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Abstract. Aiming at the problem of multi-objective path planning (MOPP) and dynamic obstacle
avoidance of manipulator in dynamic environment, this paper proposes a solution based on
hierarchical reinforcement learning (HRL) framework. Traditional path planning methods have some
problems in dynamic scenes, such as poor real-time performance, difficult to balance multi-objective
conflicts and insufficient adaptability to environmental changes. Therefore, this paper designs a two-
tier architecture including global path planning layer and local obstacle avoidance layer, which is
trained by Proximal policy optimization (PPO) and Soft Actor-Critic (SAC) algorithms respectively,
and achieves collaborative optimization through an efficient information exchange mechanism
between layers. At the same time, a multi-objective reward function based on dynamic weight
adjustment strategy is introduced. Fuzzy logic is used to adaptively balance the relationship among
path length, obstacle avoidance safety and energy consumption according to environmental
complexity. Combined with Long Short-Term Memory (LSTM), the trajectory of obstacles is predicted,
and the potential field method is further introduced to modify the obstacle avoidance reward, which
improves the real-time response ability and robustness of the algorithm in dynamic environment.
The experimental results show that the HRL-SAC-PPO method proposed in this paper shows
superior performance in both static and dynamic scenarios. In the static scene, the success rate of
this method reaches 100%, the average path length is shortened to 2.13m, no collision occurs, and
the energy consumption is reduced to 1.12 kJ, which shows a good multi-objective optimization effect.
In the dynamic scene, the trajectory error of obstacles predicted by LSTM is only 4.2%, and the safe
distance between the robot arm and obstacles is improved by 35%, which significantly enhances the
reliability of obstacle avoidance. In addition, the average decision delay of this method is only 11.3ms,
and the peak delay is 23ms, which is much lower than that of the contrast algorithm, showing
stronger real-time response ability. The ablation experiment further verified the key role of LSTM
trajectory prediction, dynamic weight adjustment and layered structure on the overall performance.
In the welding task verification of the real UR5 manipulator, the success rate of the system in dynamic
environment is 95.3%, the average path length is 3.41m, and the maximum joint acceleration is only
0.87 radian/s?, which is far below the safety threshold, indicating that the algorithm has good stability
and obstacle avoidance ability in practical application. The comprehensive performance comparison
shows that this method performs well in different industrial scenarios, and has stronger
environmental adaptability and comprehensive path planning ability.

Keywords: Multi-objective path planning; Dynamic obstacle avoidance; Manipulator; Reinforcement
learning; Hierarchical reinforcement learning; Proximal policy optimization; Soft actor-critic; LSTM.

1. Introduction

With the rapid development of industrial automation and intelligent manufacturing technology,
robotic arms are increasingly widely used in complex tasks such as assembly, handling and welding.
The traditional path planning method of manipulator has shown high efficiency in static environment,
but it has obvious limitations in dynamic scene. The dynamic environment requires the robot arm to
have real-time decision-making ability, which can quickly adjust the path to avoid obstacles and meet
the requirements of multi-objective optimization. However, traditional methods are difficult to
balance multi-objective conflicts and have poor adaptability to environmental changes, resulting in
low efficiency of task execution or potential safety hazards.

1405



Advances in Engineering Technology Research BEMSIC 2025
ISSN:2790-1688 Volume-14-(2025)

Reinforcement learning (RL) learns optimal strategies to achieve specific goals through the
interaction between agents and the environment [1]. In the path planning of manipulator, RL can deal
with the problems of continuous action space and high-dimensional state space, which is suitable for
complex dynamic environment [2]. For example, reference [3] proposed a robot path planning method
based on Q-learning algorithm, and realized the effective path planning of manipulator in static
environment by learning the value function of state-action pair. Multi-objective path planning (MOPP)
aims to optimize multiple objective functions at the same time, such as minimizing time, energy
consumption and path length [4]. There may be conflicts between these goals, so it is necessary to
find a balance point so that each goal can be optimized to some extent [5]. Multi-mode MOPP
problem (MMOPP) is a special case of MOPP, which requires finding all Pareto optimal paths from
the starting point, through several given key points, and finally to the end point [6]. Dynamic obstacle
avoidance algorithm enables the manipulator to adjust the path in real time to avoid obstacles [7].
The concepts and algorithms such as collision cone area, speed obstacle area and mutual speed
obstacle area are mentioned in the introduction of dynamic obstacle avoidance basic algorithm, which
are all important parts of dynamic obstacle avoidance algorithm [8]. RVO (Reciprocal Velocity
Obstacle) algorithm is a commonly used dynamic obstacle avoidance algorithm, which can realize
effective obstacle avoidance and path finding in multi-agent environment. The path planning method
of manipulator based on RL can deal with complex dynamic environment and multi-objective
optimization problems [9]. For example, reference [10] proposed an online trajectory planning
method based on depth RL, which was used to capture moving targets by a six-degree-of-freedom
space floating manipulator. In this method, the coupling characteristics of combined mechanics are
considered, and the kinematics and dynamics models of multi-rigid bodies are established.

Aiming at the MOPP and obstacle avoidance problem of manipulator in dynamic environment,
this paper systematically analyzes the existing problems of multi-objective conflict, insufficient real-
time and robustness of RL algorithm and low accuracy of environmental perception, and puts forward
a solution based on hierarchical RL framework. A double-layer architecture including global path
planning layer and local obstacle avoidance layer is innovatively constructed, and collaborative
optimization is realized through efficient information interaction mechanism between layers. At the
same time, a multi-objective reward function based on dynamic weight adjustment strategy is
designed, and the relationship between path length, obstacle avoidance safety and energy
consumption is adaptively balanced according to environmental complexity by fuzzy logic. In
addition, the LSTM network is combined to predict the trajectory of obstacles, and the potential field
method is introduced to modify the obstacle avoidance reward, thus improving the real-time response
ability and robustness of the algorithm in dynamic environment.

2. Design of MOPP algorithm based on RL

2.1 Hierarchical RL framework

In order to realize efficient path planning and real-time obstacle avoidance of robotic arm in
complex dynamic environment, this paper proposes a path planning architecture based on hierarchical
feedback learning (HRL) (as shown in Figure 1). The framework consists of two levels: global path
planning layer and local obstacle avoidance control layer, which are trained by PPO (Proximal Policy
Optimization) and SAC (soft actor-critical) algorithms respectively, in order to realize the
collaborative optimization of coarse-grained path generation and fine-grained motion control.
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Figure 1 Path planning architecture based on HRL

The global path planning layer (using PPO algorithm) is responsible for generating a rough path
from the starting point to the target point according to the static environment information [11]. Its
input includes initial pose s target pose s,,, and static obstacle map O and its output is a

start 2 static >

series of route point sequences P, = {pyDy.p,}» Which are used as phased navigation targets at

local level. The state space of this layer consists of the current joint states, , (6-dimensional joint
angle) of the manipulator, the target point coordinate s, (3-dimensional Cartesian coordinate) and

the static obstacle grid map O

static

(binary matrix). The action space is defined as the discrete path
point increment Ap , which contains the positive and negative offset along the x,y,z direction, and

is used to gradually adjust the path direction.
On the basis of the global path, the local obstacle avoidance control layer (using SAC algorithm)
combines the dynamic obstacle information O, (each obstacle includes four dimensions:

lynamic

position x,y andspeed v,,v, ) to continuously control each joint of the manipulator to ensure that
it moves steadily to the current path point p, while avoiding the dynamic obstacle [12-13]. The state
space of this layer consists of the current state s,, of the manipulator, the current target path point

p,; and the dynamic obstacle state O,

wnamic » ad the action space is a continuous joint angle increment
Ag €[-0.1,0.1]°, which ensures the smoothness and accuracy of the manipulator movement.

In order to achieve effective cooperation between the two layers, the system introduces the inter-
layer interaction mechanism. When the Euclidean distance between the current position of the
mechanical arm and the current target path point p, is less than the set threshold &=0.05m, the

global layer is triggered to re-plan the next path:
1 if

0 otherwise

- p, 0.05
Srob pl ||2 < m (1)

This mechanism improves the response ability of the system, makes the path planning adapt to the
dynamically changing environmental conditions, and realizes the organic unity of global path
guidance and local obstacle avoidance control.

trigger = {

2.2 Multi-objective reward function design

In order to achieve an effective trade-off among path length, obstacle avoidance safety and energy
consumption, this paper introduces a multi-objective reward function in RL framework, and combines
the dynamic weight fuzzy logic adjustment strategy, so that the algorithm can adaptively adjust the
priority of each objective according to the complexity of real-time environment.

The overall reward function is defined as:

Rtotal = WlRpath + W2qufe + WSRenerg) (2)
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Where w,,w,,w, represents the weight coefficients of path efficiency, obstacle avoidance safety

and energy consumption control respectively, and satisfies w, +w, + w; =1. The three sub-reward

functions are as follows:
Path length reward R, is used to guide the mechanical arm to move towards the target point,

which is defined as the negative Euclidean distance between the current position and the target point:
Rpath = _2’1 2 (3)
Where A, is the path weight coefficient, which controls the excitation intensity of the path

S rob s goal

approaching the target.
The obstacle avoidance safety reward R, measures the minimum distance between the

mechanical arm and the obstacle to improve the obstacle avoidance ability [14]. When the distance
d . between the mechanical arm and the nearest obstacle is less than the set safety threshold

mi

d, =0.2m, a greater punishment will be given. Otherwise, gradual punishment is carried out in the
form of exponential attenuation:

_’12 lf dmin < dth

safe = j, . (4)
-, exp(— k(dmin -d, )) otherwise

Where 4, controls the punishment intensity and £ 1is the attenuation coefficient, which ensures

that the punishment intensity can be quickly improved when approaching obstacles.
Energy consumption reward R measures the smoothness and energy consumption of joint

energy
motion of manipulator, and encourages small-amplitude motion;
Renergy = _2'3||Aq||2 (5)

Where Ag represents the joint angle increment corresponding to the current action, and 4,
controls the sensitivity to energy consumption.

In order to realize adaptive optimization in different task scenarios, this paper further proposes a
dynamic weight adjustment mechanism based on Fuzzy Logic Controller [15-16]. The mechanism
adjusts the value of w,,w,,w; in real time according to the complexity C of the current
environment:

Input variable: C = the number of dynamic obstacles /(1+average speed), and the environmental
complexity takes into account the obstacle density and activity. The larger the value, the more
complex the environment is.

Output variables: path efficiency weight w,, obstacle avoidance safety weight w, and energy

consumption weight w; .
Example of fuzzy rule base:
IF Cis High THEN w, 1(Give priority to ensuring obstacle avoidance safety)
IF C is Low AND \

approach)
IF C is Medium THEN w, 1(Focus on energy consumption optimization and smooth movement)

S, =S

ro

wa| 18 Large THEN w, f(Priority is given to accelerating path

3. Dynamic obstacle avoidance and real-time optimization

3.1 LSTM trajectory prediction module

In order to accurately estimate the future position of dynamic obstacles, this paper introduces the
Long Short-Term Memory (LSTM) as the trajectory prediction module. By learning the historical
movement data of obstacles, the module predicts their position and speed at the next moment, so as
to make obstacle avoidance decisions in advance.
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Specifically, the motion model of obstacles is expressed as:
Byois P = LSTM (v,. p, At 0) (©)

Wherev,, p, represents the speed and position of the obstacle at the current moment respectively;

At is the time step; 0 represents LSTM network parameters; The output includes the predicted

speed Verr and the predicted position Prt gt the next moment.
The mean square error loss function is used in the training process:

L [A’m _ptg-zl 5 (7)

Where p#| is the real observation position. By continuously optimizing this module, the ability

pred = ‘

of local obstacle avoidance layer to perceive the future obstacle state can be significantly improved,
thus improving the safety and foresight of path planning.

3.2 Potential field method to enhance obstacle avoidance reward

In order to further strengthen the robot arm's ability to avoid dynamic obstacles, this paper
introduces the idea of Artificial Potential Field into the local layer reward function of SAC algorithm,
and designs a repulsive force term R which is used to enhance the punishment of obstacle

repel >

avoidance at close range [17]. Its principle is shown in Figure 2.
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Figure 2 Schematic diagram of potential field method

It is defined as follows:

2

y I 1

Rrepel = 277 T fOI" di < dO (8)
i=1 di dO

Where 4, represents the distance from the mechanical arm to the ! dynamic obstacle;

dy =0.5m is the influence radius of potential field; 7~ 10
controls the punishment intensity.

The repulsive force term increases exponentially with the decrease of distance, forcing the
manipulator to stay away from the obstacle area, especially in complex and multi-obstacle scenes.
The reward function of the final local layer is:

Rge =R

o

is the repulsive force coefficient, which

tal + Rrepel (9)
Where R is the aforementioned multi-objective reward function, the combination of the two

enables the policy network to identify and avoid potential threats more effectively.

total

1409



Advances in Engineering Technology Research BEMSIC 2025
ISSN:2790-1688 Volume-14-(2025)

3.3 Real-time optimization strategy

In order to meet the real-time requirements of path planning in dynamic environment, this paper
puts forward several optimization measures from four aspects: algorithm structure, experience
playback mechanism, action space constraint and hardware acceleration.

(1) Local layer high frequency strategy update

The local obstacle avoidance layer adopts a higher frequency update strategy to adapt to the rapidly
changing environment. Specifically, the SAC strategy network is updated every 10ms to ensure the
rapid response to dynamic obstacles. The global path planning layer is updated every 100ms, which
reduces the calculation overhead on the premise of ensuring the rationality of the path.

(2) Priority experience playback mechanism

In order to improve the efficiency of strategy learning, this paper introduces Prioritized Experience
Replay in SAC framework, so that high-return or key experiences are given priority. Empirical
sampling probability is defined as:

)= 10)

Among them. R, isthe reward value of the experience in Article ?; a=0.6 controls the degree

of sampling deviation, and the larger the value, the more biased it is towards high reward experience.
This mechanism effectively improves the learning sensitivity of the strategy to important events and
accelerates the convergence speed.
(3) Motion space constraint and smooth control

In order to avoid the vibration or instability of the manipulator caused by frequent and large
movements, this paper imposes a hard constraint on the joint angle increment:

Ag, €[-0.1,0.1}rad ~ Vi=1,---,6 (11)

This restriction not only improves the motion stability of the manipulator, but also helps to prolong
the service life of the equipment.
(4) Heterogeneous computing acceleration

In order to improve the overall response speed of the system, this paper adopts heterogeneous
computing architecture and assigns different tasks to the most suitable computing units for execution.
The LSTM trajectory prediction module is deployed on the GPU to run, and its powerful parallel
computing ability is used to realize efficient prediction. The obstacle avoidance decision logic is
implemented on FPGA, and the response calculation can be completed within 10us, which greatly
improves the real-time performance. Through the co-optimization of software and hardware, the
system can complete the whole process from perception to decision-making within millisecond delay,
which significantly enhances its adaptability in high-speed dynamic environment.

4. Experiment and result analysis

4.1 Experimental environment and parameter setting

The experiment is based on URS5 manipulator platform, equipped with Realsense D435 depth
camera and NVIDIA Jetson AGX Xavier controller, and is conducted in the simulation environment
constructed by PyBullet physical engine (200Hz refresh rate) and ROS Noetic framework. The test
is divided into two scenarios: static environment contains 5 fixed obstacles, and dynamic environment
has 3-5 obstacles moving randomly at a speed of 0.1-0.5 m/s.

In terms of algorithm parameters, PPO adopts learning rate 3e-4 and GAE coefficient 4=0.95;
The reward coefficients of path, safety and energy consumption in SAC are
A4, =08,4,=1.5,4,=0.3 respectively; The LSTM network contains 64 hidden units, and the

prediction step size is 5. The comparison methods include traditional A*+APF algorithm and end-to-
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end DDPGRL method to verify the performance advantages of the hierarchical RL framework of
HRL-SAC-PPO proposed in this paper.

4.2 Analysis of experimental results

4.2.1 Verification of multi-objective optimization effect

The experimental results show that the HRL-SAC-PPO method proposed in this paper shows
superior multi-objective optimization performance in static scenes (as shown in Table 1). Compared
with traditional A*+APF and end-to-end DDPG algorithms, HRL-SAC-PPO performs better in
success rate, path length, collision rate and energy consumption. The success rate reaches 100%, the
average path length is shortened to 2.13m, and no collision occurs, and the energy consumption is
reduced to 1.12kJ, which reflects its good balance between path efficiency, safety and energy saving.

Table 1 Static scene performance comparison (5 obstacles)

Algorithm Success rate  Path length (m) Collision efficiency Energy consumption (kJ)

A*+APF 92% 2.67 8% 1.48
DDPG 85% 2.81 15% 1.62
HRL-SAC-PPO 100% 2.13 0% 1.12

4.2.2 Dynamic obstacle avoidance ability verification

The visualization results of 3D trajectory in Figure 3 show that this method (green trajectory) can
avoid dynamic obstacles more safely than DDPG (blue trajectory), and the error of the obstacle
trajectory (red) predicted by LSTM is only 4.2% (the prediction time is 0.5s). After the reward is
corrected by combining the potential field method, the safe distance between the robot arm and the
obstacle is improved by 35%, which significantly enhances the reliability of obstacle avoidance.
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Figure 3 Three-dimensional trajectory visualization
4.2.3 Real-time verification

The results of real-time verification in Table 2 show that the HRL-SAC-PPO method proposed in
this paper is significantly superior to the comparison algorithm in computational performance, with
an average decision delay of only 11.3ms and a peak delay of 23ms, which is much lower than that
of A*+APF and DDPG, showing stronger real-time response capability and being suitable for path
planning tasks in high-speed dynamic environment.

As can be seen from Figure 4, the histogram of delay distribution shows that thanks to the
acceleration of local layer SAC algorithm by FPGA, its decision delay is always controlled below
15ms, while the update frequency of global layer is only one eighth of that of local layer, which
effectively reduces the overall calculation burden and realizes an efficient and collaborative
hierarchical planning mechanism.

Table 2 Computational performance comparison
Algorithm Average decision delay (ms) Peak delay (ms)
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A*+APF 46.2 127
DDPG 28.5 65
HRL-SAC-PPO 11.3 23

A*+APF (Avg:46.2ms)
DDPG (Avg:28.5ms)
HRL-SAC-PPO (Avg:11.3ms)
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Figure 4 Delay distribution histogram
4.2.4 Analysis of ablation experiment
Table 3 Ablation experiments show that the complete system shows the best performance with a
success rate of 98% and a collision rate of 1% in the dynamic scene. In contrast, the configuration
that removes LSTM prediction, adopts fixed weight reward or single-layer architecture (SAC only)
obviously reduces the success rate, path length and security, which shows that LSTM trajectory
prediction, dynamic weight adjustment and hierarchical structure in this method play a key role in
improving the overall performance.
Table 3 Modular ablation research (dynamic scene)

Deploy Success Path length Collision efficiency
Holonomic system 98% 2.5Im 1%
Remove LSTM prediction 83% 2.87m 17%
Fixed weight reward 91% 2.73m 9%
Single-tier architecture (SAC only) 76% 3.12m 24%

4.3 Physical platform verification

In the welding task verification on the URS real robotic arm, the system completed 100 path
planning tests in a dynamic environment containing 2 moving conveyor belts and 4 fixed obstacles,
with a success rate of 95.3%. The average path length was 3.41 + 0.23m, and the maximum joint
acceleration was only 0.87 rad/s?, far below the safety threshold. The trajectory heatmap shows
smooth motion of the robotic arm and no abrupt changes in densely distributed areas, indicating that
the algorithm has good stability and obstacle avoidance ability in practical applications (see Figure
5).
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Figure 5 Typical motion trajectory thermogram

4.4 Comprehensive performance comparison

The comprehensive performance comparison in Table 4 shows that, in the adaptability evaluation
of different industrial scenarios, the proposed method (HRL-SAC-PPO) performs well in the
environments of assembly tasks, warehouse picking and narrow space maintenance, and all the
scenarios meet the "completely satisfied" standard (@ @ @), while A*+APF and DDPG have
different degrees of functional loss or performance degradation in the more complex scenarios,
indicating that the proposed method has stronger environmental adaptability and comprehensive path
planning ability.

Table 4 Adaptability evaluation of industrial scene

Scene type Number of obstacles A*+APF DDPG Ours
Assembly task 3 static +2 dynamic o0 o0 00
Warehouse picking 8 static +4 dynamic () o0 900
Narrow space maintenance 6 static +1 dynamic (] 900
Note: @ @ @ : Fully satisfied; @ @ ( ): Basic satisfaction; @ :  Partially
satisfied; :  Unable to complete.

5. Conclusion

In this paper, a solution based on HRL framework is proposed to solve the MOPP and obstacle
avoidance problems of manipulator in dynamic environment. By constructing a two-layer architecture
including global path planning layer and local obstacle avoidance layer, and designing a multi-
objective reward function based on dynamic weight adjustment strategy, we successfully achieved an
effective trade-off among path length, obstacle avoidance safety and energy consumption. In addition,
LSTM is combined to predict the trajectory of obstacles, and the potential field method is introduced
to modify the obstacle avoidance reward, which further improves the real-time response ability and
robustness of the algorithm in dynamic environment. Experimental results show that the proposed
HRL-SAC-PPO method shows superior performance in both static and dynamic scenarios. In the
static scene, this method is superior to the traditional A*+APF and end-to-end DDPG algorithms in
success rate, path length, collision rate and energy consumption, achieving a 100% success rate,
shortening the average path length to 2.13m, avoiding collision and reducing the energy consumption
to 1.12kJ. In the verification of dynamic obstacle avoidance ability, HRL-SAC-PPO method can
avoid dynamic obstacles more safely. After combining LSTM prediction and potential field method
correction, the safe distance keeping rate between the robot arm and obstacles is improved by 35%,
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which significantly enhances the reliability of obstacle avoidance. In the real-time verification, the
average decision delay of HRL-SAC-PPO method is only 11.3ms, and the peak delay is 23ms, which
is much lower than the contrast algorithm, showing stronger real-time response ability. The ablation
experiment further demonstrated the key role of LSTM trajectory prediction, dynamic weight
adjustment, and hierarchical structure in improving overall performance. Physical platform
verification shows that in the welding task on the URS5 real robotic arm, the system has a success rate
01 95.3% when facing a dynamic environment containing moving conveyor belts and fixed obstacles.
The average path length is 3.41 + 0.23m, and the maximum joint acceleration is only 0.87 rad/s 2, far
below the safety threshold. This proves the stability and obstacle avoidance ability of the algorithm
in practical applications. The HRL based MOPP and dynamic obstacle avoidance algorithm proposed
in this article demonstrate excellent performance in multi-objective optimization, dynamic obstacle
avoidance, and real-time performance. It has strong environmental adaptability and comprehensive
path planning capabilities, providing effective technical support for the application of robotic arms in
industrial automation.
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