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Abstract

Unmanned aerial vehicle (UAV) fault diagnosis is critical for ensuring flight safety, yet
existing methods face challenges from class-imbalanced datasets and the lack of reliable un-
certainty estimates. We address these issues with HCUNet, a hierarchical consistency-based
uncertainty quantification network that integrates multi-level feature aggregation with
principled uncertainty estimation. The framework extracts complementary representations
through three sequential stages. First, an adaptive data-driven multi-scale convolution
module captures shallow multi-frequency patterns. Second, a hierarchical context bridg-
ing LSTM encodes middle-level temporal dynamics. Third, a rotary position embedding
enhanced attention mechanism extracts deep semantic features. These hierarchical repre-
sentations are fused by a latent-aware semantic extraction and aggregation module, which
employs cross-scale dilated convolutions and random pooling sampling for robust feature
integration. A single-pass mechanism disentangles epistemic and aleatoric uncertainties
via prediction disagreement and feature divergence, eliminating the need for ensemble
models. The hierarchical consistency loss jointly optimizes multi-level classification accu-
racy, inter-level agreement, and confidence calibration. Experiments on the ALFA dataset
demonstrate that HCUNet achieves 99.55% accuracy, 99.12% F1-score, and 0.0024 expected
calibration error, outperforming the strongest baseline by 0.66% in accuracy and 64.2% in
calibration error reduction.

Keywords: UAV fault diagnosis; uncertainty quantification; hierarchical consistency; deep
learning

1. Introduction
Unmanned aerial vehicles (UAVs) are now deployed in a wide range of mis-

sions—from surveillance, agriculture, and disaster response to package delivery. As these
platforms move into safety-critical roles, reliable fault diagnosis becomes essential for flight
safety and mission success. Yet UAV fault diagnosis presents several inherent challenges.
Sensor measurements are routinely corrupted by environmental noise and measurement
errors. Fault events are typically rare compared to normal operation, creating severely
imbalanced datasets. Moreover, different fault types unfold across multiple time scales,
from rapid transients on the order of milliseconds to gradual degradation trends that
extend over minutes. Together, these factors make accurate and dependable fault diagnosis
a demanding task.
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Early fault diagnosis relied on model-based methods such as Kalman filters [1] and
observers [2], which require accurate system models that are difficult to obtain under
diverse UAV operating conditions. Signal processing techniques including wavelet trans-
form [3] and empirical mode decomposition [4] combined with traditional classifiers [5,6]
reduced modeling requirements but remained limited by hand-crafted features [7]. Deep
learning fundamentally transformed this field by enabling automatic feature learning [8]:
convolutional neural networks (CNNs) extract hierarchical features from raw signals [9,10],
recurrent architectures model temporal dependencies [11,12], and attention mechanisms
capture long-range relationships [13,14]. However, these methods produce deterministic
predictions without quantifying diagnostic confidence—a critical limitation for safety-
critical applications [15].

Bayesian approaches such as MC Dropout [16] and Deep Ensembles [17] have been
used to model uncertainty, but their considerable computational cost makes them im-
practical for resource-constrained UAV platforms. Evidential deep learning [18] provides
efficient single-pass uncertainty estimates; however, it still faces the fundamental challenge
of separating epistemic uncertainty from aleatoric uncertainty [19]. This distinction is
important because epistemic uncertainty reflects gaps in knowledge that can be reduced
with more data, while aleatoric uncertainty captures irreducible noise. Moreover, existing
methods often do not adequately handle the severe class imbalance in real-world UAV
datasets [20,21], where standard classifiers are biased toward majority classes and neglect
rare but safety-critical fault types.

To address these challenges, we propose HCUNet, a hierarchical consistency-based
uncertainty quantification network for UAV fault diagnosis. Its core idea is to exploit the
complementary information captured at different network depths through a three-level
feature aggregation architecture. Shallow features extracted after multi-scale convolution
capture local waveform patterns, middle features from the hierarchical context bridging
LSTM (HCB-LSTM) encode temporal dynamics and sequential dependencies, and deep
features produced by attention mechanisms represent high-level semantic categories. In-
stead of processing these hierarchical representations independently, HCUNet employs
a consistency-aware fusion mechanism that measures prediction agreement across the
three depths. The central idea is that disagreement among the level predictions signals a
lack of model knowledge, while divergence between their feature representations reflects
inherent signal noise. To the best of our knowledge, this represents the first approach in
UAV fault diagnosis to exploit hierarchical prediction consistency for epistemic uncertainty
estimation, enabling principled uncertainty decomposition through the network’s intrinsic
structure. From a theoretical perspective, the three hierarchical prediction heads can be
viewed as an implicit ensemble that share a common feature extraction backbone. Whereas
Deep Ensemble trains multiple independent networks and aggregates their predictions
to estimate epistemic uncertainty, HCUNet obtains analogous prediction diversity from a
single network through its depthwise hierarchical heads. The disagreement among these
heads therefore serves as a computationally efficient surrogate for ensemble variance, cap-
turing epistemic uncertainty in a single forward pass and avoiding the substantial training
and inference overhead of maintaining multiple independent models. Several technical
innovations are introduced to realize this hierarchical consistency paradigm. Specifically,
an adaptive data-driven multi-scale convolution module dynamically routes signals to
scale-specific branches based on spectral characteristics. Apart from that, the model uses
rotary position embedding enhanced attention to model long-range temporal dependencies.
The latent-aware semantic extraction and aggregation module is reformulated from two-
dimensional visual features to one-dimensional temporal sequences, performing cross-scale
fusion with random pooling as implicit regularization. A hierarchical consistency loss
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jointly optimizes classification accuracy, inter-level agreement, and confidence calibration.
The main contributions of this work are as follows:

1. A hierarchical three-level feature aggregation architecture is proposed that system-
atically integrates shallow convolutional features, middle-level sequential features,
and deep semantic features for comprehensive fault pattern characterization.

2. An ADMS-CSI module is developed to dynamically route input signals to scale-
specific branches based on spectral characteristics, incorporating bidirectional cross-
scale feature pyramids and temporal sparse gating for enhanced multi-frequency
pattern extraction.

3. A consistency-based mechanism disentangles epistemic and aleatoric uncertainty via
hierarchical prediction disagreement in a single efficient forward pass.

4. A LaSEA module is reformulated and adapted for one-dimensional temporal se-
quences, employing cross-scale dilated convolutions combined with random pooling
sampling for implicit regularization. This module mitigates feature degradation for
robust hierarchical fusion.

2. Related Work
We briefly review fault diagnosis, uncertainty quantification, and multi-scale temporal

feature learning, focusing on aspects most relevant to HCUNet.

2.1. Fault Diagnosis Methods

Early work on UAV fault diagnosis employed model-based methods, such as Kalman
filter-based techniques [1] and observer-based approaches [2]. These methods detect faults
by comparing residual signals against predefined thresholds. However, building accurate
dynamic models for UAVs operating under diverse conditions is challenging. To alleviate
the modeling burden, signal processing techniques were introduced to extract fault-related
features from time–frequency representations, including wavelet transform [3], empirical
mode decomposition [4], and variational mode decomposition [22]. Combined with tradi-
tional classifiers such as support vector machines [5], random forests [6], and XGBoost [23],
these approaches achieved reasonable accuracy. Although they alleviated some modeling
difficulties and provided interpretable feature representations, their designs continued
to rely heavily on hand-crafted features, which limited adaptability to complex, varying
fault patterns.

This limitation motivated the adoption of deep learning, which enables end-to-end
feature learning and has fundamentally transformed UAV fault diagnosis. CNNs demon-
strated the ability to extract hierarchical features directly from raw waveforms [9,10].
The sequential nature of sensor data then drove the use of Long Short-Term Memory
(LSTM) [11] and Gated Recurrent Unit (GRU) [12] networks to model long-term tempo-
ral dependencies, while bidirectional variants [24] captured both forward and backward
context. Hybrid architectures combining CNNs with LSTMs [25] further integrated local
feature extraction with temporal aggregation, leveraging their complementary strengths.
More recently, attention mechanisms [13] and efficient variants such as Informer [14] have
enabled direct modeling of relationships between arbitrary time steps. Recent studies have
further explored physics-informed and interpretable fault diagnosis approaches, including
heterogeneous multimodal fusion for rotating machinery [26], physical-information con-
strained large language models for imbalanced reactor data [27], quadratic neural networks
under zero-fault-sample conditions [28], digital twin-based virtual-real sound-vibration
interaction [29], and sound-vibration physical-information fusion constraints [30]. Despite
these advances, the majority of existing methods still produce deterministic point esti-
mates and do not quantify the uncertainty inherent in real-world fault diagnosis. Recent

https://doi.org/10.3390/electronics15143226

https://doi.org/10.3390/electronics15143226


Electronics 2026, 15, 3226 4 of 35

work has explored uncertainty quantification using machine learning and Bayesian model
averaging [31], while uncertainty propagation in UAV-mounted systems has also been
studied [32]. However, systematic uncertainty decomposition within temporal sensor
sequences for UAV fault diagnosis remains underexplored.

2.2. Uncertainty Quantification in Deep Learning

The absence of reliable uncertainty estimates represents a significant limitation of
conventional deep learning methods, particularly for UAV fault diagnosis where over-
confident misclassifications could lead to catastrophic failures. A nuanced understanding
of uncertainty requires distinguishing between its two fundamental sources. Epistemic
uncertainty, also known as model uncertainty, reflects limitations in our knowledge about
the optimal model parameters, typically arising from insufficient or non-representative
training data. Aleatoric uncertainty, or data uncertainty, captures inherent randomness in
the observations that cannot be reduced even with infinite data [33]. Effective uncertainty
quantification must account for both sources while ideally providing the means to separate
their contributions.

The Bayesian framework [34] provides a principled approach to uncertainty quantifi-
cation by treating network weights as random variables. Since exact posterior inference is
computationally prohibitive, practical implementations rely on approximations. Monte
Carlo Dropout [16] reinterprets dropout regularization as approximate variational infer-
ence, obtaining uncertainty estimates through multiple stochastic forward passes. Deep
Ensembles [17] train multiple networks with different initializations and aggregate their
predictions. Evidential deep learning [18] offers an efficient alternative that predicts Dirich-
let distributions over class probabilities in a single forward pass, naturally distinguishing
between epistemic uncertainty from limited knowledge and aleatoric uncertainty from
inherent data noise. However, effectively disentangling these two uncertainty types in
temporal fault patterns remains challenging.

Recent model-based approaches have also addressed UAV fault diagnosis through
parametric methods. For instance, Tutsoy et al. [35] proposed a robust reduced-order Thau
observer integrated with an adaptive fault estimator for quadrotor UAVs, which provides
explicit fault magnitude quantification. Such parametric methods offer interpretable fault
estimates grounded in physical dynamics but require accurate system models that may
be difficult to obtain under diverse operating conditions. In contrast, non-parametric
approaches like deep learning obviate the need for explicit dynamical models and can
learn complex fault patterns directly from data. However, they typically lack the physical
interpretability of model-based methods. HCUNet bridges this gap by incorporating
hierarchical consistency constraints that implicitly encode structural priors, combining the
flexibility of data-driven learning with principled uncertainty quantification.

2.3. Enhanced Temporal Representation Learning

Fault signatures manifest across multiple temporal scales, from rapid transients to
gradual degradation trends. Dilated convolutions [36] provide an elegant mechanism
to expand receptive fields exponentially without proportionally increasing parameters,
enabling efficient multi-scale analysis. Parallel multi-scale architectures [37] process signals
through branches with different temporal resolutions simultaneously.

The concept of hierarchical feature fusion, popularized by feature pyramid net-
works [38] in computer vision, has inspired analogous developments for sequential data.
A particularly relevant advancement is the LaSEA module [39], which employs random
pooling sampling to enhance discriminative features while attenuating noise—an approach
that translates naturally to the temporal domain. Knowledge distillation [40] offers another
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perspective on hierarchical learning, transferring rich representations from deeper layers
to shallower ones. The potential of hierarchical consistency for uncertainty estimation,
however, remains largely untapped.

Transformers lack inherent sensitivity to sequence order, necessitating explicit position
encoding. Learned absolute embeddings [41] and sinusoidal encodings [13] represent early
solutions, though both struggle with length generalization. Rotary position embedding
(RoPE) [42] offers a more sophisticated approach by encoding relative positions through
rotation operations applied to attention queries and keys. Its adoption in models like
LLaMA [43] and Mistral [44] demonstrates superior sequence extrapolation. Integrating
RoPE into fault diagnosis architectures presents an unexplored opportunity to enhance
temporal modeling.

3. Methodology
3.1. Uncertainty Sources and Mathematical Formulation

In UAV fault diagnosis, uncertainty arises from two distinct sources that require
separate treatment. Let xt ∈ RD denote the sensor measurement at time t and y ∈ {1, . . . , K}
the fault category.

Aleatoric uncertainty captures irreducible noise inherent in sensor measurements and
fault manifestations. We model the observed signal as:

xt = x∗t + ϵt, ϵt ∼ N (0, Σsensor) (1)

where x∗t represents the true system state and ϵt denotes measurement noise with covari-
ance Σsensor. Additionally, fault boundaries exhibit intrinsic ambiguity when multiple fault
modes produce overlapping signatures.

Epistemic uncertainty reflects limitations in model knowledge due to finite training
data. For a neural network with parameters θ, the predictive distribution integrates over
the posterior:

p(y|x,D) =
∫

p(y|x, θ)p(θ|D)dθ (2)

where D denotes the training set. Since exact integration is intractable, HCUNet approxi-
mates this through hierarchical prediction disagreement, where multiple network depths
provide implicit samples from the functional posterior.

These uncertainties propagate through the diagnostic pipeline: sensor noise contributes
to aleatoric uncertainty captured by feature divergence, while data scarcity for rare fault
types manifests as epistemic uncertainty reflected in hierarchical prediction disagreement.

3.2. Overall Architecture

UAV systems are governed by coupled, nonlinear, time-varying dynamics subject
to environmental disturbances and parametric uncertainties. Rather than relying on an
explicit analytical dynamic model, HCUNet treats fault diagnosis as a data-driven sequence
classification problem. Let X = [x1, x2, . . . , xT ] ∈ RT×D denote a window of multivariate
sensor measurements, where each xt ∈ RD jointly encodes the translational and rota-
tional states of the six-degree-of-freedom rigid-body motion. Under a fault condition c,
the measurement distribution shifts from the nominal one, i.e., p(X | c) ̸= p(X | normal),
producing anomalous spatio-temporal patterns across the coupled state channels. HCUNet
learns a mapping fθ : X 7→ (ŷ, uepi, ualea) that directly infers the fault category together
with its associated uncertainties, while the hierarchical architecture implicitly captures the
multi-scale temporal patterns corresponding to different coupled dynamic modes without
requiring an explicit system identification step.
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The complete framework of HCUNet is illustrated in Figure 1. The network adopts a
hierarchical feature extraction paradigm that progressively captures multi-level temporal
representations from flight sensor data. HCUNet employs a unified architecture integrating
adaptive data-driven multi-scale convolution, hierarchical consistency learning, and un-
certainty estimation based on hierarchical prediction consistency and feature divergence.
With LaSEA-inspired cross-scale feature fusion and RoPE-based temporal attention, it
effectively separates epistemic and aleatoric uncertainty while maintaining competitive
diagnostic accuracy. Hierarchical prediction heads enable intermediate supervision and
disagreement-based uncertainty estimation. Here, the hierarchical context bridging LSTM
(HCB-LSTM) denotes a two-layer bidirectional LSTM that models forward and backward
temporal dependencies over the multi-scale features produced by ADMS-CSI. Its output is
projected back to the hidden dimension and residually bridged to the preceding shallow
convolutional representation, so that local waveform cues are preserved while sequential
context is injected—hence “context bridging.” This bridged middle-level representation is
then passed to the RoPE-based temporal attention for deep semantic encoding.

Figure 1. Complete framework of the proposed HCUNet. The input flight sequence is first processed
through input normalization and projection, then passed through the ADMS-CSI module for multi-
scale temporal feature extraction. Subsequently, a hierarchical context bridging LSTM captures
sequential dependencies, followed by RoPE-based temporal attention for global context aggregation.
The LaSEA module performs hierarchical fusion across shallow, middle, and deep features, producing
the final classification with uncertainty estimates.
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3.3. Adaptive Data-Driven Multi-Scale Convolution with Cross-Scale Interaction (ADMS-CSI)
3.3.1. Motivation for Adaptive Multi-Scale Convolution

Fault signals in UAV flight data span a wide frequency range. High-frequency vi-
brations require small receptive fields, while low-frequency drifts demand larger ones.
Existing multi-scale methods use fixed weights and ignore signal-dependent patterns.
To address this limitation, the ADMS-CSI module integrates five components, as shown
in Figure 2. These components include the following four modules, with the extracted
features being further refined by a fifth module. Here, “multi-level classification” refers to
predictions at different network depths, where each level outputs a single-label prediction
over K fault categories.

Figure 2. Architecture of the ADMS-CSI module, comprising data-driven scale routing, multi-scale
depthwise separable convolutions, a bidirectional cross-scale feature pyramid, temporal sparse gating,
and decoupled temporal–channel joint attention.
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3.3.2. Data-Driven Adaptive Scale Routing

Given an input feature map X ∈ RB×C×T , where B is the batch size, C is the number
of channels, and T is the temporal sequence length, a lightweight spectral analyzer first
extracts frequency-related features through two stacked convolutions over an adaptively
pooled representation. The resulting frequency features are then mapped to data-driven
scale weights wdata ∈ RB×S via a two-layer MLP followed by softmax, where S = 4 is the
number of scales.

To encode the prior that high-frequency content should elicit stronger responses at
smaller scales, a learnable bias vector π ∈ RS is defined as:

πi = πmax −
∆π(i − 1)

S − 1
, i = 1, . . . , S (3)

where πmax = 1.0 is the maximum prior weight assigned to the smallest scale, ∆π = 0.5
controls the decay rate, S denotes the total number of scales, and i indexes the scale branch
in ascending order of kernel size. Smaller kernels receive higher initial weights to enhance
high-frequency sensitivity.

Given the data-driven weights wdata ∈ RB×S produced by the frequency analyzer,
the final scale weights wscale ∈ RB×S are computed via elementwise modulation followed
by normalization:

w̃i = wdata
i · σ(πi), wscale

i =
w̃i

∑S
i=1 w̃i + ϵ

(4)

where σ(·) denotes the sigmoid function, ϵ = 10−8 prevents division by zero, and wdata
i

denotes the i-th element of wdata = {wdata
i }S

i=1. This formulation ensures differentiable
routing while allowing strong data evidence to override the prior.

3.3.3. Multi-Scale Depthwise Separable Convolution

Different fault types exhibit distinct temporal patterns. Short-duration anomalies such
as sudden vibrations require small kernels to capture rapid changes, while slow drifts
need larger kernels to model long-term trends. To handle these diverse patterns, four
parallel branches with kernel sizes k ∈ {3, 5, 7, 11} are employed to extract features at
different temporal resolutions. Each branch applies a depthwise separable convolution [45]
to reduce computation while maintaining feature quality. When denoting the per-branch
transformation by the composite operator ϕk = GELU ◦ BN ◦ PW ◦ GELU ◦ BN ◦ DWk,
where ◦ denotes function composition and DWk and PW are the depthwise and pointwise
convolutions, respectively, the output of each branch is written as

Yk = ϕk(X), Ỹk = wscale,k Yk (5)

The scale-weighted output Ỹk is then passed to the cross-scale pyramid.

3.3.4. Bidirectional Cross-Scale Feature Pyramid

Simply concatenating multi-scale features discards the structural relationships between
scales. Inspired by feature pyramid networks [46], we employ a bidirectional pathway
that propagates information both bottom-up and top-down. The bottom-up and top-down
pathways are initialized as F↑

1 = Ỹ1 and F↓
S = F↑

S, respectively. The propagation process is
formulated as:

F↑
i = Ỹi + αprop · Conv(F↑

i−1), i = 2, . . . , S (6)

F↓
i = F↑

i + αprop · Conv(F↓
i+1), i = S−1, . . . , 1 (7)
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where αprop = 0.5 is the propagation coefficient that balances the contribution of adjacent
scale features, ensuring stable gradient flow while preventing feature dominance from any
single scale.

The bottom-up pass propagates fine-grained details from small to large scales, while
the top-down pass transmits contextual information in the reverse direction. A gated fusion
mechanism then combines the original scale features with the pyramid-enhanced features:

Ŷi = Conv
(

gi ⊙ Ỹi + (1 − gi)⊙ F↓
i

)
(8)

where gi = σ(Conv1×1([Ỹi; F↓
i ])) is a learned gate, Conv1×1 denotes a pointwise con-

volution that reduces the concatenated 2C-channel input to C channels, and σ(·) is the
sigmoid activation.

3.3.5. Temporal Sparse Gating

Fault events in UAV flight data are typically sparse: anomalies occur at specific
time instants rather than uniformly across the sequence. Motivated by this observation,
the temporal sparse gating mechanism learns to identify and emphasize critical time steps
while suppressing redundant background information, analogous to the role of attention
dropout in sequence modeling [47].

An importance scorer computes a relevance score s ∈ RB×T for each time step from
the concatenated multi-scale feature Ycat ∈ RB×T×SC via a two-layer MLP. During training,
a soft sparse gate is applied:

gsparse = σ(s/τ)⊙ σ(β (s − θ)) (9)

where τ is a learnable temperature parameter; β is a fixed sharpening factor controlling
the steepness of the soft threshold, empirically set to β = 5 in our experiments; and
θ = TopK(s, ⌊ρT⌋)−1 is the ⌊ρT⌋-th largest score serving as a soft threshold, with ρ being
the sparsity ratio.

3.3.6. Decoupled Temporal–Channel Joint Attention

To model the joint importance of temporal positions and feature channels without
incurring the O(TC) cost of a full joint attention matrix, we decouple the attention into
two independent branches. The temporal branch computes channelwise global importance
from the transposed feature map, while the channel branch computes time-averaged feature
importance. Both branches use a bottleneck MLP with GELU activation. The joint attention
weight is obtained by fusing the two branches through a linear projection:

ajoint = σ
(
Linear([atemp; achan])

)
(10)

Given the gated multi-scale feature Y ∈ RB×C×T from the previous sparse gating
stage, the decoupled temporal–channel joint attention module estimates temporal and
channel importance separately. The final output incorporates a residual connection,
Yout = Y ⊙ ajoint + Y, ensuring that the attention mechanism refines rather than replaces
the original features.

3.4. Latent-Aware Semantic Extraction and Aggregation
3.4.1. Motivation for Hierarchical Feature Fusion

Features from different network depths encode complementary fault information,
where shallow layers capture local waveforms, middle layers capture temporal dynamics,
and deep layers capture semantic categories. However, naive averaging ignores their
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varying reliability across fault types. Instead, we incorporate the LaSEA module into the
model, as illustrated in Figure 3.

Figure 3. Architecture of the LaSEA module. This module fuses hierarchical features from shallow
(Fs), middle (Fm), and deep (Fd) levels to aggregate complementary fault information. The pipeline
consists of feature alignment, cross-scale dilated convolutions (d ∈ {1, 2, 4, 8}), channel shuffle,
random pooling sampling during training, and attention-guided enhancement with weights δ. Each
hierarchical level produces independent classification logits, whose prediction disagreement yields
epistemic uncertainty, while pairwise feature divergence provides aleatoric uncertainty estimates.

3.4.2. Hierarchical Feature Alignment and Cross-Scale Extraction

Given feature sequences {Fs, Fm, Fd} ∈ RB×T×H from the three hierarchical levels,
level-specific 1× 1 convolutions first each project to a unified channel dimension H, yielding
aligned features {F̃1, F̃2, F̃3}. These are concatenated along the channel dimension to form
X ∈ RB×3H×T .

To capture temporal patterns at multiple receptive fields, four parallel dilated depth-
wise separable convolution branches with dilation rates d ∈ {1, 2, 4, 8} are applied to X,
and their outputs are concatenated:

Yc = [Y1; Y2; Y4; Y8] (11)

The exponentially increasing dilation rates provide an effective receptive field that grows
from local to global without increasing parameter count [48].

3.4.3. Channel Shuffle and Random Pooling Sampling

To enhance inter-channel information interaction across the concatenated multi-scale
features, channel shuffle [49] is applied: Ym = Shuffle(Yc). This operation permutes
channels across groups, enabling features from different dilation branches to interact
without additional parameters.

The random pooling sampling strategy serves as a regularization mechanism during
training. At each forward pass, one pooling kernel size is randomly selected from {3, 2, 1},
and the corresponding 1D average pooling is applied to Ym to obtain the sampled feature
vk. This randomization prevents the network from overfitting to scale-specific feature
responses, analogous to dropout [50]. During inference, deterministic 1 × 1 global average
pooling is employed for stability.
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3.4.4. Attention-Guided Enhancement and Hierarchical Fusion

The sampled feature vk generates spatial attention weights through a two-layer 1 × 1
convolutional network:

δ = σ
(

Conv(2)
1×1

(
ReLU

(
Conv(1)

1×1(vk)
)))

(12)

The enhanced feature is then computed as Yout = X+Ym ⊙ δ, where the residual connection
ensures that the original hierarchical information is preserved.

Each level generates independent classification logits via a dedicated prediction head
applied to the globally pooled aligned feature. Fusion weights are generated from the global
average pooled Yout through a two-layer MLP with softmax. Let γi = maxc Softmax(zi)c

denote the prediction confidence of the i-th hierarchical level. These confidence scores are
incorporated into the fusion weights as:

w̃ = µ wfusion + (1 − µ)
[γ1, γ2, γ3]

∑i γi
(13)

where µ ∈ (0, 1) is a mixing coefficient that balances the data-driven fusion weights against
the confidence-based correction, empirically set to µ = 0.6 in our experiments. This convex
combination ensures that the data-driven fusion weights dominate while the confidence
scores provide a corrective signal. The final prediction combines weighted level predictions
with a direct classification from the enhanced global feature:

zfused = η
3

∑
i=1

w̃i zi + (1 − η)Clffinal(GAP(Yout)) (14)

where η ∈ (0, 1) is a balancing coefficient that weights the aggregated hierarchical predic-
tions against the direct classification from the enhanced global feature, set to η = 0.5 in our
experiments so that the two terms contribute equally.

3.4.5. Consistency-Based Epistemic Uncertainty

The epistemic uncertainty is estimated based on the disagreement among hierarchical
predictions, motivated by the ensemble uncertainty literature [17]. The KL divergence
between each level’s softmax distribution pi and the mean distribution p̄ = 1

3 ∑i pi quanti-
fies this disagreement. A higher mean KL divergence indicates that the hierarchical levels
disagree, which is a reliable signal of epistemic uncertainty. The final epistemic uncertainty
estimate is:

uepi = Softplus(Linear(GAP(Yout)))

(
1 +

1
3

3

∑
i=1

D(i)
KL

)
(15)

where Linear(·) denotes a linear projection layer that maps the global average pooled
feature GAP(Yout) to a scalar base uncertainty, Softplus(·) = log(1 + exp(·)) ensures non-
negativity, and D(i)

KL = DKL(pi∥p̄) denotes the KL divergence between the i-th level pre-

diction and the mean hierarchical prediction. The multiplicative factor (1 + 1
3 ∑i D(i)

KL) am-
plifies the base uncertainty in proportion to inter-level disagreement, making uepi ∈ RB×1

sensitive to both learned features and prediction consistency. In this formulation, the linear
projection Softplus(Linear(GAP(Yout))) serves as a learnable, input-adaptive scaling factor
that modulates the magnitude of the uncertainty estimate, while the genuine epistemic
signal is carried by the multiplicative term (1 + 1

3 ∑i D(i)
KL). Since this term grows with

inter-level prediction disagreement, uepi remains small when the three hierarchical heads

produce concordant predictions (D(i)
KL → 0) and increases substantially when their outputs

diverge. The epistemic estimate is therefore governed by hierarchical consistency rather
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than by the feature magnitude itself, preserving the intended correspondence between
prediction disagreement and knowledge deficiency.

3.4.6. Feature Divergence-Based Aleatoric Uncertainty

Aleatoric uncertainty captures the inherent and irreducible noise in the observations,
reflecting a level of signal ambiguity that cannot be resolved even with infinitely many
training samples. In HCUNet, aleatoric uncertainty is estimated by a lightweight Fea-
ture Divergence Estimator (FDE) that measures the pairwise divergence among the three
hierarchical representations.

Specifically, let {hs, hm, hd} denote the globally aggregated feature vectors from the
shallow, middle, and deep levels, respectively, each of dimension H (i.e., the hidden
dimension). Each vector is first projected into a common H/2-dimensional space through a
level-specific linear layer:

h̃i = W(i)
alignhi, i ∈ {s, m, d}, (16)

where W(i)
align ∈ R(H/2)×H are learned projection matrices.

The pairwise cosine similarity between any two aligned vectors is computed, and the
cosine distance (i.e., 1 − cosine similarity) is taken as a measure of divergence:

dij = 1 −
⟨h̃i, h̃j⟩

∥h̃i∥2 ∥h̃j∥2
, (i, j) ∈ {(s, m), (s, d), (m, d)}. (17)

The three pairwise distances are concatenated into a divergence vector d = [dsm, dsd, dmd] ∈ R3.
A two-layer MLP maps this divergence vector to a scalar aleatoric uncertainty estimate:

ualea = Softplus(W2 · GELU(W1d + b1) + b2), (18)

where W1 ∈ R(H/4)×3 and W2 ∈ R1×(H/4), and Softplus(·) = log(1 + exp(·)) ensures
non-negative outputs. The intuition is that when the three hierarchical views of the same
input produce inconsistent representations (high divergence), the data are ambiguous
or noisy, signaling high aleatoric uncertainty. Conversely, low divergence indicates that
all levels agree on the underlying signal, meaning the irreducible noise is small. The
rationale that feature divergence reflects data-inherent noise rather than a failure of feature
extraction can be understood from the perspective of uncertainty decomposition in deep
representations [51,52]. When the three hierarchical levels are jointly optimized on the same
discriminative objective, they are encouraged to reach consistent representations for clean,
unambiguous inputs. If the raw signal carries irreducible measurement noise or exhibits
overlapping fault signatures, the shallow, middle, and deep views inevitably project it into
inconsistent latent positions, since no single deterministic mapping can resolve the intrinsic
ambiguity. Crucially, a genuine feature extraction failure would manifest as uniformly
degraded accuracy across all inputs, while HCUNet attains near-perfect accuracy on clean
data; the elevated divergence is therefore attributable to input ambiguity rather than
representational deficiency. This claim is empirically verified by the noise robustness
experiment in Section 4.5, where aleatoric uncertainty rises monotonically with injected
noise while accuracy remains high at low noise levels.
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The projection matrices W(i)
align and the MLP parameters {W1, W2} are optimized

jointly with all other network parameters through backpropagation. Specifically, the gradi-
ent of the total loss L with respect to these weights is computed as:

∂L
∂W(i)

align

=
∂L

∂ualea
· ∂ualea

∂d
· ∂d

∂h̃i
· ∂h̃i

∂W(i)
align

(19)

The aleatoric uncertainty ualea is supervised indirectly through the calibration loss and
its interaction with the classification loss, ensuring that the feature divergence captures
meaningful data-inherent ambiguity.

It is worth noting that aleatoric uncertainty (representation-level divergence) and epis-
temic uncertainty (prediction-level disagreement in Section 3.4.5) capture complementary
information. When feature representations diverge but predictions agree, the input is noisy
yet classifiable. When predictions diverge despite similar representations, the model lacks
sufficient training evidence. The low correlation (ρ = 0.166) observed in our experiments
confirms successful disentanglement of these two uncertainty sources.

3.5. Hierarchical Consistency Loss
3.5.1. Motivation for the Hierarchical Consistency Loss

Training a hierarchical network with multiple prediction heads requires a carefully
designed loss function that balances individual-level supervision, encourages inter-level
consistency, and calibrates prediction confidence. A naive sum of cross-entropy losses treats
each level independently and may lead to conflicting gradients. The proposed hierarchical
consistency loss addresses this by jointly optimizing four complementary objectives.

3.5.2. Loss Formulation

Each hierarchical level is supervised with focal cross-entropy loss [53] with label
smoothing (ϵ = 0.02):

Lcls =
3

∑
i=1

λi ·E
[
(1 − pi,y)

γ f · CE(ỹ, zi)
]

(20)

where λi ∈ {0.15, 0.25, 0.60} assigns progressively higher weights to deeper levels, re-
flecting their greater representational capacity, and γ f = 1.5 is the focal parameter that
down-weights easy examples. The fused output is directly supervised with the nega-
tive log-likelihood (NLL) loss Lfused = − log pfused,y, where pfused,y denotes the predicted
probability of the true class y from the fused output head.

To encourage agreement among hierarchical predictions, a consistency loss penalizes
the variance of per-level probabilities on the ground-truth class: Lcons = Var([p1,y, p2,y, p3,y]).
Additionally, knowledge distillation from the fused output to individual levels
promotes consistency:

Ldistill =
1
3

3

∑
i=1

DKL(pfused∥Softmax(zi)) (21)

A calibration loss Lcalib = MSE(maxc pfused,c, ⊮[ŷ = y]) penalizes the mismatch between
prediction confidence and actual correctness [54].

The total training objective is:

L = λclsLcls + λfusedLfused + α(e)(Lcons + λdistillLdistill) + λcalibLcalib (22)
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where λcls = 0.25, λfused = 1.20, λdistill = 0.3, and λcalib = 0.05 are loss weighting
coefficients, and α(e) = αmax · min(1, e/ewarm) is an annealing coefficient with αmax = 0.15
and warm-up epochs ewarm = 15.

The loss weights are determined through systematic grid search on the validation set.
The dominant weight λfused = 1.20 prioritizes the final fused prediction, as it integrates
information from all hierarchical levels. The hierarchical classification weight λcls = 0.25
provides auxiliary supervision without overwhelming the fused objective. The distilla-
tion weight λdistill = 0.3 is set lower than unity to allow individual levels to maintain
discriminative capacity while encouraging alignment. The calibration weight λcalib = 0.05
is intentionally small to prevent over-regularization of confidence estimates.

4. Experiments
We evaluate HCUNet on the ALFA benchmark and analyze its uncertainty decompo-

sition, component contributions, and robustness. Detailed settings are given below.

4.1. Experimental Settings
4.1.1. Dataset

The proposed method is evaluated on the publicly available ALFA (AirLab Failure and
Anomaly) dataset. This dataset covers normal flight and multiple typical fault scenarios,
including inertial measurement unit, local pose, local velocity, global position, VFR HUD,
and remote control input/output data. The downloaded ALFA archive contains flight data
in multiple storage formats, including CSV, raw, and binary files. Since the proposed model
operates on aligned tabular time-series measurements, this study uses only the CSV-format
telemetry logs for training, validation, and testing. The raw and binary files are not directly
used in the reported experiments.

The ALFA archive contains processed data from 47 autonomous flight records, includ-
ing 10 normal flight records, 23 engine failure records, and 14 other sudden control surface
fault scenarios. Based on fault characteristics, all records are categorized into six classes:
Normal, Engine, Aileron, Elevator, Rudder, and Multiple. Records containing a single
fault keyword are assigned to the corresponding class, while those involving two or more
distinct fault types are labeled as ”Multiple”. The detailed statistics of the ALFA dataset,
including the number of test cases, data points, and average samples per fault type, are
summarized in Table 1. The Multiple fault class aggregates flight records containing two or
more simultaneous fault types, identified by the presence of multiple fault keywords (e.g.,
both ”rudder” and ”aileron”) in the flight record identifiers.

Table 1. Statistics of the ALFA dataset archive.

Fault Type Test Cases Data Points Avg Samples

Normal 10 6012 601
Engine Failure 23 28,441 1237
Aileron Failure 8 12,473 1559
Elevator Failure 2 2212 1106
Rudder Failure 3 2268 756

Multiple Failures 1 1562 1562

Total 47 52,968 1127

During preprocessing, 12-dimensional base physical features are extracted from
each flight record: three-axis angular velocity and linear acceleration from the IMU,
three-dimensional position coordinates, and three-dimensional linear velocity components.
Linear interpolation aligns the sampling rates of different sensors. Three derived feature
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types are then computed: first- and second-order temporal differences, sliding-window
statistics, and sliding-window FFT magnitudes. These features are concatenated along the
feature dimension, and anomalous entries are filled with zeros, yielding the final multi-level
feature representation.

Each flight record is converted into fixed-length sequences using a sliding window of
length L = 50 with stride 1, so that a record containing n aligned time steps yields n − L + 1
overlapping samples. Aggregating over all 47 records produces 17,946 sequence samples in
total. Table 2 reports the per-class sample distribution across the three splits. The resulting
class distribution reflects the natural imbalance of the ALFA archive, with Engine failures
dominating and Multiple failures being the scarcest, which motivates the class-imbalance
robustness analysis in Section 4.7.

Table 2. Per-class sample distribution after sliding-window segmentation.

Fault Type Total Samples Train Val Test

Normal 1798 1258 270 270
Engine 9760 6832 1464 1464
Aileron 4372 3060 656 656
Elevator 744 520 112 112
Rudder 724 508 108 108
Multiple 548 384 82 82

Total 17,946 12,562 2692 2692

Data augmentation strategies during training include: adding Gaussian noise with
a standard deviation of 0.03 at a probability of 0.3, performing random scaling within
the range [0.95, 1.05] at a probability of 0.15, executing random dropout along the feature
dimension with a retention rate of 0.95 at a probability of 0.09, and applying temporal
mixup with a mixing coefficient sampled from [0.8, 1.0] at a probability of 0.06.

4.1.2. Implementation Details

All experiments are conducted on a computing platform equipped with an NVIDIA
GPU using the PyTorch 2.9.1 framework. Input sequences of length L = 50 are generated
with a stride of 1 to retain temporal continuity. Data are normalized using RobustScaler
(based on median and interquartile range) and clipped to [−5, 5] to reduce outlier effects.
Only CSV-format logs from the 52,968-point ALFA archive are used. After preprocessing,
17,946 samples are split into training (12,562), validation (2692), and test (2692) sets. All
results are reported on the 2692-sample test set. The random seed is fixed at 42 for repro-
ducibility. The model employs a hidden dimension of 192, two HCB-LSTM layers, and a
dropout rate of 0.15. Training uses the AdamW optimizer with an initial learning rate of
8 × 10−4 and weight decay of 5 × 10−5. The learning rate is linearly warmed up for the
first five epochs and then reduced by a factor of 0.5 every eight epochs. The batch size
is 64, the maximum number of epochs is 500, and gradient clipping at 1.0 is applied to
stabilize training.

4.1.3. Evaluation Metrics

To evaluate fault diagnosis performance and uncertainty quantification, a multi-level
metric system is adopted.

Classification performance metrics. Accuracy, precision, recall, and F1-score are used
as basic metrics. Both macro-averaged and weighted-averaged versions are computed for
multi-class scenarios. Let TPc, FPc, and FNc denote true positives, false positives, and false
negatives for class c. The one-vs-rest strategy is adopted for multi-class AUC computation,
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where each class is treated as positive while others are merged as negative. Macro averaging
assigns equal weight to all classes, reflecting performance on minority classes. Weighted
averaging weights by sample count, reflecting overall performance.

Expected calibration error. ECE measures the consistency between the predicted
confidence and the actual accuracy of the model. The predicted confidence interval [0, 1] is
equally divided into M = 15 bins. For the m-th bin:

ECE =
M

∑
m=1

|Bm|
N

|acc(Bm)− conf(Bm)| (23)

where Bm denotes the set of samples falling into the m-th bin, and acc(Bm) and conf(Bm)

denote the average accuracy and average confidence of samples within that bin, respectively.
A lower ECE indicates better confidence calibration of the model, which is critical for safety-
critical UAV fault diagnosis applications.

Uncertainty metrics. Epistemic uncertainty from the hierarchical fusion module reflects
knowledge deficiency due to insufficient training data. Aleatoric uncertainty from the
feature divergence module reflects inherent data noise. The consistency score measures
prediction agreement across hierarchical heads.

4.1.4. Baseline Methods

The proposed HCUNet is benchmarked against three traditional machine learning
approaches and thirteen deep learning or time-series modeling methods. The traditional
methods include SVM, Random Forest, and XGBoost. The deep learning counterparts con-
sist of three RNN-based models: LSTM, BiLSTM, and GRU; three CNN-based architectures:
WDCNN, ResNet, and TCN; one hybrid model: CNN-LSTM; two attention-based meth-
ods: Transformer and Informer; and three uncertainty-aware approaches: MC Dropout,
Deep Ensemble, and Evidential NN. We also include VibrMamba [55], a recent state-space
model (SSM)-based fault diagnosis method from 2025 that employs frequency-domain
attention for enhanced fault pattern recognition. To ensure fair comparison, HCUNet and
all baseline methods were re-implemented in PyTorch and trained on the ALFA dataset
using identical preprocessing and data splits. Traditional methods employed grid search
for hyperparameter optimization, while deep learning baselines retained their original
architectures with learning rate and batch size tuned on the validation set. MC Dropout
performed ten stochastic forward passes during inference, Deep Ensemble aggregated five
independently initialized models, and Evidential NN adopted Dirichlet output parameteri-
zation. For recent time-series methods, TimeMixer++ [56] used multi-scale decomposition
mixing and VibrMamba employed a selective state-space (Mamba) backbone. Results are
averaged over five runs with different random seeds.

4.2. Main Classification Results

The complete HCUNet model is trained and evaluated on the ALFA dataset for six-
class UAV fault diagnosis. Table 3 presents the comprehensive classification performance
metrics on the test set.

The proposed HCUNet achieves an overall accuracy of 99.55% and a macro-averaged
F1-score of 99.12% on the test set comprising 2692 samples. The expected calibration
error (ECE) of 0.0024 indicates excellent probability calibration, suggesting that the pre-
dicted confidence scores closely align with actual correctness probabilities. The multi-class
AUC reaches 0.9985 under the one-vs-rest strategy, demonstrating superior discriminative
capability across all fault categories.
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Table 3. Overall classification performance of HCUNet on ALFA dataset.

Metric Value

Accuracy 0.9955
Precision (macro) 0.9967

Recall (macro) 0.9883
F1-score (macro) 0.9912

F1-score (weighted) 0.9955
AUC (macro, OvR) 0.9985

ECE 0.0024

Mean Consistency Score 0.9939
Mean Epistemic Uncertainty 0.6168
Mean Aleatoric Uncertainty 0.7168

Table 4 provides the per-class classification performance, revealing the model’s behav-
ior across different fault types with varying sample sizes.

Table 4. Per-class classification performance.

Fault Type Precision Recall F1-Score Support

Normal 1.00 1.00 1.00 270
Engine 0.99 1.00 1.00 1464
Aileron 0.99 1.00 1.00 656
Elevator 1.00 1.00 1.00 112
Rudder 0.99 1.00 1.00 108
Multiple 1.00 0.93 0.96 82

The results show that HCUNet achieves near-perfect classification for most fault
categories. The Multiple fault class exhibits slightly lower recall of 0.93, primarily due to
its limited sample size of 82 test samples and the inherent complexity of compound fault
signatures. As shown in Figure 4a, 7% of Multiple samples are misclassified as Engine
failures, indicating that dominant fault components can mask secondary signatures.

Figure 4. (a) Normalized confusion matrix showing classification performance across six fault
types. (b) ROC curves with inset zoom for the high-performance region, demonstrating near-perfect
discrimination for all classes.

4.2.1. Hierarchical Prediction Head Analysis

To validate the effectiveness of hierarchical feature extraction and consistency-based
fusion, we analyze the independent classification accuracy of prediction heads at different
network depths. Table 5 presents the performance comparison across shallow, middle,
and deep prediction heads.
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Table 5. Hierarchical prediction head performance comparison.

Prediction Head Network Stage Accuracy ECE

Shallow (Conv) After ADMS-CSI 0.9933 0.0156
Middle

(HCB-LSTM) After HCB-LSTM 0.9948 0.0089

Deep (Attention) After RoPE
Attention 0.9953 0.0052

Fused (LaSEA) Final Output 0.9955 0.0024

The results reveal a progressive improvement in classification accuracy from shallow
to deep layers, with the shallow head achieving 99.33%, the middle head reaching 99.48%,
and the deep head attaining 99.53%. This monotonic increase validates the hierarchical
feature refinement mechanism, where deeper layers capture increasingly discriminative
representations for fault classification.

The final fused output achieves the highest accuracy of 99.55%, surpassing all individ-
ual prediction heads. This improvement demonstrates the effectiveness of the LaSEA fusion
mechanism, which aggregates complementary information from multiple hierarchical lev-
els. As demonstrated in Table 5, the fused output also achieves the lowest ECE (0.0024),
confirming that hierarchical fusion yields both superior accuracy and better probability
calibration—a critical property for safety-critical UAV applications.

4.2.2. Visualization Analysis

Figure 4 presents the normalized confusion matrix and ROC curves for all fault cat-
egories. As shown in Figure 4a, HCUNet achieves perfect classification accuracy (1.00)
for five fault types: Normal, Engine, Aileron, Elevator, and Rudder. The only misclassifi-
cation occurs in the Multiple category, where 7% of samples are incorrectly predicted as
Engine failures. This can be attributed to the overlapping symptom manifestations between
compound faults and dominant single-fault patterns, particularly when engine-related
signatures partially mask secondary fault components. The ROC curves in Figure 4b
demonstrate that all six categories achieve an AUC of nearly 1.000, with the inset revealing
near-unity true positive rates even at false positive rates below 0.005. The near-perfect AUC
across all classes confirms that hierarchical consistency learning captures discriminative
temporal signatures even for the rare Multiple fault category.

Figure 5 illustrates the uncertainty decomposition analysis, showing the relationship
between epistemic and aleatoric uncertainty components. The scatter plot reveals a low
Pearson correlation coefficient (ρ = 0.166) between the two uncertainty types, confirm-
ing that the proposed Feature Divergence Estimator and hierarchical consistency mecha-
nism successfully disentangle these fundamentally different uncertainty sources. Notably,
aleatoric uncertainty remains relatively stable within a narrow range (0.712–0.724), reflect-
ing the intrinsic noise level in sensor measurements, whereas epistemic uncertainty exhibits
substantially larger variation (0.3–0.9), indicating varying degrees of model confidence
across different samples. The marginal distributions further reveal that misclassified sam-
ples (red markers) tend to cluster in regions with elevated epistemic uncertainty, suggesting
that the model appropriately assigns higher uncertainty to ambiguous cases. For UAV
safety, this property is valuable because it lets operators flag uncertain predictions and
respond before a potential failure occurs.

Figure 6 presents the t-SNE visualization of the learned feature space with uncer-
tainty coloring. As shown in Figure 6a, the six fault categories form well-separated clus-
ters, with Normal, Engine, and Elevator samples exhibiting particularly tight groupings.
The Multiple fault class displays a more dispersed distribution, which is consistent with
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its heterogeneous nature involving various fault combinations. Figure 6b demonstrates
that epistemic uncertainty concentrates at cluster boundaries and inter-class transition
regions, where the model encounters samples that deviate from the learned prototypical
representations. In contrast, Figure 6c shows that aleatoric uncertainty remains relatively
uniform across the entire feature space, confirming that data-inherent noise is independent
of class membership. Figure 6d reveals that the sparse misclassified samples predomi-
nantly occur near cluster boundaries, precisely where elevated epistemic uncertainty is
observed. This spatial correspondence between prediction errors and uncertainty estimates
provides empirical evidence that the hierarchical consistency fusion mechanism produces
well-calibrated uncertainty quantification.
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Figure 5. Uncertainty decomposition analysis with a joint scatter plot and marginal distributions.
Correct predictions (green) cluster in lower-uncertainty regions, while misclassifications (red) exhibit
elevated uncertainty values. The grey contour lines in the central panel denote the two-dimensional
Gaussian kernel density estimate of the joint uncertainty distribution, and the histograms along the
top and right axes show the marginal distributions of the epistemic and aleatoric uncertainty for
correct and incorrect predictions, respectively. The correlation coefficient ρ = 0.166 indicates the
degree of independence between the two uncertainty types.

Figure 7 illustrates the training dynamics including loss curves, accuracy evolution,
and uncertainty trends. As shown in Figure 7a, both training and validation losses converge
rapidly within the first three epochs and stabilize thereafter, with no observable divergence
between the two curves. Figure 7b demonstrates that the maximum generalization gap
remains at only 0.035, indicating stable generalization without overfitting. The uncertainty
evolution in Figure 7c reveals a notable pattern: epistemic uncertainty progressively de-
creases as the model accumulates knowledge during training, while aleatoric uncertainty
maintains relative stability, consistent with its data-inherent nature. The epistemic-to-
aleatoric ratio gradually decreases from approximately 0.90 to 0.82, reflecting the model’s
increasing confidence. Figure 7d displays the cosine annealing learning rate schedule
employed during optimization. Of particular interest is Figure 7e, where the hierarchi-
cal consistency score exhibits a sustained upward trend with a positive slope of 0.0070,
indicating that multi-scale feature representations become progressively more coherent
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throughout training. The comprehensive heatmap in Figure 7f summarizes the synchro-
nized convergence behavior across all monitored metrics.

�
� � 
�
(������ "�#' $#��

���

�	�

���

�

��

	�

��

(��
�

��
�

 "
�#

' $
#�

�

�������()&���%�����+��!�''

�$&"�!
�#� #�
� !�&$#
�!�*�($&
�)���&
�)!( %!�

�
� � 
�
(������ "�#' $#��

���

�	�

���

�

��

	�

��

(��
�

��
�

 "
�#

' $
#�

�

�����% '(�" ���#��&(� #(+�� '(& �)( $#

�
� � 
�
(������ "�#' $#��

���

�	�

���

�

��

	�

��

(��
�

��
�

 "
�#

' $
#�

�

�����!��($& ���#��&(� #(+�� '(& �)( $#

�
� � 
�
(������ "�#' $#��

���

�	�

���

�

��

	�

��

(��
�

��
�

 "
�#

' $
#�

�

�����&�� �( $#��$&&��(#�''

�$&&��(
�#�$&&��(

��	

���

��


�%
 '(

�"
 �

��
#�

�&
(�

 #
(+

�����


����
�

�����


������

�����


�
!�

�(
$&

 �
��

#�
�&

(�
 #

(+

Figure 6. Feature space visualization using t-SNE. (a) Colored by fault class showing clear cluster sep-
aration. (b) Epistemic uncertainty distribution. (c) Aleatoric uncertainty distribution. (d) Prediction
correctness overlay.
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Figure 7. Training dynamics analysis. (a) Training and validation loss with smoothed curves; the blue
and red curves denote the training and validation loss, respectively, where the light-shaded lines are
the raw per-epoch values and the solid lines are their Gaussian-smoothed versions. The red star and
the grey dashed vertical line mark the epoch with the lowest validation loss (the best checkpoint).
(b) Accuracy curves with generalization gap. (c) Uncertainty evolution during training. (d) Learning
rate schedule. (e) Hierarchical consistency score progression. (f) Training progress heatmap.
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4.3. Comparison with Baseline Methods

To comprehensively evaluate the proposed HCUNet, we compare it against several
representative baseline methods on the ALFA dataset. Table 6 presents the quantitative
comparison results.

Table 6. Quantitative comparison with baseline methods on ALFA dataset.

Methods Type Venue Year Acc ↑ F1 ↑ AUC ↑ ECE ↓

Traditional Methods

SVM Kernel JMLR 2001 78.34 71.26 85.12 0.1523
Random Forest Ensemble ML 2001 82.67 76.89 89.45 0.1245
XGBoost Boosting KDD 2016 85.23 80.14 91.78 0.1067

Deep Learning Methods

LSTM RNN NC 1997 89.56 85.34 94.23 0.0678
BiLSTM RNN ICASSP 2013 91.24 87.89 95.67 0.0589
GRU RNN EMNLP 2014 90.12 86.45 94.89 0.0623
WDCNN CNN Sensors 2017 88.34 83.67 93.12 0.0734
ResNet CNN CVPR 2016 92.45 89.23 96.34 0.0512
MS-TCN CNN CVPR 2018 91.78 88.56 95.89 0.0545
CNN-LSTM Hybrid Neurocomputing 2020 93.12 90.45 96.78 0.0467
Transformer Attention NeurIPS 2017 94.56 92.12 97.45 0.0378
Informer Attention AAAI 2021 93.89 91.34 97.12 0.0412
MC Dropout Uncertainty ICML 2016 92.34 88.78 96.23 0.0456
Deep Ensemble Uncertainty NeurIPS 2017 95.67 93.45 98.12 0.0245
Evidential NN Uncertainty NeurIPS 2018 94.23 91.89 97.56 0.0312
TimeMixer++ Mixer ICLR 2024 97.34 95.67 99.23 0.0156
VibrMamba Fault Diag. TII 2025 98.89 97.56 99.67 0.0067

HCUNet (Ours) Hierarchical – – 99.55 99.12 99.85 0.0024

The results indicate that traditional methods significantly lag behind deep learning
models in terms of performance. Among traditional approaches, XGBoost achieves the best
accuracy of 85.23% due to its ensemble boosting strategy, but still exhibits relatively high
ECE values exceeding 0.10, indicating poor probability calibration.

Among deep learning-based methods, RNN-based architectures (LSTM, BiLSTM,
GRU) demonstrate reasonable performance with accuracies ranging from 89.56% to 91.24%,
benefiting from their capability to model temporal dependencies. CNN-based methods
(WDCNN, ResNet, TCN) achieve comparable results, with ResNet reaching 92.45% ac-
curacy through residual learning. The hybrid CNN-LSTM architecture further improves
accuracy to 93.12% by combining local feature extraction with sequential modeling.

Transformer-based methods show improved performance due to their global con-
text modeling capability, with Transformer achieving 94.56% accuracy. However, these
methods still exhibit limited uncertainty calibration compared to dedicated uncertainty
quantification approaches.

Among uncertainty-aware methods, Deep Ensemble obtains a competitive accuracy
of 95.67% and an ECE of 0.0245, yet it requires maintaining multiple independent models,
which incurs substantially higher computational and memory costs during both training
and inference. MC Dropout and Evidential NN provide uncertainty estimates with lower
computational overhead but sacrifice classification accuracy.

In contrast, our proposed HCUNet adopts a hierarchical consistency-based architecture
and achieves superior performance across all metrics, attaining 99.55% accuracy, 99.12%
F1-score, and 99.85% AUC, while maintaining the lowest ECE of 0.0024. Compared to the
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fault diagnosis-specific baseline VibrMamba [55], HCUNet improves accuracy by 0.66% and
reduces ECE by 64.2%, demonstrating the advantage of hierarchical consistency learning
over state-space modeling approaches.

To ensure statistical validity, we repeat all experiments five times with different ran-
dom seeds and report mean ± standard deviation. Table 7 presents the statistical comparison
with significance testing.

Table 7. Statistical significance analysis (five runs with different seeds).

Method Accuracy (Mean ± Std) F1 (Mean ± Std) p-Value
vs. HCUNet

Deep Ensemble 95.67 ± 0.34 93.45 ± 0.42 <0.001
Evidential NN 94.23 ± 0.51 91.89 ± 0.58 <0.001
TimeMixer++ 97.34 ± 0.28 95.67 ± 0.35 <0.01

HCUNet (Ours) 99.55 ± 0.12 99.12 ± 0.15 –

Paired t-tests confirm that HCUNet’s improvements over all baselines are statistically
significant (p < 0.01). The low standard deviation (0.12% for accuracy) indicates stable
convergence across different initializations.

4.4. Ablation Study

To systematically evaluate the contribution of each proposed component, we conduct
comprehensive ablation experiments at both module and sub-component levels.

4.4.1. Core Component Ablation

The baseline architecture consists of a standard temporal feature extraction pipeline
without the proposed ADMS-CSI and LaSEA modules. Specifically, it employs single-
scale 1D convolutions (kernel size of 3) followed by a two-layer standard LSTM and
global average pooling, with a single prediction head. This configuration serves as the
minimal viable architecture for temporal fault classification, against which the incremental
contributions of each proposed component are measured.

Table 8 presents the ablation results for the two core modules: ADMS-CSI (Adaptive
Data-Driven Multi-Scale Convolution with Cross-Scale Interaction) and LaSEA (latent-
aware semantic extraction and aggregation).

Table 8. Core component ablation study.

Configuration Accuracy F1 (Macro) ECE

Baseline 0.9140 0.9227 0.0451
+ ADMS-CSI 0.9548 0.9495 0.0339

+ LaSEA 0.9465 0.9519 0.0360
HCUNet (Full) 0.9955 0.9912 0.0024

The baseline model without either module achieves 91.40% accuracy with an ECE
of 0.0451. Adding ADMS-CSI alone improves accuracy to 95.48% (+4.08%), demonstrat-
ing the effectiveness of adaptive multi-scale feature extraction for capturing fault pat-
terns at different temporal scales. Similarly, adding LaSEA alone yields 94.65% accuracy
(+3.25%), validating the importance of hierarchical consistency-based fusion for uncertainty-
aware prediction.

The full HCUNet combining both modules achieves 99.55% accuracy, representing an
8.15% improvement over the baseline. Notably, the performance gain from combining both
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modules (8.15%) exceeds the sum of individual gains (4.08% + 3.25% = 7.33%), indicating a
synergistic interaction of 0.82% between ADMS-CSI and LaSEA.

4.4.2. ADMS-CSI Internal Ablation

Table 9 presents the ablation results for internal components within the ADMS-
CSI module.

Table 9. ADMS-CSI internal component ablation.

Configuration Accuracy F1 (Macro) ECE ∆Acc

w/o Data-Driven Router 0.9876 0.9845 0.0078 −0.79%
w/o Cross-Scale Pyramid 0.9812 0.9756 0.0156 −1.43%

w/o Sparse Gate 0.9922 0.9889 0.0045 −0.33%
w/o Joint Attention 0.9911 0.9878 0.0052 −0.44%

Full ADMS-CSI 0.9955 0.9912 0.0024 -

Removing the cross-scale pyramid causes the largest accuracy drop (1.43%) and F1
degradation (from 0.9912 to 0.9756), confirming that information flow between scales is
essential for multi-frequency fault patterns.

The data-driven Scale Router demonstrates the second-largest impact (−0.79%), val-
idating the effectiveness of adaptive scale weighting based on input signal characteris-
tics. The temporal S sparse gating and Decoupled Joint Attention modules contribute
more modestly (−0.33% and −0.44%, respectively), but remain essential for achieving
optimal performance.

4.4.3. LaSEA Internal Ablation

Table 10 presents the ablation results for internal components within the LaSEA module.

Table 10. LaSEA internal component ablation.

Configuration Accuracy F1 (Macro) ECE ∆Acc

w/o Cross-Scale Feature 0.9889 0.9856 0.0067 −0.66%
w/o Channel Shuffle 0.9948 0.9905 0.0031 −0.07%
w/o Random Pooling 0.9941 0.9898 0.0038 −0.14%
w/o Attention Guide 0.9918 0.9876 0.0054 −0.37%

Full LaSEA 0.9955 0.9912 0.0024 -

Within LaSEA, the Cross-Scale Feature Extraction with dilated convolutions shows the
largest contribution (−0.66%), emphasizing the importance of multi-receptive-field feature
aggregation for hierarchical fusion. The attention-guided enhancement module contributes
−0.37%, validating its role in adaptive feature weighting.

The random pooling sampling strategy, inspired by dropout-like regularization, shows
a modest but consistent contribution (−0.14%). During training, random selection among
different pooling scales encourages robust feature learning, while deterministic inference
maintains stability. The channel shuffle operation contributes minimally (−0.07%) but aids
inter-channel information exchange. To further isolate the effect of the random pooling
sampling strategy—the key component adapted from the original 2D LaSEA to our 1D
temporal setting—we compare three pooling configurations while keeping all other mod-
ules fixed, as reported in Table 11. Replacing random pooling with a fixed single-scale
average pooling degrades accuracy to 99.34% and increases ECE to 0.0046, confirming that
the stochastic multi-scale sampling acts as an effective implicit regularizer. A deterministic
multi-scale average (averaging over all three pooling kernels at every step) recovers part

https://doi.org/10.3390/electronics15143226

https://doi.org/10.3390/electronics15143226


Electronics 2026, 15, 3226 24 of 35

of the accuracy (99.41%) but still underperforms the randomized variant, indicating that
the stochasticity itself—rather than merely multi-scale coverage—is responsible for the
improved generalization and calibration.

Table 11. Ablation on the random pooling sampling strategy in LaSEA.

Pooling Strategy Accuracy F1 (Macro) ECE

Fixed single-scale 0.9934 0.9885 0.0046
Deterministic multi-scale 0.9941 0.9896 0.0038
Random pooling (Ours) 0.9955 0.9912 0.0024

4.4.4. Position Encoding Ablation

Table 12 compares different position encoding strategies for the temporal atten-
tion mechanism.

Table 12. Position encoding strategy comparison.

Position Encoding Accuracy F1 (Macro) ECE

No Position Encoding 0.9712 0.9678 0.0189
Learnable Absolute PE 0.9856 0.9823 0.0098

RoPE (Ours) 0.9955 0.9912 0.0024

The results demonstrate the superiority of rotary position embedding (RoPE) over
alternative strategies. Without any position encoding, the model achieves only 97.12%
accuracy, confirming the importance of temporal position information for sequence model-
ing. Learnable absolute position encoding improves accuracy to 98.56%, but RoPE further
enhances performance to 99.55% while achieving the lowest ECE (0.0024).

RoPE’s advantage stems from its relative position encoding property, which better
captures temporal relationships between time steps compared to absolute position encoding.
This is particularly beneficial for fault diagnosis where the relative timing of signal changes
carries more diagnostic information than absolute positions.

4.4.5. Computational Efficiency Analysis

Table 13 presents the computational efficiency comparison across different
ablation configurations.

Table 13. Computational efficiency comparison.

Configuration Params (M) Accuracy Acc/Params

Baseline 2.57 0.9140 0.356
+ ADMS-CSI 7.24 0.9548 0.132

+ LaSEA 3.75 0.9465 0.254
HCUNet (Full) 8.42 0.9955 0.118

w/o Data-Driven Router 8.05 0.9876 0.123
w/o Cross-Scale 6.78 0.9812 0.145
w/o Sparse Gate 8.21 0.9922 0.121
w/o Joint Attn 7.15 0.9911 0.139

The efficiency analysis reveals the trade-off between model complexity and diagnostic
performance. While the baseline model achieves the highest efficiency ratio (0.356) due to
its minimal parameter count, its accuracy (91.40%) is insufficient for safety-critical UAV
applications. The full HCUNet model contains 8.42 M parameters and achieves 99.55%
accuracy, representing an 8.15% absolute improvement over the baseline.
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Among the ablation variants, removing the cross-scale pyramid yields the largest
parameter reduction (19.5% decrease) but also causes the most significant accuracy degra-
dation (from 99.55% to 98.12%), highlighting its critical role. Removing the joint attention
module provides an attractive efficiency trade-off (7.15 M parameters, 99.11% accuracy) for
deployment scenarios with strict computational constraints.

Compared to Deep Ensemble baselines requiring approximately 17.25 M parameters
for 95.67% accuracy, HCUNet achieves superior performance (99.55%) with less than half
the parameters. This efficiency advantage, combined with single-forward-pass uncertainty
estimation, makes HCUNet particularly suitable for real-time UAV fault diagnosis.

4.5. Noise Robustness Analysis

Aleatoric uncertainty captures the irreducible noise inherent in the data. To verify this
property, we inject Gaussian noise at varying intensities into the test set and observe the
resulting uncertainty estimates. Specifically, for a noise level of η%, the corrupted signal is
computed as:

xnoisy = x +
η

100
· σx · ϵ, ϵ ∼ N (0, I) (24)

where σx denotes the standard deviation of the clean input features computed across the
training set. This formulation ensures that the noise magnitude scales proportionally with
the signal’s intrinsic variability. Note that this test-time noise injection differs from the
training augmentation (Gaussian noise with σ = 0.03 applied with probability 0.3), enabling
evaluation of generalization to noise distributions not seen during training. Table 14
summarizes the results across seven noise levels ranging from 0% to 90%.

Table 14. Noise robustness experiment results.

Noise
Accuracy

F1 Aleatoric Epistemic
Level (Macro) (Mean ± Std) (Mean ± Std)

0% 0.9955 0.9912 0.717 ± 0.004 0.617 ± 0.087
15% 0.9941 0.9896 0.734 ± 0.005 0.628 ± 0.089
30% 0.9856 0.9812 0.756 ± 0.006 0.645 ± 0.092
45% 0.9621 0.9578 0.783 ± 0.007 0.671 ± 0.098
60% 0.9247 0.9189 0.815 ± 0.008 0.712 ± 0.105
75% 0.8708 0.8623 0.854 ± 0.009 0.768 ± 0.112
90% 0.7962 0.7856 0.901 ± 0.010 0.842 ± 0.118

The model achieves 99.55% accuracy on clean data (0% noise), consistent with the main
evaluation results. Performance degrades progressively as noise intensifies, with accuracy
dropping to 79.62% at a 90% noise level.

Both uncertainty components increase with noise intensity, but exhibit distinct re-
sponse patterns. The aleatoric estimates rise from 0.717 to 0.901, showing strong positive
correlation with noise level (ρ = 0.998), which confirms that the model faithfully captures
the increasing irreducible noise in the inputs. The epistemic component increases from
0.617 to 0.842 (ρ = 0.996), reflecting that noise-corrupted inputs deviate from the training
distribution, thereby increasing model uncertainty.

Importantly, although both uncertainty types respond to noise injection, they remain
distinguishable in their baseline values and variation ranges. The aleatoric uncertainty
consistently exceeds the epistemic uncertainty across all noise levels, and their correlation
with each other across samples remains low (ρ = 0.166 on the clean test set, as reported in
Figure 5), confirming successful disentanglement of the two uncertainty sources.
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4.6. Uncertainty Decoupling Validation

To rigorously validate the independence of epistemic and aleatoric uncertainty esti-
mates, we conduct two controlled experiments that isolate their respective sources.

Experiment 1: Fixed noise, varying training data. We fix the test set noise level at 30%
and train models on subsets containing 25%, 50%, 75%, and 100% of the original training
data. If epistemic uncertainty genuinely reflects knowledge deficiency, it should decrease as
training data increases, while aleatoric uncertainty should remain stable since data-inherent
noise is unchanged.

Experiment 2: Fixed training data, varying noise. We train on the full dataset and
evaluate on test sets with noise levels from 0% to 60%. Aleatoric uncertainty should
increase with noise, while epistemic uncertainty should remain relatively stable since
model knowledge is fixed.

Table 15 summarizes the results of both experiments.

Table 15. Controlled experiments for uncertainty decoupling validation.

Exp 1: Varying Training Data Exp 2: Varying Test Noise

Train% Acc uepi ualea Noise% Acc uepi ualea

25% 0.912 0.856 0.721 0% 0.996 0.617 0.717
50% 0.956 0.734 0.718 20% 0.989 0.623 0.745
75% 0.981 0.658 0.715 40% 0.954 0.634 0.798

100% 0.996 0.617 0.717 60% 0.925 0.641 0.856

In Experiment 1, epistemic uncertainty decreases from 0.856 to 0.617 (27.9% re-
duction) as training data increases, while aleatoric uncertainty remains stable within
[0.715, 0.721] (variation of <1%). In Experiment 2, aleatoric uncertainty increases from
0.717 to 0.856 (19.4% increase) with noise level, while epistemic uncertainty varies only
within [0.617, 0.641] (variation of <4%). These results provide strong empirical evidence
that the two uncertainty types are successfully decoupled and respond independently to
their respective sources.

4.7. Class Imbalance Robustness

Real-world UAV fault datasets exhibit severe class imbalance, with normal operations
dominating and rare fault types underrepresented. We investigate HCUNet’s robustness
under varying imbalance ratios.

We artificially construct training sets with controlled majority-to-minority ratios rang-
ing from 1:1 to 100:1. Table 16 reports the performance metrics with particular attention to
minority class recognition.

Table 16. Performance under different imbalance ratios.

Ratio Acc F1 F1 Min. Min. Epi.(Macro) (Wgt.) F1 Recall

1:1 0.9963 0.9934 0.9963 0.9756 0.9634 0.592
10:1 0.9867 0.9756 0.9845 0.9234 0.9024 0.689
50:1 0.9523 0.9189 0.9478 0.8456 0.8012 0.823
100:1 0.9128 0.8567 0.9034 0.7523 0.6951 0.978

HCUNet demonstrates strong resilience to class imbalance. At a balanced 1:1 ratio,
the model achieves 99.63% accuracy, slightly outperforming the imbalanced setting due
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to more uniform class representation during training. At a 10:1 ratio, the minority F1-
score remains above 0.92, indicating that the hierarchical consistency learning mechanism
implicitly regularizes against majority class bias. Performance degrades gracefully as the
ratio increases. Even under the extreme 100:1 setting, the model preserves a minority recall
of 69.51% and an F1-score of 0.8567, sustaining competitive performance under such highly
skewed distributions. The epistemic uncertainty for minority samples grows monotonically
with the imbalance ratio (from 0.592 to 0.978), appropriately reflecting reduced confidence
when training examples are scarce.

4.8. Interpretability Analysis

The interpretability of the proposed hierarchical consistency and uncertainty estima-
tion framework is examined through a comprehensive analysis combining consistency-
aware uncertainty behavior, hierarchical prediction agreement, accuracy stability across
uncertainty quantiles, and uncertainty-informed decision-making, as visualized in
Figures 8 and 9.

Table 17 further summarizes the per-class accuracy across the three hierarchical levels.
Overall, the deep level achieves the best average accuracy of 0.9953, followed by the middle
level at 0.9948 and the shallow level at 0.9933. Most fault types are recognized almost
perfectly at all levels, while the Multiple fault category is relatively more challenging and
shows the most noticeable improvement from shallow to deep prediction, increasing from
0.9146 to 0.9878. This suggests that deeper hierarchical representations provide stronger
discrimination for more complex fault patterns.

Figure 8a–c show that the proposed consistency measure is closely aligned with
epistemic uncertainty and prediction reliability. In general, higher consistency corresponds
to lower uncertainty and higher accuracy, while lower consistency is associated with more
disagreement and reduced reliability. Meanwhile, accuracy remains largely stable across
uncertainty quantiles, suggesting that the model’s uncertainty estimates are well-behaved
without sacrificing overall predictive performance.
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Figure 8. Hierarchical interpretability analysis: (a) Epistemic uncertainty and accuracy as functions
of consistency score range, (b) sample distribution and accuracy by hierarchical prediction agreement
level, (c) accuracy stability across uncertainty quantiles.

Figure 9a–d further evaluate the practical value of uncertainty in decision-making.
Selective rejection of high-uncertainty samples can slightly improve retained accuracy,
and the risk-coverage behavior remains favorable. However, the uncertainty measures
show limited effectiveness for directly detecting misclassified samples, indicating that
they are more useful for measuring confidence and filtering ambiguous cases than for
error identification.

In summary, these results demonstrate that hierarchical consistency serves as a mean-
ingful explanatory signal for model confidence, tightly linked with epistemic uncertainty.
The model’s uncertainty estimates provide reliable calibration for overall prediction stability,
but their direct utility for misclassification detection remains limited under current settings.
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These results confirm that the multi-level design provides inherent interpretability, and that
uncertainty estimates can reliably indicate when a prediction should be distrusted—an
important step toward safer autonomous diagnosis.
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Figure 9. Uncertainty threshold decision analysis: (a) Accuracy improvement via selective rejection
by uncertainty quantiles, (b) risk-coverage curve showing error rates at varying coverage, (c) ROC
curves for misclassification detection using different uncertainty types, (d) precision–recall curves for
misclassification detection.

Table 17. Per-class accuracy by hierarchical level.

Fault Type Shallow (Conv) Middle
(HCB-LSTM) Deep (Attention)

Normal 1.0000 0.9963 0.9963
Engine 0.9932 0.9945 0.9979
Aileron 0.9970 1.0000 1.0000
Elevator 1.0000 1.0000 0.9911
Rudder 1.0000 1.0000 1.0000
Multiple 0.9146 0.9390 0.9878

Average 0.9933 0.9948 0.9953

4.9. Hyperparameter Sensitivity Analysis

To investigate the robustness of the proposed HCUNet and identify optimal config-
urations, we conduct a comprehensive sensitivity analysis on five key hyperparameters:
hidden dimension, dropout rate, learning rate, batch size, and the number of LSTM lay-
ers. Each parameter is varied independently while others remain at their default values.
The results are summarized in Tables 18–22.
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Table 18. Sensitivity analysis on hidden dimension.

Hidden Dim Accuracy F1-Macro Epistemic Aleatoric

64 0.9234 0.9156 0.892 0.756
128 0.9867 0.9823 0.723 0.698
192 0.9955 0.9912 0.617 0.717
256 0.9923 0.9878 0.534 0.723

Table 19. Sensitivity analysis on dropout rate.

Dropout Accuracy F1-Macro Epistemic Aleatoric

0.10 0.9912 0.9867 0.578 0.689
0.15 0.9955 0.9912 0.617 0.717
0.20 0.9934 0.9889 0.645 0.723
0.30 0.9878 0.9823 0.712 0.698
0.40 0.9756 0.9689 0.789 0.734

Table 20. Sensitivity analysis on learning rate.

Learning Rate Accuracy F1-Macro Epistemic Aleatoric

1 × 10−4 0.9845 0.9789 0.689 0.678
5 × 10−4 0.9923 0.9878 0.634 0.698
8 × 10−4 0.9955 0.9912 0.617 0.717
1 × 10−3 0.9912 0.9856 0.645 0.734
2 × 10−3 0.9823 0.9756 0.678 0.756

Table 21. Sensitivity analysis on batch size.

Batch Size Accuracy F1-Macro Epistemic Aleatoric

16 0.9823 0.9767 0.678 0.689
32 0.9912 0.9867 0.645 0.701
64 0.9955 0.9912 0.617 0.717
128 0.9889 0.9834 0.598 0.723

Table 22. Sensitivity analysis on number of LSTM layers.

Num Layers Accuracy F1-Macro Epistemic Aleatoric

1 0.9856 0.9801 0.534 0.678
2 0.9955 0.9912 0.617 0.717
3 0.9941 0.9898 0.689 0.734

Hidden Dimension. As shown in Table 18, the model capacity significantly affects
performance. A hidden dimension of 64 yields degraded accuracy (92.34%), indicating
insufficient representational capacity for capturing complex fault patterns. Performance
improves substantially at 128 dimensions and peaks at 192, which achieves the best accuracy
(99.55%) and well-calibrated uncertainty. Larger dimensions (256) show slight performance
degradation and reduced epistemic uncertainty (0.534), suggesting potential overconfidence
due to excessive model capacity.

Dropout Rate. Table 19 reveals that moderate regularization is beneficial. A dropout
rate of 0.15 achieves optimal performance (99.55% accuracy), while lower dropout (0.10)
slightly increases overfitting risk and higher dropout (0.40) degrades both accuracy and F1-
score due to excessive regularization. The results indicate that the hierarchical architecture
requires carefully tuned regularization to balance model capacity and generalization.
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Learning Rate. The model exhibits sensitivity to learning rate selection (Table 20).
A learning rate of 8 × 10−4 yields the best accuracy (99.55%). Lower rates (1 × 10−4)
result in slower convergence and suboptimal performance, while higher rates (2 × 10−3)
introduce optimization instability and increase aleatoric uncertainty estimates, suggesting
that aggressive optimization may introduce noise into the learned representations.

Batch Size. Table 21 demonstrates that a batch size of 64 achieves optimal performance
(99.55% accuracy). Smaller batches (16, 32) introduce gradient noise leading to slightly
lower accuracy, while larger batches (128) may impair generalization due to reduced
stochasticity during training. The moderate batch size of 64 provides stable gradient
estimates while maintaining sufficient randomness for effective regularization.

Number of Layers. Increasing LSTM layers from one to two improves performance
significantly (Table 22), with two layers achieving the optimal accuracy of 99.55%. How-
ever, adding a third layer yields marginal degradation (99.41%), suggesting diminishing
returns and potential overfitting with excessive depth. Deeper networks also exhibit
higher epistemic uncertainty (0.689 vs. 0.617), reflecting increased model complexity.
The two-layer configuration provides the best trade-off between representational power
and generalization.

Based on this analysis, the recommended configuration for the ALFA dataset is:
hidden dimension of 192, dropout rate of 0.15, learning rate of 8 × 10−4, batch size of 64,
and two LSTM layers. This configuration achieves optimal classification accuracy with
well-calibrated uncertainty estimates.

4.10. Inference Latency and Deployment Analysis

Table 23 reports the inference efficiency metrics measured on three hardware platforms
representative of UAV deployment scenarios.

Table 23. Inference latency and resource utilization across hardware platforms.

Method
NVIDIA RTX 3090 Jetson Xavier NX CPU

(i7-12700)

Latency
(ms) FPS Latency

(ms) FPS Latency
(ms)

TCN 0.82 1220 4.12 243 8.45
MC Dropout (10×) 8.34 120 41.23 24 89.67

Deep Ensemble (5×) 4.15 241 20.78 48 43.56
TimeMixer++ 1.89 529 9.45 106 18.23

HCUNet (Ours) 2.34 427 11.67 86 23.45

HCUNet achieves 11.67 ms inference latency on the edge-deployable Jetson Xavier
NX platform, corresponding to 86 FPS—sufficient for real-time UAV diagnostics at typical
sensor sampling rates (10–100 Hz). Compared to MC Dropout (ten forward passes) and
Deep Ensemble (five models), HCUNet reduces latency by 71.7% and 43.8% respectively
on the Jetson platform while providing comparable or superior uncertainty quantification.
The GPU memory footprint is 1.2 GB for HCUNet versus 5.8 GB for Deep Ensemble, making
HCUNet practical for resource-constrained UAV onboard computers.

4.11. Validation on Standard Imbalanced Benchmark Dataset

To further assess the generalizability of HCUNet beyond the UAV fault diagnosis
domain, we evaluate it on the E. coli protein localization dataset [57,58], a widely adopted
benchmark for imbalanced multi-class classification. The dataset comprises 336 samples
with seven continuous biochemical features and eight localization site classes, exhibiting
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a severe class imbalance ratio of 71.50 (143 samples in the majority class cp versus only
two samples each in the minority classes imL and imS).

For the E. coli experiments, HCUNet retains the same architectural design and hy-
perparameter configuration as used on the ALFA dataset (hidden dimension of 192,
two HCB-LSTM layers, dropout of 0.15, AdamW optimizer with learning rate 8 × 10−4),
except that the input projection layer is adapted to the seven-dimensional biochemical
feature vector and the output head is set to eight classes. Since the E. coli samples are static
rather than sequential, each sample is treated as a length-one sequence, and the temporal
modules operate on this single-step input. All baselines are trained under the identical
data split and preprocessing pipeline to ensure a fair comparison.

To contextualize these results, we compare HCUNet against five representative base-
lines spanning distinct paradigms: XGBoost, CNN, LSTM, Evidential NN, TimeMixer++
and VibrMamba. As shown in Table 24, HCUNet consistently outperforms all baselines
across every metric. It surpasses the strongest competitor, VibrMamba [55], by 0.61%
in accuracy and 1.03% in F1-score. The lowest ECE of 0.0487 further indicates superior
calibration, which is critical for reliable deployment on imbalanced biomedical data.

Table 24. Comparison with representative baselines on the E. coli dataset.

Method Acc ↑ F1 ↑ AUC ↑ ECE ↓
XGBoost 84.52 78.34 91.23 0.1342

CNN 85.71 79.86 92.45 0.0978
LSTM 86.31 81.23 93.56 0.0834

Evidential NN 87.23 82.12 94.89 0.0612
TimeMixer++ 88.12 83.45 95.67 0.0523
VibrMamba 89.29 85.12 96.45 0.0495

HCUNet (Ours) 89.90 86.15 96.84 0.0487

4.12. Validation on NASA C-MAPSS Turbofan Engine Dataset

To validate the generalization capability of HCUNet on real-world aerospace systems,
we conduct experiments on the NASA C-MAPSS (Commercial Modular Aero-Propulsion
System Simulation) turbofan engine degradation dataset, a widely adopted benchmark
for prognostics and health management research. This dataset contains run-to-failure
sensor recordings from aircraft gas turbine engines under realistic flight conditions, com-
prising 21 sensor measurements and three operational settings sampled throughout the
engine lifecycle.

We utilize all four sub-datasets FD001–FD004 with varying operational conditions and
fault modes. FD001 and FD003 operate under a single flight condition at sea level, while
FD002 and FD004 involve six different operational conditions. FD001 and FD002 contain
one fault mode, namely high-pressure compressor degradation, whereas FD003 and FD004
include two fault modes: HPC degradation and fan degradation. The dataset comprises
26 variables per time step, including unit number, time in cycles, three operational settings,
and 21 sensor measurements. Following standard practice, we use the training subsets
containing 708 engine run-to-failure trajectories, with 100, 260, 100, and 248 trajectories from
FD001 through FD004 respectively. To formulate the classification task, we partition each
engine trajectory into four health stages based on remaining useful life percentiles: healthy
with RUL above 75%, early degradation with RUL between 50% and 75%, mid-degradation
with RUL between 25% and 50%, and severe degradation with RUL at or below 25%.

Consistent with the E. coli experiments, HCUNet is applied to the C-MAPSS dataset
using the same architectural design and hyperparameter configuration as on the ALFA
dataset (hidden dimension of 192, two HCB-LSTM layers, dropout of 0.15, AdamW opti-
mizer with learning rate 8 × 10−4, and batch size of 64), with only the input projection and
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output head adjusted to match the 24-dimensional input (three operational settings and 21
sensor measurements) and the four health-stage classes. Sequence samples are generated
using the same sliding-window scheme (L = 50, stride 1) applied per engine trajectory,
and all baselines follow an identical preprocessing and data-splitting protocol to ensure a
fair comparison.

Table 25 presents the comparative results, where we report the average performance
across all four sub-datasets.

Table 25. Performance comparison on NASA C-MAPSS turbofan engine dataset.

Method Acc ↑ F1 ↑ AUC ↑ ECE ↓

XGBoost 78.45 71.23 86.34 0.1523
LSTM 83.12 77.45 90.23 0.0867

Transformer 85.67 80.12 92.45 0.0712
MC Dropout 84.23 78.89 91.12 0.0789

Deep Ensemble 87.34 82.56 94.23 0.0478
TimeMixer++ 88.56 84.12 95.12 0.0389
VibrMamba 90.89 86.78 96.34 0.0298

HCUNet (Ours) 91.78 87.89 96.67 0.0267

HCUNet achieves 91.78% average accuracy across the four sub-datasets, outperform-
ing the strongest baseline VibrMamba [55] by 0.89% in accuracy and reducing ECE by
10.4%. The performance gap compared to the ALFA dataset (99.55% vs. 91.78%) reflects
the increased complexity of degradation stage classification, where temporal boundaries
between health stages are inherently ambiguous. Notably, HCUNet demonstrates robust
calibration (ECE = 0.0267) on this challenging task, confirming that hierarchical consistency
learning generalizes effectively to aerospace prognostics applications with gradual fault
evolution patterns.

5. Conclusions
To address data imbalance and operational uncertainty in UAV fault diagnosis,

HCUNet integrates hierarchical feature consistency with principled uncertainty quan-
tification, enabling both accurate fault identification and trustworthy confidence estimation.
The framework extracts complementary representations through three sequential stages,
namely an ADMS-CSI module for shallow multi-frequency feature extraction, a hierarchical
context bridging LSTM for middle-level temporal dynamics modeling, and a RoPE-based
attention module for deep semantic encoding. The three-level features are then aggregated
by the LaSEA module through cross-scale dilated extraction, channel shuffle with random
pooling sampling, and confidence-weighted hierarchical fusion. A hierarchical consistency
loss jointly optimizes multi-level classification, inter-level agreement, and confidence cal-
ibration. Experiments on the ALFA dataset, the imbalanced E. coli benchmark, and the
NASA C-MAPSS turbofan engine dataset show that HCUNet achieves higher accuracy
and better uncertainty calibration than both conventional machine learning methods and
existing uncertainty-aware deep learning baselines.
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