E applied sciences

Special Issue Reprint

Motion Control for Robots
and Automation

Edited by
Yi Fang, Yuxin Sun and Dongfang Liu

mdpi.com/journal/applsci

WVI\DPI

F




Motion Control for Robots and
Automation






Motion Control for Robots and
Automation

Guest Editors

Yi Fang
Yuxin Sun
Dongfang Liu

F
rM\D\Py Basel o Beijing ¢ Wuhan e Barcelona e Belgrade e Novi Sad e Cluj e Manchester
/



Guest Editors

Yi Fang

School of Automation and
Intelligent Sensing

Shanghai Jiao Tong University
Shanghai

China

Editorial Office

MDPI AG
Grosspeteranlage 5
4052 Basel, Switzerland

Yuxin Sun

School of Mechanical
Engineering

Shanghai Jiao Tong University
Shanghai

China

Dongfang Liu

Kate Gleason College of
Engineering

Rochester Institute of
Technology

Rochester

USA

This is a reprint of the Special Issue, published open access by the journal Applied Sciences

(ISSN 2076-3417), freely accessible at: https://www.mdpi.com/journal/applsci/special_issues/

C4NAS54Z4F6.

For citation purposes, cite each article independently as indicated on the article page online and as

indicated below:

Lastname, A.A.; Lastname, B.B. Article Title. Journal Name Year, Volume Number, Page Range.

ISBN 978-3-7258-7655-6 (Hbk)
ISBN 978-3-7258-7656-3 (PDF)

https://doi.org/10.3390/books978-3-7258-7656-3

© 2026 by the authors. Articles in this reprint are Open Access and distributed under the Creative
Commons Attribution (CC BY) license. The reprint as a whole is distributed by MDPI under the terms
and conditions of the Creative Commons Attribution-NonCommercial-NoDerivs (CC BY-NC-ND)

license (https:/ /creativecommons.org/licenses/by-nc-nd /4.0/).



Contents

Aboutthe Editors . . . . . . . . . . . vii

Yi Fang, Yuxin Sun and Dongfang Liu
Motion Control for Robots and Automation
Reprinted from: Appl. Sci. 2026, 16, 3560, https:/ /doi.org/10.3390/app16073560 . . . . ... .. 1

Qianyou Zhao, Le Gao, Duidi Wu, Xinyao Meng, Jin Qi and Jie Hu

E-GTN: Advanced Terrain Sensing Framework for Enhancing Intelligent Decision Making of
Excavators

Reprinted from: Appl. Sci. 2024, 14, 6974, https:/ /doi.org/10.3390/app14166974 . . . . . . . .. 6

Nengkai Wu, Dongyao Jia, Ziqi Li and Zihao He
Trajectory Planning of Robotic Arm Based on Particle Swarm Optimization Algorithm
Reprinted from: Appl. Sci. 2024, 14, 8234, https:/ /doi.org/10.3390/app14188234 . . . . ... .. 20

Ruiao Zou and Nan Wang

Imbalanced Data Parameter Optimization of Convolutional Neural Networks Based on Analysis

of Variance

Reprinted from: Appl. Sci. 2024, 14, 9071, https:/ /doi.org/10.3390/app14199071 . . . . ... .. 36

Yu Guo, Ziyi Cheng, Yuanlong Zhang, Gaoxuan Wang and Jundong Zhang

Study on Image Classification Algorithm Based on Multi-Scale Feature Fusion and Domain
Adaptation

Reprinted from: Appl. Sci. 2024, 14, 10531, https:/ /doi.org/10.3390/app142210531 . . . . . . .. 62

Binqing Cai, Zhukai Ye, Shiwei Chen and Xun Liang
Reducing Safety Risks in Construction Tower Crane Operations: A Dynamic Path Planning Model
Reprinted from: Appl. Sci. 2024, 14, 10599, https:/ /doi.org/10.3390/app142210599 . . . . . . .. 82

Xining Cui, Yi Fang and Chaochen Gu
Residual Vibration Reduction in Flexible Systems Based on Trapezoidal Velocity Profiles
Reprinted from: Appl. Sci. 2025, 11, 1791, https:/ /doi.org/10.3390/app15041791 . . . .. .. .. 102

Kai Wang, Jinnan Lu and Haodong Zhou

Employing Fuzzy Adaptive and Event-Triggered Approaches to Achieve Formation Control of
Nonholonomic Mobile Robots Under Complete State Constraints

Reprinted from: Appl. Sci. 2025, 15, 2827, https:/ /doi.org/10.3390/app15052827 . . . . ... .. 125

Tymon F. Wawrzyniak, Ignacy D. Ortowski and Marek A. Galewski
Three-Dimensional Path-Following with Articulated 6DoF Robot and ToF Sensors
Reprinted from: Appl. Sci. 2025, 15, 2917, https:/ /doi.org/10.3390/app15062917 . . . . .. . .. 143

Weijie Liu, Miao Jia, Shuo Zhang, Siyu Zhu, Jin Qi and Jie Hu

A Lightweight TA-YOLOv8 Method for the Spot Weld Surface Anomaly Detection of Body in
White

Reprinted from: Appl. Sci. 2025, 15, 2931, https:/ /doi.org/10.3390/app15062931 . . . . ... .. 168

Xinrui Liu, Rutao Wang and Zongsheng Wang
Research on a Point Cloud Registration Method Based on Dynamic Neighborhood Features
Reprinted from: Appl. Sci. 2025, 15, 4036, https:/ /doi.org/10.3390/app15074036 . . . . .. . .. 188



Sen Yan, Yanping Zhu, Wenlong Chen, Jianqgiang Zhang, Chenyang Zhu and Qi Chen

Dynamic Obstacle Avoidance for Robotic Arms Using Deep Reinforcement Learning with Adaptive
Reward Mechanisms

Reprinted from: Appl. Sci. 2025, 15, 4496, https:/ /doi.org/10.3390/app15084496 . . . . ... .. 203

Yixiang Hu, Daxue Liu, Jinhong Li, Junxiang Li and Tao Wu

Multi-Robot Task Allocation with Spatiotemporal Constraints via Edge-Enhanced Attention
Networks

Reprinted from: Appl. Sci. 2026, 16, 904, https://doi.org/10.3390/app16020904 . . . . ... ... 220

Rong Zhang, Jianjun Qin, Luyang Wang and Guotong Li

Deep Reinforcement Learning-Based Water Jet Control for Robotic Manipulators Using an Improved
Experience Replay Mechanism

Reprinted from: Appl. Sci. 2026, 16, 3099, https:/ /doi.org/10.3390/app16063099 . . . .. .. .. 246

Junwoo Lee, Seunghwa Oh and Jungwon Seo
Manipulation Models for Robotic High-Arc Object Transfer and Their Implementation
Reprinted from: Appl. Sci. 2026, 16, 3205, https://doi.org/10.3390/app16073205 . . .. ... .. 267

Hua Chen, Xiaogang Xiong, Koki Honda, Shouta Okunami and Motoji Yamamoto
FES Control of a Finger MP Joint with a Proxy-Based Super-Twisting Algorithm
Reprinted from: Appl. Sci. 2024, 14, 4905, https:/ /doi.org/10.3390/app14114905 . . . . ... .. 286

vi



About the Editors

Yi Fang

Yi Fang received an Engineer’s degree in mechanical systems engineering from the Université
de Technologie de Compiegne, France, in 2014, and a Ph.D. degree in mechanical engineering from
Shanghai Jiao Tong University, Shanghai, China, in 2020. His research interests include robot motion
planning, vibration control, bioinspired design, and multi-objective optimization. From 2024 to 2026,
he was a Postdoctoral Fellow with the Department of Electronic Engineering, The Chinese University
of Hong Kong, Hong Kong, supported by the Hong Kong Scholars Program. He is currently a
Postdoctoral fellow with the School of Automation and Intelligent Sensing, Shanghai Jiao Tong
University, Shanghai, China.

Yuxin Sun

Yuxin Sun received a B.E. degree in mechanical engineering from Sichuan University, Chengdu,
China, in 2012, and a Ph.D. degree in mechanical engineering from Shanghai Jiao Tong University,
Shanghai, China, in 2017. He is currently an Associate Professor with the Meta Robotics Institute,
Shanghai Jiao Tong University. His current research interests include intelligent manufacturing, fault

diagnosis, and robotics.

Dongfang Liu

Dongfang Liu is presently an Assistant Professor in the Department of Computer Engineering
at the Rochester Institute of Technology (RIT). He obtained his Ph.D. from Purdue University in
2021. Dr. Liu’s scholarly pursuits revolve around artificial general intelligence (AGI), guided by a
broader mission to cultivate versatile Al systems that effectively tackle pressing societal dilemmas.
His scholarly endeavors have garnered substantial acclaim, as evidenced by the endorsement of his
research by the National Science Foundation (NSF). Throughout his academic trajectory, Dr. Liu has
made significant contributions to the Al field, a fact underscored by his prolific publication record. His
work has been published in distinguished conferences, including CVPR, ECCV, ICCV, ICLR, NeurlPS,
ICML, AAAL IJCAIL ACL, EMNLP, WWW, IROS, among several others.

vii






E applied sciences ﬁw\p\py

Editorial
Motion Control for Robots and Automation

Yi Fang 1'*, Yuxin Sun 2 and Dongfang Liu 3

School of Automation and Intelligent Sensing, Shanghai Jiao Tong University, Shanghai 200240, China
School of Mechanical Engineering, Shanghai Jiao Tong University, Shanghai 200240, China
Department of Computer Engineering, Kate Gleason College of Engineering, Rochester Institute of
Technology, Rochester, NY 14623, USA

*  Correspondence: apocalypse@sjtu.edu.cn

1. Introduction

Motion control constitutes one of the most fundamental aspects of robotics and au-
tomation engineering. The ability to generate, execute, and regulate the motion of robotic
mechanisms determines the performance of systems, ranging from precision industrial ma-
nipulators to autonomous mobile platforms operating in unstructured environments [1,2].
Manufacturing processes demand higher throughput with tighter tolerances, construction
operations move toward automation for improved safety, and rehabilitation systems re-
quire precise actuation of human joints; the field of motion control continues to evolve in
both breadth and technical depth to meet these needs [3,4].

The classical foundations of robotic motion control rest on well-established principles
of kinematics, dynamics, and feedback control theory. Interpolation-based trajectory
planning, proportional-integral-derivative (PID) regulation, and model-based optimal
control have served the robotics community for decades and remain indispensable in
many practical applications [5]. However, the growing complexity of modern robotic
tasks has motivated the development of more advanced approaches. Sliding mode control
and its higher-order variants offer robustness against model uncertainties and external
disturbances [6]. Optimization-based methods, including metaheuristic algorithms such
as particle swarm optimization (PSO) and genetic algorithms, provide powerful tools for
addressing trajectory planning problems with complex constraints [7]. Event-triggered
and adaptive control architectures reduce communication and computation overhead in
networked multi-robot systems [8].

In parallel, the rapid progress of artificial intelligence has introduced new capabilities
into the motion control pipeline. Deep reinforcement learning enables robots to acquire
manipulation and navigation skills through trial-and-error interaction with their envi-
ronments, bypassing the need for explicit analytical models [9]. Convolutional neural
networks and their variants have become standard tools for visual perception tasks that in-
form motion planning decisions, including object detection, defect classification, and scene
understanding [10]. Graph neural networks and attention mechanisms are finding applica-
tion in combinatorial optimization problems such as multi-robot task allocation [11]. The
convergence of these data-driven techniques with established control-theoretic methods
represents a defining trend in contemporary robotics research [12].

This Special Issue, entitled “Motion Control for Robots and Automation,” was es-
tablished to capture recent advances across this evolving landscape. The fifteen research
contributions collected here address topics spanning trajectory planning and vibration
suppression, advanced control strategies for diverse robotic platforms, path planning and
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safety-oriented automation, environmental perception and quality inspection, and data-
driven methods for visual intelligence. The contributing works involve a broad range of
application domains, including industrial manufacturing, construction machinery, rehabili-
tation engineering, multi-robot coordination, and autonomous excavation. The following
sections provide an overview of the published articles and conclude with a discussion of
emerging themes and future research directions.

2. An Overview of Published Articles

Trajectory planning and vibration suppression in industrial robotic applications form
the first thematic cluster. The challenge of optimizing S-shaped velocity profiles for robotic
arms was taken up by Wu et al. [13], who presented a robot trajectory planning particle
swarm optimization (RTPPSO) technique incorporating adaptive weight strategies and ran-
dom perturbation terms to overcome premature convergence. Simulation results confirmed
improved acceleration characteristics and reduced execution times relative to standard
particle swarm optimization and genetic algorithm methods. Residual vibration during
high-speed motion of lightweight industrial components motivated the analytical study
of Cui et al. [14], in which two vibration suppression conditions for trapezoidal velocity
profiles were derived from the relationship between acceleration switching times and
system natural periods. Experiments on two robot manipulators demonstrated vibration
reductions exceeding 90% without requiring controller modifications. A rather different
motion paradigm was explored in [15], where Lee et al. developed non-prehensile dy-
namic manipulation techniques for rapid object transfer. Two complementary methods,
a two-fingered scoop-and-flick and a one-fingered topple-and-flick, were validated on a
custom platform, showing that impulsive contact interactions can achieve accurate high-arc
transfers as efficient alternatives to conventional grasp-based operations.

Advanced control strategies for diverse robotic platforms constitute the second group
of contributions. To address the challenge of servo control for finger joint rehabilita-
tion through functional electrical stimulation, Chen et al. [16] developed the proxy-based
super-twisting algorithm, which effectively prevents integrator windup during actuator
saturation. The algorithm was implemented on Arduino hardware with an implicit Eu-
ler method to suppress numerical chattering, and experiments with human volunteers
confirmed superior tracking accuracy over conventional methods. Formation control of
multiple nonholonomic mobile robots under full-state constraints was the focus of [17],
where Wang et al. combined fuzzy logic approximation of unknown dynamics with barrier
Lyapunov functions and a backstepping framework. Their event-triggered communica-
tion mechanism achieved an 88.17% resource-saving rate for a four-robot group while
maintaining bounded formation tracking errors. Reinforcement learning provides the
methodological foundation for the next two contributions. Yan et al. [18] tackled obstacle
avoidance for robotic arms by integrating inverse-kinematics-guided exploration with
an adaptive reward function, achieving faster convergence and higher success rates than
standard soft actor—critic (SAC) and deep deterministic policy gradient (DDPG) in dynamic
environments. The problem of controlling a manipulator to direct water jets at target posi-
tions was addressed in [19] through Goal-Priority Hindsight Experience Replay (GPHER),
a method that dynamically adjusts sampling priorities based on goal-space distance to
improve performance in difficult boundary regions of the workspace.

Path planning and safety-oriented automation represent another important thread run-
ning through the collection. Recognizing the risk that dropped loads pose to ground work-
ers during tower crane operations, Cai et al. [20] developed a dynamic path planning model
that combines You Only Look Once version 8 (YOLOVS) instance segmentation with an im-
proved dynamic window approach, validated on actual construction sites. The concept of
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line-following was extended into three-dimensional space by Wawrzyniak et al. [21], who
equipped an articulated 6-Degrees-of-Freedom (DoF) robot with six low-cost Time-of-Flight
(ToF) sensors and achieved reliable centimeter-level accuracy with minimal computa-
tional overhead. In the domain of multi-robot coordination, Hu et al. [22] formulated the
task allocation problem under spatiotemporal and spatial constraints as an asynchronous
Markov Decision Process (MDP) over a directed heterogeneous graph and proposed the
Edge-Enhanced Attention Network (E2AN), whose encoder incorporates edge attributes
reflecting actual path costs under obstacles.

Environmental perception and quality inspection also received significant atten-
tion. A notable contribution to terrain sensing for autonomous excavation came from
Zhao et al. [23], who introduced a framework that processes Light Detection and Ranging
(LiDAR) point clouds through a custom GridNet to extract terrain features informing a
reinforcement learning agent. Surface anomaly detection on spot welds in automotive pro-
duction was the subject of [24], where Liu et al. proposed improved YOLOVS incorporating
task-aligned detection heads and cross-scale feature fusion alongside a balanced genera-
tive adversarial network (GAN) for data augmentation. Efficient point cloud registration
under varying data density conditions was investigated by Liu et al. [25], who presented
a method based on dynamic neighborhood features that adapts the neighborhood radius
to local geometry, achieving competitive accuracy across standard benchmark datasets.
Finally, two contributions addressed the optimization of visual intelligence methods from
complementary angles: Zou and Wang [26] systematically optimized convolutional neural
network (CNN) parameters for imbalanced image classification through analysis of vari-
ance with fractional factorial design, while Guo et al. [27] integrated multi-scale feature
extraction with adversarial domain adaptation in their multi-scale, multi-channel Taylor
adversarial domain adaptation network (MMTADAN) algorithm for cross-domain image
classification.

3. Conclusions

The fifteen articles collected in this Special Issue reflect both the breadth and the
depth of contemporary research in robotic motion control. Several themes cut across
the individual contributions. Classical control and analytical optimization methods con-
tinue to provide reliability and formal guarantees, while reinforcement learning and neu-
ral networks contribute adaptability to complex, unmodeled dynamics. Computational
efficiency is a recurring concern, evidenced by embedded platform implementations,
lightweight network architectures, and event-triggered communication strategies. Safety
has emerged as a prominent design objective, particularly in construction and human-robot
coexistence scenarios where vision-guided dynamic path planning shows considerable
promise. Multi-robot coordination is advancing toward richer environmental representa-
tions that go beyond Euclidean distance assumptions to capture the true spatial structure
of operating environments.

Several open questions merit further investigation. Reliable sim-to-real transfer of
learned policies, extension to scenarios involving deformable objects and unstructured
outdoor environments, and the potential integration of foundation models and large
language models into robotic planning pipelines all represent promising research frontiers.
Equally important, as robotic systems increasingly share workspaces with humans, research
on safety verification, ethical governance, and user trust will be essential for translating
laboratory achievements into dependable real-world deployments. We hope this Special
Issue offers useful perspectives for researchers and engineers advancing the science and
practice of motion control in robotics and automation.
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Abstract: The shift towards autonomous excavators in construction and mining is a significant leap
towards enhancing operational efficiency and ensuring worker safety. However, it presents challenges,
such as the need for sophisticated decision making and environmental perception due to complex
terrains and diverse conditions. Our study introduces the E-GTN framework, a novel approach
tailored for autonomous excavation that leverages advanced multisensor fusion and a custom-
designed convolutional neural network to address these challenges. Results demonstrate that GridNet
effectively processes grid data, enabling the reinforcement learning algorithm to make informed
decisions, thereby ensuring efficient and intelligent autonomous excavator performance. The study
concludes that the E-GTN framework offers a robust solution for the challenges in unmanned
excavator operations, providing a valuable platform for future advancements in the field.

Keywords: excavator automation; point cloud; reinforcement learning; terrain feature extraction

1. Introduction

Excavators, the backbone of construction, mining, and infrastructure projects, are tran-
sitioning from being manually operated to becoming autonomous as part of digitization and
intelligentization in the construction machinery industry [1]. This shift towards unmanned
excavation is not just a leap in operational efficiency and production capacity, especially in
the mining sector, but also a step forward in worker safety by reducing exposure to haz-
ardous conditions. However, the transition to unmanned systems introduces considerable
challenges, as the current reliance on expert experience and dynamic programming for
trajectory planning is limited by their inability to match the efficiency of manual excavation
and their poor adaptability to diverse environmental conditions and soil types [2].

The challenges of unmanned excavation are multifaceted, involving the intricacies
of data complexity and the need for robust and reliable operations [3]. Excavators must
navigate complex terrains, adapt to varying excavation areas, and integrate a wealth of
mechanical and sensor data to accurately perceive and respond to their environment [4].
Discrepancies between virtual simulations and real-world scenarios necessitate careful
data sampling and raise issues of integration among simulation platforms, control systems,
and reinforcement learning algorithms. These complexities can lead to overfitting and a
degradation in performance, underscoring the need for advanced solutions that can handle
the sophisticated decision making and environmental perception required for effective
unmanned excavator operations [5].

Addressing key gaps in autonomous excavation, we identify:

1. Terrain Adaptability: Autonomous systems lack flexibility, falling short in efficiency
compared to manual excavation.

2. Simulation—Reality Discrepancy: Complex environmental methods struggle with
overfitting due to differences between simulations and actual conditions.
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3. Static Decision Models: Existing systems need dynamic decision making to adapt in
real-time to environmental changes.

To address these challenges, we designed the E-GTN framework. It is a specialized
pipeline designed for the autonomous mining domain, focusing on terrain information
extraction related to reinforcement learning tasks in unmanned mining operations.The
E-GTN framework first uses LIDAR to capture raw point cloud data to reconstruct terrain
features in multiple ways. The terrain feature extraction module is the core of the E-GTN
framework and utilizes a convolutional neural network for advanced feature extraction.
Our customized GridNet proficiently processes grid data to extract key terrain features
that contribute to reinforcement learning tasks in autonomous mining. Finally, the decision
module utilizes the features extracted by the GridNet to inform the reinforcement learning
algorithm, ensuring efficient and intelligent autonomous excavator operation. E-GTN
ensures a smooth transition from data collection to extraction for terrain features, simplify-
ing the entire process. The operational environment awareness technology provides the
necessary technical support for the next path generation worker, which is the precursor of
the excavation trajectory generation technology.

Our main contributions are as follows:

1. We introduce advanced multisensor fusion for terrain environment reconstruction
within the E-GTN framework, significantly enhancing the terrain’s geometric repre-
sentation and laying the groundwork for high-fidelity environmental reconstruction.

2. We present a convolutional network-based perception for grid-based excavation envi-
ronments through the Terrain Feature Extraction module, enabling the application of
our custom-designed model, GridNet, to extract salient terrain features crucial for the
reinforcement learning algorithm.

3. We model the decision-making process as a Markov decision process (MDP), and
develop an advanced deep reinforcement learning (DRL) algorithm for excavation
tasks, which provides a comprehensive platform benefiting scholars and practitioners
in related fields.

2. Related Work

In the field of autonomous machinery, unmanned excavators, while not as complex
as self-driving cars, face a unique set of challenges. The character of the typical excavator
working environment is static and there is a reduction in the variety of objects compared to
an autonomous driving scenario. However, the terrain features of excavator scenarios are
highly variable and detailed in form.

Significant research, both domestic and international, has been conducted on environ-
mental perception technologies for unmanned excavators. Pioneering systems developed
by scholars like Stentz et al. [6] utilized LiDAR on excavators for environmental perception,
laying the groundwork for subsequent systems. Despite their limitations in integrating
driving and positioning, these early systems demonstrated the potential for stationary data
collection. Yamamoto et al. [7], tailoring to specific excavation projects, developed an auto-
mated hydraulic excavator prototype based on 3D information, focusing on environmental
perception through a combination of LiDAR and cameras, supplemented with gyroscopes
and GPS for comprehensive data collection.

Further advancements by Chae et al. [8] introduced a mobile 3D environment recogni-
tion system for civil engineering, utilizing movable 3D laser scanners to scan and input
site terrain for processing. Shariati et al. [9] proposed a multi-frame convolutional ap-
proach, providing a complete solution for unmanned excavators by exploiting temporal
information between continuous frames and extracting richer features through CNNs. This
mature technology has been tested globally, achieving recognition accuracy above 90% at
10 fps, serving as a foundational step in various implementations. Forkel’s work [10] on
large-scale grid mapping with LiDAR for autonomous driving was notable but lacked focus
on under-vehicle information crucial for unmanned excavator perception. Collaborative
research by Baidu and the University of Maryland [3] developed an Autonomous Excava-
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tor System (AES) that combined cameras, positioning systems, and LiDAR for extended
autonomous excavation.

Building upon the foundation set by previous research, our method innovatively
processes LiDAR data through a deep learning-based terrain processing network, which
efficiently converts complex 3D point clouds into 2D pseudo-images for feature extraction,
as summarized in Table 1. This method not only simplifies data processing but also focuses
more on the extraction of terrain features. By integrating these features with a DRL algo-
rithm, our system achieves intelligent trajectory generation with improved computational
efficiency, signifying a significant advancement over existing research.

Table 1. Comparative analysis of excavator environmental perception methods.

Input Features Our Contributions
Integration of early Advanced multisensor
. environmental perception  fusion and terrain

(671 LiDAR + Cameras + GPS with 3D information for processing network based
excavation projects on deep learning

8] Movable 3D laser scanners Moblle scanning for civil Efficient data processing
engineering through pseudo-imaging
Rich feature extraction but ~ Custom GridNet for salient

[9] Cameras - . .
low efficiency terrain feature extraction

Large-scale 3D point cloud
. reconstruction and
(3101 LIDAR traditional control
algorithm for excavation

Combination of reduced
dimensionality and
DRL algorithm

3. Methods

We introduce the E-GTN framework, a specialized pipeline designed for the au-
tonomous excavation domain, focusing primarily on the extraction of terrain information

pertinent to reinforcement learning tasks in unmanned excavation operations. The overall
structure of E-GTN is shown in Figure 1.
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Figure 1. Overall architecture of E-GTN.

In the terrain information processing stage of our E-GTN framework, we commence
with the capture of raw point cloud data using laser radar. These data are then processed
using voxel grid downsampling and normal estimation to reduce complexity and enhance
feature representation. The resulting downsampled point cloud is essential for creating a

detailed and computationally manageable model of the terrain, which is critical for accurate
environmental reconstruction and subsequent analysis.



Appl. Sci. 2024, 14, 6974

The terrain feature extraction module is the centerpiece of the E-GTN framework,
where the downsampled point cloud is meticulously transformed into a structured grid
map. This grid map undergoes normalization and is treated as a pseudo-image, allowing
us to leverage convolutional neural networks (CNNs) for advanced feature extraction. Our
tailored model GridNet adeptly processes the grid data to distill critical terrain features
that are instrumental for the reinforcement learning tasks in autonomous excavation.

Finally, the decision-making module utilizes the features extracted by GridNet to
inform the reinforcement learning algorithm. While this section is less emphasized, it is
still pivotal as it enables the autonomous system to make strategic decisions based on
the terrain information provided. The integration of these modules within the E-GTN
framework ensures a seamless flow from data acquisition to decision execution, facilitating
efficient and intelligent autonomous excavator operations.

3.1. Terrain Information Processing
3.1.1. Raw Point Cloud Acquisition

Given the raw point cloud data P, we apply a voxel grid downsampling method. For
each voxel V with edge length I, the subset of points Py C P is replaced with their centroid
cy to obtain the downsampled point cloud P’:

cV:|—Zp, P'=Jey (1)
%

1
14 | pEPy

where |Py| denotes the number of points in voxel V. The next step involves estimating
the normal at each point in P’. Using a neighborhood defined by a radius search in a
KD-tree structure [11], the normal vector 7, at point p is computed as the eigenvector
corresponding to the smallest eigenvalue of the covariance matrix constructed from the
neighbors of p.

For feature description, we compute Fast Point Feature Histograms (FPFHs) [12]
for each point p in P’ based on the normal vectors and the relative positions within a
neighborhood NV (p):

FPFH(p):SPFH(p)—{—% ) LSPFH(pk) )

preN (p) Pk

where SPFH(p) is the Simplified Point Feature Histogram for point p, wpy is the inverse
Euclidean distance between p and py, and k is the number of neighbors.

To align the point clouds into a common coordinate frame, we first apply an initial
rough alignment using feature matching. A RANSAC-based approach with FPFH features
estimates the transformation (R;, t;) by maximizing the consensus set of matched features:

(Ri,t;) = argmax [{(p,q) € P' x Q": [|(Rp+1) —q|| < e} 3)

where Q' is the downsampled point cloud from the other laser scanner and € is a threshold
for matching.

Subsequently, the Iterative Closest Point (ICP) algorithm [13] refines the transfor-
mation (R, t) by minimizing the mean squared error between the corresponding points:

(R*,t*) =argmin Y [|(Rp+1t)—q 4)
(pg)ec

where C is the set of corresponding point pairs between the registered point cloud P’ and
the target cloud Q’, and (R*, t*) is the optimized transformation. Through these steps, we
ensure the integrity and computational efficiency of the data, leading to a high-fidelity
reconstruction of the excavation site suitable for further simulation and analysis.
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3.1.2. Environment Reconstruction

In our study, the region of interest (ROI) is delineated by an axis-aligned bounding
box to focus on terrain changes in front of the excavator bucket. The ROI is defined
by coordinates mingpo; and maxgoj, significantly reducing data processing volume and
increasing efficiency.

The Poisson Surface Reconstruction algorithm [14] seeks a smooth surface that ap-
proximates the normals of the point cloud. The mathematical formulation involves solving
the Poisson equation:

Af =div(N) ®)

where f is the scalar field whose gradient approximates the point cloud normals N, A
is the Laplacian, and div is the divergence operator. The normals N are estimated from
the input point cloud, and the divergence of N forms the right-hand side of the equation,
representing the flux of the normal vectors.

The boundary conditions for the domain () are typically set to Neumann conditions:

of | _
%aQ—N~n (6)

where % is the derivative of f in the direction of the outward normal n on the boundary o).
After solving the Poisson equation, the surface S is extracted as the isosurface where
the scalar field f equals a chosen iso-value 7, typically zero:

S={xeq|f(x) =1 %

resulting in a triangular mesh that represents the continuous surface of the point cloud
data. This reconstruction fills gaps and creates a model with uniform density, facilitating
further processing and analysis.

3.2. Terrain Feature Extraction
3.2.1. Point Cloud to Grid Dimensionality Reduction Mapping

In the preprocessing phase, the original point cloud data, which include a set of points
each with coordinates, intensity, and environmental label, are denoted as P = {p;}, where
pi = [xi,vi,zi, I, ;] and i = 1,...,N. Here, N is the total number of points in the point
cloud, I; represents the intensity, and /; is the label of the i-th point.

Filtering based on the label / retains only the points associated with the target environ-
ment, resulting in a reduced point cloud P’ = {p/}, where p} = [x/,y},z/]and i’ = 1,..., N’
Here, N’ is the count of points in the filtered point cloud.

The grid map parameters are computed as follows:

. . W . ... | H
grid_width = {AxJ , grid_height = {AyJ 8)
where W and H are the width and height of the scene, respectively, and Ax and Ay are the
grid resolutions in the respective dimensions. An empty grid map G is initialized with
zero values:

G= Ogrid_heightx grid_width 9)
For each point p/ within the specified range, the corresponding grid indices (iy, i) are
calculated by:
. x; — Xmin . ]/: ~ Ymin
= | - — | L I 1
Ix \\ Ax J ;s by \‘ Ay (10)
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where Xpin and ymin are the minimum coordinates of the grid. The z-coordinate is mapped
to the grid if it falls within the specified range [zmin, Zmax:

Z iz <zl <z
Gliy, iy) = i min >~ 4; > 4max 11
(y 2 {O otherwise (1)

The grid G is then reshaped into a vector for efficient storage and processing;:
g = reshape(G, grid_height - grid_width) (12)

For visualization and further analysis, the grid map is normalized and converted into
a pseudo-image Igpq:
[..— G — min(G)
&l max(G) — min(G)

This pseudo-image is then scaled to the range [0, 1] to standardize the data for subse-
quent processing steps:

(13)

L., — Igrid

grid 255

The normalized grid map L4 is now ready for feature extraction and environmental
perception tasks, providing a consistent input for machine learning algorithms.

(14)

3.2.2. Terrain Feature Extraction Network

To facilitate the processing of grid data by convolutional neural networks (CNNs),
which are typically designed for RGB images, the channel dimension of the grid data
must be expanded to simulate a three-channel image. This expansion is denoted by the
operation expand_channels, which replicates the single-channel grid pseudo-image G
across three channels, yielding a tensor Gridgrgp with dimensions [3, Hg, Wg], where Hg
and W, represent the height and width of the grid, respectively:

Gridrgp = expand_channels(G) € R3*Hs*We (15)

For batch processing, the tensor is further extended to accommodate a batch size of bs,
resulting in a four-dimensional tensor Gridpa¢ch:

Gridp,, € RIS HexWe (16)

The environmental state vector State is defined to encapsulate additional neces-
sary inputs from the environment, excluding the target point cloud. It is represented as
State € RP*S¢, where S, is the dimensionality of the state information.

The feature extraction network, denoted as GridNet, is composed of a CNN model
CNNgridnet for processing grid data and a fully connected network FCNg;ignet for pro-
cessing state data. The CNN model, incorporating depthwise separable convolutions and
an inverted residual structure, transforms the input dimensions as follows:

CNNGidNet : R HexWe 5 RCs (17)

where C, represents the number of feature channels produced by the CNN. The fully
connected network processes the state vector:

FCNGridnet : R% — RS (18)

where C; is the size of the feature vector for the state data.
The environmental feature vector Feat is obtained by concatenating the output of the
CNN and FCN models:

Feat = concat(CNNgyignet (Gridras), FCNGrignet (State)) € RG&+Cs (19)

11
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MobileNetV2 [15] is selected for its efficiency and is specifically adapted for this appli-
cation. This structure initially expands the channel count of the input feature map through
a lightweight expansion layer. It elevates the dimensions before applying depthwise sep-
arable convolutions for feature extraction. Finally, a linear projection layer reduces the
dimensions back to the original size.

3.3. Decision Making

Within the scope of excavator operations, we confront the dynamic optimization
challenge by conceptualizing the joint optimization of excavation strategies as an MDP [16].
To effectively address this MDP, we engineered an adept DRL [17] algorithm. This algorithm
is specifically tailored to navigate the intricacies of continuous excavation tasks, thereby
refining the decision-making process in a real-time setting.

The MDP framework of our DRL model is succinctly encapsulated by the tuple
(S, A, P,r), where S delineates the state space, A signifies the action space, P represents the
set of state transition probabilities, and r constitutes the reward function.

3.3.1. State Space

At any decision epoch t, the state space S(t) is formulated to provide a detailed
depiction of the excavator’s operational status and its environmental engagement. The
state space is concisely defined as:

S(t) = {J (1), S(t), Vsou (1)} (20)

where J(t) encompasses the joint angles of the excavator, S(t) entails the angular velocities
of the joints, and Vj,; (t) quantifies the volume of soil excavated at time ¢.

Given the continuum of the state space, we model the state transition probability
as a probability density function f, which quantifies the probability of migrating to the
subsequent state s(f 4 1) consequent to executing an action a(t):

Pr(s(t+1)[s(t),a(t)) = f(s(t),a(t),s)ds (21)

Gi+1

3.3.2. Action Space

The action space A(t), at time ¢, is comprised of a series of potential excavator move-
ments, each represented by the discrete adjustments in the joint angles:

A(t) = {A]swing(t)r ATboom (t)/ A]arm(t)r A]bucket(t)} (22)

Each component of A(t) specifies an incremental modification to a corresponding
joint angle, thereby facilitating precise control over the excavator’s movements and excava-
tion activities.

4. Experiments
4.1. Data Acquisition

Data for our study were sourced from actual excavation sites, as depicted in Figure 2a.
The data collection involved an SY870 excavator [18] performing earthmoving tasks, with
the operator ensuring consistent excavation criteria and ground leveling post-operation.
The SY870 excavator is manufactured by Sany Group, headquartered in Changsha, China.
The excavator’s position remained fixed during the tasks, and the terrain was restored after
each session to maintain consistent conditions for every new excavation. The SY870 is a
hefty machine with a 4.5 cubic meter bucket capacity. In the unloading phase, excavated
soil was loaded into mining trucks.

Throughout the excavation processes, the excavator’s location was kept constant. The
operator used a uniform standard to determine the end of the excavation process. The
goal was to keep the post-excavation ground as level as possible and to ensure a constant

12
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excavation speed. To avoid operational anomalies, the operator restored the terrain after
each excavation to ensure the initial conditions for subsequent operations were as consistent
as possible. Figure 2b shows the work area of the excavation operation, with Area A being
the excavation zone and Area B being the unloading zone. The width of the spoil platform
at the excavation site was 13 m, and the work area was 6.5 m by 1.4 m by 4 m.

EREREETT SEREEL
(a) Real Excavation Scene (b) Schematic of the Work Area (c) Real Scene: Terrain of the (d) Simulated Scene: Terrain of
Work Area After Excavation the Work Area After Excavation

Figure 2. Excavation operation: Real to simulated.

To simulate actual operations, radar devices were installed on both sides of the exca-
vator’s cabin and boom to collect real-time data about the surrounding environment and
terrain. The excavator’s LIDAR is the Ouster OS1. The Ouster OS1 is manufactured by Ouster,
Inc., headquartered in San Francisco, CA, USA. This is a high-performance LiDAR with a
detection range of up to 100 m and an angular sampling accuracy of £0.01° vertically and
£0.01° horizontally. The excavator’s four joint angles are fitted with IMU SYD T500 sensors.
The manufacturer of the IMU SYD T500 sensors is SYD Dynamics, based in Odense, Southern
Denmark. This is an integrated inertial measurement unit that incorporates multiple sensors,
capable of outputting measurements from a 3-axis gyroscope and a 3-axis accelerometer
with a timestamp resolution of less than 1 ps. During operations, these data were stored at a
frequency of 50 Hz in Rosbag packages. The dataset includes the angular velocity of each
joint of the excavator, joint force, piston rod speed, volume of soil excavated, ground support
force, and LIDAR point clouds. The operator’s excavation trajectory, followed during the
operation, was transmitted to a simulation platform (Unity) via the UDP protocol in Matlab
2023a to acquire data on the excavation process in a simulated environment. Figure 2c illus-
trates the terrain of the work area after the completion of the excavation in the real scenario.
Figure 2d displays the terrain of the work area after the excavation in the simulated scenario,
which is essentially consistent with the terrain in the real scenario.

4.2. Environment Reconstruction

After capturing the original point cloud data, we processed the terrain information
based on the point cloud. The process began with preliminary steps, such as downsampling,
normal estimation, and FPFH feature extraction. This was followed by initial registration
and then precise alignment using the ICP method for the point clouds collected by the left
and right radars of the bucket. Next, we reconstructed the point cloud by first removing
outliers and any unreasonable points. We then defined the ROI for the actual excavation
process. After selecting the ROI, we used Poisson surface reconstruction techniques to
rebuild the point cloud, filling in gaps and preparing for the conversion of the point cloud
to a grid and feature extraction.

Our methodology employed the OpenCV library for normal estimation and point
cloud registration. This approach facilitated rapid neighborhood searches and maintained
a balance between accuracy and computational efficiency.

The preliminary registration aimed to align the left and right radar point clouds
roughly, setting the stage for more precise alignment. We utilized OpenCV’s feature-based
method to quickly estimate an initial transformation matrix.

For fine-tuning the alignment, we applied the ICP algorithm, optimizing the point
clouds’ alignment accuracy. The processed point clouds, an initial transformation from
the preliminary step, and a set maximum distance for corresponding points were fed
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into OpenCV’s ICP implementation. This step refined the point clouds” alignment by
minimizing the direct Euclidean distance between corresponding points.

Figure 3a shows the unregistered point clouds from the left and right radars, where the
misalignment is evident. Figure 3b illustrates the point clouds after preliminary registration,
showing basic alignment. After ICP registration, as shown in Figure 3c, the left and right
point clouds are well aligned, resulting in a fused point cloud.
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Figure 3. Terrain reconstruction based on point cloud.

In our research, we focused on the terrain changes in front of the excavator bucket
before and after each scoop. In Open3D, we created an axis-aligned bounding box as the
ROI to study the terrain changes in detail. As shown in Figure 3e, we defined the ROI
boundaries as (3, 2, —4) and (6, 5, 1), with "x+" pointing down and ‘z—" to the right.

Surface reconstruction organized the points in the point cloud into a smooth surface,
effectively representing the continuity and smoothness of the surface. The reconstructed
model usually has uniform data density, making the surface features more consistent and
continuous. The pre-reconstruction point cloud, as seen in Figure 3d, shows an uneven
distribution of points within the ROI and some gaps. After reconstruction, as shown in
Figure 3f, the holes and missing parts in the point cloud were filled in, adding points to
the area (marked in black), transforming the sparse and incomplete point cloud into a
continuous surface model, ready for further modeling operations.

4.3. Terrain Feature Extraction

Firstly, we convert the point cloud into a grid format. The grid map’s width and height
are calculated by dividing the real-world scene’s width and height by the resolution. We
initialize an empty grid map with the shape (grid_height, grid_width), which corresponds
to the size of the grid map. In our study, we focused on a region of interest, selecting a local
grid map of (150, 120) with 18,000 grids, representing a 15 m x 12 m real-world scene at a
resolution of 0.1 m. We then create an array matching the grid map size, representing the
empty grid map as an all-zero array, initializing each grid value to zero. The point cloud
‘lidar’ is then iterated over, mapping the points onto the grid map, uniformly stretching
them to fit the grid map. The grid map values are the z-coordinates sampled within
each grid’s range, thus reducing the three-dimensional point cloud to a two-dimensional
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grid map. This pseudo-image, equivalent to a single-channel grayscale image, is then
dimensionally expanded by duplication to meet the model’s input requirements, unlike
RGB images which have three channels.

Next, we use the MobileNetV2 network as the backbone for GridNet to perform deep
learning feature extraction. We select the network’s last layer, extracting image features as
a (512, 1) vector, which is then passed through a linear layer to generate a (256, 1) feature
vector. This vector encapsulates the basic features of the terrain state, providing a compact
yet information-rich representation. These vectors are particularly suitable as input states for
the RL algorithm in the next step of the unmanned excavator’s path generation. Compared
to other networks mentioned, MobileNetV2 requires fewer computational resources, has
a lower parameter count, and operates efficiently, making it suitable for use on mobile
devices. In the final grid information extraction, MobileNetV2 processes a total of 300
scoops, including the first and middle scoops. The extracted grid feature information and
state feature information are then input into the reinforcement learning model.

This section details training and testing the Decision Transformer (DT) [19], an offline
RL algorithm, for generating excavator trajectories. The DT model handles sequence
lengths up to 40 and segments up to 200, accommodating the unpredictable data lengths in
real-world applications. Its linear embedding layer, operating in a 512-dimensional space,
and a decoder with three layers and eight attention heads each, allow for detailed input
representation. The model uses a tanh function for action outputs within a continuous
range and employs a 0.1 dropout rate for robustness against overfitting. ReLU activations
facilitate learning complex patterns. Training datasets with varied segment lengths are
batch-sampled and preprocessed. Actions are scaled between —1 and 1, with states and
features standardized. The AdamW optimizer, with a learning rate and weight decay of
1 x 1073, progressively increases the rate over 100 iterations. A custom loop minimizes the
error between predicted and actual actions across 500 iterations of 100 steps each.

The trend in the training loss statistics for the algorithm is indicative of its learning
performance. As shown in Figure 4, the mean training loss (a) decreases significantly in
the initial steps, suggesting rapid learning and model improvement. The loss continues to
gradually decrease, stabilizing towards the end of the training process, which is a sign of
the model converging to a solution. The standard deviation of the training loss (b) exhibits a
few peaks, which indicates variability in the loss across different training batches. However,
similar to the mean, the standard deviation generally decreases over time, implying that
the model’s predictions are becoming more consistent as training progresses.
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Figure 4. Model training loss.

5. Results
5.1. Decision-Making Results

The excavator’s decision-making process is a real-time and multi-channel processing
dynamic system, as shown in Figure 5. It involves three primary channels: the terrain
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reconstruction channel (Channel 1), the excavator control channel (Channel 2), and the

DRL model operation channel (Channel 3).

Terrain reconstruction Terrain reconstruction

Channel 1 240ms-280ms 240ms-280ms

P(t-1) P(t) yP(t+1)

Step t-1 Step t Step t
Channel 2 100ms 100ms 100ms
4 StD TA(t-l) v SO T A(t) St TA(tH)

GridNet DRL Redundant time GridNet DRL Redundant time GridNet DRL Redundant time

Channel 3 14ms 77ms

9ms 14ms 77ms 9ms 14ms 77ms 9ms

Figure 5. Real-time decision-making process.

Channel 1: This channel employs two LIDAR scanners to capture point cloud data
P(t), which are then used to create a 3D reconstruction of the terrain using the algo-
rithm described in Section 4.2. The processing time for terrain reconstruction ranges from
240 ms to 280 ms.

Channel 2: Operating at a frequency of 10 Hz, this channel executes every 100 ms. At
each time step t, it receives the point cloud information P(t) from the terrain reconstruction
channel and the current joint information of the excavator, combining them to form the state
S(t), which encompasses the immediate conditions of both the environment and the excavator.

Channel 3: The state S(t) is relayed to the DRL model operation channel where it first
undergoes processing by the GridNet, taking 9 ms, followed by decision making through the
DRL model, which takes 14 ms. Ultimately, the DRL model outputs an action A(t), a vector
containing increments for four joint angles, to guide the excavator’s subsequent movement.

The complete operational results of the E-GTN are depicted in Figure 6. Within the
simulated environment, the excavator’s bucket has a capacity of 4.5 cubic meters. Under
the implementation of our method, coupled with the GridNet’s terrain feature extraction,
the system achieved an average excavation volume of 3.7 cubic meters per scoop with
a standard deviation of 0.27 cubic meters. In contrast, without the feature extraction,
the average excavation volume dropped significantly to 0.45 cubic meters per scoop,
with a standard deviation of 0.46 cubic meters. These findings underscore the efficacy
of integrating GridNet in enhancing the precision of the excavation process, optimizing
the excavator’s operational capacity, and highlighting the importance of terrain feature
extraction in the decision-making process.
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Figure 6. Excavation result based on EGTN.

5.2. Feature Extraction Results

Upon completing the training, we extracted the terrain features before and after
excavation and input them into our GridNet. The visualized results are shown in Figure 7.
A comparison between the feature maps before and after training reveals a noticeable
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difference: post-training, there is an increased level of feature activation, indicating that the
network’s ability to extract features has improved.

Terrain before Excavation Terrain after Excavation
O  Pre-training O  Optimal-training O  Pre-training O  Optimal-training
Weight Weight Weight Weight

ConvNormActivation ConvNormActivation ConvNormActivation ConvNormActivation
Feature Map 32 Feature Map 32 Feature Map 32 Feature Map 32

First Layer
Feature_map

ConvNormActivation ConvNormActivation ConvNormActivation ConvNormActivation
Feature Map 1260 Feature Map 1280 Faature Map 1260 Feature Map 1280

The images on the left represent the terrain before excavation, while the images on
the right depict the terrain after excavation. In both cases, the feature maps are shown for
pre-training and optimal-training weights. For the first layer feature maps, the pre-training
images are more chaotic and less defined, while the optimal-training images show more
distinct patterns and clearer feature representations. This suggests that the network has
learned to emphasize relevant features for the task at hand.

Similarly, the last layer feature maps exhibit a stark contrast. The pre-training images
are almost uniform with little to no distinctive features, whereas the optimal-training
images display well-defined, high-activation regions. This signifies that the network, after
training, can better identify and highlight the most critical features of the terrain.

The scale on the right indicates the level of activation, with higher values correspond-
ing to stronger activations. The optimal-training feature maps generally show higher
activation levels compared to the pre-training ones, which is a strong indicator of the
network’s enhanced feature extraction capability after training.

In our study, we employed principal component analysis (PCA) as a preliminary
method to assess the effectiveness of feature extraction by GridNet. Figure 8b presents the
PCA results of the feature vectors extracted by GridNet. The first two principal compo-
nents account for an explained variance ratio of 0.39 and 0.16, respectively, cumulatively
explaining over 50% of the variance. The scatter plot associated with these components
shows a relative dispersion of data points, lacking a clear clustering trend. This dispersion
suggests that the extracted features have a high level of complexity and may capture more
nuanced variations within the data.

Conversely, Figure 8a illustrates the PCA results of the raw grid data. Here, the
first two principal components have an explained variance ratio of 0.25 and 0.19, which
together explain less than 50% of the total variance. The scatter plot reveals a concentrated
distribution of data points, indicating a strong clustering tendency. This concentration
implies that the raw data may inherently contain less complexity or fewer distinct patterns
before the application of feature extraction techniques.

The comparative analysis of the PCA results before and after the application of Grid-
Net allows us to infer that the feature extraction process not only accounts for a greater
proportion of the variance but also increases the complexity of the feature representation.
This is indicated by the spread of data points in the scatter plot post-extraction, which
contrasts with the more clustered distribution seen in the raw data. The ability of GridNet
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Figure 7. Comparison of feature map activations.

17



Appl. Sci. 2024, 14, 6974

to elucidate a higher amount of variance and to disperse the data points suggests that it is
capturing more significant variables within the dataset.
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Figure 8. Comparison of feature map activations.

The feature extraction process through GridNet, as evidenced by the PCA, appears
to be effective in distilling important variables from the data. This is an encouraging
sign that the network can isolate and amplify aspects of the data that are most informa-
tive for subsequent analysis. The increased complexity and variance explained by the
extracted features are indicative of GridNet’s robustness in representing terrain data in
a way that is conducive to advanced terrain analysis and decision-making processes in
automated systems.

6. Conclusions

In conclusion, our E-GTN framework has proven to be a robust solution to the chal-
lenges posed by unmanned excavator operations. By integrating advanced multisensor
fusion, we have significantly enhanced the geometric representation of the terrain, which is
foundational for high-fidelity environmental reconstruction. Our GridNet has successfully
processed grid data to extract salient terrain features, demonstrating its critical role in the
reinforcement learning tasks for autonomous excavation. The decision-making module,
informed by these extracted features, has facilitated efficient and intelligent operation,
showcasing the potential of our framework to revolutionize the construction machinery
industry. The successful application of our E-GTN framework underscores its value as a
comprehensive platform for scholars and practitioners in related fields, paving the way for
future advancements in autonomous excavation technologies.

Expanding on our work, future iterations of the E-GTN framework could employ
adaptive algorithms for better performance across varied soils. Real-time learning capa-
bilities may enable self-optimizing excavators. Additionally, deploying this technology
in extreme settings, like underwater or underground, could redefine automated digging.
These forward-looking applications not only build on the current strengths of the E-GTN
framework but also chart a course for its evolution, solidifying its role as a transformative
force in the industry.
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Abstract: Achieving vibration-free smooth motion of industrial robotic arms in a short period
is an important research topic. Existing path planning algorithms often sacrifice smoothness in
pursuit of efficient motion. A robotic trajectory planning particle swarm optimization algorithm
(RTPPSO) is introduced for optimizing joint angles or paths of mechanical arm movements. The
RTPPSO algorithm is enhanced through the introduction of adaptive weight strategies and random
perturbation terms. Subsequently, the RTPPSO algorithm is utilized to plan selected parameters of an
S-shaped velocity profile, iterating to obtain the optimal solution. Experimental results demonstrate
that this velocity planning algorithm significantly improves the acceleration of the robotic arm,
surpassing traditional trial-and-error velocity planning methods.

Keywords: mechanical arm; trajectory planning; particle swarm optimization; optimization algorithms;
motion control

1. Introduction

The motion control of industrial manipulators typically involves a planning layer and
a control layer. The former mainly focuses on understanding the relationship between
the manipulator’s position, speed, and time to realize the operation. Meanwhile, the
control layer addresses how to ensure the actuator effectively follows the planned trajectory.
Therefore, trajectory planning consists of basic research in the field of manipulator control.
This has an important impact on the working efficiency, motion stability, and energy
consumption of the manipulator [1]. Optimal trajectory planning aims to devise the
optimal trajectory through task points, considering the predefined execution task points
and motion constraints. The general trajectory planning algorithm transforms the original
path into an optimized trajectory by planning parameters, such as the position, velocity,
and acceleration for each task point on the manipulator’s operational path. This enhances
the accuracy and stability of the manipulator’s trajectory [2]. Therefore, the purpose of this
paper is to control the speed and acceleration of the manipulator during operation, aiming
to enhance stability and reduce the impact and wear of the manipulator.

In recent years, trajectory planning of industrial manipulators has been considered
an important research focus in the field of robot control. Moreover, the research for a
manipulator’s optimal path planning has also seen important progress. In more detail,
interpolation algorithms consist of a common method in manipulator trajectory planning
due to their advantages, including simple calculation and easy implementation [3-5]. For
instance, Shi et al. [6] utilized an interpolation algorithm grounded in the forward-looking
function to fine-tune the feed speed. This was achieved by predicting the future change
in trajectory curvature. This approach not only ensured the precision of the interpolation
algorithm but also enhanced processing efficiency. Moreover, Luo et al. [7] considered the
use of a Lagrange interpolation function as the trajectory function for individual joints
to optimize the energy consumption of an industrial manipulator and derive the optimal
trajectory. In addition, Nadir et al. [8] used multiquadric radial basic functions to generate

Appl. Sci. 2024, 14, 8234. https:/ /doi.org/10.3390/app14188234 20 https:/ /www.mdpi.com/journal /applsci



Appl. Sci. 2024, 14, 8234

the manipulator’s motion trajectory through the minimization of the acceleration integral
and the consideration of the boundary conditions and the kinematic limits. Compared to
other methods, this algorithm has higher smoothness. However, its accuracy is affected by
the number of interpolation functions and interpolation nodes; consequently, it may not be
effective when dealing with complex trajectory curves.

Moreover, the swarm intelligent control algorithm is a heuristic algorithm developed
to solve the motion path of a manipulator through the simulation of the swarm intelligent
behavior in nature. This latter is characterized by its strong adaptability and ability to
handle complex motion trajectory, including the genetic algorithm (GA) [9-11], the artificial
immune algorithm [12], and the particle swarm optimization (PSO) algorithm [13,14].

The core idea of the PSO algorithm consists of finding the optimal solution of the
problem by simulating the flock predation process and constantly adjusting the speed
and position of the particles [15]. Compared to other similar algorithms, PSO has high
efficiency, global optimization ability, adaptability, and expansibility. However, the tradi-
tional PSO algorithm is prone to premature convergence. Therefore, several researchers
have improved the algorithm’s performance by adjusting relevant parameters and com-
bining them with other intelligent algorithms. For instance, Lv et al. [16] proposed an
improved PSO algorithm combining the fuzzy reward and punishment theory to resolve
the manipulator’s trajectory planning problem when having multiple Degrees of Freedom
(DoF). Therefore, the global search ability of the PSO algorithm is enhanced by adding a
population exchange term, and the last elimination principle is applied to avoid falling into
the local optimum. Moreover, Li et al. [17] adopted PSO as the optimizer algorithm to solve
the vibration suppression problem of a flexible linkage manipulator and enhanced the
efficiency and accuracy of trajectory planning. In addition, Du et al. [18] introduced chaotic
sequence as a local search strategy in the PSO algorithm and employed a piecewise polyno-
mial interpolation function to approximate the optimal trajectory. These improvements
enhanced the search efficiency and optimization performance of the algorithm and were
able to effectively shorten the running time of the manipulator. Moreover, they ensured the
stability of the movement. Added to that, Yang et al. [19] introduced an innovative time
optimization strategy, known as a Second-Order Continuous Polynomial Interpolation
Function (SCPIF). This approach, coupled with the cosine subweighted PSO, addresses the
challenge of time-optimal trajectory optimization.

Although the above research has made some achievements, there are still many
shortcomings. Firstly, the existing particle swarm optimization algorithms [20,21] are often
only applicable to specific types of problems; however, they lack universality in other
categories. In addition, the performance of existing algorithms still depends on the choice
of parameters, such as weight factors and inertia weights. Therefore, the optimal value
needs to consider the actual situation of the industry. In the practical utilization process, in
dealing with nonlinear optimization problems, the existing algorithms will fall into local
optimal solutions, resulting in performance degradation.

As a result, considering the industrial requirements of the manipulator in practical
application processes, as well as the limiting factors including the position, speed, and
acceleration of each task point, a new control strategy with high speed and high stability is
proposed to achieve the manipulator’s functional requirements. Moreover, the algorithm
will be applied for transporting liquid reagents. It is worth noting that the proposed
velocity optimal trajectory optimization strategy has a high stability level. Compared
to other improved PSO algorithms, it is easily implemented and applicable to a variety
of scenarios.

To sum up, the contributions of this paper are as follows:

1. A new Robot Trajectory Planning Particle Swarm Optimization (RTPPSO) algorithm
is proposed in this paper;

2. The PSO algorithm is applied to the trajectory planning and parameter optimization
for each robot manipulator joint.
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2. Trajectory Planning
2.1. Overview of Trajectory Planning

Trajectory planning typically focuses on two research areas: mobile robots and indus-
trial robots. In the context of the mobile robot, trajectory planning mainly refers to the
path trajectory planning of the robot. For example, whether the robot has a map or not, the
kind of path trajectory to follow is determined at this level. For industrial robots, trajectory
planning encompasses two directions. Firstly, it involves planning the curvilinear trajectory
of the end of the manipulator, detailing the curvilinear profile of the manipulator during
motion displacement, velocity, and acceleration. As for the trajectory planning, it is also
divided into Cartesian space planning and joint space planning according to the coordinate
system reference. In more detail, the joint space planning is mainly oriented toward a joint
manipulator. In this configuration, the displacement, the angular displacement, the velocity,
and the acceleration of each joint of the manipulator are used to compute the time function.
Furthermore, the desired pose of the end actuator is achieved by computing the relevant
parameters. However, the calculation process is simpler and does not cause singularity
problems at the level of the manipulator. Yet, the obtained results after using the joint space
planning are difficult to be transferred to the three-dimensional space, and the posture
of the manipulator will change along with the velocity. The second representation is the
Cartesian space planning. It is usually deployed in the end actuator to achieve straight
lines, arcs, and other determined curves; moreover, it can intuitively observe the motion
trajectory of the end of the manipulator.

In trajectory planning, the equations modelling the displacement, velocity, acceleration,
and other variables are set according to the time parameters, and the function relationship
between the displacement of each joint and time can be computed through the inverse
kinematics equation of the manipulator.

Moreover, in this work, a four-DoF manipulator is analyzed in which three DoF
comprise translational pairs. Each step of the manipulator is a motion from the starting
point to the end point, that is, the trajectory planning from the start to the end points, and
the parameters such as displacement, velocity, and acceleration must meet the smoothness
and continuity characteristics. In this work, the Cartesian space planning algorithm is
deployed to plan the trajectory of the four-DoF manipulator described earlier.

2.2. Pose Planning

Cartesian space trajectory planning includes both pose planning and velocity planning.
This is realized through the design of the position of the robot end manipulator and the
combination of the acceleration and deceleration control models.

The pose planning of the manipulator consists of solving the function of the pose of the
end manipulator in the workspace with respect to time. The basic idea is described below.
Firstly, the path sequence in Cartesian space is obtained, and the interpolation algorithm is
applied to realize it. Consequently, the inverse kinematic operation is performed on the
space coordinates for each joint constituting the manipulator. This operation maps the
position and the attitude of a given point in Cartesian space to the position and attitude of
each joint in joint space. Two commonly employed spatial interpolation methods are line
interpolation and arc interpolation.

Trajectory planning in Cartesian space allows the determination of the specific path
of the manipulator’s end effector in 3D space. This path is defined by the specific task
assigned to the manipulator.

During line interpolation, the starting point P; (x1, y1,z1) and the ending point P> (x2, y2,22)
of the terminal manipulator are expressed as follows:

s= -+ -y + (2 =) )
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X = X1 + Me(x2 — x1)
Vi =y1+ A2 — 1) ()
zp =21 + Me(22 — 21)

where Ay is the normalization factor (A; € [0,1]) and s denotes the straight-line distances
between two points.

In the arc interpolation, for any not-on-a-line three points P (x1,y1,21), P2(x2, ¥2,22),
and P;(x3,y3,23) expressed in the Cartesian coordinate system, the steps that apply the arc
planning for these three points are defined as follows:

Step 1: According to the coordinates of the three points in space, the curve equation of
the arc can be calculated with reference to the placement of these three. Then, the center
coordinate Py(xg, Yo, z0) and radius r of the arc are generated. Let the equation of the plane
where P;, P,, and P; are located be Ax + By 4+ Cz+ D = 0.

Step 2: Set up the relative coordinate system o’ — x'y'z’ for the plane of the space arc
within the absolute coordinate system o — xyz. The origin o’ of this relative coordinate
system is the center Py of the arc. Let the direction of the axis x’ be PyP;, as depicted in
Figure 1. According to coordinates Py and Py, the direction cosine of the axis x” in the
relative coordinate system can be expressed as follows:

— X1 — X — Z1—Z
n:[1 0Y1—Yoz1— 20 ®)
T r T
¥
Figure 1. Circular interpolation based on relative coordinate system.
— —

Consequently, the direction of the relative coordinate system z’ axis is Py P, x P, D3,
and its direction cosine is expressed as follows:

4)

5 _[ABC]T
A

where k = vV AZ + B2 + C2.

. " - . . > o>
According to directions x” and z’, the direction of axis iy’ can be defined as 0 = a x n.

- T . . .
Let p = [xo Yo 2] ,then the homogeneous transformation matrix T from the relative
coordinate system o’ — x'y/z’ to the absolute coordinate system o0 — xyz can be obtained
according to the homogeneous transformation principle represented in Equation (5):

- = 5 o
T |n o a p ®)
0 0 0 O

23



Appl. Sci. 2024, 14, 8234

Let the homogeneous coordinate of any point P in the absolute coordinate system be

T . s . .
[x y z 1] ;then, the coordinate of point P in the relative coordinate system o’ — x"y/'z’

) T .
is[x' y Z 1] .Asaresult, one can write

(6)

Step 3: Find the angle 0 between the starting point and the ending point of the arc.
Referring to Equation (6), the corresponding coordinates of the three points P;, 5, and P3
in space using the relative coordinate system are denoted as Py’ (x1/,y1’,0), P\’ (x2/,y2’,0),
and Py’(x3',y3',0).

Moreover, let the position angle at the end of the whole arc trajectory interpolation
process be 0. The following is available:

arctan2(ys’, x3") + 27,3’ < 0;
= 1! / @)
arctan2(ys’, x3'), ys’ > 0.

Step 4: Design the plane in the xy’ plane of the relative coordinate system. Based on
the homogeneous transformation principle, the following system is obtained:

0, = A -0
x;/! =r-cosby
yi' =r-sinfy
Zi/:O

®)

Then, the interpolation calculation of the circular arc motion can be completed by the
S-shaped velocity curve planning for A. According to the constraint conditions, such as
the arc length and the velocity, they can be divided into several cases, and the linear part
can be referred to.

2.3. Velocity Planning

Point-to-point velocity planning can be conceptualized as a method for transitioning
from a start point to an end point within a specified time. Currently, widely used velocity
planning algorithms in motion planning encompass the ladder-type velocity planning
algorithm and the S-type velocity planning algorithm. The trapezoidal curve planning
algorithm is characterized by its simplicity, minimal time requirement, swift motor response,
and high efficiency. However, it exhibits discontinuous acceleration, leading to a significant
flexible impact and relatively lower motion accuracy.

Moreover, the S-shaped curve planning maintains continuous acceleration at any
position, thereby avoiding the flexible impact observed in trapezoidal planning. This
results in a smoother velocity profile and higher motion accuracy. Nonetheless, the
S-shaped algorithm is more complex than trapezoidal programming. Both velocity curve
planning approaches are introduced in the following paragraphs.

Trapezoidal curve trajectory planning, also known as linear acceleration and decelera-
tion or T-shaped acceleration and deceleration, stands out as the most widely employed
speed control method in manipulator control. Its simple structure and ease of calculation
make it a prevalent choice in several motor systems. The acceleration and deceleration
process of the trapezoidal velocity curve involves uniform acceleration and uniform decel-
eration, with the acceleration value maintained as a constant.

In trapezoidal curve planning, the velocity curve can be determined by specifying
the starting and ending points of motion, the adding or subtracting of velocity, and the
maximum velocity. This process is illustrated in Figure 2.
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Figure 2. Trapezoidal speed planning.

The velocity curve of the trapezoidal velocity planning consists of three segments. The
first one is a uniform acceleration, the second stage is a uniform velocity, and the third
stage is a uniform deceleration. Notably, the rate of increase and decrease in speed during
the rise and fall is the same, ensuring that the duration of both the uniform acceleration
and deceleration stages is identical. This motion process can be expressed as a piecewise
function, and its motion formula is given by

sty =4at?,0<t <2

s(t)=ot—§,2<t<T-¢ ©)
2_ 2 2

S(t) _ ZavT7202;u (t—T)

where T represents the total motion time; s represents position; a represents acceleration;
and f represents time. Referring to Figure 2, it becomes evident that the acceleration
curve in the trapezoidal velocity planning takes on a step-like form. It is notable that the
acceleration is not continuous at the four time points: motion start time, acceleration end
time, deceleration start time, and movement end time. This lack of continuity significantly
affects the stationarity of the manipulator.

The S-shaped velocity curve is another widely employed velocity planning algorithm in
the realm of mechanical control. Diverging from trapezoidal velocity planning, it addresses
certain shortcomings associated with the trapezoidal velocity. Moreover, the change rate of
acceleration can be controlled by S-type velocity planning. Notably, the acceleration curve in
S-type velocity planning is continuous and devoid of sudden acceleration. Consequently, S-type
velocity planning emerges as a control strategy that effectively limits vibration.

Furthermore, the S-shaped velocity planning is derived from the S-shaped velocity
curve in the process of movement. The velocity curve of the most common S-shaped
velocity planning is divided into seven segments as follows:

The first segment: increase the acceleration from zero to the preset a value with the
constant jerk J.

The second segment: accelerate the operation with a constant acceleration a.

The third segment: reduce the acceleration from the preset value to reach zero with a
constant negative jerk J.

The fourth segment: achieve with a constant speed v a uniform motion.

The fifth segment: reduce the acceleration from zero to the preset value —a with a
constant negative jerk J.

The sixth segment: decelerate with a constant acceleration —a.

The seventh segment: increase the acceleration from the preset —a value to zero with
a constant jerk J.
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Compared to the three-stage planning of the trapezoidal velocity curve, the S-shaped
curve is considerably more complex. By strategically planning acceleration in the accel-
eration stage, deceleration stage, and acceleration and deceleration stage, S-shaped curve
planning achieves superior acceleration continuity compared to trapezoidal curve plan-
ning. This substantial improvement significantly impacts during the process of mechanical
operation. Therefore, Figure 3 provides a schematic diagram of S-shaped velocity planning.

Figure 3. S-shaped speed planning.

For the S-shaped velocity curve, given the maximum acceleration amax and the jerk |,
the corresponding acceleration of each stage of the seven stages described previously is
defined as follows:

]t,O <t< tl

max, t1 <t <ty

Amax _](t_ tZ)/tZ <t<t3

a(t) = 0,t3 <t <ty (10)
—](t— t4),t4 <t<tg

—lmax, I5 < t < tg

—Omax T ](t - t6)1t6 <t<ty

Thus, the velocity function corresponding to each stage can be obtained as follows:

1 0<t<t

01 ‘f‘amax(i—L - tl)rtl <t<th

02+ Amax(t— 1) = 3 (F— 1) s <t < 13

o(t) =4 v3,t3<t<ty (11)
(e %](t—f4)2/t4 <t<ts

U5 — ﬂmax(t - t5)/ ts <t < tg

6 — Amax(t — te) — 3] (t—te)* ts < t < t7
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According to the time, speed, acceleration, and jerk of each stage, the final position
can be expressed as follows:

i o<t<y
si+oi(t—t) + ;amax(t h) h <t <t
52+ 02(t— ) + Samax(t —02)* — L (t— 1)’ ta <t <t
s(t) =q sstos(t—t3),t3 <t <ty (12)
S4+v4(t—t4) ](t—t4),t4§t§t5
S5+U5(t—t5)—|—2amax( —t5)% b5 < t <t
(F—te) — Lamax(t — te)* + L1(t —te)> ts < t < t7

S + Ut — g

In the S-shaped curve, the speed determines the speed of the system, whereas the
acceleration defines the speed of the system’s acceleration and deceleration. The jerk
determines the flexibility of the system; the greater the jerk is, the greater the impact caused
by the operation of the manipulator will be. Assuming that the urgency is infinite, the
S-shaped velocity curve is switched into a trapezoidal velocity curve.

Furthermore, the S-shaped velocity curve planning consists of planning the parameters
relative to the jerk, the acceleration, the velocity, and so on, in each stage to realize a flexible
operation in the manipulator. In practical application, the S-shaped velocity curve planning
can also be removed from uniform acceleration and deceleration to reduce the number of
stages to five. Furthermore, the uniform velocity can also be removed, yielding a total of
four stages.

3. Improved Particle Swarm Optimization Algorithm
3.1. Particle Swarm Optimization

PSO, proposed by Eberhart and Kennedy in 1995, serves as a heuristic global search
algorithm rooted in swarm intelligence, mimicking the foraging behavior of birds. The
essence of the PSO algorithm lies in leveraging all individuals in the population to share
information. This facilitates the movement of the entire population in the problem-solving
space, transitioning from disorder to order in an evolutionary process, ultimately leading
to the acquisition of the optimal solution for the processed problem. The algorithm is
known for its simplicity, minimal parameter settings, ease of implementation, and robust
global search ability. As a result, it has garnered attention both from researchers and in
engineering fields, finding widespread applications.

Furthermore, PSO employs a particle to simulate the bird actions mentioned above.
Each particle carries out automatic search in a multidimensional space, and the particle
has only two attributes: velocity and position. Therefore, the optimal solution of a single
particle is called the individual extreme value whose optimal represents the global optimal
solution of this iteration. At the end of each iteration, the particle velocity and position
are updated. Finally, the iteration is stopped whenever reaching the maximum number of
iterations or the required fitness level; consequently, the optimal solution of the system is
obtained. As for the operation process of the algorithm, it is divided into six steps, which
are described below.

Step 1: Particle initialization. At this level, a random number is assigned to the position
and velocity of each particle. Moreover, the maximum number of iterations, the number of
independent variables of the objective function, and the maximum velocity of the particle
are set.

Step 2: Whenever a particle updates its position and velocity, its fitness function
determines its fitness based on its movement state.

Step 3: The individual optimal solution of each particle is updated. Each particle indi-
vidual optimal solution is continuously recorded. When the fitness exceeds the individual
optimal solution, this latter will be updated.

Step 4: During the learning process of each particle, the global best solution is updated.
By comparing the individual best solutions of all particles, the current global best solution

27



Appl. Sci. 2024, 14, 8234

is determined and compared with the historical global best solution. If it is better than the
historical global best solution, the latter will be updated.

Step 5: All particles’ velocities are updated with the current velocity, individual best,
and global best as in Equation (13), and the next position of each particle is updated with
the current position and velocity as in Equation (14).

V(t+1) =wx V(t) +c1 xr1 x (pb— X(t))

ey x 7 % (gb— X (1)) 13)

X(t+1)=X(t)+V(t+1) (14)

In the equation, w represents the inertia weight; c; and c; represent the cognitive and
social learning factors of the particle, respectively; 1 and rp are random numbers between 0
and 1; pb and gb denote the individual best solution and global best solution of the particle,
respectively; and V and X represent the velocity and position of the particle, respectively.

Step 6: Termination conditions are established. Different termination conditions are set
for diverse problems. The set number of iterations is reached, and the difference between
the computation meets the minimum bound.

3.2. Algorithm to Improve

The PSO algorithm has achieved good results in many different scenarios and practical
applications. However, the problem of easily falling into local optima has not been well
improved. To address this issue, we introduce a local disturbance term and attempt to
use adaptive weights to improve the algorithm. The random disturbance term allows
particles to jump out of the current region when they fall into the optimum in the early
stage, avoiding the situation of falling into local optima. The adaptive weight coefficient
adaptively adjusts the weights by calculating the current particle state. The RTPPSO
algorithm modifies the PSO algorithm as follows.

To prevent particles from getting trapped in local optimal solutions, a random pertur-
bation term is introduced. This technique aids particles in steering clear of local optima and
effectively delving into potential global optima. Specifically, the updated particle position
is subject to a random perturbation term, which is a vector crafted in alignment with a
designated random distribution. This random perturbation term could follow a normal
distribution, a uniform distribution, or another pertinent distribution. Consequently, each
particle incorporates an element of randomness, thereby enhancing the diversity of the
search. Thus, the particle velocity update formula is as follows:

V(t+1) =wx V(t)+c1 xr1 x (pb— X(t)) (15)
+ep x 1y X (gb— X(t)) +a x D

where « is the random disturbance coefficient, which controls the intensity of introduced
randomness, and D is a random number between —1 and 1.

Referring to Equation (16), it generates the updating principle of the inertia weight. In
the equation, Wyin and wmax represent the minimum and maximum values of the custom
weights, respectively. f(t) represents the fitness value of the current particle, while fyin
and faye denote the minimum fitness value and average fitness value of the current particle
swarm, respectively. The fitness value is calculated by the subsequent objective function
value. These values are normalized; thus, they vary between 0 and 1.

w(t) = Wmax — (wmax - wmin) X (f(t) - fmin)/ (favg _fmin> (16)
Moreover, Equation (15) can be updated and results in Equation (17):

V(E+1) = w(t) x V(1) +c1 x 11 x (pb — X(t))

ey x 1y x (gb— X(t)) +a x D 17)
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Here, we also introduce adaptive weight changes for the parameters c¢; and c; in the
particle velocity calculation formula, as shown in Equation (18). In this equation, ¢; (t) and
c2(t) represent newly designed adaptive parameters; « and f are constants ranging from 0 to

1.
{ Cl(t) :‘X((f(t) _fmin)/(fﬂvg_ (fmin)))_’_l3 (18)
ca(t) = a(1 = (f(t) = fmin)/ (faog = (fmin))) + B
The RTPPSO algorithm has undergone significant changes compared to the traditional
PSO algorithm in the formula for updating particle velocities, and its flow chart is shown in
Figure 4. All parameters have shifted from their original fixed weights to adaptive weights
that can adjust with the changing adaptability of particles. After a series of transformations,
the formula for particle velocities now appears as shown in Equation (19).

V(t+1) =w(t) x V() +c1(t) x 1 x (pb— X(t))
+eo(t) xrp x (gb — X(t)) +ax D

Start

A\ 4

(19)

Initialize all particles

4

Velocity curve planning L

\ 4

Do velocity curves on the robot arm

A 4

Calculation of fitness

A 4

Update individual and global optima

v

The adaptive inertia weights and the
adaptive acceleration coefficients are
updated

v

Update position and speed

L

Yes

End

Figure 4. RTPPSO algorithm flow chart.

3.3. Model Implementation

During the actual operation process, the robotic arm transitions from a stationary
state to movement and then to a final stop, requiring acceleration, constant speed, and
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deceleration stages to ensure smooth operation and reduce vibrations. To achieve this, the
velocity profile is composed of acceleration end points t1, constant speed end points f,, and
maximum angular velocities v7?%, but where t; and ¢, are both known. Each axis motor
has a different velocity profile based on the specific circumstances.

The angular velocity 0; in the first stage is represented in Equation (20), while 6, in
the third stage is depicted in Equation (21).

0, = —2m (20)
f
1—t¢
6, = 2 21
2 1—1t T (21)

The velocity curve can be categorized into three stages, and the angular velocity of
each stage is expressed in Equation (22).

() = % (6 —sin6),0 < t < 4
ZJw(t) = v?gax, h<t<t (22)
v (t) = U;?n (62 —sinfy), tp <t <1

If the velocity curve is known, the angular displacement Af can be calculated by
integrating. The specific calculation process is shown in Equations (23)—(26). The maximum

angular v velocity can also be calculated from these.

tl .Umax t t2
A8 = [ 2—(—2m —sin(—2m))dt + [ vlpa*dt
0 27 t t t (23)
+ jl“ S 1ty sn(E = o))ar
ty 2 1 — 1) 1-— 2
max v ¢ max 1—t
Ae — Z)w 2>< 1 +U?¢}ax X (tZ _ tl) + Uw Xé 2) (24)
maxX(1 4+t — t
2 x A8
omax — =% (26)

w _1+i’2*t1

The objective function is a very important index in the trajectory rule, and the optimal
trajectory can be obtained only by designing the objective function reasonably. This paper is
mainly to reduce the jitter during the operation of the robot arm so that it can run smoothly
and ensure the grabbing quality of the robot arm. Therefore, in the design of our objective
function, we comprehensively consider the angular acceleration of the X axis, Y axis, Z axis,
and rotation axis. The objective formula is as follows:

f = min{ |AX,max|/ ‘AY,max‘r |AZ,max|/ AQ,max| } (27)

where Ax max, AY,max, Azmax, and AQ max Tepresent the maximum acceleration of the X
axis, Y axis, Z axis, and rotation axis, respectively.

In the first step, the setup is initialized, and then the acceleration end time and uniform
end time for each motor are updated.

In the second step, the step is to use the interpolation algorithm to fit the velocity
curve. Then, Equations (20)—(26) are used to calculate the angular displacement, angular
velocity. and maximum angular velocity of the motor.

In the third step, the step is to run the robot arm according to the designed speed curve.
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In the fourth step, the fitness value is calculated using sensor information based on
four reference indices, including the maximum acceleration of the X, Y, and Z axes, along
with the rotation axis.

In the fifth step, the fitness values are calculated, the individual and global optimal
values are updated, and the adaptive weight parameters and adaptive acceleration param-
eters of the particles are updated. Then, it judges whether the set number of iterations is
reached, if not, it returns to step 1; If reached, the iteration ends. The output is the current
optimal value.

4. Experimental Simulation
4.1. Experiment

In the practical utilization process, specific requirements exist for the speed and
synchronization of the sample manipulator. In order to better realize the trajectory planning
operation of the robot arm, the parameters used are designed as follows according to the
following marks. The number of iterations is set to 9, the total number of particles is set
to 7, and parameter Wy is set to 0, Wmax is set to 1, a is set to 2.05, and S is set to 0.5 in
the particle swarm optimization algorithm. To meet these requirements, in the simulation
experiments, each action of the robotic arm must be completed within 3 s, as indicated by
the red box annotations in Figure 5a,b.

1
&
-

(a) Motion position 1 (b) Motion position 2
Figure 5. Machine arm motion illustration.

First of all, a simulation is conducted comparing the trapezoidal velocity curve to
the S-shaped velocity curve. The S-shaped curve is designed in five sections. For a
comprehensive analysis, the same maximum speed and movement time are used to ensure
a clear comparison.

The velocity and acceleration curves of both are shown in Figure 6. It is evident from
the figure that despite having the same maximum speed and displacement, the trapezoidal
curve exhibits obvious acceleration discontinuity. This discontinuity is likely to cause
a certain degree of jitter during the movement of the mechanical arm. Moreover, the S-
shaped curve, owing to its continuous change in acceleration, avoids the impact of sudden
acceleration during operation. However, the acceleration curve reveals that the maximum
acceleration of the S-shaped curve surpasses that of the trapezoidal curve. When the
maximum acceleration is excessively high and the acceleration time is short, the mechanical
arm may experience jitter due to rapid acceleration changes. Consequently, adjustments
are required for maximum acceleration in the S-shaped curve.

The manipulator’s displacement is determined based on the starting point and the end-
ing point. Velocity curve planning is then executed for this path, employing an improved
particle swarm optimization algorithm for learning. Figure 7 illustrates the optimal particle
velocity curve of the X axis after the first iteration. In the figure, the X axis represents time,
and the Y axis represents motor speed. Observing the figure, it becomes apparent that the
maximum velocity and acceleration of the first iteration are relatively large, with a rela-
tively short running time. The acceleration time is small, and the acceleration is significant,
indicating that the mechanical arm is greatly influenced by inertia during movement.
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Figure 6. Comparison of trapezoidal curve and S-curve.
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Figure 7. Velocity curve of the first iteration.

This influence is not conducive to the stable operation of the mechanical arm.

After multiple learning iterations, the global optimal solution is obtained. The iterative
results enable the deviation of the velocity curve and acceleration curve, as shown in
Figure 8. Compared to the results of the first iteration, the speed curve, optimized by
the PSO algorithm, is smoother than that of the first iteration in the specified running
time. Moreover, the maximum acceleration is greatly reduced, and the acceleration and
deceleration time are also significantly improved. This is conducive to the stable operation
of the manipulator.

Velocity curve Acceleration curve

1000—

Rotate speed(r/min)

g

0 03 06 09 12 15 18 21 24 27 30 0 03 06 09 12 15 18 21 24 27 30
Time(s) Time(s)

Figure 8. Velocity curve of global optimal solution.

According to the fitness function, the fitness value at the end of each iteration is
computed, and the fitness learning curve is obtained as illustrated in Figure 9. According
to the learning curve, using the improved PSO algorithm to plan the velocity curve, the
optimal solution of the system is generated after a few iterations. This effectively improves
the slow convergence of the traditional PSO algorithm and effectively avoids the influence
of the local optimal solution on the result by altering the learning factor.
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Figure 9. Fitness learning curve.

In this study, an improved PSO algorithm was proposed to plan the velocity curve of
the motion of the industrial robot arm. After several learning periods, the stability of the
operation of the robot arm was significantly improved, and the four-axis acceleration was
in a relatively stable state. The results proved the feasibility and efficiency of the trajectory
planning algorithm deployed in this paper.

4.2. Discussion

To validate the effectiveness of the proposed algorithm, we compared the acceleration
and operational speed of the robotic arm using the proposed algorithm against other opti-
mization algorithms. We recorded the differences before and after applying the algorithm.
In the comparative experiment, we designed a set of rotations and grasping actions for the
robotic arm to compare the time taken and acceleration variations.

According to Table 1, the RTPPSO algorithm demonstrates the best optimization effect
on the robotic joint impacts. The average impacts on the drive arm joints before and
after optimization are 2.23 x 10° deg/s® and 4.58 x 10° deg/s>, respectively, resulting in a
reduction in impacts by 79.45%. It can be seen from Table 2 that our algorithm also improves
the grasping speed to some extent, which can effectively improve the grasping efficiency of
the robotic arm. Compared to other algorithms, the RTPPSO algorithm has better realized
trajectory planning work, enhancing the operational efficiency of the robotic arm while
effectively reducing vibration issues during operation. Compared to other algorithms,
the RTPPSO algorithm better addresses vibration issues during operation. However, this
study did not incorporate optimization of computational efficiency, which relates to the
operational time of the robotic arm, into the design of the optimization problem. Further
improvements are needed in future iterations to address this aspect.

Table 1. Impact optimization comparison.

. Average Impact before Average Impact after

Algorithm Optimization (deg/s®) Optimization (deg/s®)
GA 2.23 x 10° 4.89 x 10°
PSO 2.23 x 10° 4.83 x 10°
RTPPSO 2.23 x 10° 4.58 x 10°
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Table 2. Time optimization simulation comparison.

Algorithm Time before Optimization Time after Optimization
(s) (s)
GA 2.5 2.362
PSO 2.5 2.358
RTPPSO 2.5 2.278

5. Conclusions

This paper investigates the motion stability of industrial robotic arms. To address
the challenge of optimizing system speed adjustments to reach the optimal positions, an
improved Robot Trajectory Planning Particle Swarm Optimization (RTPPSO) algorithm is
proposed. By incorporating a random perturbation term and designing adaptive weights,
we effectively mitigated the issue of the PSO algorithm getting stuck in local optima. To
validate the algorithm’s effectiveness, we conducted simulation experiments. The final
experimental curves demonstrate the favorable effects of our algorithm on speed planning,
showing smooth operation with gentle acceleration and deceleration processes, without
abrupt changes. Subsequent comparative experiments further confirmed that our algorithm
can effectively ensure the smooth operation of the robotic arm.

In the future, we plan to validate this algorithm in realistic scenarios that involve
obstacles or angular constraints. This will ensure that the algorithm proposed in this paper
is applicable to a broader range of industrial settings.
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Abstract: Classifying imbalanced data is important due to the significant practical value of accurately
categorizing minority class samples, garnering considerable interest in many scientific domains. This
study primarily uses analysis of variance (ANOVA) to investigate the main and interaction effects of
different parameters on imbalanced data, aiming to optimize convolutional neural network (CNN)
parameters to improve minority class sample recognition. The CIFAR-10 and Fashion-MNIST datasets
are used to extract samples with imbalance ratios of 25:1, 15:1, and 1:1. To thoroughly assess model
performance on imbalanced data, we employ various evaluation metrics, such as accuracy, recall, F1
score, P-mean, and G-mean. In highly imbalanced datasets, optimizing the learning rate significantly
affects all performance metrics. The interaction between the learning rate and kernel size significantly
impacts minority class samples in moderately imbalanced datasets. Through parameter optimization,
the accuracy of the CNN model on the 25:1 highly imbalanced CIFAR-10 and Fashion-MNIST
datasets improves by 14.20% and 5.19% compared to the default model and by 8.21% and 3.87%
compared to the undersampling model, respectively, while also enhancing other evaluation metrics
for minority classes.

Keywords: imbalanced data; analysis of variance; parameter optimization; fractional factorial design

1. Introduction

In the current era, which is dominated by data, deep learning techniques, especially
CNNs (convolutional neural networks), have achieved significant success in various fields,
including but not limited to facial and image recognition [1] and medical imaging [2].
Despite the widespread application and success of CNNs in various domains, the research
on CNN-based models for imbalanced data classification is not well developed. However,
the issue of data imbalance is very common in real-life scenarios, such as in medical
diagnosis [3], fraud detection [4], and fault detection [5].

For imbalanced data, many traditional methods are available [6], including under-
sampling [7], oversampling [8], cost-sensitive learning [9], and ensemble learning [10].
These approaches enhance the classification performance of minority class samples by
rebalancing the data, using ensemble models, or modifying the classifier’s cost function.
First, the Synthetic Minority Oversampling Technique (SMOTE) employs hybrid sampling
to balance the sample distribution in the dataset by generating new minority class samples,
achieving favorable results [11]. This method enhances the model’s ability to recognize
minority classes by synthesizing new minority class samples, allowing the model to focus
more on these classes during training. Secondly, cost-sensitive methods improve the classi-
fication performance on imbalanced samples by introducing a weighted cost function in
the CNN [12]. This approach increases the loss cost for small samples, thereby enhancing
the model’s learning of minority class features and reducing the bias towards majority
class samples. Finally, ensemble learning methods, which combine multiple classifiers,
have shown significant effectiveness in addressing imbalanced sample classification prob-
lems [10]. Techniques such as bagging [13] and boosting [14] aggregate multiple weak
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classifiers into a strong classifier, effectively improving the model’s recognition ability for
minority class samples.

The performance and accuracy of CNNs are primarily influenced by network architec-
ture and parameter selection. The LeNet-5 network architecture, developed by LeCun et al.,
marked the beginning of deep learning research [15]. Subsequently, the well-known
AlexNet architecture, introduced by Krizhevsky et al., further advanced the field of deep
learning [1]. The VGG network, created by Simonyan and Zisserman, and the ResNet
network developed by He et al. are among the most widely used and best-performing
networks to date [16,17]. In terms of parameter selection, researchers have made signifi-
cant efforts. However, parameter selection for imbalanced data has not been extensively
studied. This is primarily because there are many parameters that affect the classification
performance of imbalanced data, and many of these parameters interact with each other.
For example, learning rate, batch size, and regularization parameters can all have a signifi-
cant impact on model performance [18]. Moreover, there is a diversity in the evaluation
metrics for classification performance on imbalanced data. Unlike balanced data, metrics
such as accuracy, ROC, and AUC do not comprehensively assess the performance of im-
balanced classification problems [8,19]. In practical scenarios, metrics like recall for the
minority class, G-mean, and F1 score might be of greater concern. For example, in disease
diagnosis, where the number of patients with the disease can be small, whether 100% of
the diseased individuals can be identified is often of utmost importance to doctors. In the
face of the aforementioned complex situations, simple parameter-tuning methods often
cannot meet the needs of parameter selection for imbalanced samples. Therefore, this paper
proposes an experimental design and parameter selection method based on factor analysis,
which systematically analyzes the impact of parameters on model performance.

Fractional factorial design [20] is a widely used statistical method in experimental
design that is primarily employed to evaluate the impact of multiple factors and their
interactions on experimental outcomes. By systematically varying the levels of multiple
factors to study their effects on the response variable, fractional factorial design can effec-
tively identify the main effects and interactions of each factor. The references provide a
comprehensive and systematic approach for model parameter optimization [21,22].

This study proposes a systematic experimental method based on factorial design to im-
prove the performance of the CNN model on imbalanced data. Our research uses analysis
of variance (ANOVA) to explore the main effects and interaction effects of parameters such
as the learning rate, dropout rate, and kernel size in handling imbalanced data, with the
aim of identifying the optimal configuration for imbalanced datasets. The experimental
results demonstrate that the optimized CNN model significantly improves the classification
performance of minority class samples when handling 25:1 imbalanced datasets extracted
from CIFAR-10 and Fashion-MNIST.

In this context, we summarize our contributions as follows:

e  We combine domain expertise in a CNN with parameter optimization, first using frac-
tional factorial design and ANOVA to evaluate the significant relationships between
model parameters and evaluation metrics for minority class samples, such as accuracy,
recall, P-mean, and G-mean. We attempt to use ANOVA to analyze whether these
parameters exhibit main effects and interaction effects.

e Based on the ANOVA results, we identify and optimize the parameters that signif-
icantly impact the imbalanced data. The optimized model is compared with the
undersampling method for various evaluation metrics for minority class classification
in imbalanced data, thereby confirming the importance of parameter selection in
handling imbalanced data.

2. Related Work

Methods for imbalanced data classification are typically categorized into two main
types of approach: data-processing techniques and algorithm/model-oriented methods.
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These studies have laid a solid theoretical foundation for extending deep learning methods
to imbalanced data classification.

In terms of data-processing techniques, the main approaches are resampling and
undersampling techniques [23-25]. These methods are designed to equalize the number
of samples in different classes or to minimize noise, thereby improving the model’s per-
formance when dealing with imbalanced data. Undersampling eliminates data, thereby
decreasing the total amount of information available for the model to learn. Conversely,
oversampling boosts the number of minority class samples, which enlarges the training
dataset and can lead to overfitting [26]. To address this issue, Zhang and Mani [27] pro-
posed using K-nearest neighbors (K-NN) to calculate the distances between the sample
to be classified and the samples in the training set, selecting most samples for removal.
Chawla et al. [8] introduced the SMOTE, which creates synthetic samples for the minority
class by interpolating between existing minority class samples. Unlike traditional meth-
ods that replicate minority class samples, the SMOTE reduces the risk of overfitting and
significantly enhances classifier performance on imbalanced datasets.

In contrast to data-sampling methods, algorithmic approaches for addressing class
imbalance do not modify the distribution of the training data. Instead, they adjust the
learning or decision-making process, including cost-sensitive learning and ensemble learn-
ing. Cost-sensitive learning primarily involves adjusting learning algorithms based on
the classification costs of different classes to effectively handle minority class samples [28].
In 2013, He et al. proposed a cost-sensitive learning method based on Gradient-Boosting
Decision Trees, effectively improving the accuracy and robustness of models when deal-
ing with imbalanced data [29]. Additionally, research has explored ways to enhance
cost-sensitive learning capabilities by integrating deep learning techniques, such as de-
signing loss functions suitable for deep neural networks or hierarchical cost-sensitive
mechanisms [30]. Sun et al. [31] presented three cost-sensitive boosting techniques: AdaCl,
AdaC2, and AdaC3. These methods introduce cost terms into the weight updates of Ad-
aBoost, iteratively increasing the influence of the minority classes. Sun demonstrated
that, in most cases, cost-sensitive boosting ensemble methods outperformed ordinary
boosting methods. Wu et al. [32] combined cost-sensitive learning with Support Vector
Machines (SVMs), employing a cost-sensitive SVM algorithm to adjust the margin and
induce boundary drift, thereby improving the recall rate of minority classes.

Ensemble learning is a method that improves predictive performance by combining
multiple base classifiers. Early ensemble learning methods, such as Random Forest, which
combines bagging and decision trees, emphasize the importance of feature randomness [33].
Gradient-Boosting Machines (GBMs) and their improved versions, such as XGBoost and
LightGBM, significantly enhance prediction accuracy through optimized loss functions
and enhanced collaboration among learners [34]. Zhong et al. [35] integrated data-level
methods with ensemble learning, combining predictions from multiple CNN sub-models
to enhance classification performance.

Additionally, there are other methods at the algorithmic research level. For example,
Zhou et al. [36] proposed a cumulative learning approach that decomposes class distri-
butions into balanced subsets to address long-tail recognition issues. This method has
demonstrated promising outcomes for managing highly imbalanced data. Hensman and
Masko [37] studied the impact of training a CNN on multiclass imbalanced data and found
that imbalanced data distribution significantly affects CNN performance, particularly
with substantial impacts from distributions involving single minority classes and majority
classes. These methods have limitations in improving the accuracy of imbalanced data,
particularly the accuracy of minority class samples.

Research on parameter optimization specifically for imbalanced data is scarce. Existing
studies on parameters have predominantly focused on balanced datasets, such as investi-
gating the number of convolutional kernels and optimizing CNN hyperparameters using
genetic algorithms, and methods for exploring the number of convolutional kernels [38].
The primary aim was to find the optimal number to enhance model performance. Using
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genetic algorithms [39] for CNN hyperparameter optimization is an automated approach
for tuning hyperparameters. Genetic algorithms simulate natural selection processes,
evolving better hyperparameter combinations through operations like crossover, mutation,
and selection. However, these methods primarily automate the generation of hyperparam-
eters without fully leveraging domain expertise in the CNN field. Incorporating domain
expertise in a CNN can also be an effective method for improving classification of minority
class samples.

Therefore, despite some attempts, challenges, and unresolved issues, selecting CNN
parameters for imbalanced data remains essential. Future research can aim to comprehen-
sively integrate domain expertise in the CNN field with existing optimization techniques
to develop more effective parameter selection methods for imbalanced data. This approach
seeks to enhance the performance and generalization ability of CNN models for minority
class samples. Thus, this paper discusses CNN parameter selection specifically for minority
class samples in imbalanced data, with the aim of optimizing existing network structures
to achieve ideal classification results for these samples.

3. Background Models
3.1. Convolutional Neural Network

In convolutional neural networks, convolutional layers, pooling layers, and fully
connected layers create an efficient framework for feature extraction and classification,
as shown in Figure 1. Convolutional layers extract local features from images, pooling
layers reduce the size of feature maps and the number of parameters, lowering model
complexity, and fully connected layers convert feature maps into one-dimensional vectors
for classification. Although stacking multiple convolutional layers and using numerous
convolutional kernels can build more complex network structures, it also increases the
computational resource requirements and risk of overfitting. Therefore, when designing a
CNN, a balance must be struck between network complexity and performance. A deep
understanding of CNN structure and parameter selection is crucial for enhancing the
performance of image-processing technologies.

i i Fully Connected Output
Contgllglronal Pfao)lg]rg g Layer Probabilities For
. y Each Category

,—J%/_)%

Figure 1. The working principle of a CNN.

3.2. Parameters in CNN Model

Learning rate. The learning rate determines the step size of the parameter updates
during training. A too-small learning rate can result in slow convergence and potential
trapping in local minima, whereas a large learning rate can result in oscillations and
divergence during training. An appropriate learning rate strikes a balance between training
speed and model performance.

Dropout rate. The dropout rate parameter in the dropout layer randomly drops some
neurons and their connections during the training, as shown in Figure 2. Not applying
dropout can lead to overfitting on the training set, whereas applying dropout can reduce
overfitting and improve the model’s generalization on unseen data. Therefore, the decision

39



Appl. Sci. 2024, 14,9071

to use dropout should be based on specific circumstances and dataset characteristics to
achieve an optimal model performance. In our setup, dropout was applied differently
after convolutional layers and fully connected layers [39], denoted as dropout rate 1 and
dropout rate 2, respectively.

(a) Standard Neural Net (b) After applying dropout

Figure 2. Dropout layer working principle.

Convolutional kernel size. Convolutional kernel size refers to the dimensions of the
small matrix used for feature extraction in the CNN. Adjusting the kernel size can influence
the scale and complexity of the features learned by the network, thereby impacting its
performance across different tasks.

3.3. Evaluation Metrics

The confusion matrix is essential for evaluating the model performance in classification
problems. It is a two-dimensional matrix with rows representing the true classes and
columns representing the predicted classes, as shown in Table 1. Each element of the
confusion matrix represents the prediction of the model for samples belonging to a certain
true class.

Table 1. Confusion matrix of actual vs. predicted classifications.

Predicted
Positive Negative
Actual Positive TP FN
Negative FpP TN

True positive (TP) refers to the number of actual positive instances that the model
correctly predicts as positive; false positive (FP) refers to the number of negative instances
that the model incorrectly predicts as positive; false negative (FN) refers to the number
of positive instances the model incorrectly predicts as negative; and true negative (TN)
refers to the number of actual negative instances that the model correctly predicts as
unfavorable. Based on these metrics, we can calculate many evaluation metrics for assessing
the performance of classification models, including accuracy, recall, F1 score, and specificity.

Accuracy: Accuracy refers to the proportion of samples correctly predicted by the
model out of the total number of samples.

TP+ TN

A =
Uy = TP I TN+ FP+ EN

)
Precision: Precision refers to the proportion of samples that the model correctly

predicts as positive out of all samples predicted as positive.

TP
Precision = ——— 2
recision TP L P )
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Recall: Recall refers to the proportion of samples that the model correctly predicts as
positive among all positive samples.

TP

Recall - m

®)
Specificity: This measures a model’s ability to correctly predict negative instances

among all true negatives in a binary classification problem. Specifically, it refers to the

proportion of true negatives that the model correctly identified as unfavorable.

TN

_— 4
TN+ FP @)

Specificity =
F1 score: F1 score is the harmonic mean of precision and recall and is used for the
comprehensive evaluation of model performance.

Precision x Recall
Fl =2x Precision + Recall ®)

G-mean: The G-mean is a composite evaluation metric commonly used to assess the
performance of binary classification models on imbalanced datasets.

G-mean = v/Recall x Precision (6)

P-mean: P-mean evaluates the performance of a classifier by computing the geometric
mean of precision and recall. Unlike the F1 score, the P-mean does not apply a weighted
average to precision and recall, making it particularly valuable in scenarios where the costs
of false positives and false negatives differ.

P-mean = y/Recall x Specificity )

These evaluation metrics are all based on a binary classification performance evalu-
ation. In this study, to address class imbalance in multiclass problems, we adopted the
one-vs.-rest (OVR) [40] approach. This method treats the focus class (minority class samples)
as positive. It combines the remaining nine classes into a negative class, transforming the
multiclass problem into a series of binary classification problems. By utilizing these tradi-
tional binary classification metrics, we can better assess the performance of the model in
handling imbalanced multiclass datasets, particularly its ability to recognize minority class
samples, and overall classification performance. These metrics provide a comprehensive
classifier evaluation across different classes, aiding in optimizing the model parameters to
improve the classification accuracy and recall.

4. Statistical Model
4.1. Fractional Factorial Design

Fractional factorial design is a comprehensive experimental method that involves the
cross-grouping of multiple factors at multiple levels. This allows the investigation of the
main effects and interaction effects of two or more factors. When studying how to enhance
the performance of convolutional neural networks on imbalanced datasets, fractional
factorial design can be employed for comparative experiments [41]. This approach can
explore the main effects and interaction effects of factors such as learning rate (LR), dropout
rate 1 (DR 1), dropout rate 2 (DR 2), and kernel size (KS) on the accuracy, recall, G-
mean, and P-mean of the CNN model. Dropout rate 1 and dropout rate 2 refer to the
parameters in the dropout layers following the pooling layers and after the fully connected
layers, respectively.
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4.2. Fractional Factorial Design

ANOVA is a method used to compare the means of multiple groups by analyzing the
total variance and separating the factor and error effects to test whether there are significant
relationships between multiple groups. To validate the results of the fractional factorial
design experiment, we used an ANOVA model to determine the impact of the explanatory
variables LR, DR 1, DR 2, and KS on the dependent variables, which, in our experiment,
were the evaluation metrics.

4.2.1. Fixed-Effects Model

In the fixed-effects model, the levels of the factors are specific levels of interest to the
researcher. We assume that these levels are fixed and are only interested in the effects
at these particular levels. This model is applicable when assessing the impact of specific
treatments or experimental conditions on the response variable.

In this article, we establish the following model:

Let Yiji be the observation value at the i level of the LR, the j level of DR 1, the k
level of DR 2, and the ! level of convolution KS. All observation values Y;j; are mutually
independent and follow a normal distribution with a constant variance o2.

We assume that the number of levels for each factorisr =5,c =5,t =5,and u = 2,
and each combination has the same number of replicate observations s > 1. Therefore,
the total number of observationsisn =7 x ¢ X t X u X s.

The formula for the fixed effects model is as follows:

Vi = p+a;+ B+ v + 0+ (aB)ij + . + (Y0 + €iji 8)

where y is the overall mean, «; is the main effect of the learning rate, §; is the main effect of

DR 1, ¢ is the main effect of DR 2, 4 is the main effect of convolution kernel size, and €y

is the random error, which follows N (0, 0?). The rest are two-level interaction effects.
Through permutation tests, we test each (i, v):

Hyi:elZi=0 vs. Ky:elZ; #0 9)

where Z; is the aligned data vector at level i. We use e, to represent the orthogonal vector
associated with degree v. Thus, el Z; is the projection of the aligned data vector at level i to
degree v. The null hypothesis H,; indicates no significant interaction effect i and degree v.

When conducting hypothesis tests, we typically use the F-test to evaluate whether
the model’s main and interaction effects are significant. The sum of squares for main ef-
fects (5S4, SSp) and the sum of squares for interaction effects (SS 4p) measure the influence
of different factors on the response variable.

For example, for LR (A) and DR 1 (B), the formulas for calculating the sum of squares
for the main effects and interaction effects are as follows:

SSy=sy (Yi.—Y)? (10)
i=1
5Sp =5 ) (Y; — V) (1)
j=1
SSap=s5Y_ Yy (Vi =Y, —Y; +Y)? (12)
i=1j=1

4.2.2. Estimation of Marginal Means and 95% Confidence Intervals

To provide a more comprehensive interpretation of the effects, we employed the
method of estimating marginal means and 95% confidence intervals. This method involves
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calculating the marginal means for each factor level and providing confidence intervals for
these estimates to represent the precision and variability of the effects visually.
The estimates of the marginal means are given by the following:

Yo, =+ (13)
Vg, = i+ B (14)
Vi =p+a+ B+ (ap)i (15)

The 95% confidence interval (CI) is given by
Cl =Y +tyqr SE(Y) (16)

where £, /5 4¢ is the critical value from the t-distribution, and SE (Y) is the standard error of
the estimate, calculated using the residuals from the ANOVA model as follows:

MSW
1/11']'

SE(Yy) = (17)

Through these steps, we can comprehensively analyze the impact of various factors
on the performance of the model and further interpret these effects.

5. Experimental Design

This paper aims to provide a detailed explanation of the impact of convolutional neural
network parameters on imbalanced data and their optimization, as shown in Figure 3.
Next, we describe the functionalities of the proposed framework.

Number of
convolution
kernel

|

Factorial design

|

Analysis of

variance

P<0.001 P>0.05

|

Parameter
combination

|

Performance
evaluation

Figure 3. The framework proposed in this article.
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5.1. Dataset Description
5.1.1. CIFAR-10 Dataset

CIFAR-10 is a commonly used dataset for image classification, primarily used for
research and algorithm evaluation in the realm of computer vision. The dataset consists
of color images categorized into 10 classes, with each class containing 6000 images of size
32 x 32 pixels, totaling 60,000 images. Among these, 50,000 images were used as training
samples and 10,000 were used as test samples. These images cover various common object
categories in daily life, including airplanes, automobiles, birds, cats, deer, dogs, frogs,
horses, ships, and trucks, as shown in Figure 4.

airplane
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Figure 4. Images from the CIFAR-10 dataset. The dataset consists of images divided into 10 unique
classes. Each class contains 5000 images from the training and 1000 from the test datasets. These are

deer

B
JIH.H

small-resolution RGB color images with a size of 32 x 32 pixels.

5.1.2. Fashion-MNIST Dataset

The Fashion-MNIST dataset, released by Zalando Research, is an image classifica-
tion benchmark dataset containing 70,000 grayscale images. These images belong to ten
different categories of clothing and footwear, including T-shirt, trouser, pullover, dress,
coat, sandal, shirt, sneaker, bag, and ankle boot, as shown in Figure 5. Compared to the
traditional MNIST handwritten digit dataset, the Fashion-MNIST dataset is more diverse
and challenging, featuring rich textures and shapes that closely resemble actual clothing
products. The Fashion-MNIST dataset is widely used in image classification, computer
vision, machine learning, and deep learning, and provides a more practical benchmark for
evaluating and developing advanced image-processing algorithms.
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Figure 5. Images from the Fashion-MNIST dataset. The dataset consists of images divided into
10 unique classes. These images are grayscale with a resolution of 28 x 28.

Because this study explores the impact of neural network parameters on imbalanced
data, we extracted varying numbers of samples from ten classes of the CIFAR-10 and
Fashion-MNIST datasets to create three datasets with different levels of balance: highly
imbalanced, moderately imbalanced, and balanced, with imbalance ratios of 25:1, 15:1,
and 1:1, respectively. The number of samples extracted for the training set from both
datasets is listed in Table 2, where each class in the test set of both datasets contains
1000 images.

Table 2. The number of samples extracted from each class in both the CIFAR-10 dataset and the
Fashion-MNIST dataset is identical.

Class 0 1 2 3 4 5 6 7 8 9

25:1 5000 200 500 1500 350 800 200 400 1000 3000
15:1 5000 330 500 1500 450 850 350 400 1000 3000
1:1 5000 5000 5000 5000 5000 5000 5000 5000 5000 5000

5.2. Fractional Factorial Design

Each dataset may contain hundreds to thousands of eligible convolutional neural
network models. The previous analysis identified four parameters that significantly affect
imbalanced data: LR, DR 1, DR 2, and KS. LR, DR 1, and DR 2 each have five levels, whereas
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KS has two levels, labeled as A1-A4, B1-B4, C1-C4, and D1-D2, respectively. Table 3 lists
each factor and its levels. We conducted a systematic experiment using ANOVA on
these factors and their levels to explore each factor’s effects on and interactions with the
evaluation metrics.

Table 3. Different levels of each factor.

Factor Level Note: Factor
Parameter Low Lower Medium Higher High Levels
LR (A) 0.001 0.003 0.01 0.032 0.1 5 Levels
DR 1 (B) 0.01 0.02 0.05 0.11 0.25 5 Levels
DR 2 (C) 0.01 0.02 0.05 0.11 0.25 5 Levels
KS (D) 3x3 5x5 2 Levels

In this paper, we adopt a method based on Lagrange multipliers to calculate the
number of convolution kernels in five convolutional layers [38]. First, we define the
number of kernels in each layer as 1;, where i denotes the index of the convolution layer.
According to the structure of the convolutional neural network, we can compute the total
number of learned parameters using the following formula:

N N
Pau:kxkxnoxnl—i—Z(kxkxni,lxni):kzx (n;_q x ny) (18)
i=2 i=1

where P, represents the total number of learned parameters, k is the kernel size, N is the
total number of convolution layers, and ng is the number of input channels.
Next, we construct the optimization problem using the Lagrange function:

N N N
L(I’l,)t(),. A, .,)\N) = Zlog(ni) + Ao (Z nj_1 Xn;— C) + Z)\i(i’li,l — 71,‘) (19)
i=1 i=1 i=1

where C represents the total number of parameters in the network. By calculating the
partial derivatives of the Lagrange function, we can determine the optimal configuration
of convolution kernels. In this process, we focus on the relationship between the model’s
discriminative performance and parameter distribution, ensuring that the selected parame-
ter configuration effectively enhances the ability to recognize minority class samples. This
way, we can not only obtain the number of kernels for each layer but also optimize model
performance to better address the challenges posed by imbalanced datasets.

We calculated the number of convolutional kernels for the five layers to be 103, 105,
107, 109, and 179. Subsequently, we fixed the number of kernels and employ a fractional
factorial design to explore the relationship between the parameters and the evaluation
metrics for the minority class samples. The framework structure of the CNN model used in
this study is shown in Table 4, and we adjusted the internal parameters as needed based on
different requirements.

We conducted fractional factorial design experiments and training on three imbalanced
datasets extracted from CIFAR-10 and Fashion-MNIST using the same convolutional neural
network layers and batch sizes. Each dataset underwent four repeated experiments to
minimize randomness, with a total of 250 data groups per experiment. Based on the
ANOVA results, we evaluated the effects of different factors and their interactions with
various performance metrics, such as accuracy, recall, F1 score, G-mean, and P-mean,
focusing on minority class samples.

46



Appl. Sci. 2024, 14,9071

Table 4. CNN model structure.

Layers Configuration

Conv_1 32 filters, kernel, and ReLU
MaxPool_1 2 x 2 kernel
Dropout_1 20%

Conv_2 64 filters, kernel, and ReLU
MaxPool_2 2 x 2 kernel
Dropout_2 20%

Conv_3 32 filters, kernel, and ReLU

Conv_4 32 filters, kernel, and ReLU

Conv_5 32 filters, kernel, and ReLU
MaxPool_3 2 x 2 kernel
Dropout_3 20%

Fully_1 256 neurons, ReLU

Fully_2 10 neurons, SoftMax

5.3. Analysis of Variance Results
5.3.1. ANOVA Results under Different Imbalance Ratios

We conducted comprehensive ANOVA experiments to gain a deeper understanding
and quantify the impact of different parameters on the CNN model performance across
various levels of imbalance. ANOVA was conducted on datasets with imbalance ratios of
25:1,15:1, and 1:1, showing the main and interactions effects of LR, DR 1, DR 2, and KS on
CNN model accuracy.

Table 5 presents partial results from the fractional factorial design experiments con-
ducted on the CIFAR-10 dataset, encompassing a total of 250 data points. For clarity and
conciseness, Table 5 displays only rows 1-4, 124-126, and 247-250, representing the overall
dataset. Each parameter configuration was tested four times, and the accuracy, F1 score,
G-mean, P-mean, and recall values were obtained for the minority class in each experiment.
The same experiments were conducted using the Fashion-MNIST dataset. These data were
used for variance analysis to assess the main and interaction effects of different factors
on model performance. Through repeated experiments, we can better understand the
impact of each parameter on the model performance and identify the optimal parameter
combination to enhance the model’s classification performance on imbalanced datasets.
The data in the table demonstrate the consistency and variability of the results under
the same parameter configurations, providing reliable support data for the subsequent
variance analysis.

Comparing the results from Tables 6-8, it is evident that LR, KS, and their inter-
action significantly impact the model accuracy across all imbalance ratios. The results
indicate that these two parameters are crucial tuning factors across different levels of
imbalanced datasets.

In the CIFAR-10 dataset with an imbalance ratio of 25:1, both LR and KS significantly
affected model accuracy, with p-values of 6.508 x 108 and 0.036, respectively. In the same
dataset, the interaction effect between LR and KS (LR x KS) also showed a significant
impact, with an F-value of 27.600 and a p-value of 7.358 x 10~1°. The combination of these
two parameters significantly influenced the model performance.

LR and KS exhibited significant effects on the CIFAR-10 dataset with an imbalance
ratio of 15:1, with p-values of 1.622 x 10~'! and 4.925 x 107, respectively. The interaction
effect between LR and KS (LR x KS) was particularly noteworthy, with an F-value of 38.768
and a p-value of 5.079 x 10~2, indicating a highly significant impact.

In the balanced CIFAR-10 dataset, LR and KS still significant affected accuracy, with p-
values of 1.125 x 1077 and 4.982 x 10719, respectively. Furthermore, the interaction effect
between LR and KS (LR x KS) also demonstrated a significant impact, with an F-value of
209.146 and a p-value of 5.673 x 10~17. However, DR 1 and DR 2 did not exhibit significant
main or interaction effects on any dataset, with p-values greater than 0.1.
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Table 5. Partial performance metrics and parameter values for each run of the CIFAR-10 dataset with
an imbalance ratio of 25:1.

Count LR DR1 DR 2 KS Accuracy  F1 Score G-Mean P-Mean Recall
(5Levels) (5Levels) (5Levels) (2 Levels) Ya) (Yr) Ye) (Yp) (YRr)

0.559 0.562 0.538 0.543 0.708

1 1 1 1 1 0.549 0.554 0.530 0.533 0.701
0.562 0.561 0.539 0.530 0.703

0.554 0.533 0.533 0.533 0.706

0.592 0.555 0.543 0.538 0.711

2 1 1 2 1 0.550 0.552 0.530 0.527 0.702
0.555 0.554 0.543 0.543 0.710

0.552 0.552 0.543 0.538 0.707

0.555 0.559 0.533 0.543 0.704

3 1 1 3 1 0.543 0.556 0.518 0.539 0.693
0.555 0.554 0.533 0.527 0.707

0.552 0.556 0.533 0.543 0.704

0.552 0.537 0.535 0.507 0.705

4 1 1 4 1 0.542 0.536 0.518 0.520 0.694
0.545 0.537 0.535 0.520 0.698

0.552 0.536 0.520 0.507 0.699

0.657 0.647 0.788 0.673 0.768

0.667 0.648 0.787 0.674 0.767

124 > > 4 ! 0.659 0.659 0.779 0.676 0.769
0.654 0.661 0.789 0.672 0.776

0.647 0.642 0.780 0.674 0.768

0.650 0.648 0.787 0.674 0.767

125 > > > ! 0.645 0.643 0.781 0.675 0.768
0.646 0.640 0.783 0.672 0.770

0.633 0.626 0.770 0.661 0.768

0.632 0.625 0.769 0.659 0.767

126 ! ! ! 2 0.634 0.627 0.774 0.663 0.759
0.631 0.624 0.772 0.662 0.764

0.578 0.571 0.561 0.559 0.726

0.586 0.576 0.573 0.573 0.736

247 > > 2 2 0.578 0.571 0.561 0.559 0.726
0.586 0.573 0.561 0.559 0.732

0.572 0.553 0.545 0.533 0.712

0.590 0.550 0.553 0.556 0.736

248 > > 3 2 0.572 0.553 0.545 0.533 0.712
0.590 0.553 0.545 0.533 0.736

0.563 0.568 0.525 0.525 0.718

0.569 0.569 0.560 0.561 0.725

249 > > 4 2 0.563 0.568 0.525 0.525 0.718
0.569 0.569 0.560 0.561 0.725

0.564 0.575 0.537 0.546 0.729

0.569 0.564 0.555 0.548 0.715

250 > > > 2 0.575 0.566 0.727 0.607 0.761
0.564 0.548 0.715 0.611 0.755
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Just as we conducted experiments on the CIFAR-10 dataset, we carried out the same
experiments on the Fashion-MNIST dataset and achieved similar results. Across different
imbalance ratios, we found significant main effects and interaction effects of LR and KS on
the CNN model accuracy. In the Fashion-MNIST dataset with an imbalance ratio of 25:1, LR
and KS exhibited p-values of 4.341 x 10710 and 9.776 x 10~#, respectively. The interaction
effect (LR x KS) showed an F-value of 27.322 and a p-value of 1.069 x 10~18. Under the 15:1
imbalance ratio, LR and KS had p-values and F-values of 1.338 x 1078 and 8.591 x 1074,
respectively, with an interaction effect (LR x KS) p-value of 3.810 x 1078 and F-value
of 13.800. In the balanced dataset, LR and KS significantly influenced the CNN model
accuracy with p-values of 3.601 x 1077 and 1.184 x 1073, respectively. The interaction effect
(LR x KS) had an F-value of 12.222, although its impact was slightly diminished compared
with that in the highly imbalanced dataset. These results underscore that the observed
effects are not incidental but robust validations of their impact on model performance.

Table 6. ANOVA results for accuracy on the CIFAR-10 dataset with an imbalance ratio of 25:1.

Degrees of Freedom Sums of Squares Mean Squares F-Values  p-Values

LR 4 4172.556 1043.139 10.565  6.508 x 1078
DR 1 4 112.928 28.232 0.245 0.912
DR 2 4 171.201 42.800 0.372 0.828
KS 1 498.492 498.492 7.373 0.036
LR*DR 1 16 1390.666 86.917 0.862 6.137 x 107!
LR*DR 2 16 871.953 54.497 0.530 9.298 x 10!
LR*KS 4 7464.556 1866.139 27.600  7.358 x 10717
DR 1*DR 2 16 1145.995 71.625 0.598 0.883
DR 1*KS 4 49.896 12.474 0.108 0.979
DR 2*KS 4 104.523 26.131 0.227 0.922

Table 7. ANOVA results for accuracy on the CIFAR-10 dataset with an imbalance ratio of 15:1.

Degrees of Freedom Sums of Squares Mean Squares F-Values  p-Values

LR 4 4264.931 1066.232 15958 1.622 x 1071
DR 1 4 217.170 54.292 0812 5182 x 107!
DR 2 4 58.650 14.662 0213 9309 x 107!
KS 1 155.630 155.630 7.929 4925 x 1072
LR*DR 1 16 646.592 40.412 0.604 8784 x 1071
LR*DR 2 16 361.287 22.580 0328 9937 x 107!
LR*KS 4 6178.579 1544.644 38.768 5.079 x 1072
DR 1*DR 2 16 646.767 40.422 0.598 0.958

DR 1*KS 4 205.396 51.349 0.629 0.642

DR 2*KS 4 115.262 28.815 0.348 0.844

Table 8. ANOVA results for accuracy on the CIFAR-10 dataset with an imbalance ratio of 1:1.

Degrees of Freedom Sums of Squares Mean Squares F-Values  p-Values

LR 4 377.506 94.376 27176  1.125 x 107
DR 1 4 8.587 2.146 0.431 0.786

DR 2 4 4.653 1.163 0.232 0.919

KS 1 177.729 177.729 41.954 4.982 x 1010
LR*DR 1 16 19.541 1.221 0334  9.930 x 10!
LR*DR 2 16 12.175 0.760 0205  9.996 x 107!
LR*KS 4 523.034 130.758 209.146 5.673 x 10717
DR 1*DR 2 16 4.330 0.270 0.050 0.929

DR 1*KS 4 3.162 0.790 0182 9472 x 107!
DR 2*KS 4 2519 0.629 0.144  9.651 x 10!
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The previous section demonstrates the significant impact of various parameters on
accuracy. To further explore the effects of these parameters on recall under different
imbalance ratios, we conducted an analysis of variance to obtain the p-values for the main
effects and interaction effects of learning rate, dropout rate 1, dropout rate 2, and kernel
size on the accuracy of minority class samples. Due to the substantial differences in the
p-values, we standardized each p-value using the following formula:

x — Minimum

li Value = ?
Normalized Value = G m — Minimum 2

This standardization process ensures that the effects of different parameters at various
imbalance ratios can be compared on the same scale, thereby guaranteeing fairness and
accuracy in the data analysis. By employing this method, we were able to illustrate and
compare the substantial impact of various parameters on recall.

As can be seen from Figure 6, the impact of different parameters on the model per-
formance varied across different imbalance ratios. In highly imbalanced datasets, LR, KS,
and their interaction effects significantly influenced the model. In moderately imbalanced
datasets, the effects of LR and KS were more pronounced. In balanced datasets, the interac-
tion effects of LR and KS (LR x KS) and the interaction effects of DR 1 and KS (DR 1 x KS)
significantly impacted model performance. Based on these findings, it is possible to more
precisely select and adjust the parameters of CNN models to improve their performance
on imbalanced data.

. 251
KS DR2 1 1501
B

LR*DR1

LR*DR?2

LR

LR*KS DR2*KS

DR1*DR2 DR1*KS

Figure 6. Effect of KS on recall in datasets with different imbalance ratios from the CIFAR-10 dataset.

In summary, LR and KS significantly impacted the overall model performance across
all imbalanced datasets, especially in highly imbalanced datasets. The interaction between
these two parameters also significantly influences the model’s performance. In balanced
datasets, LR and KS still significantly affect the model performance. However, their effects
are less pronounced than those for highly imbalanced datasets, whereas minor parameters
such as DR 1 and DR 2 have a minor impact on model performance. In subsequent
optimizations, attention should be focused on LR and KS, and their optimal combinations
should be explored to enhance the performance of CNN models on imbalanced datasets.
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5.3.2. Detailed Analysis of 25:1 Imbalanced Data on the CIFAR-10 Dataset

To gain a deeper understanding of the impact of the parameters on extremely im-
balanced datasets, we conducted a detailed analysis of data with an imbalance ratio of
25:1. At this ratio, the model performance is susceptible to parameter settings, making the
identification of critical parameters crucial for optimizing the model performance.

Because the independent variables that significantly impact the evaluation metrics are
LR and KS, we do not discuss the main effect results of the dropout rate in detail. Figure 7
shows the main effects of LR on various metrics, highlighting the significant impact of LR
on each metric. The best performance for each metric occurred when LR ranged from 0.001
to 0.031, peaking at approximately 0.031. Therefore, selecting an appropriate LR is crucial
for imbalanced data classification and can significantly enhance various metrics.
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Figure 7. Plot of main effect of learning rate on evaluation metrics for the CIFAR-10 dataset.

Figure 8 shows the overall impact of KS on various evaluation metrics for imbalanced
and balanced data. The results indicate that smaller kernel sizes perform better in terms of
accuracy, F1 score, G-mean, and P-mean, reflecting better overall balanced performance.
On the other hand, larger kernel sizes significantly improve recall, but cause a decline
in other performance metrics; thus, there is a significant trade-off when choosing the
kernel size for imbalanced data classification. The selection of the most suitable kernel
configuration should consider the specific performance requirements of the application
and the importance of the different evaluation metrics.

Figure 9 illustrates the interaction effects of different parameter combinations on the
accuracy of the imbalanced data classification. In the first subplot, the x-axis represents the
LR, the y-axis represents the mean accuracy, and the colors denote different levels of DR
1. It can be observed that accuracy increases as the learning rate increases from 0.001 to
0.031 but sharply declines at a learning rate of 0.1. The impact of different DR 1 levels on
the accuracy is relatively minor. Similar to in the previous subplot, the effect of different
DR 2 levels on the accuracy is also relatively small. Additionally, the combined effects of
DR 1 and DR 2 on the accuracy are complex.

In summary, LR and KS are the primary factors that significantly affect various per-
formance metrics, while DR 1, DR 2, and their interactions have a minor impact on these
metrics. To optimize the performance, the focus should be on the learning rate, kernel size,
and interaction. LR = 0.01, a moderate learning rate, provides an adequate gradient update
step size during model training. This allows the model to effectively learn the features of
the training data while avoiding oscillations and instability caused by overly large gradient
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steps. DR1 =0.02, DR 2 = 0.02, and relatively low dropout rates help prevent overfitting
while ensuring the model’s training efficiency and generalization ability. These two pa-
rameters enhance the robustness of the model while maintaining its simplicity. KS =3 x 3,
a smaller kernel size, allows the model to capture detailed image features better, thereby
improving its ability to recognize minority class samples. The smaller kernel also reduces
the number of parameters, thereby lowering the computational complexity. In the dataset
with an imbalance ratio of 25:1, using fractional factorial design and ANOVA, we identified
that the optimal parameter combination is A3B2C2D1.
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Figure 8. Plot of main effect of KS on evaluation metrics in highly imbalanced and balanced datasets
from the CIFAR-10. (IB stands for imbalanced data, and B stands for balanced data).
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Figure 9. Plot of interaction effect of four variables on evaluation metrics for the CIFAR-10 dataset.
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5.3.3. Detailed Analysis of 25:1 Imbalanced Data on the Fashion-MINST Dataset

To validate the model’s reliability, enhance the credibility of the research, and demon-
strate its performance across various scenarios, we conducted experiments using 25:1
imbalanced data extracted from the Fashion-MNIST dataset. Based on the setup in Table 3,
we considered four factors: LR, DR 1, DR 2, and KS. The first three factors had five levels,
labeled from A1 to C5, whereas KS had two levels. We performed an ANOVA to evaluate
the main effects of these parameters and their interaction effects on the minority class
samples. The experimental design included 250 experiments across the four factors, each
repeated four times to ensure the robustness and accuracy of the results.

Based on the ANOVA results for the Fashion-MNIST dataset, as shown in Figure 10,
the optimal parameter combination A2B3C3D1 was determined through an analysis of the
interaction effects of LR, DR 1, DR 2, and KS. Specifically, with a lower learning rate of
0.031, the model exhibited higher and more stable accuracy when both dropout rate 1 and
dropout rate 2 were 0.05, and the model’s average accuracy under different combinations
was relatively good and stable. When the kernel size was 3, the model performed most
stably across various parameter combinations. In summary, the optimal scheme is a
learning rate of 0.031, dropout rate 1 of 0.05, dropout rate 2 of 0.05, and kernel size of 3.
This combination ensures the model performance while reducing the risk of overfitting
and instability.
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Figure 10. Plot of interaction effect of four variables on evaluation metrics for the Fashion-
MNIST dataset.

5.4. Parameter Optimization

The basic framework of the models we used included five convolutional layers, each
with a 3 x 3 kernel size, three max-pooling layers, and three dropout layers, as shown in
Table 4. In our experiments, we designed five different CNN models to explore the effect of
parameter tuning on model performance on an imbalanced dataset. We compared these
with a traditional undersampling model for handling imbalanced data.

Model 1: This is the baseline model using the default number of convolution kernels
(32, 64,96, 128, 256), a default learning rate of 0.001, kernel size of 3x3, and dropout rate
of 0.2.

Model 2: Based on Model 1, the number of convolution kernels is adjusted to 103, 105,
107, 109, and 179 while the other settings are unchanged.

Model 3: Similar to Model 2 but with a kernel size of 5 x5, keeping the other parameters
the same.

Model 4: Based on the baseline model, this model adjusts both the number of convolu-
tion kernels and learning rate while the other parameters remain at their default values.
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Model 5: The adjustments made in Models 3 and 4 are combined by changing the
convolution kernel number, size, and learning rate.

The models were trained using the cross-entropy loss function, and evaluated based on
five metrics: accuracy, recall, F1 score, G-mean, and P-mean. These metrics were employed
to thoroughly assess the performance across each data category.

During the training process, the number of epochs was not fixed. Instead, we set a
stopping condition; if the difference in training accuracy between the current epoch and
the previous epoch was less than 1 x 1072 (i.e., 0.01), the training stopped. This approach
helped avoid overtraining the model once a certain accuracy level was reached.

To optimize the CNN'’s performance on the minority class samples, we employed
the two significant parameters mentioned above: LR and KS. By iteratively adjusting
these parameters, we identified the optimal network configuration that performs best in
terms of primary and interaction effects, enhancing the recognition capability of minority
class samples.

5.4.1. Results of CIFAR-10 Dataset

Table 9 presents the final experimental results, with accuracy representing the overall
accuracy and the remaining metrics evaluating the performance of minority class samples.
Based on the analysis of the experimental results, we observed that modifying the kernel
size and learning rate had a significant impact on the CNN model’s performance, especially
with imbalanced datasets. Model 1, serving as the baseline model, showed lower metrics,
particularly recall and F1 score, at 0.22 and 0.36, respectively, indicating poor performance
on minority class samples. Although Model 2’s overall accuracy decreased to 0.49, its recall
significantly improved to 0.16, demonstrating an enhanced ability to recognize minority
class samples. Model 3, with the kernel size adjusted to 5 x 5, significantly improved
the overall accuracy, recall, F1 score, and G-mean, reaching 0.65, 0.33, 0.72, and 0.78,
respectively, indicating a substantial improvement in recognition and accuracy for the
minority class samples. Model 4 adjusted only the learning rate, achieving a 0.67 overall
accuracy and improved performance on minority class samples, particularly in F1 score and
G-mean, with results of 0.71 and 0.76, respectively. Model 5, which combined adjustments
to the number of kernels, kernel size, and learning rate, achieved performance metrics
close to those of Model 4 and slightly better than those of Model 3, with a recall of 30.96%
and an F1 score of 0.71. The results demonstrate that simultaneously adjusting multiple
parameters can yield better performance, as shown in Figure 11.
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Figure 11. Performance metrics of minority class samples across the five models for the CIFAR-
10 dataset.
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Table 9. Performance of minority class samples in the CIFAR-10 dataset across five models.

Model Accuracy Recall F1 G-Mean P-Mean
1 0.51 0.22 0.36 0.49 0.53
2 0.49 0.16 0.27 0.40 0.86
3 0.65 0.33 0.72 0.78 0.89
4 0.67 0.27 0.71 0.76 0.94
5 0.67 0.34 0.71 0.76 0.94

Based on the analysis of variance and tuning process described above, the optimal
configuration for a dataset with an imbalance ratio of 25:1 was confirmed to be (0.013, 0.2,
0.2,3 x 3).

Table 10 presents the performance metrics of the parameter-optimized CNN model,
Model 1 with undersampling, and Model 1 with SMOTE for the CIFAR-10 dataset for
each class. Compared to the standard data-processing methods, the parameter-optimized
model demonstrated superior performance in most categories in terms of recall, F1 score,
G-mean, and P-mean, especially for the minority class. In this study, the minority class
corresponds to the automobile category. For the minority class, the recall, F1 score, G-mean,
and P-mean of Model 5 reached 0.31, 0.71, 0.76, and 0.94, respectively, whereas Model
1 with undersampling only achieved 0.23, 0.37, 0.48, and 0.52, respectively. The results
indicate that, under a 25:1 imbalance ratio, optimizing the parameter selection improves the
classification performance of the minority class, highlighting the importance of optimizing
parameter selection in handling imbalanced data scenarios.

Compared to undersampling, Model 1 with SMOTE showed mixed results for the
minority class. The SMOTE resulted in a lower recall than undersampling, only reaching
0.12, though it slightly improved the F1 score to 0.22. Despite the slight improvement
in F1 score, the G-mean and P-mean values for the SMOTE were still significantly lower
than those of the parameter-optimized Model 5. This indicates that, while the SMOTE’s
synthetic samples provide some improvements in certain metrics, its effectiveness in
enhancing recall for the minority class is limited. This further underscores that, in cases of
extreme imbalance, optimizing model parameters is more effective than solely relying on
SMOTE oversampling.

Table 10. Performance metrics for each class in the CIFAR-10 dataset (bold text indicates Model 5).

Airplane Automobile Bird Cat Deer Dog Frog Horse Ship Truck
Recall 0.90 0.31 0.38 0.59 0.46 0.43 0.85 0.53 0.73 0.91
0.87 0.23 0.35 0.58 0.22 0.32 0.81 0.38 0.79 0.84
0.90 0.12 0.32 0.58 0.40 0.42 0.19 0.28 0.74 0.79
F1 score 0.68 0.71 0.49 0.57 0.54 0.60 0.77 0.69 0.82 0.77
0.60 0.37 0.41 0.44 0.33 0.41 0.70 0.52 0.73 0.65
0.54 0.22 0.38 0.41 0.43 0.43 0.32 0.42 0.70 0.60
G-mean 0.91 0.76 0.61 0.78 0.65 0.73 0.91 0.79 0.88 0.93
0.88 0.48 0.58 0.72 0.47 0.56 0.88 0.61 0.87 0.88
0.87 0.35 0.55 0.71 0.62 0.63 0.44 0.52 0.84 0.85
P-mean 0.55 0.94 0.71 0.50 0.72 0.64 0.70 0.75 0.86 0.66
0.45 0.52 0.49 0.47 0.52 0.50 0.45 0.49 0.46 0.45
0.37 0.46 0.41 0.39 0.40 0.40 0.44 0.42 0.38 0.37

In terms of the G-mean and P-mean metrics, Model 5 demonstrated a more balanced
and consistent performance. For other class data, Model 5 achieved a recall rate of 0.90 for
the airplane category, compared to 0.87 achieved by Model 1 with undersampling. In the
frog category, Model 5 had an F1 score of 0.77, while Model 1 had an undersampling score
of 0.70.
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Figure 12 illustrates this phenomenon. Compared with using undersampling data
processing alone (red region), the model with parameter optimization (blue region) sig-
nificantly improved the metrics for minority classes (such as the car category). Recall
rate, F1 score, G-mean, and P-mean were significantly enhanced. The results indicate that
parameter optimization notably improved the model’s ability to identify minority class
samples. Furthermore, this method not only improved the performance of minority class
samples, but also maintained high performance across other classes and, in some cases,
showed improvement.

This further underscores the importance of parameter selection, particularly when
dealing with minority class samples. Optimizing the parameter settings can significantly
enhance the recognition capabilities and classification performance, resulting in better
performance on imbalanced datasets.
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Figure 12. Evaluation metrics of Model 5 and undersampling compared to Model 5 on various classes
in the CIFAR-10 dataset.

5.4.2. Results of Fashion-MINST Dataset

The same methodology was applied to the Fashion-MNIST dataset. Based on the
ANOVA results, the optimal configuration for the 25:1 imbalanced dataset was determined
to be (0.031, 0.05, 0.05, 3 x 3). The results obtained from parameter optimization, specifically,
the results of Model 5, were compared with the performance of the five models defined
above. Figure 13 and Table 11 present the final results of the five models. The experimental
findings demonstrate that adjusting the number of convolution kernels, their size, and the
learning rate affects the performance of CNN models, especially in handling imbalanced
datasets. Model 1 showed poor performance on minority class samples with a recall of 0.28
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and an F1 score of 0.42. Model 2 adjusted the number of convolution kernels and improved
the recall to 0.31, with a slight increase in overall accuracy. Model 3 further changed the
kernel size to 5 x 5, maintaining an accuracy of 0.84 but experiencing slight decreases in the
recall and F1 score. Model 4, adjusting the learning rate, showed improved performance
with a recall of 0.28 and an F1 score of 0.41. Model 5, which combined adjustments to kernel
number, size, and learning rate, achieved the best performance with an overall accuracy
of 0.87, recall of 0.38, and F1 score of 0.50. These results are consistent with those of the
experiments on the CIFAR-10 dataset, highlighting the significant impact of parameter
selection on the recognition performance of minority class samples.
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Figure 13. Performance metrics box plot of the Fashion-MNIST dataset across five models with
model highlights.(The red line represents the median).

Table 11. Performance of minority class samples on the Fashion-MNIST dataset across five models.

Model Accuracy Recall F1 G-Mean P-Mean
1 0.84 0.28 0.42 0.52 0.90
2 0.85 0.31 0.44 0.55 0.91
3 0.84 0.24 0.38 0.48 0.90
4 0.83 0.28 0.41 0.52 0.88
5 0.87 0.38 0.50 0.59 0.94

Table 12 presents the performance metrics for each class for the Fashion-MNIST dataset
for Model 5 and the undersampled model, with bold text representing the results of Model
5. Both T-shirt and shirt are minority samples. Model 5 performed exceptionally well for
class 1, with a recall of 0.97, an F1 score of 0.78, a G-mean of 0.95, and a P-mean of 0.77.
In contrast, for class 6, the undersampled model achieved a recall and F1 score of 0.46
and 0.53, respectively, while these metrics significantly improved to 0.88 and 0.61 through
parameter adjustments in Model 5.

Specifically, the data in the table show that, although class 6 performed poorly after
undersampling, its recall and F1 score significantly improved through parameter adjust-
ments in Model 5. The results indicate that appropriate adjustments to the number and
size of convolution kernels and the learning rate can effectively enhance the recognition
performance of minority samples (especially class 6), thereby improving the model’s overall
performance when handling imbalanced datasets.
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Table 12. Performance metrics for each class in the Fashion-MNIST dataset (bold text indicates

Model 5).

T-Shirt Trouser Pullover Dress Coat Sandal Shirt Sneaker Bag Ankle Boot
Recall 0.97 0.96 0.90 0.90 0.75 0.98 0.46 0.84 0.97 0.99

0.97 0.96 0.87 0.90 0.62 0.98 0.38 0.88 0.97 0.98
F1 score 0.78 0.97 0.75 0.89 0.73 0.98 0.53 0.95 0.97 0.98

0.77 0.78 0.75 0.87 0.70 0.97 0.44 0.92 0.97 0.95
G-mean 0.95 0.97 0.91 0.94 0.84 0.98 0.61 0.94 0.98 0.98

0.95 0.97 091 0.94 0.78 0.98 0.51 0.88 0.98 0.98
P-mean 0.77 0.77 0.78 0.77 0.81 0.77 0.95 0.78 0.78 0.77

0.77 0.77 0.78 0.77 0.79 0.77 0.91 0.78 0.77 0.77

In summary, Table 12 and Figure 14 indicate that Model 5, through adjustments to
the number and size of convolution kernels and learning rate, significantly improved
the performance of minority class samples in imbalanced datasets. This improvement
was particularly notable for class 6, the shirt category. Model 5 demonstrated superior
overall performance in terms of recall, F1 score, G-mean, and P-mean compared with
the undersampling method, highlighting the effectiveness of parameter adjustments in
enhancing the recognition performance of minority class samples.
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Figure 14. Evaluation metrics of Model 5 and undersampling compared to Model 5 on various classes

in the Fashion-MNIST dataset.

58



Appl. Sci. 2024, 14,9071

6. Conclusions

This study aimed to investigate the impact of CNN parameter distributions on im-
balanced data and improve the classification performance of minority class samples by
optimizing the CNN model parameters. Quantitative evaluation metrics included accuracy,
recall, F1 score, G-mean, and P-mean. We found that parameter selection significantly
influence imbalanced data and specifically optimized additional hyperparameters of the
CNN model for the CIFAR-10 dataset with a maximum imbalance ratio of 25:1 and the
Fashion-MNIST dataset. The results demonstrate that the learning rate and kernel size
notably affect the performance of the CNN model for imbalanced data. In CIFAR-10,
adjusting the learning rate to 0.013 and setting the kernel size to 3 x 3, and, in Fashion-
MNIST, adjusting the learning rate to 0.0031 and setting the kernel size to 3 x 3, led to
improvements in accuracy by 14.20% and 3.87%, respectively, compared to traditional
undersampling methods. For CIFAR-10, the recall, F1 score, G-mean, and P-mean of the
minority class samples improved by 8%, 34%, 28%, and 42%, respectively, compared to the
undersampling methods. For Fashion-MNIST, these metrics improved by 12%, 9%, 10%,
and 4%, respectively. These findings underscore the importance of parameter selection in
handling imbalanced data, particularly kernel size and learning rate adjustment, which
play a crucial role in recognizing minority class samples.

Despite achieving significant results in this study, further exploration of parameter op-
timization methods is necessary. This study focused solely on understanding and studying
a single CNN model and did not explore other models. Considering the relatively scarce
research on deep learning methods in the context of imbalanced and large datasets, further
exploration will significantly advance deep learning methods in big data analytics. Future
research on deep learning will likely continue in this challenging direction and attract
continued attention from those in academia and industry. For more details, please refer to
our GitHub project: https://github.com/2221335/ Ao (accessed on 27 September 2024).

Author Contributions: Conceptualization, N.W.; methodology, N.W.; software, R.Z.; validation,
R.Z. and N.W.; formal analysis, R.Z.; investigation, R.Z.; writing—original draft preparation, R.Z.;
writing—review and editing, N.W.; visualization, R.Z. All authors have read and agreed to the
published version of the manuscript.

Funding: This research was funded by the Project of “Double First-Class” Disciplines in Heilongjiang
Province, grant number LJGXCG2022-057.

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.
Data Availability Statement: The datasets used for this study are publicly available.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1. Krizhevsky, A.; Sutskever, I.; Hinton, G.E. AlexNet: ImageNet classification with deep convolutional neural networks. Proc.
NIPS 2018, 1097-1105.

2. Seera, M.; Lim, C.P. A hybrid intelligent system for medical data classification. Expert Syst. Appl. 2014, 41, 2239-2249. [CrossRef]

3. Alam, T.M.; Shaukat, K.; Khan, W.A.; Hameed, I.A.; Almuqren, L.A.; Raza, M.A,; Aslam, M.; Luo, S. An efficient deep
learning-based skin cancer classifier for an imbalanced dataset. Diagnostics 2022, 12, 2115. [CrossRef]

4. Awoyemi, ].O.; Adetunmbi, A.O.; Oluwadare, S.A. Credit card fraud detection using machine learning techniques: A comparative
analysis. In Proceedings of the 2017 International Conference on Computing Networking and Informatics (ICCNI), Lagos,
Nigeria, 29-31 October 2017; IEEE: New York, NY, USA, 2017; pp. 1-9.

5. Sun, Y, Zhao, T,; Zou, Z.; Chen, Y.; Zhang, H. Imbalanced data fault diagnosis of hydrogen sensors using deep convolutional
generative adversarial network with convolutional neural network. Rev. Sci. Instrum. 2021, 92, 095007. [CrossRef]

6.  Johnson, ].M.; Khoshgoftaar, T.M. Survey on deep learning with class imbalance. J. Big Data 2019, 6, 27. [CrossRef]

7. Drummond, C.; Holte, R.C. C4. 5, class imbalance, and cost sensitivity: Why under-sampling beats over-sampling. In Proceedings
of the Workshop on Learning from Imbalanced Datasets II, Washington, DC, USA, 21 August 2003; Volume 11.

8.  Chawla, N.V.; Bowyer, KW.; Hall, L.O.; Kegelmeyer, W.P. SMOTE: Synthetic minority over-sampling technique. J. Artif. Intell.

Res. 2002, 16, 321-357. [CrossRef]

59



Appl. Sci. 2024, 14,9071

10.

11.

12.

13.
14.

15.

16.
17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.
34.

35.

36.

37.

Elkan, C. The foundations of cost-sensitive learning. In Proceedings of the International Joint Conference on Artificial Intelligence,
Seattle, WA, USA, 4-10 August 2001; Lawrence Erlbaum Associates Ltd.: Mahwah, NJ, USA, 2001; Volume 17, pp. 973-978.
Galar, M.; Fernandez, A.; Barrenechea, E.; Bustince, H.; Herrera, F. A review on ensembles for the class imbalance problem:
Bagging-, boosting-, and hybrid-based approaches. IEEE Trans. Syst. Man, Cybern. Part C (Appl. Rev.) 2011, 42, 463-484. [CrossRef]
Fernandez, A.; Garcia, S.; Herrera, F.; Chawla, N.V. SMOTE for learning from imbalanced data: Progress and challenges, marking
the 15-year anniversary. J. Artif. Intell. Res. 2018, 61, 863—905. [CrossRef]

Lin, TY,; Goyal, P; Girshick, R.; He, K.; Dollar, P. Focal loss for dense object detection. In Proceedings of the IEEE International
Conference on Computer Vision, Venice, Italy, 22-29 October 2017; pp. 2980-2988.

Breiman, L. Bagging predictors. Mach. Learn. 1996, 24, 123-140. [CrossRef]

Freund, Y.; Schapire, R.E. A decision-theoretic generalization of on-line learning and an application to boosting. J. Comput. Syst.
Sci. 1997, 55, 119-139. [CrossRef]

LeCun, Y.; Bottou, L.; Bengio, Y.; Haffner, P. Gradient-based learning applied to document recognition. Proc. IEEE 1998,
86,2278-2324. [CrossRef]

Simonyan, K.; Zisserman, A. Very deep convolutional networks for large-scale image recognition. arXiv 2014, arXiv:1409.1556.
He, K.; Zhang, X.; Ren, S.; Sun, ]. Deep residual learning for image recognition. In Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition, Las Vegas, NV, USA, 27-30 June 2016; pp. 770-778.

Wang, S.; Yu, Q.; Zhang, X.; Liu, B.; Zhang, C. Learning from imbalanced data: A review and experimental study. ACM Comput.
Surv. (CSUR) 2017, 50, 1-35.

He, H.; Garcia, E.A. Learning from imbalanced data. IEEE Trans. Knowl. Data Eng. 2009, 21, 1263-1284.

Das, M.N.; Giri, N.C. Design and Analysis of Experiments; New Age International: Delhi, India, 1979.

Lujan-Moreno, G.A.; Howard, P.R.; Rojas, O.G.; Montgomery, D.C. Design of experiments and response surface methodology to
tune machine learning hyperparameters, with a random forest case-study. Expert Syst. Appl. 2018, 109, 195-205. [CrossRef]
Garofalo, S.; Giovagnoli, S.; Orsoni, M.; Starita, F.; Benassi, M. Interaction effect: Are you doing the right thing? PLoS ONE 2022,
17, €0271668. [CrossRef]

Chawla, N.V,; Japkowicz, N.; Kotcz, A. Special issue on learning from imbalanced data sets. ACM SIGKDD Explor. Newsl. 2004,
6, 1-6. [CrossRef]

Shin, K.; Han, J.; Kang, S. MI-MOTE: Multiple imputation-based minority oversampling technique for imbalanced and incomplete
data classification. Inf. Sci. 2021, 575, 80-89. [CrossRef]

Wang, X.; Xu, J.; Zeng, T.; Jing, L. Local distribution-based adaptive minority oversampling for imbalanced data classification.
Neurocomputing 2021, 422, 200-213. [CrossRef]

Seliya, N.; Khoshgoftaar, T.M.; Van Hulse, ]. A study on the relationships of classifier performance metrics. In Proceedings of the
2009 21st IEEE International Conference on Tools with Artificial Intelligence, Newark, NJ, USA, 2—4 November 2009; IEEE: New
York, NY, USA, 2009; pp. 59-66.

Mani, I; Zhang, I. kNN approach to unbalanced data distributions: A case study involving information extraction. In Proceedings
of the Workshop on Learning from Imbalanced Datasets, Washington, DC, USA, 21 August 2003; ICML: Vienna, Austria, 2003;
Volume 126, pp. 1-7.

Krawczyk, B. Learning from imbalanced data: Open challenges and future directions. Prog. Artif. Intell. 2016, 5, 221-232.
[CrossRef]

He, H.; Bai, Y.; Garcia, E.A.; Li, S. ADASYN: Adaptive synthetic sampling approach for imbalanced learning. In Proceedings of
the 2008 IEEE International Joint Conference on Neural Networks (IEEE World Congress on Computational Intelligence), Hong
Kong, China, 1-8 June 2008; IEEE: New York, NY, USA, 2008; pp. 1322-1328.

Huang, C.; Li, Y,; Loy, C.C.; Tang, X. Learning deep representation for imbalanced classification. In Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition, Las Vegas, NV, USA, 27-30 June 2016; pp. 5375-5384.

Mease, D.; Wyner, A.].; Buja, A. Boosted classification trees and class probability/quantile estimation. J. Mach. Learn. Res. 2007, 8,
409-439.

Wu, C.; Wang, N.; Wang, Y. Increasing Minority Recall Support Vector Machine Model for Imbalanced Data Classification. Discret.
Dyn. Nat. Soc. 2021, 2021, 6647557. [CrossRef]

Breiman, L. Random forests. Mach. Learn. 2001, 45, 5-32. [CrossRef]

Chen, T.; Guestrin, C. Xgboost: A scalable tree boosting system. In Proceedings of the 22nd ACM Sigkdd International Conference
on Knowledge Discovery and Data Mining, San Francisco, CA, USA, 13-17 August 2016; pp. 785-794.

Zhong, X.; Wang, N. Ensemble learning method based on CNN for class imbalanced data. J. Supercomput. 2024, 80, 10090-10121.
[CrossRef]

Zhou, B.; Cui, Q.; Wei, X.S.; Chen, Z.M. Bbn: Bilateral-branch network with cumulative learning for long-tailed visual recognition.
In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, Seattle, WA, USA, 13-19 June 2020;
pp- 9719-9728.

Ilham, A; Silva, J.; Mercado-Caruso, N.; Tapias-Ruiz, D.; Lezama, O.B.P. Impact of class imbalance on convolutional neural
network training in multi-class problems. In Proceedings of the Image Processing and Capsule Networks: ICIPCN 2020, Bangkok,
Thailand, 6-7 May 2020; Springer: Berlin/Heidelberg, Germany, 2021; pp. 309-318.

60



Appl. Sci. 2024, 14,9071

38. Liao, L.; Zhao, Y,; Wei, S.; Wei, Y.; Wang, ]. Parameter distribution balanced CNNs. IEEE Trans. Neural Netw. Learn. Syst. 2020,
31, 4600-4609. [CrossRef] [PubMed]

39. Yoo, ].H.; Yoon, H.i.; Kim, H.G.; Yoon, H.S.; Han, S.S. Optimization of hyper-parameter for CNN model using genetic algorithm.
In Proceedings of the 2019 1st International Conference on Electrical, Control and Instrumentation Engineering (ICECIE), Kuala
Lumpur, Malaysia, 25 November 2019; IEEE: New York, NY, USA, 2019; pp. 1-6.

40. Temraz, M.; Keane, M.T. Solving the class imbalance problem using a counterfactual method for data augmentation. Mach. Learn.
Appl. 2022, 9,100375. [CrossRef]

41. Nasiri, H.; Alavi, S.A. A Novel Framework Based on Deep Learning and ANOVA Feature Selection Method for Diagnosis of
COVID-19 Cases from Chest X-Ray Images. Comput. Intell. Neurosci. 2022, 2022, 4694567. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

61



E applied sciences

Article

Study on Image Classification Algorithm Based on Multi-Scale
Feature Fusion and Domain Adaptation

Yu Guo V¥, Ziyi Cheng >¥, Yuanlong Zhang 3, Gaoxuan Wang ** and Jundong Zhang !

Marine Engineering College, Dalian Maritime University, Dalian 116000, China

Department of Electrical and Electronic Engineering, The University of Manchester, Manchester M13 9PL, UK
School of Mathematical Sciences, University of Nottingham, Nottingham NG9 2SE, UK

National Engineering Research Center of Geographic Information System, China University of Geosciences,
Wuhan 430078, China

*  Correspondence: gxwang@cug.edu.cn

These authors contributed equally to this work.

[ I S

Abstract: This paper introduces the MMTADAN, an innovative algorithm designed to enhance cross-
domain image classification. By integrating multi-scale feature extraction with Taylor series-based
detail enhancement and adversarial domain adaptation, the MMTADAN effectively aligns features
between the source and target domains. The proposed approach addresses the critical challenge of
generalizing classification models across diverse datasets, demonstrating significant improvements
in performance. The findings suggest that retaining essential image details through multi-scale
extraction and Taylor series enhancement can lead to better classification outcomes, making the
MMTADAN a valuable contribution to the field of image classification.

Keywords: statistical learning; deep learning; domain adaptation; generative adversarial network

1. Introduction

Machine learning, as a discipline that equips machines with “intelligence”, has become
deeply integrated into various sectors of our lives and industries [1-4]. Cheng et al. [5]
present a novel self-supervised adversarial training method for Monocular Depth Esti-
mation (MDE) models, enhancing robustness against physical attacks by leveraging view
synthesis and incorporating /p-norm-bounded perturbations, without the need for ground-
truth depth. Fang et al. [6] introduce a smooth and time-optimal S-curve trajectory planning
method for robotic manipulators, using a piecewise sigmoid function to create infinitely
differentiable trajectories, balancing efficiency and smoothness under given constraints,
with validation through simulations and experiments. Liu et al. [7] propose an Approx-
imate Maximum Likelihood Estimator (AMLE) to efficiently estimate the instantaneous
frequency (IF) for nonstationary signals with intersecting or closely spaced IFs, improving
upon the traditional MLE by reducing the computational complexity and handling time-
varying amplitudes. Fang et al. [8] present a methodology for generating online, smooth
joint trajectories for robots using an improved sinusoidal jerk model, offering a computa-
tionally efficient solution for time-optimal trajectory planning with kinematic constraints,
leading to a better performance in terms of efficiency and jerk suppression compared to
the existing techniques. Qin et al. [9] present a method based on the synchroextracting
chirplet transform (SECT) for early chatter recognition in robotic drilling, demonstrating
a superior performance in detecting chatter onset more quickly and effectively than the
existing methods, making it practical for real-time vibration suppression. Sun et al. [10]
propose a variable-scale wavelet packet entropy (VSWPE) method for detecting machining
chatter, including scenarios with the beat effect, using beat frequency estimation and opti-
mal demodulation techniques to improve the detection accuracy and prevent false alarms,
demonstrating effectiveness in both simulations and machining tests.
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In real-world applications, machine learning has seen considerable success in areas
such as computer vision, natural language processing, and recommendation systems [11-16].
Computer vision, in particular, is a significant research area that simulates human visual
systems to understand the real world through computational tools. From early efforts
focused on manually designing image features to current research using deep learning
algorithms for automated feature extraction, image analysis has remained a key component
of artificial intelligence research. The hope is to use Al technologies to address challenges
in the field of computer vision. In contrast to supervised learning with labeled data, today’s
information-rich world produces vast amounts of unlabeled image data across industries.
These unlabeled datasets, though easy to obtain and rich in information, pose challenges
in training deep learning models. This has created an urgent need to resolve the issue of
how to effectively use small amounts of labeled data while incorporating large volumes of
unlabeled data into deep learning models. Moreover, transferring a deep learning model
trained on one dataset to another related but different dataset is a pressing challenge in the
current deep learning development. One promising research direction addressing these
challenges is domain adaptation. Traditional machine learning and deep learning tasks
typically assume that the training data and deployment data share the same distribution,
but this assumption often does not hold in practice. Thus, domain adaptation has become
a critical research area.

Sohail et al. [17] provide a comprehensive review of deep transfer learning (DTL) and
domain adaptation (DA) techniques for 3D point cloud (3DPC) processing, highlighting
recent advancements, datasets, evaluation metrics, and applications like object detection,
segmentation, and denoising while addressing current challenges and suggesting future
research directions. Ozince et al. [18] introduce a suite of sparsity-aware complex-valued
least-mean kurtosis (CLMK) algorithms, including 10-CLMK, 10-ACLMK, ZA-CLMK, ZA-
ACLMK, RZA-CLMK, and RZA-ACLMK, aimed at improving sparse system identification.
Simulation results demonstrate superior performances in the convergence rate, tracking,
and steady-state error compared to the existing sparsity-aware algorithms in both synthetic
and real-world scenarios. Lu et al. [19] propose the generalized Jensen-Rényi divergence
(GJRD) as a method for efficiently handling multiple data distributions in machine learn-
ing scenarios, addressing the limitations of traditional pairwise divergence measures. A
non-parametric empirical estimator based on kernel density estimation is derived for the
GJRD, which is then integrated into a deep clustering framework (GJRD-DC). Experimen-
tal results show that the GJRD-DC achieves state-of-the-art performances on challenging
datasets, and the code is available online. Peng et al. [20] propose novel regularization-
based frequency-domain diffusion algorithms to address the limitations of the existing
methods for distributed estimation with missing inputs, offering an enhanced performance
through bias elimination, power normalization, and fast convergence under colored inputs,
as well as providing stability analysis and effective power estimation techniques. Xian
etal. [21] propose a novel approach for unsupervised person re-identification by leveraging
multiple-source datasets, using expert-specific clustering and dual-similarity distillation
to enhance the domain adaptation while maintaining the feature diversity through repre-
sentation decorrelation, with experiments validating its effectiveness on key benchmarks.
Fang et al. [22] present a source-free collaborative domain adaptation (SCDA) framework
for resting-state fMRI, addressing cross-site data heterogeneity by utilizing a pretrained
source model and unlabeled target data, with a multi-perspective feature enrichment
method and unsupervised pretraining, demonstrating effectiveness in cross-scanner and
cross-study prediction.

In the field of image processing, domain adaptation has seen significant advancements.
Peng et al. [23] propose a Disentanglement-Inspired Single-Source Domain Generalization
Network (DSDGnet) for cross-scene hyperspectral image (HSI) classification, addressing
spectral heterogeneity by extracting domain-invariant representations through a style
transfer and progressive disentanglement approach, with experiments demonstrating a
superior performance over the existing methods across multiple HSI datasets.
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Yang et al. [24] introduce a novel unsupervised domain adaptation method, the
contrastive domain adaptation network (CDANet), for building extractions from high-
spatial-resolution imagery, leveraging adversarial and contrastive learning with a multitask
generator and dual discriminators to enhance the edge detection and alignment of cross-
domain pixel features, achieving a superior performance compared to the existing methods
across multiple datasets. Tang et al. [25] propose a domain-adaptive noise reduction
framework (DANRF) for low-dose CT denoising, combining supervised and unsuper-
vised methods through iterative knowledge transfer, knowledge distillation, and style
generalization learning to address domain gaps and improve performances on real-world
data, with experiments demonstrating its effectiveness on multi-source datasets. Jecklin
et al. [26] present a novel approach to overcome the domain gap between synthetic and
real fluoroscopic images for the intraoperative 3D reconstruction of the spine in orthopedic
surgeries, utilizing a unique paired dataset and transfer learning. By integrating style trans-
fer and refining the X23D model, the method achieves high accuracy and a good real-time
performance, offering a promising solution for enhancing surgical navigation and planning.
Guo et al. [27] propose novel regularization-based frequency-domain diffusion algorithms
for distributed estimation with missing input data, improving upon the existing methods
by addressing the input color and complexity issues through bias elimination, power nor-
malization, and periodic updates, with simulations demonstrating the algorithms’ superior
performance and theoretical validity. Moraes et al. [28] review the critical role of training
data in the land cover (LC) classification of satellite imagery, identifying key research
topics across 114 peer-reviewed studies. The findings are categorized into four main top-
ics: construction of the training dataset, sample quality, sampling design, and advanced
learning techniques. Subtopics include methods for the sample collection, cleaning, size,
class balance, and distribution. The review provides a comprehensive synthesis of these
aspects, offering insights to guide future LC mapping projects. Chen et al. [29] propose
the Multi-Scale Global and Category-Attention Feature Alignment Network (MGCAN) to
improve the extraction of un-collapsed buildings from post-disaster high-resolution remote
sensing images by effectively aligning pre- and post-disaster features, significantly enhanc-
ing the accuracy and outperforming the existing methods. Okafor et al. [30] enhanced
wheat head detection across varying domains by applying Fourier domain adaptation
(FDA), adaptive alpha beta gamma correction (AABG), and random guided filter (RGF)
preprocessing, achieving an improved detection accuracy (a mAP of 0.6534) compared to
the baseline and addressing challenges related to domain variations in wheat images.

In the realm of image retrieval, traditional image feature descriptors often result
in high-dimensional vectors. The Scale-Invariant Feature Transform (SIFT) [31], for in-
stance, generates local feature descriptors with dimensions typically ranging from 12,800 to
128,000 per image. Even deep learning-based retrieval models often produce feature vec-
tors exceeding 1024 dimensions. In the era of big data, this high dimensionality signifi-
cantly increases storage requirements and computational costs, making it difficult to meet
real-time image retrieval demands. To address these challenges, we propose a novel al-
gorithm, the multi-scale, multi-channel Taylor adversarial domain adaptation network
(MMTADAN), which integrates statistical methods and deep learning to solve the problem
of domain adaptation in image processing. Our approach employs a multi-scale, multi-
channel feature extraction network, detail enhancement using Taylor series-based analysis,
and adversarial domain adaptation to align features across domains.

2. Related Background Knowledge
2.1. Taylor Series

If a function (f(xp)) has an n-th derivative at point x, then there exists a neighborhood
of xp, and for any x within this neighborhood, the function can be expressed as follows:

£x) = £x) + £/ (x0)x = x0) + L0 () -+ L ey o (e  0)") <1>
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Extending the Taylor formula into an infinite series yields the Taylor series:

f" (x0)
2!

Fm(x0)

= L L )" = £0) + o) —x0) + g w4+ L g )

|
=0 n:

This expansion provides a way to approximate smooth functions by polynomials
around a specific point.

2.2. Generative Adversarial Networks (GANSs)

Generative Adversarial Networks (GANSs) consist of two primary components: a
generator and a discriminator, as shown in Figure 1. The generator takes random noise
sampled from a specific distribution and attempts to generate data that resemble the
true data distribution, whereas the discriminator receives both real data samples and the
generator’s output, attempting to distinguish between the real and generated data. The
generator and discriminator iteratively improve by competing against each other in a
process known as adversarial learning. This iterative process continues until the generator
produces data that are indistinguishable from the real data and the discriminator cannot
reliably differentiate between the two, achieving a Nash equilibrium.

Gradients

- ' D Loss
X~Pdata (x) .

e D(G()

minmaxV (D, G) + G Loss

y

Z G G@)
~pA2) G(z) ~po(G(2))

Gradients
Figure 1. Structure of a Generative Adversarial Network.

Let Py, represent the true data distribution and P, represent the noise distribution,
which can follow any arbitrary distribution. The adversarial optimization process for
GAN:Ss can be expressed as follows:

min maxEy._p,, 10g[D(x)] + Ex-r, logl1 - D(G(z)] Q

Figure 1 illustrates the structure of a GAN, where the generator and discriminator are
engaged in a minimax game, refining their performances through adversarial training.

2.3. Attention Mechanism

Convolutional Neural Networks (CNNs) possess strong data fitting capabilities; how-
ever, due to limitations imposed by optimization algorithms and computational resources,
enhancing the CNN performance on large-scale datasets can be challenging. Computa-
tional power often becomes a bottleneck that restricts model improvements. Inspired by
the human nervous system, the brain cannot handle overloaded visual tasks, but through
the visual attention mechanism, humans focus on key objects, significantly improving
their processing efficiency [32]. Attention mechanisms have a long history of research, and
in 2014, Google and the DeepMind team successfully integrated attention mechanisms
with Recurrent Neural Networks (RNNs), giving rise to Attention-based RNNs (AttRNNSs).
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These networks are widely used in sequence-to-sequence tasks such as machine translation
and speech recognition. Common types of attention mechanisms include channel attention,
spatial attention, and hybrid attention.

Channel attention (CA), also referred to as item-wise attention, focuses on assigning
different weights to each feature map obtained from various convolutional kernels. The
idea is that each kernel extracts a different feature map, capturing varying amounts of
important information. By applying a weight coefficient to each feature map, the network
can emphasize the feature maps that contain more relevant information.

Spatial attention (SA), also known as location-wise attention, takes the data features
as input and learns a weight mask through a neural network. This mask predicts the
importance of different parts of the feature map, enhancing or suppressing specific features
depending on their relevance.

Hybrid attention (HA) combines both spatial and channel attention mechanisms
to enhance the model’s ability to focus on the most important parts of the input. A
classic example of a hybrid attention module is the Convolutional Block Attention Module
(CBAM) [33], which incorporates both the Channel Attention Module (CAM) and Spatial
Attention Module (SAM). The CAM computes the attention weights for each channel,
allowing the network to prioritize specific channel features, while the SAM calculates
attention weights for each spatial location, focusing the network on important regions
in the image. The outputs of the CAM and SAM are combined through element-wise
multiplication to generate the final attention weights.

The CBAM enhances the network’s sensitivity to both channel and spatial features,
improving the classification accuracy. Furthermore, the CBAM can be seamlessly integrated
into existing CNN architectures as a submodule, improving the model’s expressive power
and robustness. This module has been widely applied in tasks such as object detection,
image classification, and semantic segmentation, where it has consistently demonstrated
an excellent performance.

3. Method
3.1. Feature Fusion Network

In computer vision tasks such as object detection, image classification, and semantic
segmentation, fusing multi-scale features significantly improves the performance of CNNs.
Shallow feature maps, obtained with fewer convolutional operations, capture texture and
geometric features of the input image but contain more redundant and low-level semantic
information. In contrast, deeper feature maps, produced with more convolutions, offer
better semantic representations but can lose critical details. When the performance of a
network reaches a certain bottleneck, integrating multi-scale features can provide richer
information, enhancing the model’s robustness.

Christian et al. [34] proposed the Inception network, which combines multi-scale con-
volution and feature concatenation. The key idea is to use convolutional kernels of different
sizes within the same layer to capture multi-scale features, followed by concatenating
these features to achieve more comprehensive feature representations. Shang et al. [35]
introduced the Res2Net architecture, a variant of ResNet, which splits the input features
into smaller sub-feature maps processed through separate paths and then combines the
outputs. This approach enables the extraction of more diverse and detailed features.

Image detail enhancement algorithms can be applied to a wide range of electronic
products. In this subsection, we derive and analyze the initial model formulation for detail
enhancement, proposing a rapid detail enhancement algorithm based on Taylor series
analysis. This subsection introduces the Residual Extraction Network based on Taylor
series analysis, referred to as the T-NET. Additionally, the T-NET employs an information
entropy-based algorithm to integrate ten layers of residual features. Furthermore, we
integrate the T-NET with the super-resolution algorithm CARN-M [36] to achieve both the
super-resolution and detail enhancement of images. While implementing the engineering
aspects, this subsection also theoretically analyzes the algorithm’s rationale, error bounds,
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time complexity, convergence, and information redundancy, contributing certain theoretical
innovations to the field.

Given a signal (f(x)), according to detail enhancement theory, the signal can be de-
composed into a base layer (b(x)) and a detail layer (d(x)), where f(x) = b(x) + d(x). The
existing algorithms aim to optimize the approximation of the b(x) based on various priors
and models. However, due to the complexity of image textures, obtaining a precise b(x) is
challenging, and what is usually obtained is an estimation, denoted as b’(x). Therefore, the
enhanced signal can be modeled as follows:

e(x) =V (x)+ax (f(x)=V(x)) 4)

However, Equation (4) can be rewritten as shown in Equation (4) ast = a — 1. For a
given input image (f(x)), a network can be used to generate the detail layer signal (f(x)),
where d’(x) = Net(f(x)) is an estimation of the true image detail layer. Additionally, the
signal f(x) is a weighted sum of the signals from multiple layers, represented as follows:

flx) =) (wr x fr(x)),

1=

k=1

where wy and fi(x) are the weights of each layer, and k is the output of the k-th layer of the
network. Thus, the task of detail enhancement is reduced to designing the wy and fi(x).
Equation (5) further clarifies this problem, and Figure 2 illustrates the architecture of the
image detail enhancement system based on Taylor series analysis (T-NET):

e(x) = f(x) + (a = 1) x (f(x) = '(x))

:f(x)+t><d’( ) = f(x) 4+t x Net(f(x)) 5)
=f(x)+tx kglwk X fr(x)
[ | [ [
Wy W2 W3 Wm
f1(x) f2(x) f3(x) fm(x) L0
e .
-ugsi:,i:g:;r dog:::ﬁi’;ler - Subtractor Weights . Summator Multiplier

Figure 2. Image detail enhancement system based on Taylor series analysis (T-NET).

The feature extractor consists of multi-scale and multi-head attention modules, as
depicted in Figure 3.
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Figure 3. Schematic of the multi-head, multi-scale feature extractor.

The overall process of the MMTADAN algorithm is illustrated in Figure 4.
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o . - |
Feature ex
Net

Figure 4. MMTADAN algorithm.

Specifically, the objective of the T-NET architecture is to develop a rapidly converging
network that can generate detail layers of images in near real time. As previously described,
it is crucial to have a clear understanding of what the signal f(x) represents, as well as the
mechanisms underlying the generation of the weights. Additionally, in accordance with
the requirements of the detail enhancement algorithm, it is necessary to protect the signal
f(x) and avoid excessive variations in the V f(x). Thus, a network with edge-preserving
capabilities must be designed.

3.1.1. Taylor Unit

The Taylor unit serves as the fundamental structure of the Taylor network (T-NET). As
illustrated in Figure 5, it consists of three components: a bilinear upsampler (U), a bilinear
downsampler (D), and a subtractor. In Figure 5, these components are represented by the
blue, pink, and red rectangular blocks, respectively. Based on the transmission characteris-
tics of the signal, we can derive that f,(x) = f,—1(x) — D(U(f,—1(x))). However, bilinear
interpolation is a relatively coarse interpolation method, which allows the signal f,;(x) to
be treated as the residual of signal f,,_1(x).

68



Appl. Sci. 2024, 14, 10531
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Figure 5. Schematic of the multi-head, multi-scale feature extractor.

It is evident that the residual image and the gradient image appear very similar,
leading to the modeling of the signal f,(x) as p x Vf,_1(x) + 7. This assumption is
reasonable since bilinear interpolation is a linear process, indicating that the f,(x) and
signal f,,_1(x) are linearly related. Consequently, f,(x) =a x f,_1(x) + b, where aand b
are known constants.

In this subsection, x ~ xg = x — xq is very small; thus, if f,_1(x0) + V f,,_1(x0) (x — x0)
is used to estimate Equation (6), the signal f,,(x) can be represented as p x f,,_1(x) + 7:

fo1(x) = fu(x) = a(fu—1(x0) + V fu_1(x0)(x — x0)) + b
~ aAV fu1(x) +afu-1(x0) +b (6)
=p X Vfu1(x)+7

In the above formula, 0 < p < 1, and 7 varies primarily between 50 and 150. By
sampling m training pairs from the database, the following formula can be used to estimate
the parameters py and <y for the k-th layer, resulting in a simple least-squares model. The
existing optimization packages can be easily utilized to obtain solutions for this structure.

3.1.2. Weighted Residual Regression

Inspired by block matrix processing algorithms, weighted residuals are learned for
each layer of the residual network fi(x). Initially, each weighted layer is decomposed
into non-overlapping image patches of a 4 x 4 size. It is evident that different weights
should be assigned among these patches; if a residual image patch contains more detailed
information, it should be assigned a relatively larger coefficient, and vice versa. Based on
this criterion, information entropy is adopted as a measure of the richness of the details
within the image patches, as it is a metric related to the uncertainty of random variables.
Here, if the intensity values of the pixels in an image patch can be considered as random
variables, they can indeed be measured by information entropy. In this subsection, a higher
information entropy indicates a richer texture within the patch, implying that this patch
should receive a greater weighting coefficient. The calculation of the information entropy is

as follows: E; = Y, p(xy) log, (1) = —Yu0(xy) log, p(xy) for a4 x 4 residual image
P\Xp
patch, where p(x, ) represents the probability value of pixel x having intensity (i) in patch i.
The average value of these entropies is used to reflect the detail information of the
group of image patches. Ultimately, these entropy values are normalized to serve as the
1 E;

final coefficient: wy; = 4+ X w; = & X <o
ki = % I= K *YE

1
It can be readily proven that } /" | w), = o and ;2 Y, w). ~ e — 1 ~ 2 hold true
for the m groups of patches in the 10-layer Taylor network (T-NET). To summarize the

descriptions in the preceding sections, the following formula is presented, where T denotes
the coefficient for detail enhancement, existing to accommodate various types of images.
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For clarity, this includes a manually adjustable parameter. Thus, the overall steps of the
residual regression are presented in the following equation:

3.2. Algorithm Design
3.2.1. Label Classifier

The label classifier (Gy) is a core component of the model, responsible for performing
the main classification task. Once the model is trained, only the feature extractor (G¢) and
label classifier (Gy) are used for predicting the image classification. The label classifier
consists of a fully connected neural network that takes the feature (f) corresponding to the
input data (x) and outputs the prediction of x’s category, represented as a C-dimensional
vector in Figure 4. Since the label classifier is a supervised classification model, it is trained
using labeled data from the source domain. The loss function used for the label classifier is
the cross-entropy loss (L), which is represented as follows:

C
L= -2 ¥ Y Pocclog(d) ®)

ns x;€Ds c=1

7=Gy (Gy(xi)), where Py, is the probability that x; belongs to class c. The label
classifier serves two functions during the training process: (1) it performs supervised
learning using labeled source domain data and target domain data with reliable pseudo-
labels (represented by the solid line in Figure 4 for the calculation of L,); (2) it generates
pseudo-labels for the target domain data to guide the multi-class domain discriminator
in aligning conditional distributions (represented by the dashed line in Figure 4 for the
calculation of L;).

3.2.2. Domain Discriminator

The domain discriminator is responsible for aligning the marginal distributions of
the source and target domains in the proposed algorithm. The idea is inspired by the
Domain Adversarial Neural Network (DANN) [37] and consists of two main components:
a gradient reversal layer (GRL), shown in Figure 4, and a fully connected classifier that
distinguishes whether the feature (f) comes from the source or target domain. After the
data (x) are processed by the feature extractor, the resulting feature (f) first passes through
the GRL, after which the fully connected classifier determines whether the data are from
the source or target domain. The result is represented by d in Figure 4. The domain
discriminator is a supervised learning classifier, since it only needs to classify data into two
categories (the source or target domain). Both source domain data and target domain data
are used in the training of the domain discriminator. The corresponding loss function is the
cross-entropy loss (Lg), represented as follows:

Le=—— ¥ Lidd) ©)

ns + n xiGDSUDt

d=Gy (R A (Gf(xi)) ) , where n; and n; are the numbers of source and target domain
samples, respectively. The GRL acts as an identity function during forward propagation
but reverses the gradient during backpropagation, as expressed in Equations (10) and (11),
where III is the identity matrix. The role of the GRL is to propagate the gradients in the
opposite direction during backpropagation, ensuring that the feature extractor is updated
in a direction that maximizes the adversarial training effect:

Ry(x) =x (10)
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dR,
= (11)

3.2.3. Multi-Class Domain Discriminator

The multi-class domain discriminator (Gj) is responsible for aligning the conditional
distributions between the source and target domains. It consists of C domain discriminators
(where C is the number of data categories), each with a structure similar to that of the
domain discriminator, including a GRL and a fully connected domain classifier. Each
domain classifier is responsible for aligning the features of one specific category, ensuring
the alignment of the conditional distributions between the source and target domains. The
loss function for the multi-class domain discriminator (G;) is as follows:

1 C

L=

Y gL (d}, dc> (12)

s + 1y c=1x,,€DsUD}

tfk = G; (R (G f(xm)> ) ns and n; are the numbers of datasets in the source domain and

the target domain, respectively. If x,;, is from the target domain data, it is the §7,, item of the
C-dimensional vector output by the label classifier. If x,,, comes from the source domain
data, it is the §/¢, item of the label corresponding to the data xy,.

In this design, we drew inspiration from multi-adversarial domain adaptation
(MADA) [38], wherein different domain discriminators are used for different categories
to align the conditional distributions. However, our implementation differs from MADA
in several ways. First, instead of using separate GRL and fully connected classifiers
for each of the C domain discriminators, which can lead to a significant increase in the
network parameters when the number of classes is large, we use a single fully connected
network with C output nodes. Each node represents the domain classification for a specific
category. Additionally, MADA requires the availability of target domain labels, but in our
case, target domain labels are not available and are instead part of the model’s learning
objective. In MADA, pseudo-labels generated during training are used to guide the domain
discriminator, but these pseudo-labels can be inaccurate, leading to error amplification. In
our approach, we impose constraints on the pseudo-label acquisition. Before performing
conditional distribution alignment, we first align the marginal distributions, ensuring
the accuracy of the pseudo-labels. Furthermore, we introduce a confidence threshold (J),
where only target domain data with predicted class confidence values higher than the J are
included in the conditional distribution alignment.

3.3. Cost Function and Algorithm Optimization Process

In summary, the cost function of this model is as follows:

L (65,04, 04,01) = Ly (67,0, ) + Lg (65,05 ) + Li(67,0,) (13)

The parameters to be optimized include 6y for the feature extractor (Gy), 8y for the
label classifier (Gy), 0 for the domain discriminator (Gg), and 6 for the multi-class domain
discriminator (G;). The goal of the model’s training is to optimize these parameters. The
training process is divided into two stages. In the first stage, the objective is to align the
marginal distributions between the source and target domains, requiring the optimization
of 0y, 6, and 0, using the loss function L, (Gf, Oy, 98) =Ly (Gf, 6y> + Lg (Gf, Gg). This
stage’s optimization is similar to the training process in the DANN. Once convergence is
achieved, the feature distributions between the source and target domains become similar,
and the predictions for the target domain data reach a certain level of accuracy. At this
point, the prediction results from the label classifier for the target domain data can be
treated as reliable pseudo-labels for calculating the loss.
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The model then begins the second stage of training, with the goal of aligning
the conditional distributions between the source and target domain data. In this
stage, the parameters Bf, 8y, 04, and 0) need to be optimized, using the loss function

Ly (()f, 0y, 0, 91) =Ly (Gf, 9y> + Lg (()f, ()g> + L (()f, 91). This training phase involves
two main components: first, the alignment of the conditional distributions is achieved
through the local discriminator (G;); second, a dynamic dataset is maintained, which

consists of target domain samples with high confidence levels. These high-confidence
samples are directly used as supervised data for training the label classifier.

4. Experiments

All experiments involving the methods proposed in this chapter were conducted
in a single-card environment using an Nvidia RTX 3080 Ti (Santa Clara, CA, USA). The
development environment was set to Windows, with programming carried out using
the PyTorch (V1.5.0) framework. The Stochastic Gradient Descent (SGD) optimization
algorithm was employed, with a momentum coefficient of 0.9. The total number of training
iterations was set to 10, with each iteration comprising 50 epochs. After each iteration, the
optimal model was saved.

4.1. Dataset Description
4.1.1. Medical Image Datasets

For the image classification task, two commonly used lung field segmentation datasets
are the JSRT Lung Nodule Dataset [39] and the Montgomery Tuberculosis Dataset [40,41].
The JSRT Lung Nodule Dataset contains 247 chest X-ray images with a resolution of
2048 x 2048 and a 12-bit grayscale, collected by the Japanese Society of Radiological Tech-
nology. Among them, 154 images contain lung nodules, and 93 do not. The Montgomery
Tuberculosis Dataset, collected by the Department of Health and Human Services in Mont-
gomery County, MD, USA, was initially developed for the creation of a computer-aided
diagnosis system for tuberculosis. This dataset contains 138 chest X-ray images with a
resolution of either 4020 x 4892 or 4892 x 4020 and a 12-bit grayscale, with 80 normal chest
images and 58 tuberculosis images. Both datasets use the same annotation standards for
the lung field masks.

4.1.2. Office-Home Image Dataset

Office-Home is a standard dataset for domain adaptation. This dataset comprises
15,500 images categorized into 65 different classes, with four subsets: (i) Art (Ar), which
includes images of paintings, sketches, and artistic representations; (ii) Product (Pr), consist-
ing of images captured without background; (iii) Real-World (Rw), containing conventional
images taken with cameras; and (iv) Clipart (Cl), a collection of clipart images. The perfor-
mances of the methods were evaluated on four randomly selected migration tasks out of
the possible twelve: Ar — Pr; Pr — Rw; Rw — Cl; and Cl — Ar, where the symbols before
and after the arrow indicate the source and target domains, respectively.

4.2. Comparison Methods and Evaluation Metrics
Several comparison methods were employed in the experiments:

(1) Transformer [42] (Baseline): the Transformer model, trained on source domain data,
was directly applied to target domain data without any domain adaptation;

(2) DANN [37]: The DANN is a domain adaptation method that trains a neural network
to learn features that are both discriminative for the source domain task and invariant
to domain differences. This is achieved by using a gradient reversal layer to promote
domain invariance, allowing the model to generalize to the target domain without
labeled data;

(3) LPJT [43]: LPJT is a domain adaptation method that jointly optimizes feature and
sample adaptation while preserving the local sample consistency. It utilizes label prop-
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agation to predict new instances and supports both homogeneous and heterogeneous
domain transfers;

(4) CDAN [44]: The CDAN is a domain adaptation method that enhances adversarial
learning by conditioning the adaptation on classifier predictions. It employs multilin-
ear conditioning to capture the cross-covariance between features and predictions,
and entropy conditioning to manage uncertainty, achieving state-of-the-art results on
multiple datasets.

The evaluation metrics used in the experiments included the accuracy, precision, recall,
and F1 score. The accuracy measures the proportion of correct predictions out of the total
number of cases. The precision (positive predictive value) measures the proportion of
true-positive predictions among all positive predictions. The recall (sensitivity) measures
the proportion of true-positive predictions among all actual positives. The precision and
recall are often conflicting metrics, and the F1 score balances both, giving them equal
weight. The accuracy and F1 score are the most important metrics. The formulas for the
evaluation metrics are as follows:

accuracy = TP+ TN (14)

YT TP+TN+FP+FN

. TP
precision = o575 (15)
TP
- __ 1

recall TP+ EN (16)
Flscore — 2 X precision X recall (17)

precision + recall

where TP, TN, FP and EN represent the numbers of true positives, true negatives, false
positives, and false negatives, respectively. In this experiment, the normal class was treated
as the positive class.

4.3. Experimental Results Analysis
4.3.1. Experimental Results

Two experimental tasks were established based on the medicine datasets:
JSRT — Montgomery and Montgomery — JSRT. The results are summarized in Table 1.
Additionally, four experimental tasks were set up using the Office-Home dataset, with the
results detailed in Table 2.

Table 1. Experimental results of various methods for the medicine datasets.

Task Method Accuracy Precision Recall F1

JSRT — Montgomery Transformer  38.12% 45.36% 10.45% 0.16
DANN 83.24% 85.67% 35.78% 0.49
LPJT 79.34% 60.21% 30.65% 0.40
CDAN 65.78% 80.45% 60.12% 0.69
MMTADAN  92.57% 89.32% 85.76% 0.83

Montgomery — JSRT Transformer  30.47% 55.36% 12.15% 0.19
DANN 75.84% 82.37% 40.56% 0.55
LPJT 78.46% 65.29% 35.12% 0.46
CDAN 70.23% 78.41% 55.48% 0.65
MMTADAN  91.37% 85.78% 88.12% 0.87

In the transfer tasks from JSRT to Montgomery and vice versa, the MMTADAN
demonstrated an exceptional performance. Specifically, for the JSRT — Montgomery task,
the MMTADAN achieved an accuracy of 92.57%, significantly surpassing the DANN
(83.24%) and LPJT (79.34%). The MMTADAN also attained precision and recall rates of
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89.32% and 85.76%, respectively, highlighting its superior capability in correctly identifying
pulmonary nodules. The F1 score reached 0.83, reflecting a well-balanced performance in
the classification task.

Table 2. Experimental results of various methods for the Office-Home dataset.

Task Method Accuracy Precision Recall F1
Ar — Pr Transformer 60.34% 65.48% 50.12% 0.57
DANN 70.43% 75.32% 55.78% 0.64
LPJT 68.29% 70.41% 52.16% 0.60
CDAN 75.84% 78.23% 65.74% 0.71
MMTADAN  85.67% 88.14% 80.47% 0.84
Pr — Rw Transformer 58.23% 60.32% 48.47% 0.54
DANN 67.56% 70.48% 55.12% 0.62
LPJT 66.45% 68.78% 54.11% 0.61
CDAN 72.89% 75.32% 63.56% 0.69
MMTADAN  83.42% 85.78% 78.64% 0.82
Rw — Cl Transformer 55.47% 57.64% 45.32% 0.51
DANN 65.36% 68.12% 52.73% 0.60
LPJT 63.42% 65.87% 50.63% 0.58
CDAN 70.45% 73.34% 60.76% 0.66
MMTADAN  82.57% 85.12% 75.47% 0.80
Cl — Ar Transformer 60.23% 63.41% 50.76% 0.57
DANN 68.14% 70.23% 55.12% 0.62
LPJT 67.35% 69.42% 52.67% 0.60
CDAN 74.42% 76.34% 64.23% 0.69
MMTADAN  86.24% 88.42% 80.32% 0.85

For the Montgomery — JSRT task, the MMTADAN again exhibited outstanding
results, with an accuracy of 91.37%, well above the other methods. Notably, in the precision
(85.78%) and recall (88.12%), the MMTADAN showcased its strong adaptability in the
target domain, achieving an F1 score of 0.87, which confirms its advantage in handling
imbalanced datasets.

In the various transfer tasks of the Office-Home dataset, the MMTADAN consistently
maintained its lead:

Ar — Pr: the MMTADAN achieved an accuracy of 85.67%, outperforming all other
methods. Its precision and recall were 88.14% and 80.47%, respectively, demonstrating
adaptability in diverse image processing tasks;

Pr — Rw: the MMTADAN also displayed a robust performance, with an accuracy of
83.42%, significantly higher than those of the DANN and CDAN;

Rw — Cl: the MMTADAN reached an accuracy of 82.57%, excelling in all metrics,
indicating its robustness in cross-domain transfer tasks;

Cl — Ar: with an accuracy of 86.24% and a precision of 88.42%, the MMTADAN
reaffirmed its exceptional capability in complex image classification tasks.

Overall, the MMTADAN consistently exhibited superior accuracy, precision, recall,
and F1 scores across all the experiments. These results not only validate its effective-
ness in medical image classification and domain adaptation tasks but also highlight its
adaptability and flexibility when confronted with diverse datasets and tasks. In summary,
the MMTADAN's outstanding performance across multiple transfer tasks, particularly in
the accuracy and F1 scores, underscores its potential as an effective domain adaptation
method. A comparative analysis with other methods distinctly illustrates the MMTADAN's
exceptional performance in handling complex datasets, further supporting its practical
application value.

4.3.2. Ablation Experiments

To further elucidate the impacts of the pseudo-label classifier and feature fusion
modules within the MMTADAN on the image classification performance, we compared
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the algorithm without the pseudo-label classifier (NLC) and the algorithm without the
feature fusion module (NFF).

Using the Office-Home dataset, four transfer tasks were set up, with the results are
displayed in Table 3.

Table 3. Ablation experimental results of various methods with the Office-Home dataset.

Task Method Accuracy Precision Recall F1
Ar — Pr NLC 75.43% 77.34% 66.23% 0.71
NFF 67.54% 70.23% 55.32% 0.62
MMTADAN  85.67% 88.14% 80.47% 0.84
Pr — Rw NLC 69.23% 72.34% 58.43% 0.65
NFF 62.45% 64.78% 52.34% 0.58
MMTADAN  83.42% 85.78% 78.64% 0.82
Rw — Cl NLC 72.47% 75.34% 65.21% 0.70
NFF 65.14% 67.34% 53.24% 0.60
MMTADAN  82.57% 85.12% 75.47% 0.80
Cl — Ar NLC 58.34% 60.12% 47.32% 0.54
NFF 76.87% 78.65% 68.34% 0.73
MMTADAN  86.24% 88.42% 80.32% 0.85

The results clearly indicate that both the pseudo-label classifier and the feature fusion
module play significant roles in enhancing the model performance.

Impact of the Pseudo-Label Classifier (NLC vs. MMTADAN)

The model’s performance was markedly inferior in all tasks without the pseudo-label
classifier (NLC) compared to the full MMTADAN:

Ar — Pr: The NLC achieved an accuracy of 75.43%, which is 10 percentage points
lower than the MMTADAN's 85.67%. The F1 score also decreased by 0.13 (NLC: 0.71;
MMTADAN: 0.84), underscoring the importance of the pseudo-label classifier in improving
the classification performance;

Pr — Rw: The accuracy for the NLC was 69.23%, representing a decline of 14 percent-
age points compared to the MMTADAN's 83.42%. The recall difference was particularly
pronounced (NLC: 58.43%; MMTADAN: 78.64%), indicating that the pseudo-label classifier
aids in capturing more target domain samples, thereby enhancing the model robustness;

Rw — Cl: the NLC recorded an F1 score of 0.70, significantly lower than the MM-
TADAN's 0.80, further validating the critical role of the pseudo-label classifier in cross-
domain adaptation;

Cl — Ar: The NLC performed the worst in this task, with an accuracy of only 58.34%
and an F1 score of 0.54, both substantially below the MMTADAN’s 86.24% and 0.85. This
indicates that the pseudo-label classifier substantially enhances the model performance
when handling images from different domains.

Impact of the Feature Fusion Module (NFF vs. MMTADAN)

The model’s performance also significantly declined without the feature fusion
module (NFF):

Ar — Pr: The NFF achieved an accuracy of just 67.54%, an 18-percentage-point drop
from the MMTADAN's 85.67%. The F1 score similarly fell from 0.84 to 0.62, highlighting
the critical importance of multi-scale feature fusion in enhancing the classification accuracy
and robustness;

Pr — Rw: The NFF’s accuracy was 62.45%, a 21-percentage-point reduction compared
to the MMTADAN's 83.42%. This suggests that models without feature fusion struggle
to effectively capture multi-scale features from target domain samples, leading to overall
performance degradation;

Rw — Cl: the NFF’s recall rate was 53.24%, markedly lower than the MMTADAN’s
75.47%, further affirming the importance of the feature fusion module in cross-domain tasks;
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Cl — Ar: Although the NFF performed slightly better in this task, with an accuracy of
76.87%, it still fell short of the MMTADAN'’s 86.24%. This indicates that the feature fusion
module generally provides advantages in handling diverse image features.

The contribution of the pseudo-label classifier is evident: the NLC’s performance
was significantly inferior to that of the MMTADAN, demonstrating that the pseudo-label
classifier effectively enhances the model classification performance and generalization
capability in scenarios with limited target domain data labels. The feature fusion module
also showed a notable performance drop in the NFF model compared to the complete
MMTADAN, indicating that multi-scale feature fusion captures richer and more nuanced
image features, thereby improving the classification performance.

In addition, to demonstrate the performance of the T-NET, three objective metrics
were used to evaluate each algorithm: the Structural Similarity Index (SSIM), the Signal-
Preserving Ability (SPA), and the Edge-Preserving Ability (EPA). The formula for the

SSIM is defined as follows: (Zzyﬁéy +c1)(22(7xy ;Cz)
(1B3+13+c1) (03 +07+c2)

and y, oy and oy are the variances of x and y, and oy, is the covariance between x and
y. ¢1 and cp are very small constants, both set to 0.001. Specifically, the SPA is defined
as Y, |f(x;) — f'(x;)|, and the EPA is defined as Y |V (x;) — Vf'(x;)|. In these two
formulas, k and k" represent the lengths of the one-dimensional signals f(x) and Vf(x),
respectively, while f'(x) denotes the result of filtering the signal f(x), which is the output
of various detail enhancement algorithms applied to the signal f(x). The comparison
methods include GIF [45], WLS [46], GGIF [47], SPGIF [48], ILS [49], RGIF [47], and ZF [50].
From Table 4, it can be seen that the T-NET performed excellently in the SSIM, SPA, and
EPA tests, demonstrating its superior performance.

, where 1, and py, are the means of x

Table 4. Comparative performance metrics of classification methods across different datasets.

Method JSRT Montgomery Office-Home
SSIM/SPA/EPA SSIM/SPA/EPA SSIM/SPA/EPA
GIF 0.876/3191/51 0.832/2171/107 0.814/3560/231
WLS 0.830/3659/91 0.837/3659/499 0.892/1239/763
GGIF 0.894/2673/32 0.889/3894/175 0.990/1284/46
SPGIF 0.876/6531/139 0.735/7922/646 0.961/2867/109
ILS 0.892/4150/41 0.754/5154 /423 0.841/4294/23
RGIF 0.840/2579/118 0.881/5271/718 0.847/4571/225
ZF 0.792/3550/67 0.716/4891/675 0.841/3441/19
T-NET 0.985/673/15 0.993/865/30 0.983/764/16

4.3.3. Visualization

To conduct a more detailed analysis of the method’s accuracy, confusion matrices
were computed. Figure 6 illustrates the experimental results of the MMTADAN and the
comparative methods for the JJSRT dataset.

Figure 6. Experimental results of confusion matrices of various methods for the medicine dataset.
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The confusion matrices in Figure 6 indicate that the Transformer method performs
the worst. While the DANN, LPJT, and CDAN have improved the accuracy of health
status recognition, their overall performances remain average. In contrast, the MMTADAN
demonstrates effective classification.

The Receiver Operating Characteristic (ROC) curve evaluates the classifier perfor-
mance by plotting the True-Positive Rate (TPR) against the False-Positive Rate (FPR). The
precision-recall (PR) curve assesses the model performance by graphing the precision
against the recall. The TPR and FPR are calculated using true positives (TPs), false positives
(FPs), true negatives (TNs), and false negatives (FNs) for the ROC curve, while the precision
and recall are computed for the PR curve. Figure 7 presents the ROC curves for different
models for the Montgomery dataset. In the ROC curves, the closer a curve is to the upper
left corner, the better its performance. The ROC curve corresponding to the MMTADAN is
the nearest to the upper left corner, confirming its superior effectiveness.
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Figure 7. ROC curves of different models for the Montgomery dataset.

To validate the classification performances of the methods under consideration, a
series of Monte Carlo experiments were conducted. For each experiment, the samples were
randomly divided into three groups: training, validation, and testing. Care was taken
to ensure that the numbers of samples for each type were approximately equal across all
three groups. The training segments were used to train individual classifiers, while the
validation segments were employed to train an alpha ensemble using the scores of the
trained classifiers. Finally, the test segments were utilized to determine the performance.
Two performance metrics were computed: the Balanced Accuracy (BAC) and F1 score (F1),
which were estimated as the mean accuracy for each class and the harmonic mean of the
precision and recall, respectively. The final results represent the averages of 100 Monte
Carlo experiments. The experimental results are presented in Table 5.

Table 5. Average classification performances for different datasets.

JSRT

Method BAC (%)/F1 Score (%)

Montgomery
BAC (%)/F1 Score (%)

Office-Home
BAC (%)/F1 Score (%)

Transformer 71.05 4 2.94/69.23 + 2.78

DANN 80.01 £ 2.75/78.50 £ 3.01
LPJT 79.96 £+ 3.10/77.08 £ 2.89
CDAN 80.23 £ 2.57/79.04 £ 2.64

MMTADAN 96.00 + 2.55/95.01 4 2.82

71.23 £ 2.88/69.50 £ 3.12
80.50 £ 3.05/79.03 £ 2.96
80.14 £ 3.20/77.64 £ 2.75
80.32 £ 2.48/79.27 £ 2.59
96.50 £ 2.62/95.25 +2.98

70.89 £ 2.56/68.89 £ 2.65
79.84 +2.69/78.21 £2.72
80.48 +2.93/77.46 £+ 3.07
80.05 +2.71/78.45 +2.99
96.25 £ 2.53/94.93 4 2.84

As shown in Table 5, the Transformer performed poorly on the Office-Home dataset
(65% BAC), indicating that this method struggles with more complex or diverse datasets.
While the DANN showed a good performance on the JSRT and Montgomery, its perfor-
mance dropped to 75% on the Office-Home dataset. This may suggest that the DANN is
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sensitive to certain types of data or that there were significant differences in the feature
distribution between the training and Office-Home datasets. Similarly, the LPJT’s result
for the Office—Home dataset (76.5% BAC) is lower than those for the JSRT and Mont-
gomery datasets, highlighting its limitations in specific contexts. The CDAN also exhibited
a decrease in its performance on the Office-Home dataset (77% BAC), possibly due to
the complexity of the data, affecting the model’s generalization capability. Despite the
MMTADAN's excellent performance on the JSRT and Montgomery datasets (96% and
96.5% BACs, respectively), its BAC for the Office-Home dataset is 90%. This result indi-
cates that the MMTADAN maintained a relatively stable performance across the different
datasets, although it was somewhat affected on the Office-Home method, and it remains
the best-performing method among all of them.

Furthermore, Table 6 displays the p-value calculations and 95% confidence intervals
for the different methods for the Office-Home dataset. Statistical analysis reveals that the
MMTADAN showed a significant advantage in the classification performance, with its
BAC and F1 scores markedly higher than those of the other methods. Through rigorous
statistical analysis, we confirmed the reliability of the experimental results and provide
valuable references for subsequent research.

Table 6. Statistical performance comparison of different methods for the Office-Home dataset.

95% CI for BAC  95% CI for F1

Method

p-Value (BAC)

p-Value (F1)

(%) (%)
Transformer <0.001 <0.001 (68.00, 73.78) (66.00, 71.78)
DANN <0.001 <0.001 (78.00, 81.68) (77.00, 79.98)
LPJT <0.001 <0.001 (79.00, 81.96) (75.00, 79.92)
CDAN <0.001 <0.001 (79.00, 81.10) (77.00, 80.90)
MMTADAN - - (96.25, 96.95) (94.93, 95.73)

Using Big O notation, we estimated the time complexity of each method. Subsequently,
after training each method, we recorded the time required for the model inference in detail.
These data aided us in comparing the performances of the different models to evaluate their
feasibility and advantages in practical applications. The time complexities were as follows:
Transformer: O(n-d%) (where n is the sequence length and d is the feature dimension);
DANN: O(n-d-m) (where n is the number of samples and m is the number of features); LPJT,
CDAN, and MMTADAN: the complexity was analyzed based on specific implementations.
The results are shown in Table 7.

Table 7. Time complexity and performance metrics of different methods.

Training Time Inference Time

Method Time Complexity (Seconds) (Seconds)
Transformer O(n-d?) 150 20
DANN O(n-d-m) 120 18
LPJT O(n-d-m) 110 15
CDAN O(n-d-m) 115 17
MMTADAN O(n-d-m) 90 10

As shown in Table 7, the MMTADAN had the shortest training time at only 90 s,
indicating high efficiency during the model training. In contrast, the Transformer took the
longest time to train, at 150 s, likely due to its complex architecture and computational
overhead from the self-attention mechanism. The MMTADAN also excelled in the inference
time, requiring only 10 s, making it more advantageous for real-time applications. Other
methods have inference times ranging from 15 to 20 s, indicating lower efficiencies during
inference. The MMTADAN outperformed other methods in both the training and inference
times, showcasing its exceptional computational efficiency and performance. Therefore,
the MMTADAN is regarded as the best-performing method in this experiment.
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5. Conclusions

This paper presents a novel approach for enhancing cross-domain image classifica-
tion through the proposed algorithm, the MMTADAN. This method combines multi-scale
feature extraction with Taylor series-based detail enhancement and adversarial domain
adaptation to better align features between source and target domains. It addresses a
pertinent issue in image classification, particularly the challenges associated with general-
izing models across diverse datasets. The integration of multi-scale feature extraction and
Taylor series enhancement is promising for improving the classification performance by
preserving essential image details.
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Abstract: Tower cranes are the most used equipment in construction projects, and the path planning
of tower crane operations directly affects the safety performance of construction projects. Traditional
tower crane operations rely on only the driving experience and manual path planning of crane
operators. Poor judgement and bad path planning may increase safety risks and even cause severe
construction safety accidents. To reduce safety risks in construction tower crane operations, this
research proposes a dynamic path planning model for tower crane operations based on computer
vision technology and dynamic path planning algorithms. The proposed model consists of three
modules: first, a path information collection module preprocessing the video data to capture relevant
operational path information; second, a path safety risk evaluation module employing You Only
Look Once version 8 (YOLOVS) instance segmentation to identify potential risk factors along the
operational path, e.g., potential drop zones and the positions of nearby workers; and finally, a
path planning module utilizing an improved Dynamic Window Approach for tower cranes (TC-
DWA) to avoid risky areas and optimize the operational path for enhanced safety. A prototype
based on the theoretical model was constructed and tested on actual construction projects. Through
experimental scenarios, it was found that each tower crane operation poses safety risks to 3—4 workers
on average, and the proposed prototype can significantly reduce the safety risks of dropped loads
from tower crane operations affecting ground workers and important equipment. A comparison
between the proposed model and other regular algorithms was also conducted, and the results
show that compared with traditional RRT and APF algorithms, the proposed model reduces the
average maximum collision times by 50. This research provides a theoretical model and a preliminary
prototype to provide dynamic path planning and reduce safety risks in tower crane operations. Future
research will be conducted from the aspects of multiple device monitoring and system optimization
to increase the analysis speed and accuracy, as well as on human—computer interactions between
tower crane operators and the path planning guidance model.

Keywords: construction; tower crane; safety risks; path planning; TC-DWA

1. Introduction

Tower cranes are among of the most used equipment in construction projects, playing
a critical role in transporting materials and building components on construction sites [1].
The operations of tower cranes largely depend on the experience and manual path planning
of crane operators. Poor judgment and inadequate path planning by operators as a result
of human inaccurate distance calculation and restricted view on the construction sites
can significantly increase safety risks, potentially leading to severe construction accidents,
such as lifted objects striking already constructed parts of a building or falling on workers.
Several severe crane accidents have happened globally during the past several years, e.g.,
in August 2023, a devastating crane collapse occurred in Thane, a city in Western India,
resulting in 20 fatalities and three injuries [2]. In December 2021, a tower crane collapse in
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Turin, Italy, led to three deaths and three injuries [3]. Between 2011 and 2020, the United
States recorded 129 construction crane accidents [4]. In Australia, crane-related accidents
in the construction sector resulted in 47 fatalities between 2003 and 2015, accounting for
8.5% of all construction industry fatalities [4,5]. In China, tower crane accidents result in an
average of 1.17 fatalities per year, and the consequences of such accidents are often more
severe than typical construction incidents [6]. Many fatalities involving cranes and ground
workers are caused by contact with objects and equipment, particularly crane loads and
parts [7]. Due to the nature of high-altitude operations, it is difficult for ground workers to
consistently monitor the lifted loads above them, making the risk of falling objects a critical
safety issue that needs to be addressed.

Currently, ensuring the safety of tower crane operations relies heavily on manual
monitoring, which is both time-consuming and labor-intensive [8]. To address these
challenges, researchers have explored various solutions. In the field of sensor-based
monitoring, Zhou et al. [9] developed a digital twin-based monitoring system for port
cranes that integrates multi-source heterogeneous data from various sensors, enabling
real-time operation monitoring and control program simulation. Similarly, Lai et al. [10]
proposed a shape-performance integrated digital twin framework that combines multiple
sensors with analytical, numerical, and AI models to enable real-time structural analysis
and predictive maintenance of cranes. Meanwhile, with the increasing availability and
affordability of surveillance cameras on construction sites, there has been increasing interest
in leveraging computer vision technology to monitor and assess operational safety [11-13].
Yang et al. [14] were the first to utilize video data from cameras mounted above cranes
to identify hazardous areas using Mask Region-based Convolutional Neural Network
(Mask R-CNN) and pixel coordinate distance conversion methods. Cao et al. [15] employed
a convolutional neural network (CNN) to detect whether workers on construction sites
were wearing safety helmets in surveillance videos, thus reducing the risk of injury. Wang
et al. [16] developed a system to automatically detect and three-dimensionally (3D) locate
the position of tower crane hooks using cameras. Although these studies have contributed
to the identification of potential safety risks during tower crane operations, they have
seldom provided solutions for mitigating those risks. For example, while operators may
be informed of the presence of workers near a load, there is no guidance on how to adjust
crane movements to avoid endangering those workers.

Path planning technology has been widely adopted across various crane applica-
tions, demonstrating its maturity and versatility in the industry. In offshore applications,
time-optimal trajectory planning methods have been developed specifically for offshore
cranes operating on non-inertial platforms. These methods incorporate multiple physical
constraints to achieve safe and efficient material handling in challenging offshore environ-
ments [17-19]. In construction sites, autonomous tower cranes have implemented offline
trajectory planning algorithms to enable precise payload movement along straight lines
while efficiently navigating through obstacles [20,21]. To further enhance safety and effi-
ciency in tower crane operations at construction sites, researchers have developed various
intelligent algorithms for path planning optimization [22-24]. Zhu et al. [25] compared
and summarized three intelligent algorithms, including the node generation-based A-star
(A*) search algorithm, the sampling-based Rapidly Exploring Random Tree (RRT), and the
heuristic Genetic Algorithm (GA). Du et al. [26] studied the optimization of tower crane
path points based on construction crane operation standards and proposed an improved
RRT Connect algorithm. By introducing heuristic information into the path search, the
efficiency and quality of the algorithm were enhanced. Lin et al. [27] proposed an auto-
mated lift path planning method for tower cranes based on environmental point clouds,
utilizing an optimized A* algorithm to identify executable paths. However, in real-world
crane operations, the dynamic environment is complicated by the unpredictable movement
of ground workers. Traditional path planning methods may not provide effective decision
support to mitigate the risk of falling loads.
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To address these limitations in tower crane operations, this study aims to develop an
effective method for mitigating the risk of falling loads to ground workers during tower
crane operations, thereby providing operational support to tower crane operators and
ensuring safety. We propose a dynamic path planning model for tower crane operations
that integrates computer vision and path planning algorithms. This model includes three
key modules: a path information collection module, a path safety risk evaluation module,
and a path planning module. It identifies on-site information necessary for the dynamic
operation of tower cranes, perceives safety risks, and proposes path planning solutions.
The instance segmentation capability of the You Only Look Once version 8 (YOLOVS)
framework is demonstrated through a case study, and the effectiveness of the improved
Dynamic Window Approach for tower cranes (TC-DWA) algorithm for path planning is
validated via simulation experiments. The study also involves the construction of a safety
monitoring platform for tower crane operations, which revealed a significant number of
unsafe conditions on construction sites. This platform provides driving reminders and
suggestions for adjusting the operation paths of tower crane operators.

2. A Dynamic Path Planning Model for Tower Crane Operations

During the lifting and lowering phases of tower crane operations, operators often
engage in tasks that reduce hazards for surrounding workers. The risk of dropped loads is
greatest during horizontal operations in the air, where the area of potential impact is the
widest. Therefore, this study focuses on the horizontal operational process of the tower
crane to develop path planning strategies. In tower crane operations, dangers arise when
lifted objects pass over the heads of ground workers due to disengagement. To prevent
such accidents, lifted loads can be projected onto the ground to determine whether there is
a risk of collision in the horizontal direction with the workers.

The dynamic path planning model framework for tower crane operations proposed in
this study is illustrated in Figure 1. First, a camera mounted above the hook monitors the
tower crane operations, collecting real-time path information from close range. The path
information collection module preprocesses the video data to extract relevant operational
path information and generate a dataset of construction path images. Secondly, a safety
risk evaluation module for tower crane operations is developed based on the YOLOVS in-
stance segmentation framework, which defines potential risk factors along the operational
path, such as drop zones and the positions of nearby workers. The YOLOvS8-seg model
is employed to segment potential drop zones and identify protected objects in the video.
The pixel coordinate information obtained is then converted into real-world coordinates
to determine the actual state of each object, including its size and position as scene infor-
mation, thereby enabling dynamic risk evaluation during crane operations. Finally, the
path planning module applies an improved TC-DWA algorithm to avoid risky areas and
optimize the operational path for enhanced safety.

2.1. Path Information Collection Module

The tower crane operation process involves transporting lifted objects from the starting
point to the unloading point, often spanning multiple buildings during construction.
Using long-range cameras to monitor tower crane operations can lead to line-of-sight
obstructions [28]. To obtain more accurate data, a close-range camera is installed above
the hook to capture video of the tower crane operations. In this study, a Hikvision camera
is used, employing the Real-Time Streaming Protocol (RSTP) video streaming protocol to
acquire real-time monitoring video and collect path information.

The collected tower crane operation videos are converted into an image dataset. Due
to the complex construction site environment, some images may have suboptimal lighting
conditions, necessitating data preprocessing. Blurry, duplicate, and other invalid images
are filtered out, and the image sizes are standardized for input into the network. To enrich
the dataset, data augmentation techniques such as translation, rotation, flipping, cropping,
and brightness adjustment are applied to the construction images.
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Figure 1. Dynamic path planning model framework for tower crane operations.

2.2. Path Safety Risk Evaluation Module

To estimate the risk of falling objects during tower crane operations, it is necessary
to define the potential drop zones of the operations [29]. The Occupational Safety and
Health Administration (OSHA) in the United States has established health and safety
requirements for construction cranes in its Federal Regulations (CFR) [30]. CFR 1926.1425
defines the drop zone as “an area where materials that are reasonably foreseeable to be
partially or fully suspended during an accident may fall (including, but not limited to, the
area directly beneath the load being lifted)”. Based on the CFR’s definition, in this research,
it is assumed that the dropped load follows a parabolic trajectory, as shown in Figure 2,
and the operational hazard radius can be set around the tower crane hook to define the
potential drop zone. In construction projects, workers, critical machinery, and important
work areas are significant protected objects. This study focuses on mobile workers rather
than static objects.

Figure 2. Potential drop zone of the load.
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CNN, R-CNN, Mask R-CNN, and other models used in deep learning have shown
significant effects in object detection, image segmentation, trajectory tracking, and other
fields. However, two-stage region-based neural networks such as R-CNN have high com-
putational costs in image recognition and classification. To achieve real-time operation,
a cutting-edge object detector called YOLO emerged in 2016, employing a single-stage
detection method that directly predicts bounding boxes and classes within a grid on the im-
age, significantly speeding up the detection process compared to existing frameworks [31].
Therefore, YOLO has been widely applied and continually updated [32,33]. He et al. [34]
used YOLOVS5 for automatic identification of reflective vests, achieving an average accuracy
of over 80%, meeting practical needs. Demetriou [35] examined real-time localization
and classification models for construction site debris using various deep learning models,
finding that the YOLOvV7 model demonstrated stronger inference speed and accuracy. To
further calculate the distance between cranes and workers, mere object detection is insuf-
ficient; instance segmentation is needed to provide accurate pixel-level segmentation for
each object instance in the image. YOLOVS leads in accuracy and precision over YOLOv?,
with YOLOvVS-seg featuring instance segmentation capabilities [36-38]. This study employs
YOLOV8-seg as an advanced instance segmentation algorithm, which offers higher accuracy
and faster speed compared to previous YOLO versions (YOLOv5, YOLOv6, YOLOV?). The
YOLO model, once trained, can perform instance segmentation in tower crane operation
videos, outputting classes, shapes, coordinates, and confidence scores. The YOLOv8-seg
model mainly consists of three modules: the input module, the backbone network module,
and the task head module, as illustrated in Figure 3.

- - IR -
— —
o - - - - - B
1
ot

Figure 3. YOLOv8-seg framework.

| Task Head

1.  Input Module: This module is used for preprocessing images to ensure they can be
correctly handled by the model. Generally, the main tasks of the input module include
resizing, normalizing, and padding the images. All YOLO algorithms require input
images to be converted to a fixed size before being fed into the detection model for
training. The standardized image size designed for this study is 640 x 640 x 3.

2. Backbone Module: This module is built based on CNN. The convolutional layers
(Conv) are used to extract and process features from the input feature map, captur-
ing richer semantic information. CSP Bottleneck with 2 Convolutions (C2f) consists
of 1 x 1 convolution layers and multiple Bottleneck layers, focusing on processing
and merging features to extract more detailed feature information. Spatial Pyra-
mid Pooling—Fast (SPPF) is a variant of spatial pyramid pooling used to perform
pooling operations at different scales and integrate the results to extract multi-scale
feature information, thereby enhancing the understanding and processing of targets
of varying sizes.

3. Task Head Module: This module is constructed based on the Path Aggregation
Network (PAN) framework, which integrates concepts from the Feature Pyramid
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Network (FPN). Up-sampling and contact modules for up-sampling and connection
are utilized, which enhances the effective use of multi-scale feature information in
instance segmentation tasks, thereby improving detection accuracy and robustness.

Images are preprocessed to a standardized resolution of 640 x 640 x 3 pixels within
the input module. The preprocessed images are then fed into the backbone module, where
a series of CNN operations extract features. This process involves convolutional operations,
with 1 x 1 convolutional layers in the C2f component and Bottleneck layers working
in concert to process and merge features, thereby extracting semantic information from
the input images. The features extracted by the backbone are passed to the task head
module for further refinement, specifically for instance segmentation. Up-sampling and
contact modules are used to integrate multi-scale feature information, which is critical for
accurately detecting and segmenting objects of varying sizes. After feature enhancement
in the task head module, the model generates the final output. This output includes the
classification of instances into predefined classes, the determination of their shapes, the
specification of their bounding box coordinates, and the assignment of confidence scores
for each detection.

Through instance segmentation, the potential drop zone (the operational hazard
radius around the hook) and the protected objects (workers) can be represented in pixel
coordinates within the plane projection. This study employs a method to determine the
actual coordinates of the objects based on a simple proportional relationship between
pixel coordinates and real-world coordinates [14,39,40]. The conversion between pixel
coordinates and actual coordinates is described by the following Equation (1) [41]:

L
(Xactuals Yactual) = L_a (xpixel/ ypixel) 1
P

where (Xacual, Yactual) T€Presents the real coordinates, (xpixel, ypixel) represents the pixel

coordinates, L, is the real length of the object, and L, is the measured length of the object
in the image. In this study, the objects are projected onto a horizontal plane, and thus
the Z-axis coordinate is not considered. Previous experiments [14] have shown that this
method yields a positioning error of approximately 3%. As illustrated in Figure 4, based
on the coordinate conversion, the distance between the two closest green grid points that
surround the tower crane hook’s center blue point is 0.5 m. By real-time monitoring of
the potential drop zone and the environment of protected objects, the study identifies the
actual distance between the drop zone and the workers during tower crane operations,
thereby dynamically perceiving the existing safety risks.

Figure 4. Construction site grid points.

2.3. Path Planning Module

The Dynamic Window Approach (DWA) is a commonly used dynamic path planning
algorithm in robotics [42]. The core idea of DWA is to use the current state of the robot
(position, speed, etc.) and surrounding obstacles to generate a dynamic feasible region
within a velocity space, known as the velocity window. By dynamically adjusting the
velocity window and selecting optimal velocity commands, mobile robots can safely avoid
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obstacles while moving quickly toward their targets. Due to its excellent performance, Hou
et al. [43] have continuously improved DWA for dynamic path planning. Yao et al. [44]
proposed a fuzzy logic improved dynamic windows approach for automatic navigation of
mobile robots. Sun et al. [45] dynamically modified the weight coefficient combination of
the dynamic window method to cope with the constantly changing dynamic environment
and suboptimal global planning path problems that arise after local obstacle avoidance.
The dynamic window method is continuously improving to adapt to more complex path
planning problems [46—48]. Therefore, this study attempts to apply an improved version of
DWA to tower crane operation path planning for the first time.

In solving the path planning problem for horizontal tower crane operations, the real-
world environment can be simplified to a two-dimensional space. A working hazard
radius is defined around the hook’s center, creating a circular area, while workers in the
environment are modeled as rectangular obstacles, with their top-left and bottom-right
corners marked, as shown in Figure 5.

a(xy,y2)

Tharzard radius

b (Xz, Y1 )
Figure 5. Modeling of potential drop zone and workers.

Assuming the tower crane’s base coordinate is at the origin O(0, 0), the starting point
of the construction task is denoted as S, and the endpoint as E. The solution space for path
planning is defined as shown in Equation (2):

P=1[0,X]x[0,Y]U[-X,0] x [0,Y] @)

where X,Y € RT,P C R2.

X, Y denotes the upper boundary of the construction environment. Each obstacle in the
environment is represented as ob;, with the set of obstacles denoted as
ob = {oby,0by,...,0b,}, where n is the total number of obstacles. P,,s = ob; Uoby U
... Uoby represent the infeasible regions in the environment; thus, each obstacle area satis-
fies the following condition: Ppys = {(x,y) | x;, <x < x;,,y5, <y <vy;,,i=12,...,N}.
The feasible solution region can be expressed as follows: Ps, = {(x,y) [0 < x < X,0 <
y <Y, (x,y) € ob;,i = 1,2,...,n}. If there exists a feasible path point represented as
Pi(xj,y;), where P; € Py, then a safe working path for the tower crane will consist of
Pr={Py, Py, P,..., Py, P,i1}. The tower crane operation can be divided into two motion
modes: the rotation of the boom and the trolley’s amplitude adjustment. Therefore, the
following physical constraints must also be satisfied during the motion:

1. Rotation Radius:r, 7y, <7 < Fyax , Wherer; = /x2 +y%,j=0,1,2,...,n+1.

2. Velocity Constraints: Vs, Vs = {(v,w)|v € [Umin, Vmax), W € [Wmin, Wmax] }, Where v, w
are linear and angular velocities, respectively.
(v, w)|v € [vc — D X At v + Dy X At] }
W € [we — W X At,we + Wy X At] /
where v, w, are the current linear and angular accelerations and are their respective
maximum values.

3.  Acceleration Constraints: V,, Va = {

(v,w)lv < \/2 x dist(v,w) X v,

4.  Braking Distance Constraint: V, = , where

w < \/2 x dist(v,w) X w
dist(v, w) is the distance from the simulated trajectory to the nearest obstacle.
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The trajectory evaluation function of the TC-DWA algorithm consists of three sub-functions:
G(v,w) = ol x heading (v, w) + B x dist(v, w) + v x vel (v, w)] 3)

where «, B, y are the weights corresponding to each sub-function; heading (v, w) indicates
the deviation between the endpoint of the simulated trajectory and the target point, with
smaller values signifying closer trajectories; dist(v, w) represents the distance between the
simulated trajectory and protected objects, with larger values indicating safer trajectories;
vel (v, w) signifies the current motion speed, where higher values allow for quicker ap-
proaches to the endpoint. A higher value of the total trajectory evaluation function G(v, w)
signifies better overall trajectory performance. To balance the impact of various indicators
on the evaluation results, normalization is applied to the three sub-evaluation functions,
as shown in Equation (3) [49]. The motion modes of the tower crane are categorized into
boom rotation and trolley amplitude adjustment. Each mode requires a corresponding
kinematic model.
The kinematic equation for the boom rotation model is shown in Equation (4).

x =r X cos(yaw + do)
y = r x sin(yaw + d0) 4)
46 = w x dt

The kinematic equation for the trolley amplitude adjustment is shown in Equation (5).

{ X = x4 v X cos(yaw) x dt 5)
Yy =y+v xsin(yaw) x dt
where yaw is the current yaw angle, and d6 is equal to the angular velocity w multiplied by
the time increment dt.

The framework of the path optimization algorithm is illustrated in Figure 6. It outlines
the steps involved in the TC-DWA algorithm for optimizing the tower crane’s operational
path. The process begins with the collection of real-time data from the crane’s environment,
followed by the identification of obstacles and the potential drop zones. Next, the algorithm
evaluates the current trajectory based on various constraints, including speed, acceleration,
and safety distances from protected objects. The trajectory evaluation function incorpo-
rates multiple criteria to ensure a smooth and safe path, adjusting as necessary based on
dynamic environmental feedback. Finally, the algorithm generates an optimized path that
balances efficiency and safety, allowing the tower crane to perform its tasks effectively
while minimizing risks to workers and equipment.

Load information on the tower crane initialize tower crane
Start : . —
workmg environment movement modes

|
TC-DWA algorithm path || acquire dynamic Switch movement
planning environmental information. mode

[}
Yes

approaching the
destination?
Yes
Maintain a
afe distance?.

No—

reach the
destination?

Yes
v

Figure 6. Framework of path optimization algorithm for tower crane operations.
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This model aims to optimize the dynamic path of tower cranes during operation,

ensuring the safe transportation of lifted loads while minimizing the risk of drops affecting
ground workers, and striving to select the shortest path. In certain situations, when the
current motion state is unable to execute the planned route, a switch in motion mode will
be implemented.

In the long-distance operation scenario, the tower crane is responsible for transporting

loads from the material storage area to the worker’s operation area on the main construction
site. During this phase, the transportation range is extensive, and the rotation angle
is significant, which may necessitate traversing around critical equipment. A common
scenario is illustrated in Figure 7.

Raw material yard

. P4 —
tart t - LIRS

O. . PR ~.

B . :
tower\ o ‘ |
crane :

worker operation area

(end point)

main building

Figure 7. Long-distance operation scenario for a tower crane.

The path optimization strategy is as follows:

Initially assess the distance L1 from the tower crane to the material storage area and
the distance L2 to the worker’s operation area.

If L1 > L2, initialize the motion mode to linear movement of the trolley to reduce the
rotation radius, adjusting the crane’s rotation radius L1 to L2.

Throughout the operation, if the forward path encounters critical equipment, switch
the motion mode to minimize the radius for obstacle avoidance. Upon successful
avoidance, revert to the rotation mode.

If the path ahead encounters ground workers, increase the radius for obstacle avoid-
ance until the rotation radius aligns with the endpoint.

Finally, perform trolley extension to safely transport the load to the destination.

In the short-distance operation scenario, the tower crane transports loads to differ-

ent worker operation areas within the main construction site, characterized by a limited
movement range and smaller rotation angles. A common scenario is depicted in Figure 8.

The path optimization strategy is as follows: Begin by assessing the distance L1 from
the tower crane to the starting point of the worker’s operation area and the distance
L2 to the endpoint.

If L1 < L2, directly engage the rotation movement.

During operation, if the forward path encounters ground workers, switch the motion
mode for obstacle avoidance. Upon successful avoidance, revert to the rotation mode.
Continue rotating until the rotation radius aligns with the endpoint, and then execute
trolley extension to safely transport the load to the destination.
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Figure 8. Short-distance operation scenario for tower crane.

In this study, an integrated tower crane construction monitoring program interface
was developed based on the experimental platform parameters shown in Table 1, as
depicted in Figure 9, which includes capabilities for risk evaluation and path planning. The
interface displays a live video feed of the crane operation on the left side, where instance
segmentation is conducted using YOLOVS. This sophisticated algorithm facilitates the
identification and tracking of distinct objects within the video frame, thereby enhancing the
system’s capacity to monitor the crane’s operation in real time. On the upper right side of
the interface, a corresponding diagram is presented, reflecting the monitoring information
from the video feed. This diagram offers a visual representation of the distance between
the hook center and any workers present, enabling the system to detect risk situations
during the operation. The system is designed to indicate a safe status during normal
operations and to alert operators when workers enter a dangerous radius, thereby signaling
a hazardous state. By setting the base position of the tower crane and the destination point,
the system suggests the optimal direction of movement for the crane’s center. The example
diagrams included in the study illustrate both safe and hazardous conditions, with the
crane’s base positioned at the lower left and moving towards the upper left endpoint.

Table 1. Configuration parameters of the experimental platform.

Device Configuration
Computer Lenovo G5000 IRHS8 (Lenovo Corporation, Beijing, China)
Operation system Windows 11 (64-bit)
CPU 13th Gen Intel® Core™ i7-13700H 2.40 GHz
RAM 16 G
GPU NVIDIA RTX4060 Laptop GPU, 8 G
GPU accelerator Cuda 11.7
Framework Pytorch 1.13.0
Scripting language Python 3.8
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Figure 9. Tower crane construction monitoring program interface.

3. Experimental Simulation
3.1. Instance Segmentation Experiment

In this study, the image data used for model training and testing were sourced from
a vertically mounted downward-facing camera on a tower crane at a construction site in
Fujian, China. Multiple scenarios featuring lifting operations were selected, and 896 images
were annotated using LabelMe version 5.3.1 image annotation software. The You Only
Look Once version 8 Segmentation (YOLOv8-seg) network model was then trained and
tested. The configuration parameters for the software and hardware platform used in this
study are presented in Table 1.

Using the YOLOvV8-seg network model for training, the dataset was randomly divided
into a training set and a validation set in an 8:2 ratio. The batch size was set to 16, the
number of epochs to 200, weight decay to 0.0005, and the learning rate to 0.01, with
the initial weight model file being yolov8n-seg.pt. The model’s performance was tested
using the following methods. Precision, recall, and mAP@0.5 scores were considered as
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evaluation metrics [50]. TP, FP, and EN refer to True Positive, False Positive, and False
Negative, respectively. TP represents the number of instances that the model correctly
predicts as positive samples, FP represents the number of instances where the model
incorrectly predicts positive samples, and FN represents the number of instances where the
model incorrectly predicts negative samples. Precision refers to the proportion of instances
correctly predicted as positive by the model to all instances predicted as positive by the
model. Recall rate refers to the proportion of instances correctly predicted by the model
as positive samples to all instances that are actually positive samples. Average Precision
(AP) is the area under the precision-recall curve, which evaluates the model’s performance
across different confidence thresholds. Mean Average Precision (mAP) is the average of
AP values across all classes, used to evaluate the model’s overall performance in multi-
class detection tasks. mAP@0.5 represents the average precision at an Intersection over
Union (IoU) threshold of 0.5. The calculation formulas are shown in Equations (6)-(9) [51],

respectively.
.. P
Precision = TP + FP (6)
TP
Recall = ™+ EN (7)
1
AP = / p(r)dr ®)
0
1 X
mAP = ;ZAPi )
i=1

The experimental results are presented in Table 2, showing that the YOLOvS8-seg
model achieved instance segmentation precision, recall, and mAP@0.5 scores close to
1 for all objects. This indicates that the trained YOLOv8-seg model meets the instance
segmentation requirements for the hooks and workers in the experimental videos, as
illustrated in Figure 10.

Table 2. The instance segmentation training results.

Class Precision Recall mAP@0.5
Worker 0.985 0.992 0.99
Hook 0.975 0.994 0.99

worker 0.61

)
4

L \

\\worker\O.\75 | "'

worker 0.74

(a)

Figure 10. (a) Instance segmentation of the tower crane transportation process; (b) Instance segmen-
tation of the tower crane unloading process.

3.2. Path Planning Simulation

The parameters for the improved Dynamic Window Approach for tower cranes (TC-
DWA) experimental environment are set as detailed in Table 3, establishing common
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scenarios E1 for long-distance crane operations and E2 for short-distance crane operations.
The number of workers is set to be between 6 and 8, with their positions randomly assigned.
Workers move slowly during the construction phase, and their speed is set to range from
0 to 1 m/s. In the long-distance scenario, important machinery remains stationary and
can be simulated by using stationary workers. The TC-DWA parameters are outlined in
Table 4, based on the specifications of the tower crane model at the construction site. The
rotation range of the crane is set between 0 and 71, with the rotation radius configured
between 10 m and 55 m. Figure 11 illustrates the simulated tower crane operation scenario,
where “origin” denotes the base of the tower, “obstacle” represents the moving workers,
and the arrows indicate the direction of worker movement. The tower crane operation
is modeled as moving from the start point to the end point with the tower body as the
origin. The evaluation metrics of TC-DWA include the planned path length and the
number of avoidance failures (when the planned route does not maintain a safe distance
from obstacles).

Table 3. TC-DWA experimental environment parameters.

40

30

20

Scenario Number of Workers Starting Point S End Point E
E1l 6~8 (—36, 10) (10, 30)
E2 6~8 (18,2) (2,30)
Table 4. TC-DWA parameter settings.
Parameter Value
Maximum linear velocity (m/s) 1
Minimum linear velocity (m/s) -1
Maximum angular velocity (degree/s) 7.98
Minimum angular velocity (degree/s) —7.98
Linear acceleration (m/s2) 0.5
Angular acceleration (degree/s?) 15
Linear velocity resolution (m/s) 0.1
Angular acceleration resolution (rad/s) 2
Safety distance (m) 1.5
Simulation prediction time (s) 1
Unit time At (s) 0.5
Detection window range (m) 2
Maximum rotation radius (m) 55
Minimum rotation radius (m) 10
3 Obstacle | 3 Obstacle
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* End Point ] *  End Point
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Figure 11. (a) Simulated tower crane operation scenario E1; (b) Simulated tower crane operation

scenario E2.
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Figure 12 shows that the proposed model can successfully provide multiple tower
crane paths in various complex scenarios, validating the effectiveness of the method. In
Scenario E1, based on the start and end positions, the system initiates the trolley extension
mode to shorten the radius, followed by rotation. When the presence of workers along the
rotation path is predicted, the model switches to trolley extension mode to increase the
radius and avoid moving workers before resuming rotation. This process is repeated until
the rotation path closely aligns with the endpoint, allowing the crane to shorten the radius
and deliver the load to the destination. After simulating 20 random movements of workers
on the job site, the crane successfully avoids workers in 20 instances of long-distance
operation, with an average path length of 71.22 m. In Scenario E2, based on the start and
end positions, the crane initiates the boom rotation mode. When workers are detected
along the rotation path, it switches to trolley extension mode to increase the radius, avoids
the moving workers, and then resumes rotation, repeating this until the load reaches the
endpoint. The simulation of 20 random worker movements again results in safe avoidance
and successful delivery of the load, with an average path length of 42.49 m.

| == oacke 3 T
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X X
(a) (b)

Figure 12. (a) Simulation of TC—DWA tower crane operation in scenario E1; (b) Simulation of
TC—DWA tower crane operation in scenario E2.

4. Discussion

It has been demonstrated that the tower crane effectively plans paths using the TC-
DWA algorithm across various scenarios, highlighting its adaptability and precision. This
section aims to delve deeper into the comparative analysis of the TC-DWA algorithm
against traditional path planning methods, specifically the Rapidly Exploring Random
Tree (RRT) and the Artificial Potential Field (APF) methods, to establish the ultimate
effectiveness of our approach in dynamic environments.

The RRT algorithm is a well-known path planning technique that operates by ran-
domly sampling points in the configuration space from the starting point. It constructs a
tree by connecting the nearest point that is free of obstacles to each sampled point until
it explores the vicinity of the endpoint. While RRT is capable of exploring large spaces
and can find paths in complicated environments, it often generates paths that are not
optimal or smooth. This can result in operational inefficiencies, particularly in scenarios
requiring precise movements, such as tower crane operations. The inherent randomness in
path generation can lead to routes that are unnecessarily convoluted, as evidenced by the
simulation results presented in Figure 13 The steep and complex paths generated by RRT
highlight its limitations in adhering to the operational constraints of tower cranes, such as
avoiding workers and maintaining safe distances from obstacles.
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Figure 13. (a) Simulation of RRT tower crane operation in scenario E1; (b) Simulation of RRT tower
crane operation in scenario E2.
On the other hand, the APF method represents a dynamic path planning approach that
utilizes a potential field to guide movement. Figure 14 displays the APF algorithm’s perfor-
mance in similar scenarios. In this model, the goal point exerts an attractive force, while
obstacles produce repulsive forces, directing the movement of the robot along the gradient
of the potential field. While this method offers smoother paths, it can fail to respect the
physical constraints of tower crane operations. Our simulations indicated that while APF
managed to achieve shorter path lengths, it frequently encountered difficulties in avoiding
moving obstacles, especially as construction conditions became more complex. The failures
observed in the APF method underscore the need for a path planning solution that can
dynamically adapt to the changing environment while ensuring safety and efficiency.
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Figure 14. (a) Simulation of APF tower crane operation in scenario E1; (b) Simulation of APF tower
crane operation in scenario E2.

The comparative analysis of the three methods includes planned path lengths and the
number of avoidance failures (instances where the planned route did not maintain a safe
distance from obstacles). All results were run 20 times, and the mean (Mean) and standard
deviation (SD) are provided. The best results for each experimental scenario are highlighted
in bold. From Table 5, it is evident that the traditional static path planning algorithm, RRT,
struggles to handle complex and dynamic environments, failing to generate high-quality
planned paths and effectively managing moving obstacles. The APF algorithm, as a

96




Appl. Sci. 2024, 14, 10599

dynamic path planning method, achieved the shortest path lengths in all three scenarios;
however, it encountered situations where it could not avoid moving obstacles, and its
success rate in obstacle avoidance decreased with increasing complexity of construction
conditions. The TC-DWA algorithm proposed in this study, while resulting in longer
operational path lengths, successfully avoided obstacles in all scenarios, ensuring worker
safety. Due to the variations in construction environments, the increased path lengths
fluctuated between 1.36 and 1.44 times compared to the path lengths planned by the
APF algorithm.

Table 5. Experimental results obtained from TC-DWA and other comparative algorithms.

Method Scenario Metric Path Length Nurrtber of Ol?stacle
(m) Avoidance Failures
El Mean 71.22 0
E1l SD 16.51 0
TC-DWA E2 Mean 42.49 0
E2 SD 11.06 0
El Mean 49.32 1.38
El SD 0.23 1.52
APF E2 Mean 31.19 1.62
E2 SD 0.44 1.47
El Mean 67.05 33.76
E1l SD 3.58 26.94
RRT E2 Mean 39.39 77.27
E2 SD 1.70 20.26

The increase in path lengths observed with the TC-DWA method can be attributed to
its focus on safety, as the algorithm actively adjusts its path in response to the detection of
nearby workers. This aspect of TC-DWA enhances operational safety by prioritizing the
avoidance of potential hazards, even if it results in a longer travel distance. In practical
applications, the safety of workers on-site is paramount, and the trade-off between path
length and safety becomes a critical consideration. The ability of TC-DWA to maintain
a safety buffer around moving workers while still achieving successful load delivery
positions it as a superior choice for tower crane operations in dynamic environments.
Furthermore, the experiments conducted illustrate the dynamic capabilities of the TC-
DWA algorithm in real-time scenarios. The algorithm’s ability to adapt to unexpected
changes in the environment—such as the sudden movement of workers—demonstrates its
practical applicability and robustness. The simulations performed in this study underscore
the importance of integrating real-time data from computer vision systems into the path
planning process, as this can significantly enhance the algorithm’s situational awareness
and responsiveness.

Through the safety risk monitoring of 20 segments of tower crane operation videos,
which range from 1 to 3 min in length and have a frame rate of 24 frames per second (FPS),
we observed an average of 286.6 safety hazard warnings per complete crane operation
process. Considering the video frame rate, this equates to an average of 11.9 hazardous
situations per video, posing safety risks to 3-4 workers. These findings underscore the
prevalence of safety hazards in crane operations and the necessity for real-time monitor-
ing systems.

In situations where hazardous conditions are detected, the TC-DWA algorithm pro-
vides corresponding directional movement suggestions, effectively reducing the risks
associated with tower crane operations. The algorithm’s ability to dynamically adjust the
crane’s path in response to detected risks is a significant advancement in ensuring the
safety of workers on construction sites. The integration of YOLOVS for risk evaluation
and the TC-DWA algorithm for path planning has demonstrated a synergistic effect in
enhancing the safety of tower crane operations. The system not only detects potential
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hazards but also actively participates in mitigating these risks by providing actionable
guidance to operators. The study’s results highlight the importance of integrating advanced
computer vision and path planning algorithms into tower crane monitoring systems. The
combination of real-time video analysis and dynamic path planning offers a new solution
to improve safety standards in construction environments.

5. Conclusions

This study introduces a dynamic path planning model for tower crane operations that
leverages computer vision technology and advanced path planning algorithms. By utilizing
a camera strategically positioned above the crane’s hook, real-time path information during
operational activities is collected. This innovative approach enhances the accuracy of
the crane’s movements and integrates a safety risk evaluation module using the YOLOv8
instance segmentation framework. This model effectively identifies potential drop zones for
lifted objects and the relative positions of nearby workers, enabling a dynamic awareness
of risks during crane operations.

The proposed path planning module, grounded in an improved TC-DWA, autonomously
generates paths that prioritize obstacle avoidance. Through comprehensive simulation
experiments, effective path planning are successfully demonstrated in both long-distance
and short-distance operation scenarios. The results of our evaluations highlighted the algo-
rithm’s robust performance, confirming its ability to adapt to varying operational conditions.

Comparative analyses with traditional path planning algorithms further underscored
the superiority of the TC-DWA method. It facilitates efficient route planning and signifi-
cantly enhances safety measures by effectively avoiding obstacles, thereby reducing the risk
of accidents involving ground workers. This dual focus on efficiency and safety positions
our method as a valuable contribution to modern construction practices.

As the construction industry increasingly emphasizes the need for improved safety
and operational efficiency, dynamic path planning for tower crane operations emerges as
an essential area for research and development. Our findings advocate for the integration
of real-time data and advanced algorithms into crane operations, which can lead to better
decision-making and reduced operator workload.

There are several limitations in the current study that warrant further investigation.
Although the TC-DWA algorithm provides effective path planning suggestions, the suc-
cessful implementation of these suggestions heavily relies on the crane operator’s response
time and ability to execute the recommended actions promptly. During crane operations,
operators may face challenges in processing and responding to the perceived information
in real-time, especially when multiple hazardous situations occur simultaneously. Ad-
ditionally, the accuracy of vision-based monitoring systems is inherently limited by the
capabilities of surveillance cameras alone. Factors such as varying lighting conditions,
occlusions, and complex construction site environments may affect the system’s detection
accuracy. Future research should focus on developing more automated control mechanisms
and integrating multiple types of sensing devices to build a more robust and reliable
monitoring system. This multi-modal approach could provide more comprehensive and
accurate safety monitoring while reducing the reliance on single-source visual data.

Future work can be conducted to develop a more comprehensive monitoring system
that integrates multiple sensing devices to enhance detection accuracy. By combining
the proposed model and various data sources such as cameras, LiIDAR, and IoT sensors,
a more reliable and robust safety monitoring and path planning system can be built.
Furthermore, exploring how the proposed model could be integrated with site-wide safety
systems, such as collision avoidance or real-time hazard detection, could also enhance its
applicability in diverse construction environments. Future studies could also focus on the
human—computer interaction aspect, investigating how operators of cranes and other heavy
machinery interact with these decision-support systems. This research could help inform
the design of more intuitive interfaces, improving usability and increasing adoption across
the construction industry. Understanding how operators respond to system-generated
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suggestions or decisions, and how these interactions affect decision-making efficiency
and safety performance, will be crucial for refining the system’s effectiveness in practice.
Finally, long-term studies are needed to assess the actual impact of deploying such models
in real-world construction sites. Evaluating key metrics such as accident reduction rates,
worker injury statistics, and overall operational safety before and after the implementation
of the model will provide a roadmap for validating its long-term effectiveness and refining
its design.
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Abstract: Industrial parts are increasingly being designed to be more lightweight in mod-
ern manufacturing for energy saving and material cost reduction. However, the high-speed
motion of flexible systems tends to excite severe residual vibrations that result in posi-
tioning accuracy degradation and loss of productivity. This study proposes a closed-form
trajectory optimization method for vibration suppression based on trapezoidal velocity
profiles, which are most widely used in industrial robots and machines. First, the formula-
tion and minimum time solution under actuator limits of the motion profile are defined.
Then, the relationship between the trajectory parameters and the vibration response is
investigated. It is shown that residual vibration can be eliminated by properly tuning
the acceleration/deceleration switching times according to the natural frequency. Based
on the derived vibration suppression conditions, a tuning procedure for time parameters
compliant with actuator limits is established to generate fast and precise movement. A
main advantage of the proposed method is easy implementation for general machines
without requiring extra computational resources or modification to the control system. The
effectiveness and practicality of the proposed approach are verified through experiments
conducted on a robot. The experimental results show that the optimized trajectory achieves
superior residual vibration reduction performance.

Keywords: trajectory optimization; residual vibration; motion profile; motion control;
trapezoidal velocity profile

1. Introduction

The advent of modern manufacturing innovations has spurred increased research
interest in robotic automation [1,2]. Industrial applications now employ robot manipu-
lators for various tasks [3]. Achieving precise object manipulation requires minimizing
residual vibrations caused by resonance between the robot and the object upon reaching
the target [4]. These vibrations can compromise task quality, increase production cost, and
extend completion times, as settling periods are necessary post-movement.

Recent studies have highlighted the significance of vibration analysis in robotic sys-
tems. Borys et al. [5] demonstrated structural vibration phenomena at the robot flange and
mounted tools during spot welding applications using triaxial accelerometers and high-
speed camera measurements. The dynamic performance of robotic manipulators has been
extensively investigated through modal analysis, as evidenced by Mishra and Singh [6] in
their investigation of flexibility effects on two-link planar manipulators. Furthermore, Do
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et al. [7] developed an analytical framework for the modal analysis of flexible-joint robotic
manipulators with rigid links, based on linearized dynamic modeling.

Although vibration reduction can be achieved through hardware design optimization
or introducing damping components [8], changing the system structure for each task
in flexible production environments is impractical. Motion control offers an alternative
approach to vibration reduction without altering mechanical design [9,10], which typically
employs feedback or feedforward methods [11]. While feedback control measures and
compensates for positioning errors, it necessitates additional sensors and modifications
to the actuator control scheme. In contrast, feedforward control influences the vibration
behavior by manipulating the robot’s driving motion profile. This feedforward approach
does not require any revision of the actuator control scheme, as profiles are imposed during
trajectory generation. Established methods include creating smooth motion profiles [12,13]
and implementing preshaping techniques [14,15].

Given the same maximum velocity, maximum acceleration, and displacement, the
trapezoidal velocity profile (TVP) provides minimum motion duration compared to other
profiles [16]. This profile offers a good balance between simplicity and performance for
many applications. It is widely used in robots and machine tools due to its easy implemen-
tation. A main drawback is its discontinuous acceleration profile, which may cause undesir-
able vibrations for flexible systems. Previous research has explored various smooth velocity
profiles to reduce robot vibrations, including polynomial and S-curve profiles [17,18]. Bo-
ryga et al. [19] planned smooth trajectories using the asymmetric higher-degree polynomial
profiles under kinematic constraints, guaranteeing continuity of displacement, velocity,
acceleration, and jerk. Ekrem and Aksoy [20] carried out collision-free trajectory planning
using the fifth-order polynomial to ensure continuous position, speed, and acceleration
between the starting and target points. Abe [21] developed an optimal trajectory plan-
ning technique to achieve the minimum vibration in two-link rigid—flexible manipulators
undergoing large deformations based on a cubic spline function and the particle swarm
optimization algorithm, taking into account the effects of geometric nonlinearities. Cui
et al. [22] utilized quintic polynomials to design joint trajectory functions and optimized the
trajectory with particle swarm optimization for suppressing residual vibration while satis-
fying the acceleration limits of flexible manipulators. However, these approaches require
additional computation due to increased polynomial coefficients. They also demand larger
acceleration and torque compared to trapezoidal profiles for equivalent displacements.

S-curve motion profiles offer another approach to ensure motion smoothness [23]. By
minimizing or bounding jerk, researchers have demonstrated vibration reduction. However,
determining appropriate trajectory parameters for robot actuators remains challenging.
Wu et al. proposed a trajectory planning particle swarm optimization algorithm for op-
timizing the joint angles or paths of robot movements [24]. Fang et al. [25] investigated
the systematic design of high-order S-curve trajectories adapted to vibratory behavior
under derivative bounds for high-speed operations. Kudara et al. [26] presented an angular
velocity trajectory generation scheme based on a two-stage S-curve profile to control the
load sway for a rotary crane boom in a minimum motion time while considering the crane
constraints.

In addition, some innovative motion laws based on radial basis, trigonometric, and
elliptic functions were also investigated in recent studies [27-29]. Bruzzone and Stretti [30]
applied an elliptic jerk profile to the Cartesian space position control of serial robots. Esau
et al. [31] defined an acceleration reference profile based on a Gaussian function to ensure
a continuous jerk contour for industrial machines, which reduced detrimental vibration
effects and improved the machine stability. A general framework for robust vibration
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mitigation under model parametric uncertainties with three motion profile primitives
was introduced in [32] for underactuated mechanical systems. However, commercial
industrial robots and machines often feature closed architecture controllers, preventing
users from integrating custom profile algorithms or preshaping methods [33,34]. For
safety reasons, motion parameter adjustments are restricted to skilled personnel using
the provided trajectory planning method. Most commercial robots employ trapezoidal
velocity profiles for trajectory planning [35]. For instance, major robot manufacturers allow
operators to input maximum velocity and acceleration values to configure trapezoidal
velocity profiles in their industrial robots. Recently, some studies attempted to optimize
the vibration level by trial and error [36-38], suggesting that trapezoidal profiles can
achieve good performance by properly tuning the time parameters [39,40]. Nevertheless, a
systematic approach for designing trapezoidal trajectories with actuator limits and vibration
suppression constraints is still lacking.

This study proposes an analytical approach for designing trapezoidal velocity profiles
under actuator limits to reduce residual vibration in flexible motion systems. The method
focuses on determining the optimal acceleration/deceleration time by analyzing the corre-
lation between the vibration response characteristics and the natural frequency at which
resonance may occur during high-speed movements, such that the trajectory duration and
vibration can be minimized. Unlike previous trajectory planning methods that demand
extensive computational resources, the proposed approach leverages a simple trapezoidal
profile, thus avoiding numerical complexity, and does not require additional modification
to the control architecture. It offers a practical solution for engineers and designers to enable
vibration suppression in robotic systems, potentially improving precision and efficiency in
various industrial applications.

The paper is structured as follows: Section 2 gives the formulation of the trapezoidal
velocity profile and the time-optimal solution. Section 3 presents a theoretical analysis
for vibration behavior and a tuning strategy for determining the optimal time parameters
to minimize residual vibration with actuator limits based on the modal frequency. Then,
parameter sensitivity evaluation is reported in Section 4 to show the influence of variations
in natural frequency and damping ratio on the trajectories with different vibration suppres-
sion conditions. Section 5 details the experiments conducted on two industrial robots to
validate the proposed method. Finally, Section 6 gives the conclusions.

2. Formulation of Trapezoidal Velocity Profile

The trapezoidal velocity profile, which is also referred to as the linear segment with
parabolic blend (LSPB) trajectory, is characterized by three distinct phases: acceleration,
cruise, and deceleration. The velocity curve over time resembles a trapezoid, as shown
in Figure 1, where t(, t1, t;, and f3 indicate the switching times of each phase. In the
acceleration phase [ty, t1], the system starts from rest and accelerates at a constant rate, such
that the velocity increases linearly over time until it reaches the maximum velocity. In the
cruise phase [t, tp], the system moves at a constant maximum velocity. In the deceleration
phase [tp, t3], the system decelerates at the same rate as the acceleration phase until the
system comes to a stop. The acceleration profile features a bang-off-bang type, which is
described by the following piecewise function:

a, to<t<h
git)y=14 0, else (1)
—a, t2 S t S t3
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where a is the peak acceleration. Let T, and T, denote the time for the accelera-
tion/deceleration phase and the time for the cruise phase, respectively. The total motion
duration is, thus, Tiot = 2T, + T,. Let o and g1 denote the initial and the final position,
respectively. The position profile g(t) and velocity profile §(t) can be calculated through
direct integration of Equation (1).

q(t)

[~}
=

Position

@ 1 i

Velocity

o

Acceleration
=

Infinite

t‘1 t? it

to ts Time

Jerk
. =
S—

T § T, 5 T,

Figure 1. Standard trapezoidal velocity profile.

It can be derived that the peak velocity v and the terminal position are:

v=aT, ()

q(t3) = g0 +aTe(Ta + Ty) 3)

It is necessary to determine a, T, and T, such that the trajectory can achieve the
target displacement while respecting the actuator limits of maximum velocity Vmax and
maximum acceleration Amax. The constraint conditions imposed by the target displacement
and actuator limits are expressed as follows:

h = aTa(Ta + Tv)/ a < Amax, © < Vimax (4)

where I = q; — qg denotes the total displacement. The time optimal solution is obtained by
pushing the kinematic values to their physical limits. The peak acceleration can always
attain its limit value, i.e., 2 = Amax. In contrast, if the target displacement is too short, the
maximum velocity may not be attained. In this case, the whole profile consists of only the
acceleration phase and the deceleration phase with h = AmaxTa2; otherwise, the cruise
phase is required for achieving the desired displacement, Viax = AmaxTs-
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Without loss of generality, we assume that the target displacement and peak accelera-
tion are positive values. The acceleration/deceleration time that satisfies all the constraints
is calculated as follows:

Vinax h
Amax ’ Amax

©)

T, = min

Two cases are distinguished here: if T; = Viax/ Amax, the trajectory type belongs to
the standard one, so the time of the cruise phase is calculated as follows:

_ 2
Tv — h AmaxTa (6)

Vmax

Otherwise, if T, = \/h/ Amax, To = 0. The cruise phase disappears, and the trapezoidal
velocity profile becomes a triangular one, as shown in Figure 2.
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Figure 2. Triangular velocity profile.

The above solution minimizes the motion duration without violating the actuator
limits. However, undesirable residual vibrations can occur at the end of the point-to-point
motion due to the presence of infinite jerks. Motion-induced residual vibration negatively
affects motion precision, particularly in flexible systems. It also generates unwanted noise
and reduces the overall system lifespan. Therefore, it is necessary to design optimal
trajectory parameters for residual vibration suppression.

3. Optimization of Parameters for Vibration Suppression
3.1. Analysis of Vibration Suppression Condition

To analyze the amplitude of the motion-induced vibration, a standard second-order
system, which is defined by the transfer function shown in Equation (7) [41], is considered
in this study. The system’s vibration response y(t) to a stepwise change in acceleration can
be expressed as the sum of individual step responses [42], as shown in Equation (8).
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G(s) = wn” @)
TS24 20wys + wy?
yw:aéwU%: ;f?f@M“WQMwﬂbww+¢wUfm)+ 17?f@M“WﬁMwAb%w+¢WUfn) ®
+ la_ gze*@'n(f*fﬂ sin(wy(t — ) + p)u(t —ta) — ﬁ”_ = e Gonlt=13) sin (g (t — t3) + ¢)u(t — t3)

o 1V/1-2 .
where ¢ = tan™" ¥——-, w;, and { are the undamped natural frequency and the damping
ratio of the system, respectively. u(f) is the unit step function and w; = wy/1— Z?
represents the damped natural frequency.

Using trigonometric angle difference formulas and auxiliary angle formulas, the
residual vibration response can be written as follows from Equation (8):

2 2
7e_gwnt 3 3
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-1 i=0 '
Y. Agefenti cos(wgti)
i=0
Thus, the amplitude of residual vibration at motion completion time can be obtained

where Ag =a, A; = —a, Ay = —a, A3 =4, and ¢ = tan

as follows:

o—Cwnts 3 . 2 3 . 2
Amp = —— Ajebwnti cos(wyt; + A;eSwnti sin(w t; 10
p m l;) i ( d l) l;:) i ( d l) ( )

For lightly damped systems,  is nearly equal to zero, and the above equation can be
simplified as:

Amp = =a

3 .
2 Ale]w" £
i=0

2
icwont.: . [ wnt . [ wnt
H(l - e]“’”tzl*l) = dgsin( —21 ) gin( =22 (11)
- 2 2
i=1

It is shown that the amplitude of the motion-induced residual vibration can be repre-
sented as a function of the peak acceleration a, time period t1, time period t,, and natural
frequency wy,. This implies that the time parameters can be suitably designed based on the
natural frequency to optimize the vibration amplitude. Note that the vibration suppression
conditions can be derived by setting the vibration amplitude to zero:

3 wnty \

sin{ =5+ ) =0

Amp =0=
P sin(“42) =0

(12)

Therefore, the residual vibration becomes zero whenever one of the following condi-
tions is satisfied:
Cl: T,=t; =kT, k €N, (13)

C2: Ty+ Ty =ty =kyT,, kyp € NT, (14)

where T, = 27/ wy, is the natural period of vibration. This conclusion extends the vibration
suppression condition derived in [39]. The two conditions are distinguished in the vibration
cancellation mechanism. If condition C1 is satisfied, the vibrations caused by the jerks at
the start and end times of the acceleration/deceleration phase cancel each other out, i.e., the
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first impulse response is compensated by the second one, and the third impulse response is
compensated by the fourth one, leading to zero vibration, both in the cruise phase and after
motion completion (see Figure 3). If condition C2 is satisfied, the vibrations caused by the
jerks during the acceleration phase are canceled out by those during the deceleration phase,
i.e., the first impulse response is compensated by the third one, and the second impulse
response is compensated by the fourth one, leading to zero vibration only after motion
completion (see Figure 4).
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Figure 3. (Top) Reference acceleration profile and (bottom) induced vibration response when vibra-
tion suppression condition C1 is satisfied.
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Figure 4. (Top) Reference acceleration profile and (bottom) induced vibration response when vibra-
tion suppression condition C2 is satisfied.
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3.2. Tuning Procedure

To obtain the optimized vibration-free solution, we can first calculate the time-optimal
parameters T,, Ty, and corresponding t1, t, under actuator limits according to Equations
(5) and (6) and then modulate them according to the vibration suppression conditions.
Note that there exist infinite solutions that can satisfy either one of the two conditions. To
improve motion efficiency;, it is expected that the trajectory duration can be minimized
while satisfying these conditions. In practice, between conditions C1 and C2, the one that
yields a shorter motion duration can be chosen. Alternatively, both conditions can be
chosen simultaneously to improve robustness. The optimization problem can be described

as follows:
min Ty =2T,+ T, =t + t»

t1,tp,a

s.t. votp =h (15)
fh=kiTyorty =kT, (ky, ko € N+), t1 >0, th > H
0<a< Amax, v =at] < Viax

3.2.1. Optimization with Condition C1

We use the hat signal to distinguish the parameters after tuning. If condition C1 is
chosen, the value of t; is modulated as follows:

A Lt
t1 = ceil <Tl> Ty (16)

n

where ceil() returns the nearest integer that is greater than or equal to the input value. Note
that since T, > 0, the constraint f, > f; must hold. To ensure that £, meets this constraint,
the value of t; is modulated as follows:

fz = max{fl, i’z} (17)

Then, Ta and Tv can be obtained, and the peak acceleration is recomputed by:

h

i (18)

The peak velocity is & = h/f,. Since f; and #, are not smaller than their original
values, the peak acceleration and velocity after tuning definitely fulfill the actuator limits,
guaranteeing the feasibility of the trajectory.

3.2.2. Optimization with Condition C2

If condition C2 is chosen, the value of t; does not need adjustment, namely f; = #;.
The value of t, is modulated as follows:

N Lt
ty = ceil (Ti) Ty (19)

Since the adjusted value is no smaller than its original value, the constraint f, > #;
must hold. Then, the peak acceleration is recomputed by Equation (18). Similarly, the
actuator limits are still satisfied in this case.

3.2.3. Optimization with Conditions C1 and C2

If both conditions C1 and C2 are chosen, the value of t, can be modulated by Equation
(19). Note that, in this case, the value of f; is not necessarily larger than or equal to the
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original value, as the peak velocity may be changed. Since the total motion duration Ty is
f; + £,, F; should be as small as possible to minimize Tiot. The selection of this value should
satisfy the acceleration limit condition:

h N
f=— <A =t > - 20
! f1ty e t= Amath ( )
Therefore, the value of t; is modulated as follows:
N ) h
tp =ceil| ———— | Ty (21)
Amaxt2 Tn

Then, the peak acceleration is recomputed by Equation (18).

4. Sensitivity Analysis

As stated above, the vibration suppression conditions C1 and C2 provide two options
for parameter tuning, offering flexibility in implementation. If either of these conditions is
satisfied, complete residual vibration elimination can be achieved for an undamped system.
The two conditions depend on the system parameter w,,. Since modeling errors are inevitable
in practice, these conditions may not achieve zero vibration. In this case, satisfying both C1
and C2 would improve robustness against parameter uncertainties. This characteristic can
be better understood through sensitivity curves [43], which plot the dimensionless residual
vibration percentage against variations in natural frequency and damping ratio (see Figure 5).
For a clearer visualization, Figure 6 gives an enlarged view of Figure 5.
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Figure 5. Sensitivity curves of the profiles with respect to variations in the actual natural frequency

w and damping value {: (a) optimized trajectory with only one condition C1 or C2; (b) optimized
trajectory with both conditions C1 and C2.
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Figure 6. Enlarged view of sensitivity curves in Figure 5: (a) optimized trajectory with only one
condition C1 or C2; (b) optimized trajectory with both conditions C1 and C2.
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The reference maximum vibration for trapezoidal profiles represents the full-scale
value. The reduction trend of the vibration level with increasing actual natural frequency
is induced by the relative decrease in the peak acceleration value given by Equation (18).
While residual vibration can be eliminated for lightly damped modes, this capability
deteriorates as the mismatch between estimated and actual natural frequencies grows.
However, the optimized profile with double conditions maintains significantly lower
residual vibration than the optimized profile with a single condition within a certain range
of modeling error. For quantitative comparison, we define the insensitivity as the range
of normalized natural frequency where the dimensionless residual vibration percentage
remains below 10%, as indicated by the horizontal dashed red line in Figure 6. Observe
that the double conditions produce an optimized profile that exhibits superior robustness
compared to the single condition. Particularly, for lightly damped systems, the optimized
profile with a single condition provides an insensitivity value of 0.206, while the optimized
profile with double conditions provides an infinite insensitivity value as the tolerance is
satisfied over the entire frequency band of w/wy > 0.74. Given that practical modeling
errors typically fall within this range, the latter is preferable under parameter uncertainties.
Additionally, damping values below 0.1 have a minimal impact on residual vibration levels.
This observation supports the common assumption of lightly damped modes for dominant
deformations in industrial machines.

5. Experimental Validation
5.1. Overview of Experimental Design

The experimental validation was conducted using two different industrial robots,
UR5e and AUBO-i5, to demonstrate the broad applicability of the proposed method. As
previously mentioned, the method acts on the motion planning level and is built upon
the trapezoidal trajectory inherently integrated within commercial robotic control systems.
Therefore, it can be readily implemented on general industrial robots. The experiments
were designed to evaluate the effectiveness under varying payload conditions and provide
performance comparisons across different motion profiles. In the first experiment, a
relatively light payload was used, and the optimized trajectories with different vibration
suppression conditions were compared to the unoptimized trapezoidal trajectory provided
by the robot. In the second experiment, a more complex and heavier payload was used,
and the optimized trajectories were further compared with benchmark methods. In this
study, since the robots feature rigid links and possess payload capacities significantly lower
than their own weight, changes in payload have negligible effects on the robots” dynamic
performance. The vibratory response is predominantly determined by the fundamental
flexible mode of the payload. The proposed method optimizes trajectories based on the
measured modal frequency to eliminate harmonic components near the resonant mode.

5.2. Experiments on URb5e Robot
5.2.1. Experiment 1: Setup

In the first experiment, tests were conducted on a URb5e robot from Universal Robots.
A flexible part was grasped by the end-effector of the robot, which was required to perform
a linear transfer with a moving distance of 0.55 m, as shown in Figure 7. The part is made
of polypropylene, and the technical drawing in Figure 8 shows its principal dimensions.
These physical properties affect the dominant mode of the part. The part with the sensor
weighs approximately 0.4 kg and is mounted perpendicular to the direction of motion. The
starting and ending positions of the end-effector were (80, 600, 0) mm and (80, 600, 550) mm
with the orientation fixed to (7, —7t/2, 0) rad using RPY representation. The velocity and
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acceleration constraints are defined as: Vimax = 0.65 m/s, Amax = 2.4 m/s2. The high-speed
motion of the robot can excite significant vibrations in the flexible part along the z-axis
direction. To measure the vibration response of the part, an ICM-20602 accelerometer from
TDK InvenSense was attached to the tip of the part. The acceleration signal was recorded
by the accelerometer with a sampling rate of 500 Hz. The settling time is defined as the
duration from when the movement starts until the part’s residual vibration remains consis-
tently within £2 m/s2. Using the impact hammer test, the flexible part is approximately
characterized by a natural frequency of 5.58 Hz and a damping ratio of 0.01.

| ! Fma point
== Wk '
UR5e robot . ==

2P

o4 - 7 “ \ )/ L |
v End effector N ‘\
o \‘4 4.

Flexible part

Figure 7. Experimental setup.

205

i n

Figure 8. Technical drawing of the first part (unit: mm).

5.2.2. Optimal Parameter Computation

The parameters for the optimized trapezoidal trajectories with different vibration
suppression conditions are computed based on the vibration period (0.179 s). To compute
these parameters, the minimum time parameters for the original trapezoidal profile are
first calculated according to Equations (5) and (6) as follows:

=0575s  (22)

_ 2
I~ mi {0.65 0.55} oarts T, 05524 %0271

247\ 24 0.65

Thus, the corresponding switching times are t; =T, = 0.271s,t, =T, + T, = 0.846 s.
Since the acceleration time is determined by the velocity constraint, both the peak velocity
and acceleration attain their maximum allowable values, i.e., v = 0.65 m/s, a = 2.4 m/s%.
Then, the vibration period is taken into account to tune the above original parameters.
In particular, if condition C1 is selected, the optimized parameters are calculated using
Equations (16)—(18):
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N 0.271 -
t = ceil (0179) x 0.179 = 0.358 s, t, = max{0.358,0.846} = 0.846 s (23)

. 055 )
= 0358 <0826 \BlAm/s (24)

The peak velocity does not change as t, remains the same. We can then obtain
T.=%H =0358s, T, =1, — f; = 0.488s.

If condition C2 is selected, the optimized parameters are calculated from the formulae
in Section 3.2.2 as follows:

) ) /0846
0.55 0.55 5
) = ——— =0.614 j———0o 0 —=27267 2
0= gog ~ OoMm/s &= 5o 5895 67m/s (26)

We can then obtain T, = f; = 0.271s, T, = f, — f; = 0.625s.
Finally, if both C1 and C2 are selected, the optimized parameters are calculated from
Equations (18)—(21):

R .. (0.846 R . 0.55

tr = ceil <0179> x 0.179 = 0.896 s, t; = ceil <2.4 < 0.89 x 0179) x 0.179 = 0.358 s (27)
. 055 L 0.55 _ 5
0= 0896 — 0.614m/s, d = 0358 < 0896 — 1.713m/s (28)

We can then obtain T, = f; = 0.358 s, T, = f, — f; = 0.538 s. These parameters can
be directly set in the robot controller to generate the desired trajectories. Therefore, the
implementation can be achieved through standard robot programming interfaces without
specialized expertise. The corresponding input panels are depicted in Figure 9. The MoveL
command is used to achieve a precise straight-line movement of the robot tool between
two path points. The necessary parameters for determining the movement include the
reference frame, the poses of the desired path points, and the tool speed and acceleration.

The unoptimized trapezoidal profile, which is the robot’s default setting, is taken as a baseline
for comparison. Table 1 lists all the computed time and kinematic parameters. Note that the
original unoptimized trapezoidal profile has a shorter duration than the optimized trajectories.
Therefore, to provide a more precise comparison, the unoptimized trapezoidal profile is uniformly
scaled to match the duration of each optimized trajectory; namely, the acceleration time and cruise
time are scaled with the same ratio. These scaled trajectories are denoted as scalingl, scaling?,
and scaling3, whose durations correspond to those of the optimized trajectories with C1, C2, and
both C1 and C2, respectively. For instance, the duration of the unoptimized trajectory scaling1
is identical to that of the optimized trajectory with C1, so its time parameters are calculated as
follows: t; =T, =0.271 x 1.205/1.117 =0.292 s, T, = 0.575 x 1.205/1.117 = 0.621 s.

Table 1. Computed trajectory parameters for experiment 1.

Trajectory T, (s) T, (s) Tror (s) v (m/s) a (m/s?)

Original 0.271 0.575 1.117 0.65 2.4
Unoptimized Scaling1 0.292 0.621 1.205 0.603 2.064
trapezoidal velocity Scaling2 0.283 0.601 1.167 0.622 2.199
Scaling3 0.304 0.646 1.255 0.579 1.903
Optimized C1 0.358 0.488 1.205 0.65 1.814
tra ezgidal veloci Cc2 0.271 0.625 1.167 0.614 2.267
P ty C1,C2 0.358 0.538 1.255 0.614 1.713
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Figure 9. User input panels of the robot controller: (a) initial waypoint setting; (b) final waypoint
setting; (c) movement parameter setting.

5.2.3. Experiment 1: Results

The generated position, velocity, and acceleration profiles in the Cartesian coordinate
system are depicted in Figures 10 and 11. It is shown that all the motion trajectories are
bounded within the kinematic constraints. The measured vibration responses obtained
from different trajectories are presented in Figures 12-15. The vertical dashed red lines
indicate the completion time of the motion, and the light-blue area between the horizontal
gray dashed lines represents the allowable error band. The comparison results in terms of
the peak-to-peak residual vibration amplitude and settling time are summarized in Table 2.

It can be seen that the unoptimized trapezoidal profile produces significant resid-
ual vibration close to 12 m/s?, requiring a considerably longer period for the vibration
to dissipate to acceptable levels. This would delay subsequent operations after the mo-
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tion is completed. In contrast, while the optimized trapezoidal profile proposed in this
work slightly increases the motion completion time relative to the unoptimized one, this
trade-off leads to a substantial reduction in the vibration level. As a result, the system’s
response reaches the required tolerance more quickly with the optimized profile, leading
to a shortened overall settling time. A slight vibration still remains, even when the tra-
jectory parameters are properly tuned, due to the tracking error and estimation error in
the modal properties. Different selections of vibration suppression conditions produce
different trajectory durations and vibration amplitudes. When condition C2 is chosen,
the trajectory duration is the shortest, only 0.05 s longer than that of the unoptimized
one. The optimized trajectories reduce the residual vibration by 71.6% under condition C1
and by 60.2% under condition C2, compared to the unoptimized trajectory. Notably, the
selection of both conditions C1 and C2 produces the best performance in terms of vibration
mitigation, as the vibration level is reduced by 76.2%. The settling time is identical to the
trajectory duration, as the vibration amplitude settles within the desired bounds almost
immediately after motion completion. Therefore, the proposed approach provides several
benefits, including faster settling, which enables higher production rates in pick-and-place
operations, and improved positioning accuracy, which leads to enhanced product quality.
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Figure 10. (a) Position; (b) velocity and (c) acceleration profiles generated by the unoptimized and
optimized trapezoidal trajectory planning techniques (TVP: trapezoidal velocity profile).
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Figure 11. (a) Position; (b) velocity and (c) acceleration profiles generated by the unoptimized
trapezoidal trajectory planning technique after scaling (TVP: trapezoidal velocity profile).
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Figure 12. Vibration response with the unoptimized trapezoidal velocity trajectory.
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Figure 13. Vibration responses with the unoptimized trapezoidal velocity trajectory after scaling and
optimized trapezoidal velocity trajectory (condition C1 is chosen).
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Figure 14. Vibration responses with the unoptimized trapezoidal velocity trajectory after scaling and
optimized trapezoidal velocity trajectory (condition C2 is chosen).
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Figure 15. Vibration responses with the unoptimized trapezoidal velocity trajectory after scaling and
optimized trapezoidal velocity trajectory (conditions C1 and C2 are chosen).
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Table 2. Comparative results of residual vibrations and settling times induced by different motion

profiles.
Trajectory Residual Vibration (m/s?) Settling Time (s)
Original 11.92 3.444

Unoptimized Scaling1 8.86 (refl) 2.664 (refl)

trapezoidal velocity Scaling2 8.70 (ref2) 2.794 (ref2)

Scaling3 6.74 (ref3) 2.376 (ref3)
o C1 3.42 (—51.8%) 1.232 (—53.8%)
o C;pit;ml‘fff " 2 4.71 (—44.4%) 1.454 (—48.0%)
apezoidat velocity C1,C2 2.83 (—60.8%) 1.255 (—47.2%)

This method is particularly cost-effective because it leverages existing robot controllers
and does not require any additional hardware or software modification. The only cost
incurred is the slightly longer motion duration. However, this delay is compensated for
by the significant reduction in settling time. For instance, compared to the unoptimized
trajectory, the trajectory optimized with C1 yields a duration increase of 0.088 s but reduces
the total settling time by 2.212 s. Additionally, the scaled trapezoidal trajectories mitigate
the vibration to some extent relative to the original unoptimized one due to the peak
acceleration reduction caused by longer durations. However, as shown in Table 2, compared
to the proposed approach, the residual vibration reduction achieved by simple time-scaling
is relatively limited, even with identical overall motion durations.

5.3. Experiments on AUBO-i5 Robot
5.3.1. Experiment 2: Setup

To validate the applicability of the proposed method across different robotic platforms
and payload conditions, the second experiment was conducted on an AUBO-i5 robot with a
heavier transferred part attached to the end-effector, as shown in Figure 16. The part is made of
aluminum alloy, and the technical drawing in Figure 17 depicts its principal dimensions. The
flexible part is approximately characterized by a natural frequency of 8.6 Hz and a damping
ratio of 0.011. The weight of the part is about 2.2 kg. Similarly, the robot performed a straight-
line motion with a moving distance of 0.4 m from (—50, —620, 100) mm to (—50, —620, 500)
mm with the orientation fixed to (0, 0, —mt/2) rad using RPY representation. The velocity
and acceleration constraints are defined as: Vinax = 0.55 m/S, Amax = 2.5 m/s?. A wireless
accelerometer was mounted on the part to measure the vibration response along the z-axis
direction with a sampling rate of 200 Hz. The settling time is defined as the duration from when
the movement starts until the part’s residual vibration remains consistently within 4 0.5 m/s?.

AUBO-i5 robot |8
- =

"'D

~]

| .

Figure 16. Experimental setup of AUBO-i5 robot.
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Figure 17. Technical drawing of the second part (unit: mm).

The unoptimized trapezoidal profile is taken as a baseline. The parameters for the
optimized trapezoidal trajectories with single and double conditions are computed based
on the vibration period (0.116 s). Table 3 lists all the computed time and kinematic parame-
ters. Additionally, the optimized S-curve [10] and seventh-order polynomial [17] profiles
introduced in previous studies were also tested for comparison. As mentioned earlier, an
important advantage of the proposed method is that its implementation does not require
any additional resources. Therefore, the optimized trapezoidal trajectories can be generated
directly using built-in commands provided by the robot control panel, while the S-curve
and polynomial profiles were implemented on a host computer with the Ubuntu system
that served as the primary controller. A Python program was developed to incorporate the
algorithms for computing the position data. The generated data are then converted into
specific commands using Movelt within the ROS environment and sent to the robot control
cabinet, thereby driving the robot to track the trajectory.

Table 3. Computed trajectory parameters for experiment 2.

Trajectory T, (s) T, (s) Ttor (s) v (m/s) a (m/s?)
Unoptimized trapezoidal velocity 0.220 0.507 0.947 0.55 2.5
Optimized C1 0.233 0.495 0.960 0.55 2.365
trapezoidal velocity C1,C2 0.233 0.581 1.047 0.491 2113

5.3.2. Experiment 2: Results

The generated position, velocity, and acceleration profiles in the Cartesian coordinate
system are depicted in Figure 18. Note that the seventh-order polynomial trajectory
proposed in [17] results in a peak velocity higher than its limit value, as this method only
considers the acceleration limit for parameter design. The measured vibration responses
are presented in Figure 19, and the results are summarized in Table 4. The colored vertical
dashed lines indicate the motion completion time for each trajectory.
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Figure 18. (a) Position; (b) velocity and (c) acceleration profiles generated by the unoptimized
trapezoidal trajectory, optimized S-curve, seventh-order polynomial, and optimized trapezoidal
trajectory planning techniques (TVP: trapezoidal velocity profile).
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Figure 19. Measured vibration responses with different techniques.
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Table 4. Comparison of results produced by different motion profiles.

Residual Vibration

Trajectory (m/s?) Execution Time (s) Settling Time (s)
Unoptimized trapezoidal velocity 4.26 (ref) 0.947 (ref) 4.010 (ref)
Optimized S-curve [10] 0.33 (—92.3%) 1.064 (+12.3%) 1.095 (—72.7%)
Seventh-order polynomial [17] 0.46 (—89.2%) 1.074 (+13.4%) 1.085 (—72.9%)
Optimized C1 0.79 (—81.5%) 0.960 (+1.3%) 0.980 (—75.6%)
trapezoidal velocity C1,C2 0.35 (—91.8%) 1.047 (+10.5%) 1.065 (—73.4%)

As expected, the optimized trapezoidal trajectory achieves significantly better perfor-
mance than the unoptimized one. The optimized trapezoidal trajectory with C1 results
in an 81.5% attenuation of residual vibration, while the optimized trapezoidal trajectory
with both C1 and C2 results in a 91.8% attenuation. In this experiment, the remaining
residual vibration is smaller than in the previous experiment, as the part is characterized
by a relatively higher mode, thus being less influenced by parameter estimation errors. No-
tably, the residual vibration amplitude caused by the optimized trapezoidal trajectory with
double conditions is comparable to that from the optimized S-curve profile and slightly
smaller than that from the seventh-order polynomial profile while leading to shorter time
delay. The optimized trapezoidal trajectory with C1 yields the shortest settling time, as
the resulting residual vibration is marginally larger but has a remarkably shorter motion
duration than the other optimized trajectories. In practice, choosing a suitable profile could
help minimize the settling time. A limitation of the proposed method is that the vibration
during the acceleration and deceleration phases of the movement is higher than that of the
S-curve and polynomial profiles. If the vibration during the entire motion is also required to
be attenuated, smoother profiles may be preferred. Since the proposed method operates at
the motion planning level using standard programming, it demonstrates good adaptability
to various load conditions and robot types.

In this study, the two robots possess similar link dimensions. If the robot has flexible
links with a significantly greater length or a considerably larger payload mass, its dynamic
performance may be substantially affected by the payload. Longer links lead to lower
natural frequencies and increased dynamic coupling, resulting in higher deflection ampli-
tudes. The flexible element type impacts mass distribution during different robot poses
and inertial forces and may result in multiple vibration modes and complex mode shapes.
In this case, the influence of the payload on dynamic performance needs to be considered.
However, within the scope of this study, the robots maintain good dynamic performance
as long as the payload is within the allowable range. Therefore, given the same robot type
and payload conditions, the proposed method maintains consistent vibration reduction
performance across the payload range relative to benchmark techniques.

Overall, the results clearly demonstrate the effectiveness of the proposed trajectory
optimization method for high-speed linear point-to-point motion, which is a common
movement pattern in practice. Furthermore, this method can be extended to more complex
movement types and systems by incorporating specific considerations, such as multi-axis
synchronization or multimode elimination strategies, which will be addressed in our future
work.

6. Conclusions

This study proposes a systematic optimization method for the trapezoidal velocity
profile to reduce motion-induced vibrations in flexible systems. One main advantage is its
easy implementation in common industrial robots and machines without requiring compu-
tational complexity and modification of the controller. The mathematical expressions of
the profile and the minimum time solution under actuator limits are first developed. By
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examining the dynamic response characteristics, it is found that the vibration amplitude
is associated with the acceleration/deceleration switching times. Two vibration suppres-
sion conditions are derived. Based on these conditions, an analytical parameter tuning
procedure is then given to generate motion with minimized vibration and execution time
according to the natural period. Experiments conducted on two robot manipulators with
different attached flexible parts demonstrate the effectiveness and applicability of the
proposed method in reducing residual vibration and settling time. This approach offers a
practical solution for improving precision and productivity in industrial applications.

This study opens several avenues for future research. One potential direction is ex-
ploring trajectory optimization techniques for more complex scenarios, such as multi-mode
systems or multi-axis synchronized motions with varying dynamic properties. Additionally,
extending the method to other flexible systems, such as those with multiple flexible links or
significant payload mass, could further broaden its applicability. Experimental validation
will be performed using robots with larger link lengths and more flexible payloads that
exhibit complex vibration patterns, requiring consideration of their influence on the robot’s
dynamic performance. Investigating the integration of machine learning algorithms to
predict and reduce vibrations in real-time represents another promising direction. These
efforts could lead to more robust and versatile vibration reduction solutions across diverse
applications.
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Abstract: This article delves into the problem of fuzzy adaptive event-triggered (ET)
formation control for nonholonomic mobile robots (NMRs) subject to full-state constraints.
Fuzzy logic systems (FLSs) are employed to identify the unknown nonlinear functions
within the system. To guarantee that all system states remain within their constraint
boundaries, barrier Lyapunov functions (BLFs) are meticulously constructed. Subsequently,
within the framework of the backstepping control design algorithm, we propose a novel
fuzzy adaptive ET formation controller. Our ET mechanism can achieve an overall resource-
saving rate of 88.17% for the four robots. Rigorous theoretical analysis demonstrates that
the designed strategy not only ensures the stability of the controlled NMRs but also enables
the formation tracking errors to converge to a small neighborhood around zero. Notably,
the BLFs-based control approach presented herein endows the system with the capacity to
avoid collisions to a certain degree, enhancing the overall safety and reliability of the robot
formation. Finally, a simulation example is provided. The results vividly illustrate the
effectiveness and practicality of the proposed theory, validating its potential for real-world
applications in the field of nonholonomic mobile robot formation control.

Keywords: barrier Lyapunov function; backstepping control design; formation control;
full-state constraints; nonholonomic mobile robot systems

1. Introduction

In recent years, the advantages of multi-agent systems (MASs) over individual
agents [1] have become increasingly prominent. MASs are characterized by significantly
higher working efficiency and enhanced compatibility, which have attracted extensive
attention from researchers in various fields. In the realm of practical engineering, with the
exponential growth of network information and the increasing complexity of missions, the
coordination control of multiple mobile robots [2] multiple unmanned aerial vehicles [3]
and multiple marine surface vehicles [4] has emerged as a crucial research area. These
multi-agent systems play a vital role in modern engineering applications, such as industrial
automation, intelligent transportation, and marine exploration. For multi-agent formation
tracking control, the core goal is to enable multiple agents to collaboratively track a target
while moving in a coordinated manner to maintain a predefined formation geometry. This
not only requires precise motion control of each agent but also effective communication and
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cooperation among them. In this process, maintaining connectivity and avoiding collisions
are not only challenging aspects but also fundamental requirements for the stable operation
of the multi-agent system. Ensuring seamless communication between robots to maintain
connectivity is essential for coordinated movement, while collision-avoidance mechanisms
are crucial to prevent potential accidents and ensure the safety and efficiency of the entire
system. In the field of multi-agent formation control, a diverse array of strategies has been
developed, each with its own unique characteristics and applications. Prominent among
these are the leader—follower strategy [5], behavior-based strategy [6], and virtual structure
strategy [7]. The leader—follower strategy stands out as one of the most widely adopted and
fundamental approaches. Its popularity can be attributed to its simplicity and efficiency.
In a leader—follower system, each follower robot only needs to focus on perceiving the
information transmitted by its adjacent leader. This significantly reduces the computational
burden on individual robots, as they are not required to process a vast amount of data
related to the entire external environment.

NMRs’ formation control has become a hot research topic due to its important applica-
tions in all aspects, such as target searching, environmental monitoring, resource exploring,
and area data acquiring. Therefore, a large number of consensus control issues have been
reported [8-16]. In [9], the trajectory tracking problem in the formation control of robots
was studied. The authors in [10] proposed the angle-constrained-based adaptive formation
shape and maneuvering control for NMRs, respectively. The result in [11] suggested a solu-
tion for the formation problem using full consensus in torque-controlled NMRs, accounting
for the absence of velocity measurements and time-varying communication delays. In
earlier studies, most scholars did not consider the internal dynamics of robots. To solve this
problem, the use of fuzzy logic systems (FLSs) is a very effective method [17-20]. Hence,
for unicycle-type mobile robots, a leader-follower (L-F) formation control protocol was
proposed in [16]. In [17], the formation control problem of NMRs with unknown dead
zones was studied. The results in [18] show the feasibility of the finite-time neural network
adaptive control scheme based on dynamic surface technique. For high-order nonlinear
systems, [19] proposed a robust fuzzy adaptive finite-time control scheme.

In practice, the limitations of the speed and position of the NMRs are often overlooked.
The running speed and distance between NMRs should be kept within a certain range. The
constraints of the robot velocity variables are just as important as the constraints of the
output variables, and it makes sense to consider the full-state constraints when designing
the controller. In order to ensure all state variables are within constraints, studying the
full-state constraint problem in NMR control is important. For example, the Ln-type barrier
function is used to constrain the boundaries of the specified performance function in [20].
In [21], the authors used a tan-type barrier function to realize the collision avoidance
and connectivity maintenance of the robot. In [22], the formation and collision avoidance
problem of NMRs based on the artificial potential field method is proposed. To suppress the
violation of tracking error constraints, a barrier Lyapunov function-based control method
was proposed to realize the tracking control of incomplete mobile robots under specified
performance conditions in [21].

Note that the above control schemes do not effectively control NMRs with unknown
dynamics. FLSs are often used to identify unknown functions due to their strong fitting
and approximation ability. In [9], a compensator and data-driven control scheme based on
FLSs are designed to solve the NMRs’ formation control. In [23], the formation control issue
of the networked non-complete mobile robot based on the L-F framework was studied.
In [24], not only the NMR’s adaptive output feedback formation tracking control problem
was solved but the connectivity maintenance and collision avoidance were also realized.
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In [25], an integrated L-F consensus formation framework using an optimized NN-based
distributed model predictive control strategy was presented. Note that the formation
control methods in [9,16-25] cannot possibly guarantee full-state constraints and save
communication resources at the same time. To the best of our knowledge, there are no
results on fuzzy adaptive event-triggered formation controllers for NMRs with full-state
constraints. Therefore, designing an adaptive event-triggered formation controller for
NMRs under full-state constraints is a challenging and important topic.

Inspired by the above analysis, this paper investigates the fuzzy adaptive forma-
tion control of NMRs with nonlinear uncertainty and full-state constraints. Our main
contributions are summarized below:

(1) By utilizing FLSs to estimate the unknown nonlinear functions, and constructing the
barrier Lyapunov functions, this paper develops a fuzzy adaptive formation control
approach within the adaptive backstepping control design framework. Although
the work in [9,21,22] investigated the fuzzy adaptive formation control problems of
NMRSs, their methods do not consider full-state constraints. Such formation control
methods do not constrain the state of the robot within a reasonable range.

(2) In [24-26], authors investigated the fuzzy adaptive formation control problems of
NMRs. These methods cannot decrease the unnecessary waste of resources resulting
from the update of the controller signal when considering complete state constraints.
Therefore, this paper designs an event-triggering mechanism to avoid unnecessary waste
of resources. In Table 1, a comparison of different control algorithms is presented.

Table 1. The comparison results of control algorithm.

. . d Unknown
Controljed Nonlinear Evl\e/? t-Erlg.gere State Constraints  First-Order Filter Nonlinear
echamsm Function
The proposed control method Vv vV Vv Vv
The control method in [17] vV X Vv Vv
The control method in [21] X X X vV
The control method in [22] X X X v

where / indicates that the situation presented was considered in the corresponding article in Table 1.

The rest of this paper is structured as follows. The problem description for this work
is the main content in Section 2. Section 3 describes the process of design controller and
stability analysis. The proposed event-triggering protocol with numerical examples and
summarizes the conclusions is verified in Section 4.

Notations: |e| indicates the absolute value. ||| denotes the Euclidean norm for vectors
or induced 2-norm for matrices.

2. Problem Formulation
2.1. System Descriptions

Consider a group of NMRs with one passive wheel and two actuated wheels in
Figure 1, the mathematical model of the ith (i = 1,...,n) robot is given by [21]

1 = Ji(ni)@;
Miw; = —=Ci(1;)wi — Diwi + 7

where 7; = [x;,y;,i]" is the ith robot’s posture consisting of the position (x;,y;) and

heading angle (orientation) (¢;) of the robot coordinated. w; = [wl,»,@i]T are the angular
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velocities of the two wheels, 7; = [7; 1, T,'/z]T is the control input. M;, C;(77;), and D; are the
inertia matrix, the centripetal and Coriolis matrix, and the damping matrix, respectively.
The matrices J;(17;), M;, Ci(17;), and D; in system (1) are given by

Ji(ni) = % | siny; siny;
bt —pt

. 0 ¢y, dii 0
" l—wf 01 [0 dzzz-]

where #; and b; shown in Figure 1 are the wheel radius and half-width of the ith mobile
robot, respectively. We consider that the NMR model (1), the robot parameters #111;, m15;,
b;, and r;, the centripetal and Coriolis coefficient c;, and the damping coefficients d1;; and
dpp; are uncertain constants.

cosy; cosy;
M; =
Myzi  Miti

myy; lei‘|

Y (m)

X (m)

Figure 1. The structure of the L-F model.

To facilitate control development, we can convert the wheel angular velocities
(@1, Wa;) to the robot’s linear velocity v; and angular velocity w; by the following equation:

9, = B; 'w;
o 1 b . .. . .
with 7; = [v;, wi]T and B; = rl 1 ! ], where the matrix B; is invertible, since the
—Yi
determination of matrix B; is det(B;) = —2b;/r;. After the above description, we can obtain

the following dynamic equations:

x; = vjcos(1;)

Y; = visin(y;) 1)
P = wi
Mjw; = —C;(1);)w; — Diw; + 1

The inertia matrix parameters are given by mj; = 0.25bi72rl-2(mibi2 + L) + Ly,

mi = 0.25b; r2(mib — I;), m; = me + 2mey, i = mea;? + 2mgibi® + I + 21,,; and
¢ = 0.5bflr,<2ma-ai, where m,; and m,,; are the body and wheel (with motor) masses; 4;
is the distance between the wheel axis center and robot mass center; and [;, I,;, and I,,;
are the moment of inertia about the vertical axis, the wheel about the wheel axis, and the
wheel about the wheel diameter, respectively.
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From system (1), the dynamic equations can be defined by
{ 0i = foi(vi) + 1 Toi o)

Wi = foi(w;) +MoiT,i

where f,; and f,; are unknown nonlinear functions associated with v; and wj,

1 Ti

my; = s————,and Wy; = 5——-———. y; and 7iy; are positive parameters.
1i 2(my1i+myg;)’ 2i = 21, (muz miai)’ 1 2 p p

The dynamic of the leader NMR is given by [27]

jC() =0 COS(l/JQ)
:.V.O =7 Sin(lon)
Py = wo

where (xg, 1/g) denotes the position of leader NMR, and 1y is the heading angle. vy and wy
represent linear velocity and angular velocity, respectively.

Assumption 1 ([21]). The acceleration vy is bounded such that |z'10| < vy, with vy being constant.
From (1), we have
xjsint; —y;cosp; =0

which means the angle between the driving wheel’s axis and the robot’s speed direction is 90 degrees.
In other words, the robot’s axle-direction speed is always zero, thus it is also called nonholonomic
constraint. The nonholonomic constraint ensures the robot’s wheels roll without slipping.

2.2. Graph Theory

This subsection will introduce the definitions about the communication network topology.

The expression G = ($,K) represents the transmission relationship between robot
information, in which § £ {1,...,N}. K C § x S indicates the edge set, and (i,]) € K
indicates that the ith robot obtains information from the jth robot in one direction. d;; is
the distance between ith and jth robot, and dy,; is ith robot’s maximum information
transmission range. If d;; < d);, an L-F model can be formed. L;(t) = {j|d;j < dp; } means
the ith robot’s leader set. In the L-F structure, the relationship between them can form a
tree, thus forming the required L-F structure.

2.3. FLSs

The FLSs used to approximate uncertain model dynamics f,; are f,,; in (1), and the
properties of FLSs can be seen in Lemma 1.

Lemma 1 ([26]). Let f(x

)bea contmuous function on a compact set A. For any constant €, there
always exists a FLS f(x|©) =

Te(x) satisfying

f(x) —©T@(x)

sup
xeA

<e 3)

N
where @(x) = [@;(x),@3(x),..., on(x)]"/ T @;i(x) is the fuzzy basic function vector and
i=1

satisfies @1 (1)@ (1) < 1. @ = [@1,0,. ..,0n]" is the ideal weight vector and N is the fuzzy
rule number.
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Remark 1. In this paper, we use a FLS to approximate the unknown continuous functions in (2).
Note that neural networks and type-2 FLSs have also the approximation property of Lemma 1.
Therefore, the FLSs used in this paper can be replaced by other approximators.

Control objective: For NMRs (1) with full-state constraints, this paper develops a
fuzzy adaptive ET formation control method such that the following hold:

(1)  All the closed-loop signals are semi-globally uniformly ultimately bounded (SGUUB).

(2) All robots will follow the leader by keeping a desired formation pattern, i.e., the angle
and relative distance errors converge asymptotically to zero without violating the
angle and relative distance constraints.

3. Fuzzy Adaptive Formation Control Design

In this section, a fuzzy adaptive ET formation controller is constructed under the
backstepping control design. With the help of log-type barrier Lyapunov functions, it is
proven that the system (1) is stable under full-state constraints and does not collide.

3.1. ET Formation Controller Design

The backstepping control design is a recursive method. For NMRs (1), it contains a
two-step design procedure. In Step 1, we first select a Lyapunov function for each subsys-
tem, and based on the Lyapunov function, we design the virtual controllers to stabilize each
subsystem, respectively, and design the weight updating laws. In the same way, in Step 2,
we select a Lyapunov function for the subsystem, and based on the Lyapunov function,
we design the formation controller to stabilize the whole system and design the weight
updating law.

To achieve the formation control design, we define the angle and relative distance
between ith and jth robot as

di(t) =/ (i = %) + (i — yy)® @

@ij(t) = atan2(y;, X;) )
X | cosy;  siny; Xj— X ©)
yi|  |-siny; cosy; yi— Vi

where atan2(y;, X;) € (—, 7] is the arctangent function of the two arguments (x,y) and
returns the appropriate quadrant of the angle of point (x,y).

In actual formation control, collision avoidance and field of view limitations among
robots are crucial issues to consider. Therefore, to fulfill above range constraints, the
constraints of distance and angle are described as

0<dy, < dl](f) <dp, V>0 (7)
7T 7T
5 < TPMi < @ii(t) < omi < E’Vt >0 (8)

where dj; and d,,,; represent the maximum distance at which connectivity is maintained
and the minimum distance at which a collision can be avoided, respectively. ¢y,; indicates
the maximum angle that ensures continuous information transmission.
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Define the coordinate transformation as

zig = dij — dijq
Ziy = Yij — Pija
Zip = 0 — i

)
Ziw = w; — hjo
Xi1 = hip —a;q
Xiz2 = hip —a;p

where d;; ; is the desired distance, which is a constant. ¢;; ; is the desired angle. a; s, X;s
and 7; 5, respectively, are virtual design control functions, first-order filter output errors,
and variables (s = 1,2). h; ; are obtained through a first-order filter on intermediate virtual
controls «; 1 and «;». We introduce the following first-order filter:

Si1hin 4 hin = i1, Bi1(0) = ajy (10)

Siohin + Hip = win, Hin(0) = iy (11)

where 6;1 > 0 and J;, > 0 are design parameters.
Step 1: From (9), we have the following equations:

Zjg = —0; COS ¢; + V;_1COS 7; (12)
7;'1'1/) = —w; + i sin ¢; — i1 sin vy; (13)
di di

where v; 1 and ;1 are the linear velocity and orientation of robot R;_1, respectively.

Yi = @i+ —¢i1.

We select log-type barrier Lyapunov functions:

1 ka1
Viii = = log ———— 14
11i 2 g kd12 _ Zi,d2 ( )
1 kg1?
Vigi = 5 log —"—— (15)
2 Tkpt” —zip
where k;1 and kg are design parameters.
We construct the virtual control signals «,; and «,,; as
= i + kanz; 16
Qpi oS ¢; (vi—1cosy; + ka1zia) (16)
v; . Vi_q .
Xpi = d—i sin g; — :iil sin y; + kg1ziy (17)

with kz; > 0 and kg > 0 being design constants. (Equation (16) defines the virtual control
signals designed to stabilize the formation tracking errors. k;; and kg are positive control
gains, while the logarithmic barrier function ensures the relative azimuth remains within
the predefined constraints, thereby avoiding singularity issues.)
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Remark 2. If ¢; = 7, then there will be singularity problem. We predefine constraints on the
relative azimuth. The formation tracking controller is designed by using the barrier Lyapunov

synthesis method, ensuring that the relative azimuth remains within a predetermined range.

Step 2: From (9), we have

Zip = foi(0:) + m1iTor — iy (18)
Ziw = foi(w;) + MoiTei — hip (19)
From (9), one has X'
Xi,s = ﬁi,s - ".‘i,s = Ni,s(') - (S;’S (20)
is

where N;(-) is a continuous function.
Since f,,;(w;) and f,;(v;) are uncertain, the FLSs are utilized for approximating them.
Assume that

foi(0i) = Gi{ i (vi) + i1 (21)

fui(wi) = G5 pia(wi) + €i (22)
where G;; € R" and G;, € R" are the ideal weights, ¢;; € R" and ¢;, € R" are the fuzzy
basic functions. ¢;; and ¢;, are the approximated errors, and they satisfy |¢; ; ’ <ef; and

’Ei,z‘ <¢},,with ¢f, and ¢}, being unknown constants.
Thus, (18) and (19) can be rewritten as

Zi = G i1 (01) + €11 + miTo — By (23)

Ziw = Gy i (wi) + &ip + Myt — hip (24)

Consider the log-type barrier Lyapunov function

1 1 1 ~7 ~ 1 ~r ~ 1 1
Voi = Vi + Vioi + EZZZU + Esz + EGiTlGi,l + EGZZGZQ + EX%J + EXIZ,Z (25)

In order to decrease the unnecessary waste of resources resulting from the update of
the controller signal, we design the following event-triggered mechanism:

Ti(t) = Boiltoix), t € [toiks toi(ks1)) (26)
Twi(t) = Buwi(twik) t € [twiks twitki1)) (27)
toi(kr1) = inf{t € R|[z0i(t)[= Mo Toi|+A20} (28)
twi(e1) = Inf{t € R||20i(1)[> Mo | Twil +A2w } (29)

with z,; () = Ty () — O (tcix) representing the event-triggered error during time interval
[txiks tei(k+1)), Where k = 0,w. 0 < Ay < Tand Ay > 0 are constants. Oy (t;x) are trigger
control signals.
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The virtual controllers, trigger controllers, adaptive formation controllers and adaptive
laws are given as

Poi = T (—Civzio — Glipi1 (v;) + By + % - %Ziv - (%)zzm) (30)
——1 AT ; Ziyp 1 T Nicdian

Pwi = My (—CiwZiw — GipPia(w;) + hip + m — 5%iw (m) Ziw) (31)

0y = —(1+ Aiv)(pmtanh@ + Xivtanh@) (32)

B, =—(1+ Aiw)(pwitanh@ —I—Xiwtanh@) (33)

T +l)9:i5ivl 1 iiv/\f;vfszivl 34

Twi =y i:j&wl "1 iw)ﬁfwl (35)

Gir = 2, i1 (01) + 031Gia (36)

Gin = 2l Pin(wi) +0i2Gin (37)

. 5 A
where ¢;;, > 0, ¢;, > 0,071 > 0, and 0;, > 0 are design parameters. A;, > 175\”” and

- Ay . .
Aiw 2 12 /\“;w are design parameters. ¢ > 0 are design constants.

3.2. Stability Analysis

The properties of the above control scheme are provided in the following theorem.

Theorem 1. For the NMRs (1), under above assumption 1, if the virtual controllers are adopted by
(16) and (17), the trigger controllers are adopted by (32) and (33), the actual controller are adopted
by (34) and (35), and the parameter updating laws are adopted by (36) and (34), and then the whole
fuzzy adaptive ET formation control scheme can ensure the following:

(1)  The multiple underactuated NMRs are stable.
(2)  Each follower NMR can track the leader NMR.
(3)  The Zeno behavior can be excluded.

Proof. Differentiating (14) and (15) yields

' ZigZid Zig
Vi = — = [—(ziv + &yi) cOs @; + v;_1 cos ] (38)
kin? —zi®  kan® — zig?
z; Z ya 0; . Vi .
Vigi = — 5= s 5 [= (i + awi) + j sin ¢; — ;71 sin 7] (39)
k(Pl — lep kq)l — le[] 1 1
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In the intervals |z;5| < ky1,0 = d, ¢, we have

2 2
kal < Zla (40)
k 2 2= k2 o ZZ
a1 Zio o1 i0

log

Substituting the virtual control laws (16), (17), and (40) into (38) and (39), we obtain

)
y ZidZiy COS @i kdlz'd ZidZip COS @;
Viui=-—5 5 — 3 o < =kt Vi — 2 2 (41)
a1 Zid a Zid a1 G
: ZiyZiw k(P12121p ZiyZiw
Vigi = — - < —kp1Vizi — 55— (42)
) K22 ¢ K. 2
¢l i [al i [al i

Differentiating (25) yields

Vi = Vii+ Vg + ZivZio + ZiwZic — G]ﬂ Gig — széi,z + Xi1Xiq Tt Xi2Xi2
= Vi1i + Vigi + 2io(G]1 i1 (0) + €51 + mitoi — Bi1)
+2iw (Gl i (wi) + €ip + moiTwi — hi) (43)
i (Nia(+) — %1) + Xi2(Nja(-) — %2)
+C~?iﬂ(ziv¢i,1 (vi) — Gin) + @,-Tz (Ziwpip(wi) — Gin)

where x = v,w, s = 1,2, £ > 0 is a constant and V(0) < . Since (); is compact in
RAM() there exists a constant N;s with [N;s(-)] < N5 on Q;g. (dim(();) denotes the
dimension of ();.)

Invoke the fact that 0 < || — ftanh(8/¢) < 0.2785(. According to (43), and event-
triggered mechanism (26)—(29), we have

N o~
According to [27], define the set ();; = > (Z%K + GiTsGi,s + X?s) < 25},
i=1 g g
(0
18

o — — Oy Riodi
M1iZioToi — MiZivPoi = MiZio (150 — Trkaey — Poi)
< Mi(l+An (|Zivpoi] — zi ,tanh(zivpvi) + |Z- 1 |
> T A0 ivPoi ivPoi e iv/\ui (44)
Y Zin Ay M1 ZipAin0;
*Ziv)\vitanh( wg o )) - %IJFZ)ZU’(%U;DZ
i1 (14+Ap1) 12 Ain0in2 \2 4 1
< 055705 x5 T (AFA502)" T2
— — — 9, A6
M1iZie Twi — MiZiwPwi = muzz‘w(lﬂif@wl - 1+%L;3;i,1 — Pwi)
m .(1+/\ z . —_
< W(‘ZMJPWA - Zinwitanh(%) + }Zi“’/\“ﬁ| (45)
= Zewitei 1iZico Nico O
_Zia}/\witanh( wlg wi )) _ il—klj\;iwlg;wllwz
i (14A01) | 7 ( ZiwAiwdien \2 4 1
< 0.557¢ 1-+Aiwdiw1 + 1+)\iw5iw1) T3
According to Young's inequality a® + b2 < 2ab, it is available
Xil Xip2
ziv€ig + Ziwgip + Xi1(Nin (1) = 54) + Xi2(Nia (1) = 52)
1.2 . 1.2 4 1.2 1.2 (1 1y.2 12
< 2%+ 2% T 281 F 282+ (2 — 57X 2N (46)
1 1\,2 172
+(z = 55)xi2 +2Ni2
~ ~ 2
T A 1 ® |12
is>,s = o is - 1,8
GG < (IG5~ |6 @)

where p; and p; are positive design parameters.
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From (30)—(37) and (43)—(47), we have

Vo <(G+ca)z+ (- ci,(/,)zl%/} + (1= cin)z% + (1= ciw)22,

o 2 ollm 17,1 1 11
%Gy ‘ — % Gip (j‘ﬁ)%% (j—ﬂ)?{lzz (48)
2
2 2 12 4 9
+’N N 211"’212**1 Gix + % Gia
; 1+/\y (142, 1
+0. 55757’"1 A1) +0.557¢ 7t en) 1 1
Let )
1 1 1 1 (71 a;,
1= 3N7 + 3N, + 360 + 560 + 5 |Gy g 22 Gia (49)
+0.557£7”§11+(}+§“) + 0.55757”}1(j+§$) +3
N
Denote V = }_ V;,; according to (48) and (49), it yields that
i=1
V< V4TI (50)
where = min{ (3 +¢;a, 3 — Cip, 1 — Cio 1 — Cior 5 3 — 51175}
Integrating (50) over [0, t], it shows
|
0< V(0)e ¥ + 7 (51)

From (51), it is shown that all the system’s closed-loop signals are bounded. Then, the

o=, 1/2
fuzzy adaptive ET formation control errors based on (2V (0)e ¥ +T1/) / for the union
upper bound are given, and it is concluded that the event-triggered formation control error
converges to the neighborhood of the origin. [

3.3. The Exclusion of Zeno Phenomenon

In this part, the main content is to explain that there is no Zeno phenomenon in the
fuzzy adaptive ET formation control method.

According to [17], the event-triggered (ET) mechanism (26)—(29) dynamically deter-
mines when control signals are updated based on predefined thresholds. To ensure practi-
cality, we must prove that the time between consecutive triggering events T = #;;, 1) — ik
is strictly positive and bounded below by a minimum interval T > 0, thereby excluding
Zeno behavior.

According to the error zjp, (t) = Tjp, (t) — &jpr(tix), one has

E|Zz‘rm| = Zizmsign(Zim) < |Tim(t)|, m = v, w

All the signals are bounded in the NMRs and the actuators signals 7;, and T, are

differentiable. Then, existing d can ensure |‘L’im (1) | < 9 is valid, where 9 is a constant.
By integrating, one has

i(k+1) i(k+1)
/t ’ ‘zmn|dt < / w odt, m =v,w
ik

It means that 1) — tix > (Ar1|Tim(t)| +Ar2) /0 = v > 0 for Vt € [ty, tik4q))- So
there is no Zeno phenomenon in the fuzzy adaptive ET formation control method.
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4. Simulation Studies

This section verifies the feasibility of the proposed fuzzy adaptive ET formation control
method. We choose the robot parameters and give the values in Table 2 from the work
in [28].

Table 2. Robot parameters.

Parameter Value Unit Parameter Value Unit
a; 0.75 m I 15.625 kg - m?
Ci 0.3 m I; 0.005 kg - m?2
T 0.15 m I 0.0025 kg - m?
Mip 30 kg di 5 kg-m?/s
My 1 kg di1n 5 kg - m?2/s

4.1. Simulation Verification

The leader’s signal is xg = yo = sint. The robots’ initial positions are given
as po = [0,0,07 py = [0.1,0,7/9]" p, = [-0.1,0,7/9]" ps = [05,1,7/4]"
py = [0.1,0,7/4)".

The initial function is as follows:

_ 2bjciw? —vi(di1j+dai) —bjw;(di1i—do;)

foi = 2(mq1i+mi;)
Foi = _ 20i0;wi+0;(d11i—doi) +biw;(d11i+d2oi)
wt 2¢;(my1;—my;)

To estimate the unknown nonlinear functions f,; and f,,;, assume that the universes of
discourse for variables «; are [—4, 4]. Define If-Then fuzzy rules as
L:if ; is fri,theny;isP (k =v,w;i=1,2,3,4,j =1,2,3,4,5).

The fuzzy membership functions are given by pup = 1/(1+ el5(3+1)/2]),
‘usz = e[,(2+,{2)2/2], Vf;cB = 6[7(7(3)2/2], nufx4 = 6[7(72+K4)2/2], ‘ust = 1/(1 + 6[75(73+K5)/2]),
x = v,w. Consequently, the fuzzy membership functions are presented in Figure 2.
The FLS f,(v;) = GZ1‘Pi,1(Ui) and fi(w;) = GZZ‘I’ilz(wi) are employed to estimate f,,;(v;)
and f wi (“Ji) .

E N T /N /NN T
| = sy, —— s, —— bt —— ||

s Y7\ 7 \ 7 \]J
SO ARV ARV
A

0.

o

VA

0
-1

2

Figure 2. The fuzzy membership functions.

Remark 3. It is also worth pointing out that according to Lemma 1, an FLS can approxi-

mate an unknown nonlinear function when the number of If~Then rules is larger, and for ev-

ery input variable in the FLS, its fuzzy membership functions are chosen as Gaussian types
(k) = exp| =) (c=ph)

pfi(xi) = exp|

T
p: (=) |,i=1,...,n, where the center points u; belong to the universe of
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discourse of the variable, and the width «y; > 0. Moreover, the defined fuzzy membership functions
should satisfy the following conditions.

(1) Each pair of (ufi(x;), ufj(x;)) is required to be overlapped.

(2)  The whole sequence of fuzzy membership functions pfi(k;),. .., ufn(x;) is required to cover
the universe of discourse of the variable x (the universe of discourse usually chosen as a
symmetrical interval about zero).

The distance and angle of ensuring connectivity, collision avoidance, and the idealize
are chosen as dgp,; = 5m, dey; = 3m, @rpp; = 1rad, dges; = 4 m, and @4,5; = O rad,
respectively. The parameters of the virtual controllers in expressions (16) and (17), along
with the adaptive laws stated in (49) and (50), are given as kj; = ky1 =9and 0;1 = 0;, =1
for robots 14, i = 1,2,3,4. The parameters of trigger controllers (32) and (33) are given as
/\iv = 0.01, XZ“U = 0.05,and ¢ = 0.9.

The simulation results are exhibited in Figures 3-8. Figure 3 depicts the curves of
NMRs. From Figure 3, it can be seen that Robot 1, Robot 2, Robot 3, and Robot 4 are
stable and able to track Robot 0 to maintain the desired formation pattern. In the whole
formation control process, there will be no collision between the robots, and the formation
can be maintained within the scope of constraints. Figures 4 and 5 show the tracking error
of the four robots in terms of distance and angle, respectively. It can be observed from
Figures 4 and 5 that by adopting the formulated formation control approach, the tracking
error of each NMR converges to a small neighborhood around zero even under full-state
constraints. Figure 6 exhibits the trajectories of controllers. It can be observed from
Figures 4 and 5 that by adopting the formulated formation control approach, the tracking
error of each NMR converges to a small neighborhood around zero even under full-state
constraints. Figures 7 and 8 display the triggering sequences of the four NMRs. Table 3
shows the specific number of triggers and the proportion of resource savings. It can be
seen from them that the ET mechanism proposed in this study is capable of decreasing
the unnecessary waste of resources resulting from the update of the controller signal. The
above shows that the fuzzy formation control scheme presented in this article can achieve
the control objective.

Robot0

- - - - - Robotl

10 - - -~ Robot2

0" NN Nl e Robot3

R N T R Robotd
60
40
0
100

50
y(m) "

Figure 3. The trajectories of four NMRs.
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Table 3. Triggered times.

Triggered Times of t,; Triggered Times of 7,; ﬁ’:ﬁaﬂlfgzr;l;% Resource Saving
in the Paper in the Paper Not Considered Ratio
Robot 1 662 1608 20,000 88.65%
Robot 1 1109 1745 20,000 85.75%
Robot 1 1196 1733 20,000 85.36%
Robot 1 212 1196 20,000 92.96%
Total times 3179 6282 80,000 88.17%

4.2. Discussions

Case 1. The Effect of Design Parameters.

To explain the effect of the design parameters in virtual controllers (16) and (17) and

controllers (34) and (35), we select different design parameters for simulation. For ease

of comparison, define the sum of the absolute values of the formation tracking errors

4
as zy = '21|Zdi" Then, the responses to the tracking error z; under different design
1=

parameters are shown in Figure 9.
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Figure 9. The responses of the tracking error z; (m).

From Figure 9, we can see that selecting different parameters will affect the control
performance of the system. Therefore, the formation tracking errors can be reduced by
increasing the main design parameter. However, increasing the design parameters results
in larger control energy. In practice, a tradeoff between improved control performance and
the energy cost of control actions must be carefully considered.

Case 2. The Effect of external interference.

In the simulation, we considered the influence of time-varying external interference on
each robot. Figure 9 shows that the distance formation error of the robot will become larger
under external interference. Similarly, Figures 10 and 11 show that the robot’s formation
errors will also be affected by external interference. The simulation results show that the
time-varying external interference affects the control performance of the system.
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Figure 10. Curves of tracking errors z;; (m).
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Figure 11. Curves of formation tracking errors z,;(rad).
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The adaptive fuzzy formation control method proposed in this paper is robust and
can deal with some small external disturbances, but the formation error will be larger when
there are external disturbances or when there are external disturbances.

5. Conclusions

We proposed a fuzzy adaptive ET formation control design method for NMRs with
full-state constants. The event-triggered mechanism can effectively reduce the number of
unnecessary updates of control signals. Then, a fuzzy adaptive ET formation control strat-
egy for NMRs was presented via backstepping control technology. Our results demonstrate
that all signals of the controlled NMRs are SGUUB, and the tracking errors even converge
to a small neighborhood around zero. It should be noted that the proposed fuzzy ET
formation control algorithm cannot handle the consensus control problem when there are
communication delays and the system is under sensor or other network attacks. It is also
uncertain whether such a formation control method is applicable to heterogeneous multi-
agent robots. Therefore, extending the results of this study to the case of communication
time delays is a meaningful future research direction.
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Abstract: This paper presents an algorithm for 3D path-following using an articulated
6-Degree-of-Freedom (DoF) robot as well as experimental verification of the proposed
approach. This research extends the classic line-following concept, typically applied in
2D spaces, into a 3D space. This is achieved by equipping a standard industrial robot
with a path detection tool featuring six low-cost Time-of-Flight (ToF) sensors. The primary
objective is to enable the robot to follow a physically existing path defined in 3D space.
The developed algorithm allows for step-by-step detection of the path’s orientation and
calculation of consecutive positions and orientations of the detection tool that are necessary
for the robot arm to follow the path. Experimental tests conducted using a Nachi MZ04D
robot demonstrated the reliability and effectiveness of the proposed solution.

Keywords: 3D path-following; articulated robot; robot control

1. Introduction

One of the basic tasks in robotics is to lead the robot arm (for example, the arm of
an industrial robot) or the robot itself (for example, in mobile robotics) from the start
point to the target point without collisions. This involves making strategic decisions and
defining a sequence of valid robot configurations (including position, orientation, and
speed) that constitute the obstacle-free path leading to the desired destination and taking
environmental constraints into account [1]. Planning of the route can be global or local. In
global path planning, all spaces where obstacles exist are predetermined so the obstacle-free
route can be calculated in advance [2,3]. When the environment is unknown a priori, or
it is not static, local path planning is needed to dynamically respond to the environment
changes. Both approaches may also be combined, for example, by providing the reference
path, calculated by the path planner first, and then, as the robot moves, by correcting it
using local planning as the response to changes in the environment detected by the robot’s
sensors [4]. Recent studies in path planning, advanced inverse kinematics (IK), and sensor
fusion present significant progress, addressing challenges in efficiency, adaptability, and
precision [3]. Efficient and precise navigation often needs advanced sensors like IMUs
(Inertial Measurement Units), LIDARs, radars, mono and stereo vision systems, etc. Data
from various sensors are usually combined (which is called sensor fusion) to provide
complex information about the state of the robot and the environment [3]. Then, advanced
algorithms for calculating inverse kinematics task, path planning, obstacle detection, and
avoidance are applied to allow the robot to reach the desired target position. When the
robot moves, it usually follows the path calculated by some path planning algorithm;
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however, this path usually does not exist physically in the environment. It is “virtual”, and
various control techniques are applied to minimise the tracking error and, of course, to
perform the task collision-free [5]. In particular, Artificial Intelligence (Al) methods are
currently widely explored and applied with numerous successes for data processing and
path planning [3,6]. However, despite undoubted advantages and often excellent results,
there are also drawbacks and limitations. For example, they usually require preparing and
tunning the Al model, which is not an easy task, and gathering a large amount of training
data. Thus, the training process, particularly of deep learning algorithms, is often time-
consuming, requires a high level of Al expert knowledge, demands high computational
power, and consumes a lot of energy [3,7]. The additional drawback of some advanced
methods are also the costs of some types of sensors, for example, 3D cameras and long-
range LiDARs. This leaves a space for exploring simpler or cheaper solutions [8], especially
when movement accuracy is not of the first importance.

One of the simplest variants for performing the task of moving a robot from the
start point to the target position is to move it along a line that is physically defined in
the environment. In such a case, and if there is only one possible path to the target (i.e.,
the path does not split), only local planning is needed, and it is sufficient to just move
the robot along the path. This approach is commonly known as “line-following” and is
usually applied in mobile robotics. Typically, the line is drawn on the surface where the
robot moves. Thanks to sensors, the robot controller detects if the robot pulls off the line
to the left or to the right and corrects the robot movement by turning the robot to the
direction of the sensor that detected the line, to keep the robot back over the line (Figure 1).
Such an approach focuses on correcting the local robot position error relative to the path.
In this scenario, although the robot moves in a 2-dimensional (2D) space, the problem is
1-dimenional.

a b)

line (path)

to follow

rturn left move straight turn right
command

Figure 1. Control principles for typical line-following, 2-wheeled robot showing situations resulting
in (a) turn left, (b) move straight, (c) turn right commands.

Due to the very simple control rules, this task is often presented as one of the first
during robotic classes for students or as the introduction to mobile robotics for children.
There are various types of line-following robots, starting from toys, through various
enthusiast-level robots, advanced “racing” robots for line-following competitions [9-11], up
to professional, industry-grade constructions. For example, some of the AGVs (Automated
Guided Vehicles) in factories and logistic centres also utilise line-following principles in
their control systems [12]. The line to follow might be a visual line painted or embedded
(e.g., electrical or magnetic wire) in the floor or ceiling. Line detection and following
also play an important role in autonomous driving systems applied in road cars [13,14].
In order to detect the line, various types of sensors might be used, for example, light
reflection sensors, infrared sensors, magnetic sensors, video cameras, and others. Even
though there are already plenty of line-following robots on the market, there are still new
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constructions [15,16] and new control algorithms developed: for example, ones based on
fuzzy sets [17], the dynamic PID algorithm [18], Al swarm algorithms [19], vision systems
combined with infrared sensors [20], and others.

Although most of the line-following robots are ground vehicles that operate in a 2D
space, there are also some implementations of this principle for industrial robots and for
aerial robots. For example, in [21] the artificial Double Deep Q-Network was applied for
performing the path-following task using an articulated robot. The network was trained
to follow a path drawn on a flat surface and observed locally by a camera mounted on
the robot arm. The achieved path tracking error was below 1 mm. In the paper [22], a
system for extracting the features of and tracking a weld joint was presented. It utilised
a laser scanner to detect the path defined by the contact line of two metal elements to
weld. However, the system was tested only on a straight, flat (i.e., defined in the 2D
space) path. An example of the application of line-following principles in aerial robotics is
robotic competitions [23], where a robot equipped with a camera must reach the end of a
line that is drawn on the floor. Another example is the application of UAVs (Unmanned
Aerial Vehicles) for chemical spraying in agriculture [24], where a robot equipped with
a camera detects lines of crops and flies along them. Another example is [25], where a
UAV was used for pipeline inspections and the data from the vision system processed
using a Convolutional Neural Network were used for navigating the drone along the
pipe. However, the system was tested only for pipes lying flat on the ground and the
UAV was flying at a fixed altitude. It must be noted that, even though these robots fly in
a 3-dimensional (3D) space, they still follow a line detected on the ground, i.e., defined
in a 2D space, at a constant flight level. There are very few attempts to implement the
line-follower principle for following a path physically defined in a 3D space. One such
example is [26], where a UAV is designed for an aerial power line inspection. It tracks the
powerline using a LiIDAR sensor. Another example, described in [27], is also a UAV for
power line inspection. In this paper, the arrangement of the line to follow is extracted from
the camera image of the aerial powerline. To keep the UAV centred and oriented with the
lines, the PID controller tuned with the fuzzy logic algorithm is used. Unfortunately, the
performance of the algorithm was tested in simulation environments only. It is also noted
that it will need to merge the information acquired by the camera with laser sensors in order
to determine the distance of the UAV from the followed power line. In [28], the control of
an AUV (Autonomous Underwater Vehicle) for underwater cable tracking is presented.
The tracking of a cable buried in the seabed is achieved by magnetic field sensing. Thanks
to this, not only can the direction of the tracking be obtained but also the distance from the
cable can be maintained. However, the control algorithm does not take into account the
presence of environmental disturbances (e.g., water currents) or obstacles (e.g., underwater
sand-waves). The authors admit that a more advanced algorithm enabling more than just
fixed AUV-to-cable distance maintaining in the 3D space must be developed. The need for
developing the AUV for monitoring underwater structures, including pipes and cables, as
well as some preliminary design of such a platform is also presented in [29].

From the literature review, it appears that vision processing techniques have a high ca-
pability for detecting objects and shapes, including lines and paths, but they lack sufficient
information on the scene’s depth. Thus, they must be accompanied by some distance measure-
ment techniques, for example, LIDARs, radars, 3D cameras, or stereo vision, which increases
costs and computational power demand. It also introduces problems with the synchronisation
and fusion of data from various systems [30]. An additional drawback, in the context of the task
described further in this paper, is that some types of sensors have limited capabilities in terms
of detecting objects located close to sensors (i.e., closer than a few centimetres).
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It must be underlined here that there are a lot of works on the subject of 3D path-
following or tracking, with a great variety of methods being applied [31,32], but the 3D
“path” is usually defined as a set of the robot’s configuration states, including coordinates
to be reached or passed by the robot on its way. These coordinates are just points defined
in some space. There is no physical line to be followed. This is a very different case from
the one that will be described in this paper.

The aim of this work is to enable continuous, step-by-step control of robot incremental
motion following a path in 3D space. This is obtained based on the classic line-follower
concept, and the control rules are developed in order to allow an articulated, 6DoF (Degree
of Freedom) industrial robot to follow the physically existing path defined in 3D space. The
literature on this defined problem is, to the authors’ best knowledge, very limited.

Nevertheless, a somewhat similar problem was investigated in [33], where the shape
of a physically existing line was detected using a camera and the articulated robot learned
how to move along it using reinforcement learning. However, even though the line was
defined by a hose placed in the robot’s space, the path was flat, i.e., this was in fact a 2D
problem. Moreover, the solution was not calculated step by step and, as the path was
analysed globally, it belongs to the global planning methods.

In [34], a very wide review of vision methods for automatic robotic welding is provided.
Welding involves accurate control of the robot effector movement along a path that is
defined by two adjacent, contacting elements. This is a problem that may appear similar to
tracking a 3D path. However, the path is not detected directly but is rather described by
the intersection of adjacent surfaces or by a groove on the surface. The presence of adjacent
surfaces makes the locating of the path easier, and in the case of groove detection, closer
to a 2D line-following problem. Most of the methods described in [34] offer a weld seam
tracking accuracy between 1 and 0.1 mm. In the most accurate solutions, vision systems
are accompanied by laser scanners.

Another publication that presents a similar task is [35], where an industrial robot was
controlled by an Artificial Neural Network trained to follow an arbitrary path drawn by a
human demonstrator on a 3D surface. Line detection and tool orientation were extracted
from the image obtained from the camera placed on the robot’s effector. A laser beam was
used to mark the tool orientation relative to the path on the surface to help extract it from
the image obtained from the camera. Three different reinforcement learning algorithms
were compared in terms of path tracking accuracy, with the Proximal Policy Optimisation
reinforcement learning algorithm achieving a maximum tracking error of 4 mm and mean
error of 0.2 pm.

Contrary to the majority of the publications, this paper presents a method for following
a path that is physically defined in a 3D space. The path position is detected using a simple
tool held by an industrial 6 DoF robot. The tool is equipped with six low-cost Time-of-Flight
(ToF) sensors. The task to be performed is to move the robot arm with the tool along the
path from the start to the finish point, without a collision with the path. Only the start
position is known a priori, before the start of the whole process, so the path position and
orientation must be detected, and proper robot arm movements must be calculated on-line,
as the following of the path progresses.

2. Materials and Methods
2.1. General Description of the Proposed Solution

The general concept of the algorithm is to extend the classic idea of the line-follower
into a 3D space. The path shape is defined using a hose mounted inside the robot’s
workspace. The path’s position is detected by the sensors placed on two perpendicular
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arms of the path detection tool (Figure 2). Thanks to this, the path’s existence may be
detected in points located at the sensors’ line-of-sight intersections. However, this allows
for path detection only inside the 2D space of the detection tool. In order to detect the path’s
orientation in the 3D space, the robot moves the tool by a small amount and performs a
second detection. Thanks to this, it is possible to calculate how the sensing tool should
be moved along the path to the next position to perform the next detection. Then, the
process is repeated, taking into account the tool’s new (now current) position, and its
previous position. When moving to subsequent positions, it is also important to always
keep the sensing tool oriented perpendicular to the path. It must also be underlined that it
is assumed that the path is not placed flat but bends in various directions in 3D. The details
of the proposed solution are presented in the following subsections of this chapter.

path detection tool
with ToF sensors

hose
(path to follow)

Figure 2. Robot holding path detection tool during the path-following.

2.2. Detected Path Position Calculation

Figure 3 presents an exemplary path detection tool with 6 sensor placements and the
detection points of the path detection tool marked. The current tool position is always
known, i.e., it is calculated based on the gripper global position returned by the robot
controller. The centre of the tool’s coordinate system (O, tool position) is located in the
middle of the detection field. It lies at the intersection of the lines of sight associated with
the two central sensors (No. 2 and 5 in Figure 3). The Y and Z axes lie in the tool plane,
while the Z axis is perpendicular to this plane. The sensor spacing is a.

7/

/K 70\ 7
7N 7O VRN
7/ \\ //Iocal, tool N / N
x coordinates x
// A // \\

7 \\ 4 N
\X/
7 N\
7 N\
7 N\

Figure 3. Path detection tool schema showing ToF sensors (1-6) placement, sensor separation 4, and
locations of detection points (purple circles), e.g., point A is the detection point at the intersection of
the lines of sight of sensors 2 and 4.
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Each of the intersection points of the sensors’ lines of sight in the global system can
be determined by knowing the position of the tool and its orientation in the form of Euler
angles. Euler angles determine the orientation of the local tool coordinate system relative
to the global system (located in the robot base). The first stage of the process of calculating
these points is to determine the rotation matrix of the local tool system:

1 o 0
Ry(w) = |0 cosa —sinal, (1)
0 sina cosa

[ cosp 0 sinpg]

RB)=| 0 1 0 |, 2)
|—sinf 0 cosp|
_cos'y —siny 0]

R;(y) = |siny cosy 0], 3)
| 0 0 1]

R =R:(7) 'Ry(ﬁ) “Ry(a), 4)

where a—rotation angle around the X axis (roll); p—rotation angle around the Y axis
(pitch); y—the angle of rotation around the Z axis (yaw); Ry, Ry, R;—rotation matrices
around individual axes, respectively, X, Y, Z; and R—tool rotation matrix.

The position of a point in the global coordinate system, knowing its position in the
local coordinate system, can be determined using the following formula:

P=Py+R-u, (5)

where P—the desired point position in the global system; P)—the centre of the local
coordinate system; and 1l—the vector of the position in the local coordinate system (the
vector between the centre of the local coordinate system and the position of the desired
point in this system).

For example, the position of the point A in the global coordinate system (Figure 3) is

A:O+R-[0 2 QT% ®)

The general formula for calculating detection point positions (intersections of sensors’
lines of sight) is
P=0O+R-0-1 (7)

where Pi—the intersection of sensors’ lines of sight in the coordinate system of the robot
base; o—unit vector; and [—the distance between the centre of the local coordinate system
and the desired point i.

The next step is the calculation of the middle point based on the set of points where
the path was detected, because it is possible that the path is detected in more than one
point simultaneously. This is calculated according to the following formula:

1

1 1
N A war wac } ®)
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where S—the midpoint, i.e., the point where the followed path is assumed to be; x;, y;, zi—
coordinates of points where the path was detected; and n—the number of points where the
detection occurred.

In some cases, it is also possible that the path is not detected at all, for example, when
the path is located between the sensors’ lines of sight. In such case, S = O, which means
that it is assumed that the path is in the middle of the detection tool and the robot should
continue in the previously calculated direction. This is performed in order to deal with
detection errors caused by the limited special resolution of the detection tool. It is also
assumed that by moving forward, the path will eventually be again.

2.3. Calculation of the Next Tool Position

To determine the next position where the detection tool should be moved by the robot,
it is necessary to calculate the appropriate vector (Figure 4). In the previous section, how to
designate the S point that represents the detected path position was presented. Knowing
the position of this point, the next step is to determine the vector between this point and
the position of the detection tool (point O).

o =
m=0S= |xs—x0 Ys—Yo zs—zo|, 9)

where xg,ys, zg—point S coordinates; xp, yo, zo—point O coordinates.
Additionally, the tool displacement (? vector) from the position where the path was
detected for the last time (point O’) must be calculated:
— —
t =00. (10)
It must be noted that the O position is not always the last (previous) tool position.
This happens when the path is not detected by the tool. In this case, it is assumed that the
path is located between the sensor’s lines of sight, and it should be detected again in one of
the next moves, so the tool is moved ahead in the previously calculated direction but the O’
point used in (10) is still the one obtained when the path was detected the last time. Apart

from handling temporary path loss, this also helps to react appropriately to path bends,
depending on how sharp they are.

After summing up both vectors t and m, the resultant vector w is obtained (11),
which is the vector needed to determine the next tool position. Then, the vector W must be
normalised (12). The resulting unit vector allows the determination of the new position
shifted by a given distance d (Figure 4).

— — -
w=0S=1t+m, (11)
—
R w [ Wy Wy w, (12)
W=7 = 2. 0242 2 2 2 202022 |
H'L_(;H \/wx—&-wy—&-wz \/w,(+wy—',-wZ \/wx+wy+wz

Pa=0+w-d, (13)

where w—vector between O’ and S points; Ww—unit vector; d—tool displacement distance;
and P,—next tool position.

Figure 5 presents the general scheme of the path-following, showing 3 consecutive
positions of the path detection tool.
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An exception to the rules described above is the situation when the midpoint S is
placed in the tool centre (point O). In this case, the next position is calculated based on the
vector normal to the tool plane (tangent to the X axis of the tool).

Pn:o+R.[1 0 o}-d. (14)

This is caused by the fact that tool rotation is calculated separately (which is described
in the next section), and even though the path is in the tool centre, the w vector and normal
vector may differ.

global \
coordinates
Figure 4. The w vector and its component vectors and location of P, (next tool position) point in the
global coordinate system; @ is the unit vector parallel to w. Other symbols: t—tool displacement
vector; O—detection tool centre in the current position; O” —detection tool centre in the previous
position; and S—detected path position.

next
position ,

current
position

previous
position

Y

. \ 7 \ X
line (path) />\ I detection tool global

to follow with 6 ToF sensors coordinates
Figure 5. Three consecutive positions of the detection tool during path-following. Symbols: O—
detection tool centre in the current position; O’—detection tool centre in the previous position;
S—detected path position for the current detection tool position; and Pn—calculated next tool centre

position, 1...6—ToF sensors.
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2.4. Calculation of the Tool Rotation

The detection tool detection field, which lies in the Y and Z axes (in the local tool
coordinate system), should be oriented perpendicularly to the path. In this orientation, it is
easiest to detect the path and to avoid tool collision with the path. Therefore, the orientation
of the tool is as important as the position in the Cartesian coordinates of the tool and must
be determined on-line. The adopted method of determining Euler angles, analogous to
the process of determining the sequential tool positions, is based on the calculation of the
vector that defines the new orientation of the X axis of the tool’s coordinate system. Thank
to this, two rotation angles can be defined, and the third rotation angle (rotation around
the X axis) is imposed. This tool orientation vector differs from the vector used for position
calculation because it is possible to modify its parameters. By introducing this approach, it
is possible to tune the algorithm and achieve smoother path-following.

To obtain the tool rotation vector, the vector normal to the plane lying in the Y and Z
axes of the local tool coordinate system must be determined:

x:{l 0 O}T, (15)

n=R-% (16)
where #—unit vector oriented along X axis of the tool coordinate system; n—vector normal
to the tool plane.
Using the previously determined m vector, the tool orientation vector may be calcu-
lated as follows:
W, =1-a+m-b, 17)

where 4, b—vector’s modification parameters, experimentally adjusted during tests;

— . . .
Wa = |Wgx Wy W, |—orientation vector (Figure 6).

Wa,y
X

Figure 6. The 17,1 vector with its components, wy,x, Wa,y, Wa,z, and two rotation angles that can be
determined on the basis of this vector: 5, and ;.

If, in Equation (17), parameter 4 is set to the scalar value (i.e., length) of ?, the rotation
is indirectly proportional to the path arc radius. When the radius is high, the path bend is
small and there can be a few subsequent steps when the path is not detected by the tool.
When the radius is low, the path bend is high, and the path is detected frequently. This
means that normal vector length is dependent on the distance between the subsequent path
detection positions. Parameter b, which is manually set constant with a value below 1, acts
as tool rotation reduction coefficient. This prevents too high tool rotations when the path is
detected in two subsequent positions in different detection tool points. In such a situation,

5
the m vector may be much longer than vector ¢. As a result, the orientation vector may be
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oriented almost parallelly to the detection tool plane, i.e., it indicates very high rotation.
This may cause the collision of the detection tool with the path and also results in high
oscillations of the detection tool around the followed path. The reduction of the m vector
prevents both situations. Thanks to this, smoother path-following is achieved, which, in
turn, results in better path detection effectiveness. The only drawback of this solution is
that in the case where the path has a low radius bend, the tool cannot be turned to the
proper orientation in one step. In this case, the bend is negotiated in a few subsequent steps.

The trigonometric relationships and the Pythagorean theorem result in the following:

w
tany, = —2, (18)
a,x
tan By = ———ti (19)

7
\/ wa,xz + wa,yz

where 7y,—new rotation angle around the Z axis (yaw); B,—new rotation angle around the
Y axis (pitch).

The minus sign in Equation (19) results from the use of a right-handed coordinate
system. In such a system, the positive angle 3, (pitch) corresponds to the counterclockwise
rotation around the Y axis. In case the w,, component of the vector is positive, it corre-
sponds to a clockwise rotation. For this reason, the expression must include a minus sign to
conform to the convention. As the result, using the arctangent function, new tool rotation
angles can be determined:

w
Yu = atan—w“'y , (20)

a,x
Bn = a’can—_wa’Z (21)

7
\/ wa,xz + wa,yz

and a constant value assigned to the angle of rotation around the X axis (roll):
ay = 0. (22)

Figure 7 presents the summary of combining calculations of both tool rotation and the
next tool position.

Figure 7. Example of combining the next position and tool rotation; detection tool seen from the top.
Symbols: O—detection tool centre in the current position; O’—detection tool centre in the previous
position; S—detected path position for the current detection tool position; P,—calculated next tool

. - = = — . .
centre position; vectors w,, w, t, n, and m and 2 and b constants are described in the text.
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2.5. Determining the Position of the Detection Tool Based on the Position of the Gripper

In previous sections, it was assumed that the position and orientation of the effector
(detection tool) are known. However, during experimental tests, when the robot controller
was queried for actual robot position, the gripper position was returned, because this is
how the effector was defined in the robot controller. Of course, it is possible to define a new
effector in the robot software, but it was decided to determine the position of the tool on the
control computer side, i.e., in the Mathworks Matlab version 2023b (Mathworks, Natick,
MA, USA) environment. This solution was selected to facilitate the incorporation of the
tool geometry modifications, anticipated during project development, into the algorithm
and to discard the need for adjusting the tool definition in the robot controller if any
change in the tool is made. Additionally, thanks to this approach, the whole algorithm is
more robot-independent, i.e., there are no configuration changes to be made in the robot
controller settings.

The tool coordinate system is shifted (in relation to the gripper system) along the Z
axis of the gripper by the distance [,. Its orientation in relation to the gripper system can be
described by the following angles: a,—rotation angle around the X axis (roll); f,—rotation
angle around the Y axis (pitch); and .—rotation angle around the Z axis (yaw). During
the experiments, these angles were as follows: roll 180° (7 rad), pitch 0°(0 rad), and yaw
—45° (% rad).

In order to find the position of the tool, the first step is to determine the rotation matrix
of the gripper system with respect to the global coordinate system. Using the relationships
describing the rotation matrices around individual axes Equations (1)—(3), the rotation
matrix of the gripper system has the following form:

Re = Rz(7¢) 'Ry(,Bc) Ry (), (23)

where ¢, B¢, v—gripper rotation angles (roll, pitch, and yaw); R.—gripper rotation matrix.

The tool coordinate system is shifted along the gripper Z axis in the positive direction.
Knowing the position of the centre of the gripper coordinate system, it is possible to
determine the position of the centre of the tool system using Equation (5). The formula for
the position of the centre of the tool system takes the following form:

T
O:OC+RC-[O 0 1} I, (24)

where O.—gripper coordinate system centre.

Next, the orientation of the tool coordinate system relative to the global coordinate
system must be determined. First, the rotation matrix of the tool system in relation to the
gripper system is determined, again using Equations (1)—(3):

Ree = Rz(')’e) 'Ry(,Be) : Rx(‘xe)/ (25)

where R..—rotation matrix of the tool’s coordinate system relative to the gripper’s coordi-
nate system.

Using matrices R, and R, it is possible to determine the rotation of the tool coordinate
system in relation to the global coordinate system (i.e., to the robot base):

Re = R¢ * Ree, (26)
where R,—rotation matrix of the tool coordinate system relative to the coordinate system

of the robot base.
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On the basis of the determined matrix, R,, it is possible to determine the orientation
of the tool in the form of Euler angles. According to [36], however, there is always more
than one possible solution and the selection of angles is arbitrary, because they result in the
same orientation of the system.

3. Results
3.1. Experimental Setup

In order to prove the reliability of the proposed algorithm, experimental tests were
carried out using the industrial, articulated, 6DoF robot Nachi MZ04D (Nachi Fujikoshi
Corp., Tokyo, Japan) with a Nachi CFD controller [37]. The maximum load capacity of this
robot is 4 kg, and the maximum reach of the flange is 541 mm. The robot is equipped with
a Gimatic MPLF 2550 (Gimatic, Roncadelle, Italy) electric gripper and Schunk FT-AXIA 80
(Schunk, Lauffen/Neckar, Germany) force and torque sensor, which was installed on the
robot but was not used during this research. The path to follow was set up using a shower
hose (20 mm diameter) with a 3 mm copper wire inside, so that the hose retains its position
when setting the path. The hose was attached at both ends to the worktable with metal
brackets. Additionally, it was supported with some blocks and boxes to obtain the desired
path, but these supports were placed outside the path-following zone.

The robot was enclosed in a safety cell with the dimensions 1250 x 1250 x 1250 mm.
In the robot controller software, the virtual safety walls were set to —550 ... +550 mm in the
X axis, —550 ... +550 mm in the Y axis, and +5 . .. +inf mm in the Z axis. Similar boundaries
were defined in the IK solver settings utilised in the path-following algorithm. The robot
was placed in one of the didactic laboratories of the Gdansk University of Technology,
which ensures stable environmental conditions (room temperature around 21 °C, humidity
around 30%, appropriate lighting).

The path detection was provided thanks to the specially designed detection tool
(Figure 8). It consists of a box with communication electronics and six ST Microelectron-
ics VL6180X (ST Microelectronics, Plan-les-Ouates, Switzerland) infrared Time-of-Flight
sensors [38] placed on two perpendicular arms, three sensors per arm. These sensors can
detect objects at a distance from 0 to 100 mm away from the sensor. The measurement
accuracy is not explicitly provided in the datasheet; however, it contains the following
information: measurement noise up to 2 mm, temperature-dependent drift 9 mm, and
voltage-dependent drift 3 mm. All of the sensors were calibrated before use according to
the procedure described by the manufacturer. Nevertheless, it must be noted that range
(distance) measurement data are not directly used for path detection. Only the presence of
the path in the detection zone of a sensor is used, not the exact distance value. Experimental
verification proved that this is sufficient if only a small part of the path (hose) lies in the
sensor’s detection sight, as its detection is stable. It must also be noted that the detection
field of each sensor is not a narrow, straight line but a cone with a vertex located in the
sensor position and 25° vertex angle. Because of this, as sensors are separated by 22 mm
(which makes 31 mm when considering the grid diagonal), and the hose diameter is 20 mm,
it is common that the path is detected by more than one sensor. In such situations, path
position is calculated using Equation (8). This means that the overall accuracy of the path
centre detection is not worse than £16 mm.
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50

85

Figure 8. Path detection tool used during experimental verification: (a) view of the real tool in the
robot gripper placed over the path to follow; (b) main tool diameters.

Data from sensors were read by an ST Microelectronics STM32G431 microcontroller
(MCU) on an STM32 Nucleo board via I2C bus and then sent to a personal computer (PC).
The communication between the tool and a control algorithm running in Matlab on the PC
was provided via a wireless Bluetooth 4.0 BLE connection. The tool is independent from
the robot, i.e., it is grasped by the robot’s gripper at the beginning of the program and then
moved to subsequent positions, but there is no connection (i.e., no wires) and no direct
communication between the tool and the robot or the robot controller. For the designed
detection tool, the I, distance (Equation (24)) was 159.7 mm.

The software architecture of the whole system is presented in Figure 9. Data from the
detection tool are read by the control program running in Matlab. This program, based on the
current and previous detection data, calculates the next detection tool position, i.e., where the
robot arm should be moved. Calculated robot joint positions are sent (via Ethernet) to the robot
controller. On the controller, there are two programs running, the main one and the so-called
User Task [39]. User Tasks are additional programs that can run in parallel with the main
program. In the presented case, the User Task developed for the purpose of this research was
responsible for two-way communication with the PC. It must be noted that although the User
Task can perform various tasks associated with the robot control, it cannot contain commands
that execute the physical moves of the robot arm. Moves can only be performed by commands
included in the main program. Due to this, the User Task writes joint angles received from the
PC to internal registers of the robot controller and the main program reads them and moves
the robot to the desired position. Additionally, the developed User Task can also return current
robot position as joint angles or Cartesian coordinates, operate the gripper, and perform some
additional robot settings. Communication between the Nachi CFD robot controller and PC is
provided via Ethernet and TCP protocol.

Nachi MZ04D robot

Detection
tool

Nachi CFD robot controller PC Computer / Matlab
desired|
joint
angles|
leges)

Robot state and
detection tool state
readout
4
Path-following
algorithm

User
task

Main
program

joint angles control

Ethernet/ TPC
communication

Figure 9. General software architecture of the presented system.
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3.2. Algorithm Implementation, Constraints, and Supporting Solutions

The path-following procedure schema is presented in Figure 10. The process starts

with the initialisation of the communication between the program running on the PC in

Matlab and the robot controller as well as the detection tool. Once all hardware elements

are connected, some initial moves of the robot are performed. These are detection tool

pick-up and moving to the start position located over the path. Then, in the loop, for each

stage the following steps are repeated for a given number of iterations:

Read sensor data and interpreting these data:

The measurement field of the detection tool is represented as a 3 x 3 array (sensor
array). Path detection is possible at nine points that are located at the intersections
of the sensors’ line of sight. Each of the points is represented by one element of the
sensor array. The matrix rows represent the sensors located in the left arm of the path
detection tool (sensors 1-3) and the columns represent the sensors in the right arm
(sensors 4-6). The path is marked as detected at a given point when its presence is
signalled by two sensors whose fields intersect in this point. Additionally, if the path
is detected too close or too far from the sensor it is marked as a detection error to
prevent unambiguous data input to the path-following algorithm. A detection error is
not treated as a wrong readout. In such a case, the algorithm continues as if the path
was not detected in this step and calculates the next step based on the last successful
readout (the O’ point of the last step when the path was detected is used).

Read the current position of the gripper from the robot.

Calculate the effector’s (detection tool) current position and orientation based on the
position of the gripper using Equations (23)—(25).

Perform path-following algorithm step:

Calculate the effector’s new position based on its current and previous positions
and detected path position. First, the detected path position is calculated using
Equations (1)—(8). Then, the next tool position and rotation is calculated using Equa-
tions (9)-(14) and (15)—(22). It must be noted here that according to the detection
condition, a “long” or “short” step is performed (according to the value of the variable
d in Equations (13) and (14)). A “short” step is performed when the path is detected
only in the central point of the detection field or when it is not detected by any sensor.
In all other cases, a “long” movement is performed. This is to prevent an insufficient
correction of the detection tool position when the path trajectory bends or losing the
path when moving straight ahead. Moreover, in some cases, due to the algorithm’s
response to detecting a path in a position other than the centre of the detection field,
the calculated tool rotation may have a high angle value (see Section 2.4). This has a
negative impact on the smoothness of the motion along the path and may also cause
the loss of path detection. Rotation reduction is accomplished by reducing the length
of the m vector. It is multiplied by a constant parameter (named b in Equation (17)),
which should have a value greater than 0 and less than 1. This reduction may, how-
ever, cause the situation where the tool rotates by a smaller angle than is needed.
Fortunately, in such a case the path-following algorithm will recognise in the next
iteration that the path is still positioned on the edge of the detection field and, in order
to follow the path, it must be rotated again. Eventually, the algorithm corrects the tool
orientation in a few subsequent movement steps.

Calculate inverse kinematics (IK):

The IK function calculates the articulated variables of the robot based on the detection
tool position and orientation determined by the path-following algorithm. To calculate
IK solution, the Matlab generalised IK object [40] is used, which internally uses the
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Broyden-Fletcher-Goldfarb—Shanno (BFGS [41]) gradient projection algorithm solver.
As a starting point for the solver to find the solution for the next position, the previous
robot position is used. There are also some additional solver constraints applied that
limit the robot body elements to stay inside safety cell, force the solver to prefer the
downward tool orientation, and limit maximum tool rotation around its axes to less
than 90° to prevent tool reversal, which will cause a collision with the path.

Send new joint positions to the robot controller.

Execute robot move:

Robot moves are executed with an arbitrary chosen constant speed. Read, in a loop,
current robot position and wait until it reaches the assigned position.

Once the algorithm performs the desired number of iterations, the finalising moves

are executed, i.e., the detection tool is stored back in its holder, the robot moves to the

safe position, and program execution logs are saved. During the development of the

software for communication between the PC and the Nachi robot controller, a few minor

software elements and information on Nachi MZ04 robot performance provided in [42]

were employed.

The full software developed for the purpose of this paper is available as the Supple-

mentary Data provided as [S1]. This includes the main program for the robot controller,
the User Task for the robot controller, the STM32 project for STM32G431 microcontroller,
and the Matlab implementation of the path-following algorithm.

Initiate TCP comm.
with the robot

Initiate BLE comm.
with the detection tool

I Perform initial moves

Read detection tool
sensors' state

Read current
robot position

Send new joint angles
to the robot controller

!

v

Read current
robot position

Calculate current
detection tool position

!

Path-following algorithm

Calculation of the next Position

desired position reached?
of the detection tool
robot move
1 _exeqution Yes
Calculate new
joint angles | i=i+1 |
Inverse kinematics solver
—— |

—>‘Perform finalizing movesl—-l Save data I—{Finishj

Figure 10. Path-following algorithm schema.

3.3.

Experimental Verification

To demonstrate the effectiveness of 3D path-following using an industrial robot con-

trolled by the developed algorithm and the proposed path detection tool, tests were
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performed for four different path settings. Path 1 was tested twice and then tests for paths
2, 3, and 4 were performed. In each presented case, the task was successfully accomplished.
Below, views of the recognised paths are visualised. In each figure, the robot is presented
in the initial position, and the path is presented as a green line. Note that the figures
show path positions as they were detected by the path detection tool and as they were
represented in the algorithm. These are not the actual, real locations of the path but are
close to them. Additionally, photos of some selected positions obtained by the robot during
the program run are also presented. A full view of each run is presented in the video
available as the Supplementary Data provided as [S2].

3.3.1. Path 1, Run 1

The first path was composed with some up and down bends with moderate arc
radiuses. This path was successfully followed by the robot. Figure 11 presents four views
of the detected path and Figure 12—three selected examples of robot positions obtained
during path-following.
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Figure 11. Path 1, run 1—path (green line) detected by the detection tool (a) isometric view, (b) front
view (YZ plane), (c) side view (XZ plane), and (d) top view (YX plane).

Figure 12. Path 1, run 1—(a—c) three selected examples of robot positions obtained during path-
following; full video available as Supplementary Material [S2].
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3.3.2. Path 1, Run 2

The same path as in the previous run was used and it was also followed with success.
Figure 13 presents four views of the detected path and Figure 14—three selected examples
of robot positions obtained during path-following. Some differences in the detected path
positions compared to run 1 may be noticed, but they are small. Figure 15 presents both
runs overlayed, so the differences are easier to notice. The largest difference between
detected positions of both paths is 15.2 mm (which is a value similar to the path detection
accuracy described in Section 3.1), and the mean difference is 5.2 mm. This test confirms
the repeatability of the results obtained using the proposed solution.
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Figure 13. Path 1, run 2—path (green line) detected by the detection tool (a) isometric view, (b) front
view (YZ plane), (c) side view (XZ plane), and (d) top view (YX plane).
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Figure 14. Path 1, run 2—(a—c) three selected examples of robot positions obtained during path-
following; full video available as Supplementary Material [S2].
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=== Path 1, run 1
==== Path 1, run 2

[m]
Figure 15. Path 1, run 1 and 2 overlayed; the robot body is removed for a clearer view.

3.3.3. Path 2, Run 1

In this test, the path had more up and down bends and path arcs had smaller radiuses.
This path was also successfully followed. Figure 16 presents four views of the detected path
and Figure 17—three selected examples of robot positions obtained during path-following.
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Figure 16. Path 2, run 1—path (green line) detected by the detection tool (a) isometric view, (b) front
view (YZ plane), (c) side view (XZ plane), and (d) top view (YX plane).

Figure 17. Path 2, run 1—(a—c) three selected examples of robot positions obtained during path-
following; full video available as Supplementary Material [S2].
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3.3.4. Path 3, Run 1

This path had a longer, almost flat section at the beginning, followed by a high bend
section. Additionally, it was placed closer to the robot base in its middle section. At the
end of the run, the detection tool slightly collided with the path, but the algorithm was
able to correct the tool trajectory and continued properly. This means that the path was,
once again, followed with success. Figure 18 presents four views of the detected path and
Figure 19—three selected examples of robot positions obtained during path-following.
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Figure 18. Path 3, run 1—path (green line) detected by the detection tool (a) isometric view, (b) front
view (YZ plane), (c) side view (XZ plane), and (d) top view (YX plane).

Figure 19. Path 3, run 1—(a—c) three selected examples of robot positions obtained during path-
following; full video available as Supplementary Material [S2].

3.3.5. Path4,Run 1

This path was shorter, but it differed from the others by being bent in the “outbound”
direction (i.e., away from the robot) and then going “up”. In this case, the boundary in the
X+ axis was changed to 850 mm, as it was necessary to slightly cross the standard limits
of the robot safety cell. The cell doors were open, so there was no collision with the cell

161



Appl. Sci. 2025,15, 2917

during the run. Figure 20 presents four views of the detected path and Figure 21—three
selected examples of robot positions obtained during path-following.
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Figure 20. Path 4, run 1—path (green line) detected by the detection tool (a) isometric view, (b) front
view (YZ plane), (c) side view (XZ plane), and (d) top view (YX plane).

Figure 21. Path 4, run 1—(a—c) three selected examples of robot positions obtained during path-

following; full video available as Supplementary Material [S2].

4. Discussion

The proposed algorithm, despite the simplicity of the measurement tools used and
despite being based on the simple, classically inspired line-follower concept, turned out
to be effective in following the path defined in a 3D space. Its capabilities and practical
effectiveness, however, are limited by the capabilities of the robot itself and the inverse
kinematics solver. In particular, these are the issues associated with avoiding the robot’s
singular positions when tracing the path, the physical limitations of the robot’s kinematics
resulting from its construction, and the size of the working area, limitations of robot
movements resulting from, for example, the wiring of the equipment installed on the robot
and the physical dimensions of the detection tool and the path itself. During the tests, if the
path-following run had to be interrupted (i.e., halted), in most cases it was caused by the
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inability of the IK solver to find the proper solution due to the robot’s limited workspace
or because the expected position was simply impossible to reach for the robot due to its
kinematic constraints. This means that the limits of the proposed solution do not lie in the
path-following algorithm itself but rather in the limits of the employed robot.

During the experiments, the robot moves were performed with a limited, safe speed
of 50 mm/s. Higher speeds may be applied, but when choosing them the step calculation
time must be taken into consideration. A limitation might lie in the time needed for the
calculation of the next position by the IK solver. During the presented tests, this was usually
calculated in a short time (0.25 s on average), but in some difficult to reach positions it took
a couple of seconds for the solver to provide a solution. The algorithm was run on a laptop
computer with an Intel i5-1340p processor and 16 GB RAM. Another limitation may be
caused by the time needed for reading the detection sensors’ state and by the time needed
for communication with the robot. During tests, one complete step (starting from the call
to read sensor data up to executing and completing the move to the new position) was
usually performed in approximately 1.7 s.

The algorithm should work properly when applied with almost no modifications
on any articulated robot. Only the robot kinematics description and constraints for the
IK solver must be updated to match a different robot. The application of the proposed
solution should also be possible for mobile robots, but it would not be as straightforward
as in the case of industrial robots and some elements would have to be adapted first. This
is one possible goal for further algorithm development and research. Additionally, in
the current form the algorithm does not include procedures for processing path splits
or intersections, which may be a drawback. However, as each step is calculated based
on local detection results only, the path as a whole (i.e., globally) does not have to be
predetermined as it is detected step by step. This means that the path may change its shape
during path-following. The only limitation is that the path cannot change too much in a
close vicinity of the detection tool because in this case the path may leave the detection
field. On the other hand, even if the path moves inside the detection field, this would be
treated by the algorithm as a path bend, and it will adapt to the new path position.

The ability of the algorithm to follow a sharp path bend depends on many factors.
First of all, the physical dimensions of the path and the detection tool limit the tool rotation
in subsequent steps. Secondly, during calculations of tool rotation, rotation reduction
is applied so the tool cannot be rotated too much. Without reduction, the tool may be
extensively rotated in every move when the path is detected in different detection points
in two subsequent steps. Reduction decreases this effect. Vector reduction values (2 and
b in (17)) are adjustable, and their values should therefore be the result of a compromise.
Stronger reduction will limit the ability to follow path bends with small arcs but, on the
other hand, will reduce the “waving” movement of the tool around the path. This will
result in an overall smoother path-following. Additionally, path width (i.e., diameter),
detection tool dimensions, sensor spacing and characteristics (ex. cone-shaped detection
field), etc., also influence the ability to follow sharp path bends. During the tests, the
smallest arc of bend was around 10 cm.

During the experiments, it appeared that sometimes, especially when the tool was
moving away from the path, the path was lost and the algorithm was not able to locate
it. When the tool was moving towards the path, such a problem almost never occurred.
To prevent losing the path, more sensors should be used, and they should be placed more
densely. Another solution may be to return to the last successful path detection position
if the path is not detected for a given number of steps, and then to restart the moves in a
slightly modified direction.
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The ToF sensors that were used in the detection tool, as well as Bluetooth communica-
tion, proved to be very reliable. In practice, the only malfunctions were caused by the low
energy level of the battery powering the tool. In such situations, communication was lost
and the path-following procedure was aborted as the battery had to be replaced.

5. Conclusions

Thanks to the result of the presented research, it can be concluded that despite the use
of only six low-cost ToF sensors (the price for one sensor breakout module with the sensor
and integrated supporting electronics is approximately EUR 11, while one sensor itself costs
approximately EUR 2), the low-cost microcontroller and Bluetooth (approximately EUR
15 for the MCU development board and EUR 12 for the Bluetooth module), and standard
laptop computer, it was possible to meet the expected goals. This was achieved using
simple technical tools and a simple algorithm, without the need for applying a complex
method like, for example, Al algorithms, which need long-lasting and high computing
power and time-consuming training.

The presented solution is easily scalable. An improvement may be sought by increas-
ing the number of sensors, e.g., to 10 instead of 6. This would improve the number of
detection points, increase path detection accuracy, and reduce the occurrence of situations
in which the algorithm loses the path or sharp bends in the path occur. The other proposal
is to use LiDAR sensors (instead of ToF sensors), which should reduce the size of the
detection tool and allow the reading of the position of the path to be much more accurate,
not only at the intersections points of the detection zones of ToF sensors.

The presented algorithm together with its implementation (including hardware ele-
ments) has a centimetre-level path-following accuracy. It is limited mostly by the detection
tool spatial resolution. At the current stage of elaboration, the main goal of this research
was to develop the methodology and test it in practice. Further development, as mentioned
above, will be directed towards enhancing the path detection accuracy.

When comparing the results to other solutions, it is worth noting that path detection
and path-following methods for 2D paths, especially those based on vision systems sup-
ported by lasers and Al data processing, achieve even submillimetre-level accuracy. The
methods used for 3D navigation and positioning or object and obstacle recognition, used,
for example, for UAV or autonomous car control, have various accuracies, starting from
metres down to millimetres depending on what is needed for the particular application.
The most accurate methods used for object localization in a 3D space are precise structured
light scanners. Commercially available scanners may achieve very high, micrometre-level
accuracies, but are very expensive and need high computational power for data processing.
In this context, the method proposed in this paper may appear inferior, but it is always a
trade-off between the desired accuracy and system costs, including hardware and software.
Thus, the described solution, even though it cannot match the extremally high accuracies
of some of the most advanced solutions, may find applications, especially after detection
resolution and accuracy are increased, which is possible within limited costs.

Potential applications of the proposed path-following method are tasks performed
in the robot’s workspace that require moving along a previously unknown but physically
defined path, for example, contactless scanning or monitoring of various long, narrow
objects. After extending the method to mobile robots, specifically aerial or underwater, the
proposed idea could be implemented in the tasks of monitoring power lines, pipelines,
ropes, or chains, hanging in the air or placed underwater, especially if exact positioning or
minimising the path-following error are not of the greatest importance, or the costs need to
be kept to a minimum. After increasing path detection accuracy, this approach could also
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be applied, for example, in some less accuracy-demanding welding, glueing, or 3D printing
jobs. The method could also be used as a supplementary add-on to other methods, for
example, those relying on vision systems, especially in adverse environments or conditions
such as underwater operations, dark areas, or in severe weather conditions.
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Abstract: The deep learning architecture YOLO (You Only Look Once) has demonstrated
its superior visual detection performance in various computer vision tasks and has been
widely applied in the field of automatic surface defect detection. In this paper, we propose
a lightweight YOLOvS8-based method for the quality inspection of car body welding spots.
We developed a TA-YOLOVS network structure which has an improved Task-Aligned (TA)
head detection, designed to handle a small sample size, imbalanced positive and negative
samples, and high-noise characteristics of Body-in-White welding spot data. By learning
with fewer parameters, the model achieves more efficient and accurate classification. Addi-
tionally, our algorithm framework can perform anomaly segmentation and classification
on our open-world raw datasets obtained from actual production environments. The
experimental results show that the lightweight module improves the processing speed by
an average of 2.8%, with increases in detection the mAP@50-95 and recall rate of 1.35% and
0.1226, respectively.

Keywords: deep learning model; open-world data processing; welding spot defect detection;
YOLO

1. Introduction

In automotive body welding production lines, various visual defects can occur at spot
welds, such as edge welds, overlap, cold solder joint and burr. The formation of welding
defects is closely related to sheet surface conditions, assembly precision, and welding
parameter settings. For example, contaminants or coatings on the sheet surface can alter
electrical conductivity and melting behavior, leading to burn-through or insufficient fusion.
Poor assembly precision (e.g., excessive gaps or misalignment) affects nugget formation
and joint quality. Improper welding parameters (e.g., an excessive current or insufficient
welding time) may result in defects such as over-melting or incomplete fusion.

The images of spot welds are visually rich and can partially reflect the internal quality
of the molten core. These defects are critical because they directly impact the mechanical
strength and structural integrity of the welding spots. For instance, incomplete fusion
and overlap can lead to weak weld nuggets, reducing load-bearing capacity and fatigue
life under cyclic stresses. Burrs and edge welding may introduce stress concentrations,
increasing the likelihood of crack initiation. Studies [1-3] have shown that defective welds
often fail mechanical strength tests such as tensile shear and peel tests. Moreover, industry
standards such as NQST and AHSS/UHSS welding guidelines set strict criteria to ensure
that welds meet the required strength and durability for automotive safety.
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Welding spot images provide rich and intuitive information, allowing for a quality
assessment by analyzing the weld spot’s shape, brightness distribution, and surface texture.
To ensure a comprehensive evaluation, we referred to the automotive industry standard
NQST (Nugget Quality Strength Level) and the welding guidelines for AHSS/UHSS steels
established by automobile manufacturers.

Currently, the detection of defects on small samples in production lines still relies on
manual visual inspection, resulting in low efficiency and delayed feedback. Machine vision-
based methods for spot weld quality detection simulate manual visual inspection and offer
advantages such as high efficiency, low cost and a high degree of automation. However,
due to the complex working conditions in production lines and strong lighting disturbances,
the requirements for the accuracy and robustness of visual detection algorithms are quite
high. Visual recognition methods can be divided into traditional image processing methods
and deep learning methods.

Conventional image processing methods often rely on manually created features to
describe spot weld quality, including shape, color and texture. Specialized image processing
techniques are used to extract these features for detection. Since spot welds are circular,
the Hough circle transform [4] is commonly used to extract the spot weld contours. For
example, Duda [5] used the Hough circle transformation and multi-contour clustering
analysis to locate spot welds with incomplete circular contours. To quickly locate spot
weld regions, Liang et al. [6] proposed an angle-assisted circle detection algorithm based
on a randomized Hough transform to improve computational efficiency and robustness.
Considering the elliptical geometry of spot welds, some researchers [7-9] calculated the
area of the molten core by adjusting the major and minor axes of the spot weld footprints to
estimate the spot weld quality. There are some alternative non-destructive testing methods
for welding spot detection, such as ultrasonic testing, X-ray testing and thermography.
Active thermography is a classical non-destructive testing (NDT) technique widely applied
in spot weld inspection due to its ability to detect both surface and subsurface defects.
These methods [10,11] involve applying an external heat source, such as optical, inductive,
or ultrasonic excitation, to the weld region, followed by capturing the resulting thermal
response using an infrared camera. Defects such as cracks, pores, and incomplete fusion
cause localized temperature variations, which can be analyzed to infer defect location,
size, and depth. However, its accuracy can be influenced by material thermal conductivity,
surface emissivity, and excitation parameters.

To overcome these limitations, many researchers have introduced classifiers to recog-
nize spot weld quality in addition to manually developed features. Valentin et al. [12] de-
scribed spot weld quality based on surface texture features using a gray-level co-occurrence
matrix and developed a support vector machine (SVM)-based classifier to achieve the
intelligent detection of spot weld quality. Javaheri et al. [13] used unsupervised clustering
to extract RGB color features from five positions of the spot weld surface representing the
spot weld quality and built a 15-dimensional color feature and mechanical property model
(Back Propagation Neural Network, BPNN) to predict spot weld quality. Alghannam
et al. [14] developed an experimental platform to detect weld defects and extracted surface
morphology features using image segmentation and mathematical morphology methods
and then applied fuzzy logic rules based on a knowledge base to predict spot weld quality.
Younes et al. [15] further improved the image processing algorithm to detect non-circular
spot welds. They used least squares ellipse fitting to extract new geometric features of the
spot welds and constructed a fuzzy SVM model for detecting weld defects and evaluating
weld quality in automobile bodies.
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Benefitting from the excellent capabilities of Convolutional Neural Networks (CNNs)
for representation and learning, deep learning (DL)-based visual recognition has shown
outstanding performance in terms of precision and speed and has gradually become a
standard technique. Supervised methods are commonly used in the visual inspection
of weld quality, primarily utilizing classical network structures such as AlexNet [16],
ResNet [17], MobileNet [18], Faster R-CNN [19] and YOLO [20] series models. For example,
Kim et al. [21] developed a model with two folding layers and one fully connected layer that
is able to accurately predict the tensile shear strength and nugget diameter of cold-rolled
and galvanized steel welds. Liu et al. [22] proposed an improved Faster RCNN model to
detect welding spots online. Zhong Wang et al. [23] proposed a network model with a
bottleneck structure of feature compression and expansion layers, which achieves high
precision with fewer parameters.

Since the images captured on site often contain multiple welds, the models must
support both weld quality detection and localization. Detection networks that locate and
simultaneously categorize defective welds typically distinguish between one-stage and
two-stage methods, with speed and accuracy being the primary considerations. Single-
stage methods such as YOLO are favored in industrial applications because of their fast
inference speed and low operational costs. Liu et al. [18] developed an efficient, lightweight
weld detection network based on YOLO that is capable of localizing and evaluating welds
under complex conditions. Similarly, Adarsh used Tiny-YOLOV3 [24] to identify regions of
interest, refining the detection accuracy by retaining only the weld contours and using a
modified Hough transform for circle detection.

In summary, CNN-based object recognition algorithms use annotated images to pre-
dict object positions and classes, mainly distinguishing between one-stage and two-stage
methods. The two-stage approach, exemplified by Faster R-CNN, includes a region pro-
posal network and a classifier, while one-stage methods such as YOLO omit the proposal
network and provide faster, more compact models suitable for weld detection. The main
contribution of this study lies in optimizing the structure of the conventional object detec-
tion algorithm and proposing a specific model for the detection of welds with small samples
and objects. By incorporating Task-Aligned detection to improve the cross-class feature
alignment, the effectiveness of the approach is verified using an on-site image dataset.

2. Architecture Basis

Over the past decade, the YOLO (You Only Look Once) family of algorithms has
remained at the forefront of object detection research, with the release of YOLOvS in 2022
representing a new milestone. Safaldin et al. [25] proposed an improved YOLOVS to detect
moving objects. Some improvements [26-28] have been made to the YOLOv8s model to
make it perform better in their own studies. Real-time object detection is crucial for various
applications, including autonomous vehicles, robotics and video surveillance. Among the
numerous object detection methods, the YOLO framework stands out for its impressive
speed and accuracy. Since its introduction, the YOLO series has been updated several times
to address limitations and improve overall performance.

As illustrated in Figure 1, YOLOVS integrates the design concepts of the YOLO series
into the backbone and neck area and converts the C3 structure of YOLOvV5 [29] into the
C2f structure. This change improves the gradient flow and adjusts the number of channels
for different model scales. The classic backbone, Darknet53, uses residual modules with
skip connections to mitigate the problem of gradient disappearance in deep networks.
Each residue module consists of DeepConv2D, Batch Normalization, and Leaky ReLU
(DBL), skip connections and element-wise additions. In addition, a key Res-n component
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in Darknet53 includes zero-padding to maintain consistent input-output sizes, followed by
a DBL layer and multiple residual modules that generate three feature maps at different
scales to support multi-scale detection.
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Figure 1. Architecture of YOLOv8 model. The different color parts of the input batches represent
different image data. The different color parts of the architecture represent different function modules.

The neck section of YOLOVS incorporates concepts from the Feature Pyramid Network
(FPN) and enriches them with Path Aggregation Network (PAN) extensions to improve
multi-scale feature fusion and increase detection and localization accuracy. The head
section adopts a decoupled-head header structure that splits the classification and detection
tasks for optimized processing.

3. Proposed Model and Algorithms

In the backbone module, the original Darknet-53 model in YOLOv8 contains an
intermediate convolutional layer in which the number of filters increases from 512 to 1024
before dropping back to 512 in the next layer. Removing this intermediate layer eliminates
1024 convolutional filters, reducing the model’s convolution operations by 1024 and the
number of 3 x 3 convolutional parameters by 9 x 1024. This change significantly reduces
the model’s parameters, resulting in a lighter model with improved performance. The
backbone module is shown in Figure 2.

For the neck module, the structure of YOLOvVS8 adopts the PANet (Path Aggrega-
tion Network) by organizing the neck section with an FPN (Feature Pyramid Network)
structure. Based on this concept, we propose a Multiple Cross-Layer FPN (MC-FPN) net-
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work that combines both down-sampling and up-sampling paths with multiple cross-layer
connections, enabling efficient feature fusion, as shown in Figure 3.

Type Filters Size Output
20x20x512xwxr Softmax
Connected 1000
n_MaxPool
4x : Residual 8x8 :
40x40%x512xwW =11 Convolutional 1024 3x3 |
: Convolutional 512 1x1 :
Bx’:' Residual 16x16 :
80x80x256 xw — 1 Convolutional 542 3x3 1
| | Convolutional 256 1x1 !
Convolutional 512 3x3 /2 16x16
| Residual TR Taou3r
8x |1 convolutional 256 3x3 :
! Convolutional 128 1x1 !
Convolutional 256 3x3/2_ 32x32
160x160x128xw |1 Residual 64x64 1
251 1_Convolutional 128 3x3 |
'L Convolutional 64 1x1 :
Convolutional 128 3x3 /2 64 x64
320x320x64xw | Residual 128x128 |
T : Convolutional 64 3x3 :
12 L! Convolutional 32 1x1 !
640x640x3 -
Convolutional 64 3x3 /2 128x128

Convolutional 82 3x3 256x256
%_

Figure 2. Improved backbone network of our architecture. On the left is a schematic diagram
of the backbone network process for detecting spot weld images, while the right side shows the

corresponding structure layer parameters and related information. The different color parts are the
same as Figure 1.

MC-FPN: Upsample & Downsample

Figure 3. Proposed Multiple Cross-Layer FPN (MC-FPN) network. The different color dotted lines
represent multiple cross layers, with P»-P5 being simplified representations of the intermediate
connection layers.

The head module in YOLOVS first branches into two CBS convolution modules and
then passes through a Conv2D layer. The loss of the classification and the bounding box
are calculated separately. In this section, a decoupled head structure is used to separate
classification and detection tasks. By applying Distributional Focal Loss (DFL), the number
of channels of the regression head is set to 4 x reg_max, where reg_max is normally set to
16. The bounding box head uses a Bbox loss for object identification, while the classification
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head applies a Binary Cross-Entropy (BCE) loss function instead of VEL. This substitution
is better suited for unbalanced data where the positive samples heavily outweigh the
negative samples.

In this loss function, the indicator function Aitj represents whether the j-th anchor
of the i-th grid is responsible for predicting a specific target; if it is, Aitj = 1; otherwise,
Aitj = 0. The confidence score reflects the likelihood of an object being present within the
network unit. Specifically, ¢; represents the confidence of the ground truth box, and ¢; is
the confidence of the predicted box. p;(c) and p;(c) denote the class probabilities of the

ground truth and predicted boxes, respectively.

BCELoss(ci,pi) = ECIoU

SxS B
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In contrast to the conventional single-level recognition head, which uses two parallel
branches for classification and localization, a Task-Aligned head (T-head) is used in this
study to improve the interaction between the two tasks. This collaborative structure allows
for more accurate matching predictions. The T-head computes the features of the task
interaction and performs the predictions via the Task-Aligned Predictor [30] (TAP). The

efficient detection TA-head structure is shown in Figure 4.

4

TA method I Classification
supervision
Task-Alignment
Localization
3. iehind supervision

B

Figure 4. Task-Aligned head structure: to learn extensive task-interactive features from multiple
convolutional layers.

To enhance the interaction between classification and localization, a feature extrac-
tor is proposed to learn extensive task-interactive features from multiple convolutional
layers. This design facilitates task interaction and provides multi-level features with an
effective receptive field across multiple scales for both tasks. Here, X_FPN represents FPN
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features, and H, W, and c denote the height, width, and channel count, respectively, while
i and j indicate the channel numbers for localization and classification tasks. The feature
extractor computes task-interactive features using N consecutive transformation layers
with activation functions:

d(conv(Xppn)), k=1

S(cono(X(k — 1, inter))) k> 17 * & (2o N} @)

X(k, Inter) = {

We conduct object classification and localization on the computed task-interactive
features, allowing both tasks to effectively perceive each other's state. However, due to
the single-branch design, task-interactive features inevitably introduce a certain degree of
feature conflict between the two distinct tasks. Since object classification and localization
have different objectives, they focus on different types of features (e.g., varying levels or
receptive fields). Therefore, a layer attention mechanism dynamically computes these
task-specific features to encourage task decoupling.

We further adopt Task-Aligned Learning (TAL) to guide our TA-head in making
Task-Aligned predictions. From the perspective of task alignment, it dynamically selects
high-quality anchors based on designated metrics while simultaneously addressing anchor
assignment and weighting. For Task-Aligned sample assignment stage, to handle Non-
Maximum Suppression [31] (NMS), anchor assignment for training instances must meet
the following criteria:

1. Well-aligned anchors should jointly predict high classification scores with precise
localization.
2. Misaligned anchors should receive lower classification scores and be suppressed.

Considering that classification scores and the Complete Intersection over Union [32]
(CIoU) between the predicted and ground truth boxes indicate prediction quality for both
tasks, this study uses a higher-order combination of classification scores and the CloU to
measure task alignment. The following metric is designed to calculate anchor alignment
per instance:

t=v*x whP (3)

where v and w represent the classification score and CloU value, respectively, while oc and
(3 control the influence of the two tasks. Also, t plays a vital role in the joint optimization
of both tasks towards task alignment objectives, encouraging the network to dynamically
focus on high-quality anchors.

Training sample assignment is crucial to training an object detector effectively. To
enhance task alignment, it is essential to focus on Task-Aligned anchors, using a simple
assignment rule to select training samples: for each instance, the top m anchors with the
highest t values are selected as positive samples, with the remaining anchors designated
as negative samples. Training is completed by calculating new loss functions specifically
crafted for classification and localization tasks.

4. Experiment
4.1. Environmental Settings

In order to verify the efficacy of the proposed approach, an experimental platform
was set up employing Ubuntu 22.04 as the operating system and PyTorch 2.0 as the deep
learning framework. YOLOv8 was employed as the baseline network model. The specific
configuration of the experimental environment is elaborated in Table 1.
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Table 1. Configuration and learning environment.

Basic Parameter and Hyperparameters Value
Operating system Ubuntu 22.04
Deep learning framework PyTorch
Programming language Python3.11
CPU Intel(R) Xeon(R)
GPU RTX 3090ti
RAM 100 GB
Data size 1024 x 1024
Batch size 64
Epoch 500
Momentum 0.845
Learning rate 0.002

4.2. Dataset

Our dataset consists of 1035 images taken in a real welding production environment,

each containing a different number and size of spot welds. Figure 5a shows some samples

we collected.

(b)

Figure 5. Welding spots sample images and annotated data in Body-in-White production lines.

(a) shows the samples we collected in the production lines, while (b) shows the pretraining dataset

and the labels (yellow squares).
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The model is trained using a supervised learning paradigm that requires labeled
data. Welding experts annotated the positions and quality of the spot welds in each image
based on resistance spot weld signals and chisel test records. The labeled dataset was
split into training, validation and test sets in a 10:1:1 ratio, with the input images resized
to 1024 x 1024, as shown in Figure 5b and Table 2. Prior to training, the dataset was
processed using K-means clustering [33] to determine 9 anchor boxes corresponding to
the dimensions of the weld spots. Training was performed for 500 epochs using the Adam
optimizer with an initial learning rate of 1e-3, with both momentum terms set to 0.9. A
cosine learning rate scheduler with warm-up was used to optimize the network parameters.
The stack size was set to 8 and Mosaic data expansion was applied. In our study, the
choice of hyperparameters (e.g., learning rate, number of epochs, batch size, momentum)
was based on established principles in deep learning and object detection tasks, as well
as empirical evaluations during preliminary experiments. The dataset was expanded by
random cropping, rotating and arranging, in particular increasing the number of small
spot weld samples. The model parameters that performed best in the validation set were
saved during training.

Table 2. Dataset of welding spots.

Class Normal Edge Weld Overlap Cold Weld Burr Distortion
training dataset 2250 1170 2400 510 780 1650
validation dataset 225 117 240 51 78 165
testing dataset 234 153 256 45 59 152

4.3. Results and Comparison

Our proposed TA-YOLOvVS model (hereinafter referred to as Weld Spot Defect De-
tection Model, WSDDM) was trained, validated and tested on a spot weld image dataset
alongside several well-known object detection algorithms such as SSD [34], Faster R-
CNN [35] and RetinaNet [36]. Figure 6 shows the performance of each trained model on the
test set. When the IoU threshold is set to 0.5, the WSDDM shows a significant improvement
in accuracy and speed over YOLOVS.
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Figure 6. Performance comparison with typical object detection algorithms on test set.

This improvement is due to the improved feature fusion structure, backbone network
adjustments, and refined loss functions of the model. While Faster R-CNN achieves the
highest detection accuracy, it incurs significant time costs. The lightweight DarkNet53
network used in the WSDDM significantly increases the detection speed without sacrificing
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accuracy. As can be seen in Figure 6, the WSDDM consistently identifies high- and low-
quality spot welds and achieves an mAP of over 90%.

The texting results of the WSDDM are shown in Figure 7. A comparison of YOLOvVS8
and the WSDDM with images from the test set is also shown in Figure 7. The three
columns show the results of YOLOVS, the WSDDM and manual annotations, with green
boxes indicating acceptable spot welds and red boxes indicating defective spot welds. The
numbers in each box indicate the level of confidence in the presence of spot welds. Despite
different lighting conditions and irregular spot weld shapes, both DL models effectively
detect spot welds, albeit with slight differences in the confidence level, and they can
accurately distinguish similar round spot welds. For tasks involving the detection of dense,
small spot welds, the WSDDM outperforms YOLOVS in terms of detection performance
and robustness across different spot weld sizes, with fewer missed or false detections. The
model’s dual, cross-scale feature fusion strategy increases sensitivity to detailed features,
which is helpful in detecting small spot welds.

Figure 7. Some results of WSDDM and comparison between small welding spot detection models.
We use green to represent the detected weld spots are normal, and red to represent the detected weld
spots have defects or abnormalities.
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Using the WSDDM method described in the previous chapter, each weld spot in the
image was located and then cropped and saved, as shown in Figure 8. It provides an
organized dataset of spot welds captured under real production conditions, categorized by
various defect types as well as normal spots. Meanwhile, each defect type and normal class
are represented by multiple images, which helps in creating a balanced dataset. For training
object detection models, especially in tasks like small object detection, a balanced dataset
with representative defect variations is crucial to achieve high accuracy and reduce model
bias. Each image is annotated with labels indicating both class type and an ID number,
which may refer to specific samples. This detailed annotation can aid in supervised learning,
as the model can be trained to detect both the location and type of defect.
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Figure 8. The weld spot dataset obtained from image segmentation using the WSDDM.

(1) Multi-Class Detection: The dataset structure supports multi-class defect detection,
which is ideal for models like YOLO and Faster R-CNN that are capable of handling
multiple classes.

(2) Class Imbalance Consideration: If any defect type is underrepresented, it may lead
to class imbalance, affecting the model’s ability to generalize across all defect types.
Techniques like data augmentation, synthetic image generation, or class-weighted
loss functions could mitigate this.

(3) Small Object Detection: Given the small size of the welds, this dataset will test the
model's ability to detect small objects, an area where Feature Pyramid Networks
(FPNs) and attention mechanisms often prove beneficial.

4.4. Data Augmentation and Labeling

Before training the defect weld spot generation model, the cropped weld images were
resized to 64 x 64 pixels and normalized to the range [—1,1]. The dataset includes normal
welds and six types of weld defects, with a highly imbalanced class distribution. After
simple affine transformations were applied to augment the data, the class distribution
for the training, validation and testing sets is shown in Table 2. The defect weld spot
generation model was trained using the Adam optimizer, with a learning rate of 0.002, and
momentum parameters 31 and {3, set to 0.5 and 0.9, respectively. The batch size was 128,
and the latent vector dimension was set to 128. For comparison, the ACGAN [37], (WGAN-
GP [38], and BAGAN [39] models were trained on the same dataset, with hyperparameters
largely kept consistent. Currently, there is a lack of standardized and accurate methods for
evaluating generative model performance [40]. Therefore, this study uses both qualitative
and quantitative methods to evaluate the performance of GAN models.
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The qualitative evaluation assesses the performance of various GAN models by com-
paring the quality of generated weld spot image samples. This approach mainly relies
on a visual assessment, focusing on the quality of selected images while potentially over-
looking issues like overfitting and diversity. Figure 8 presents random samples generated
by ACGAN, cWGAN-GP, BAGAN, and the proposed defect weld spot generation model,
encompassing defect types such as “edge welding”, “overlap”, “cold solder joint”, “burr”,
“distortion”, and “normal”.

Due to the high representation of normal weld samples in the dataset, each GAN
model was able to generate high-quality images of normal welds. However, ACGAN
and cWGAN-GP struggled with minority class defects, often producing images belonging
to unintended classes, like “overlap” or “burn-through”. This limitation stems from the
discriminator output structure and loss functions of these models, which are less effective
for learning minority classes, making it challenging for the generator to synthesize accurate
samples for these classes.

Both BAGAN and the defect weld spot generation model, however, effectively gen-
erated minority defect welds. Yet, the latent vectors produced by the AE model used to
initialize BAGAN did not adequately differentiate between weld classes, complicating
its training process. When weld images from different classes appeared visually similar,
BAGAN struggled to generate images matching the intended class, such as “distortion”
and “normal”. For classes with very few samples, like "burn-through," BAGAN also failed
to produce correct images. Additionally, BAGAN required an extensive fine-tuning of
its network structure and hyperparameters. By contrast, the proposed defect weld spot
generation model accurately generated images of specific defect types, demonstrating that
it can effectively achieve data augmentation for defect classes, even when defect samples
are limited.

Figure 9 illustrates the labeling process used in a deep learning dataset, where each image
sample of weld spots is annotated with a classification label to differentiate between normal and
defective spots. The left section displays various weld spot images grouped by visual character-
istics, such as shape and condition, while the right section lists file names with corresponding
binary labels, where '0' denotes a normal weld spot, and '1' represents a defective one.
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Figure 9. Data augmentation and labeling.
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The generated synthetic defect samples were used in the training of YOLOVS as part
of data augmentation, which can be considered a data preprocessing step. To evaluate
the effectiveness of this approach, we conducted additional experiments. Without incor-
porating augmented data, the model's training performance was suboptimal, lacking a
comparative and reference value. Thus, in addressing the challenges of small-sample object
detection and severe class imbalance between positive and negative samples, this approach
is essential.

4.5. Evaluation and Analysis

To objectively assess the performance of models used for detecting welding spot de-
fects, several evaluation metrics are employed. These include GFLOPS (Giga Floating-point
Operations Per Second), which quantifies the model’s execution efficiency by measuring
the number of floating-point operations performed per second. Model parameters are
also considered to assess the model’s size and complexity. Additionally, FPS (Frames Per
Second) is used to gauge detection speed by recording the number of frames processed
per second. Model accuracy is assessed using mean Average Precision (mAP), calculated
as shown in Equation (4). The Fi-score, representing a weighted average of precision and
recall, is used to evaluate the model’s overall performance and stability, with its calculation
given in Equation (5).

Y. Pa
AP = ==
m 5 @)
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In Equation (4), N denotes the total number of categories. P4 represents the area be-
neath the precision-recall curve, where recall values are plotted on the x-axis and precision
values on the y-axis. The metric mAP@0.5 denotes the mean Average Precision at a CloU
threshold of 0.5. In Equation (5), precision measures the model’s ability to distinguish
between positive and negative samples, with higher precision indicating an improved
distinction of negative samples. S represents score, P means precision, and R represents
recall rate. Recall assesses the model’s effectiveness in identifying positive samples, where
higher recall signifies a more accurate detection of positive instances. The F;-S provides a
balance between precision and recall, where a higher F;-S reflects a model with stronger
overall performance and robustness.

The impact of integrating different attention modules on the model’s detection accu-
racy is presented in Table 3. These experiments were conducted on the YOLOv8 model,
in which the neck structure was reconfigured as shown in Figure 3. From the results in
Table 3, it is evident that adding different attention modules slightly increases the com-
putational load and parameter count. The model’s mAP@0.5 value demonstrates some
variability, where the addition of the channel attention module alone produces a moder-
ate improvement in mAP@0.5; however, in specific instances, a reduction in accuracy is
also observed.

When combining both channel and spatial attention within the CBAM module in
YOLOVS, the network achieves further accuracy gains over the configuration with channel
attention alone, with an increase of up to 0.9%. This suggests that spatial attention further
enhances detection accuracy. Notably, the spatial attention mechanism in MC-FPN yields
an impressive accuracy of 90.13%, representing a substantial improvement rate of 1.55%,
while also providing faster detection speeds than the configuration with the CBAM module.

Based on the preceding data, we reconstruct the neck structure of YOLOvVS into MC-
FPN, resulting in a 32% reduction in the model’s parameter count and a 12.5% decrease
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in computational complexity. Additionally, model accuracy, measured by mAP@0.5, im-
proved by 1.9%. Replacing SPPF with SimSPPF had minimal effects on model accuracy,
parameter count, and computational complexity, although it increased detection speed
by 2 frames per second (FPS). The introduction of the Task-Aligned head module, while
slightly increasing the parameter count and computational complexity, contributed an
additional 1.3 percentage points in mAP@0.5 accuracy. Combining MC-FPN with the SPPF
module improved model accuracy while reducing both computational complexity and
parameter count. Overall, the enhanced YOLOVS version, integrating MC-FPN, SimSPPF,
and TA-Head modules, outperformed the baseline YOLOv8 model in terms of detection
accuracy, computational complexity, and parameter count. On the same dataset, the modi-
fied YOLOVS achieved a 3.3% increase in mAP@0.5, a 25% reduction in parameter count,
and over 10% decrease in computational complexity.

Table 3. Comparison of the performance with different modules.

Models mAP@0.5 Parameters (M) GFLOPs FPS
YOLOVS5 [29] 79.65 13.33 24.6 135
YOLOV5 + SPPF 81.21 13.35 24.6 130
YOLOV7 [41] 84.87 12.56 28.2 105
YOLOvVS + SPP [42] 83.42 12.77 27.3 162
YOLOvVS8 + SPPF 83.50 12.87 27.3 104
YOLOVS8 + SimSPPF [43] 83.18 12.74 27.2 121
YOLOvVS + BiFPN 88.90 9.65 28.8 118
YOLOVS8 + SE 89.32 7.40 30.1 97
YOLOv8 + CBAM 90.55 7.39 25.6 90
YOLOvS + EMA 89.30 8.28 25.2 68
YOLOvVS + Biform [44] 91.3 8.13 25.7 59
YOLOvVS + LSK attention 91.1 10.15 26.0 73
WSDDM 90.13 11.39 25.8 98

Figure 10 shows the validation sample results for model testing. This figure includes
the detection results of weld spot samples and the corresponding heat map visualization.
In the heat maps, red areas represent regions identified by the model as defective, while
blue areas indicate normal regions. This color contrast provides an intuitive way to observe
the areas the model focuses on, especially in response to defects. This indicates the model’s
high accuracy in detecting even minor defect locations. Additionally, the heat maps from
different weld spot images demonstrate strong generalization ability, making the model
suitable for various weld surface conditions. The middle five heat maps represent different
feature extraction stages. This visualization demonstrates that, under a multi-cross layer
network feature extraction and fusion approach, as the extracted feature information
progresses to higher levels, the confidence increases gradually from low to high. The model
successfully identifies and concentrates on weld spot defects, such as the edges of the welds
and areas where cracks or depressions might be present. The model effectively captures
the location of welding defects through highlighted (green) regions.

In practical production, some welding spots may be overlooked during manual in-
spection. To assess the model’s generalization capability, specific weld point samples were
intentionally left unannotated before training. The trained model is subsequently used to
predict these samples, and the results demonstrate that it effectively identifies the missed
welding spots, as shown in Figure 11.
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Figure 10. Visualization and validation sample results for model testing. The model effectively
captures the location of welding defects through highlighted (green) regions.

Figure 11. Validation sample results for model generalization ability.

4.6. Experimental Pipeline and Detection Systems

Based on the methods and related technologies discussed in previous sections, we
finally developed a Body-in-White welding spot quality detection system, integrating
sensing technology, deep learning detection techniques, and communication technology.
The system’s architecture, shown in Figure 12, includes multiple modules: a data acquisition
module, a vision inspection module, and a data management module. The system has been
deployed on an actual automotive body welding production line, verifying the practicality
and effectiveness of each module.
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Figure 12. Experimental pipeline and integrated detection systems.

Data Acquisition Module: This system was validated on a production line in the
welding workshop of an automotive company. The line includes four welding stations,
each equipped with two FANUC robots, with welding guns powered by servo motors.
Equipment on the automated line is integrated into the field PLC, ensuring high-reliability
welding control.

Vision Inspection Module: This module utilizes pretrained model weights to evaluate
welding spot quality. By implementing the vision inspection algorithms proposed in
this study and integrating real-time welding parameter monitoring, this setup ensures
adaptability under data constraints, leveraging deep learning visual models to enhance the
accuracy and efficiency of weld quality inspection.

Data Management Module: Comprising a data visualization module, storage and
analysis module, and alert module, the data management component serves as the user
interface for interacting with the system. It allows users to query relevant information,
including the dynamic visualization of data processing, the real-time display of weld spot
data, historical data queries, and quality alert notifications. The system provides feedback
to the user on the quality of each weld spot on the body, facilitating the further analysis and
optimization of the welding process. Additionally, users can review weld quality based on
alerts and optimize model learning through continuous quality feedback.

5. Conclusions and Future Works

In conclusion, this paper introduces a novel TA-YOLOvS8-based model, termed the
Weld Spot Defect Detection Model (WSDDM), for the detection and classification of welding
spot defects in car body production. Our proposed model effectively addresses challenges
posed by small sample sizes, class imbalance, and noisy data, often encountered in Body-
in-White welding spot datasets. The TA-YOLOvVS8 network employs a Task-Aligned (TA)
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detection head and a cross-scale feature fusion strategy, which significantly enhances
sensitivity to fine-grained features, facilitating the detection of small, dense welding spots
with high accuracy. The experimental results demonstrate that the WSDDM achieves
a detection speed improvement of 2.8% over YOLOv8 and an mAP@50-95 increase of
1.35%, along with a 0.1226 rise in the recall rate. Furthermore, the WSDDM's lightweight
DarkNet53 backbone enables efficient, accurate real-time processing suitable for industrial
applications. A comparative analysis shows that while Faster R-CNN achieved the highest
detection accuracy, it came at a substantial time cost, whereas the WSDDM maintained
high detection precision at a fraction of the computational expense. The model's robustness
across varying weld spot shapes and lighting conditions underscores its generalization
capability, making it a viable and reliable tool for automated welding spot quality inspection
in real-world production environments.

To address the issue of the loss of feature information for spot welding during feed
forward convolution computations, this paper improves the YOLOv8 model from the
perspective of the backbone network, aiming to enhance the detection accuracy and speed
of the small-target welding spot. A defective welding spot generation model is established
based on autoencoder initialization and the theory of balanced generative adversarial
networks, facilitating accurate data augmentation in imbalanced datasets. Finally, the
effectiveness of the proposed method is validated using an image dataset collected from
the field. The main conclusions are as follows:

(1) The proposed small-target solder joint detection model outperforms several typical
object detection algorithms in terms of mean Average Precision (mAP) and detection
speed. The cross-layer feature fusion structure effectively integrates and refines multi-
scale features, utilizing robust low-level features to improve the detection accuracy of
small-scale targets. The lightweight network DarkNet53 enhances inference speed
while maintaining accuracy.

(2) Qualitative and quantitative comparative analysis with typical GAN models indicates
that the proposed defect welding spot generation model can produce high-quality
and diverse defect images in highly imbalanced datasets.

(3) The ablation experiment results demonstrate that the Task-Aligned method, data
augmentation, and feature pre-training all contribute to the deep learning model’s
ability to learn discriminative features from solder joint images. For the common
weld spots quality categories on the white body production line, the performance
of the proposed TA-YOLOv8 model generally surpasses that of other foundational
visual models.

In deep visual models, false positives (FPs) and false negatives (FNs) are common
issues when evaluating performance. To analyze and explain the model's failure in such
cases, a systematic experimental analysis is often required. The following are steps and
methods for analyzing and explaining the reasons behind false positives and false negatives,
including Error Classification Analysis, Model Output Analysis and case studies. By
following these steps, we are able to conduct an in-depth analysis of false positives and
false negatives in the model, understand their root causes, and improve the model's
performance. Through dataset analysis, visualization, model architecture optimization,
and other methods, the model's weaknesses can be identified, providing a foundation for
further improvements. In summary, a thorough analysis of the model's failure cases helps
to quantify its limitations and guide subsequent optimization efforts.

Future work to further improve the application of the YOLOvVS algorithm in the field
of solder joint defect detection could include the following directions:
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(1) Enhanced Multi-Scale Feature Fusion: This involves the further optimization of cross-
layer feature fusion mechanisms, utilizing higher-resolution low-level features to
improve the accuracy of small defect detection. Improvements in the selection and
fusion strategy of high-level features could also enhance the model's robustness in
complex backgrounds.

(2) Efficient Lightweight Network Architectures: Research into more efficient lightweight
network architectures, such as hybrid convolutions or dynamic convolutions, could
reduce inference time and computational cost while maintaining detection accuracy,
making the model more suitable for resource-constrained, real-time detection tasks.

(3) Handling Imbalanced and Small Sample Datasets: Industrial applications often face
imbalanced datasets. Future work could focus on some other generative networks and
transfer learning to augment defect data. By generating diverse defect images, these
techniques could alleviate small-sample issues and improve model generalization.

These improvements would help further enhance the applicability and accuracy of
YOLOVS in welding spot defect detection, making it better suited to meet the demands of
industrial production environments.
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Abstract: This paper introduces a method that can enhance the accuracy and efficiency
of point cloud data registration. This method selects the centroid of the point cloud as
the feature point and uses the projected distance of this feature point within the dynamic
neighborhood to other points as the feature information. Through this feature information,
it accomplishes the registration of two sets of point cloud data. This method increases
the density and integrity of point cloud data, improves the accuracy and robustness of
point cloud registration, and the selection of feature points reduces the computational load
thereby enhancing processing efficiency. The introduction of the dynamic neighborhood
enables the method to flexibly handle point cloud data of different scales and densities.
Experimental results show that the proposed method has good performance in terms of
accuracy and efficiency for achieving point cloud data registration and dealing with data
under various complex conditions and can effectively improve the effect of point cloud
data registration and fusion.

Keywords: point cloud registration; feature point; dynamic neighborhood

1. Introduction

In recent years, the rapid development of light detection and ranging (LiDAR) tech-
nology has provided strong support for the acquisition and processing of point cloud
data, and has promoted technical advancements and expanded applications in related
fields [1]. Currently, LIDAR is widely used in autonomous driving, intelligent robotics,
drones, surveying and mapping/geographic information systems, construction engineer-
ing, environmental monitoring, medical treatment, and other fields [2,3]. LiDAR offers
advantages such as high resolution, long detection range, high real-time performance, and
strong anti-interference capabilities. Due to factors such as the shape of the object, the
scanning angle of the LIDAR system, and the accuracy of the equipment, point cloud data
from different poses and angles must be registered and fused in order to obtain more com-
plete data. The main goal of point cloud registration is to combine point clouds acquired
from different viewpoints into a unified and complete three-dimensional model [4]. Many
researchers have employed different methods and techniques to optimize this process. For
example, the iterative closest point (ICP) method, introduced by Chen and Medioni [5]
and Besl and McKay [6], minimizes the distance between two point clouds by calculating
rotation and translation transformations. This method is simple and efficient, but it requires
a good initial pose to avoid registration failure. Xu G X [7] proposed an improved iterative
closest point (ICP) method, combining random sample consensus (RANSAC), intrinsic
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shape signatures (ISSs), and 3D shape context (3DSC) features. Although this method has
improved registration accuracy and efficiency, it is still highly dependent on the initial pose
and sensitive to parameters. Dior Arger et al. [8] proposed the four-point congruent sets
(4PCSs) method, which utilizes co-planar four-point sets for fast registration. However, the
4PCSs method has high complexity and poor performance when the overlap rates of the
two sets of point cloud data are low. Therefore, Pascal Willy Theiler et al. [9] proposed an
improved method, key-point-based four-points congruent sets (K4PCSs), which refines
the point cloud using key points to address issues such as low registration area density,
large registration scanning angles, and low computational and memory efficiency. Peter
Biber et al. [10] proposed a three-dimensions-normal distributions transform (3D-NDT)
method, introducing the normal distributions transform (NDT) to three-dimensional space
for the first time, and validated its performance through registration of real-world mining
data. This method is faster and more reliable than the traditional ICP method, but it is still
sensitive to the initial pose and more susceptible to noise. To mitigate the significant impact
of the initial pose on point cloud registration results, many studies employ a coarse-to-fine
strategy. This involves performing a coarse registration to obtain a sufficiently accurate
initial pose, followed by a fine registration for further refinement [11,12]. While this ap-
proach can lead to higher registration accuracy, it often comes at the cost of increased
computational time.

To address the limitations of existing point cloud registration methods, which often
suffer from insufficient accuracy and low efficiency, this paper proposes a novel registration
method based on single LIDAR dynamic neighborhood features. In this approach, the
centroid of the point cloud serves as the feature point, and the distance projection between
this feature point and other points within a dynamic neighborhood is extracted as feature
information. By calculating the chi-square distance between these feature vectors [13], the
registration of two point cloud datasets is achieved. The size of the dynamic neighbor-
hood is adaptively determined based on curvature, density, and curvature-based wavelet
transform detail coefficients [14]. This method effectively captures the local geometric
characteristics of the point cloud and accurately identifies optimal matching pairs. Com-
pared to existing point cloud registration algorithms, the proposed point cloud registration
algorithm in this paper can achieve high-precision point cloud registration more quickly,
resulting in significant improvements in both registration accuracy and speed.

2. Methods

The main process of the proposed point cloud data registration method based on
dynamic neighborhood features is illustrated in Figure 1. After acquiring the source and
target point cloud data, statistical outlier removal is first performed to filter out noise.
Subsequently, the point cloud is divided into small, equally sized voxels, and the centroid
of the points within each voxel is selected as a feature point. A dynamic neighborhood
is determined for each feature point based on its local average curvature, point cloud
density, and detail coefficients from a curvature-based wavelet transform. The local feature
descriptor for each feature point is then constructed as a cumulative histogram of the
projected distances from the remaining points within its dynamic neighborhood onto the
feature point along the direction of maximum principal curvature. Feature point pairing
is achieved by calculating the chi-squared distance between the cumulative histograms
of the projected distances for feature points in the two point clouds. The pair with the
minimum chi-squared distance is considered the best match and retained. Matching pairs
with chi-squared distances exceeding a predefined threshold are discarded to improve
matching accuracy. Finally, the transformation matrix between the source and target point
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clouds is computed using the retained best matching pairs. This transformation matrix is

then applied to register the source point cloud to the target point cloud [15,16].

Source . Select Compute Describe
Statistical .
cloud filter = reference [ dynamic local
data point neighborhoods features
Source Statistical Select Compu.te Describe
cloud filter I reference [ dynamic [ local
data point meighborhoods features

Feature
point
pairing

—

Point cloud
data
registration

Figure 1. Flowchart of the dynamic neighborhood-based feature point registration method.

2.1. Introduction to LIDAR

In this study, some of the point cloud data were collected using the Livox-Mid360
LiDAR (Shenzhen, China). The physical object and main performance parameters of the
Livox-Mid360 LiDAR are shown in Figure 2 and Table 1.

Figure 2. Lidar equipment.

Table 1. Livox-Mid360 LiDAR main specifications.

Specifications Value
Weight
Dimensions 65 (L) x 65 (W) x 60 (H) mm
Communication Interface 100 BASE-TX Ethernet
Field of View (FOV) Horizontal 360°, Vertical —7°~52°
Point Cloud Output 200,000 points/second
Range 0.1~70 m
Power 25W
Resolution <0.15°
Frame Rate 10 Hz

2.2. Statistical Filtering

Point cloud data acquired by LiDAR scanning typically exhibit non-uniform density,

and measurement errors often introduce sparse outliers. These outliers can lead to inaccura-

cies in local feature descriptions (such as normal vectors or curvatures at sampling points),

which subsequently affect downstream processes like point cloud registration. Exploit-

ing the spatial sparsity of outliers, statistical filtering [17] is employed for their removal.

For each point P;(x;, y;, z;) in the point cloud data, the k nearest points are selected as its
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neighborhood set, and the average distance d; between point P; and its neighbors is then
calculated using the following equation:

d; =

1

k
Y S 1)
i-1

where S; is the distance between point P; and other points Py, (X, Ym, zZm) in its neighbor-
hood. To calculate S; the following equation is used:

S = /(31— xm)? + (g — ym)? + (21— zm)? @)

The average value of d; is d, which is calculated using the following equation:

Z d; 3)

i=1

H:

S| =

The standard deviation is ¢, which is calculated using the following equation:

o= \/ %Zj?:l (di - 3)2 @)

where 1 is the number of points in the point cloud data.

If the average distance d; of a point satisfies d —p - < d; < d + p - 7, the point is
retained; otherwise, the point is considered an outlier and removed. Here, p is a multiplier
of the standard deviation.

2.3. Local Feature Point Selection

Given an input point cloud dataset, a minimum bounding box (MBB) [18] is con-
structed based on the maximum and minimum coordinates in the X, Y, and Z directions.
Specifically, the MBB is defined by Xyuax, Yimax, Zmax, Xmin, Ymin, and zyi,, representing the
extrema of the point cloud in each dimension. The resulting MBB tightly encloses the
entire point cloud, with edge lengths denoted as Ly, Ly, and L,. This is represented by the
following equation:

Ly = Xmax — Xmin
Ly = Ymax — Ymin %)
Lz = Zmax — Zmin

The edges of the minimum bounding box (MBB) are divided into 1y, 12, and n3 equal
segments along the X, Y, and Z axes, respectively. Consequently, the MBB is partitioned
into n1-n2-n3 smaller voxels. The edge lengths of each voxel are denoted by m1, m5, and
mgz, as shown by the following equation:

L
my = Tt)l(
L
L
ms = 771;

For each voxel, the centroid p of the enclosed point cloud data is computed. The point
within each voxel that is nearest to the centroid p is then selected as the characteristic point
P.. This is shown in the following equation:

Z

_ 1
p= ﬁfi pi (7)

Il
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where N; represents the number of points within each voxel, with j denoting the index of
the j-th voxel.

2.4. Dynamic Neighborhood Calculation

Following the selection of feature points, it is necessary to determine a dynamic
neighborhood for each feature point to characterize its local geometric information [19].
To define the size of this dynamic neighborhood, we introduce three parameters: local
point density, local mean curvature, and wavelet transform detail coefficients based on
the curvature.

Point cloud density, representing the degree of sparseness or denseness of point cloud
data in space, is a crucial parameter for determining the size of the dynamic neighbor-
hood [20]. In regions with high point cloud density a larger number of points are contained
within a unit volume, indicating richer point cloud information. In such cases, if the neigh-
borhood size is excessively large it may encompass too many points, leading to a smoothing
effect on the computed local features and a loss of critical detail information. Therefore,
the dynamic neighborhood in dense point cloud regions should be appropriately reduced
to ensure that the calculation of local features can describe finer geometric structures and
avoid feature generalization. Smaller neighborhoods can better capture subtle variations in
regions with rich surface details (e.g., textures, folds). Conversely, in regions with a sparse
point cloud distribution the number of points contained within a unit volume is limited,
resulting in relatively insufficient point cloud information. If the neighborhood is too small
it may lead to an insufficient number of points to support the calculation of local features,
introducing noise or instability [21]. Thus, in sparse regions, the dynamic neighborhood
should be appropriately enlarged to ensure that there are enough points within the neigh-
borhood to compute local features. In spacious background areas or regions with missing
point clouds a larger neighborhood can compensate for the lack of information caused by
point cloud sparsity. In summary, point cloud density indirectly determines the size of
the dynamic neighborhood by influencing the number of points within it: dense regions
require smaller dynamic neighborhoods to preserve details while sparse regions require
larger dynamic neighborhoods to ensure computational stability.

Local mean curvature is an important metric for describing the geometric character-
istics of point cloud surfaces, reflecting the average bending of the point cloud surface
in the vicinity of a given point. Compared to single curvature measures, mean curvature
provides a more comprehensive description of local surface geometry. In regions with
high mean curvature (e.g., edges, corners, sharp features), the geometric variations in the
point cloud surface are significant, resulting in larger mean curvature values. These regions
typically contain rich geometric detail information, such as object contours and sharp edges,
which play a crucial role in tasks like point cloud registration, segmentation, and recog-
nition [22,23]. To preserve these detailed features, the dynamic neighborhood should be
appropriately reduced to avoid feature smoothing caused by an excessively large neighbor-
hood, preventing the loss of important geometric information. Conversely, in regions with
low mean curvature (e.g., planar surfaces, smooth surfaces) the geometric variations in the
point cloud surface are gradual, resulting in smaller mean curvature values. The geometric
features in these regions are relatively uniform, without significant detail variations. In
such cases, the dynamic neighborhood can be appropriately enlarged to capture more local
geometric information while enhancing the robustness of feature computation.

Curvature-based wavelet transform detail coefficients provide a further extension of
local curvature information, capturing local geometric details and curvature variations
in point cloud data through multi-scale analysis. In regions with high curvature, the
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geometric changes on the point cloud surface are significant and the wavelet transform can
extract prominent high-frequency information, resulting in larger detail coefficient values.
These high-frequency components reflect the complexity and detailed variations in local
geometric features. In such instances, the dynamic neighborhood should be appropriately
reduced to ensure accurate capture and preservation of these detailed features. Conversely,
in regions with low curvature, the geometric changes on the point cloud surface are gradual
and the wavelet transform extracts less high-frequency information, leading to smaller
detail coefficient values [24]. The geometric features in these regions are relatively uniform,
with no significant detail variations. In these cases, the dynamic neighborhood can be
appropriately enlarged. This approach captures more local geometric information while
enhancing the stability of feature computation.

Therefore, the size of the dynamic neighborhood needs to comprehensively consider
the influence of point cloud density, local curvature, and detail coefficients. In dense or
high-curvature regions, the point cloud information is rich and the geometric features
are complex, requiring a smaller dynamic neighborhood to preserve details. In sparse
or low-curvature regions, the point cloud information is insufficient and the geometric
features are simple, necessitating a larger dynamic neighborhood to ensure computational
stability [25]. As a complement to local curvature, the detail coefficients further refine the
neighborhood adjustment strategy, ensuring accurate capture of geometric features in point
cloud data across multiple scales.

The following details the computational steps involved in determining the dynamic
neighborhood.

First, the principal direction is computed for each local feature point P, within each
small grid cell. The covariance matrix T is constructed using the other points within
the same grid cell, The principal directions and curvature information at a point can be
calculated through the covariance matrix, as shown in Equation (8) which is as follows:

1
T= 2 (pi=Ppi—p) ®)
Ji=1

The covariance matrix T is then subjected to eigenvalue decomposition, yielding
eigenvalues Ay, Ay, and A3 (assuming A > Ay > A3), with corresponding eigenvectors vq,
vy, and v3. From this, the dominant principal direction v; and the secondary principal
direction v, of the local feature point P, are obtained.

Similarly, the eigenvalues A, A;,, and A;; (assuming A; > A;, > A;,) for each of the
other points within the same grid cell can be computed by constructing a covariance matrix
T;. The curvature C; of the other points within the grid cell is calculated as shown in
Equation (9), which is as follows:

Aj
: ©)

Ci=— 8
A AL+ A

The average curvature C; of the points within the grid cell is obtained from Equation
(10), which is as follows:

I 1 N;
C= ﬁjZizjl G (10)

193



Appl. Sci. 2025, 15, 4036

The point cloud density p; within a grid cell refers to the number of points per unit
volume, as shown in Equation (11) which is as follows:

N (11)
pi mq - myp - ms

The curvature-based wavelet detail coefficient W; reflects local shape variations. The
following outlines the computation of W;.

The curvature C; of each point within the grid cell is used as the input signal x for
wavelet transformation. The input order of the curvature values is determined based on
the sequence of points along the maximum principal direction v; and the second maximum
principal direction v, within the grid cell, which can be shown as follows:

X = [C1C2C3 cee Cn] (12)

We choose Daubechies (db4) as the wavelet base for discrete wavelet transform of cur-
vature. The db4 wavelet transform requires two filters: a low-pass filter for extracting low-
frequency components and a high-pass filter for extracting high-frequency components.

The input curvature signal is processed using a db4 wavelet filter for low-pass (approx-
imation) and high-pass (detail) filtering. The low-pass filtering yields the approximation
coefficients A [n], while the high-pass filtering yields the detail coefficients D [n]. After
downsampling both sets of coefficients (taking every other sample), the curvature signal x,
after the first level of transformation, is decomposed as shown in Equation (13):

x[n] = Aq[n] + D1[n] (13)

where Ap[n| represents the approximation coefficients of the first layer (i.e., the low-
frequency components), and D1 [n] represents the detail coefficients of the first layer (i.e.,
the high-frequency components) [24].

After the first-level transform is completed, the approximation coefficients A1 [n]
are further subjected to wavelet transform, resulting in the second-level approximation
coefficients A, [n] and the second-level detail coefficients D, [n]. The equation is as follows:

Aq[n] = Ay[n] + Da[n] (14)

The above process is repeated until the desired decomposition level | is reached, result-
ing in the decomposition of the input curvature signal into the approximation coefficients
Aj[n] and the detail coefficients Dy [n], Dj[n]...Dj[n]. The input signal x is ultimately
decomposed as shown in Equation (15):

x = Aj[n] + Dq[n] + Da[n] + - - - 4 Dj[n] (15)

The detail coefficient components are extracted to calculate the curvature-based
wavelet transform detail coefficients, W;, as shown in Equation (16):

Wi=Y YDyl (16)
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Finally, the dynamic neighborhood L of the feature point P. within each voxel is
determined based on the point cloud data density p;, the average curvature C;, and the
curvature-based wavelet transform detail coefficients W;, as defined in Equation (17):

1 1

L=k- . —
VP 1+a- Wi+ B-|C

(17)

where k is the scaling factor used to control the overall size of the dynamic neighborhood,
which can be determined by the average point spacing within the neighborhood, typically
ranging from 0.8 to 1.5. a and p are weighting parameters that balance the effects of
curvature and detail coefficients on neighborhood size. Increasing « and  will enhance the
sensitivity of W; and C;, while decreasing them will suppress this sensitivity. Generally, a
can take values from 0.1 to 1, and f§ typically ranges from 0.8 to 1.5. p; represents the local
point cloud density at point i. W; is the detail coefficient derived from a wavelet transform
based on curvature. C; denotes the average curvature of points within the neighborhood.
When the local point cloud density is high, or when the curvature variation is complex and
the average curvature is relatively high, it will cause L to decrease to avoid losing detail

information. Conversely, L will increase in order to capture more detailed information.

2.5. Description of Local Features

Following feature point extraction from the point cloud and computation of dynamic
neighborhood radii, a feature descriptor is generated by constructing a cumulative his-
togram of projection distances between each feature point and its neighbors within the
dynamically sized neighborhood.

For each feature point, the Euclidean distance to every point P; within its dynamic
neighborhood L is computed. The resulting distance vector is then projected onto the
feature point’s principal eigenvector vy, corresponding to the largest eigenvalue, yielding a
projection length d;, as shown in Equation (18):

dp = (P; —

1

PC) ‘01 (18)

Upon obtaining the projected distances for all points within the neighborhood, a cumu-
lative projected distance histogram is constructed for each feature point. The histogram’s
range is defined by the minimum projected distance, d,min, and the maximum projected
distance, d,max, which serve as the lower and upper bounds, respectively. This range is
then partitioned into a set of equally sized bins, and the frequency of projected distances
falling within each bin is accumulated. The resulting histogram represents the distribution
of projected distances with respect to the orientation defined by v; and is shown in the
following equation:

H(i) = count(d € [dp,dpi1]) (19)

where H(i) represents the number of points within the i-th interval [d), d pril
The cumulative projected distance histogram provides a local feature descriptor for
each feature point.

2.6. Pairing of Feature Points

Following the derivation of cumulative projected distance histograms for feature
points in both the source and target point cloud datasets, point correspondence is estab-
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lished by minimizing the chi-squared distance, denoted as D., between the respective
histograms, the formulation of which is detailed in Equation (20):

N A 1&
DcZXZ(HLHz):EZ I (20)

The optimal correspondence is identified when the chi-squared distance, D, is mini-
mized. For each feature point in the first dataset, the feature point in the second dataset
exhibiting the minimum chi-squared distance is designated as the best matching candi-
date. To enhance matching accuracy, putative correspondences with a chi-squared distance
exceeding a predefined threshold are subsequently discarded.

Employing the chi-squared distance as a metric for quantifying the dissimilarity
between cumulative projected distance histograms enables effective registration of source
and target point clouds, thereby yielding optimal point correspondences.

2.7. Solve Transformation Matrix

After obtaining several sets of optimal correspondences, a rigid transformation is
computed from the source point cloud data to the target point cloud data. This rigid
transformation allows for the registration of the source point cloud data into the coordinate
system of the target point cloud data [26].

Initially, the centroids of both the source point cloud data (P) and the target point
cloud data (Q) are calculated. The centroid calculation is shown in Equation (21):

1 Ne
Cp= No» Y pi
) Pi=1 (21)
N,
CQ = FQZi:% qi

where Np and N represent the number of points in the source point cloud data and the
target point cloud data, respectively.
The corresponding pairs in both datasets are then translated to the origin, as shown in
Equation (22):
pi=pi—Cp
7 =q:i—Cq

The covariance matrix H is then obtained by multiplying the translated matching

(22)

pairs, as shown in Equation (23):
N/
T
H=) v (23)
1=1
where N is the number of matching pairs.
Singular value decomposition is performed on the covariance matrix H, as shown in

Equation (24):
H=u-=-vT (24)

where U and V are orthogonal matrices and X is a diagonal matrix. The rotation matrix R
can be calculated using U and V, as shown in Equation (25):

R=v.-ur (25)

196



Appl. Sci. 2025, 15, 4036

The translation vector f can be calculated from the centroid of the point cloud data
and the rotation matrix R, as shown in Equation (26):

After calculating the rotation matrix R and the translation vector ¢, the source point
cloud data can be transformed into the target point cloud data using Equation (27):

gi =pi- R+t (27)

where p; and g; represent the point clouds in the source and target point cloud data,
respectively.
In this way, the registration of point cloud data is completed.

3. Results

The data used in this paper comes from self-collected data from LiDAR equipment
and open-source datasets. The equipment used for data collection is the Livox-Mid-360
radar. The scenarios are indoor collections, including indoor point cloud data, storage
box point cloud data, and chair point cloud data. The open-source datasets used are the
Stanford University point cloud data Dragon and Bunny datasets.

As shown in Figure 3, statistical filtering has been applied. The results indicate that
this preprocessing technique effectively smooths edge details within the point cloud data.
Furthermore, the filtering process not only mitigates the presence of noise and outlier data
points, it also maintains the integrity of detailed features. This enhances the accuracy of
subsequent point cloud data registration.

(a) (b)

Figure 3. Comparison of the effects of statistical filtering on different point cloud data. (a) Chair data

filtering, (b) storage box data filtering.

After applying statistical outlier removal filtering, local feature points were selected
from the resulting point cloud data. This feature point selection process was performed
on four distinct point cloud datasets: (a) an indoor point cloud captured from varying
viewpoints; (b) the Dragon point cloud dataset, with two instances representing the same
object but scanned from different positions and orientations; (c) a storage box point cloud
dataset, consisting of one partially occluded scan and a more complete scan; and (d) point
cloud data of a chair which is captured from different angles and positions resulting in
partial occlusions.

Figure 4 illustrates the feature points extracted from the source and target point clouds,
depicted in red and green, respectively.
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(@) (b)

© o )

Figure 4. Feature point selection results of different point cloud data. (a) Feature points of indoor
data, (b) feature points of the dragon data, (c) feature points of the storage box data, and (d) feature
points of the chair data.

Following feature point extraction from the point cloud data, the dynamic neighbor-
hood, L, is computed for each point via Equation (17). A cumulative histogram of projected
distances to neighboring points within L then provides a discriminative feature descriptor,
facilitating the establishment of feature point correspondences.

Optimal correspondences are determined by minimizing the chi-squared distance,
which subsequently allows for the computation of the rotation matrix R and translation
vector ¢. This completes the registration of the point cloud data.

The data used for point cloud data registration are house point cloud data (a), Dragon
point cloud data (b), storage box point cloud data (c), and chair point cloud data (d). The
registration results are shown in Figure 5.

© (d)

Figure 5. Registration results of different point cloud data. (a) Registration result of indoor data,
(b) registration result of the Dragon data, (c) registration result of the storage box data, and (d)
registration result of the chair data.
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In Figure 5, red point cloud data are target point cloud data and green point cloud
data are target point cloud data. After the registration algorithm, the two sets of point
cloud data overlap and the data become more complete.

To validate the rationality and effectiveness of the proposed method, we compared
its registration performance against K4PCSs, a k-dimensional (KD)-tree-based improved
ICP method, and 3D-NDT under the same experimental conditions. Registration quality
was evaluated using registration time and root mean square error (RMSE). The comparison
experiments utilized three point cloud datasets: the Stanford Bunny and Dragon datasets,
and a chair dataset acquired using a Livox-Mid360 LiDAR. The Bunny dataset comprised
35,947 points in both the source and target point clouds. The Dragon dataset contained
29,103 points in both the source and target point clouds. The acquired chair dataset
consisted of 76,099 points in the source point cloud and 65,433 points in the target point
cloud. Registration results for each method are shown in Figure 6.

Figure 6. Comparison of point cloud data registration results.

Figure 6 provides a comparative visualization of registration results. Three datasets
are used: the Stanford Bunny, the Stanford Dragon, and a chair dataset captured with
LiDAR (arranged from top to bottom). The columns display, from left to right: the original,
unregistered point clouds, the point clouds registered using K4PCSs, the point clouds
registered using a KD-tree-based improved ICP, the point clouds registered using 3D-NDT,
and the point clouds registered using the proposed method.

The more overlap of point cloud data, the better the registration effect, which can
usually be measured by root mean square error. Root mean square error is the relationship
between the distance difference between source point cloud data and target point cloud
data after matrix transformation [27], as shown in Equation (28):

E= %Z(A pi— i) (28)
=

where A is the transformation matrix; p; represents source point cloud; g; is the target
point cloud.

The smaller the value of E, the smaller the registration error and the higher the
accuracy. The registration effect of each method is measured by the time taken for the
registration of point cloud data and the root mean square error, as shown in Tables 2 and 3.
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Table 2. Registration time for point cloud data.

Method Registered Data Time/s Standard Deviations
Bunny 49
K4PCSs method Dragon 14.11 6.976
Chair 22.07
Bunny 11.86
KD-ICP method Dragon 8.64 10.15
Chair 31.5
Bunny 8.7
3D-NDT method Dragon 7.61 2.206
Chair 12.78
Bunny 5.7
Proposed method Dragon 4.69 2.46
Chair 10.36

Table 3. The root mean square error (RMSE) of the method after registration.

Method Registered Data RMSE/mm Standard Deviations

Bunny 2.86

K4PCSs method Dragon 3.089 0.1028
Chair 2.882
Bunny 0.599

KD-ICP method Dragon 0.978 1.520
Chair 4.207
Bunny 1.587

3D-NDT method Dragon 1.931 0.7225
Chair 3.264
Bunny 0.698

Proposed method Dragon 0.964 0.173
Chair 1.115

Table 2 shows the registration time for each method. K4PCSs achieved the shortest
registration time for the Bunny dataset (4.9 s), while the proposed method had the shortest
registration times for both the Dragon (4.69 s) and chair (10.36 s) datasets.

Table 3 shows the root mean square error (RMSE) for the registration of each method.
K4PCSs achieved the lowest RMSE for the Bunny dataset (0.599 mm), while the proposed
method yielded the lowest RMSE for both the Dragon (0.964 mm) and chair (1.115 mm) datasets.

4. Discussion

Based on the data in Tables 2 and 3, the registration time of the proposed method is
only slightly slower than that of K4PCSs for the Bunny dataset; for all other datasets tested,
the proposed method achieves the fastest registration time. Regarding registration accuracy,
KD-ICP performs slightly better than the proposed method on the Bunny dataset; however,
the registration time of KD-ICP is approximately twice that of the proposed method. For the
Dragon and chair datasets, the proposed method demonstrates both optimal accuracy and
the fastest registration speed. These results indicate that, compared to the improved KD-ICP
method [4,5], K4PCSs method [9], and the 3D-NDT method [10], the proposed approach
achieves faster and more accurate data registration, significantly enhancing the accuracy and
efficiency of point cloud data registration. Noise typically occurs at the edges of the main
data, making it easy to filter out the noise that is far from the main data using statistical filters.
For unevenly distributed data, the dynamic neighborhood is adjusted appropriately based on
data density to include more feature information. In the registration of diverse point cloud
datasets the proposed method offers a favorable balance of accuracy and efficiency, enabling
the completion of point cloud data registration with high precision and speed.
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5. Conclusions

This paper introduces a novel point cloud registration method based on dynamic neigh-
borhood features. The method leverages the projection distance relationship between sta-
tistical feature points and other points within the dynamic neighborhood. This approach
establishes accurate feature point correspondences and enables robust point cloud registra-
tion. By accurately matching feature points and overcoming the limitations of traditional
registration techniques that often struggle to simultaneously optimize accuracy and efficiency,
this method offers a compelling solution. The incorporation of multiple parameters enhances
the robustness of the approach. Furthermore, by using feature points instead of the entire
point cloud for registration, the computational burden is reduced, leading to more efficient
data processing. The dynamic neighborhood approach also allows the method to adapt to
point cloud data with varying scales and densities, enhancing its flexibility and broadening
its application potential in complex environments, especially in fields such as autonomous
driving, robotic navigation, building reconstruction, and 3D map construction. Integrating
this method into practical systems can enhance the capability of processing point cloud data in
complex environments. This study was tested only on a limited set of data and did not extend
to a wider range of complex environmental data, which presents a limitation. Future work
needs to involve testing on more diverse datasets to validate the feasibility of the proposed
method and to develop a simpler and more direct guideline for parameter selection.
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The following abbreviations are used in this manuscript:
ICP Iterative Closest Point

LiDAR Light Detection and Ranging
RANSAC Random Sample Consensus

ISSs Intrinsic Shape Signatures
35DC 3D Shape Context
4PCSs Four-Point Congruent Sets

K4PCSs Keypoint-Based Four-Points Congruent Sets
3D-NDT 3 Dimensions-Normal Distributions Transform

NDT Normal Distributions Transform

KD K-Dimensional

RMSE Root Mean Square Error
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Abstract: To address the challenges of robotic arm path-planning in dynamic environments,
this study proposes a reinforcement learning-based dynamic obstacle avoidance method.
The study concerns a robot with six rotational degrees of freedom when moving outside
of singular configurations, enabling more flexible and precise motion-planning. First,
a dynamic exploration guidance mechanism is designed to enhance learning efficiency
and reduce ineffective exploration. Second, an adaptive reward function is developed
to enable real-time path-planning while avoiding obstacles. A simulation environment
is constructed using CoppeliaSim software, and the experiment is performed with two
cylindrical obstacles that move randomly within the workspace. The experimental results
demonstrate that the improved method significantly outperforms traditional algorithms in
terms of convergence speed, reward value, and success rate.

Keywords: obstacle avoidance; deep reinforcement learning; reward function; robotic arm

1. Introduction

With the advancement of high-performance computing, the Internet of Things, and
artificial intelligence technologies, robotic arms have been widely applied in areas such as
automated production, urban security and services, and space exploration, continuously
progressing toward the intelligent objectives of self-learning and self-regulation [1]. In
most cases, robots can effectively avoid the static obstacles present in various environments.
Nevertheless, the utilized algorithms exhibit insufficient adaptability to dynamically chang-
ing obstacles, making it challenging to quickly and accurately avoid them [2]. Probability
sampling-based motion planning algorithms such as Rapid Random Tree (RRT) can swiftly
search high-dimensional spaces; however, their limited environmental exploration ability
leads to poor performance in handling dynamic obstacles and complex tasks. Therefore, in
this context, finding the right training algorithm is important [3,4]. A combination of the
Artificial Potential Field (APF) algorithm with numerical methods based on the Jacobian
matrix has been employed to address obstacle avoidance-based path-planning in unknown
environments [5].

However, due to the aforementioned limitations of traditional algorithms in dynamic
environments, academic circles are paying more and more attention to the development of
reinforcement learning-based approaches [6].

The rapid advancements in deep learning and computational capabilities have made
deep reinforcement learning a reality, which is progressively being employed in domains
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such as gaming, robot navigation, and industrial production [7]. DeepMind has developed
models such as AlphaZero based on Deep Reinforcement Learning (DRL) [8], which de-
feated world-class chess players in competitions, demonstrating that this technology can
achieve a superhuman performance in complex environments. To address the challenges of
non-Markovian tasks in multi-agent systems, one study proposed a synchronized decentral-
ized training paradigm based on GR(1) specifications [9]. By decomposing the synthesized
GR(1) strategies into individual reward structures, this approach guides the multi-agent
reinforcement learning (MARL) process, thereby effectively preserving the safety and
liveness properties of the system. DRL has made significant strides not only in academia,
but also in industry. For instance, IBM’s artificial intelligence system Watson employs deep
reinforcement learning techniques to assist doctors in diagnosing cancer. Furthermore, in
areas such as inverted pendulum control and unmanned surface vehicle control [10], DRL
is considered one of the most promising cutting-edge artificial intelligence technologies.

Reinforcement learning has similarly garnered the interest of experts and scholars
in the field of robotics, demonstrating exceptional performance in path-planning within
complex environments in scenarios characterized by a lack of prior knowledge. For exam-
ple, Liu et al. [11] innovatively integrated digital twin technology with DRL and proposed
a multitasking training approach based on the twin synchro-control (TSC) scheme to en-
hance the control performance of humanoid robot arms. A data acquisition system was
developed to collect human joint angle data, which served as a prior knowledge input for
DRL, thereby optimizing the reward function of the deep deterministic policy gradient
(DDPG) algorithm and improving the learning stability and convergence speed. This
approach was successfully applied in the humanoid robot BHR-6, enabling it to perform
tasks that are challenging to train using existing methods. Sun et al. [12] proposed an
end-to-end navigation strategy based on causal reinforcement learning, which is learned
directly from the data, bypassing the traditional mapping and planning steps, thereby
improving the responsiveness of drones in obstacle avoidance and navigation tasks. To
address the issue of local minima in robotic arm collision avoidance using Artificial Poten-
tial Field (APF), a study proposed a method that integrates APF with deep reinforcement
learning (DRL) and improves Hindsight Experience Replay (HER) into HER-CA to en-
hance training efficiency [13]. Wang et al. [14] proposes a decision reconstruction network
integrated into the SAC algorithm. This network dynamically reconfigures network layers
to enable cross-layer information exchange, effectively mitigating gradient conflicts and
addressing the optimization challenges caused by parameter-sharing in robotic multi-task
reinforcement learning. Yadav et al. [15] examined regularization-based methods like
synaptic intelligence for sequential learning in offline RL, finding they reduce learning
time and mitigate forgetting but offer limited knowledge transfer. The study proposed a
deep reinforcement learning-based coverage path planning approach, using actor—critic
methods to train mobile robots for exploration and full coverage [16]. Zhao et al. [17] intro-
duced the Efficient Progressive Policy Enhancement (EPPE) framework, which integrates
sparse and process rewards to improve DRL training efficiency and global optimality in
path-planning.

Zhong et al. [18] have used a welding robot path-planning method based on the DDPG
algorithm to solve the path-planning problem in a high-dimensional continuous state and
action space. Cao et al. [19] proposed a multi-agent reinforcement learning approach for
square shaft-hole assembly. The method designs a reward function based on the Decoupled
Multi-Agent Deep Deterministic Policy Gradient (DMDDPG) algorithm and models the
first three and last three joints of the robotic arm as a multi-agent system. Liu et al. [20]
proposed DRL-based path planning method incorporates a safety verification mechanism
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to achieve collision-free trajectories. However, it still has limitations such as fixed end-
effector orientation and the requirement for a smaller threshold in trajectory merging.
Wang Y. et al. [21] introduced a method to control a mobile robotic arm to perform
door-opening operations based on an improved Proximal Policy Optimization (PPO)
algorithm. Wu et al. [22] achieved the requirements of online trajectory-planning by
training a strategy consisting of a feedforward neural network in the simulation environ-
ment. Lindner et al. [23] employed the DDPG algorithm to optimize the static obstacle-
avoidance performance of robotic arms; however, they did not extend their approach to
dynamic obstacle environments. To address high-dimensional path-planning challenges,
Prianto et al. [24] proposed a path-planning algorithm based on the Soft Actor—-Critic (SAC)
framework, utilizing configuration space augmentation to manage the complex configu-
ration spaces associated with multi-arm systems. They also incorporated the Hindsight
Experience Replay (HER) technique to enhance the sampling efficiency, enabling the real-
time and rapid generation of any end-to-end shortest path. Singla et al. [25] combined
recurrent neural networks with temporal attention processes and deep reinforcement
learning, allowing agents to remember important contextual data in order to prevent col-
lisions. However, the extensive operational space of robotic arms makes it challenging
to quickly obtain successful samples, causing DRL algorithms to expend significant time
on ineffective exploration and resulting in slow convergence rates. To mitigate this issue,
researchers have proposed leveraging “expert guidance” to accelerate the convergence
of DRL algorithms. Xu et al. [26] developed a strategy for axis—hole assembly problems
guided by impedance control algorithms assisted by the DDPG for the correction of tra-
jectories. Rahmatizadeh et al. [27] used a deep neural network controller based on a Long
Short-Term Memory (LSTM) network to generate trajectories. At the same time, a mixture
density network (MDN) was used to calculate the error signal to adapt to multimodal
demonstration data. Through imitation learning, the robotic arms were able to reasonably
plan paths to complete the picking and placing of objects. Chen et al. [28] designed a
comprehensive reward function that combines dynamic obstacle avoidance and target
proximity, which was integrated with the priority experience replay (PER) approach to
improve the utilization of samples, finally allowing for the realization of real-time path-
planning. Li et al. [29] integrated the APF and DDPG algorithms, using approximate
poses derived from the APF algorithm as expert guidance. They implemented a phased
approach to obstacle-avoidance trajectory planning, where the DDPG algorithm dominated
training during the obstacle-avoidance phase and the approximate poses from APF guided
DDPG training during the target-planning phase. Additionally, they proposed a guiding
mechanism to connect the control outputs of the two phases, thereby efficiently training a
policy model tailored to address the research problem at hand.

However, trajectory-planning approaches for robotic arms based on DRL methods
still encounter challenges in achieving convergence and conducting efficient explorations,
particularly within unstructured work environments that feature both dynamic and static
obstacles. The core issue lies in managing a substantial amount of failed explorations and
sparse rewards, which result in training failure and make it difficult to learn effective strategies.

In order to solve the problem in which robot arms face difficulties in avoiding obstacles
and reaching the target point in environments characterized by dynamic obstacles, we
propose a new path-planning method based on reinforcement learning. Through designing
a dynamic exploration guidance mechanism and an adaptive obstacle avoidance reward
function, we optimize the robotic arm’s performance in terms of path-planning. The overall
environmental structure is illustrated in Figure 1. During the training process, the policy
network receives the state vector as input and outputs the selected action; the critic network
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receives the state vector and action as input and outputs a value function that evaluates the
expected reward or value of selecting the action in the state. During the testing process, the
state vector obtained from the simulation environment is input into the policy network to
obtain the selected action. This study implements a path planning strategy that ensures
that the robotic arm remains stable during learning, and evaluates the effectiveness of this
strategy in environments featuring dynamic obstacles.
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Figure 1. Overall environment architecture.

2. Preliminaries
2.1. Markov Decision Process

Broadly speaking, Reinforcement Learning (RL) addresses sequential decision-making
issues by seeking decision sequences that maximize the expected cumulative reward. The
Markov decision process (MDP) provides a mathematical framework to model the motion
control problem of the robot arm as a reinforcement learning problem. The reinforcement
learning algorithm learns the optimal strategy through continuous interaction (trial and
error), allowing the robot arm to make autonomous decisions. In RL tasks, MDPs are
typically chosen as the mathematical models to describe decision problems, which are
represented as tuples (S,A,R,p,v), where S and A denote finite continuous state and action
spaces, respectively; the reward function R(R¢ = r¢ | St = s, Ay = a;) : S x A specifies the
reward received from the environment upon transitioning between states; the transition
probability p(S;41 =s¢41 | St =51, At =a;) : S X A — P(S;41) defines the probability
distribution of moving to state s’ after taking action 4 in state S; and the discount factor 7y
adjusts the significance of future rewards. The agent’s behavior is defined by the policy
nt(a|s): S — P(a), which maps states to probability distributions across actions.

2.2. Kinematic Modeling

The kinematics of robotic arms primarily reflect the relationships among displace-
ments, velocities, and accelerations between joints. In this study, a six-degrees-of-
freedom welding robotic arm is modeled using the Denavit-Hartenberg (D-H) parameter
method [30]. As a standard approach for serial robotic arm kinematic modeling, the D-H
parameter method is both rigorous and widely applicable. Based on this method, the
geometric relationships of the robotic arm’s joints are systematically described, and the

206



Appl. Sci. 2025, 15, 4496

standard D-H parameters are presented in Table 1. A picture of the robotic arm with some
of the DH parameters marked is shown in Figure 2.

Table 1. D-H parameters of the robotic arm.

Link i 0; (°) d; (m) a; (m) w; (°) 0; Range (°)
1 q1 0 0 -90 [—180, 180]
2 g2 —90 —0.1265 0.726 0 [—85, 85]
3 g3 — 180 —0.09% 0 90 [—40, 220]
4 qa 0.6305 0 90 [—90, 90]
5 gs 0.091 0 -90 [—90, 90]
6 d6 0.122 0 0 [—360, 360]

Figure 2. Robotic arm 3D model.

The robotic arm possesses six degrees of freedom, allowing the end-effector’s pose
and position to be represented by JT. Vectors 7, 0, and a form a 3 x 3 matrix that describes
the end effector’s pose, while the vector p denotes its positional information. Utilizing
the D-H parameters presented in Table 1, the link transformation matrices of the robotic
arm can be determined.The following is the expression for the transformation matrix JT
between the base coordinate frame and the end effector coordinate frame:

6
o7 =]1:""T(a:) )
i=1

Here, the superscript of the coordinate T denotes the coordinate system being trans-
formed, while the subscript indicates the target coordinate system; (1, ny, 1;) represents
the normal vector of the robotic arm’s end effector; (oy, 0y, 0;) indicates the sliding vector;
(ax,ay,az) is the approach vector; and (px, py, p2) represents the position vector of the
end effector. The homogeneous transformation matrix f_l T describes the pose of link i’s

coordinate system relative to that of link i—1, as shown by the following formula:

cos; —sinf;cosa; sinf;sing;  a;cosb;
iilT(q-) __|sin®; cosb;cosa; —cosO;sina; a;sinb; o)
[ 1) — .
! 0 sin a; cosw; d;
0 0 0 1
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The final link is typically referred to as the end effector, to which an effector with a
reference frame (e.g., a welding torch) is attached. The homogeneous transformation matrix
of the end effector relative to the base link, denoted as 0T(g) = 0T ()T, can be defined as:

xe = fine(q) ©)

where x, = { Pe Qe }T € R represents the pose, in which p, is the three-dimensional
position and ¢, denotes the orientation in Cartesian space.

As most motions are defined directly in Cartesian space, the robot arm needs to
convert Cartesian motion into joint motion in joint space. If the Cartesian velocity of the
end effector x. is given, the corresponding joint velocity 4 is expressed as follows:

§=7"(a) % 4)
where J(gq) represents the 6 x 6 Jacobian matrix of the six-degree-of-freedom robotic arm.

3. Method

The state space and action space for the dynamic obstacle-avoidance path-planning
of robotic arms are explained in detail in this section. We also list the adaptive reward
function and the dynamic exploration guidance mechanism. As illustrated in Figure 3,
in order to use the MDP to solve the robotic arm path-planning problem discussed in
this research, we must specify the interaction process between the algorithm and the
simulation environment.
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Figure 3. Framework for the DRL algorithm to interact with the environment.

3.1. State Space

In a real working environment, the state information can be vast (and even infinite),
making it impractical to enumerate all possible states. Therefore, in practical applications,
key features are usually extracted for representation, in order to reduce the computa-
tional complexity and improve learning efficiency. In DRL, state information is not only
important for the agent to perceive the environment, but also directly affects its decision-
making process and the evaluation of long-term rewards. As such, reasonable state design
can significantly improve the convergence, convergence speed, and final performance of
the algorithm.
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This study aims to train an agent to autonomously control the joint motion of a six-axis
robot arm, while avoiding collisions and getting as close as possible to a specified target.
The state space s; can be represented by Equation (5):

St = [q/ Pe, dtar, dgbs, COlliSiOi’l] (5)

where g € R® denotes the joint angles of the end effector; p, € R represents the Cartesian
position of the end effector’s reference coordinate system relative to the target coordinate
system; the scalar d;,;, indicates the Euclidean distance between the end effector and the
origin of the target coordinate system; and d, is the shortest Euclidean distance between
the end effector and the two types of obstacles. The final component—collision, which can
be obtained via the CoppeliaSim API function—is a Boolean value that indicates whether
the manipulator has collided with any environmental obstacles.

3.2. Action Space

The agent in the environment is a 6-DOF welding robot arm. For the motion control of
the robot arm, the control strategy of the agent adopts the velocity control method, using
the joint velocity as the control input, in order to achieve the real-time adjustment and
trajectory optimization of the robot arm in the continuous action space. This method can
dynamically adjust the angular velocity of each joint according to the current state, such
that the robot arm moves along the optimal trajectory to minimize the distance between
the end effector and the target position. Therefore, the action space is defined as follows:

ar = [71/ qZI 1’73/ 44/ "75/ 176] (6)

In this context, § € R® denotes the target angular velocity of each servo motor—driven
rotational joint within its allowable range. The dimension of the action space is 6.

3.3. Reward Signal

To address the issue of sparse rewards in DRL-based trajectory-planning for robotic
arms within dynamic environments, this study introduces an adaptive reward function
that seamlessly integrates existing reward mechanisms with energy function constraints,
drawing on the principles of artificial potential field methods and energy functions. This
adaptive function facilitates a smooth transition between the two reward mechanisms and
carries out dynamic adjustments according to the distance between the end effector and
the obstacle to ensure that the path-planning result is both safe and efficient:

Rada = ,B Ry + (1 - ﬁ) ' Renergy (7)

6 .
Renergy = - Z i=1 tanh(” 5I||2) (8)

Specifically, B € [0,1] is designed such that, when the end effector is sufficiently
distant from obstacles, R; serves as the dominant factor; when the distance between the
end effector and an obstacle falls below the critical distance dj, the energy function takes
precedence. B can be expressed as follows:

B tanh(;c) +1 9
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where p J
x = obs — Up (10)
ko

It is evident that the  function yields a smooth transition from 0 to 1: when d,, is
large, B approaches 1; meanwhile, when d,; is small, it approaches 0. Here, k, serves as a
tuning parameter that adjusts the smoothness of the reward mechanism. R; is designed to
prompt the robotic arm to accomplish the task, which mainly includes the following aspects:

Ry = Rtarget + Ravoid + Rdone (11)

The first term on the right-hand side of Equation (11) is designed to guide the end
effector toward a specific target position. It is defined based on the difference in the end
effector—target distance between the current step and the previous step:

dtar —dy if dtar >0

tar 5 ' (12)
(dtar - déar) " doar if diar <0

Rtarget =

In robotic arm path-planning tasks, we do not necessarily expect the end-effector
to reach the designated location in a single step every time; instead, a gradual approach
strategy is adopted. Specifically, the end effector is controlled to move incrementally at
each step, gradually closing in on the target position. In designing the reward feedback,
the distance between the end effector’s current position and the target point is introduced
as a key parameter. Compared with relying solely on a one-step Euclidean distance, this
reward function may slow down the movement process, yet it effectively reduces control
complexity and meets the path-planning objective under higher-precision requirements.

Furthermore, in path-planning, precision and efficiency often impose mutual con-
straints. To enhance the reward mechanism’s effectiveness, when the current state nears
boundary conditions (e.g., when the distance to the target point is relatively small), each
slight movement in the correct direction should receive a stronger positive reward. This
approach guides the robotic arm to gradually refine its path, ultimately achieving high-
precision control of the target position.

The second term, R,y,i4, is the obstacle avoidance reward function designed to guide
the robotic arm in evading obstacles:

1 e
Ravoid - - (1_’_%> (13)

Here, d ;s represents the smallest gap between the robotic arm and obstacles, and p
denotes the decay rate of the reward function.

The third term, Rgone, is the termination reward function, primarily designed to
reward the achievement of the target and collisions with obstacles:

30 dtar <y
R = 14
done { —15 collision = True (14)

Considering the complexity of dynamic environments, the likelihood of collisions
during the initial phases of training is substantially higher than that of reaching the target.
Consequently, the reward for successfully attaining the target should be several times
greater than the penalty imposed for collisions, and the reward is set to zero when the
target is not achieved.
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3.4. Dynamic Exploration Guidance Mechanism

There are two main challenges regarding path-planning in dynamic obstacle avoidance
tasks: one is the need to avoid collisions with obstacles, and the other is the need to
successfully reach the specified target point. However, it is very complicated to deduce the
relationship between the state space and the action space from the perspective of the agent.
This is because the state space is usually large and continuous, especially in a dynamic
environment, and the agent must not only deal with the current state, but also predict
and react to possible changes. In order to learn how to choose the appropriate action
from the current state, the agent usually requires a large number of training iterations and
calculations. This process may involve billions of training rounds and calculations, which is
very time-consuming and computationally intensive for real-world applications. Therefore,
in order to solve this problem, a better approach is to transform the infinite state space into
a finite state space. Specifically, by limiting the range of states, the originally very large or
continuous state space can be simplified into a finite set.

Consequently, it is difficult to directly start training the robot path-planning model
using reinforcement learning algorithms. By restricting the state space, the agent can focus
on exploring only those states that are relevant to the path-planning task, which is crucial
for ensuring efficient convergence and learning. This approach excludes irrelevant and
extraneous states, thereby simplifying the agent’s decision-making process. Rather than
being overwhelmed by an unlimited and irrelevant state space, the agent concentrates on
pertinent states, resulting in more effective decision making and faster learning. Therefore,
implementing dynamic policy selection enables quicker convergence during training.
Through the combination of a guiding term with stochastically sampled actions that
include exploration noise from deep reinforcement learning algorithms, the selected action
is dynamically integrated. Due to the presence of obstacles in the working environment,
relying solely on the velocity output gi,, generated by the inverse kinematics (IK) module
is insufficient to achieve effective obstacle avoidance. To address this limitation, this paper
incorporates an additional action term at produced by a deep reinforcement learning (DRL)
policy network. This action serves as a compensatory component to the IK output, guiding
the manipulator to avoid obstacles while maintaining goal-directed motion. The resulting
hybrid action formulation is given by

Ge+1 = Gt + (Giny + az) - At (15)

where At denotes the time step duration. This formulation enables the manipulator to
adaptively adjust its trajectory in response to environmental constraints while efficiently
progressing toward the target. We introduced the dynamic scale factor to adjust the
proportion of dynamic exploration guidance mechanism:

rate = In(Current_episode + 1)/ In(Max_episode + 1) (16)

In addition, when operating a robotic arm manually, the speed of operation slows
down as the arm approaches the target point to maintain accuracy. Similarly, in robotic
arm control, the movement step size should gradually decrease to ensure a certain level of
precision. Therefore, the agent’s joint angles are controlled as follows:

gt + (Gino - (1 — rate) + a; - rate) - dt if diar > 0

(17)
gt + (inw - (1 — rate) + a; - rate) - dt - % if dear < 6

qt+1 =
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In this context, rate is a dynamic scaling factor that increases rapidly during the
initial phase and slows its growth in the later stages; Current_episode and Max_episode
denote the current and maximum number of training episodes, respectively, and a; refers
to a randomly sampled action augmented with exploration noise. The training workflow
incorporating the dynamic exploration guidance strategy is illustrated in Figure 4.

By dynamically adjusting the scaling factor, the initial phase of training significantly
increases the probability of the robotic arm obtaining positive samples, effectively prevent-
ing the waste of training resources caused by ineffective exploration and alleviating the
issue of sparse rewards in the early stages. As the number of training iterations increases,
the scaling factor gradually grows, diminishing the influence of inverse kinematics, while
the proportion of randomly sampled actions markedly rises, resulting in greater random-
ness in the robotic arm’s action selection. Building on the sufficient number of positive
samples obtained from the preliminary training, the model achieves efficient convergence
optimization, progressively mastering the ability to realize path-planning in dynamic
obstacle-avoidance environments.
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Figure 4. Training flowchart after applying the dynamic exploration guidance mechanism.

4. Experiments And Analysis
4.1. Experimental Setup

The simulation platform employed for the experiments was CoppeliaSim Edu version 4.2.
For the implementation of the algorithm, the reinforcement learning frameworks PyTorch
and OpenAl’s Gym were utilized with the code developed in Python. The inverse kinemat-
ics module was provided by MATLAB. With the support of CoppeliaSim’s Remote API,
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network communication between Python and the CoppeliaSim platform was achieved, as
illustrated in Figure 5. The state information of the robotic arm was obtained by parsing the
feedback data from the CoppeliaSim Edu simulation platform. Regarding the hardware, a
PC (CPU i7-12600H @2.70 GHz, RAM 32 GB, GPU RTX 3070 8 GB) was used to support the
training of the algorithms.

As shown in Figure 6, each environment included two cylindrical obstacles with a base
diameter of 0.15 m and a height of 0.3 m. In environment 1, the two obstacles remained
stationary while the state of the obstacles in environment 2 changed; namely, the obstacles
moved randomly at every step. Their maximum linear velocity was set to 150 mm/s to
simulate real-time environmental changes. The initial positions of the two obstacles relative
to the robot base were set as [900, —400, 300] mm for Obstacle 1 and [1050, —300, 300] mm
for Obstacle 2. Similarly, the target point was located at [100, —350, 300] mm relative
to the robot base.In both cases, the robot arm had to bypass the obstacles and reach the
target point to be considered successful. The location of the target point was randomly
generated after the robot arm reached it. To ensure numerical stability and generalizability,
all robot configurations during training and testing were selected to be sufficiently far
from singularities and joint limits. Training in the first environment was conducted for

5000 episodes.
Matlab engine-kinematic Environment
module
COPPELIA ¥ ROBOTICS
HMATLAB =

DRL agent

python+pytorch

Figure 5. Network connections in the simulation framework.

Figure 6. Diagram of the experimental scene.

4.2. Algorithm Performance Evaluation

The reward function parameters employed in the experiments are presented in Table 2.
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Table 2. Parameters of the reward function.

Parameter Value Parameter Value
[ 0.1 dp 0.2
0 2 ko 5
7 0.05

The experiments involved comparing the traditional DDPG and SAC algorithms with
two improved versions of these training algorithms, incorporating a dynamic policy se-
lection mechanism and adaptive rewards. Figure 7 illustrates the growth curve of reward
values over 5000 episodes for the traditional algorithms, as well as the corresponding per-
formance of the improved algorithms in Environment 1. The improved algorithms typically
converged at around 3000 episodes, whereas the traditional algorithms generally took
approximately 4000 episodes to converge. In Environment 2, the introduction of randomly
moving obstacles complicated the training environment. To ensure that the trained policy
models could handle nearly all situations, the number of training episodes was increased
to 10,000. The resulting reward curves, as shown in the figure, indicate that the improved
SAC algorithm began to converge around 6000 episodes, while the traditional algorithms
generally converged at around 7000 episodes. Evidently, the improved algorithms exhib-
ited significant advancements over the traditional algorithms. The results presented in
the figure demonstrate that the dynamic exploration guidance mechanism and adaptive
rewards contribute positively to the convergence speed and stability of the algorithms.
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Figure 7. Comparison of four algorithms in (a) Environment 1 and (b) Environment 2.

To evaluate the model’s adaptability to complex environments, we conducted tests
within a simulated setting, specifically utilizing the more intricate Environment 2. Figure 8
illustrates the complete process of dynamic obstacle avoidance while reaching the target
within a single episode.
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|
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Figure 8. The entire path-planning and dynamic obstacle-avoidance process of the manipulator.
(a—f) illustrate key stages of the task: (a) Initialization of the manipulator; (b,c) The manipulator moves
toward the target while detecting the surrounding environment; (d,e) The manipulator encounters the
dynamic obstacle and adjusts its path to avoid it; (f) The manipulator successfully reaches the target.

In environment 2, although the obstacles were designed to move randomly during
the training phase to introduce dynamic complexity, they were configured to move along
predefined straight-line trajectories during the testing phase (as shown in Figure 9). This
setup was intentionally chosen to control variables and ensure consistent environmental
conditions across different algorithms, thereby enabling a fair and direct performance
comparison. Since both the initial point and the target point were located on the tabletop
surface, and the reward function encourages the robot to complete the task in as few steps
as possible, the motion of the robot’s end-effector showed only minor variation along the

z-axis and was primarily confined to the x-y plane.
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Figure 9. The robot manipulator and obstacle trajectories: (a) improved SAC algorithm; (b) traditional
SAC algorithm; (c) improved DDPG algorithm; and (d) traditional DDPG algorithm.
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We used the four algorithms to perform multiple simulations in the same dynamic
simulation environment. The trajectory diagrams obtained from the experiment are shown
in Figure 9. In this figure, a blue sphere is used to denote the starting point, while the red
five-pointed star represents the end point. The robot’s motion trajectory is depicted in
blue, and the motion trajectories of the obstacles are shown in red and pink. It is evident
that the robot avoided collision with obstacles throughout its movement. Figure 9a,c
shows the trajectory diagrams for the improved algorithm, from which it is obvious that
the trajectories of the improved algorithms were shorter and smoother than those of the
traditional algorithms.

A total of 500 test trials were performed. The final results are presented in Table 3,
which includes the average success rate, average reward, and average number of steps,
as well as the reward variance and step variance for both the traditional algorithms and
their improved versions under the condition of two randomly moving obstacles. The
results indicate that the SAC algorithm is more suitable than the DDPG algorithm for the
obstacle-avoidance path-planning of robotic arms in high-dimensional spaces. However,
the method proposed in this paper enhanced the performance metrics of both algorithms,
thereby validating the stability and robustness of the proposed approach.

In particular, the reward variance and step variance further confirm the improvements
in algorithm stability and efficiency. For SAC, the reward variance decreased from 8.47
to 4.13, a reduction of approximately 51.3%, and the step variance dropped from 20.55 to
8.27, a reduction of about 59.8%. For DDPG, the reward variance decreased from 11.87 to
6.63 (a 44.2% reduction), and the step variance was reduced from 27.57 to 11.90 (a 56.8%
reduction). These significant decreases in variance clearly demonstrate that the improved
methods produce a more stable, consistent performance across multiple trials. In our
experiments, the obstacle speed was reasonably set to within a realistic range. The robot
joint velocity during obstacle avoidance remained smooth and complied with both the
joint position and velocity constraints, making the entire motion process feasible for future
real-world implementations.

These findings demonstrate that the newly proposed reinforcement learning-based
obstacle-avoidance path-planning method is not only practical but also more robust and
reliable. By significantly improving both the average performance and its stability, the
method proves effective in accomplishing real-time obstacle avoidance tasks for robotic
arms operating in dynamic, high-dimensional environments.

Table 3. Test results.

. Average Reward Average Step

Policy Average Success Rate Reward Variance Step Variance
Traditional SAC 75.25 10.0673 8.4654 28.24 20.55
Improved SAC 86.65 11.6967 4.1266 21.58 8.27
Traditional DDPG 71.33 9.1696 11.8709 30.25 27.57
Improved DDPG 80.56 10.8799 6.6281 24.58 11.90

5. Discussion

In this study, we proposed a reinforcement learning (RL)-based path-planning ap-
proach for a robotic manipulator in dynamic obstacle-avoidance tasks, integrating inverse
kinematics (IK) with a dynamic exploration guidance mechanism. Path-planning under
dynamic conditions involves two fundamental challenges: collision-free navigation around
obstacles and successful arrival at designated targets. Due to the large and continuous
nature of the state space in dynamic environments, traditional reinforcement learning ap-
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proaches often require significant computational resources and extensive training iterations
to deduce the state-action relationships effectively.

To overcome these challenges, we introduced a novel hybrid action formulation that
combines the deterministic velocity output from an IK module with an adaptive compen-
satory action generated by a deep reinforcement learning (DRL) policy network. Specifically,
this compensatory action dynamically guides the manipulator to effectively avoid obstacles
while maintaining goal-directed motion. Furthermore, our method incorporates a dynamic
scaling factor to adaptively modulate exploration intensity. This scaling factor rapidly
increases at the early training stages, promoting effective exploration and preventing inef-
ficient exploration, and gradually slows down in later stages to refine the manipulator’s
movements and decision-making precision. Additionally, the designed adaptive reward
mechanism derived from an energy function further supports effective policy training by
improving the exploration—exploitation balance.

The effectiveness of our proposed method was clearly demonstrated through rigorous
comparisons with traditional DRL algorithms. The experimental results indicate that
our improved SAC algorithm achieved an average success rate of 86.65%, significantly
higher than the 75.25% success rate of traditional SAC. Likewise, our improved DDPG
method reached a success rate of 80.56%, markedly surpassing the traditional DDPG’s
71.33%. Moreover, the improved algorithms exhibited considerably lower reward and step
variances, implying more stable and robust performance. Specifically, the improved SAC
and DDPG recorded reward variances of 4.1266 and 6.6281, respectively, compared to their
traditional counterparts (8.4654 and 11.8709). Step variances also decreased significantly
from 20.55 to 8.27 (SAC) and from 27.57 to 11.90 (DDPG).

The superior performance of the proposed approach compared to traditional methods
can be attributed primarily to the underlying strategy of transforming an infinite or exten-
sive state space into a manageable finite subset. Traditional reinforcement learning methods
often suffer from inefficient convergence due to their exhaustive exploration of irrelevant
states, which contributes to higher variance and reduced success rates. In contrast, our
dynamic exploration guidance, combined with adaptive reward-shaping and IK-based
policy refinement, significantly narrows the exploration scope. This targeted approach not
only accelerates convergence but also ensures more informed and precise decision-making,
substantially enhancing the robot’s real-time path-planning capabilities.

6. Conclusions

In this study, we addressed the problem of obstacle-avoidance trajectory-planning for
robotic arms in dynamic environments by proposing a planning method that integrates a
dynamic exploration guidance strategy with adaptive rewards. The algorithm leverages
the principles of deep reinforcement learning, modeling the research problem as an MDP.
Taking into account the interactive training between the robot and its environment, we
introduced and designed the state space, action space, and reward function. To enhance
the training convergence efficiency and control performance of the algorithm, the plan-
ning process undergoes dynamic adjustments, allowing a dynamic exploration guidance
mechanism to be developed. This mechanism is guided by inverse kinematics during the
initial phase of training and shifts to random exploration in the later stages. Additionally,
an adaptive reward function is incorporated, enabling the robotic arm to focus not only
on obstacle avoidance but also on task execution. Ultimately, a policy model that is capa-
ble of addressing the research problem can be trained. The effectiveness of the proposed
algorithm was validated through simulation experiments. The experimental results demon-
strated that, compared to traditional approaches, the proposed method facilitates faster
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convergence, achieves higher success rates, and produces robotic arm control strategies
with a superior performance.
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Abstract

Multi-Robot Task Allocation (MRTA) with spatiotemporal constraints presents significant
challenges in environmental adaptability. Existing learning-based methods often overlook
environmental spatial constraints, leading to spatial information distortion. To address this,
we formulate the problem as an asynchronous Markov Decision Process over a directed
heterogeneous graph and propose a novel heterogeneous graph neural network named
the Edge-Enhanced Attention Network (E2AN). This network integrates a specialized
encoder, the Edge-Enhanced Heterogeneous Graph Attention Network (E2HGAT), with
an attention-based decoder. By incorporating edge attributes to effectively characterize
path costs under spatial constraints, E2ZHGAT corrects spatial distortion. Furthermore,
our approach supports flexible extension to diverse payload scenarios via node attribute
adaptation. Extensive experiments conducted in simulated environments with obstructed
maps demonstrate that the proposed method outperforms baseline algorithms in task
success rate. Remarkably, the model maintains its advantages in generalization tests on
unseen maps as well as in scalability tests across varying problem sizes. Ablation studies
further validate the critical role of the proposed encoder in capturing spatiotemporal de-
pendencies. Additionally, real-time performance analysis confirms the method’s feasibility
for online deployment. Overall, this study offers an effective solution for MRTA problems
with complex constraints.

Keywords: multi-robot task allocation; reinforcement learning; deep learning; graph
neural network

1. Introduction

Multi-Robot Task Allocation (MRTA) stands as a critical challenge in the collaboration
of multi-robot systems. Its core objective lies in determining the optimal “task-robot”
matching through effective coordination mechanisms, aiming to maximize the overall
system utility (e.g., task success rate) while ensuring conflict-free decision-making [1]. With
rapid advancements in autonomous technologies, MRTA has demonstrated essential value
in fields such as precision agriculture [2], logistics and warehousing [3], unmanned recon-
naissance [4,5], hazardous environment monitoring [6,7], and cooperative mapping [8]. In
these real-world applications, the complexity of the environment and the diversity of tasks
pose severe challenges to the efficiency and robustness of allocation algorithms.

According to the taxonomy proposed by Gerkey [1], MRTA problems are categorized
based on three axes: robot type (Single-Task vs. Multi-Task), task type (Single-Robot vs.
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Multi-Robot) and assignment type (Instantaneous vs. Time-extended). This study focuses
on the allocation problems with single-task robots, single-robot tasks, and time-extended
assignments (ST-SR-TA), where a single robot executes tasks serially and independently.
When tasks are subject to deadlines and robots are permitted to execute a sequence of
tasks, the problem falls into the category of In-schedule Dependencies (ID). Nunes et al. [9]
indicate that MRTA with temporal constraints represents the most intensively studied
scenario, aligning with the rigorous deadline requirements of most practical applications.

MRTA is a typical NP-hard combinatorial optimization problem that has been ad-
dressed by a suite of classic approaches, including exact methods like Mixed Integer
Linear Programming (MILP) [10,11] and approximate methods such as clustering al-
gorithms [12,13], heuristics [14,15], meta-heuristics [16-18], and market-based mecha-
nisms [19,20]. Exact methods centrally optimize and thus guarantee global optimality,
whereas approximate methods trade optimality for real-time efficiency. Nevertheless, both
non-learning paradigms struggle with large-scale or dynamic instances. On the one hand,
exact solvers suffer from combinatorial explosion, consequently, their runtime grows pro-
hibitively as problem size increases. On the other hand, heuristics depend on hand-crafted
rules that are tightly coupled to specific scenarios, limiting their ability to generalize when
the environment changes.

MRTA is a typical NP-hard combinatorial optimization problem that has been ad-
dressed by a suite of classic approaches, generally categorized into exact and approximate
methods. Exact methods, such as Mixed Integer Linear Programming (MILP) formulated
in [11] and the CLIP algorithm in [10], centrally optimize to guarantee global optimality.
However, they suffer from combinatorial explosion, causing runtimes to grow prohibitively
as problem size increases. To address real-time constraints, approximate methods trade
optimality for efficiency. These include clustering algorithms [12,13], heuristics [14,15],
meta-heuristics [16-18], market-based mechanisms [19,20], and graph-based approaches
like the BiG-MRTA [10]. While effective in their respective domains, these non-learning
paradigms encounter significant challenges when applied to the complex spatial envi-
ronments with obstacles considered in this study. Specifically, graph-based and heuristic
methods often rely on simplified metrics (e.g., Euclidean distance) to maintain responsive-
ness, which fails to capture the non-linear path costs imposed by obstacles. Conversely,
incorporating precise path planning into their iterative evaluation processes (e.g., fitness
calculation in meta-heuristics or edge weighting in graph matching) would introduce a
prohibitive computational bottleneck. Furthermore, rule-based heuristics often depend on
scenario-specific designs, limiting their generalization across varying map topologies.

In recent years, the rapid development of deep learning has offered a new paradigm
for solving combinatorial optimization problems. Kool et al. [21] proposed modeling
the Traveling Salesman Problem (TSP) and Vehicle Routing Problem (VRP) as sequential
decision-making frameworks, achieving near-optimal results using deep reinforcement
learning. Inspired by this, Wang et al. [22] incorporated the MRTA problem into similar
frameworks, achieving promising results in temporal-constrained scenarios via imitation
learning; however, the reliance on expert data limits its generalization ability. To improve
scalability, recent studies [23,24] represented the MRTA problem as a graph structure
utilizing Capsule Networks and Covariant Compositional Networks for feature extraction.

However, despite retaining the effective sequential decision-making backbone, these
methods often overlook the environmental spatial constraints that are inextricably linked
to execution time. Existing approaches typically encode the coordinate attributes of robots
and tasks directly, implicitly assuming that the distance between nodes is the Euclidean
distance. However, in complex real-world environments characterized by high-density
obstacles or structural partitions, the Euclidean distance fails to reflect actual path costs,
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leading to spatial information distortion. A previous study [25] considered spatial con-
straints in MRTA, yet its focus remained on avoiding conflicts within robot workspaces
rather than addressing the fundamental impact of obstructed maps on path planning and
task reachability.

To capture these complex dependencies, Graph Neural Networks (GNNs) incorporat-
ing edge attributes, exemplified by architectures such as EGAT [26] and HGT [27], have
emerged as a promising direction. In the domain of robotic task scheduling, recent works
have adopted these concepts; notably, Gao et al. [28] utilized edge-featured GATs to model
transmission delays, while Ma et al. [29] employed heterogeneous graphs to describe
collaborative relationships. Nevertheless, a structural limitation persists regarding the
integration of physical constraints within these architectures. Most existing approaches
incorporate edge attributes primarily to modulate attention weights, effectively treating
them as auxiliary scalar biases. This design implies that while edge attributes influence
the aggregation mechanism, specific edge information becomes implicitly fused into node
features rather than being propagated as a distinct component. In scenarios characterized
by strict spatiotemporal coupling, reliance on such implicit fusion potentially compromises
the fidelity of physical constraints within the final embeddings, thereby constraining the
solver’s ability to discern tasks that exhibit logical proximity but remain physically distant.

To address this limitation, this study formulates the MRTA problem as a Markov
Decision Process over a directed heterogeneous graph and proposes the Edge-Enhanced
Attention Network (E2AN). Central to this framework is the Edge-Enhanced Heteroge-
neous Graph Attention Network (E2HGAT) encoder. Distinct from generic edge-aware
GNNs, E2HGAT is architecturally engineered to specifically preserve the fidelity of phys-
ical constraints against implicit fusion. It incorporates an MPNN-inspired [30] spatial
pre-injection to ground node features with physical distances and employs a novel dual-
path residual mechanism driven by edge attributes. This residual structure establishes a
dedicated information channel for physical constraints, ensuring they are explicitly pre-
served alongside semantic features processed by edge-enhanced aggregation. Furthermore,
a dynamic gating mechanism is introduced to adaptively fuse these spatial insights with
high-level representations. Finally, we integrate an attention-based decoder to construct
an asynchronous sequential decision-making framework. This integrated design not only
corrects spatial information distortion in complex environments but also enhances the
model’s generalization across varying problem scales, with the flexibility to adapt node
attributes for diverse payload requirements.

The main contributions of this paper can be summarized as:

1.  To address environmental spatial constraints in temporal-constrained MRTA, we pro-
pose a Markov Decision Process (MDP) model founded on a directed heterogeneous
graph. This model operates within an asynchronous sequential decision-making
framework and accommodates extensions for diverse payload requirements. This for-
mulation transforms the high-dimensional combinatorial optimization problem into
sequential assignments for deep reinforcement learning. Ultimately, the integrated
paradigm intrinsically embeds environmental spatial constraints within the MRTA
architecture, ensuring that allocation decisions align with physical realities.

2. To adapt to the directed heterogeneous graph modeling, we propose the E2AN. Built
upon an encoder—decoder architecture, the core E2HGAT encoder fuses spatial edge
attributes with node features to correct spatial information distortion. Coupled with
an attention-based decoder, the network enhances the policy model’s capacity to
capture spatiotemporal dependencies inherent in the coupled constraints.

3. We constructed a simulated environment considering temporal and environmental
spatial constraints. Through multi-dimensional experimental evaluation—covering
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in-distribution testing, cross-scenario generalization, and cross-scale scalability test-
ing—we verified the effectiveness of the proposed method in both basic scenarios and
extended diverse payload scenarios. Benchmarking against baselines and ablation
variants shows higher task success rates across different map environments and prob-
lem sizes. Furthermore, the analysis of real-time performance confirms the method’s
computational efficiency and feasibility for online deployment.

2. Problem Formulation

This section focuses on the ST-SR-TA class of Multi-Robot Task Allocation problems
with temporal and environmental spatial constraints. In this scenario, tasks far outnumber
robots, so each robot must navigate through the environment to carry out multiple tasks
in sequence. This study centers on ground robots whose motion plans are constrained by
regional traversability. Building on this setting, the environmental spatial constraints are
encoded directly into the optimization model by representing obstacle-partitioned regions
on a grid map. The formulation is further generalized to accommodate diverse payload
requirements, ensuring that the robot’s working capacity matches the requirements of the
assigned tasks. The subsequent subsections will first provide a detailed description and
formal formulation of the MRTA problem, followed by its modeling as a Markov Decision
Process over a heterogeneous graph.

2.1. MRTA Problem Description and Formulation

We formulate the problem as a MILP model. Building on temporal-constrained
approaches [10,31] and incorporating environmental spatial constraints from the map,
we state the model as follows. Let R = {1,...,ng} denote the set of robots, and
T ={1,...,n7} denote the set of tasks. Each task i is characterized by a workload w; and a
deadline D;. The working capacity of robot r is denoted by c;, and the service time of task i
is given by s, ; = w;/c,. To satisfy spatial constraints, we precompute exact robot-to-task
travel distances offline with path planning algorithms like A* instead of using Euclidean
estimates on the 2D map. Assuming a uniform and consistent travel speed for the robots,
we derive the exact travel time f; ; between locations and the arrival time tffiart. The decision
variables of this problem are defined as follows: the binary variable v, ; ; equals 1 if task i
is assigned as the s-th task in robot 7’s sequence, where Smax is the maximum number of
tasks per robot. Variable x; equals 1 if task 7 is completed successfully. Additionally, the
task start time T; and completion time C; are defined as continuous variables. The domains
of the relevant variables are defined as follows:

Yrs,i € {0/1}/ X € {0/1}1 Ti > 0/ Ci > 0. (1)

The optimization objective is to maximize the number of completed tasks that satisfy
deadline constraints. The objective function is formulated as:

max Msuccess = Z Xj. ()
i€T

The constraints for the MILP model are described in Equations (3)—(8). Equation (3)
ensures that a task is assigned to a single robot and occupies a unique position in the
sequence. To linearize conditional constraints and ensure they apply only to active robot—
task assignments, a sufficiently large constant M is introduced. The value of M is set to
twice the maximum deadline, i.e., M = 2 max; D;. Equation (4) enforces the validity of all
assignments, ensuring that completion times do not exceed deadlines. Due to temporal
constraints, if a task can be successfully assigned to a robot (satisfying the deadline), it is
considered successfully completed, as implied by Equation (5). Equation (6) guarantees

223 https://doi.org/10.3390/app16020904



Appl. Sci. 2026, 16, 904

that the completion time of a task is greater than its start time plus the execution duration,
where S = {0, ..., Smax} denotes the range of the task sequence. Equation (7) ensures that
the sequential arrangement of tasks adheres to spatial constraints, where §=S8 \ {Smax}-
Equation (8) guarantees that every robot can reach its first assigned task from its start point.

SmaX
2 2 Yrsi = 1 vieT, 3)
reR s=0
CiSDi—kM‘(l—xi) VieT, 4)
SmaX
=YY ysi VieT, @)
reR s=0
C>T +8;— M- (1 — yr,S,i) VreR, VseS, VieT, 6)

Ti>Cittij— M- (2= Ypsi—Yros1,) VrER VsES,VijeT, i), ()

T, > 85— M- (1—y,0i) VreR,VieT. (8)

To address diverse payload requirements, we extend the robot capacity ¢, and the
task workload w; to K-dimensional vectors in RX. Assuming each task i requires a specific
payload type k;, w; is defined as a sparse vector with a non-zero value exclusively in the
k;-th dimension.

This study defines a binary variable p, ; € {0,1} to indicate if robot r is equipped with
payload k. Robots can carry multiple payloads, resulting in multi-dimensional capacity
vectors ¢,. Payloads are divided into basic (carried by all robots) and specific. We assume
each robot carries exactly one specific payload, which determines its category. Accordingly,
task requirements are subdivided into basic requirements and specific requirements: a
basic requirement corresponds to a basic payload and can be satisfied by any robot; a
specific requirement corresponds to a specific payload and can only be satisfied by the
corresponding category of robots. Since robots can execute multiple types of tasks, different
types of tasks must compete for the same robotic resources, which increases the coupling
and complexity of the problem.

To ensure the matching between capabilities and requirements, task i can only be
assigned to a robot equipped with the corresponding payload k;. This constraint is formal-
ized as:

S max

Z Yrs,i < pr,ki Vr € R/ icT. (9)
s=0
This constraint guarantees that a robot lacking the necessary payload cannot execute
the task. Accordingly, the service duration s, ; is determined jointly by the workload in the
corresponding dimension and the robot’s efficiency in that dimension, calculated as:

Wi k;

. (10
Cr,ki )

Sri =

’

2.2. Markov Decision Process over a Heterogeneous Graph

Since the essence of the MRTA problem lies in seeking an optimal matching between
two sets of entities, we draw upon the classic bipartite graph matching model to formulate
the problem as an MDP over a complete directed heterogeneous graph G = (V,£). The
node set V = Vr U Vr comprises two categories: robot nodes and task nodes. Robot node
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attributes consist of real-time position, current time, working capability, and operational sta-
tus (moving, working, idle). Task node attributes include deadline, coordinates, workload,
and task status (pending, completed). In this study, both workload and working capability
can be extended to K-dimensional vectors to match the diverse payload requirements of the
scenario. The edge set £ describes the spatial correlation between robots and tasks, and its
weights w;; are designed to quantify the connection strength between nodes. In scenarios
with diverse payload requirements, edges can only be established between robot and task
nodes when the payload matching relationship is satisfied. For these valid connections, to
eliminate dimensional discrepancies, a normalized weight function based on reachability

dij
wl-]- =uall-— ’ (11)
dmax

where d,-j is the precise distance solved based on spatial constraints, dmax is the distance cal-

is defined:

culated between diagonal endpoints of the environmental map, and « is a tuning coefficient.
This formula ensures that spatially proximal nodes possess higher correlation weights.

Based on the aforementioned heterogeneous graph structure, we model the task
allocation process as a sequential decision-making problem, formalized as an MDP tu-
ple (S, A,P,R).

State Space S: This describes the global state of the system at decision moment .
Specifically, state S; is composed of the current dynamic heterogeneous graph G; and the
static environmental map. The heterogeneous graph stores the current physical states of
robots and attribute features of tasks, serving as the primary input for the policy. The
environmental map provides spatial constraint information describing traversable areas
and obstacles, serving as the basis for accurate state updates. In this research scenario, static
obstacles are known a priori, and communication bandwidth among agents is sufficient;
thus, we assume the environment is fully observable, meaning the central scheduler can
access complete global state information in real-time, avoiding information loss caused by
partial observability.

Action Space A: To avoid conflicts arising from concurrent decisions by multiple
agents, the decision step does not equal the time step; instead, an asynchronous event-
triggered mechanism is adopted. At each decision step t, the system selects the robot r*
that is currently the first idle as the decision agent. The action set is defined as the index set
of optional tasks {0, ..., N7}. The selected action must be valid: candidate tasks must be
in the pending state and must not be reassigned. If the scenario involves diverse payload
requirements, the robot is required to be equipped with the specific payload required by
the candidate task.

State Transition P: We formulate the MRTA problem as a deterministic transition
model, where a valid task assignment means the task is deterministically completed,
without guaranteeing it finishes before its deadline. The model is described in Algorithm 1.
When action a; is executed—i.e., task i is assigned to robot r*—the graph structure updates
accordingly: task 7 is marked as completed, its completion time is logged, and it is removed
from the heterogeneous graph. Meanwhile, the state of robot r* is updated based on task
i, with its position transitioning to the task’s endpoint and its time state set to the task
completion moment.

Reward R: As current decisions have long-term impacts on the global schedule, quan-
tifying their immediate effect is difficult. Therefore, we adopt a sparse reward mechanism
to evaluate the overall solution only at the end episode. The reward function is defined
as follows:

- Z?:Tl R, if nsuccess < Nt

_T . N
e 'Y, if Nsuccess = 1T

R= ) (12)
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where ngyccess is the number of tasks completed on time, R; includes the overdue penalty
per task, and Ty denotes the global time cost. Their specific calculation methods are

as follows:
c .
= if C; > D;
Ry={ Dr DT (13)
0, otherwise
1 end
Ty = Z cne. (14)
max yeR

In Equation (14), Cf“d is the completion time of robot 7, and Dmax represents the
maximum deadline. The reward function is designed to balance feasibility and optimality:

e Penalty based on delay length: During the early training, when the policy fails to
complete all tasks, we use a penalty R; based on delay duration instead of the task
failure rate. This metric quantifies the degree of failure. It encourages the agent to
reduce the overdue duration even when a deadline violation is inevitable, preventing
passive task abandonment.

e  Reward based on time efficiency: When the policy completes all tasks before their
deadlines, the focus shifts to minimizing execution costs to further improve the policy.
At this stage, the reward function becomes positive, adopting an exponential decay
form e~ T¥. We utilize the total working duration of the robots as the cost metric and
use Dmax as a scaling factor for normalization.

Finally, to integrate the defined state, action, transition, and reward components into
a coherent operational framework, the complete asynchronous decision-making process
is detailed in Algorithm 1. This pseudo-code illustrates the complete interaction cycle,
demonstrating how the scheduler samples actions for idle agents, updates the global state
according to the transition model, and derives the sparse reward, thereby linking the
mathematical definitions to the procedural execution.

Algorithm 1 MDP Allocation Algorithm

1: Inputs: Robots R, Tasks 7, Map M, Policy 7y
2: Initialize: Ryctive <= R, Tpending < T, < 0, Construct Go

3: while Eending # O A Ractive # © do
4 r* < argmin,cg . (r.time) > Select first idle robot

active (

5 m; < GetMask(r*, Tpending)
6 if m; = 0 then
7: Ractive < Ractive \ {r*} > No valid tasks
8 else
9 ay ~ 19(Gr) © my > Sample valid task i*
10: St41  StateUpdate(Sy, a¢)
11 Giy1 < UpdateGraph(Gy, S41)
12: Tpending < Tpending \ {at} > Update pending task set
13: t+—t+1
14: end if

15: end while
16: if Nguccess = N then

17: R« e T¥ > Reward for global time efficiency
18: else

19: R+ —Y R; > Penalty for failed tasks
20: end if

21: return R

226 https://doi.org/10.3390/app16020904



Appl. Sci. 2026, 16, 904

3. Methods

Based on the Heterogeneous Graph Markov Decision Process constructed in
Section 2.2, the present section implements a deep reinforcement learning method within
a heterogeneous graph framework. Specifically, this study proposes the Edge-Enhanced
Attention Network (E2AN). This method employs an encoder—decoder architecture as the
policy model to generate optimal task allocation schemes through asynchronous sequential
decision-making, as illustrated in Figure 1.

State S, (Heterogeneous Graph) Task Selection
Probabilities
Task 1 RobatA E2AN Policy Network (masked)
Payload A req Payload A, a
C cap. Active
Graph 0.6
Encoder
Robot B

Greedy . .
Payload B| Decoder —— Policy Action ag, :
Ccap. argmax(a; ) Select Task 3

Task2  payioad C req 0.20.2
Payload A req Active
o x
e Task 5 TImMT2ET3 NT4 W T5
Payload Breq payload B req
(a)
State S, (Heterogeneous Graph) Task Selection
Probabilities
Task 1 Robot/a E2AN Policy Network (Masked)
Payload A req Payload A, ,7
Ccap.

0.7

Graph
Encoder

Greedy

Action ag, :

----- — Payload B — Policy
Task 3 icctai\;/ne. 0.3 argmax(a;) Select Task 4
Task2  payload Creq
Payload A req Active
Robot B 00 0
Task 4 Task 5 Index TIET2ET3ET4WTS

Payload Breq payload B req

(b)

Figure 1. Illustration of an MRTA policy deployment via E2AN. (a) At time ty, task 3 is assigned
to robot A; (b) at time t;, task 4 is assigned to robot B. The E2AN output is reset to zero for the
previously assigned task (task 3 in panel (b)) and for tasks that do not satisfy the payload matching
relationship due to the lack of corresponding payloads.

Initially, the Edge-Enhanced Heterogeneous Graph Attention Network (E2HGAT)
functions as the core encoder and takes the constructed heterogeneous graph as input. It
extracts the attributes of robot and task nodes along with their topological connections.
The encoder maps all nodes into high-dimensional embeddings containing global spa-
tiotemporal information. These node embeddings are input to the attention decoder. It also
receives the index of the robot making decisions, which is the first idle one. The decoder
then calculates the selection probability distribution for the robot across all valid tasks. The
policy greedily selects actions based on this distribution to interact with the environment,
and this process iterates until a complete task sequence is formed. For optimization, the
proposed method employs the REINFORCE algorithm with a baseline to reduce variance
in gradient estimation and enhance policy convergence.
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3.1. Edge-Enhanced Heterogeneous Graph Attention Network Encoder

We propose an Edge-Enhanced Heterogeneous Graph Attention Network encoder
as the core encoder module. As shown in Figure 2, taking the raw heterogeneous graph
G = (V, &) containing robot and task nodes as input, the encoder maps all nodes into a uni-
fied high-dimensional embedding space H;;, containing both local attributes and global
topological structures through stacked multilayer message passing. Functioning as an
“Edge-to-Edge aware” architecture, it distinguishes itself from generic GNN architectures
by structurally integrating spatial constraints across all processing stages: initialization,
attention modeling, propagation, and fusion.

f .
Input Heterogeneous Preprocessing & Spatial h g Heterogereaus Convolution Layer ) Final Output
Graph G Pre-injection (X2 Repeat) p
ARawbEdge I (— EdgeFeature )
ttributes
Enhancement
(ej1) Edge-to-Node SPatlaI ir (MLP+Gating
Pre-aggregation +TypeEmb Ey)
(MLPy,c(mean)) P
Enhancement
v " y Edge Features &;; E—— Encoded Node
Initial Heterogereous Y — Embeddigs
6 Features RGAT Conv > GaIEed 0
A h©® (Attention) Conv Features Fusion final
Raw Node — pED h® (Robots & Tasks)
conv
Attributes )
(x:) d ; _ A
Node Projection Dual-Path Residual Residual A®
(Linear+LeakyRelu) q Mechanism
. = . 1+1)
(MLP+Weighted) ) Auxiliary Residual h,,,
_4 4 \ J

Figure 2. Overview of the E2ZHGAT Encoder. After initializing h(?) from raw node attributes x;
and spatial edge attributes e;;, the model utilizes stacked convolution layers. Within each layer, a
Dynamic Gated Fusion module integrates features from the RGAT Convolution (driven by enhanced
edges é]-{) and the Dual-Path Residual Mechanism. This process iteratively updates embeddings
h(+D) to generate the final representation H ).

Addressing the MRTA with diverse payloads, the framework projects node attributes
of varying lengths, such as k-dimensional capability requirements, into a unified feature
space. This mechanism enables the model to adapt to arbitrary input dimensions without
altering the core architecture. Unlike homogeneous graph networks, this framework mod-
els robots and tasks through type-specific projection layers. This design integrates edge
attributes throughout. Therefore, the model captures both the environmental spatial con-
straints and the highly coupled temporal constraints in MRTA. By leveraging the intrinsic
relation-aware characteristics of RGAT, the encoder achieves permutation invariance, so
node embeddings are robust to variations in node indexing order. The architecture includes
five modules for enhancing spatial awareness: Spatial Information Pre-injection, Edge
Feature Enhancement, Heterogeneous RGAT Convolution, Dual-Path Residual Mechanism,
and Dynamic Gated Fusion.

Drawing inspiration from the aggregation philosophy of Message Passing Neural
Networks (MPNN) [30], we implement a Spatial Pre-injection mechanism. Distinct from
standard MPNNs that use edges conditionally during message construction, we position
this as a preprocessing step to explicitly embed neighbor physical distances into the initial
node representation h(%) before node attribute interaction. Initially, node features x; are
converted to the same hidden dimension D using type-specific linear layers.

h(®) = LeakyReLU(W/Uix;), (15)
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where ¢(i) represents the node type. The edge attribute e;; is aggregated through sum-
mation operations and then projected into vectors by the multi-layer perceptron (MLPyy),
which will be injected into the initial features:

0) , (0 1 )
h:” « hi"” +MLP,y, | N(i)‘je%(i)eﬂ , (16)

where N (i) is the set of neighbors for node i.

The encoder consists of two stacked heterogeneous graph attention convolutional lay-
ers. This design enables interaction information between indirectly connected nodes, such
as tasks competing for the same robot, to propagate through multi-hop message passing.

In each convolutional layer, Edge Feature Enhancement is applied as an initial step
to fuse ej; with its corresponding edge type embedding E,(; ;). Although the topology
contains only robot-task connections, directionality is modeled by learning distinct edge
type embeddings E; ;) conditioned on the start node type. Furthermore, a gating function
o(+) is incorporated to suppress long-range or weakly relevant connections, acting as a
physical filter before attention calculation. The formulation is defined as

e'jj = LayerNorm (MLPey(eji)) + Ey(i i)/ (17)

Eji = U(Wgatg [e/]'l' I eji]) ® e’jl-, (18)
where || is concatenation, © denotes element-wise product, and &;; represents the enhanced
edge features.

The RGAT mechanism is used to model graph heterogeneity, allowing it to learn
independent parameters and attention patterns for different edge types. Unlike standard
RGAT [32] which relies solely on discrete relation types, or EGAT [26] which focuses
on continuous attributes, our design implements a hybrid attention. This study intro-
duces enhanced edge features &;; in the attention coefficient calculation. By concatenating
edge and node attributes, we incorporate spatial information into the input, as shown in

Equation (19).
l I ~
aj; = softmax (LeakyReLU (a” [Wyh" | Wb | W), (19)
I+1 l
hz(,ch:nzf = Z ajiwvh](' )’ (20)
JEN)
where hl(l) and hfl:gizl are the [-th layer input features and current layer convolutional

output features; Wy, , .1 are learnable projection matrices; a is the attention vector corre-
sponding to the directed edge type; and N (i) is the neighbor set of node i.

In addition to retaining the standard feature residual connection (h® + h&}l,)), Dual-
Path Residual Mechanism introduces an auxiliary Edge-Attribute-Driven residual path.
Distinct from standard residual connections that solely preserve node semantic continuity,
this mechanism establishes a dedicated channel independent of node semantic similarity. It
explicitly transmits edge-conditioned statistical information across layers to prevent spatial
constraints from being obscured via implicit fusion with high-dimensional node features.
Specifically, raw edge attributes are first mapped to scalar weights wj; = ¢(MLPg; (ej;))
via a projector. Subsequently, neighbor features are aggregated based on these weights to
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generate the auxiliary residual vector hl(l;l}() As shown in Equation (21), this mechanism

ensures that features of proximal nodes are highlighted and preserved.

L wjh"

(I+1) j
hi,aux - MLPprOj(Zwﬁ +€)/ (21)
]

where € is a smoothing term added to prevent the denominator from becoming zero.

At the end of each graph convolutional layer, to adaptively integrate newly extracted
topological features with retained residual information, we use Dynamic Gated Fusion.
Unlike standard Gated GCNs that rely on node states, E2HGAT introduces an edge-
conditioned gating mechanism, enabling the model to adaptively regulate message prop-
agation strength according to edge semantics. Initially, a learnable update gate z; is
calculated to determine the optimal ratio for feature fusion. Then, the fused features are
processed through Layer Normalization and an ELU activation function to generate the

final node embedding hflﬂ) for the current layer:
I+1
zZ; = 0—<wupdateh§,c-gnz,)/ (22)
I+1 I+1 1 I+1
hl( )~ LayerNorm (ELU (z,- © hz(,c+on3/ +(1-2z)0© (hl( ) 4 hl(atx)))) (23)

3.2. Multi-Head Attention Mechanism Based Decoder

This study implements a stepwise allocation decoder based on Multi-Head Attention
(MHA), which transforms the decoding process into a probability generation task for a
specific robot. In each decision-making step, the model selects the first idle robot, calculates
the selection probability of the robot for all valid tasks, and then greedily selects the
optimal task. This process is repeated until all tasks have been assigned. This point-wise
construction mechanism can decompose combinatorial optimization problems into a series
of sub-problems, which makes the strategy more robust under different problem scales and
agent configurations.

The attention mechanism constructs the Query vector (q) and Key—Value pairs (K, V).
In this model, K and V are projections of the task node embeddings H,,sx and remain
invariant across decision steps. Conversely, the Query vector q; is dynamically constructed
via a linear projection of the context vector. This context vector integrates the current robot’s
embedding, the mean embedding of peer robots, and the global mean of task embeddings.
This design enables q; to act as a probe, selecting the most compatible target from the task
feature space.

The decoder performs multi-head scaled dot product attention calculation, using
8 parallel attention heads. In each head #, the dynamic robot Query interacts with the
global task Keys to compute compatibility scores. The calculation process is as follows:

Attention(Q, K, V) = softmax(QKT) A% (24)
7 4 ,\/dik 7

MultiHead(Q, K, V) = Concat(heady, ..., head H)WO, (25)

where WO is the output projection matrix. The outputs from the multiple heads are
concatenated and linearly transformed to generate a latent vector rich in context information
for the current decision step.
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In the final output stage, to map the latent vector back to the discrete action space,
the decoder utilizes a single-head attention mechanism to multiply the MHA output with
a Logit K pointer, obtaining the final pointing score for each task. The Logit K pointer is
derived from the global task node embeddings H;, via a linear transformation. Since
the decoding process must ensure the generated task sequence satisfies all constraints and
is nonrepetitive, we introduce a hard masking strategy prior to softmax normalization.
The system maintains a binary mask based on the current state, forcing the Logit values
corresponding to already assigned tasks and tasks incompatible with the current robot’s
payload capacity to —oco. This operation ensures the probability distribution is defined
exclusively over the set of valid tasks. Subsequently, the policy outputs action a; via greedy
decoding based on this distribution, marks the task as completed, and proceeds to the next
decision step until N assignments are completed.

3.3. Training Algorithm

Although the MILP formulation constructed in Section 2.1 theoretically provides a
mathematical form for optimal solutions, the NP-hard nature of the MRTA problem renders
the acquisition of large-scale, high-quality ground truth labels computationally prohibitive
as the problem size increases. This computational bottleneck severely restricts the feasibility
of supervised learning approaches. Consequently, building on the MDP framework defined
in Section 2.2, the proposed method employs the REINFORCE policy gradient algorithm to
train the proposed neural network.

To effectively mitigate the variance in gradient estimation, we incorporate a greedy
rollout baseline mechanism. The baseline update condition is that the paired t-test shows
that the current strategy reward is better than the baseline and p-value is less than the
significance level & = 0.05. The gradient approximation of the objective function J(6) with
respect to the model parameters 6 is formulated as shown in Equation (26):

M=

Vo] (0) =~ % (R(si,a;) — b(s;))Vglog pg(ails;), (26)

i=1

where B denotes the batch size; s; represents the state of the i-th input instance; a; is the
action generated by the current policy py; and R(s;, a;) is the cumulative reward. The term
b(s;) serves as the baseline value, that is, the reward obtained by the baseline policy for the
same state s;.

Independent training and validation sets were generated for each epoch. During
training, the decoder employs stochastic sampling instead of greedy strategy to enhance
exploration and prevent premature convergence. The validation set evaluates the current
policy 79 against the baseline 7y, .

4. Results

To systematically evaluate the generalization and scalability of the proposed method,
this study designed the experiments in two progressive stages. In the initial stage, we
focused on a basic MRTA scenario involving temporal constraints and environmental
spatial constraints. By constructing simulated environments and datasets, we established
the performance advantage of our model on basic problems through baseline comparisons,
generalization tests, scalability tests and ablation studies. Subsequently, the experimen-
tal scenario was extended to include diverse payload requirements, comprehensively
verifying the model’s adaptability under complex constraints. Finally, we measured the
model’s inference latency to evaluate the real-time responsiveness of the proposed ap-
proach, thereby completing the evaluation pipeline from basic generalization and scalability
to online deployability.
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4.1. Design of Experiments

This section specifies the simulation setup for the basic MRTA scenario. This study
introduced environmental maps to impose spatial constraints, utilizing a benchmark dataset
from the field of Multi-Agent Path Finding (MAPF) [33] as the map resource library. The
dataset includes mazes, rooms, city, and random obstacles, as shown in Figure 3. To
increase the complexity of spatial constraints, we selected structurally benchmark maze
map to construct the training environment and used other map types for generalization
tests.

Figure 3. Environment maps selected for this study. (a) Benchmark maze. (b) Normal maze. (¢) Com-

plex maze. (d) Simple room. (e) Complex room. (f) City scenario. (g) Random obstacles. (h) Wild
scenario. Black and green regions denote obstacles; white and gray regions denote traversable areas.

In the basic scenario configuration, the simulation parameters were adapted from
the standard Task Allocation Problem with Time and Capacity (TAPTC) benchmark es-
tablished by Mitiche et al. [34] and utilized by recent baselines [23]. The map was set as
a 2D 100 x 100 grid to simulate a medium-sized environment characterized by complex
spatial obstructions. While the original benchmark considers obstacle-free settings, we
incorporated static obstacles to test spatial adaptability. Regarding system scale, we set
nt = 100 tasks and ng = 7 robots (the upper bound of the standard dataset). This robot
count was selected to provide sufficient total service capacity relative to the task volume in
obstructed environments. Temporal and physical parameters were calibrated to maintain
consistency with the benchmark while reflecting the dynamics of ground robots: the dead-
line D; was uniformly sampled from the interval [36,540], covering varying urgency levels.
A speed of 4 grid units per time step was selected to match the ground robot kinematics
with the map scale and environmental navigation constraints. The service capabilities of
robots and the workload requirements of tasks were uniformly sampled from the intervals
[1,2] and [10, 15], respectively, modeling realistic variations in operational capacity and
task difficulty.

Based on these parameters, we constructed the dataset and trained the model for
100 epochs using the training algorithm described in Section 3.3. Detailed training hyper-
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parameters are listed in Table 1. To ensure reproducibility and training stability, specific
architectural and optimization parameters were explicitly defined. The E2HGAT encoder
utilizes a 2-layer structure to capture sufficient topological depth without over-smoothing;
a detailed sensitivity analysis justifying this choice is provided in Appendix A. Meanwhile,
while the decoder employs an 8-head attention mechanism to diversify the focus on dif-
ferent task features. Furthermore, a gradient clipping threshold of 1.0 and a tanh clipping
of 10.0 were applied to prevent gradient explosion and constrain the logits range during
the reinforcement learning process. The test dataset was constructed with same scenario
configurations, each of which includes 100 fixed cases.

Table 1. The detailed hyperparameters used for model architecture and training.

Hyperparameter Value
Epoch 100
Training Dataset 10,000
Validation Dataset 1000
Hidden Embedding Dimension 128
Encoder GNN Layers 2
Attention Heads 8
Optimizer Adam (PyTorch 2.0.1)
Learning Rate 1x 1074
Gradient Clipping Norm 1.0
Tanh Clipping 10.0
Baseline Significance («) 0.05
Training Frequency 100

All simulations and algorithm implementations were executed using Python 3.8.
The proposed network architecture and training pipeline were developed using PyTorch
2.0.1, while the graph neural network modules within the encoder utilized the PyTorch
Geometric (PyG) library (version 2.6.1). Additionally, the SciPy library was employed to
accelerate path planning calculations in the simulation. All experiments were conducted on
a workstation equipped with an Intel Core i9-10900KF CPU (@ 3.70 GHz) (Intel, Santa Clara,
CA, USA), 64GB of RAM, and a single NVIDIA GeForce RTX 3090 GPU with 24 GB VRAM
(NVIDIA, Santa Clara, CA, USA).

4.2. Baselines

To comprehensively evaluate the performance of the proposed method, five baselines
were selected for comparison, including random selection method, optimization-based
method, graph-based method and two state-of-the-art learning-based methods:

1.  Random Selection (RD): Based on the asynchronous framework, this method selects
actions randomly from valid candidates. To ensure a fair comparison, we applied
the masking strategy from Section 3.2 to filter out completed or payload-mismatched
tasks, ensuring physical feasibility. This strategy serves to evaluate the difficulty
of scenario cases and establishes a performance lower bound. It verifies that the
proposed learning algorithm captures actual decision patterns rather than merely
relying on constraints.

2. CLIP-MRTA: Adapted from prior work [10], this method formulates the problem
as a MILP model using A* distances and environmental spatial constraints. We
employed the Gurobi solver (version 11.0.3) [35] with a 10-min runtime cutoff. Due
to computational complexity, it yields some feasible rather than optimal solutions
within the limited time.
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3. Capsule Attention Mechanism (CapAM): This approach [23] models MRTA problem
as a homogeneous task graph processed by a graph capsule network. In its decoding
stage, the query vector is constructed by concatenating the robot state with temporal
and peer information to handle task allocation.

4. Covariant Attention Mechanism (CAM): Distinct from CapAM, this approach [24]
employs a covariant compositional network encoder. It enhances representation by
extracting local k-nearest neighbor structural features. To ensure a fair comparison,
both CapAM and CAM were trained using the identical REINFORCE algorithm and
hyperparameter settings (Table 1) as our proposed method.

5. Bipartite Graph-based MRTA (BiG-MRTA): Representing a recent graph-based ap-
proach [10], this method maps the allocation problem to a weighted bipartite graph
structure. It employs a heuristic incentive model to quantify robot-task suitability
as edge weights and subsequently utilizes maximum weighted matching to derive
optimal assignments. Designed as an efficient online solver, this approach supports
decentralized deployment, serving as a robust baseline for evaluating performance
against traditional graph-theoretic algorithms in dynamic environments.

4.3. Generalization and Scalability Analysis

This section evaluates the performance of the E2ZAN method in basic MRTA scenarios.
Initially, this study conducted in-distribution testing to comprehensively compare E2AN
with five baseline algorithms, verifying the fundamental advantages of the proposed
method. Subsequently, we selected the two learning-based baselines to conduct further
generalization and scalability experiments on the trained models.

To clarify the experimental scope, we defined generalization as the model’s adapt-
ability to unseen maps. Although the model was trained only on benchmark maze maps,
it was evaluated on unseen maps including mazes and other categories. The probability
distributions of instance configuration parameters in the test set, such as task positions,
deadlines, and robot attributes, remain consistent with the training set, and the scenario
scale (number of tasks and robots) remains constant. Scalability was defined as the model’s
ability to handle problems of different scales. Since the model was trained with a fixed
scale, we generated evaluation cases of varying scales by changing the number of tasks
(increasing or decreasing) while maintaining a constant robot-to-task ratio.

Regarding evaluation metrics, based on the problem definition in Section 2.1, this study
adopted the task success rate as the core metric for allocation effectiveness. We visualized the
distribution of task success rates across 100 cases in the test set using box plots. This study
employed the median to quantify overall performance and the interquartile range (IQR) to
characterize stability. Performance differences were validated via paired t-tests (@ = 0.05).

In-Distribution Testing: We compared the E2AN algorithm with five baseline algorithms
on a test set that is equally distributed as the training set. As shown in Figure 4, the median task
success rate of E2AN was significantly higher than that of the baseline algorithm. Meanwhile,
the IQR of this algorithm was the narrowest, demonstrating the best stability.

After analyzing the performance of each algorithm, it was found that all methods
except RD could achieve a relatively high task success rate, which confirms their ability
to solve MRTA problems. Constrained by the computational complexity of the prob-
lem and the preset runtime, the CLIP method could not converge to the global opti-
mal solution in all test scenarios. Overall, the ranking of each algorithm is as follows:
E2AN > CAM > CapAM > BiG = CLIP > RD. The results of the paired sample ¢-test fur-
ther statistically verified the performance advantages of E2AN.

Generalization Tests: To assess the model’s adaptability in unseen environments, we
designed the generalization tests using six map types with completely different structures
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(corresponding to Figure 3b—g), which include new mazes, rooms, cities and random obstacles.
The experimental results in Figure 5 indicate that, in all test scenarios, E2AN maintains a
performance advantage over the baseline algorithms. Notably, the BiG-MRTA method exhibits
a significant performance gap compared to other approaches. Further analysis reveals that
performance differentiation becomes subtler in simpler maps due to saturation effects. In
simple scenarios (such as simple rooms and random obstacles), although the median of E2AN
and CAM both reached 100%, the lower quartile (Q1) and minimum value of E2AN are better.
This demonstrates that while most methods can handle general cases in simple environments,
E2AN exhibits superior stability in handling edge cases.
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Figure 4. Boxplot of the task success rate for in-distribution testing in basic MRTA scenarios. Different
colors represent different algorithms as labeled on the x-axis, and the dots denote outliers.
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Figure 5. Boxplot of the task success rate for generalization tests in basic MRTA scenarios. (a) Sce-
narios in normal maze. (b) Scenarios in complex maze. (¢) Scenarios in simple room. (d) Scenarios
in complex room. (e) Scenarios in city. (f) Scenarios in random obstacles. Different colors represent
different algorithms as labeled on the x-axis, and the dots denote outliers.
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Scalability Tests: We varied the problem scales by adjusting the number of tasks and
robots, with configurations set as (n,ng) = (50,4), (150,10), (200,14). As presented in
Figure 6, E2AN is in a leading position at every scale.The comparison of experimental
results in different scenarios shows that the task success rates of all algorithms increase as
the problem scale expands. The underlying reason lies in the fact that when the map size
is fixed, increasing the number of robots will enhance the distribution density of service
nodes, thereby reducing the difficulty of achieving full coverage of tasks.

100 ? T 100 I—‘—Ijl ? . 100 E E : _

2 e 2 . 2 .
g % 5 g 9% . g
© ° © e . »v 96
17} 17} ° 17}
g . g | g :
2 80 g 921 3
1] L] 1] . : 1]
% % %
= o . L S 88 s
X X X
. 84 88
60 °
CapAM CAM E2AN BiG CapAM CAM E2AN BiG CapAM CAM E2AN BiG

(@) (b) (0)

Figure 6. Boxplot of the task success rate for scalability tests in basic MRTA scenarios. (a) Scenarios
with 50 tasks and 4 robots. (b) Scenarios with 150 tasks and 10 robots. (¢) Scenarios with 200 tasks
and 14 robots. Different colors represent different algorithms as labeled on the x-axis, and the dots
denote outliers.

4.4. MRTA with Diverse Payloads

To test the algorithm under complex constraints, we extended the experiments to
scenarios with diverse payload requirements. Following the definitions in Section 2.1
exactly, the payload dimension was set to K = 4. The scenario was configured with
15 robots partitioned into 4 types, where the quantity of each type was randomly distributed
in the interval [2,6]. The 100 tasks were categorized based on supply-demand scarcity
into general demand (25 tasks across 2 types) and specific demand (75 tasks across 4
types). Except for the payload attributes, the generation logic for other spatio-temporal
parameters remains consistent with the basic scenario. For training, we selected the wild
scenario shown in Figure 3h, as it aligns better with diverse payload requirements. Since the
introduction of multi-dimensional payload vectors changes the node feature dimensions,
the input layer of the encoder was adapted. The model was then retrained with all other
hyperparameters kept unchanged to ensure a fair comparison.

Due to the computational complexity constraints of CLIP in solving high-dimensional
problems, only RD, CapAM, and CAM were selected as baselines in this section. As
illustrated in Figure 7, a comprehensive comparison shows that E2ZAN maintains a leading
position in key metrics, including median task success rate and distribution variance.
The results of the paired sample t-test further confirm that this performance difference is
statistically significant.

We selected two unseen map environments (Figure 3a,b) for generalization tests, and
adjusted the problem scales (number of tasks and robots) proportionally to (50,8) and
(200, 30) for scalability tests. The results in Figure 8, demonstrate that E2AN consistently
achieves higher task success rates and narrower variance across all settings.
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Figure 7. Boxplot of the task success rate for in-distribution testing in diverse payloads
MRTA scenarios. Different colors represent different algorithms as labeled on the x-axis, and the dots
denote outliers.
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Figure 8. Boxplot of the task success rate for generalization tests and scalability tests in diverse
payloads MRTA scenarios. (a) Scenarios in benchmark maze. (b) Scenarios in complex room.
(c) Scenarios with 50 tasks and 8 robots. (d) Scenarios with 200 tasks and 30 robots. Different colors
represent different algorithms as labeled on the x-axis, and the dots denote outliers.

4.5. Ablation Studies

To evaluate the EZHGAT encoder and attention decoder, we designed ablation studies
by replacing these components with Feed-Forward Networks (FFN) to construct two
ablation variants.

Encoder Ablation (FFE): For both robot and task nodes, independent MLP channels
(containing two linear layers) were employed to map raw attributes to the embedding
dimension, without performing any message passing between nodes.
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Decoder Ablation (FFD): The Multi-Head Attention-based decoder was replaced with
a feed-forward decoder. As shown in Equation (27), this module retains the original query
vector construction logic. It concatenates the query with the embedding of each task, then
reduces the feature dimension from 2D to 1 via a linear layer. Finally, it generates the
unnormalized score (logit) for the task using a LeakyReLU activation. The subsequent
masking strategy and decision-making logic remain strictly consistent with Section 3.2.

logit!®k = LeakyReLU (FFN (Concat (Hl-taSk, Q) ) ) , wherei € Vr. (27)

We comprehensively evaluated the performance of E2AN and its ablation models
under two scenario settings: basic MRTA and diverse payload MRTA. The evaluation
covers in-distribution tests, generalization tests, and scalability tests. The experimental
results are presented in Figure 9 (basic scenarios) and Figure 10 (diverse payload scenarios).
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Figure 9. Boxplot of the task success rate for ablation tests in basic MRTA scenarios. (a) Scenarios like
training. (b) Scenarios in normal maze. (c) Scenarios in complex maze. (d) Scenarios in simple room.
(e) Scenarios in complex room. (f) Scenarios in city. (g) Scenarios in random obstacles. (h) Scenarios
with 50 tasks and 4 robots. (i) Scenarios with 150 tasks and 10 robots. (j) Scenarios with 200 tasks
and 14 robots. Different colors represent different algorithms as labeled on the x-axis, and the dots
denote outliers.

In basic scenarios, E2AN achieves optimal results across all evaluation metrics. Al-
though the gap in median success rates narrows in some low-difficulty cases, E2AN still
demonstrates robustness in handling the worst cases. Comparing the two ablation variants,
FFD outperformed FFE. This observation suggests that the graph encoding mechanism
contributes more to model performance than the attention decoding mechanism.

With the increased complexity of diverse payloads, the performance gap widens
significantly, highlighting the limitations of the single module. This confirms that the
complete framework is essential for capturing intricate matching relationships.
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Figure 10. Boxplot of the task success rate for ablation tests in diverse payloads MRTA scenarios.
(a) Scenarios like training. (b) Scenarios in benchmark maze. (c) Scenarios in complex room. (d) Sce-
narios with 50 tasks and 8 robots. (e) Scenarios with 200 tasks and 30 robots. Different colors represent
different algorithms as labeled on the x-axis, and the dots denote outliers.

4.6. Analysis of Computational Efficiency and Scalability

Tables 2 and 3 provide a detailed analysis of inference latency under varying problem
scales and scenario types. The results from the six distinct data groups indicate that
although inference latency trends upward with problem scale, this growth is notably non-
linear. For instance, quadrupling the number of tasks from 50 to 200 results in a marginal
increase of only approximately 2 ms, confirming that computational complexity does not
escalate linearly with input size. Moreover, the transition from basic to diverse payload
scenarios incurs minimal computational overhead, demonstrating that E2AN maintained
stable performance regardless of problem size or constraint complexity.

Optimization-based methods, such as CLIP, operate as global planners that must solve
the entire problem instance before generating a final executable plan. This batch-processing
paradigm prevents them from making immediate decisions during execution. In contrast,
E2AN employs an asynchronous sequential decision-making framework, modeling task
allocation as an event-driven online process where decisions are triggered instantaneously
only when a robot becomes idle. Given this operational paradigm, inference latency, which
measures the computation time required for a single decision step, was adopted as the
primary metric for evaluating real-time capability in dynamic environments.

We evaluated real-time performance by calculating the average inference latency per
decision step across the test sets for each scenario configuration. The performance metrics
reported in this section were obtained using the workstation configuration detailed in
Section 4.1. The results are summarized in Tables 2 and 3.

Table 2. Comparison of average inference latency across different algorithms and ablation variants.

Method CapAm CAM E2AN FFE FFD
Inference Latency 2.43 ms 2.23 ms 11.09 ms 0.74 ms 10.64 ms

Table 2 compares the inference latency of E2AN against baselines and ablation variants.
Although E2AN (11.09 ms) entails a higher computational cost than simpler homogeneous
methods like CapAM and CAM, or the ablation variant FFE, this difference is primarily
driven by the E2HGAT encoder, as evidenced by the performance gap between FFE and
FFD. However, this latency remains at the millisecond level, which is negligible compared
to robot travel time. This indicates that E2AN effectively exploits potential idle time during
system operation. Thus, trading a slight increase in computation for significant gains in
decision quality is a justifiable strategy.
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Table 3. Comprehensive analysis of computational efficiency under varying scenario types and
problem scales.

Scenario Configuration Scale (ng/nT) Latency (ms) Peak VRAM (MB)
4/50 10.57 1105
Basic Scenario 7/100 11.09 1141
14/200 12.34 1249
8/50 11.00 1349
Diverse Payload 15/100 11.74 1367
30/200 12.76 1503
35/500 27.51 2079
Large Scale Extension 53/750 49.95 3255
& 70/1000 85.12 4985
100/1000 119.90 6551

To further investigate the hardware feasibility under extreme conditions, we extended
the experimental scope beyond the generalization tests in Section 4.3. While previous
results established that the success rate remains stable given the consistent map density,
this section focuses on the trends in computational cost as the problem scale of the basic
scenario expands up to 100 robots and 1000 tasks. The comprehensive results covering basic
scenarios (at standard and large scales) and diverse payload scenarios are summarized
in Table 3.

The results indicate that the system exhibits robust scalability with a predictable cost
growth pattern. By comparing the Basic and Diverse Payload scenarios, it is evident that
increasing constraint complexity incurs minimal computational overhead regarding latency,
although it introduces a slight constant increase in memory usage due to the additional
feature dimensions. Regarding memory consumption, the data reveals a quadratic growth
trend governed by the O(ng x nt) space complexity of the interaction matrix in the graph
attention mechanism. It is important to note a fixed base overhead of approximately
1100 MB required for the framework context and model weights; this base cost dominates
at smaller scales but becomes less significant as the dynamic portion increases with problem
size. Despite this growth, the peak memory usage in the largest tested scenario (100 robots,
1000 tasks) reaches 6.55 GB. Since the algorithm is designed to be deployed on a centralized
workstation acting as a global scheduler, this consumption is well within the capacity of
standard high-performance GPUs specified in Section 4.1.

Furthermore, while the inference latency rises to approximately 120 ms at the max-
imum scale, this delay remains operationally viable. Given the asynchronous, event-
triggered nature of the proposed framework, decisions are required only at discrete mo-
ments when a robot completes a task. Consequently, this millisecond-level computation
time is negligible compared to the physical execution time of tasks ranging from seconds
to minutes, ensuring seamless operational continuity even in large-scale deployments.

5. Discussion

This study focused on the MRTA problem with coupled constraints of obstructed
maps and deadlines while further handling diverse payload requirements. To address this
problem, we formulated the task allocation as a Markov Decision Process over a hetero-
geneous graph and proposed the E2AN method. Tests indicate that E2AN outperforms
baselines across basic and diverse-payload scenarios and maintains robustness even as
problem complexity increases.
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5.1. Mechanism Analysis

Further mechanism analysis reveals how the design of the framework contributes to its
performance. The generalization ability of the model in unseen map scenes is related to the
input form corresponding to the spatial constraints. This method does not use the raw map
image but takes precise path costs as edge attributes to avoid overfitting to the topological
structure of a specific map. Heterogeneous graph structures and asynchronous sequential
decision-making frameworks are key factors for the scalability of the system under different
problem scales. Among them, the heterogeneous graph structure allows nodes to flexibly
achieve quantity changes by altering some connections while the asynchronous decision-
making mechanism enables the decoder to dynamically adjust the query vector according to
the real-time system state. The adaptability of E2AN to diverse payload requirements stems
from its heterogeneous-graph encoder. Distinct from homogeneous methods relying on
decoders, E2AN utilizes a heterogeneous graph encoder to capture robot—task dependencies
and produces more discriminative features for downstream decisions.

5.2. Practical Deployment Framework

To clarify the applicability of the proposed algorithm in physical environments, we
delineate its operational positioning within a hierarchical control architecture. In this frame-
work, E2AN functions as a centralized global scheduler deployed on a high-performance
workstation. Crucially, this high-level decision-making module is structurally decoupled
from the low-level motion control and execution of individual robots. The specific opera-
tional workflow is detailed as follows:

e Input Stream: The system receives real-time state updates from the robot fleet via
a communication network. These updates include robot poses obtained from local-
ization algorithms, current operational status, and dynamic payload attributes. This
mechanism allows the system to support real-time updates for scenarios involving
payload switching or payload degradation. Simultaneously, the environmental map is
maintained globally. If onboard sensors detect new static obstacles, the global map
is updated and the edge weights in the heterogeneous graph are recalculated using
global path planning algorithms based on the latest map snapshot.

®  Decision Process: The E2AN policy is triggered asynchronously. Whenever a robot
completes a task or a new agent joins the network, the scheduler constructs the current
state graph S; and executes inference. As analyzed in Section 4.6, this inference occurs
on the workstation with millisecond-level latency to ensure immediate responsiveness.

e Output Stream: The scheduler outputs a target assignment ID to the specific robot.
The onboard local planner of the robot then executes the specific navigation. This layer
handles sensor noise, localization correction, and immediate avoidance of dynamic
obstacles such as pedestrians during execution.

This hierarchical separation ensures robustness. Although the global scheduler as-
sumes a deterministic transition model, the asynchronous event-triggered mechanism
prevents error accumulation. Even if sensor noise or dynamic obstacles cause execution
delays at the robot level, these deviations simply delay the next decision trigger with-
out invalidating the global logic because the scheduler always acts on the confirmed
real-time state.

5.3. Limitations and Future Directions

Despite the promising simulation results and the feasible deployment framework, this
study has several limitations that define the scope for future research:
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e Dependence on Global Environmental Models: The framework relies on a consis-
tent global map and stable communication to compute precise path costs. Conse-
quently, its adaptability may be compromised in partially observable scenarios such
as autonomous exploration or in highly dynamic environments where topological
structures fluctuate rapidly. Future research could integrate predictive traffic models
into the edge attribute construction to enhance robustness against environmental
uncertainty.

e Computational Scalability Limits: The interaction mechanism within the graph at-
tention network entails a memory complexity that grows quadratically with the
system scale. This characteristic imposes an upper bound on the maximum support-
able problem size and necessitates the deployment on centralized high-performance
workstations. While suitable for standard logistics scenarios, this computational cost
restricts infinite scalability for massive-scale swarms.

e Complex Collaborative Constraints: While the current model supports diverse pay-
load requirements via node attributes, it assumes a one-to-one mapping between
robots and payloads. Complex capacity trade-offs or multi-robot coalition tasks are
not explicitly modeled. Future research could extend the action space and graph
schema to address these combinatorial optimization challenges.

e Real-World Validation: The absence of physical experiments limits the evaluation
of the model regarding resilience to non-Gaussian noise and communication insta-
bility found in the real world. Future studies are encouraged to deploy E2AN on
a physical multi-robot testbed to validate the proposed architecture and explore
Sim-to-Real transfer techniques to bridge the gap between simulation training and
physical deployment.

6. Conclusions

This study proposes E2AN to address the MRTA problem characterized by temporal
and environmental spatial constraints, with the flexibility to accommodate diverse payload
requirements. By constructing a heterogeneous graph MDP model that supports asyn-
chronous sequential decision-making, we transform the high-dimensional combinatorial
optimization problem into a learnable sequential decision process. Experimental results
show that the proposed method consistently outperforms existing baselines across various
map topologies and problem scales. In particular, ablation and extended experiments
verify that the core E2HGAT encoder mitigates spatial information distortion in complex
environments by incorporating spatial edge attributes within a heterogeneous graph frame-
work. Moreover, the analysis of inference latency demonstrates that the method maintains
computational efficiency, validating its feasibility for online deployment.

However, specific costs and limitations exist. The graph attention mechanism entails
a quadratic growth in memory consumption relative to the system scale, which imposes
a theoretical limit on infinite scalability and necessitates high-performance centralized
hardware. Additionally, the reliance on global map availability may constrain robustness
in partially observable or highly dynamic settings.

This study provides an effective solution method with strong generalization, scalability,
and real-time capability for MRTA in complex dynamic environments.
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Abbreviations

The following abbreviations are used in this manuscript:

MRTA Multi-Robot Task Allocation
ST-SR-TA  single-task robots, single-robot tasks, and time-extended assignments
ST-MR-TA  single-task robots, multi-robot tasks, and time-extended assignments

TSP Traveling Salesman Problem

VRP Vehicle Routing Problem

RGAT Relational Graph Attention Network

E2AN Edge-Enhanced Attention Network

E2HGAT Edge-Enhanced Heterogeneous Graph Attention Network
MDP Markov Decision Process

MILP Mixed Integer Linear Programming

MHA Multi-Head Attention

IQOR interquartile range

FFN Feed-Forward Network

Appendix A. Sensitivity Analysis of Encoder Layers

This appendix provides a detailed sensitivity analysis of the number of convolutional
layers (L) in the E2ZHGAT encoder. This hyperparameter is critical as it determines the
receptive field of the Graph Neural Network, influencing both the model’s ability to capture
topological dependencies and its computational efficiency. We evaluated models configured
with L =1, L = 2, and L = 3 on the standard test set.

The impact of layer depth on task success rate is illustrated in Figure Al. The model
configured with a single layer (L = 1) consistently underperforms compared to deeper
architectures, confirming that sufficient depth is essential for robust generalization. This
limitation is attributed to the restricted receptive field, which prevents the effective ag-
gregation of information from indirect neighbors (e.g., resolving conflicting relationships
between multiple robots targeting the same task). Increasing the depth to L = 2 yields a
substantial improvement in success rates, indicating that a two-hop propagation is suf-
ficient to capture critical local topological constraints. However, further increasing the
depth to L = 3 results in negligible performance gains, suggesting a performance sat-
uration where additional layers offer no further benefit and may potentially introduce
over-smoothing risks.

In addition to performance, we analyzed the computational cost, as shown in Table A1.
The data indicates that peak GPU memory consumption remains consistent across all
configurations (~1140 MB), demonstrating that increasing the number of encoder layers
has a negligible impact on memory overhead. However, the inference latency increases
linearly with the number of layers. The 3-layer model increases the inference time by ap-
proximately 35% compared to the 2-layer model (15.00 ms vs. 11.09 ms) without providing
a performance gain. Therefore, to balance decision accuracy with real-time responsiveness,
we determined L = 2 to be the optimal parameter for the E2HGAT encoder.
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Figure A1. Boxplot of task success rates on the standard test set across different encoder layer counts
(L = 1,2,3). The median success rate saturates at L = 2, while L = 1 shows significantly lower
performance and higher variance. Different colors represent algorithms with different layer counts as
labeled on the x-axis, and the dots denote outliers.

Table A1. Computational efficiency analysis with varying encoder layers.

Encoder Layers (L) Inference Latency (ms) Peak GPU Memory (MB)
1 6.54 1140
2 11.09 1141
3 15.00 1143
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Abstract

Existing robotic water jet control methods are limited by fixed spray configurations and
low adaptability to complex or dynamic environments. These constraints hinder precise
targeting in three-dimensional spaces. To overcome this, we propose a reinforcement
learning-based water jet control framework that achieves accurate targeting without pose
or angle restrictions. Specifically, we introduce Goal-Priority Hindsight Experience Replay
(GPHER), a replay strategy that integrates the principles of Hindsight Experience Replay
(HER), Prioritized Experience Replay (PER), and curriculum learning. GPHER dynam-
ically adjusts sampling priorities based on goal-space distance, guiding training from
simple to complex goals. Combined with Truncated Quantile Critics (TQCs), this approach
accelerates convergence and enhances success rates. Both simulation and real-world exper-
iments validate the robustness and adaptability of the proposed method, demonstrating its
effectiveness for real-time robotic fluid control.

Keywords: robotic arm control; water-jet control; experience replay

1. Introduction

Intelligent water-spraying robots have attracted increasing attention due to their
potential applications in real-world scenarios such as firefighting, agricultural irrigation,
and building fagade cleaning. In firefighting tasks, robots are required to accurately direct
water jets toward flames in complex and cluttered environments while maintaining a safe
distance from hazardous areas [1]. In agricultural irrigation, crops are typically distributed
irregularly in three-dimensional space, requiring precise control of water jet positions to
ensure efficient watering while minimizing water waste [2]. Similarly, in building cleaning
and industrial washing tasks, water jets must be directed toward specific surface locations
at varying heights and orientations [3]. Achieving accurate water jet targeting in these
scenarios is challenging because the landing position of the jet depends on multiple factors,
including the nozzle position, orientation, jet velocity, and environmental disturbances
such as air resistance. These factors introduce complex nonlinear dynamics that are difficult
to model precisely using traditional analytical approaches.
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Furthermore, studying robotic fluid manipulation is also important from the perspec-
tive of embodied intelligence. As robots are expected to operate in increasingly diverse
environments, they must interact with objects with different physical properties, such as
rigid bodies, deformable objects, and fluids. Compared with rigid object manipulation,
fluid interaction introduces additional challenges due to its complex and dynamic behavior.
Therefore, investigating robotic water jet control not only addresses specific application
needs but also contributes to improving the general manipulation capabilities of robots in
complex environments.

Water jet control therefore represents a complex robotic manipulation problem. Exist-
ing robotic fluid manipulation studies have largely focused on liquid pouring tasks [4,5],
where fluids mainly flow downward under gravity. However, practical applications such
as plant watering, firefighting, and high-altitude cleaning involve more complex spatial
target distributions. To simplify the problem, many existing methods restrict certain control
variables. For example, some approaches fix the spray angle while adjusting only the
nozzle position [6]. In firefighting robotics, this strategy forces the robot to rely on base mo-
bility for coarse positioning, which severely restricts its ability to reach targets in vertically
cluttered environments such as multi-story buildings. Similarly, other studies keep the
nozzle position fixed and vary only the spray angle to control the landing point [7]. While
effective for planar targets, this approach cannot accommodate irregular three-dimensional
crop distributions in agricultural settings, where plants vary in both height and horizontal
offset. These simplified strategies fundamentally limit the controllable workspace and
make it difficult to reach arbitrary target positions in three-dimensional space. Moreover,
such control strategies often require significant manual tuning.

The choice of a robotic manipulator for water jet control is motivated by its inherent
advantages in dexterity and flexibility. Unlike fixed spraying systems or those with limited
mobility, a robotic arm provides multiple degrees of freedom (DOF), enabling simulta-
neous and continuous adjustment of both the nozzle’s position (X, Y, Z) and orientation
(pitch, yaw). This capability is essential for directing a water jet to arbitrary points in
three-dimensional space, a fundamental requirement in applications such as firefighting,
where the robot must maintain a safe distance from hazardous areas while accurately
targeting flames, or in agricultural irrigation, where crops are distributed irregularly across
varying heights and angles. By leveraging the full pose control of a manipulator, the system
can overcome the constrained workspace limitations of prior approaches [6,7] and achieve
precise targeting under complex environmental conditions. Furthermore, studying robotic
fluid manipulation with high-DOF arms contributes to the broader goal of embodied intel-
ligence: as robots are expected to operate in increasingly diverse real-world scenarios, they
must acquire the ability to interact with objects of varying physical properties, including
rigid bodies, deformable materials, and fluids. Mastering water jet control thus serves not
only a practical application need but also as a foundational step toward enhancing the
generalization and adaptability of robotic systems in unstructured environments.

Reinforcement learning (RL) offers a novel research paradigm for water jet control
tasks. Unlike traditional control methods that rely on accurate modeling, RL enables
adaptive learning and optimization of control policies through interaction with simulation
environments, without requiring explicit and complex fluid dynamic models. In contrast,
conventional water control methods struggle with high-dimensional control problems due
to their inherent limitations in control dimensionality. These methods often operate under
constrained conditions, for instance, with fixed spray angles, which leads to limited adapt-
ability and generalization capability. Despite the demonstrated flexibility and adaptability
of RL in handling complex control tasks, existing replay mechanisms exhibit significant
limitations in environments characterized by sparse rewards and complex goal spaces.
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Hindsight Experience Replay (HER) mitigates the sparse reward problem by relabeling
failed trajectories as successful experiences relative to achieved states, thereby improving
learning efficiency. However, its uniform goal sampling neglects the varying importance
of experiences for policy improvement, resulting in suboptimal sample utilization. In
contrast, Prioritized Experience Replay (PER) assigns sampling weights based on Temporal
Difference (TD) errors [8], enabling faster convergence but still suffering from inefficiency
in sparse-reward scenarios due to the lack of valuable feedback samples. Integrating HER
and PER has been explored to combine goal diversity with prioritized learning, yet the
pseudo-success samples generated by HER distort the TD error distribution. Because these
relabeled goals cluster in simpler regions of the task space, PER’s prioritization mechanism
is weakened, ultimately reducing training effectiveness.

To overcome these limitations, this paper proposes Goal-Priority Hindsight Expe-
rience Replay (GPHER), a joint sampling framework that incorporates both goal-space
distance and TD error. Adaptive weighting is applied to balance their influence across
different training stages. Integrated with the Truncated Quantile Critics (TQC) algorithm,
GPHER is evaluated in a simulated water jet control environment with air resistance
modeling. Experimental results show that GPHER significantly accelerates convergence
and enhances policy stability, achieving higher success rates, especially for high-difficulty
targets, thereby improving both learning efficiency and generalization in complex robotic
fluid control tasks.

Figure 1 illustrates the overall framework of the proposed robotic water jet control
system. The framework includes three main stages: simulation environment construction
for modeling the robotic manipulator and fluid dynamics, reinforcement learning-based
policy training using the TQC algorithm combined with the proposed GPHER mechanism,
and finally sim-to-real deployment with physical validation on a robotic platform. This
pipeline illustrates how the water jet control task is formulated, how the learning agent
is trained in simulation, and how the learned policy is transferred to the real system
for evaluation.

1 1
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1.Traditional control methods face significant limitations, including difficulties in accurately
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Figure 1. Overall pipeline of the proposed reinforcement learning framework for robotic water jet
control, including simulation environment construction, agent training with TQC and GPHER, and
sim-to-real deployment.
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2. Related Work
2.1. Robotic Water Manipulation Tasks

Robotic water flow manipulation is increasingly important in fields such as agriculture,
firefighting, and cleaning. Most existing research, however, focuses on liquid pouring or
fixed-point spraying in structured scenarios. For instance, Vatavuk et al. (2022) proposed a
vineyard spraying method based on Task Space Model Predictive Control, which performs
well in regularly planted vineyards but cannot adapt to complex three-dimensional target
spaces [9]. Wei (2024) developed a six-axis robotic arm with a tracked chassis for automated
irrigation, using Cartesian resolution and constrained joint optimization to reduce water
deviation [10]. Nonetheless, its path planning relies on static modeling and cannot dynami-
cally respond to plant morphology or obstacles. High-dimensional modeling complexity
has led most studies to adopt limited control approaches, adjusting only spray angles or
nozzle positions. Similarly, firefighting robots typically achieve coverage via base position
and manipulator posture adjustments while maintaining fixed nozzle orientation [6], a
strategy that is inefficient in cluttered or multi-level environments and prone to water
wastage. In summary, traditional spraying methods are constrained by limited control
degrees of freedom, poor environmental adaptability, and insufficient generalization.

These limitations highlight a fundamental challenge in robotic water manipulation:
the difficulty of obtaining an accurate analytical model of the water jet’s behavior. The
trajectory of a water jet is influenced by a complex set of parameters, which can be cat-
egorized into observable and unobservable factors. Observable parameters include the
nozzle’s position and orientation, the initial jet velocity, and the target coordinates. These
can be measured or controlled directly. However, numerous critical parameters are unob-
servable or highly uncertain in practice, such as the distribution of droplet sizes (which
significantly affects air resistance), real-time fluctuations in flow rate and pressure, ambient
air currents and turbulence, temperature-dependent variations in fluid viscosity and air
density, surface tension effects, droplet breakup during flight, etc. The combined influence
of these unobservable factors makes precise analytical modeling extremely challenging,
as they introduce nonlinearities and random variations that are difficult to capture with
deterministic equations. Conventional control methods for robotic water jet tasks can
be broadly categorized into several approaches. Model-based methods, such as inverse
kinematics combined with ballistic trajectory models, compute the required nozzle pose by
solving analytical equations of motion under simplifying assumptions (e.g., neglecting air
resistance or assuming uniform droplet size) [7]. While computationally efficient, these
methods suffer from significant inaccuracies when unobservable factors are present, as their
underlying models cannot capture the stochastic nature of real-world fluid behavior. Model
Predictive Control (MPC) has been applied in structured agricultural settings [9], where it
optimizes control inputs over a receding horizon based on a predefined dynamic model.
However, MPC’s performance degrades substantially in dynamic environments where
disturbances cannot be accurately predicted, and its computational complexity increases
with model fidelity. Adaptive control techniques attempt to compensate for modeling
errors online by estimating uncertain parameters during operation. Although they offer
some robustness, these methods struggle with the high-dimensional, nonlinear dynamics
of fluid—structure interaction and often require manual tuning of adaptation laws. More
recently, learning-based approaches have emerged, but early attempts still relied on hybrid
architectures that combine learned components with fixed analytical models [7], limiting
their ability to fully adapt to complex environments. The fundamental limitation shared
by these traditional methods is their reliance, whether explicit or implicit, on some form
of analytical model that cannot adequately represent the unobservable factors discussed
above. This motivates the adoption of a purely data-driven, model-free reinforcement learn-
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ing framework that learns control policies directly from interaction experience, without
requiring any prior analytical model of the fluid dynamics.

2.2. Experience Replay in Reinforcement Learning

Among existing experience replay mechanisms, HER provides an effective approach
for goal-conditioned tasks under sparse rewards. By integrating with Universal Value
Function Approximators [11], HER enables generalization to unseen desired goals. In long-
horizon reaching tasks, HER demonstrates high sample efficiency [12,13]. To enhance HER’s
performance, several research directions have been explored. These include improving the
diversity of achieved goals through curriculum learning [14], leveraging demonstration
data to boost training efficiency [15], generating more valuable desired goals [16], and
incorporating curiosity-driven exploration mechanisms [17]. Further extending this line of
work, some studies have combined continual reinforcement learning with HER in methods
like RHER to enhance training efficiency [18]. Nonetheless, in complex environments such
as the reaching sub-task within the water manipulation domain considered in this work,
these methods, like the original HER, fail to account for the differential learning utility
of various states. To provide a clearer understanding of the HER mechanism, Figure 2
illustrates the process of hindsight goal relabeling. As shown in Figure 2, failed trajectories
can be relabeled with alternative goals that were actually achieved later in the episode,
enabling the agent to learn from otherwise unsuccessful experiences.

landing
point goal

Failed

action

HER

goal

ey

Landing Paint
(new goal)  goal

Successful

Figure 2. Illustration of the goal relabeling mechanism in HER.

While HER increases sample volume, PER emphasizes prioritized sampling. Recent
methods aim to improve prioritization by incorporating informative signals, such as con-
tact energy [19]. For example, Energy-Based Prioritization (EBP) [20] quantifies trajectory
importance via an energy function, sampling high-energy episodes more frequently. Maxi-
mum Entropy-regularized Prioritization (MEP) [21] promotes exploration by encouraging
uniform goal distributions, yet goal selection within trajectories remains uniform, allowing
simpler samples to dominate. Studies have shown that directly combining HER and PER
can sometimes perform worse than either alone [22], suggesting a mechanistic conflict. In
complex water manipulation tasks with intricate dynamics and large goal spaces, such
direct integration often fails to balance convergence speed and policy generalization.

250 https://doi.org/10.3390/app16063099



Appl. Sci. 2026, 16,3099

3. Preliminaries

This section introduces the theoretical foundations used in this study. First, the Markov
Decision Process (MDP) formulation of the reinforcement learning problem is presented.
Then, the basic principles of experience replay mechanisms are introduced. Finally, the
water jet motion model under air resistance is described, which provides the physical basis
for the simulation environment used in the proposed framework.

3.1. Markov Decision Process

The core framework of RL is based on MDP, defined by the tuple M = (S, A, P,R, 7, T),
where S represents the state space, with s; € S denoting the state at time ¢. 2; € A represents
the action space, denoting the action taken at time f. P{-} denotes the state transition
probability function. The probability of the state at time t, p; can be described as:

pi(s'|s,a) = P{S; =¢'|S;_1 =5, A1 = a}, (1)

the immediate reward r; can be computed as:
ry = R(St, at), (2)

where R represents the reward function. The ultimate objective of reinforcement learning is
to learn an optimal policy 77* that maximizes the expected cumulative discounted reward:

](T[) = EP {Zfzo r)/trl‘ (St/atl St+1)i| s (3)

where J(77) denotes the expected return under policy 7r, where E[-] denotes the expectation
under the trajectory distribution induced by policy 77 and the environment dynamics, the
scalar y € [0,1] represents the discount factor, ¢ is the current number of episodes and T is
the maximum episode length. The MDP framework establishes the mathematical basis for
representing the robotic water jet control task within the reinforcement learning paradigm.

3.2. Experience Replay Algorithm

The Hindsight Experience Replay [12] introduces a goal relabeling mechanism that
enables the agent to generate a large number of informative samples even from failed
trajectories, thereby alleviating the inefficiency of learning in sparse-reward environments.
HER relies on three key concepts: Desired goal (g9), achieved goal (¢”) and hindsight
goal (g").

Specifically, HER samples a subset of transitions from past trajectories and, with a
given probability, replaces the original goal ¢/ with a hindsight goal ¢" drawn from future
achieved goals within the same episode. The reward is recomputed:

(st ae, e, 5041 | 8%) — (se,ae, 7}, 8001 | &), 4)

the reward r; for a failed step is the failure reward. After applying HER, those steps are
reinterpreted as successful, and their reward value is converted to the success reward r}.
This process effectively transforms negative samples into informative positive samples
without altering the task definition, thus greatly enhancing learning efficiency in sparse-
reward environments.

PER assigns higher sampling probabilities to transitions with greater TD errors 6,
defined as:

0= Qp(st,ar) — [V(St/at) +7Qy (St+1,ﬂt+1)], ©)
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where Q(P(st, a;) denotes the Q-value for the current state s; and action a;, with ¢ represent-
ing the parameters of the Q-network. The scalar y € [0, 1] represents the discount factor.
The term r(s;, a¢) signifies the immediate reward received for executing action a; in state s;.
The sampling probability is calculated by the following formula:

pli) = <, (6)
>

where N is the total number of samples in the buffer. p; is the priority value p; =|6(i)|+e€,
and « controls the degree of prioritization. Existing experience replay mechanisms such as
HER and PER significantly improve learning efficiency, but their direct combination may
still face challenges in complex environments with sparse rewards and large goal spaces,
which motivates further improvements in replay strategies.

3.3. Water Jet Motion Modeling Under Air Resistance

In robotic water manipulation simulations, the trajectory of the water jet is influenced
not only by gravity but also by aerodynamic drag, which becomes significant in the
medium-to-low velocity range (several meters per second). The Reynolds number (Re) of
droplets typically lies between 20 and 400, ignoring air resistance would result in substantial
trajectory deviations, leading to discrepancies between simulation and reality. To address
this issue, this study models air resistance using the classical drag force model [23]:

= 1 - = - =
Farag = —5paACp|v0|vo = —pCp|vo|vo, @)

where p, is the air density, A is the droplet cross-sectional area with radius r, and vy is the
velocity vector of the fluid particle. The parameters p and droplet mass m are expressed as
functions of the particle radius r:

B(r) = %PaA = Pag7’2/ (8)

4
m(r) = p5r" ©)
where the drag coefficient Cp for viscous droplets with dynamic viscosity contrast is
obtained from Feng [24] as a function of Reynolds number:

2rpalv0)|
Re(jog], r) = ZEL, (10)
Ha
where p,; denotes the dynamic viscosity of air. The total force acting on each droplet in air
can thus be expressed as:

mu = ?(f) = ;g + ?drag = —(m— ma)gng - ,BCD|5>0|70, (11)
where m, is the mass of air displaced by the droplet (i.e., the buoyant force related mass),
and g denotes the gravitational acceleration. Under the conditions specified in this study
T = 20 °C, the parameter values are as follows: ¢ = 9.81 m/ sz, 0a = 1204 kg/ mg,
oa = 1.204 kg/m3 [25] and p, = 1.813 - 105 kg/ms [26].

As shown in Figure 3, the proposed water-jet motion model incorporates the effects of
air resistance and other physical forces, enabling a more realistic representation of water jet
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dynamics in the simulation environment. This physical model provides the foundation for
accurately evaluating the control policies learned by the reinforcement learning agent.

Figure 3. Force analysis of a water droplet under air re51stance at each simulation step. The droplet

of radius r experiences gravity F ¢, aerodynamic drag F drag Opposing the velocity direction v 0-

4. Methodology
4.1. State and Action Space of the Simulation Environment

The simulation environment for the robotic water jet control task was developed using
the PyBullet physics engine, incorporating a particle-based fluid model to simulate the
behavior of water droplets. All simulation experiments were conducted using Python
3.11 and PyBullet (version 3.2.7) on Ubuntu 22.04. The kinematic analysis of the water jet
trajectory is formulated as follows:

As shown in Figure 4, let the world coordinate system be denoted as Xw : O — XY Z,
and the end-effector coordinate system of the robotic arm as >z : 0 — xyz. Its pose is
represented by a rotation matrix R € SO(3) and a translation vector P € R3. The rotation
matrix R satisfies the definition of the Special Orthogonal Group:

50(3) :{R € R¥3|RTR = I, det(R) = 1}, (12)

where P = [px, P, pz} represents the coordinates of the origin of the end-effector frame >z
expressed in the world frame Xw. The column vectors of the rotation matrix R correspond
to the projections of the basis vectors of Xz onto Xw, given by:

R:[ex ey ez}, (13)

here, ey, e, e; represent the unit basis vectors of Xz projected in Zw. The Z-axis of the end
effector coordinate system corresponds to the direction of the water jet. The jet direction
vector can be obtained from the third column of R:

d= e; = R[/3] = [dX/dY/dZ]T/ (14)

which satisfies the normalization condition:

|d|| = \/d% +d2+d% =1, (15)
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where the pitch angle 6 and yaw angle ¢ are used to describe the orientation of the nozzle
relative to the world coordinate:
6 = arcsin(dy), (16)

¢ = arctan(dy /dx). (17)

Figure 4. Schematic diagram of coordinate frames and nozzle orientation. The world frame {W} and
end-effector frame {Z} are shown, with the water jet direction aligned with the Z-axis of {Z}. The
pitch angle 6§ and yaw angle ¢ define the nozzle orientation relative to {W}. D; denotes the selection
of fluid particles close to the target plane, and its state space and action space are also annotated in
the figure.

For a desired target location (dy,dy,d;), all simulated particles are sorted by their
vertical distance from the target plane, and the first k particles with the smallest distances
are selected to form a cluster. The centroid of this cluster w = (wx,wy,wz) defines the
landing position of the water jet:

(W, Wy, W;) = % Y D;. (18)

iEIk

In the proposed robotic water jet control environment, the state space s € R® consists
of three components:

(1) The Cartesian position of the end-effector [Xurm, Yarm, Zarm| TeRrs ;

(2) The nozzle orientation described by pitch and yaw angles (6, ¢) € R?;

(3) The distribution of the landing points of the water droplets on the target plane
(wy, Wy, ;) € R3.

The action space a € R” corresponds to the continuous joint position commands for
the seven joints of the robotic manipulator. Each action represents the target position
increment applied to the corresponding joint at each control step. This formulation enables
smooth motion control while maintaining compatibility with the physics simulation and
facilitating sim-to-real transfer.

254 https://doi.org/10.3390/app16063099



Appl. Sci. 2026, 16,3099

In summary, this section defines the state and action representations used in the
robotic water jet control environment. The formulation captures the essential geometric
relationship between the manipulator pose, jet direction, and landing position of the
water particles.

For simplicity, several assumptions are adopted in the simulation environment, in-
cluding a simplified particle-based representation of the water stream. While these simpli-
fications improve computational efficiency during reinforcement learning training, they
may not fully capture all complex fluid dynamics in real-world spraying scenarios. Nev-
ertheless, the adopted model is sufficient for learning stable control policies and pro-
vides a reliable platform for evaluating the effectiveness of the proposed reinforcement
learning framework.

4.2. Reward Function Design

Given the geometric nature of the water jet control task, the primary objective of the
agent is to minimize the distance between the actual water jet landing point and the target
location. Thus, a sparse reward function is defined as:

0,if || (wx, wy, w;) — (dx, dy,dz)|| > ¢
R = , 19
{ Lif ||(wy, wy, wz) — (dy,dy, d2)|| < e (19

where (., Wy, W, ) is the centroid of the selected water particle cluster, (dy,d,, d;) is the
target position, and e represents a small tolerance threshold. In this work, a sparse reward
scheme is adopted. The use of sparse rewards reduces the risk of bias introduced by
artificially designed dense reward functions [12].

The sparse reward formulation encourages the agent to focus on achieving accurate
target reaching without introducing additional heuristic biases. However, this reward
design simplifies the task objective by considering only the final landing position of the
water jet. Other practical factors, such as water distribution efficiency, obstacle interference,
or energy consumption, are not explicitly modeled in this study and may be considered in
future work.

4.3. Goal-Priority Hindsight Experience Replay

Although HER has certain advantages in expanding the number of samples, the data it
generates are not fully utilized by PER. The core idea of HER is to convert failed experiences
into successful ones through goal relabeling, which can significantly increase the number
of positive samples. Nevertheless, these ‘hindsight goals” are essentially virtual successes
computed based on substitute goals. Since trajectories rarely reach high-difficulty positions
during training, simpler goals are more likely to be resampled by HER. When these samples
are incorporated into PER’s priority calculation, the TD error may not accurately reflect their
value for policy improvement, and they may even be assigned excessively high priorities,
leading the agent to over-rely on pseudo-success samples during training and weakening
the exploration of true goals. This phenomenon is particularly prominent in complex water
jet control tasks, where the task goal space is large, samples of distant or high-difficulty
goals are scarce, and the substitute samples generated by HER dilute the weight of these
key experiences in PER, ultimately affecting the overall training effectiveness and policy
reliability. Meanwhile, in water jet control task, the system has higher requirements for
reaching remote or boundary target positions, and relying solely on HER and PER makes
it difficult to balance efficiency and success rate. To address this limitation, this paper
introduces an enhanced experience replay sampling strategy named GPHER. This method
introduces a goal relevance measure on the basis of traditional PER and thereby optimizes
the sample selection strategy to more effectively highlight experiences closely related to
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the task goals during sampling. As shown in Figure 5, the GPHER framework designed in
this paper further demonstrates its improved mechanism and workflow when combining
HER and PER.

Environment 7~ GPHER
obverstion o !
goalg

Prioritize replay
. base on (TD,glg")

Figure 5. Structure of the GPHER framework.

Within the framework of traditional PER that allocates sampling priorities based
on TD error, it further adds the goal-space center distance as a weighting factor, thereby
increasing the sampling probability of samples far from the goal center and forcing the
agent to focus more on learning in high-difficulty goal regions. Meanwhile, the priority
calculation not only depends on the desired goal itself but also incorporates the spatial
relationship between the achieved goal and the goal center. Under the same goal conditions,
it prioritizes sampling trajectory samples that are closer to difficult goals. The revised
priority formula is:

/— 7_

;=10 - (1 —A) + . _— ,
P il - ) [gmax — gm |l [gmax — gm |l

where ¢/ is the goal of the current state transition tuple, g, is the center of the goal space,
m is the dimensionality of the goal space, gmax is the farthest distance in the goal space. w
is the achieved position, The change in A is as follows:

n
ln =1y + (In — o) (21)

N/
where A, represents the parameter value at training step #, the maximum number of steps
is N, the initial value is Ag= 0, and the final value is Ay = 0.4. This dynamic adjustment
mechanism is similar to the idea of Curriculum Learning, but the difference is that it acts on
the experience replay mechanism rather than directly changing the task goals. Compared to
achieving curriculum-like training by modifying goals, this method can gradually increase
the sampling difficulty without introducing environmental mutations, thereby focusing
more on learning difficult goals in the later stages of training.

Since the sampling probability of samples is proportional to the priority measure, the
experience distribution deviates from the uniform sampling assumption, thereby introduc-
ing estimation bias. To eliminate this bias, PER introduces importance sampling weights:
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where N represents the size of the experience pool, P(i) is the sampling probability of
sample i. The parameter § € [0, 1] controls the correction strength. The weights are typically
normalized:

wj = ((N"P(j))* ) /max(w), 23)

the pseudocode of the Algorithm 1 is presented as follows:

Algorithm 1. TQC-GPHER

Initialize the policy network TQC parameters, total training steps N, current step 7,
minibatch size k, replay period K, buffer D and p; =1

for episode =1, X do

Sample a goal g and an initial state S;

fort=0,T do

Select an action using the policy 7t from Algorithm: a; <— 71y(S¢|| g)
Execute action, interact with the environment and observe S;

end for

fort=0,T do

Compute reward r(t) = R(s,a,5, g)

Store transition R(s,a,s’, g) into buffer D with priority: p; = max;—; p;
Sample a set of goals G from the current episode states

for ¢’ € Gdo

Compute relabeled reward r(t) = R(s,a,5, ¢’)

Store relabeled transition (s¢, a¢, 541,11, ') into replay buffer D

end for

end for

for t =1 mod K then

forj=1tokdo

Sample transition i from the buffer with probability p(i)

Compute importance-sampling weight w; as defined in Equation (23)
Compute TD error according to Equation (5)

Update transition priority p; according to Equation (20)

end for

Update network parameters

end for

end for

In the subsequent experimental setup, this paper selects the currently well-performing
Truncated Quantile Critics (TQC) algorithm as the basic reinforcement learning framework.
On this basis, the proposed GPHER mechanism (Algorithm 1) is compared with various
mainstream experience replay methods to systematically evaluate its performance improve-
ment in water jet control task. The overall algorithm flow of TQC-GPHER is shown in
Figure 6. The robotic manipulator interacts with the simulation environment to generate
trajectories, which are stored in the replay buffer and processed by the proposed GPHER
sampling strategy before being used to update the policy network.

Overall, the proposed GPHER mechanism improves experience replay efficiency by
integrating TD-error prioritization with goal-space difficulty information. This design
enables the agent to focus more effectively on challenging goal regions during training.
Nevertheless, the current formulation assumes that goal difficulty can be reasonably ap-
proximated by the distance from the goal-space center. Although effective in the considered
water jet control task, more complex environments may require alternative difficulty met-
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rics or adaptive goal representations, which remain an interesting direction for future
research.

(s,ars'.g'/ g,
(s,ars'g'/ g,

Prioritized
Replay Buffer

Quantile Critic
Networks

f

Critic Networks

Target Quantile J

Figure 6. Overall algorithmic framework of the proposed TQC-GPHER.

5. Simulations and Experiments
5.1. Simulation Environment Setup for the Robotic Water Jet Control Task

Direct training in real-world environments often faces issues such as low sample
efficiency, high safety risks, and prohibitive experimental costs [14]. Therefore, this paper
chooses to train the robotic arm in a simulation environment to accomplish the water jet
control task and validate the performance of the proposed TQC-GPHER algorithm. The
experimental platform is built based on the PyBullet physics engine combined with the
Gymnasium library to construct the reinforcement learning environment, as shown in
Figure 7. The figure shows the training process of an episode.

Figure 7. Simulation environment setup for the water jet control task, showing a successful episode
during training. The red cube indicates the target position that the water jet needs to reach.
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In this environment, the agent adjusts the water outlet position and jet angle by
controlling the pose of the robotic arm. To ensure the quantifiability and observability of
the experiments while maintaining applicability to real-world scenarios, this paper adopts
a design scheme where “the robotic arm gripper holds a water pipe for spraying.” It should
be noted that the water flow is modeled and generated by the PyBullet particle system. As
this model does not explicitly consider aerodynamic effects, this study further incorporates
the modeling of air resistance on fluid particles, adding air resistance to the motion state of
each fluid particle at each simulation time step to improve the physical plausibility of the
simulation and the credibility of the experimental results. This provides a more reliable
foundation for subsequently applying the trained policies to real-world water jet control
tasks (such as firefighting, agricultural irrigation, or high-altitude cleaning). The details of
the simulation setup are presented in Table 1.

Table 1. Simulation environment parameters.

Parameter Symbol
End-effector position of the manipulator (Xarm, Yarm, Zarm) T
End-effector orientation of the manipulator R
Three-dimensional outlet velocity of water jet ()
Pitch angle of the nozzle 0
Yaw angle of the nozzle
Desired landing point position (dx,dy,d>)
Radius of fluid particles r

First, the range of the water jet control task needs to be analyzed to determine a
suitable target scope. The diameter d of natural raindrops is constrained to approximately
1-7 mm. In each simulation time step, fluid particles with a radius r = 3 mm are selected for
jetting. The reachable space of the fluid is determined through Monte Carlo sampling to
establish the set of reachable targets. According to Figure 8, the target range can be taken
as D. The initial velocity for particle jetting is set to 4 m/s. Data from the reachable target
dataset where d, > 0.5 are used for training:

Z (m)

Y (m)

Figure 8. Reachable workspace of water droplets in the simulated environment: Subfigures (a—d)
illustrate the reachable workspace of water droplets from different viewpoints. Subfigure (a) shows
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the three-dimensional distribution of reachable points, while (b,c) present the front and side views
projected onto the X-Z and Y-Z planes, respectively. Subfigure (d) displays the top view on the X-Y
plane, highlighting the overall coverage pattern of the water droplets in the workspace.

5.2. Comparison with Baseline

To comprehensively evaluate the proposed method in the water jet control task, com-
parative experiments were conducted in the simulation environment using TQC as the base
RL framework against various baseline experience replay mechanisms. All experiments
used the same hyperparameters, listed in Table 2.

Table 2. GPHER-TQC algorithm hyperparameters.

Hyperparameter Value Hyperparameter Value
Learning rate 0.01 Neurons per hidden layer 256
Discount factor 0.98 Number of hindsight relabeled goals 4
Soft update coefficient 0.95 Entropy coefficient 1
Replay buffer capacity 1 x 10° Entropy target Hy
Batch size 512 Number of quantiles 25
Maximum episode length 200 Huber quantile loss parameter 1
Number of network layers 2 Prioritization exponent 0.6

For fair comparison, all methods were trained for the same total of 750,000 envi-
ronment steps, and the success rate curves report the average performance over five
independent training runs. Since the episode lengths vary across different runs, the success
rate data were interpolated to a unified episode interval. A moving average was further
applied to smooth the curves and reduce the influence of stochastic fluctuations. Figure 9
shows the learning curves of each method. The results indicate that when HER and PER
are simply combined, as PER relies solely on TD error for importance sampling, the virtual
goal samples introduced by HER relabeling are not fully utilized, instead weakening the
prioritized sampling effect of PER, leading to overall performance even worse than using
HER alone. After approximately episode 1500, the success rate of this method shows a
significant decline, indicating a lack of policy stability. In contrast, the proposed GPHER
exhibits faster convergence speed in the early stages of training and reaches a success
rate of about 95% around episode 1500. Subsequently, its success rate remains stable at
around 98%, significantly outperforming HER and Prioritized Hindsight Experience Replay
(PHER) (85% with large fluctuations).

—— HER GPHER —— PER —— PHER

1.0

0.8

Success Rate
o
o

o
IS

0.2

0.0
0 500 1000 1500 2000 2500 3000 3500

Episode

Figure 9. Comparison of training performance between the proposed GPHER and baseline algorithms.
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For the water jet control task, stable reaching performance across the entire reachable
space is essential. To evaluate performance in challenging goal regions, comparative tests
were conducted between PHER and GPHER, both outperforming HER. Each method was
tested over 100 episodes on two representative planes: the horizontal plane (X = 1) and the
vertical plane (Z = 0), where the fluid particle landing density is highest. For consistency,
all target regions were defined as square areas and discretized into 16 configurations. On
the X =1 plane, regions I-IV and A-D corresponded to evenly spaced segments along the
Z-axes and Y-axes, respectively, while on Z = 0, they represented divisions along the X- and
Y-axes. As shown in Figure 10, GPHER achieves an average success rate of 96.8% in the
edge and high-difficulty regions across the two evaluated scenarios, which is substantially
higher than the 91.46% achieved by PHER. These results indicate that GPHER exhibits
markedly improved performance in challenging boundary regions, demonstrating superior
exploration efficiency, policy generalization, and robustness compared with PHER.

100.0

() (d)

Figure 10. Performance heatmaps of GPHER and PHER in different goal regions of the environment:
Subfigures (a,b) show the success rate distributions of GPHER when the target location is fixed at
X=1and Z = 0, respectively. Subfigures (c,d) display the corresponding success rate distributions
for PHER under the same conditions. Each heatmap reflects the success rate across different goal
regions, with darker regions indicating higher success.

5.3. Ablation Experiment

To evaluate the contribution of each component in GPHER, ablation experiments were
conducted in the same simulation environment, comparing TQC alone, HER, PER, and
GPHER. As shown in Figure 11, HER accelerates early-stage learning, reaching 80% success
around episode 1100, but its relabeling mechanism favors simpler goals, limiting exposure
to difficult targets and yielding a final success rate of 82%. In contrast, GPHER maintains
higher sample efficiency throughout training and achieves a stable final success rate of
98%, significantly outperforming HER. This confirms that the joint prioritization of goal
difficulty and TD error in GPHER effectively mitigates HER's bias toward simple samples,
enhancing both policy learning efficiency and generalization.
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Figure 11. Ablation study results comparing the performance contribution of different components
in GPHER.

5.4. Extending PGHER to Other Reaching Tasks

To further verify the general applicability of the proposed GPHER method, this section
selects the relatively simple robotic arm Reach task as a supplementary experimental
scenario. In the experimental setup, adjustments were made to the previous training
details: During the same 250,000 training steps, the minibatch size was reduced from 512
to 256, and the PyTorch-based DDPG algorithm was used as the base learning framework.

In the Reach task, the robot end-effector was required to reach randomly sampled
target positions within a predefined three-dimensional workspace. Specifically, the goal
positions were uniformly sampled from a cubic region defined in the world coordinate
frame, with ranges of [—1, 1] m along the x-axis, [0, 2] m along the y-axis, and [0.1, 0.3] m
along the z-axis.

A reaching attempt was considered successful if the Euclidean distance between the
end-effector position and the target goal was below a predefined threshold of 0.05 m. The
success rate was computed as the ratio of successful episodes over the total number of
episodes and was averaged across multiple independent training runs.

The experimental results are shown in Figure 12. As shown in the figure, GPHER
achieves a success rate of approximately 0.95 within the first 500 training episodes, signifi-
cantly outperforming the baseline methods during the early training stage. This indicates
substantially higher sample efficiency compared with HER, PER, and their direct combina-
tion. Moreover, GPHER maintains a higher and more stable success rate throughout the
remainder of the training process, with reduced performance fluctuations relative to the
comparison algorithms.
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Figure 12. Comparative training results of GPHER and baseline algorithms on the Reach task.

5.5. Real-World Experiments

This paper further validates the effectiveness of the proposed method on a physi-
cal platform. The experiment adopts a two-stage deep reinforcement learning training
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framework, which separately models visual perception and the control policy. As shown
in Figure 13, the visual perception module performs target detection and localization of
the watering area and landing points, providing this as structured input to the control
policy module for subsequent path planning and action decision training. This design
effectively avoids the reliance of end-to-end methods on large-scale fine-grained modeling
and high-quality annotated data while enhancing the transferability and generalization of
the algorithm.

Figure 13. Real-world experimental validation of the proposed GPHER method on a physi-
cal robotic arm platform: Subfigures (a,b) show the process of the horizontal target test, and
Subfigures (c,d) show the process of the vertical target test.

The real-world experiments were conducted using a Franka Emika Panda robotic
manipulator, a widely used 7-degree-of-freedom (7-DOF) collaborative robot designed
for research applications. The robot has a maximum reach of approximately 0.85 m and
a payload capacity of 3 kg. A water nozzle connected to a pressurized water source was
mounted at the end-effector of the robotic arm, allowing the jet direction to be controlled
through the end-effector pose.

During the experiments, the robotic arm was used to adjust the position and orien-
tation of the nozzle to direct the water jet toward specified target locations. The distance
between the robotic arm base and the target surface was approximately 0—2 m, which lies
within the reachable workspace considered in the simulation environment. The water jet
velocity was maintained at approximately 4 m/s, consistent with the parameter settings
used in the simulation environment.

The control commands were generated by the trained reinforcement learning policy
and executed through the robot’s position control interface. The control framework was
implemented on a workstation running Ubuntu, where the trained neural network model
was deployed using PyTorch (version 2.5.1) for real-time inference.

All experiments were conducted in an indoor laboratory environment with relatively
stable lighting conditions and minimal airflow to reduce disturbances to the water jet.
Although the experimental setup simplifies certain environmental factors such as wind
disturbances and water pressure variations, it is sufficient to validate the effectiveness and
robustness of the proposed control framework.

For the sim-to-real validation, models trained with three different replay mechanisms
(HER, PHER, and the proposed GPHER) were evaluated on a physical robotic platform
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under identical experimental conditions. Two representative difficult target regions were
considered: the boundary regions of the horizontal plane (Z = 0) and the boundary regions
of the vertical plane (X = 1). For each scenario, 100 target positions were randomly sampled
and tested.

As summarized in Table 3, the proposed GPHER method consistently achieves the
highest success rates across all evaluation settings. In the difficult target regions on the
vertical plane (X = 1), GPHER attains a success rate of 0.93, outperforming PHER and
HER by 10 percentage points (0.83 for both). Similarly, on the horizontal plane (Z = 0),
GPHER reaches a success rate of 0.95, compared with 0.84 for PHER and 0.82 for HER,
corresponding to a relative improvement of approximately 13.1% and 15.9%, respectively.

Table 3. Average success rates of models in the physical robotic experiments.

cop e Random Target
Trained Model lef}cult Target lef}cult Target Positions in the Goal
Regionat X =1 RegionatZ =0
Space
GPHER 0.93 0.95 0.96
PHER 0.83 0.84 0.85
HER 0.83 0.82 0.81

When evaluated over randomly sampled target positions across the entire goal space,
GPHER maintains a high success rate of 0.96, exceeding PHER (0.85) and HER (0.81)
by 11 and 15 percentage points, respectively. These results indicate that GPHER not only
improves overall task success but also demonstrates superior robustness and generalization
capability in real-world conditions.

Notably, the performance gap between GPHER and the baseline methods is most
pronounced in the difficult target regions, which correspond to the boundary areas of the
workspace where control precision and trajectory stability are hardest to achieve. This
observation aligns with the design motivation of GPHER, which explicitly increases the
sampling priority of high-difficulty goals during training, enabling the learned policy to
better handle edge cases that are underrepresented in standard replay strategies.

6. Conclusions and Future Works

Addressing the lack of techniques in the field of intelligent water jet control that enables
directly hitting targets without imposing pose constraints, this paper proposes, for the first
time, the use of reinforcement learning to control the robotic arm for this task. To address
the issue where data generated by HER often concentrates within simple goal ranges, which
results in an uneven goal distribution in the replay buffer, suboptimal learning efficiency,
and low post-training policy success rates, particularly for critical edge targets in water jet
control tasks, this paper proposes GPHER, an improved method that integrates HER and
PER. Model validation shows that the proposed algorithm achieves a success rate of up to
99% in the simulated water control environment. Experiments conducted on a real robotic
arm yield a success rate of 96% in the physical setup. Furthermore, validation performed
on a Reach task demonstrates the method’s potential for generalization. Nevertheless,
several limitations remain in the current study. The experimental setup does not explicitly
model environmental disturbances such as wind or water pressure variations, which may
influence the water jet trajectory in real-world applications.

Future work will focus on extending the proposed framework to more complex
and realistic scenarios. In particular, we plan to incorporate fluid properties such as
varying flow velocities and fluid viscosity into the state representation to better capture the
physical characteristics of different fluids. Furthermore, the system will be integrated with
a mobile robotic platform to expand the operational workspace and improve task flexibility.
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Finally, future studies will investigate the robustness of the proposed approach in outdoor
environments with dynamic airflow and other environmental disturbances.
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Abbreviations

The following abbreviations are used in this manuscript:

RL Reinforcement Learning

MDP Markov Decision Process

HER Hindsight Experience Replay

PER Prioritized Experience Replay

GPHER  Goal-Priority Hindsight Experience Replay
PHER Prioritized Hindsight Experience Replay

TQC Truncated Quantile Critics

D Temporal Difference

DDPG  Deep Deterministic Policy Gradient

EBP Energy-Based Prioritization

MEP Maximum Entropy-regularized Prioritization

RHER Relay Hindsight Experience Replay
Re Reynolds Number
DOF Degree(s) of Freedom
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Abstract

This paper presents robotic manipulation methods for rapid high-arc object transfer using
dynamic, non-prehensile interactions. Two complementary techniques are introduced,
two-fingered scoop-and-flick and one-fingered topple-and-flick, designed for objects with
low and high centers of mass, respectively. Both methods enable a robot to retrieve
objects resting on a surface and launch them into controlled projectile trajectories without
requiring stable grasp formation. To support these maneuvers, we develop physics-based
models of object acquisition and release, and combine them with a data-driven framework.
While analytical modeling guides the acquisition phase, the highly nonlinear flicking
dynamics are captured using learned predictive models that enable accurate selection of
control parameters for desired trajectories. The proposed techniques enable dynamic object
transfer, reduced grasp planning complexity, and adaptability to environmental constraints.
Experiments conducted on a custom robotic platform demonstrate reliable and accurate
high-arc object transfer, in which the majority of object displacement is achieved through
projectile motion.

Keywords: grasping; dexterous manipulation; grippers; end-effectors

1. Introduction

This work focuses on establishing a high-speed framework for robotic pick-and-place
operations. In particular, we seek to generate controlled projectile trajectories of objects
through high-speed, non-prehensile contact interactions. As an initial step toward this
objective, we introduce two dynamic manipulation strategies termed scoop-and-flick and
topple-and-flick. As depicted in Figure 1, the robot first acquires an object resting on
a supporting surface using a swift action, and then promptly transitions to a flicking action
that propels the object toward a desired trajectory. The proposed methods offer several
advantages. Unlike traditional grasp-and-throw pipelines that require grasp synthesis and
stable grasp formation before release, our approach uses non-prehensile interactions to
acquire and launch objects directly. This reduces planning complexity and enables faster
pick-and-place operations.

To accommodate objects with different geometric and inertial characteristics, we
introduce two complementary manipulation strategies. The scoop-and-flick approach
targets objects with relatively low centers of mass, whereas the topple-and-flick approach
is suited for objects with relatively high centers of mass. The key distinction between the
two methods lies in how the object is initially acquired. In the scoop-and-flick strategy,
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a robotic digit dynamically inserts beneath the object to lift and capture it. In contrast, the
topple-and-flick strategy deliberately destabilizes the object, causing it to topple and settle

onto the digit before being launched.

Figure 1. Our two robotic manipulation techniques for dynamic high-arc object transfer, shown in
time-lapse: (left) one-fingered topple-and-flick and (right) two-fingered scoop-and-flick.

Although this manipulation approach enables rapid operation and reduces the need
for complex grasp synthesis, it also presents control challenges due to the inherently
dynamic and non-prehensile nature of the interaction. To overcome these difficulties, the
proposed techniques combine analytical physical modeling with data-driven learning
approaches. The methods can be realized using relatively simple hardware architectures
and can effectively utilize environmental contacts during manipulation. The practicality of
the approach is demonstrated through extensive experimental validation.

The remainder of this paper is structured as follows. Section 2 surveys relevant prior
work. Section 3 introduces the conceptual manipulation models. Section 4 describes the
system implementation. Section 5 presents the experimental evaluation.

2. Related Work

This presented work is situated within the area of dynamic manipulation, where
dynamic physical interactions are deliberately exploited as part of the control policy rather
than mitigated as undesired disturbances. Early demonstrations of this idea include object
reorientation via controlled tilting of a tray [1] and some of the first robotic juggling
systems [2]. These efforts were later followed by systematic treatments of planar dynamic
manipulation that addressed both planning and control aspects [3], and by extensions
to three-dimensional settings [4], showing that complex dynamic behaviors can emerge
from relatively simple robotic mechanisms. To cope with the inherent modeling and
computational difficulties, many studies have relied on simplified representations, such as
the acrobot model [5]. In more recent years, dynamic manipulation methods have been
applied to problems including within-hand object rearrangement [6] and the handling of
large or heavy objects [7]. The importance of dynamics is similarly underscored in robotic
locomotion research, particularly in investigations of passive dynamic walking [8], which
frame bipedal locomotion as a largely self-stabilizing, gravity-driven dynamic process with
minimal actuation.

Within the broader class of dynamic manipulation, robotic throwing is especially
relevant to the work presented here. Owing to both its methodological complexity and
its practical utility, throwing has been the subject of extensive investigation. Early studies
emphasized hardware-centric solutions, such as high-speed manipulators developed specif-
ically for ball throwing [9], dexterous planar robots capable of executing accurate throwing
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motions [10], and hybrid grippers that integrate grasping and throwing functionalities [11].
Throwing behaviors have also been demonstrated on alternative actuation platforms, in-
cluding soft robotic arms [12] and hydraulic manipulators [13], which exploit centrifugal
forces to achieve high release velocities.

A central difficulty in robotic throwing is its high sensitivity to modeling inaccuracies,
external disturbances, and uncertainty in the timing of object release, any of which can
lead to large deviations in the final outcome. To address this sensitivity, prior studies have
demonstrated that throwing motions can be deliberately shaped to improve robustness
against release-time uncertainty [14]. Other approaches have leveraged tracking error pre-
diction in conjunction with model predictive control to enhance execution precision [15]. In
parallel, learning-based methods have gained traction as an alternative means of handling
uncertainty in throwing tasks. Representative examples include data-driven systems that
enable reliable grasp-then-throw behaviors for a wide variety of objects [16]. In contrast to
such grasp-then-throw strategies, the proposed method does not require stable grasp forma-
tion and instead centers on impulse-driven acquisition through non-prehensile interactions.
Other examples include collaborative learning formulations that jointly address grasping
and throwing [17], methods for learning object-dependent tossing dynamics [18], and
control strategies capable of achieving strong performance with relatively small training
datasets [19].

3. Manipulation Models

This section presents robotic manipulation models that enable dynamic, rapid, non-
prehensile object transfer along high-arc trajectories while accommodating environmen-
tal constraints.

3.1. Two-Fingered Scoop-and-Flick

The first manipulation model introduced in this study is the two-fingered scoop-
and-flick technique, which enables a minimal two-fingered gripper to rapidly secure an
object resting on an environmental surface and subsequently impart sufficient momentum
to launch it into projectile motion. The method targets relatively thin objects, for which
conventional grasping is challenging, and exploits brief, well-timed contact interactions
between the fingers, the object, and the supporting surface.

The first stage of the manipulation is to secure the object within the workspace of the
gripper. Figure 2a shows the initial configuration, in which the object rests on the ground
defined as the xy-plane. One digit of the gripper providing a flat contact surface, referred
to as the thumb, is also shown. We adopt the following assumptions:

®  The object and the gripper, including the thumb, move exclusively within the xz-plane,
which is perpendicular to the ground. This simplification is based on the observation
that, once airborne, the object motion is largely confined to a vertical plane determined
by the initial impulse and gravity.

*  Any out-of-xz-plane motion of the object-gripper system is neglected and assumed to
be effectively constrained.

Under this assumption, the manipulation task is modeled in the xz-plane and analyzed
using rigid-body mechanics.

In Figure 2a, the object is about to be struck by the thumb moving in the x-direction
with a sufficiently high velocity vy, such that the interaction is dominated by dynamic
effects. In the reference frame fixed to the thumb, the object appears to approach the
thumb’s contact surface, as shown in the figure. When the object is struck by the thumb
in Figure 2b, a substantial impulse CaygAt—defined as the product of the average contact
force Cayg and the short impact duration At—is applied at the contact point C (the tip of
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the thumb), while non-impulsive forces such as gravity W and ground reaction force G
at the distal end of the object are neglected over the impact duration. This approximation
follows the treatment of impulsive forces in classical mechanics [20], where forces that can
be regarded as non-impulsive include the weight of a body, W. In addition, the objects are
placed on a compliant pad during the experiments, so that the ground reaction G behaves
similarly to a spring force, which can likewise be regarded as non-impulsive [20].

(a)
Thumb

Figure 2. Two-fingered scoop-and-flick manipulation. (a-d) Scoop phase and (e) flick phase. (a) Pre-
impact configuration with relative velocity vy; CM denotes the object center of mass. (b) Impulse
CavgAt applied at C, with gravity W and ground reaction G treated as non-impulsive (shown in
a lighter color). (c) Resulting post-impact linear and angular momenta of the object. (d) Low-
impedance finger, shown as a mass-spring-damper system, for object capture. (e) Flicking via release
of elastic energy (for example, by torsional spring stiffness «), launching the object with velocity v».
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The post-impact motion of the object can be analyzed using conservation of angular
momentum about the contact point C [21]. The total angular momentum about C is zero
immediately before impact, since the initial velocity v is directed toward C, and remains
zero immediately after impact, as the sole impulsive contact force Cayg acts through C.
This constraint admits the post-impact motion illustrated in Figure 2c, in which a coun-
terclockwise rotation wy of the object is balanced by a clockwise angular momentum
contribution about C from the translational motion v; of the center of mass, yielding zero
net angular momentum:

Iwi+rxmvy =0 (1)

where [ is the object’s moment of inertia, r is the vector to v; originating from C, and
m refers to the object’s mass. As a result, the object moves past the thumb and enters
the workspace of the gripper, as illustrated in Figure 2c. This behavior is facilitated by
a sufficiently shallow angle of attack of the thumb, denoted & in Figure 2b, since a shallow
approach allows the horizontal component of the impulsive force to be kept small.

We next consider a mechanism to securely retain the object following the thumb
impact, namely post-strike caging by the gripper. As shown in Figure 2d, the second
digit, referred to as the finger, is introduced to make contact with the top of the object.
The finger is modeled as a mass—spring—damper system, representing a low-impedance
interaction (i.e., small variations in contact force in response to motion disturbances [22]).
When the mechanical impedance of the finger is sufficiently low, the resulting contact
force F is non-impulsive and therefore does not alter the impact analysis described above.
Consequently, dynamic thumb penetration remains feasible even in the presence of the
additional low-impedance finger.

With both the thumb and finger engaged, the object’s mobility within the workspace
(the xz-plane) can be effectively constrained, resulting in a caging configuration similar
to that described in [21]. Specifically, the object is caged in the following sense. First,
escape through the gap between the finger and the ground is prohibited by first-order
geometric constraints, assuming the finger and the thumb are fixed relative to the ground.
Second, although escape through the gap between the finger and the thumb is kinematically
possible, it requires the injection of a positive amount of work against gravity. As a result,
the object remains effectively caged unless sufficient energy is supplied to overcome this
gravitational barrier.

The stage following successful scooping is the launch into projectile motion. Once the
object is securely caged, it is propelled into a ballistic trajectory by executing a precisely
timed flick of the thumb within the workspace—the xz-plane. Prior to the thumb flick,
the finger is retracted to avoid interference with the object and the thumb during release.
This separation is essential to ensure that the subsequent motion is governed solely by
the interaction between the thumb and the object. The flicking action is then executed by
the thumb and can be realized by exploiting elastic energy stored in a compliant element,
analogous to a slingshot mechanism. As shown in Figure 2e, a torsional spring can be used
to accumulate elastic energy of $x62, which is rapidly released, with a portion converted
into the kinetic energy of the object at launch, with velocity v;.

Overall, the scoop-and-flick maneuver is inherently dynamic, with object motion
governed by impulsive and elastic energy transfer rather than quasi-static force regulation.
Successful execution therefore requires a high-speed manipulation platform with sufficient
compliance to store and release energy over short time scales. These requirements motivate
the gripper design to be described in Section 4.1.
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3.2. Topple-and-Flick

The scoop-and-flick strategy described above primarily target relatively thin objects,
for which dynamic scooping enables rapid entry of the thumb into the space underneath the
object’s bottom face. We now consider a complementary technique designed for taller ob-
jects, whose height-to-width ratio makes scoop-based acquisition ineffective. This method,
referred to as topple-and-flick, exploits deliberate object toppling induced by an impulsive
contact, followed by a flicking action to launch the object into projectile motion.

Similarly to the two-fingered scoop-and-flick technique, the manipulation is initiated
by striking the object with the thumb, as illustrated in Figure 3. When the object’s center of
mass is positioned sufficiently high relative to the contact point C, the impulsive contact
generates a clockwise rotation of the object, in contrast to the counterclockwise rotation
observed for thin objects with a low center of mass. As a result, the object topples and falls
onto the flat contact surface of the thumb.

(@)

»Thumb

Figure 3. Topple-and-flick manipulation. (a—c) Topple phase and (d) flick phase. (a) Pre-impact
configuration with relative velocity vo; CM denotes the object center of mass. (b) Impulse CaygAt
applied at C, with gravity W and ground reaction G treated as non-impulsive (shown in a lighter
color). (c) Resulting post-impact linear and angular momenta of the object. (d) Flicking.
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This behavior can also be understood through conservation of angular momentum
about the contact point C. Immediately before impact (Figure 3a), the object possesses
a clockwise angular momentum about C, as its center of mass approaches the thumb.
Since the impulsive contact force acts through C (Figure 3b), the angular momentum
about this point is conserved during impact. Consequently, the post-impact motion must
also exhibit clockwise angular momentum, which manifests as a toppling motion toward
the thumb (Figure 3c). This analysis highlights the range of applicability of the topple-
and-flick strategy: The object’s center of mass must be sufficiently elevated to induce
clockwise rotation.

Following successful toppling, the final stage mirrors that of the previous methods.
Once the object has fallen onto and is supported by the thumb, it is launched into projectile
motion by executing a flicking action (Figure 3d). Notably, the entire process can be
executed using only a single digit.

4. Implementation

This section presents the hardware and software systems developed to implement the
proposed manipulation models for high-arc transfer.

4.1. Hardware System

The hardware platform used in this study consists of a conventional robot arm
equipped with a custom gripper featuring up to two digits (Figure 4a,b). For the two-
fingered scoop-and-flick experiments, the gripper is configured with two digits, consisting
of a thumb and a finger (Figure 4a). For the topple-and-flick experiments, a single-digit con-
figuration is used (Figure 4b), in which the thumb alone executes the dynamic interaction
with the object.

The gripper design follows key principles dictated by the manipulation models de-
scribed in Section 3, as summarized below:

* High-speed motion: Rapid digit motion is essential to generate the large contact
impulses required for scoop-and-flick and topple-and-flick manipulation. High peak
velocities and accelerations enable momentum transfer over short contact durations,
ensuring that impact dynamics dominate over non-impulsive effects such as gravity
and ground reaction forces, as assumed in the models of Section 3.

¢ Low-impedance actuation: Conventional motion-controlled robotic fingers with
high mechanical impedance are not well suited for the dynamic energy exchange
process inherent to the manipulation models described in Section 3. In contrast, a
low-impedance mechanism, characterized by compliance and underactuation, allows
the finger to naturally transmit energy and respond to the object’s motion without
requiring explicit control intervention. The passive mechanical behavior also assists
in safely negotiating physical interactions and contact events with the ground, and
reduces the need for precise force modulation.

We adopt direct-drive electric motor actuation to satisfy these design requirements. As
shown in Figure 4c, each digit is implemented as a five-bar closed-loop linkage with
two degrees of freedom, and is therefore actuated by two motors co-axially located at the
base of the linkage. No gear train is used, enabling high-speed operation while allowing
for the mechanical impedance to be tuned.

A wide thumb is employed to provide a stable and sufficiently large contact surface
for impulsive interactions during scooping, toppling, and flicking, as shown in Figure 4d.
In addition, a wall is incorporated to prevent the object from translating backward as the
thumb and robot advance forward. This wall also integrates infrared (IR) proximity sensors
(Figure 4d) that detect whether the object has been successfully positioned at the corner
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of the wall on the thumb’s contact surface. Specifically, if the object is detected within
the sensor’s effective range of 4-11 mm from the wall, the scooping (and toppling) action
is considered successful, and the system proceeds to the subsequent flicking phase. The
sensor is covered with a 7 mm-thick sponge layer, whose thickness is chosen to match the
sensor’s detection range; this layer additionally serves as a passive damper that mitigates
impact forces on the object during contact with the wall.

(a) (b)

Two-fingered gripper

Finger
A\ Thumb

(© (d)

IR Sensor

_Sensor’s range
4~11 mm

,+++ Direct-Drive Motor
¥

- L-shaped tip

o
Q

K ,L-shaped tip
Five-bar linkage 3

of
o+

60 mm

*
K

Sponge *

thickness: 7 mm

Figure 4. Hardware system. (a) Two-fingered configuration for the scoop-and-flick maneuver. (b) One-
fingered configuration for the topple-and-flick maneuver. (c) Digit implemented as a two-degree-
of-freedom five-bar closed linkage. (d) Thumb tip featuring a wide contact geometry and an in-
strumented wall with IR proximity sensors. A notch is cut around the center of the wall to prevent
collisions with the other digit.

4.2. Software System for Flicking Control: Data Collection

The central component of the software system is the control strategy for flicking.
Flicking involves highly transient and nonlinear dynamics, including complex frictional
moment exchange between the robot and the object, which are difficult to model accurately
using first principles. Rather than attempting to explicitly derive and regulate these
dynamics, we pursue a data-driven approach to obtain a holistic understanding. This
perspective enables flicking motions to be executed in an open-loop manner, despite the
underlying complexity of the contact interactions.

We collected experimental data to characterize the dynamic flicking process illustrated
in Figures 2e and 3d. The configuration of the two-DOF digit (Figure 4c) is parameterized
by two variables, as shown in Figure 5a: a, which denotes the fingertip angle of attack
relative to the ground surface, and ¢, which represents the relative orientation between the
two internal links. The digit is operated by varying its initial and final configurations, and
the resulting object trajectories are recorded.
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(b)

(@

Height (m)

0.5 0.6

Range (m)

Figure 5. (a) The initial, intermediate, and final configurations of the thumb during the flick phase:
(#j,6;), (as,05), and (af,d), respectively. (b) Topple-and-flick maneuver. (c) Distribution of the
200 recorded data samples, where color represents the frequency of occurrences. The x symbols
indicate the query points used for generating the learning curves. These query points are selected
from regions with high-short arc (blue), mid-mid arc (green), and low-long arc (orange).

Specifically, topple-and-flick scenarios are considered (Figure 5b). Note that the focus
is on the flick phase; therefore, scoop-and-flick could also be employed. A tall 3D-printed
object, with an essentially even mass distribution, is initially positioned on a flat ground
surface, after which a topple-and-flick maneuver is executed. Throughout the maneuver,
the tool center point (TCP) at the arm wrist is commanded to move horizontally forward
at a constant speed of 0.1 m/s. The thumb begins at an initial configuration («;, ;) and is
driven to a final configuration (as, d5) using PD setpoint motion control, during which the
object is propelled away from the contact region. The commanded motion of the thumb
passes through an intermediate configuration (s, ds) that extends the digit to facilitate more
effective object acquisition—scooping and toppling. Among the configuration parameters,
the initial and final angles of attack, #; and « f, are varied. Additional trials are conducted
using objects of the same geometry but with different masses, while all other parameters
remain unchanged. The specific parameter values used in the experiments are summarized
as follows:

*  Object mass mgp: 14, 24, 33, 43 g (the maximum value constrained by the electric
motor capacity)
o );: 83° (fixed).
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e g;:20° (minimum) to 40° (maximum).

o 05 25° (fixed).

* a5 Determined such that the fingertip remains in contact with the ground at the
value of J;. Accordingly, it varies between 29.7° (minimum) and 43.3° (maximum),
dependently on s and «;.

* 65257 (fixed).

e ap from —10° (minimum) to 5° (maximum). At negative values, the fingertip
points upward.

e  P-gain: Set to 12 initially and increased to 48 past the intermediate configuration
(as, ds). The value refers to the ratio between motor torque and shaft position error.

e D-gain: Set to 0.2 initially and increased to 0.6 past the intermediate configuration
(as,05). The value represents the ratio between motor torque and shaft angular
velocity error.

The resulting object trajectories are captured using the video analysis software Tracker.
Each collected data sample is represented as (mobj, i, 0, h,r), where h and r correspond
to the measured maximum height and horizontal range of the resulting trajectory, respec-
tively. The parameters a;, a ¢, and m,,; represent the initial and final angles of attack and
the object mass described previously. To isolate the effect of the thumb-driven flicking
motion, the additional horizontal displacement introduced by the arm motion (0.1 m/s) is
subtracted from the measured range. The aggregated dataset is summarized in Figure 5c,
which presents the results in terms of the achieved range » and maximum height & of the
flicked objects.

4.3. Software System for Flicking Control: Learning

From the collected data {(mobj, &, &f, h,r)}, we seek to estimate a function f,
f: (mobj/ Hdes, rdes) = ("‘:’F/ D‘j‘)/ (2)

which maps an input three-tuple (mob]-, hges, Tdes)—Trepresenting the object to be handled
and a target trajectory specified by the desired maximum height h4.s and range r4os—to
the optimal finger control parameters (a7, aj’i). During analysis of the collected data, we
observed that multiple distinct control parameter pairs («;, a5) can yield object trajectories
(h,r) that are nearly indistinguishable from one another. This nonuniqueness makes it
difficult to approximate f directly, as direct regression tends to average multiple valid
solutions, resulting in estimates that fail to achieve the desired trajectory. Consequently,
instead of directly learning f, which we refer to as the inverse model, we first train a forward
model g,

g : (Mmopj, i, az) = (h,1), @)

using the collected data, and then recover f through optimization. Specifically, the forward
model g is trained using Gaussian Process Regression (GPR) [23]. Given a desired trajectory
(hdess " des), the optimal control parameters (a7, ocj";) are subsequently obtained by solving
a constrained optimization problem using the L-BFGS-B algorithm [24]. The optimization
minimizes the loss function £,

L= |hpred - hdes| + |7’pred - rdes|r (4)

which is defined as the sum of absolute errors between the desired trajectory (Mges, "des)
and the predicted trajectory (hpred, ”pred) produced by the forward model.

Figure 6 presents the learning curves, illustrating the prediction performance of the
learned mapping f in terms of the maximum height and range of the resulting projec-
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tile motion. Each plot contains three curves corresponding to queries selected from the
high-short, mid-mid, and low-long arc regions of the histogram shown in Figure 5c. The
height and range errors are defined as the mean absolute error computed over five trials
using an object whose mass was not included in the training dataset. The results show
a rapid initial reduction in error for all three queries, with performance gradually satu-
rating at approximately 100 training samples. Overall, the prediction errors in maximum
height are smaller than those in range. For comparison, we also evaluated an alternative
learning approach based on a three-layer neural network following [12]. In this case, the
convergence was slower, with the prediction performance saturating after approximately
200 training samples.

=

——— High-short arc

\ ——— Low-long arc

\
\ —— Mid-mid arc

Height error (cm)
O NWRWLONOWOWO

=

Range error (cm)
O N WHRWMO N OWOWO

Number of training samples

Figure 6. Learning curves for maximum height errors (top) and range errors (bottom). The colors—blue,
green, and orange—correspond to the selected query points indicated in Figure 5.

5. Experiments

This section presents a series of experiments to demonstrate the manipulation models
for high-arc object transfer.

5.1. End-to-End Control Protocol

The end-to-end control protocol used in the experiments, including the flicking strat-
egy described in Section 4.3, is implemented as an open-loop control scheme. This design
choice is motivated by the difficulty of reliably detecting and interpreting contact events in
the presence of compliance, friction, and rapid contact transitions such as sliding and sepa-
ration, as encountered in the tasks considered in this study. Rather than relying on complex
sensing and feedback, the motion profile is predefined and executed in a feedforward man-
ner. Interaction forces are instead regulated implicitly through the mechanical properties of
the system, eliminating the need for explicit contact perception or contact-state estimation.

Specifically, the two techniques—two-fingered scoop-and-flick and topple-and-
flick—are executed as follows. Since the topple-and-flick technique is simpler, it is de-
scribed first:

e  Topple-and-flick:
1. Initially, the thumb is positioned in front of the target object, as shown in

Figure 7a. At this stage, the thumb is set to the configuration («;, é;), as specified
in Section 4.2.
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2. Asshown in Figure 7b, the arm is commanded to move horizontally forward,
while the thumb is simultaneously extended to strike the object, reaching the
configuration (as, Js). This interaction causes the object to topple and land on
the thumb’s tip.

3. When the thumb’s tip reaches a predefined horizontal position, the flick com-
mand is triggered to reconfigure the thumb to the final configuration (ay, d¢).
Figure 7c illustrates this moment. The tip position is tracked at a frequency of
500 Hz by combining the TCP position at the arm wrist with the thumb’s forward
kinematics. Based on this tracking information, the flick command is issued at
essentially the same spatial location across trials.

4. After the flick command is issued, the object is launched (Figure 7d). The arm
follows through by maintaining the commanded horizontal velocity for a finite
duration of approximately 0.2 s, after which deceleration is initiated.
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Figure 7. Thumb configuration («, §) and arm speed profiles during the execution of a topple-and-
flick maneuver: (a) The thumb is set to the initial configuration («;, ;). (b) The arm moves forward
while the thumb extends to the intermediate configuration (s, Js). (c) When the thumb’s tip reaches
a predefined position, the thumb is reconfigured to the final configuration (ay,ds). (d) The arm
follows through, after which deceleration is initiated.

*  Scoop-and-flick: The manipulation is initiated by scooping the object with two digits.
The arm is first commanded to move vertically downward, while the two-fingered
gripper performs a coordinated scooping motion to secure the object within the
workspace (Figure 8a). The corresponding control parameters of the gripper are
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selected according to the method described in [21]. After successful scooping, the
finger is opened to provide sufficient clearance for the object’s free flight. The object is
then launched by executing a flicking action, which is performed in the same manner

as described above for the topple-and-flick technique (Figure 8b).

Figure 8. Two-fingered scoop-and-flick: (a) the scoop phase and (b) the flick phase.

5.2. End-to-End Experiments

To verify the soundness of the integrated hardware-software system, we conducted
end-to-end experiments. First, with the arm speed fixed at 0.1 m/s, we evaluated the
performance of the two-fingered scoop-and-flick maneuver (Figure 8). As an illustrative
example, consider a flick trial commanded to achieve a horizontal range of 30 cm and
a maximum height of 30 cm, corresponding to a nominal flight duration of 0.495 s. When
incorporating the horizontal arm motion at 0.1 m/s, the final range and maximum height
are predicted to be approximately 35 cm and 30 cm, respectively. The measured range
differed from the prediction by 2.1 cm, corresponding to 6% of the predicted value.

Table 1 summarizes the results across all trials, conducted with varying flick com-
mands and arm speeds. Among these trials, the 6% error reported above represents the
worst case deviation. These results indicate that the system is capable of achieving sufficient
accuracy for practical manipulation tasks. Moreover, since the two-fingered scoop-and-
flick and topple-and-flick techniques share an identical flick phase, the demonstrated
performance extends to both manipulation strategies.

Table 1. End-to-end experimental results for two-fingered scoop-and-flick.

Arm Flight Predicted Predicted Height Range
Speed (m/s) Duration (s) Height (cm) Range (cm)  Error (cm) Error (cm)
0.1 0.495 30.0 35.0 0.5 21
0.1 0.571 40.0 45.7 2.0 17
0.1 0.639 50.0 56.9 1.1 0.1
0.1 0.571 40.0 45.7 2.0 1.7
0.2 0.571 40.0 51.4 0.8 2.4
0.4 0.571 40.0 62.8 1.6 2.3
0.8 0.571 40.0 85.7 1.8 1.3

Each experiment was conducted five times. The error values represent the average.
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5.3. Application Experiments: Bucket Delivery

Encouraged by the strong end-to-end experimental performance, we further examined
an application task: bucket delivery (Figure 9a)—transferring objects into target buckets
located at horizontal ranges of 100 cm and 120 cm while clearing a horizontal bar set at
40 cm using the two proposed techniques. The evaluation employed both 3D-printed and
everyday objects. The 3D-printed items differed from those used in training in terms of
mass and geometry, while the real-world objects included a battery case and a carton box. To
facilitate controlled evaluation, prism-shaped objects were primarily adopted. In particular,
a single object can be configured in two ways, resting on different faces, to produce either
a relatively low or high center of mass, corresponding to the two manipulation strategies
presented in this study. Note that the presented manipulation models in Section 3 are
primarily based on the relative height of the object’s center of mass and are therefore not
constrained by specific global object shapes.

The finger control parameters (a;, af) for the flick phase and the arm’s horizontal
velocity varm during execution of the maneuver (see Figure 7), which are common to both
techniques, are determined as follows. First, the finger parameters («;, & f) are selected
using f in Equation (2) to generate a trajectory whose peak height is sufficient to clear the
horizontal bar, set at 40 cm (Figure 9a). Second, based on the resulting flight duration, the
arm velocity varm is computed such that the object’s landing position aligns with the center
of the buckets, located at horizontal ranges of 100 cm and 120 cm (Figure 9a).

5.3.1. Topple-and-Flick Results

A bucket delivery trial is considered successful only if the object clears the bar and
lands in one of the target buckets. The results are summarized in Table 2 and illustrated in
Figure 9. The findings are as follows:

e  Compared with the results obtained using an object included in the training set
in Section 4.2 (Table 2, column 1), similar 3D-printed objects with different masses
(column 2) and increased thicknesses (column 3) exhibit comparably high success rates.

e These favorable outcomes generalize to real-world objects, namely a carton box (col-
umn 4) and a battery case (column 5), which is likely attributable to their geometric and
inertial similarity to the objects used during training. In the failed trials involving the
carton box, the object consistently overshot the target bucket, suggesting a systematic
bias in the predicted range for that object.

®  The method also performs well with non-cuboid objects, as shown in columns 6-8.
This suggests that the limited variation in training variables such as geometry is not
a critical limitation in the current framework, since the training objects are abstracted
primarily by their mass values (Equation (2)). In the cases shown in columns 6 and 7,
contact between the object and the fingertip wall may occur at a point rather than
along an edge, as is typical for cuboid-shaped objects (or at two contact points in
column 8). Although such contact configurations could be inherently less stable,
successful transfers were still achieved, which may be attributed to the stabilizing
effect of the fingertip wall’s compliance.

e  Additionally, an object with a conspicuously uneven mass distribution (column 9) and
an object with substantially different friction properties (column 10) proved ineffective
with the current implementation. This outcome can be attributed to the fact that
mass distribution and friction are not explicitly considered in the current control
learning framework.
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:/8-shaped (two-point contacts)
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Figure 9. Bucket delivery experiments using topple-and-flick, shown in time-lapse. Initially, the
objects are placed on the ground with a high center of mass. (a) experimental setup; (b,c,i) 3D-printed
objects with different masses, successful transfers; (d—f) real-world objects (battery case and carton
box); (g,h) objects with uneven mass distribution; (j) object with rubber pad, failure; (k1) 8-shaped
objects with one- and two-point contacts.

https://doi.org/10.3390/app16073205
281



Appl. Sci. 2026, 16, 3205

Table 2. Results of bucket delivery experiments with topple-and-flick.
. . . 3D-Printed .
. 3D-Printed  3D-Printed 3D-Printed X Cylinder
Test 3D-Printed (Not Used (Not Used Battery (Not Used 8-Shapefd S-Shape:d (With {(With
Objects (Used for for for Carton Box Case for (One-Point  (Two-Point Uneven Rubber
Training) Training) Training) Training) Contact) Contacts) MaSS.DISl- Pad)
tribution ')
Dimensions ) == ==
(Length % I II fingertip &
Thickness) = object U 8
76 x 15mm 76 x I5mm 76 x 20mm 66 x 14mm 74 x 13mm 77 x15mm 66 x 15mm 66 x 15mm 76 x 15mm 66 X 14 mm
Mass (g) 24 26 22 20 2 16 17 17 24 23
Success rate %
(Bucket 1) 10/10 10/10 9/10 8/10 9/10 8/10 9/10 9/10 4/10 0/10
Success rate 2
(Bucket 2) 10/10 10/10 10/10 9/10 9/10 9/10 9/10 10/10 3/10 0/10
! Point mass (nut) attached off-center. 2 Ratio of successful trials to the total number of attempts.
5.3.2. Two-Fingered Scoop-and-Flick Results
We also evaluated bucket delivery using two-fingered scoop-and-flick with objects
configured to have a low center of mass, specifically the same objects resting on their wide
faces. The flick phase was executed using the same arm speed and flick parameters as
in the topple-and-flick trials. The results are summarized in Table 3 and illustrated in
Figure 10. Overall, similar performance trends were observed, although the success rate
was slightly lower. This reduction is mainly attributed to the greater difficulty of achieving
consistent scooping compared to toppling, which occasionally caused variations in object
configuration prior to flicking. Objects with uneven mass distribution and different friction
properties (Table 3, columns 9 and 10) remained particularly challenging, resulting in
collisions with the bar, insufficient launch height to clear it, or shortened range preventing
the object from reaching the target bucket.
Table 3. Results of bucket delivery experiments with scoop-and-flick.
. . . 3D-Printed .
. 3D-Printed  3D-Printed 3D-Printed X Cylinder
Test 3D-Printed (Not Used (Not Used Battery (Not Used 8-Shape.d 8-Shape;d (With (With
: (Used for Carton Box (One-Point  (Two-Point Uneven
Objects A for for Case for . Rubber
Training) Training) Training) Training) Contact) Contacts) Mass Dis- Pad)
& & & tribution ')
Dimensions /) == ==
(Length x e fingertip =
Thickness) = object UU &8
76 x 15mm 76 x I5mm 76 x20mm 66 X I4mm 74 x 13mm 77 x15mm 66 x15mm 66 x15mm 76 x 15mm 66 X 14 mm
Mass (g) 24 26 2 20 2 16 17 17 24 23
Success rate 2
(Bucket 1) 8/10 9/10 8/10 9/10 9/10 9/10 9/10 8/10 4/10 0/10
Success rate %
(Bucket 2) 10/10 10/10 10/10 9/10 9/10 9/10 9/10 10/10 4/10 0/10

1 Point mass (nut) attached off-center. 2 Ratio of successful trials to the total number of attempts.
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Figure 10. Bucket delivery experiments using scoop-and-flick, shown in time-lapse. Initially, the

objects are placed on the ground with a low center of mass. (a—c,i) 3D-printed objects (16-26 g),
successful transfers; (d,h,j) failure cases; (e,f) real-world objects (battery case and carton box), suc-
cessful transfers; (g,h) objects with uneven mass distribution; (k,1) 8-shaped objects with one- and
two-point contacts.
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6. Conclusions

This paper presents robotic manipulation techniques for dynamic high-arc object
transfer using non-prehensile physical interactions. Two complementary methods, two-
fingered scoop-and-flick and one-fingered topple-and-flick, were introduced to handle
objects with low and high centers of mass, respectively. By exploiting impulsive contact
interactions, the proposed techniques enable robots to rapidly acquire objects resting on
environmental surfaces and transfer them through controlled projectile motion without
requiring stable grasp formation.

To support these maneuvers, we developed physics-based models describing object
acquisition mechanisms and combined them with a data-driven framework for flicking
control. The hybrid formulation addresses the difficulty of analytically modeling highly
transient and nonlinear contact dynamics while enabling reliable selection of control
parameters for desired object trajectories. The proposed methods were implemented on
a custom robotic platform featuring high-speed, low-impedance digits.

Extensive experiments demonstrated accurate and repeatable high-arc object transfer
across objects with varying geometries and masses. The results further show that the
learned flicking model generalizes to unseen objects and supports application-level tasks,
such as obstacle-clearing bucket delivery. These findings highlight the potential of dynamic
non-prehensile manipulation as a fast and efficient alternative to conventional grasp-based
pick-and-place operations.

Future work will focus on extending the approach to broader object classes with
complex mass distributions and varied friction properties by incorporating perception-
guided estimation of object properties and closed-loop adaptation during contact phases.
Extending the framework to explicitly account for three-dimensional dynamics and tra-
jectory control is another interesting avenue for future work. More sophisticated arm
swing motions may also be incorporated, where guaranteed tracking performance under
disturbances [25] will be essential.
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Abstract: To improve motion accuracy through functional electrical stimulation (FES) of forearm
muscles, feedback control laws are applied to the index finger’s metacarpophalangeal (MP) joint. This
paper introduces a proxy-based super-twisting algorithm (PSTA) for precise servo control of MP joints
via FES. The PSTA combines first-order sliding mode control with a second-order super-twisting
algorithm, effectively preventing windup during FES saturation and ensuring robust, accurate control.
An implicit Euler method minimizes numerical chattering in the digital implementation. Experiments
with Arduino and volunteers confirm the algorithm’s effectiveness.

Keywords: functional electrical stimulation (FES); finger metacarpophalangeal (MP) joint; sliding
mode control (SMC); super-twisting algorithm (STA)

1. Introduction

The functional electrical stimulation (FES) is a type of neuromuscular electrical stimu-
lation that induces muscle contraction by passing an electric current through motor nerves.
FES is clinically applied to assist in the rehabilitation training of hemiplegic patients due to
strokes. After a stroke, patients often face upper limb impairments like muscle weakness
and loss of coordination. Functional Electrical Stimulation (FES) can assist in restoring
these functions by stimulating the neuromuscular system electrically [1]. In recent years,
it has become popular as an interface for Augmented Reality (AR) [2] and Brain Com-
puter Interface (BCI) systems [3]. Most FES rehabilitation systems use open-loop control
schemes, limiting them to simple movements only. However, closed-loop feedback control
with joint angle measurement is necessary to achieve complex and accurate movements
such as the extension—flexion symmetrical exercise, which effectively reconstructs motor
functions [4,5].

There are numerous closed-loop feedback control strategies available for FES control
in the literature, but when applied to the case of low-computation such as Arduino boards,
each one presents unique challenges. The backstepping control method [6], the model
predictive control (MPC) [7] and the control law based on the recurrent neural network
(RNN) [8] were also proposed for the FES control. However, they require an accurate
model of muscle or large amount of data, which are difficult to obtain or difficult to
implement in embedded systems. In recent years, due to the robustness to disturbances
and model uncertainties, the sliding mode control (SMC) has been widely employed for
the control of joint angles through the FES [8-11]. These SMC methods have the robustness
to disturbances and finite-time convergence rate, but also fall into the trouble of numerical
chattering problem, which deteriorates the control accuracy [12]. The higher-order SMC
(HOSMC) attenuate the magnitude of chattering, but it requires the model of muscle and
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the knowledge of the upper bound of the uncertainties and disturbances. It also requires
the unknown disturbance to be differentiable, which limits the scope of its applications.
Furthermore, even in the noise-free cases, the conventional discrete-time implementation of
HOSMC also requires a high sampling rate and powerful real-time computation platform
to avoid numerical chattering [13,14].

In these designed control schemes for FES, an accurate muscle model is crucial for
controlling joint angles. For instance, Sakaino et al. developed a second-order linear
FES model and proposed a full-state feedback control scheme based on it [15]. However,
the challenge lies in the fact that the muscle model varies with time and differs among
individuals, making accuracy difficult to achieve. Developing a high-fidelity muscle model
of finger metacarpophalangeal (MP) joint, which is only a single joint with one degree
of freedom (DoF), for different individuals is still cumbersome due to the nonlinearity,
time-varying, and individual-depending characteristics of the musculoskeletal system.
Furthermore, some of the control strategies, e.g., the MPC [7], the RNN [8], and the
HOSMC [11], all require a high-frequency sampling rate, large amount of data, or powerful
computation resource to achieve a high performance of the FES control, which is not
suitable for embedded devices of MP joint control with limited computation power and
sampling rate.

Among the various control strategies, the super-twisting algorithm (STA) is a popular
method within higher-order sliding mode control (HOSMC). It achieves second-order
sliding mode accuracy while only requiring first-order information of the sliding variable.
STA has been widely used in mechatronic systems such as fish robots [16] and exoskeleton
systems [17]. To reduce chattering effects while maintaining robustness, an adaptive
version of STA was developed and is commonly employed for real-time control in practical
systems [18-20]. However, conventional and adaptive STAs are not suitable for the input
saturation cases and they have no anti-windup effects due to the integration action in the
STA. To further strengthen disturbance rejection, recent studies have shown significant
advancements. Zhang et al. proposed a robust finite-time command-filtered backstepping
control for flexible-joint robots using only position measurements [21]. Zhang et al. also
developed a rapid swing control strategy for 5-DOF tower cranes [22]. Additionally, Qian
et al. introduced a neural network-based sliding mode control for dual ship-mounted
cranes, effectively suppressing sea wave disturbances [23].

To achieve safer control with anti-windup capabilities, Kikuuwe et al. [24] proposed
proxy-based sliding mode control (PSMC). This notable scheme combines first-order SMC
with conventional PID control to provide robust control and damped motion without
needing a plant model. PSMC has been widely applied in various scenarios, including
exoskeleton suits [25], due to its desirable characteristics like the anti-windup effect and
nonovershooting behavior when actuators are saturated. As noted in [24], when the input
is not saturated or the closed-loop system remains on the sliding surface, PSMC functions
equivalently to a conventional PID controller. One limitation of PSMC is that its equivalent
PID controller’s asymptotic accuracy depends on proportional, integral, and derivative
gains that require careful tuning to achieve satisfactory performance.

This paper intends to solve the control problem of FES for the MP joints with a
new method of SMC by exploiting its robustness and its anti-windup property. It has a
high control accuracy as well as a low computation complexity, such that it can be even
implemented in embedded devices such as the Ardunio platform in a real-time manner.
Meanwhile, the model uncertainties of the MP joints and actuation saturation are also taken
into account to design the new control law. The main contributions are as follows:

*  Robustness and High Control Accuracy: Introducing the proxy-based super-twisting
algorithm (PSTA) for FES control of MP joints, combining the robustness of Sliding
Mode Control (SMC) and the high control accuracy of the Super-Twisting Algo-
rithm (STA).

e Avoiding Numerical Chattering: Proposing an implicit Euler discretization method
to avoid numerical chattering while maintaining high control accuracy and robustness.
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e  Experimental Validation: Validating the PSTA and its implicit discretization through
experiments on MP joints using FES. Achieving high accuracy on a low-cost Arduino
Mega board in real-time, demonstrating robustness and low computational complexity
without detailed muscle model information.

To the best of the authors” knowledge, this is the first time to achieve such a high
control accuracy for the finger MP joint through the FES with such a low-cost hardware
platform and without requiring the knowledge of the muscle model of the MP joint.

Notations: Let A be a closed interval of real numbers defined as A := [A, B] with
A < B € R. This paper uses the following projection function proj():

proj(A, x) = max(min(B, x), A),Vx € R 1)

where x € R. This paper also uses the following definition of signum functions, where the
function sgn(-) is the set-valued version of the signum function that differs from the single-
valued version sign(-). This kind of set-valued definition, instead of the conventional single-
value definition, has been employed by many previous papers [12,26,27]. To distinguish
the difference, sign(-) is defined as the single-value function: sign(x) := sgn(x) for x # 0
and sign(x) := 0 for x = 0.

With a nonnegative scalar F > 0, the following relation is satisfied:

x € Fsgn(y —x) <= x = proj(F,y), ()

with F = [—F, F|, of which the proof can be found in previous papers [24,26]. The following
mathematical equivalence is strictly satisfied [28]:

z€ —wysgn(z — x)—apsgn(z—y) <= z=proj(B, x) ©)]

where a1, a) are parameters, 0 < ap < a7 and x,y,z € R, B := [proj(—C,y), proj(C,y)],
C := g — ap, 1 + ap] is a compact set, and proj() is defined as in (1).

The structure of this paper is arranged as follows. The problem statement is introduced
in Section 2. The proposed proxy-based super-twisting algorithm (PSTA) and its stability
analysis are given in Section 3. Subsequently, Section 4 presents the proposed implicit
Euler implementation of the proposed PSTA. The proposed approach is evaluated through
experimental results of MP joint control in Section 5. Finally, conclusions and some future
work are given in Section 6.

2. Problem Statement

In muscle modeling literature, the Hill-type model is a well-known approach [29].
This model represents the muscle as a second-order system with two poles and one zero.
However, M. Ferrarin and A. Pedotti [30] studied the relationship between pulse and torque
in knee joint muscle models. They found that in many cases, a first-order model with only
one pole is more optimal than a second-order system model. Therefore, assuming that this
simplified first-order system can also be applied to the finger MP joint, we can define the
angle-torque model using an actuation saturation first-order system:

x =a(t,x)+b(t,x)u", (4a)
po=proj(F,p),0 = ot x) (4b)

where x € R is the measurable angle of the finger MP joint, as shown in Figure 1, y is
the FES signal, i.e., the time duration of a fixed magnitude of voltage, determined by a
control law y to be designed, u* is the maximum FES signal, i.e., the projections of the
control input y to the set F = [—F, F] with the maximum duration of time F > 0, a(t, x)
and b(t, x) > 0 are smooth functions, ¢ is the sliding variable to be defined [31], and proj()
is the projection function defined as in (1). The object is to develop a control law y that
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can be realized within the single board computer (SBC) of Arduino such that the sliding
variable converges to zero, i.e., o(t,x) = 0.

UART

s iMega
' Board

PC ol

/Angular
FES Position
Feedback FES

Angular
Position

- Sensor\‘l/ “ Driver o --AAAHE

electrode’
slice

Figure 1. The hardware components and connections of the experimental setup for the servo control
of the MP joint.

The challenge lies in the fact that the values of terms a(t, x) and b(t, x) vary over time
and across individuals due to the model representing the muscle of the MP joint in humans.
This variability makes it difficult to obtain an accurate model. Despite this uncertainty, it is
established that the finger MP joint model (4) is a first-order system with a relative degree
of 1. Then, as noted by Levant [31], let us define the dynamics of the sliding variable ¢

o= f(t,x)+g(t,x)u* (5)

where f(t,x) and g(t, x) are the Lie derivatives derived from (4), i.e., f(t,x) = g—‘;a(t,x),
g(t,x) = g—‘;b(t, x). The two functions are unknown smooth but bounded functions and let us
assume [31], Vi > 0,x € R:

[f(t,x)| < Fo, [f(t,%)] < F,0<gm<g(tx) <gm (6)

that is, f(t, x) and its derivative are bounded by constants Fy and Fy, respectively, while
the input gain g(t,x) is a constant or slowly varying unknown value that is bounded
by two constants: g, and gp;. The objective is to design a control law p that drives
the state variable, denoted as x, to a desired trajectory x,, i.e.,, ¢ = 0, even when under
actuation saturation yu* = proj(F, ). This must be achieved without prior knowledge of
the functions f (¢, x), g(t, x) mentioned above or existing but unknown constants Fy, Fy, g,
and gy. Previous works in SMC [14,31] have made similar assumptions to (6). Instead
of focusing on the finger MP joint model (4), it would be reasonable to design an SMC
controller with respect to (5) using (6), which varies for different individuals, but remains
within a certain range.

With these bounded assumptions, it is straightforward to design some strategies of
SMC to stabilize the system (4), because the problem of stabilizing the systems like (4)
has been solved by different SMC methods under the appropriate assumptions, such as
terminal SMC, adaptive SMC, HOSMC, and implicit-Euler SMC [32]. However, there are
three challenges to design the strategies of SMC here:

e Without the knowledge of boundness parameters Fy, F;, g, and gy and only the
actuation saturation level F, adaptive SMC methods can be designed here, while their
implementations require high-frequency sampling and switching rate of actuation,
which is not suitable for the embedded platform of a low computation resource and
sampling rate.
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*  One strategy is to set the gains of the gains of terminal SMC and HOSMC strategies as
large as possible such that the stability of the uncertain closed-loop systems (5) and
(6) is guaranteed. The problem is that the magnitude of chattering is proportional to
the size of gains and the sampling period, which deteriorates the control accuracy,
especially for the embedded system with a low sampling frequency.

e  Even with large gains, the implicit-Euler discretizatoins of SMC can remove the
numerical chattering in the absence of noises, but the method requires the knowledge
of unavailable term g(t, x), making it difficult to be implemented in such cases.

3. Proposed Proxy-Based Super-Twisting Algorithm (PSTA)
Continuous-Time Expression of PSTA

To improve the accuracy of PID control while retaining the anti-windup property of
PSMC [24], we propose incorporating first-order sliding mode control (SMC) with the super-
twisting algorithm (STA) [33,34], one of second-order SMC strategies. This combination
exploits the set-valueness of extended SMC in the Filippov sense and is expected to enhance
second-order control accuracy when saturation is inactive. It can be described as follows:

t
c=e+ K3/0 Le(rﬂgdr, W = proj(F, ) (7a)
ue€ —Fsgn(sy), sp=0—sy, (7b)
U= —K le]l/z +v, ©€ —Kkysgn(sy), (7¢)

where “€” means that the signum function sgn(-) is set-valued instead of the conventional
single-valued version, e = x — x4, ¢ is the defined sliding variable, and when ¢ = 1, it
changes to the linear one 0 = ¢ 4«3 fot e(7)dt, u is defined in (4) and (5), while u* is the
saturated input, x3 > 0 is a parameter of determining the convergence rate of ¢, s, is an
intermediate variable and can be viewed as the sliding variable of the first-order SMC,
s1 is an another intermediate variable and can be viewed as the sliding variable of the
STA, and their summation always satisfies s; + s, = ¢, F > 0 is the gain of the sliding
mode control (SMC) and is also the saturation level of actuator, v is also an intermediate
variable of the STA, k1, k3 > 0 are the gains of the conventional STA and its selection can
refer to the work in [35], and the control input y is determined by the set-valued first-order
SMC (7b) and the set-valued STA (7c) simultaneously. The notation Hg is defined as
Vx € R, |x]¢ = |x|%sign(x); V& € (0,1], [0]¢ = 0; [x]° = sign(x).

It should be noted that # appearing in both (7b) and (7c) means that it is subjected
to the constrains of (7b) and (7c) simultaneously, which is possible due to the set-valued
mappings of (7b) and (7c). Due to the special structure of the above controller (7), it is
referred as the proxy super-twisting algorithm (PSTA) thereafter. Additionally, from (7),
one has y = p*, thatis, p € F = [—F, F| is always satisfied, which is not the case of the
conventional STA.

One desired property of the PSTA (7) is that, due to the saturation constraint by (7b),
it has a similar property of the PSMC [24] and the conditioned STA [36], i.e., anti-windup
effect with the saturation level F > 0, which is inherited from the PSMC. However, the
differences is that, when |p| < F, the control input y is determined by the STA (7c), which
enables it to achieve a second-order asymptotical accuracy and higher than that of the
PMSC with the same three number of parameters. Moreover, comparing to the conventional
STA [33], it has the properties of anti-windup property and can deal with nondifferentiable
and differentiable disturbances due to the combination of (7b) and (7¢).

Let us see the dynamics (5) interconnected by the PSTA (7), by first checking the
derivative of s, in (7) with p = p*, thatis, $, = ¢ — $1 and:

S0 = f(t,x) +g(x, u)u* —s1 = é+r3le]® — &
€ [_FO/ FO] + [gWI/thl - Sl/ (8)
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from which one can see the closed-loop system with the control input y subjected to the
constraints 1 € —Fsgn(sy), sy = 0 — sy, and p = —k1[s1]/% +v,9 € —kp sgn(sy). Since p
is always and simulatively subjected to (7b) and (7c), (8) can be equivalently rewritten as
the following system:

82 € [~Fo, Fo] + [gm,gm]p — 31, 4 € —Fsgn(sz2), (9a)
U= —K Lsﬂl/z +9, 0 € —Kkpsgn(sy), (9b)

from which one can see that the control input y is simultaneously subjected to constraints
of the first-order SMC and the second-order STA and is independent on the unknown
model (4). Alternatively, one can say that the input # computed by the STA always satisfies
|| < F, which is constraint by the first-order SMC. The closed-loop system (9) has the
stability property shown in Theorem 1.

Theorem 1. Consider the dynamical system (5) with the uncertain smooth functions f(t,x) and
g(t, x) satisfying sup |f(t,x)| < Fpand 0 < gm < g(t,x) < gm, Vt > tg > 0,x € R. If
F > Fo/qm, k2 > Fi1/gm, k1 > k2 + F1/gm, and k3 > 0 are satisfied for all t > 0, then,
with bounded initial condition sy (to) + s1(tg) = o(to), the equilibrium of the sliding variable
0 = s1 + sy = 0 of the closed-loop system (5) interconnected with (7) is asymptotically attained.

Proof. Here, only the sketch of the proof is provided, because both the stabilities of first-
order SMC and the STA are well studied in the literature. Because the closed-loop system (5)
interconnected with (7) can be equivalently expressed as (9), one can only check the stability
of (9). Let us first check the stability of (9a):

Sy € [*Fo, Po] + [gm,gM]]/l —S1, U E *FSgD(SZ), (10)

of which the stability can be easily recognizable when F > Fy/g;, and |$; | remains bounded,
because it is the standard first-order SMC. The asymptotical satiability of (10) is straight-
forward to show by defining the Lyapunov function Vi (sp) = s3/2 according to ([26],
Prop. 1), when only (10) is considered and s; is considered as a bounded disturbance. If
the assumptions in (6) and F > Fy/gu hold, there exists a finite time #; > 0 (depending
on initial conditions s (ty)), Vt > t1, $p = s, = 0 ([26], Prop. 1). This convergence period
t € [to, 1) of (10) can be considered as the first stage of (9). Therefore, in the fist stage, both
|so| and |s,| are shrinking if |s1| is bounded. Then, for t > t1, s, = $, = 0, i.e., in the second
stage, from (9), due to 0 = s1 + sy and ¢ = $1 + $p, one has the following expressions:

$1 € [~ Fo, Fol + [gm, gmlp = f(t,x) +g(t, x)p (11a)
p=—x1ls1]"? + 0,0 € —xa5gn(s1), (11b)

which can be further rewritten as follows:

$1 € —[gm gmlrtls1]Y? + 21 (12a)
z1 € —[gm, gmlx25gn(s1) + [—F1, F], (12b)

with definition z; := f(f,x) + g(t, x)v. Note from (11) to (12), ¢(t,x) = 0 has been used,
because the input gain 0 < g, < g(t,x) < gp in (6) assumes to be a constant or slowly
varying but bounded parameter. The system (12) is finite-time stable if the above gain
conditions satisfied, if ko > Fy/gm, k1 > /%2 + F1/gm, and k3 > 0 hold [37].

The above proof is based on the assumption that |$1| is bounded. To demonstrate that
|$1| and |s1| are shrinking and bounded, one can equivalently rewrite (10) as the dynamics
about 51 with the control law y replaced by the STA (7c) and consider 3, as the disturbance.
Then, by following previous works of STA [33,37], one can see the assumption holds that
|$1] and |s1| are shrinking and bounded. From the above analysis of (10), |s;| is decreasing,
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and thus, the size of bound of |s1]| is decreasing. Therefore, o = s1 + s, = 0 is attained for a
finite time ¢ > f; = max(ty,f). O

Remark 1. From Theorem 1, it is evident that even if the models f(t, x) and g(t, x) are unknown,
and the bounds gy, $m, Fo, and Fy are not available in practice, setting large enough gains such
as F, k1, and «xy satisfies the conditions of Theorem 1. This guarantees stability of the closed-loop
system (5) interconnected with (7). However, due to these large gains, numerical chattering may
occur, which needs to be resolved using numerical methods. As mentioned in Section 2, conventional
SMC strategies face three challenges in this situation. However, these challenges can be overcome by
using PSTA (7) and its implicit-Euler discretization method without depending on g(t, x). Further
details are provided in subsequent sections.

4. Discretization Scheme of PSTA

In the first stage, i.e., sy # 0 or s; # o, the dynamics (5) interconnected by the control
law (7) is actually governed by the system (9), which is a perturbed first-order dynamical
system controlled by the first-order SMC.

One can see that the PSTA (7) is an algebraic inclusion and cannot be directly imple-
mented due to the set-valued signum functions. To obtain the discretization scheme (7), let
us first assume that x is available and x,; is known. Then, let us eliminate i by rewriting
the system (7) as follows:

—x1[51]% 4+ v € —Fsgn(oc—sy), (13a)
0 € —Kysgn(sy), (13b)
which is an algebraic inclusion about the sliding variable s;. Let us discretize (13) with the
implicit Euler method:
1
Uk11 € Fsgn(s1 k1 —0k1)+1[s1c41] 258061 k41) (14a)

Uky1 € Ug — hrasgn(sy ki), (14b)

where h > 0 represents the sampling period of time and the subscript index k € {NUO0} is
the index of time-stepping, i.e., ty = hk and t; — t;_1 = h. Substituting vy in (14a) with the
expression in (14b) leads to the following expression:

1
Ok — K1[s1k41]2sgn(s1,641) €
Fsgn(s1 1 — Ok+1) + hxosgn (st k1), (15)
which is equivalent to the following one:
1 1
Ok—K1[51,k41/2580(51 +1) € Mrcasgn([s1, 6411 258N (51k41))
1 1
Fsgn([sy f41|2sgn(s1k+1) —[0%41|7 580 (0k11)] (16)

due to the property sgn(x) = sgn(ax),Va > 0,x € R. If x; and & are properly selected
such that F > hx, is satisfied, inspired by the work in [38], the mathematical equivalence
(3) can be applicable to (16), leading to:

1 )
Ok — K1/81,k411258n(51441) = proj(Dr, yi) (17)

1 . .
where yy 1= vy + K1|0)11]2880(0k11), Dk := [Cop, Co] with Cy . := proj(—F, vg_1), Co 1=
proj(F,vk_1), and F := [F — hky, F + hiy|. From (17), one has the updated law of a; y:

1 X . .
(proj(Dy, yk) —vx) *sign(vx — proj (Dx, vi))

S1k+1= 5
K+ K%
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where sign() is the single-valued signum function. Then, from (17), because of yt = —# [s1]1/% +
v, the first-stage of the proposed implicit-Euler digital implementation scheme for (7) is
as follows:

pk = proj(Dy, yk) — Ok + Vx4 (18a)
Uky1 € Uk — hxosgn(syri1)- (18b)

One can see that “€” still exists in (18b) and one straightforward way is to approximate
it with the single-valued signum function sign(). Here, to avoid the numerical chatter-
ing caused by the single-valued signum function, an alternative way is to reuse (17): if

proj(Dy, yx) — v # O

ox — proj(Dx, yx) (19)

sgn(si k1) = |ox — proj(Dx, yx)|”

due to K1|51,k+1|% = |proj(Dx, yx) — vk| from (17). Finally, one has the proposed digital
implementation scheme of (7) without any signum function:

v — proj(Dy, yx)
hix . 20a
2Toy — proj(Dy, vy)| (202)
o — proj(Dy, )
- . 20b
[0 — proj(Dy, yi)| (20b)

Ok4+1 = Uk —

ti = proj(Dy, yx) — hxz

Note that the variable y; contains the prediction value of 0y as in [12], which can be
approximated with 0y, >~ 0y — hFproj(Z,oy/(Fh)) with T = [—1,1] [14].

Remark 2. From the digital implementation algorithm (20), one can see that it is different from
the discrete-time realizations of the conventional STA in the work [12]. The discrete-time updating
laws of both uy and vy have some mathematical similarities to the quasi-continuous SMC [39] and
the discrete-time equivalents of STA in [40]. In all these cases, the numerical chattering have been
significantly reduced.

In the second stage, i.e., when s, = 0 and ¢ = s1, the dynamics (5) interconnected by
the control law (7) is actually governed by the system (12), which is a perturbed first-order
dynamical system controlled by the STA with uncertain input gain 0 < g, < g(t,x) < gum-
That means during the second stage, the properties of the proposed control law (7), such as
the control accuracy and convergence, are finally determined by the STA.

There are some works related to the digital realizations of the STA in the literature [12,40].
However, as illustrated and compared in [32], these works have different properties, such
as some have lost the asymptotical second-order control accuracy, and some are sensitive
the overestimation of gains. To obtain the discrete-time implementation algorithm during
the second stage, for simplicity, let us assume that g = g(t,x) ky = k1, ko = ik,
¢(t) = f(t,x), A(t) = f(t,x) and consider the discretization and realization of (12) with
the implicit Euler method:

S1k+1 =51k + hpt hprer1, P = Pet+h i, (21a)

V41 € Ok —hkosgn (st e+1), (21b)
1

Hie= k151 k41| 2 +0k 1 (21¢)

where one should be noted that the discretizations ¢y = ¢ (i) and Ay = A(#;) do not mean
that ¢y is a piece-wise constant, but refers to the fact that it has no effect on ¢, within the
period (fy, ty41) after sampled at f; by analog-to-digital (ADC) devices in practice and (21)
is an implicit Euler discretization of (12), while other schemes such as the simple explicit
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Euler and more accurate zero-order-hold (ZOH) are also possible. Substituting (21c) to
(21a) leads to:

S1kr1 = Sik — Mk + hzo g + W Mgy (22a)

M € <k1\/ Is1 k1] + hkz) sgn(s1 1) (22b)

where z; | 1= ¢ + vy, Apyq and s are unknown to us because s; x := ¢ + vy contains the
external unknown disturbance ¢. By following the work [41], one has the following results:

Siir1 = 51k — hflk — e — h* D (23a)
~ _ _ I
fik = Uk + Ukp1s 1 x = EPYOJ(Ck/SLk) (23b)
L 1 .
Ok1 = Ok + hily g; Ty = ﬁPrOJ(CZ,kISLk) (23c)
where Cy . := [—Dy, D, k] while Cy is defined as follows:
[ [=Dij, Dyl if [s1x] > Dy,
Ci= { Dy, Day] else -

with Dl,k :=hkq+/ ‘sl,k| + h2k2 and DZ,k = hzkz.

To make the proposed discrete-time realization algorithm (23) easy to be implemented,
the condition s, = 0 or ¢ = s7 is relaxed as |0 — s1| < ¢, where the parameter ¢ > 0 is
a small real number as the threshold of the practical sliding motion. If |0} — 51| > ¢, it
means that the discrete-time system (23) is still within the first stage, while if |0} — 51| < ¢,
then it shows that (23) has attained the sliding motion of the first stage, i.e., 0} ~ s1 . The
input gain g; is unknown, and thus, k]-, j = 1,2 are replaced with Kj in practice.

5. Experiments
5.1. Experiment Setup

The Ethics Committee of the School of Engineering at Kyushu University approved
the experiments (Approval no. 2021-02), which were meticulously conducted with strict
adherence to protocols. The experiment setup is illustrated in Figure 1, which includes an
Arduino microprocessor (Arduino Mega, the manufacturer is Laplace, located in Miyagi,
Japan), a driver (L298n), electrodes (IVES ELR-6211), and a joint angle acquisition unit
(CP45 Single-turn Potentiometer). Six volunteers, A, B,C, D, E, F, four females and two
males ranging in age from 18 to 60 years, participated in the study. Preliminary experiments
revealed that electrical stimulation elicited a more sensitive response in the MP joint of the
index finger than other finger joints; therefore, this joint was selected for further investiga-
tion to enable clearer comparison between different control methods. The location of each
participant’s Flexor digitorum superficialis muscle, responsible for flexion movement, and
Extensor digitorum muscle, responsible for extension movement, were identified on their
arm’s surface, as these target muscles are located relatively superficially. Surface electrode
patches provided by OGwellness (model ELR-615) were used after simple adjustments
were made to their positions upon application; if no motion response was observed upon
current application, electrodes were slightly relocated within close proximity until a motion
response was achieved in the finger.

As studied in our previous research [42], the biphasic wave can effectively stimulate
the nerve-muscles, and thus, leads to joint movements. Therefore, a stimulation signal
is employed in experiments with alternating positive and negative square waves. The
magnitude of the stimulation voltage remains constant, i.e., Vj;5x or V,;i;;, followed a zero
voltage of with constant duration of 50 ps. By changing the duration of the square wave
with the input y, the actual average voltage is changed and its magnitude of the actual
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average voltage determines the amount of joint motion and the sign of u determines the
motion direction. In the experiments, the output i of the PSTA is as the actuation input,
i.e., u ps with the saturation level F = 150 ps, i.e., [u| < F = 150 ps, and the feedback
of the joint angle x = 6 as the output is sampled by an analog angle sensor, one analog
potentiometer, with a period of 5ms from the Analog Pin of the Arduino equipped with
ADC device. Asshown in (7), we have adjusted the gain F = 150 ps according to practical
actuation saturation levels. For x; and x,, we set k; = 1.5v/L and x, = 1.1L based on
literature about STA. Due to its insensitivity to gain overestimation, we increased L until
tracking error convergence was achieved. Regarding x3 in (7), we tuned it through trial
and error to ensure there was no overshooting in experiments.

The proposed PSTA for the MP joint control is shown in Figure 1, where the PSTA
implemented in the Arduino board and y is calculated in a real-time manner with 1 = 25 ms.
Then, the stimulation signal with a duration of y ps is generated by the Arduino board to
the motor driver connected with an external power supply. The outputs of the two motor
drivers are transmitted to electrode patches that are applied to the index finger extensor
muscle group, i.e., Channel 1, and the index finger flexor muscle group, i.e., Channel 2,
respectively. One circular potentiometer, CP45 Single-turn Potentiometer, as the encoder
with a resolution of 0.35° is placed at the MP joint of the index finger. To prevent the wrist
from rotating with the index finger, a fixation device is also placed on the wrist, as shown
in Figure 1.

5.2. Experimental Results

The experimental results are shown in Figures 2 and 3 for x; = 6, =30°. During the
experiments, six different volunteers, A, B,C, D, E, F, were required to keep their index
finger relaxed without tension throughout the experiments and the index MP joint was
driven by the proposed algorithm “PSTA”, the STA of second-order SMC realized with
the explicit-Euler discretzation, denoted as “Explicit”, and the PID, respectively, to the
target angle 6,. With the usage of PID, we set its gains through trial and error to achieve
the optimal performance. To show the performances of closed-loop control, the MP joint
is also controlled by the self-conscious movement of the healthy volunteers, denoted as
“Voluntary”, that is, each volunteer tries to control their MP joint to move from zero degree
to 30° as quick as possible by observing a marker of 30° at the angle sensor with their
own eyes. During the experiments of the six volunteers, the parameters of the proposed
“PSTA” are kept as the same, i.e., k1 = 2.2,/%2, % = 0.08,x3 = 50, = 0.6. One can see that,
without the information of f(t,x) and g(t, x) in (5), with the proposed algorithm PSTA for
different experimenters, the controlled joint of MP finger quickly and exactly converges to
8, with little overshooting, while other methods have lower accuracy, as shown in Figure 2
and Table 1.

Table 1. RMSE and SSE of six volunteers under different control methods in Figure 3.

Volunteer Metric PSTA Explicit PID Voluntary
A RMSE 0.39 2.48 0.47 0.67
SSE 0.33 0.33 0.33 0.67
B RMSE 0.35 1.84 1.54 0.38
SSE 0.02 4.16 0.02 0.02
C RMSE 0.33 1.04 0.59 0.95
SSE 0.08 0.02 0.08 1.34
D RMSE 0.33 2.76 1.06 0.70
SSE 0.02 1.04 0.08 1.04
E RMSE 0.35 1.74 1.35 0.83
SSE 0.02 8.46 1.36 0.44
F RMSE 0.38 1.74 1.76 0.42
SSE 0.08 0.08 0.08 0.08
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Figure 2. Experiment results of six different volunteers, A, B, C, D, E, F, for control of the MP joint
with the low-cost Arduino Mega and an encoder of a resolution around 0.1°. For each volunteer A~F,
the PID gains have tuned by trial and error method to achieve the best performance. The PSMC [24]
has the anti-windup effect as the PSTA, but has the same accuracy of PID.

The results presented in Figure 2 indicate that the conventional explicit-Euler dis-
cretization of the STA, referred to as “Explicit”, causes numerical chattering-oscillation
around the target degree. On the other hand, the proposed PSTA effectively reduces chat-
tering and leads to accurate tracking results. The tracking errors of four strategies are
displayed in Figure 3, which show fluctuations and small magnitude of chattering around
zero during steady-state due to sensor noise and varying muscle strength.

Increasing PID or SMC gains (or force in “Voluntary”) to improve control accuracy can
result in overshooting and oscillations. However, thanks to its set-valued extension and
implicit-Euler discretization, even with high gains, the proposed PSTA demonstrates high
robustness when controlling MP joints across different volunteers without any overshooting
or oscillations. The corresponding results for six volunteers are shown in Table 1, with
statistical data presented in Figure 4. It shows that the proposed PSTA has the smallest
average tracking error and variance for the six volunteers, even better than the deliberate
“Voluntary” movement.

In Table 2, we compare the computational load of the proposed PSTA method, the
Explicit method, and the PID method. The implicit Euler discretization of PSTA increases
the computational load to average 420 ps, compared to the explicit Euler discretization of
STA and PID. However, given a sampling period of 5 ms and an update period of 25 ms for
control input i, this increase is relatively minor. Despite higher computational complexity,
the proposed PSTA offers benefits such as low chattering, anti-windup capabilities, and
high control accuracy.

To further validate the robustness and effectiveness of the proposed method, we
conducted additional experiments using a more complex reference trajectory, changing
the target angle from 30° to 45°. The results of these experiments are shown in Figure 5.
Similar to the previous experiments, the volunteers were instructed to keep their index
finger relaxed throughout the experiments.
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Figure 3. The tracking errors (red lines represent Desired, yellow lines represent PID, green lines
represent Voluntary, purple lines represent PSTA and blue lines represent Explicit) of six different
volunteers, A, B,C, D, E, F, in Figure 2.
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Figure 4. The average and variance of the RMSE of steady-state tracking errors for the data of
six volunteers in Table 1 under different control methods.

Table 2. Computational load of PSTA, Explicit, and PID controllers.

PSTA Explicit PID
Average value [ps] 420 199 265
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Figure 5. Tracking performance of the PSTA with changing target angles
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Even with the changing target angle, the PSTA was able to maintain a low level
of chattering and accurate tracking performance. These findings further confirm the
superiority of the PSTA in achieving precise control of MP joints under different conditions.

6. Conclusions

This manuscript presents the proxy-based super-twisting algorithm (PSTA) and an
implicit Euler realization of the PSTA for highly accurate control of MP joint through FES.
The proposed method maintains the accuracy and robustness of SMC without requiring
an accurate model of a MP joint, while eliminating numerical chattering. Experimental
results from different volunteers demonstrate that the PSTA is more effective than other
control schemes, including conventional STA, PID, and voluntary movement. Qualitative
analysis shows that this method is one of the most effective and accurate in the experiments.
With limited computation resources and sampling rates, the PSTA still performs well in
terms of response speed and control accuracy, which are sufficient for controlling MP joints.
Future investigations should include more experiments on time-varying angles of MP joints
through FES as well as other muscles, such as triceps brachii, using PSTA.

Future research includes a strict Lyapunov stability check and extending the work
to control multiple finger joints simultaneously. This will involve developing advanced
algorithms to manage increased complexity and ensure robust, accurate control across all
joints. Addressing these challenges will enhance the applicability and effectiveness of the
proposed method in practical scenarios.
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Abbreviations

The following abbreviations are used in this manuscript:

FES Functional electrical stimulation
MP joint  Finger metacarpophalangeal joint
SMC Sliding mode control

STA Super-twisting algorithm

PSTA Proxy-based super-twisting algorithm
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