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As Big Data technologies continue to transform industrial manu-
facturing, digital twin (DT) systems powered by artificial intelligence
are becoming key enablers in shaping the emerging low-altitude econ-
omy. Among these, unmanned aerial vehicle (UAV) systems play a cen-
tral role. However, building reliable DTs for UAVs remains challenging
due to the heterogeneous nature of sensor data, complex spatiotempo-
ral distributions, and nonlinear interactions within system dynamics.
In this work, we propose a fusion framework for UAV-oriented DT
modeling that integrates physical priors with data-driven learning,
tailored for enhanced DT modeling of UAVs. The method is centered on
a multichannel soft vector quantization mechanism, which performs
feature clustering across heterogeneous sensor modalities and time
scales, enabling robust fusion of multisource data. By embedding
physics-aware constraints and leveraging a hybrid fusion strategy,
the model enhances generalization under real-world uncertainties. We
validate our method by developing a complete UAV DT framework and
collecting a large-scale dataset that integrates both simulated and real
flight data. Extensive evaluations across hovering, takeoff, tour, and
forward flight missions demonstrate superior fidelity and robustness
compared to conventional DT models. This work contributes a scal-
able UAV DT architecture with strong fusion capability and provides
open-source tools for advancing self-evolving DT systems in dynamic
environments.
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I. INTRODUCTION

A. Background

The convergence of Industry 4.0, artificial intelligence
(AI), and next-generation communication technologies is
propelling the evolution of low-altitude operational ecosys-
tems [1], [2], in which unmanned aerial vehicles (UAVs)
play a central role in mission-critical applications such
as intelligent inspection, aerial logistics, and infrastruc-
ture surveillance [3], [4], [5]. As integral nodes within
the emerging Artificial Intelligence of Things paradigm,
UAVs are increasingly expected to operate autonomously
in uncertain and dynamic environments, requiring robust
perception, situational awareness, and adaptive decision-
making capabilities [6]. Digital twin (DT) technology [7],
[8] has emerged as a key enabler of such capabilities by
establishing high-fidelity virtual counterparts that facilitate
real-time state estimation, predictive diagnostics, and coor-
dinated cyber-physical control [9], [10]. While promising,
conventional DT modeling approaches often rely on static or
oversimplified physical priors, thereby limiting their capac-
ity to accurately characterize the nonlinear, multimodal, and
multiscale behaviors inherent in UAV sensor networks and
flight dynamics [11], [12]. This modeling gap poses signifi-
cant challenges for system resilience and reliability, partic-
ularly in the context of safety-critical aerospace operations.
Addressing these limitations necessitates hybrid DT model-
ing frameworks that integrate domain-informed priors with
data-driven learning and multisource sensor fusion. Such
approaches can significantly enhance the representational
fidelity, generalization ability, and adaptive responsiveness
of UAV-based DT systems, thereby advancing autonomous
operations in complex low-altitude airspace environments.

B. Related Work and Research Motivation

DT technology establishes a real-time bidirectional
mapping between the physical and digital domains through
the construction of high-fidelity virtual counterparts, offer-
ing a novel paradigm for UAV system modeling [13]. These
models integrate multiple representational dimensions—
geometric, physical, behavioral, and operational—to cap-
ture system–environment interactions across scales [14].
Among these components, simulation modeling constitutes
the core of DT, as it plays a critical role in capturing complex
UAV dynamics, structural responses, and environmental
perturbations during operation.

In the UAV domain, DT development remains in
an exploratory phase [12], [13], [14]. Existing studies
have primarily focused on the realization of DT plat-
forms and system-level frameworks, including mission
planning, flight visualization, swarm collaboration, and
cyber–physical interaction [30], [31]. Such research pro-
vides valuable experimental environments and interface
support for UAV mission execution. However, precise mod-
eling of complex dynamics and heterogeneous multisen-
sor data remains relatively underdeveloped—particularly in
terms of cross-modal feature fusion and high-dimensional
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data-driven modeling. Current UAV-DT modeling ap-
proaches can be broadly categorized into the following two
paradigms.

1) Physics-based modeling: These methods rely on
multibody dynamics, aerodynamics, and control
equations to explicitly describe UAV behavior [15],
[16]. They exhibit strong interpretability and phys-
ical generalizability but often make simplified as-
sumptions regarding complex nonlinear and multi-
scale interactions. As a result, they tend to have high
computational costs and face difficulties in parame-
ter identification, limiting their adaptability in highly
uncertain or disturbed environments [20], [21].

2) Data-driven modeling: Leveraging deep neural net-
works, these approaches can automatically extract
high-dimensional and temporal features from flight
logs and sensor data [17], [18], [19], [22], [23]. They
demonstrate greater flexibility and self-adaptation in
complex environments, yet typically depend on large
volumes of high-quality data. The lack of physical
constraints and interpretability makes them prone
to overfitting and instability, especially under sparse
data or distribution-shift conditions.

Because neither paradigm alone can fully reconcile
mechanistic accuracy, real-time performance, and gen-
eralization capability, hybrid modeling approaches have
emerged. These methods integrate physical mechanisms
with data-driven learning to combine interpretability and
adaptability. For example, Yin et al. [24] and Kang et al. [25]
proposed hybrid DT architectures that fuse physical mod-
eling with machine learning for adaptive control and pre-
diction; Waseem et al. [26] developed a DT surrogate
framework for multiscale state monitoring in manufacturing
processes; and Liu et al. [27] introduced a modular DT
building strategy that enables standardized and scalable
twin system construction through staged modeling. Despite
these theoretical and architectural advances, real-world
UAV applications often involve multilevel, highly coupled
interactions—including sensor fusion, task scheduling, and
dynamic control—that exhibit strong nonlinearity and time
variance under extreme environments [28], [29]. Conse-
quently, existing DT models still struggle to maintain dy-
namic consistency and high-confidence mapping between
physical and digital spaces, limiting their applicability in
dynamic and uncertain scenarios.

Among the aforementioned challenges, data scarcity
and distribution imbalance remain key bottlenecks con-
straining the fidelity and generalization of UAV DTs. The
generation of reliable synthetic data offers an effective way
to mitigate the insufficiency of real-world data, thereby
enhancing model robustness and adaptability [30], [31].
However, conventional methods often fail under sparse
operational conditions, extreme environments, or unseen
mission scenarios. Generative modeling provides a promis-
ing pathway to bridge this gap [32], [33] by producing and
augmenting high-quality simulated data that support data-
driven DT modeling. Deep generative models—such as

variational autoencoders (VAEs) [34] and generative adver-
sarial networks (GANs) [35]—have been widely employed
for data augmentation and feature learning. These methods
effectively address data scarcity and improve model gener-
alization [36], [37], [38]. Nonetheless, their applications in
UAV DTs face the following two major limitations.

1) Single-modality and localized modeling: Most exist-
ing approaches focus on modeling data from a single
sensor under fixed conditions, optimizing for specific
physical parameters [39]. In contrast, UAVs are com-
plex, tightly coupled systems integrating propulsion,
control, sensing, and communication subsystems,
characterized by multisource heterogeneity and mul-
tiscale data structures—imposing higher demands on
generative modeling.

2) Multiscale distribution inconsistency: Significant
discrepancies exist among data distributions from
different sensors and task phases, often leading to
mode collapse or overfitting during generative model
training, thereby restricting generalization perfor-
mance [40].

Therefore, there is an urgent need for a unified gen-
erative framework capable of integrating multimodal and
multiscale information, while maintaining stable generative
performance under sparse and uncertain conditions. This ar-
ticle aims to address this problem by proposing a generative
hybrid modeling framework that combines physical con-
straints with data-driven generative mechanisms, targeting
high-fidelity, adaptive UAV DT modeling under data-scarce
and uncertain operational environments.

C. Main Contributions

In this work, we propose a DT-enhanced modeling
framework for UAVs that integrates physical knowledge
through simulation-based data generation and error-driven
supervision, thereby maintaining physics-aware modeling
logic. As illustrated in Fig. 1(a), the framework consists of
real UAV nodes [see Fig. 1(i)] and their corresponding DT
nodes [see Fig. 1(iii)]. For the virtual nodes, a hierarchical
DT model is constructed based on physics-aware princi-
ples, augmented by a rendering engine and multiresolution
modeling strategy. This enables high-fidelity mapping from
system-level abstractions to subsystem-level dynamics. A
parallel-twin mechanism [see Fig. 1(ii)] is implemented
onboard the real UAVs, allowing for real-time synchroniza-
tion and bidirectional data exchange between the physical
and virtual domains. To address the challenges posed by
heterogeneous, multiscale UAV data, we further introduce a
multichannel soft vector-quantized variational autoencoder
(VQVAE), as shown in Fig. 1(b). This module leverages
discrete feature encoding and soft quantization to capture
nonlinear, scale-varying error patterns, thereby enhancing
the fusion and abstraction of multimodal sensor data. The
model is trained end-to-end, maintaining generative fidelity
and generalization even under sparse, uncertain, or previ-
ously unseen conditions. The framework is validated using
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Fig. 1. UAV DT application framework and DT-enhanced modeling method. (a) DT-based UAV virtual–real interactive communication framework:
(i) Composition of the UAV real node system and its underlying communication framework, (ii) virtual–real synchronous communication framework

of UAVs and their underlying data interaction, and (iii) composition of the UAV virtual node system and its underlying simulation-based
communication framework. (b) DT-enhanced modeling process, where Xreal is the real node data, Xvirt is the virtual node data, � is the error between
the real and virtual, f�(·) is the function that describes the error behavior, z represents the characteristics of the error in the latent space, and g�(·) is

the function used for error reconstruction.

real-world UAV flight data across diverse missions, flight
modes, and environmental conditions. Experimental results
demonstrate significant improvements in reconstruction ac-
curacy, data consistency, and cross-modal representation
compared to baseline methods, highlighting the frame-
work’s potential for lifecycle modeling, anomaly charac-
terization, and adaptive control in complex operational sce-
narios. The main contributions of this article are as follows.

1) A DT-based UAV modeling framework is proposed,
which integrates physics-aware system represen-
tations with end-to-end generative learning. This
framework implements a parallel twin mechanism,
enabling real-time bidirectional data interaction be-
tween the physical UAV and its DT. As a result,
system modeling accuracy and representational ca-
pacity are enhanced under complex dynamic condi-
tions, while high-fidelity synchronization of virtual
and real data are supported.

2) A multichannel soft VQVAE is proposed to effi-
ciently process multisource, multimodal, and hetero-

geneous UAV sensor data. Leveraging independent
channel embeddings, flight-state-conditioned en-
coding, and soft quantization mechanisms, the au-
toencoder achieves efficient decoupling and encod-
ing of multimodal features, captures nonlinear error
patterns, and enables high-precision data reconstruc-
tion with cross-modal consistency.

3) An open-source DT platform, along with a dedicated
multimodal UAV dataset, is made publicly available.
This resource not only guarantees the reproducibility
of the proposed methods but also provides standard-
ized tools and datasets for the testing, validation, and
further advancement of intelligent UAV modeling
techniques.

The rest of this article is organized as follows. Section II
presents the proposed methodology, including problem
analysis, nonlinear error modeling, and the DT modeling
process based on feature clustering and multichannel soft
vector quantization. Section III presents the experimen-
tal results, covering dataset details, evaluation setup, and
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comprehensive comparisons, including real-flight verifica-
tion and ablation studies. Finally, Section IV concludes this
article.

II. METHODS

A. Process Characteristics and Problem Analysis

Fig. 1(a) illustrates the application framework of UAV
DTs, where virtual nodes replicate UAV hardware behavior
by running autopilot software and physical models within a
virtual environment. In contrast, real nodes rely on onboard
autopilot hardware and airframes to execute flight tasks.
Real-time data exchange between virtual and real nodes
via communication protocols ensures synchronization and
supports decision making during mission execution.

In this process, data from the virtual nodes are cru-
cial for making decisions in upstream tasks, with their
reliability—relative to the real nodes—playing a vital role
in task success. However, these data typically present the
following characteristics.

1) Multimodal: UAV missions vary widely, leading to
multimodal data across different flight modes such as
takeoff, hover, and forward. Each mode exhibits dis-
tinct dynamic characteristics and sensor responses,
requiring careful handling of these differences in
modeling.

2) Multiscale: UAVs use multiple sensors [e.g., global
positioning system (GPS) and inertial measurement
unit (IMUs)], each generating data across varying
temporal, spatial, and magnitude scales. The error
models and data distributions from different sensors
can differ significantly, further complicating data
integration.

3) Nonlinear coupling: UAV system behavior is af-
fected by a variety of factors, such as aerodynamic
effects, sensor errors, and external conditions (e.g.,
weather). These factors interact in complex nonlin-
ear ways, which cannot be fully captured by tradi-
tional simplified physical models.

Given these challenges, particularly under varying flight
modes and extreme environmental conditions, it is crucial
to manage multimodal and multiscale data effectively in
order to enhance DT-based modeling. Simplified physi-
cal models often fail to capture the nonlinear couplings
between environmental changes and system performance,
highlighting the need for advanced modeling techniques.
Integrating physical priors with learning-based methods
offers a promising path to improve prediction fidelity and
adaptive control in UAV systems.

B. Scheme Design and Objective of Solution

As shown in Fig. 1(b), the key steps in the enhanced DT
modeling of UAVs are presented. The core idea is to improve
the accuracy and reliability of the DT model by precisely
capturing and compensating for the nonlinear coupling
between the real environment and system performance. The

specific design of the solution involves the following three
key steps.

1) Quantifying the Nonlinear Errors: Let Xreal ∈ R
dreal

represent the state data of the real node, and Xvirt ∈ R
dvirt

represent the state data of the virtual node, where dreal and
dvirt denote the dimensions of the real and virtual data,
respectively. The nonlinear error can be expressed as

� = Xreal − Xvirt (1)

where � represents the error between the real and virtual
nodes. These errors arise not only from sensor accuracy,
noise, and data latency, but also from environmental factors
affecting the UAV system’s performance, such as meteoro-
logical changes, flight modes, and external disturbances.

2) Learning the Behavior of Nonlinear Errors: A data-
driven learning framework is introduced to capture the
nonlinear structure of the errors. Let f�(·) be the function
that describes the error’s behavior at different scales. The
error � is mapped to a lower dimensional latent space as
follows:

z = f�(�|θ ) (2)

where z ∈ R
dz represents the feature of the error in the

latent space, and f�(·) is a nonlinear mapping function.
The goal is to reveal the dynamic variation of the errors
under different flight phases and environmental conditions.
By adopting deep learning and other methods, the model
learns the transmission and mutual influence mechanisms
of the errors across various levels of the system.

3) Reconstruction and Compensation of Nonlinear Er-
rors: The latent features z learned in step 2 are mapped
back to the original error space through a generative model,
thereby reconstructing the error between the real and virtual
nodes

�̃ = g�(z) (3)

where g�(·) is the decoding function for error reconstruc-
tion, and �̃ represents the reconstructed nonlinear error. The
reconstructed error is then used to compensate the virtual
node data

Xcomp
virt = Xvirt + �̃ (4)

where Xcomp
virt is the enhanced DT model, which incorpo-

rates the nonlinear error information of the system. This
enhanced model more accurately reflects the real system’s
performance, improving its effectiveness in complex appli-
cation scenarios.

C. DT Modeling and Network Design

In response to the objectives outlined in Section II-B,
this section presents a data reconstruction method designed
to capture the nonlinear coupling between the real environ-
ment and system performance and to effectively compensate
for errors in the DT model. As shown in Fig. 2, the proposed
method integrates DT technology, feature clustering, and
vector quantization to enhance UAV modeling and data
generation. In the DT modeling stage [see Fig. 2(a)], a base
UAV model is developed, which contains key components
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Fig. 2. Framework of the UAV DT-enhanced multiscale sensor modeling method. (a) UAV DT modeling framework (for modeling details of
different submodules, visit https://github.com/RflySim/RflySimModel). (b) Illustration of dataset construction and feature clustering based on the DT
model and real-world data. (c) Multichannel multiscale data modeling network. Here, XRE represents the flight dataset of real nodes, XVI represents

the flight dataset of virtual nodes, XER represents the error dataset, f j is the feature vector, Cl represents the lth cluster, Md is the modal information, e
is the discrete embedding space, and zei is the latent representation.

such as dynamics, control systems, battery management,
sensors, structural elements, and environmental perturba-
tions. The model can accurately simulate the behavior
of UAVs under complex conditions and provide physical
prior data input for subsequent learning-based methods. In
the feature clustering and dataset construction stage [see
Fig. 2(b)], real and virtual sensor data are combined. Feature
clustering methods improve data generation accuracy by
capturing variations across different modalities and scales.
In the multichannel, multiscale data modeling stage [see
Fig. 2(c)], vector quantization discretizes high-dimensional
sensor data. Integrating feature clustering results enables
multiscale data fusion and compensation, improving the
precision and generalizability of the DT model.

1) DT-Level Modeling: The rigid-body model of UAV
flight control, as illustrated in Fig. 2(a), can be finally
formulated as follows:

eṗ = ev
ev = RT b

be v

bv̇ = −[
bω

]
× · bv + g · RT

bee3 + F

m

q̇ = 1

2

[
0 −bωT

bω −[bω]×

]
q

J ·b ω̇ = −bω × (J ·b ω)+ τ +Ga (5)

where ep, ev ∈ R
3 represent the UAV’s position and velocity

in the world frame, and bv denotes the velocity in the
body frame. The matrix RT

be is the rotation matrix, while
m represents the mass of the multirotor UAV. The term
e3 is the unit vector along the z-axis in the inertial frame,
and F denotes the total thrust generated by all rotors. The
variable bω represents the body angular velocity, and g is
the gravitational acceleration. The term τ = [τxτyτz]T ∈ R

3

corresponds to the torque generated by the rotor thrust along
the body axes. The matrix J ∈ R

3×3 represents the moment
of inertia of the UAV, and Ga = [Ga,φGa,θGa,ψ ]T ∈ R

3

accounts for the gyroscopic torque.

REMARK 1 While the rigid-body dynamics model provides
a solid foundation for describing UAV flight behavior,
real-world applications introduce uncertainties such as envi-
ronmental disturbances, sensor noise, and modeling errors.
These factors collectively contribute to deviations from ide-
alized predictions. A true DT must accurately represent the
UAV throughout its entire lifecycle. However, relying solely
on a rigid-body model is insufficient for high-precision
DT applications. To minimize discrepancies between the-
oretical models and actual flight performance, it is crucial
to incorporate error modeling and correction mechanisms,
ensuring a more accurate and reliable representation of UAV
behavior.

2) Feature Clustering: As shown in Fig. 2(b), let
XRE = {xRE

1 , xRE
2 , . . . , xRE

n } represent the flight dataset of
the real node, and XVI = {xVI

1 , xVI
2 , . . . , xVI

n } represent the
flight dataset of the virtual node, where n denotes the
number of data samples. Each sample, xRE

i , consists of
m data dimensions, xRE

i = {xRE(1)
i , xRE(2)

i , . . . , xRE(m)
i }. The

real node data are obtained from actual UAV sensor mea-
surements, while the virtual node data are derived from
the simulation results of the DT UAV. The resulting error
dataset can be represented as XER = {xER

1 , xER
2 , . . . , xER

n },
where each error sample xER

i is the difference between the
corresponding real and virtual node data: xER

i = xRE
i − xVI

i .
To capture the distributional differences across multiple

dimensions of the data, we first perform feature clustering
on each dimension of the dataset XRE. For the jth dimension,
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Fig. 3. Illustration of the enhanced modeling framework based on DTs. Step 1 corresponds to Section II-C1, Step 2 corresponds to Section II-C3,
Step 3 corresponds to Section II-C4, and Step 4 is the overall loss function objective. Here, f j is the feature vector, Cl represents the lth cluster, Md is

the modal information, e is the discrete embedding space, zei is the potential representation, zvq
ei is the quantized representation, sg(·) denotes the

stop-gradient operation, and p(i)
j indicates the relevance between zei and the discrete vector e(i)

j .

we define the feature vector f j as follows:

f j=

⎡
⎢⎣μ j,

1

n

n∑
i=1

(
xER( j)

i −μ j

)2
,

∑n−�
i=1

(
xER( j)

i −μ j

) (
xER( j)

i+� −μ j

)
∑n

i=1

(
xER( j)

i − μ j

)2

⎤
⎥⎦

(6)
where j = 1, 2, . . . ,m and μ j is the mean of the jth di-
mension: μ j = 1

n

∑n
i=1 xER( j)

i . The second term represents
the variance, and the third term is the autocorrelation coef-
ficient, where � is the time lag index of the autocorrelation
term. The feature vector f j is then used as input for clus-
tering. The objective is to minimize the total squared error
within each cluster using k-means clustering, as defined by
the following cost function:

J =
k∑

l=1

∑
f j∈Cl

‖f j − cl‖2 (7)

where Cl denotes the lth cluster, and cl is the center of the
lth cluster. Each feature vector f j is assigned to the cluster
that minimizes the distance to its center:

f j ∈ Cl , where l = argmin
l
‖f j − cl‖. (8)

As shown in Fig. 2(b), the final dataset can be represented
as XER = {(xER( j)

i ,Cl )}l=1,...,k
i=1,...,n , where each data point xER( j)

i
is assigned to its corresponding cluster Cl based on the
clustering results.

3) Multichannel Conditional VQ: In traditional vector
quantization (VQ) methods, input data are mapped to a
latent space ze(x) by an encoder, and a discrete embedding
space e ∈ R

K×D (also known as the codebook) is used to dis-
cretize the latent representation. The core step in this process
involves replacing the original latent representation with the

closest discrete vector found in the embedding space. In
multichannel VQ, we incorporate feature clustering results,
where k clusters Ci are obtained through feature clustering.
As illustrated in Fig. 2(c), for each cluster Ci, an inde-
pendent embedding space ei = {e(i)

1 , e(i)
2 , . . . , e(i)

K } is used.
This embedding space contains K discrete vectors, where
e(i)

l ∈ R
D, for l = 1, . . . ,K , and the latent representation

zei , where i = 1, . . . , k, is quantized to its corresponding
embedding space ei. Furthermore, as shown in Step 2 of
Fig. 3, the quantization operation maps the encoder output
zei to the nearest discrete embedding vector e(i)

l , resulting in
the quantized representation

zvq
ei
=

{
e(i)

l

}
, where l = argmin

l
‖zei − e(i)

l ‖2 (9)

where l represents the index of the closest discrete vector in
the embedding space ei to zei . To optimize the embedding
space, the objective function for VQ can be expressed as

Lvq =
k∑

i=1

K∑
j=1

∥∥∥sg(zei )− e(i)
l j

∥∥∥2

2
+ β ·

∥∥∥zei − sg(e(i)
l j

)
∥∥∥2

2

(10)
where sg(·) denotes the stop-gradient operation. The first
term represents the codebook loss, which measures the
difference between the quantized embedding vector e(i)

l and
the encoder’s output. The second term is the commitment
loss, ensuring that the encoder output zei remains close to
the discrete embedding vectors e(i)

l during training. The
hyperparameter β controls the balance between the two loss
terms. To account for the effects of different flight modes
on the sensor data, we introduce modal information Md .
Thus, the final data representation is expressed as XER =
{(xER{ j}

i ,Cl ,Md )}, where d = 1, . . . , p, and p represents
the number of UAV flight modes. Under this condition, the
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Algorithm 1: DT-Enhanced Modeling Based on Fea-
ture Clustering and Multichannel Soft Vector Quanti-
zation.

1: Input:
• Input data tensor X ∈ R

B×T×N (batch size B,
sequence length T , feature dimension N)

• Conditional variable C ∈ R
B×1

2: Output:
• Reconstructed data X̂
• Loss components Ltotal, Lrecon, Lvq, LW

3: procedure ForwardPassX,C
4: Cemb ← Repeat( fcond(C), [1, T, 1]) � Expand

condition to sequence length
5: for i← 1 to M do �Process each feature split
6: Xi ← X [:, :, Si]
7: Zi ← LSTMi

enc([Xi‖Cemb]) �‖ denotes
concatenation

8: end for
9: for i← 1 to M do

10: Di ← CDist(Zflat
i ,Ei )2 �Pairwise squared

distances
11: Ai ← Softmax(−Di ) �Soft assignments
12: Ẑi ← Reshape(AiET

i , [B, T,D])
13: Li

vq ← ‖Zi − Ẑi‖2
2 + β‖sg(Zi )− Ei‖2

2

14: Ẑout
i ← Zi + (Ẑi − Zi ).detach() �Straight

through estimator
15: end for
16: for i← 1 to M do
17: X̂i ← LSTMi

dec([Ẑout
i ‖Cemb])

18: Li
recon ← ‖Xi − X̂i‖2

2
19: end for
20: LW ← ‖μX − μX̂‖1 + ‖σX − σX̂‖1

21: Ltotal ←
∑

i Li
recon +

∑
i Li

vq + LW

22: end procedure
23: procedure Training(Dataset D, Epochs E )
24: while not converged do
25: (X,C)← SampleBatch(D)
26: X̂ ,Ltotal ← ForwardPass(X,C)
27: θ ← θ − α · AdamW(∇θLtotal )
28: ‖θ‖ ← Clip(‖θ‖,−c, c)
29: end while
30: end procedure

embedding space ei is adjusted and optimized based on the
modal information Md , thereby generating discrete features
specific to each flight mode.

4) Soft Quantization Reconstruction: In the VQ quan-
tization process, as shown in (9), discrete quantization is
achieved by minimizing the distance between the continu-
ous latent representation and the discrete embedding vector,
a process known as hard quantization. However, during
training, some discrete vectors may be selected frequently
while others are rarely chosen. This imbalance can lead to
certain vectors in the embedding space being inadequately
updated, resulting in mode collapse. To address this, we
introduce a differentiable probability distribution to replace
the discrete selection in hard quantization. The underlying

mechanism is shown in Step 3 of Fig. 3. Specifically, the
distance between the latent representation zei and the em-
bedding vector e(i)

j is computed, and the Softmax function
is applied to generate a smooth probability distribution

p(i)
j =

exp

(
−

∥∥∥zei − e(i)
j

∥∥∥2

2

/
τtemp

)
∑K

l=1 exp

(
−

∥∥∥zei − e(i)
l

∥∥∥2

2

/
τtemp

) (11)

where p(i)
j indicates the relevance between zei and the dis-

crete vector e(i)
j , and τtemp is a temperature hyperparameter

that controls the smoothness of the distribution. Using this
distribution, the latent representation zei is quantized as a
weighted average of the discrete vectors in the embedding
space

zvq
ei
=

K∑
j=1

p(i)
j · e(i)

j . (12)

This method ensures that all discrete vectors are considered
during quantization, preventing the “jumping” and gradient
breakdown issues associated with hard quantization. It also
helps to avoid mode collapse, as each discrete vector has
an opportunity to contribute to the quantization process.
In addition to the VQ loss, the reconstruction loss and
the distribution loss from the VAE process must also be
incorporated. The process principle is shown in step 4 of
Fig. 3, which is expressed as

LVAE = Eq(z|x)

[
log p(x|z)

]− DKL
[
q(z|x)||p(z)

]
. (13)

The first term represents the reconstruction loss,
Eq(z|x)[log p(x|z)], which measures the difference between
the original data and the reconstructed data produced by
the decoder. The second term, the kullback–leibler (KL)
divergence loss, DKL[q(z|x)||p(z)], quantifies the differ-
ence between the learned latent space distribution and the
prior distribution. To mitigate the gradient explosion issues
caused by large distribution differences in the KL diver-
gence, we use Wasserstein distance as a substitute, allow-
ing for smoother gradient updates. The final optimization
objective is then expressed as

LVAE = 1

m

m∑
j=1

[
1

n

n∑
i=1

(
x̃ER( j)

i − xER( j)
i

)2

+
(

fw
(
xER( j)

)− fw
(

Decoder
(

zvq
e j

))) ⎤
⎦ . (14)

Finally, the total optimization objective is the sum of the
VAE loss and the VQ loss

Ltotal = γVAE · LVAE + γvq · Lvq. (15)

D. FC-MC-SVQ-Based DT-Enhanced Modeling

In DT-based data modeling, challenges such as mul-
timodal complexity, multiscale variations, and nonlinear
dependences must be addressed. To tackle these issues,
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Fig. 4. Experimental configuration of real UAV and DT UAV.

this article presents an enhanced modeling method based
on feature clusteringmulti-channel conditional soft vec-
tor quantization (FC-MC-SVQ), with the algorithm and
training framework detailed in Algorithm 1. The proposed
method begins with a condition-aware encoder, which inte-
grates sensor data with external variables. A multichannel
decomposition strategy then partitions the feature space
into subspaces, capturing local correlations across differ-
ent modalities. During quantization, a soft quantization
mechanism evaluates the similarity between latent variables
and subspace codebooks, while a straight-through esti-
mator [41] improves information backpropagation. In the
decoding stage, a condition-aware decoder reconstructs the
features, minimizing reconstruction error to refine model
performance. To further align the reconstructed data with
the original distribution, a Wasserstein distance constraint
is applied, reducing statistical discrepancies.

III. RESULTS

A. Hardware Configuration

This study utilizes a hybrid method combining real and
virtual UAVs, as shown in Fig. 4. The real UAV system
is built on the Racer flight controller, an improved version
of the open-source Pixhawk. Flight data are transmitted in
real-time via a 3DR telemetry module. The UAV operates
on an FS-J150 quadcopter frame from Feisi Laboratory,1

with a ground control station (GCS) featuring an Intel
i9-12900H processor (2.5 GHz) for command execution and
monitoring. The virtual UAV system mirrors the real UAV
in both flight control firmware and GCS configuration. It
runs a DT model within a high-precision motion simulator,
ensuring its control responses closely match real-world
flight dynamics.

To assess the effectiveness of the proposed time-series
data generation method, sensor data were collected from
two key flight modes: takeoff and hovering. The dataset
includes eight valid flight recordings, with six allocated for
training (three for takeoff and three for hovering) and two for
validation (one for each mode). Data collection focused on

1[Online]. Available: http://feisilab.com/

the UAV’s 3-D motion characteristics. Key measurements
include readings from a triaxial accelerometer, gyroscope,
and magnetometer, as well as position-filtered data.

B. Experimental Setup

1) Data Analysis: Fig. 5(a) shows the distribution of
multidimensional time-series sensor data collected from
real-world drone flights, along with their filtered counter-
parts. The dataset includes 12 channels corresponding to
accelerometers, gyroscopes, magnetometers, and position
estimators. The figure highlights clear variations across
channels, such as differences in scale and skewness. These
disparities reflect the complexity of modeling heteroge-
neous sensor data and emphasize the need for methods
that can adapt to nonuniform, multiscale distributions. Our
feature clustering-based method is designed to address these
challenges by capturing structure within diverse data types.
Fig. 5(b) presents an example of a typical network input se-
quence. This input includes synchronized triaxial data from
the accelerometer, gyroscope, magnetometer, and position
estimator. The plot illustrates distinct temporal behaviors
across sensors: for example, accelerometer and gyroscope
data often contain short bursts or spikes, while magne-
tometer readings remain relatively stable, and position data
show smooth, periodic trends. These variations in temporal
dynamics make it essential for the model to learn time-
dependent features across multiple data types effectively.
Fig. 5(c) illustrates the residuals between actual sensor val-
ues and DT outputs, representing the system’s current mod-
eling error. The residuals differ significantly across sensor
types, with some showing skewed or nonstationary patterns.
These inconsistencies highlight the difficulty of achieving
robust and generalized modeling across all channels. In
summary, drone sensor data present significant modeling
challenges due to its high dimensionality, heterogeneity,
and varying temporal and distributional characteristics. Our
proposed framework—based on feature clustering, multi-
channel VQVAE, and soft quantization—offers an effective
solution by adapting to these complexities and enabling
more accurate and resilient DT-enhanced modeling.

2) Baseline Models: To evaluate the performance of
the proposed method in generating multimodal and multi-
scale time-series data for UAVs, we compare it with several
state-of-the-art deep generative models. These models rep-
resent a range of strategies, including conditional genera-
tion, adversarial training, quantized embedding, contrastive
learning, and multiscale modeling, enabling a comprehen-
sive assessment of the strengths and limitations of our
method.

1) CVAE (2015) [42]: A conditional extension of the
VAE for feature-controlled generation.

2) VQVAE (2017) [43]: Discretizes latent space via
codebooks to improve reconstruction fidelity.

3) WGAN (2017) [44]: Introduces Wasserstein loss
to stabilize adversarial training and avoid mode
collapse.

TU ET AL.: PHYSICS-AWARE MULTICHANNEL VECTOR QUANTIZATION FOR HYBRID DIGITAL TWIN MODELING 2467

Authorized licensed use limited to: Central South University. Downloaded on February 10,2026 at 07:03:12 UTC from IEEE Xplore.  Restrictions apply. 

http://feisilab.com/


Fig. 5. Feature analysis of real-world drone data and network input sequences. (a) Raincloud plot of multidimensional raw sensor data collected
from real drone flights. (b) Schematic illustration of a sampled network input sequence. The input consists of multiple subchannels corresponding to
12-D time-series data, including (X/Y/Z, unit: rad/s), accelerometer (X/Y/Z, unit: m/s2), position (X, Y, Z, unit: m), and magnetometer (X/Y/Z, unit:
Gauss) measurements. Each subchannel represents the residual signal between real-world flight data and the outputs of the DT model. (c) Violin plots

of sensor residuals, i.e., the differences between real measurements and unenhanced DT outputs. Subplots include: (c1) Residual distribution of
accelerometer signals, (c2) Residual distribution of position signals, (c3) Residual distribution of gyroscope signals, and (c4) Residual distribution of

magnetometer signals.

4) TSGAN (2020) [45]: Tailored for time series, with
layered wasserstein generative adversarial network
(WGAN) architecture and temporal constraints.

5) VQGAN (2021) [46]: Combines VQ with GAN
training to preserve fine details in generated data.

6) CGAN (2022) [47]: Injects conditional information
into GANs for guided data generation.

7) MRGAN (2024) [40]: Introduces modality-aware
guidance via pretrained regression networks.

8) VQWWVAE (2024) [39]: Fuses VQ with Wasser-
stein objectives to model complex, multimodal dis-
tributions.

9) TDM (2024) [48]: Time diffusion model for time-
series data generation.

10) TimeDDPM (2024) [49]: Time-series augmenta-
tion strategy for soft sensing based on the diffusion
model.

11) AutoFilterVQ (ours-extended): Enhances VQVAE
with multiscale adaptive filtering to capture
frequency-aware representations.

12) ContrastVQ (ours-extended): Incorporates con-
trastive learning into VQ to distinguish positive and
negative latent samples.

13) MCVQ (ours-extended): Applies separate quanti-
zation to high- and low-frequency channels for
multiscale representation learning.

REMARK 2 AutoFilterVQ, ContrastVQ, and MCVQ are
included as extended comparisons to the proposed method,
using identical strategies and parameter settings to ensure
fairness in the experiments. This allows for a direct evalu-
ation of how differences in network architecture influence
generation performance under the same generation strategy,
providing insight into the specific role of network structure
in data generation quality.

REMARK 3 To ensure the fairness of comparison with the
model proposed in this article, all baseline models adopt
the same training strategy as employed in this study. This
includes the parameters listed in Table I , such as “Epochs,
Optimizer, Batch size, In/out Dims, Seed, and Device” as
well as the data preprocessing and standardization methods.

3) Evaluation Metrics: To evaluate the generative per-
formance of each method, we assess two key aspects: error
assessment and mode distribution matching. For error as-
sessment, we use two error metrics—root mean squared
error (RMSE) and mean absolute error (MAE)—to mea-
sure the numerical difference between generated and real
data, providing insight into the accuracy of the generation
process. For mode distribution matching, we assess the
similarity between the distributions of the generated and
real data using the Wasserstein distance (WD). This helps
verify the model’s ability to adapt to different flight modes.
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TABLE I
Hyperparameter and Training Configuration Settings

TABLE II
Comparison of Models on Validation Dataset

The hyperparameter settings during the experiment are
shown in Table I.

C. Experimental Results

1) Comparison of Model Performance: To thoroughly
assess the performance of different generative methods,
we compare RMSE, MAE, and WD on the validation
dataset. The results are presented in Table II. Among
the evaluated methods, mode-related generative adversarial
network (MRGAN) performs the worst due to its strong
dependence on regression-based fitting. Given the high-
dimensional and nonlinear nature of time-series data in
this task, it struggles to capture complex dynamic patterns
effectively. In contrast, autoencoder-based models (e.g.,
vector-quantized weighted-wasserstein variational autoen-
coder (VQWWVAE) and MCVQ) outperform GAN-based
methods [e.g., time-series generative adversarial network
(TSGAN), vector-quantized generative adversarial network
(VQGAN), and conditional generative adversarial network
(CGAN)] by leveraging superior nonlinear feature extrac-
tion, allowing for more accurate modeling of time-series
distributions. The proposed method further enhances the
autoencoder structure, significantly reducing generation er-
rors and achieving superior results across multiple metrics.

A broader extended comparison highlights that MCVQ and
AutoFilterVQ improve nonlinear data modeling through
multiscale frequency decomposition. Meanwhile, the pro-
posed method employs a more efficient feature fusion and
reconstruction strategy, further enhancing data quality. It ex-
cels in feature representation, modality alignment, and sta-
bility. Regardless of data availability, the proposed method
demonstrates high stability and robustness, performing con-
sistently well under 100%, 50%, and 25% data conditions.

2) Comparison of Reconstruction Performance: To
further evaluate the reconstruction capabilities of differ-
ent methods in UAV time-series data generation, we ran-
domly select a sample from the validation set and com-
pare the generated results. As shown in Fig. 6, the fig-
ure illustrates the reconstruction performance of different
methods across accelerometer (X/Y/Z), gyroscope (X/Y/Z),
magnetometer (X/Y/Z), and position data (X/Y/Z). The
proposed method achieves superior reconstruction quality
across all modalities, effectively capturing the dynamic
variations in time-series data and accurately predicting
its nonlinear structures. In contrast, other methods exhibit
varying degrees of deviation. VQWWVAE demonstrates
stable short-term predictions but accumulates errors over
longer sequences, leading to a gradual divergence from
the true trajectory. VQGAN captures some nonlinear data
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Fig. 6. Comparison of reconstruction performance across different methods for UAV time-series data generation. The figure presents 12 dimensions
including accelerometer (X/Y/Z, unit: m/s2), gyroscope (X/Y/Z, unit: rad/s), magnetometer (X/Y/Z, unit: Gauss), and positional information (X/Y/Z),
generated using the proposed method, VQGAN, VQWWVAE, and CVAE. Given that the full comparison involves 12 methods, displaying all curves
simultaneously may compromise visual clarity and hinder direct comparisons. Therefore, this figure selectively showcases representative approaches

to more clearly illustrate differences in reconstruction accuracy and temporal consistency among various generative strategies. For a more
comprehensive performance comparison, see Figs. 7 and 8.

Fig. 7. Histogram comparison of reconstruction errors across different
methods for UAV time-series data generation. The histogram presents the

average reconstruction error for 12 methods, calculated as the mean
absolute error across 12 data dimensions, including the accelerometer
(X/Y/Z), gyroscope (X/Y/Z), magnetometer (X/Y/Z), and positional

information (X/Y/Z).

characteristics and can approximate general trends but
struggles with linear patterns, reducing reconstruction ac-
curacy in certain modalities. conditional variational au-
toencoder (CVAE), on the other hand, suffers from sig-
nificant fluctuations in most cases, with some data points
deviating substantially from ground truth, indicating its lim-
ited capability in modeling complex time-series structures
and learning stable temporal dynamics.

The quantitative results in Figs. 7 and 8 further highlight
these differences. Fig. 7 shows the error distribution, where
the proposed method achieves the smallest deviation from
the ground truth, with a maximum error below 0.01 and a
concentrated distribution, demonstrating high consistency
with real data. In contrast, other methods show greater
error variation, with MRGAN reaching a maximum error of
2.5, reflecting its poor adaptability to complex time-series
patterns. Fig. 8 provides a statistical analysis of the mean

Fig. 8. Comparison of the mean and variance of reconstruction errors
across different methods for UAV time-series data generation. The errors
are computed as the mean and variance of the absolute errors across 12

data dimensions, including the accelerometer (X/Y/Z), gyroscope
(X/Y/Z), magnetometer (X/Y/Z), and positional information (X/Y/Z).

and variance of errors, showing that the proposed method
achieves both the lowest mean error and the smallest vari-
ance, ensuring stable data generation while mitigating mode
collapse and data drift. Overall, the proposed method deliv-
ers higher reconstruction accuracy, more precise temporal
predictions, and stronger generalization in UAV time-series
data generation. It effectively captures the dynamic char-
acteristics of UAV data, producing high-quality and stable
sequences.

3) Experimental Verification of Real Flight: To eval-
uate the effectiveness and adaptability of the proposed
method in real UAV flight scenarios, we conducted valida-
tion experiments on Hovering and Takeoff missions, further
extending the assessment to Tour and Forward missions.
This comprehensive evaluation examines the method’s re-
liability and performance across various flight conditions.
The experimental results are presented in Fig. 9. For Hov-
ering and Takeoff missions, significant disparities were
noted between the DT simulation data and real flight data
across various sensor readings, encompassing accelerom-
eter, gyroscope, magnetometer, and position data. These
differences primarily result from modeling inaccuracies and
limitations in capturing nonlinear features within simulation
environments. In contrast, the proposed method effectively
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Fig. 9. Multidimensional performance comparison under different real-world flight mission experiments. The experiment includes four distinct
missions under both static and dynamic conditions: (a) Hovering, (b) Takeoff, (c) Forward flight, and (d) Tour. For each mission, the generated data are

visualized across multiple sensor dimensions, including accelerometer (Acc-X, Acc-Z, unit: m/s2) in (a)1–(d)1 and (a)2–(d)2, gyroscope (Gyro-X,
Gyro-Z, unit: rad/s) in (a)3–(d)3 and (a)4–(d)4, magnetometer (Mag-X, Mag-Z, unit: Gauss) in (a)5–(d)5 and (a)6–(d)6, and position (Pos-X-Y, unit:
m) in (a)7–(d)7. To ensure the stability and reliability of the experimental data, real flight data were collected using an indoor motion capture system.

Fig. 10. Performance comparison results. (a) Percentage improvement in data accuracy across different missions and sensor modalities. Gen_RMSE
and Sim_RMSE represent the RMSE between the generated/simulated data and real data, respectively. Higher improvement indicates better alignment
between generated data and real-world behavior. (b) Comparison of distributional consistency across tasks. Gen_mu_Err and Sim_mu_Err denote the

mean error between generated/simulated and real data, while Gen_std_Err and Sim_std_Err denote the discrepancy in standard deviation. These
metrics evaluate the ability of models to compare the statistical properties of sensor data.

reduces these discrepancies by incorporating precise feature
extraction and reconstruction techniques. The generated
data closely matches real flight data in trend, fluctuation,
and nonlinear characteristics, demonstrating strong tem-
poral modeling and generalization performance. Similarly,
in Tour and Forward missions, the method consistently
produces accurate and stable synthetic data, successfully
capturing complex flight trajectories and dynamic patterns.
It also excels in long-sequence modeling and predicting
nonlinear variations.

Fig. 10(a) further quantifies accuracy improvements
across different sensor modalities for each mission. The
results show that the proposed method significantly reduces
generated errors, with the highest accuracy improvements
reaching 95.81% for Hovering and 93.84% for Forward,
highlighting its robust dynamic response modeling and
nonlinear feature reconstruction. Despite the increased

complexity of Tour task trajectories, the method maintains
high stability and adaptability, demonstrating its reliability
across multiple UAV missions. The data distribution com-
parison in Fig. 10(b) also confirms this conclusion. Overall,
the proposed method accurately captures UAV dynamics,
generating high-quality, stable, and generalizable synthetic
data. These findings confirm its effectiveness and superior-
ity for real-world UAV applications.

To evaluate model performance in real-world scenar-
ios, we applied the four top-performing methods from
Table II—Proposed, AutoFilterVQ, VQWWVAE, and
MCVQ—to actual UAV missions. Fig. 11 presents the
quantitative comparison results, which cover both static
(Hovering) and dynamic (Takeoff, Forward, and Tour) mis-
sions. Performance is assessed using RMSE, MAE, and
WD. The results show that the proposed method consis-
tently outperforms baseline models across all missions. In
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Fig. 11. Quantitative performance comparison of different models, including the proposed model, AutoFilterVQ, VQWWVAE, and MCVQ, across
all missions. Evaluation metrics include RMSE, MAE, and WD, providing a comprehensive assessment of reconstruction accuracy and distribution

fidelity across methods.

more complex dynamic scenarios, such as Forward and
Tour, it achieves lower errors and higher generation accu-
racy. Despite being trained only on Hovering and Takeoff
missions, the model effectively generates high-quality data
for Forward and Tour missions, preserving distribution con-
sistency. This demonstrates its strong generalization and
task-transferability. Overall, these findings validate the FC-
MC-SVQ mechanism as an effective method for DT-based
modeling, providing reliable data support for UAV percep-
tion and mission execution in unknown environments.

4) Ablation Study: To assess the effectiveness of the
proposed method, we conduct an ablation study on the
key components of the FC-MC-SVQ framework, evaluat-
ing their impact on overall performance. Specifically, we
systematically remove the FC module (denoted as With-
out_FC in Fig. 12(b), where feature clustering categories
are reduced from four to two), the multichannel condi-
tional (MC) module (Without_MC), and the MC module
(Without_SVQ). Experiments are performed on both the
Hovering and Takeoff datasets, using validation sets with
100%, 50%, and 25% of the data to thoroughly examine
each module’s contribution. The results are presented in
Fig. 12(b).

The experimental results reveal that removing the FC
module has a relatively small effect on performance, while
eliminating the MC module leads to a significant decline—
by an order of magnitude. Specifically, the MC module
is essential for organizing multiscale and multimodal data
into separate channels based on feature clustering, allowing
for more effective extraction of related features. Without
it, the model struggles to capture feature relationships,
reducing information integration and overall performance.
This highlights the MC module as a critical component of
the framework. In addition, the SVQ module also plays a
key role by replacing traditional hard quantization, which
helps reduce quantization errors and improve generaliza-
tion. While removing SVQ does not cause a dramatic drop

in performance, it does lead to noticeable degradation in
model accuracy, confirming its role in minimizing informa-
tion loss and enhancing robustness. It is also worth noting
that the number of feature clustering categories in the FC
module affects model performance. Reducing the number
of categories from four to two decreases feature separation
accuracy, preventing the model from effectively capturing
key characteristics. However, this impact is less pronounced
than that of the MC module. These results suggest that
choosing an appropriate number of clustering categories is
essential to balancing computational efficiency and model-
ing accuracy. Overall, the ablation study strongly supports
the design and effectiveness of the proposed FC-MC-SVQ
framework.

We further conducted a quantitative ablation study to
assess the contribution of individual model components to
reconstruction performance across different sensor types,
as shown in Fig. 12(a), (c), (d), and (e). For sensors
characterized by high-frequency variation—such as ac-
celerometers and gyroscopes—the complete model consis-
tently delivered the most accurate reconstructions under
both static (Hovering) and dynamic (Takeoff, Forward,
and Tour) flight conditions. This demonstrates the model’s
effectiveness in capturing detailed temporal patterns. In
contrast, removing components such as FC, MC, or SVQ
led to a marked decrease in performance, particularly in
high-dynamic scenarios, where the ability to recover fine
signal details was noticeably reduced. These findings un-
derscore the importance of these modules in modeling
complex, dynamic behaviors. In comparison, for sensors
with more stable outputs– - such as magnetometers and po-
sition data—the differences in reconstruction performance
among model variants were relatively minor across all
flight conditions. This suggests that for low-frequency or
less variable signals, the model’s architectural complexity
has a limited impact on reconstruction accuracy. Over-
all, the ablation results confirm the essential role of each
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Fig. 12. Comparative results of the ablation study. (a) Reconstruction performance under different flight modes. This subplot illustrates the
reconstruction results of four sensor modalities—accelerometer, gyroscope, magnetometer, and position data—under various UAV flight modes, using
different ablation configurations (Proposed, Without_FC, Without_MC, and Without_SVQ). (b) Performance evaluation under different data scales:
(i) In the Hovering mode, the performance of each method is assessed using datasets of varying sizes (100%, 50%, and 25%) based on RMSE, WD,

and MAE metrics, aiming to evaluate robustness under limited data conditions, and (ii) a similar evaluation is conducted for the Takeoff mode to
investigate method stability and adaptability under dynamic flight scenarios. (c) Distributional comparison of reconstruction errors across flight

modes. This part presents the overall error distributions of different methods across all flight modes using kernel density estimation. The plots offer
insight into the global reconstruction stability and error characteristics of each method. (d) Statistical error analysis under the Tour mode: (i)

Comparison of reconstruction errors (mean, standard deviation, MAE, and RMSE) between the accelerometer and gyroscope, and (ii) performance
comparison for the magnetometer and position data. (e) Error comparison in Hovering and Takeoff modes: (i) In the Hovering mode, the performance

of different methods is compared for gyroscope, magnetometer, and accelerometer data, and (ii) in the Takeoff mode, the same three sensors are
analyzed to assess method effectiveness in rapidly changing flight states.

module in improving the model’s capability, especially un-
der dynamic conditions, and highlight the proposed frame-
work’s robustness and adaptability in diverse UAV flight
environments.

D. Discuss

As shown in Table III, we analyzed the model per-
formance under varying training data volumes. The re-
sults indicate that, overall, the model exhibits a controlled
degradation trend as the training data decreases: when the
data volume decreases from 100% to 60%, all metrics show
only slight increases, and the model still maintains good

TABLE III
Small Sample Ratio Experiment

reconstruction accuracy; as the data further decreases to
30% and 10%, the errors increase more noticeably, but
the model retains basic pattern reconstruction capability.
Notably, within the 30%–60% data range, the RMSE, MAE,
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Fig. 13. Performance statistics for edge device deployments. (a) CPU
usage performance (%) statistics of edge device deployment process. (b)
CPU memory usage (Mb) statistics of edge device deployment process.

TABLE IV
Model Inference Resource Usage

TABLE V
Comparison of Ablation Experiments on Loss Function Weights

and WD metrics show slight increases. This is primarily
because the dataset consists of raw sensor data without de-
noising, causing noise and abnormal readings to accumulate
as the sample size increases, thereby introducing stronger
interference to the model. Overall, this phenomenon reflects
the model’s true behavior under noisy, raw data conditions.

To evaluate the feasibility of deploying the proposed
model on edge devices, experimental tests were conducted,
and the results are illustrated in Fig. 13 and Table IV.
It can be observed from the experimental results that the
average inference time of the model on edge devices is
approximately 165 ms, which falls within the typical control
cycle of UAVs, and thus, satisfies the real-time processing
requirement. Meanwhile, the GPU memory consumption is
about 2 GB, and the CPU memory usage remains around
2.7 GB. The model runs stably throughout the entire run,
but there is room for further optimization. These findings
indicate that the method proposed in this study possesses
high deployment feasibility on edge terminals. In future
work, we plan to further deploy and test the model on
onboard hardware (e.g., NVIDIA Jetson Orin Nano) and
explore techniques such as model pruning and dynamic
quantization to further reduce computational complexity,
thereby enabling onboard deployment for actual flight tasks.

We further investigated the impact of varying the
weighting coefficients of different loss components, as
summarized in Table V. The results indicate that changes
in the VQ-Loss weight have only a marginal effect on
overall performance, primarily because this term serves as
a structural regularization mechanism in the latent feature

space rather than directly influencing reconstruction accu-
racy. In contrast, the VAE-Loss weight directly governs the
model’s reconstruction capability and dynamic consistency
along the temporal dimension. Consequently, the model
performance is more sensitive to variations in γVAE, while
remaining relatively stable with respect to changes in γvq.

E. Source Code and Data

To ensure reproducibility, the complete dataset, source
code, training scripts, and pretrained models used in this
work have been released online,2 which provides the fol-
lowing:

1) hybrid DT datasets containing real flight and simu-
lation data;

2) UAV DT modeling and control code;
3) network implementations and training pipelines;
4) pretrained model weights and configuration files.

IV. CONCLUSION

DT technology is becoming a key enabler for advancing
UAV systems in the low-altitude economy. It plays a vital
role in intelligent perception and collaborative decision
making. However, conventional modeling methods often
fall short in real-world applications due to the complexity
of multisource data, varying data scales, and nonlinear
system behaviors. These challenges make it difficult to build
reliable, accurate, and robust models for UAVs operating
in dynamic environments. To overcome these limitations,
we propose a novel UAV DT-enhanced modeling method
based on feature clustering, multichannel VQVAE, and a
soft quantization mechanism. By incorporating a soft vector
quantization strategy and a feature-space clustering mecha-
nism, the proposed method enables structured modeling of
multiscale, multimodal sensor data. It effectively captures
and reconstructs nonlinear coupled features across differ-
ent scales while enhancing robustness to sensor noise and
dynamic variations. Building on this, we construct a hybrid
modeling framework that integrates both physical priors and
data-driven mechanisms, facilitating real-time perception
and dynamic correction of system states and sensor errors
throughout the UAV’s flight process.

Our experimental results confirm the advantages of this
method in the following three key areas.

1) In model performance, the proposed method outper-
forms mainstream generative models in both recon-
struction accuracy and consistency under challeng-
ing conditions. It also better preserves the temporal
characteristics of flight data, which are crucial for
real-time applications.

2) In engineering applicability, when applied to var-
ious UAV missions—such as hovering, takeoff,
tour, and forward flight—our method significantly
enhances the predictive power of the DT sys-
tem. The highest performance improvements of

2[Online]. Available: https://github.com/RflySim/RflySimDT
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95.81%, 91.99%, 89.94%, and 93.84%, respectively,
highlight its adaptability and effectiveness across
diverse operational scenarios.

3) In technical ecosystem, we also developed and re-
leased an open-source hardware-in-the-loop DT sim-
ulation platform, fully compatible with popular UAV
software stacks such as PX4 and ROS. This platform
enables real-time interaction between digital and
physical UAVs, laying the groundwork for future
self-evolving DT systems. Furthermore, the multi-
modal flight dataset used in this study has been made
publicly available to support further research in soft
sensing and DT-based modeling.

The core contribution of this study lies in the paradigm
of physical-to-digital mapping, wherein a generative hybrid
modeling framework is employed to enhance the fidelity of
the DT’s representation of multimodal UAV sensor data. It
is essential to explicitly clarify that the corrected outputs of
the DT are not currently used as safety-critical commands
to directly control the physical UAV. Instead, they serve as
augmented perceptual information to support state moni-
toring, anomaly detection, and decision-making processes.

We fully acknowledge that realizing closed-loop, safety-
critical applications based on DTs constitutes a system-level
challenge, involving fault diagnosis, safety certification,
and control assurance. This article, therefore, focuses on
establishing the trustworthiness of the model, a foundational
prerequisite akin to a high-precision navigation map in au-
tonomous driving, without which advanced functionalities
cannot operate safely. Building upon this foundation, we
envision a three-layer technical evolution path: The current
work achieves the physical-to-digital stage, forming the
cornerstone of the framework. Future research will explore
the digital-to-physical stage, enabling virtual redundancy
control under fault conditions. The long-term goal is to
realize digital–physical collaboration, facilitating safe and
intelligent decision-making through dynamic interaction
between real and virtual agents. This study provides the the-
oretical and methodological groundwork for this progres-
sive roadmap, while future work will focus on addressing
challenges such as online adaptive learning and real-time
reliability assurance.
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