS cans.

Step 2: Pre-process the data to extract Needed features,
such as edges in camera images or obstacles in
LIDARSscans.

Step 3: Split the data into training and Testing sets.

Step 4: Initialize the neural network with a set of input and
output layers, and a set of hidden layers with random
weights.

Step 5: Train the neural network on the training data using
various optimization algorithms.

Step 6: Evaluate the neural network's performance on the
validation set.

Step 7: If the validation loss has not improved for a certain
number of epochs, increase the complexity of the neural
network by adding more hidden layers, increasing the
number of neurons in each hidden layer, or using more
complex activation functions.

Step 8: Repeat steps 5-7 until the validation loss has
converged or the desired level of performance has been
achieved.

Step 9: Deploy the trained neural network on the Robot to
make navigation decisions based on the sensor data.

This algorithm uses deep neural networks to learn a
mapping between sensor data and robot navigation
decisions. By adjusting the complexity of the neural
network based on the validation loss, the algorithm can
adapt the model to the complexity of the task and improve
its performance over time. The trained neural network can
then be deployed on the Robot to make navigation
decisions in real time based on the sensor data it receives.
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Back propagation is the method used for training the
network at the fine-tuning stage. Normally the
backpropagation is a supervised learning technique that
might be used to adjust the network weights to minimize
the variation between the actual and the predicted result.
The stages used for the fine tuning might allow the
available network to inhibit the various changes that are
needed to process the input data to make it more optimized.
This could be mathematically expressed as shown in Eq.

(8).

éR,uxi = ;i(P(wlxi)+Q(wix[))+f(xi) ()
S (R) = éR(a)+§R(ﬂ)+éR(7)ﬂ(Ll)=

Y L(a)+ L(B)+ L) fi (F) =

an=1 ,le 7=nl ©)
;F(a)+ﬁZ:=IF(ﬂ)+§F(7/)fk (B)-
Zi:lB(a)+§B(ﬂ)+Z:B(7)

This shows that there is a threshold value available in
representing each individual neuron's availability at which
the excitation level might depend upon the value, which is
fixed as the threshold value. Mathematically it is expressed
as,

For the /-th neuron,

T()=%X_(n :O:l)(R(n)xL(n))+

+3_(k=0:1)(F(k)+B(k)) (10)

Different activation functions represent the threshold
functions in hold up with the nonlinear functions. The
network structure distinguishes recursive networks with
feedback and unidirectional networks. Whether a network
is single-layer or multilayer depends on its architecture. In
light of the findings, this technique enables ADBNs to
learn to predict output signals based on the succession of
input signals and the output signals that correlate to those
input signals. To reduce the inaccuracy predicted in the
artificial neural networks, the algorithms which are used
for learning might choose the weights and the limited
threshold values for representing each neuron. The error
surface which is found in the neural network might be
working in a nonlinear task showing its efficiency in
complex design. Modifying the threshold values and the
initial weights, which are selected randomly, might be
required to select the global minimum.

4 RESULTS AND DISCUSSIONS

The directions and the conditions pointed out by the
IMR were simulated on PC using Python version 3.10.5.
Generally, the cartesian coordinates are used for simulation
purposes. Here the coordinates of the directions and the

unified coordinates of the obstacles (both static and
dynamic) are controlled by the MSFIS controller. For
understanding the position of the coordinates specified to
the individual robots, the presently used controller for
navigation might be used for calculating the Robot's
Robot's distances and focusing angles. But the proposed
model uses a navigation controller model that uses two
different reaction behaviors. One of the navigations is for
reaching the target, and another one is for finding and
avoiding obstacles.

Initially, the obstacle is considered too far from the
Robot to reach the target device. Then the Robot is placed
close to the obstacle, and this will vary the velocity of the
moving vehicle to avoid the obstacle, which is available in
the directions corresponding to the IMR. This will make
the Robot initiate various behaviors corresponding to the
reaction and is to activate the IMR between the Robot and
the obstacle. The experiments after the simulation will be
performed by considering the obstacles at various
positions. The proposed navigation controller involves
navigation for finding the various reactive behaviors, as
shown in Fig. 3 and Fig. 4.

IMR Navigation by MSFIS

250
& Aim

150

Directions for IMR ---»
Obstacle ~ -

100 [*
50

-

Starting Point

50 roo 150 200 250

Figure 3 Single robot escaping from the corner end

IMR Navigation by MSFIS

Obstacle

I

e
Starting Paint

T I:—__I I
- -

-

50 100 150 200 250

Figure 4 Navigation of single robot using current analysis

The red color in the simulation graph shows the
direction of movement of the IMR. This could be verified
effectively by setting up the navigation control system
using certain authentication techniques. The real-time
experiments are conducted using the designed robots as
shown in Fig. 5.

The IMR uses 15 infrared sensors and ten ultrasonic
sensors placed in the front and back regions of the mobile
robot. This could sense the obstacles in the front, back, and
side regions. The motion plan of the IMR when using the
MSFIS navigation controller will generate very accurate
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direction findings and obstacle findings. Tab. 2, given
below, indicates the direction length used by IMR when
searching for targets or obstacles and the error obtained
while searching.

Figure 5 Designed intelligent moving robot

Table 2 IMR path length vs. percentage of error

Sl. No Direction | Path Length (M) | Percentage of Error
1 Front 1.32 2.12
2 Back 1.12 3.09
3 Left 1.54 2.54
4 Right 1.43 1.96

The variation in the path length is taken for all four
directions front, back, left, and right. Graphically the
variation identified in the determination of error is given in
Fig. 6.

32 r T T T T
1.0
3.0
0.8
§ 2.8
w
S 26 . 06
(]
(=]
£ 24
S . 0.4
e
@
o 224
02
2.0 o
0.0
1.8 T T T T T
11 12 13 14 15 1.6

Path Length (M)
Figure 6 Path length vs. percentage of error

The direction length of the intelligent mobile Robot

Tab. 3, given below, indicates the Wheel Velocity used
by IMR when searching for targets or obstacles and the
error obtained while moving.

Table 3 IMR wheel velocity vs. percentage of error

Wheel Veloci Percentage of
S1. No Movement / MpH ty Erro%
1 Right Move 50 3.33
2 Left Move 46 4.23
3 Forward Move 60 3.36
4 Backward Move 40 1.24

The graphical representation shown in Fig. 7 shows
the velocity of the wheel versus the percentage of error
obtained in moving the Robot in various directions in
accordance with the obstacles.

45 : : T T T
L 1.0
4.0 -~
o \ L 0.8
g . -
w
S 3.0 - 0.6
5
o
£ 25
= . L 0.4
e
L
a 204
- 0.2
1.5
L 0.0
1.0 T T T T T
40 45 50 55 60

Wheel Velocity (MpH)

Figure 7 Wheel velocity vs. percentage of error

The MSFIS model is verified by checking the
possibility of obstacle prediction and tracking of paths.
Primarily the MSFIS is implemented to determine the
traffic level of service. Both the training and testing process
involved in this proposed model will be extensively used
for determining the paths and the level of obstacles present
in it.

The implementation of ADBN and MSFIS will resume
with specific errors when taking the mean square value.
Normally the training process will take about 0.23 seconds
and 340 steps for testing as well as the training phase. The
training errors for each training step are described in Fig.

16 T T T T T
- 1.0
14 g W g
12 ﬂ \” ‘hn‘. wpl L 038
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Figure 8 Training steps vs. training errors
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Figure 9 Testing steps vs. testing errors
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For testing phase, the modules taken at the real-time
rather than simulation is taken into consideration and the
errors are more common in the testing phase, as many
calibration-related issues exist.

The robots designed (as shown in Fig. 6) will have all
testing-related components but induce some error for each
operation step as shown in Fig. 9.

Comparison with other Algorithms

The method proposed here in this approach is MSFIS-
ADBN and is used to solve the problems related to the local
minima and navigation control. Compared with the
existing approaches, pathfinding is more accurate and
shorter. The planning of directions mentioned by the robots
which use the wheel is designed using other artificial
neural networks, as shown in Fig. 10.

The intelligent methods implemented for planning and
navigation-related issues in IMR using the MSFIS and
ADBN will join the repelling effect. This will correspond
to the distance of the end target and the obstacles available
nearby. The path is obtained to be much shorter than the
existing one. This is illustrated in Fig. 11. Considering the
existing models for navigation control, the proposed
system finds a better way to reach the destination target,
and it consumes less time and computational costs with
very accurate pointed prediction.

1.0 1

0.8 1

0.6 1

0.4

0.2 1

0.0

0.0 0.2 0.4 0.6 0.8 1.0
Figure 10 Direction planning of IMR using state of art methods (ANN)
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Figure 11 Direction planning and obstacle identification using MSFIS_ADBN

5 CONCLUSION

In this work, an adaptive navigation controller was
designed to point in the shortest direction and find
obstacles. Here MSFIS (Mamdani-Sugeno Fuzzy
Inference System) is proposed along with Adaptive Deep
Belief Networks (ADBN) for identifying and tracing the
direction finding (DF) capability of the IMR. Four
directions are used at the output for navigation purposes.
The MSFIS uses parameters in the range 4:4 (4 Input
parameters and 4 Output Parameters). The inputs used are
Front View (FV), Left View (LV), Right View (RV), and
Back View (BV), and the output might depend on the speed
of the wheels used in the Robot. The experimentation
results made by simulation prove that the proposed
navigational controller provides better feasibility,
effectiveness, and robustness results. Compared with the
existing system, which is designed using other ANN
algorithms, the proposed system outperforms well in the
form of accuracy and sensitivity, proving it is well efficient
in navigating any new environment. In future, advanced
algorithms may be employed for the optimization process
and for routing the output based on the 4 inputs.
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