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Navigational control strategy of humanoid robots
using average fuzzy-neuro-genetic hybrid technique

Abstract

In this research paper navigational path planning of humanoid robots using developed
average fuzzy-neuro-genetic hybrid technique has been analysed. Inputs to the hybrid
controller are front, front-left and front-right obstacle distances and target location obtained
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from ultrasonic and image sensors of humanoid robot. Three Artificial Intelligence (AI)

controllers such as, fuzzy logic, neural network and genetic algorithms have been used
in parallel for robot navigation control. The outputs from sensors are fed as inputs to the
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hybrid controllers. The average output from the controller in the form of steering angle is

used for robot dynamic movements while avoiding obstacles and reaching targets. A close
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agreement has been observed during comparison of simulation and experimental results.
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Introduction

Several researchers around the world are working on control of
robots in various terrains. During the research Ravanakar et al.! have
discussed about robot navigation. In their paper they have discussed
about various path smoothening method during navigation. McGuire
et al.? have discussed about bug algorithms for indoor robotic
navigation. They have shown their results in simulated environments.

Yang et al.’ have studied double-layer ant colony optimisation
technique for robot navigation. They have used tuning point
optimisation technique along with ant colony optimisation technique
to get a smooth path for the robot. Modular navigation framework
for wheeled mobile robot has been discussed in paper.* This modular
navigation framework has been verified on different robotic
platforms. Xie et al.’ have used stochastic switch for getting better
performance in robot navigation. Fuzzy inference techniques have
been used®’ for addressing robot navigational problems and problems
related to engineering fields. Moreno et al.® have suggested auxiliary
navigation waypoints for more suitable robot trajectory generation.
They have demonstrated the results for robot navigation in simulation
environments.

Chen et al.” have used graph convolution networks for mobile robot
navigation in crowded environments for effective path planning. Liu
et al.’ have analysed a self-improving lifelong learning framework
for robot navigation subjected to different environments. They have
shown the results in experimental modes. Patle et al.!! have used firefly
algorithm for robot navigation. They have compared their results with
other navigation technique. SLAM technology using RGB and depth
images is incorporated in robot navigation and has been described
in the paper.'> The paper describes the integration of the knowledge
graph and semantic descriptor for eliminating the dynamic objects
during navigation and improves the positioning of robots.

Adaptive harmony search algorithm has been used in the robot
navigation and is analysed in the paper.!* The paper has shown
both simulation and experimental results on robot navigation using
harmony search algorithm. Hu et al."* have used deep reinforcement
learning architecture to get the robot navigation instruction from
simulated environment training data. They have also used the
experimental model for navigational purpose. Control of biped robot
using regression controller and navigation of humanoid robot have
been reported in papers.'>7 In these papers navigation control results

of biped robot both in simulation and experimental modes have been
demonstrated.

Kivrak et al.'"® have analysed on socially aware robot path planning.
They have used A* global planner for the robot to avoid local minima
during navigation. Naik et al.'” have used semantic mapping method
for mapping and robot navigation subjected to indoor environments.

In the current paper a new hybrid average Fuzzy-Neuro-Genetic
controller has been analysed for navigation of humanoid robots in
cluttered environments. The novelty of the work is to develop and
analyse the proposed technique. The analysis is given in subsequent
section.

Analysis of hybrid average fuzzy-neuro-genetic
controller

The hybrid controller represented in this paper consists of Fuzzy
logic (Figure 1), Neural Network (Figure 2) and Genetic Algorithm
(Figure 3) techniques. The inputs to the Fuzzy logic technique are
Front Obstacle Distance (FOD), Front-Left Obstacle Distance
(FLOD), Front-Right Obstacle Distance (FROD) and Target Angle
(TA). The output from the fuzzy controller is Steering Angle 1 (SA-
1). Trapezoidal and Triangular membership functions (Fig. 1) are
used as fuzzy membership functions for inputs and output. Very-Low,
Low, Low-Medium, High-Medium, High and Very-High are used as
linguistic terms for the fuzzy input and output members. Several rules
are used to carry out the Fuzzy Inference and to find the SA-1 as per
inputs.

The inputs to the Neural Controller (Figure 2) are Front Obstacle
Distance (FOD), Front-Left Obstacle Distance (FLOD), Front-
Right Obstacle Distance (FROD) and Target Angle (TA). The output
from the Neural Controller is Steering Angle 2 (SA-2). The Back
Propagation Neural Network consists of six layers (Input Layer-IL,
four Hidden Layers- HL1-4 and Output Layer-OL). Several training
patterns are used to train the Neural Controller.

The inputs to the Genetic Control System (Figure 3) are Front
Obstacle Distance (FOD), Front-Left Obstacle Distance (FLOD),
Front-Right Obstacle Distance (FROD) and Target Angle (TA). The
output from the Genetic Controller is Steering Angle 3 (SA-3). The
data pool is consisting of several data sets with possible inputs and
corresponding outputs. The data sets as per the fitness value from
fitness function are used as parents for particular set of inputs. The
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corresponding outputs (SA-3) are found out after crossover and
mutation.

Figure 4 depicts the architecture of average Fuzzy-Neuro-Genetic
hybrid control system. The inputs to fuzzy, neural and genetic
segments are FOD, FLOD, FROD and TA. The outputs from each
segment (SA-1, SA-2 and SA-3) are combined and the average is

ruzy gkl
DL e

Furre izt
FreneLa Ortacs Busnes.

[ XOCCKN |

Copyright:
©2022 Chidananda et al. 23

_— N\

Furmpinpats :"- / EEKEE }- SA-1
Frank-Rigr o ratad e Cratance)

calculated to find out Final Steering Angle.

Fuzzy-Input-1 \

Front Obstacle Distance

Fuzzy-Input-2
Front-Left Obstacle Distance

Fuzzy -Output
A SA-1

Steering Angle ‘
cenmness o LOOOOCKN

Fuzzy-Input-4
Target Angle

=

Figure | Architecture of fuzzy control system.
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Figure 4 Architecture of average fuzzy-neuro-genetic hybrid control system.
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Figure 5 Navigational simulation and experimental result using fuzzy-neuro-
genetic hybrid control system.

Results

Using average Fuzzy-Neuro-Genetic hybrid control system,
simulations and experiments have been carried out using multiple
NAO humanoid robots.” Figure 5 depicts the navigational paths
of humanoid robots from start points to goal points while avoiding
obstacles in simulation and experimental modes. Table 1 shows the
comparison between simulation and experimental results in terms of
path length and time taken for various exercises.
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Experimental results are carried out carefully. During experiments
linkages errors, slippage and hardware lagging have been noticed.
Therefore gaps between simulation and experimental results have been
observed. During comparisons among simulation and experimental
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results, deviations have been found within the limit of 5%. Both
simulation and experimental results are found out by employing the
proposed technique and are in agreement with each other.

Table | Path length and time taken by humanoid robots in various simulation and experimental exercises

Number of Path Length in cm. Path Length incm. Average

Time Taken in Sec Time Taken in Sec Average

Exercise Robot- 1| Robot-2 Deviation In %  Robot-I| Robot-2 Deviation In %
Sim. Exp. Sim. Exp. Sim. Exp. Sim. Exp.

| 141 143 119 122 1.96 5.22 5.33 4.4 4.54 2.64

2 175 178 162 166 2.09 6.48 6.62 6 6.19 2.66

3 310 315 334 339 1.55 11.48 11.74 12.37 12.62 2.14

4 211 214 176 180 1.84 7.8l 7.98 6.51 6.72 2.7

5 437 445 384 392 1.95 16.18 16.58 1422 14.58 25

6 531 541 624 632 1.58 19.66 20.18 23.11 23.56 2.29

7 675 683 538 547 1.42 25 25.43 19.92 20.42 2.11

8 376 382 447 456 1.8 13.92 14.24 16.55 16.97 241

9 253 258 289 294 1.85 9.37 9.63 10.7 10.99 2.74

10 481 487 359 364 1.32 17.81 18.15 13.29 13.54 1.89
Path Length, Total Average Deviation in % 1.73 Time Taken, Total Average Deviation in % 2.4

Conclusion 3. Yang, Hui, Jie Qi, Yongchun Miao, et al. A new robot navigation algorithm

In the current article fuzzy-neuro-genetic hybrid technique has
been developed and has been investigated for navigational analysis
of humanoid robot in complex environments. Ultrasonic and image
sensors are used by the robots to map the environments. Inputs such
as FOD, FLOD, FROD and TA are used in the hybrid controller to find
out the Final Steering Angle. It has been observed that the robots have
successfully avoided the obstacles while reaching targets in unknown
environments. Several Simulation and Experimental results are found
out while carrying out navigational tasks of humanoid robots from
start points to goal points. The deviations between the results are
found out to be within 5%. This method can be used by scientists and
engineers for addressing various engineering problems.

Acknowledgments

None.

Conflicts of interest

The authors declare there are no conflicts of interest.

Funding

None.

References

1. Ravankar Abhijeet, Ankit A Ravankar, Yukinori Kobayashi, et al. Path
smoothing techniques in robot navigation: State-of-the-art, current and
future challenges. Sensors (Basel). 2018;18(9):3170.

2. McGuire, Kimberly N, Guido CHE de Croon, et al. A comparative
study of bug algorithms for robot navigation. Robotics and Autonomous
Systems. 2019;121:103261.

based on a double-layer ant algorithm and trajectory optimization. /EEE
Transactions on Industrial Electronics. 2018;66(11):8557-8566.

4. Huski¢ Goran, Sebastian Buck, Andreas Zell. GeRoNa: generic robot
navigation. Journal of Intelligent & Robotic Systems. 2019;95(2):419—
442,

5. Xie Linhai, Yishu Miao, Sen Wang, et al. Learning with stochastic
guidance for robot navigation. IEEE transactions on neural networks and
learning systems. 2020;32(1):166—-176.

6. Pandey Anish, Nilotpala Bej, Ramanuj Kumar, et al. Type-2 fuzzy
controller (T2FC) based motion planning of differential-drive pioneer P3-
DX wheeled robot in V-REP software platform. In: 4 Journey Towards
Bio-inspired Techniques in Software Engineering, Springer, Cham,
2020:47-57.

7. Sahu Sasmita, Dayal R Parhi. Automatic design of fuzzy MF using
Genetic Algorithm for fault detection in structural elements. In: 2014
Students Conference on Engineering and Systems, IEEE. 2014:1-5.

8. Moreno Francisco-Angel, Javier Monroy, Jose-Raul Ruiz-Sarmiento, et
al. Automatic waypoint generation to improve robot navigation through
narrow spaces. Sensors. 2020;20(1):240.

9. Chen Yuying, Congcong Liu, Bertram E Shi, et al. Robot navigation in
crowds by graph convolutional networks with attention learned from
human gaze. [EEE Robotics and Automation Letters. 2020;5(2):2754—
2761.

10. Liu Bo, Xuesu Xiao, Peter Stone. A lifelong learning approach to mobile
robot navigation. /EEE Robotics and Automation Letters.2021;6(2):1090—
1096.

11. Patle BK, Dayal R Parhi, Jagadeesh A, et al. On firefly algorithm:
optimization and application in mobile robot navigation. World Journal
of Engineering Volume. 2017;14(1):65-76.

12. Fang Baofu, Gaofei Mei, Xiaohui Yuan, et al. Visual SLAM for robot
navigation in healthcare facility. Pattern Recognit. 2021;113:107822.

Citation: Chidananda S, Parhi DR. Navigational control strategy of humanoid robots using average fuzzy-neuro-genetic hybrid technique. Int Rob Auto J.

2022;8(1):22-25. DOI: 10.15406/iratj.2022.08.00239


https://doi.org/10.15406/iratj.2022.08.00239
https://pubmed.ncbi.nlm.nih.gov/30235894/
https://pubmed.ncbi.nlm.nih.gov/30235894/
https://pubmed.ncbi.nlm.nih.gov/30235894/
https://www.sciencedirect.com/science/article/abs/pii/S0921889018306687
https://www.sciencedirect.com/science/article/abs/pii/S0921889018306687
https://www.sciencedirect.com/science/article/abs/pii/S0921889018306687
https://ieeexplore.ieee.org/document/8587122
https://ieeexplore.ieee.org/document/8587122
https://ieeexplore.ieee.org/document/8587122
https://link.springer.com/article/10.1007/s10846-018-0951-0
https://link.springer.com/article/10.1007/s10846-018-0951-0
https://link.springer.com/article/10.1007/s10846-018-0951-0
https://ieeexplore.ieee.org/document/9044614
https://ieeexplore.ieee.org/document/9044614
https://ieeexplore.ieee.org/document/9044614
https://link.springer.com/chapter/10.1007/978-3-030-40928-9_3
https://link.springer.com/chapter/10.1007/978-3-030-40928-9_3
https://link.springer.com/chapter/10.1007/978-3-030-40928-9_3
https://link.springer.com/chapter/10.1007/978-3-030-40928-9_3
https://link.springer.com/chapter/10.1007/978-3-030-40928-9_3
https://ieeexplore.ieee.org/document/6880069
https://ieeexplore.ieee.org/document/6880069
https://ieeexplore.ieee.org/document/6880069
https://www.mdpi.com/1424-8220/20/1/240
https://www.mdpi.com/1424-8220/20/1/240
https://www.mdpi.com/1424-8220/20/1/240
https://arxiv.org/abs/1909.10400
https://arxiv.org/abs/1909.10400
https://arxiv.org/abs/1909.10400
https://arxiv.org/abs/1909.10400
https://ieeexplore.ieee.org/document/9345478
https://ieeexplore.ieee.org/document/9345478
https://ieeexplore.ieee.org/document/9345478
https://www.emerald.com/insight/content/doi/10.1108/WJE-11-2016-0133/full/html
https://www.emerald.com/insight/content/doi/10.1108/WJE-11-2016-0133/full/html
https://www.emerald.com/insight/content/doi/10.1108/WJE-11-2016-0133/full/html
https://pubmed.ncbi.nlm.nih.gov/33495660/
https://pubmed.ncbi.nlm.nih.gov/33495660/

Navigational control strategy of humanoid robots using average fuzzy-neuro-genetic hybrid technique

13.

Kundu Shubhasri, Dayal R Parhi. Navigation of underwater robot based
on dynamically adaptive harmony search algorithm. Memetic Computing.
2016;8(2):125-146.

. Hu Han, Kaicheng Zhang, Aaron Hao Tan, et al. A sim-to-real pipeline for

deep reinforcement learning for autonomous robot navigation in cluttered
rough terrain. /EEE Robotics and Automation Letters. 2021;6(4):6569—
6576.

. Kumar Priyadarshi Biplab, Chinmaya Sahu, Dayal R Parhi. Intelligent

navigation of a self-fabricated biped robot using a regression controller.
Scientia Iranica. 2020;27(1):262-272.

. Kumar Priyadarshi Biplab, Chinmaya Sahu, Dayal R Parhi. A hybridized

regression-adaptive ant colony optimization approach for navigation
of humanoids in a cluttered environment. Applied Soft Computing.
2018;68:565-585.

17.

18.

19.

Copyright:
©2022 Chidananda et al. 23

Kumar Priyadarshi Biplab, Mukesh Sethy, Dayal R Parhi. An intelligent
computer vision integrated regression based navigation approach for
humanoids in a cluttered environment. Multimedia Tools and Applications.
2019;78(9):11463-11486.

Kivrak Hasan, Furkan Cakmak, Hatice Kose, et al. Waypoint based path
planner for socially aware robot navigation. Cluster Computing. 2022:1—
11.

Naik, Lakshadeep, Sebastian Blumenthal, Nico Huebel, et al. Semantic
mapping extension for OpenStreetMap applied to indoor robot navigation.
In: 2019 International Conference on Robotics and Automation (ICRA).
2019:3839-3845.

20. https://www.softbankrobotics.com/emea/en/nao

Citation: Chidananda S, Parhi DR. Navigational control strategy of humanoid robots using average fuzzy-neuro-genetic hybrid technique. Int Rob Auto J.
2022;8(1):22-25. DOI: 10.15406/iratj.2022.08.00239


https://doi.org/10.15406/iratj.2022.08.00239
https://link.springer.com/article/10.1007/s12293-016-0179-0
https://link.springer.com/article/10.1007/s12293-016-0179-0
https://link.springer.com/article/10.1007/s12293-016-0179-0
https://ieeexplore.ieee.org/document/9468918
https://ieeexplore.ieee.org/document/9468918
https://ieeexplore.ieee.org/document/9468918
https://ieeexplore.ieee.org/document/9468918
http://scientiairanica.sharif.edu/article_21129.html
http://scientiairanica.sharif.edu/article_21129.html
http://scientiairanica.sharif.edu/article_21129.html
https://www.sciencedirect.com/science/article/abs/pii/S156849461830214X
https://www.sciencedirect.com/science/article/abs/pii/S156849461830214X
https://www.sciencedirect.com/science/article/abs/pii/S156849461830214X
https://www.sciencedirect.com/science/article/abs/pii/S156849461830214X
https://dl.acm.org/doi/10.1007/s11042-018-6703-0
https://dl.acm.org/doi/10.1007/s11042-018-6703-0
https://dl.acm.org/doi/10.1007/s11042-018-6703-0
https://dl.acm.org/doi/10.1007/s11042-018-6703-0
https://link.springer.com/article/10.1007/s10586-021-03479-x
https://link.springer.com/article/10.1007/s10586-021-03479-x
https://link.springer.com/article/10.1007/s10586-021-03479-x
https://ieeexplore.ieee.org/document/8793641
https://ieeexplore.ieee.org/document/8793641
https://ieeexplore.ieee.org/document/8793641
https://ieeexplore.ieee.org/document/8793641
https://www.softbankrobotics.com/emea/en/nao

	Title
	Abstract
	Keywords
	Introduction
	Analysis of hybrid average fuzzy-neuro-genetic controller 

	Results
	Conclusion
	Acknowledgments
	Conflicts of interest 
	Funding
	References
	Figure 1
	Figure 2
	Figure 3
	Figure 4
	Figure 5
	Table 1

