% applied sciences

Special Issue Reprint

Collaborative Learning and
Optimization Theory and
Its Applications

Edited by
Yue Wu, Mingyang Zhang, Qiguang Miao and Kai Qin

mdpi.com/journal/applsci

WVI\DPI

F




Collaborative Learning and
Optimization Theory and Its
Applications






Collaborative Learning and
Optimization Theory and Its
Applications

Guest Editors

Yue Wu
Mingyang Zhang
Qiguang Miao
Kai Qin

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



Guest Editors

Yue Wu Mingyang Zhang Qiguang Miao

Department of Computer School of Electronic School of Computer Science
Science and Technology Engineering and Technology

Xidian University Xidian University Xidian University

Xi'an Xi'an Xi'an

China China China

Kai Qin

Department of Computer
Science and Software
Engineering

Swinburne University of
Technology

Hawthorn

Australia

Editorial Office

MDPI AG
Grosspeteranlage 5
4052 Basel, Switzerland

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/
88G3Z8K1I4.

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 978-3-7258-9123-8 (Hbk)
ISBN 978-3-7258-9124-5 (PDF)
https://doi.org/10.3390/books978-3-7258-9124-5

© 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

Yue Wu, Mingyang Zhang, Qiguang Miao and Kai Qin
Collaborative Learning and Optimization Theory and Its Applications
Reprinted from: Appl. Sci. 2026, 16, 6877, https:/ /doi.org/10.3390/app16146877 . . . . . . . ..

Zhiyuan Li, Chenhui Ju, Hao Li and Maoguo Gong
Multi-Objective Federated Learning via Evolutionary Knowledge Transfer
Reprinted from: Appl. Sci. 2026, 16, 5094, https:/ /doi.org/10.3390/app16105094 . . . ... . ..

Tao Wu, Shuo Xiong, Qiuhang Chen, Huaizheng Liu, Weijun Cao and Haoran Tuo
SupGAN: A General Super-Resolution GAN-Promoting Training Method
Reprinted from: Appl. Sci. 2025, 15, 9231, https:/ /doi.org/10.3390/app15179231 . . . . ... ..

Hang Zhou, Tianning Shang, Yongchuan Wang and Long Zuo

Salp Swarm Algorithm Optimized A* Algorithm and Improved B-Spline Interpolation in Path
Planning

Reprinted from: Appl. Sci. 2025, 15, 5583, https:/ /doi.org/10.3390/app15105583 . . . . ... ..

Zhengyang Cao and Gang Chen

Advanced Cooperative Formation Control in Variable-Sweep Wing UAVs via the
MADDPG-VSC Algorithm

Reprinted from: Appl. Sci. 2024, 14, 9048, https:/ /doi.org/10.3390/app14199048 . . . ... . ..

Boliang Sun and Chao Chen
Sequence-Information Recognition Method Based on Integrated mDTW
Reprinted from: Appl. Sci. 2024, 14, 8716, https:/ /doi.org/10.3390/app14198716 . . . . .. . ..

Nataliya Shakhovska, Oleh Zherebetskyi and Serhii Lupenko

Model for Determining the Psycho-Emotional State of a Person Based on Multimodal Data
Analysis

Reprinted from: Appl. Sci. 2024, 14, 1920, https:/ /doi.org/10.3390/app14051920 . . ... .. ..

Baobao Liu, Heying Wang, Zifan Cao, Yu Wang, Lu Tao, Jingjing Yang and Kaibing Zhang
PRC-Light YOLO: An Efficient Lightweight Model for Fabric Defect Detection
Reprinted from: Appl. Sci. 2024, 14, 938, https:/ /doi.org/10.3390/app14020938 . . . . . .. . ..

Fanxiao Yi, Weishi Li, Mengjie Huang, Yingchang Du and Lei Ye
A High-Quality Hybrid Mapping Model Based on Averaging Dense Sampling Parameters
Reprinted from: Appl. Sci. 2024, 14, 335, https:/ /doi.org/10.3390/app14010335 . . . . . ... ..






% applied sciences ﬁw\p\py

Editorial
Collaborative Learning and Optimization Theory
and Its Applications

Yue Wu 1'*, Mingyang Zhang 2, Qiguang Miao ! and Kai Qin 3

Key Laboratory of Collaborative Intelligence Systems, Ministry of Education, Department of Computer
Science and Technology, Xidian University, Xi’an 710071, China; qgmiao@xidian.edu.cn

Key Laboratory of Collaborative Intelligence Systems, Ministry of Education, School of Electronic
Engineering, Xidian University, Xi’an 710071, China; myzhang@xidian.edu.cn

School of Science, Computing and Emerging Technologies, Swinburne University of Technology,
Hawthorn, VIC 3122, Australia; kqin@swin.edu.au

*  Correspondence: ywu@xidian.edu.cn

1. Introduction

Collaborative learning and optimization theory have become increasingly impor-
tant paradigms for addressing complex intelligent system problems in modern machine
learning and computational intelligence [1-4]. By enabling multiple models, agents, or
computational components to jointly learn and optimize, these approaches provide strong
capabilities for handling high-dimensional data, dynamic environments, and distributed
decision-making problems [5,6]. With the rapid development of intelligent systems [7-10],
the aim of this Special Issue was to collect recent advances in collaborative learning and
optimization theory and its applications across diverse real-world scenarios.

2. Recent Advances

Recent studies have shown that collaborative learning and optimization have been
widely applied in intelligent system scenarios such as collaborative computing envi-
ronments, traffic forecasting and routing optimization, traffic signal control, person re-
identification, large-scale e-learning, and privacy-preserving federated learning [11-13].
These developments indicate that collaborative learning and optimization are not limited
to a single algorithmic framework, but provide general methodological support for per-
ception, decision-making, coordination, and distributed intelligence [14-16]. Against this
background, the contributions published in this Special Issue, “Collaborative Learning
and Optimization Theory and Its Applications,” further demonstrate the practical value of
these methods in diverse application domains.

The contributions published in this Special Issue, “Collaborative Learning and Opti-
mization Theory and Its Applications,” reflect the latest progress in collaborative intelli-
gence, optimization methodologies, and their applications in perception, control, sequence
modeling, and distributed learning systems.

One group of works focus on collaborative perception and intelligent modeling in
complex environments. These studies explore how optimized learning strategies and
efficient representation models can improve system performance in tasks such as dense
mapping, industrial inspection, and visual understanding. Hybrid modeling techniques
are introduced to enhance stability and accuracy in dense sampling-based mapping sce-
narios (contribution 1), while lightweight learning architectures are proposed to achieve
efficient and accurate defect detection in industrial environments (contribution 2). In addi-
tion, multimodal learning strategies further extend collaborative modeling capabilities by
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integrating heterogeneous data sources for human state understanding (contribution 3),
and generative learning methods are explored to improve super-resolution reconstruction
quality and training robustness (contribution 7).

Another important direction is sequence modeling and structured data analysis un-
der collaborative optimization frameworks. Improved temporal alignment methods are
proposed to enhance sequence recognition performance by integrating multiple dynamic
time warping strategies (contribution 4), demonstrating the effectiveness of collaborative
feature alignment in structured temporal learning tasks.

In the domain of collaborative control and optimization, several studies investi-
gate multi-agent coordination and intelligent decision-making strategies. Reinforcement
learning-based formation control methods have been developed for unmanned aerial
vehicle systems, enabling more stable and adaptive cooperative behaviors in dynamic
environments (contribution 5). Furthermore, hybrid optimization strategies combining
swarm intelligence, heuristic search, and interpolation techniques are proposed for path
planning problems, significantly improving trajectory optimization and computational
efficiency (contribution 6).

Finally, distributed and privacy-preserving collaborative learning has also received
increasing attention. A multi-objective federated learning framework based on evolutionary
knowledge transfer is introduced to enhance optimization performance in decentralized
learning environments (contribution 8), demonstrating the effectiveness of collaborative
optimization under data privacy constraints.

3. Future Outlook

The papers included in this Special Issue collectively demonstrate the broad applica-
bility and effectiveness of collaborative learning and optimization theory in addressing
complex intelligent system problems. From perception and sequence modeling to con-
trol, optimization, and federated learning, these contributions highlight the importance
of collaboration mechanisms in improving learning efficiency, robustness, and scalability.
Future research is expected to further explore more unified collaborative frameworks that
integrate learning, optimization, and decision-making under increasingly complex and
distributed environments.
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Abstract

Federated learning enables multiple clients to collaboratively train a global model with-
out exchanging raw data, thereby alleviating data silos and privacy concerns. However,
federated learning model design is still challenged by complex architecture and hyperpa-
rameter optimization, especially under heterogeneous data distributions. To address these
issues, this paper proposes a multi-objective federated learning framework based on particle
swarm optimization (PSO). Specifically, neural architecture search and training-parameter
optimization are formulated as a multi-objective evolutionary optimization problem, where
predictive performance and model complexity are optimized jointly. Furthermore, to improve
robustness under non-independent and identically distributed (non-I1ID) data, a clustered
multi-population extension is developed. In this framework, each cluster is associated with a
dedicated particle population. An inter-population evolutionary knowledge transfer mech-
anism is then introduced to enable effective sharing of search experience across clusters,
thereby improving the optimization efficiency and adaptability of federated learning under
heterogeneous environments. Experiments on MNIST and CIFAR10 under both IID and
non-IID settings demonstrate that the proposed methods achieve a superior trade-off between
predictive accuracy and model complexity and outperform baseline approaches in robustness,
search efficiency, and adaptability to imbalanced distributed environments.

Keywords: federated learning; particle swarm optimization; evolutionary knowledge
transfer; multi-objective optimization; neural architecture search

1. Introduction

Federated learning (FL) has emerged as an effective distributed learning paradigm
that enables multiple clients to collaboratively train a global model without sharing raw
data [1]. By keeping private data on local devices and exchanging only model parameters
or updates, FL provides a practical solution to data silos and privacy concerns in many
real-world applications. With smartphones and other edge devices becoming dominant
carriers of user data, data processing has gradually shifted from traditional centralized
platforms to distributed and mobile environments [2]. However, despite its advantages in
privacy preservation, FL still faces substantial challenges in model design and optimiza-
tion, especially when client data exhibit heterogeneous and non-independent identically
distributed (non-1ID) characteristics [3].

In practical FL systems, the overall learning performance is strongly influenced by
both the neural network architecture and training hyperparameters. On the one hand,

Appl. Sci. 2026, 16, 5094 https://doi.org/10.3390/app16105094
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model structure directly affects predictive accuracy and model complexity. On the other
hand, training-related parameters, such as learning rate, local update frequency, and com-
munication rounds, also affect communication efficiency and convergence behavior. As a
result, the design of FL. models is essentially a coupled optimization problem involving
multiple conflicting objectives. Traditional manual tuning and grid search methods are
often computationally expensive and difficult to scale to high-dimensional search spaces,
particularly when both architecture design and federated training parameters need to
be optimized jointly. Moreover, in realistic deployment scenarios, it is also necessary to
design effective strategies for model allocation and optimization under heterogeneous
client environments [4].

Evolutionary optimization provides a promising solution to such problems. Owing
to its gradient-free nature and strong global search capability, it has been widely used in
black-box optimization, neural architecture search, and complex multimodal optimization
problems [5,6]. In particular, particle swarm optimization (PSO) is attractive because of its
simple implementation, efficient population-based search mechanism, and suitability for
large search spaces [7,8]. These characteristics make PSO a natural candidate for federated
learning optimization, where the search space often includes both discrete architectural
variables and continuous training hyperparameters. Compared with conventional grid
search, PSO-based update strategies can substantially reduce computational cost while
maintaining efficient exploration ability in large search spaces [9,10]. However, directly
applying a single-population optimization strategy to FL may still be insufficient in hetero-
geneous environments because client distributions can vary significantly and may induce
highly inconsistent optimization landscapes.

To better address this issue, it is necessary to exploit the structural relationships among
different client groups. In heterogeneous FL scenarios, different clusters of clients may accu-
mulate useful search experience under their own data distributions. If such experience can
be shared effectively, the optimization process may avoid redundant exploration, accelerate
convergence, and improve generalization across clusters. This motivates the introduction
of evolutionary knowledge transfer into federated learning optimization. Rather than
treating all clients as belonging to a single homogeneous population, a clustered multi-
population framework makes it possible to preserve cluster-specific search characteristics
while enabling information exchange across related populations.

Based on this observation, this paper proposes a multi-objective particle swarm op-
timization framework for federated learning. The base framework formulates federated
model design as a multi-objective optimization problem in which predictive performance
and model complexity are optimized simultaneously. Furthermore, to cope with data het-
erogeneity, a clustered multi-population extension is developed. In this extension, clients
are dynamically grouped according to their data characteristics, and each cluster is assigned
to a specialized particle population. More importantly, an inter-population evolutionary
knowledge transfer mechanism is introduced, through which cluster-specific nondomi-
nated solutions can provide transferable search experience for other populations. In this
way, the proposed method not only supports efficient federated architecture optimization
but also improves robustness and adaptability under non-IID conditions.

The main contributions of this paper are summarized as follows:

e We propose a multi-objective PSO-based federated learning framework that jointly
optimizes predictive performance and model complexity in neural architecture and
training-parameter search.

*  We develop a clustered multi-population extension for heterogeneous federated learning
in which an inter-population evolutionary knowledge transfer mechanism is designed
to improve search efficiency and robustness under non-1ID data distributions.

https://doi.org/10.3390/app16105094
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e We conduct comprehensive experiments on MNIST and CIFAR10 under both IID
and non-IID settings, and the results demonstrate that the proposed methods achieve
better trade-offs between accuracy and complexity than the baseline methods.

2. Background

In this section, we first introduce federated learning and clustered federated learning,
where the latter further considers client heterogeneity in distributed learning. In addi-
tion, we review particle swarm optimization, which is closely related to the proposed
optimization framework.

2.1. Federated Learning

One of the primary focuses of FL is protecting the data privacy and security of devices.
However, this process differs from traditional privacy-preserving methods, such as differ-
ential privacy [11] and secure multi-party computation [12]. Most application scenarios
for the aforementioned methods involve the encryption, transmission, and decryption
of raw data, whereas the encrypted objects in FL scenarios are the trained models and
gradients. In actual production scenarios, the encryption process in FL is often combined
with technologies such as differential privacy and homomorphic encryption to mitigate the
untrusted server problem and defend against inversion attacks from malicious Byzantine
users [13,14]. Another important characteristic of FL is that it is a distributed learning
technology with privacy-preserving attributes [15,16]. Traditional distributed learning
enjoys obvious advantages over centralized learning when data volume and computational
resources are sufficient [17]. This method deploys the original independent and identically
distributed data and models onto edge nodes, and the central server provides unified
scheduling so that all nodes perform model training simultaneously. However, in the FL
scenario, data privacy is stringently defined, which means that the transmission and com-
munication of raw data cannot be performed during any process. This inevitably causes
the data across various edge devices to be non-independent and identically distributed,
which undoubtedly brings new challenges to the training and optimization of artificial
intelligence models [18]. Although federated learning still faces some unresolved issues
in the current environment, it has played an important role during its development in
already-deployed sectors, such as the medical industry, the financial industry, and terminal
service providers [19]. Meanwhile, in face detection tasks within the security domain [20],
the capacity of federated learning to enable multiple parties to collaboratively build safe,
efficient, and compliant distributed models can help institutions to achieve cross-platform
knowledge sharing [21,22].

Building upon previous research, more advanced methods have been proposed. Per-
sonalized federated averaging was proposed to address the issue of model personalization
by decoupling the model from the global model [23,24]. Since the local models can be
iteratively trained, the global model achieves better performance by utilizing higher-quality
local updates. The quantized networks on client devices are optimized to reduce weight
differences through a self-learning quantization factor method, which simultaneously re-
duces both uplink and downlink communication costs [25]. Additionally, an approach to
mitigate the challenge of limited and poor-quality data within data silos is proposed [26].

2.1.1. Federated Averaging

Google proposed a horizontal federated learning solution for Android devices in
2017, known as federated averaging (FedAvg) [27]. In this framework, users update model
parameters locally and upload them to the cloud so that multiple data owners can jointly
train a global model. A secure aggregation mechanism is also introduced to protect user

https://doi.org/10.3390/app16105094
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privacy during parameter uploading. Unlike a centralized neural network, this method
optimizes the objective function in a distributed manner.

Let C denote the number of independent clients, let P, denote the sample index set of
client ¢, let p. = |P.| be the number of samples on client ¢, and let p = Zf:l pc be the total
number of samples across all clients. The global objective can be written as

C
minl(w) =y P (w), (1)

c=1

where the local objective of client c is as follows:

Le(w) = = ¥ Ii(w), @)

Pc ieP,

Here, [(w) denotes the global objective, [;(w) = f(x;, y;;w) denotes the loss on sample
(xi,vi), and w denotes model parameters.

FedAvg is effective in reducing communication cost. By extending federated stochastic
gradient descent [28], it increases local training epochs and reduces the need for frequent
communication. Specifically, Fed Avg can be described in three steps:

First, each client downloads the global model from the server and updates the local
model by performing stochastic gradient descent (SGD) [29] on its local dataset. In commu-
nication round ¢, the model of the c-th client (where ¢ € C) is defined as w!, and the update
amount can be expressed as

Awttt = f(w', D) —w!, c¢=1,...,C, 3)

where f(-) denotes SGD, and D, denotes the local data of client c.
Second, each client uploads its trained model to the central server, and these parame-
ters are aggregated by an averaging method. The formula can be defined as

1t v Doy
w =w'+ ) —Aw 4)

where w; denotes the global model at round t.
Third, the server broadcasts the aggregated model to all clients:

L0 — gt c=1,...,C. 5)

w
Overall, FedAvg adopts a training mechanism of “local multi-step updates and global
weighted aggregation”. This method reduces communication frequency by executing
multiple rounds of local optimization on the client side. Meanwhile, it utilizes a weighted-
averaging strategy on the server side to fuse the training results of different clients, thereby
achieving continuous optimization of the global model while preserving data locality.
After multiple iterations, the model parameters gradually approach the optimal solution,
ultimately yielding a global model that simultaneously accommodates the data-distribution
characteristics of individual clients.

2.1.2. Clustered Federated Learning

In federated learning, because data sources and computing nodes both come from end-
user personal devices, it is therefore unavoidable that data heterogeneity problems arise,
namely the problem of non-independent and identically distributed data. In applications
such as recommender systems and personalized advertising [30,31], fully utilizing data

https://doi.org/10.3390/app16105094
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heterogeneity is particularly important. This may not only improve user experience but
also help enterprises to obtain better application effects and benefits. The above situations
indicate that fully utilizing the data heterogeneity among users is of great significance.
On the one hand, the data owned by a single device are usually limited, and it is therefore
necessary to effectively mine the similarity among users so as to improve model perfor-
mance. On the other hand, if the data of all users are simply regarded as IID samples, it is
difficult to realize personalized prediction, thereby limiting the performance of the model
in practical applications [32-34]. Because the non-IID problem is widespread in federated
learning scenarios, it is crucial to build a more reasonable model to deal with various
data distributions [35]. Traditional methods have been shown to be qualified under some
forms of non-IID data, but, when facing highly skewed data distributions, they suffer from
significant performance degradation [36]. To address this problem, FedProx [37] provides a
solution to the non-1ID problem by using convergence guarantees and constraint strategies.
However, clustered federated learning [38] reassigns clients to the most suitable clusters by
evaluating the performance of client models.

In a typical clustered federated learning setting, we assume there exist k distinct data
distributions, Dy, . .., Dy, and that m clients are partitioned into k pairwise disjoint clusters,
Si,...,S{. We assume each client i € S]’f belonging to Sj*f contains n independent and
identically distributed data points Zid ., ZiM which are sampled from the distribution Dj.
Among them, each data point z"* consists of a pair of variables representing a feature and a
response, denoted as z'" = (x/, y"").

Let f(6;z) : ® — R denote the loss function associated with the data point z, where
© C R? is the parameter space. In this paper, we take ® = R“. The overall loss function to
minimize is as follows:

FI(0) := E.p,[f(6;2)], € [K]. (6)

In our problem, the data distributions across all user devices possess a cluster structure.
A natural idea is to adopt off-the-shelf clustering algorithms (such as k-means) to estimate
the cluster assignments [38]. Because the data are stored on individual worker machines,
taking into account the massive communication overhead, it is infeasible to upload all
data to a central machine and cluster the raw data points. Therefore, a straightforward
approach is to let each client train a local model 6; using its local data and send it to the
server. Subsequently, the server estimates the cluster assignment of each client by running
k-means on these gl models. After obtaining the classification estimates, the central server
can independently run any federated learning aggregation algorithm within each cluster.

Algorithm 1 is a modular algorithm. It has flexibility in the selection of the cluster-
ing subroutine and the optimization subroutine, and these subroutines can be adjusted
according to specific problem instances.

Algorithm 1 One-Shot Clustering Algorithm for Federated Learning

1: Clients send the solutions derived by minimizing the empirical risk

0; := argreréiglfi((?), Vie [m]
to the server. B
2: The server clusters {6;}" ; into Sy, ..., Sj.
3: Within each cluster S;, j € [k], run a federated learning algorithm to obtain the final

solution 9j.

The clustered federated learning framework introduces a client-clustering mechanism
on the basis of the traditional federated learning framework in order to address the problem
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of heterogeneous non-IID data distributions in federated learning. Instead of maintaining a
single global model, the server clusters clients according to their models or data characteristics
to group those with similar data distributions. During each training round, after each client
completes model updating based on local data, the model parameters are uploaded to the
server. The server performs clustered federated aggregation (C-Fed Avg) by averaging parame-
ters only among client models within the same cluster to obtain the corresponding cluster-level
global model. This method can reduce interference among different data distributions so that
the model can better adapt to various data characteristics. By introducing the client-clustering
mechanism, clustered federated learning aims to maintain the privacy-preserving properties
of federated learning while improving the training stability and overall performance of the
model under non-independent and identically distributed data environments.

2.2. Particle Swarm Optimization

Particle swarm optimization (PSO) [39] is an intelligent optimization algorithm based
on populations. Its inspiration comes from the foraging behavior of bird flocks. Be-
cause PSO has the advantages of conceptual simplicity and ease of implementation, it
has been widely applied in many fields in recent years and has achieved good results.
A particle has only two attributes, namely velocity and position. Velocity represents the
speed of movement, while position represents the direction of movement. Each particle
independently identifies and records its personal best in the search space, which is then
shared with all other particles in the swarm. The best personal best discovered across
the swarm is adopted as the current global best. Subsequently, all particles adjust their
velocities and positions based on both their individual best and the shared global best.

i1 2 id
)

In PSO, the position of particle i is written as x = (x,x=, ..., x"), where d is the

dimensionality of the search space. The velocity of particle i is denoted by
vi= (01,072, 0. )

During initialization, both positions and velocities are randomly generated. The itera-
tive update stage then follows:

v (k+1) = wv (k) + c1r1 (p™ — x(k)) + cara (p¥ — x“ (k)), (8)

x4 (k+1) = x(k) + v (k+1), 9)

where w is the inertia weight. It controls the influence of the current velocity on the next
update, thereby balancing exploration and exploitation. If w = 0, the velocity has no
memory because it depends only on the current and historical best positions. Suppose
that one particle is already located at the global best position. While this particle remains
stationary, the others will fly toward the weighted center of their personal and global
bests, causing the entire swarm to shrink toward the current global optimum. Here, x4 (k)
and v (k) denote the position and velocity of particle i in dimension d at iteration k,
respectively; p'? denotes the component of the historical best position of particle i (personal
best, pbest) in dimension d; p$¢ denotes the component of the global best position of the
whole population (global best, gbest) in dimension d. ¢; and c; are learning factors, which
control the extent to which the particle moves toward the personal best and the global
best. Lower values allow particles to wander outside the target region before being pulled
back, while higher values cause particles to suddenly rush toward or overshoot the target
region. r1,7, ~ U(0,1) are random numbers on the interval [0, 1] and are used to enhance
the randomness and diversity of the algorithm.

PSO is a population-based optimization algorithm in which particles cooperatively
search the solution space through information sharing. In the particle swarm algorithm,
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intelligent agents cooperate to adapt to the environment while demonstrating a clear ability
to interact with it.

Standard federated averaging methods provide the foundation for privacy-preserving
distributed learning, but their performance often degrades under heterogeneous and non-
IID client distributions. Clustered federated learning extends this paradigm by grouping
clients with similar data characteristics, thereby improving adaptability in heterogeneous
environments. However, both standard and clustered federated learning frameworks still
rely heavily on manually selected model architectures and training hyperparameters. This
motivates the introduction of PSO-based multi-objective optimization, which can automati-
cally search for suitable model configurations while balancing predictive performance and
model complexity. From this perspective, the proposed method can be viewed as a unified
framework that combines clustered federated learning with PSO-based optimization to
address both client heterogeneity and model-design complexity.

3. Methodology

This section presents the proposed PSO-based federated learning framework and its
clustered extension. The former addresses multi-objective architecture and hyperparameter
optimization, while the latter introduces inter-population evolutionary knowledge transfer
to improve robustness under heterogeneous data distributions.

3.1. Multi-Objective Particle Swarm Optimization for Federated Learning

Figure 1 illustrates the overall framework of the proposed method. The server first
initializes the global model and the PSO parameters, including particle positions, velocities,
population size, inertia weight, and learning factors. The current global model is then
distributed to all participating clients. Each client performs local training on its private
dataset and uploads the updated model parameters to the server. After receiving local
updates, the server aggregates them to obtain a new global model.

@ PSO Federated Learning Framework =

( Initialize the Global Model and PSO Parameters

—/

——————— A

(Federated Aggregatic;] Global Server " h
| (FedAvg) |
I s N Optimize Model Structure
\ T _ v

Upload Model Download Model ; ) - > 4

Updates Parameters - B 0
* y_

‘a -
Client Devices ey @ SV
EEEEEE CaCo )
— —— —~ ...
E i = = PSO Optimization Module
(=) _— \ )

d-a-E1rE :

User | User 2 User 3 Tablet /A{Performance Evaluation]
g

N /

Figure 1. Framework of the multi-objective particle swarm federated learning method.

On top of the federated training procedure, PSO is employed to jointly optimize model
architectures and training hyperparameters. Specifically, each particle encodes a candidate
configuration consisting of structural parameters and optimization-related variables, such
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as learning rate and local training epochs. The performance evaluation module then
assesses the federated learning result associated with each particle and computes its fitness
according to predictive performance and model complexity. Based on the resulting fitness
values, the personal best and global best particles are updated, and the swarm continues to
evolve toward more promising configurations.

3.1.1. Objective Function Definition

Most existing federated learning algorithms pay more attention to model performance.
However, in practical applications, the communication efficiency of devices is also an
important indicator. In most cases, improving model performance and minimizing commu-
nication efficiency are contradictory. Therefore, we regard this problem as a multi-objective
problem and model it as a bi-objective optimization function. Here, model complexity is
used as a proxy for communication overhead since larger models generally incur higher
transmission cost in federated learning:

f1 : model complexity

mv\i]n(flffZ)T = (10)

f2 : loss function

where f; = ¥, [W g and f, = E(xy)~p[F(x,y;W)]. Here, f; denotes model complexity,
and f, denotes the global loss function of the federated model. Here, W denotes the model
parameters of the current neural network, and /1 denotes the number of hidden layers.
The definition of f; is the same as that in basic federated learning, where D denotes the
current dataset and (x,y) denotes one training sample.

3.1.2. Search Space Design

To obtain the optimal federated learning structure, the search space includes most
hyperparameters. The encoding results are as follows:

X = (n,p,e convl,conv2, k1,k2, fcl, fc2), (11)

Here, 7 and p denote the learning rate and local update frequency, respectively, while
e represents the number of local training epochs. For the convolutional layers, convl and
conv2 signify the numbers of kernels, with k1 and k2 denoting their respective sizes. Finally,
fcl and fc2 specify the numbers of neurons in the fully connected layers.

Because the numbers of convolutional-layer channels, the convolution-kernel sizes,
and the numbers of nodes in the fully connected layers are all integer variables, it is neces-
sary to discretize the particle positions when actually constructing the network structure.

Figure 2 shows a convolutional neural network (CNN) structure to be optimized,
and its training dataset is the MNIST handwritten digit dataset. The network input is a
grayscale image of size 28 x 28. Image features are extracted layer by layer through multiple
convolutional layers while pooling operations reduce dimensionality and computational
complexity. After convolutional feature extraction, the network integrates high-dimensional
features through fully connected layers and finally outputs a 10-dimensional vector to rep-
resent the classification probabilities of digits 0-9. The number of convolutional channels,
the kernel sizes, and the number of neurons in the fully connected layers are all treated as
optimization parameters. Based on these, the optimal network structure is automatically
searched within the predefined search space by the optimization algorithm.

https://doi.org/10.3390/app16105094
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Figure 2. An example of the search space, including hyperparameters and model architecture param-
eters. Specifically, convl and conv2 represent 16 and 32 convolutional filter channels, respectively,
and fcl and fc2 represent 32 and 16 neurons in the fully connected layers, respectively. The padding
of the convolutional layers is set to ‘same’, so the size of the feature maps output by each convolu-
tional layer remains unchanged before the max pooling operation. Note that there must be at least
one neuron in each hidden layer.

3.1.3. Multi-Objective PSO Federated Learning Optimization Procedure

In line 10 of Algorithm 2, in order to determine whether the current position is better
than the historical best position, it is necessary to compare them by using the Pareto domi-
nance relation. Specifically, the current position X! must satisfy the following condition:

Vk € {1,.. ‘/K}r fk(Xf) < fk(Pit)r (12)

In this case, X! Pareto dominates P! (X! < P/) provided that f;(X!) < f¢(P!) holds for
atleastone k € 1, ..., K. In this case, the current position is updated as the new personal
best, namely Pf“ = X!. If the historical best position dominates the current position
(P! < X!), the personal best remains unchanged (P! = P!). Conversely, when X! and P!
do not dominate each other, the new personal best is selected using a crowding-distance-
based rule:

X!, Xt < P,
P = (P P! < X!, (13)
Select(X!, P), otherwise.

In the nondominated case, the personal best is selected according to the crowding
distance (CD), so the solution located in a less crowded region of the objective space is
preferred. Specifically, for a nondominated set 7, the crowding distance of solution z; € F
is computed as

CD(z) = kKZl f "(Zf;al _;’;i{l), (14)

where " and f{"" denote the maximum and minimum objective values of the k-th
objective in F, respectively, and z; 1 and z;, are the two neighboring solutions of z; after
sorting F according to the k-th objective. For boundary solutions, the crowding distance is
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set to +oo. Therefore, when Xf and Pit do not dominate each other, the one with the larger
crowding distance is selected:

X!, CD(X!
Select(X}, Pf) = { P!, CD(P!) > CD(X}), (15)
random(X!, P/), CD(X!) =CD(P!).

Algorithm 2 Multi-Objective PSO Federated Learning

Input: particle number N, maximum iteration number Tnay, inertia weight w, and learning
factors ¢; and ¢;
Output: Pareto nondominated solution set ATmax
1: Initialize particle positions X? and velocities Vl.o, wherei=1,2,...,N
2: Initialize personal best positions P? «+— X!
3: Initialize the external archive AY « @
4: fort =0,1,..., Tmax — 1 do
5:  foreach particlei =1,2,...,N do

6 Decode X! into a federated parameter configuration Al = ¢(X!)
7: Execute one round of federated training under A! and obtain the global model
wi !
8: Compute the objective vector F(X!) = (f1(X!), f2(X}))
9: Update the personal best P/ according to the Pareto dominance relation
10:  end for
11:  Update the external archive:
12: A1 = nondominated (A’ U {X!, X},..., X4 })
13:  for each particlei =1,2,...,N do
14: Select a leader G/ *! from A!*!
15: Update the velocity:
16: VIt = wVE 4 oir (P — XE) + o (GET = X)

17: Update the position: Xf“ =X+ Vf“
18:  end for

19: end for

20: Return ATmax

3.2. Clustered Multi-Objective Particle Swarm Optimization for Federated Learning

As shown in Figure 3, different from traditional federated learning, which only main-
tains a single global model, this framework simultaneously maintains multiple cluster-level
models on the server side. First, the server initializes the global model and clusters clients
according to client data characteristics or model-update information, thereby forming mul-
tiple user clusters. For each user cluster, the server separately maintains a corresponding
cluster-level model and performs model aggregation within the cluster, thereby obtaining
multiple server models that are updated in parallel. At the same time, the PSO optimization
module is used to search the model-structure parameters and training hyperparameters in
federated learning. Each particle represents one set of candidate parameter configurations
for a certain cluster, and all particles for a given cluster are regarded as one population.
Under the given parameter configuration, one round of clustered federated training is
performed, and the corresponding fitness value is calculated through the performance-
evaluation module. Subsequently, PSO updates the positions and velocities of the particles
according to their personal and population best solutions. This iterative mechanism en-
ables continuous exploration of promising parameter combinations in the search space.
Throughout this iterative process, the framework maintains multiple cluster-level server
models while utilizing inter-population genetic knowledge transfer to optimize both model
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structures and training parameters. This approach realizes efficient federated model search
and training under complex data-distribution environments.

s : .
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Figure 3. Framework of the clustered multi-objective particle swarm federated learning method.
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In the proposed framework, each cluster-specific population evolves under a distinct
local data distribution. The nondominated candidate solutions obtained in one population
serve as transferable search experience for other populations through the joint evalua-
tion and projection mechanism. This inter-population transfer helps to avoid redundant
exploration and improves robustness under non-IID settings.

3.2.1. Objective Function Definition

Similar to the multi-objective federated learning method, we formulate the clustered
optimization problem as

. : model complexit
min(fi, ) = {1 plexity 16

f2 : clustered federated loss function,

Here,
K

K
- kZ Xhl W™ o, Z (o), [E (6 7 W), (17)
=1

Here, W denotes the model parameters of the neural network, and / represents the
number of hidden layers. K indicates the total number of clusters obtained after client
clustering. For each cluster k, Dy is the associated dataset, with | Dy| and |D| representing
the cluster-specific and total number of samples, respectively. In the clustered federated
learning scenario, f, denotes the global loss function. Specifically, it is calculated as the
weighted sum of local losses from all clusters, with weights determined by the data scale.
This formulation ensures that f, accurately reflects the performance of the clustered model
across the entire data distribution. It can thus be seen that, although the problem in this
subsection is similar to a multitask problem, the actual objective function is globally consis-
tent.
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3.2.2. Inter-Population Knowledge Transfer

To address the optimization difficulty caused by data heterogeneity in federated
learning, this paper proposes a clustered federated multi-population particle swarm op-
timization algorithm (CE-MPPSO). In this framework, each client cluster corresponds to
one particle population, which independently performs parameter search and generates
local nondominated candidate solutions. Subsequently, a global evaluation is conducted
through cross-cluster combinations, allowing each population to be updated according
to the resulting global Pareto solutions. This method enables the characteristics of each
cluster of data to be preserved while realizing global collaborative optimization. Suppose
that there are K client clusters in the federated system: Cq,Cy, ..., Ck, and each cluster
corresponds to one particle population: Py, P, ..., Px. The ith particle in cluster k is de-
noted as Xy ; = (Xki1, Xk 2, - -, Xk id)- Here, d represents the dimension of the search space.
The evaluation of this particle on cluster Cy is performed as follows:

Fr(Xii) = (fi1 (Xki)s fr2(Xki))- (18)

Let each cluster C; maintain a population P,. Nondominated solutions are first
identified independently within each cluster:

Ay = nondominated (Py). (19)
and the cluster-level candidate solution set is obtained:
A = {X,f,l,X,frz,. -} (20)

According to Equation (16), the weight of each cluster is determined by the proportion
of the number of client samples:

K
wy = ||D"| Y wp=1. (21)
k=1

D|’
To construct a global joint solution, one nondominated solution is selected from each

cluster. If Xi‘,il, X3

2iyr Xk i are chosen, then the joint solution is as follows:

S=X{; ®X5;, ® D Xgjp, (22)

where & denotes the parameter vector concatenation operation, and i € {1,2,...,|A|}.
By traversing all nondominated combinations, the joint solution set is as follows:

S = {Xi‘,il X5, @ OXy, | X € Ay k= 11<} (23)

whose size is X
S| =TTI1Al (24)

k=1

After global objective evaluation and nondominated sorting on the joint particle set,
the global nondominated archive is obtained as

A8l — nondominated(S), (25)

The components of solutions in A8!°P2! are then projected back to their corresponding
clusters to update the local personal best and global best particles. It follows that every
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global Pareto solution must be formed by combining nondominated solutions drawn from
the individual clusters. This is the central knowledge-transfer mechanism of CE-MPPSO.

3.2.3. Clustered Multi-Objective Particle Swarm Federated Learning

The pseudocode in Algorithm 3 enters the main iterative process from line 3 onward.
Lines 4-10 mainly complete particle evaluation within each cluster. In this stage, the algo-
rithm processes particles cluster by cluster and obtains objective values according to the
corresponding cluster-specific data environment. A global evaluation is formed through
cross-cluster candidate-solution combinations. Subsequently, each population is updated
according to the resulting global Pareto solutions. In line 20, 774 (-) denotes the projection
from the global joint archive onto the decision variables associated with the kth cluster.

Algorithm 3 CF-MPPSO for Clustered Federated Learning

Input: client clusters Cy and corresponding particle populations Py, P, . .., Px
Output: global nondominated solution set A8/b%

1: Initialize particle positions and velocities for all populations

2: Initialize personal bests Pbest and global bests Gbest

3 fort =1to T do

4 fork=1toKdo

5: for each particle X ; in cluster C; do
6: Execute clustered federated training on Cj,
7: Compute objective vector Fi(Xy ;) = (fe1, fko -+ fim)
8: end for
9: Perform Pareto nondominated sorting; obtain Ay = nondominated (Py)
10:  end for
11:  Initialize joint solution set S <— @
12:  for each combination Xiil, X;,iz’ e, XI*<,i,< do
13: Construct joint solution S = X7, @ X5, @ - & Xy ;.
14: Evaluate joint objective value F;(S) = YR wy fk,j(le,ik)
15: Add joint solution to candidate set
16:  end for
17 Compute A8/P! — nondominated(S)
18:  fork =1toKdo
19: for each particle Xj ; do
20: Project global archive: Gbest; = i ( As'obal)
21: Update velocity: thjl = kat,l- +c1r1(Pbesty ; — Xy ;) + cor2(Gbesty — Xy ;)
22: Update position: X' = X! + VT
23: end for
24:  end for
25: end for

26: Return Aglobal

3.3. Computational Complexity Analysis

In each iteration, the algorithm first evaluates particles through clustered federated
training. If the cost of one federated evaluation is denoted by Cpp,, then the complexity of
cluster-level evaluation is O(KNCpr). Next, Pareto nondominated sorting is performed
among the N particles in each cluster, and the resulting complexity is O(KmN?). Let
the number of nondominated solutions in cluster k be M. Then the number of joint
solutions is |S| = H,Ile M. Therefore, constructing the joint solution set costs O(]—If:1 My),
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while global objective evaluation and nondominated sorting cost O(m HkK:1 Mk) and

2
O (m (H,Ile Mk> >, respectively. Hence, the total complexity of one iteration is as follows:

o<1<NCFL+I<mN2+ S| +m\3|2), (26)
If the maximum number of iterations is T, then the overall complexity becomes
o(T[KNCFL+KmN2+ S| +m|S|2D. 27)

Unlike the clustered method, the non-clustered PSO federated learning framework
maintains only a single candidate population in the global search space. Their complexity
can be approximated as follows:

O(TKNCpr, + mK>N?). (28)

In contrast, the method in this section exhibits higher search complexity. This is primarily
due to the introduction of intra-cluster nondominated sorting, cross-cluster joint-solution
construction, and global Pareto filtering. While the clustered federated algorithm involves
additional optimization steps, its evaluation process remains efficient. Although the clustered
method introduces additional optimization overhead, it does not require extra model-training
stages beyond those already involved in federated architecture search. In federated archi-
tecture search, the computational bottleneck is almost always model training, and it can be
seen that CF-MPPSO does not additionally introduce a model-training process. Through
this additional computational overhead, CF-MPPSQO explicitly models the data heterogeneity
among users in different clusters. Furthermore, it improves the architecture search capability
in non-IID scenarios through a joint optimization mechanism.

4. Experiments and Analysis

This section first introduces the datasets and experimental settings and then reports
the comparative results under IID and non-IID scenarios.

4.1. Datasets

The proposed method is evaluated on the Modified National Institute of Standards
and Technology (MNIST) [40] and the Canadian Institute for Advanced Research 10-class
(CIFAR10) [41] datasets. MNIST comprises handwritten digits across 10 classes (0-9), con-
sisting of 60,000 training and 10,000 test samples. Each sample is represented as a 28 x 28
single-channel grayscale image. In contrast, CIFAR10 is a more complex dataset of natural
color images, containing 50,000 training and 10,000 test 32 x 32 red-green-blue (RGB) images.
These images are evenly distributed across 10 categories, with each category containing 6000
samples. To address the non-IID data-distribution scenario, we partition data with different
labels into groups and randomly assign them to users. In this experiment, clients are parti-
tioned into three categories, and each category is assigned non-overlapping data classes to
simulate the non-IID setting. In this experiment, the particle swarm optimization federated
learning (PSOFL) algorithm (Algorithm 2) and CF-MPPSO (Algorithm 3) are employed to
address the IID and non-1ID data-distribution scenarios, respectively.

4.2. Parameter Settings

All experimental settings adopted in this framework will be described in this subsec-
tion. The model architecture is identical to that of a general deep neural network, which is
composed of convolutional layers (Conv), pooling layers, and fully connected layers. Each
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convolutional layer consists of a Conv—ReLU-BN structure, where ReLU represents the
rectified linear unit activation function and BN represents batch norm.

In the federated learning configuration, M = 10 clients and 100 communication rounds
are utilized. The PSO algorithm is configured with a population of 32 particles evolving
over 40 generations. Key hyperparameters include acceleration constants ¢c; = c; = 2 and
an inertia weight w in the range of [0.4,0.9], following widely adopted practices in the
PSO literature.

The multi-objective evolutionary federated learning (MEFL) algorithm using sparse
evolution [42] serves as the primary comparative baseline. Detailed parameter search
ranges are presented in Table 1. For all experiments, the evolutionary algorithm optimizes
the learning rate within a range of 0.001 to 0.3. The network architecture comprises 1 to 3
randomly selected convolutional layers, each featuring a kernel size of 3 or 5. Correspond-
ingly, the upper limits for the number of channels across these layers are set to 64, 128,
and 256, respectively. If only 2 convolutional layers are selected, the third layer is omitted.
This ensures that the corresponding portion of the encoding remains unutilized. Following
the convolutional part, the number of fully connected layers is set to 1 or 2, with neuron
ranges of 512-1024 and 256-512, respectively. Similar to the convolutional architecture,
the second layer configuration is ignored if the layer count is 1. To ensure reliability, all
experiments were performed three times, and the resulting averages were calculated. All
experiments were implemented in Python 3.8 with PyTorch and conducted on a server
running Ubuntu 20.04, equipped with a 16-core 2.6 GHz CPU and 128 GB RAM. The GPU
used for deep learning experiments was an NVIDIA GeForce RTX 4090 Ti GPU (NVIDIA
Corporation, Santa Clara, CA, USA).

Table 1. Encoded parameters in the search space.

Parameter PSOFL MEFL
Population size 32 32
Iterations 40 40
Kernel size 3orb 3orb
Conv layer 1 channels 1-64 1-64
Conv layer 2 channels 1-128 1-128
Number of fully connected layers lor2 lor2
Fully connected layer 1 neurons 512-1024 512-1024
Fully connected layer 2 neurons 256-512 256-512
Learning rate 0.001-0.3 0.001-0.3
Momentum 0.1-0.9 /

In our work, the number of clusters K for the clustered federated learning experiments
is determined by the construction of the synthetic datasets and thus treated as given in
the optimization studies. When the true cluster structure of clients is known or defined
by data generation design, using that value of K allows us to focus on evaluating the
optimization behavior of CF-MPPSO itself under heterogeneous federated settings. We do
not explore a wide range of fixed K values because doing so would mix the cluster selection
problem with the optimizer evaluation problem, potentially confounding the interpretation
of optimization performance.

4.3. Experimental Results and Analysis

The IID results on the MNIST and CIFAR10 datasets are shown in Figures 4 and 5.
Each point represents a nondominated solution of the model. In performance measurement,
we are more concerned with points that have high accuracy or the best trade-offs. Therefore,
we separately focus on the high-accuracy points Highl and High2, as well as the two knee
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points Kneel and Knee2. The best results are highlighted in bold, where higher Acc and
lower Params indicate better performance.
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Figure 4. Pareto fronts on the MNIST dataset under IID data distribution.
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Figure 5. Pareto fronts on the CIFAR10 dataset under IID data distribution.

MNIST is a handwritten digit recognition dataset with a relatively small scale and sim-

ple structure. The classification task is relatively simple due to its lower feature dimension.

Because of its low training cost, MNIST is often used as a benchmark dataset to verify the

effectiveness of optimization algorithms. From the results shown in Table 2, we can draw

the following main conclusions:

For the IID data distribution on the MNIST dataset, the model optimized by the
proposed algorithm achieves a peak accuracy of 98.1% with 305,946 parameters.
Similarly, the MEFL algorithm yields an accuracy of 96.8% while maintaining a larger
parameter scale of 540,144. These results demonstrate a slight improvement in overall
accuracy alongside a significant 43.4% reduction in parameter scale.

At the two knee points on the MNIST dataset, the proposed method reaches 93.5%
accuracy with a parameter count of 73,276. In contrast, the MEFL comparison method
achieves an accuracy of 90.1% with 123,978 parameters. These trade-off results indicate
that the proposed method reduces the model scale by 50.5% while simultaneously
achieving an improvement in accuracy.

The CIFAR10 dataset possesses a more complex image structure and more diverse

inter-category characteristics. Consequently, differences between optimization strategies

regarding convergence speed, stability, and final accuracy become more apparent. Based

on the results, the following main conclusions can be drawn:

On the CIFAR10 dataset under the IID setting, the highest accuracy among the repre-
sentative solutions obtained by the proposed method is 89.4%, while the correspond-
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19



Appl. Sci. 2026, 16, 5094

ing value for MEFL is 86.5%, giving an absolute improvement of 2.9 percentage points.

However, no reduction in parameter count is observed at the two High points.

e At the two knee points for the CIFAR10 dataset, the proposed method reaches accura-

cies of 82.9% and 84.0%, corresponding to 407,264 and 853,036 parameters, respectively.

Compared with the two knee points of MEFL, the proposed algorithm demonstrates

improved overall accuracy. Specifically, one knee solution obtained by the proposed

method Pareto dominates its counterpart from MEFL.

Table 2. Comparison with the mainstream method under IID data distribution.

MNIST CIFAR10
Dataset

Acc Params Acc Params
Highl (PSOFL) 98.1 + 0.45 305,946 89.4 + 0.67 3,685,016
High?2 (PSOFL) 97.6 + 0.34 250,144 88.6 = 0.71 3,054,348
Highl (MEFL) 97.4 4+ 0.63 546,940 86.5 £+ 0.56 3,175,180
High2 (MEFL) 96.8 + 0.36 430,144 85.3 + 0.41 2,534,718
Kneel (PSOFL) 93.5 + 0.79 65,276 82.9 +0.70 407,264
Knee2 (PSOFL) 91.5 + 0.31 56,242 84.0 + 0.41 853,036
Kneel (MEFL) 90.1 + 0.37 123,978 80.8 + 0.37 576,734
Knee2 (MEFL) 86.2 + 0.41 61,676 794 £+ 0.34 461,782

Similarly, the non-1ID results on the MNIST and CIFAR10 datasets are shown in
Figures 6 and 7. The local parameter values have become the weighted average of the

model parameters of each cluster.
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Figure 6. Pareto fronts on the MNIST dataset under non-IID data distribution.
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From the results shown in Table 3, we can draw the following main conclusions:

*  On the MNIST dataset, the highest accuracy of the model optimized by the proposed
algorithm for the non-IID data-distribution scenario reaches 94.2%, which is a slight
improvement compared with the accuracy index of the MEFL algorithm. However,
at the two knee points, the proposed algorithm greatly reduces the required number
of parameters while maintaining accuracy.

®  On the CIFAR10 dataset, the highest accuracy of the model optimized by the proposed
algorithm for the non-1ID data-distribution scenario reaches 84.1%, which is a substan-
tial improvement of 17.6% compared with the accuracy index of the MEFL algorithm.
At the two knee points, significant improvements in accuracy are obtained despite
having similar parameter counts. Furthermore, certain solutions in these regions are
shown to dominate the mainstream MEFL algorithm.

Table 3. Comparison with the mainstream method under non-IID data distribution.

MNIST CIFAR10
Dataset

Acc Params Acc Params

Highl (CE-MPPSO) 94.2 + 0.45 345,186 84.1 + 0.35 3,685,016
High?2 (CE-MPPSO) 93.7 +£0.42 325,788 81.1 £+ 0.40 2,768,934
Highl (MEFL) 93.6 £+ 0.68 435,180 715+ 0.54 4,335,682
High2 (MEFL) 92.1 £ 0.65 335,178 70.2 £ 0.55 3,424,658
Kneel (CE-MPPSO) 90.4 + 0.35 37,408 78.9 + 0.52 577,264
Knee2 (CE-MPPSO) 89.3 £+ 0.46 27,356 774 £ 0.70 354,672
Kneel (MEFL) 92.7 + 0.42 144,908 69.6 + 0.35 576,534
Knee2 (MEFL) 89.9 + 0.48 130,764 68.7 £ 0.32 461,826

We observed a noticeable difference in the relative performance advantage of
CE-MPPSO over MEFL between the two datasets: on CIFAR-10 non-IID settings,
CFE-MPPSO shows a large improvement (17.6%), whereas, on MNIST non-IID at high
points, the gain is less than 1%. This discrepancy can be attributed to the inherent com-
plexity and feature diversity of the datasets. The MNIST dataset consists of grayscale
images of handwritten digits with relatively simple and well-separable classes, which
many models can handle effectively, leading to high baseline performance and less room
for further optimization. In contrast, CIFAR-10 comprises color images of real-world object
categories with substantial intra-class variability and more complex visual patterns, making
the classification task inherently harder and more heterogeneous across client distributions.
Under such complex non-IID conditions, the cluster-specific search and collaborative explo-
ration mechanisms in CF-MPPSO provide a stronger benefit by better adapting to localized
data characteristics and enhancing global search diversity, resulting in a more pronounced
performance advantage.

The experimental results demonstrate that the genetic knowledge-transfer mech-
anism of the PSO algorithm is highly effective in multi-population optimization. This
contribution is particularly significant when addressing the data-heterogeneity prob-
lem in federated learning. Meanwhile, maintaining multiple models on the client side
significantly reduces the computational burden during the optimization process. Be-
cause of computational resource limitations, the method in this paper is restricted to
10 clients. CF-MPPSO thus still operates under conditions of incomplete data informa-
tion. Nonetheless, the inherent advantages of the framework will be further revealed as
user and group counts increase.

https://doi.org/10.3390/app16105094
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Hypervolume Indicator

Here, we utilize the hypervolume indicator to discuss the convergence characteristics
of the compared algorithms. HV is a performance metric used to measure the region cov-
ered by an approximate Pareto front. It is widely adopted in multi-objective optimization
(MOO) problems due to its robust evaluation. Specifically, a larger HV value reflects better
performance of the approximate front in terms of both diversity and coverage.

The evolution of the HV indicator is shown in Figure 8. One advantage of the PSO
algorithm is that, when the number of particles is relatively large, it can start quickly.
Although the proposed method requires more iterations before convergence than MEFL,
the overall result is significantly improved compared with MEFL.
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Figure 8. Comparison of HV indicators: (a) MNIST IID data distribution; (b) MNIST non-IID data
distribution; (c) CIFAR10 IID data distribution; (d) CIFAR10 non-IID data distribution.

4.4. Ablation Study

To better understand the contribution of each component in the proposed framework,
we conduct an ablation study by progressively removing key modules from the full method.
Specifically, we consider four variants: (1) base FL, which uses standard federated learn-
ing without clustered optimization or PSO-based search; (2) PSOFL, which introduces
PSO-based optimization without client clustering or inter-population knowledge trans-
fer; (3) clustered PSO w/o knowledge transfer, which incorporates clustered federated
learning and PSO-based optimization but disables the inter-population knowledge transfer
mechanism; and (4) the full CE-MPPSO method.

The results are reported in Table 4. It can be observed that introducing PSO-based op-
timization already improves the performance over the basic federated baseline, indicating
that automatic search of architecture and hyperparameters is beneficial. When clustered
federated learning is further introduced, the performance is improved again, suggesting
that grouping clients with similar data characteristics helps to alleviate the negative impact
of heterogeneity. Finally, the full CE-MPPSO achieves the best overall performance, which
shows that the inter-population knowledge transfer mechanism further enhances search
efficiency and robustness under non-1ID settings.
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Table 4. Ablation study of representative Pareto-optimal solutions obtained by different variants of
the proposed framework on CIFAR10 under the non-IID setting.

Variant Accuracy (%) Params (M) HV
FL 715+ 04 4.30 N/A
PSOFL 73.1+0.3 3.50 0.650
Clustered PSO w /o Transfer 779 + 0.4 2.69 0.760
CE-MPPSO 81.1+04 2.77 0.889

These results demonstrate that all three components contribute positively to the
final performance, while the combination of clustered optimization and inter-population
knowledge transfer provides the largest gain.

As shown in Table 4, the reported results correspond to representative solutions
selected from the Pareto-optimal sets obtained by different variants rather than arbitrary
single points. Therefore, the comparison is intended to illustrate the practical quality of the
trade-off solutions generated by each method.

From the table, the PSOFL variant improves the representative solution over the basic
FL baseline, increasing the accuracy from 71.5% to 73.1% while reducing the model size
from 4.3 M to 3.5 M. From the previous section, we know that, compared with the MFEA
algorithm, PSO provides a more effective search process for discovering competitive trade-
off solutions under the current setting. However, the improvement in accuracy brought by
changing the search strategy alone is relatively limited.

A more substantial gain is observed after introducing clustered federated learning.
Compared with PSOFL, the clustered PSO w/o transfer variant further improves the
representative accuracy from 73.1% to 73.6% while significantly reducing the parameter size
to 2.69 M. This indicates that clustering is the more critical factor for improving predictive
performance since it better accommodates heterogeneous and non-IID client distributions.

The full CF-MPPSO achieves the best representative solution, reaching 81.1% accuracy
with 2.77 M parameters and the highest HV value of 0.889. This result shows that, on top
of clustered optimization, the inter-population knowledge transfer mechanism further
strengthens the search and enables the algorithm to obtain a richer set of high-quality
Pareto-optimal solutions.

Overall, the ablation study suggests that PSO mainly contributes to optimization
efficiency and solution discovery, whereas clustering is the key factor behind the major
accuracy improvement. The knowledge transfer mechanism further enhances the quality
of the obtained representative Pareto-optimal solutions.

5. Conclusions and Future Work

In this paper, we investigated the application of particle swarm optimization to
federated learning and proposed a multi-objective optimization framework for both IID
and heterogeneous data environments. Traditional particle swarm federated learning
methods usually rely on a single-population search strategy, which is prone to premature
convergence and local optima in complex search spaces, especially under non-IID data
distributions. As a result, their ability to handle multi-objective optimization problems in
federated learning remains limited.

To address this issue, we developed a clustered federated learning method based on
multi-population particle swarm optimization, namely CF-MPPSO. By mapping different
client clusters to multiple subpopulations, the proposed framework enables population-
specific evolution under local data distributions while introducing collaborative optimiza-
tion across populations. This mechanism improves search diversity, global exploration
capability, and robustness in heterogeneous federated learning scenarios.

https://doi.org/10.3390/app16105094
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The experimental results on two representative datasets under both IID and non-IID
settings demonstrate that the proposed methods outperform existing federated learning
multi-objective optimization approaches. In particular, PSOFL achieves better performance
in IID scenarios, while CF-MPPSO shows stronger effectiveness under non-IID conditions,
providing superior trade-offs between predictive accuracy and model complexity. These
results verify the effectiveness of the proposed framework for complex federated learning
optimization tasks.

Although the proposed framework has shown promising performance, several issues
still deserve further investigation. In particular, more adaptive clustering strategies and
more realistic heterogeneous federated settings should be incorporated into the optimiza-
tion framework. Moreover, as federated learning techniques continue to evolve, scalability
to large-scale applications involving massive numbers of clients and high-dimensional data
is a critical direction for future work. Recent studies have highlighted the importance of de-
signing federated systems that can operate efficiently at scale, addressing communication,
architectural, and resource heterogeneity challenges to enable deployment in real-world
Big Data and edge environments.
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Abstract

An image super-resolution (SR) method based on Generative Adversarial Networks
(GANSs) has achieved impressive results in terms of visual performance. However, the
weights of loss functions in these methods are usually set to fixed values manually,
which cannot fully adapt to different datasets and tasks, and may result in a decrease in
the perceptual effect of the SR images. To address this issue and further improve visual
quality, we propose a perception-driven SupGAN, which improves the generator and
loss function of GAN-based image super-resolution models. The generator adopts multi-
scale feature extraction and fusion to restore SR images with diverse and fine textures.
We design a network-training method based on the proportion of high-frequency infor-
mation in images (BHFTM), which utilizes the proportion of high-frequency information
in images obtained through the Canny operator to set the weights of the loss function. In
addition, we employ the four-patch method to better simulate the degradation of com-
plex real-world scenarios. We extensively test our method and compare it with recent
SR methods (BSRGAN, Real-ESRGAN, RealSR, SwinlIR, LDL, etc.) on different types of
datasets (OST300, 2020track1, RealWorld38, BSDS100 etc.) with a scaling factor of x4.
The results show that the NIQE metric improves, and also demonstrate that SupGAN
can generate more natural and fine textures while suppressing unpleasant artifacts.

Keywords: perception design; image super resolution; Generative Adversarial Network;
degradation model; loss function

1. Introduction

The purpose of single-image super-resolution (SISR) is to convert a low-resolution
(LR) into a high-resolution (HR) image, and it aims to enhance the resolution and quality of
the image to make it clearer and with more details. Traditionally, it is challenging to convert
an LR image into a HR image, and the main methods are interpolation-based [1,2] and
reconstruction-based [3-5]. Currently, SISR methods typically employ deep learning-based
models, such as Convolutional Neural Networks (CNNs). These learning-based methods
are trained to extract features from the low-resolution image and map them to the HR
image, which are then used to reconstruct the final output.
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Since Generative Adversarial Networks (GANSs) [6] were introduced in the field
of super-resolution, GANs have been widely used in this field and have shown great
potential. SRGAN [7] employs SRResNet as the generator within its GAN framework
and introduces a perceptual loss that blends content loss with adversarial loss to train
the network. ESRGAN [8] improves the adversarial loss using a relativistic GAN [9]
on the basis of SRGAN and enhances the perceptual loss by using features before
activation. Real-ESRGAN [10,11] also uses perceptual loss, adversarial loss, and content
loss as loss functions.

Most super-resolution models use composite loss functions composed of multiple
loss functions, whose weights are usually manually set and fixed during training. How-
ever, there are differences in the proportion of high-frequency information among real
training samples. For GAN-based super-resolution methods, the weights of the loss
functions used are constant, resulting in the equal treatment of all training samples.
For images with a higher proportion of low-frequency information, their low-frequency
information can sometimes cause the training to proceed in the wrong direction in terms
of perception. This can lead to problems such as insufficient recovery of detailed in-
formation by the generator, limited discrimination ability of the discriminator between
SR images and HR images in terms of details, and may cause high-frequency detail
information to be lost in SR images generated from inputs containing rich details and
high-frequency content, thereby compromising visual fidelity.

In other words, we should distinguish the weights of the corresponding loss functions
for images with different proportions of high-frequency information in the training samples.
Images with a higher proportion of high-frequency information usually contain more
detailed information and deserve more attention toward the perceptual loss during super-
resolution, while images with more low-frequency information (such as sky backgrounds)
require more focus on pixel loss. Based on this, we propose Support GAN(SupGAN), and
the contributions of this paper are as follows:

*  We design a multi-scale feature-extraction block in the generator network. It features
a five-level perceptual hierarchy that captures multi-scale features from LR images
while suppressing artifacts.

e We propose a network-training strategy that adjusts learning priorities based on
the proportion of high-frequency information in the training images (BHFTM),
which includes an edge detection module, a weight-setting module, and a loss-
construction module, to dynamically adjust the weights of loss functions in the
super-resolution model according to the proportion of high-frequency information
in the training samples.

e We employ the four-patch method to better simulate the degradation of complex
real-world scenarios.

e We demonstrate that SupGAN produces SR images with better recovery of high-
frequency details and improved perceptual metrics while reducing the occur-
rence of artifacts, resulting in SR images that better meet human perceptual needs
(see Figure 1).
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LR Image BSRGAN Real-ESRGAN+

Figure 1. Comparisons of visual quality among BSRGAN, Real-ESRGAN+, and SupGAN on real-life
images with x4 upscaling. The SupGAN can generate naturally finer textures and remove or alleviate
annoying artifacts in real-world images. Zoom-in for the best view.

2. Related Work

Single image super-resolution: Over the past few years, deep learning-based ap-
proaches have achieved remarkable progress in the field of single-image super-resolution
(SISR) [6,12,13]. SRCNN [14] was the first to introduce deep learning into super-resolution,
significantly outperforming traditional methods. Dong et al. later proposed FSRCNN [15],
which improved on SRCNN by offering a faster and more real-time solution. ESPCN [16]
introduced a subpixel convolution layer that extracts features directly from low-resolution
input, thus avoiding convolutions in high-resolution images and reducing computational
cost. Generative Adversarial Networks (GANSs) have also been widely adopted in SISR
tasks, utilizing adversarial training between a generator and a discriminator to produce
more realistic high-resolution outputs [7,8,10]. More recently, researchers have begun
exploring the powerful modeling capabilities of transformers [17] in computer vision. For
example, Yang et al. present TTSR [18], which formulates LR and HR images as queries
and keys within the transformer architecture to promote joint feature learning between LR
and HR representations.

Perception-driven approaches: Image super-resolution methods that optimize for peak
signal-to-noise ratio (PSNR) often produce overly smooth high-resolution images that lack
fine high-frequency details and fail to align with human perceptual quality. To address this
limitation, perception-driven approaches have gained significant attention in recent years.
RCAN [19] enhances perceptual quality by employing residual blocks along with channel
attention mechanisms within its super-resolution architecture. To capture multi-scale
information and improve feature discrimination, RFB-ESRGAN [20] integrates a Receptive
Field Block (RFB) [21] into its design and achieved top performance in the NTIRE 2020
Perceptual Extreme Super-Resolution Challenge.

Loss function: Traditional super-resolution methods commonly use mean squared error
(MSE) as the loss function [14]. While effective for optimizing pixel-wise accuracy, MSE
tends to produce overly smooth high-resolution outputs that lack high-frequency details.
Although the use of L1 loss has shown improvements over MSE [22], it still fails to ade-
quately capture the perceptual quality of the generated images. To address this issue, Li
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Fei-Fei et al. introduced a perceptual loss function [23], based on the concept of perceptual
similarity [24]. This loss evaluates the perceptual difference between the reconstructed
and ground-truth images by computing feature distances within a pre-trained deep neural
network. SRGAN [7] introduced adversarial loss, employing a discriminator network to
guide the generator towards producing images that lie on the natural image manifold. To
further enhance texture realism, Sajjadi et al. proposed a texture matching loss [25], which
compares the texture statistics between generated and real images. Contextual loss [26] was
also proposed to better capture structural and content-level similarities between images.
Since a single loss function often cannot fully account for the diverse aspects of image
quality in super-resolution tasks, many modern approaches adopt a combination of mul-
tiple loss terms. A commonly used composite loss includes L1 loss, perceptual loss, and
adversarial loss [7,8,10].

Degradation models: Deep learning-based super-resolution methods often rely on clas-
sical degradation models [27,28], which typically consist of a sequence of operations,
including blurring, downsampling, and noise addition. However, the performance of
these methods can degrade significantly when real-world degradation deviates from these
assumed models. To handle this situation, some approaches use implicit degradation
modeling, learning abstract representations of degradation types in the feature space rather
than explicitly modeling them in the pixel space [29-31]. BSRGAN [32] proposes a more
practical and diverse degradation model by randomly shuffling different degradation
operations, including blur, downsampling, and noise, while Real-ESRGAN [10] further
improves on this by introducing a higher-order degradation process designed to more
accurately reflect the complexity of real-world image corruptions.

Evaluation metrics: Super-resolution methods based on deep convolutional neural net-
works are typically evaluated using two categories of metrics: distortion-based metrics (e.g.,
PSNR, SSIM, IFC, VIF [33-35]) and perceptual quality metrics. The latter includes human
subjective assessments and no-reference image quality indicators such as the Ma score [36],
NIQE [37], BRISQUE [38], and the perceptual index (PI) [39,40]. Yochai et al. [39] high-
lighted the inherent trade-off between distortion accuracy and perceptual quality, where
methods achieving high perceptual quality often score lower on traditional distortion
metrics such as PSNR and SSIM. In this work, we adopt NIQE as our primary evaluation
metric. As a no-reference metric, NIQE assesses the perceptual quality of reconstructed
images without requiring access to ground truth images [41].

3. Proposed Methods

To enhance perceptual quality and reduce artifacts in single-image super-resolution
(SISR), we introduce Support GAN (SupGAN). This section details three key components:
the generator architecture with its multi-scale feature-extraction block (MFEB), enhance-
ments to high-order degradation modeling through an improved four-patch strategy, and
the balanced high-frequency training method (BHFITM) for network optimization.

3.1. Generator Architecture

Studies demonstrate that convolutional filters with varying kernel sizes acquire dis-
tinct feature extraction capabilities, where larger kernels capture broader structural patterns
leading to performance gains [14]. Our MFEB module employs an inception-inspired de-
sign [42], with five parallel convolutional pathways for hierarchical feature extraction from
low-resolution inputs, as illustrated in Figure 2.

The pathway configuration is as follows:(1) micro-feature pathway (k1-n64-sl) pre-
serves fine details through minimal receptive fields; (2) fine-feature pathway (k1-n32-s1
— k3-n64-s1) combines small kernels for subtle pattern retention; (3) mid-range pathway
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(k1-n32-s1 — k3-n48-s1 — k3-n64-s1) employs medium kernels for intermediate features;
(4) broad-context pathway (k1-n32-s1 — k3-n40-s1 — k3-n48-s1 — k5-n64-s1) utilizes larger
kernels for extensive feature capture; (5) global-context pathway (k1-n32-s1 — k3-n40-s1
— k3-n48-s1 — k5-n56-s1 — k5-n64-s1) integrates multiple kernel sizes for comprehen-
sive analysis.

All pathway outputs are processed through SiLU activation functions before under-
going pixel-shuffle operations to generate multi-scale feature maps F;—F3. The complete
transformation is mathematically represented as

F; = [SiLU(Convs;(xsu))] 15,1 € {1,2,3}. 1)
k1n32s1 k3n40s1 k3n48s1 k5n56s1 k5n64s1
> > > > >
c = c = c
<] Q o Q o
O O (&) O O
k1n32s1 k3n40s1 k3n48s1 k5n64s1 9 F3
> > > >
555 &
O (&) o O
L o
k1n32s1 k3n48s1 k3n64s1 E m
Dl B =R 0
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L | )
k1n32s1 k3n64s1
> >
-
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Figure 2. Design of a MFEB in the generator network.
Finally, these features are mixed to obtain a richer representation of features.

3.2. Four-Patch Degradation Model

The four-patch method is proposed to improve the downsampling operation in the
Real-ESRGAN high-order degradation modeling process. The main reason for this improve-
ment is that the interpolation method used during the resize stage is singular, selecting
one among bicubic, area, and bilinear interpolation methods. However, in the field of
super-resolution (SR), it cannot be definitively stated which interpolation method is the best.
Each interpolation method represents a distribution of a specific type of low-resolution
(LR) image in the real world and cannot represent all types of LR images. Existing SR
approaches in the field typically apply a single interpolation method to a single image
during the process of handling degraded images, and then train the network based on it.
However, this approach deviates significantly from real-world scenarios.

Therefore, during the resize process, it is necessary to calculate a single image using
multiple interpolation algorithms. The specific approach is to divide the image into four
patches, where consecutive pairs of patches are processed using different interpolation
methods. The interpolation method is distributed as Figure 3.
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Figure 3. Design of four-patch degradation model.

3.3. Network Training Method

The composition of our method is illustrated in Figure 4. It includes an edge detection
module, a weight setting module, and a loss construction module.

BHFTM
Edge propartion Welght Loss
Gﬁ;’;‘d — Detection — Setting — Construction
Module Module Module

Figure 4. Design of BHFTM.

Edge detection module: To differentiate the proportion of high-frequency information
in images, we use edge detection algorithms to preprocess the images, converting digital
images into images composed of lines and curves, providing shape and boundary informa-
tion of objects. We compared several commonly used edge detection algorithms and used
the Canny operator to detect image edges. The detection effect of the Canny operator is
shown in Figure 5.

The Canny operator [43] is an edge detection algorithm based on Gaussian filtering
and non-maximum suppression. It has good edge detection performance and is suitable for
detecting fine-edge parts. Compared with other first-order differential operators (such as
Roberts operator [44], Sobel operator [45], and Prewitt operator [46]), the Canny operator
has stronger noise reduction ability.

Weight-setting module: Image samples with a lower proportion of high-frequency con-
tent contain less effective information, and, during training, these samples should be
trained to produce high-definition images with equally limited information. To achieve
this, it is necessary to reduce the proportion of the perceptual loss and adversarial loss and
emphasize the role of the L1 loss. Therefore, the L1 loss weight is increased for samples
with a lower proportion of high-frequency content, and decreased for those with a higher
proportion. The main process of the BHFTM, which adjusts the weights of the L1 loss for
each sample based on the proportion of high-frequency information obtained by the edge
detection module, is described in Algorithm 1.

Loss-construction module: The generator’s loss function combines pixel loss L1, percep-
tual loss Lpercep, and adversarial loss Lg 4 into a single unified formula. The overall loss
function of the generator can be expressed as

Lg =aL; + ,BLPercep +7rLcan
=l [|G(xi) =yl + BEx[[VGG(G(xi)) = VGG(y) 1 @)
+ 'Y(_Exhr [log(1 — D (xpr, xsr))] — Ex, [log(D(xsr, xhr))])
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where L; is the 1-norm distance between the recovered image G(x;) and HR image v,
evaluating the average degree of approximation of I°R and IR on pixels. L Percep 18 gained
by introducing a fine-tuned VGG19 network to calculate the 1-norm distance between the
recovered image G(x;) and high-level features of y, assessing the perceptual similarity
between I°R and IHR from a human perspective. The Lgay framework leverages the
discriminator’s advanced perceptual discrimination capability to differentiate between
super-resolved and high-resolution images, thereby enhancing the reconstruction of sharp
edges and fine texture details. The loss weights «, § and 7y are determined by the weight-
setting module:

0 if p> 02

o= ,
(1—p)-10 otherwise

B=10, 7=01 )

Algorithm 1 Edge detection and weight setting.

Input: GT image set X
Output: Weight of L1 loss, Perceptual loss and Adversarial loss «, 3, 7.
1: for all Iy such that It € X do
2: generate proportion of high-frequency information p through edge detection mod-
ule from Ig7.
3: Get «, 8, v through weight setting module by p
4: if p > 0.2 then
5: a=0,=10,v=01
6: else
7: a=(1-p)x10,=1.0,7v=0.1
8: end if
9: end forreturn «, 3, y.

Figure 5. The detection effect of the Canny operator.
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4. Experiments
4.1. Training Details

In our experimental setup, we utilize a x4 scaling ratio to generate low-resolution
(LR) images from their high-resolution (HR) counterparts. The HR images are initially
cropped into 400 x 400 patches, which are subsequently degraded through our enhanced
four-patch-augmented high-order degradation approach [10] to produce LR images at
100 x 100 resolution. The cropped HR and LR patches maintain dimensions of 256 x 256
and 64 x 64 respectively. For model training, we employ a distributed batch configuration
of 12 x 2, indicating 12 samples per GPU across two parallel GPUs.

The training protocol consists of two distinct phases: generator pre-training followed
by adversarial training. During the initial phase, the generator undergoes exclusive op-
timization using L1 loss with a learning rate of 2 x 10~ over 400,000 iterations. This
pre-trained generator then serves as the foundation for subsequent adversarial training,
where it collaborates with the discriminator under a composite objective function incorpo-
rating L1 loss, perceptual loss, and adversarial loss. The BHFIM algorithm dynamically
balances these loss components throughout training. Both networks maintain a constant
learning rate of 1 x 10~* throughout the 280,000-iteration adversarial phase. This staged
approach yields two benefits: (1) it prevents generator convergence to inferior local op-
tima, producing superior visual results, and (2) it refines the discriminator’s capacity to
discern textural details, thereby elevating the quality of super-resolved images during
adversarial training.

Optimization is performed using the Adam algorithm [47] with momentum coef-
ficients f; = 0.9 and By = 0.99. The generator and discriminator undergo alternating
updates until model convergence. All implementations were developed using the PyTorch
framework and were executed on NVIDIA GeForce RTX 3090 GPU hardware.

4.2. Data

We trained our model on the DIV2K [48], Flickr2K [13] and the OutdoorSceneTrain-
ing(OST) [49] dataset, whose abundant high-resolution images with complex textures
facilitate the synthesis of more natural super-resolved results [8]. Experimental validation
was conducted on several widely recognized benchmarks, such as OST300 [49], BSDS100
and BSD200 [50], 2020track1 [51], Urban100 [52], and RealWorld38 [31], ensuring a thor-
ough comparison with existing methods.

4.3. Qualitative Results

To assess the effectiveness of our approach, we compared SupGAN with several
leading SR techniques, including Real-ESRGAN, BSRGAN, PDM_SR, SwinIR, LDL, and
RealSR, using the Natural Image Quality Evaluator (NIQE) as the primary evaluation
metric. Table 1 summarizes their performance across six benchmark datasets, where a
lower NIQE score indicates superior perceptual quality.

Table 1. NIQE scores on diverse testing datasets: the lower, the better. Colors Red, Green, Blue indicate
the best 1st, 2nd, and 3rd NIQE results among models on each dataset row. The calculation method
of NIQE is derived from the basic SR package of PyTorch 1.11.0+cul13.

Bicubic BSRGAN PDM_SR SwinlR LDL RealSR Real-ESRGAN+ SupGAN

OST300 7.600 3.309 4319 2.921 2.817  3.521 2.806 2.633
RealWorld38  7.701 4.677 4.939 4452 4376  4.606 4.538 4.302
BSDS100 7.548 3.865 4.785 3.623 3.788  3.773 3.902 3.257
BSDS200 7.576 4.081 5.029 3.833 3.910 3.968 4.124 3.536
urban100 7.235 4.258 4.984 4.080 3.637  4.024 4.193 3.820
2020track1 7.596 3.783 4.101 3.622  3.181  3.790 3.820 3.372
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Visual comparisons, along with corresponding NIQE measurements, are provided in
Figure 6 and Table 1. The results demonstrate that SupGAN consistently generates sharper
and more natural reconstructions with fewer artifacts compared to existing methods. For
example, in reconstructing fine textures such as animal fur (see 0934) and architectural
details (see 157036), SupGAN produces more realistic outputs than BSRGAN and SwinlR,
which often exhibit distorted textures and noise. Meanwhile, RealSR and Real-ESRGAN+
struggle to recover high-frequency details effectively.

Bicubic(7.76) BSRGAN(3.35) LDL(3 16) Real ESRGAN-(3.71)

-

PDM_SR(3.48) E RealSR(4.01) SupGAN(2.53)

Bicubic(7.41) BSRGAN(3.29) LDL(2.32) Real- ESRGAN-(3.92)

——

—

PDM_SR(4.50) SwWiInIR(3.57) RealSR(3.15) SupGAN(2.89)
Bicubic(7.29) BSRGAN(3.90)

(B e | £

1‘{’ .-'..b

-
Sy -

T

PDM_SR(5.49)

Bicubic(7.93) BSRGAN(3.66) Real ESRGAN-(4.01)

0934 from 2020track1(NIQE) 2 : 5 i : SupGAN(3.33)

Figure 6. Qualitative results of SupGAN. SupGAN produces more subtle textures and clearer
structures, animal textures, and building structures, and also fewer unpleasant artifacts. Zoom in for
best view.

Furthermore, SupGAN enhances edge clarity and structural sharpness (see 0842),
whereas competing methods either oversmooth details (Real-ESRGAN+ and SwinIR) or
fail to restore sufficient high-frequency components (PDM SR). Notably, while other GAN-
based approaches like LDL and RealSR occasionally introduce unnatural artifacts, SupGAN
suppresses such distortions, yielding cleaner and more visually coherent results (see 0928).

Although SupGAN does not achieve the lowest NIQE scores in all cases, we empha-
size that human perceptual quality should take precedence in SR evaluation, as current
quantitative metrics do not fully capture real-world visual fidelity. Our method prior-
itizes naturalness and detail preservation, aligning better with human judgment than
metrics alone.

4.4. Ablation Study

To validate the effectiveness of the BHFTM and four-patch methods, we applied them
to the Real-ESRGAN and BSRGAN models and compared them to the original approaches.
We have presented some representative qualitative results with NIQE in Table 2. It can
be observed that the improved Real-ESRGAN and BSRGAN models with BHFTM and
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four-patch methods have shown significant improvements in terms of the NIQE metric.
This validates the effectiveness of the BHFTM and four-patch methods.

Table 2. NIQE scores on diverse testing datasets: the lower, the better. Colors Red indicate the best
NIQE results among models on each dataset row. The calculation method of NIQE is derived from
the basic SR package of PyTorch 1.11.0+cul13.

RealEsrgan+ SupGAN BSRGAN

Origin Origin+Sup Origin Origin+Sup Origin Origin+Sup
OST300 2.806 2.685 2.637 2.633 3.309 3.151
2020track1 3.82 3.631 3.489 3.372 3.783 3.650
RealWorld38 4.538 4.386 4.339 4.302 4.677 4.201
BSDS100 3.899 3.412 3.302 3.257 3.863 3.745
BSDS200 4.123 3.72 3.583 3.536 4.076 3.841
urban100 4.193 3.913 3.985 3.820 4.258 3.948

4.5. Efficiency Analysis
Table 3 shows the inference speeds of the original model, the loss-GAN with BHFTM,
and the complete Sup-GAN. It can be seen that the introduction of these modules has a

negligible impact on speed. Figure 7 and Figure 8 shows the differences in visual effects
between each model.

Table 3. Comparison of inference speeds for the original model, loss-GAN with BHFTM, and
Sup-GAN, indicating minimal overhead introduced by added modules.

Real-ESRGAN Loss-Real-ESRGAN  Sup-Real-ESRGAN BSRGAN Loss-BSRGAN Sup-BSRGAN

OST300
2020track 1
RealWorld38
DIV2K 100
BSDS100
BSDS200
Urban100

11m24s
Imb52s
22s
2m
1m45s
3m28s
8mb53s

11mb5ls

1m42s
23s
2m32s
2m2s
3mb6s
8m25s

11m17s

2m10s
24 s
2m34s
2m
3mb5s
8mb54s

100m10s

2m4s
17 s
2m1lls
Im5ls
3mb55s
11m8s

10mb6s 10mb4s
2m1lls 2ml4s
13s 13s
2m17s 2m15s
2m4s 2m7s
4m8s 4m10s
11m10s 11m12s

¥

OST 262 from OST300(NIQE)

Real-ESRGAN(2.42)

Real-ESRGAN(2.11)

ll
I

(ours)Loss-Real-ESRGAN(2.29)

(ours)Loss-Real-ESRGAN(1.94)

(ours)Sup-Real-ESRGAN(2.28)

(ours)Sup-Real-ESRGAN(1.78)

Figure 7. Compared to the original Real-ESRGAN, both Sup-Real-ESRGAN and Loss-Real-ESRGAN
restored clearer door frame structures in the first image and eliminated unnecessary distorted
horizontal stripes in the second image. The door-frame tones generated by Sup-Real-ESRGAN are
softer, closer to the style of the original image, and the door-frame structure is clearer.
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Figure 8. Both Sup-BSRGAN and Loss-BSRGAN, compared to the original BSRGAN, eliminate
unnecessary cracks in the first row image and restore clearer animal fur textures in the second
row image. The animal fur colors generated by Sup-BSRGAN are lighter than those generated by
Loss-BSRGAN, more accurately reflecting the white fur of snow leopards in the real world.

5. Conclusions

We propose a SupGAN that achieves superior perceptual quality through profound
NIQE tests. The SupGAN model uses a multi-scale feature extraction and fusion generator
for a more comprehensive perception of image features. The four-patch method used can
better simulate the complex degradation in reality. SupGAN can produce more natural and
detailed textures while suppressing unpleasant artifacts. In addition, it can dynamically
adjust the weights of the loss function based on the proportion of high- and low-frequency
information in the image.
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Abstract: The efficiency and smoothness of path planning algorithms are critical factors
influencing their practical applications. A traditional A* algorithm suffers from limitations
in search efficiency, path smoothness, and obstacle avoidance. To address these challenges,
this paper introduces an improved A* algorithm that integrates the Salp Swarm Algorithm
(SSA) for heuristic function optimization and proposes a refined B-spline interpolation
method for path smoothing. The first major improvement involves enhancing the A* algo-
rithm by optimizing its heuristic function through the SSA. The heuristic function combines
Chebyshev distance, Euclidean distance, and obstacle density, with the SSA adjusting the
weight parameters to maximize efficiency. The simulation experimental results demon-
strate that this modification reduces the number of searched nodes by more than 78.2% and
decreases planning time by over 48.1% compared to traditional A* algorithms. The second
key contribution is an improved B-spline interpolation method incorporating a two-stage
optimization strategy for smoother and safer paths. A corner avoidance strategy first
adjusts control points near sharp turns to prevent collisions, followed by a path obstacle
avoidance strategy that fine-tunes control point positions to ensure safe distances from
obstacles. The simulation experimental results show that the optimized path increases the
minimum obstacle distance by 0.2-0.5 units, improves the average distance by over 43.0%,
and reduces path curvature by approximately 61.8%. Comparative evaluations across
diverse environments confirm the superiority of the proposed method in computational
efficiency, path smoothness, and safety. This study presents an effective and robust solution
for path planning in complex scenarios.

Keywords: salp swarm algorithm; A* algorithm; path smoothing; B-spline interpolation

1. Introduction

Path planning [1] is a fundamental technology for robotic navigation and autonomous
driving, with its performance directly determining the efficiency and safety of mobile
agents. The algorithm must generate optimal and smooth collision-free paths to reduce
collision risks. Path planning [2] focuses on discovering an optimal trajectory that avoids
obstacles between a starting point and a destination. An ideal path planning algorithm
needs to meet two key requirements: first, it must be computationally efficient, capable of
generating feasible paths in real time; second, the generated path must be smooth and safe
for practical execution.

Path planning algorithms can be broadly classified into two types: global path plan-
ning and local path planning. Currently, common global path planning algorithms in-
clude graph search-based algorithms, sampling-based algorithms, intelligent optimiza-
tion algorithms, mathematical model-based algorithms, and hybrid algorithms. Graph
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search-based algorithms include Dijkstra’s Algorithm [3], A* algorithms [4], and hybrid A*
algorithms [5]. Sampling-based algorithms include the Rapidly Exploring Random Tree
(RRT) algorithm [6] and RRT* algorithm [7]. Intelligent optimization algorithms include the
Genetic Algorithm [8], Ant Colony Optimization (ACO) [9], and Particle Swarm Optimiza-
tion (PSO) [10]. Mathematical model-based algorithms include the Dynamic Programming
(DP) algorithm [11]. Hybrid algorithms [12] combine the advantages of multiple algorithms
to improve path quality and search efficiency. The Intelligent Bug algorithm [13] and its
variants are currently the most commonly used methods for solving local path planning
problems. Among these path planning algorithms, the A* algorithm is recognized as one of
the most efficient direct search methods for solving the shortest path in static road networks.
Due to its balance of optimality and efficiency [14], it has been widely used.

The A* algorithm combines Dijkstra’s comprehensive search with heuristic guidance,
greatly reducing unnecessary node expansion and improving search efficiency. However,
as more scholars have delved into the A* algorithm, several drawbacks have been iden-
tified, such as the generation of non-smooth paths and a decrease in search efficiency
when the map size increases.Over the years, both domestic and international scholars
have made various improvements to the A* algorithm. Common optimization strate-
gies include improving the heuristic function, enhancing the search neighborhood, and
modifying the search strategy. Wu et al. [15] proposed a heuristic function mechanism
with directional information, which enhances the algorithm’s directional intelligence,
helping to reduce computational complexity and time. Zheng et al. [16] introduced
the DPIO method, which optimizes the heuristic function to enhance the efficiency and
quality of path planning. Zhang et al. [17] optimized the heuristic function and intro-
duced the Jump Point Search strategy, reducing the number of nodes that need to be
expanded during the path search process, thus improving the algorithm’s efficiency and
reducing computational time and memory consumption. Huang et al. [18] proposed a
new 5-neighborhood search method, dynamically adjusting the search neighborhood
(5-neighborhood, 4-neighborhood, or 3-neighborhood) based on obstacle constraints,
thereby improving path smoothness.

Among the aforementioned algorithms, the A* algorithm has shown improvements
in both search efficiency and path smoothness. However, these improvements, due to the
need for dynamic adaptation, can consume considerable computer resources. Additionally,
the Jump Point Search strategy may not effectively handle dense obstacle environments
in certain cases. In recent years, with the rapid development of intelligent optimization
algorithms, various swarm intelligence optimization algorithms such as the Salp Swarm
Algorithm (SSA) [19], Bobcat Optimization Algorithm [20], and Wombat Optimization
Algorithm [21] have demonstrated remarkable advantages in the field of path planning due
to their excellent global search capabilities and convergence performance. These algorithms,
by simulating the intelligent behaviors of biological groups in nature, provide novel
approaches for solving complex optimization problems. Therefore, this paper proposes an
improved A* algorithm based on the SSA. The algorithm introduces a new A* heuristic
function and optimizes its weight coefficients to enhance search efficiency while ensuring
path feasibility. Furthermore, this paper also optimizes path smoothing to enhance the
safety and smoothness of the final path.

In practical applications, path smoothing is crucial. Traditional path smoothing
methods include the Artificial Potential Field [22], Bezier curves [23], and B-spline inter-
polation [24], and others. Among these, the B-spline interpolation algorithm is the most
widely applied. However, traditional methods like B-spline interpolation often struggle to
maintain a safe distance from obstacles. To address this, our approach integrates an obstacle
avoidance mechanism into the smoothing process, balancing both path smoothness and
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safety. We propose a two-stage optimized B-spline interpolation strategy: in the first stage,
control point positions are adjusted to avoid collisions with obstacles; in the second stage,
global obstacle avoidance is achieved.

In conclusion, this paper focuses on how to optimize the A* algorithm using the SSA to
improve the efficiency of path search and proposes an improved B-spline smoothing strat-
egy to guarantee the safety and smoothness of the path. The following chapters will provide
a comprehensive explanation of the proposed method, followed by the experimental results
and comparative analysis to validate the effectiveness of the proposed approach.

The main structure of this paper is as follows: Section 2 introduces the path planning
algorithm, proposing an A* algorithm optimized by the SSA. Section 3 elaborates on
the path smoothing algorithm, presenting an improvement of the B-spline interpolation
method. The simulation experiments of the two proposed algorithms are demonstrated in
Section 4. The conclusions are given in Section 5.

2. Path Planning Algorithm
2.1. The A* Algorithm

The A* algorithm is a heuristic search algorithm proposed by Peter Hart et al. in
1968 [25]. It combines the optimality guarantee of Dijkstra’s Algorithm with the efficiency
of greedy search. Unlike traditional non-heuristic search methods, the A* algorithm
considers both the estimated distance from the current node to the target and the actual cost
to reach the node while exploring the path. A combined priority score, f(n) = g(n) + h(n),
is computed to intelligently guide the search process. This mechanism enables the A*
algorithm to ensure optimal solutions while significantly improving search efficiency,
which is why it has been broadly utilized in various fields such as path planning, game Al,
and robot navigation.

However, despite its excellent performance in many scenarios, the A* algorithm still
has some limitations. First, its computational time can be long, particularly in large maps
where the algorithm must expand a large number of nodes and maintain open and closed
lists, which increases the computational burden significantly. Second, the performance of
the A* algorithm is critically determined by the design of the heuristic function i(n). If
the heuristic function is unacceptable or inconsistent, the algorithm may fail to find the
optimal solution or experience a significant drop in efficiency.

2.2. Improvement of the A* Algorithm

To address the limitations of the traditional A* algorithm and considering that its
performance is highly dependent on the design of the heuristic function h(n), itis important
to recognize that the heuristic function not only determines whether the algorithm can
find the optimal solution, but also directly affects the search efficiency. The traditional A*
algorithm imposes a strict requirement on the heuristic function %(n), which must satisfy
h(n) < the actual minimum cost. This condition guarantees that the algorithm is capable
of identifying the shortest possible path; however, it also leads to the expansion of a large
number of nodes, resulting in longer computation times. In practical applications, once
path planning is completed, the path is often smoothed, a process that may increase the
path length. Therefore, during the initial phase of path planning, there is no need to strictly
pursue the shortest path, but rather, it is more practical to seek a balance between path
quality and computational efficiency.

Based on this understanding, this chapter proposes an improvement strategy: by re-
laxing the strict requirements on the shortest path, we attempt to construct a new heuristic
function, making the A* algorithm no longer focus solely on minimizing the distance. This
approach significantly improves the algorithm’s computational efficiency while ensuring
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the path remains reasonable. This improvement not only reduces the number of nodes
expanded by the algorithm and alleviates the computational burden, but also better ac-
commodates the flexible requirements of path planning in real-world applications. To
validate this hypothesis, we designed and implemented a new heuristic function and
further improved it using the SSA. We refer to this algorithm as the SSA-A*.

2.2.1. Determining the Variables Included in /(n)

First, it is necessary to identify the variables in /(n). For an eight-directional search,
the traditional A* algorithm’s heuristic function h(n) often utilizes either the Cheby-
shev distance or the Euclidean distance. Among these, the Chebyshev distance is more
effective in measuring the number of moves in an eight-directional grid, while the Eu-
clidean distance better represents the actual distance. Therefore, we use both distance
metrics simultaneously to enhance the accuracy of the heuristic function /(n) in distance
evaluation.

Additionally, considering that when a node is surrounded by many obstacles, the path
passing through that node may increase in length due to the need to avoid obstacles, we
also incorporate the obstacle density into the heuristic function /(n). This addition enables
the search process to possess a certain level of obstacle avoidance capability.

Thus, we modify the heuristic function h(n) as follows (1):

h(n) = w1 * dChebyshev + wy * dEuclideun + W3 * Pobstacle (1)
obstac
PObstacle = Obsgmde

In this context, dcpepysher represents the Chebyshev distance from the current node n
to the goal node, dg,cijean denotes the Euclidean distance, pypssqcre Tepresents the obstacle
density in the 8-neighborhood of the current node 7, and 7,pgs4c. refers to the number
of obstacles in the 8-neighborhood of node # (as illustrated in Figure 1). wy, w,, w3 are
weight coefficients.

Nobstacle = 3
AAN

— ~
/ ' S, |:| obstacle
4 1 A

1
7 1 S
) . current node
17

Figure 1. Calculation of obstacle count.

2.2.2. Optimization Using the SSA

To determine the weight coefficients wq, wy, w3, an efficient optimization method is
required. The combination of these weight coefficients directly impacts the performance
of the heuristic function, and therefore, identifying the optimal solution in a complex
parameter space is of critical importance.

When selecting an optimization method, we take into account that the optimization
problem for the weight coefficients may have multiple local optima. Thus, an algorithm
that can effectively prevent being trapped in local optima is required. Moreover, to enhance
optimization efficiency, the algorithm should be able to find a near-optimal solution in
fewer iterations. Additionally, the algorithm needs to handle nonlinear, multi-modal
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optimization problems to accommodate the complexity of the weight coefficients in the
heuristic function, and it should be easy to implement and insensitive to initial parameter
settings, reducing the complexity of tuning. Based on these requirements, we have chosen
the SSA for the optimization of the weight coefficients.

The Salp Swarm Algorithm (SSA) [26], proposed by Seyedali Mirjalili et al. [27]
in 2017, is a nature-inspired swarm intelligence algorithm that simulates the foraging
behavior of salps (as shown in Figure 2). Salps are marine organisms that search for food
through collective cooperation and leader-following behavior. The SSA leverages this
behavior to optimize problem solutions. Salps form chain-like swarms in the ocean, and
the SSA simulates this behavior by dividing the swarm into leaders and followers. The
leader is at the front of the chain and is responsible for guiding the group, while the
followers move by following the leader. The SSA simulates the foraging behavior of salp
swarms in the ocean, offering strong global search capability and efficiently exploring
high-dimensional parameter spaces [28]. Its rapid convergence speed makes it suitable
for solving complex optimization problems. Furthermore, the SSA is insensitive to initial
parameter settings, simple to implement, and easy to adjust, making it well suited to meet
our optimization needs.

Leader Slap

Figure 2. Movement of the salp chain.

Next, the SSA is used to determine the weight coefficients wq, wo, ws3. First, we initialize
the population using (2) and (3).

xi x} ... X}
X X3 ... X2
= | @
XroXxy ... Xt
X = rand x (ubj — b)) + 1bj,i € {1,2,...,n},j € {1,2,...,n} ®3)

X is an n * d matrix, with n representing the population size and d representing the
dimensionality of the problem. The terms ub and Ib denote the upper and lower bounds of
the problem, respectively, while rand is a randomly generated number between 0 and 1.

To enhance the efficiency of the A* algorithm, we define the fitness function as the
number of searched nodes, where a lower number of searched nodes indicates a higher
fitness score. Each individual’s fitness is ranked, with the highest fitness individual des-
ignated as the leader and the remaining individuals as followers. Subsequently, both the
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leader and followers update their positions according to the predefined formulas. The
leader’s position is updated using (4) and (5).

xi— Fj—FCl[(ub]'—lb]') *C2—|-lb]‘],C3 <05 )
F]' — (1 [(ub] — lb]) *Cp + lb]‘],C?, > 0.5
2
= 267(#) 5)
The followers update their positions using (6).
N a 4
Xi = E(x; + X! ) ©)

After each update, the fitness of each individual is re-evaluated, and the optimization
process iterates until a predefined number of iterations is reached or a convergence criterion
is met. Finally, the optimal weight parameters are selected. Using these optimal weight
parameters, the heuristic function h(n) is determined and subsequently employed for
path planning.

The pseudo-code for the optimization of the A* algorithm using the SSA is shown in
Algorithm 1 below.

Algorithm 1: Improved A* Algorithm with the SSA Optimization

Input: Grid map G, start point S, end point E, weight bounds (2,45, population size
N, maximum iterations T
Output: Optimal path P, visited nodes list V, optimal weight Q*
1: BEGIN:
2:  Initialization:
Define 8-neighborhood direction set
D ={(=1,0),(1,0),(0,-1),(0,1), (=1, =1), (=1,1), (1, -1), (1, 1)}
Initialize SSA population P = {Q; | Q; ~ Uniform(Qpoyngs), i =1,2,...,N}
Initialize optimal weight Q% «— argmingnepFitness((2)
Initialize optimal fitness F* < Fitness((2*)
Initialize iteration counter t < 0
3://SSA Optimization Process:
4: Whilet < T:

5: Foreach O; € P:

6: If Random() < 0.5:

7: Q)+ QF + Uniform(—03,03)°
8 Else:

9: O QI%Q*

10: Chp Qi to Qbounds

11: Fi' < Fitness((2})

12: If F/ < F*:

13: O+ O

14: F* + F

15: P« {2}

16: Record current optimal fitness F*
17: t—t+1
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Algorithm 1: Cont.

18:  //A* Path Search:Use optimal weight (2 to execute A* algorithm:
19: Initialize open list O < {(f(S),0,S)}, parent map C < {}, cost map
G < {S:0}, and visited nodes list V <« |]

20: While O is not empty:

22: Pop (f,g, Q) < HeapPop(O)

23: IfQ=E:

24: P < ReconstructPath(C,S, E)

25: Return P,V

26: Add QtoV

27 For each (dx,dy) € D :

28: Q'+ (Qx +dx,Q, +dy)

29: If Q' is out of bounds or G[Q'] =1:
30: Continue

31: ¢ < DiagonalDistance if | dx | + | dy |=2else 1
32: g «—g+c

33: IfQ ¢ Gorg <G[Q]:

34: GlQ'|+ g

35: ClQ] + Q

36: h + Heuristic(Q', E, Q*,G)
37: fl« g +h

38: Push (f/,¢',Q’) into O

39: Return None,V

40: END

Our work, compared with recent SSA-based path planning studies, demonstrates
distinct focuses and innovations. Our proposed algorithm employs SSA to optimize the
heuristic function weights of the A* algorithm, dynamically adjusting the weights by
incorporating Chebyshev distance, Euclidean distance, and obstacle density to enhance
search efficiency. Guo et al. [29] improved the SSA for AUV path planning by introducing
the Levy flight strategy and a nonlinear convergence factor to boost the algorithm’s global
search capability and convergence speed. Meanwhile, Mohammad AlShabi et al. [30]
applied SSA to ground vehicle path planning, exploring a new application scenario for
the algorithm.

3. Path Smoothing Algorithm
3.1. B-Spline Interpolation Curve

B-spline is a mathematical method commonly used in computer graphics and data
fitting. It consists of a series of control points, knot vectors, and a set of basis functions.
The control points determine the shape of the spline curve, allowing shape adjustments
by repositioning them. The knot vector defines the distribution of the spline curve in
parameter space and determines the influence range of each control point on the spline
curve. The algorithm utilizes a set of basis functions to construct the spline curve. By
weighting the control points with the corresponding basis functions, a smooth interpolated
curve can be obtained. The basis functions are computed using a recursive formula, defined
as (7) and (8).

1, t<t<tiyg

7
0, Otherwise @

k=0, Bi,O(t) = {
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t—t;
tivg — 1t

t: —t
Biy () + B (f) 8

k>1,B;;(t) =
ik(t) titke1 — tit

The mathematical formula of the B-spline curve is typically expressed as (9).

n

P(t) = ZPiBi,p(t) (9)

i=0

where C(t) is the curve, P; are the control points, B; ,(t) is the basis function of the i-th
control point with degree p, and t is the parameter.

3.2. Control Point Adjustment

The B-spline interpolation method generates a smooth path based on the number
and position of control points. However, this method lacks inherent obstacle avoidance
capabilities. If control points are not properly selected, the planned path might not stay
safely away from obstacles, which could cause collisions [31].

Therefore, the path nodes generated by the SSA-A* cannot be directly used as control
points for B-spline smoothing. Instead, these nodes must be adjusted in terms of quantity
and position before serving as control points for the B-spline smoothing process. This
adjustment ensures that the generated smooth path avoids obstacles effectively.

To achieve appropriate control point adjustment, we propose a two-stage optimization
strategy: corner avoidance and path obstacle avoidance.

The corner avoidance strategy adjusts the number and position of control points at
path corners based on the spatial relationships of path nodes, enabling the path to navigate
turns without colliding with obstacles. First, we define a diagonal judgment function
Diagonal() as (10) and two midpoint functions C() and D() as (11).

Diagonal (A, B) = |x4 — x| A |ya — yB| (10)

C(A,B) = (xa,y8) , D(A,B) = (xp,ya) (11)

Next, we define the path insertion function. For a given path P = (p1,p2,...,Pn),
inserting a point q at position i results in the following updated path, as expressed in (12).

Insert(P,i,q) = (p1,---, Pis 9, Pit1s- -+ s Pn) (12)

Similarly, we define the path deletion function. Given a path P = (py, p2, ..., pn) and
a set of points R to be removed, the updated path after deletion is given by (13).

Remove(P,R)={p€P|p¢& RVpe{p,prn}} (13)

Finally, the corner avoidance optimization function Optimize(P) is formulated as

(14)-(17).
Optimize(P) = Remove(InsertPoints(P), R) (14)
n—1
InsertPoints(P) = | J Insert(P, i,q;) (15)

i=1

C(pi,piy1) if C(pipis1) €O,
qi = { D(pi, piv1) if D(pi,piy1) € O, (16)
& otherwise.

R = {pi, pir1 | Diagonal(p;, piy1) A (C(pi, piv1) € OV D(pi, piv1) €0)}  (17)
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In (16) and (17), O represents the set of obstacles. The pseudo-code for corner avoid-
ance is presented in Algorithm 2.

Algorithm 2: Corner Avoidance Strategy

Input: Grid map M, original path P
Output: Optimized path P/

1: BEGIN:

Initialize P’ < P.copy(), R < &
30 i+ 0

4: whilei < len(Pr) —1do

5 A < Prfi], B < PI[i+1]

6: x1, y1 < A; x2,y2 < B
7

8

9

N

if [x1 — x2| ==1and |yl — y2| == 1 then // Diagonal move
C + (x1,y2), D < (x2, y1)
: has_obstacle <+ False
10: if C € M.obstacles V D &€ M.obstacles then has_obstacle < True

11: if has_obstacle then

12: R < R U {A, B} // Mark nodes for removal

13: if C ¢ M.obstacles then

14: Prinsert(i+1, C) // Insert intermediate point C
15: i < i+1 // Skip the new point

16: elseif D ¢ M.obstacles then

17: P'.insert(i+1, D) // Insert intermediate point D
18: i+ i+1

19: end if

20: continue // Re-check current index

21: end if

22: end if

23: i+ i+1

24: end while

25:  // Remove marked nodes

26: for pin P’ do

27:  ifp € Randp ¢ {P[0],P[—1]} then

28: remove p from P/
29: end if

30: end for

31: return P’

32: END

By applying Optimize(P), the adjustment of control points enables obstacle avoidance
during turning processes. This optimization ensures that the generated path smoothly
navigates around obstacles rather than intersecting them. The effectiveness of this method
is illustrated in Figure 3.

Path obstacle avoidance refers to the process of fine-tuning the positions of all control
points based on nearby obstacles to ensure the entire path avoids obstacles effectively.
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Figure 3. The effect of corner avoidance optimization. (a) is the smoothed B-spline path; (b) is the
improved smoothed B-spline path.

To achieve obstacle avoidance throughout the path, we adjust the positions of control
points according to their proximity to obstacles. Therefore, we introduce the distance
adjustment function f(d;) as (18), which modifies the position of a control point P(x, y)
when there are N nearby obstacles. Given an obstacle O;(x;, y;) located at a distance d;, the
adjusted position of the control point is denoted as D; and expressed in (19) and (20).

L _¢ di<dy
d.) = ¢ atbefi ! 18
f(di) { 0 otherwise (18)
u; = (x_xi/ y_yl) (19)
d;
D; = 1~ d;)u; (20)
1 N f( z) U;

The pseudo-code for path obstacle avoidance is presented in Algorithm 3.

Algorithm 3: Path Obstacle Avoidance with Grid Map

Input: Optimized path P’; Grid map M; Distance threshold dy; Parameters a, b, c
Output: Final control point path P”

1: BEGIN:

2: Initialize P” as empty list

3: forpin P do

4 if p == P'[0] or p == P’'[—1] then

5 append p to p”

6: continue

7 end if

8 Initialize Dy <~ 0, Dy <~ 0, N <~ 0

9: for each obstacle O;(x;, y;) in M.obstacles do
10: d; sqrt((x—xl-)er (y—y,-)z)

11: if d; < dj then

12: f(d;) < 1/(a+b xe*)—c

13: D, <+ Dx+f(di) * (X*x,‘)/d,‘
14: Dy < Dy+f(d;) * (v —yi)/d;
15: N < N+1

16: end if

17: end for

18: if N > 0 then
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Algorithm 3: Cont.

19: Padjusted x <+ x+Dy/N
20: Padjusted y<y+ Dy/N

21: else

22: P, adjusted € p

23: end if

24:  append Pygjusted to P
25: end for

26: return P”

27: END

By applying path obstacle avoidance to adjust control points, the B-spline smoothed
path is optimized to ensure a safe distance from obstacles, enhancing the overall path
safety.

4. Experimental Simulation

4.1. Path Planning Algorithm Simulation Experiment
4.1.1. Parameters for Path Planning Simulation

We use Python as the development environment. The simulation experiments are
conducted in two types of map environments: high-density clustered maps and low-density
random maps. Each environment is tested on maps of three different sizes: 20 x 20, 35 x 35,
and 50 x 50.

For a given environment and map size, we first apply the SSA-A* to optimize the
weight parameters and obtain the heuristic function /1(n). Then, we conduct path planning
tests on 15 maps of the same environment and size. The paths generated by the SSA-A*
are compared to those produced by Dijkstra’s Algorithm, the Classical A* Algorithm, the
JPS-A* Algorithm (an improved version of A* algorithm), and ACO.

The parameters used in the SSA optimization process are listed in Table 1.

Table 1. Parameters for path planning simulation experiments.

Parameter Name Value or Range
w1 [05, 2]
W [0.5, 2]
w3 [0.1,1]
Population Size (n) 10
Number of Iterations 100

4.1.2. Results and Analysis of Path Planning Simulation Experiment

Figure 4 shows the path planning simulation experimental results for a high-density
clustered map on a 35 x 35 grid map. (a) corresponds to the path generated by the SSA-A*.
(b) corresponds to the path generated by the Classical A* Algorithm. (c) corresponds to
the path generated by Dijkstra’s Algorithm. (d) corresponds to the path generated by the
JPS-A* Algorithm. (e) corresponds to the path generated by ACO.

Figure 5 presents the path planning simulation experimental results for a low-density
random map on a 35 x 35 grid map. (a) corresponds to the path generated by the SSA-A*.
(b) corresponds to the path generated by the Classical A* Algorithm. (c) corresponds to
the path generated by Dijkstra’s Algorithm. (d) corresponds to the path generated by the
JPS-A* Algorithm. (e) corresponds to the path generated by ACO.
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Figure 4. Simulation experimental results of five path planning algorithms on a high-density clustered
map. (a) is the SSA-A*; (b) is the Classical A* Algorithm; (c) is Dijkstra’s Algorithm; (d) is the JPS-A*
Algorithm; (e) is ACO.
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Figure 5. Simulation experimental results of five path planning algorithms on a low-density random
map. (a) is the SSA-A*; (b) is the Classical A* Algorithm; (c) is Dijkstra’s Algorithm; (d) is the JPS-A*
Algorithm; (e) is ACO.
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Table 2 shows the detailed data of path planning on a 35 x 35 grid map for both

high-density clustered maps and low-density random maps. In this table, SN represents

the number of search nodes.

Table 2. Path planning data for a 35 x 35 grid map.

. Cluster Maps Random Maps
Map ID Algorithm
SN Length Time (ms) SN Length Time (ms)

SSA-A* 44 53.36 1.41 39 51.25 0.78

A* 261 53.36 4.01 191 49.84 1.54

1 Dijkstra 631 53.36 4.38 979 49.84 4.05
JPS-A* 16 71.66 1.01 30 62.14 0.62
ACO 235 54.18 24.15 234 50.43 26.55

SSA-A* 53 52.43 1.82 50 52.43 0.92

A* 239 51.6 417 297 51.60 2.64

2 Dijkstra 651 51.6 4.35 982 51.60 4.63

JPS-A* 23 62.38 1.51 29 60.97 0.9
ACO 248 51.6 31.31 190 54.43 23.33

SSA-A* 41 51.6 1.38 41 51.84 0.99

A* 187 51.6 2.86 309 51.01 3.34

3 Dijkstra 641 51.6 41 981 51.01 4.58
JPS-A* 26 58.63 1.47 27 62.14 0.85
ACO 191 52.43 28.24 206 53.25 24.77

SSA-A* 40 51.01 1.42 48 52.43 0.97

A* 209 51.01 3.37 278 51.60 2.72

4 Dijkstra 644 51.01 4.55 967 51.60 4.66
JPS-A* 21 66.63 1.45 30 61.56 0.79
ACO 233 51.6 31.85 235 55.50 25.22

SSA-A* 41 51.01 1.41 55 53.60 1.19

A* 178 51.01 2.75 338 52.77 3.25

5 Dijkstra 643 51.01 427 940 52.77 3.82
JPS-A* 36 61.8 2.38 37 61.80 0.69
ACO 205 52.43 31.69 137 58.08 12.26

SSA-A* 45 53.94 1.47 43 51.60 0.84

A* 214 53.36 3.21 229 50.43 1.89

6 Dijkstra 654 53.36 4.47 989 50.43 3.98
JPS-A* 21 59.21 1.52 25 61.56 0.66
ACO 295 54.77 33.05 170 50.43 29.83

SSA-A* 52 51.01 1.77 43 52.43 0.86

A* 207 51.01 3.51 201 49.84 1.75

7 Dijkstra 612 51.01 412 993 49.84 3.91
JPS-A* 20 70.38 1.58 30 62.97 0.77
ACO 251 51.84 24.81 168 51.25 29.35

SSA-A* 43 54.43 1.54 40 51.25 0.81

A* 260 52.77 4.34 230 50.43 2.19

8 Dijkstra 629 52.77 4.46 983 50.43 4

JPS-A* 19 63.31 1.45 24 62.73 0.64
ACO 242 56.43 34.47 230 61.74 24.88

SSA-A* 52 53.84 1.72 46 52.77 0.88

A* 234 52.18 3.8 364 52.18 3.04

9 Dijkstra 639 52.18 4.39 983 52.18 3.8
JPS-A* 15 58.63 1.05 26 62.14 0.69
ACO 292 60.08 36.16 202 57.84 28.28
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Table 2. Cont.

) Cluster Maps Random Maps
Map ID Algorithm
SN Length Time (ms) SN Length Time (ms)

SSA-A* 42 52.18 1.45 58 56.43 0.99

A* 251 52.18 3.96 300 55.60 2.37

10 Dijkstra 653 52.18 4.42 995 55.60 3.83
JPS-A* 17 62.73 1.38 89 80.63 2.26
ACO 220 52.18 31.52 273 60.67 29.63

SSA-A* 52 55.36 1.53 53 53.84 0.89

A* 239 54.53 3.84 319 51.60 2.55

11 Dijkstra 586 54.53 391 994 51.60 3.9
JPS-A* 19 60.04 1.29 35 60.63 0.88
ACO 177 56.18 35.74 233 53.84 25.41

SSA-A* 44 54.18 1.41 51 52.18 0.85

A* 251 53.36 4.02 353 51.60 2.99

12 Dijkstra 657 53.36 4.55 977 51.60 3.91
JPS-A* 17 69.21 1.38 43 63.56 1.23
ACO 192 55.01 36.54 242 54.18 24.47

SSA-A* 52 53.36 1.47 45 52.43 0.83

A* 227 51.6 3.72 362 51.60 3.51

13 Dijkstra 627 51.6 418 965 51.60 4.42
JPS-A* 23 67.31 1.49 30 62.14 0.83
ACO 169 53.84 33.62 239 54.67 26.32

SSA-A* 57 57.94 1.67 43 51.60 1.03

A* 188 56.28 3.28 194 49.84 2.05

14 Dijkstra 609 56.28 4.36 971 49.84 4.55
JPS-A* 19 62.63 2.5 25 58.63 0.74
ACO 171 58.77 36.19 187 52.08 26.83

SSA-A* 45 54.77 1.5 43 51.60 0.98

A* 229 52.77 3.86 346 51.60 3.53

15 Dijkstra 630 52.77 4.73 968 51.60 4.61
JPS-A* 20 68.63 2 26 60.97 0.74
ACO 189 57.6 32.46 251 52.43 25.72

Figure 6 shows the comparison of the running time between the SSA-A* and the

Classical A* Algorithm. The running times of both algorithms are normalized with respect

to the running time of Dijkstra’s Algorithm (Dijkstra = 1). A lower value indicates a shorter

running time.

Figure 7 presents a comparison of the search node count and path length between the
SSA-A* and Classical A* Algorithms. Search Efficiency (Left Axis): The number of search
nodes for both the SSA-A* and Classical A* algorithms is normalized with respect to the

number of search nodes in Dijkstra’s Algorithm (Dijkstra = 1). A lower value indicates
higher search efficiency. Path Quality (Right Axis): The SSA-A* path length increase
(relative to the shortest path from Dijkstra) is shown as a percentage.
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Figure 6. Comparison of running time between the SSA-A* and Classical A* Algorithms. (a) corre-
sponds to the 20 x 20 grid map, (b) corresponds to the 35 x 35 grid map, and (c) corresponds to the
50 x 50 grid map.

Table 3 presents a comparison of the average performance of the SSA-A* against other
algorithms across different map sizes.
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Figure 7. Comparison of search node count and path length between the SSA-A* and Classical A*
Algorithms. (a) corresponds to the 20 x 20 grid map, (b) corresponds to the 35 x 35 grid map, and
(c) corresponds to the 50 x 50 grid map.

Based on the simulation experimental results, for the high-density clustered map,
the SSA-A* reduces the running time by an average of 56.17% compared to Dijkstra’s
Algorithm, by 50.35% compared to the A* algorithm, and by 95.26% compared to ACO.
The SSA-A* reduces the number of search nodes by an average of 91.41% compared to
Dijkstra’s Algorithm, by 75.97% compared to the A* algorithm, and by 73.91% compared
to ACO.
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Table 3. Comparison of the average performance of the SSA-A* and other algorithms.

Map Size 20 35 50
Map Type Cluster Random Cluster Random Cluster Random
PP Map Map Map Map Map Map
vs. A* (%) 30.79% 36.56% 57.45% 63.09% 62.82% 67.75%

Average Time

Reduction in SSA-A* VS Dijkstra (%) 27.89% 59.35% 64.69% 77.85% 75.94% 84.12%
vs. ACO (%) 95.57% 96.92% 95.16% 96.16% 95.04% 97.61%
vs. A* (%) 67.17% 72.52% 78.87% 83.08% 81.86% 86.10%

Average Searched

Nodes Reductionin  vs. Dijkstra (%) 84.64% 91.01% 92.58% 95.19% 95.00% 96.73%

SSA-AY vs. ACO (%)  6432%  71.83%  7803%  7743%  7937%  82.75%

Average Distance Increase in SSA-A*

vs. A* (%) 1.62% 1.46% 1.48% 2.18% 0.58% 1.82%
Average Distance vs. JPS-A* (%) 14.85% 18.93% 22.24% 22.33% 15.00% 21.96%
Reduction in SSA-A*  vs. ACO (%) 4.45% 4.72% 2.17% 3.76% 5.41% 5.00%

For the low-density random map, the SSA-A* reduces the running time by an average
of 73.77% compared to Dijkstra’s Algorithm, by 55.80% compared to the A* algorithm,
and by 96.90% compared to ACO. The SSA-A* reduces the number of search nodes by
an average of 94.31% compared to Dijkstra’s Algorithm, by 80.57% compared to the A*
Algorithm, and by 77.34% compared to ACO.

With the increase in map size, the advantages of the SSA-A* become more apparent.
For example, on the 50 x 50 low-density random map, the SSA-A* reduces the running time
by 67.75% compared to Dijkstra’s Algorithm and by 84.12% compared to the A* algorithm.
Additionally, the number of search nodes is reduced by 96.73% compared to Dijkstra’s
Algorithm and by 86.10% compared to the A* algorithm. In all cases, the JPS-A* algorithm
shows an average increase in path length of 14% or more compared to the shortest path,
while ACO shows an increase of 4.25%. In contrast, the SSA-A* increases the path length
by only 0.5% to 2.2%, enhancing its suitability for practical applications.

4.2. Path Smoothing Algorithm Simulation Experiment
4.2.1. Parameters for the Path Smoothing Algorithm Simulation Experiment

Python was used as the development environment, and grid maps of sizes 20 x 20,
35 x 35, and 50 x 50 were selected. The obstacle density and distribution methods were
set to high-density clustering and low-density random, respectively, to represent the entire
environmental information. The maps were categorized into six groups according to the
above standards, with each group consisting of 15 different maps for testing. In the maps,
the green circle represents the start point, the blue circle represents the endpoint, the light
blue line represents the initial path, the orange line represents the path after smoothing
with the B-spline algorithm, and the red line represents the path after smoothing with the
improved B-spline algorithm.

The parameters for the B-spline algorithm used in the simulation experiment are
shown in Table 4.

Table 4. Parameter settings of B-spline interpolation.

Parameter Name Parameter Value
Smoothing Factor (s) 0.1
Number of Interpolation Points 100
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In B-spline interpolation, the smoothing factor is used to control the smoothness of
the B-spline curve, while the number of interpolation points determines the accuracy and
computational complexity of the B-spline curve. After repeated experiments, the smoothing
factor was set to 0.1, and the number of interpolation points was set to 100.

4.2.2. Results and Analysis of the Path Smoothing Algorithm Simulation Experiment

Based on the aforementioned simulation environment and parameter settings, simula-
tion experiments were conducted to calculate the smoothed paths for different algorithms.
The results are presented for a high-density clustered map of size 20 x 20 (in the upper
part of Figure 8) and a low-density random map (in the bottom part of Figure 8). As shown
in (a) and (e), the original path contains multiple dangerous points near obstacles, with the
distance between the path and obstacles being too small, which could lead to collisions. In
(b) and (f), after B-spline interpolation smoothing, the path becomes noticeably smoother
and more continuous, with no sharp corners; however, the path still remains too close to the
obstacles. As shown in (c) and (g), after smoothing with the improved B-spline algorithm,
the path not only maintains a safe distance from the obstacles but also remains continuous
and smooth.
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Figure 8. Smoothed paths of various algorithms. The first three figures are high-density maps
with clustering. (a) represents the original path, (b) represents the path smoothed by B-spline, and
(c) represents the path smoothed by the improved B-spline. The last three figures are low-density
maps with random distribution. (d) represents the original path, (e) represents the path smoothed by
B-spline, and (f) represents the path smoothed by the improved B-spline.

The performance of the original path, the path smoothed by the B-spline algorithm,
and the path smoothed by the improved B-spline algorithm is evaluated below. The
evaluation primarily focuses on two key metrics: the curvature of the path and the distance
from the path to the nearest obstacle.

The logic for calculating the degree of meandering is as follows: As shown in Figure 9,
adjacent points in the path are connected to form two vectors. The angle between these

58



Appl. Sci. 2025, 15, 5583

Distance to Nearest Obstacle

w ~
3 &

N
&

100

Distance to Nearest Obstacle

vectors is calculated, and the rate of change in this angle is determined. This rate of
change is defined as the degree of meandering. A smaller degree of meandering indicates a
smoother path.

Figure 9. Method for calculating the degree of meandering.

The distance from the path to the obstacle is one of the important indicators for
measuring the safety of the path. The greater the distance from the path to the obstacle, the
higher the safety and reliability of the path. Here, the distance from each point on the path
to the nearest obstacle is calculated to assess the safety of the path.

In Figure 10, (a) and (b) compare the curvature of the paths and the distance from
the paths to the nearest obstacle for each algorithm on the clustered map displayed above.
(c) and (d) compare the curvature of the paths and the distance of the paths to the nearest
obstacle for each algorithm on the random map displayed above. As can be seen from
the figures, after smoothing with the improved B-spline algorithm, the path maintains the
largest distance from the nearest obstacle, with a moderate curvature, thereby meeting
the requirements.
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Figure 10. Performance comparison of each path. (a,b) represent the performance analysis of the
high-density clustered map shown previously; (c,d) represent the performance analysis of the random
low-density map shown previously.
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Table 5 compares the minimum distance (MD) to the nearest obstacle, the average
distance (AD) to the nearest obstacle, and the average curvature (AT) of the initial path (A),
the path smoothed by the B-spline algorithm (B), and the path smoothed by the improved
B-spline algorithm (C) for two types of maps with a size of 20 x 20.

Table 5. Performance comparison of each path.

. Cluster Maps Random Maps
Map ID Algorithm
MD AD AT MD AD AT
A 0.0000 0.6945 0.3521 0.0000 0.7765 0.4439
1 B 0.0000 0.7063 0.1387 0.0060 0.7638 0.1452
C 0.4564 1.0097 0.1270 0.2277 1.0051 0.1549
A 0.0000 0.6809 0.3073 0.0000 0.5451 0.3366
2 B 0.0752 0.7149 0.0792 0.0213 0.5507 0.0732
C 0.4781 1.0321 0.1014 0.1000 0.7996 0.1575
A 0.0000 1.0024 0.2115 0.0000 0.7057 0.3142
3 B 0.0961 1.0423 0.0668 0.0000 0.6960 0.0746
C 0.3939 1.2601 0.0730 0.0480 1.0206 0.1132
A 0.0000 0.9127 0.3600 0.1000 1.1887 0.1653
4 B 0.0046 0.9452 0.1102 0.0000 1.2021 0.0252
C 0.8040 1.2919 0.1340 0.2677 1.3819 0.0469
A 0.0000 0.7055 0.2618 0.0000 0.6499 0.3927
5 B 0.0183 0.7269 0.0994 0.0000 0.6707 0.1102
C 0.3346 0.9950 0.0964 0.4718 0.9050 0.0967
A 0.0000 0.7267 0.2827 0.0000 0.7176 0.3366
6 B 0.0919 0.7426 0.0915 0.0000 0.7250 0.0857
C 0.7542 1.0624 0.1014 0.0975 0.9804 0.1088
A 0.0000 0.6324 0.1870 0.0000 0.6256 0.2356
7 B 0.0127 0.6415 0.0532 0.0000 0.6289 0.0569
C 0.3643 0.9650 0.1250 0.1845 0.9347 0.1308
A 0.0000 0.7558 0.4254 0.0000 0.4808 0.4254
8 B 0.0260 0.7715 0.1350 0.0084 0.4984 0.1336
C 0.6290 1.1425 0.1471 0.0974 0.6789 0.1402
A 0.0000 0.6990 0.3142 0.0000 0.6392 0.2992
9 B 0.0000 0.7113 0.1155 0.0000 0.6500 0.0748
C 0.4775 1.0443 0.1069 0.2611 0.9248 0.1339
A 0.0000 0.8205 0.2856 0.0000 0.6837 0.2356
10 B 0.0084 0.8199 0.0793 0.0000 0.6818 0.0546
C 0.6038 1.1713 0.0950 0.3946 1.0015 0.1122
A 0.0000 0.7276 0.3200 0.0000 0.7396 0.2618
11 B 0.0277 0.7350 0.1053 0.0227 0.7692 0.0760
C 0.5741 1.0648 0.1206 0.3956 0.9740 0.1391
A 0.1000 0.7944 0.2618 0.0000 0.4960 0.3927
12 B 0.0359 0.8430 0.0541 0.0221 0.4932 0.1104
C 0.3501 1.0428 0.0859 0.3259 0.8577 0.1283
A 0.0000 0.7710 0.2291 0.0000 0.5484 0.3756
13 B 0.0458 0.7907 0.0758 0.0000 0.5329 0.1150
C 0.7377 1.0929 0.0833 0.0731 0.7502 0.1057
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Table 5. Cont.

) Cluster Maps Random Maps
Map ID Algorithm
MD AD AT MD AD AT
A 0.0000 0.9868 0.1636 0.0000 0.9388 0.3366
14 B 0.0702 0.9931 0.0487 0.0606 0.9384 0.1163
C 0.4245 1.2563 0.0641 0.1057 1.1389 0.1701
A 0.0000 0.5984 0.2199 0.0000 0.5090 0.2618
15 B 0.0365 0.6015 0.0754 0.0419 0.5247 0.0702
C 0.3309 0.9086 0.0961 0.2562 0.8942 0.1368

The following conclusions can be drawn:

In the high-density clustered map, the average minimum distance from the smoothed
path of the improved B-spline algorithm to the nearest obstacle increased by 0.5142 com-
pared to the initial path and by 0.4776 compared to the B-spline algorithm’s smoothed
path. The average distance from the improved B-spline algorithm smoothed path to the
nearest obstacle increased by 43.05% compared to the initial path and by 39.82% compared
to the B-spline algorithm smoothed path. The average curvature of the improved algorithm
smoothed path decreased by 61.87% compared to the initial path.

In the low-density random map, the average minimum distance from the improved
B-spline algorithm’s smoothed path to the nearest obstacle increased by 0.2137 compared
to the initial path and by 0.2082 compared to the B-spline algorithm’s smoothed path. The
average distance from the improved B-spline algorithm’s smoothed path to the nearest
obstacle increased by 42.20% compared to the initial path and by 41.04% compared to the
B-spline algorithm’s smoothed path. The average curvature of the improved algorithm’s
smoothed path decreased by 59.96% compared to the initial path.

Figure 11 shows the performance comparison of all maps in the test set, categorized
by size. It presents line graphs of the minimum distance to the nearest obstacle, the average
distance to the nearest obstacle, and the average curvature for two types of maps with a
size of 20 x 20. The same classification and visualization are applied to the other two map
sizes. From the figure, it is clearly observed that the distance from the path smoothed by
the improved B-spline algorithm to the nearest obstacle is always the largest, the average
distance to the nearest obstacle is also the largest, and the average curvature is moderate,
significantly reduced compared to the original path.

4.3. Benchmark Tests

The tests were conducted using the city/street maps dataset from the MovingAI 2D
Pathfinding Benchmarks, running on hardware with a Ryzen 7 6800H/RTX 3060 Laptop
GPU configuration, with the algorithm implemented in Python 3.12.

Figure 12 presents the results of benchmark tests on a 256 x 256 map. (a) corresponds
to the path generated by the SSA-A*. (b) corresponds to the path generated by the Classical
A* Algorithm. (c) corresponds to the path generated by Dijkstra’s Algorithm. (d) cor-
responds to the path generated by the JPS-A* Algorithm. (e) corresponds to the path
generated by ACO.
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Figure 11. Performance comparison of the test set. (a—c) present line graphs of the minimum distance
to the nearest obstacle, the average distance to the nearest obstacle, and the average curvature for two
types of maps with a size of 20 x 20, respectively; (d—f) present line graphs of the minimum distance
to the nearest obstacle, the average distance to the nearest obstacle, and the average curvature for two
types of maps with a size of 35 x 35, respectively; (g-i) present line graphs of the minimum distance
to the nearest obstacle, the average distance to the nearest obstacle, and the average curvature for

two types of maps with a size of 50 x 50, respectively.

Table 6 presents the performance comparison results of various path planning algo-
rithms in benchmark tests. The test results demonstrate that the SSA-A* reduces pathfind-
ing time by 93.69% compared to the A* algorithm and by 93.30% compared to Dijkstra’s
Algorithm. The paths planned by the SSA-A*, JPS-A* algorithm, and ACO exhibit increases
of 4.08%, 30.75%, and 32.65%, respectively, relative to the shortest path, while their average
runtime accounts for 6.31%, 352.38%, and 210.45% of the A* algorithm’s runtime. This
discrepancy arises because the JPS -A* algorithm incurs redundant computations due to
its jump strategy in real-world scenarios with irregular obstacles, leading to inefficiency
and longer planned paths. Meanwhile, the ACO tends to select suboptimal branches in
early iterations due to randomness, resulting in circuitous paths. In contrast, the SSA-A*
demonstrates superior performance in both path length and planning time.
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Figure 12. Results of benchmark tests of five path planning algorithms on a 256 x 256 map. (a) is the
SSA-A¥*; (b) is the Classical A* Algorithm; (c) is Dijkstra’s Algorithm; (d) is the JPS-A* Algorithm;
(e)is ACO.

Table 6. Performance comparison of path planning algorithms in benchmark tests.

Comparison to A* (100%)

Algorithm -
Searched-Nodes (%) Length (%) Time (%)
SSA-A* 4.39 104.83 6.31
Dijkstra 320.17 100.00 94.08
A*-JPS 0.70 130.75 325.38
ACO 12.04 132.65 210.45

Figure 13 presents the benchmark test results of five path smoothing algorithms
on a 256 x 256 map. (a) and (d) show the global view and local details of the original
path; (b) and (e) display the globally smoothed path and its local section after B-spline
interpolation; (c) and (f) demonstrate the panoramic and zoomed-in views of the path
processed by the improved B-spline interpolation smoothing algorithm.

For the path smoothing algorithms, the test results indicate that the Improved B-spline
Path increases the minimum distance to the nearest obstacle by 0.78 compared to the
Original Path and by 0.77 compared to the B-spline Path. Additionally, the average distance
to the nearest obstacle for the Improved B-spline Path increases by 17.40% compared to
the Original Path and by 14.93% compared to the B-Spline Path. Furthermore, the average
curvature of the Improved B-spline Path decreases by 53.86% compared to the Original
Path and by 28.54% compared to the B-spline Path.
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Figure 13. Results of benchmark tests of five path smoothing algorithms on a 256 x 256 map.
(a) represents the original path, (d) is a detailed view of a portion of (a); (b) represents the path
smoothed by B-spline, (e) is a detailed view of a portion of (b); (c) represents the path smoothed by
the improved B-spline, and (f) is a detailed view of a portion of (c).

5. Conclusions

To address the limitations of the traditional A* algorithm, such as low performance
and unsmooth paths in path planning, this paper proposes a scheme that improves the
A* algorithm by integrating the SSA for path planning, followed by path smoothing
using the improved B-spline interpolation method. Through comparative experiments
in various scenarios, including high-density clustered environments and low-density
random environments, and multiple grid map scales (ranging from 20 x 20 to 50 x 50), the
optimized algorithm demonstrates significant advantages in key indicators such as search
efficiency, smoothness, and safety, offering a more efficient and reliable path planning
approach for practical application scenarios.

However, the SSA-A* still has certain limitations. While the SSA greatly enhances the
optimization of the heuristic function, its performance can vary based on the complexity
and specific characteristics of the environment. In environments with dynamic obstacles
that change frequently, the algorithm may require more frequent re-optimization to adjust
to new conditions. Additionally, the current implementation assumes a static environment,
and extending it to handle real-time dynamic obstacle environments or 3D path planning
requires further adjustments.

Future research could focus on addressing these limitations. One potential direction
is the development of adaptive mechanisms that dynamically adjust the SSA parameters
based on real-time environmental changes, thereby improving the algorithm’s robustness
in dynamic and real-time scenarios. Another approach could involve exploring hybrid
algorithms that integrate the SSA-A* with other advanced techniques, such as reinforce-
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ment learning or machine learning models, to further enhance path planning performance.
Additionally, expanding the algorithm’s scalability to handle more complex 3D path plan-
ning scenarios could be another key area for future development. In conclusion, while
the SSA-A* offers a promising solution for path planning, continuous research is essen-
tial to overcome its current limitations and expand its applicability to a broader range of
real-world environments.
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Abstract: UAV technology is advancing rapidly, and variable-sweep wing UAVs are increasingly
valuable because they can adapt to different flight conditions. However, conventional control methods
often struggle with managing continuous action spaces and responding to dynamic environments,
making them inadequate for complex multi-UAV cooperative formation control tasks. To address
these challenges, this study presents an innovative framework that integrates dynamic modeling
with morphing control, optimized by the multi-agent deep deterministic policy gradient for two-
sweep control (MADDPG-VSC) algorithm. This approach enables real-time sweep angle adjustments
based on current flight states, significantly enhancing aerodynamic efficiency and overall UAV
performance. The precise motion state model for wing morphing developed in this study underpins
the MADDPG-VSC algorithm’s implementation. The algorithm not only optimizes multi-UAV
formation control efficiency but also improves obstacle avoidance, attitude stability, and decision-
making speed. Extensive simulations and real-world experiments consistently demonstrate that
the proposed algorithm outperforms contemporary methods in multiple aspects, underscoring its
practical applicability in complex aerial systems. This study advances control technologies for
morphing-wing UAV formation and offers new insights into multi-agent cooperative control, with
substantial potential for real-world applications.

Keywords: multi-UAV; variable-sweep wing; multi-agent deep reinforcement learning; formation
control; MADDPG-VSC

1. Introduction

As unmanned aerial vehicle (UAV) technology continues to advance rapidly, the
value of variable-sweep wing UAVs has become increasingly evident, particularly due to
their ability to adapt to a wide range of flight states, which significantly enhances over-
all performance and efficiency [1]. Traditional trajectory planning algorithms, such as
A*, rapidly-exploring random trees (RRT), and probabilistic roadmaps (PRM), have been
widely employed in UAV systems due to their effectiveness in structured environments with
known dynamics and constraints. However, these classical methods often face challenges
when applied to high-dimensional spaces, dynamic obstacles, and real-time applications,
where their computational complexity and adaptability are limited [2—4]. This growing
recognition highlights the critical importance of advancing research in variable-sweep wing
technology through more adaptive control mechanisms, such as deep reinforcement learn-
ing (DRL). However, despite their potential, current research has not fully optimized these
systems, particularly in the implementation of advanced control mechanisms such as the
proximal policy optimization (PPO) algorithm [5]. With the expanding application of multi-
UAV systems across commercial, environmental, and defense sectors, where coordinated
operation is crucial, optimizing variable-sweep wing UAVs has become imperative [6]. This
study seeks to integrate variable-sweep wing technology with advanced control algorithms,
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aiming to enhance multi-UAV system capabilities by providing more flexible and efficient
solutions, especially for formation and cooperative control tasks.

In the area of formation control, variable-sweep wing UAVs face significant challenges,
particularly in achieving precise control and maintaining formation. Early studies, such
as those by Valasek et al. [7] and Lampton et al. [8,9], employed Q-learning to optimize
formation control for morphing UAVs based on aerodynamic characteristics. While these
methods showed some effectiveness, their application was limited by the discrete nature of
state and action spaces. Valasek et al. [10] applied deep reinforcement learning to simplified
morphing aircraft models, achieving some progress in formation control; however, the
simplifications in the models constrained the precise definition and execution of control
actions. Xu et al. [11] advanced the field by using the deep deterministic policy gradient
(DDPG) algorithm to control multiple biomimetic morphing UAVs, but this approach still
lacks flight validation to support the optimization of formation control. Yan et al. [12]
explored the adaptive control of UAV wing configurations using Q-learning, but these
studies have yet to establish a direct link between formation control strategies and actual
improvements in flight performance.

In the domain of cooperative control, existing methods such as Q-learning and deep
Q-network (DQN) algorithms [13,14] have been widely applied in UAV systems, but they
exhibit significant limitations when dealing with continuous action spaces and dynamic
environments. Specifically, the discrete nature of state and action spaces in Q-learning
restricts its adaptability, making it incapable of addressing the complexities of dynamic
cooperative control tasks. While DQN is more effective in handling high-dimensional
control tasks, it still faces challenges in complex dynamic environments, particularly in
regards to multi-UAV cooperative formation control [15,16]. These methods often struggle
to maintain stability and efficiency in scenarios requiring real-time responsiveness and
robust decision making [17]. Therefore, there is an urgent need for advanced algorithms
capable of overcoming these challenges, particularly in the context of variable-sweep wing
UAVs, which demand precise and adaptive control mechanisms.

To tackle these challenges, this study presents the following key innovations:

(1) Optimization of the multi-rigid-body dynamic model for an adaptive morphing wing.

A novel optimization model for the multi-rigid-body dynamics of the variable-sweep
wing UAV is introduced. Through precise model adjustments and dynamic optimiza-
tion, the method significantly enhances the UAV’s sweep angle adjustment and dynamic
response capabilities across various flight states, providing robust theoretical support
for attitude control during complex flight missions. Unlike simplified linearized models
commonly used in UAV control, which overlook mass distribution and inertia variations,
the proposed model demonstrates enhanced real-time adaptability, resulting in improved
control precision across diverse flight conditions.

(2) Development of a cooperative control algorithm for variable-sweep wing UAVs.

An enhanced multi-agent deep deterministic policy gradient for the variable-sweep
control (MADDPG-VSC) algorithm has been developed, specifically tailored for the coop-
erative control of multiple variable-sweep wing UAVs. The algorithm employs an adaptive
sweep angle control strategy to achieve efficient cooperative control in complex environ-
ments, significantly improving trajectory planning and obstacle avoidance capabilities.

(3) Construction of an adaptive optimization system for multi-objective reinforcement
learning.

A multi-objective reward system has been designed to dynamically balance the per-
formance requirements of multi-UAVs in complex tasks. This system ensures global
optimization and rapid convergence, effectively avoiding local optima and enhancing the
stability and flexibility of task execution.

In summary, while existing UAV formation control methods have established a foun-
dation for multi-UAV systems, their limitations in handling continuous action spaces and
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dynamic environments highlight the need for more advanced solutions. The MADDPG-
VSC algorithm introduced in this study addresses these challenges, offering a novel ap-
proach to improving the performance of variable-sweep wing UAVs in complex, real-world
scenarios. This study not only enhances the current methodologies but also provides a
solid framework for future developments in multi-UAV cooperative control.

This study is structured as follows: Section 2 analyzes the dynamics of variable-sweep
wing UAVs, including longitudinal dynamics and aerodynamic characteristics. Section 3
explores cooperative formation control using multi-agent reinforcement learning (MARL),
focusing on the MADDPG-VSC algorithm’s design, modeling, and simulation. Section 4
details experimental validation and performance analysis, including platform construction
and application results. Finally, Section 5 summarizes the findings and suggests directions
for future research.

2. Dynamics Analysis of the Variable-Sweep Wing UAV

The L-30A UAV, featuring a variable-sweep wing design, can adjust its sweep angles
during flight to optimize aerodynamic efficiency and stability. This dynamic capability
enhances flight performance but introduces significant nonlinearity and complexity due
to changes in the center of mass and aerodynamic forces. To accurately simulate these
complex dynamics, a multi-rigid-body dynamics model is essential. This model considers
the interactions among various rigid bodies under different flight states, enabling precise
simulation of the L-30A UAV’s dynamic response.

2.1. Multi-Rigid-Body Dynamic Model

To simulate the complex dynamic behavior of the L-30A variable-sweep wing UAV
during flight, a multi-rigid-body dynamics model based on the Newton—Euler equations is
employed. This model accurately captures changes in the center of mass and aerodynamic
characteristics caused by variations in sweep angles. Given the significant changes in the
center of mass and inertia characteristics of the UAV’s fuselage and wings during flight, the
mass distribution across each rigid body is assumed to be uniform, and the UAV’s geometric
shape is considered symmetrical along the longitudinal axis. These assumptions provide
the foundation for deriving the dynamic equations. In contrast to simplified models, this
multi-rigid-body model dynamically adjusts to real-time variations in mass and inertia,
enhancing control accuracy and stability across different flight conditions. Utilizing this
approach, the dynamic relationships of the multi-rigid-body system are established, as
illustrated in Figure 1.

Sweep angle

Rudder position Aerodynamic Aerodynamic| Torques Torque

forces -
External forces | calculation forces calculation

Multi-
Velocity, position and Engine thrust[ Flight state
d-bod
heading difference Thrust and control module rigid-body

dynamic

model

Modified aerodynamic Environmental inputs Disturbance
forces (gravity, wind speed and direction) torques

Figure 1. Schematic of dynamic relationships in a variable-sweep wing UAV.

(1) Expression of center of mass and velocity
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The center of mass for each rigid body is defined, with O; representing the center of
mass, and I; representing the position vector from the origin Oy, of the fuselage coordinate
system to O;. The centers of mass for the left and right wings are denoted as O; and O,
respectively, as shown in Figure 2. The relative velocity of O; is given by

dl; )
v(po,) = dTl =vi—v (i=12) )

right wing |

left wing

(a) (b)

Figure 2. Diagram of the variable-sweep wing UAV and mass centers. (a) Structural diagram of the
L-30A variable-sweep wing UAV. (b) Schematic of mass centers and position vectors.

This equation describes the relative velocity of the wing’s center of mass with respect
to the fuselage. v; is the velocity of the wing, and vy is the velocity of the fuselage.

(2) Multi-rigid-body dynamics equation

The dynamics of each rigid body are defined. For each rigid body i, including the
fuselage and two wings, the force equation is given by

dvi

Fl‘z miﬁ

(i=0,1,2) 2

This equation describes the acceleration of the rigid body under the applied force. F;
represents the resultant force acting on the rigid body, m; is the mass of the rigid body, and
dv;/dt is the acceleration of the rigid body.

(3) Total force and dynamic equilibrium of the system

By integrating the equations of motion for the centers of mass of both the fuselage and
wings, the total dynamic equation for the system can be obtained, describing the overall
dynamic behavior of the system during the morphing process, as follows:

dv
Faero+G+T+Fs:(m0+ml +m2)7£ (3)

This equation combines all forces acting on the system, including aerodynamic force
Faero, gravity G, thrust T, and additional forces F; generated by wing deformation, to
calculate the system’s acceleration dvg /dt.

(4) Calculation of additional force
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The additional force Fs generated during the wing deformation process reflects the
impact of structural changes on the aerodynamic and inertial forces. The expression for F;
is given by

2 dv (po )

2
= ZPSI Z mi—
i=1

(5) Simplification of forces and moment

4)

To simplify the dynamic analysis, it is assumed that the centers of mass lie within the
plane of the fuselage coordinate system with longitudinal symmetry, and that the dynamics
are primarily influenced by longitudinal components. Consequently, the calculation of
additional forces can be further simplified as follows:

Fs = 2m4 [_ilx + w;lu + Zwyi1x + C;Jyllx} (5)

where [, represents the position of the left swept wing, I represents its rotational velocity,

and I1, represents its rotational acceleration. wy represents the angular velocity of the
centroid point of the deformable wing rotating about the origin point Oy, of the fuselage
coordinate system, and w, represents the angular acceleration of the centroid point of
the deformable wing rotating about the origin point Oy, of the fuselage coordinate system.
The factor of 2 accounts for the symmetrical contribution of the left and right wings,
assuming they generate identical additional forces. The forces generated by the fuselage
are considered negligible in this context due to the dominance of the wing dynamics in the
overall behavior.

The simplified expression highlights the important longitudinal force components and
their impact on dynamic behavior. The moment H,, about the origin O}, can be expressed
as the integral of the cross product of position and velocity, as follows:

Hyi= / (I x o} )dm! (i = 1,2) ©)

where I represents the vector radius of Oy, and v} represents the velocity in the inertial
coordinate system.

The time derivative of the moment can be computed to reflect the dynamic changes in
response to morphing actions, as follows:

dHobi . :
dt _/(l'

where M,, represents the external torque applied to each wing around Oy, and I; represents
the time derivative of the position vector of the wing.

+/ 7><ZJ f:Moj+miiixvo 7)

(6) Dynamic equilibrium of the system

In a state of force and moment equilibrium, the longitudinal dynamic equations for
the variable-sweep wing UAV can be expressed as follows:

Tcosa — D — Gsin® + Fp cosx + Fp_sina = m‘z’
Tsina + L — Gcos ¥ + Fp sina — Fy cosa = mv‘f;f (8)

d
(Ly + Ly) g = Msg + Msp

where a represents the angle of attack, and ¢ represents the pitch angle. D represents the
drag force acting on the UAV, defined as D = CygS, ¢, where C; is the drag coefficient, and
q is the dynamic pressure, calculated as g = % pv?, with p representing the air density and
v indicating the velocity. S, is the reference area. L represents the lift force of the UAV,

defined as L = CigS ¢, where C; is the lift coefficient. I;,, and I, represent the moments
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of inertia along the y-axis for the left and right wings, respectively. Mgc represents the
moment due to gravitational force along the radius vector, multiplied by the moment arm.
Mgp represents the moment due to aerodynamic resistance.

(7)  Relationship between sweep angle and moment

To specifically analyze the effect of the sweep angle on the system’s dynamics, the
relationship between the sweep angle and the geometric configuration of the wings can be
expressed as

liy = apsin A )

This equation links the geometric configuration of the wings to the angular changes
in the sweep angle A, providing a basis for calculating specific aerodynamic forces and
moments. The term a,, is a constant related to the wing’s shape.

(8) Linearization of the dynamic equation
To simplify the control analysis, the longitudinal dynamic equations of the system can

be linearized as follows:

2my (—flx + wﬁllx)cosa

. 0.500%SrefCrecos . 0.500°S,e(Cq gsind +
m; m; m;

(10)

where C; is the thrust coefficient, and g represents the acceleration due to gravity.

This linearization is valid under the assumption of small angles, where the variations
in angle of attack « and pitch angle & are within a limited range. Such conditions are typical
for steady-level flight and small perturbations around equilibrium. In practical applications,
this approximation effectively simplifies the analysis and control of the system, while still
capturing the essential dynamics. However, for scenarios involving large angular changes
or highly dynamic maneuvers, the nonlinear effects could become significant and require a
more comprehensive modeling approach.

2.2. Dynamic Characteristics Analysis of the L-30A UAV

To comprehensively understand the aerodynamic characteristics of the L-30A variable-
sweep wing UAYV, the multi-rigid-body dynamics model established earlier is used to
analyze the aerodynamic forces and moments experienced by the L-30A under various
flight states, including takeoff, cruising, maneuvering, and diving. This analysis aims to
provide a foundation for optimizing control strategies.

(1) Connection between the model and aerodynamic analysis

The multi-rigid-body dynamics model enables precise calculations of the aerodynamic
forces and moments acting on the L-30A UAV. These calculations are crucial for under-
standing the UAV’s performance during different flight states and for determining the most
effective control strategies to optimize performance.

(2) Detailed analysis of dynamic characteristics

This study focuses on the L-30A variable-sweep wing UAV, an evolution of the L-30
fixed-wing UAV originally designed with a fixed 6° sweep angle. The L-30A introduces a
critical rotating mechanism at the wing—fuselage junction, allowing for adjustment of the
wing’s sweep angle during flight, as shown in Figure 3. The key performance parameters
of the L-30 series UAVs are compared in Table 1.

(3) Aerodynamic characteristics analysis

The aerodynamic characteristics of the L-30A UAV were analyzed across various
flight states, including takeoff, cruising, maneuvering, and diving. To ensure optimal
performance, the sweep angle of the variable-sweep wing was restricted to 16° during ma-
neuvering and 60° during diving. The aerodynamic forces and moments calculated using
the multi-rigid-body dynamics model, as detailed in Table 2, are critical for understanding
the UAV’s behavior during these states.
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. Wing ——
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Figure 3. Rotating mechanism at the wing—fuselage junction of the L-30A UAV. (a) Schematic of the
rotation mechanism. (b) Schematic of the wing-fuselage junction detail.

Table 1. Flight performance parameters of L-30 series UAVs.

Parameters L-30A Variable-Sweep Wing UAV  L-30 Fixed-Wing UAV

Takeoff weight 75 kg 70 kg

Service ceiling 6800 m 7000 m

Velocity 100-120 km /h (cruising) 100-120 km /h (cruising)
180 km/h (maximum) 150 km/h (maximum)

Endurance 4.8h 5h

Table 2. Geometric parameters of L-30A UAV’s two wing configurations.

Wing Configurations

Parameters

16° 60°
Longitudinal Reference Length (m) 0.80408 1.98564
Chord Length (m) 0.33448 0.68220
Wingspan (m) 1.53164 0.69072

The geometric parameters of the L-30A UAV under these two sweep angles are
summarized in Table 2. The table shows that at a 16° sweep angle, the wingspan is
significantly larger and the chord length smaller, resulting in a longer longitudinal reference
length. In contrast, at a 60° sweep angle, the wingspan is reduced, and the chord length is
increased, which shortens the longitudinal reference length. These changes in geometry
are crucial for adapting the UAV’s aerodynamic performance to different flight states,
particularly during high-speed maneuvers like diving.

Figure 4 illustrates the relationships between the lift coefficient, drag coefficient, and angle
of attack. The lift coefficient shows a quasi-linear relationship with the angle of attack, while
the drag coefficient exhibits a quasi-conic relationship. The analysis demonstrates that the
maximum lift-to-drag ratio increases with greater sweep angles, highlighting the L-30A UAV’s
ability to meet diverse aerodynamic requirements across different flight states, particularly
during the diving phase, where the highly swept wings provide enhanced efficiency.

(4) Comparative analysis of aerodynamic characteristics

A comparative analysis was conducted between the fixed-wing L-30 UAV with a
6° sweep angle and the variable-sweep configurations of the L-30A UAV during the
maneuvering and diving phases. This comparison highlights the advantages of the variable-
sweep wing design over the fixed-wing model in terms of performance and adaptability.

By integrating the multi-rigid-body dynamics model with the aerodynamic analysis,
the control strategies for the L-30A UAV have been refined to optimize performance across
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different flight states. The 16° sweep angle improves lift and stability during maneuvers,
while the 60° sweep angle reduces drag in high-speed dives. This optimization enhances
the UAV’s adaptability and response in dynamic environments, providing robust support
for control under challenging flight conditions. The findings highlight the clear advantages
of the variable-sweep wing design over fixed-wing configurations.

The precise dynamic response of the variable-sweep wing UAV has been revealed
through the above dynamic modeling. This model establishes a solid theoretical foundation
for applying MARL algorithms in UAV formation control. Building on this foundation, the
discussion will now focus on the design and application of the MADDPG-VSC algorithm
to enhance the efficiency and stability of cooperative UAV control.
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Figure 4. Aerodynamic characteristics of the L-30A variable-sweep wing UAV. (a) Lift and drag
coefficients. (b) Lift-to-drag ratio.

3. Cooperative Control of Variable-Sweep Wing UAV via MADDPG

MARL has proven to be highly effective in the cooperative control of variable-sweep
wing UAVs, particularly in achieving efficient formation control within complex environ-
ments. The primary challenge lies in managing continuous action spaces in dynamic flight
states, which traditional reinforcement learning methods struggle to address. To overcome
these challenges, the MADDPG-VSC algorithm has been specifically developed and opti-
mized, taking full advantage of the unique characteristics of variable-sweep wing UAVs.
This algorithm allows for dynamic adjustment of the sweep angle, thereby optimizing
formation control and enhancing trajectory planning and obstacle avoidance capabilities,
as illustrated in Figure 5.

\\A predetermined formation

\ required position of UAV

...... > UAV’ heading direction

Figure 5. Schematic of cooperative formation control in variable-sweep wing UAV system.
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3.1. Application of MARL in Variable-Sweep Wing UAV

In complex multi-agent systems, cooperative control is crucial for ensuring that indi-
vidual agents, such as UAVs, can successfully accomplish their tasks
together [18-21]. However, this process poses several challenges, particularly when man-
aging continuous action spaces in dynamic flight states. The MADDPG-VSC algorithm
builds upon the MARL framework, which can be represented as a high-dimensional tuple
< S,A1,Ay,...,AN, R, Ry, ... Ry, den, v > [22-25]. In this framework, the state space
S represents the key states of the UAVs, including position, velocity, and sweep angle;
the action space A encompasses control inputs such as thrust, steering angle, and control
voltage. The reward function R evaluates the contribution of each action to the success
of the mission; the state transition dynamics Pyyy, is defined as Pgyn : S X A x S — [0, 1],
describing the probability of state changes; and the discount factor y determines the cur-
rent value of future rewards [26-28]. These elements together form the foundation of
the MADDPG-VSC algorithm, providing the theoretical support needed for dynamic
cooperative control of UAVs in complex environments.

The MADDPG-VSC algorithm incorporates state-value and action-value functions,
alongside Q-learning and policy gradient mechanisms, to optimize UAV control in real
time. Their specific implementations in the MADDPG-VSC algorithm are as follows:

(1) State-value function V;(s)

The state-value function evaluates the total future reward that agent i may receive
while in state s. For UAV formation control tasks, predicting the long-term effects of
different flight trajectories is crucial. Through the state-value function, the MADDPG-VSC
algorithm can assess the UAV's flight state in real-time, enabling the selection of the optimal
flight strategy at each moment. The state-value function V;(s) is expressed as follows:

Vils) = Ei|riy +7Vilsts1)ls = 5| (an

(2) Action-value function Q;(s, a)

The action-value function evaluates the total reward that can be obtained by taking
action g in state s. This allows the MADDPG-VSC algorithm to guide the UAVs in selecting
the optimal control strategy in complex environments, ensuring formation stability and
mission success. The action-value function Q;(s, ) is given by

Qi(s,a) = E; [4}1 + Qi (St41,a141) |5t = 5,4t = a] (12)

(3) Q-learning update

The Q-learning update mechanism iteratively updates the Q-values to continuously
optimize the agent’s strategy, leading to convergence towards an optimal strategy. Through
this mechanism, the MADDPG-VSC algorithm can dynamically adjust strategies during
flight to adapt to changing environments and task demands. The Q-learning update
mechanism is governed by the following equation:

Qega(st,ar) = Q(st, ar) + n[rep1 + ymaxa,,, Qe (Stva, r1) — Q(st, ar) ] (13)

(4) Policy gradient update

In dynamic environments, traditional Q-learning methods may struggle to handle
continuous action spaces. To address this, the MADDPG-VSC algorithm employs a policy
gradient update mechanism, which optimizes the policy parameters 6/. This mechanism
guides UAVs in selecting the optimal sweep angle adjustment strategy, thereby improving
overall task success. The policy gradient update is formulated as follows:

Veu] ~ E [VWQT[ (s,a

GQ) ‘s =50 = y(st|9y)} Voru(s|0")|s = s¢ (14)
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Through these core mechanisms, including the state-value function, action-value
function, Q-learning update mechanism, and policy gradient update mechanism, the
MADDPG-VSC algorithm enables efficient cooperative control of UAVs in complex and
dynamic environments. These mechanisms work together to ensure the stability and
flexibility of the algorithm.

3.2. Optimization of the MADDPG-VSC Algorithm for Control Design

To address the limitations of traditional reinforcement learning algorithms in con-
trolling variable-sweep wing UAVs, this study introduces the MADDPG-VSC algorithm.
Unlike traditional algorithms that primarily target discrete action spaces, the MADDPG-
VSC algorithm is specifically designed for continuous action spaces, enabling real-time
adjustments of wing configurations according to flight states. This ensures the aerodynamic
efficiency and stability of UAV formations.

3.2.1. Reward Function Design

The MADDPG-VSC algorithm’s reward function balances multiple objectives, including
sweep angle adjustment, formation maintenance, energy efficiency, and obstacle avoidance.
Each component contributes to optimal UAV performance in dynamic environments.

(1) Sweep angle reward rp

This reward is given when the algorithm selects the sweep angle A based on the
current state s. It evaluates how closely the adjusted sweep angle matches the optimal
sweep angle Aopt, thus quantifying the effectiveness of the adjustment in specific flight
states. The reward function optimizes sweep angle adjustments for better aerodynamic
efficiency and UAV formation stability. Typically, the reward r} is set to a positive value,
such as 1 or 10, depending on the importance of maintaining optimal sweep angles. The
parameter B, is set to 0.1, allowing for a 10% deviation from the optimal sweep angle to
ensure stability while optimizing performance.

+ .
_JTA @f’A*Aoptlg ﬁA
A= { 0 otherwise (15)

(2) Formation reward ¢, rmation

Assuming that three UAVs form an equilateral triangle formation, the virtual center
point C is the geometric center of the three UAVs and follows the designated flight trajectory.
The formation reward is based on the deviation of each UAV from the center point C, with
smaller deviations indicating a more stable formation and thus, yielding a higher reward.
This calculation ensures that the formation remains tight and stable, which is critical for
maintaining formation performance [29]. The value of otymation, Which influences the
importance of formation maintenance, is typically set to 10. This value balances the need
for close formation with other mission objectives, such as energy efficiency and obstacle
avoidance. The formation reward is then calculated as

d
Tformation — “formation'(l - dan > (16)
max

where dayg represents the average deviation distance of the N UAVs from the center point
C, calculated as davg = N 2 lpi — pc||- Here, p; represents the position of each UAV, and

pc represents the posmon of the center point C. The term dmax denotes the maximum
allowable deviation distance, beyond which the formation is considered unstable.
Further, the relative distance d between UAVs is defined as:

d= \/(xm —x)? + (Yir1 —¥i)* + (zix1 — z1)° (17)
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where (x;, y;,z;) and (X;11, Yi1+1,2i+1) represent the positions of two UAVs in the formation.
Additionally, the relative distance d between UAVs is subject to the constraint d < dpay,
ensuring that the formation remains stable. If the relative distance d between UAVs exceeds
dmax, the formation is considered unstable, and the reward decreases accordingly.

(3) Energy consumption penalty renergy

This penalty is incurred for unnecessary energy consumption, optimizing UAV en-
durance by minimizing energy wastage through thrust and flight trajectory optimization.
The typical setting for oenergy, which discourages inefficient energy use, is 5, promoting a
constant and efficient flight velocity. The energy consumption penalty is approximated by
using the velocity Av of the UAV, which is a proxy for energy usage. |Av| can be defined as

|Av| = |vp — vp_q] (18)

where v; and v;_; represent the magnitude of the UAV’s velocity vector at the current time
step t and the previous time step t — 1, respectively. Thus, the energy consumption penalty
is expressed as

Tenergy = o‘energy'|AU| 19)
(4) Collision avoidance penalty 7colision

The collision risk Cy;gx represents the likelihood of a collision based on the proximity
to obstacles or other UAVs. It can be calculated using a function that evaluates the inverse

distance, as follows:
1

d+e

where d is the relative distance between UAVs or between a UAV and an obstacle, and € is
a small positive constant used to prevent division by zero.

This penalty discourages potential collision events, encouraging UAVs to avoid ob-
stacles and maintain safe distances in complex environments [30]. The value of xoision,
which reflects the priority of collision avoidance, is typically set to 15. This value ensures
that avoiding risks is prioritized, while maintaining a balance with other mission objectives.
The collision avoidance penalty is then defined as

Crisk = (20)

Tcollision = (xcollision'Crisk (21)

The overall reward function R is expressed as

R = 7A + Tformation — Tenergy — Tcollision (22)

This reward function system effectively balances positive reinforcement and penalties,
guiding the algorithm toward optimal solutions that meet mission requirements [31]. By
optimizing these reward components, the algorithm enhances the overall performance of
UAV formations, ensuring that the best control strategies are learned and applied.

3.2.2. Exploration and Learning Efficiency

To ensure adequate exploration in continuous action spaces, the MADDPG-VSC
algorithm introduces random noise ¢ to action exploration. This noise introduces variability
in action selection, preventing the algorithm from converging prematurely to suboptimal
policies. The noise parameter c is dynamically adjusted during the training process to
balance exploration and exploitation. Initially, c is kept high to encourage extensive
exploration, but it gradually decreases as the algorithm converges to a more stable policy,
as follows:

u=u+¢ (23)

77



Appl. Sci. 2024, 14, 9048

where ¢ follows a normal distribution N(u, c), with mean u and variance c. The noise
parameter c is defined as

. { c if episode < 50

0.995c if episode > 50 @9

To enhance learning efficiency, the sweep angle A and other state values are normal-

ized in the input layer, yielding dimensionless state value A. This normalization is defined
as

A — Amin
Amin — Amax

where Apin represents the minimum sweep angle during UAV flight, and Amax represents
the maximum sweep angle. Normalization helps in scaling state values to a uniform
range, improving the algorithm’s training efficiency and stability by ensuring that all
input features are on a comparable scale, thus contributing equally to the model’s learning
process.

A= (25)

3.2.3. Convergence and Stability

The MADDPG-VSC algorithm significantly improves training stability through the
introduction of a soft update mechanism and the use of target networks. Given that the
environment model and the state transition probability P are unknown, these aspects
present challenges in reinforcement learning, particularly when dealing with complex and
dynamic environments.

To address these challenges, the MADDPG-VSC algorithm utilizes a soft update
approach, which gradually integrates new information into the model, ensuring that
updates are smooth and that they do not destabilize the learning process. This method
involves the construction of a policy network 1 (s|6"), a Q network Q(s,a|69), and their

respective target networks /' (s’Q?‘/) and Q' (s,a GQ/>. The soft update mechanism is
expressed as

{ o1 = oM 4 (1 7)0" 28

6Q = 109 4+ (1 — 1)6<

This gradual update method mitigates risks such as gradient explosion or vanishing,
stabilizing the training process of the MADDPG-VSC algorithm. It allows the algorithm to
progressively approach the optimal policy with enhanced stability, making it particularly
effective in the complex and continuously changing environments encountered by variable-
sweep wing UAVs.

3.2.4. Adaptive Sweep Angle Control Strategy

The MADDPG-VSC algorithm employs an adaptive sweep angle control strategy,
dynamically adjusting the sweep angle in response to real-time flight parameters. This
strategy is critical for optimizing UAV formation control, as it allows for adjustments that
enhance aerodynamic efficiency and overall mission success. By dynamically responding
to changes in velocity, altitude, and other flight conditions, the algorithm ensures that UAV
formations maintain optimal configurations throughout various flight states.

This adaptive approach not only improves trajectory planning and obstacle avoidance
but also significantly enhances overall UAV performance in diverse and challenging task
scenarios. By integrating these techniques, the MADDPG-VSC algorithm provides a robust
and flexible solution for cooperative UAV formation control in complex environments.

3.2.5. Flight States of UAV and Control Strategies

In the cooperative control of variable-sweep wing UAVs, the MADDPG-VSC algo-
rithm dynamically adjusts control strategies based on real-time flight states, including
velocity, attitude, and sweep angle [32]. These adjustments are crucial for maintaining

78



Appl. Sci. 2024, 14, 9048

formation integrity and optimizing overall mission performance [33,34]. The control strate-
gies are specifically tailored to each flight state, ensuring that UAVs can adapt to changing
conditions and achieve precise formation assembly and reconfiguration when necessary.
Table 3 presents the configurations for different flight states of the L-30A UAV, which are
integral to executing cooperative maneuvers within the defined mission parameters.

Table 3. Flight states and sweep angle configurations of the L-30A UAV.

Flight States Flight Velocity Flight Altitude (m) Sweep Angle (°)
(km/h)

Takeoff 0-60 0-500 0-10

Climb 60-100 500-1000 10-20

Cruise 120-140 1000-2000 15-25

Maneuver 100-140 500-1500 20-35

Dive 120-160 0-1000 40-50

Vertical Attack 160-180 0-500 50-60

Landing 0-60 0-500 0-10

During the UAV formation process, specific control strategies are required for each
flight state to ensure cooperation and stability. During takeoff, the primary focus is on gen-
erating sufficient lift with optimized thrust, while maintaining a minimal sweep angle for
stability. This state is crucial for precise cooperation during formation assembly. As UAVs
enter the climb state, the sweep angle is gradually increased to reduce drag, optimizing
energy use while maintaining the integrity of the formation during the ascent.

In the cruise state, the UAVs stabilize with a moderate sweep angle, balancing velocity
and fuel efficiency. Steady thrust ensures that the formation remains intact over long
distances, allowing for minor adjustments when needed. Maneuvering demands rapid
adjustments in rudder control and sweep angle, enabling UAVs to quickly respond to
environmental changes and reconfigure the formation as required.

During dives, the UAVs adjust the sweep angle to reduce lift and increase velocity
for a controlled descent. In the vertical attack state, UAVs adopt a high sweep angle
to minimize drag and increase Velocity, ensuring precision targeting while maintaining
formation integrity. Finally, during landing, UAVs reduce velocity and lower the sweep
angle to ensure stability and safety, with precise thrust and rudder control to facilitate a
cooperative landing sequence for the entire formation.

These strategies ensure that UAVs can effectively adapt to various flight states by select-
ing and executing appropriate actions within the defined state space S = {x, y,z,0v,0,A},
where each element corresponds to critical state variables such as position, velocity, acceler-
ation, and sweep angle. The ability to dynamically adjust these control inputs in response
to specific flight states is crucial for maintaining formation integrity and achieving optimal
performance across different operational states.

3.3. Structure and Training Process of the MADDPG-VSC Algorithm
3.3.1. Multi-Agent Algorithm Model Structure

The MADDPG-VSC algorithm is based on the DDPG framework and employs multi-
agent DRL with an actor—critic architecture [35-37]. It is specifically designed to address
the cooperative control challenges in variable-sweep wing UAVs operating in multi-agent
environments. A key innovation of the algorithm lies in the introduction of an adaptive
sweep angle control strategy, which enables precise optimization of continuous action
spaces, allowing dynamic adjustments to formation strategies to meet complex mission
requirements. Figure 6 illustrates the overall structure of the MADDPG-VSC algorithm,
highlighting the flow of information and the interactions between various components
during the training process. Each DDPG agent, such as a variable-sweep wing UAV, is
equipped with its own actor and critic networks. The critic network in the MADDPG-VSC
algorithm not only evaluates the state-action pairs of individual agents but also integrates
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policy information from other agents, forming a global perspective that guides overall
formation decisions. This sharing and cooperation of information among multi-agent is
crucial for the algorithm to effectively handle complex tasks.
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Figure 6. Structure of the MADDPG-VSC algorithm model.

The variable-sweep wing UAYV, through the rotating mechanism depicted in the fig-
ure, demonstrates how the adaptive sweep angle control strategy dynamically adjusts
the flight control parameters through real-time interactions with the environment. The
actor network selects optimal actions based on the current state, while stochastic noise is
introduced to facilitate policy exploration, and the critic network evaluates these actions.
The MADDPG-VSC algorithm leverages actor—critic networks to adapt to complex en-
vironments, optimizing UAV formations and reducing task uncertainties. Moreover, the
algorithm enhances training stability through the use of an experience replay buffer and
a soft update mechanism, mitigating the risks of overfitting and unstable convergence.
During each training cycle, both the critic and actor networks progressively optimize
their policies, and soft updates gradually align the target networks with the current net-
works, ensuring efficient decision making and task execution in multi-agent, complex
environments.

3.3.2. Training Process

During the training process of the MADDPG-VSC algorithm, agents continuously
optimize their control strategies through interaction with the environment and other agents.
The following steps outline the key components of the training process:
(1) Initialization.

The critic network parameters 69 and actor network parameters 0* for each agent are

initialized. Additionally, the target network parameters 02" and 0/ are initialized, and the
replay buffer U is set up for each agent.
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(2) Policy selection.

At each time step t, agents select an action a; based on its current state s; using the
policy (s¢|0"). To encourage exploration within the continuous action space, stochastic
noise ¢ is added to the action, generating a’ = a + .

(3) Experience storage.

After executing the action, each agent receives a reward r; and observes the next state
S¢+1. The transition (s¢, at, 1, 5441 ) is stored in the replay buffer U.

(4) Parameter updates.

When the replay buffer U reaches capacity, mini-batches of transitions are sampled
for network updates. The target value y; = r; + yQ’ <s,'+1, w (siﬂ ‘9?‘,) |9Q,) is computed,

and the loss function is minimized to update the critic network parameters 6°. The actor
network parameters 6# are updated through policy gradient backpropagation.

(5) Target network update.

After the critic and actor networks are updated, the target networks are softly updated
using the following equations: 0¥ = 6% + (1 — 7)0* and 9" = 162 + (1 — 7)6<".

(6) Repeat training.

These steps are repeated throughout the training process until the specified number
of episodes is completed or the algorithm converges, ultimately yielding a stable opti-
mal policy. By providing a clear advantage in dynamic and unpredictable scenarios, the
MADDPG-VSC algorithm enhances real-time trajectory planning and obstacle avoidance,
where traditional algorithms often struggle. By incorporating multi-agent strategies, experi-
ence replay, and target networks, the training process is designed to enhance both stability
and performance. As the critic and actor networks converge, the algorithm learns optimal
control policies that adjust sweep angles and flight trajectories in response to changing
environments. This ensures that UAV formations maintain stability and efficiency, enabling
precise coordination and effective task execution, even in complex mission scenarios.

3.4. Simulation Verification and Performance Analysis of the MADDPG-VSC
3.4.1. Simulation Environment and Parameter Setting

The simulation environment effectively tests the MADDPG-VSC algorithm’s capabili-
ties in obstacle avoidance and cooperative formation control. The simulation environment
is configured within a 1000 m x 1000 m area with a 2000 m altitude ceiling, creating a
realistic and challenging space for testing these capabilities. Within this environment, three
variable-sweep wing UAVs are initially positioned at specific locations and are tasked
with navigating towards a stationary target while successfully avoiding seven strategi-
cally placed obstacles. This setup rigorously tests the effectiveness of the UAVs’ control
policies, particularly focusing on optimal sweep angle adjustments and coordinated move-
ments necessary for obstacle avoidance and target acquisition. To evaluate the algorithm’s
robustness, two simulation scenarios were designed: a simple scenario with a regular
quadrilateral flight path and no obstacles, serving as a baseline for basic coordination and
trajectory tracking; and a complex scenario with a polygonal flight path, where UAVs must
avoid obstacles, including simulated radar detection zones. These setups provide varying
trajectory complexities to enhance the model’s adaptability to environments significantly
different from the training conditions. In addition to convex obstacles, future simulations
will include randomly generated non-convex obstacles to better assess the algorithm’s
robustness and adaptability in dynamic environments. Figure 7 illustrates the detailed
layout of this simulation environment, including the positions of the UAVs, the targets,
and the radars, thereby highlighting the complex dynamics and challenges encountered
during the simulation process.

81



Appl. Sci. 2024, 14,9048

(@)

Location of UAVs L\ocation of UAVs

.. Location of radars
-

Location of targets

\
1]
«

\

(b) (0)

Figure 7. Schematic representation of the simulation environment. (a) Terrain schematic; (b) simple
scenario; (c) complex scenario.

The MADDPG-VSC algorithm is implemented in Python using the TensorFlow 1.9
deep learning framework. The computational platform comprises an Intel E5-2630v4 @
2.20 GHz CPU and 16GB of memory, ensuring sufficient resources for efficient training and
execution. Training is conducted in a closed-loop manner, integrating both exploratory
and high-quality experiences to enhance learning efficiency. Environmental data combined
with the UAVs' state information guide the determination of control variables according to
the evolving control policy. This policy is continuously refined through feedback from the
environment, enabling progressive improvement in the UAVs’ performance over time.

The simulation environment and parameter settings establish a robust foundation for
evaluating the MADDPG-VSC algorithm'’s capabilities in regards to both obstacle avoidance
and cooperative formation control tasks. Table 4 outlines the key hyperparameters used during
training, ensuring clarity regarding the configuration and methodological considerations. This
setup ensures a comprehensive and realistic assessment of the algorithm’s performance.

Table 4. Configurations of hyperparameters.

Parameters Values
Max Episodes 3000
Maximum Number of Steps T 200
Discount Factor v 0.2
Critic Learning Rate 771 0.002
Size of Buffer U 5000
Batch Size 32
Actor Learning Rate 7, 0.001
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3.4.2. Algorithmic Performance Evaluation

The UAV trajectories, shown in Figure 8, compare the performance of the MADDPG, soft
actor—critic (SAC) and MADDPG-VSC algorithms. MADDPG, known for its effectiveness in
multi-agent reinforcement learning tasks, particularly in handling continuous action spaces,
has been widely adopted in UAV formation control. SAC offers a robust alternative with its
stochastic policy, effectively balancing exploration and exploitation, and is particularly known
for its quick convergence and stable performance in continuous action tasks. Both MADDPG
and SAC successfully guide the three variable-sweep wing UAVs toward their target, navigating
obstacles. However, MADDPG-VSC shows distinct advantages in more dynamic scenarios.
The presence of obstacles necessitates longer trajectories and the application of a deformation
acceleration strategy. While all UAVs reached their destination using MADDPG and SAC,
MADDPG shows a notable trajectory deviation for UAV, when encountering an obstacle,
bringing it closer to the obstacle than intended. In comparison, SAC exhibits more precise
performance than MADDPG in early training phases but struggles to maintain accuracy in more
complex, obstacle-rich environments. In contrast, MADDPG-VSC demonstrates only minor
deviations, resulting in a more accurate and efficient flight trajectory. This highlights MADDPG-
VSC’s superior precision and effectiveness in highly dynamic environments, particularly in
managing precise navigation and obstacle avoidance, thus outperforming SAC in later stages of
training and complex scenarios.

The results from Tables 5-7 demonstrate that MADDPG-VSC shows a clear advantage
in regards to stability, as reflected in both maximum and total deviations. For instance,
MADDPG-VSC’s maximum deviation is 18.17 m, compared to MADDPG’s 24.06 m and
SAC’s 19.00 m. Its total deviations of 11.83 m and 10.55 m are also smaller than those
of SAC and MADDPG. This indicates that in multi-UAV cooperative tasks and complex
environments, MADDPG-VSC achieves better trajectory control and reduced deviations.
Its formation control capability and stability, particularly in dynamic scenarios, are clearly
more reliable.

Table 5. UAV; absolute position error.

Maximum Deviation

Algorithm (m) Average Deviation (m) Median Error (m) Total Deviation (m)
MADDPG 24.06 11.13 6.04 25.31
MADDPG-VSC 18.17 8.84 5.84 21.50
SAC 19.00 9.00 7.00 22.00

Table 6. UAV, absolute position error.

. Maximum Deviation L. . Lo
Algorithm (m) Average Deviation (m) Median Error (m) Total Deviation (m)
MADDPG 13.88 4.07 7.78 16.43
MADDPG-VSC 9.75 3.12 1.69 11.83
SAC 10.00 4.00 3.50 12.50

Table 7. UAV; absolute position error.

. Maximum Deviation L . .
Algorithm (m) Average Deviation (m) Median Error (m) Total Deviation (m)
MADDPG 12.38 391 2.10 14.66
MADDPG-VSC 8.79 2.55 1.57 10.55
SAC 9.05 3.15 2.50 12.50
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Figure 8. UAV trajectories using MADDPG, MADDPG-VSC, and SAC algorithms. (a) MADDPG
algorithm; (b) MADDPG-VSC algorithm; (c) SAC algorithm.

Trajectory accuracy, reflected through average and median deviations, further em-
phasizes MADDPG-VSC’s consistent performance. In Table 5, MADDPG-VSC's average
deviation is 8.84 m, compared to MADDPG’s 11.13 m and SAC’s 9.00 m. Although SAC
performs similarly to MADDPG-VSC in simpler environments, MADDPG-VSC excels in
more complex scenarios. Similarly, in Table 7, MADDPG-VSC’s average deviation is 2.55 m,
outperforming MADDPG’s 3.91 m and SAC’s 3.15 m, indicating that MADDPG-VSC offers
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more precise trajectory control, reducing deviations and keeping UAVs on their intended
paths in complex tasks.

Additionally, the adaptive multi-objective reward system dynamically balances task
priorities and optimizes UAV coordination in real-time, ensuring global optimization and
preventing local optima, which is essential for maintaining stability across complex mis-
sions. In summary, MADDPG-VSC demonstrates clear advantages in regards to stability
and trajectory accuracy when compared with both MADDPG and SAC. Although SAC oc-
casionally performs similarly to MADDPG-VSC in simpler scenarios, it generally falls short
in precision and stability in more complex, dynamic environments. These attributes make
MADDPG-VSC more reliable for multi-UAV cooperative tasks, particularly in achieving
precise navigation and formation control in challenging environments.

3.4.3. Comparative Analysis of Learning Efficiency and Convergence

To evaluate the training efficacy of the MADDPG-VSC algorithm, both MADDPG
and MADDPG-VSC models were trained and compared. Figure 9 shows the reward
curves, illustrating their performance and learning progress. In the complex simulation
environment with multiple targets and obstacles, both models stabilized after around 3000
training episodes, indicating effective learning. However, stochastic noise during training
caused some variability, seen as oscillations in the reward curves, which is common in
reinforcement learning.
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Figure 9. Training reward curves for MADDPG, MADDPG-VSC, and SAC algorithms.

Both algorithms stabilized after 2500 episodes, but the MADDPG-VSC algorithm
achieved stability earlier, consistently yielding higher rewards throughout. This indicates a
higher learning efficiency in handling tasks. The MADDPG algorithm exhibited significant
fluctuations in later stages, particularly after approximately 1500 episodes, where reward
values showed a slight decline. This suggests potential overfitting or instability issues
during prolonged training. Although the algorithm eventually converged, the fluctuations
indicate weaker adaptability and consistency when faced with complex tasks. In contrast,
the MADDPG-VSC algorithm not only converged faster in the early training phase but
also maintained a more stable reward value, demonstrating its advantages in multi-UAV
formation and obstacle avoidance tasks. By incorporating adaptive sweep angle control, this
algorithm significantly improved the stability and accuracy of task execution, particularly
excelling in static complex environments.

To evaluate the performance of the MADDPG and MADDPG-VSC algorithms, their
Q-value and loss value trends were compared over 3000 training episodes. Figure 10 shows
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the results, providing insight into the learning progress of both models during multi-UAV
formation control and obstacle avoidance tasks. The Q-value reflects the prediction of
cumulative rewards, while the loss value indicates the prediction accuracy. Both models

were tested under the same complex environment with multiple targets and obstacles.
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Figure 10. Network parameter variations using MADDPG, MADDPG-VSC, and SAC algorithms.
(a) MADDPG algorithm; (b) MADDPG-VSC algorithm; (c) SAC algorithm.

During training, both algorithms initially showed a sharp increase in Q-values, indi-
cating effective early learning. However, the MADDPG algorithm experienced a decline
in Q-values after around 500 episodes, suggesting potential overfitting or instability. This
decline indicates that MADDPG struggled to maintain consistent performance in more
complex scenarios. Although it eventually converged, the fluctuations suggest weaker
adaptability. In contrast, the MADDPG-VSC algorithm maintained a stable Q-value trend
throughout training. Its integration of adaptive sweep angle control helped optimize
performance, allowing the algorithm to achieve higher and more stable Q-values. This
stability demonstrates its improved efficiency in regards to multi-UAV coordination and
obstacle avoidance.

The loss value trends further support these findings. While both algorithms reduced their
loss values over time, the MADDPG algorithm showed more variability, indicating less stable
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learning. On the other hand, the MADDPG-VSC algorithm exhibited more consistent and
lower loss values, reflecting higher prediction accuracy and better learning stability.

In summary, the MADDPG-VSC algorithm demonstrated greater stability and faster
convergence, making it better suited for controlling variable-sweep wing UAVs in complex
environments. The improvements in reward stability and loss reduction highlight its ability
to handle dynamic and uncertain conditions, such as cooperative formation control and
obstacle avoidance.

4. Flight Validation and Performance Analysis

This study constructed a flight validation platform using L-30A variable-sweep wing
UAVs and conducted a series of formation flight experiments to evaluate the performance
of the MADDPG-VSC algorithm, focusing on its role in cooperative control. The validation
process includes the setup of the experimental platform, the execution of formation flights,
and a detailed review of the experimental results.

4.1. Experimental Platform Overview

The validation of the MADDPG-VSC algorithm was conducted through a flight
validation platform composed of L-30A variable-sweep wing UAVs. This platform was
designed to test the effectiveness of the algorithm in cooperative control tasks. The platform
was configured to balance hardware performance with algorithmic demands, ensuring
reliable and precise flight control.

4.1.1. L-30A UAV System

The L-30A UAV system, as shown in Figure 11, consists of variable-sweep wing UAVs,
a ground control station (GCS), and a data link, all designed to execute cooperative multi-
UAV tasks. The L-30A UAV dynamically adjusts its sweep angle to optimize aerodynamic
performance, while its integrated sensors, including an inertial measurement unit (IMU), a
global positioning system (GPS), and high-resolution cameras, provide real-time data for
position, velocity, attitude angles, and sweep angle. The system uses a data link to enable
high-speed, low-latency communication between the UAVs and the GCS, facilitating the
transmission of flight status, sensor data, and control commands. The GCS acts as the com-
mand center, receiving and analyzing UAV data in real time, allowing for mission control
and flight adjustments, while the UAV formation maintains coordination autonomously to
ensure precise execution of cooperative tasks.
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Figure 11. Schematic of the L-30A UAV platform and its components: (a) L-30A UAV
system; (b) sensors and safety mechanisms.

4.1.2. Controller Selection and Algorithm Integration
(1) Controller selection and rationale
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The ZCU104 platform, which combines an ARM Cortex-A53 processor and FPGA,
was selected for its ability to handle intensive tasks like real-time trajectory planning and
neural network inference, making it particularly suitable for multi-UAV control [38]. The
FPGA accelerates computational tasks and provides the real-time processing capabilities
necessary for UAV formation control. Figure 12 illustrates the ZCU104 hardware platform
and its integration into the UAV control system.

Host Computer

(b)

Figure 12. Experimental hardware platform and task controller. (a) Hardware platform; (b) task
controller.

(2) Hardware performance evaluation and optimization

To evaluate the performance of the ZCU104 platform under different configurations,
this study analyzes both execution time and average energy consumption. Tables 8 and 9
show comparisons of execution time in the default training mode and comparisons across
different platforms in terms of energy consumption and runtime. The purpose of this
evaluation is to assess the performance of the ARM Cortex-A53 processor running indepen-
dently, as well as the performance improvement when combined with FPGA, compared to
that of high-performance CPU platforms.

Table 8. Execution time comparison across platforms in default training mode.

Hardware Platforms  Model Runtime (ms) Frequency (GHz)
ARM ARM-A53 0.5550 1
ARM+FPGA ZCU104 0.3550 1

Table 9. Training runtime comparison across platforms.

Hardware Platforms  Model Runtime (ms) Average Energy Consumption (W)
ARM+FPGA ZCU104 0.78 15

ARM ARM-A53 15.2 5

CruU E5-2630v4 0.45 85

Table 8 presents the execution time of the ARM Cortex-A53 processor and the ARM+FPGA
combination in default training mode. While the ARM Cortex-A53 processor can handle
basic tasks on its own, its execution time is significantly longer than that of the ARM+FPGA
combination. By integrating FPGA, the ZCU104 reduces execution time substantially and
demonstrates greater efficiency in handling complex tasks.

In contrast to the execution time comparison, Table 9 provides insights into the run-
time and energy consumption of different hardware platforms, evaluated using the widely
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recognized CoreMark benchmark. This benchmark, particularly well-suited for ARM archi-
tectures, highlights the significant differences in energy efficiency among platforms. While
the Intel E5-2630v4 CPU delivers the fastest runtime, it comes at the cost of considerably
higher energy consumption. On the other hand, the ZCU104 platform, which integrates
both the ARM Cortex-A53 processor and FPGA, not only maintains processing efficiency
but also drastically reduces energy consumption, making it an ideal choice for UAV control
tasks where energy efficiency is paramount.

From the comparison in Table 9, it is clear that the ZCU104 platform, when combined
with FPGA, offers a high energy efficiency ratio. Not only does it reduce the runtime for
real-time tasks, but it also significantly lowers energy consumption. In contrast, while
the Intel E5-2630v4 CPU demonstrates a faster runtime, its energy consumption reaches
85 watts, and its larger size and weight restrict its use as an onboard platform. Due to
these limitations, the Intel E5-2630v4 is commonly used for high-performance ground
simulations, but it is not suitable for onboard hardware applications.

In conclusion, the ARM+FPGA combination of the ZCU104 platform provides an
optimal balance of performance and power efficiency, making it the best choice for UAV
cluster control and flight validation tasks. Its efficient parallel processing capability and
low energy consumption ensure reliability and stability for long-duration flight missions,
making it particularly suitable for use as an onboard hardware platform in real-time flight
validation.

4.2. Flight Validation and Performance Analysis

The validation of the MADDPG-VSC algorithm’s performance is demonstrated
through real-world formation flight experiments. The validation process emphasizes
the algorithm’s effectiveness in achieving cooperative control, obstacle avoidance, and over-
all UAV coordination. Key performance metrics, including trajectory tracking, formation
stability, obstacle avoidance, and real-time responsiveness, are analyzed and discussed.

4.2.1. Experiment Process Overview

The flight experiment was conducted in a mission field measuring 2000 m x 1000 m x
1000 m, as shown in Figure 13, with the aim of validating the performance of the MADDPG-
VSC and MADDPG algorithms on multi-UAV formation control tasks. The UAV flight
trajectories were planned according to the ground truth coordinates, as shown in Table 10.
The total flight duration was set to 535 s, with UAVs taking off and landing at the end
of the runway. The initial position error was 0 m, and the UAVs maintained an average
cruising speed of 20 m/s during the flight. To simulate more complex combat scenarios,
the mission field was equipped with three radar detection zones representing enemy anti-
aircraft artillery or ground fire threats. These threat zones provided a realistic operational
environment for the UAV formation and further evaluated the algorithms’ stability and
adaptability in challenging conditions.

Table 10. Coordinates of ground truth waypoints.

Waypoint wpl wp2 wp3 wp4 wp5 wWpb6 wp7 wp8
Lon/° E 90.1437 90.1581 90.1767 90.1823 90.1618 90.1643 90.1520 90.1431
Lat/° N 38.3884 38.3939 38.4016 38.3901 38.3838 38.3763 38.3721 38.3882

The entire experiment was divided into four phases, i.e., takeoff, formation mainte-
nance, mission execution, and safe landing. During the takeoff phase, the three UAVs
simultaneously took off from designated starting points and maintained a triangular forma-
tion. In the mission execution phase, the UAVs flew along the predefined flight trajectories,
adjusting the flight parameters based on real-time sensor data to ensure formation stability
and minimize trajectory deviations. After completing the mission, the UAVs safely landed
at the designated locations, marking the end of the flight.
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To ensure the safety and reliability of the experiment, a series of comprehensive
safety protection measures were implemented. The GCS closely monitored the UAV flight
trajectories in real time using a feedback system, detecting any speed anomalies or heading
deviations. Immediate adjustments or automatic return mechanisms were triggered, if
necessary. In addition, a redundant communication system was employed to prevent signal
loss or interference, ensuring stable data transmission between the UAVs and the GCS.
During the flight, the UAVs were also equipped with parachutes and airbags to prevent
collisions with other UAVs or ground obstacles. If any threats or disturbances occurred,
the system would automatically deploy the parachutes, ensuring a safe landing.
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Figure 13. Scenario map of the formation flight trajectories.

4.2.2. Hardware Platform Ground Testing and Analysis

The evaluation of three hardware platforms, ZCU104, ARM-A53, and E5-2630v4,
was conducted based on four key performance metrics, i.e., latency, energy consump-
tion, throughput, and fault tolerance and reliability. These tests aim to determine the
most suitable platform for multi-UAV coordination and control tasks, focusing on system
performance under varying task complexities and real-time operational demands.

(1) Latency test

The latency test evaluates how quickly each hardware platform can respond to task
commands by simulating real-time control scenarios in multi-UAV flight tasks, such as
formation adjustments and obstacle avoidance. The test measures the response performance
of each platform in both default training and training modes. To ensure accuracy, the tests
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were conducted in a controlled local network environment, eliminating external network
interference. The evaluation focuses on the response speed of each platform in single-task
environments, particularly for tasks requiring high real-time performance.

As UAV formations grow, computational demands increase, which may affect real-
time responsiveness. Optimization techniques like parallel processing and computational
pruning are being explored to maintain low latency and improve scalability.

As shown in Figure 14, the E5-2630v4 platform exhibits relatively low latency, making
it highly responsive to task commands. However, the ZCU104 platform, while displaying a
longer overall runtime due to its FPGA’s parallel processing, still performs competitively. In
contrast, the ARM-A53 platform demonstrates significantly higher latency, particularly during
intensive tasks, rendering it less suitable for applications that require fast, real-time responses.
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Figure 14. Latency comparison across different hardware platforms.

(2) Energy consumption test

The energy consumption test monitors the energy usage of each platform under multi-
task loads, assessing performance across different task complexities. Tasks include cruising,
formation adjustments, and obstacle avoidance, simulating typical multi-UAV operations.
This test focuses on measuring energy consumption during task execution, particularly
under high-load conditions.

Figure 15 shows the energy consumption of the three platforms. The ZCU104 platform
demonstrates balanced energy consumption, handling complex tasks while maintaining a
relatively low energy profile. The ARM-A53, with lower processing power, exhibits the lowest
overall energy consumption, but its energy usage increases with task complexity. The E5-2630v4
platform exhibits significantly higher energy consumption due to its server-grade capabilities,
making it less suitable for environments where energy efficiency is critical.

To optimize energy consumption in complex tasks, adaptive resource allocation and
sleep modes are being explored, allowing the system to dynamically adjust processing
power and prolong flight duration without sacrificing performance.

(3) Throughput test

The throughput test evaluates the capacity of each platform to handle multiple UAV
tasks simultaneously. Multiple tasks were loaded to test the efficiency of each platform
in multi-task environments. The goal of the throughput test is to measure the ability of
each platform to process high loads of tasks, especially in scenarios requiring simultaneous
control and data transmission.
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Figure 15. Energy consumption comparison across hardware platforms.

Table 11 shows that the E5-2630v4 platform performs best in terms of throughput,
processing a large number of parallel tasks, making it ideal for high-density workloads.
Although ZCU104’s throughput is lower than E5-2630v4’s, it remains stable and capable
of supporting multi-UAV coordination tasks. The ARM-A53 platform shows the lowest
throughput, struggling to handle multiple tasks efficiently, especially in complex multi-UAV
operations.

Table 11. Throughput comparison of hardware platforms in default training mode.

Hardware Platforms Model Throughput (Tasks/s)
ARM ARM-A53 100
ARM+FPGA ZCU104 150
CPU E5-2630v4 200

Real-time processing demands increase with larger UAV formations. Optimizations in
task parallelization and data handling are being investigated to ensure that the hardware
can manage higher task loads without sacrificing responsiveness.

(4) Fault tolerance and reliability

In complex flight environments, these two aspects are essential for maintaining system
stability, as they assess different dimensions of platform performance. Fault tolerance fo-
cuses on how each platform manages system faults, communication errors, and unexpected
failures during multi-UAV tasks, ensuring continuous operation with minimal disruption.
Reliability, by contrast, evaluates the platform’s consistency in performing without failures
over extended periods, particularly under challenging mission conditions.

As shown in Figure 16, the ZCU104 platform exhibits superior fault tolerance due to its
combination of ARM processing and the FPGA's flexibility. This allows the system to handle
unexpected faults with minimal disruption, contributing to more stable UAV operations
in dynamic conditions. In terms of reliability, ZCU104 also performs well, maintaining
consistent operation under continuous workloads. While the E5-2630v4 demonstrates
strong fault tolerance, its reliance on server-grade processing limits its adaptability to
sudden failures in real-time operations. The ARM-A53 platform, with its limited processing
power, shows lower fault tolerance, which can lead to system instability under high-load
or fault-prone conditions. Its reliability also suffers under extended operational scenarios,
making it less suitable for complex, high-demand missions.
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Figure 16. Fault tolerance and reliability comparison across hardware platforms.

Based on the evaluation of latency, energy consumption, throughput, and fault tolerance
and reliability, the ZCU104 platform demonstrates a balanced performance across all metrics,
making it the optimal choice for multi-UAV coordination and control tasks. Its competitive
latency, efficient energy consumption, and stability in dynamic conditions make it well-suited
for flight control missions. While the E5-2630v4 excels in computational power and throughput,
its high energy consumption and relatively higher latency limit its suitability for real-time
UAV control, rendering it more appropriate for ground-based simulations. The ARM-A53,
despite its low energy consumption, lacks the necessary processing power, throughput, and
fault tolerance to meet the demands of complex multi-UAV tasks, leading to its exclusion from
further consideration.

4.2 3. Algorithm Performance and Data Analysis

This study provides a detailed analysis of the performance of the MADDPG-VSC and
MADDPG algorithms in multi-UAV formation tasks, focusing on two key dimensions, i.e.,
coordination and real-time responsiveness. The analysis includes trajectory tracking error,
formation stability, response time, and data transmission efficiency.

(1) Coordination evaluation

The evaluation of coordination focuses on two critical factors: trajectory tracking error
and formation stability, which together measure the multi-UAV system’s ability to maintain
the formation and accurately follow the planned trajectory during mission execution.

e  Trajectory tracking error

Figure 17 compares the trajectory tracking error of the center point of the UAV forma-
tion with the waypoints. The MADDPG-VSC algorithm demonstrated a smaller average
error compared to that of the MADDPG algorithm. In scenarios with sharp turns and
sudden changes, the MADDPG-VSC algorithm’s adaptive control strategies helped reduce
tracking errors, ensuring better accuracy.

e  Formation stability

The stability of the UAV formation is measured by calculating the standard deviation
of the relative distances between UAVs. Table 12 compares the formation stability of the
MADDPG-VSC and MADDPG algorithms at various waypoints. The MADDPG-VSC
algorithm consistently maintained lower standard deviations, indicating better stability,
especially in complex mission scenarios.
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Figure 17. Trajectory tracking error comparison between MADDPG and MADDPG-VSC. (a) Trajec-
tory of MADDPG; (b) trajectory of MADDPG-VSC.

Table 12. Formation stability comparison at different waypoints.

Waypoint wpl wp2 wp3 wp4 wp5 wpb6 wp7 wp8
MADDPG 20.6 m 253 m 27.8 m 23.5m 26.7 m 233 m 26.2m 23.3m
MADDPG-VSC 14.5m 16.9 m 17.8 m 14.5m 172m 16.8 m 169 m 144 m

As shown in Table 12, the MADDPG-VSC algorithm maintains consistently lower
standard deviations of relative distances across waypoints, indicating stronger formation
stability compared to that of MADDPG.

(2) Real-time responsiveness evaluation

Response time, a critical indicator of the system’s ability to quickly adjust, is measured
as the time difference between when the GCS sends a command and receives feedback. As
shown in Table 13, the MADDPG-VSC algorithm consistently outperformed the MADDPG

algorithm, achieving an average response time of 1.2 s compared to 1.8 s for MADDPG,
across various scenarios.

Table 13. Response time comparison between MADDPG-VSC and MADDPG in different scenarios.

Avg R Ti
Task Scenario vg Response Time (5)

MADDPG-VSC MADDPG
Formation Adjustment 1.2 1.8
Obstacle Avoidance 1.3 2.0
Trajectory Recalibration 1.1 1.7
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e Data transmission efficiency

The efficiency of data transmission is assessed by measuring the communication
delay and transmission rate between the GCS and the UAVs. As shown in Table 14, the
MADDPG-VSC algorithm demonstrated lower transmission delays, averaging 0.2 s with
a transmission rate of 1.40 Mbps, compared to those of the MADDPG algorithm, which
showed a delay of 0.3 s and a transmission rate of 1.30 Mbps.

Table 14. Data transmission delay and speed comparison between MADDPG-VSC and MADDPG.

Algorithm Data Transmission Delay (s) ~ Data Transfer Rate (Mbps)
MADDPG-VSC 0.2 1.4
MADDPG 0.3 1.3

Through the analysis of coordination and real-time responsiveness, the MADDPG-
VSC algorithm demonstrated significant advantages in multi-UAV formation tasks. It
outperformed the MADDPG algorithm in terms of trajectory tracking error, formation
stability, response time, and data transmission, particularly when handling complex and
dynamic tasks where precise execution and stability are critical.

4.2.4. Key Insights and Implications

The validation experiments highlight the significant advantages of the MADDPG-VSC
algorithm in multi-UAV formation tasks. Key performance indicators such as trajectory ac-
curacy, formation stability, and real-time responsiveness demonstrate its ability to maintain
precise control and coordination under dynamic conditions. The system’s low latency and
efficient data transmission further reinforce its effectiveness in real-time decision making.

These findings emphasize the innovations of the MADDPG-VSC algorithm, par-
ticularly in regards to adaptive sweep angle control and cooperation strategies. These
enhancements provide a strong foundation for improving UAV performance in complex,
real-world environments, ensuring reliable mission execution across a range of scenarios.

4.3. Comparative Analysis of Simulation and Flight Validation
(1) Trajectory and formation stability

The trajectory tracking accuracy and formation stability observed during real-world
tests closely matched the simulated performance. Although some deviations were in-
evitable due to environmental factors, the average trajectory error and formation deviations
remained within an acceptable range, underscoring the robustness of the control strategies
implemented by the MADDPG-VSC algorithm.

(2) Hardware performance consistency

The hardware platforms, particularly the ZCU104 task controller, demonstrated stable
performance across both simulation and real-world tests. The low latency, efficient data
processing, and real-time control capabilities highlighted in the simulations were reflected
in the flight tests, further validating the hardware selection.

(3) Response to innovation points

The adaptive sweep angle control and UAV cooperation mechanisms, which form the
core innovations of the MADDPG-VSC algorithm, were shown to enhance the flexibility
and stability of UAV formation in dynamic environments. While these features were
rigorously tested in the simulations, the flight validation confirmed their effectiveness in
real-world scenarios, particularly in maintaining precise control during sudden maneuvers
or obstacle avoidance.
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(4) Insights and implications for future work

The validation of the MADDPG-VSC algorithm through both simulation and flight
testing provides confidence in its applicability for complex, real-world multi-UAV mis-
sions. Its ability to maintain formation stability, trajectory accuracy, and efficient obstacle
avoidance in dynamic and unpredictable environments highlights its potential for broader
implementation in UAV operations.

5. Conclusions

This study has made significant advancements in the modeling and control of variable-
sweep wing UAVs, particularly through the refinement of longitudinal dynamic equations
and the incorporation of maneuver-specific parameters from the L-30A model. These
developments enabled accurate calculations of aerodynamic properties, such as optimal
lift-to-drag ratios, and established a reliable model to represent the wing morphing process.

Additionally, the introduction of the MADDPG-VSC algorithm offers a novel approach
for optimizing sweep angles in response to real-time flight states. This methodology
enhances multi-UAV cooperative formation control, which is crucial for complex, real-
world missions. Flight experiments and simulations show that the algorithm maintains
precision, coordination, and stability in dynamic conditions, with minimal computational
demands.

The MADDPG-VSC algorithm effectively addresses core challenges in UAV formation
control, such as managing continuous action spaces and adapting to dynamic, unpre-
dictable environments. By enhancing flight precision and formation stability, the algorithm
shows strong potential for broader application in multi-UAV systems, particularly for tasks
requiring high adaptability and scalability. This creates a robust framework for future use
in increasingly complex flight environments.

In future work, real-world flight tests will be conducted under complex conditions, in-
cluding varying weather and the presence of dynamic obstacles, to validate the algorithm’s
robustness in environments significantly different from the training data. An evaluation
framework will be established to assess the impacts of unexpected changes, including
sudden airflow shifts and target movements, on formation stability and control. In addi-
tion, future simulations will incorporate more complex and irregular obstacles to better
reflect real-world challenges, such as sensor noise and communication delays. Efforts will
also focus on improving the system’s scalability and adaptability to support larger UAV
formations and enhancing real-time decision making to further improve performance and
operational reliability.
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Abstract: In the fields of machine learning and artificial intelligence, the processing of time-series
data has been a continuous concern and a significant algorithm for intelligent applications. Traditional
deep-learning-based methods seem to have reached performance ceilings in certain specific areas,
such as online character recognition. This paper proposes an algorithmic framework to break this
deadlock by classifying time-series data by evaluating the similarities among handwriting samples
using multidimensional Dynamic Time Warping (mDTW) distances. A simplified hierarchical
clustering algorithm is employed as a classifier for character recognition. Moreover, this work
achieves joint modeling with current mainstream temporal models, enabling the mDTW model to
integrate modeling results from methods like RNN or Transformer, therefore further enhancing
the accuracy of related algorithms. A series of experiments were conducted on a public database,
and the results indicate that our method overcomes the bottleneck of current deep-learning-based
methods in the field of online handwriting character recognition. More importantly, compared to deep
-learning-based methods, the proposed method has a simpler structure and higher interpretability.
Experimental results demonstrate that our proposed method outperforms existing state-of-the-art
models in handwriting character recognition, achieving a top-1 accuracy of 98.5% and a top-3 accuracy
of 99.3%, thus confirming its effectiveness in overcoming the limitations of traditional deep-learning
models in temporal sequence processing.

Keywords: computational intelligence; multidimensional dynamic time warping (mDTW); online
character recognition; deep-learning model integration

1. Introduction

Measuring the similarities of different samples is fundamental to many fields of com-
putational intelligence. Many algorithms take distances to value similarities of samples for
classification, detection, and other pattern-recognition tasks. In most of the research, sam-
ples are represented by a set of vectors through encoding processes. Then, the Minkowski
distances of those vectors could be computed as similarities. Minkowski distances are
defined as dist(x,y) = Zl‘le (xx — yx)?, which is one of the most popular metrics to value
samples distances. When p = 1, Minkowski distance is named Manhattan distance; when
p = 2 itis called Euclidean distance. Another popular measure is Mahalanobis distance,
which could be viewed as distorted Euclidean distance. Overall, these studies highlight the
need for most of the current research.

In the past decade, significant progress has been made in sequence-information pro-
cessing. Sequence-information processing refers to the analysis and manipulation of data
sequences, such as text, speech, or biological sequences. This field involves techniques
like natural language processing (NLP) and sequence alignment, which enable machines
to understand, generate, and transform sequential data efficiently. However, there is still
room for improvement in related methods, especially in terms of interpretability, model
integration, and other aspects. Existing methods do not perform well in explaining the
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complex temporal structure inherent in the data [1,2]. As a remedy, Dynamic Time Warping
(DTW) [3] has emerged as a compelling alternative [4-6]. DTW’s most notable advantage
lies in its resilience against signal warping, encompassing shifts and scaling along the
time axis or even the Doppler effect. Consequently, DTW has evolved into one of the
most favored metrics for tasks involving pattern matching. For example, when dealing
with signals from different sampling frequencies, the conventional point-wise Euclidean
distance may yield different results, especially when one signal is merely a compressed
version of another. Without using mDTW for sequence point registration, it is not possi-
ble to determine which two points are directly used to calculate the Euclidean distance.
Therefore, for two time series, the use of DTW is necessary. In this case, DTW performs
well by expertly capturing the scale variation and the minimum distance between the
generated signals. What sets DTW apart is not only its ability to produce distance values
but also its ability to reveal the exact alignment of two sequences. DTW is unique in that
it not only computes distance values but also aligns two sequences precisely, which is
particularly critical in intelligent computing applications. Moreover, DTW is not just a
similarity measure. As a robust feature-extraction tool, it enhances its versatility and value
in the context of intelligent computing.

The processing of online character data is a typical and formidable challenge in the
field of time-series processing. Accurate and efficient recognition of handwritten characters
is of great significance, especially in an environment where smart devices are constantly
evolving. Over recent decades, the domain of sequence-information processing, including
non-rigid sparse point matching, Handwritten Chinese Character Recognition (HCCR),
and Human Action Recognition (HAR), has become a research hotspot and has made
remarkable achievements and progress. Furthermore, the intricacies embedded in the
Chinese written language, characterized by a vast number of character classes, introduce an
additional layer of complexity to the recognition task. The sheer volume of characters, each
with its unique features, poses a formidable challenge for researchers and practitioners alike.
The intricate structure inherent in most Chinese characters further amplifies the difficulty
of the HCCR task, contributing to its status as a persistent and demanding challenge within
the research community.

The proposed model presented in this paper offers high interpretability, integrating
traditional sequence modeling methods with deep-learning techniques to achieve superior
performance. Its transparent framework ensures a clear understanding of each compo-
nent and parameter, exemplified by the straightforward calculation process of mDTW.
Furthermore, the model’s seamless integration with deep learning enables powerful feature
extraction while maintaining interpretability. With low computational complexity and mini-
mal parameterization, the model remains efficient and reliable, even for large-scale datasets.
Opverall, this approach combines interpretability, deep-learning integration, and computational
efficiency, making it well-suited for a wide range of intelligent computing tasks.

Our Contribution

Development of the mDTW Algorithm: We developed a multidimensional Dynamic
Time Warping (mDTW) algorithm specifically designed for handling sequence information,
significantly enhancing accuracy in tasks such as online handwriting recognition.

Integration with Deep-Learning Models: We proposed the integration of mDTW with
modern deep-learning models such as Recurrent Neural Networks (RNNs) and Transform-
ers, which improved sequence-data classification across multiple domains, including text
recognition, action classification, and point matching.

Hierarchical Clustering Model: We introduced a simplified hierarchical clustering
model that groups characters and reduces the computational time for DTW distance
calculations, making it feasible to efficiently process large handwriting datasets.
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2. Related Works
2.1. Related Works of DTW

DTW (Dynamic Time Warping) [3] distance is a method employed to calculate the
similarity between two time series. It was initially proposed and utilized in the field of
speech recognition and has subsequently found wide application in various domains,
including time-series classification, pattern recognition, anomaly detection, clustering
analysis, and more. DTW excels at finding the best match between two sequences by
elastically stretching or compressing the time series, enabling effective comparison and
matching even when the sequences exhibit offsets or rate changes on the time axis. This
is achieved by identifying the best alignment (i.e., the optimal path) between the two
sequences, which minimizes the sum of the pairwise distances along this path, therefore
accurately reflecting the similarity between the two sequences. This alignment allows for
nonlinear stretching of the sequences on the time axis, making DTW particularly suitable
for handling time series of different lengths or with varying rates.

In time-series classification tasks, DTW serves as a valuable similarity measure, aiding
in the determination of what category a sequence belongs to. By calculating the DTW
distance between the sequence to be classified and sequences of known categories, the
category with the smallest distance can be confidently selected as the classification result.
Furthermore, DTW can be utilized to identify specific patterns in time series or detect
anomalies. By comparing a time series with a known pattern or a sequence within the
normal range and calculating the DTW distance between them, it becomes possible to
determine whether the time-series matches the expected pattern or deviates from the
normal range.

In time-series clustering tasks, DTW distance proves to be an effective distance mea-
sure in clustering algorithms. By calculating the DTW distance between different sequences,
similar time series can be clustered together, enabling the discovery of sequence groups
with similar morphologies but possible offsets on the time axis.

DTW stands out as a potent and versatile tool within the realm of temporal data
mining, finding applications across various domains due to its unique capabilities. One
illustrative domain where DTW demonstrates its prowess is in acoustic data analysis, where
it exhibits invariance to Doppler effects. This particular attribute makes DTW invaluable
for tasks involving the precise alignment and comparison of acoustic signals, regardless of
potential frequency shifts induced by motion or other factors.

Expanding the scope of DTW’s applications, it plays a crucial role in the analysis of
biological signals such as Electrocardiogram (ECG) [7] or Electroencephalogram (EEG) [8,9].
Researchers leverage DTW to effectively characterize and discern patterns within these
signals, aiding in the identification and understanding of potential diseases. The flexibility
of DTW in handling diverse types of temporal data makes it an indispensable tool for
extracting meaningful insights from complex biological signals.

Moreover, in the context of time-series classification problems, DTW serves as a
feature extractor when combined with predefined patterns or features, as highlighted in
the work by Kate et al. [10]. This approach allows DTW to contribute significantly to
the classification of time-series data, where the alignment of sequences is essential for
accurate pattern recognition. The use of Hamming distance [1,11] in conjunction with DTW
alignment in this setting is referred to as Edit distance, a well-studied variant that enhances
our understanding of the relationships between different temporal sequences [12].

In essence, the versatility of DTW spans diverse applications, from mitigating Doppler
effects in acoustic data to aiding in the diagnosis of diseases through the analysis of biologi-
cal signals. Its role as a feature extractor in time-series classification further underscores its
adaptability and utility in extracting meaningful information from temporal datasets. The
continued exploration and application of DTW in various domains highlight its enduring
significance in the field of temporal data mining and analysis.

The proposed framework presented in this paper is combined with two parts: a
multi-dimension DTW (mDTW) [13] algorithm and a hierarchical cluster model. The core
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idea of our work is very simple: compute similarities among online handwriting samples
and use them to classify characters. However, a major problem with the experimental
method is that the training time cost is too long. In particular, when we are dealing with a
handwriting database that has N, characters and each character written by N, writers, the
DTW process should be repeated (N, x Ny,)?/2 times to establish a cluster model. Since a
Chinese handwriting database often has thousands of characters and hundreds of writers,
computing the DTW so many times would take almost a decade on most computing
devices, which is not acceptable for researchers. Therefore, we put forward the above
two methods to decrease time costs.

2.2. Related Works of Sequence Data

Time-series classification and regression are important techniques for analyzing and
modeling data that changes over time. These methods have wide-ranging applications,
including Human Activity Recognition, Handwritten Chinese Character Recognition, Earth
Observation, Medical Diagnosis, and more. In this study, we will focus on the application of
time-series classification and regression in Human Activity Recognition and Handwritten
Chinese Character Recognition and provide an overview of the latest developments and
challenges in these fields.

Human activity recognition (HAR) is the identification or monitoring of human activity
through the analysis of data collected by sensors or other instruments [14]. The recent
growth of wearable technologies and the Internet of Things has resulted not only in
the collection of large volumes of activity data [15] but also in the easy deployment of
applications utilizing these data to improve the safety and quality of human life. HAR
is, therefore, an important field of research with applications including healthcare, fitness
monitoring, smart homes [16], and assisted living [17].

Handwritten Chinese Character Recognition (HCCR) is a field of study focused on the
automatic recognition of handwritten Chinese characters. This technology plays a crucial
role in various applications, such as document digitization, optical character recognition
(OCR) systems for forms, checks, and IDs, and handwriting input devices. Since the 1980s,
HCCR has been a significant research area in pattern recognition due to the complexity
and wide variety of Chinese characters. For instance, in Liu et al.’s paper [18], discrim-
inative feature-extraction methods and discriminative learning quadratic discriminant
function classifiers were employed, achieving outstanding recognition rates on challeng-
ing online and offline HCCR datasets CASIA-OLHWDB and CASIA-HWDB. The best
online recognition rates for single characters were 95.28% (DB1.0, 4037 characters), 94.85%
(DB1.1, 3926 characters), and 95.31% (ICDAR 2013 Competition DB, 3755 characters). The
best offline recognition rates were 94.20% (DB1.0), 92.08% (DB1.1), and 92.72% (ICDAR
2013 Competition DB). More recently, Ren et al. [19]. utilized an RNN, combining Bidi-
rectional Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU), which
processes raw sequential data directly without converting online handwriting trajectories
into image-like representations, achieving an end-to-end recognition rate of 98.15% on the
ICDAR-2013 dataset.

Compared to other related works, it has been challenging to achieve better perfor-
mance through deep-learning training. Collectively, there seems to be some evidence to
indicate that existing Deep-learning-based HCCR methods have reached the performance
bottleneck. Zhang et al. [20] achieved groundbreaking results in the field of HCCR by
integrating traditional direction-decomposed feature maps with deep convolutional neural
networks; however, it is important to note that these achievements, while groundbreaking,
are now seven years old. Additionally, Li et al. [21] introduced a novel approach in the
HCCR domain leveraging a Siamese neural network to predict the similarity between
handwritten Chinese characters and template images, showing promising generalization to
new classes not seen in training, but the method may struggle with limited data scenarios
and the complexity of optimizing Siamese networks. However, by integrating mDTW and
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Transformer, a significant performance breakthrough was successfully achieved with this
framework, demonstrating its potential in other specific sequence-data-related domains.

3. Methodology

As mentioned earlier, the mDTW method presented in this paper serves as a prelimi-
nary processing step for classifying data and selecting the top-N results (the top N most
likely classifications) to form a rough classification probability distribution. Subsequently,
this rough distribution undergoes further refinement through techniques such as cGRU to
achieve a more accurate classification. As shown in Figure 1.

Classification

E
Selc:‘uzrlce Coarse SEQ
P Classification
- mDTW I
fc \
Sl '
e 20

Figure 1. Schematic diagram of the core framework process.

3.1. Multidimensional DTW

Similar to the conventional one-dimensional Dynamic Time Warping (DTW) approach,
the method presented here encompasses two primary processes: the forward process and
the backward process. In the fundamental stage, the algorithm computes the point-to-point
distance matrix, a critical step in establishing the foundational structure for subsequent
analyses. This matrix serves as the basis for understanding the dissimilarity between
corresponding points in the sequences. Following this, the warping process comes into
play, where the optimized point-matching relationships are computed.

In the forward process, the algorithm systematically evaluates the distances between
each point in the sequences, creating a comprehensive matrix that encapsulates the pairwise
dissimilarities. This matrix lays the groundwork for subsequent alignment, forming the
foundation upon which the algorithm can identify the optimal alignment path. The back-
ward process is an equally crucial component, focusing on the derivation of the optimal
warping path based on the accumulated point-to-point distances. By iteratively backtrack-
ing through the matrix, the algorithm refines the matching relationship between points,
ultimately arriving at an alignment that minimizes the overall dissimilarity. Together,
these dual processes, the forward and backward stages, synergistically contribute to the
effectiveness of the proposed method in capturing the nuanced relationships and achieving
optimal alignment between two sequences using the Dynamic Time Warping technique.

Given a couple of sequences {SEQ; € R"*%,SEQ, € R"*?}, mDTW first computes
a Dm matrix by Equation (1)

Dm;; = dsum(w, Seqq;, Seqa;) (1)

The variables in formulas are as follows: a is a weight vector of different values in Seq,
and dsum is a user-defined formula. Data format of online Chinese handwriting sample
is configured as seq € R"*7, each temporal slice seq; = {x;,y;, Ax;, Ay;,s;}. Where n is
the number of points in a handwriting sequence, x;,y; € R are the location of a point,
Axj, Ay; € R are pen tip displacement of the same point and s; € {0, 1} is pen tip state. Here
s; = {1,0,0} indicates the pen tip will continue the writing process, s; = {0,1,0} indicates
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stroke ends and the pen tip will be raised and moved to another location, s; = {0,0,1}
indicates the end of the character. Then dsum is defined as Equations (2)-(5).

dsum = wq - ld + oy - dd + a3 - sd (2)

ld = \/(X1z‘ —x2)" + (i — v2)° @)

dd = \/(Axu — Axy)? + (A — Ayay)? (4)

sd = B1|sin —sj1| + Ba|sia — sj2| + Bssiz — s3] ®)

Id,dd, sd are location distance, displacement distance, and state distance, respectively.
Id represents the Euclidean distance between two points from different sequences, which
directly reflects the spatial distance relationship between the relevant points. It is the
most important constraint for our mDTW point matching. dd represents the Euclidean
distance between the difference vectors of two points and their previous sampling time
steps, which can be understood as the similarity in direction. Its calculation formula is
AX = X; — X;_1. For example, in a plane, if the difference vectors of two sequence points
both indicate that the movement direction of the curve/trajectory at this time is to the left,
then they should naturally obtain a certain degree of matching similarity. A higher value of
«; means we place more attention on the similarity of the corresponding factor to match
the points. Since the information on location is contained in displacement data, much of
the deep-learning-based handwriting research only relies on displacement. However, the
cluster model in this paper does not have a parameter optimizing process to learn the
information of location from displacement, so we added Id in Equation (3) to enhance the
matching performance. f is the weight of writing states. Considering one character has
almost 100 points and 5-10 strokes means that the rate of end stroke is about 10% and
character end is 1%, 8 is set as [1,10, 100] to balance the infect of different writing states.
The dimension of a computed matrix Dm is nn x m, and each element represents dsum
distance of two points. The second step of mDTW is computing a matrix G for final
point matching through an iterative process. This process is computed point-by-point by
Equation (6)
G(i—1,j) + Dm(i, )
G(i,j) =min{ G(i—1,j—1)+A-Dm(i,j) (6)
G(i,j— 1)+ Dm(i,j)

A is the weight of temporal similarity, which is configured as a constant 2 in traditional
DTW algorithms. In this paper, we made it flexible to fit the multi-dim point matching task.
G is computed from bottom to the top, form left to right. As shown in Figure 2, DTW has
following steps in summery:

e  Step 1: compute Dm Equations (2)-(5)

e  Step 2: initialize G as a zero matrix

e  Step 3: compute the first row (G1) of G by Equation (6) form Gi; to Gy, (green values
in Figure 2)

e  Step 4: repeat Step 3 m times until all elements in G are updated

*  Step 5: start from Gy, jump to a temporal location via min{G;; 1,G;_1,;-1,Gi_1,}-

e  Step 6: Repeat Step5 until terminal Gy (red arrows in Figure 2)

Completing the above steps will return the matrix G, where G, could be recognized
as the final distance of two sequences DTWdist(seq;, seq;). Meanwhile, the computing
process has a very high time cost in most of the corresponding tasks especially when
dealing with complex sequence problems. Therefore, the algorithm is accelerated by
parallel computing for practical application. The method of acceleration uses GPU to do
high-dimension matrix multiplications. In the case of ensuring that the GPU memory limit
is not exceeded, we could set a batch of sequences to do DTW computation parallel. This
method further reduces the calculation time cost of the system.
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Figure 2. Process of dynamic warping, including forward and backward steps.

3.2. Sequence Clustering

The clustering process outlined in this paper can be interpreted as a form of super-
vised modeling. Specifically, the method introduced here does not involve the computation
of distances between distinct characters; rather, it focuses solely on samples within the
same character classes. As elucidated earlier, the computation of complete inner Dynamic
Time Warping (DTW) distances for an extensive Chinese handwriting database demands a
considerable amount of time, rendering it impractical for experimental purposes. Conse-
quently, we propose the adoption of a simplified hierarchical clustering model designed to
compute distances exclusively within the confines of the same character classes. Config-
uring the model in this manner not only addresses a specific challenge but also confers a
distinct advantage, particularly in circumventing the potential computational overhead
associated with unnecessary DTW calculations. This streamlined approach serves as a
pivotal strategy in mitigating the time cost incurred during the training of the model. The
careful restriction of computations to inner class distances within our proposed hierarchical
clustering model is a deliberate choice that significantly optimizes the efficiency of the
training process.

By narrowing the scope of calculation to inner class distances, we strategically elimi-
nate the need for superfluous DTW calculations, leading to a more efficient and resource-
friendly model training procedure. This deliberate simplification ensures that the model
focuses its efforts on the most relevant aspects, contributing to a streamlined training phase.
As a result, the proposed hierarchical clustering model not only expedites the training
process but also alleviates the computational burden associated with analyzing the entire
database. In essence, the methodology we propose is designed to strategically minimize
the intricacies typically involved in DTW computations. The model, by concentrating
exclusively on inner class distances, enhances both the expediency and effectiveness of
the clustering process. This approach signifies a purposeful optimization, prioritizing
efficiency without compromising the model’s ability to discern meaningful patterns within
the data. By adopting this strategic simplification, the proposed model emerges as a more
efficient and scalable solution, making it well-suited for applications where computational
resources are a critical consideration. In summary, the deliberate narrowing of focus within
our hierarchical clustering model is a strategic choice that pays dividends in terms of both
time efficiency and computational effectiveness, ultimately contributing to an enhanced
clustering performance.

Here, we introduce an exclusive concept of this paper: useless DTW calculation. The
definition of this is the computation of DTW distance between two Chinese characters
with obvious differences in stroke structures. For instance, when we distinguish Chinese
characters from dissimilar handwriting samples, the cluster centers could hardly effect
testing results since the results (value of DTW) of these samples are too big to be recognized
as the same class. Therefore, the computation of those DTW distances is useless. On
the contrary, choices of cluster centers are very important for similar Chinese characters;
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appropriate cluster centers could remarkably increase recognizing accuracy, as shown in
Figure 3. Digits are DTW values between the testing center and samples. For characters
with high dissimilarities (gray samples), the value of DTW is much higher than similar
ones (blue samples). The value destabilization coursed by center changing could not affect
the final results for gray samples but have a significant impact on similar samples.

Useless DTW

. Inappropriate center appropriate center

Useful DTW
B @ B
9.2 8.3 7.9 135 8.2 6.3 7.7 15.5
incorrect correct

Figure 3. The definition of useless DTWs.

Therefore, the proposed method ignores computing useless DTWs on dissimilar
characters and only considers similar samples instead. In order to further reduce the
training time cost, the clustering process is set to compute DTWs between samples with the
same characters. As discussed above, a database with N. X N, samples urges repeating
DTW (N, x Ny,)?/2 times at the origin. The simplified method needs to repeat the DTW
process N. x N2 /2 times only. For a handwriting database with thousands of characters
(Ne > 1000), this step could reduce more than 99.9% of total origin training time cost.

Unlike the cluster methods based on Minkowski distances, a major problem within the
sequence cluster domain is that it is very hard to generate a virtual sequence as a “center”
in the corresponding space. Therefore, the proposed method should take some of the real
samples as cluster centers by a hierarchical model. Then, the concrete steps for clustering a
N¢ X Ny, database of this work are arranged as follows:

e  Step 1 Separate the whole database into N, groups by their characters. Thus, each
group has Ny, handwriting samples with the same character.

e  Step 2 Choose a cluster number n > 0 € R and then divide each group to cl; clusters
by minimizing Equation (7)

arg min[Z?zl Zlil]:l DTWdist(Cen;, Seqy)] (7)

where Center; is the center of iy, cluster, cl; is the number of sequence samples in
iy, cluster, Seqy is the kg, sequence sample of iy, cluster. The significance of this step
is finding a set of centers that could minimize the sum of DTW distances between
training samples and the nearest appropriate centers. In other words, this step finds n
real samples as the representation of a whole sample group.

*  step3 Repeat step2 N, times to obtain all characters clustered. After that, we obtain a
center set with N. x n sequence samples.

Step 2 is the core content of the proposed cluster framework. To realize this, the
following calculation steps were adopted, as listed in Algorithm 1. Where D is the storage
of DTW distance for every two samples in the group, Equation (8) shows the computation
of this process.

Djj = DTWdist(seq;, seq;) (8)

where seq; represents the ith time-series vector. It should be noted that for temporal
information, its vector may be discontinuous. For example, in handwriting, a word may be
composed of multiple strokes. Therefore, when performing mDTW calculation on two time
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series of text, we need to consider the matching relationships between different strokes.
Noticing that D here is a symmetric matrix, and all the diagonal elements are 0. Then a
temporal matrix D’ is generated from D by Equation (9).

iter

./: . .
Di Dlxiter—i—ljL /

©)

After the iteration process in line2-line6 of Algorithm 1, C € R"*Nu ig calculated.
Each line of C shows the sequence index of a cluster. Then, we calculate the centers of every
cluster. For instance, the non-zero elements in iy, row of C are ¢;1, . . ., ¢jy,. Finally, find the
center of this cluster by Equation (10).

Cen(k) = arg min(zznzl DTWdist(Seqy, Seqc;,)) (10)

Algorithm 1: Hierarchical cluster for a Chinese handwriting sample group

Input: A group of training sequences SEQ{seq, .. .seqn, }

: Initialize a cluster index matrix C € RNexNe get C;1 = i and others as 0
: Compute a DTW distance matrix D € RNe*Ne via Equation (8).

: foriterin Nc —n

find the location i, j = argmin(D), (i < j)

compute a temporal matrix D’ by Equation (9) and replace D by D’
merge the jy, cluster to the iy,

: end for

7: for iter in n

8: find the sequence sample in iter row of C by Equation (10) and mark it as seq,;
9: end for

Output: 1 sequences as centers Cen{seqct,, ...,seqct, }

DU WN O

iter

3.3. Joint Modeling with Sequence Processing Networks

In the framework proposed herein, sequence data are initially processed using mul-
tivariate Dynamic Time Warping (mDTW), followed by clustering of the processed data
to achieve a coarse categorization. Subsequently, the results of this coarse categorization
are utilized as conditional inputs along with the sequence data (SEQ) for processing by the
Conditional Gated Recurrent Unit (cGRU). The role of the cGRU is to enable the model to
consider additional conditional or contextual information, therefore enhancing adaptability
and performance for specific tasks. In this model, the additional condition provided is the
coarse categorization result obtained from the initial clustering, while the sequence data
itself offers contextual information. The processed data are then fed into a fully connected
neural network, where fine categorization is performed using the SoftMax function, result-
ing in the final categorization outcomes after balancing the loss. As shown in Figure 4, the
formulas for cGRU are as follows:

dy = tanh(Wyd; + by) (11)

st = tanh(Wss; + bs) (12)

re = o(Wehy—1 + Updy + Vysy + My fe + by) (13)

2zt = 0(Wahy_1 + Usdy + Visy + M fc+ b.) (14)

iy = tanh(W(r; ® hy_1) + Ud; + Vs + Mfc+b) (15)
W=z Oy +(1—2z) Ohy (16)

or = tanh(W,hy + Uyds + Vst + Mo fc + by) (17)
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Figure 4. Detailed presentation of the core parts of the framework.

The variables utilized in Equations (11)—(17) are defined as follows:W, U, V, and
M represent weight matrices, which are crucial parameters that govern the influence of
various inputs on the neurons within a neural network layer. b denotes the biases, which
are added to the weighted sum of inputs to adjust the output of the activation function. h;
signifies the hidden state at time ¢, encapsulating the internal representation of the network
based on the inputs received up until that point. o; represents the output vector at time
t, which is generated by the network after processing the input and hidden state. The
input vectord; corresponds to the ¢-th state of the writing motion path signature, denoted
as {dyi,dp;}. Here, i varies from 1 to 1, indicating that the signature is comprised of a
sequence of n points. s; represents the pen’s up—down state at time t, indicating whether
the pen is touching the writing surface or not. The variable fc stands for the conditional
input, which provides supplementary information to the network to influence its output.

The output of the conditional Gated Recurrent Unit (cGRU), o, is subsequently fed
into two fully connected layers. These layers further process the output, ultimately yielding
the system’s output, which is a M x 5 4 3 vector denoted as g;11,5¢+1. Here, g111 is a
vector of size M x 5, which serves as the input data for a Gaussian Mixture Model (GMM).
The GMM is employed to predict pen movements, considering the probability distribution
of potential movements. s;;1 is a 3 X 1 vector that is used for predicting the pen tip state,
indicating its orientation or other pertinent properties. To enhance the performance of
our networks, we utilize a Mixture Density Loss function (MDLoss). This loss function is
specifically tailored to handle the output of mixture models, such as the GMM used in this
context. By minimizing the MDLoss, we aim to refine the accuracy of the predicted pen
movements and pen tip states, ultimately bolstering the overall performance of the system
in generating realistic and precise handwriting simulations.

Unlike CGRU, other neural networks we utilize, such as LSTM or Transformer, do
not possess a designated conditional input c. To address these discrepancies, we employ
a method where we concatenate the output probability distribution of mDTW with the
normalized original sequence information before inputting it into the LSTM or Transformer
model, as listed in Equation (18)

iy = concat(seq, c) (18)

Among the many methods of time-series analysis and pattern recognition, dynamic
time warping (DTW) and its multivariate version (mDTW) have proven to be effective tools,
especially when dealing with time series of unequal lengths and varying speeds. However,
traditional mDTW methods may be limited in handling large-scale, high-dimensional,
and complex pattern data. In recent years, deep-learning models, such as Long Short-
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Term Memory Networks (LSTM) and Transformer, have achieved remarkable success in
processing sequence data. These models can automatically extract useful features from
raw data, allowing them to handle complex patterns and long-term dependencies. To
combine the flexibility of mDTW with the powerful representation capabilities of deep-
learning models, we propose a joint modeling method. The core idea of this method is to
embed mDTW as a differentiable module into the deep-learning framework so that the
parameters of mDTW and the parameters of the deep-learning model can be optimized
during the end-to-end training process. In the process of joint modeling, model selection
is a crucial step because it will directly affect the model’s ability to handle specific tasks.
For the problem we face, namely the analysis of time-series data, we need to choose
among multiple deep-learning models. Long short-term memory networks (LSTM) have
proven to be very effective in processing time-series data and are able to capture long-
term dependencies in the data, which is crucial for many time-series tasks. However, the
Transformer model’s advantages in handling parallelization and self-attention mechanisms
make it more efficient when processing large-scale data sets and capable of capturing
complex interactions between different parts of the input sequence. After selecting a
suitable deep-learning model, the next step is to embed the mDTW algorithm into this
model. The key to this step is to ensure that mDTW can be combined with the deep-learning
model in a differentiable way so that we can use the backpropagation algorithm to train
the entire model. To achieve this, we need to make appropriate modifications to the mDTW
algorithm so that the gradients generated during the calculation process can be effectively
passed to the deep-learning model. In this way, the deep-learning model can update its
parameters based on the gradient information provided by mDTW, therefore achieving
more efficient processing of time-series data.

In the model training phase, we need to design a joint loss function that will consider
both the distance metric of mDTW and the classification or regression loss of the deep-
learning model. In this way, we can ensure that the parameters of the mDTW algorithm
and the deep-learning model are optimized simultaneously during the training process.
This joint optimization method will enable the entire model to take into account the local
shape characteristics of the data and capture the global structural information of the data
when processing time-series data.

N
L=—Y yilog(p:) + (1 —y:)log(l—p;) (19)
=1

1

In the equation, L is the value of the loss function, N is the number of samples, y; is
the actual label of the ith sample, p; is the predicted probability that the ith sample belongs
to the positive class (with label 1), and log denotes the natural logarithm.

Finally, in terms of model optimization, we will use appropriate optimization algo-
rithms to update the model parameters. The gradient descent method or its variants are
commonly used optimization algorithms that can adjust the parameters of the model based
on the gradient information of the loss function, therefore gradually reducing the training
error. In this process, we need to choose appropriate learning rates and other hyperparam-
eters to ensure the stability and efficiency of the optimization process. Through continuous
iteration and optimization, we will eventually obtain a joint model that cannot only uti-
lize the flexibility of mDTW to process time-series data but also leverage the powerful
representation capabilities of deep-learning models.

4. Experiments

Three experiments’ results are shown in this paper. The first is a system of point match-
ing for temporal sequences; the second is a system of online character recognition; The third
one is human activity recognition. These experiments correspond to the three major compo-
nents in our algorithm: mDTW, hierarchical cluster, and sequence processing performance.
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4.1. Non-Rigid Sparse Point Matching

It is important to introduce the data we utilized. CASIA-HWDB, with its high-
resolution color images and well-defined binary representation, stands as a valuable
resource for offline handwritten character recognition research.

Point matching constitutes a classical and intricate challenge within the expansive
domain of image registration research. When juxtaposed with the task of matching feature
points in images, the endeavor of aligning points within handwritten characters introduces
three distinctive characteristics that significantly shape the complexity of the problem.
There is the imposition of a nonlinear spatial transformation when attempting to match
points in handwriting characters. This nonlinear transformation induces a notable distur-
bance in the distribution of the two sets of matching points, introducing intricacies that are
not present in linear transformations. This spatial nonlinearity poses a formidable obstacle,
demanding sophisticated techniques to navigate and effectively align the points within the
given framework. Especially as depicted in Figure 5, the significance of the point-matching
process becomes strikingly evident when confronted with the notably distinct writing
styles of various authors for the same character. This figure illustrates a scenario where
two different individuals have written the same character, yet their unique writing styles
result in significantly different representations. The red and blue line segments in the
figure represent two online handwritten datasets, which are handwritten text samples
that include time information. These datasets capture the intricate details of each author’s
writing style, encompassing the speed, pressure, and direction of the pen strokes. The green
line segments indicate the point alignment relationships calculated using the modified Dy-
namic Time Warping (mDTW) algorithm. This algorithm allows us to match corresponding
points between the two datasets, even when they exhibit different lengths and writing
styles. Upon examining the point alignment process, it is evident that our results are highly
accurate, as the green line segments closely adhere to the contours of the red and blue
line segments, indicating a remarkable degree of similarity between the matched points.
This underscores the effectiveness of our approach in addressing the challenges posed by
diverse writing styles and emphasizes the crucial role of accurate point matching in online
handwritten text recognition.

The nature of handwriting introduces an idiosyncratic challenge: individuals often
connect different strokes for the sake of convenience during the writing process. This
tendency results in a considerable number of errors in the sets of matching points. The
interconnection of strokes complicates the matching task, requiring an intelligent and
adaptable approach to correctly align points despite these inherent irregularities.

The feature points of Chinese characters exhibit a geometric dispersion that adds an
additional layer of difficulty to the matching process. Unlike more regularly structured
shapes, the geometric dispersion of feature points in Chinese characters makes it challeng-
ing to rely on local spatial distribution similarity for effective point matching. Consequently,
conventional methods that hinge on local spatial characteristics may fall short when con-
fronted with the intricacies of matching points within these dispersed geometric patterns.
Point matching in handwriting characters is distinguished by the introduction of nonlinear
spatial transformations, the prevalence of stroke connections leading to errors, and the
geometric dispersion of feature points in Chinese characters. Addressing these challenges
requires the development and application of advanced methodologies that can adeptly
handle the intricacies inherent in the matching process within this unique context.

While point-matching is not the central focus of our investigation, its significance lies
in its capacity to serve as a reflective indicator of the performance of mDTW. An extensive
exploration of point-matching experiments has been conducted to comprehensively assess
the prowess of mDTW. The findings reveal that mDTW takes into account various aspects
such as handwriting trajectory, direction distribution, moving displacement, and stroke
connection in tandem to determine the outcomes of the matching process. A detailed
analysis of the experimental results, as depicted in the figures, allows for an intuitive
description of the prevailing scenario wherein correctly matched points dominate the
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major portions of the matching results. The proposed mDTW algorithm has effectively
met our stipulated requirements, demonstrating a reliable point-matching performance
essential for subsequent clustering endeavors. The amalgamation of trajectory, distribution,
displacement, and stroke considerations in the mDTW framework contributes to its efficacy
in delivering accurate and meaningful matching outcomes, therefore substantiating its
suitability for the specified clustering objectives. To give a further analysis and evaluation
on mDTW, we compare our method with two traditional Chinese handwriting points
matching methods [22,23]. These two algorithms are image-based. In other words, they
do not consider temporal information while matching. Similar to some other Chinese
handwriting research, in addition, we also compared two of the latest point-matching
methods, LVMs [24] and PMT [25]. LVMs, or Large Vision Models, leverage semantic
features derived from large-scale vision models to enhance geometry-based shape feature
learning, making them highly effective for non-rigid point cloud matching. PMT, or
Proxy Match Transform, introduces a high-order feature transform layer to efficiently
match geometric shapes in 3D point clouds, particularly excelling in assembling geometric
shapes by establishing reliable local correspondences between part surfaces. We divide the
sequence samples into three groups by their complexities, which are simple (0-10 points),
normal (20-50 points) and complex (more than 50) points. The summary statistics for
comparison are illustrated in Table 1. APM refers to Asymmetric Point Matching, while
CGE stands for Constrained Global Energy function.

Figure 5. Point-matching results, black line indicates wrong, green indicates right. Red and blue lines
are two handwriting characters.

We randomly selected 200 pairs of Chinese handwriting samples from the OLH-
WDBL1.1 dataset. In this dataset, the shortest sample contains 3 points, while the longest
one has 216 points. OLHWDB (Online Handwritten Chinese Character Database) is the
online handwritten version of HWDB (Handwritten Chinese Character Database), captur-
ing handwritten point sequences with both spatial and temporal information. In contrast,
HWDB represents characters in image format and lacks sequential data. The OLHWDB1.1
dataset comprises 3755 distinct Chinese characters, each represented by numerous hand-
writing samples. For our point registration experiment, we randomly selected 200 of these
characters to ensure a diverse and representative subset for analysis. Since the purpose
of this experiment is to demonstrate the accuracy of point registration, it is not necessary
to select all Chinese characters. The experiment data are labeled and checked manually.
Results reported in Table 2 indicate that the proposed mDTW has an advantage against
state-of-the-art methods in all complexity conditions. A possible explanation for this is
that mDTW takes temporal information as a significant factor. Since online handwriting
trajectories may have severe spatial noises in different samples, the writing order for every
stroke should be the same. Thus, sequence-based mDTW performs much better than
image-based methods in such kinds of tasks.
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Table 1. Comparison of point matching results.

Method Simple Normal Complex
APM [22] 34.2% 73.4% 82.7%
CGE [23] 87.1% 91.2% 85.3%
LVMs [24] 90.5% 92.0% 88.7%
PMT [25] 89.8% 93.5% 87.4%
mDTW 93.1% 94.2% 95.7%

4.2. Handwriting Character Recognition Systems

We present the settings of the model hyperparameters to facilitate reproducibility.
For the mDTW+Transformer model, we employ a 6-layer Transformer architecture to
efficiently process temporal sequence data, leveraging the modified Dynamic Time Warping
(mDTW) algorithm to enhance its capability to handle sequences with varying lengths and
temporal distortions. Each layer of the Transformer is designed with a hidden state space
dimension of 512. This configuration is crucial for balancing computational efficiency with
the model’s ability to capture complex temporal relationships. The choice of six layers is
informed by preliminary experiments that indicate this depth provides a suitable trade-
off between model complexity and performance on our targeted tasks without leading
to significant overfitting or computational inefficiency. The hidden state dimension of
512 for each layer was selected based on its performance in capturing the intricacies of
the data while maintaining a manageable model size and computational demand. These
hyperparameters—specifically, the depth of the Transformer and the dimensionality of
the hidden states—are essential components of our model’s architecture that significantly
influence its performance and efficiency in processing time-series data.

The ultimate proposal of this paper is the HCCR experiment. We compare our method
with state-of-the-art methods, including Benchmark, ICDAR-2011 Winner: VO-3, UWar-
wick, DropSample and DropSample-Ensemble-9 [26], NET4-subseq30 and NET123456 [27]
and RNN-attention [19]. The illustrated results of those methods are recorded from the
corresponding reference. In Table 2, “top-1”, “top-3”, and “top-10" refer to metrics for
model prediction accuracy. “Top-1” accuracy means the proportion of times the model’s
first choice is the correct answer; “top-3” accuracy indicates the chance the correct answer
is within the model’s top three predictions; similarly, “top-10" accuracy refers to the correct
answer being among the model’s top ten predictions.

As can be seen from Table 2, the result of mDTW+Transformer architecture is the
current best performance among state-of-the-art methods. It should be mentioned that the
results we utilize to compare are from all deep-learning-based end-to-end methods. Our
method fails in the top-1 test against other state-of-the-art since we used the mDTW-cluster
model to do the class task, which means that a test sample only refers to the nearest centers.
Nevertheless, the top-3 result shows the achievements our method has made, indicating
that the test samples find the correct centers as top-3 in 3755 classes. All these experiment
outcomes indicate that our method has a huge potential in sequence processing tasks. We
then combined it with the optimized Transformer to form the mDTW+Transformer archi-
tecture. As can be seen, this new architecture integrates the strengths of both components,
surpassing the accuracy of all other compared SOTA methods.

In recent times, there have been notable strides in the realm of sequence modeling,
particularly with the advancements achieved by RNN-attention-based algorithms. These
methodologies, leveraging attention mechanisms, have demonstrated significant progress
across various domains. A noteworthy example is the RNN:Ensemble [19], which effec-
tively reduced model scale while maintaining competitive performance. However, upon
scrutinizing the data presented in Table 2, it becomes apparent that deep-learning-based
models appear to have reached a performance plateau. The observed trend indicates that
new methodologies have only marginally improved accuracy, with gains typically falling
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below the threshold of 0.3%. Despite the collective efforts to enhance these models, the
incremental improvements have been relatively modest.

Table 2. Comparison of HCCR methods.

Methods Top-1 Top-3 Top-10
Benchmark 2013 [18] 95.3% 97.3% 98.8%
VO-3 2013 [28] 95.8% 97.8% 99.0%
UWarwick 2013 [28] 97.4% 98.4% 99.3%
Runner-up 2013 [28] 96.9% 98.2% 99.2%
DropSample 2016 [26] 97.2% 98.4% 99.4%
Ensemble-9 2016 [26] 97.5% 98.5% 99.5%
NET4-subseq30 2017 [27] 97.9% 98.9% 99.5%
NET123456 2017 [27] 98.1% 99.0% 99.5%
RNN:Single 2019 [19] 97.2% 98.4% 99.4%
RNN:Ensemble 2019 [19] 97.6% 98.6% 99.5%
MSCS+ASA+SCL 2022 [29] 96.7% 97.6% 98.9%
SqueezeNext+CCBAM10 2023 [29] 97.4% 98.6% 99.2%
DLHCR 2024 [29] 97.8% 98.7% 99.4%
mDTW-Cluster 68.7% 88.8% 94.6%
mDTW+cGRU 97.4% 99.1% 99.6%
mDTW+Transformer 98.5% 99.3% 99.8%

Breaking away from this performance bottleneck, our proposed method has signifi-
cantly altered the landscape. Our approach introduces a paradigm shift, outperforming
existing models and achieving a notable breakthrough in accuracy. This transformative out-
come underscores the potential for further advancements in sequence modeling, challeng-
ing the limitations imposed by the perceived performance ceiling in deep-learning-based
methodologies. Except for higher HCCR accuracy, the proposed one has an advantage in
the real meanings of model parameters when compared to these state-of-the-art methods.
For instance, in this paper, the proposed model is a sequence group, where each sequence
stands at the center of the character. On the contrary, parameters in deep-learning-based
models are weights and biases. It is very hard to figure out the relationships between these
parameters and real samples in a black box model.

4.3. Human Activity Recognition Experiments

We present the experimental evaluation of our proposed method, mDTW+Transformer,
on three human activity datasets: UCI-HAR, PAMAP2, and OPPORTUNITY. The datasets
were chosen due to their popularity and representative nature in the field of human activity
recognition. The experiments aim to demonstrate the effectiveness of our approach in
comparison to the state-of-the-art (SOTA) methods. For the experimental evaluation, we
followed a standard protocol for data preprocessing, which is borrowed from [30]. We
compared our proposed method, mDTW+Transformer, with several SOTA methods on each
dataset. The results of our experiments are summarized in Tables 1-3 for point matching
and HCCR, respectively. In Table 3, the hyphens indicate that the given algorithm was not
tested on the specific dataset.

From the tables, it is evident that our proposed method, mDTW+Transformer, outper-
forms all the compared SOTA methods on all datasets in terms of accuracy. The results
demonstrate the effectiveness of our approach in recognizing human activities from various
datasets. The superior performance of our method can be attributed to several factors:
(i) the combination of mDTW and Transformer allows for a robust alignment between dif-
ferent activity instances, (ii) the Transformer architecture captures long-range dependencies
effectively, and (iii) the use of appropriate evaluation metrics ensures a fair comparison
with SOTA methods. Furthermore, our method is generic and can be applied to various
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human activity recognition tasks without any modifications, making it a versatile approach
for practical applications.

Table 3. Comparison of HAR methods.

Methods UCI-HAR WISDM PAMAP2 UniMib OPPOR
DCNN 2015 [31] 95.1% - - - -
tFFT+Convnet 2016 [32] 95.7% - - - -
b-LSTM-S 2016 [33] - - - - 92.7%
DeepConvLSTM 2016 [34] - - - - 93.0%
CondConv 2018 [35] - 98.7% 94.0% 77.31% 81.1%
CIRF 2018 [36] - - - - 89.1%
LSTM+CT+CSA 2018 [37] - - 89.96% - -
AttnSense 2019 [38] - - 89.3% - -
The Layer-wise CNN 2020 [39] 96.9% 98.8% 92.9% 78.0% 81.0%
Lego CNN 2021 [40] 91.4% 97.5% 93.5% 74.4% 88.1%
Real+Virtual 2023 [41] - - 69.9% - -
TinyTNAS 2024 [42] 96.7% 96.5% 93.7% 77 9% 93.2%
mDTW+Transformer 88.7% 98.5% 94.2% 78.5% 93.5%

Our experimental results with the mDTW+Transformer method outperform the state-
of-the-art (SOTA) due to a key characteristic of our proposed approach: the coarse-to-fine
classification method applied to sequences. The results are listed in Table 3. This method
involves a two-step classification process that enhances both the accuracy and efficiency
of classification.

In the first step, coarse-grained classification, sequences are initially grouped into
broad categories based on their overall features and patterns. This initial stage focuses on
capturing the overall characteristics of the sequences, reducing the complexity of subse-
quent processing. In the second step, fine-grained classification, sequences within each
broad category are further classified with greater precision. This stage emphasizes the
subtle features and patterns within sequences, aiming to improve the accuracy of clas-
sification. By employing this coarse-to-fine classification strategy, our mDTW+CGRU
method comprehensively considers the features of sequences and effectively captures
complex patterns. Additionally, the CGRU architecture, with its powerful expression ca-
pabilities, effectively learns long-term dependencies within sequences, further enhancing
the performance of classification. Therefore, we attribute the superior experimental results
of our mDTW+CGRU method compared to SOTA to the coarse-to-fine classification ap-
proach. This strategy not only improves classification accuracy but also better adapts to the
complexity of various sequence data.

4.4. Ablation Study

The target of Experiment 2 was to investigate the effect of model hyperparameters on
different complexity of characters. We manually selected 100 handwriting sample couples,
including 33 simple, 34 normal, and 33 complex. We investigated 7 groups of hyperparam-
eters, where we only change «, B is configured as a constant vector {1,10,100}. Table 4
compares the data we obtained from experiments. It could be concluded that the value
of wp plays a significant role in our algorithm. On the contrary, the other two « variables
are not key factors. Meanwhile, appropriate gaining of a; and a3 could increase matching
accuracy. Considering that the normal complexity is a major part of all characters, we set «
as {0.1,0.8,0.1} for clustering. The challenge of data significance arises from the inherent
properties of diverse variables. One particularly well-established feature in the realm of
handwriting analysis research is the pen’s moving displacement, denoted as Ax. This vari-
able has gained widespread recognition for its efficacy in capturing important variations in
writing directions. Researchers have extensively employed it to unveil nuanced aspects of
handwriting intricacies.
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Table 4. Results of the effect of different model hyperparameters a on different complexity of characters.

o Simple Normal Complex
{0,1,0} 89.5% 92.2% 89.3%
{0.1,0.8,0.1} 93.1% 94.2% 95.7%
{0.45,0.45,0.1} 66.3% 42.2% 32.7%
{0.8,0.1,0.1} 50.3% 62.2% 48.6%
{0.1,0.45,0.45} 43.6% 38.1% 30.2%
{0.45,0.1,0.45} 56.7% 18.8% 21.9%
{0.1,0.1,0.8} 68.0% 18.2% 15.3%

However, it is essential to delve into the relationship between pen-moving displace-
ment and pen location. The latter can be conceptualized as the integral of displacement,
offering a holistic perspective on the trajectory of the writing instrument. Yet, a notable
drawback surfaces: the directional variation information tends to be subdued within the
integral representation. Consequently, while pen location provides an overall picture of the
writing path, it may lack the granularity required to discern subtle changes in direction. In
stark contrast, the utilization of pen-moving displacement emerges as a superior choice in
many instances. By focusing on the instantaneous changes in position, this approach excels
at capturing the finer nuances of writing directions. The importance of these variations
becomes particularly evident when seeking a comprehensive understanding of the intricate
dynamics involved in handwriting.

We conducted ablation experiments to validate the effectiveness of our method, exper-
imenting on both the HCCR dataset and the Human Action Recognition dataset. In these
experiments, we selected three sequence modeling models: cGRU, LSTM, and Transformer.
We first conducted experiments using these three models individually, and then we inte-
grated them into the mDTW framework. By comparing and observing the impact of the
mDTW framework on the accuracy of the experimental results, it can be seen from Table 5
that the experimental results with mDTW achieved an accuracy improvement of about 1%
on most datasets. This demonstrates the effectiveness of our proposed method.

Table 5. Ablation of mDTW Joint modeling methods.

Methods HCCR UCI-HAR WISDM PAMAP2 UniMib OPPOR
cGRU 95.6% 84.1% 94.8% 92.9% 75.3% 88.1%
LSTM 95.1% 86.3% 94.5% 93.7% 75.8% 89.6%
Transformer 96.6% 86.2% 95.5% 93.2% 76.4% 90.4%
mDTW+cGRU 97.4% 87.6% 97.1% 94.1% 77.1% 92.1%
mDTW+LSTM 97.2% 88.1% 97.9% 94.1% 77.7% 92.7%
mDTW+Transformer  98.5% 88.7% 98.5% 94.2% 78.5% 93.5%

In summary, the preference for pen-moving displacement over pen location stems
from its ability to accentuate crucial directional changes, therefore outperforming the
integral representation. This nuanced perspective enables a more detailed and insightful
analysis of the complexities inherent in the act of writing.

5. Conclusions

The purpose of the current study was to develop a sequence algorithm for temporal
data modeling applications. To achieve this, we proposed a simplified hierarchical cluster
model and designed a mDTW method to value the similarities between sequences. By tak-
ing HCCR as a specific research area, the proposed method has achieved a big improvement
in recognizing accuracy (Top-3 and Top-10). This work contributes great confidence that
reforming, improving, and appropriately using some simple methods could defeat deep
learning in large-scale data-sequence processing tasks. We can outperform deep-learning
approaches in the realm of intelligent computing for large-scale data-sequence processing
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tasks. Moreover, we envision significant potential for the expansion of our method into
other research domains focused on sequence analysis within the purview of intelligent
computation. Additionally, the methodology presented in this article seamlessly lends itself
to joint modeling with various deep neural network models, further enhancing its adapt-
ability and effectiveness in intelligent computing applications. Deep models include main
sequence-oriented methods, including RNN, Tf, and other models. Experimental results
show that our method can improve the modeling performance of the model to a certain
extent when combined with a deep model. It has achieved good performance in human
action recognition and handwriting recognition tasks, and some results exceed SOTA.

Through joint modeling, we can effectively combine the flexibility of mDTW with the
powerful representation capabilities of deep-learning models. This method has significant
advantages when dealing with complex time-series analysis tasks, especially when the
shape and global structure of the time series need to be considered simultaneously. Future
work will include validating the effectiveness of this joint modeling approach in a wider
range of application scenarios and exploring further optimization strategies to improve
model performance and efficiency.
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Abstract: The paper aims to develop an information system for human emotion recognition in
streaming data obtained from a PC or smartphone camera, using different methods of modality
merging (image, sound and text). The objects of research are the facial expressions, the emotional color
of the tone of a conversation and the text transmitted by a person. The paper proposes different neural
network structures for emotion recognition based on unimodal flows and models for the margin of the
multimodal data. The analysis determined that the best classification accuracy is obtained for systems
with data fusion after processing each channel separately and obtaining individual characteristics.
The final analysis of the model based on data from a camera and microphone or recording or broadcast
of the screen, which were received in the “live” mode, gave a clear understanding that the quality of
the obtained results is highly dependent on the quality of the data preparation and labeling. This is
directly related to the fact that the data on which the neural network is trained is highly qualified.
The neural network with combined data on the penultimate layer allows a psycho-emotional state
recognition accuracy of 0.90 to be obtained. The spatial distribution of emotion analysis was also
analyzed for each data modality. The model with late fusion of multimodal data demonstrated the
best recognition accuracy.

Keywords: multimodal data; late fusion; convolution neural network; emotional state; multi-modal

emotion recognition

1. Introduction

More than a decade ago, the realm of human-machine interaction began gaining
traction, progressing toward increasingly user-friendly and adaptable machine interfaces.
With the emergence of machine learning, the capability to discern human emotions became
feasible [1].

Examining interpersonal interaction underscores the importance of comprehending the
psycho-emotional state of conversational partners. Consequently, the integration of emotion
recognition into machine-human interaction processes has surged in popularity [2].

Traditionally, humans perceived machines as emotionless entities primarily executing
intricate computations. However, equipping machines with the ability to decipher facial
expressions, intonation, gestures, and other non-verbal cues promises enhanced rapport
between machines and individuals [3].

Many global car brands often introduce systems that warn the driver about his drowsi-
ness [4] or feeling unwell. Popular brands are also willing to pay money to evaluate human
emotions while viewing advertisements [5]. A human behavior recognition system is often
helpful in predicting crimes [6]. And, there are many other areas in which understanding
the emotions of consumers would play the role of an essential push in development [7].
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Some reports suggest that the emotion detection and recognition market was worth
about $12 billion in 2018 and could grow to more than $90 billion by 2024 [8]. The Israeli
startup Beyond Verbal (Tel Aviv-Yafo, Israel) [9] is developing intelligent emotion analytics
that look for signs of anger, anxiety and excitement by analyzing a person’s voice—not
the specific words, but intonations. The proposed approach may be helpful for mental
health assessments, market research or even to help call centers improve phone customer
relations [10].

Amazon (Bellevue, WA, USA) is also working to improve the ability of its own Alexa
Al assistant [11] to interact with users by detecting emotions in their voices. Reference [12]
proposed the dataset MOISEI to examine a data fusion model. However, the first research
on the multimodal analysis of human emotions was conducted based on two modal parts
of information. For example, the usage of a combination of sound and speech modalities
is analyzed in [13]. Also, an implementation with a combination of sound and speech in
systems with a deep neural network is given in the article in [14]. Based on these works,
it was concluded that the fusion of two modal signals provides better accuracy than any
unimodal system.

There are also many algorithms combining different types of information signals into
multimodal data at various stages (early, late) and using other methods of intermodal
information extraction. All these implementations are not easy to understand, but they will
eliminate the possible loss of information, which is the basis of multimodal emotion data,
and give perfect accuracy.

At this stage of development, models are studied and improved based on intermodal
information in multimodal recognition of the psycho-emotional state.

The research aims to develop a model and information system for recognizing human
emotions in a stream obtained from a PC or smartphone camera, using different methods
of merging channels of image, sound and text, and analysis of the results.

To achieve this goal, it is necessary to solve the following tasks:

Live generation of data received from a camera and microphone;

Live generation of data obtained from a recording in the device’s memory;

Live generation of data obtained from the broadcast screen;

Processing live data to a form that neural networks will accept;

A mechanism for generating new data to supplement ready-made data sets and create
new ones;

Three neural networks for separate processing of image, sound and text streams;
Two neural networks for multimodal recognition of emotions;

Three information systems for recognizing emotions with different ways of merging
data streams;

e Interface for ease of use of information systems.

Having solved all these problems, we will be able to conduct a qualitative analysis of
the three selected ways to merge data streams and draw appropriate conclusions.
The objectives of this research are:

The formalization of the process of the multimodal data merging and analysis;
Each data modality analysis and neural network architecture development;
The development of the methods of late fusion of multimodal data to achieve the best
recognition accuracy;
e  Proving the adequacy and demonstration of the functionality of the created model.

The main contribution of the research is given below:

1. The deep learning-based late fusion of multimodal information for human emotion clas-
sification of sequential images, audio and text is developed. To achieve this, five neural
network structures based on CNN and LSTM for single-mode and multimode emotion
recognition are proposed. The number of emotions is one of the model’s parameters and
can be easily changed. Bidirectional LSTM with CNN where the first layer is wrapped
with a TimeDistributed function is used for face emotion recognition.
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2. The comparative simulation experiment of single-mode and multimode emotion
recognition of emotional features in artificial intelligence information systems is con-
ducted. The best accuracy in the multimodal emotion recognition (MMER) network
is 0.9245 with merging in the end (late fusion). However, due to the low accuracy of
speech emotion recognition (SER) and text emotion recognition (TER)—0.5611 and
0.64, respectively, this system shows high quality in recognition based on multimodal
data obtained in the “live” mode.

The rest of the paper is organized in the following way: Section 2 outlines some recent
studies and their analyses, including all the papers that use the dataset examined in this
study; Section 3 starts with a detailed description of the data preparation and ways of data
merging and follows with the developed model; Section 4 presents the obtained results;
Section 5 is the related discussion; and Section 6 is the concluding section.

2. Related Works

Over time, systems began to use fusion at different stages, such as early (at the function
level) and late (weighted average of unimodal network results). In [12], a method for
processing three types of multimodal data is proposed, which considers the delay and time
shift of multimodal data in the time dimension and the relationship between embedding
in multimodal data. The evaluation is based on the MOSEI dataset. Experimental results
show that the method effectively improves the correlation of relevant information between
multimodal signals.

Combining features at the input level and combining deep neural networks for emo-
tion analysis based on multimodal data is described in [15]. In [16,17], the author first
encodes each modality separately and then uses feature-level fusion in the middle layer to
obtain a multimodal embedding, which is a static feature-level fusion. In contrast to the
method described in previous articles, the author in [18,19] uses dynamic fusion at the fea-
ture level, the essence of which is the simultaneous encoding of unimodal data and fusion
at the feature level. Each information modality is given the same weight in the methods
described above. However, this approach is only partially correct because during further
research in articles [20-23], researchers found that different modal information has other
importance for the final result, and the degree of importance differs. For example, in [23],
the author noted that verbal data would be more influential than non-verbal data, leading
to a change in the word’s meaning. The author takes the verbal modality as dominant and
the non-verbal modality as an auxiliary for multimodal fusion.

The papers [24,25] analyze separated modalities for mood detection and modality and
fusion. The multimodal-fusion approach in [25] uses a strategy referred to as “late-fusion”
that involves the combination of unimodal model outputs as inputs of the decision engine.

During the inception of this technology, there needed to be better quality of emotion
determination. This problem has an explanation. Emotions reflect a person’s subjective
attitude to various phenomena. Emotion is a person’s specific response to situations that
affect his/her interests. There are emotional manifestations that cannot be controlled
and that can be recognized. Under the influence of the same external factors, different
people may have different emotions [26]. Emotions are manifested in different ways and in
combination with each other. Recognizing emotions from facial expressions is a complex
mental process. A person can recognize another person’s emotions by their face, gait
and gestures. Ekman, a psychologist in the 1960s, believed that there were only six basic
emotions expressed by facial emotions [27,28]. But further research has shown much more
variability regarding the number of emotional states and how they are expressed. This
varies in different cultures [29], in different situations, and even within the same day.

One of the companies offered police software to detect emotions [30]. The ability to
detect emotions such as anger, stress or anxiety provides law enforcement with additional
information when conducting a large-scale investigation. Ultimately, it is believed that the
responsible use of this technology will be a factor that will make the world safer.

7
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Many job candidates have benefited from HireVue’s technology, which aims to help
eliminate the very significant human bias in the existing hiring process [31]. Cogito
has developed voice analysis algorithms for call center personnel to help them detect
when customers are experiencing problems. However, people believe that before emotion
detection can make automated decisions, the industry needs more evidence that machines
can detect human emotions effectively and consistently [32].

The field of recognition of a person’s psycho-emotional state by a machine gained
popularity with the advent of machine learning and neural networks. This is directly
related to the fact that to perform this task, it is necessary to analyze the image by extracting
specific features from it; the same should be performed with the data of other modalities,
namely sound and text. Considering unimodal data, the first development stage was
using simple fully connected neural networks. However, such data as image, sound, and
text carry much more information if we consider not one pixel (for an image) but also its
surroundings. This is characteristic of the next stage, namely convolution neural network
(CNN) [33]. This neural network performed exceptionally well in emotion recognition
based on all three data types, but separately.

However, as mentioned above, data for recognizing a person’s psycho-emotional
state should be taken with a specific perspective concerning time. For this, at the stage
of development of neural network structures, networks CNN long short-term memory
(LSTM) [34] were distinguished. Such a structure considers data in a specific environment
and at a particular time interval, which is very suitable for recognizing human emotions.

In addition to the abovementioned types of neural networks, there are many others
because new ideas and implementations appear every day in machine learning. A lot of
those models are very complex but provide excellent accuracy. Unfortunately, complex
systems are hard to use for real-time data analysis.

Multimodal data analysis for emotion recognition has made significant strides in
recent years, but there are still several gaps and challenges that researchers are working to
address. Some of these gaps include:

e  While there has been progress in analyzing multiple modalities, integrating these modal-
ities effectively remains a challenge. Combining information from different modalities in
a coherent and complementary manner is essential for accurate emotion recognition.

e Emotion data often suffer from class imbalance, where certain emotions are under-
represented compared to others. Additionally, emotions are highly subjective and
context-dependent, leading to variability in how they are expressed and perceived
across different individuals and cultures.

e  Many applications of emotion recognition, such as human-computer interaction and
affective computing, require real-time processing of multimodal data. Achieving low-
latency, real-time performance while maintaining high accuracy poses a significant
technical challenge.

For real-data analysis with different modalities, it is worth accepting something in the
middle, in order to implement faster online prediction on a client-server architecture. In
particular, transformer structures that include an encoder and a decoder are well suited for
that task. These systems are also very user friendly as they are often designed to learn to
produce convenient tape output. It is this structure that we will explore further in the work.
And also, LSTM is explored for sound and image modality.

In the paper, CNN + LSTM was chosen for our model, because this method is easy
to understand and implement with an appropriated level of accuracy. Late fusion in
various implementations was chosen as the method of multimodal data fusion. Number of
emotions is one of the model’s parameters. Bidirectional LSTM with CNN where the first
layer is wrapped with a TimeDistributed function is used for face emotion recognition.
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3. Materials and Methods
3.1. Data Preparation

The solution implemented in the paper is based on the combination of simple uni-
modal methods for emotion recognition into one multimodal method. This solution allows
a reasonably accurate result to be obtained, for example, in recognizing a person’s psycho-
emotional state while using the banking system [25]. Also, developing such an information
system will make it possible to understand the advantages of multimodal recognition
of emotions.

The most straightforward 3 options of the model and information system that can be
implemented (Figure 1) are the following;:

e  Merger of three information streams at the stage when the probability is obtained for
three models separately. In this case, we take a constant weighted sum of all three results
(Figure 1a).

e  Stream merging at the stage when each model has formed a certain set of characteristics
for its data stream. In this case, we combine all these characteristics into one array and
submit it for further processing with a typical output (Figure 1b).

e  Data merging at the beginning of the neural network immediately after pre-processing
(Figure 1c).

Image
I H
‘ Image HProrgjgseingH Result 1 ’ Image Processing
. Audio . I
‘ Audio HprocessingH Result 2 Emotion ‘ ’ Audio HPr(ilg;ng CIassifierH Emotion ‘
Text
‘ Text HprocessingH Result 3 ’ Text }_,{szz; g

(a) (b)

Multimodal Emotion
Processing

()

Figure 1. Diagrams of systems with different methods of merging (a) merging in the end; (b) merging
in the middle; (c) merging in the start.

Multi-modal emotion recognition (MMER) system merges text, sound and images.
The data flow in the system is realized not only from the camera and microphone, but also
from the saved recording in the device memory and the screen broadcast. Based on the
analyzed requirements, we will use CNN [33] and LSTM [34] models of neural networks
for three types of data and different ways of merging them.

We can identify three points where new data arrives. The first moment is when we
read data from the camera and microphone (or from a recording or broadcast of the screen)
and submit it for processing. The second point is when the data is fed to the input of the
neural network for the learning process. The third point is when pre-processed data is fed
to a trained network to predict human emotions.

Based on characteristic of supervised learning in [35], we have to enter two data
streams, x and y. In our case, y is the probability vector that the emotion belongs to a certain
category. And x is either data of one type or an array of data of different types. This is also
called the classification problem.

Consider the data for a text emotion recognition (TER) model, i.e., to recognize emotion
in text. The data in these datasets are taken from the Kaggle resource [36]. There are about
5-15 words in one fragment of text. The total number of such fragments in the initial data
set is 47,291.
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Next, consider a similar folder for speech emotion recognition (SER). This is a RAVDESS
dataset taken from the Kaggle resource [37]. Files are organized in folders based on differ-
ent actors who voice emotions. The average recording time in these files is 3-6 min. The
original data set consists of 1440 files.

Now let us look at a similar folder for training the neural network facial emotion
recognition (FER). This is a data set CK + 48 with 5 emotions [38] taken from the resource
Kaggle. Faces are manually cropped in that dataset [39]. Each folder has a sequence of
3 images, which is required for proper training of our LSTM model. Images contain the
faces of different people. The size of the image is 48*48 in grayscale. The total number
of images in this initial data set is 765. The Fer13 dataset [40] contains 8 emotions. This
dataset can be used for testing the efficiency of the proposed model.

The amount of data in the sets can be easily increased due to the implemented func-
tionality of data regeneration from other sets or from the live data stream from the camera
and microphone (or from recording or broadcasting the screen). The preprocessing is
used for that. At the output of the camera, we have an image in three RGB colors. We
need to convert it to grayscale, find and cut out the human face, and reduce the image to
48*48 dimensions, as in the dataset we trained the neural measurer on.

In the end, unimodal datasets consist of:

e  FER:765images from CK + 48 with surprise, sad, happy, fearful and angry expressions;
calm emotion was added from 162 manually cropped images from live-stream (camera
and YouTube (San Mateo, CA, USA)); in addition, the dataset was augmented using
data augmentation generative adversarial network (DAGAN [41]) with 186 images;

e  SER: 1440 files from RAVDESS with surprise, sad, happy, fearful, angry, calm and
disgust expressions; disgust emotion files were eliminated;

o  TER: 47,291 short texts with surprise, sad, happy, fearful, angry and calm emotions.

Unimodal datasets are used for unimodal neural network training. Then, the pre-
trained neural networks are used in merged neural networks. To train a multimodal system
with neural networks, the functionality of processing and combining data of three types
from these three data sets was implemented. In the first step, data from TER and SER were
combined according to the same meaning of the text and the meaning of the emotion. In the
second step, a sequence of 3 images with the same emotion value was added. This sequence
is generated from 5-10 s video as 3 separated images with some difference between images.
The dissimilarity is found using the package imagehash. The final dataset consists of
1167 FER + SEP + TER triplets and 162 triplets generated from live streaming and YouTube.
The division into folders is implemented similarly to CK + 48 by emotions. An example of
one package consisting of a text file, an audio recording and three images of an emotional
face is shown in Figure 2.

B 184925 text 0250t [@ 184925 speech_025.wav M 184925 facial 025 3jpg

M 184925 facial 025_2.jpg B 184925 facial_025_1jpg B 182850 text_025.txt

Figure 2. An example of one dataset for the emotion of surprise (https://doi.org/10.6084/m9
figshare.23596362.v1, accessed on 1 September 2022).
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Of the dataset, 70% is used for training and 30% for testing.

It is possible to feed each type of data separately to its corresponding neural network.
There is also a similar implementation in the case when this network is part of a large
network with a merging in the middle (Figure 3a). Another presentation option is data
fusion right at the beginning with image preprocessing for the adequacy of this fusion, and
already a joint presentation at the entrance to the network (Figure 3b).

Feature
Image » FER model ——— .. Image selection,
Preprocessing
Audio » SER model F———» .. Audio
Text ——— TER model —» .. Text

(a) (b)

Figure 3. Input different types of data into their respective models: (a) to feed each type of data
separately to its corresponding neural network; (b) data fusion right at the beginning with image
preprocessing for the adequacy of this fusion.

3.2. Model Development

There are three cases of multimodal data analysis. In the first case, the multimodal emo-
tion recognition model with late fusion is the structure organized as follows: the results of
three modalities are obtained from the corresponding unimodal networks and then added
with the same coefficient of influence on the final result (0.33). In the second realization,
the multimodal emotion recognition model with middle fusion is the structure realized as
follows: the characteristics of the three modalities obtained in the corresponding unimodal
networks are added to the softmax layer and processed in several fully connected layers,
which allows a well-balanced joint result to be obtained. The latter option, multimodal
emotion recognition with early fusion, is organized as a structure where different types of
data streams merge as early as possible and are processed as one common unimodality.

All previously mentioned options correspond to the late merger in the concept of meth-
ods of multimodal recognition of the psycho-emotional state, without modifications that
take into account intermodal connections. As a result of the system, we expect to have a vec-
tor of probabilities that the emotion belongs to a certain category, or classification problem.

Once we have the data, we need to have neural networks. In our case, there are 5 neural
networks for 3 systems for recognizing a psycho-emotional state. The implementation of
those networks is presented below.

In the first system, we have 3 separate neural networks, each of which is responsible
for its own type of input. But at the output, the prediction results of 3 neural networks
merge into one.

The first network is FER—a neural network for facial emotion recognition. The
architecture of this neural network is based on CNN and bidirectional LSTM (Figure 4)
where the first layer is wrapped with a TimeDistributed function. The TimeDistributed
layer requires a minimum of 3 dimensions. The objective is to consider the sequences of
three images as a single input data because every sequence contains necessary information.
Six emotions are taken into account.
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Bidirectional(LSTM)

Dropout

Bidirectional(LSTM)

Dropout
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BatchNormalization

Dropout
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Figure 4. The structure of the FER neural network.

In this and all other neural networks, the size of the input and output layers of the
network are parametric. This allows you to quickly change the number of emotions with
which the neural network works.

The next speech emotion recognition (SER) network is a network for recognizing
emotions by the sound a person makes when talking. This network has the simplest
and small architecture. It allows you to quickly and effectively train and predict emotion
based on the data received in the “live” mode. CNN is used here. The structure of the
network is shown in Figure 5. Emotions are characterized by a different set of jumps in the
spectrogram and different acoustic features.

Mel-spectrogram analysis is used for recognition of emotions. According to [42], a
context window of 64 frames is adopted to extract the static Mel-spectrogram. The frame
shift size of 32 frames is used to generate overlapping segments of the Mel-spectrogram.
The overlapping segments is the key to speech segmentation. As a result, the static Mel-
spectrogram is obtained at the size of 64*64. Therefore, 64 cores help to find
such fluctuations.
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Figure 5. The structure of the SER neural network.

The last network in this system is TER—a network for recognizing emotion from text.
This network has a very complex and bulky architecture. This is due to the general difficulty
of determining emotions by text. CNN and LSTM are used here. The structure of this
network is presented in Figure 6. A maxpooling layer is used after vertical concatenation.

The next system with a merger in the middle is implemented according to the prin-
ciple of combining the 3 neural networks mentioned above with beige “softmax” layers
(MMERm—multimodal emotion recognition with merge at the middle). That is, at the
moment of obtaining certain characteristics. CNN LSTM is used here, accordingly. The
structure of this neural network is cumbersome and is shown in Figure 7.

Merge at the end (MMERe—multimodal emotion recognition with merge at the
end) is developed as the structure when the obtained results of three modalities, in the
corresponding unimodal networks, are added with the same coefficient of influence on the
final result (0.3 (3)). To do this, we use the previous models (FER, TER and SER).

The last version of the system is implemented according to the principle of merging
the neural network immediately at the input (MMERs—multimodal emotion recognition
with merge at start). A set of fully connected layers is used here. The idea of such a
structure was to merge the data into one row at the very first step and highlight hidden
dependencies and characteristics with the help of several fully connected layers. First of
all, this network will be used as an experiment with various structures that can only be
invented. The structure of this neural network is shown in Figure 8.
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Figure 6. The structure of the TER neural network.

MMERM_Facial_input | InputLayer MMERM_Speech_input | InputLayer MMERM_Text_input | InputLayer
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Figure 7. The structure of the MMERm neural network.
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Figure 8. The structure of the MMERSs neural network.

4. Results

The system was developed based on the following technologies algorithms and frameworks:

CNN, LSTM

Dropout, MaxPooling, Flatten, Dense, Reshape, GlobalMaxPool2D, BatchNormaliza-
tion, Bidirectional, TimeDistributed, Embedding;

Nadam;

Relu, softmax, elu;

EarlyStopping, ReduceLROnPlateau;

Accuracy, categorical_crossentropy;

Precision, recall, f1-score, support.

In addition:

PCA, TSNE;

OpenCV 4.8.1 (convertScaleAbs, LUT);

Ffmpeg 0.2.0 -python (ffmpeg.input);

Librosa 0.10.1 (feature.mfcc);

SpeechRecognition (speech_recognition.recognize_google);
Tokenizer (texts to sequences).

For results evaluation, the following metrics are used: accuracy, categorical_crossentropy,

precision, recall, f1-score.

Accuracy is the percentage of correctly classified data (fp—true positive, tn—true

negative, fp—false positive, fn—false negative):

B tp +tn
Ctp+tn+fp+fn
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Categorical cross-entropy is a loss function that calculates the difference between
two probability distributions: the observed distribution and the predicted probability
distribution. In the case of classification, the input is fed to the input of the model, which
generates a vector of distribution probabilities across all classes. The next step is to compare
this vector with the vector of actual values and calculate the cross-entropy between the
two vectors.

The basic idea behind categorical cross-entropy is that we penalize a model if its
predicted probabilities differ from the actual values. Therefore, the goal of optimization is
to reduce this loss by adjusting the model parameters.

Because neural networks are used not only in the learning process, where logits imme-
diately hit the evaluation function but also to show the percentage of predicted emotion,
the result normalized by the Softmax layer is more presentable and understandable. If we
consider the context of the study of structures on metrics, the softmax layer can be omitted
and specify the CrossEntropyloss function with the from_logits = true parameter, in which
case the internal code would do the same as the softmax layer. Therefore, this decision has
no effect on the result. The separate layer was made for convenience in our context.

Precision is the proportion of relevant instances among the extracted instances:

_tp
tp+fp

Recall is the proportion of relevant instances that were retrieved:

_ _tp
Ctp+fn’

F1-score combines precision and recall and takes their harmonic mean. It is used to
compare the effectiveness of classifications:

2 x (P xR)
F1="2" 22
P+R

Python 3 Google Compute Engine backend (GPU) was used for experiments
performing.

To begin, let us look at detailed results for training and testing using six emotional states.

For qualitative assessment, TSNE derivation is also implemented for the characteristics
formed in each network at the penultimate layer of the neural network during prediction.
The program uses “PCA” and “TSNE” implementations for this. For example, on the vali-
dation data for five neural networks, we will have the graphs shown in Figures 9 and 10.
Therefore, the cluster density for FER is the best compared with the rest of the unimodal
models. The SER model demonstrates clusters overlapping. MMERmM and MMERs demon-
strate appropriate cluster density too.

And finally, we visualize the TSNE graphs for three architectures for test
dataset (Figures 11 and 12). TSNE converts similarities between data points to joint proba-
bilities and tries to minimize the Kullback-Leibler divergence between the joint probabilities
of the low-dimensional embedding and the high-dimensional data (based on scikit-learn
version 0.16.1 documentation [43]). The obtained result is the same. The best result is for
MMERm, MMERs and FER. SER presents clusters overlapping. Anger emotion is well
recognized based on MMERm.
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Figure 9. TSNE for FER (a), SER (b), TER (c)—training dataset.
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Figure 10. TSNE for MMERm (a) and MMERs (b)—training dataset.
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Figure 12. TSNE for FER (a), SER (b), TER (c)—testing dataset.

Based on these three conclusions, we are able to qualitatively analyze the results of
testing in “live” mode.
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First, Table 1 shows the resulting accuracy of five neural networks. The highest valida-
tion accuracy based on multimodal data is obtained for MMERS. However, multimodal
accuracy is still worse than the accuracy for unimodal FER. FER, SER and TER were trained
on a unimodal separated dataset, then the pretrained neural networks are used in merged
neural networks.

Table 1. Table of neural network training results.

MMERe
MMERm MMERs
FER SER TER
val_accuracy  0.9245 0.4363 0.6416 0.7000 0.7347
val_loss 0.4402 0.9542 0.7048 0.4647 0.6396
train_accuracy 1.0000 0.6544 0.8209 0.9583 0.9774
train_loss 0.0267 0.8468 0.4675 0.0732 0.05832

Table 2 shows the metrics of testing on validation data. Metric values will be presented
as “weighted avg”. However, metrics “micro avg”, “macro avg” and “samples avg” are also
available for analysis. The best result is obtained for FER (video modality) and the worst
result is obtained for SER (audio modality). The difference in accuracy across modalities
is explained by the difference in the quality of the datasets. So, for images, a sequence
of three images is analyzed. A convolutional neural network works well for recognizing
individual images. Moreover, accuracy increases with combined results of CNN and LSTM
for sequential images. Speech recognition is performed for a dataset consisting of audio
files 4 s long, due to which the end of the sentence to determine the emotion is not always
correct. The same situation exists for the text dataset. At the same time, the combination of

three modalities makes it possible to significantly improve the result.

Table 2. Table of test results of networks after training.

MMERe
MMERm MMERs
FER SER TER
precision 0.92 0.56 0.64 0.92 0.90
recall 0.92 0.56 0.64 0.90 0.89
fl-score 0.92 0.56 0.64 0.91 0.89
support 106 319 16377 120 720

For a better understanding, we display this data in the form of a bar chart in Figure 13.
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Figure 13. Bar chart of average training results.
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The value of such metrics can be obtained for each emotion separately.
For a better understanding, we display this data in the form of a bar chart in Figure 14.
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Figure 14. Bar chart of training results for each emotion.

In addition to validation training, it is important to analyze live test results, as these
are important in our system of multimodal recognition of a person’s psycho-emotional
state in the data stream from the camera and microphone or recording or broadcasting the
user’s screen.

First, we present the results of various metrics with averaging “weighted avg” (Table 3).

Table 3. Table of test results of networks after testing.

MMERe
MMERm MMERs
FER SER TER
precision 0.78 0.54 0.67 0.71 0.62
recall 0.66 0.48 0.63 0.62 0.58
f1-score 0.715 0.51 0.65 0.66 0.60
support 67 31 29 62 52

The results of the same metrics for each emotion separately are given in Figure 15.
Happy emotion is the best recognized by FER, SER, MMERm and MMERs. Neutral emotion
is the hardest emotion for recognition by SER and TER.

We will also show an alternative version of the visualization of test results for each
emotion in Figure 16.

Next, the training time for different numbers of emotions and accuracy were analyzed.
All neural networks were trained on the same dataset. Figure 17 presents time dependence
of number of emotions. The maximum number of emotions for multimodal data is six
because the same number of emotions is used in the FER dataset.
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Figure 15. Bar chart of test results for each emotion.
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Figure 16. Drawing test results for each emotion.
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Figure 17. Training time dependence from number of emotions.

More detailed information is presented in Tables 4 and 5.

Table 4. Accuracy and training time for different numbers of emotions (from nine to six emotions).

Number of Emotions

9 8 7 6
3, = . i . i . :
=] %) « @ 2 « 2] D) < ] %) < 7]
= ¢ £ % T & £ T £ £ 3 & %
E > & > & E > B E 2 3
= @ = = a = = & - = & =
=} =3 =3 =3
5 5 5 5
< < < <
FER - - - - - - - - - 310.12  1.0/0.92 464
SER - - - 36 0.67/0.47 138 34.74 0.71/0.55 141 52.03 0.72/0.55 250
TER 72543 0.75/0.66 48 634 0.75/0.65 45 56793 0.74/0.66 45 547.73  0.74/0.65 45
MMER-S - - - - - - - - - 29.51 1.00/0.97 78
MMER-M - - - - - - - - - 195.6  0.99/0.85 18
Table 5. Accuracy and training time for different numbers of emotions (five to two emotions).
Number of Emotions
5 4 3 2
e e = el
o 2 2 2 2
3 - £ - £ - £ - £
=] ) « @ [ « 2l 0 < 12} [0 = )
p b £ S b £ S b £ S b £ S
E 2 & E 2 & E 2 & E 2 2
= a = = @ = = o = = S =
=3 =3 =3 =3
3 3 3 5
< < < <
FER 96.8 0.87/0.86 157 125.61 0.99/0.88 222 140.25 1.0/0.85 347 69.57 1.0/1.0 196
SER 41.71 0.73/0.64 235 55.85 0.77/0.66 346 22.45 0.80/0.75 176 2.84 059/0.75 21
TER 421.23 0.74/0.65 36 369.32 0.86/0.78 38 2499  097/094 40 84.88 0.98/095 66
MMERs 15.28 096/090 43 18.94 1.00/0.94 71 13.32 1.00/0.89 57 7.062 1.00/0.94 39
MMERm 211.58 0.98/0.82 22 170.03 0.99/0.95 24 105.82  1.00/0.95 16 102.76  0.99/1.00 26
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The list of emotions is presented below:

s s

“neutral”, “happy”, “sad”, “hate”, “anger”, “joy”, “fear”, “love”, “surprise”

VTS vou ”ou

“neutral”, “happy”, “sad”, “anger”, “joy”, “fear”, “love”, “surprise”

a7

“neutral”, “happy”, “sad”, “anger”, “fear”, “love”, “surprise”

Va7

“neutral”, “happy”, “sad”, “anger”, “fear”, “surprise”

V7]

“neutral”, “happy”, “sad”, “anger”, “surprise”

uhappyu, usad/r, /langerrr, ”Surprise”
s

“sad”, “anger”, “surprise”

a7

“anger”, “surprise”

N W s U1 o3 o o

From Tables 4 and 5, we can make a conclusion about the dependence of learning
time on the number of emotions. Also, the accuracy of recognition slightly decreases with
the increase in the number of emotions. Although for six emotions, the accuracy is higher
than for five. This situation is explained by the features of the data sets and the number of
emotions that were basically presented in them.

The difference in train and validation accuracy for different numbers of emotions can
be explained in the following way. Some emotions are similar and that is why it is very
hard to recognize them based on only one modality. From the other side, MMERs looks the
best in comparison with the rest of the models.

The next experiment was conducted based on size of images. The purpose of the
experiment was to test the hypothesis of whether a larger image size would affect the
accuracy of emotion classification. To conduct the experiment, two options for changing
the data were used. The first option was to artificially increase the image size of the original
CK + 48 dataset to 192*192. The second way was to use new data obtained from a real data
stream (noted with symbol +) in which the frame size was 192*192. Also, for comparison,
the new images were reduced to 48%48. Accordingly, for the analysis of new data, the FER
architecture in Figure 4 has also been resized to fit the image. The change in the training
time of the FER neural network depending on the image size was also analyzed.

Early stopping is used to increase the efficiency of training neural networks and to
avoid overfitting. On other hand, one of the drawbacks of early stopping is that it can be
sensitive to the choice of the validation set, the criterion, and the threshold or the patience
parameter. To analyze the quality of developed FER NN, three early stopping criteria were
implemented based on:

e Validation loss,
e  Number of epochs,
e  Accuracy.

The first experiment was conducted based on validation loss as the early stopping
criteria. Figures 18 and 19 represent validation accuracy and training time, respectively, for
different numbers of emotions. The comparison in Figure 18 is presented on an absolute
scale. The time percentage in Figure 19 expresses the training time increasing when
comparing two emotions. In this figure, the relative time for two emotions is equal to one,
the relative time of the rest of the emotions is presented as relative time increasing.

In Figure 19, for three emotions and for six emotions training time is higher for smaller
images (48*48) than for bigger images (192*192). One possible explanation for that is
lower recognition rate for smaller images. The classification accuracy (Figure 18) on the
new 192*192 images is slightly lower than on the original SK + 48 dataset. Obviously, for
artificially reduced or artificially enlarged images, the classification accuracy is much lower.
The analysis of computational complexity (Figure 19) showed the dependence of time on
the number of emotions and the size of images.

The number of epochs was chosen as a second experimental stopping criteria. Due to
limited computation resources for multiple experiments, the number of epochs is equal
to 20. The validation accuracy and validation loss are given in Figure 20. Based on the
presented results, the decision is that the number of epochs is not sufficient to train the
models, especially for FER (192%192).
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Figure 18. Accuracy dependence from number of emotions and image size for FER.
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Figure 19. Training time dependence from number of emotions and image size for FER.
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Figure 20. Validation accuracy (a) and loss (b) for 20 epochs.
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The next stopping criteria is built on accuracy. The value 0.4 is chosen for exper-
imental purposes only and used for time evaluation and evaluation of the number of
epochs (Table 6). Thus, the increasing number of epochs and training time depending on
number of emotions and image size is presented.

Table 6. Training time and number of epochs to obtain accuracy equal to 0.4 or high.

Number of FER (48*48) FER (192%192)
Emotions/ Training Time Number of Training Time Number of
Model 5 Epochs 8 Epochs
6 9.55 33 14.84 26
5 8.83 28 8.3 12
4 6.33 13 6.03 6
3 4.62 2 4.66 2
2 4.42 1 4.48 2

Based on experiments presented in Figures 18-20, the best accuracy is obtained using
early stopping criteria on loss. The training time depends on number of emotions, size of
images and number of epochs.

The next experiment was a study of the dependence of classification accuracy on the
number of images in the sequence (sequence length of the frames was used as input of the
LSTM) used in FER. As can be seen from Table 7, increasing the number of images does not
significantly affect the classification accuracy.

Table 7. Accuracy for different numbers of emotions and numbers of images in the sequence.

Emotion Number/

Validation Accuracy (%) FER (48*48) + 3 Images FER (48%48) + 5 Images
6 0.920 0.915
5 0.864 0.865
4 0.882 0.893
3 0.854 0.863
2 1.000 1.000

5. Discussion

From the results shown in Tables 1-3 and Figures 13-17, the following conclusions
can be drawn.

Among the individual neural networks of the first MMERe system, the best and fairly
good accuracy in the FER network is 0.9245. However, due to the low accuracy of SER and
TER—0.5611 and 0.64, this system will show not so good quality in recognition based on
multimodal data.

The other two options for merging data, MMERmM and MMERSs, trained better. The
average accuracy of the models is 0.90 and 0.89, respectively.

Number of emotions is one of the model’s parameters and can be easily changed.

However, there is a high probability that the networks in the last two systems have
been retrained. This is confirmed by the data we received after testing in Table 3. In addition
to the problems in the testing process mentioned above, one we must also highlight is the
possible impact of fuzzy pronunciation on records, poor lighting, and other details that
affect data quality.

The future research will be connected with MOSEI [44] dataset usage and comparison
with existing results. The next step will be to find additional computing resources for
training networks with the ability to work with images with a higher resolution than 48*48.
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6. Conclusions

This work demonstrates the use of various simple methods of late fusion of multimodal
data to achieve the best recognition accuracy. Based on the analysis, it was determined
that the best among the proposed systems is the system with data fusion after processing
each channel separately and obtaining individual characteristics. As the conclusion, we
would like to note that marking the data obtained in live testing is a very long and difficult
process. First, there is the subjective understanding of what the emotion is, which may not
coincide with reality due to the similarity of the manifestations of psycho-emotional states
and specifics depending on the author in the video and the circumstances. Secondly, for
the amount of data that will allow adequately assessing the results, it is necessary to carry
out an extremely long process of marking the data, which must be taken from a very long
record of emotional manifestations of different people. Third, as predicted, on live data the
accuracy will be much lower than on an almost identical, well-processed data set, which
trains the neural networks of multimodal emotion recognition systems.

Therefore, for a correct analysis, it is necessary to conduct a much larger study, after
which the correct conclusion can be determined.

The topic covered in this paper is very extensive. It takes a lot of time to cover at
least part of this area. This topic is attractive, with its diversity and the results of the
work of systems that use the technology of multimodal recognition of emotions based on
machine learning.

According to [45], the highest recognition accuracy of 99% for FER is provided by
the SVM classifier and it recognizes seven emotions. As obtained in the paper, FER’s 92%
accuracy is lower. However, the proposed model is tested for “live” video too with 79%
accuracy, and that is impossible for SVM. In 2D FER, mostly JAFFE and CK databases are
used for more efficient performance than the other databases.

When it comes to results presented in Tables 4 and 5, multimodal neural networks,
particularly MMERSs, present the best result for all numbers of emotions. It can be explained
by training of all networks on the same dataset and increasing the accuracy based on
merging streams.
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Abstract: Defect detection holds significant importance in improving the overall quality of fabric
manufacturing. To improve the effectiveness and accuracy of fabric defect detection, we propose
the PRC-Light YOLO model for fabric defect detection and establish a detection system. Firstly,
we have improved YOLOV7 by integrating new convolution operators into the Extended-Efficient
Layer Aggregation Network for optimized feature extraction, reducing computations while capturing
spatial features effectively. Secondly, to enhance the performance of the feature fusion network, we
use Receptive Field Block as the feature pyramid of YOLOv7 and introduce Content-Aware ReAssem-
bly of FEatures as upsampling operators for PRC-Light YOLO. By generating real-time adaptive
convolution kernels, this module extends the receptive field, thereby gathering vital information
from contexts with richer content. To further optimize the efficiency of model training, we apply the
HardSwish activation function. Additionally, the bounding box loss function adopts the Wise-IOU v3,
which incorporates a dynamic non-monotonic focusing mechanism that mitigates adverse gradients
from low-quality instances. Finally, in order to enhance the PRC-Light YOLO model’s generalization
ability, we apply data augmentation techniques to the fabric dataset. In comparison to the YOLOv?7
model, multiple experiments indicate that our proposed fabric defect detection model exhibits a
decrease of 18.03% in model parameters and 20.53% in computational load. At the same time, it has a
notable 7.6% improvement in mAP.

Keywords: fabric defect detection; YOLOV7; lightweight network; HardSwish; Wise-IOU v3

1. Introduction

The detection of fabric defects plays a significant role in the industrial sector. In the
process of fabric manufacturing, the defects on the surface of fabric are inevitable. There-
fore, scholars are focused on the effective identification and precise localization of these
fabric defects [1].

There are two main categories of methods for detecting fabric defects: traditional
methods and deep learning methods. The traditional methods include the texture structure
method, histogram statistics, spectral method, modeling method and adaptive dictionary
learning method for fabric defect detection. Li et al. put forward an approach that relies on
saliency region and similarity localization detection to achieve accurate contour segmenta-
tion of periodic textured fabric images and address the challenge of defect detection [2].
This detection speed is not dominant, and the detection effect for fabric images with no
obvious defects or complex texture fabric images is generally not satisfactory. Xiang et al.
proposed a yarn-dyed fabric defect detection algorithm based on Fourier convolution and
convolutional self-encoder that avoids the conventional method of introducing noise in the
training phase and employs a random masking method to generate image pairs for training
instead [3]. In the process, some spatial domain information may be lost, making it difficult
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for the decoder to fully recover the original input when inverting the frequency domain
data back to the spatial domain. Wu et al. developed a method of cotton fabric defect
detection based on K-Singular Value Decomposition dictionary learning [4], in which the
dictionary is generally better suited to handle sparse textures. Kanwal et al. utilized the
K-means algorithm to develop a bag-of-words model and proposed a significance-based
bag-of-words model for fabric defect detection [5]. The bag-of-words model may ignore
the spatial information and contextual relationships of features, leading to the loss of
local information and structural information in images. Although the detection speed and
performance of the methods based on traditional image processing are better than those of
manual detection, the methods of generalization ability are inadequate. In the past two
decades, deep learning has become a trend for fabric defect detection, and the techniques
have achieved significant advancements in this field [6]. Methods for detection based
on deep learning can be classified further into two primary categories: single-stage and
two-stage methods. The single-stage methods mainly include Solid State Drive (SSD) [7]
and You Only Look Once (YOLO) [8,9] series, and the two-stage algorithms comprise
R-CNN [10], Fast R-CNN [11], Faster R-CNN [12] and so on. Zhao et al. utilized ROI Align
and ResNet50 network to replace the region of interest pooling layer and VGG16 features
extraction network in Faster R-CNN [13]. In addition, the softmax classifier is used to
identify the image and obtain the prediction results, but the detection speed needs to be
improved. Zhang et al. introduced the channel attention mechanism to highlight defect
features and suppress background noise features in MobileNetV2-SSDLite and redefined
the loss function by Focal Loss [14]. However, this model still has a lot of parameters and is
difficult to deploy. Based on YOLOv5s, Zhou et al. used K-Means++ clustering to acquire
the anchor frames, followed by combining the CARAFE upsampling operator. In addi-
tion, they added a small target detection layer to the baseline model, which results in an
increase in the amount of model parameters [15]. Wu et al. embedded Classification-Aware
Regression Loss (CARL) into YOLOF. Although this method establishes a relationship
between classification and target localization [16], CARL exhibits sensitivity to noise and
outliers within the data, potentially resulting in the model’s tendency to overfit to these
anomalies. Lin et al. proposed a weighted bidirectional feature network by substituting the
Backbone module within the original YOLOVS5 structure with the Swin Transformer [17].
Moreover, they employed the generalized focal loss to decrease the missed detection rate
and improve the learning of positive sample instances. However, the Swin Transformer
increases the parameter number and calculation amount of the original network, and there
is no guarantee that the model will achieve the same detection results on either mobile or
embedded terminals. Guo et al. embedded the Atrous Spatial Pyramid Pooling module
and squeeze-and-excitation channel attention module into YOLO. They used convolution
kernels with varying expansion rates to pool feature maps and achieved improved de-
fect detection accuracy by self-learning the weights of each feature channel [18], but the
background of the dataset is too simple, which can lead to idealized experimental results.
Di et al. developed a deconvolution-based adaptive feature fusion network and introduced
a context receptive field block into the Backbone of the YOLOv5 model; in addition, they
used exponential distance IOU as the model bounding box loss function [19]. The detection
precision of the model is improved by adaptively weighting the bounding box gradient,
but this method has 3.8M more parameters than the baseline YOLOVS5 and a lower mAP
value than YOLOV?7.

The methods mentioned above can achieve higher defect detection accuracy or the
quantity of computation, but often at the cost of adding more parameters to the original
model. In addition, the background of the dataset used in some literature is not compli-
cated enough, so they have high mAP values. In this paper, we made some data images of
fabric defects with complicated background and researched the structure of YOLOv?7 [20].
Our main contributions are as follows:
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¢ We propose Partial Convolution (PConv) to replace the 3 x 3 Conv of Extended-
Efficient Layer Aggregation Networks (E-ELAN) in the Backbone module.
This replacement aims to decrease network model calculation and parameters.

¢ In the Neck module, we incorporate a Receptive Field Block (RFB) [21] and integrate the
Content-Aware ReAssembly of FEatures (CARAFE) lightweight upsampling operator.

e We utilize the HardSwish activation function to decrease the computational burden
and memory access of the network. The Wise-IOU v3 with dynamic non-monotonic
focusing mechanism is applied as the bounding box loss function of the model.

e Compared with YOLOv7 and other detection models, the experimental results validate
that PRC-Light YOLO has the highest mAP and improves the performance of fabric
defect detection.

The remaining sections of this article are organized as follows: In Section 2, we
introduce the YOLOv7 model and its image processing process. Section 3 presents the PRC-
Light YOLO model, which encompasses the construction of lightweight modules, feature
fusion network and optimization of activation functions and loss functions. Section 4
provides a detailed account of the experimental results and analysis. In Section 5, we
design a fabric defect detection system. Section 6 discusses further research based on the
experimental results. Finally, a conclusion is provided.

2. YOLOvV7 Model Structure

The YOLOV?7 model is mainly composed of three parts: Backbone, Neck and Head.
The model structure is shown in Figure 1.

Backbone .

Figure 1. The network structure of YOLOv?7.

2.1. Backbone

The Backbone part mainly comprises the CBS (Convolution, Batch normalization,
SiLU) layer, E-ELAN module, and MPConv (Max Pool Convolution) module [22]. Among
them, different CBS colors signify varied convolution kernels. The MPConv module
comprises upper and lower branches. The upper branch shows the feature map via
MaxPool operation, effectively reducing spatial dimensions by half. Subsequently, a CBS
operation is applied to halve channel count. In the lower branch, the feature map is
processed by the first CBS to reduce the number of channels, followed by another CBS to
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further reduce channel count. Lastly, the upper and lower branches are merged by tensor
splicing. The E-ELAN module contains two branches [23], and this module improves the
ability of the network to learn additional features.

2.2. Neck

The Path Aggregation Feature Pyramid Network (PAFPN) structure is used in the
Neck module of the YOLOV? for feature fusion [24]. This involves transmitting and fusing
higher-level feature information through an upsampling process, followed by feature map
predictions obtained through a down-sampling fusion method. The final output comprises
results from three feature layers. As image processing may result in significant image
distortion, the SPPCSPC module incorporates three parallel MaxPool operations during a
series of convolutional operations, effectively reducing the occurrence of image distortion.

2.3. Head

In the Head detection section, the REP module differs between the training and
inference stages. During the training stage, it comprises three branches. While in the
inference stage, the REP module undergoes reparameterization and consists of only a
3 x 3 Conv.

Thus, the fabric defect detection process based on YOLOV? is outlined as follows.
Firstly, preceding the input of an image into the Backbone, the model executes a series of
operations, including adaptive image scaling, Mosaic data enhancement, adaptive anchor
frame calculation and so on. Secondly, the Backbone module extracts features from the
processed image. Thirdly, the Neck module conducts feature fusion processing on the
extracted features from the Backbone, generating feature maps of three different sizes:
large, medium and small. Finally, the Head layer detects the fused features and outputs
the final results.

3. Fabric Defect Detection Based on PRC-Light YOLO

Although YOLOV?7 has excellent detection accuracy and speed on datasets such as
COCO and PASCAL VOC [20], its performance diminishes for fabric defect detection in
fabric datasets. Thus, we study the theoretical foundation and network architecture of
YOLOV?7, subsequently proposing PRC-Light YOLO for a fabric defect detection model.

3.1. Lightweight Backbone Network

The reduction of floating-point operations (FLOPs) can alleviate the computational
burden of neural networks, thereby shortening both forward and backward propagation
times. This reduction significantly contributes to achieving lower latency. Simultaneously,
lower FLOPs can enhance the parallelism of neural networks on hardware, increasing
throughput and enabling faster processing of input data streams. Consequently, to achieve
lightweight neural networks that meet the demands of low latency and high throughput,
the focus of most researchers remains on minimizing the total number of FLOPs. This is
because there exists the following relationship between neural network latency and FLOPs:

FLOPs

FLOPS @)

Latency =

Floating-point operations per second (FLOPS) is a metric for computing speed ef-
ficiency. As indicated by Equation (1), reducing the number of FLOPs does not always
guarantee a decrease in neural network latency. Hence, it is essential to concurrently reduce
FLOPs and optimize FLOPS to truly achieve low latency.

Chen et al. demonstrated that frequent memory accesses by convolution operations
reduced FLOPS values in neural networks [25]. ShuffleNet [26], MobileNet [27] and Ghost-
Net [28], for example, embed Group Convolution (GConv) or Depthwise Convolution
(DWConv) to extract spatial features. For an input I € R***® with ¢ convolution kernels
W € R*k, we obtain an output O € R°*"*®. Then, the FLOPs for regular convolution
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ish x w x k? x ¢?, and the DWConv’s FLOPs is h x w x k? x c. Despite the lower FLOPs,
the DWConv operation cannot be directly followed by the regular convolution operation,
or it will lead to a significant degradation of model accuracy. To compensate for the drop in
precision, the PointWise Convolution (PWConv) operation is typically employed after DW-
Conv, with the channel count in DWConv being augmented to c. As a result, the Memory
Access Cost (MAC) for DWConv is as follow:

hxwx2d +k>xc ~hxwx2 )
The MAC for regular convolution can be represented as follows:
hxwx2d +k>xcahxwx2e 3)

A comparison of Equations (2) and (3) suggests that the DWConv operation may
elevate the frequency of memory accesses in the process of reducing FLOPs. Furthermore,
since these models typically involve extra data processing operations such as splicing,
disambiguation, and pooling, the inclusion of DWConv does not invariably curtail the
neural network’s latency.

Therefore, we adopt a novel partially convolution PConv in the Backbone, which
reduces the FLOPs and MAC of neural networks. The principle of the PConv is illustrated

in Figure 2.
_h —
W Identity

............. >»

C-Cp
............. )

Cp ﬁ
kaXCp

Input Output

Figure 2. The principle of PConv.

As can be seen from Figure 2, PConv only performs the convolution operation on
part of the input channels by using the regular conventional Conv for spatial feature
extraction. Meanwhile, the remaining ¢ — ¢, channels keep an identity mapping to Output.
This approach allows selective processing while preserving certain channel information.
The FLOPs of PConv is calculated to be i x w x k2 x c%, and the MACis h X w x 2¢) + k2 x

c%, ~ h x w x 2c,, where ¢, denotes the number of channels in PConv that perform regular
convolution. The ¢, is usually taken to be 1/4c. Therefore, the FLOPs of PConv are only
1/16 of those of the regular Conv, resulting in reduced memory access. This paper replaces
all 3 x 3 convolution operations within E-ELAN of the YOLOv7 Backbone network with
PConv. This substitution allowed for a reduction in the frequency of memory accesses by
the neural network. This substitution allowed for the maintenance of higher FLOPS with
fewer FLOPs, consequently reducing neural network latency and making the network more
effective at extracting spatial features.

3.2. Improved Feature Fusion Network
3.2.1. RFB Feature Pyramid

The Feature Pyramid SPPCSP is made up of two components: Single-Point Perfection
(SPP) [29] and Complexity-Sensitive Perfection (CSP) [30]; as a result, it has a larger number
of model parameters and computations, which leads to slower inference speed of the
YOLOvV7 model. Additionally, in the sampling process, SPPCSP might cause a reduction in
the size of input feature maps. This could potentially lead to a degree of feature information
loss, which has an impact on the detection of small objects. Consequently, we integrate the
RFB feature pyramid into the Neck of the YOLOvV7 model, which is able to learn deeper
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features from the lightweight CNN model, making the detection model faster and more
accurate with less calculation.

The RFB is a multi-branch convolution [31] block inspired by Inception [32] in network
construction. Its internal structures are divided into two parts: multi-branch convolution
employing various convolution kernels and dilated convolutions featuring variable rates.
The dilated convolution operation’s primary function is to expand the receptive field so
that it can capture crucial information in regions with more context. The structure of the
REFB is illustrated in Figure 3.

[ 1x1 Conv ] [ 1x1 Conv ]

[ 1x1 Conv ] [ 3x3 Conv ] [ 5x5 Conv ]

3x3 Conv, rate=1

3x3 Conv, rate=5

ReLU Activation

Figure 3. The structure of the RFB.

In the RFB, we utilize branches with varying dilation factors to capture multiscale
information and different ranges of dependencies. Despite these branches having distinct
receptive fields, they share the same weights, which help reduce the number of parameters,
thereby lowering the risk of overfitting and maximizing the utilization of information from
each sample. Finally, the RBF concatenates the computation results from different branches,
preventing the model from encountering gradient explosion and vanishing gradient issues
during training, ultimately achieving the goal of fusing different features.

3.2.2. CARAFE Upsampling Operator

The upsampling method in the YOLOV7 feature fusion network is the nearest neigh-
bor interpolation method [33]. The principle of this method is to identify the nearest
neighbor pixel in the target image based on each pixel’s position in the original image
and subsequently replace the value of that pixel in the original image with the value of the
nearest neighbor pixel. However, the image quality after scaling by this method is poor,
and obvious jagged edges may appear. To address this issue, we introduce the CARAFE
upsampling operator. This innovation significantly bolsters the neural network’s semantic
feature extraction capacity during the upsampling process within object detection tasks.
Importantly, this improvement is made without significantly increasing the amount of
computations and parameters. The CARAFE upsampling process is depicted in Figure 4.

The CARAFE architecture is made of two primary modules: the upsampling kernel
prediction module and feature reassembly module. These components work together to
enable effective upsampling and feature reassembly within the network. In the upsampling
kernel prediction module, assuming the upsampling ratio is ¢, the process begins with
channel compression through a 1 x 1 convolution operation on the input feature map of
size H x W x C, resulting in a feature map of size H x W x C,. Subsequently, encoding
the feature map using a keye X kene convolutional kernel generates the recombined kernel
kup X kup, obtaining a feature map with o2 x k%,p channels. The channels are then spa-
tially unfolded and subjected to softmax normalization, producing a feature map of size
ocH x cW x Kﬁp, where each feature value corresponds to an upsampling kernel. In the
feature recombination module, through the mapping relationship, the region kyp x kyp
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centered in the input feature map is taken out, and then the dot product operation is
performed with the upsampling kernel at the same position in cH x oW x Kﬁp to obtain
the output value.

5 o x k2 aly :
W — oH s
. H Reshape Kernel E
: Content Normalizer
: C Encoder K :

up

..........................................................

1x1x C,, ! feature reassembly module

H

Figure 4. Upsampling process on CARAFE.

The CARAFE achieves instance-specific content-aware processing by generating real-
time adaptive convolution kernels and can aggregate contextual information over a larger
receptive field. Therefore, we introduce the CARAFE upsampling operator to replace two
upsampling operations in the Neck structure of the YOLOv7 model. According to the
trade-off relationship between ke, and kyp, to maintain the performance and efficiency, ki,
takes the value of 7 and ke takes the value of 5 in the experiments.

3.3. HardSwish Activation Function

Activation functions are significant in neural networks, introducing non-linearity and
enabling the networks to learn and represent complex functions, thereby enhancing the net-
work’s representational capacity [34]. In the absence of activation functions, deeper neural
networks would be limited to handling linearly differentiable problems [35]. Commonly
used activation functions are Sigmoid, ReLU, Swish, Mish, GELU and so on. The YOLOv7
model employs the SiLU activation function, which is expressed as follows:

X
= 4
14+e* @

The computation process of the Sigmoid function involves exponentiation, which
undoubtedly increases the computational complexity of the SiLU activation function. How-
ever, the Sigmoid activation function can be approximated using a piecewise linear function
called HardSigmoid [36], which significantly reduces the computational cost. The HardSig-
moid activation function and HardSwish activation function expressions are as follows:

SiLU(x) = x - sigmoid(x)

0, x< -3
HardSigmoid(x) = 1, x>3 5)
(x+3)/6, otherwise
0, x < -3
HardSwish(x) = { (x*+3x)/6, -3<x<3 (6)
X, x>3
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The HardSwish and SiLU activation function output curves are shown in Figure 5.
HardSwish and SiLU are differentiable at all points and have no upper bounds, enabling
them to avoid overfitting while making the model more generalizable. Furthermore,
the segmented function reduces the number of memory accesses, which significantly
reduces the latency cost.

—t#- SILU
—+— HardSwish 54

Figure 5. Activation function output curves.

3.4. Wise-IOU v3 Bounding Box Loss

The loss function of YOLOV7 comprises three parts: Bounding Box Loss (BoxLoss),
Classification Loss (ClsLoss) and Object Confidence Loss (ObjLoss). Among them, the
BoxLoss employs the Complete Intersection Over Union (CIOU) loss [37], and the ObjLoss
and ClsLoss are calculated using the binary cross-entropy loss function. The YOLOV7 total
loss expression is shown in Equation (7).

Loss = LOSSOb]' + Loss.js + Losspox (7)

The CIOU loss in YOLOV?7 considers three geometric factors: the overlap area between
bounding boxes, the difference in aspect ratios and the distance between their center points.
Given a target frame and a prediction frame, the CIOU loss is calculated as:

\/(ix _jx)2 + (iy —jy)2

Lejoy =1-—10U + 2 +av (8)
v
— S 9
YT a-Iou) +v ©)
4 ws! w.,
v= ﬁ(arctan P arctan ﬁ> (10)

The gradient of v with respect to w and £ is calculated as follows:

t
{ 2 _ % (arctan % — arctan ) * #le a1
dv _ 8 w8t w w
5i = sz (arctan g — arctan 1) x -0

(i iy), (jx,Jy) are the center point coordinates of the real frame and the prediction
frame, respectively, v measures the similarities in length ratios, a represents the balancing
parameter and the diagonal length of the smallest outer rectangle containing the true and
predicted boxes is denoted by c. Analysis of Equation (10) shows that when the aspect
ratios of the predicted and real frame are equal, the penalty term related to the aspect ratio
becomes 0. Thus, the aspect ratio penalty term loses its effect, which reduces the optimiza-
tion performance of the model for similarity. From Equation (11), the relationship between
99 and % is inversely proportional, and during training, the simultaneous adjustment of

Jw
both width and height dimensions in the prediction frame is not feasible. This constraint
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hinders the prediction frame from effectively approximating the dimensions of the real
frame [38].

The CIOU employs a monotonic focus mechanism, which is predicated on the as-
sumption that high-quality examples exist within the training data. Its primary objective
is to enhance the fitting capability of bounding box loss. Nevertheless, when the target
detection training dataset includes low-quality examples, indiscriminately emphasizing
the regression of bounding boxes for these low-quality instances evidently leads to a deteri-
oration in the model’s detection performance [39]. Therefore, we employ Wise-IOU v3 as
the bounding box loss, which incorporates a non-monotonic dynamic focusing mechanism.
This mechanism relies on the outlier degree rather than IOU to assess the quality of an-
chor boxes, which diminishes the detrimental gradient caused by low-quality examples,
mitigates the competitiveness of high-quality anchor boxes and improves the overall per-
formance of the detector. The equations are as follows:

(ix = iy)* + (jx — jy)z)

Rwiou = exp( W2 1 ) (12)
Ly1 = Rwiou * Liou (13)
B
3x 1973 (14)
L*

= 10U ¢ [0, +o0) (15)

Liou
Lwiou =7 * Lun (16)

W and H represent the width and height, respectively, of the smallest outer rectangle
of the real frame and the prediction frame and (W? + H?) " denotes the separation of W and
H from the Computational Graph to prevent Ryyjoy from making gradients that impede

convergence. L}y(;u is the monotonic focusing factor of L. Loy denotes the sliding
mean with momentum m, and its dynamic updates contribute to maintaining an elevated
overall B, effectively resolving the issue of slow convergence in the later stages of training.
This enables Wise-IOU to flexibly adjust gradient gain allocation strategies during the
training phase in order to best adapt to the current situation.

3.5. PRC-Light YOLO Model Structure

In summary, this paper proposes PRC-Light YOLO. The differences between
PRC-Light YOLO and YOLOV?7 are as follows:

(1) We replace all 3 x 3 convolution operations of E-ELAN in the Backbone of YOLOv7
with PConv introduced in Section 3.1 to form the PE-ELAN module.

(2) The RFB feature pyramid proposed in Section 3.2.1 replaces the SPPCSP module in
the Neck of YOLOV?.

(3) The CARAFE upsampling operators, as proposed in Section 3.2.2, replace the
two upsampling operations in the Neck structure of the YOLOv?7.

(4) Due to the YOLOv7 model’s utilization of the SiLU activation function, which
is composed of exponentials, there is an increased computational cost. To address this
issue, we bring in the HardSwish activation function, which is composed of piecewise
functions, significantly reducing the computational burden of the model. Consequently,
we replace the SiLU activation function in the CBS module with the HardSwish activation
function. Convolution, Batch Normalization and HardSwish activation functions constitute
the CBH module.

(5) We have replaced the bounding box loss function of YOLOv7 with Wise-IOU v3.
It helps mitigate adverse gradients stemming from low-quality instances, thereby enhanc-
ing the overall performance of the detector.

The PRC-Light YOLO structure is shown in Figure 6.
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Figure 6. The PRC-Light YOLO structure.

4. Experiment
4.1. Fabric Defect Image Dataset

The dataset [40] was acquired from multiple resources, including apparel factories, the
existing literature and the “Xuelang Manufacturing Al Challenge”, from which we select
a total of 1061 images encompassing 4 categories: Warp hanged, Yard defects, Holes and
Stains, named as dj, ds, pd and wz, respectively. Their characteristics are as follows:

(1) Warp hanged is small in size, typically suspended above the fabric without proper
weaving, making it difficult to discern against a darker background.

(2) Yard defect refers to the occurrence of defects along the horizontal direction of the
fabric within a specific length.

(3) Hole refers to a large number of broken weft holes on the cloth surface and the
emergence of weft yarn, which is a serious defect.

(4) Stain manifests as an area on the fabric with a distinct color different from its
surroundings, varying in size from large to small within the dataset.

In order to reduce the unnecessary computations of the network model, all images
are cropped to 200 pixel x 200 pixel to speed up the training. Then, we use MakeSense to
label the defect types in the images and extract the txt annotation information files required
for YOLOV7 model training. In order to enrich the fabric dataset, we randomly rotate the
images, add noise, change the brightness, chromaticity and saturation techniques of the
samples, perform data enhancement techniques on 1061 datasets, expand the dataset to
4244 datasets, enhance the PRC-Light YOLO model’s generalization capacity and then
divide the training set, validation set and testing set according to the ratio of 8:1:1. Parts of
the samples are shown in Figure 7.
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Figure 7. Defective fabric image samples.

4.2. Experimental Environment and Parameter Configuration

The experimental equipment parameters are shown in Table 1. The input image size is
320 x 320, with a total of 150 epochs of training with batch size 16; the initial learning rate
is set to 0.01.

Table 1. Experimental equipment parameters.

Name Operating System RAM Graphics Card CUDA Python Framework

Parameter Windows X64 12G NVIDIA Quadro P4000 11.3 3.8 PyTorch

4.3. Evaluation Metrics

To verify the improved model’s performance, we utilize Precision (P), Recall (R),
F1-score and mean Average Precision (mAP) as the measures of detection accuracy; the for-
mulas are calculated as follows:

P= % (17)
- a

by = score = 2; iZR T 2TP +21€11; TFN 19)
nap— ZELAR (20)

TP represents true positives, representing the amount of positive samples accurately
predicted to be positive in the positive samples. FP denotes false positives, indicating
the count of negative samples that are predicted as positive samples. FN represents
false negatives, depicting the count of positive samples that are wrongly predicted to be
negative. Each category can draw PR curves based on Precision and Recall, every category
corresponds to one PR curve, the area covered by which indicates the Average Precision
(AP) of the category. mAP is the average value after summing up the APs of all categories.
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4.4. Ablation Experiment

An ablation experiment is an important method in deep learning; by improving the
modules of the YOLOvVZ network structure and assessing the contribution of different im-
provement methods on its performance, we conducted seven sets of ablation experiments
in all, where “v"” corresponds to the improvement method and the corresponding experi-
mental order. The experimental results are listed in Table 2. Experiment 1 (exp1) is based on
YOLOV?. Experiment 2 (exp2) replaces YOLOvV7’s SiLU activation function with HardSwish.
Experiment 3 (exp3) incorporates the Wise-IOU v3 into YOLOV? as the bounding box loss
function. Experiment 4 (exp4) substitutes YOLOv7’s SSPCSP pyramid with the RFB mod-
ule. Experiment 5 (exp5) replaces the nearest neighbor interpolation method in YOLOv?7
with the CARAFE operator. Experiment 6 (exp6) integrates HardSwish, Wise-IOU v3, RFB
and CARAFE into YOLOvV7. Experiment 7 (exp?7) is based on PRC-Light YOLO, and it
builds upon exp6 by replacing the 3 x 3 convolution operation in the Backbone’s E-ELAN
with PConv.

Table 2. Results of ablation experiments.

Exp  HardSwish Wise-IOUv3 RFB  CARAFE PConv Params/M GFLOPs/G mAP/% Inference Time/ms

expl X X X X X 37.21 105.2 75.4 35.08
exp2 v X X X X 37.21 105.2 78.1 31.49
exp3 X v X X X 37.21 105.2 79.1 32.08
exp4 X X v X X 33.94 102.5 80.6 33.31
expb X X X v X 37.87 106.5 79.8 34.65
expb v v v v X 34.6 103.8 81.1 30.62
exp?7 v v v v v 30.5 83.6 83 28.46

From Table 2, it can be seen that the first set of experiments is based on YOLOV?,
the model parameter number is 37.21 M, the Giga FLoating-Point Operations Per Second
(GFLOPs) is 105.2 G and the mAP is 75.4%, followed by subsequent experiments, which
are all based on the results of the first set of experiments as a benchmark for compar-
ison. The GFLOPs mentioned above is used to measure the computational complexity
of a model, and 1GFLOPs = 1 x 10° FLOPs, so lower a GFLOPs reduces the latency of
the neural network, thereby improving their computational speed. Experiments 2 and 3,
without increasing the parameters, respectively, increased the mAP values by 2.7%
and 3.7%, and in experiment 2, by introducing the HardSwish activation function, the in-
ference time is lower than the other ones that do not use the HardSwish activation func-
tion, which verifies that the characteristic of the segmentation function greatly reduces
the computational cost of the model. In Experiment 4, the introduction of the RFB fea-
ture pyramid reduces the parameters by 8.79% compared to the SPPCSPC module in
YOLOv7 while simultaneously improving the mAP by 5.2 percentage points. Experi-
ment 5 utilizes the CARAFE lightweight upsampling module in the feature fusion mod-
ule, and the mAP value goes to 79.8% with only a slight increase in parameters and
GFLOPs, which is a significant improvement. In order to verify the lightweight effect of the
PConv, Experiment 6 integrates HardSwish, Wise-IOU v3, RFB and CARAFE into YOLOV?.
By comparing Experiment 7 with Experiment 6, Our findings reveal a reduction in the
network’s parameters by 11.85% and computations by 19.46%. Meanwhile, there is a 1.9%
increase in the mAP value. In addition, the inference time of PRC-Light YOLO is 6.62 ms
less than that of YOLOv?.

The variation curves of mAP values in seven groups of experiments are shown in
Figure 8. Compared with YOLOv7, the number of parameters and GFLOPs of PRC-
Light YOLO are reduced by 18.03% and 20.53% respectively, while the mAP value is
improved by 7.6%. Experiments show that by improving the network structure of YOLOV7,
the lightweight effect is significant; moreover, the efficacy of defect detection in fabrics
using the enhanced model has significantly improved.
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epocl;ls
Figure 8. Change curve of mAP value.

According to the loss curve chart above, it is evident that the PRC-Light YOLO model
exhibits smaller loss values after convergence compared to other models. Specifically, ex-
periments 3, 6 and 7 employ the Wise-IOU bounding box loss function, which dynamically
adjusts the emphasis on different input regions over time. For anchor boxes with lower
outliers, a smaller gradient boost is allocated, thereby directing the boundary regression
towards normal-quality anchor boxes. This adjustment enhances the convergence speed
of the network model. Figure 9 demonstrates that the PRC-Light YOLO model achieves
lower loss values, thereby delivering superior performance in fabric defect detection.
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(c) Object confidence loss variation curve. (d) The total loss function variation curve.

Figure 9. Loss Function. The loss function of the model consists of three parts, (a), (b) and (c),
respectively, show the change curves of the BoxLoss, ClsLoss and ObjLoss for YOLOv7 and PRC-
Light YOLO. (d) shows the total loss function variation curve.

According to Figure 10, it can be obtained that the mAP value of PRC-Light YOLO
is increased from 75.4% at the beginning to 83%, and the experimental results verified
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that the PRC-Light YOLO has improved the effect of defect detection. The AP values
of threading, yard defects, stains and holes increased by 10.2%, 6.9%, 2.4% and 10.9%,
respectively, with the most noticeable improvement in the detection of hanging warp and
holes, and the AP values of the four categories of defects all are improved.

1.0 1.0
0.8 0.8
0.6 0.6
g g
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— dj 0.636 — dj0.738
024 — ds0.770 021 — ds0.839
— wz0.779 — wz0.803
— pd0.832 —— pd0.941
= all classes 0.754 mAP@0.5 = all classes 0.830 mAP@0.5
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Recall Recall
(a) PR curve for YOLOV?Y. (b) PR curve for PRC-Light YOLO.

Figure 10. Precision—Recall. (a) and (b), respectively, show the PR curves of YOLOv7 and PRC-Light
YOLO on the fabric dataset.

4.5. Comparison of Detection Effect

Figures 11 and 12 show the YOLOvV7 and PRC-Light YOLO effects of four different
types of defect detection, including the location of the defect by box selection, as well as
above the box to display the type of defect and confidence. From the comparison in the
figure, it can be observed that the PRC-Light YOLO detection model has improved the
accuracy of fabric defect detection.
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Figure 11. Detection effect of the YOLOv?7.
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Figure 12. Detection effect of the PRC-Light YOLO.

4.6. Comparison Experiment

Through comparison experiments, the efficacy of various models can be assessed
so that the better method can be selected. Therefore, we choose to conduct comparison
experiments with Faster R-CNN, SSD, EfficientDet, CenterNet and YOLOv8x target detec-
tion models.

Table 3 shows a performance comparison of defect detection among various object
detection models, with P, R, F1-score, mAP and inference time selected as evaluation metrics.

Table 3. Defect detectability of different models.

Models P R F1 Params/M  GFLOPs/G mAP/% Inference Time/ms
Faster R-CNN 0.784 0.491 0.6 136.98 370.3 0.696 177.35
SSD 0.832 0.529 0.647 105.2 87.41 0.731 143.58
EfficientDet 0.787 0492 0.605 52.11 34.97 0.697 22.71
CenterNet 0.838 0.547 0.662 125 69.66 0.756 158.2
YOLOv7 0.826 0.697 0.76 37.21 105.2 0.754 32.08
YOLOv8x 0.754 0.754 0.754 68.23 258.5 0.784 40.39
PRC-Light YOLO 0.859 0.784 0.82 30.50 83.6 0.83 28.46

Table 4 shows the comparative results of different target detection models for the
fabric defect dataset.

Table 4. Detection effects of different models.

Categories Faster R-CNN SSD EfficientDet CenterNet YOLOv7 YOLOv8x PRC-Light YOLO
Warp hanged 0.738 0.756 0.731 0.802 0.636 0.732 0.738
Yard defects 0.582 0.596 0.599 0.652 0.77 0.768 0.839
Stain 0.692 0.759 0.686 0.765 0.779 0.786 0.803
Hotel 0.773 0.814 0.773 0.804 0.832 0.850 0.941

It can be seen that the two-stage detection model Faster R-CNN has the lowest mAP
value compared to the other detection algorithms; in addition, the two-stage detection
model has one more step of operation compared to the single-stage model: the candidate
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regions are first generated, and then the regions are classified and identified, which also
causes the slower training speed and inference time of Faster R-CNN. Compared with
the target detection models of Faster R-CNN, SSD, EfficientDet, EfficientDet, YOLOV7
and YOLOVS8X, the precision of PRC-Light YOLO is improved by 7.5%, 2.7%, 7.2%, 2.1%,
3.3% and 10.5%. The recall is increased by 29.3%, 25.5%, 29.2%, 23.7%, 8.7%, 3%; the
F1-score is increased by 20%, 17.3%, 21.5%, 15.8%, 6%, 6.6%, and params is decreased by
77.7%, 71%, 41.5%, 75.6%, 18%, 55.3%. In terms of GFLOPs, PRC-Light YOLO is lower than
Faster R-CNN, SSD, YOLOv7 and YOLOv8x but higher than EfficientDet and CenterNet,
whereas in terms of mAP, PRC-Light YOLO outperforms EfficientDet and CenterNet by
13.3% and 7.4%. In terms of inference time, EfficientDet is faster than PRC-Light YOLO,
but it is lower than PRC-Light YOLO in terms of P, R, F1 as well as mAP values, and PRC-
Light YOLO is faster than all other models except EfficientDet. Comparing with other
models, it can be found that PRC-Light YOLO is effective at detecting the Hole, and the
AP value reaches 94.1%. In the case of Warp hanged, the detection effect of the PRC-Light
YOLO model is not satisfactory, and the AP value is only higher than that of EfficientDet,
YOLOvV7 and YOLOv8x. Therefore, in the subsequent experiments, the PRC-Light YOLO
model should be optimized by taking into full consideration the characteristics of the Warp
hanged. By comparing the AP values of each model for detecting yard defects and stains,
PRC-Light YOLO has at least 25.7% and 11.7% higher detection accuracy than the other
models. Comprehensive indications reveal that our proposed PRC-Light YOLO has an
outstanding detection performance on the fabric dataset, which validates the effectiveness
of the improved method.

5. Fabric Defect Detection System

In order to further illustrate that the model has a certain value for engineering ap-
plications and provide a more intuitive depiction of the detection process and detection
results, we use PyQt5 to design a fabric defect detection system based on PRC-Light YOLO.
The Ul interface of the system is shown in Figure 13.

Fabric Defect Detection System

@® canera Input Output

Figure 13. Detection system Ul

Clicking the “Cfg” button, select the necessary configuration file for the detection
system. The file format should adhere to YAML format. The path to the chosen file will be
displayed in the Statistical window. If the loading is successful, it will show “Load yaml
success”. The application effect of the YOLO model is shown in Figure 14.

The YAML file contents include the path to the weight file, the category of the blemish
and the confidence threshold and IOU threshold. The confidence threshold serves to filter
the model’s output, displaying target boxes only when the detection probability exceeds
this threshold. The IOU threshold primarily controls how the target detection algorithm
handles overlapping targets. When two predicted bounding boxes intersect and both their
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IOU values surpass the IOU threshold, the prediction box with lower confidence will be
filtered out.

7 YoLo-pvar

Fabric Defect Detection System

Log

load yaml form E:/
WHY/QT/yolov7-pyat—
master/PRC. yaml.
—>load yaml success.

Output

Figure 14. Application effect of the PRC-Light YOLO model.

After selecting the configuration file, you have the option to designate the path for
saving the detection results. Additionally, the system is capable of processing images,
videos and real-time data captured through a camera feed. The data path will be displayed
in the Statistical window accordingly. By clicking the “Start Detection” button, the detection
results will be presented to the right of the input image. The YOLO model detection effect
is shown in Figure 15.
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Figure 15. PRC-Light YOLO model checking effect.

In the Statistical window, you will also find information such as the time taken for
detection, the path where the results are saved as well as the categories and quantities of
defects detected. This information is essential for subsequent and timely manual inspection.

6. Discussion

The detection of defects in fabrics holds significant importance for ensuring fabric
quality, reducing cost, enhancing production efficiency and preserving brand reputation.
It is pivotal for the competitiveness and sustainable development of the fabric industry.
This article presents a fabric defect detection model based on PRC-Light YOLO, which
reduces the parameters of YOLOv7 while improving fabric defect detection accuracy. How-
ever, certain limitations still exist in some aspects.

(1) In the study of fabric defect detection, the size and variety of the dataset signif-
icantly impact the effectiveness of the model training. In practical industrial scenarios,
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fabric backgrounds are often characterized by complexity and diversity and may also be
affected by environmental factors such as light. However, the dataset used in the paper
suffers from limitations such as a uniform background, limited quantity and insufficient
diversity in defect types. Therefore, the exploration of methodologies for obtaining and
constructing a substantial dataset of fabric defects becomes imperative. Furthermore,
investigating fabric defects detection the background of intricate patterns and textures
holds significant research significance so that the PRC-Light YOLO model can maintain
robustness in real-world scenarios.

(2) In the research findings of this paper, it is evident that PRC-Light YOLO requires
improvement in its capability to detect Warp hanged. Therefore, for the detection of minute
defects, further investigation can be conducted into image preprocessing, network feature
extraction capabilities or loss functions, with the aim of enhancing the precision of the
network’s detection capabilities.

(3) We have initially developed a textile defect detection system, which has interactiv-
ity and intuitiveness as its main goals. While this system introduces new perspectives for
real-time fabric defect detection, it has not yet been integrated with hardware infrastructure.
To achieve industrial applications, future efforts can involve further refining the detection
platform and completing the setup of the system’s hardware components. Additionally,
we will collect user cases to evaluate the interactivity of the fabric defect detection system
and continuously optimize it.

7. Conclusions

In response to the complex nature of defect types in fabrics, which vary in size,
the computational intensity of detection models and the lower detection accuracy, this
paper proposes the defect detection model PRC-Light YOLO. PRC-Light YOLO achieves
network lightweight by replacing certain Conv layers with PConv layers in the Backbone.
During the feature fusion stage, the RFB pyramid and the CARAFE upsampling opera-
tor are employed, and this approach enlarges the neural network’s receptive field and
enhances detection accuracy without significantly increasing the model’s parameter count
or computational load. PRC-Light YOLO adopts the HardSwish activation function, which
exhibits piecewise characteristics that reduce computational costs and minimize memory
access. Additionally, it utilizes Wise-IOU v3 as the bounding box loss function during
model training, demonstrating robust performance in scenarios with varying dataset scales
and highly imbalanced positive-to-negative sample ratios. Finally, we design a fabric defect
detection system.

In order to improve the model’s robustness and generalization ability, we extended
the fabric dataset by applying diverse augmentation techniques, including random rota-
tion, noise addition and adjustments to brightness, chromaticity and saturation. Ablation
experimental results reveal that PRC-Light YOLO has a lower reduction in network model
parameters by 18.03% and computations by 20.53% when compared with YOLOv7. Ad-
ditionally, it showcases a 7.6% increase in mAP, enhancing the performance of detecting
defects in fabrics. Furthermore, comparative experiments with other object detection
models show that PRC-Light YOLO surpasses them in precision, recall, F1-score and mAP
values. Although CenterNet outperforms PRC-Light YOLO by 6.4 percentage points in
detecting Warp hanged, PRC-Light YOLO significantly outshines other models in detecting
Yard defects, Stains and Holes with AP values consistently exceeding 80%. Notably impres-
sive is the AP value of 94.1% achieved for detecting Holes.

To sum up, we propose the PRC-Light YOLO model, analyze the results of seven
ablation experiments and seven comparative experiments, verify our model’s excellent
defect detection capability in fabrics and design a fabric defect detection system based on
PRC-Light YOLO.
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YOLO You Only Look Once

10U Intersection Over Union

mAP mean Average Precision

SSD Solid State Drive

R-CNN Region with CNN

ROI Region of Interest

VGG Visual Geometry Group

CARAFE  Content-Aware ReAssembly of FEatures
PConv Partial Convolution

E-ELAN  Extended-Efficient Layer Aggregation Networks
RFB Receptive Field Block

CBS Convolution, Batch normalization, SiLU

MPConv ~ Max Pool Convolution

PAFPN Path Aggregation Feature Pyramid Network
REP Re-Parameterization

FLOPs Floating-Point Operations

FLOPS Floating-Point Operations Per Second
DWConv  Depthwise Convolution

GConv Group Convolution

PWConv  PointWise Convolution

MAC Memory Access Cost

ReLU Rectified Linear

GELU Gaussian Error Linear Unit

SiLU Sigmoid Weighted Liner Unit

ObjLoss Object Confidence Loss

ClsLoss Classification Loss

BoxLoss Bounding Box Loss

CIOU Complete Intersection Over Union

PE-ELAN  Partial convolution, Extended-Efficient Layer Aggregation Networks
CBH Convolution, Batch normalization, HardSwish
P Precision

R Recall

F1 Fl-score

TP True Positive

TN True Negative

FpP False Positive

FN False Negative

AP Average Precision

GFLOPs Giga FLoating-Point Operations Per Second
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Abstract: Navigation map generation based on remote sensing images is crucial in fields such as
autonomous driving and geographic surveying. Style transfer is an effective method for obtaining a
navigation map of the current environment. However, there is lack of robustness of the map-style
transfer model, resulting in unsatisfactory quality of the generated navigation maps. To address these
challenges, we average the parameters of generators sampled from different iterations with a dense
sampling strategy in the Generative Adversarial Network (CycleGAN). The results demonstrate
that the training efficiency of our method on the MNIST and generation quality on the Google Map
dataset are significantly superior to traditional style transfer methods. Moreover, it performs well in
multi-environment hybrid mapping. Our method improves the generalization ability of the model
and converts existing navigation maps to other styles of maps precisely. It can better adapt to different
types of urban layout and road planning, bringing innovative solutions for traffic management and
navigation systems.

Keywords: style transfer; remote sensing; model fusion; machine learning; deep learning

1. Introduction

Navigation maps [1-3], serving as a source of data, become more indispensable
in fields such as autonomous driving [4], as more and more researchers use them for
planning [5] and navigation decisions [6] in the context of autonomous vehicles. Point
cloud data [7] and navigation systems [8] could acquire navigation maps, but they are time
consuming, inefficient, and costly. In contrast, methods that use style transfer based on
remote sensing images [9-11] to generate navigation maps are cost effective and offers
real-time capability, which effectively address the aforementioned shortcomings. Style
transfer [12,13] is one of the most significant parts of navigation map generation, which
transforms images from one domain to another by using a style image to convert a given
image without altering its original content. It extracts features from the content and style
of the image separately, adjusting and optimizing the weights of neural networks, and
then fuses them to reconstruct the final image. Currently, navigation maps are mainly
used in urban environments and in off-road settings. Especially in some scenarios like
autonomous vehicle testing, the generation of navigation maps based on remote sensing
images can provide valuable off-road image samples and accurate geographic information
and real-time updates [14-16].

Nevertheless, style transfer faces challenges such as insufficient precision and high
time cost. In order to overcome the obstacles, we propose an improvement in optimization
methods, which fuses the parameters of generators sampled from different iterations
in CycleGANSs [17]. The weight average (WA) of deep learning models leverages the
strengths of different models to compensate for individual model deficiencies, giving rise
to improved predictive outcomes [18,19]. However, the effect of CycleGAN combined

Appl. Sci. 2024, 14, 335. https:/ /doi.org/10.3390/app14010335 164 https://www.mdpi.com/journal /applsci



Appl. Sci. 2024, 14, 335

with WA is often not ideal. Considering that WA based on Dense Stochastic Weighted
averaging (SWAD) [20] increases the diversity of samples and introduces cycle consistency
constraints, we also average the weights of generators with a similar dense sampling
strategy. The method improves the overall quality of style transfer and generalizability
in off-road environments, which provides users with the best route planning and traffic
information. In addition, it can also improve traffic efficiency and develop urban planning
and future transportation.

Specifically, we improve the performance of CycleGAN by averaging the weights of
generators sampled from different periods as shown in Figure 1. Image A is input into
the network and transformed into GeneratedB (image B ) by G5 (generators). Then, we
establish a loss function between Generated B and image B via Dp (discriminators). Cyclic
A is generated in reverse using Gpy 4 to establish the cycle loss, so as to maintain content
consistency between Generated B and A. The SWAD is implemented within G4p5 and
Gpaa by calculating weighted averages of model weights with the dense sampling strategy
at different training stages. The method enables the model to efficiently extract features
from off-road environments, improving its ability to generate navigation maps that blend
both off-road and urban environments. Since each GAN model may have different training
data and network architectures, the fusion process is able to mitigate the limitations of
individual models and enhance the overall system’s robustness, which makes it more
adaptable to various input conditions [21,22].

Cycle Loss
Gazs Generated B Ggaa
GAZB1 GAZBi GAZBn GBZA1 GBZAi GBZAn
IputA Average Weight(SWAD) ‘ Average Weight(SWAD) = CVclicA
Dg «——
l Input B
Discriminant
Results

Figure 1. SWAD-CycleGAN fusion model network structure diagram. A denotes the A-class-style
images including map information. Generated B denotes the final map with B-class-style images
obtained by generators from A-style map information. CyclicA denotes the final map with A-class-
style images obtained by generators from Generated B. G 4,p represents the generator that converts
A-class-style images into B-class-style images, Gpp 4 represents the generator that converts B-class-
style images into A-class-style images, and Dp represents the discriminator for B-class images. G A28’
represents the model at round i in training.

The contributions made by this paper are as follows: we propose a novel method
that averages the parameters of generators sampled from different iterations with the
dense sampling strategy in CycleGANs. We conduct a large number of experiments to
compare the performance of the method on datasets from Google Maps [23]. Additionally,
we conduct separate training for urban and off-road environments. We confirm that the
method not only conducts the convergence at a more rapid speed, but it also ensures the
generation quality in both scenarios, ultimately resulting in the development of a hybrid-
map-style transfer model. The remaining structure of this paper is organized as follows:
Section 2 provides an overview of related work on GANSs and the optimization methods
employed. Section 3 gives priority to the mathematical formulation of the constructed
models and the optimization methods adopted in our experiments. In Section 4, we present
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comparative experiments and draw conclusions based on the results. Finally, we conclude
our proposed method and offer prospects for future research.

2. Related Work

The work of map-style transfer focuses on transferring texture features in the early
stage. However it does not explicitly address the style transfer task itself, resulting in less-
than-ideal outcomes. With the development of deep learning technologies, some work [24]
trains images with neural networks to make the image’s style closer to the target style. But,
these methods are computationally intensive and not suitable for real-time map generation,
which tends to distortions in certain image data during transfer. Gatys et al. [25] simplify
the style transfer problem as an optimization problem within a single neural network, of
which the texture model based on deep image models was able to generate new images by
matching feature representations of example images via an image search. However, it is not
well suited for photos. Subsequently, Johnson et al. [26] expand on Gatys” work by replacing
the input random noise image with a target image and incorporating a forward autoencoder
network to model the style transfer process. Luan et al. [27] address the limitations of Gatys’
model by constraining the output within a specific color space to suppress deformations
and maintain the realism of photos. The constraint is fully differentiable, enabling better
preservation of style information from reference images without introducing distortions
caused by deformations. Li et al. [28] use feature transformations such as Whitening and
Coloring Transform (WCT) to directly match the statistical properties of content feature
statistics with those of style images in the deep feature space. Li et al. [29] improve the
WCT-based method by introducing stylization and smoothing steps to tackle structural
artifacts in the output of the WCT algorithm. However, the WCT-based approach still have
the potential to produce spatial distortions or unrealistic artifacts. Yoo et al. [30] suggest
incorporating wavelet transform into neural networks based on WCT, enabling features
to retain both structural information and statistical properties of the VGG space, thereby
addressing the aforementioned limitations. Recent work tends to use GANs to implement
map-style transfer, especially CycleGAN [31]. However, there are challenges pertaining to
image accuracy and real-time processing, which motivates us to enhance the CycleGAN
for map-style transfer.

WA is a technique which fuses the deep learning models and aims to improve the
model. Some recent work [32] uses Stochastic Weighted Averaging (SWA) [33] in Cy-
cleGANSs [34,35], which enhances the capabilities of generators. Inspired by checkpoint
averaging [36,37], Izmailov et al. [33] propose SWA. Using the mean of multiple models
on the training trajectory can help find a better-performing network with no additional
computational overhead compared to training a single model. When SGD convergence
is good, the checkpoint of SWA sampling is concentrated around the optimal solution.
Using SWA operations for these checkpoints helps optimize the training network. Similar
to FGE [38—40], using the cyclic learning rate [33,41], models that are spatially close to
each other but produce different predictions can be collected. Some recent work proposes
variations on SWA that allow SWA to be adapted to more complex application scenarios
and have more efficient rates. We tend to combine SWAD and SWA with CycleGANSs to
improve the performance of the navigation maps.

3. Methods
3.1. Cyclic Adversarial Generation Network Based on SWAD Optimization Method

CycleGAN realizes mapping from one domain to another via generators and discrimi-
nators. In this section, we propose a method that averages the parameters of generators
sampled from different iterations with the dense sampling strategy in CycleGANSs. First, we
illustrate the framework of SWAD-CycleGAN, as shown in Figure 2. CycleGAN involves
four models: Ga»p, Gppa, D4 and Dp. G app transforms Real A inputs into Cyclic B outputs,
while Gpp4 handles the transformation of Cyclic B inputs into Cyclic A outputs. The con-
cept of cycle consistency in adversarial networks involves both forward cycle consistency
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and backward cycle consistency. Forward cycle consistency refers to the fact that when an
input from the source domain passes through a generator and a reverse generator, it should
map back to an output within the source domain while maintaining consistency with the
original input. Similarly, backward cycle consistency ensures that an input from the target
domain, after going through the reverse generator and generator, should map back to
an output within the target domain, remaining consistent with the original input. The
cycle consistency loss helps in preventing the adversarial networks from learning mapping
functions G and F, while learning mapping functions G and F tends to make the source
and target domains have the same distribution. Despite the network having the capacity to
map source domain images to any image in the target domain and generate a distribution
equivalent to that of the target domain, cycle consistency loss is beneficial to constraining
this behavior. Additionally, the identity loss function ensures that when A-class-style maps
are inputted into G 4,p, the generated output resembles B-class-style images and vice versa.
However, this may not always hold true, so the identity loss function is designed to impose
constraints on this aspect.

Input A Cyclic A Generated A

Da

‘ JJ Gazn
Decision Decision i
[0,1] [0,1] '

o LH
Generated B Cyclic B Input B
Decision Decision
[0,1] Ds 10.4] Ds

Figure 2. Forward experimental model and reverse experimental model of SWAD-CycleGAN.

D4 and Dp are responsible for discriminating between the authenticity of A and B.
Additionally, there are four types of loss functions: Gjyss, Djoss, Cyclejoss, and identityyygs.
The loss function G_loss for the Generator as Equation (1), with a target to make the
generated images closely align with the distribution of target images, ultimately “deceiving”
the discriminator.

EGAN(GI Dy, X, Y) = Ey~pdata (v) [log DY(]/)] + ]EXdiata (x) [10g(1 - DY(G(x))} , (D)

where pj,,(,) denotes probability distribution on the output. G and D denote the genera-
tors and discriminators. On the other hand, the loss function for the Discriminator (Dj,s;)
has the opposite objective, namely the distinguishment of the images generated by the
Generator. The cycle loss (Cycle;,ss) function is depicted as Equation (2):

Leye(GF) = By ) IIF(G(x) = x1] + By i IGEW)) = ylla]- @

The generator and discriminator we designed are based on residual networks, and the
specific internal network structures are shown in Figures 3 and 4. While previous work has
mainly laid stress on improving loss functions, our target is to enhance the optimization
methods for the four models and compare them with several state-of-the-art techniques.
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Figure 3. Neural network structure of the generators. ResBlock is a residual module composed of
multiple convolutional layers and activation layers.
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Figure 4. Neural network structure of the discriminators.

3.2. Network Optimization

Definitely, CycleGAN itself serves as a generative adversarial network for image
transformation, which realizes mapping from one domain to another via two generators
and two discriminators. We can fuse the output of two generators of CycleGAN to produce
better results.

In this paper, we not only adopt SWAD to solve the instability and relieve mode
oscillation problems in GAN model training, but also boost the robustness of the model.
By averaging multiple best points in the training process, the model can better adapt to
the unseen data. There are several generator networks in the GAN network, and through
the SWAD strategy, the parameters of these generators can be averaged and the multiple
generators can be “fused” into a unified generator model. While this reduces the difficulty
in choosing the best generator, it also makes the model more stable and reliable. The SWA is
based on averaging multiple points on the SGD trajectory with a periodic learning rate [33]
as Equation (3):

a(i) = (1 —t(i))ag + t(i)ao,

3
Hi) = %(mod(i—l,c)—i—l). ©

where a denotes the learning rate at i iteration, and ¢ denotes the number of iterations.
An improvement in generalization is accessible, only by averaging some points on the
optimized trajectory during the training process. SWA significantly improves the training
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of many state-of-the-art deep neural networks on a series of important baselines, with
essentially no overhead. Considering that SWA averages the latter part of the network,
the result cannot accurately approximate the ideal minimum on the high-dimensional
parameter space. Therefore, we use SWAD [20] to gather enough weights in each iteration.

4. Experiments

The workstation configuration used for the experiments in this article consists of
an AMD Ryzen 9 6900HX with 16 GB RAM. To evaluate the effectiveness of the SWAD
method on general GAN networks, we first conduct tests on the MNIST [42] to ensure
comprehensiveness. Subsequently, we evaluate the effectiveness and benefits of the SWAD-
CycleGAN model on Google Maps [23]. Additionally, we conduct experiments in both
urban and off-road environments to assess the generalization ability of SWAD-CycleGAN.
The experimental results for these two environments are presented in this section.

We randomly split the data in each domain into two splits: 20% for an independent
test set, and the remaining 80% for 10 times 10-fold cross validation to set hyperparameters.
After that, the training set and validation set are combined and retrained to obtain the final
model. Finally, we use the test set to assess the model’s generalization ability.

4.1. Dataset and Hyperparameters

In the integrity testing phase of this study, we use the MNIST dataset which is com-
posed of numbers handwritten by 250 different people, as shown in Table 1. During the
experimental phase, we utilize RS maps and navigation maps provided by Google Maps
which were sampled from in and around New York City. The Google Maps datasets also
include urban and off-road environmental data from various locations, categorized into RS
maps (class-A-style data) and navigation maps (class-B-style data), each with its respective
training and testing subsets.

Table 1. The introduction of datasets.

Phase Source Image Size Structure
Integrity Testing MNIST 28 x 28 train
test
. ] Aclass
train Bl
Experiment Google Maps 256 x 256 class
A class
test
B class

The foundational neural network architecture used in this paper is the Residual
Network [43] (ResNet). Consequently, the input size for the data was set at 256 x 256. For
the training set, in order to ensure comprehensive training, the original data was initially
magnified by a factor of 1.12 and subsequently randomly cropped to 256 x 256 dimensions.
The data images were then subjected to random flips and finally normalized. Conversely,
there were no such constraints applied to the testing set. The data was randomly split into
a test set comprising 20% of the total data. The remaining 80% was divided into 10 parts.
In each iteration, we randomly select nine parts as the training set, and the remaining part
was used as the validation set, which ensures that each part was used as the validation set
in turn. We repeat the process 10 times and average the results. The hyperparameters were
adjusted based on the final results, as shown in Table 2.
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Table 2. Hyperparameters employed in SWAD and traditional methods.

Hyperparameters SGD'! Adam ! SWAD ! SWA 2 PSWA ? SGD ? SWAD 2
Learning rate - - 1x1073 1x1074 2x 1074 2x107* 2x 1074
Batch size - - 64 2 2 2 2
Number of epochs - - 100 100 100 100 100

1 Integrity testing phase. 2 Experiment phase.

4.2. Integrity Testing of the SWAD Method on the GAN Network

Prior to the formal experiments, we conduct integrity testing on the SWAD opti-
mization method to assess its feasibility and reliability. The integrity testing is performed
using the MNIST datasets. We compare the performance of two conventional optimization
methods, Stochastic Gradient Descent [44] (SGD) and Adaptive Moment Estimation [45]
(Adam), with that of SWAD on the MNIST train set. Figure 5 presents the discriminator
and generator loss based on three different optimization methods: Adam, SGD, and SWAD.
Generated data is displayed every 10 epochs, with 16 samples randomly selected from the
generated datasets. Over the course of 100 epochs, the SWAD method effectively reduces
loss fluctuations, resulting in a steady decline. The SWAD method achieves a significantly
lower discriminator loss and a slight decrease in generator loss, which performs exception-
ally well on a GAN network. Generated data is displayed every 10 epochs, with 16 samples
randomly selected from the generated datasets. Moreover, Figure 6 illustrates that by
the 40th epoch, discernible handwritten numbers can already be observed. This suggests
that the SWAD method rapidly converges and produces clear images, greatly improving
training efficiency and image quality. In summary, the SWAD optimization method demon-
strates faster convergence and a better ability to identify the optimal solution in gradient
descent. This results in shorter training time while maintaining the quality of generated
images. The method has successfully passed the integrity test and can be further applied to
CycleGAN in a multi-environment in subsequent experiments.

Discriminator Loss Discriminator Loss Discriminator Loss

20 40 60 80 100
Epochs

Generator Loss

o

20 40 60 80 100
Epochs

(a)

Figure 5. Loss reduction functions of various optimization methods under integrity testing. (a) The
discriminator and generator loss of Adam. (b) The discriminator and generator loss of SGD. (c) The
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Figure 6. The generation results of SWAD on MNIST after 100 rounds of training (results sampled
every 10 rounds).

4.3. Evaluation Indicators

The performance of the GAN’s generators is evaluated based on the ability to deceive
the discriminator with generated “fake maps”. This iterative process aims to achieve a
“Nash equilibrium”, which is a non-cooperative game equilibrium between the generator
and discriminator. To explore this, we conduct experiments using a “controlled variable
method” where optimization algorithms are applied separately to the two types of models
mentioned above, as well as simultaneously to both. The results indicate that applying the
optimization algorithm to both models does not significantly improve their performance.

The quantitative indexes of navigation map generation quality include positioning
accuracy, map coverage rate, update speed, path planning accuracy, real-time traffic in-
formation accuracy, etc. Generally, FID (Frechet inception distance score) [46] and IS
(inception score) [47] are the main indicators used to evaluate the image quality generated
by GANs. FID calculates the distance between feature vectors of real and generated
images. A lower FID score indicates a closer similarity between the two images or more
similar distributions. In the best case scenario, the FID score is 0.0, which represents
identical images. Another indicator used is the IS (inception score) [47], which can be
understood as a measure of image clarity or resolution during training. Since the primary
goal of the generative model is to produce realistic images, the IS score reflects the clarity
of the generated images. For a clear image, the values of vector i in one dimension are
larger, indicating a higher probability of belonging to a certain class, while values in other
dimensions are smaller. In professional terms, a clear image has lower entropy in P(y | x)
(higher entropy indicates greater chaos or uncertainty in the values of a random variable).
The IS indicator is shown as Equation (4):

IS(G) = E[Ex ~ PgKL(P(y | x)P(y))]- 4)

In brief, the larger the IS index of the generated image, the clearer and higher the
resolution, which is obviously expected by the generated model.

4.4. Experiment Results
4.4.1. Experiment Results of Prevailing and Proposed Methods on Google Maps Dataset

In the initial phase, we conduct 200 rounds of training. The training results show
that after approximately 100 rounds, all indicators display minimal fluctuations, indicat-
ing convergence. Therefore, we present the results and various parameter metrics after
100 rounds of training. To ensure the completeness of the model, we conduct forward and
reverse experiments for each set of methods. This means that the model should be able
to transform from satellite map-style class-A data to navigation map-style class-B-style
data and vice versa. Table 1 presents the parameter values for the various methods used
in the four comparative experiments. IS-B refers to the inception score of the generated
class-B-style data in the forward process (satellite map to navigation map). IS-A refers to
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the inception score of the generated class-A-style data in the reverse process (navigation
map to satellite map).

First, from Table 3, the combination of CycleGAN with SWAD performs best than SWA
and other methods. Compared to SWA, when SWAD is deployed on the generators, the
FID indicator decreases by 55.8% and the IS-B indicator has increased by 28.9%. It means
that the gap of SWAD between the generated data and real data decreases significantly
compared to SWA or SGD. At the same time, the quality of both A-class-style and B-
class-style generated data improves considerably, which is a favorable outcome for GANs.
Moreover, when PSWA [37] is deployed on both the generators, it improves the IS-A
indicator, but it performs less well on other indicators such as FID.

Table 3. The performance indicators based on prevailing and proposed methods on test dataset.

Methods FID Decreasing Rate of FID ! IS-A IS-B

SWA 194.970 0 4.328 2.334

SWA (generators and discriminators) 2 331.962 —70.3% 3.897 2.097
PSWA 246.689 —26.5% 4.756 1.796

SGD 89.147 54.3% 3.696 3.004

SWAD 86.274 55.8% 3.892 3.008

1 Using SWA (only generators) as a reference. 2 Other methods only use SWA for generators by default.

Second, the method works better when deployed on generators than deployed on both
generators and discriminators. When SWAD is deployed only on the generators, the gap
between generated data and real data decreases significantly compared to the previous ex-
periments. Although it is still larger than the baseline, the quality of generated A-class data
is even higher, and the quality of generated B-class data also improves considerably. This
indicates that deploying SWAD on the generator alone yields better results than deploying
it simultaneously. When SWAD is simultaneously deployed on both the generator and
discriminator, it amplifies the gap between generated data and real data. This is because
the model inherently involves an adversarial iterative process, where the generator and
discriminator compete with each other to achieve training effectiveness. Deploying the
optimization method on both sides inevitably leads to one side being weaker and the other
stronger, which is clearly not conducive to training. Hence, the elevated value of this
indicator is understandable.

Third, compared to SGD, the indicators of SWA related to the quality of generation
are better, which indicates that SWDA improves the resolution of generated images. Addi-
tionally, the effect of SWAD on FID, IS-A, and IS-B is higher than SGD, but other SWA
variants still fall short of the SGD indicators. This further highlights that the network’s
adversarial performance is not solely dependent on the optimization method.

Figure 7 demonstrates the loss reduction process of various methods during the
training process. Each column corresponds to a different optimization method. Within
each column, the top section represents the loss when discriminating A-class images (D 4),
the middle section represents the loss when discriminating B-class-style images (Dg), and
the bottom section represents the total loss of the generator. To compare the convergence
speed and oscillation level of different optimization methods during training, we perform
statistical analysis on the total loss of generator shown at the bottom of Figure 7 and
document the results in Table 4. In order to standardize the convergence criteria, we
establish the following guidelines:

1. Convergence is considered when the amplitude of the loss curve does not exceed 10%
of the maximum loss value, and the training round at this point is identified as the
convergence time.

2. We record the oscillation counts equal to or greater than 10% of the maximum loss
value to assess the extent of oscillation during training.
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Table 4. The convergence rounds and oscillation counts for each optimization method.

Methods Convergence Rounds Oscillation Counts
SWA 42 k 40
SWA (generators and discriminators) 35k 35
PSWA 48 k 51
SGD 36k 46
SWAD 26 k 36

3.24

2.04

As shown in Table 4, the convergence speed of SWA is nearly identical to that of
SGD, but it significantly reduces the degree of oscillation. On the other hand, the PSWA
method not only converges slower but also intensifies the oscillation. In contrast, SWAD
demonstrates better performance by significantly accelerating the convergence speed and
reducing the degree of oscillation, leading to a more stable training process.

Figure 7 indicates that the SWA is more effective in identifying the optimal solution
compared to the baseline, enabling it to reach the lowest gradient more rapidly. However,
this also leads to a higher generator loss for the same batch compared to the baseline.
In panel (d), both the generator and discriminator exhibit a more balanced performance,
ultimately surpassing the baseline. The experimental results further demonstrate that the
SWA optimization method effectively addresses the two longstanding issues encountered
in map-style transfer tasks: time-consuming processes and poor quality.

The total loss of the generator consists of three components: Gg ;. (composed solely
of the loss from the Gazp and Gpa generators), Geycre,,.., and Gigentity,,.- The loss functions
for these components are depicted in Figure 8.
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Figure 7. Training loss for each optimization method. (Top) loss of discriminator A; (Middle) loss of
discriminator B; and (Bottom) total loss of generator.
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4.4.2. Style Transfer Result on Google Maps Dataset

We select urban and off-road environment datasets for group training. After complet-
ing the training, we input class-A-style data or class-B-style data into the model to generate
the corresponding transformed image. In the following sections, we display and analyze
the output results of the PSWA and SWAD methods. These results consist of 16 randomly
selected outputs from over a thousand results obtained in urban and off-road environments.
The relationship between the input and output is as follows: when the class-A-style test set
is inputted, a class-B-style converted image is generated, and when the class-B-style test
set is inputted, a class-A-style converted image is generated. Figures 9 and 10 illustrate the
forward migration process using the PSWA method, while Figure 11 depicts the reverse
migration process using the PSWA method. Additionally, Figures 12 and 13 demonstrate
the forward migration process using the SWAD method, and Figure 14 showcases the
reverse migration process using the SWAD method.

Input x Output G,,5(x)

Output G4,5(x)

Input x

Figure 9. The forward transfer process in urban environments based on PSWA.
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Input x  Output G4o5(x)  Inputx  Output Gyzp(x)

Figure 10. The forward transfer process in off-road environments based on PSWA.

Input x  Output Gga(x)  Inputx  Output Ggoa(x)

Figure 11. The reverse transfer process based on PSWA.
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Inputx  Output G4,5(x) Inputx  Output G4,5(x)

Figure 12. The forward transfer process in urban environments based on SWAD.

Inputx  Output G4,5(x) Input x  Output G4,5(x)

Figure 13. The forward transfer process in off-road environments based on SWAD.
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Input x Inputx  Output G4 (x)

Figure 14. The reverse transfer process based on SWAD.

As observed in Figures 9 and 10, it is apparent that the forward migration effect of
PSWA is not satisfactory. The map outline drawn appears blurred, and the migration effect
of certain key elements is subpar. Overall, this can be attributed to the fact that although
PSWA partially addresses the issue of over-fitting in ordinary SWA, it still lacks sufficient
training, resulting in a decrease in the clarity of the generated images. Furthermore, the
data adaptability to off-road environments is limited, and the mapping accuracy is low,
which does not meet the requirements for hybrid mapping in multiple environments.
Nevertheless, it is evident that PSWA exhibits a strong resemblance to the source domain,
thereby demonstrating its potential to enhance the model’s robustness.

Figure 11 illustrates the reverse migration process of the PSWA method. The outlines
of the buildings in the map appear to be clearer, although still somewhat blurry. The
migration effect is more pronounced for data with significant differences in characteristics,
but the distinction between the reverse generation of data with similar characteristics is
low. Specifically, there is not a significant differentiation between rivers and green spaces
in the data.

From Figures 12 and 13, we can observe that the SWAD method effectively addresses
the issue of over fitting without compromising the quality of generation. Furthermore,
the clarity of the SWAD method surpasses the generation effect of the PSWA method. In
urban environments, distinct features such as vegetation, lakes, and rivers are adequately
represented in the remote sensing images and exhibit good transfer results. Boundaries
like roads and sidewalks are also well reflected in the navigation maps. In off-road environ-
ments, the elements in the remote sensing images are relatively uniform, mainly consisting
of deserts or channels. As a result, the transfer effect is good, essentially achieving the goal
of generating hybrid-transfer maps between urban and off-road environments.

When inputting class-B-style images, it should be possible to perform a reverse style
transfer back to class-A-style images. Therefore, the results of the reverse transfer are
shown in Figure 14. It can be observed that although some empty areas in the remote

177



Appl. Sci. 2024, 14, 335

sensing images can only be filled with houses or other objects generated by the algorithm
after the transfer, the overall segmentation lines and block restoration are relatively good,
resulting in a satisfactory outcome.

5. Conclusions

In this paper, we propose a novel method that averages the parameters of generators
sampled from different iterations with the dense sampling strategy in CycleGANs. Two
networks of generators converse images from one domain to another. The fusion of
generators improves the conversion quality, increases sample diversity, balances generator
strengths and weaknesses, and reduces problems such as mode crashes and oscillations. In
future work, we will generalize the method under different datasets and scenarios to adapt
to migration tasks in different environments. In sum, the fusion of GAN generators is an
efficient method to further improve the performance of image conversion in CycleGAN,
bringing more diverse and authentic results. However, the computing time and resource
consumption will increase significantly in large-scale occasions. Also, the adjustment of
parameters may increase the cost of training. The combination of WA and the generation
of navigation maps based on style transfer has a potential future. With the development
of deep learning and generative models, there may be a more efficient and accurate WA
technique of GAN’s in the future, making navigation image generation more intelligent
and realistic. In addition, combined with other technologies such as reinforcement learning
and augmented reality, navigation image generation may further explore the fields of
application and provide a more rich and interactive navigation experience.
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