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Revised: 5 September 2026 because rotor aerodynamics, structural vibrations, and actuator dynamics are strongly
Accepted: 9 September 2026 coupled, nonlinear, and rapidly time varying during flight. To address this challenge,
Published: 15 September 2026 ye propose a physics-guided fusion and feature processing framework for unmanned
helicopter dynamics modeling (Phy-Ture). In this framework, the sequential dynamics
estimates from the first-principles based model are fused with raw state-control
input sequences to implement physics-guided feature augmentation. Subsequently,
a multiscale temporal feature enhancement module is incorporated to reinforce the
framework’s representational capability for both the short-term transient behaviors
and long-term evolutionary trends of the unmanned helicopter. Furthermore, a time-
series decomposition and prediction module is introduced to explicitly decouple
and model dynamic components across distinct time scales, enabling the precise
prediction and compensation of dynamic residuals. Experiments on the Stanford
Autonomous Helicopter Project dataset show that Phy-Ture reduces the mean RMSE
by approximately 48% relative to the best-performing compared baseline under the
benchmark protocol and by approximately 56% on held-out maneuver classes under
the maneuver-class-based 10-fold evaluation. These results support the effectiveness
of combining a structured physical baseline with adaptive temporal feature learning
within the evaluated dataset and maneuver classes.
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1. Introduction

Over the past decade, unmanned helicopters have attracted increasing attention in emergency response,
precision agriculture, urban logistics, and military missions. Their ability to take off and land vertically, hover, and
execute aggressive maneuvers enables various missions that other platforms cannot match [1-3]. Generally, UAV
configurations are commonly classified into fixed-wing vehicles, multirotor vehicles, and helicopters. Unlike fixed-
wing UAVs, unmanned helicopters dispense with runways and can sustain stationary hover, enabling close-range
inspection, vertical cargo delivery, and confined-space maneuvers that fixed-wing platforms cannot perform [4-6].
Compared with multirotor UAVs, unmanned helicopters’ larger rotor disks and additional control degrees of freedom
confer decisive advantages for wide-envelope, heavy-payload missions [7-9]. To exploit these advantages, unmanned
helicopters require precise, efficient, and robust control laws. These control laws depend on a high-precision real-
time dynamics model. However, developing such a model faces several challenges. First, unmanned helicopters are
inherently high-order, time-varying, underactuated and nonlinear, which makes it difficult to accurately represent
their dynamic behavior. Second, strong couplings among the main rotor, fuselage and tail give rise to unsteady
aerodynamic forces, structural vibrations and coupled engine dynamics, which complicate the overall dynamics and
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hinder precise modeling. Third, it is difficult to identify aerodynamic and damping parameters. Furthermore, they
may drift during flight, which leads to mismatches between simulation and actual system behavior, thereby reducing
the accuracy of dynamics modeling. Taken together, these factors make unmanned-helicopter dynamics modeling
a challenging research problem, reflecting the broader difficulty of characterizing complex nonlinear behavior in
practical engineering systems [10-13].

Dynamics modeling of an unmanned helicopter seeks to map its measured flight states and control inputs
to instantaneous linear and angular accelerations. Early attempts to model unmanned helicopter dynamics can
be broadly classified into first-principles models [14—16] and traditional system identification models [17-19].
However, deriving accurate dynamics from first-principles is hindered by the helicopter’s complex geometry and the
unsteady nonlinear airflow around its rotors. At the same time, the inability to measure certain key states renders
parameter estimation via traditional system identification methods unreliable. To reconcile these weaknesses, many
researchers have adopted gray-box or hybrid strategies, consistently outperforming either method alone [20-23].
Tischler et al. [20] derived a 13-state linear representation and identified its parameters from frequency sweep data
using CIFER. Chaturvedi et al. [22] developed a gray-box dynamics model that embeds first-principles rigid-body
equations and uses adaptive system identification laws to estimate unknown inertia and input nonlinearities in real
time. Tang et al. [23] derived a nonlinear helicopter dynamics model from first-principles equations and tuned its
unknown parameters using an adaptive genetic-algorithm identification scheme. Huang et al. [24] combined system
identification with an integrator-enhanced general internal model controller, achieving asymptotic error convergence
in real flight tests. More recently, Pasquali et al. identified open-loop transfer functions from highly correlated
closed-loop data and used their rational approximations to construct a reduced-order helicopter representation,
demonstrating a practical route to compact helicopter modeling under feedback operation [25]. Although these
studies illustrate the potential advantages of traditional hybrid modeling approaches, the practical calibration of
such models remains a significant challenge. Parameters such as stability derivatives, hinge stiffness and rotor-body
inertia are costly to measure and are usually inferred from limited flight data [26-28]. To make the problem
computationally tractable, many existing studies rely on linear approximations and other simplifying assumptions.
However, these simplifications can introduce modeling bias and lead to reduced accuracy when applied under
realistic flight conditions, motivating physics-informed learning approaches that integrate system knowledge with
data-driven methods [29-32]. More broadly, recent studies of nonlinear dynamical systems have also reported
complex behaviors such as multi-scroll hidden attractors and coexisting attractors, further illustrating the rich
dynamical structures that can arise from nonlinear interactions [33,34].

With the rapid growth of onboard computing power, high-frequency flight data logging, and related signal-
processing techniques [35], data-driven modeling has become an appealing alternative to traditional approaches [36—38].
For helicopters, Punjani et al. [39] treat the system identification as high-dimensional regression and introduce a
ReLU-based deep network that outperforms earlier identification methods across aerobatic maneuvers. Building
on this idea, Chen et al. [40] trained a deep convolutional neural network on raw flight logs and achieved higher
accuracy in unmanned helicopter dynamics modeling. Extending the approach to multirotors, Liu et al. [41]
employed an LSTM to deliver real-time attitude estimates from quadrotor flight data. Amiruddin et al. [42] tested
several deep learning architectures for quadcopter system identification using experimental flight data and found that
a CNN-LSTM network achieved the best performance. These models require little aeromechanical expertise and
avoid many of the assumptions imposed by analytical formulations, yielding high predictive accuracy on data similar
to that used for training. However, their parameters lack direct physical meaning, and large data requirements can
lead to overfitting and poor generalization when the flight regime deviates from the training distribution [43—46].

To improve the modeling accuracy and generalization of unmanned helicopter dynamics, recent work combines
physical priors with deep learning for flight-dynamics modeling [47—49]. Kang et al. [50] fuse a first-principles
rigid-body model with a deep convolutional network that learns residual dynamics from flight logs, producing a
high-precision and broadly generalizable helicopter model. Zhang et al. [51] augment a first-principles helicopter
model with a CNN-LSTM residual learner, resulting in a hybrid modeling framework that effectively combines the
interpretability of physics-based models with the accuracy of data-driven methods. Mohajerin et al. [52] combine a
simplified physics-based motion model with recurrent neural networks and achieve high-precision predictions for
helicopter and quadrotor dynamics. By combining a simplified ground-effect aerodynamic model with a ReLU-
based convolutional network, Xia [53] obtain more accurate predictions of small-helicopter rotational dynamics
and enhanced landing control. Ma et al. [49] integrate a low-precision physics model with a residual-transformer
autoencoder and a physics-informed multi-step loss, resulting in a high-precision aircraft dynamics model which is
suitable for diverse flight regimes.

https://doi.org/10.53941/jmlis.2026.100019 2 of 21


https://doi.org/10.53941/jmlis.2026.100019

Zhang et al. J. Mach. Learn. Inf. Secur. 2026, 2(3), 19

Most of the above methods follow a residual strategy in which the network learns the discrepancy between
sensor measurements and a physics baseline. Although these hybrids generally outperform purely data-driven
models, two limitations remain. First, existing fusion strategies are mostly unstructured (e.g., direct concatenation
or simple residual correction), which can propagate physics model bias and measurement noise when the physical
estimator is inaccurate under high-dynamic maneuvers. Second, temporal modeling is frequently insufficient for
helicopter dynamics: conventional CNN/LSTM-style backbones struggle to jointly capture short-term transients
and long-horizon evolution in highly nonlinear, time-varying flight regimes.

To address these limitations, we propose a physics-guided fusion and feature processing framework (Phy-Ture)
for unmanned helicopter dynamics modeling. It first computes baseline linear and angular accelerations from a
first-principles model, then introduces a physics-augmented fusion (PAF) module to adaptively integrate state-
control history and physics baseline estimates through multi-head cross-attention in a shared latent space. Next, a
multiscale temporal feature enhancement (MSTFE) module strengthens cross-scale temporal interactions to better
represent both rapid and slowly varying dynamics. Finally, a time-series decomposition and prediction (TSDP)
module separates the fused features into trend and seasonal components, and predicts the residual dynamics for
compensation. The predicted residual is added back to the physical baseline to produce the final acceleration output.

Compared with representative physics-guided helicopter dynamics models that primarily combine a physical
baseline with residual learning, Phy-Ture additionally performs feature-level interaction between sequential
physical estimates and state—control representations and incorporates multiscale temporal processing before
residual prediction.

The main contributions of this paper are listed as follows.

. We design a physics-guided fusion and feature processing framework tailored to unmanned helicopter dynamics,
achieving nearly 50% reduction in RMSE on the Stanford unmanned helicopter dataset.

. We integrate a cross-attention-based fusion mechanism for physical estimates and state-control sequences, which
adaptively extracts residual-relevant features from physical priors and fuses them with state-control features,
effectively suppressing bias propagation from imperfect physical baselines and boosting modeling accuracy.

. We incorporate a multiscale temporal feature enhancement module with a lightweight two-layer SCINet
backbone, which can capture richer multiscale dynamics than CNN or LSTM backbones and improves
prediction accuracy in every flight maneuver tested.

. We show that decomposing the fused sequence into trend and seasonal components provides a more effective
representation for residual prediction, leading to notably improved modeling accuracy for unmanned helicopters.

Following this introduction, Section 2 describes the mathematical foundation. Section 3 details the proposed
Phy-Ture and its components. Section 4 presents the experimental studies. Last, Section 5 concludes this article.

2. Preliminaries

2.1. Attitude Representation and Coordinate Transformation

Before developing the dynamics model, we present the coordinate frames and the rotation matrices that relate
to them. Figure 1 depicts the unmanned helicopter considered in this study. We regard the unmanned helicopter as a
rigid body and define two coordinate frames:

. Inertial frame: This frame is centered at the helicopter’s initial position. The x;-axis points north, the y;-axis
points east, and the z;-axis points downward, forming a local North—East-Down (NED) frame. Earth curvature
and rotation are neglected.

. Body-fixed frame: This frame is rigidly attached to the vehicle body, with its origin o} at the center of mass.
The zp-axis points to the nose, the y,-axis points starboard, and the zj-axis points downward.

Figure 1. An unmanned helicopter that was independently developed by Stanford University. This photograph shows
the Synergy NO helicopter in flight, serving as the physical platform for experimental validation and the definition of
the reference coordinate systems.
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Since state variables are measured or defined in different frames, a rotation matrix is required to transfer
vectors from one frame to the other. Attitude is parameterized by a unit quaternion g, and g is expressed as:

q=qit+q2j + g3k + qa, (D

lgl>=ai+a +a5+q =1, 2

where [q1, q2, g3]T € R is the vector part and ¢4 is the scalar part.
Based on the foregoing, we adopt the notation Rﬁf;om, where the subscript from denotes the source frame
and the superscript to denotes the target frame. In particular, the body-to-inertial rotation matrix R;", which maps

variables from the body-fixed frame into the inertial frame, can be written as

_ 1—2(q5 +a3) 2(0192 — 4394) 2(q193 + G24)
R7(q) = |2(q1g2 + g3q4) 1 —2(q} + 43) 2(q2q3 — q1qa) | - 3)
2(q193 — q2q4) 2(q2q3 + q1q4) 1 —2(¢} + ¢3)
b

m?

The inertial-to-body rotation matrix R
frame, can be written as

which maps variable from the inertial frame into the body-fixed

R’ (q) = (R (q)). “)
2.2. Problem Formulation

Unmanned helicopter dynamics modeling aims to learn a mapping from flight states and control inputs
to instantaneous linear and angular accelerations. The state variables include position p = [z,y,z]", Euler
angles ¢ = [ ¢z, ¢y, ®. |7, linear velocity v = [v,,v,,v,]T, and angular velocity w = [w,,wy,w,]T. Here,
¢ denotes the Euler-angle attitude coordinates included in the state history, whereas ¢ is the equivalent unit-
quaternion representation used to construct the rotation matrices in Equations (3) and (4). The control input is
u = [ug, ug, us, Uy ]T, where u; and uo denote cyclic commands, ug is the tail-rotor command, and uy4 is the
collective command.

Considering both translational and rotational dynamics, we describe the complete nonlinear model as

1'):—wxv+ang+Av+Cluy+D1+6v, (@)

W =I"Y~wx (Iw)) + Bw + Cauy, + Dy + b, (6)

where ¢, and J,, denote aggregated uncertainties that cannot be accurately captured by the analytical model,
including rotor—fuselage coupling effects, unsteady aerodynamics, actuator dynamics, and modeling simplifications.
Based on Equations (5) and (6), we adopt a two-level hybrid framework composed of a physical baseline and
a residual compensation model. The physical baseline is obtained by removing d,, and §,, and identifying model
coefficients offline; these physical parameters are fixed during neural-network training. The residual model learns
only the discrepancy between measured dynamics and physical baseline prediction.
The six-dimensional acceleration target is defined as

of
ag — T S RG, (7)
Wy
and the physical baseline output at time ¢ is denoted by
T
Upt
al = [ = ] : ®)
Wp,t
Accordingly, the residual to be estimated is
r,=a; —al. 9)

To incorporate temporal context, we stack the past H samples into a sliding window:

St—Ht1:4t = [Di—H+1, Qt—H+1s Vi H+1, Wi—H+1, Wi—H+1;

(10)
-5 Pt ¢ta Vg, We, U/t],
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and compute the corresponding physical baseline sequence P;_ 41.; by applying the physical baseline model to
the same sliding window defined above. The residual compensation network is written as

T = F(St—m+1:4, Prms1:4; 9)7 11
and the final hybrid prediction is
ﬁt = af +i'\t (12)
Given a training set D = { (SE B Hal: t,PEi_) " +1:t,a§i))}i1\;1, the learnable parameters are optimized by
minimizing MSE:
N
. .. (@) _ (20 =\ |2
0" = arg min Nzlnat - (at +rt)||2- (13)

By solving the optimization problem in Equation (13), we obtain a physics-guided hybrid dynamics model
that retains the first-principles prediction as a physical baseline while learning residual corrections for complex
nonlinear and time-varying unmodeled dynamics.

3. Methodology
3.1. Framework of the Phy-Ture

The overall architecture of the proposed Phy-Ture physics-guided hybrid dynamics modeling framework is
illustrated in Figure 2. Built upon the residual learning paradigm defined in the preliminaries, Phy-Ture consists of
four sequentially connected functional modules with a clear end-to-end data flow: (a) First-Principles based Physical
model Calculation (FPPC) module, which generates baseline acceleration predictions from the rigid-body dynamics
model; (b) Physics-Augmented Fusion (PAF) module, which adaptively fuses the state-control sequence with
physical baseline estimates; (c) Multiscale Temporal Feature Enhancement (MSTFE) module, which captures the
multiscale dynamic characteristics of the unmanned helicopter; and (d) Time Series Decomposition and Prediction
(TSDP) module, which outputs the final residual dynamics prediction.

| y.
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Figure 2. Overview of the proposed Phy-Ture framework for unmanned helicopter dynamics.This diagram illustrates
the end-to-end data flow of the framework, sequentially connecting the first-principles based physical model
calculation (FPPC), physics-augmented fusion (PAF), multiscale temporal feature enhancement (MSTFE), and time
series decomposition and prediction (TSDP) modules.

Different from purely data-driven pipelines that directly map flight states to dynamics outputs without
an explicit physical baseline, Phy-Ture uses the first-principles model as a structured physical baseline for the
helicopter’s rigid-body dynamics and learns residual corrections for the remaining unmodeled dynamics.

This design improves prediction accuracy in the evaluated nonlinear flight regimes while retaining the first-
principles prediction as a structured physical baseline for residual learning.
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In the FPPC module, we employ a first-principles-based 6-degree-of-freedom (6-DoF) rigid-body physical
model of the unmanned helicopter. Given the measured flight states and control inputs, this module generates
structured baseline estimates of linear and angular accelerations. These baseline estimates are then fed into the
subsequent PAF module as physical baseline information.

Next, to integrate physical baseline estimates with state-control sequence features, the PAF module first
projects both sequences into a shared latent space.

The resulting physics-guided feature sequence is then fed into the MSTFE module, which performs multiscale
feature interaction to amplify latent temporal features before trend-seasonal decomposition. Through its multiscale
interaction enhancement mechanism, MSTFE enables the network to more effectively capture the strong nonlinear
and rapidly time-varying dynamic characteristics of the helicopter system, thereby supporting accurate prediction in
complex flight regimes.

Finally, the enriched temporal feature representations are fed into the TSDP module, which performs trend-
seasonal decomposition and predicts the acceleration residual for compensation. This decomposition operation
decouples the long-term trend and short-term periodic components of the dynamics, simplifies the residual learning
task, sharpens the model’s focus on inherent dynamic structures, and improves prediction accuracy across diverse
flight maneuvers.

3.2. First-Principles Based Physical Model Calculation

The FPPC module serves as the physical baseline predictor in the proposed hybrid framework. It uses a
first-principles analytical approach to estimate linear and angular accelerations within the full state-control space.
The physical model is expressed in Equations (14) and (15) below.

@p:—WXU+R?ng+AU+Cluv+D1> (14)
Gy = I Y(—w x (Iw)) + Bw + Cauy, + D, (13)

where Rﬁ’n is the rotation matrix, g = [0, 0, go | is the gravity vector, and I denotes the inertia tensor. The control
inputs are partitioned to u, = [0,0,us]" and u, = [u1,u2,uz]". Matrices A, B, C;, Cy and bias vectors
Dy, D are parameters of the physical model, which are identified via least-squares optimization. This physical
model is derived by linearizing the general rigid-body equations with small-disturbance theory, a formulation widely
used in both fixed-wing and rotary-wing flight-dynamics studies [54].

Given the difficulty of measuring certain state variables and the incomplete characterization of rotorcraft
aerodynamics, the first-principles based physical model incorporates several simplifying assumptions.

First, in real aircraft dynamics, the inertia matrix is generally a symmetric 3 x 3 matrix that includes both
principal axis inertia and cross-axis coupling inertia. To simplify the computations, the inertia matrix / is assumed
diagonal, which eliminates coupling terms between the axes. Second, in this physical model, the aerodynamic forces
and aerodynamic moments are regarded as linear relationships directly proportional to the velocity: the aerodynamic
force is written as Av and the aerodynamic moment as Bw. This linearization significantly reduces the complexity
of the equation, but the error becomes more obvious when flying at high speed or with a large angle of attack. Last,
the control inputs are assumed independent across axes. The forces and moments are linearly dependent only on the
corresponding inputs, mapped respectively through the constant matrices C; and Co.

The physical baseline uses a diagonal inertia matrix, linear force and moment mappings, and decoupled
control channels.

We form the flight state-control series over the past H time steps as S;— i+1.¢- Applying the physical model to
this series produces the matching physical baseline sequence

_ P - p RS -
Pi w1 = [0)_ g1 W _gi1; 508, Wt (16)

The two sequences, i.e., S;— f4+1.¢ and P;_ i 114, are then fed into the PAF module to construct physics-guided
representations for residual compensation learning.

3.3. Physics-Augmented Fusion

The physics-augmented fusion (PAF) module takes the flight state—control series S;_ 7 41.¢ together with its
corresponding physical baseline series P;_ 1. as inputs, and adaptively fuses them to generate a physics-guided
representation for downstream residual modeling.

First, each series is projected into a shared latent space via learnable linear layers:
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S
Sq = Si—mi1.4 W7, (17)

Py = P W, (18)

where W52 € RPsXdmodel gnd W Fa ¢ RPP*dmoder Here, Dg and Dp are the channel dimensions of St_H41:t
and P;_ g 1.4, and dy04e1 denotes the dimension of the shared latent space. Through these projections, the two
sequences are mapped into a unified feature space that facilitates effective fusion.

Subsequently, to ensure that the downstream model can explicitly capture the temporal order of the data, we
apply positional encoding independently to each projected series before fusion. The encoding method we adopt is
the sinusoidal position encoding proposed by Vaswani et al. [55], which introduces deterministic position-dependent
variations into the representations. The corresponding encoding formula is:

. . p
PE(p. 20) = sin g55ai7aa ) (19
. p
PE)(p7 27/ =+ 1) = Cos<m>, (20)

where p € {0,..., H — 1} is the timestep index, and ¢ € {0, ..., dmodel/2 — 1} is the channel index.

The resulting position vectors are added element-wise to the original feature vectors, producing the position-
aware series S’ and P’. Since the encoding does not introduce additional trainable parameters, its computation cost
can be neglected. This parameter-free design preserves both absolute and relative temporal offsets and generalizes
to sequences longer than those seen during training.

As shown in Figure 3, we fuse the position-aware state-control series S’ € R *@model and the position-
aware physics baseline series P/ € R *dmodel via multi-head cross-attention. Here, h denotes the number of
cross-attention heads.

h (\ h%,
=
Position embedded E
physics-based estimates P’ =
il
g
8 ™
h (\ 3
JE— e ~
physical-aware series S
o g e Z
g o a 5 &
& 7]
— 5 > & E—f—
i ] 3 < o
a ° =4
B
e
Position embedded h %
State-Control Series S’ {\ =4 o
=2 7'y
=
£
=
(3
y = 5
> = >
N
XS}
_JJ

Figure 3. Multi-head cross-attention mechanism for fusing physical baseline estimates and state-control representations.

Foreachhead i = 1,..., h, we compute
Qi=S'WP, K;=PWr Vi=PW, 21
with W2 WK WY & Rédmodaer <k Here, dj, denotes the per-head embedding dimension, typically dy = dinodel/h-

so that Q;, K;, V; € R >4k Then, each head performs scaled dot-product attention to compute an output of shape
RH X dk :

KT
head; = Softmax( Q\Z/? )Vi. (22)
k

The outputs of all heads are concatenated and projected back to d,oqe; dimensions:

MultiHead(Q, K,V) = Concat(heady, ..., head,) WO, (23)
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where WO € R dx)*dmoael s the output projection matrix. Subsequently, a residual connection around S’ followed
by layer normalization yields the fused series:

Si_r 414 = LayerNorm(MultiHead (S, P') + S'), (24)

Compared with feature concatenation or pointwise gated fusion, multi-head cross-attention enables each
state—control representation to selectively aggregate relevant information from the physical baseline sequence across
the observation history. In contrast to pointwise gating, which mainly modulates the relative contributions of aligned
features at each time step, cross-attention explicitly models query—key dependencies between the two sequences and
can therefore capture cross-temporal interactions between state—control features and physical baseline estimates.
The residual connection preserves the original state—control representation.

3.4. Multiscale Temporal Feature Enhancement

In this module, MSTFE adopts the sample-splitting and cross-scale interaction mechanism of SCINet [56] to
extract multiscale temporal features for the downstream stage.

Figure 2c illustrates SCINet’s cascaded SCI-Block architecture. These blocks capture dynamic temporal
dependencies at multiple resolutions via one-dimensional convolutional operations, thereby improving the time
series representation capabilities for unmanned helicopters.

For clarity, we use F e RE*dmoael to denote the input feature sequence of the SCI-Block. As shown in
Figure 4, the SCI-Block downsamples F by separating the series into two subseries, ﬁ'odd and Feven, according to
the parity indices. The SCI-Block then applies distinct convolutional kernels to ﬁ},dd and ﬁ‘even. Since the kernels
are independent, the extracted features encode unique yet complementary temporal relations and thus possess
richer representational power. The information is then exchanged between the two subseries by learning the affine
transformation parameters in a mutually adaptive manner. Specifically, Fluyen and Foqq are first projected to hidden
states by two separate 1D convolutions, denoted as ¢ and 1, converted to the formats of exp, and then interact
through element-wise production ® with Feven and ﬁ‘odd, respectively. The process is formalized as follows:

FA‘(fdd = Fodd © eXp(¢(Feven))y (25)

Fg/en = Feven © exp(¢(Foda))- (26)

Subsequently, the SCI-Block feeds the scaled features Fjven and Aosdd to two 1D convolutional modules,
projecting them to hidden states that are then added back to the original I}, and F,, respectively. The operation

is formalized as follows:

Flag = Fga + p(Foen): (27)
Fe/ven = Fesven + n(psdd)7 (28)

where p and 71 denote two distinct 1D convolutional modules.

Interactive
Enhancement

ey
nds

Figure 4. The process of interactive enhancement within SCI-Block.

As illustrated at the right side of Figure 2¢, multiple SCI-Blocks are arranged in a binary tree structure. This
structure gives each SCI-Block both local and global views of the entire time series, helping it extract salient
temporal features. Since the series is progressively down-sampled and processed at successive levels, the network
can learn representations at different temporal resolutions. Information from earlier levels is cumulatively propagated
upward, hence deeper blocks inherit and refine the finer-grained temporal details captured by the preceding layers.
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After all interactions are completed, SCINet realigns the extracted features into a new series representation
and adds this residual to the original time series, producing an enhanced series denoted by S, H+1:¢+ With greater
predictive capacity.

By capturing temporal dependencies at multiple scales, MSTFE provides the downstream module with a richer
temporal representation. Since MSTFE itself does not rely on helicopter-specific operators, the architecture is not
intrinsically tied to helicopter dynamics and could, in principle, be adapted to other aircraft platforms by redefining
the physical baseline and the corresponding input—output variables.

3.5. Time Series Decomposition and Prediction

Since the time series of unmanned helicopters encompasses multiscale components, such as trend changes and
periodic fluctuations, directly predicting the mixed signal would require a single model to simultaneously capture
the dynamic coupling relationships of these two time scales.

To address this problem, we pad the input series Sy m+1:¢ to avoid edge distortion and apply a sliding-window
moving average of width w to extract the trend component:

U=MA, (St mi1:4), (29)

and compute the seasonal component by
V=5 _gia — U. (30)

Next, since the trend and seasonal components exhibit distinct patterns and statistical properties, we apply
separate linear mappings to each, allowing the model to adaptively transform and weight long-term and periodic
signals. Let L = H and U,V € RE*dmode1, The temporal projections are defined as follows:

U, = WYy, (31)
v, = Wy, (32)

where WY WV € RL*F and U, V,, € R” Xdmodel - Tn practice, these mappings are applied independently to
each feature channel, enabling the model to separately transform and emphasize long-term trends and periodic
fluctuations before fusion.

The two transformed feature streams are fused by element-wise addition and passed through a final linear
projection W1 € Rdmode1x6 tg generate the predicted residual terms for linear and angular accelerations, denoted
as ¥ and wy, respectively. Adding this data-driven residual prediction element-wise to the corresponding physical-
baseline output produces the final hybrid acceleration prediction.

4. Performance Evaluation

4.1. Flight Dataset and Metrics

To comprehensively validate Phy-Ture for unmanned helicopter dynamics, we evaluate Phy-Ture on the public
flight dataset released by the Stanford Autonomous Helicopter Project [57]. In this dataset, an expert pilot repeatedly
flew a Synergy N9 helicopter through 20 canonical aerobatic maneuvers. The helicopter weighs 4.58 kg with a
720 mm main rotor blade length. The onboard sensor suite recorded the helicopter’s position, attitude, linear and
angular velocities, and their corresponding accelerations. Meanwhile, a microcontroller captured, in parallel, four
primary control signals transmitted by the Spektrum RC DX7 to the aircraft’s receiver.

As shown in Figure 5, the Synergy N9 dataset contains 20 distinct aerobatic maneuvers, with durations ranging
from approximately 140 s to 510 s and flight distances from 1231 m to 5863 m. State and control signals were
synchronized and smoothed using a Kalman smoother at 100 Hz, yielding 7376 s of usable flight data.

For model development and evaluation, each flight log is first organized into 10-s trajectory segments, which are
assigned to the training, validation, and test partitions in a 70%/20%/10% ratio. All subsequent sample construction
and data augmentation, including temporally overlapping segments generated with a 5-s offset, are performed
independently within each partition. This procedure ensures that no constructed sample crosses a partition boundary
and that no raw timestamp is shared across the training, validation, and test sets. Beyond this benchmark split, a
stricter evaluation of generalization is provided by the maneuver-class-based 10-fold protocol in Section 4.4, where
entire maneuver classes are held out before sample construction and neural-network training. For reproducibility,
the benchmark partition is generated using a fixed random seed of 2030. The resulting training, validation, and
test partitions are kept identical for all compared methods, and overlapping samples are constructed only after the
partition has been fixed.
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All state and control variables are normalized using statistics computed exclusively from the training partition.
The training set is used to optimize the network parameters, the validation set for hyperparameter selection, and the
test set exclusively for final performance evaluation.

The input to all methods is the state—control sequence S;_ 7+ 1.+, comprising position, attitude, linear velocity,
angular velocity and four control signals. All compared methods use a 10-s input history and perform instantaneous
dynamics prediction, with the linear and angular accelerations at the current time ¢ as the prediction targets rather
than future-horizon forecasts.

In the original dataset, position is expressed in meters, Euler angles in radians, linear velocity in m/s, angular
velocity in rad/s, linear acceleration in m/s2, and angular acceleration in rad/s2. The four control commands are
approximately normalized to the range [—1, 1].

Given the regression setting, we select RMSE as the evaluation metric for each method’s dynamics modeling
performance. RMSE shares the targets’ physical units, enabling direct interpretation, and penalizes large deviations
while remaining comparable across methods.

H Distance (m) Duration (s)
i I
vertical sweeps 14743 2288.19

¥ I .
turn_demos3 142.62 1486.04

X I .
turn_demos2 190.78 1621.13

' - - _____________] A
turn_demosl 506.2 4459.74

tictocs T 2328.85

stop and go 413.78
orientation_sweeps_with_motion 23001 1231.27
orientation_sweeps 45058 1463.24

inverted_vertical sweeps 240.79 2388.89

X I
freestyle_gentle 405.05 3267.94

freestyle aggressive 362 14 2574.12

y . ______________________________________________| X
free fall 400.67 4996.02

forward_sideways_flight ? 2173.1

flips_loops 3541_ 2479.16

i - ]
dodging demos4 425.78 4600.43

i |
dodging demos3 402.63 4479.46

i 1
dodging_demos2 362.07 5863.16

i - ]
dodging_demosl 34507 3522.25

i |
circles 401.77 3693.97

I )
chaos — 1309.85

0 1000 2000 3000 4000 5000 6000 7000

Figure 5. Maneuver duration and flight distance of 20 distinct aerobatic maneuvers in the Stanford Autonomous
Helicopter Project.

4.2. Physical Model Calibration and Network Training

Before training the data-driven components, we estimate the coefficients in Equations (14) and (15) via
least squares. Specifically, the calibration is performed using only the training partition. Let ©,, = {A, C1, D1}
and ©, = {B, Cy, D2}. The translational and rotational coefficients are obtained by solving the following two
independent unweighted least-squares problems:
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The calibration is performed in the original physical units before neural-input normalization. Once identified,
the physical coefficients are fixed throughout neural-network training and evaluation and are shared by all residual-
hybrid methods.

The obtained physical-model parameter A is diag[—0.05, —0.06, —1.42]. Parameter B is diag[—5.47, —5.32, —3.43].
The control matrices are C; = diag|0, 0, —0.02] and Cy = diag[0.02,0.01, 0.02]. The control-related vectors are
Dy =1[0,0,-0.51]" and Dy = [~1.23,-0.21,0.14]T.

Then, with the physical coefficients held fixed, we train the remaining data-driven blocks of Phy-Ture. In
the PAF module, both the state—control and physical baseline sequences are mapped into a 64-dimensional latent
space and fused via multi-head cross-attention with four parallel heads. The MSTFE module stacks two multiscale
interaction layers, each with three hierarchical interaction levels that split the input into odd and even subsequences
and enable mutual enhancement through cross-interactions. The TSDP module applies a moving-average window
of length twenty-five to decompose the series into trend and seasonal components. At the 100-Hz sampling rate,
w = 25 corresponds to a 0.25-s local averaging interval, providing a short-term smoothing scale while retaining
transient variations within the input sequence.

All experiments are conducted on a single NVIDIA GeForce RTX 2080 Ti GPU (NVIDIA Corporation, Santa
Clara, CA, USA) using PyTorch 2.5.0. Weights and biases are updated with the Adam optimizer. The initial learning
rate is set to 1 x 1073. We employ a combined warm-up and cosine-annealing schedule for the learning rate.
Specifically, during the first ten epochs the rate is warmed up by increasing it linearly from zero to its peak value.
After that it follows the cosine decay curve, gradually falling towards zero by the final training epoch. Moreover,
to guard against overfitting we apply dropout with probability 0.2 after each convolutional block and inside the
multi-head attention layers. No early stopping is used in the experiments, and each neural model is trained for its
predefined number of epochs.

For fair comparison, all methods use the same state—control history, target definition, data partitions, and
preprocessing procedure. For each baseline, we follow the architecture and recommended hyperparameter
configuration reported in the corresponding paper or official implementation whenever these details are available.
For training settings that are not specified in the original work, we adopt the same training protocol as Phy-Ture to
ensure a consistent comparison. Any additional hyperparameter selection required for the present dataset is
performed exclusively on the validation partition. Residual-hybrid methods use the same fixed physical predictor,
whereas purely data-driven baselines receive only the state—control inputs. Each neural method is evaluated over 10
random seeds, and the mean and standard deviation of RMSE are reported.

With respect to the input length H, the cross-attention operation in PAF has a computational complexity of
O(H?d), where d is the latent dimension, whereas the temporal convolution and decomposition operations scale
linearly with H for fixed architectural widths. Phy-Ture performs a single feed-forward residual prediction without
autoregressive rollout.

4.3. Performance Comparison of Phy-Ture and State-of-the-Art Approaches on Benchmark Dataset

We compare Phy-Ture with representative benchmark approaches, including CNN hybrid [50], CNN-LSTM
hybrid [51], TCN [58], TimesNet [59], TimeMixer [60], DLinear [61], and Conv—Informer [62]. In addition,
we report the standalone physical baseline to quantify the modeling discrepancy that remains before residual
compensation. Table 1 summarizes the results on the Stanford helicopter dataset.

As shown in Table 1, Phy-Ture attains the lowest RMSE on all six output channels. The standalone physical
baseline yields RMSEs of 6.03, 5.91, and 6.53 for the three linear-acceleration channels and 2.48, 2.63, and 1.67 for
the three angular-acceleration channels, respectively, with a mean summary score of 4.21. These errors quantify
the substantial residual discrepancy that must be compensated by the data-driven component under the simplified
physical formulation. Across 10 independent runs, Phy-Ture achieves a mean summary score of 0.32 %+ 0.01,
compared with 0.62 & 0.03 for the strongest benchmark, CNN-LSTM hybrid, corresponding to an approximately
48% reduction in the mean value. Linear accelerations v, ¥y, and ¥, decrease from 0.73 £ 0.04, 0.72 £ 0.02, and
0.63 =+ 0.03 under the CNN-LSTM hybrid to 0.37 £ 0.02, 0.32 £ 0.01, and 0.42 £ 0.02, respectively. Angular
accelerations w;, wy, and w,, similarly decrease from 0.44 4= 0.03-0.69 £ 0.03 to 0.23 4= 0.01-0.31 £ 0.01. These
gains also hold relative to recent time-series baselines such as TimesNet and TimeMixer, whose mean summary
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scores are 0.70 £ 0.04 and 0.68 &£ 0.03, respectively. The relatively small standard deviations of Phy-Ture across all
six channels further indicate that its prediction performance remains stable across different random initializations.

Table 1. RMSE comparison on the Stanford helicopter dataset. Neural-model results are reported as mean +

standard deviation over 10 independent runs, while the deterministic physical baseline is reported as a single value.

Method Vg Dy Vs Wy Wy Wy Mean

Physical baseline 6.03 591 6.53 248 2.63 1.67 4.21
CNN hybrid 1.76 £0.08 1.43+£0.06 1.73+£0.07 1.33+£0.05 1.58+0.06 1.67+0.07 1.58=+0.06
CNN-LSTM hybrid 0.73 +£0.04 0.724+0.02 0.63+0.03 0.444+0.03 0.694+0.03 0.49+0.02 0.6240.03

TCN 1.46 £0.06 1.13+0.05 1.41£0.05 0.754+0.04 0.77+£0.04 0.70£0.03 1.0440.08
TimesNet 1.06 £0.06 0.74+0.03 0.76+0.04 0.58+0.03 0.57+0.02 0.47+0.03 0.70+0.04
TimeMixer 0.76 £0.03 0.61+0.03 0.78+£0.04 0.65+0.03 0.68+0.04 0.62=£0.03 0.68=+0.03
DLinear 2.64+£0.11 2.15£0.09 1.93+0.08 0.79+£0.04 0.82+0.04 0.67£0.03 1.50=£0.07

Conv—Informer 1.32+£0.05 1.09+0.04 1.23+0.05 1.01+0.04 0.96+0.04 0.75+0.04 1.06=+0.04
Phy-Ture (Ours) 0.37 £0.02 0.32+£0.01 0.42+0.02 0.31+0.01 0.29+£0.01 0.23+0.01 0.32+0.01

To complement the RMSE-based comparison, we further evaluate the mean absolute error (MAE) and
maximum absolute error (MaxAE) of Phy-Ture and the strongest benchmark baseline, CNN-LSTM hybrid. MAE
characterizes the average magnitude of the prediction error and is less sensitive to occasional large deviations than
RMSE, whereas MaxAE measures the largest instantaneous absolute prediction error observed on the benchmark test
set. Together, these two metrics provide complementary assessments of typical prediction accuracy and worst-case
prediction deviation. Table 2 summarizes the results.

Table 2. MAE and MaxAE comparison between Phy-Ture and the strongest benchmark baseline.

Method Metric Vg Uy U, Wy Wy W,
CNN-LSTM hybrid MAE 0.52 0.42 0.51 0.36 0.40 0.40
CNN-LSTM hybrid MaxAE 3.66 3.73 3.11 2.09 345 2.44

Phy-Ture MAE 0.24 0.19 0.29 0.22 0.19 0.20

Phy-Ture MaxAE 1.89 1.57 2.23 1.55 1.50 1.38

Phy-Ture achieves lower MAE than the CNN-LSTM hybrid across all six output channels. For the translational
dynamics, the MAE of v, ¥, and 0, decreases from 0.52, 0.42, and 0.51 to 0.24, 0.19, and 0.29, respectively.
For the rotational dynamics, the corresponding MAE decreases from 0.36, 0.40, and 0.40 to 0.22, 0.19, and 0.20.
These results confirm that the performance improvement of Phy-Ture is not limited to the RMSE metric, but is also
reflected in consistently lower average absolute prediction errors across all output dimensions.

Phy-Ture also achieves lower MaxAE across all six output channels, indicating a reduction in the largest
instantaneous prediction deviations observed on the benchmark test set. For the translational accelerations, MaxAE
decreases from 3.66, 3.73, and 3.11 under the CNN-LSTM hybrid to 1.89, 1.57, and 2.23, respectively. For
the angular accelerations, the corresponding values decrease from 2.09, 3.45, and 2.44 to 1.55, 1.50, and 1.38.
Therefore, the improvement of Phy-Ture is reflected not only in aggregate RMSE and average absolute error, but
also in reduced worst-case instantaneous errors. Together with the per-maneuver RMSE results and the time-domain
comparisons presented below, these findings provide a more comprehensive characterization of the prediction errors
across different flight regimes.

Figure 6 shows the RMSE of each model on every individual test flight segment. Across the evaluated flight
maneuvers, Phy-Ture consistently achieves lower errors than the compared methods over a wide range of motion
patterns. For linear accelerations (Figure 6a—c), Phy-Ture shows marked gains in both relatively steady maneuvers
such as vertical_sweeps and orientation_sweeps and more aggressive maneuvers such as freestyle_aggressive and
dodging_demos. This consistent advantage across diverse flight patterns indicates that Phy-Ture can capture both
gradual state evolutions and rapid transients. Similarly, for angular accelerations (Figure 6d—f), Phy-Ture maintains
lower RMSE in highly dynamic maneuvers such as dodging_demos and chaos.
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Figure 6. Comparison of Phy-Ture with benchmark approaches. (a) The RMSE of linear acceleration in x-axis. (b)

The RMSE of linear acceleration in y-axis. (¢) The RMSE of linear acceleration in z-axis. (d) The RMSE of angular
acceleration in x-axis. (e) The RMSE of angular acceleration in y-axis. (f) The RMSE of angular acceleration in
z-axis.
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Notably, models such as DLinear and TimeMixer perform competitively on certain maneuvers with relatively
smooth dynamics, while their errors increase in more dynamically varying regimes, indicating greater sensitivity
to changes in maneuver dynamics. By contrast, Phy-Ture maintains relatively low errors across both gradual and
abrupt motion patterns. These per-segment results complement the aggregate RMSE comparison and show that the
performance advantage of Phy-Ture is maintained across diverse maneuver regimes.

In addition, we plot the measured and predicted linear and angular accelerations in Figures 7 and 8. It can be seen
that, in addition to lowering the overall RMSE, Phy-Ture closely follows the observed accelerations over the displayed
time segments, including sharp positive surges and steep negative drops. While certain segments still exhibit phase
lag or amplitude discrepancies, Phy-Ture generally maintains closer alignment with the ground truth. By contrast,
certain baselines show reduced responsiveness during abrupt maneuvers or visible temporal lag in some rapidly varying
segments. Moreover, Phy-Ture maintains relatively stable predictions during flat and low-activity intervals.

— Observed —-—- CNN-LSTM hybrid Conv-Informer ——-- TimesNet ----- Phy-Ture
CNN hybrid ----- TCN DLinear —-—- TimeMixer

vy (m/s?)

vy (m/s?)

-20

v, (m/s?)

Time / s

Figure 7. The predictive and observed linear accelerations curves at a certain time segment in the turn_demos1 trajectory.

— Observed —-—- CNN-LSTM hybrid Conv-Informer ——-- TimesNet ----- Phy-Ture
CNN hybrid ----- TCN DLinear —-—- TimeMixer

20 A

\A—-%—-f—‘\/’\ff»f\;f\/\f

-20 -

Wy (rad/s?)

wy (rad/s?)

w, (rad/s?)

-20 -

Time / s

Figure 8. The predictive and observed angular accelerations curves at a certain time segment in the turn_demos1 trajectory.

4.4. Evaluation of Generalization Performance

To assess neural-model transfer to held-out flight trajectories and reduce dependence on a particular hold-out
choice, we adopt a maneuver-class-based 10-fold protocol that is independent of the randomized 70%/20%/10%
benchmark split. The complete dataset contains 20 maneuver classes, which are grouped into 10 mutually exclusive
folds of two classes each. The 20 maneuver classes are sorted alphabetically by their canonical names in the dataset
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and sequentially paired into 10 fixed folds. This deterministic partitioning is applied uniformly to all compared
methods. In each fold, all samples from the two held-out classes are excluded before physical-model calibration,
neural normalization, window construction, and network training. The physical model and residual network are then
trained using only the remaining 18 maneuver classes, and evaluation is performed exclusively on the held-out pair.
This procedure is repeated 10 times so that every maneuver class is evaluated once as held-out data. The reported
results are aggregated across the 10 held-out folds.

As shown in Table 3, Phy-Ture achieves the lowest RMSE across all six output channels. Its mean RMSE
is 0.42, compared with 0.95 for the strongest baseline, CNN-LSTM hybrid, corresponding to a reduction of
approximately 56%.

Table 3. RMSE under the maneuver-class-based 10-fold evaluation.

Method Vg Uy v, Wy Wy W, Mean
CNN hybrid 2.25 1.85 2.10 1.95 2.15 2.20 2.08
CNN-LSTM hybrid 0.88 0.79 1.03 0.89 1.06 1.03 0.95
TCN 1.95 1.87 2.13 1.39 1.61 1.28 1.71
TimesNet 1.35 1.20 1.12 1.18 1.30 0.96 1.19
TimeMixer 1.15 0.95 1.37 1.31 1.56 1.07 1.24
DLinear 1.67 1.55 1.32 0.83 0.88 0.92 1.20
Conv-Informer 1.65 1.15 1.25 1.45 1.40 1.10 1.33
Phy-Ture (Ours) 0.44 0.37 0.49 0.41 0.35 0.46 0.42

The CNN hybrid and CNN-LSTM hybrid similarly adopt physical-baseline-based residual learning. In
contrast, Phy-Ture further introduces adaptive fusion between physical estimates and state—control features together
with multiscale temporal processing. The angular-acceleration RMSEs of CNN-LSTM hybrid range from 0.89
to 1.06, compared with 0.35-0.46 for Phy-Ture. These results further support the effectiveness of the proposed
physics-guided fusion and multiscale temporal modeling strategy.

Among the data-driven time-series baselines, TimesNet and TimeMixer achieve mean RMSEs of 1.19 and 1.24,
respectively, while Phy-Ture remains below 0.50 on every output channel. Overall, the 10-fold results demonstrate
that Phy-Ture maintains consistent predictive performance on maneuver classes excluded from training under the
maneuver-class-based 10-fold protocol.

4.5. Ablation Study

To quantify the contribution of each key component in Phy-Ture, we perform a series of ablation experiments
on the Stanford helicopter dataset. Three variants of the full model are evaluated, each with one module removed
in turn:

. Without PAF. The PAF module is removed, and the only input to the MSTFE module is the position-encoded
state-control feature sequence, without any physical prior fusion.

. Without MSTFE. The MSTFE module is removed so that the fused features bypass temporal feature
enhancement and are directly fed into the decomposition—prediction head.

. Without TSDP. The series decomposition and dual-branch prediction are replaced by a single linear predictor.

Table 4 summarizes the RMSE of each model variant on linear acceleration channels (7, vy, v,) and angular
acceleration channels (w,;, wy,w;). The results show that removing any of the three modules degrades the overall
modeling performance, indicating that each component contributes to the predictive accuracy of the complete framework.

Table 4. Ablation study on different components of the phy-ture framework.

Method Vg Uy U, Wy Wy Wy Mean
Without PAF 0.48 0.34 0.45 0.43 0.32 0.38 0.40
Without MSTFE 2.84 1.81 1.80 0.32 0.34 0.30 1.24
Without TSDP 0.51 0.58 0.55 0.54 0.48 0.48 0.52
Phy-Ture (Ours) 0.37 0.32 0.42 0.31 0.29 0.23 0.32
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Ablating the physics-augmented fusion module increases the global mean RMSE across all six channels
from 0.32 to 0.40. Specifically, the RMSE of the linear-acceleration channels increases by 0.02-0.11, while that
of the angular-acceleration channels increases by 0.03-0.15. These results support the contribution of adaptive
physics—data fusion to residual prediction and show that removing PAF consistently degrades performance across
both translational and rotational channels.

Removing the multiscale temporal feature enhancement module causes a substantial increase in the linear-
acceleration RMSE, which rises to 2.84, 1.81, and 1.80 for v,, vy, and v,, respectively, while the angular-
acceleration RMSE changes only moderately. This asymmetric degradation indicates that MSTFE contributes
particularly strongly to the prediction of translational dynamics in the present dataset, while the rotational channels
are comparatively less sensitive to its removal.

Removing MSTFE produces a markedly asymmetric degradation across the six output channels. To quantify
this effect, we compute the relative RMSE increase caused by removing MSTFE for each output channel. Relative
to the complete Phy-Ture model, the RMSE increases by approximately 667.6%, 465.6%, and 328.6% for v, ¥y,
and v, respectively, whereas the corresponding increases for w;, wy, and w, are 3.2%, 17.2%, and 30.4%. These
results show that the contribution of MSTFE is concentrated primarily on the translational channels rather than
being uniform across all six outputs. One possible interpretation is that the translational residuals in the present
dataset contain stronger temporal structures that benefit from multiscale feature interaction, whereas the rotational
residuals can already be modeled comparatively well by the remaining physical-baseline, fusion, and decomposition
components. The ablation results therefore suggest that MSTFE primarily enhances the representation of multiscale
temporal patterns associated with translational residual dynamics.

Finally, replacing the time-series decomposition and prediction module with a single linear projection layer
raises the global mean RMSE from 0.32 to 0.52, corresponding to a 62.5% relative increase. This result supports
the effectiveness of trend—seasonal decomposition and dual-branch prediction for improving residual modeling
accuracy across both translational and rotational channels.

Overall, the ablation results show that PAF, MSTFE, and TSDP each contribute to the performance of Phy-Ture,
and their combined use yields the lowest RMSE across all six output channels.

4.6. Sensitivity Analysis of the Moving-Average Window

To examine the influence of the moving-average window width in TSDP, we conduct a sensitivity analysis
by varying w over {5, 15, 25, 35,45} while keeping the data partition, physical baseline, network architecture, and
all other training configurations unchanged. At the sampling rate of 100 Hz, these settings correspond to local
averaging intervals of 0.05 s, 0.15 s, 0.25 s, 0.35 s, and 0.45 s, respectively. Table 5 summarizes the resulting
prediction errors.

Table 5. Sensitivity analysis of the moving-average window width w in TSDP.

w Vg Uy v, Wy Wy Wy Mean
5 0.44 0.40 0.49 0.36 0.35 0.29 0.39
15 0.40 0.31 0.44 0.33 0.31 0.22 0.34
25 0.37 0.32 0.42 0.31 0.29 0.23 0.32
35 0.37 0.32 0.43 0.32 0.33 0.24 0.34
45 0.41 0.39 0.43 0.35 0.39 0.26 0.37

As shown in Table 5, the overall prediction error decreases as the moving-average window increases from
w = 5 to w = 25 and then increases for larger window sizes. The best overall performance is obtained at w = 25,
with a mean summary score of 0.32. A relatively small window provides limited separation between the slowly
varying trend and short-term fluctuations, whereas an excessively large window may smooth out transient dynamic
variations. Performance remains relatively stable around w = 25, particularly for w = 15 and w = 35, indicating
that Phy-Ture is not highly sensitive to moderate variations in the moving-average window width. Based on the best
overall performance, w = 25 is adopted in all other experiments.
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4.7. Comparison of Physical Information Fusion Strategies

To evaluate the effectiveness of the multi-head cross-attention fusion in Phy-Ture, we compare it against three
alternative physics-integration strategies. All variants share the same network backbone and differ only in how the
physics baseline estimates are merged with the state-control series:

. State-Control Only. Uses only the state-control input sequence as network input without any physical
prediction information, serving as a purely data-driven baseline for dynamics modeling.

. Direct Concatenation. Directly concatenates physical baseline estimates with the state-control sequence in
the feature dimension for subsequent temporal modeling, without adopting any residual learning paradigm.

. Residual Correction. Takes physical model predictions as the baseline output and learns the residual between
predictions and ground truth, with no explicit physics-data fusion or physics-guided modeling.

. Phy-Ture. Adaptively fuses physical prediction sequences and state-control sequences to obtain a physics-
guided feature representation, and performs residual learning to compensate for complex nonlinear and
time-varying dynamic errors.

Table 6 reports the RMSE on linear (v, 0y, ©.) and angular (w,, w,, w,) accelerations for each fusion strategy.

Table 6. Comparison of physical fusion methods

Method Vg Uy v, Wy Wy W, Mean
State—Control Only 0.69 0.67 0.70 0.55 0.65 0.52 0.63
Direct Concatenation 0.57 0.54 0.48 0.49 0.53 0.46 0.51
Residual Correction 0.48 0.34 0.45 0.43 0.32 0.38 0.40
Phy-Ture (Ours) 0.37 0.32 0.42 0.31 0.29 0.23 0.32

As shown in Table 6, State—Control Only achieves a mean RMSE of 0.63 using only the state—control sequence.
This result provides a purely data-driven reference under the same backbone and experimental setting.

Direct Concatenation introduces the physical baseline estimates by concatenating them with the state—control
sequence, reducing the mean RMSE from 0.63 to 0.51. This improvement indicates that the physical baseline
estimates provide useful complementary information. However, its performance remains inferior to residual
correction and adaptive fusion, suggesting that simple feature concatenation is less effective than explicitly
structuring the interaction between physical and data-driven information.

Residual Correction takes the physical model as a baseline and learns the dynamic residual, further reducing
the mean RMSE to 0.40. This result indicates that learning the discrepancy relative to the physical baseline is more
effective than directly concatenating physical baseline estimates with the state—control sequence.

The proposed Phy-Ture further introduces adaptive physics—data fusion within the residual-learning framework
and achieves the lowest mean RMSE of 0.32. The improvement is particularly evident on the angular-acceleration
channels, where Phy-Ture consistently achieves lower RMSE than the other evaluated fusion strategies.

Overall, the comparison shows that the manner in which physical information is incorporated has a substantial
impact on prediction accuracy. Among the evaluated strategies, combining residual learning with adaptive physics—
data fusion yields the best performance across all six output channels.

5. Conclusions

This paper presents Phy-Ture, a physics-guided fusion and feature processing framework for unmanned
helicopter dynamics modeling. Starting from a formal problem definition over flight states, control inputs, and
acceleration targets, we adopt a two-level hybrid strategy: the first-principles model serves as a structured baseline
predictor, while the neural network focuses on learning nonlinear and time-varying residual errors that are difficult
to capture analytically. This design retains the first-principles model as a structured physical reference while using
data-driven residual learning to improve prediction accuracy across the flight regimes evaluated in this study.

On top of the residual-learning framework, Phy-Ture integrates three key mechanisms: physics-augmented
fusion (PAF), multiscale temporal feature enhancement (MSTFE), and time-series decomposition and prediction
(TSDP). Together, these modules support the modeling of dynamic processes across multiple time scales within the
proposed residual-learning framework. Experiments on the Stanford Autonomous Helicopter Project, including
benchmark comparison, maneuver-class-based 10-fold generalization evaluation, fusion-strategy comparison, and
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ablation analysis, show that Phy-Ture achieves the lowest RMSE across all six linear and angular acceleration
channels. Compared with the strongest baseline, the mean RMSE is reduced by approximately 48% in the benchmark
evaluation and 56% in the 10-fold maneuver-class evaluation.

A systematic sensitivity analysis of the identified physical parameters is not included in the present study, so
the influence of physical-parameter uncertainty on the final hybrid prediction remains to be quantified.

Future work will therefore investigate physical-parameter sensitivity and extend the current reduced-order
physical model to account for effects omitted in the present formulation, including cross-axis inertia coupling,
nonlinear rotor aerodynamics, and actuator coupling, while further evaluating the framework under additional flight
conditions and rotorcraft platforms.
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