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Abstract:

The paper presents a genetic algorithm (GA) solution to the inverse kinematics problem of robot manipulators. Two versions of GA are used, the
conventional GA and the continuous GA. The inverse kinematics problem is defined as an optimization problem based on the idea of minimizing the
accumulative path deviation in a workspace without obstacles. The simulation results show that the continuous GA performs better than the
conventional GA in every aspect. The continuous GA is superior because it always provides faster and smoother solutions than the conventional GA.
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1 Introduction

On the basis of the Darwinian principles of biological
evolution, GAs are essentially generate-and-test Al
optimization algorithms. Researchers have focused a lot of
emphasis on GAs [4,5, 6] despite the fact that there are
alternative Al approaches [1, 2, 3]. A fitness assessment
function, genetic operators, and an initial population of
solutions are the three main components of a genetic algorithm
that may solve any optimization problem [7]. As a
consequence of these causes, there are a plethora of GA
variations documented in the literature. The smoothness of the
solution curve in robot manipulators is an example of a
situation where precise solutions are required. Later on, it will
become clear that the suggested CGA resolves this issue in a
way that the traditional CA cannot.
The inverse kinematics problem has grown into a basic issue
in robotics, with several suggested solutions, due to its well-
known use in controlling the posture of an articulated body
[8]. It has been found that most of these strategies, which
include geometric, iterative, and algebraic approaches, are
insufficient for duplicate robots [9]. A solution to the robotics
inverse kinematics issue using neural networks has recently
attracted a lot of interest [9, 10, 11]. When the kinematics
equations are complicated, highly nonlinear, coupled, and
have multiple solutions in terms of these robot manipulators,
solving the inverse kinematics problem can be challenging
[12]. This has motivated the GA approach to investigate
whether this kind of problem can be solved for robot motion
planning. There are two primary approaches to the planning of
robot manipulators' movements: continuous/Cartesian and

point-to-point. The goal of continuous/Cartesian motion
planning is to achieve the required motion in Cartesian space
by determining the set of joint angles or velocities using the
manipulator's inverse kinematics equations [9, 10, 11, 13, 14].

The majority of studies have been on either continuously
planning the motion of redundant manipulators or on
generating point-to-point trajectories for redundant and non-
redundant manipulators. Given the boundless variety of
possible outcomes in joint space for the two classes described
above, an optimization strategy is necessary to fully exploit
this fact in order to improve robot motion performance
through the use of some minimization or maximization criteria
such as minimizing the time of motion [3, 15, 16],
minimizing the jerk [17, 18], minimizing the torque [19], or
minimizing the consumed energy [20]. The non-redundant
manipulators continuous path planning has received a little
attention among the researchers community. This includes the
solution of the inverse kinematics of the non-redundant
manipulator which has unique or multiple feasible solutions
for the problem depending on the manipulator’s configuration
and the joints limits. The solution strategies of the
manipulators inverse kinematics problem are divided into two
main classes; closed-form solutions and numerical solutions
[21]. The closed-form solution for the inverse kinematics
problem is generally difficult to derive for general serial
manipulators.
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Fig. 1: Cartesian geometric path for the 3R planar
manipulator.

L1 =12 = L3 = 0.5 meter are the link parameters of the 3R
redundant manipulator. If N =2, M = 3, and 6lower(h) = —180
and Oupper(h) = 180 for all h = 1, 2, and 3, then this is the
case. For manipulators, the forward kinematics model is
provided using traditional crossover methods. Most of the
time, these findings are the result of the fact that traditional
genetic algorithms use path-level operators that are local in

nature, such as those for initialization, crossover, mutation,
extinction, and immigration. Because of this, the routes of the
joints experience breaks or oscillating values between
successive places in the paths. In contrast, the CGA operators
are applied at the level of the joints' paths and are global in
nature. The consequence is that the joint values never leap in a
way reminiscent of a step function since the transitions
between them are always smooth.
The next step is to examine how the hybrid algorithm's
convergence time and the character of the produced joint
pathways are affected by the conventional and continuous
versions of the initialization phase, crossover operator, and
mutation operator. Table 1 provides the necessary information
for the 3R manipulator. The table clearly shows that the
smoothness or nonsmoothness of the solution curves is most
affected by the initialization phase. So, for conventional
initialization, the paths of the joints are oscillatory with large
or medium magnitude oscillations, while for continuous
initialization, the paths of the joints are either smooth or
oscillatory with small magnitude oscillations. The CGA (i.e.,
continuous initialization types, crossover, and mutation)
achieves the best convergence speed and least execution time.

Table 1: Step-by-step switching to CGA for the 3R manipulator.

Initialization Type | Crossover Type | Mutation Type | Average Execution Time | Average Number of Generations Nature of Joints Paths
Conventional Conventional Conventional 487.72 124 Oscillations with Large Magnitude
Conventional Conventional Continuous 390.06 105 Oscillations with Medium Magnitude
Conventional Continuous Conventional 295.14 83 Oscillations with Large Magnitude
Conventional Continuous Continuous 486.1 144 Oscillations with Medium Magnitude

Continuous Conventional Conventional 188.89 53 Oscillations with small Magnitude
Continuous Conventional Continuous 191.2 56 Oscillations with small Magnitude
Continuous Continuous Conventional 181.57 55 Oscillations with small Magnitude
Continuous Continuous Continuous 148.58 49 Smooth Solution Curves

Table 2: Effect of the degree of redundancy on the convergence speed of the conventional genetic algorithm.

Number of Manipulator’s Links | Average Execution Time(Seconds) | Average Number of Generation | Average Time per Generation(Seconds)
4 24246 46 5.25
6 459.43 57 8.05
8 67743 63 10.74
10 981.23 75 13.08

Maximum Fitness

10

20 30

40 50

Generation Number

60

70 80

¥ s Meter)

(@)

B Desired Path T
— — — Generated Path

10 12
Path Point (/)

20



Frontiers in Chemical and Life Sciences
Volume 2 Issue 1 2026

0.0010 ———F—————T——T——T——T——T—

0.0008 g

0.0006 e

0.0004 4

E(i) (Meter)

0.0002 - 1

0.0000 1 1 L 1 1 1 1
2 4 6 8 10 12 14 16 18 20

Path Point (j)

(b)
Fig. 2: (a) Evolutionary progress plot for the best-of-generation individual for the 3R planar manipulator, (b) corresponding path point deviation.
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Fig. 3: Desired and generated Cartesian path for the 3R planar manipulator in (a) X-plane, (b) Y-plane.
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Fig. 4: Joints paths of the 3R manipulator using conventional GA: (a) 1st Joint, (b) 2nd Joint, (¢) 3rd Joint.
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Fig. 5: Joints paths of the 3R manipulator using CGA for (a) 1st Joint, (b) 2nd Joint, (c) 3rd Joint.
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Table 3: Effect of the degree of redundancy on the convergence speed of the CGA.

Number of Manipulator’s Links | Average Execution Time(Seconds) | Average Number of Generation | Average Time per Generation(Seconds)
4 101.39 48 2.10
6 122.6 46 2.65
8 16427 43 341
10 201.06 47 427
Table 4: Number of knots effect on the convergence speed of the conventional GA for the 3R manipulator.
Number of Knot | Average Execution Time(Seconds) | Average Number of Generation | Average Time per Generation(Seconds)
20 326 76 4.28
40 1856 217 8.55
60 3981 317 12.55
80 6567 434 15.13
100 15563 840 18.52
Table 5: Number of knots effect on the convergence speed of the CGA for the 3R manipulator.
Number of Knot | Average Execution Time(Seconds) | Average Number of Generation | Average Time per Generation(Seconds)
20 69 50 1.38
40 170 69 2.46
60 275 75 3.66
80 349 74 471
100 469 78 6.01
take twice as long as CGAs do every generation on average.
The typical initialization, continuous crossover, and This demonstrates that CGA not only produces pathways with

continuous mutation situation produces the highest number of
generations needed for convergence for the 3R manipulators.
Table 1 shows that these hybrid schemes still produce large-
magnitude oscillations when conventional initiation,
continuous crossover, and conventional mutation are applied.
Given that the typical mutation process disrupts the
smoothness attained by the continuous crossover procedure,
this outcome is not surprising.
Figure 5 shows the joint pathways for the 3R manipulator's
first, second, and third joints as they are represented by CGA.
Clearly, the net displacement of the joints is minimized since
the resultant solution curves in joint space are smooth and do
not transition between the two feasible solutions. The next
thing that is explored is how the convergence speed of the
conventional and CGAs are affected by the degree of
redundancy (number of connections) of the planar redundant
manipulator. In both methods, the number of planar
manipulator connections, M, is raised from 4 to 10 in 2 stages,
with the link length set as Li = 1/Mmeter f ori = 1, 2, up to M.
Both Table 2 and Table 3 provide pertinent data obtained from
the CGA and traditional genetic algorithms, respectively, for

the issue with route generation before. It is evident from these
tables that traditional genetic algorithms need an increasing
average number of generations to reach convergence as the
number of linkages rises, but CGAs are parameter insensitive,
meaning that the number of generations remains relatively
constant. Furthermore, traditional genetic algorithms often

smooth joints, but also reduces the number of generations
needed for convergence and, on average, uses almost half as
much time per generation as standard GA. Lastly, the study
examines how the convergence speed of the conventional and
CGAs for both manipulators is affected by the number of
knots along the provided route generating issue. Both methods
increase the number of knots from 20 to 100 in increments of
20. Table 4 shows the pertinent data using the normal genetic
algorithm for the 3R manipulator, whereas Table 5 shows the
data using the CGA. There is a clear correlation between the
number of knots along the Cartesian path and the average
number of generations needed for convergence using
conventional genetic algorithms, but CGAs show a nearly
constant average generational requirement independent of the
number of knots along the Cartesian path. In other words, the
standard genetic algorithm requires an additional 76-840
generations when the number of knots is raised from 20-100,
but the CGA only requires 50—78 generations.

4 Conclusion

Robot manipulators' inverse kinematics issue is solved using
CGA in this research. A comparison between the CGA and the
conventional GA revealed that the former produced joint paths
with numerous switching points in solutions involving non-
redundant manipulators, whereas the latter produced paths
with highly oscillatory dynamics, leading to extremely large
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net displacements in both systems. Giving thought to the
problems with the

traditional GA, the CGA operators (initialization phase,
crossover, mutation) were developed to maintain exceptional
accuracy throughout the Cartesian route and produce pathways
with smooth joints. The results show that the smoothness of
the joint pathways is most affected during the initiation phase.
Compared to the traditional GA, the CGA accomplishes
convergence much more quickly, both in terms of the average
execution time and the number of generations needed for
convergence.
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