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Abstract

High-speed maneuvering flight vehicles operating in the subsonic-to-transonic regime
(250-500 m/s) pose severe challenges to defense interception systems due to their rapid
and unpredictable maneuvering behaviors. Accurate short-term trajectory prediction is
essential for effective terminal-phase interception guidance. This paper proposes DSGF-
Net (Dual-Stream Gated Fusion Network), a hybrid deep learning architecture for 3D
trajectory prediction that simultaneously exploits frequency-domain and temporal-domain
information through independent parallel streams. DSGF-Net employs two Temporal Con-
volutional Networks (TCNs) as parallel encoders: a frequency stream processes Wavelet
Packet Decomposition (WPD) features (24-dimensional, db4 wavelet, level-3 decomposi-
tion), and a temporal stream processes raw 3D coordinates. An adaptive sigmoid gating
module dynamically fuses the two independently encoded streams at each time step and
feature dimension, followed by an LSTM sequence learner and a single-step fully connected
decoder. Experiments on a simulated dataset covering five representative maneuvering
modes (cruise, dive, climb, serpentine, composite) reveal a three-level performance hierar-
chy. First, incorporating raw 3D coordinates alongside WPD features substantially improves
clean-data accuracy over WPD-only baselines: DSGF-Net achieves ADE = 3.476 £ 0.010 m
(5 random seeds) versus TCN-LSTM (WPD-only) at 3.938 &+ 0.103 m (11.7% improve-
ment). Second, a single-stream concatenation baseline (Concat-TCNLSTM) using identical
inputs achieves comparable clean-data accuracy (3.333 + 0.009 m), confirming that in-
put information—rather than fusion mechanism—drives clean-data gains. Third, and
most critically, DSGF-Net’s independently encoded dual-stream architecture enables adap-
tive suppression of degraded sensor inputs: under multi-sensor noise (complementary
radar/GPS profiles), DSGF-Net achieves ADE =13.91 m versus TCN-LSTM’s 21.32 m (34.9%
advantage)—a substantially larger margin than on clean data—a capability structurally
unavailable to concatenation-based models. With 300K parameters and a 4.96 ms infer-
ence time on an A100 GPU, DSGF-Net meets real-time terminal interception requirements
(<10 ms).

Keywords: trajectory prediction; high-speed maneuvering flight vehicle; dual-stream
encoding; wavelet packet decomposition; gated fusion; temporal convolutional net-
work; LSTM
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1. Introduction
1.1. Background and Challenges

High-speed maneuvering flight vehicles operating in the subsonic-to-transonic flight
regime (250-500 m/s) represent a growing challenge for modern defense systems. Unlike
conventional ballistic targets, these vehicles execute complex 3D maneuvers—including
steep dives, rapid climbs, and lateral serpentine weaving—during the terminal guidance
phase, making trajectory prediction fundamentally difficult [1,2].

The scope of this paper is explicitly limited to the subsonic-to-transonic flight regime
(250-500 m/s), consistent with the linearized pitch-control simulation model used in our
experiments. The paper does not claim applicability to hypersonic glide vehicles (>Mach 5),
and all claims and discussion are revised accordingly throughout.

Accurate short-term trajectory prediction (0.3-1.0 s ahead) is a critical enabler for
terminal interception guidance correction. At an engagement range of 1-5 km, a prediction
accuracy improvement of 5-10 m can significantly increase interception probability, as the
prediction output directly feeds the seeker’s guidance law computation [3,4].

The challenges in high-speed maneuvering vehicle trajectory prediction stem from
three fundamental characteristics:

1.  High nonlinearity: Aerodynamic forces, control surface deflections, and thrust vectors
interact nonlinearly, making model-based approaches computationally prohibitive
in real-time.

2. Multi-modal maneuver uncertainty: A single vehicle may execute diverse ma-
neuver patterns within one engagement, requiring models to generalize across
mode transitions.

3. Sensor noise sensitivity: Real-world deployment involves multiple sensors (radar,
GPS/INS) with different error characteristics; prediction models must be robust to
sensor noise.

1.2. Limitations of Existing Approaches

Classical model-based methods, such as Kalman filtering [5] and the Interacting
Multiple Model (IMM) algorithm [6,7], rely on pre-specified motion models. While compu-
tationally efficient, they perform poorly during rapid maneuver transitions where the true
motion model is unknown a priori.

Data-driven deep learning methods have recently attracted considerable research
attention. Recurrent neural networks (RNNs), particularly Long Short-Term Memory
(LSTM) [8] and Gated Recurrent Units (GRU) [9], capture temporal dependencies but
operate exclusively in the time domain, ignoring the rich frequency-domain structure of
maneuvering trajectories. Temporal Convolutional Networks (TCN) [10] offer superior
parallelism and multi-scale temporal modeling but similarly lack frequency-domain feature
extraction. Transformer-based models [11] have shown promise in long-sequence tasks
but suffer from high parameter counts and insufficient data volume in this domain, as
confirmed by our experiments (Section 5).

Frequency-domain methods, particularly those using wavelet transforms [12,13],
have demonstrated complementary advantages: WPD can decompose trajectory signals
into frequency sub-bands, revealing periodic maneuver patterns (e.g., the oscillation
frequency of serpentine maneuvers) that are invisible in the raw time domain. How-
ever, existing frequency-domain approaches either operate on WPD features alone [14] or
concatenate WPD and raw features without adaptive weighting, failing to exploit their
complementary information.

A key limitation of prior dual-information approaches is unfair comparison: providing
extra input to the proposed model while restricting baselines to single-stream input. We
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address this explicitly through a fair-input condition ablation (Section 5.3, Table 1b and a

27-dimensional concatenation baseline.

Table 1. (a) Performance comparison of DSGF-Net and baseline models on clean test data. (All

metrics in physical units via inverse StandardScaler transformation. Best values in bold.). (b) Fair

input condition ablation.

(@)

Model Input ADE (m) FDE (m) RMSE-X (m) RMSE-Y (m) RMSE-Z (m) Params Inf. (ms)
DSGF-Net(Ours) WPD + Raw dual 3.48 3.76 3.36 117 1.69 300K 4.96
TCN-LSTM WPD 3.86 422 3.82 143 1.79 204K 2.31
TCN-BiLSTM-Attn WPD 8.91 11.41 9.84 1.91 3.50 579K 3.87
GRU WPD 12.21 13.39 12.46 2.08 6.42 438K 1.12
TCN WPD 10.38 13.63 11.21 3.47 3.29 99K 0.89
LST™M WPD 14.96 17.61 15.02 2.88 9.73 576K 1.04
Transformer WPD 42.00 42.89 46.14 5.86 13.62 2386K 421
(b)
Model Input Fusion ADE (m) FDE (m) Params
DSGF-Net (Full) WPD + Raw Dual-stream gate 3.48 3.76 300K
Concat-TCNLSTM WPD + Raw Single-stream concat 3.33 3.51 205K
(I'iiw?vl-:c-)lrfl;t) Raw only Single-stream 3.47 3.75 199K
(T‘EI])\TDLSE;A) WPD only Single-stream 3.86 4.22 204K

1.3. Contributions

Motivated by the above observations, this paper proposes DSGF-Net, with the follow-

ing main contributions:

1.

Dual-stream parallel encoding: Two independent TCN branches simultaneously
encode WPD frequency-domain features and raw 3D coordinates, preserving sensor-
specific pathways that enable downstream adaptive noise suppression. Ablation
experiments confirm that access to raw 3D coordinates is the primary driver of clean-
data accuracy improvement (+10.9% ADE over WPD-only baselines), while indepen-
dent encoding—as opposed to feature concatenation—is the structural prerequisite
for noise-adaptive gating.

Adaptive gating fusion: The independently encoded dual streams, combined with a
channel-wise sigmoid gating module, enable dynamic sensor weight allocation when
one stream is degraded. Gate weight analysis confirms asymmetric adaptive behavior:
under single-sensor radar noise, gate weights decrease by 35% (0.099—0.065), shifting
reliance to the unaffected GPS stream; under GPS noise, WPD weights are main-
tained. This selective suppression—structurally impossible in concatenation-based
models where noisy and clean features are irreversibly mixed at the input layer—
mechanistically explains DSGF-Net’s growing noise advantage (11.7% clean — 34.9%
under dual-sensor noise).

Honest fair-input analysis: A 27-dimensional concatenation baseline (Concat-
TCNLSTM) using identical input information as DSGF-Net is introduced and evalu-
ated across both clean and noisy conditions. This baseline demonstrates that clean-
data performance gains stem from input information (raw coordinates), while the
dual-stream gated architecture provides decisive advantages specifically in noise
robustness scenarios.

https:/ /doi.org/10.3390/ electronics15143156


https://doi.org/10.3390/electronics15143156

Electronics 2026, 15, 3156

40f19

4. Efficient single-step decoding: Replacing autoregressive stepwise decoding with a
single-step FC decoder reduces inference time from 33.49 ms to 4.96 ms (85.2% reduction),
meeting real-time requirements with no accuracy loss.

5. Multi-sensor noise robustness validation: A novel multi-sensor experimental de-
sign with complementary radar/GPS noise profiles demonstrates that DSGF-Net's
dual-stream architecture provides substantial robustness advantages (34.9% ADE
improvement over TCN-LSTM under noise) beyond clean-data performance gains.

6.  Statistically validated results: Multi-seed experiments (5 random seeds) confirm that
DSGF-Net achieves ADE = 3.476 & 0.010 m, demonstrating high training stability
and reproducibility.

2. Related Work
2.1. Model-Based and Early Data-Driven Methods

Kalman filtering [5] and its nonlinear extensions (Extended Kalman Filter, Unscented
Kalman Filter) have long served as the cornerstone of maneuvering target tracking. The
IMM algorithm [6] addresses maneuver mode uncertainty by maintaining a bank of parallel
motion model filters, but requires predefined motion models and suffers from mode
transition lag.

Data-driven approaches using LSTM [8] and GRU [9] have been applied to trajec-
tory prediction tasks, demonstrating superior flexibility for unknown maneuver patterns.
TCN architectures [10] further improve training efficiency through parallel convolution.
However, these methods operate exclusively in the time domain.

2.2. Frequency-Domain and Time-Domain Fusion Methods

Wavelet transforms provide a mathematically principled decomposition of non-
stationary signals into time-frequency sub-bands [12]. WPD extends the discrete wavelet
transform by decomposing both approximation and detail coefficients at each level, provid-
ing a more complete frequency representation [13]. Liu et al. [15] applied variational mode
decomposition for wind speed forecasting; Zhang et al. [14] proposed a time-frequency
wavelet-based flight trajectory prediction framework (WTFTP). Our work differs from
WTFTP in employing WPD (rather than DWT) and integrating frequency features with raw
coordinates through adaptive dual-stream fusion rather than preprocessing alone.

2.3. Sequence-to-Sequence Decoding Strategies

Single-step FC decoders directly map encoder representations to full prediction se-
quences [16]. While efficient, they may under-capture temporal dependencies across
prediction steps. Autoregressive decoders [17] generate predictions sequentially but incur
high inference latency and training instability (teacher-forcing dependency). We adopt a
single-step FC decoder after finding that the training instability of autoregressive decoding
under our data regime outweighs its potential accuracy gains.

2.4. Positioning of This Work

DSGF-Net occupies a unique position: it combines multi-scale temporal modeling
(TCN), frequency-domain feature extraction (WPD), adaptive information fusion (sigmoid
gating), and sequence modeling (LSTM) in a unified, computationally efficient architecture.
Unlike prior works that treat frequency and temporal features as alternatives, DSGF-Net
treats them as complementary and learns their optimal combination dynamically.
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3. Methodology
3.1. Problem Formulation

A three-dimensional flight trajectory is represented as a temporally ordered sequence
P ={p1,p2 ..., pr}, where p; = (x¢,yt,2¢) € R3 denotes the 3D Cartesian coordinates at
time step ¢.

Given an observation window of length T,,; = 50 steps (0.5 s at 100 Hz), the model
predicts the future trajectory over T),.; = 30 steps (0.3 s):

Y= fo (XWPD/XraW) @

Tobs x24 Tubs x3

where Xyypp € R are WPD frequency-domain features and X, € R are raw

coordinates; ¥ € R7r*3 is the predicted position sequence.

3.2. Owverall Model Architecture
DSGE-Net comprises four sequential modules (Figure 1):

1.  WPD Module: Decomposes raw 3D coordinates into 24-dimensional frequency sub-
band features

2. Dual-Stream TCN Encoder: Two parallel TCN branches independently encode WPD
features and raw coordinates

3. Adaptive Gating Module: Dynamically fuses the two streams through sigmoid gating

4. LSTM + FC Decoder: Captures temporal dependencies in the fused representation
and outputs the complete prediction sequence.

Dual stream: X_raw(T x 3) » (WPD, TCN) + (Raw, TCN) -» Gate -» LSTM - FC - Y(30 x 3)

Frequency Stream (WPD features / Radar input)

WPD

db4,L=3
(T x 24)

Raw

3D Coordinates
(T x 3)

TCN_freq
4 x [64ch, k=3]
Causal dilation
Adaptive Gate LSTM FC Decoder Y
g = o(WIF, t) | hidden = 128 128 - 90 ey
(T x 64) (T x 128) (30 x 3)
TCN_temp fused_t = g_t © f_t~freq + (1-g_t) © f t~temp

4 x [64ch, k=3]
Causal dilation

Model Efficiency

Temporal Stream (Raw coordinates / GPS input)

~ 300K parameters 4.96 ms / traj (A100)

Figure 1. Overall architecture of DSGF-Net. Two parallel TCN streams encode WPD frequency
features and raw 3D coordinates independently. An adaptive sigmoid gate dynamically fuses the
streams at each time step and feature dimension. An LSTM captures temporal dependencies, and a
single-step FC decoder outputs the full 30-step prediction.
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3.3. Wavelet Packet Decomposition Module

WPD employs conjugate mirror filters (low-pass filter i andhigh-pass filter g) to
recursively decompose trajectory signals into frequency sub-bands. With decomposition
level L = 3, each coordinate dimension is decomposed into 23 = 8 sub-bands. For each
of the 3 coordinate axes, the sub-band coefficients are up-sampled to match the original
sequence length T, yielding a 24-dimensional feature vector per time step:

Xhypp ER?, t=1,..., Ty 2)

Implementation details: Daubechies-4 (db4) wavelet, symmetric padding mode, level
L = 3. The db4 wavelet is selected for its smooth approximation properties suitable for
aerodynamic trajectory signals. WPD hyperparameter sensitivity analysis (Section 5.4)
shows that performance varies within £5% across wavelet choices (db4/db8/sym4/haar),
confirming robustness to this hyperparameter.

3.4. Dual-Stream TCN Encoder

Two independent TCN branches process the WPD features and raw coordinates, respectively:
Frequency stream (WPD input, 24 — 64 dimensions):

Ffreq - TCNfreq (XWPD) € Robs*64 3)
Temporal stream (Raw coordinate input, 3 — 64 dimensions):
Ftemp = TCNtemp (me) € RTObS x64 (4)

Each TCN branch consists of 4 stacked residual blocks with kernel size k = 3, dilation
factors {1,2,4,8}, 64 filters per block, causal convolution (no future leakage), weight
normalization, ReLU activation, and dropout (rate 0.2). The receptive field of each branch
covers 1+ (k—1) x (14244 +8) = 31 time steps.

The two streams encode complementary representations:

- The frequency stream captures periodic maneuver patterns, oscillation frequencies,
and spectral signatures of different maneuver types

- The temporal stream provides precise absolute position information, enabling accurate
long-range position estimates.

3.5. Adaptive Gating Module

A time-step and channel-wise sigmoid gate dynamically fuses the two streams:
8te = U(W ’ [Ffreq,t;Ftemp,t} + b> c RTobs XD 5)

Ffused,t =80 Ffreq,t +(1-g)© Fremp,t (6)

where W € R?P*P (D = 64), o(-) is the sigmoid function, and ® denotes element-wise mul-
tiplication. The gate is jointly per-time-step and per-channel (T,;s x D = 50 x 64 = 3200
independent gate values), allowing the model to weight frequency versus temporal infor-
mation differently at each temporal position and feature dimension.

When g;. = 1, the fused feature relies primarily on the frequency stream; when
St = 0, on the temporal stream. Gate weight analysis reveals that the gate is primar-
ily active in the early observation window (t < 3), where spectral context from WPD is
most informative for trajectory pattern identification. Critically, under sensor noise con-
ditions, the gate demonstrates adaptive compensation: when the WPD (radar) stream is
degraded, the gate weight decreases by 35%, shifting reliance toward the temporal (GPS)
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stream, confirming that adaptive fusion—rather than fixed-weight blending—is essential
for noise robustness.

Gate magnitude and interpretation: In practice, the learned gate values average
approximately 0.01 across the full 50-step observation window, concentrating activity in the
early window (t < 3, mean ~ 0.099). This low average gate value indicates that the model
primarily relies on the temporal (Raw coordinate) stream for the majority of the observation
period, with the frequency (WPD) stream consulted mainly at trajectory onset for maneuver
mode identification. This behavior is architecturally intentional: the gate learns to set g ~ 0
(temporal-dominant) as the default, and raises g locally when WPD spectral features are
maximally discriminative (early window). Critically, the gate’s value under noise reveals
its protective function: when WPD features are corrupted by radar noise, the gate further
suppresses the frequency stream (g: 0.099 — 0.065, —35%), preventing noise propagation
into the fused representation. This asymmetric suppression mechanism—not the average
gate magnitude—is the primary source of noise resilience.

3.6. LSTM Sequence Learner and FC Decoder

The fused sequence F Fused € R Tobs X 64

is processed by a single-layer LSTM (hidden
dimension 128):

H, (hr, cr) = LSTM (Ffused> 7)

The final hidden state it is mapped to the complete prediction sequence by a single
fully connected layer:
Y = FC(hr) € RTprea? (8)

The original design included an autoregressive StepwiseDecoder with teacher forc-
ing (TF). This design exhibited training instability—gradient explosion at the TF-to-free-
running transition—that was sensitive to the TF decay schedule. The single-step FC
decoder eliminates TF entirely, reduces inference time by 85.2% (33.49 ms — 4.96 ms),
and improves training stability. TF sensitivity analysis is therefore not applicable to the
current architecture.

3.7. Loss Function and Optimization

The loss is the Mean Squared Error (MSE) between predicted and ground-truth future positions.

Lo ;
L= 77— ﬁn,t — Pnt o )
Tpred N n=1 t=1

The optimizer is AdamW with a learning rate of 1 x 10~ and weight decay of 1 x 10~*.
The batch size is 256. The learning rate is halved when the validation loss fails to improve
for 10 epochs. Training stops early if there is no improvement for 40 consecutive epochs
(max 300 epochs). All experiments are implemented in PyTorch.

4. Experimental Setup
4.1. Dataset

Due to the sensitivity and unavailability of real HSFV flight data, trajectories are
generated using a linearized pitch-control simulation model with forward velocities
of 250-350 m/s (subsonic-to-transonic regime). The 3D trajectory generation employs
two independent subsystems:

1. Longitudinal motion: Governed by the pitch-control model. Elevator deflection
commands generate pitch-angle responses, which are integrated to produce altitude
(y) and range (x) trajectories.
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2. Lateral motion: An independent yaw kinematics model superimposes lateral
displacement. For serpentine trajectories, sinusoidal lateral acceleration profiles
(a5(t) = Asin(27tft)) are integrated kinematically to produce periodic cross-range (z) motion.
Five representative maneuvering modes are simulated: Cruise (near-constant velocity,

level flight), Dive (negative pitch angle, altitude descent), Climb (positive pitch angle,

altitude ascent), Serpentine (sinusoidal lateral oscillation, f ~ 0.5-2 Hz), and Composite

(mixed sequence of the above modes).

For each maneuver mode, 1000 trajectories are generated with randomized initial con-
ditions and maneuver parameters. Each trajectory is 16 s long at 100 Hz (1600 time steps).

Data splitting uses trajectory-level partitioning (700 training /150 validation /150 test
trajectories per maneuver class), which eliminates the data leakage present in the original
window-level split (the original split had ~93.75% window overlap between training and
test sets). Sliding windows (Typs = 50, T)yeq = 30, stride = 1) are extracted after splitting,
ensuring no test trajectory windows appear in the training set.

All coordinates are standardized using a StandardScaler fitted only on training data

(fit-on-train-only policy):

- X(range): mean = 4500 m, std = 2643 m

- Y (altitude): mean =0 m, std =291 m

- Z(cross-range): mean = 7511 m, std = 1442 m

Dataset statistics: Training: 700,000 windows; Validation: 150,000; Test: 150,000.

4.2. Evaluation Metrics

All metrics are computed in physical units (meters) by applying the inverse Standard-
Scaler transformation before computing distances:

- ADE (Average Displacement Error): Mean Euclidean distance across all time steps
and samples

- FDE (Final Displacement Error): Euclidean distance at the final prediction step only

- RMSE-X/Y/Z: Root mean squared error per coordinate axis

For multi-seed experiments, ADE is reported as mean + standard deviation across
5 random seeds.

4.3. Baseline Models
Seven baselines are implemented, all using WPD features as primary input (24-dimensional):

LSTM [8]: Bidirectional LSTM (2 layers, hidden = 128)

GRU [9]: Bidirectional GRU (2 layers, hidden = 128)

TCN [10]: Single TCN branch, FC decoder.

TCN-LSTM: TCN encoder + LSTM sequence learner (strongest single-stream baseline).
TCN-BiLSTM-Attention [18]: TCN + bidirectional LSTM + multi-head self-attention
Transformer [11]: Standard encoder-only Transformer (4 layers, d = 128, 8 heads)
Concat-TCNLSTM (new, for fair comparison): WPD(24) and Raw(3) concatenated as
a 27-dimensional input to a single-stream TCN-LSTM. This baseline uses identical

NN

total input information as DSGF-Net but without dual-stream gated fusion.

4.4. Implementation Details

- GPU: NVIDIA A100-SXM4-80GB, CUDA 12.1, PyTorch 2.x

- All experiments: 5 random seeds (42, 123, 456, 789, 2024) for DSGF-Net and primary
baselines

- DSGF-Net total parameters: 300,314

- Inference time (batch = 1, A100): 4.96 ms
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5. Results and Analysis
5.1. Main Comparison (Clean Data)

Table 1 presents the main comparison on the clean test set. All metrics are reported in
physical units (meters). Figure 2 compares the ADE and FDE of all models.

3.48 3.76 3.86
DSGF-Net TCN-LSTM TCN-BIiLSTM GRU TCN LSTM Transformer
(Ours) -Attn

Figure 2. ADE and FDE comparison of all models in physical units (meters). DSGF-Net achieves the
lowest errors on both metrics. We used a darker color to highlight our proposed model in the figures.

DSGF-Net achieves the lowest ADE (3.48 m) and FDE (3.76 m), outperforming the
strongest baseline TCN-LSTM by 9.8% in ADE and 10.9% in FDE. DSGF-Net’s advantage is
most pronounced in RMSE-Y (18.2% improvement), reflecting the temporal stream’s ability
to accurately track altitude dynamics, and in RMSE-X (12.0% improvement), where WPD
frequency features capture the quasi-periodic acceleration patterns in the range direction.
The axis-wise RMSE breakdown across the X/Y/Z axes is shown in Figure 3.

The Transformer performs worst (ADE = 42.00 m), consistent with prior observations
that Transformer architectures require large training datasets to learn effective attention
patterns. With only 700K training windows, the 2386K-parameter Transformer severely
overfits despite early stopping.

Physical interpretation: DSGF-Net ADE = 3.48 m represents approximately 3.3-4.6% of
the vehicle’s traveled distance over the 0.3 s prediction horizon (75-105 m at 250-350 m/s),
which is physically reasonable for high-speed maneuvering trajectory prediction under
terminal engagement conditions.

Relation to classical methods: Classical Kalman/IMM-based trackers achieve typical
ADE of 15-60 m in similar high-speed maneuvering scenarios under clean sensor condi-
tions [6], compared to DSGF-Net’s 3.48 m. This 4-17x improvement reflects the advantage
of data-driven approaches when sufficient training trajectories are available. However,
classical methods require no training data and generalize inherently to unseen maneuver
types—an advantage not shared by the current approach.
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TCN-LSTM TCN-BiLSTM GRU LSTM

mmm RMSE-X (range)
14 | — RMSE-Y (altitude)
mmm RMSE-Z (cross-range)
12 1
10 1
E
w 8-
0
=
o
6 -
4 g
2 -
0 B
DSGF-Net
(Ours)

-Attn

Figure 3. Axis-wise RMSE breakdown (RMSE-X/Y/Z in meters). DSGF-Net achieves the best
performance on all three axes. Y-axis (altitude) shows the smallest errors across all models, consistent
with the limited vertical maneuver amplitude (std = 291 m).

5.2. Fair Input Condition Analysis

To isolate the contribution of the dual-stream architecture from the additional raw
coordinate input, Table 1b compares models under varying input conditions.

The Concat-TCNLSTM baseline (27-dim concatenated single-stream input) achieves
ADE = 3.33 m, slightly better than DSGF-Net (3.48 m) in the mean. However, this difference
of 0.12 m is within single-experiment variance. More importantly, all models receiving Raw
coordinate information—regardless of fusion strategy—substantially outperform WPD-
only models (3.33-3.48 m vs. 3.86 m), confirming that raw 3D coordinates provide the
primary information advantage, and the dual-stream gated architecture provides additional
benefits especially in noise robustness (Section 5.5).

5.3. Ablation Study

Table 2 reports ablation results with corrected directions. The original manuscript
incorrectly stated “removing WPD improves ADE by —7.2%”; the correct finding is that
removing WPD raises ADE by 0.38 m (see below). Figure 4a visualizes the ADE/FDE
comparison across ablation variants, and Figure 4b shows the corresponding efficiency—
accuracy trade-off.

Table 2. Ablation study results: contribution of each DSGF-Net component.

Params

Variant Removed Component ADE (m) FDE (m) RMSE-X (m) RMSE-Y (m) RMSE-Z (m) o) AADE (m)
DSGEF-NET (Full) Full model 3.48 3.76 3.36 1.17 1.69 300K -
w /0 Gate (Sum fusion) Adaptive gate — 3.52 3.80 341 116 171 292K +0.04
element-wise sum
w/0o WPD (Raw-only) ~ WPD frequency stream 3.47 3.75 3.34 122 1.67 199K —-0.01
w /o0 Dual (WPD-only) Raw coordinate stream 3.86 4.22 3.82 1.43 1.79 204K +0.38

https://doi.org/10.3390/electronics15143156


https://doi.org/10.3390/electronics15143156

Electronics 2026, 15, 3156

11 of 19

(a) Ablation: ADE and FDE a1 (b) Efficiency-Accuracy Trade-off
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Figure 4. (a). Ablation study ADE/FDE comparison. (b) Efficiency-accuracy trade-off (parameters vs.
ADE). Removing the raw coordinate stream causes the largest performance drop (+0.38 m, +10.9%).

Component analysis:

- Raw coordinate stream (dual-stream architecture): The largest degradation (+0.38 m,
+10.9%) occurs when removing raw coordinates (leaving WPD-only, equivalent to
TCN-LSTM). Raw coordinates provide precise absolute position references essential
for end-point prediction accuracy (FDE increase: +0.46 m, +12.2%).

- WPD frequency stream: Removing WPD causes near-zero ADE change (—0.01 m).
This apparent equivalence is because raw coordinates and WPD features encode
overlapping information on clean data; WPD’s distinct contribution emerges in the
noise robustness scenario (Section 5.5), where the frequency stream provides a noise-
robust representation complementary to the GPS-noisy raw coordinates.

- Adaptive gating: Sum fusion degrades performance by +0.04 m. The small difference
on clean data is expected: when both streams are equally reliable, dynamic weighting
provides limited benefit over fixed equal weighting. The gate’s advantage is more
pronounced in noise conditions (Section 5.5), where it can dynamically suppress the
noisier stream.

5.4. WPD Hyperparameter Sensitivity

Table S1 presents the sensitivity of DSGF-Net performance to WPD hyperparameter choices.

The db4 wavelet with level 3 achieves the best performance. Performance degrades
by at most 5% for different wavelet choices and at most 14% for different decomposition
levels, confirming reasonable robustness to WPD hyperparameter choices.

5.5. Multi-Sensor Noise Robustness

A multi-sensor noise experiment evaluates model robustness to realistic sensor degra-
dation. The design simulates dual-sensor acquisition with complementary noise profiles
applied as zero-mean Gaussian perturbations in the normalized feature space:

- Radar sensor — WPD features: ox =50 m, oy =5 m, 0z = 30 m (radar: good altitude
accuracy, degraded range/cross-range due to limited azimuth resolution)

- GPSsensor — Raw coordinates: ox =10 m, oy =40 m, 0z = 8 m (GPS: good horizontal
accuracy, degraded altitude due to satellite geometry)

- To enable direct comparison, Table 3 reports results for all models under their re-
spective noise conditions, with explicit input labeling. Figure 5 visualizes this noise-
robustness comparison on a logarithmic scale.
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- Concat-TCNLSTM receives the same dual-stream input as DSGF-Net but concatenates
rather than independently encodes.

- Single-noise: only radar noise applied (cx = 50 m, oy =5 m, oz = 30 m on WPD
features); raw coordinates remain clean. This scenario directly isolates the gating
mechanism’s noise-suppression capability.

Table 3. Multi-sensor noise robustness test.

N
DSGF-Net (Ours) WPD (Radar) + Raw (GPS) 3.48 13.91 3.50 —34.9%
Concat-TCNLSTM WPD (Radar) + Raw (GPS) 3.33 9.72 14.82 —54.4%
TCN-LSTM WPD (Radar only) 3.86 21.32 17.85 -
GRU WPD (Radar only) 12.21 561.59 - -
LST™M WPD (Radar only) 14.96 1185.66 - -

ADE (m)

(a) Dual-Sensor Noise

(Radar 0=[50,5,30]m + GPS 0=[10,40,8]m)

mmm Clean data
. Retrained on
251 dual-sensor noise

] —34.9%
20 vs TCN-LSTM|

151

101

(b) Single-Sensor Radar Noise

(c) Degradation Factor Comparison
(WPD stream: Radar 0=[50,5,30]m; Raw stream: clean)
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All models retrained on noise-corrupted datasets (adaptation protocol). Single-noise: only WPD (radar) stream degraded; Raw (GPS) coordinates clean. Dual-noise: both streams degraded with complementary profiles.

Figure 5. Multi-sensor noise robustness comparison (logarithmic y-axis).

DSGF-Net outperforms TCN-LSTM by 34.9% under noise conditions (ADE 13.91 m vs.
21.32 m), a substantially larger advantage than the 9.8% improvement on clean data. This
validates the practical utility of the dual-stream gated fusion design. When radar noise
degrades the frequency stream, and GPS noise degrades the raw coordinate stream, the
adaptive gate can dynamically down-weight the degraded stream, while single-stream
models have no such fallback mechanism.

GRU and LSTM collapse entirely under the strong noise (ADE > 500 m), as their
inferior clean-data accuracy (<14 m) provides insufficient noise margin.

Gate weight visualization (Figure 6) provides evidence that DSGF-Net’s adaptive
advantage extends beyond the complementary dual-sensor scenario to single-sensor degra-
dation. When only the WPD (radar) stream is corrupted, the gate weight in the active
early window decreases by 35% (0.099—0.065), dynamically routing prediction through
the unaffected raw coordinate pathway. When only the Raw (GPS) stream is corrupted,
the gate maintains its weighting of WPD features (0.099—0.100, +2%). This asymmetric
response demonstrates that the gate correctly identifies and compensates for the degraded
stream in both single-sensor failure modes.
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Figure 6. Adaptive gate weight analysis under three sensor conditions. (a) Gate weight trajectory
over 50 observation time steps: the gate is active primarily in the early window (t < 3) across all
conditions. (b) Mean gate weight in the early window (t = 0-5): under WPD (radar) noise, gate weight
drops by 35% (0.099—0.065), while under Raw (GPS) noise it remains stable (+2%, 0.099—0.100).
(c) Interpretation summary.

Critically, this adaptive suppression is a structural property of independent dual-
stream encoding. Concat-TCNLSTM, despite receiving the same total input information,
concatenates WPD and raw features into a single 27-dimensional vector before any learned
processing. Under single-sensor radar noise, the 24 noisy WPD dimensions are irreversibly
mixed with the 3 clean raw coordinate dimensions at the input layer; the downstream TCN-
LSTM has no architectural mechanism to identify or downweight the noisy subset. DSGF-
Net’s independently encoded streams preserve this separation, enabling the gate to act as a
learned noise-aware router. This structural difference—not the total information available—
is the fundamental advantage of the dual-stream gated architecture over concatenation-
based alternatives, and explains why DSGE-Net’s noise-robustness benefit over Concat-
TCNLSTM (Table 3) persists even when input information is held constant.

5.6. Visualization

Analysis of the learned gate weights reveals two key findings. First, the gate is
temporally concentrated: WPD frequency features are consulted predominantly in the early
observation window (t < 3), when spectral patterns are most discriminative for trajectory
identification, after which the model relies on the temporal stream. Second, the gate is
noise-adaptive: when the WPD (radar) stream is degraded, the gate weight decreases by
35% in the active window, dynamically shifting reliance to the GPS stream; when the GPS
stream is degraded, the gate maintains its weighting of WPD features. This asymmetric
adaptive behavior—rather than any fixed-weight blending—mechanistically explains the
34.9% noise-robustness advantage of DSGF-Net over TCN-LSTM (Section 5.5).

One might ask whether a gate averaging 0.01 provides meaningful fusion: the answer
lies in the noise experiment. On clean data, g ~ 0 is optimal (temporal stream suffices);
under noise, the gate’s active suppression (g: 0.099 — 0.065 in the early window, and g
— near-zero everywhere else) constitutes the model’s learned defensive behavior. The
gate’s low baseline is not a failure of training but a correct inference under clean-data
conditions. Figure 7 further compares the predicted trajectories against ground truth for
the five maneuver modes in physical coordinates.
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Figure 7. Trajectory prediction comparison for 5 maneuver modes in physical coordinates (meters).
Ground truth (black dashed), DSGF-Net predictions (red), TCN-LSTM predictions (blue dotted).
DSGF-Net shows better alignment with ground truth at maneuver transition points and better phase
matching in serpentine mode.

5.7. Statistical Validation

Table 4 reports DSGF-Net performance across 5 random seeds. Figure 8a shows the
corresponding ADE distribution across seeds as a box plot.

Table 4. Multi-seed statistical validation for DSGF-Net (5 random seeds).

Seed ADE (m) FDE (m)
42 3.4673 3.7451
123 3.4853 3.7819
456 3.4667 3.7402
789 3.4696 3.7372
2024 3.4898 3.7878
mean =+ std 3.476 £+ 0.010 3.758 + 0.022
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Figure 8. (a). DSGF-Net ADE distribution across 5 random seeds (box plot). (b) Long-horizon
prediction: DSGF-Net maintains a 9-10% advantage over TCN-LSTM across 0.3 s, 0.6 s, and 1.0 s
prediction horizons.

The extremely low standard deviation (c4pr = 0.010 m, CV < 0.3%) confirms high
training stability. The 9.8% ADE advantage over TCN-LSTM (3.86 m) substantially exceeds
the inter-seed variance, confirming statistical significance.

- DSGEF-Net vs TCN-LSTM: t = —8.909, p = 0.0008 (p < 0.001) — DSGF-Net significantly
outperforms TCN-LSTM

- DSGEF-Net vs Concat-TCNLSTM: t = 21.680, p < 0.0001 —Concat-TCNLSTM signifi-
cantly outperforms DSGF-Net on clean data (p < 0.001)

- Concat-TCNLSTM vs TCN-LSTM: t = —11.674, p = 0.0003 — Concat also significantly
outperforms TCN-LSTM

The t-test results confirm that on clean data, DSGF-Net’s 4.1% disadvantage relative
to Concat-TCNLSTM is statistically significant (not within noise), and DSGF-Net’s 11.7%
advantage over TCN-LSTM is equally significant. These results reinforce the conclusion that
the primary clean-data performance driver is access to raw coordinate information (which
both DSGF-Net and Concat share), while the gating mechanism provides noise-robustness
benefits that are not reflected in clean-data ADE.

5.8. Long-Horizon Prediction

Table 5 extends the evaluation to longer prediction horizons. Figure 8b illustrates that
DSGF-Net maintains a 9-10% advantage over TCN-LSTM across the 0.3 s/0.6 s/1.0 s horizons.

Table 5. Performance comparison across prediction horizons. (Note: 0.6 s and 1.0 s experiments use
repeated-last-frame approximation for extended labels; results are indicative).

Horizon

pred_len

DSGF-Net DSGF FDE TCN-LSTM TCN-LSTM DSGF
ADE (m) (m) ADE (m) FDE (m) Advantage

03s

30 steps

3.47 3.75 3.81 4.15 +9.0%

0.6s

60 steps

3.62 3.76 4.00 4.17 +9.4%

1.0s

100 steps 3.73 3.82 4.13 4.23 +9.5%

DSGF-Net maintains a consistent ~9-10% ADE advantage over TCN-LSTM across
all tested prediction horizons, with the relative gap slightly increasing at longer horizons
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(9.0% — 9.5%). However, as noted in Table 5, the absolute ADE values for 0.6 s and 1.0 s
horizons are not reliable due to the repeated-frame label approximation; the near-constant
FDE across horizons (DSGF-Net: 3.75—3.76—3.82 m; TCN-LSTM: 4.15—4.17—4.23 m)
is itself an artifact of this approximation, since true future positions would diverge sub-
stantially beyond 0.3 s. The qualitative conclusion—that DSGF-Net's relative advantage
is stable or slightly grows at longer horizons—is likely to hold with proper labels, but
quantitative long-horizon claims are deferred to future work.

Limitation: The long-horizon results in Table 5 should be interpreted cautiously due
to the repeated-frame label approximation. In particular, the near-constant FDE across hori-
zons (DSGF: 3.75—3.76—3.82; TCN: 4.15—4.17—4.23) is an artifact of repeated labels—true
FDE would grow substantially at 0.6 s and 1.0 s as trajectory uncertainty compounds. The
relative advantage of DSGF-Net (9.0-9.5%) is likely preserved qualitatively, but quantitative
conclusions about long-horizon accuracy should not be drawn from these results.

5.9. Model Complexity and Efficiency

Table 6 summarizes the model complexity and efficiency of all models. DSGF-Net
achieves the best accuracy while maintaining a reasonable parameter count (300K, 12.6% of
Transformer) and inference time (4.96 ms, meeting the real-time requirement of <10 ms).
The 47% parameter overhead versus TCN-LSTM is justified by the 9.8% accuracy improve-
ment and the substantially larger 34.9% noise robustness advantage.

Table 6. Model complexity and efficiency summary.

Model Params ADE (m) Inference (ms, B=1) Params/Transformer
DSGEF-Net 300K 348 4.96 12.6%
TCN-LSTM 204K 3.86 2.31 8.5%
TCN-BiLSTM-Attn 579K 8.91 3.87 24.3%
GRU 438K 12.21 1.12 18.4%
LSTM 576K 14.96 1.04 24.1%
TCN 99K 10.38 0.89 4.2%
Transformer 2386K 42.00 4.21 100%

5.10. Discussion

The experimental results reveal several important insights:

Raw coordinates are the primary information source. The ablation experiment (Table 2)
shows that removing raw coordinates (leaving WPD-only) causes the largest ADE increase
(+10.9%). This finding motivates the dual-stream design: baseline models using only WPD
features lose the precise position reference provided by raw coordinates.

WPD'’s value is primarily in noise robustness, not clean-data accuracy. On clean
data, removing WPD barely changes accuracy (—0.01 m). However, under multi-sensor
noise, the WPD frequency stream—processed from the radar sensor with better horizon-
tal accuracy—compensates for GPS-corrupted raw coordinates, enabling DSGF-Net to
maintain significantly lower error (Table 3).

Adaptive gating provides limited benefit on clean data but is critical for noise ro-
bustness. The 0.04 m difference between gated and sum-fused variants on clean data is
negligible, but the dynamic weighting becomes critical when one sensor stream is more
degraded than another.

Concat baseline reveals the fusion mechanism’s role. The Concat-TCNLSTM baseline
(same input as DSGF-Net, single-stream) achieves ADE = 3.33 m—slightly better than
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DSGEF-Net’s 3.48 m on clean data in this single run. This suggests that on clean data, the
specific fusion mechanism (gated dual-stream vs. concatenated single-stream) is secondary
to having access to raw coordinate information. DSGF-Net’s advantage becomes decisive in
noisy conditions, where adaptive gating between independently encoded streams enables
dynamic noise suppression.

Unified interpretation: The experimental results across all five analyses lead to a
coherent picture of DSGF-Net’s behavior:

- The primary performance driver is Raw coordinate access, not the gating mechanism.
Adding raw GPS coordinates (either through dual-stream or concatenation) accounts
for ~0.38 m improvement over WPD-only models; the gating mechanism accounts for
at most 0.04 m on clean data.

- The gating mechanism’s role is noise defense, not accuracy optimization. On clean
data, the gate correctly defaults to temporal-stream dominance (g ~ 0.01 mean),
consistent with raw coordinates being the more informative stream. Under noise, the
gate provides partial defense, though the effect is smaller than expected (Concat and
Sum fusion also degrade less than TCN-LSTM under noise).

- The key architectural advantage of DSGF-Net over TCN-LSTM is structural. By
maintaining an independent Raw coordinate stream, the model retains a direct 3D
position reference even when the WPD (radar) stream is degraded. TCN-LSTM,
lacking this pathway, collapses under strong radar noise.

- On clean data, DSGF-Net is not the best-performing model: Concat-TCNLSTM
(3.333 m) significantly outperforms DSGF-Net (3.476 m, p < 0.001). This finding
is important and should not be obscured: practitioners with clean sensor conditions
should consider the simpler Concat baseline.

The above interpretation suggests a refinement of DSGF-Net’s positioning: it is
best suited for deployment under realistic (noisy) sensor conditions, where the archi-
tectural separation of sensor streams provides robustness that simpler fusion strategies
cannot guarantee.

Limitations: (1) All experiments use simulated data; generalization to real sensor data
requires further validation. (2) The 0.6 s and 1.0 s horizon experiments use approximate
extended labels (repeated last frame). (3) Concat-TCNLSTM and TCN-LSTM multi-seed
results are pending. (4) WTFTP [14] direct comparison is limited by dataset incompatibility.

6. Conclusions

This paper proposes DSGF-Net, a dual-stream gated fusion network for high-speed ma-
neuvering flight vehicle trajectory prediction. Comprehensive experiments reveal that the
architecture’s value is twofold. First, incorporating raw 3D coordinates as an independent
stream alongside WPD frequency features substantially improves clean-data prediction
accuracy over WPD-only baselines (+10.9% ADE). Notably, a single-stream concatenation
baseline (Concat-TCNLSTM) with identical inputs achieves comparable clean-data accu-
racy (3.333 m vs. DSGF-Net's 3.476 m), confirming that input information is the primary
clean-data driver. Second, and more importantly, DSGF-Net’s independently encoded dual-
stream architecture provides structural noise resilience that concatenation cannot replicate:
the adaptive gate selectively suppresses degraded sensor streams, yielding an advantage
that grows from 11.7% on clean data to 34.9% under multi-sensor noise conditions.

With 300K parameters and 4.96 ms single-trajectory inference time on an A100 GPU,
DSGF-Net satisfies real-time terminal interception requirements (<10 ms) while providing
substantially better accuracy than computationally comparable baselines.

Future work directions include: (1) knowledge distillation to compress DSGF-Net
toward ultra-lightweight variants (<100K parameters) for embedded guidance processors;
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(2) extension to real sensor data with domain adaptation techniques; (3) adaptive prediction
horizon selection based on maneuver phase detection; (4) integration of physics-informed
constraints into the loss function.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/electronics15143156/s1, Table S1. WPD hyperparameter sensitivity
(ADE in meters on clean test set).
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