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Abstract— Robotic arms are highly common in various au-
tomation processes such as manufacturing lines. However, these
highly capable robots are usually degraded to simple repetitive
tasks such as pick-and-place. On the other hand, designing an
optimal robot for one specific task consumes large resources of
engineering time and costs. In this paper, we propose a novel
concept for optimizing the fitness of a robotic arm to perform a
specific task based on human demonstration. Fitness of a robot
arm is a measure of its ability to follow recorded human arm
and hand paths. The optimization is conducted using a modified
variant of the Particle Swarm Optimization for the robot design
problem. In the proposed approach, we generate an optimal
robot design along with the required path to complete the task.
The approach could reduce the time-to-market of robotic arms
and enable the standardization of modular robotic parts. Novice
users could easily apply a minimal robot arm to various tasks.
Two test cases of common manufacturing tasks are presented
yielding optimal designs and reduced computational effort by
up to 92%.

I. INTRODUCTION

Robotic arms are the foundation of modern automation
for manufacturing. They accommodate production lines and
perform the majority of tasks such as assembly, machining,
painting, welding and packaging [1]–[3]. While robotic arms
are highly capable with multiple degrees-of-freedom (DOF),
a robot is usually degraded to solely perform one simple
repetitive task along the production line [4]. These robotic
arms are commonly standard off-the-shelf hardware which
are redundant for the task at hand and, therefore, highly ex-
pensive having direct impact on the final product cost. Hence,
many highly capable and expensive robots are purchased
and integrated just to perform simple tasks. While simpler
and cheaper robots can usually perform the same tasks, they
are rarely available as an off-the-shelf product [5]. On the
other hand, designing designated robots for each specific task
requires complex and careful work by professional engineers.
The process consumes a considerable amount of engineering
time and may increase final product cost.

Some operational tasks are planned to comply with the
natural motion of the human arm. Transitioning from man-
ual work to robotic automation usually involves off-the-
shelf robotic arms with kinematics that may not perform
well in such environment. Hence, an optimally designed
kinematic structure is expected to improve performance and
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Fig. 1: Illustration of a robot kinematics evaluated on a recorded
task. In this example, the robot end-effector must follow a recorded
path of the human hand (circular red markers) while its arm should
follow the human arm markers (circular blue and green markers)
to avoid obstacles. The dashed curves are the paths of the optimal
robotic arm that best track the recorded human ones.

reduce costs. Furthermore, while integrating the new robot,
a path to be repeated over and over is usually pre-recorded
by a technician while considering robot coordinates [6].
The recording is acquired through the teach pendant which
provides non-intuitive and non-natural control abilities [7].
Consequently, the resulted path may be non-optimal to the
task nor to the environment. Alternatively, explicit mapping
of the environment is required in order to validate the ability
of a candidate robot to execute a collision-free path [8].

In this work, we propose a novel concept of task-oriented
robot design based on expert demonstration. We observe a
human expert performing a task. The whole arm motion of
the expert is recorded by tracking paths of markers from
shoulder to hand (or grasped tool). Then, we formulate an
optimization problem that searches for an optimal robotic
arm that can accurately track the recorded task. In order to
be able to avoid obstacles as the expert did, tracking includes
the End-Effector (EE) of the robot as well as its entire
kinematic chain as in Figure 1. The optimization searches
for the Denavit-Hartenberg (DH) parameters [8] that define
a robot kinematics.

In this study, we propose the Robot Arm Particle Swarm
Optimization (RA-PSO) algorithm to efficiently solve the
design problem. RA-PSO is a modified version of the known
PSO method [9] and is particularly aimed to optimize robotic
arms based on recorded paths. RA-PSO has modified rules
to fit the design space of robots and for efficient exploration
of the valid search space. The search space in this problem is
highly non-linear and non-continuous. We also observe the
Computational Effort (CE) and compare it to the traditional
PSO. Our approach distributes the search over different
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design variables to enable efficient exploration and low CE.
The method does not only provide an optimal robot design

but also defines a collision free joint path to complete the
task. Hence, no additional motion planning nor obstacle
mapping are required. Indeed, an experienced practitioner
can plan a more suitable path without considering demon-
strations. However, a novice user may not have such capabil-
ities and, therefore, the proposed approach reduces required
engineering work and effort. A novice user can simply
record an expert path and acquire both a robot design and
a suitable motion. To reduce costs, this approach motivates
the development of standard and modular robotic hardware,
as proposed in [10], such that the novice user can rapidly
assemble and operate custom arms for different tasks based
on the optimization outputs. Consequently, the resultant arm
could be low-cost, minimal and suitable for the environment
and task with low engineering and computational efforts.

II. RELATED WORK

Many research studies have addressed the kinematic opti-
mization of robotic arms while focusing mostly on increasing
dexterity and workspace volume [11], [12]. Recent work in
[13] used the Denavit-Hartenberg (DH) representation [14]
to define the design variables of an eight degrees-of-freedom
(DOF) upper-limb rehabilitation exoskeleton. A constrained
multi-objective optimization problem was formulated utiliz-
ing the Genetic Algorithm (GA) to search for the design
variables that provide minimum size and maximum dexterity.
The kinematic design optimization of an anthropomorphic
robot using GA was proposed to maximize the multi-fingered
precision grasping capability of the robot hand [15]. While
these addressed enhancing capabilities for general tasks,
others have addressed a task-specific optimization problem
[16], [17]. A kinematic optimization framework was also
presented to find the DH parameters of a robot such that
it can reach any task point in a defined task subset [8].

Kinematic optimization solutions, such as the ones pre-
viously mentioned, use different performance measures to
evaluate the kinematics of a robotic arm for general tasks
[18]. A common measure is the Manipulability ellipsoid that
approximates the distance to singular configurations [19].
Similarly, the Global Isotropy Index (GII) measures the ratio
between the minimum and maximum singular values of the
Jacobian [20]. These, however, do not consider tracking
accuracy for task-specific paths.

Since cost functions that reflect the kinematics of the
robot arm are non-linear, gradient-based techniques will most
likely fail to find global solutions and, therefore, are not
common [13]. On the other hand, nature-inspired meta-
heuristic approaches (e.g., PSO, Artificial Bee Colony, Ant
Colony Optimization) are more capable in searching for the
global minimum in complex problems [21]. For instance,
Simulated Annealing (SA) was used in the design of a
surgical robot to optimize anatomical visibility [17]. GA
was used to optimize the design of a manipulator with the
GII measure [22]. Similarly, PSO was used to identify the
optimal cable routing for a cable-driven manipulator [23]. We

observe the performance of these methods for robot design.
Human demonstrations have been used in robotics for

many applications such as augmenting reinforcement learn-
ing [24], motion re-targeting [25], imitation learning [26],
motion planning [27] and computational design [28], [29].
In addition, task-centric optimization was introduced to select
pose configurations of an existing robot for efficient assistive
tasks based on sampled human poses [30]. However and
to the best of the author’s knowledge, no attempt has
been made to optimize the kinematics of a robotic arm
for a whole arm tracking of a human demonstrated task.
A closely related work proposed the synthesis of an arm
by fitting EE poses on a set of points [31]. Similarly,
kinematic synthesis was proposed such that the EE of an
under-actuated robotic arm would track some path [32].
However, the derivative of the path must be available at
any point for generalized differential Inverse Kinematics
(IK). Such derivative cannot be acquired qualitatively from a
recorded demonstration. Furthermore, optimization has been
attempted to solely decide joint displacements and, did not
observe human demonstrations. In addition, having an EE
track a path does not ensure that it will be able to prevent
collisions with the arm links. Hence, we consider the path of
the entire arm in order to avoid obstacles in the environment
and provide a complete solution.

III. METHODOLOGY

A. Optimization objective

A task is given in which an n degrees-of-freedom (DOF)
robotic arm must move in an industrial environment with
obstacles. The task could be moving an object from one pose
to another (e.g., packaging) or tracking a path (e.g., welding).
The assumption is that the environment is static. The human
path is recorded once and, therefore, dynamic obstacles
cannot be considered. We aim to find an optimal robotic
arm that can perform the task. Without loss of generality, we
consider only rotary joints. An optimal robot is the one that
provides best accuracy during task execution. We consider
position errors for the entire arm from base to end-effector
so that arm distance from obstacles can be maximized.
In this work, we address the optimization problem of the
kinematic properties while non-optimal dynamic parameters
are commonly compensated using slow motions and control
techniques. When the system and task environment are much
larger than human capabilities, a scaled mock-up can be used
with the proposed approach to compute an optimal robot and
later be scaled-up.

B. Approach

As discussed previously, we consider a task in a static
environment. Hence and in light of the above objective, we
seek for a robotic arm with minimal DOF that can accurately
track a single path. The single path, in this work, is a path
recorded by a human demonstrator. We assume that a path
recorded by a human expert is the shortest while maximizing
the distance from obstacles. The robot is modeled with thin
segments and, therefore, we assume that the recorded paths
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Fig. 2: (a) Illustration of a robot parameterized by Φ where any
point along it can be represented by sΦ(σ,q). Points σ = 0 and
σ = 1 are the base and end-effector points, respectively. (b) Area
to minimize (yellow) for a better fit between the robot arm (solid
lines) and lines (dashed) formed by the recorded markers (red).

are far enough from obstacles. Hence, the better a robot is
able to accurately track the path, the less it is sensitive to
positioning errors and risk of collisions.

Given a task, the motion of the arm of a human expert is
recorded. Let m be the number of tracked markers on the
arm, a recorded task is given by m paths

P = {P1, P2, . . . , Pm} (1)
where Pi = {pi,0, . . . ,pi,T } is a path of the ith marker
relative to the shoulder. pi,t ∈ R3 is the spatial coordinates
of the ith marker at time t (Figure 1). We note that Pm is the
path of the human hand, which implies about the desired path
of the end-effector. We also record a set V = {u0, . . . ,uT }
where elements in ut ∈ R3 are the Euler angles of the hand
or tool at time t. In a case where the recorded paths are not
smooth due to hand shaking or vibration, some filtering can
be applied. The recorded task can now be used to evaluate
the ability of some robot arm to accurately track P .

C. Robot design variables

To optimize the design of an n-DOF robotic arm, we
first define the variables that describe its kinematics. The
kinematics of a robot can be defined by a set of coordinates
described by the Denavit-Hartenberg (DH) method [14]. In
DH, the forward kinematics of an arm is represented by the
product of a set of canonical homogeneous transformation
matrices Ai ∈ SE(3) where i ∈ {1, . . . , n}. Transformation
matrix Ai(ai, αi, θi, di) defines the position and orientation
of the coordinate frame of joint i relative to frame i−1. The
four parameters ai, αi, θi and di are standard DH geometric
quantities. Matrix Ai incorporates only one DOF and, thus,
depends only on one variable qi. This variable would be the
joint angle qi = θi for a revolute one. The remaining three
are constants and part of the design of the robot. Let φi ∈ R3

be a parameterization vector that encodes the parameters of
transformation from frame i to frame i − 1. Hence, φi is
given by

φi = (αi, ai, di). (2)
We define q = (q1, . . . , qn) ∈ C as the vector of joint values
of the arm where C ⊂ Rn is the configuration space of the
robot. Vector Φ ∈ Ω, where Ω ⊆ R3n, is the concatenation
of all φi given by Φ = (φ1, .., φn) and is the encoding of

the constant parameters. Consequently, the product
Aee(q,Φ) = A1(q1, φ1) · · ·An−1(qn−1, φn−1)An(qn, φn)

(3)
is the robots forward kinematics that express the position
and orientation of its EE with regards to the base frame
Ob. Vector Φ in (3) fully-defines the design of a robot and,
therefore, Ω is the search space for the optimization problem.

D. Allocate robot tracking point

Given a robot defined by Φ, let sΦ : [0, 1] × C → R3

be a map such that sΦ(0,q) = 0 is the position of the
robot base and sΦ(1,q) is the position of its EE. Map
sΦ is computed using the forward-kinematics described in
Section III-C. Hence, sΦ(σ,q) with σ ∈ [0, 1] is a parametric
function providing the position of any given point σ along a
one-dimensional representation of the arm at configuration
q as seen in Figure 2a. Function sΦ is non-smooth due
to transitions between links at the joints. We also define
function bΦ(q) : C → R3 which outputs the Euler angles
of the EE for robot Φ at configuration q.

E. Robot temporal fitness

A recorded task (1) is composed of a sequence of time
frames. For each individual frame, we seek to evaluate
the fitness of a given robot to the corresponding recorded
points. A temporal fitness at time t is defined to be the
weighted root-mean-square error (wRMSE) between points
p1,t, . . . ,pm,t and the robot. Therefore, the wRMSE at time
t for robot configuration q is given by

gΦ(t,q) =
1

m

√√√√ m∑
i=1

wi‖sΦ(σi,q)− pi,t‖2+ (4)

+w0‖bΦ(q)− ut‖
where parameter σi associates pi,t to the closest point on
the robot. Scalars {w0, . . . , wm} ∈ R+ with

∑m
0 wi = 1 are

user-defined weight values that prioritize the position impor-
tance of the robot segments relative to the recorded path. In
a non-cluttered environment, for instance, the position of the
end-effector may have higher significance compared to other
links. On the other hand, when working in cluttered environ-
ments, the body link positions have higher importance.

The temporal robot fitness Gt at time t for a robot
represented by Φ is given by

GΦ,t = min
σ,qt

gΦ(t,qt)

s.t. qt ∈ Cf
‖qt − qt−1‖ ≤ ε
σj < σk, ∀j < k

(5)

where σ = (σ1, . . . , σm)T , qt ∈ C is the joint configuration
at time t and Cf ⊂ C is the feasible configuration subspace to
be discussed below. The second constraint enforces joint path
continuity by requiring that two consecutive configurations
have a distance smaller than ε > 0. Hence, the initial guess
for optimization problem (5) would be qt−1. Optimization
problem (5) minimizes the wRMSE of the euclidean dis-
tances for all recorded markers from the robot for a single
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time frame. The solution of problem (5) is, in fact, the
solution of a multi-point Inverse Kinematics. Next, we use
this formulation to calculate the fitness along an entire path.

F. Robot path fitness

Given path set P , the path fitness f(Φ) of a query robot
design Φ is the mean of the temporal fitnesses given by (5)
for all time frames t ∈ [0, T ]. Formally, a path fitness for
robot Φ is defined as

f(Φ) =
1

T

T∑
t=0

GΦ,t. (6)

Since we require continuous joint motion and we fix the
initial pose of the end-effector based on the task, (6) is
computed sequentially from t = 0.

Minimizing f(Φ) reduces the distance between the robot
and recorded markers. However, such minimization is not
sufficient since the output may yield a long arm that over-fits
the markers as seen on Figure 2b. That is, the path fitness can
be zero while the arm is very long. Hence, we also minimize
the area E(Φ) (yellow region in the figure) between robot
links and represented markers. E(Φ) is computed as follows.
Recall that, at each time frame, the arm is separated into m
parts by σ from the solution of (5). We divide each part
into segments of length δm along the robot axis. For each
segment, we calculate the distance from the line formed by
the two closest markers. E(Φ) is the mean distance along
the robot length and at all time frames. Note that minimizing
E(Φ) indirectly also minimizes robot length.

Finally, the optimal robotic arm Φ∗ that can track path
P most accurately is the one with the minimal robot fitness
value and is the solution of

Φ∗ = argmin
Φ

λff(Φ) + λEE(Φ)

s.t. Φ ∈ Ωf
(7)

where λf > 0 and λE > 0 are weighting values. Hence,
we wish to minimize the tracking accuracy, link lengths and
spatial link movements. Minimization of link lengths will
result in a smaller and cheaper arm, along with lower joint
loads, i.e., not requiring high-torque actuators. It is important
to note that the higher the dimensionality of Φ, i.e., more
DOF, it is more likely for the robot to better track the path.
However, we seek for a design comprising of minimal DOF.
Subset Ωf ⊂ Ω is the allowed robot design search space
defined in the next section.

G. Boundaries and Constraints

We now define the joint and design search spaces, Cf
and Ωf , respectively. The allowed joint search space Cf
in (5) ensures proper physical movement of a query robot
configuration and is defined by the joint limits

Cf = {q ∈ C| qmin < q < qmax} (8)
where qmin and qmax are the minimum and maximum
actuators angle limits, respectively. For any query robot Φ,
the world coordinate frame is positioned at the base. The EE
coordinate frame is fixed to the last robot link. The static
values for the DH parameters in (2) are limited according to
αi ∈ [αmin, αmax], ai ∈ [0, amax] and di ∈ [0, dmax] (9)

where αmin, αmax, amax and dmax are pre-defined user
variables. Furthermore, we constrain any two consecutive
joints to be non-concentric in order to avoid redundancy.
Such constraint assists in tightening the search sub-space. A
robot solution is considered invalid and omitted if its total
length L does not satisfy

Lmin < L < Lmax (10)
where Lmin and Lmax are user-defined values. This con-
straint also aims to filter-out lengthy designs early on.
Moreover, if the tested robot configuration cannot reach EE
position at t = 0 with accuracy of 1 mm, the rest of the path
is not calculated. As stated above, the valid search space
for qt+1 depends on the previous solution qt. However, the
valid search space for q0 is defined by the joint angular
limits. Hence, the robot can be initialized from different joint
values and the rest of the path will be defined accordingly.
Nevertheless, preliminary tests show high repetition for q0.

Let Ωl ⊂ Ω be the set of design configurations that satisfy
(9)-(10) and let QΦ be the workspace of robot Φ such that
sΦ(σ,q) ∈ QΦ for any q ∈ Cf and σ ∈ [0, 1]. Consequently,
a valid robot configuration must lie within sub-set Ωf ⊂ Ω
defined as

Ωf = {Φ ∈ Ω| Φ ∈ Ωl, P ⊂ QΦ}. (11)
Subset Ωf contains all valid robot configurations.

H. Optimization algorithm

The definition of the robot fitness and constraints can now
be used to search for the optimal design Φ∗ of a robot. As
discussed in Section I, kinematic optimization problems are
commonly highly non-linear and cannot be efficiently solved
using gradient-based techniques. Hence, we employ a meta-
heuristic search approach.

Our proposed algorithm is based on the PSO, a meta-
heuristic optimization algorithm. In PSO, we randomly sam-
ple N particles K = {Φ1, . . . ,ΦN} from a uniform distri-
bution in Ωl. Each particle Φj is evaluated yielding robot
fitness rj and the corresponding path Qj = {q0, . . . ,qT }
by solving the cost function in (7). We store and update a
personal best position vector bpj for particle j based on robot
fitness. The global best position for all the particles in K is
stored in Φ∗ with fitness r∗. Each particle is then updated
according to Φj ← Φj + vj where vj is updated by

vj ← w vj + β1c1(bpj − Φj) + β2c2(Φ∗ − Φj)), (12)
constants w, c1 and c2 are tunable parameters, and β1 and
β2 are random numbers in [0, 1]. The particles are iteratively
updated for M iterations. Preliminary results have shown that
the standard update rules of PSO face difficulties converging
to a near optimal solution due to the large hyper-volume and
non-linear behavior of Ω.

In order to improve the search, we propose the RA-PSO
algorithm, a designated variant of PSO, designed to address
the properties of search space Φ. RA-PSO maximizes ex-
ploitation of particles within Ωf while avoiding missing-out
improved solutions nearby. In order to improve local search,
we include two modifications in the update rules of PSO.
First, we distinguish between particles currently in Ωf and
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Fig. 3: Recording of a human arm path in an industrial (Scenario I) packaging and (Scenario II) welding. A robotic arm is to be optimized
to accurately track the recorded path. The end-effector of the robot must follow the path of the hand markers while its arm should follow
the human arm markers to avoid obstacles. For Scenario II, the EE must also track the orientation of the human hand.

TABLE I: Optimization parameters

User-defined parameters
l 0.7 m Lmin 0.6 m Lmax 1.2 m ε 10◦

amax 0.5 m dmax 0.5 m αmin −90◦ αmax 90◦

qmax 180◦ qmin −180◦ δm 10 mm
Optimization hyper-parameters

w 0.8 c1 0.4 c2 0.6 N 400
cmax 0.5 cmin −0.5 M 200

Scenario I - Optimization weights
w0 0 w1 1/6 w2 1/3 w3 1/2
λf 15 λE 5

Scenario II - Optimization weights
w0 0.2 w1 0 w2 0.1 w3 0.7
λf 15 λE 5

ones that are not. Particles not in Ωf are updated according
to the standard PSO which cause aggressive change in the
candidate robot kinematics to explore new regions. On the
other hand, we update a particle Φj that is within Ωf in a
significantly lower rate such that its new position is nearby
for local refinement and effective exploitation. The velocity
vj of an agent in Ωf is updated according to

vj ← vj + random(cmin, cmax) · φrange (13)
where cmin, cmax are random number bounds and φrange is
the range of the corresponding DH feature in Ωf .

The second modification improves local search in Ωf .
Since Ω is large, high-dimensional and non-linear, we ex-
plore different dimensions of Ω by their physical representa-
tion. That is, we separately update DH angular (i.e., αi) and
length (i.e., ai and di) variables. In such way, the algorithm
is able to better explore subspaces of Ωf . Let D ∈ N be
the update frequency of the angular variables. Then, angular
variables in Φj are updated every D iterations. This method
assists in testing various link lengths with the same angular
variables and better improve the exploration of Ωf .

IV. EXPERIMENTS

A. Setup and apparatus

Using a motion capture system, we have recorded a human
arm preforming desired tasks. During recording, four bands
are places on the shoulder, upper arm, forearm and hand.
Each band has several reflective markers considered together
as a rigid body. Hence, the motion capture system provides
real-time data stream of spatial positions of the bands. Data
stream may also include orientation of the bands and the
hand band in particular. The shoulder is considered as the
base position. The desired robot motion P is, therefore, the

TABLE II: Optimization performance for solving robot temporal
fitness (5) using various meta-heuristic algorithms

Mean GΦ,t (mm) Mean comp.
n 3 4 5 6 time (s)

GA 49.0 ±25.1 72.9±50.9 48.5±41.7 36.1±17.6 10.1
PSO 49.3 ±25.0 71.9 ±52.1 48.7±42.9 32.7 ±17.9 5.7

WOA 53.1±42.8 74.7 ±50.0 71.8±9.9 40.9 ±19.5 5.8
ES 48.9 ±25.1 71.9±51.8 49.4±42.8 35.9 ±18.4 8.7

ABC 48.7 ±25.2 69.5 ±53.2 44.4±43.6 29.5 ±18.4 17.5
SLSQP 179.2±33.5 207.4 ±34.3 203.9±40.7 214.8±30.9 0.021

SA 51.0 ±24.6 82.4±51.7 63.0±45.3 54.9±19.6 11.5

paths of the m = 3 distal bands relative to the shoulder
band. All computations were implemented in Python on
an Intel-Core Intel Xeon Gold 6130 Ubuntu machine with
12×32GB of RAM. Optimization algorithms are based on
the Opytimizer package [33].

B. Test cases

Two test scenarios, seen in Figure 3, are considered. In
packaging Scenario I, an item is picked-up from a conveyor
belt, manipulated around an obstacle and placed within a
cardboard box; and a welding Scenario II where a tool
must trace a path across an object. The figures also show
the recorded paths P of the three distal bands relative to
the shoulder band. In Scenario II, we constrain the robot
EE to also trace the orientation of the human hand. In
both scenarios, one repetition of the human hand performing
the task was recorded. The user-defined parameters and
optimization hyper-parameters used for both tests cases are
shown in Table I. The hyper-parameters were chosen based
on preliminary analysis.

C. Results & Discussion

A comparison analysis was conducted on seven optimiza-
tion algorithms to solve robot temporal fitness GΦ,t in (5).
The optimization algorithms include PSO, Artificial Bee
Colony (ABC), Evolution Strategies (ES), Whale Optimiza-
tion Algorithm (WOA), Genetic Algorithm (GA), Simulated
Annealing (SA) and Sequential Least Squares Programming
(SLSQP) [34]. We note that RA-PSO is proposed for min-
imizing path fitness while these are benchmarked to solve
only for the temporal fitness. The results of each algorithm
are averaged over ten different robot configurations in three
different time instants along P . Results are summarized
in Table II. Presented time results were computed on the
same computer. First, SLSQP does not converge well and is,
therefore, not suitable for this problem. All other algorithms
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TABLE III: Optimization performance over all n for solving robot
fitness (7) using various meta-heuristic algorithms

Alg. ABC GA PSO SA
Mean Φ∗ 0.64 0.70 0.51 0.71
Comp. time (h) 3.59 4.00 0.91 1.28

TABLE IV: Optimization performance of RA-PSO for solving
robot fitness (7)

Φ∗ improvement (%) CE improvement (%)
D D

n Sc. 2 3 4 5 2 3 4 5
I -10.5 -15.6 -5.9 -7.4 -90.6 -92.0 -90.4 -88.93 II 3.0 9.8 0.8 5.0 -89.9 -91.8 -91.0 -88.9
I 1.4 0.9 -0.4 -7.0 -66.7 -75.0 -64.2 -66.74 II 2.9 8.7 9.1 7.7 -85.4 -78.5 -86.8 -79.9
I 0.7 -1.1 5.5 12.0 -61.7 -54.6 -67.9 -86.95 II -0.2 4.2 9.2 8.1 -56.6 -69.0 -89.0 -80.6
I -2.3 -3.1 3.8 -2.3 -8.4 -23.5 -44.3 -32.96 II 3.6 7.2 7.1 6.8 -72.7 -66.3 -74.7 -78.6

Mean -0.17 1.37 3.65 2.86 -66.5 -68.8 -76.0 -75.4

converge relatively similar with small variations about the
mean temporal fitness. In particular, PSO provides some-
what good convergence with the lowest computation time.
Therefore, the temporal fitness is further solved using PSO.

Furthermore, we provide mean (over 30 repetitions) robot
fitness results over all n for solving problem (7) with four
different algorithms: ABC, GA, PSO and SA. The results,
presented in Table III, show that PSO provides best fitness
and computation time. This provides motivation for pushing
forward with PSO to improve convergence.

We next observe the impact of update frequency D in
RA-PSO on fitness and computational effort (CE) for both
scenarios. While both PSO and RA-PSO share the same
complexity, their CE is significantly affected by two factors.
First, the more valid agents in Ωf results in more cost
evaluations. If the two algorithms reach the same fitness
while one requires less agents, its effort is lower. Second,
more iterations to convergence requires more computations.
The CE is, therefore, N̄v · W where N̄v is the mean
number of valid agents and W is the number of iterations to
convergence [35]. An algorithm with a lower CE is more
computation efficient. Mean fitness and CE improvement
results (over 30 repetitions) with regards to D are shown
in Table IV. Negative results indicate an improvement com-
pared to PSO. While fitness improvement marginally occurs
in some cases, RA-PSO significantly improves CE over all
D for both scenarios. Results show the ability of RA-PSO
to better explore Ωf with less agents and iterations, while
also maintaining low fitness.

We seek for D that provides the best performance both in
Ωf and CE. One can choose the value for D individually for
a scenario and a specific n. However and for generality, we
choose the trade-off between CE and fitness improvements.
Hence, we choose to use D = 2 in which fitness is less
compromised while providing significant CE improvement of
66.5%. Figure 4 presents the fitness results for both scenarios
with D = 2 and with regards to n. For Scenario I, we prefer
n = 3 since the difference in path fitness from larger n is
lower than just 4%. In Scenario II, however, the difference
is larger as the EE must track the hand orientation. Hence,

Fig. 4: Fitness results for Scenarios (left) I and (right) II.

we choose the minimal fitness design in which n = 5. Table
V presents the parameters of the optimal robots. Figures 5
and 6 show a ROS-Gazebo simulation of the optimal robots
tracking recorded paths. Videos of optimal robots can be seen
in the supplementary material.

TABLE V: Final parameters of the optimal robotic arms

Sc. n Φ∗ f(Φ) (mm) E(Φ) i αi ai di

I 3 0.43 17.59 33.23

0 0.515 0 0
1 -1.57 0.11 0
2 -0.27 0.5 0
EE -1.57 0 0.1

II 5 0.83 35.83 58.32

0 −1.66 0 0
1 −0.10 0.09 0.31
2 0.86 0 0
3 −0.20 0.28 0
4 0.66 0 0
EE −0.2 0 0.1

V. CONCLUSIONS

In this work, we have proposed a novel approach for
designing the kinematics of a robotic arm to track human
demonstrated paths. The design considers the capability of
the future robot to accurately track the path of the entire
human arm. We have also proposed RA-PSO, a variant
of PSO, to efficiently search within the space of design
parameters. RA-PSO is shown to be suitable for robot opti-
mization while reducing computational effort. The approach
provides a minimal design of a robot arm to do some specific
task. The output of the optimization provides also a path
in the configuration space to perform the task. The result
can save valuable engineering resources in the design phase.
In addition, standard and modular hardware can be used to
rapidly assemble the outputted optimal kinematics. These
may significantly shorten the time-to-operation of the robot.
Future work may use the proposed method to optimize both
a robotic arm and a computed path to track.

Fig. 5: A near-optimal 3-DOF robotic arm tracking the human
recorded paths and performing the pick-and-place task.

Fig. 6: A near-optimal 5-DOF robotic arm tracking the human
recorded paths and performing a welding task.
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