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ABSTRACT

In this study, I address the locomotive-robot dilemma in movement task sequences. Our method combines
geometric motion planning and locomotion prediction using quaternions and deep learning architecture. This is
comparable to human motion prediction. I begin by developing a collision-avoidance-based motion planning
method. Then, using transformer deep learning, I anticipate robot locomotion. I used simulation to demonstrate
my findings.
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I.  INTRODUCTION

In robotics, motion planning refers to the act of breaking down the desired movement job into discrete motions
that satisfy movement limitations and may maximize some component of the movement. Consider a mobile
robot moving within a building to a distant waypoint. It must complete this mission while avoiding walls and
avoiding falling downstairs. A motion planning algorithm would take these tasks as input and generate the
speed and turning commands that would be issued to the robot's wheels. Motion planning methods could be
used for robots with more joints (e.g., industrial robots), more sophisticated jobs (e.g., object manipulation),
various limitations (e.g, a car that can only go forward), and uncertainty. Understanding and forecasting robot
motion are critical for assisting people and robots in interacting with their surroundings. Future robot
locomotion prediction is an innate ability for locomotive robots to engage with other people, such as navigating
crowds, defending against offensive opponents in a game, or shaking hands with others. Furthermore,
intelligent machines must respond to robot behaviors, coordinate their positions, and project pathways during
human encounters. In the field of robotics, motion planning and motion prediction are considered two separate
problems. In this paper, I propose a unified approach that considers these two problems and simultaneously
performs motion prediction and planning.

II. LITERATURE REVIEW

Due to the growth and acceptance of deep learning and inverse reinforcement learning, which perform better
when dealing with non-linear and complex situations, research into motion planning is currently booming. As a
result, many universities, businesses, and research organizations throughout the globe place a high priority on
creating novel motion planning techniques by implementing DL algorithms or combining conventional motion
planning algorithms with cutting-edge machine learning (ML) algorithms [1-16]. Autonomous vehicles are one
example. Alphabet, one of the major tech firms, unveiled its self-driving vehicle called Waymo. Tesla promises
to produce a completely autonomous vehicle. Baidu's self-driving cars have been tested successfully on
highways close to Beijing, while Huawei's manually operated buses have already been replaced by automated
buses in a few select Shenzhen neighborhoods. Other traditional automakers like Toyota and Audi also have
their own autonomous vehicle testing fleets. Among research universities and institutions, MIT, Oxford
University, and Carnegie Mellon's Navlab are the top three. Russia, France, Belgium, and the United Kingdom
are among the Euro giants that plan to run autonomous car transportation systems by the year 2022. There is
autonomous car legislation in place in many American states. Because of this, it is anticipated that autonomous
vehicles will become more prevalent over time. Recently, Boston Dynamics created humanoid robots and
locomotive robots like Spot.

www.irjmets.com @International Research Journal of Modernization in Engineering, Technology and Science
[1918]



TRJ ETS

e-ISSN: 2582-5208

International Research Journal of Modernization in Engineering Technology and Science
( Peer-Reviewed, Open Access, Fully Refereed International Journal )
VVolume:04/lIssue:11/November-2022 Impact Factor- 6.752 WwWw.irjmets.com

III. METHOD AND EXPERIMENT

Our method has two main steps. First, I perform motion prediction based on neural network-based motion
planning. I compared three deep learning models LSTS, GRU, and Transformer. I trained the networks with
simulated data where inputs are position (3x1 vector) and orientation (1x4 quaternions). The network predicts
the next step's position and orientation based on the environment's geometric information. If this is done for
manipulators, robot geometry needs to take into account. In Figure 1, I presented the motion prediction
scheme. The location of the robot is obtained from GPS. The orientation data is obtained from the in-body IMU
sensors. This data is then fed into the deep neural network to predict the position and orientation of the next

step.
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Figure 1: Next Step Prediction Based on Deep Learning Models.
Second, I perform path planning / local collision avoidance. Once I predict the position and orientation of the
robot for the immediate step, I check if there is a collision present or not. I compare A-star, Dijkstra, and Trace
path planning algorithms [30].

Figure 2: Path Planning of Locomotive/Mobile Robots
In Figure 2, I demonstrated the path-planning scheme. The blue circle indicates the starting location, and the
green circle indicates the end location. The gray rectangle represents the obstacle. The red dotted line indicates
the robot’s path. In an obstacle falls into the robot’s path, it uses path planning algorithms to find the collision-
free path.

IV. RESULTS AND DISCUSSION
Next Step Prediction:

I compared the performance of 3 Networks LSTM, GRU, and Transformer. In table 1, I presented the
hyperparameters.
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Table 1. Hyperparameters of Deep Learning Models
SN. | Hyperparameters Value
1 Epochs 20
2 Learning Rate 0.01
3 Step Size 0.01
4 Total Nodes 3200

The results show that the Transformer model performs best, then LSTM and then GRU. In Figure 3, I presented
the mean error vs. epoch graph for all three models. Which indicates the performance.
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Figure 3: Performance of the Deep Learning Models

I then evaluated three path-planning algorithms. I used a java-script-based simulation platform as presented in
reference [30]. I used the same obstacle for all three algorithms. My result shows that the trace algorithm
performs better among all three. In Figure 4, the simulation result is presented.

(a) (b) (c)

Figure 4: Performance of Path Planning Algorithms. a) A-Star Algorithm, b) Dijkstra Algorithm

c) Trace Algorithm
In Figure 4, the yellow line is the path, and the green and red squares are the start and end locations. The grey
squares are the obstacle. Noticeably all environment has the same obstacle. I used Euclidean distance to
compute the final path. From the simulation result, the Dijkstra algorithm search around more space; hence it
takes more time to compute the final path. Where Trace has lesser green and blue squares, which means it
searches only a few nodes. Thus, it has the lowest computation time.

V. CONCLUSION

In this paper, | demonstrated how a mobile or locomotive robot can simultaneously use deep learning and path
planning algorithms to predict its next step and avoid a collision. For training, the deep learning model, Intel
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Core I 7, 550 SSD, and NVIDIA GeForce 2GB graphics card were used. I used algorithm simulation for path
planning. In the future, I intend to use this algorithm in real robots.

VI. REFERENCES

[1] M. Toussaint, “Logic-geometric programming: An optimization-based approach to combined task and
motion planning.” in IJCAI, 2015.

[2] P. Kratzer et al., “Mogaze: A dataset of full-body motions that includes workspace geometry and eye-
gaze,” IEEE Robotics and Automation Letters, vol. 6, no. 2, 2020.

[3] A. Bauer, D. Wollherr, and M. Buss, “Human-robot collaboration: a survey,” International Journal of
Humanoid Robotics, vol. 5, no. 01, 2008.

[4] T. Kruse, A. K. Pandey, R. Alami, and A. Kirsch, “Human-aware robot navigation: A survey,” Robotics and

Autonomous Systems, vol. 61, no. 12, 2013.
[5] B. D. Ziebart, N. Ratliff, and et. al, “Planning-based prediction for pedestrians,” in IEEE/RS]
International Conference on Intelligent Robots and Systems, 2009.

[6] J. Mainprice and D. Berenson, “Human-robot collaborative manipulation planning using early
prediction of others,” in IEEE/RS] Int. Conf. on Intel. Robots And Systems (IROS), 2013.

[7] A. Rudenko et al,, “others trajectory prediction: A survey,” The Int. Journal of Robotics Research, 2019.
Ganesh Kumar and P.Vasanth Sena, “Novel Artificial Neural Networks and Logistic Approach for
Detecting Credit Card Deceit,” International Journal of Computer Science and Network Security, Vol. 15,
issue 9, Sep. 2015, pp. 222-234

[8] L. E. Kavraki, P. Svestka, ].-C. Latombe, and M. H. Overmars, “Probabilistic roadmaps for path planning
in high-dimensional configuration spaces,” IEEE transactions on Robotics and Automation, vol. 12, no.
4, pp. 566-580, 1996.

9] S. M. LaValle and ]. J. Kuffner Jr, “Randomized kinodynamic planning,” International journal of robotics
research, vol. 20, no. 5, pp. 378-400, 2001.

[10] D. Berenson, S. S. Srinivasa, D. Ferguson, and ]. ]. Kuffner, “Manipulation planning on constraint
manifolds,” in 2009 IEEE International Conference on Robotics and Automation, May 2009, pp. 625-
632.

[11] D. Berenson, S. Srinivasa, and ]. Kuffner, “Task space regions: A framework for pose-constrained
manipulation planning,” The International Journal of Robotics Research, vol. 30, no. 12, pp. 1435-1460,
2011.

[12] L. Jaillet and ]J. M. Porta, “Path planning under kinematic constraints by rapidly exploring manifolds,”
IEEE Transactions on Robotics, vol. 29, no. 1, pp. 105-117, Feb 2013.

[13] A. Sarker, A. Sinha and N. Chakraborty, "On Screw Linear Interpolation for Point-to-Point Path
Planning,” 2020 IEEE/RS] International Conference on Intelligent Robots and Systems (IROS), 2020, pp.
9480-9487, doi: 10.1109/1R0S45743.2020.9341651.

[14] Sinha A., Sarker A., Chakraborty N. (2021). “Task Space Planning with Complementarity Constraint-
Based Obstacle Avoidance,” in International Design Engineering Technical Conferences and Computers
and Information in Engineering Conference. Vol. Volume 8B: 45th Mechanisms and Robotics
Conference (MR) (ASME; ). 10.1115/detc2021-72009

[15] A. Sarker, “Geometric motion planning in task space using complementarity constraints to avoid
collisions.” Master’s thesis, Stony Brook University, 2018.

[16] Slade, P.; Habib, A.; Hicks, ]J.L.; Delp, S.L. An Open-Source and Wearable System for Measuring 3D
Human Motion in Real-Time. IEEE Trans. Biomed. Eng. 2022, 69, 678-688.

[17] Choo, C.Z.Y.; Chow, ].Y.; Komar, ]. Validation of the Perception Neuron system for full-body motion
capture. PLoS ONE 2022,17,e0262730.

[18] Vega-Gonzalez, A.; Bain, B.J.; Dall, P.M.; Granat, M.H. Continuous monitoring of upper-limb activity in a
free-living environment: A validation study. Med. Biol. Eng. Comput. 2007, 45, 947-956.

[19] Ambar, R.B.; Poad, H.B.M,; Ali, A.M.B.M.; Ahmad, M.S.B.; Jamil, M.M.B.A. Multi-sensor arm rehabilitation
monitoring device.

www.irjmets.com @International Research Journal of Modernization in Engineering, Technology and Science
[1921]



TRJ ETS

e-ISSN: 2582-5208

International Research Journal of Modernization in Engineering Technology and Science

( Peer-Reviewed, Open Access, Fully Refereed International Journal )

Volume:04/Issue:11/November-2022 Impact Factor- 6.752 Www.irjmets.com

[20]

Stenum, J.; Cherry-Allen, K.M.; Pyles, C.0.; Reetzke, R.D.; Vignos, M.F.; Roemmich, R.T. Applications of
pose estimation in human health and performance across the lifespan. Sensors 2021, 21, 7315.

[21] Milosevic, B.; Leardini, A.; Farella, E. Kinect and wearable inertial sensors for motor rehabilitation
programs at home: State of the art and an experimental comparison. BioMed. Eng. Online 2020, 19, 25.

[22] Duff, M.; Attygalle, S.; He, ].; Rikakis, T. A portable, low-cost assessment dice for reaching times. In
Proceedings of the 2008

[23] 30th Annual International Conference of the IEEE Engineering in Medicine and Biology Society,
Vancouver, BC, Canada, 20-25 August 2008; pp. 4150-4153.

[24] A. Sarker, D.-R. Emenonye, A. Kelliher, T. Rikakis, R. M. Buehrer, and A. T. Asbeck, “Capturing upper
body kinematics and localization with low-cost sensors for rehabilitation applications,” Sensors, vol.
22,n0.6,2022.

[25] Paszke, A.; Gross, S.; Massa, F.; Lerer, A.; Bradbury, J.; Chanan, G.; Killeen, T.; Lin, Z.; Gimelshein, N.;
Antiga, L.; et al. PyTorch: An imperative style, high-performance deep learning library. In Proceedings
of the Advances in Neural Information Processing Systems, Vancouver, BC, Canada, 8-14 December
2019; pp. 8024-8035.

[26] Markley, L.; Cheng, Y.; Crassidis, J.; Oshman, Y. Averaging Quaternions. ]. Guid. Control Dyn. 2007, 30,
1193-1196.

[27] Yin, K; Pai, D.K. Footsee: An interactive animation system. In Proceedings of the 2003 ACM
SIGGRAPH/Eurographics Symposium on Computer Animation, San Diego, CA, USA, 26-27 July 2003;
pp. 329-338.

[28] Fang, S.H.; Lin, T.N. Indoor location system based on discriminant-adaptive neural network in IEEE
802.11 environments. IEEE Trans. Neural Netw. 2008, 19, 1973-1978.

[29] Loper, M.; Mahmood, N.; Romero, ]J.; Pons-Moll, G.; Black, M.]. SMPL: A skinned multi-person linear
model. ACM Trans. Graph. (TOG) 2015, 34, 248.]

[30] https://qiao.github.io/PathFinding.js/visual/

www.irjmets.com @International Research Journal of Modernization in Engineering, Technology and Science

[1922]


https://qiao.github.io/PathFinding.js/visual/

