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Abstract

Path-planning of an industrial robot is an important task to reduce the overall operation time.
In industrial tasks, path planning is executed with lead-through programming, where in most cases
the robot faces singulated object configurations. Cluttered environments demand path-planning
algorithms, which are sensor driven, rather than pre-programmed. Path-planning algorithms, like
RRT, and RRT* and their variants have inherent problems like the duration of a search and the
creation of several node samples which may lead to longer path lengths. Back Propagation-Rapidly
exploring Random Tree* (BP-RRT*) algorithm was a leap forward when an obstacle is enveloped
with a sphere. Due to the spherical envelope of the obstacle, this method evaluates the connection
between the path and obstacle in space with a spherical envelope using the triangular function and
identifies the non-collision path in 3D space. This predicts the best non-collision path in the 3D
workspace. The current state-of-the-art of BP-RRT* is limited to single-arm robots. A collaborative
dual-arm robot faces more problems in path planning than a single-arm robot like inter-collision
of manipulator arms apart from avoiding obstacles. A Modified BP-RRT* algorithm is proposed
for the dual-arm collaborative robot has a pre-stage partition of grids that makes the computation
faster, efficient, and collision-free compared to the traditional path planning algorithms namely
RRT, RRT*, Improved RRT* and BP-RRT*. The algorithm is implemented in simulation as well
as in physical implementation for ABB YuMi dual-arm collaborative robot and the typical length
of the path of the proposed modified BP-RRT* method has reduced by 53.8% from the traditional
RRT method, 6.95% from the RRT* method, 7.77% from improved RRT* method and 6.83% from
the BP-RRT* method. Also, the average time to grasp has reduced by 17.84%, the typical duration
for search has decreased by 33.45%, the number of node samples created has reduced by 14.79%
from BP-RRT* algorithm.

Keywords: Path planning, Dual-arm collaborative robot, Modified BP-RRT* algorithm.
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1 Introduction

1.1 Background

In this ever-evolving era of science, the application of manipulator robotics is growing past the
known environments and known objects and their geometry. In singulated object configurations,
only a single object is placed in the scene where path planning is limited to calculating the inverse
kinematics of the manipulator. Robots developed for a singulated object configuration come with the
disadvantage of maintaining the workspace clutter-free [7]. But in real-time use cases, the workspace
may have more than one object to handle as well as obstacles to avoid. The user would differentiate
the object of interest as well as objects of disinterest. The objects of disinterest are termed obstacles.
Based on the geometry of the objects of interest [3], they can be grasped by a single arm or both
arms. When both arms are engaged in collaborative grasping, there is a chance of slow search as
well as grasp. Each arm acts as two different robots hence, resulting in independent computation and
execution without hitting any obstacle and changing the configuration. This is where path-planning
algorithms find their significance.

1.2 Problem description

Single-arm robots are the common robots of interest in path-planning for any object-handling
scenario. The main reason behind this is that those researchers focused on geometrically smaller ob-
jects. Any larger objects which cannot be handled by a single-arm may result in an unsuccessful grasp
[28]. That’s when dual-arm grasping finds its significance. Also, in path-planning many researchers
focused on singulated object configurations [27], where only one object is present in the act without
any obstacle. With no obstacles, there is no need for an obstacle search. Hence, the path planning
of the manipulator is computationally inexpensive and requires a comparatively modular algorithm
to calculate the inverse kinematics of the manipulator in action. However, a structured-clutter envi-
ronment will have challenges in searching the obstacle, avoiding the obstacles and grasping the target
object all in a shorter period. Hence, advanced algorithms are used for path planning to avoid hitting
the obstacles for two main reasons: a) One is to avoid creating unstructured cluttered environment
due to the disturbance of obstacles, and b) To avoid the robot from stopping. Because, if the arm of
the collaborative robot hits any obstacle, the arm would stop moving as a safety strategy.

In a dual-arm collaborative robot, the reason for slow search may be due to the obstacle present
in the extended workspace and inefficient planning in the workspace. The most peculiar challenge in
a dual-arm collaborative robot is its shared workspace. The left arm and right arm share some part
of the workspace. This may lead to accidental collision and the robot may stop its operation. The
mapped workspace of an abb YuMi collaborative robot is shown in Fig 1 (a). The abb YuMi has a
7-axis configuration, reachability of 0.559 m and a position repeatability of 0.02 mm[26]. That’s why
a powerful algorithm finds its significance in the path planning of a dual-arm collaborative robot.

The novel modified BP-RRT* algorithm performs an efficient dual-arm path planning. The al-
gorithm leverages the ambidextrous part-handling ability of the robot to exhibit superiority in path
planning in a structured clutter with obstacles of various sizes and shapes.

Consider a workspace W, where WC R™ with a dimension n, where n € N and n>2. The obstacle
region in the workspace is Wy, CW and the free region where the manipulator has the liberty to
move freely without hitting any obstacle is W ¢,.c., where W .. = Wps, W pree has the set of all state
points in the workspace.

W1 is the workspace of the left arm and W2 is the workspace of the right arm. W1 intersection
W2 is the critical area of shared workspace where inter-arm collision might happen.

The major advantage of a dual-arm collaborative robot is its extended workspace and its higher
manipulability index shown in figure 1 (a) and (b). If a single-arm robot is used, the workspace used
is either W1 or W2. Whereas, when we use a dual-arm robot, the workspace would be W1+W2.

1. When the target object is being placed in W1 € W2 and W2 € W1, and the mass of the target
object is within limits, then the respective arm L or R can be used.

2. Both arms are used under two conditions:
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(a) (b)

Figure 1: (a) Workspace of the simulated YuMi robot (Hippolitus [26]), (b) Zones for higher manipu-
lability index.

(a) When the payload of the target object is over the limit
(b) When the geometry of the object may lead to an unsuccessful grasp

3. If both arms have to be employed based on the geometry and the mass of the object in the
shared workspace (W1 N ' W2), the goal location should also be planned in the shared workspace
area (W1 N W2).

Hence, efficient planning in the workspace with a novel algorithm can improve the speed of search
and grasp in a collaborative dual-arm robot.

1.3 Related works and their analysis

Traditionally path-planning methods are categorized into two: Search-based [24] and sampling-
based [5] planning methods.

Algorithms like A*[6][10][17] and Dijkstras [11][20][25] comes under search-based path planning.
The major disadvantages of search-based path planning are that they are computationally very ex-
pensive and hence their operation process time is very high. Since both of these disadvantages can
reduce the efficiency of the system, sampling-based path-planning methods [13] are opted for.

RRT (Rapidly-expanding Random Trees) [14] is a common algorithm based on sampling-based
path planning. RRT also has a few disadvantages they are very random, very slow in search and
unoptimized path planning. There are multiple adaptations of the RRT algorithm that try to rectify
the disadvantages of the RRT algorithm one after another ultimately to improve the convergence rate
and search potential.

The high randomness of the final paths created by the RRT algorithm [14] has been solved by the
RRT* algorithm [12]. But, RRT* creates a new challenge of a long operation time, which is again
solved using MOD-RRT*[19]. The slow search speed nature of the RRT algorithm is rectified using
an Neural Rapidly exploring Random Tree* (NRRT*) algorithm [22].

Even though NRRT*[22] addresses the challenge of the speed of search being very slack, they are
fundamentally for 2D workspaces. But for a dual-arm robot manipulator path planning, the workspace
is a 3D environment. This research challenge is being addressed in this paper.

BP-RRT*[8] addressed the problem of the high typical duration of a search, a greater number
of node samples created, and longer path length. BP-RRT* overcame all three challenges with a
minimum typical duration of a search, a lesser average amount of sample nodes created and a shorter
path length. They used a stage search in a multi-obstacle search space for a single-arm robot. Also,
the algorithm was implemented in a ROS-Moveit as well as a Baxter robot through ROS.
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1.4 Contribution of this paper

This research seeks to overcome the challenges of high search time, a greater number of node
samples created and a longer path length using a sampling-based algorithm. The BP-RRT* algorithm
[8] has achieved a massive feat in reducing the high search time offered by RRT and a greater number of
node samples created in the RRT* algorithm. It also managed to reduce the path length significantly.
However, the BP-RRT* algorithm focused only on a single-arm robot manipulator path planning.
When a path is planned for a dual-arm collaborative robot, the planning has its challenges to face.
The two arms of the robot act as individual robots. So, the path planning also takes a considerable
amount of time.

When we implement two independent BP-RRT* algorithm for each arm, the shared workspace is
not considered, which provides a massive opportunity as well as challenge for this research. Extended
workspace is the opportunity and optimizing the path planning with faster computation is the chal-
lenge. The extended workspace for the dual-arm robot and zones of higher manipulability index are
shown in figure 1.

The Modified BP-RRT* algorithm divides the workspace into 54 grids [21] before classifying these
grids into regions. This would ease the computation for faster processing. These grids are then sampled
for discretization of obstacles and to determine the sampling probability for reducing unnecessary
sampling nodes. In the end, simulation experiments and physical experimental analysis with an ABB
YuMi dual-arm robot are performed to show the efficiency and robustness of the algorithm.

This work focuses on improving the overall efficiency of path planning in a static environment by
planning a path smartly to process and execute an optimized path in a shorter period.

2 BP RRT*

BP-RRT* algorithm is based on a backpropagation neural network model and RRT* algorithm.
This algorithm works in any multi-obstacle space, where the obstacles are of different geometry, the
sampling space is split to determine the sampling probability of nodes depending upon the density
of the obstacles. So that staged local search can be performed. There are four parameters which
would help in making the algorithm agile for various single arm path planning scenarios which are
sampling space, number of obstacles and their size along with step size. In the BP-RRT* algorithm,
the workspace is split into 27 sampling grids. Due to its agile nature, the algorithm outperformed
other general search algorithms like RRT, RRT*, P-RRT, and N-RRT. However, the major challenge
is when it is implemented in a dual-arm collaborative robot due to reasons mentioned in the previous
sections.

2.1 RRT* algorithm

The root node is indicated by the starting node, X;,i;, in the conventional RRT algorithm [14].
Using the Euclidean distance concerning primary node X,.4,4, which is created by the random function
in the free zone, selects the nearest node X,,¢q from the random tree. The current iteration ends and
the next one begins if there is an obstacle on the path between X,,cq, and X,.4,q. To create a new node
called X, e, the fixed Step Size is expanded by a function new_ state in the line direction connecting
Xnear With X,.qnq. Fig. 1 shows this process of node expansion.

There are two ways that the RRT*[12] method differs from the RRT [14] algorithm. The ideal
parent of an X, isn’t always X,,eqr once it’s been formed. Once the best parent node for the X,,cq
has been identified, we need to figure out if it will be less expensive to go from the X, to the X;p:
and then from the X,,¢,, to the locations surrounding the X,,¢,,. figure 2 shows the overall optimization
procedure.

2.2 Probability-based Improved RRT*

BP-RRT*[8] is proposed as a solution to the sluggish pathfinding, low efficiency in 3D space, and
poor node sampling under multi-obstacle situations concerns of the classic RRT* algorithm.
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Figure 2: RRT algorithm extension diagram

First, 3D spatial obstacle collisions are detected by the algorithm. Subsequently, the node sampling
probability computation is carried out to minimize superfluous sample nodes. To transform the global
search into stage local search, stage local search sampling is finally carried out. This trains the BP
neural network model, forecasts the number of nodes sampled in each stage of local search, directs
the algorithm to the following stage so that the search is automatically completed, and increases
pathfinding efficiency.

2.2.1 Sensing colliding obstacles

The first task in any collision sensing research is to differentiate the objects of interest from the
so-called obstacles which are of no interest to grasp. This research focuses on creating an obstacle ball
envelope to identify the obstacle and further use it in the algorithm to identify the best non-collision
path in the workspace.

Obstacle ball envelope Identifying the obstacles and mapping them is a challenging exercise in
a workspace especially when the obstacles are placed very close to each other. This follows the very
conventional way of hand-picking any unimportant object in any given environment, which is the
workspace in this case, wrapping the obstacle with a ball structure and identifying the centre of
that ball structure O1(x2,y2,22), which is shown in figure 3. The step involves finding the Euclidean
distance from the sampling node P1(x1,y1,z1) to the centre of the ball structure in the given workspace
W and is given by the expression equation 1.

p = \/(332 —21)* + (g2 —y1)” + (22— 21)° (1)

Figure 3: Obstacle sphere envelope with sampling node P1 and Obstacle envelope centre O1 and
radius r

Determination of Non-collision paths in 3D space Now that the proximity of sampled nodes
with the obstacles is found, non-collision paths can be developed in the workspace with the condition
that the distance between the sampled nodes’ P1 and the centroid of the ball O1 is always greater
than r, the radius of the ball structure, which is enveloping the obstacle. This is shown in the figure
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s
4. Trigonometric functions to determine if the created path P; P, coincides with the enveloping sphere
are used to compute the affinity of the path from the obstacle.

2.2.2 Probabilistic node sampling

As the collision-free path is identified, a few more challenges arise which are seen in figure 4. They
are namely: a) Unnecessary sampling nodes, b) inefficient sampling, and c¢) high calculation time. To
overcome these challenges, a two-step process is adopted as seen below. The outcome of this process
finds the sampling probability as they divide the sampling workspace, and discretize distance-weight
function as well as obstacles.

Figure 4: Depiction of RRT* algorithm with new parent node and Reconnect (Chen [4])

Calculation of free volume The sampling nodes created by RRT* are very much random and
the required sampling nodes to derive the final non-collision path are also very high. Also, RRT
algorithms are applied in 2D spaces, but a robotic workspace is a three-dimensional workspace, which
is shown in figure 5. Hence, they become computationally expensive altogether to implement without
any strategy or improvisation. Dividing the workspace into samples as sampling spaces is a good
strategy to organize the workspace for any search-based strategy.

10,

SN

15 20 25

A0 0 5 10

Figure 5: Simulation of obstacle in the configured workspace
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In Raster method [9], a workspace is divided into 27 small sampling spaces (3*3*3). There are
three vertical layers and each layer has 9 sub-layers called divisions, which totals 27 divisions. The
starting location is 1 and the target location is 27. The obstacle can be present in multiple divisions.
Once the obstacle is placed rightly this way, a ConvexHull algorithm [2] function helps in finding the
volume of the obstacle [1].

Once the obstacles are discretized as shown in figure 6, the free volume through which the manip-
ulator can move around can be determined using the expression below.
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Figure 6: Discretization of Obstacle sphere

V}ree = Vfg - oibs (2)

Where, V;me = Free volume V% = Volume of obstacle V= Volume of divided search space

Calculation of distance weight The distance-weight coefficient di is determined based on the

distance from the divided target [8] location and is expressed in equation 2 as a normal distribution.
_(72)

X e \32 3

4421 ®)

As we have determined the distance weight coefficient using equation 3 and free volume , deriving

the node sampling probability weight coefficient k; has become an easy task. As k; is the distance
weight coefficient times the free volume .

Calculation of node sampling probability weight coefficient The node sampling weight co-
efficient is distance weight times the free volume, they can be determined by equation 4

k= eree x d; (4)

Calculation of node sampling probabilities The configuration space is randomly set with obsta-
cles in a spherical envelope. The radius and centroids of the spherical obstacle envelopes are tabulated
in Table 1.

The node-sampling probability function[8] for every grid can be calculated by the equation 5

ki .
>im1
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Table 1: Obstacle geometry and location

Obstacle envelope Centroid (in cm) | Radius (in cm)
Obstacle envelope 1 | (0,0,0) 1
Obstacle envelope 2 | (5,-5,0) 5
Obstacle envelope 3 | (15,-3,0) 3
Obstacle envelope 4 | (25,10,6) 4

2.2.3 Local search based on NN

Search sampling As per the location of the obstacle, the collective workspace is split into three
regions, left arm region, right arm region and shared workspace region. They are further split into
three stages: stage 1, stage 2 and stage 3. Once the obstacle region is identified, sampling will be
performed from stage 1 to stage 2 to stage 3. The proposed Modified BP-RRT* algorithm will provide
only 18 grids for the local search to sample compared to 27 grids provided by the BP-RRT* algorithm.
This reduction in the local search space[18] will significantly reduce the typical duration of a search
as well as the number of node samples created along with a much shorter path length.

Step 1
vol

U:ll . \ // \ //a‘L Stepl_nodes_number
Neioe T
ik M "‘

N .w‘w. )
e )
ViNa /I l&
‘,,““ ."’“" . ; Step2_nodes_number
/\\ /\\\ Dutput

Input Layer

Figure 7: BP neural network structure diagram

Sampling probability The probability of node sampling for a search space can be calculated by the
equation 5. Based on the divided sample space, the sampling probability for stage 2 can be determined
from equation 6.

i _ S
stage2 —
97 S

Upon satisfaction of the given condition, the process will gear up to stage 3. In stage 3 the sampling
probability can be determined by equation 7.

ifz!  instage2 (6)

;tageii = Zflszzfxl instage3 (7)
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Backpropagation-based stage-wise prediction of the number of sampling nodes In a ran-
dom map, the total number of sampling nodes has to be calculated in each stage, namely stagel
and stage2. In a practical system, the need for arriving at total sampling numbers is critical. An
algorithm based on ANN as shown in figure 7, helped in getting to that number quickly and precisely
using backpropagation[15] so that the number of samples generated could be less effective than RRT*
along with a shorter path length. This is done in a step-by-step manner as follows:

(i) Generating a dataset:

a. Create a random map
b. Run it through the probability-based RRT* algorithm
c. Input:

a) The volume of the space in the regions of Stagel as well as Stage2,
b) Sampling probability of nodes in each space after division, S;

d. Output:

a) Stagel_nodes_number, and
b) Stage2_nodes_number.

(ii) Back Propagation NN:

a. 20 input parameters
b. 20 inner layer dimensions
c. 2 output parameters
d. 2 output layer dimensions

e. The total number of layers including inner and outer layers is 5

(iii) Loss function:

Loss function is a way to assess how effectively your algorithm represents the data in your dataset.
A bigger value will be produced by your loss function if all of your forecasts are incorrect. It will
produce a lower number if they’re quite decent. Mean square error is used as the loss function,
which is mentioned in equation 8. Where, Y; is the accurate value and Y; is the predicted value
with an output layer dimension of n.

n

1 .
Mean Square Error = = > (V; — (¥;)? (8)
i=1

2.3 Implementation of the modified BP-RRT* algorithm
The steps for implementation of the modified BP-RRT* algorithm are as follows.

Step 1: The start_ point, target_ point, obstacles, step_ size and other parameters are taken as
input

Step 2: The map space which is the workspace is split into 54 small sampling grids. These
small grids are classified into three regions. So, each region will have 18 small sampling grids.
The grid(division) in which the target point is located is identified.

Step 3: The nearest starting point to the target point is identified.
Step 4: In this step, the decision on which arm to be used for the operation will be determined.

Case(i): The target is located in the left arm region if it is in the grid layers 1-6, 19-24,
36-42.
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Case(ii): The target is located in the right arm region if it is in the grid layers 13-18, 31-26,
or 49-54.

Case(iii): The target is in the shared workspace region if it is in the grid layers 7-12, 25-30,
or 43-48.

Step 5: Discretize the obstacle surface in the corresponding grid layers and calculate the obstacle
volume in each sampling space.

Step 6: The sampling probability of the nodes, Si in each divided sampling space is determined.

Step 7: Backpropagation NN data prediction trained model is fed with Si of each space and
Viree in stage 1 as well as stage 2.

Step 8: Calculation of total nodes sampled in each stage

Step 9: Backpropagation NN-based stage step sampling of predicted data. In this step, the
number of sampled nodes from stagel is used as a threshold. The sampling process is given
below

(i) The sampling process starts with finding the nearest node by identifying the nearest
neighbour X,,c. using the Euclidean distance method and a new node would be created
with a step distance X,,cqp.

(ii) For the new X,,¢qr, & collision test has to be conducted. If it fails, a new X,,cqr has to
be identified and the process goes on till it finds a non-colliding node.

(iii) Once a non-colliding node is found, the parent node is reselected and rewired and the
adopted node, n is incremented.

(iv) If n exceeds the number of nodes in Stagel, the first condition will fail and the system
will navigate to Stage2.

(v) Within a uniformly distributed [0,1], a random number [16] is identified to follow the
same sampling process from (i) to (iv)

(vi) If n exceeds the number of nodes in stage2, the condition will fail and the system
navigates to stage 3.

(vii) The same process in (v) is followed for stage3 sampling and the same process would
continue from (i) to (iv) until a goal point is reached to end the process.

Step 10: Based on the predicted data, the optimal path is plotted. This process continues for
any of the three cases in step 4, which is the novelty of our modified algorithm for a dual-arm
collaborative robot.

The algorithm for the process is explained in flowchart in the figure 8 as well as a pseudocode
algorithm below for detailed and precise understanding. The Stage step sampling of predicted data
based on the Backpropagation NN algorithm is shown in figure 9.

3 Experiments and analysis

Experimental validation has been performed using simulation as well as physical experiment anal-
ysis for the proposed modified BP-RRT* algorithm for a dual-arm collaborative robot. The simulation
is performed with initial node coordinates set to [0,0,0] and final node coordinates set to [10,10,10],
the step size is maintained at p = 0.2. The computational requirements for simulation are tabulated
in Table 2.

This study employs an ABB YuMi dual-arm collaborative robot for simulation and physical ex-
periments and primarily focuses on implementing the modified RRT-BP algorithm and compares with
the results of search success rate, typical duration of a search, number of node samples, and path
length
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Algorithm 1 Modified BP-RRT* Algorithm

Inputs: start_ point, target_ point, obstacles, step_ size, and other parameters
Outputs: Optimal path from start_ point to target_ point

1: procedure DIVIDE_WORKSPACE_ INTO__SMALL_ SAMPLING__GRIDS
2 Split workspace into 54 small sampling grids

3 Classify grids into three regions with 18 small grids each

4 Identify the grid containing the target point

5: end procedure

6: procedure IDENTIFY__NEAREST__STARTING__POINT

7 Identify the nearest starting point to the target point

8: end procedure

9: procedure DETERMINE__ARM__SELECTION

10: Decision on which arm to be used for the operation
11: Case(i): Target in the left arm region

12: Case(ii): Target in the right arm region

13: Case(iii): Target in the shared workspace region

14: end procedure

15: procedure DISCRETIZE _OBSTACLE__SURFACE

16: Discretize obstacle surface in the corresponding grid layers

17: Calculate obstacle volume in each sampling space

18: end procedure

19: procedure DETERMINE__SAMPLING__ PROBABILITY

20: Determine sampling probability of nodes S; in each divided sampling space
21: end procedure

22: procedure USE_ BACKPROPAGATION__NN_ FOR_ DATA__ PREDICTION

23: Feed Backpropagation NN with S; of each space and V ... in stages 1 and 2
24: end procedure

25: procedure CALCULATE_ TOTAL__SAMPLED__NODES

26: Calculate total nodes sampled in each stage

27: end procedure

28: procedure BACKPROPAGATION__NN-BASED STAGE__STEP__SAMPLING

29: Initialize n = 0

30: Repeat until a goal point is reached:

31: i. Find nearest node X,cq- using Euclidean distance method

32: ii. Create new node with step distance X,,cq

33: ili. Conduct collision test for X,,ew

34: iv. If collision fails, find new X,,¢q, until non-colliding node is found
35: v. Reselect and rewire parent node, increment adopted node n

36: vi. If n exceeds nodes in Stage 1, navigate to Stage 2

37: vii. Uniformly distributed [0,1], random number [16], repeat (i) to (iv)
38: viii. If n exceeds nodes in Stage 2, navigate to Stage 3

39: ix. Uniformly distributed [0,1], random number [16], repeat (i) to (iv)

40: end procedure

41: procedure PLOT__OPTIMAL_ PATH

42: Based on the predicted data, plot the optimal path
43: end procedure
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Figure 8: Algorithm flowchart

3.1 Simulation experiment analysis

As a modified algorithm was developed, two hundred experiments were performed in every group
with other algorithms like RRT, RRT*, Improved P-RRT*[23], and BP-RRT*. The RRT algorithm

Table 2: Computational requirements

Operating System Ubuntu 18.04 LTS

CPU AMD Architecture, 3.8 GHz
RAM 16 GB RAM

GPU NVIDIA GeForce GTX 1080 Ti

creates more node samples and hence the path length is also very long. Whereas the RRT* has
optimized the number of node samples created and hence, they have a much shorter path length
which is around 33% shorter. But it has increased the typical duration of a search. This problem was
solved by Improved P-RRT*[23] which has a much lesser typical duration of a search and slightly lesser
path length than RRT*. However, the average amount of sample nodes has increased slightly. This
alone could reduce the performance of the algorithm. The Backpropagation-based RRT* overcame
all three challenges with a minimum typical duration of a search, a lesser average amount of sample
nodes created and a shorter path length. But the above parameters can be reduced even more and
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Figure 9: Algorithm flowchart (Extension)

still 100% search success rate can be achieved. The proposed Modified BP-based RRT* for dual arm
has reduced the typical duration of a search, average amount of sample nodes and path length and
still maintains a 100% search success rate.

ABB YuMi is simulated in MATLAB for moving around the obstacle to approach the target_ 1
and moving around the target_ 2. This is shown in figure 11. The movement of the joints are also
plotted from the simulation which is shown in figure 12.

3.2 Comparison test

The modified BP-RRT* algorithm is implemented along with RRT, RRT*, Improved P-RRT* and
BP-RRT* to check the performance of the novel BP-RRT* algorithm over search time, grasp time and
success rate of search. The results of them in the same obstacle environment are tabulated in Table 3.

The average search time to grasp using Modified BP-RRT* has been significantly reduced. This is
because of the region split based on the region-wise search in grids for the presence of obstacles well
before the sampling is introduced in the algorithm. This has also reduced the length of the path. This
is much more evident in figure 13 and figure 14.
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Figure 10: Stage step sampling of predicted data based on the Backpropagation NN algorithm

Table 3: Comparative analysis of algorithm performance

Algorithm Typical Length of | Average search and | Typical duration of | Success Rate
the path grasp time per sec- | a search per second | (search)
ond
RRT 26.01 30.56 12.30 100%
RRT* 18.15 27.96 10.75 100%
Improved P-RRT* 18.29 22.87 6.77 100%
BP-RRT* 18.13 20.85 5.56 100%
Modified BP-RRT* 16.97 17.13 4.34 100%

3.3 Physical experiment

To check the performance of the algorithm practically, the Modified BP-RRT* algorithm is first
simulated in MATLAB 2023a and tested which is shown in the figure 11 and later implemented in the
ABB YuMi robot which is shown in the figure 19. All five algorithms were implemented for twenty
simulation experiments and the results are averaged and tabulated in the table. The results exhibit
the superiority of the Modified

BP-RRT* algorithm over others in simulation as well as physical experiments. The objects were
placed in the workspace along with obstacles. The robot successfully handled the objects as per the
algorithm. Wherein the objects placed on the left were handled by the left arm, the objects placed on
the right were handled by the right arm, and the objects placed in the shared workspace were handled
by either of the arms for a smaller geometry and both arms for larger geometry. The load handling
capacity of the abb YuMi robot used is 0.5 Kg for each arm. Since, the depth camera mounted
above the robot can measure only the geometry, objects of larger geometry are handled by dual-arm
operations only.

Results from the simulation experiments exhibit that the Modified BP-RRT* algorithm surpasses
the performance of other conventional algorithms and improves planning efficiency to a greater extent.
They also proved to be computationally cheaper than the BP-RRT* algorithm as the number of
sampling grids has been reduced to a lower level. Comparative analysis of the average time to grasp
with their respective time to search in percentage for all RRT, RRT*, Improved P-RRT*, BP-RRT*,
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(c) (d)

Figure 11: Simulated ABB YuMi in MATLAB (a) Initial position, (b) Moving around the obstacle to
approach the target_ 1, (c) Moving around the obstacle to approach the target_ 2, (d) Goal position.
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Figure 12: Planned path execution (a) Moving around the obstacle to approach the target_1, (b)
Moving around the obstacle to approach the target_ 2

and Modified BP-RRT* is shown in figure 17. A comparative study to check the performance of the
Modified BP-RRT* algorithm is done and it is shown in figure 15, figure 16, figure 17 and figure 18.
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Figure 13: Comparative analysis of average grasp time — Modified BP-RRT* with RRT, RRT*, Im-
proved P-RRT* and BP-RRT*
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Figure 14: Comparative analysis of average time duration of a search — Modified BP-RRT* with RRT,
RRT*, Improved P-RRT* and BP-RRT*
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Figure 15: Comparative analysis of average time duration of a search in percentage — RRT with
Modified BP-RRT*, RRT*, Improved P-RRT* and BP-RRT*
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Figure 16: Comparative analysis of average time duration of a search in percentage — Modified BP-
RRT* with RRT, RRT*, Improved P-RRT* and BP-RRT*
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Figure 19: Physical experiments with ABB YuMi (a) YuMi operating in the left arm region, (c)-(d)-
(e)-(f) YuMi operating in the shared workspace region, (g)-(h) YuMi operating in the right arm region
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4 Conclusions and future work

In today’s smart manufacturing industries, we look for a dual-arm robot more than a single-arm
robot, as they can work on a bigger workspace and do work independently as well as collaboratively.
When obstacles are present in the workspace, they create a unique challenge in collaborative robots
as the robot should find the shortest path to grasp an object without hitting any obstacle in that
extended workspace. When an algorithm is developed, prospects of its computational efficiency, scala-
bility and easy implementation have to be considered. In search-based algorithms, the computational
requirements are very high. When computational requirements are very high, then its future use cases
in embedded systems and IOT are minimal as standalone systems cannot afford large computational
resources. So, it is necessary to create a robust and foolproof sampling-based algorithm for collabo-
rative robots exclusively. There are many sampling-based algorithms developed for single-arm robots
namely RRT [14], RRT*[12], Improved P-RRT*[23] and BP-RRT*[8]. Among these algorithms, BP-
RRT* showed a greater maturity in the typical duration of a search, average amount of sample nodes
created, path length and average grasp time despite producing a 100The BP-RRT* algorithm divides
the sampling space and determines the sampling probability of every part of the nodes based on the
density of obstacles present in that multi-obstacle 3D space to render a staged local sampling. The
modified BP-RRT* algorithm proposed the division of the extended workspace W into 54 grids and
classified them into 3 namely for the left arm region, right arm region and a shared workspace region.
So, each region will have 18 workspace grid regions. This resulted in much lesser typical duration
of a search, average amount of sample nodes created, path length and average grasp time all with a
100% search success rate. In the initial steps of the algorithm, the obstacle, start point and target
point define which region among the three has the target point as well as obstacles. Hence, only 18
grids are searched and sampled. This further simplified the process as in BP-RRT*, the sampling
has to be performed for 27 workspace grid regions. The average time to grasp, the typical duration
for search, and the number of node samples created have reduced by 17.84%, 33.45% and 14.79%
from BP-RRT* algorithm respectively. Efficient path planning has optimized the robot’s movements,
limiting the number of node samples created, and hence path length, reducing the time required to
search, and grasp. This is crucial for tasks where speed and efficiency are important while avoiding
collisions with obstacles or other objects in their environment. Modified BP-RRT* algorithm has
contributed to achieving high levels of accuracy and precision in the execution of tasks with obstacles
of known geometry as well as unknown geometry which is a must-have feature for a dual-arm collab-
orative robot as they handle more complex tasks and navigate intricate environments faster. These
are the implications of this novel Modified BP-RRT* algorithm. This work can be improvised in the
future remarkably. Especially in dynamic environments [4] where robots are deployed in applications
of sorting damaged products in assembly operations, assembling a specific part in manufacturing op-
erations, general sensor-guided object manipulation in automation industries, applications involving
part presentation through conveying mechanisms etc. The future scope also extends with implement-
ing a multi-modal path planning engineered with a deep-learning-based object localization and grasp
localization not only in a structured clutter environments but also in piled clutter environments [27]
with a low-level feedback mechanism for successful path planning and grasping.
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