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Abstract - With the rapid development of industrial automation, robotic arms play an increasingly
critical role in intelligent manufacturing. However, traditional control methods often suffer from
inadequate motion smoothness and low operational efficiency, which limits their performance in
high-precision applications. To address these issues, an integrated approach that combines
kinematic modeling with intelligent trajectory optimization is proposed. Specifically, the Denavit-
Hartenberg (D-H) method is used to establish an accurate kinematic model of a six-degree-of-
freedom robotic arm. Cubic B-spline curves are then employed for smooth local trajectory planning,
and a Genetic Algorithm (GA) is applied to globally optimize the path under kinematic constraints.
Experimental results demonstrate that the proposed method significantly enhances performance:
the total task time is reduced by 16.7% (from 4.2 s to 3.5 s), motion stability improves by 44.7%
(angular velocity standard deviation decreases from 0.38 rad/s to 0.21rad/s), and positioning
accuracy increases by 62.5% (end-effector error drops from +0.8 mm to +0.3 mm). Moreover, the
maximum acceleration is lowered by 62.4%, substantially reducing mechanical vibration. The
proposed framework provides a feasible and effective solution for high-precision motion control of
industrial robots, offering both smooth trajectories and improved operational efficiency.

Keywords: Industrial robotic arm; Kinematic modeling; D-H parameters; Trajectory optimization;

B-spline curve; Genetic algorithm.

1. Introduction

Industrial robotic arms, as the core equipment of
intelligent manufacturing, have a significant impact
on production efficiency and product quality due to
their motion control performance [1]. In the fields of
automobile manufacturing, electronic assembly,
logistics sorting, etc., robotic arms need to complete
high-precision positioning tasks to meet the
requirements of high-speed and smooth motion [2].
However, traditional robotic arm control methods
have problems such as uneven motion and low
efficiency in complex work scenarios, making it
difficult to meet the demands of modern intelligent
manufacturing for robot flexibility and intelligence
[3]- Therefore, optimizing industrial robotic arms is
of great significance for intelligent manufacturing
and production operations [4]. However, traditional
control methods often struggle to achieve a
satisfactory trade-off between smoothness, accuracy,
and efficiency in complex tasks. While advanced
techniques such as physical-informed neural
networks and reinforcement learning have been

explored, they frequently encounter challenges like
local optima traps and limited generalization
capability [5]. This gap necessitates a more robust
and interpretable approach that seamlessly
integrates precise kinematic modeling with
intelligent trajectory optimization. To address this,
the study proposes a novel, integrated framework.
First, the Denavit-Hartenberg (D-H) method is
employed to establish a precise kinematic model,
forming the foundational basis for accurate pose
calculation. Then, cubic B-spline curves are utilized
for local trajectory smoothing to ensure continuity in
velocity and acceleration. Finally, a Genetic
Algorithm (GA) is introduced to perform global
optimization of the B-spline control points, directly
minimizing objectives such as total execution time
and jerk wunder kinematic constraints. This
synergistic combination is novel in its systematic
integration and specific application to the defined
performance metrics. The proposed approach is
expected to significantly enhance motion
smoothness, operational efficiency, and positioning
accuracy for industrial robotic arms, thereby offering
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a reliable and effective solution for high-precision
automation tasks.

2. Related Work

Industrial robots are automated mechanical devices
used in manufacturing, which can execute repetitive,
high-precision, or high-intensity production tasks
through programming or remote control. Yang et al.
solved the positioning accuracy of industrial robots
with multi-source uncertainty. During the process,
uncertain parameters were combined to model as
finite variables, overcoming the dependence of
traditional probability methods on sample size and
creating a representation framework. The method
could effectively solve the positioning accuracy
analysis with multi-source uncertainty [6]. Sigron P
et al. built a calibration strategy to address the
insufficient absolute positioning accuracy in
industrial robots. The exponential product formula
was combined to achieve comprehensive
compensation for multi-source errors through single
parameter identification, and a unified kinematic
model was constructed. The proposed method could
solve the insufficient accuracy [7]. Shen W et al.
designed a new method to solve the low positioning
accuracy in industrial robots. A six-degree-of-
freedom kinematic model was designed by
combining D-H parameters and small displacement
spinor theory. The method could identify actual joint
errors in various poses [8]. Wang L et al. solved the
parameter coupling in traditional kinematic
calibration methods for industrial robots. A spatial
circle fitting method combining space vectors was
employed, and the Rodriguez formula was
innovatively introduced to solve the coupling ratio.
The method could solve the parameter coupling in
traditional kinematic calibration methods [9]. Selami
Y et al. developed a new system to address the
decreased positioning accuracy in industrial robots
caused by repetitive operations. A distance error
calibration model was established by combining 3D
positioning and zero offset of attitude sensors. The
method could optimize absolute position accuracy
[10].

The development of industrial robot path
planning technology has undergone significant
evolution from basic algorithms to intelligent
optimization. Scholars from many countries have
conducted in-depth research. For example, Dai Y et
al. proposed a new optimization method to handle
the low efficiency. This algorithm accelerated the
optimization process by introducing adaptive
convergence techniques and effectively avoided local
optimal traps by utilizing virtual obstacle
mechanisms [11]. Zou A et al. designed a path
planning strategy to handle the weak adaptability of
dynamic environments in robot path planning. This
method combined an optimized mayfly optimization

method to balance global search capability by
adaptively adjusting inertia weights and positive
attraction coefficients, while introducing a storage
mechanism to accelerate convergence. This method
could efficiently complete path planning [12]. Luo H
et al. developed a fusion strategy to address the
insufficient efficiency of multi-modal robot path
planning in intelligent logistics management. Multi-
dimensional path optimization was carried out by
constructing robot state structure data, considering
spatial layout and resource constraints. The method
provided an innovative solution for optimizing
intelligent logistics systems [13]. Abu N S et al.
developed a hybrid path planning strategy to handle
the insufficient efficiency of path planning. By
optimizing GA and combining it with Bezier curve
smoothing path, the performance of path planning
was effectively improved. The method could provide
an effective solution for path optimization of mobile
robots [14]. Zhang D et al. built a new hybrid path
planning strategy to deal with multi-objective path
planning. A dual layer cost grid diagram was
constructed to accurately simulate the
characteristics of the nuclear radiation environment.
The method performed outstandingly on stability
and total cost optimization [15].

Existing research has achieved some progress in
improving the positioning accuracy and path
planning of industrial robots, but there are still
limitations in their modeling and path planning, such
as lack of comprehensiveness and insufficient
intelligence. The D-H parameter method, cubic B-
spline curve method, and GA can address these
issues. Therefore, a path optimization method for
industrial robotic arms based on kinematic modeling
is proposed. This method can achieves high
smoothness and efficiency in path planning by
constructing an accurate robot kinematic model and
optimizing the motion trajectory. By integrating
kinematic modeling and path optimization
techniques, the positioning accuracy and path
planning efficiency of industrial robots can be
improved. This drives the development of
manufacturing automation towards higher precision
and stronger adaptability.

3. Methods
3.1. Construction of Industrial Robotic Arm
Model Based on Kinematics

Industrial robotic arms are the core equipment of
modern intelligent manufacturing. As the "hand" of a
robot or representing the entire robot body, it
performs a pivotal function by enhancing
productivity, maintaining the quality, reducing costs,
and improving the working environment [16]. As the
core executing mechanism in automated production,
the industrial robotic arm's control accuracy and
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operational efficiency are directly determined by its
kinematic model [17]. Therefore, constructing an
accurate kinematic model is fundamental. This study
builds this model using the D-H parameters, a
method chosen for its ability to standardize the
description of complex mechanisms through
geometric abstraction [18]. Figure 1 displays the
coordinates of the serial robotic arm.
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Figure 1: Coordinate the serial robotic arm

From Figure 1, the core function of the robotic
arm robotic arm is to ensure a clear positional
relationship between adjacent joint axes. The
characteristics of Connecting Rod (CR) a—1 are fully
represented by CR length d and torsion angle «,
where CR length d signifies the common normal
length of joint axes a1 and &, and torsion angle al
is the angle between joint axes d and a—1, and its
direction is defined as turning from axis d to axis i .
The corresponding sub-transformation is calculated
based on the motion coordinate system. Each
transformation needs to be applied sequentially in
the motion coordinate system and multiplied from
left to right to finally obtain the equation of the CR
coordinate system transformation, as shown in
equation (1).

T W

Rot(x,a, ) Trans(x,l,_)Rot(z,6,)Trans(z,d,)

In equation (1), T represents the transformation
matrix. Rot signifies rotation transformation. 7rans
represents translational transformation. / signifies
the CR length. x signifies the x -axis. z represents
the z -axis. The CR transformation is obtained from
equation (1), as shown in equation (2).

b, —s0, 0 a,,
. sca,, cOca,, —sa, —dsa,
i—1T = (2)
sOsa, , cbsa, , ca,, dca,,
0 0 0 1

In equation (2), c6, signifies the trigonometric

function of the rotation angle 8, of the 7 -th joint.

ca, , signifies the trigonometric function of the
torsion angle of the i—1-th CR. ¢, signifies the
length of CR i—1. d, signifies the offset of CR i . s

signifies the sin . In a joint type robotic arm, O is the
joint variable. By multiplying the transformations of
each CR, the transformation matrix is calculated, as
shown in equation (3).

T LT T =

0 1 n—1 (3)
1T(91)2T(‘92)"'n T(‘g,,)

In equation (3), 'T represents n joint variables.

By collecting real-time data output from various
joint position sensors, the variable parameter values
of the corresponding joints can be accurately
obtained, thereby dynamically solving the kinematic
model. This data-driven approach effectively
establishes a quantitative relationship between
physical sensor signals and joint motion states. The
quantitative relationship is shown in equation (4).

a0 a p|_|.R p
0 0 0 0 0 1 (4)
= T = T(0),T(6)*"T(,)

0

R
In equation (4), {"0 lj represents the

corresponding relationship between the pose of the
end CR and the joint angle. 'a signifies the a -axis of

the end coordinate system n. °p signifies the

position coordinates of the n . The forward
kinematics is based on the given joint angles to
determine the pose of the End Effector (EE). Forward
kinematics derivation is performed to establish D-H
parameter CR coordinate system, and find the
relationship between adjacent robotic arms, as
displayed in Figure 2.

Figure 2: D-H parameters are connected to the robotic
arm
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In Figure 2, when using the D-H parameter to
establish adjacent robotic arm coordinate systems
for a serial robotic arm, the pose transformation
between adjacent coordinate systems @ is
characterized by four ordered parameters. The
length bi of the CR is the distance between two
adjacent Z -axes along the positive direction of the
X —1-axis. The torsion angle gi of the CR is the
angle at which it rotates around the X —1 axis to
align the Z—1 and Z" axes. Joint offset ei refers to
the distance between two adjacent X -axes along the
positive direction of the Z -axis. Joint rotation angle
oi is the angle of rotation around the Z-1 that
aligns the X —1 and X axes. These parameters bi,
pi, ei, and oi describe pose relationships through
geometric transformations. The pose of the EE is
solved through forward kinematics derivation.
Inverse kinematics derives joint angles based on the
EE pose and converts them into controller outputs to
drive motors, which is crucial for precise control.
Given that the end tool is equivalent to the pose
matrix of the base coordinate system, the wrist point
relative to the base coordinate is obtained through
the transformation, as displayed in equation (5).

Wx = px _ath
w,=p,—al, (5)
Wz = pz _ath

In equation (5), w represents the result vector.
a represents the direction vector. L, represents the

tool length of the robotic arm. Next, the joint angle 1
is solved, as displayed in equation (6).

6, = arctan 2(w,,w, ) (6)

In equation (6), arctan2 represents the four
quadrant arctangent function. (w,,w,) represents

the two-dimensional vector component. The value of
the wrist point relative to the CR coordinate system
is obtained  through coordinate system
transformation, as presented in equation (7).

0 p— ]/,/ l/’/ p—
2 WX - | | - wz

gwy = |02W'| = wa +wy2 —a, (7)

In equation (7), jw, represents the vector
component of the x -axis. jw, represents the vector
component of the y -axis. |WIW| represents the

norm of vector W . The inverse kinematics robotic
arm is projected onto the vertical plane X202Y2
based on the CR coordinate system 2, as shown in
Figure 3.
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Figure 3: Coordinate system 2 plane projection

In Figure 3, the pose of the EE of the inverse
kinematics robotic arm reveals that the joint variable
angles are not unique, meaning that a pose point of
the EE may vary. According to the geometric
structure of the CR in Figure 3, the triangle rule can
be used to derive the angles, as shown in equation

(8).

ZAOW =

2
a,” +wy’ +(JWX2 + wy2 7a1) —a’-d’ (8)
2 2 2 2
2a,,|w, +(Jwi +w, —al)

In equation (8), ZAO,W represents the angle

arccos

between points 4, O,, and W . a,” signifies the

length of the CR. w,” signifies the offset distance.

There are two types of wrist joints in robotic arms:
high wrist and low wrist. According to their spatial
configuration, the calculation method is shown in
equation (9).

0, =0, +180°
0, = -0, (9)
0, =6,+180

In equation (9), 6, represents the transformed
angle. 0, represents the original angle. 180°

represents the fixed offset of the angle. Therefore, a
robotic arm model is constructed, and a D-H
parameter robotic arm coordinate system is
established through forward kinematics derivation.
Then, the pose of the inverse kinematics EE is solved
to form a complete kinematic industrial robot
robotic arm model.

3.2. Trajectory Optimization Method Based
on Kinematics of Robotic Arm

The constructed kinematic industrial robotic arm
model controls the joint angle and end pose function,
but the motion-based solely on this feature lacks
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accuracy and efficiency in trajectory. Therefore, the
motion trajectory is planned [19]. The trajectory
planning often has stationarity, and it can only stably
complete simple work tasks, while actual work
production is a fast and continuous process [20].
However, current research is usually based on
unilateral acceleration, thus ignoring the continuity
and smoothness of path optimization. The study
optimizes the motion trajectory planning based on
the robotic arm model. First, a schematic diagram of
the motion path for the production work is
constructed, as displayed in Figure 4.

Figure 4: The working motion path of the robotic arm
production

From Figure 4, the robotic arm grabs the material
from the initial point A, places the material on the
platform along the pathA-B—->C—-D - E - F,and
then returns to point A to wait for the next
instruction. The cubic B-spline curve is taken to plan
trajectories. This method is locally controllable and
can adjust local trajectories without affecting other
parts. The functional relationship is shown in
equation (10).

0,00 = X, (), + X,(K)V, w0
X, (KW, + X, (R,
In equation (10), V' represents the control point.
X (k) represents the basis function. k¥ represents
the parameter. In practical applications, the initial
and final velocities of the motion trajectories of each
joint are both zero, that is, £ =0, which can be
obtained as shown in equation (11).

6,0 ==V, +7, =0,
21 2 1 (11)
e.mfl(l) = _Emel +_V

2 m+1:O

In equation (11), é, represents the value of the

variable. V, represents a discrete number.

Traditional gradient-based optimizers often fail in
robotic path planning due to the non-smooth nature
of constraints (e.g., obstacle avoidance) and the
multi-modal landscape of the high-dimensional joint

space, struggling to find global optima. In contrast,
GA possess strong global search capabilities and
advantages in handling complex constraints,
effectively avoiding local optima. Therefore, GA is
introduced for the global optimization of the path
trajectory, as displayed in Figure 5.

\ Start \
v

\ Code \
v

| Initial population |

ﬂ Calculate fitness function ‘

Meet the optimal
selection criteria? Y
N v v
‘ Select Copy ‘ Save optimized
v individuals
‘ Cross mutation ‘
v ‘ end ‘
\ Purifying the population \
e |

Figure 5: The path trajectory optimization based on
GA

In Figure 5, the basic process of GA is as follows.
The algorithm starts from the initial population,
converts the problem solution into a processable
form through encoding, and then calculates the
individual fitness function to evaluate its quality.
Next, the algorithm determines whether the optimal
selection criteria are met. If so, the optimized
individual is saved and ended. If it is not met, a new
generation of population will be generated through
operations such as replication, cross mutation, and
population purification, and iterative optimization
will be carried out until the termination condition is
reached. The entire process gradually approaches
the optimal solution by simulating natural selection
and genetic mechanisms. The angular velocity is
shown in equation (12).

: | AR+ Ak+ A
Hl(k)=q_,= 1 2+A2 + 3 (12)
t  Bk™+B,k+B,

In equation (12), q_ represents the first
t
derivative difference of the variable. 4, and B,

represent the coefficients of a rational polynomial.
The derivative of variable K is calculated using
equation (12) to obtain the acceleration expression
of the trajectory curve, as displayed in equation (13).

£ (k)= (k)

{M M}U’q”]

(13)
dk ° dk
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In equation (13), ¢, (k) represents the mapping
defined at discrete points. %wi (k) represents the

difference between w, and discrete variables. The

derivative of variable K is solved using equation (13)
to obtain the third derivative of the trajectory curve,
which is the joint acceleration expression, as shown
in equation (14).

-3¢t +3q17 —q't't"
t'S

" q"'[’z
6,(k) = (14)

In equation (14), 6. represents the second-order

rate of change. k represents the discrete time of the

variable. ¢'t* represents the  higher-order

derivative of variable g with respect to the base

variable. After global optimization using GA, it is
combined with the constructed kinematic industrial
robotic arm model to construct a kinematic
industrial robotic arm path optimization model.
Figure 6 presents the optimized path.

Trajectory

Figure 6: Robotic arm path optimization

In Figure 6, the optimized path satisfies the
kinematic constraints. After GA time optimization,
the total running time of each joint is shortened and
the work efficiency is improved. The optimized
motion trajectory has increased, and its trajectory
path has become smoother. After establishing a D-H
parameter robotic arm coordinate system through
forward kinematics derivation, the pose of the EE in
inverse kinematics is solved to form a complete
kinematic industrial robotic arm model. Path
optimization utilizes the cubic B-spline curve
method to first plan it, and then introduces GA to
optimize its path trajectory, improving speed
efficiency.

4., Performance Verification of Path
Optimization Model for Kinematic
Industrial Robotic Arm

4.1. Performance Verification of Kinematic

Industrial Robotic Arm Model

To evaluate the performance of the Kkinematic
industrial robotic arm path optimization model, it is
compared with the traditional industrial robotic arm
(cylindrical coordinate type) model. The research
experimental data comes from the robotics toolbox
experimental data developed by the Australian
scientist Peter Corke in MATLAB software.

Basic parameters of robotic arm

Designation Parameter
Rated load 60KG
Work space volume 27.24m?
Maximum magnitude 2033mm

Ponderance 665KG
Repeat positioning accuracy  +0.05mm

Joint 1

Figure 7: The constructed kinematic robotic arm

In Figure 7, based on the parameters of the model
in the table above, the reliability of the model was
evaluated by comparing the model's constructibility,
the smoothness of joint parameter manipulation, and
the joint angular displacement, joint angular velocity,
and angular acceleration before and after path
optimization. The constructed robotic arm is a series
connected robotic arm with six rotating joints. The
first three joints can withstand large joint torques,
which determine the Cartesian spatial position of the
EE. The last three joints experience relatively small
joint torques and are mainly applied to adjust the EE
spatial posture, with moderate load capacity, which
can adapt to various complex work scenarios with
high cycle times. To comprehensively evaluate the
operation smoothness of various robotic arm
models, further tests are conducted on the models
through running trajectories and running speeds.
The results are shown in Figure 8.
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Figure 8: Running speed and running trajectory

Figure 8 (a) displays the motion trajectory in the
Y-Z plane, with a Y-axis range of 0.5m to 2m and a Z-
axis range of 0.5m to 1.5m, presenting a nonlinear
path and curved motion. The starting point was
located in the lower left corner at Y=0.5m and
Z=0.5m, the middle point was centered at Y=1.5m
and Z=1m, and the endpoint was located in the
upper right corner at Y=2m and Z=1.5m. Its running
trajectory was stable and smooth. According to
Figure 8 (b), the speed of the robotic arm varied with
time, with a time span of 0 to 2 seconds and a speed
range of 0 to 2m/s. The curve shows that the robotic
arm accelerated to a peak of 1.5m/s within 0-0.5
seconds, then the speed fluctuated and decreased,
and finally stopped at 2 seconds. Its acceleration and
deceleration process was stable. Overall, the
proposed robotic arm model has good operating
trajectory and speed, providing important support
for the robotic arm.

4.2. Path Optimization Verification of
Kinematic Industrial Robotic Arm Model

After verifying the operability, to further validate
the path optimization results, the study selected a
program written in MATLAB software for simulation

analysis. The joint angle displacement data before
and after path optimization were compared, as
shown in Figure 9.
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g N
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| )
= 40t
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0123 456 7 80910
Time (s)
(a) Displacement of each joint angle of
the robotic arm

- - } oint %
60 oint
Joint 3

Joint acceleration (°/s2)
/

012 34356780910
Time (s)

(b) Optimization of angular displacement

of each joint of the robotic arm

Figure 9: Comparison of joint angular displacement
before and after path optimization

Figure 9 (a) displays the angular displacement
range of Joints 2 and 3. Joint 2 varied between -20°
and 180°, while Joint 3 had a wider range of
activities, reaching -40° to 180° with more
pronounced  fluctuations, indicating  higher
requirements for motion load or flexibility. The
response time was linearly related to the amount of
data. When the amount of data was 3,000, the
response time was 76ms. From Figure 9 (b), the
optimized angle displacement had a smoother curve,
and extreme values such as the negative angle of
Joint 3 were suppressed. The motion range may be
constrained by the algorithm, and the overall trend
is closer to linear, reflecting the effectiveness of the
optimization algorithm in improving motion
smoothness, coordination, and safety. The
experimental results indicate that the optimization
process may reduce the mechanical vibration and
hardware overload by limiting the range of joint
motion, adjusting the motion trajectory. Afterwards,
to verify the changes in joint angular velocity during
the path optimization, a data comparison was made,
as presented in Figure 10.
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Figure 10: Path optimization joint angular velocity
comparison

Figure 10 (a) displays the initial angular velocity
variation curves of each joint. There were significant
velocity fluctuations and asynchronous phenomena
in the motion of each joint, indicating that there were
instability and coordination issues under the original
control strategy. Figure 10 (b) displays the angular
velocity curves of each joint after optimization
algorithm processing. The velocity changes were
smoother and more continuous, the synchronization
of joint movements was significantly improved, the
peak velocity was reasonably controlled, and the
overall motion trajectory presented Dbetter
coordination and stability. The F-optimization
improved the motion performance, eliminated speed
jump points, made the motion smoother, and
improved the accuracy of multi-joint collaborative
motion. Next, to verify the path optimization angular
acceleration of the kinematic robotic arm, the study
compared it with before optimization. The results
obtained are shown in Figure 11.

Time (s)
(a) Angular acceleration of each joint of
the robotic arm
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(b) Optimized angular acceleration of each
joint of the robotic arm

Figure 11: Comparison of path optimization angular
acceleration

Figure 11 (a) displays the raw angular
acceleration data of Joint 2 and Joint 3. The
horizontal axis signifies time (s) and the vertical axis
signifies total acceleration (%?%). There were
significant fluctuations and peaks in the acceleration
curves of both joints, indicating instability in the
original motion control. The acceleration amplitude
of Joint 3 was generally higher than that of Joint 2,
indicating that its dynamic response was more
intense. There were many sudden acceleration
points, which might lead to mechanical vibration and
energy loss. In Figure 11 (b), the optimized joint
angular acceleration curve was mainly improved in
that the acceleration curve was smoother,
eliminating the severe fluctuations in the original
data. The peak acceleration was effectively
suppressed, reducing by about 30%-40%. The
acceleration curves of the two joints exhibited better
synchronization and coordination. The above results
indicate that the optimized acceleration curve
significantly improves motion quality and trajectory
tracking accuracy while maintaining motion
performance. Finally, the kinematic robotic arm path
optimization angle and acceleration were verified
and compared with before optimization, as displayed
in Figure 12.
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Figure 12: Comparison of path optimization angle and
acceleration

In Figure 12 (a), there were fluctuations in the
acceleration curves of each joint, reflecting the
vibration risk of unoptimized motion control. The
acceleration amplitude varied greatly among
different joints, indicating uneven load or dynamic
distribution. As shown in Figure 12 (b), the
optimized angular acceleration curve was smoother,
with a significant decrease in peak values and a
tendency towards flattening. The acceleration
amplitude of each joint tended to be coordinated,
reflecting the optimized dynamic allocation. The
results show that the optimized joint angle
acceleration curve of the robotic arm is significantly
better in smoothness, peak suppression, and
coordination than before optimization, effectively
reducing motion impact and improving overall
control performance.

To rigorously evaluate the effectiveness and
originality of the proposed integrated framework (D-
H + B-spline + GA), a comparative analysis was
conducted against two representative baseline
methods: Baseline A (Traditional Method):
Trajectory planning using cubic B-spline curves
without global optimization (i.e., using only the

kinematic model for forward/inverse solution,
followed by simple B-spline interpolation). Baseline
B (Alternative Optimization): Trajectory
optimization using Particle Swarm Optimization
(PSO) instead of GA, while keeping the same D-H
model and B-spline parameterization, to isolate and
assess the contribution of the chosen optimization
algorithm. The same task and kinematic constraints
were applied to all methods. The comparative results
on key performance metrics are summarized in
Table 1.

Table 1: Performance comparison of the proposed
method with baseline approaches

Baseline , Proposed
Baseline B
Performance A Method
: . (PSO
Metric (B-spline Optimized) (GA
only) p Optimized)
Total Task
Time (s) 4.2 3.8 3.5
Angular
Velocity
Std. Dev. 0.38 0.25 0.21
(rad/s)
Max
Acceleratio 85 45 32
n (rad/s?)
Positioning
Error 0.8 0.5 0.3
(#mm)

Analysis of Results: Compared to Baseline A, the
proposed  method demonstrated significant
improvements across all metrics, proving that the
introduction of global optimization (GA) is crucial for
enhancing efficiency and smoothness beyond basic
smooth path planning. Compared to Baseline B (PSO),
the proposed GA-based method achieved faster
convergence (observed in iteration curves) and
better final performance, particularly in minimizing
acceleration and positional error. This suggests that
GA’s crossover and mutation operators are more
effective than PSO’s social-cognitive model in
exploring the complex, constrained search space
defined by the B-spline control points and kinematic
limits. These comparative results validate that the
novelty and effectiveness of the proposed approach
lie not merely in the combination of known
techniques, but in the specific, synergistic
integration where the GA is strategically applied to
optimize the parameters of a Kkinematically-
grounded, B-spline-defined trajectory, yielding
superior holistic performance.
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5. Conclusions

An innovative kinematic modeling and trajectory
optimization method was proposed for the motion
control problem of industrial robotic arms. A precise
kinematic model of a six-degree-of-freedom robotic
arm was established on the basis of the D-H,
achieving accurate description and solution of the EE
pose. The B-spline curve was used to ensure
trajectory continuity, and an improved GA was
combined for global optimization, effectively
avoiding the local optimization problem of
traditional methods. The performance of the
optimized robotic arm was comprehensively
improved. The time required to complete the same
task reduced from 4.2 seconds to 3.5 seconds,
resulting in a 16.7% increase in efficiency. In terms
of motion stability, the fluctuation of angular velocity
in each joint decreased by 44.7%, and the peak
acceleration of the second joint decreased by 37.2%,
significantly reducing mechanical vibration. The end
positioning error reduced from * 0.8mm to * 0.3mm,
and the attitude error reduced from *+ 0.5° to + 0.2°,
with an accuracy improvement of over 60%. In
terms of coordination, joint synchronization error
reduced by 58.3%, and the motion smoothness
significantly improved. The significance of this study
extends beyond the specific performance
improvements reported. First, the developed
framework validates the efficacy of hybrid model-
based and data-driven optimization in robotic
control, a promising direction for dealing with
complex, real-world constraints. In terms of
applicability, the method is particularly suited for
high-mix, low-volume manufacturing scenarios
where both flexibility and precision are paramount.
This study points to three important directions for
future research: (1) Introducing adaptive operators
or combining them with local search methods to
enhance the convergence speed and solution quality
of genetic algorithms; (2) Extending the kinematic
model to explicitly consider dynamic parameters and
joint flexibility to achieve trajectory optimization for
high-speed operation; (3) Integrating real-time
sensor feedback to construct a closed-loop adaptive
system to effectively cope with environmental
uncertainties. Addressing these challenges would
significantly advance the field towards more
intelligent and autonomous industrial robots.
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