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Abstract

Rotor blades are the primary cause of drone failure. To assess the health status of drone
blades, vibration monitoring is required; however, this is challenging due to noisy signals
and limited labeled datasets. This study investigates a data loading strategy called selective
embedding (SE), which is shown to improve data diagnosis across engineering fields. The
hypothesis is that this strategy can improve the classification accuracy of drone blade
conditions with multi-axis vibration data. Accelerometer signals are collected under dif-
ferent blade health conditions; the signals are then processed and fed into a deep learning
model for multi class condition classification. An ablation study is conducted with different
data loading strategies, including traditional single channel, parallel channel, and SE. The
results show that SE improves classification accuracy, reduces performance variance, and
achieves higher generalization performance across multiple blade fault conditions. These
improvements are observed consistently across domain evaluations, where traditional data
loading strategies have difficulty generalizing to unseen temporal segments. The find-
ings demonstrate that SE can effectively support vibration fault diagnostics for aerospace
applications, offering a reliable way to improve safety in drone monitoring.

Keywords: vibration-based fault diagnosis; aerospace structural health monitoring;
mechanical systems condition monitoring

1. Introduction
Vibration fault diagnosis has become an important tool for monitoring the structural

health of UAV systems, particularly for detecting blade related faults that can directly
affect flight stability and safety [1–3]. However, reliable diagnosis remains challenging,
due to the highly non-stationary nature of UAV vibration signals [2,4], strong coupling
between sensor axis [5,6], and the limited availability of labeled flight data [7]. In many
existing aerospace machine learning (ML) studies, performance improvements are primarily
pursued through changes in model architecture or feature extraction [8,9], while the way
raw time domain signals are loaded into the learning algorithm is often treated as a
fixed implementation detail [4,10,11]. This assumption can be problematic for multi axial
vibration signals, where fault-related information is distributed across multiple directions
and evolves simultaneously during operation. As a result, conventional single-axis or
static data loading strategies bias learning toward dominant signal directions [12] and limit
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generalization under unseen conditions [13], motivating a systematic investigation of data
loading strategies for UAV blade condition monitoring.

The main contributions of this work can be summarized as follows:

• A systematic comparison of traditional data loading and SE data loading strategies for
UAV blade vibration diagnosis, highlighting the role of data loading in time domain
aerospace signal analysis.

• An ablation study on a five label UAV blade dataset, demonstrating that SE improves
classification accuracy, reduces performance variance, and enhances training stability
without increasing computational cost.

• A shift from feature engineering to information presentation, demonstrating that the
ordering, structure, and alternation of time-series vibration data influence what a
model learns, establishing data loading as an underexplored design component in
aerospace ML monitoring.

The goal of this work is to expand and compare data loading strategies within the
aerospace field and to explain why the way data is loaded plays a critical role when oper-
ating in the time domain. In aerospace applications, sensor signals such as vibration and
acceleration are inherently time-dependent and highly correlated across the axis [14–17].
Therefore, how these signals are presented to a learning algorithm directly affects the
information content seen during optimization. By systematically evaluating different data
loading strategies, this work demonstrates that data loading is not a trivial implemen-
tation choice but a fundamental design decision that influences learning efficiency and
generalization capability. This study aims to highlight that, particularly in time domain
signal analysis, the structure and ordering of data fed to the model can impact performance,
making data loading strategies an essential component of aerospace ML applications.

1.1. Data Loading Strategies

This paper investigates data loading strategies. The first method examined is the
single-channel data loading strategy, which consists of using a single accelerometer axis
signal, where either the x, y, or z direction is used. In this method, the raw vibration signals
are divided into smaller segments, referred to as time domain bins. The objective of this
segmentation is to capture enough of the signal characteristics within each bin to allow
for accurate diagnosis of the classification problem. By isolating an individual axis, this
approach assumes that a single directional signal contains enough information for the
selected labels to be identified with high accuracy.

The second strategy investigated is the parallel loading, which involves all the axis
data to be loaded into an ML algorithm in parallel. The last strategy investigated is SE.
Unlike single-channel and parallel loading, SE utilizes multiple signals and combines them
into a single-channel format. For example, in the case of a triaxial accelerometer with x, y,
and z-axis measurements, the SE method extracts a fixed portion of the time domain signal
from the x-axis, followed by the y-axis, and then the z-axis. These segments are alternated
between axes and are used as the new input.

This data loading strategy allows information from multiple directions to be embedded
into a single input stream without increasing the dimensionality of the model input. By
alternating between axes, SE allows the model to be exposed to diverse signal characteristics
within each training sample, while maintaining compatibility with conventional single-
channel deep learning architectures. Importantly, SE does not increase the size of the
dataset; instead, it changes how the available data are presented to the learning algorithm,
allowing more informative samples to be processed at each optimization step.

In addition, a parallel data loading strategy is considered, where the x, y, and z-axis
signals are loaded simultaneously as separate channels, allowing for direct comparison
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between single-channel, parallel, and SE loading approaches under the same experimental
conditions. Data loading methods can be seen in a simplified block diagram format
in Figure 1.

Figure 1. Data loading strategies. The colors represent the different axes.

1.2. Existing Results

The existing SE cross-domain test accuracies are summarized in Table 1. This method
has been compared in the fields of heavy machinery, railway, and manufacturing, where in
each field, regardless of model type, the testing classification accuracy has reached 80%+
accuracy on unseen domains, demonstrating strong generalization performance.

Table 1. SE existing cross-domain results across different fields.

Field Source Type Model Test Accuracy and
Standard Deviation

Heavy Machinery

Bearing [18]

1D-Convolutional Neural Network (CNN)

95.64 ± 0.31 [19]
Bearing [20] 84.82 ± 2.72 [19]
Bearing [21] 94.21 ± 5.69 [19]
Induction Electrical Motor [22] 95.31 ± 0.31 [19]

Railway Railway [23] 97.64 ± 4.95 [19]

Manufacturing Steel Slag [24] CNN–long short term memory (LSTM) 99.10 ± 0.30 [25]

In the heavy machinery field, SE has been evaluated using bearing and induction
electrical motor datasets. The existing results show that SE maintains high test accuracy
across different unseen operating conditions and domains. Even when different datasets
and setups are used, the testing accuracies remain high, indicating that the method is not
limited to a specific machine type or data source.

For the railway domain, SE continues to show strong cross-domain performance. The
high testing accuracy reported in Table 1 suggests that the data loading strategy is effective
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in capturing the important signal information required for classification, even when the
testing data are collected from different railway environments and conditions.

In the manufacturing domain, SE has been applied to steel slag monitoring data. The
results demonstrate that SE can handle complex industrial signals and still achieve high
testing accuracy on unseen domains. This supports the robustness of the method when
applied to real-world manufacturing systems.

Overall, the results in Table 1 indicate that SE provides consistent and reliable cross-
domain performance across multiple fields, supporting its use as a general data loading
strategy, rather than one that is specific to a single application or model type. Table 1 is
provided for contextual motivation, rather than as a controlled experimental comparison;
the reported test accuracies are reproduced from their respective cited studies and reflect
different datasets, models, and experimental setups.

While a wide range of UAV fault diagnosis methods have been reported in the litera-
ture, most existing approaches focus on improving performance through feature extraction,
signal transformation, or model architecture design. For example, wavelet methods intro-
duce learnable time frequency representations [26], and anomaly detection frameworks rely
on latent feature modeling or statistical deviation from normal behavior [27]. In contrast,
the approach adopted in this study does not introduce new features, transformations, or
architectures, but instead investigates how raw time domain vibration data are loaded
and structured prior to learning. This distinction clarifies that the proposed work ad-
dresses a different and complementary problem: namely, information presentation through
data loading, rather than competing directly with feature- or model-centric UAV fault
diagnosis methods.

2. Materials and Methods
2.1. Dataset Description

In this study, the performance of a data loading strategy called SE [19] is utilized on a
publicly available multiaxial unmanned aerial vehicle (UAV) vibration dataset designed
for propeller fault diagnosis. The dataset consists of a triaxial ADXL334 accelerometer
(manufactured by Analog Devices, Wilmington, MA, USA) signal collected from a DJI Mini
2 quadcopter (manufactured by DJI, Shenzhen, China), where the sensor is rigidly mounted
at the center of the UAV, and the data is collected while in hover mode, as seen in Figure 2.
The accelerometer sensor is placed in the center to capture blade-induced vibration across
the x, y, and z-axis. This dataset was collected using a National Instruments USB-6008
data acquisition (DAQ) system, which was connected to a PC with LabVIEW as the data
collection software. Complete specifications of the UAV accelerometer and DAQ hardware
are provided in the original dataset description [28].

 

Figure 2. Experimental setup of the drone blade with triaxial accelerometer [28].
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The dataset contains five flight conditions; (1) healthy blades, (2) mass removed from
the bottom right blade, (3) mass removed from the top right blade, (4) unbalanced bottom
right blade, and (5) unbalanced top right blade. For ease of understanding of each condition,
Figure 3 is provided. Each condition has 400,000 continuous time series samples recorded
over a 7 min indoor hover environment [28]. Each file consists of a four-column format,
including time, and x, y, and z-axis acceleration data. The datasets are publicly available on
the Springer Nature data repository [28].

Figure 3. Experimental condition labels [28].

2.2. Preprocessing and Signal Preparation

To make sure each class is comparable across different conditions, each raw signal is
normalized by subtracting its mean and scaling to unit variance, which was done during
the data collection stage on LabVIEW [28]. The fully processed signals from each axis
are then segmented into shorter windows to apply to deep learning. Window sizes are
selected to preserve both low frequency vibrations associated with rotor imbalance and
high frequency transient responses that are caused by mass removal. Based on previous
drone blade studies, an input signal of 4096 is selected, and only time series will be tested,
due to varying frequency ranges and hover conditions [29,30]. This was done to make sure
that the ablation study on the data loading strategy is compared without bias.

The vibration signals were sampled at 1600 Hz, resulting in a physical window dura-
tion of 2.56 s for each 4096 sample input. Each 100,000 sample segment was divided into
fixed length windows of 4096 samples using a non-overlapping windowing strategy, such
that no overlap was used between consecutive windows. This resulted in 24 time bins
per segment per axis for each blade condition. This windowing procedure was applied
consistently across all conditions and data loading strategies to ensure a fair ablation study.

2.3. SE Data Loading Strategy

This study uses SE, which is an existing data loading strategy (preprocessing) and
applies it to the aerospace field via an ablation study and adds a mathematical explanation
to why this method works more effectively. The key idea of SE is that the way data is loaded
is just as important as how it is modeled. SE reorganizes the presentation of multiaxial
vibration axis such that the model receives alternating axis and domain level window
segments across training. This reduces memorizing axis-specific features and increases
generalization of unseen operating conditions.

The UAV dataset was adjusted to have x, y, and z windows, which were treated as
one domain with different drone blade conditions, each containing unique directional
information about UAV blade dynamics during training. Each 400,000 signal length record-
ing was divided into four non-overlapping segments of 100,000 samples. The first two
segments (0–100 k, 100 k–200 k) were assigned to the training set, the third (200–300 k)
to the validation set, and the fourth (300–400 k) to the test set. This ensures that no raw
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samples are shared between the training, validation, and test sets, while preserving the
temporal structure within each recording.

For each sample i in the mini batch Bt at iteration t, the time domain UAV vibration
window is defined across five blade conditions as (Equation (1)).

x(i)t =



D(i)
1,t

D(i)
2,t

D(i)
3,t

D(i)
4,t

D(i)
5,t


, D(i)

k,t =


x(i)k,X,t

x(i)k,Y,t

x(i)k,Z,t

 ϵ RL, (1)

where k ϵ {1, . . . , 5} indexes the blade conditions, a ϵ {X, Y, Z} indexes the sensor axis,
x(i)k,a,t ϵ RL is a 4096 sample window from axis a, and L = 4096. SE alternates the three
sensor axis (X, Y, Z) within each blade condition by applying a permutation matrix sample
at iteration t : (Equation (2)).

∼
x
(i)
t =



PtD
(i)
1, t

PtD
(i)
2, t

PtD
(i)
3, t

PtD
(i)
4, t

PtD
(i)
5, t


, Pt ϵ {0, 1}3×3, PtP⊤

t = I3. (2)

where Pt permutes the rows corresponding to the X, Y, and Z-axis, the underlying 4096 sam-
ple signals remain unchanged, and only the loading order of the axis is alternated, which is
consistent with the SE being a data loading strategy, rather than a signal transformation.

These formulations are supported by prior aerospace vibration studies that analyze
triaxial accelerometer measurements in helicopter transmission and gearbox systems [15,16].
Tumer et al. investigated triaxial vibration data for helicopter gearbox health monitoring
and showed that vibration responses measured along the x, y, and z directions evolve
simultaneously under changes in gearbox dynamics and fault conditions [31]. Their analysis
demonstrated that fault-related signatures are not confined to a single axis, but instead
appear across multiple directions due to the shared mechanical excitation within the
transmission system. Importantly, their study operated on raw time domain vibration
signals, highlighting that transient events and amplitude variations occur jointly across
axes, rather than independently.

Similarly, the NASA study on the AH-1 Cobra helicopter transmission analyzed
maneuvering effects on transmission vibrations using triaxial accelerometers mounted
on the gearbox [32]. The results showed that changes in operating conditions, such as
maneuvering, speed, and load, lead to time-varying vibration responses that occur across all
three measurement axes. This confirms that aerospace vibration signals are time-dependent
and that triaxial measurements are correlated as a result of the same underlying excitation
source acting on the structure.

Based on these observations, this study adopts the same physical assumption that tri-
axial vibration signals in aerospace systems should not be treated as independent channels
in the raw time domain. Instead, correlated directional information should be preserved
and systematically exposed during training. The SE data loading strategy follows this
principle by reorganizing how multiaxial vibration signals are presented to the model,
rather than altering the signal itself.

By alternating the axis ordering through the permutation matrix, SE prevents the
model from memorizing axis-specific features, which may arise due to the fixed sensor
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orientation or mounting effects noted in both Tumer and Stone’s gearbox study and the
NASA helicopter transmission experiments. Since the 4096 sample windows remain
unchanged, SE does not modify the vibration waveform, frequency content, or temporal
structure analyzed in these prior works. Instead, it changes only the loading order of the
correlated axis, ensuring that the model learns blade condition relevant dynamics rather
than axis dependent features.

Figures 4 and 5 show this process using raw x, y, and z-axis UAV vibration signals.
As shown, fixed-length time domain bins of 4096 samples (highlighted by red boxes) are
sequentially extracted from each axis until a total stream length of 100,000 samples is
reached for each blade condition label. This segmentation strategy consists of the time
domain analysis used in both helicopter gearbox and transmission vibration studies, while
extending it through SE by alternating the axis level during training, validation and testing.

 

Figure 4. The first three plots show that the x, y, and z-axis extracted signals respectively, where the
red boxes represent the time domain bins. The signals are reconstructed in the fourth plot, which
represents the SE data loading strategy at the time domain level. The fourth plot is an example of
how SE is applied to a healthy rotor time signal, which consisted of 100,000 signals.

Figure 5. The first three plots show that the x, y, and z-axis extracted signals respectively, where the
red boxes represent the time domain bins. The signals are reconstructed in the fourth plot, which
represents the SE data loading strategy at the time domain level. The fourth plot is an example of
how SE is applied to a damaged bottom right blade time signal, which consisted of 100,000 signals.
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Therefore, SE builds directly on the established aerospace vibration literature by
leveraging the nature of triaxial time domain measurements identified in helicopter gearbox
and transmission studies. By incorporating this physical insight into the data loading
process, SE improves generalization to unseen operating conditions without violating the
underlying mechanics of aerospace vibration signals.

2.4. Deep Learning Architecture

A 1D-CNN architecture using convolutional layers, batch normalization (BatchNorm),
rectified linear unit (ReLU) activation, and an AdaptiveMaxPool layer was used to classify
the UAV vibration windows into the five blade conditions seen in Table 2. The network
consisted of three convolutional layers, followed by two fully connected layers. The fully
connected layers included dropout to reduce overfitting. The model was trained using
an adaptive moment estimation (Adam) optimizer, learning rate of 0.001, batch size of 32,
a loss function using cross-entropy, and 30 epochs.

Table 2. The 1D-CNN architecture.

Layers Structures

1 Conv1d(1, 16, kernel_size = 7), BatchNorm1d(16), ReLU, MaxPool1d(kernel_size = 2, stride = 2)
2 Conv1d(16, 32, kernel_size = 5), BatchNorm1d(32), ReLU, MaxPool1d(kernel_size = 2, stride = 2)
3 Conv1d(32, 64, kernel_size = 3), BatchNorm1d(64), ReLU
4 AdaptiveMaxPool1d(output_size = 1)
5 Linear(64, 64), ReLU, Dropout
6 Linear(64, 5)

Three baselines were created for comparison:

• Traditional single-axis input (e.g., X-axis only).
• Traditional single-axis input (e.g., Y-axis only).
• Traditional single-axis input (e.g., Z-axis only).

SE was evaluated against these baselines under identical training conditions, network
depth, and optimization settings to isolate the impact of the data loading strategy rather
than architectural differences.

2.5. Evaluation Metrics

Model performance was assessed using classification accuracy, precision, recall,
F1-score, and confusion matrices. For the multi class classification problem, precision,
recall, and F1-score were computed using macro averaging across all blade condition
classes, ensuring equal contribution from each class and consistency with the confusion
matrix analysis. In addition to the overall performance, per class metrics were reported to
analyze fault-specific classification behavior. To reflect aerospace diagnosis scenarios, the
evaluation included a missing axis, where one or more vibration channels were intention-
ally removed during inference. This analysis assesses the robustness of the trained models
under partial sensor availability, which is common in UAV monitoring applications.

2.6. Domain Evaluation

A domain evaluation was adopted, rather than random sample-level cross-validation.
In this study, a domain refers to a non-overlapping temporal segment of the UAV vibration
signal, as defined in Table 3, to prevent information leakage between training, validation,
and test data.
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Table 3. Domain splitting of the UAV dataset.

Domain
Name

CSV Files of Blade Classes

Healthy Damaged Bottom
Right Blade

Damaged Top
Right Blade

Unbalanced Bottom
Right Blade

Unbalanced Top
Right Blade

1 0 to 100 k samples 0 to 100 k samples 0 to 100 k samples 0 to 100 k samples 0 to 100 k samples
2 100 k to 200 k samples 100 k to 200 k samples 100 k to 200 k samples 100 k to 200 k samples 100 k to 200 k samples
3 200 k to 300 k samples 200 k to 300 k samples 200 k to 300 k samples 200 k to 300 k samples 200 k to 300 k samples
4 300 k to 400 k samples 300 k to 400 k samples 300 k to 400 k samples 300 k to 400 k samples 300 k to 400 k samples

Specifically, a one-domain-left-out evaluation strategy was adopted, where one tempo-
ral domain was held out for testing while the remaining domains were used for training and
validation, as defined in Table 3. This procedure was repeated such that each domain was
used once as the test domain. To account for training variability, each test-domain-left-out
experiment was repeated ten times, using different random initializations, while keeping
the domain split fixed. For each trial, the model was trained from scratch and evaluated on
the held-out temporal domain. The reported results correspond to the average performance
across the ten independent runs, providing a stable estimate of model performance and
training variability.

This evaluation strategy emphasizes robustness to unseen temporal segments, rather
than performance under randomly mixed data, which better reflects UAV deployment
scenarios [33].

3. Results and Discussion
This section consists of an ablation study of UAV data results.

3.1. Ablation Study
3.1.1. Ablation Experimental Setup

The ablation experiments are designed to compare the different data loading strategies,
which consist of a traditional data loading approach where a single column of data is used,
and SE, where the dataset is combined in an alternating fashion, as explained earlier. For
the traditional data loading strategy, each axis is selected for proper comparison. In this
study, A1, A2, and A3 denote traditional single-channel loading using the x, y, and z-axis,
respectively, with a 1D-CNN, while A4 denotes the parallel data loading strategy, using all
axis information with a 1D-CNN. Finally, M5 denotes the proposed SE method combining
all three axes, while keeping the input length the same as a single channel, evaluated using
a 1D-CNN. The selection of ablation experiments can be found in Table 4, where A1 to A4
represent the traditional data loading strategies, while M5 represents the SE method.

Table 4. Ablation experiments with a batch size of 32, and an input signal length of 4096.

Accelerometer Data Axis

Method Data Loading Type x y z

A1 Single Channel x
A2 Single Channel x
A3 Single Channel x
A4 Parallel Loading x x x

M5 SE x x x

3.1.2. Ablation Experimental Results

The ablation experiments are conducted based on a five-label classification problem of
the UAV dataset, where label 1 (L1) is healthy, label 2 (L2) is damaged bottom right blade,
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label 3 (L3) is damaged top right blade, label 4 (L4) is unbalanced bottom right blade, and
label 5 (L5) is unbalanced top right blade. Table 5 shows the results of the ablation study in
terms of precision, recall, F1-score, validation accuracy, test accuracy, and training time.

Table 5. Ablation experiments results.

% and Standard Deviation

Method Precision Recall F1-Score Validation Accuracy Test Accuracy Time for Training (s)

A1 0.947 0.940 0.949 96.07 95.01 ± 2.66 58.15
A2 0.956 0.955 0.955 96.46 95.92 ± 2.26 59.27
A3 0.957 0.958 0.954 97.31 96.11 ± 3.09 59.52
A4 0.955 0.954 0.955 97.42 96.55 ± 2.01 178.15

M5 0.963 0.963 0.964 98.06 97.50 ± 1.17 58.22

From Table 5, it can be observed that the proposed method M5 outperforms all
ablation baselines (A1–A4) across all evaluation metrics. In particular, M5 achieves the
highest precision (0.963), recall (0.963), and F1-score (0.964), indicating better classification
performance across all five UAV blade conditions. In addition, M5 has the highest validation
accuracy (98.06%) and test accuracy (97.50%), showing improved generalization compared
to the baseline methods.

More importantly, M5 has a lower standard deviation in test accuracy (1.17) compared
to A1 (2.66), A2 (2.26), A3 (3.09), and A4 (2.01). This reduction in variance highlights the
increased stability and robustness of the SE strategy, indicating that the proposed method
produces more consistent performance across training epochs. These improvements are
achieved without any increase in training time, as M5 maintains a comparable training
duration to the baseline methods. Overall, the results confirm that SE not only improves
classification accuracy but also improves training stability, making it particularly well
suited for UAV blade condition monitoring for a small dataset.

In addition to the single-axis baselines, the parallel data loading strategy (A4) was
evaluated to assess whether simply increasing input dimensionality by stacking multi-axis
signals provides similar benefits. As shown in Table 5, A4 achieves competitive accuracy
compared to single-axis methods; however, it does not outperform SE. While A4 improves
test accuracy relative to A1–A3, it exhibits a higher training time due to the expanded input
dimensionality. This indicates that the performance gains observed with SE are not solely
due to access to multi-axis information, but rather due to how this information is structured
and presented to the learning algorithm.

Figure 6 shows the distribution of test accuracies for the ablation methods by using
box plots, providing a view of variability across testing. As shown in Figure 6, the proposed
SE method (M5) achieves higher median test accuracy compared to all traditional data
loading baselines (A1–A4). In addition to the improvement in median performance, M5
indicates a noticeably narrower standard deviation range shown in whiskers, indicating
reduced dispersion in test accuracies.

In contrast, the traditional data loading methods show larger standard deviation
variability across runs. Among them, A3 demonstrates the widest spread in performance,
which aligns with its higher reported standard deviation in Table 5. This increased increase
highlights the sensitivity of single-axis traditional loading strategies to initialization and
training dynamics, particularly when operating under limited data conditions. A1 and
A2 have more stable behavior than A3; however, both still present broader accuracy
distributions when compared to M5.
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Figure 6. Ablation experiment results for test accuracy and standard deviation for the methods tested.

The parallel loading strategy (A4) shows reduced variability compared to single-
axis methods; however, its performance distribution remains wider than that of SE. This
suggests that while parallel loading benefits from simultaneous multi-axis information, it
does not provide the same level of stability as SE, which regulates axis exposure through
structured alternation. The increased variance and longer training time observed for
A4 further highlight that increasing input dimensionality can introduce optimization
challenges under limited data conditions.

More importantly, Figure 6 visually confirms that the improvement achieved by M5 is
not limited to isolated runs, but is consistently maintained across the entire distribution.
This reduced variance justifies the claim that SE improves training stability by regulating
how multi-axis information is presented to the learning algorithm. By alternating structured
axis level segments, rather than relying on a single dominant direction, SE mitigates
overfitting to axis-specific features and promotes more balanced feature learning.

Although traditional data loading can reach high peak accuracy, it suffers from in-
creased standard deviation variability and inconsistent generalization. In contrast, SE
achieves both higher accuracy and greater consistency, which explains the lower stan-
dard deviation observed for M5 and highlights its importance for UAV blade condition
monitoring under small datasets.

From a signal processing and physical perspective, the performance gains achieved
by SE can be explained by the nature of multi-axis vibration propagation in UAV blades.
Blade damage and imbalance generate coupled vibration responses that are not confined to
a single accelerometer axis but instead are distributed as energy across multiple directions
due to structural coupling and rotor dynamics. Traditional single-axis loading forces
the model to learn from a partial projection of this response, which can lead to axis-
specific feature bias and unstable decision boundaries under limited data. By alternately
embedding fixed-length segments from each axis into a single-input stream, SE preserves
directional diversity while maintaining a constant input dimensionality. This structured
alternation exposes the learning algorithm to complementary vibration characteristics
within each sample, allowing for more robust feature learning that reflects the underlying
physical behavior of the system, rather than axis domination. This explains both the
improved classification accuracy and the reduced performance variance observed in the
ablation results.
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Figures 7 and 8 further illustrate the individual class behavior of the results through
confusion matrices. Specifically, Figure 7a,b correspond to the x and y-axis traditional
data loading, while Figure 8a,b present the z-axis traditional loading and the SE method,
respectively. These figures provide insight into how each method performs at the individual
labels, rather than only through previously provided metrics.

  
(a) (b) 

Figure 7. Confusion matrix results for traditional single-channel data loading (a) x-axis; (b) y-axis.

  
(a) (b) 

Figure 8. Confusion matrix results for (a) traditional single-channel data loading z-axis and (b) SE
data loading combined x, y, z results.

From Figure 8a,b, it can be observed that traditional loading using the x-axis signals
achieves strong classification performance for labels L2–L4; however, misclassification
is seen for label L5 for the x-axis (unbalanced top right blade), while the y-axis has mis-
classification for the L2 and L3 cases. In particular, L5 shows confusion with L3 in the x
loading case, indicating that single-axis representations are not enough to fully capture the
dynamic characteristics of this label. Similar trends are observed for the L1 y-axis, where
minor data leakage with other classes indicates overlap in the learned feature space under
traditional loading.

Figure 8a, which corresponds to the z-axis traditional loading, shows good results for
certain classes due to the dominant vibration content that is typically present along the
vertical axis during UAV operation. While L1 and L5 benefit from this axis dominance,
confusion remains for L2, indicating that reliance on a single dominant axis leads to class-
specific bias and inconsistent signal assessment across all blade conditions.

In contrast, Figure 8b shows that the SE method achieves near-perfect diagonal domi-
nance across all five labels, with reduced off-diagonal accuracies for each label. Notably, L1,
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L4 and L5 show a better improvement compared to all traditional loading cases, indicating
that SE effectively mitigates the ambiguity observed between unbalanced and damaged
blade conditions. This confirms that alternating and structured exposure to multi-axis
information allows the ML algorithm to learn complementary cross-axis representations,
rather than overfitting to a single dominant signal direction.

Overall, the confusion matrix analysis matches the quantitative results reported in Table 5.
While traditional loading strategies can achieve high accuracy for certain labels, they suffer
from label-dependent instability and increased variance, particularly for complex fault
classes such as L2 and L5. The SE data loading strategy not only improves the overall
classification accuracy but also achieves a more uniform and stable per-class performance,
which explains the reduced standard deviation observed in the test accuracy. These results
demonstrate that SE enhances robustness at the label level, validating its effectiveness for
UAV blade condition monitoring.

4. Conclusions
This work demonstrated that data loading strategies have an important role in ML per-

formance for UAV blade condition monitoring, particularly under small datasets. Through
an ablation study on a five-label UAV vibration dataset, a traditional loading strategy and
an SE data loading strategy are compared, and SE outperformed all traditional loading
baselines across precision, recall, F1-score, validation accuracy, and test accuracy. More
importantly, SE achieved a lower standard deviation in test accuracy, indicating improved
training stability and robustness compared to traditional loading methods. In addition,
confusion matrix analysis showed that traditional loading strategies suffer from label-
dependent instability, particularly for complex fault conditions such as damaged and
unbalanced blade cases, due to reliance on single-axis information. In contrast, SE achieved
consistent diagonal dominance across all labels by ensuring structured and alternating
exposure to multi-axis vibration information, allowing the learning algorithm to capture
cross-axis representations rather than axis-specific features. These improvements were
achieved without any increase in training time, confirming that SE improves information
efficiency, rather than computational complexity. Overall, the results validate SE as an
effective data loading strategy for UAV blade condition monitoring and show that how data
are presented to a learning algorithm is as important as how the model itself is designed.

Despite these results, this study is limited to a single publicly available UAV vi-
bration dataset collected under hover conditions. Future work will focus on validating
the proposed data loading strategy under additional flight conditions and more diverse
datasets to further assess generalization. In addition, while temporal domain scenarios
are defined in Section 2.6, future work will extend this analysis to more systematic sensor
cases to further quantify robustness under different sensor availability in realistic UAV
monitoring conditions.
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Abbreviations
The following abbreviations are used in this manuscript:

Adam Adaptive moment estimation
BatchNorm Batch normalization
CNN Convolutional neural network
DAQ Data acquisition
LSTM Long short term memory
ML Machine learning
ReLu Rectified linear unit
SE Selective embedding
UAV Unmanned aerial vehicle
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