
University of Wisconsin Milwaukee University of Wisconsin Milwaukee 

UWM Digital Commons UWM Digital Commons 

Mechanical Engineering Faculty Articles Mechanical Engineering 

12-23-2022 

Optimal Base Placement of a 6-DOFs Robot to Cover Essential Optimal Base Placement of a 6-DOFs Robot to Cover Essential 

Activities of Daily Living Activities of Daily Living 

Javier Dario Sanjuan De Caro 

Md. Samiul Haque Sunny 

Elias Jose Muñoz Montenegro 

Helal Uddin Ahmed 

Mohammad Habib Rahman 

Follow this and additional works at: https://dc.uwm.edu/mechengin_facart 

This Article is brought to you for free and open access by UWM Digital Commons. It has been accepted for 
inclusion in Mechanical Engineering Faculty Articles by an authorized administrator of UWM Digital Commons. For 
more information, please contact scholarlycommunicationteam-group@uwm.edu. 

https://dc.uwm.edu/
https://dc.uwm.edu/mechengin_facart
https://dc.uwm.edu/mechengin
https://dc.uwm.edu/mechengin_facart?utm_source=dc.uwm.edu%2Fmechengin_facart%2F15&utm_medium=PDF&utm_campaign=PDFCoverPages
mailto:scholarlycommunicationteam-group@uwm.edu


Received 11 October 2022, accepted 20 December 2022, date of publication 23 December 2022,
date of current version 30 December 2022.

Digital Object Identifier 10.1109/ACCESS.2022.3231990

Optimal Base Placement of a 6-DOFs Robot to
Cover Essential Activities of Daily Living
JAVIER DARIO SANJUAN DE CARO 1,2, MD. SAMIUL HAQUE SUNNY 3,
ELIAS JOSE MUÑOZ MONTENEGRO1, HELAL UDDIN AHMED4,
AND MOHAMMAD H. RAHMAN 1,4, (Senior Member, IEEE)
1Department of Mechanical Engineering, University of Wisconsin–Milwaukee, Milwaukee, WI 53212, USA
2Department of Mechanical Engineering, Universidad del Norte, Barranquilla 081007, Colombia
3Department of Computer Science, University of Wisconsin–Milwaukee, Milwaukee, WI 53212, USA
4Biorobotics Laboratory, University of Wisconsin–Milwaukee, Milwaukee, WI 53212, USA

Corresponding author: Javier Dario Sanjuan De Caro (jdecaro@uninorte.edu.co)

This work was supported in part by the National Institute on Disability, Independent Living, and Rehabilitation Research (NIDILRR) under
Grant 90DPGE0018-01-00; and in part by the NIDILRR Center within the Administration for Community Living (ACL), Department of
Health and Human Services (HHS).

ABSTRACT The number of individuals with upper or lower extremities dysfunction (ULED) has
considerably increased in the past decades resulting in a high economic burden for the families and society.
Individuals with ULEDs require assistive robots to fulfill all their activities of daily living (ADLs). Thus, this
research presents an objective function for base placement optimization of assistive robots to increase the
workspace required to fulfill ADLs (workspace coverage). The workspace coverage was determined using
the xArm 6 robot and experimenting with different ADLs. Also, an object collision algorithm is implemented
to avoid collisions between the robot and the user within the workspace. Moreover, the algorithm determines
the existence of singularities within the workspace by computing the manipulability index. However, since
the manipulability index computation depends on the Jacobian matrix’s eigenvalues yielding incongruences
in the units, we divided the Jacobian matrix into two parts; one for the angular and another for the linear
velocity. Finally, using the objective function with a genetic algorithm (GA), the optimal base placement for
the robot is obtained and validated experimentally.

INDEX TERMS Robot optimization, base placement optimization, inverse kinematics, object collision
application.

NOMENCLATURE
DOF Degree of Freedom
ULED Upper or lower extremities dysfunction
SCI Spinal cord injury
ALS Amyotrophic lateral sclerosis
CVA Cerebral vascular accident
DH Denavit-Hartenberg
HTM Homogeneous transformation matrix
GA Genetic algorithm
MPSO Particle swarm optimization
OBB Oriented bounded box

The associate editor coordinating the review of this manuscript and

approving it for publication was Jingang Jiang .

I. INTRODUCTION
The quality of life of an individual relies on the proper
functioning of their extremities because most of the activities
of daily living (ADL) depend either fully or partially on the
extremities. However, through the decades, the wide variety
of people with Upper or Lower Extremities dysfunction
(ULED) has been growing at an alarming pace. Approxi-
mately 1.7% of the United States population, or 5.35 million
US human beings, dwell with a central nervous system
disorder that yields ULED [1]. The main reasons for
ULED are spinal cord injury (SCI), amyotrophic lateral
sclerosis (ALS), Cerebral Vascular Accident (CVA), trauma,
amputee, and occupational injuries. From those illnesses,
353.000 Americans suffer from SCI (with 17.500 new
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instances each year), and greater than 795.000 US human
beings go through a CVA every year [1]. Estimation indicates
that forty-one million custodians deliver 34 billion hours
of care yearly, resulting in excessive expenses for the
households of people with ULED [2]. Thus, the help of most
people enduring long-time disabilities ends in extreme social
and financial impacts.

Patients with ULED require the use of a wheelchair. Only
in the USA, about 3.6 million people use a wheelchair [2].
The populace of wheelchair customers doubled in the
decade, with an annual growth of 5.9% [2], [3], [4],
[5]. Furthermore, of the population of wheelchair users,
only 10% document that they succeed in performing all
their ADLs [6]. Assistive robots have shown immense
potential to increase the independence of wheelchair users
or individuals with ULED. For example, Obi is a feeding
assistance robot that helps individuals with ULED to eat [7].
Other examples include more capabilities, as is the case
of the JACO arm and the EDAN robot [8], [9], which
are usually attached to the wheelchair and are capable
of feeding and handling diverse objects, increasing the
independence of ULED individuals. Installing a robotic
device in a wheelchair requires a complete identification of
the user’s needs and the specific ADL. However, a method
for the workspace identification of specific ADLs of an
assistive robot is not available. Thus, researchers of assistive
robots use their expertise to decide the proper robot
placement.

The optimal robot placement is of fundamental impor-
tance for securing the maximum functionality in terms of
performance [10], [11]. However, in the case of assistance
robots, this problem is not straightforward because such
robots do not follow a specific trajectory but consider a
workspace for each ADL. For example, just by picking
a mug from a table, the object’s set of orientations and
the table’s different sizes create a whole workspace that
the robot needs to fulfill. Moreover, the robot placement
needs to guarantee no singular configurations within the
workspace, and no collision between the robot and the
user [12].

The subject of robot placement has been of interest to
researchers, resulting in multiple methods to find the optimal
base placement. An approach to maximize the reachability
of robotic manipulators using a cost function that propels
the workspace envelope in terms of surface patches towards
the target points subject to functionality constraints presented
in [13]. Similarly, Janardhanan et al. presented an optimiza-
tion methodology for robot placement that minimizes cycle
time, improving the robot performance [14]. Analogously,
Yang et al. reported a strategy for the optimal placement
for minimum time coordinated motion by considering the
slowest axis and using the steepest-descend algorithm [15].
Complementary papers use multiple performance indices to
find the optimal robot placement, with the most common
strategies using the manipulability index [16], velocity
performance index [17], [18], and a combination of multiple

TABLE 1. DH parameters of the xArm-6 robot.

indices as is the case of Zeghloul and Pamanes-Garcia [19],
Pamenas and Zeghloul [20], and Pamanes et al. [21].
However, none of those methods consider the collisions
of objects as criteria for robot placement. Thus, other
methodologies apply object collision algorithms as presented
by Ur-Rehman et al. [22], Spensieri et al. [23], and
Doan et al. [12]. Nonetheless, the algorithms presented in
those researches suffer from considerable simplifications
that are too conservative, e.g., considering the links as a
sphere [24]. The previous approaches have been used mainly
in industrial applications where the end-effector follows
a predefined trajectory or a path. However, the problem
of object placement for multiple workspaces has not been
addressed to the extent of our knowledge. This article presents
an objective function for finding the optimal placement for
a set of workspaces of a 6-DOFs assistive robot. Each
workspace represents a different ADL, which, when merged,
yields the overall workspace of the assistive robot. The
objective function integrates both collisions and singularity
constraints. One novelty is using an oriented bounding box
(OBB) to represent each robot link instead of spheres. OBB
yields a less conservative illustration of objects in space, as it
has up to six DOFs to describe the shape and orientation of
a link [25]. Similar to the approaches found in the literature,
the objective function uses the determinant of the Jacobian
matrix to find singularities. However, instead of considering
a single Jacobian matrix, we separated the Jacobian matrix to
consider the orientation and position singularities separate.
This approach softens the analysis of some sections of the
workspace because, for some ADLs, the robot requires to
reach a given location with a minimal orientation capability.
The resultant objective function is continuous because we
consider the complete workspace generated by each base
placement. The objective function is optimized using genetic
algorithms (GA) [26], [27], [28], [29] obtaining a workspace
coverage that is almost three times bigger at the initial
position.

This research is organized as follows: section II presents
preliminary considerations to implement the objective func-
tion, i.e., robot kinematics, the definition of the workspace
for each ADL, the singularity algorithm, and the collision
algorithm. Section III presents the objective function and the
optimization algorithm. Then, section IV shows the results
and validation of the optimization. Finally, section V presents
the conclusions.
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FIGURE 1. Wheelchair-mounted xArm-6 robot.

II. PRELIMINARIES
A. ASSISTIVE ROBOT
In this research, the xArm-6 mounted in a wheelchair is
considered to provide ADL assistance to individuals with
ULED. The xArm 6 is a serial robot of 6 DOF with six
revolute joints. The Denavit Hartenberg (DH) parameters
corresponding to the robot configuration shown in Fig. 1b are
presented in Table-1, with the homogeneous transformation
matrix (HTM) [30] derived from the DH parameters is
expressed as follows:

i−1Ti =


1 0 0 ai−i
0 cαi−i − sαi−i 0
0 sαi−i cαi−i 0
0 0 0 1



cθi − sθi 0 0
sθi cθi 0 0
0 0 1 di
0 0 0 1


αi−1 = link twist

ai−1 = link length

θi = joint variable of revolute joint

di = link offset and/or joint variable of prismatic joint

c = cos

s = sin (1)

As shown in Fig. 1a, the base frame O of the robot is
located at the point O, at the mounting plate of the robot.

1) DIRECT KINEMATICS
The HTM yields the position and orientation (pose) of the
end-effector, as given in the following equation:

0T6 =

 0R6 0P6

0 0 0 1

 (2)

where the column vector 0P6 represents the position of
the end-effector, while the rotation matrix 0R6 represents
the orientation of the end-effector. The components of each
sub-matrix are as follows:

0R6=

cθycθz sθysθxcθz − cθxsθz sθxsθz + cθxsθycθz
cθysθz −sθysθxsθz + cθxcθz −sθxcθz + cθxsθysθz
−sθy cθysθx cθycθx


(3)

0P6 =

xy
z

 (4)

where θx is the roll angle, θy is the pitch angle, and θz is the
yaw angle of the Euler angles.

The successive multiplication of the HTM of each joint
yields the pose of the end effector:

0T1 1T2 2T3 3T4 4T5 5T6 = 0T6 (5)

Thus, HTM 0T6 represents the direct kinematics of the end-
effector.

2) INVERSE KINEMATICS
Inverse kinematics is the computation of the joint positions
given the end-effector pose by solving a non-linear set of
transcendental equations. The literature presents multiple
methods to find the inverse kinematic problem, including
algebraic methods [31], [32], geometrical approaches [33],
[34], [35], the Buchberger’s algorithm [36], among others.
Although the analytical methods can theoretically yield a
proper solution for the inverse kinematic problem, in some
cases, the amount of symbolic computation required makes
them infeasible; this is the case of the xArm 6 robot,
which analytical solution is not available. Thus, this
research implements a numerical algorithm for finding the
inverse kinematics based on the modified Powell’s method.
The modified Powell method has advantages over other
numerical methods because it computes the jacobian matrix
numerically using Broyden’s method [37], avoiding singular
solutions [38] or high iterations to converge [39]. However,
Powell’s method does not use box constraints to bound the
inverse kinematics solution; thus, we include an additional
step of joint projections to incorporate joint restrictions.

134538 VOLUME 10, 2022
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Algorithm 1 Joint Projection Algorithm

1: procedure Projection(θ, θ, θ )
2: for i in θ do
3: while θi < θi orθi > θi do
4: if θi < θi then
5: θi← θi − (θi − θi)
6: end if
7: if θi > θi then
8: θi← θi − (θi − θi)
9: end if

10: end while
11: end for
12: return θ
13: end procedure

Let obtain the pose of the robot from equation (5) using a
function f (θ ) = Pose

(
0T6

)
, were:

θ =
[
θ1 θ2 θ3 θ4 θ5 θ6

]
(6)

Then, given the desired goal pose g ∈ R6:

g =
[
θx θy θz x y z

]
(7)

We seek to find the joint angles θ∗ that minimizes the
difference between the goal pose and the end-effector pose:

θ∗ = min
θ

1
2
||g− f (θ )||

= min
θ

G(θ ) (8)

Equation (8) defines the inverse kinematics objective
function G(θ ) with joint limits implemented using box
constraints:

θ∗ = min
θ

G(θ )

θi ≤ θi ≤ θi (9)

The values of θi and θi for each joint are presented in table (2).
Thus, equation (8) is solved numerically using the modified
Powell’s method, using theMINPACK library [40]. However,
Powell’s method does not use box constraints to bound the
inverse kinematics solution; thus, we include an additional
step of joint projections to incorporate joint restrictions. Thus,
the constraints are incorporated using the joint projection
algorithm presented in the algorithm1. The joint projection
algorithm runs at every iteration of Powell’s method until
the solution is within the boundaries of interest. Finally,
algorithm2 presents the algorithm that computes the inverse
kinematics implementing Powell’s method and the projection
algorithm.

B. WORKSPACE FOR EACH ADL
In our customer discovery [5] we conducted 220+ interviews
with elderly individuals living at the assisted living centers,
individuals with upper and/or lower extremities dysfunctions,
educators/researchers working on rehab/assistive robotics,

Algorithm 2 Inverse Kinematics

1: procedure InverseKinematics(g, f , θ , θi, θi)
2: Tol← Tolerance
3: MaxIter←Maximum Iteration
4: Iter← 0
5: while θ∗ > Tol andIter < MaxIter do
6: θ ← Powell(g, f , θ)
7: θ ← Projection(θ, θi, θi)
8: Iter ← Iter + 1
9: end while
10: return θ
11: end procedure

TABLE 2. Box constraints of each joint of xArm 6 [41]. Values in degree.

FIGURE 2. Experimental setup to measure workspace of the ADLs.

stroke survivors, occupational therapists (OTs), recreational
therapists (RTs), physiotherapists (PTs), clinicians, care-
givers, family members, wheelchair and assistive device
manufacturing companies and distributors, assistive tech-
nology professionals (ATPs), and insurance providers to
explore pains, market opportunity and trends, and a minimum
viable solution to address the needs of the wheelchair-bound
individuals with upper extremity dysfunction. Based on the
customer discovery 19 essential ADLs are listed for this
experiment. ADLs are assessment tools to determine an
individual’s functional status and the level of care services
required to maintain a good quality of life. Throughout the
customer discovery the Lawton IADL scale [42] and Bristol
activities of daily living scale [43] were used. After exploring

VOLUME 10, 2022 134539
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TABLE 3. Categorization of the listed essential ADLs.

FIGURE 3. Representation of the workspaces of each ADLs relative to the
robot and the user.

the positions of the objects associated with the ADLs,
we grouped the 19 ADLs, categorizing them into seven
different groups. Table 3 presents each category, including
the correspondent ADLs. Figure 2 depicts a few of the
ADLs experimental setup while measuring the workspace.
All ADLs consider a clearance relative to the robot to
ensure the collision-free movement of the end-effector.
We removed the user’s blind spots from the workspace,
though the end-effector can cover those areas. Figure 3
represents the measured workspace relative to the wheelchair,
and Fig. 4 presents the dimensions of each ADL workspace
category, including the end-effector’s orientation. Note
that the end-effector orientation uses the same orientation
of the human hand approaching to manipulate specific
objects [44].

C. COLLISION ALGORITHM
The collision algorithm determines if there is a collision
between two OBB objects, as described in [25]. An i OBB
object is presented in Figure (5a), where Ec (i) is the center of
the OBB; the three e (i)

k are the half box dimension along the
e ik direction; the three u(i)k are three orthonormal vectors that
represent the OBB orientation. The three orthonormal vectors
form the following rotation matrix:

R(i) =
[
û(i)0 û(i)1 û(i)2

]
(10)

Then, the collision between two OBB is obtained considering
figure (5b). In this figure, the distance vector between the
center of the two OBB is as follows:

ET = Ec (j)
− Ec (i) (11)

The vector ET is then projected to 15 separating axes. The
separating axes are constituted by the vectors of R(i) and R(j)

as established in equation (10), and by the cross products:

Pk =
[
û(i)k × û

(j)
0 û(i)k × û

(j)
1 û(i)k × û

(j)
2

]
for k = 0, 1, 2

(12)

Thus, the projection of ET to each separating axes is as
follows:

TL =


R(i)

t

R(j)
t

Pt0
Pt1
Pt2

 ET (13)

where the t super-index represents the transpose. Addition-
ally, the projection of each OBB edge to each separating axes

134540 VOLUME 10, 2022
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FIGURE 4. Dimensions and location of each ADL workspace, including the orientation of the end-effector relative to O.

is as follows:

r (i)L =



I

|R(j)
t
R(i)|

|Pt0R
(i)
|

|Pt1R
(i)
|

|Pt2R
(i)
|



e(i)0

e(i)1

e(i)2

 (14)

where I is a 3× 3 identitymatrix. Then, the following relation
is verified to check if the objects are separated:

|TL | > r (i) + r (j) (15)

Note that TL is 15 × 1 vector. If at least one inequality of
equation (15) is satisfied, the boxes are not under collision;
otherwise, they are colliding.

The collision algorithm determines the collision between
the robot itself and the user. The algorithm that checks for
all the possible collisions is collision checker, as presented
in Algorithm (3). Thus, the algorithm considers every robot
link within an OBB or group of OBBs and the user within
four OBBs. Figure (6) presents the OBBs that contain the user
and the robot. The position and orientation of each OBB are
obtained using DH parameters, as shown in Table (4). Note
that the values of each Ec (i) are measured at the coordinate
system resulting from the DH transformations.

Algorithm 3 Collision Checker
1: procedure CollisionChecker
2: for i = 1; i ≤ 4; i++ do
3: for j = i+ 2; j ≤ 6; j++ do
4: if Link i collides with Link j then F Check

collision between the robot with itself
5: return True
6: end if
7: end for
8: end for
9: for i = 1; i ≤ 6; i++ do

10: for j = 1; j ≤ 4; j++ do
11: if Link i collides with User box j then F

Check collision between the robot with the user
12: return True
13: end if
14: end for
15: end for
16: return False
17: end procedure

D. SINGULARITY ANALYSIS
Manipulability is the capacity of a robot to maneuver within a
workspace [45]. Many strategies compute the manipulability

VOLUME 10, 2022 134541
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TABLE 4. DH parameters, centers, and dimensions of each OBB.

of a robot by considering the product of the eigenvalues
or the determinant of the jacobian matrix and using them
to find the singular configurations of the robot [46], [47],
[48], [49]. However, these manipulability measures come
with multiple issues. For example, the eigenvalues of the
jacobian matrix may be inconsistent because the kinematics
of the manipulator depends on the position and orientation
of the end-effector [50]. Thus, the manipulability index
is suitable to compute on cartesian robots of 3-DOF [51]
or in robots with positions independent of the orientation
like PUMA [52], [53]. To solve this issue, Kim et al.
proposed a methodology for standardizing the units of the
Jacobian matrix by homogenizing the eigenvalues [54].
However, this method assumes an arbitrary length for the
standard jacobian matrix; since it can take any value, it may
hide errors in the manipulator position [55], [56]. Thus,
this research considers two manipulability measures: one
for the end-effector displacement and another for rotation.
Two different manipulability measures imply two different
Jacobian matrices, which are derived as follows:

Jt =
[
δ 0P6
δθ1

δ 0P6
δθ2

δ 0P6
δθ3

δ 0P6
δθ4

δ 0P6
δθ5

δ 0P6
δθ6

]
Jθ =

JθxJθy
Jθz

 (16)

where Jt and Jθ are the translational and rotational Jacobian
matrices, respectively. The sub-matrices Jθx , Jθy , and Jθz are
as follows:

Jθx =
[
0R6(3, 1) 0R6(3, 2) 0R6(3, 3)

]

∂ 0RT6
∂θ

(2, 1)
∂ 0RT6
∂θ

(2, 2)
∂ 0RT6
∂θ

(2, 3)



Jθy =
[
0R6(1, 1) 0R6(1, 2) 0R6(1, 3)

]

∂ 0RT6
∂θ

(3, 1)
∂ 0RT6
∂θ

(3, 2)
∂ 0RT6
∂θ

(3, 3)



Jθz =
[
0R6(2, 1) 0R6(2, 2) 0R6(2, 3)

]

∂ 0RT6
∂θ

(1, 1)
∂ 0RT6
∂θ

(1, 2)
∂ 0RT6
∂θ

(1, 3)


Then, using the results from Equation (16), the two manipu-
lability measures are as follows:

Mt =
|σ

t
|

|σ t |

134542 VOLUME 10, 2022
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FIGURE 5. (a) OBB representation, (b) The distance between two OBBs is
less than the total of their projected radii for some axis L.

Algorithm 4Manipulability Checker
1: procedureManipulabilityChecker(Mt , Mθ )
2: ifMt > 0 andMθ > 0 then
3: return True
4: end if
5: return False
6: end procedure

Mθ =
|σ θ |

|σ θ |
(17)

where σ and σ are the maximum eigenvalues of the
matrix JJ t . Themanipulability checker algorithm is presented
in algorithm 4.

E. OBJECTIVE FUNCTION
The objective is to find the base location that maximizes the
workspace available for the robot. To this end, each pose
within the workspaces defined in section (II-B) must satisfy
the following constraints:

• Inverse kinematic solution within the joint limits,
as determined by Equation (9).

• No collision, as determined by the collision checker.
• No singularities, as determined by the Manipulability
checker.

FIGURE 6. (a) The user is within three OBBs, and (b) Each link of the
robot is within an OBB or a group of OBBs.

Thus, consider W as the sum of the individual
workspaces (wi), such that:

W = w1 ∪ w2 ∪ · · · ∪ wn (18)

Then, lettingPi be an i goal pose withinW that satisfies the
mentioned constraints, the objective function is as follows:

F(N ,Pb) =

∑Ns
i Pi
N

× 100 (19)

where N represents all the points of W after discretization,
with Ns being a subset of N with all the reachable points. Pb
is the new position of the base location. Thus, equation (19)
is the percentage of workspace coverage.

Note that the new base location Pb is related to the initial
orientation of the robot by using the HTM bT0, as defined

VOLUME 10, 2022 134543
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Algorithm 5 Objective Function

1: procedure ObjectiveFunction(N , Pb, f, θ , θ, θ )
2: bT6← bT0 0T6
3: f (θ )← Pose( bT6)
4: Ns← 0
5: Tol← Tolerance
6: for Pi in W do
7: θ ← InverseKinematics(Pi, f (θ ), θ, θ, θ )
8: θ∗ = 1

2‖Pi − f (θ )‖
9: if θ∗ < Tol then

10: if not CollisionChecker then
11: if ManipulabilityChecher then
12: Ns← Ns + 1
13: end if
14: end if
15: end if
16: end for
17: return Ns

N × 100
18: end procedure

below:

bT0 =


1 0 0 Pbx
0 1 0 Pby
0 0 1 Pbz
0 0 0 1

 (20)

This HTM modifies the initial base by multiplying the
HTM of equation (5) as follows:

bT6 = bT0 0T6 (21)

where bT6 is the end-effector position after moving the
base from the initial position. Thus, the new bT6 is used
to define f as f (θ ) = Pose( bT6), this result is then used
in equation (9) and in algorithm 2 to compute the inverse
kinematics. Finally, algorithm 5 presents the steps to calculate
the objective function.

III. OPTIMIZATION METHODOLOGY
This research uses GA for base placement optimization, the
most common strategy available in the literature for base
placement optimization. To name a few pieces of research
that use this strategy, consider the works of Mitsi et al. They
used a hybrid (GA) to find the optimal robot base location
considering discrete end-effector positions [57]. Also, Chen
and Tseng [58] used GAs to determine the location of
the workpiece that satisfies the shortest path requirement
between work points that needed to be visited by the robot.
Other research uses GA for workspace optimization in the
context of kinematics, as is the case of Zhao et al. [59].
GA has the advantage that it can escape from local optimums,
making it a powerful global search method [60]. Thus,
Algorithm (6) presents the GA as presented in [61]. For
details on implementing the GA, the reader is encouraged to
read [61].

Algorithm 6 Genetic Algorithm
1: procedure GeneticAlgorithm(Population size (P), Gen-

erations (G), Optimization limits)
2: Create an initial population.
3: Evaluate the objective function for each member of

the initial population.
4: for i = 1; i ≤ G; i++ do
5: Create a new population using crossover and
mutation functions.

6: Calculate the objective function for each member
of the new population.

7: Merge all the population members with the new
population.

8: From the merged population, select the fittest
members for the next generation.

9: end for
10: return Best member of the last generation.
11: end procedure

FIGURE 7. The results of the optimization for different random initial
values.

TABLE 5. Parameters for the genetic algorithm. The limit values are in
mm.

TABLE 6. Optimal base position relative to O.

IV. RESULTS
The GA is implemented to find the optimal base placement
using the parameters presented in Table (5). P and G were
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FIGURE 8. Experimental validation of the workspace coverage of the robot with the optimal base placement.

TABLE 7. Comparison of Workspace Coverage for the original and the
optimized base position.

selected to minimize the computation time. The optimization
limits (the region of exploration to find the optimum)

were selected considering two criteria the location of the
patient and the tilting moment generated by the robot. Ten
base placement optimizations were conducted from different
random initial values. Figure (7) presents the results of the
optimizations. Table (6) shows the best solution obtained
from the ten optimizations. Figure (8) the new base build
for workspace validation. For the validation, we explored
the points within the robot workspace to produce the shapes
presented in Figure (8). Table (7) compares the percentage
of workspace coverage for the robot at the optimal base,
the experiment, and at the initial position (O). Note that the
workspace coverage increased from a 25% to 71%. Also,
note that the workspace generated by the validation is bigger
than the workspace generated by the optimization. This
difference happens because the OBBs are still a conservative
way of representing the shape of the links or the patient.
Although the GA optimization may require a more rigorous
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implementation, the results indicate the capabilities of the
methodology presented in the article, which yielded a base
placement that increased the workspace almost three times
the initial value, with a workspace free of collisions and
singularities.

V. CONCLUSION
This article presents an objective function for the base
placement optimization of an assistive robot attached to a
wheelchair. For this purpose, we defined the workspace cov-
erage of the robot to fulfill a list of ADLs. Then, the proposed
method uses an object collision algorithm that determines
the collision between the user and the robot using OBBs to
describe the robot links, the user, and the wheelchair. Also,
the proposed methodology divides the jacobian matrix into
two parts. One part is the jacobian that transforms the joint
velocities into end-effector velocities, while the other does
for the end-effector angular velocities. This way, we avoid
inconsistencies in calculating the relationship between the
eigenvalues of the jacobian matrix, which determine the
singularities for the position and orientation of the robot.
Then, the proposed method removes the points within the
workspace if a collision or singularities are detected. Thus,
we defined the workspace coverage as the percentage of
the desired workspace without collisions and singularities,
with the workspace coverage as our objective function for
optimization. Then, using a GA, we searched for the optimal
base that maximizes the objective function obtaining a new
base placement with a workspace coverage almost three times
the workspace coverage at the initial position. The workspace
coverage was validated experimentally by exploring the
workspace using the xArm robot.
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