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Abstract: Rotorcrafts experience severe vibrations during operation. To ensure the safety of rotor-
crafts, it is necessary to perform anomaly detection to detect small-scale structural faults in major
components. To accurately detect small-scale faults before they grow to a fatal size, HR (high sam-
pling rate) vibration data are required. However, to increase the efficiency of data storage media,
only LR (low sampling rate) vibration data are generally collected during actual flight operation.
Anomaly detection using only LR data can detect faults above a certain size, but may fail to detect
small-scale faults. To address this problem, we propose an anomaly detection technique using the
SR3 (Super-Resolution via Repeated Refinement) algorithm to upscale LR data to HR data, and then
applying the LSTM-AE model. This technique is validated for two datasets (drone arm data, CWRU
bearing data). First, the necessity for HR data is illustrated by showing that anomaly detection using
LR data fails, and the upscaling performance of the SR3 algorithm is validated in the frequency
and time domain. Finally, the anomaly detection for a structural fault diagnosis is performed for
the upscaled data and the HR data using the LSTM-AE model. The quantitative evaluation of the
Min–Max normalized reconstruction error distribution is performed through the MSE (Mean Square
Error) value of the anomaly detection results. As a result, it is confirmed that the anomaly detection
using upscaled test data can be performed as successfully as the anomaly detection using HR test
data for both datasets by the proposed technique.

Keywords: prognostics and health management; fault diagnosis; anomaly detection; rotorcraft;
upscaling method; LSTM-AE; low-sampling-rate data

1. Introduction

A rotorcraft operates based on the lift generated by the high-speed rotating main rotor
blades. Therefore, the major components of a rotorcraft are inevitably subject to various
faults due to extreme loads and sustained high levels of vibration, and failing to detect these
faults can lead to substantial economic losses and severe human casualties [1]. Moreover,
as science and technology rapidly advance, faults in the major components of rotorcrafts
are becoming more random, diverse, and uncertain [2]. In response, PHM (Prognostics
and Health Management) systems, which ensure the safety and enhance the performance
of rotorcrafts through reliable condition monitoring and fault prediction, are receiving
increasing attention. In particular, PHM-related research is primarily focused on gearboxes,
which consist of shafts, gears, and bearings, that continuously undergo cyclic fatigue due
to the rotational movement of the power transmission system [3–6]. Additionally, many
studies are actively being conducted on diagnosing the faults of major components and
classifying fault cases using statistical features of data and machine learning techniques.

Altaf et al. [7] analyzed roller bearing vibration data to extract statistical features
in both time and frequency domains, and based on these features, they classified faults
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using machine learning algorithms such as KNN (K-Nearest Neighbor) and a kernel linear
discriminant analysis. The proposed method ensured low computational complexity and
high accuracy. R.B.W. Heng et al. [8] proposed a method for diagnosing gearbox faults
through the analysis of statistical features of vibration signals collected from Spectra Quest’s
Gearbox prognostics simulator. After FFT (Fast Fourier Transform) of the vibration signal,
statistical features such as the mean, median, minimum, maximum, kurtosis, and skewness
were extracted from the frequency domain. These features were then inputted into an SVM
(Support Vector Machine) classification model to categorize abnormal conditions. I. Aswani
et al. [9] extracted statistical features from sound and vibration signals of shafts, rotors, and
bearings to diagnose various fault conditions. They applied techniques such as decision
trees, PCA (Principal Components Analysis), and ICA (Independent Component Analy-
sis) to reduce data dimensionality, and classifiers such as SVM and PSVM (Probabilistic
Support Vector Machine) to detect 12 different fault cases. To perform accurate anomaly
detection using the statistical characteristics of multivariate time series data, it is necessary
to extract features that accurately represent the characteristics of the data. This requires
expert knowledge and significant time and effort. Additionally, when using machine
learning classification algorithms such as KNN and SVM alone for anomaly detection, it is
challenging to account for the time dependency in multivariate time series data. To address
this challenge, it is necessary to construct hybrid models that combine algorithms capable
of understanding time series characteristics with classification algorithms, or to improve
the classification algorithms. So, recent research has focused on anomaly detection and
prediction techniques using artificial neural networks based on unsupervised learning of
time series data.

Anomaly detection and prediction models using artificial neural networks can be
divided into prediction models, reconstruction models, and hybrid models. Prediction
models consist of algorithms based on LSTM and GRU, which are excellent at identifying
features in time series data [10–12]. In addition, there are several algorithms based on
CNN [13] and Transformer [14]. These algorithms are trained to predict values for future
points based on the training data. If the error between the predicted values and target
values exceeds a predetermined threshold, it is considered an anomaly. Reconstruction-
based models primarily consist of Auto-Encoders (AEs) [15–17]. Reconstruction-based
models are trained to reconstruct the training data. When arbitrary data are inputted into
the trained model, if the input data are similar to the training data, it results in low error,
and if it is different, it results in high error. An anomaly is identified if this error exceeds
a predetermined threshold. Hybrid models are models that combine a prediction model
with a reconstruction model to obtain better time series representations [18].

Hundman et al. [19] used the LSTM algorithm to detect anomalies in numerous
time series parameter data collected from satellites. Anomaly values were calculated by
applying an EWMA (Exponentially Weighted Moving Average) to the errors between the
predicted values and the target values. This approach improved prediction performance
by approximating high anomaly values caused by rapidly changing values to the overall
average. Ahmad et al. [20] compared anomaly detection results based on the LSTM-AE
algorithm with results based on statistical features (skewness, kurtosis, mean, RMS, etc.)
and classification algorithms using IMS (Intelligent Maintenance System) open-source
bearing vibration data. The results showed that the LSTM-AE-based anomaly detection
was more accurate through evaluation metrics such as Precision, Recall, and F1-Score.
Cheng et al. [21] diagnosed normal and fault states in radar wave signals using ResNet-AE.
ResNet-AE is an algorithm that models the AE structure using Residual blocks, which
mitigate the vanishing gradient problem as deep learning models become deeper. ResNet-
AE achieved the highest accuracy compared to other algorithms such as VAE (Variational
AutoEncoder) and AE. Additionally, S. Lin et al. [22] proposed a VAE-LSTM, a hybrid
of the generative neural network VAE and the LSTM algorithm, to detect anomalies in
five open-source multivariate time series datasets. This approach demonstrated higher
accuracy compared to anomaly detection results from VAE, ARMA, and similar methods.
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Xu et al. [23] proposed Anomaly-Trans, which uses the Transformer algorithm to detect
anomalies based on the similarity between Series association (global time series features)
and Prior association (local time series features). As a result of anomaly detection in open-
source data, the proposed Anomaly-Trans resulted in the highest F1-Score among various
algorithms such as LSTM-VAE and Omni Anomaly. Techniques for anomaly detection in
multivariate time series data using unsupervised learning-based artificial neural networks
do not require a data labeling task, which can save time and cost compared to methods that
use statistical features. Additionally, these techniques can account for the time dependency
of time series data, reflecting the irregular characteristics of the data.

According to the Nyquist theorem, vibration data should be sampled at least twice
regarding the frequency of the highest frequency contained in the vibration to avoid
loss of information and enable the accurate reconstruction of the original signal. Since
smaller structural faults typically influence signals at higher frequencies, sampling at as
high a frequency as possible enhances the sensitivity to the detection of small structural
faults. Therefore, to accurately detect anomalies due to structural faults in rotorcraft using
anomaly detection algorithms based on artificial neural networks, high-sampling-rate
data are essential. However, collecting high-sampling-rate data throughout all operating
times in all operational rotorcrafts is inefficient and unrealistic. Therefore, a method is
needed that can detect small-scale faults using only the low-sampling-rate data typically
stored in operational rotorcrafts, which ensures the safety of rotorcraft operation. In
order to realize this, applications of upscaling techniques from LR data to HR data can be
considered. P. K. Wong et al. [24] used IELSTM (Interaction Encoded LSTM) to upscale low-
frequency multivariate time series data to high-frequency data. They demonstrated that
the data upscaled through IELSTM more closely resemble the original high-frequency data
compared to data upscaled through traditional machine learning and deep learning models
such as Ridge, LASSO, and MLP. However, they only down-sampled the low-frequency
data to three times less than the high-frequency data for model training and validation. K.
Volodymyr et al. [25] also used a Transformer-based Zoom2Net to upscale low-resolution
data stored at 20 Hz to 1000 Hz.

While studies have been conducted on anomaly detection using vibration data as well
as upscaling techniques from LR data to HR data, research on enhancing the resolutions of
anomaly detection by upscaling LR data has not been previously conducted. Therefore,
in this paper, we propose a technique that uses the SR3 (Super-Resolution via Repeated
Refinement) Diffusion model [26] to upscale LR data to HR data, and performs anomaly
detection using the LSTM-AE algorithm [27]. By employing this technique, even if high-
sampling-rate data are collected only from a minimum number of test rotorcrafts, accurate
anomaly detection equivalent to the level of HR data can be achieved using only the LR
data collected from all other operational rotorcrafts.

This paper is organized as follows: Section 2 explains the structure, training process,
and inference process of the SR3 Diffusion model for upscaling LR data to HR data, as
well as the anomaly detection algorithm, the LSTM-AE model, based on equations. Next,
Section 3 describes the drone arm data and the open-source bearing data used for model
training and validation. In Section 4, upscaled data are generated by applying the SR3
algorithm to upscale LR data in normal and fault states. Finally, the proposed technique is
validated by comparing the anomaly detection results using the upscaled data and those
using HR data.

2. Methodology

In this section, the anomaly detection technique using LR data that is proposed in this
paper is described. Firstly, we explain the method to convert the data format from vibration
data to an image, which is used to apply multivariate time series vibration data to the SR3
algorithm. Next, we describe the SR3 algorithm used to generate upscaled data from LR
data, and finally the LSTM-AE algorithm for anomaly detection using upscaled data.
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2.1. Converting Data Format from Vibration to Image

Before converting vibration data to image format, it is necessary to expand the LR data
to the size of the HR data to be generated through the SR3 algorithm. LR data are expanded
using cubic interpolation to generate cubic-interpolated data, as shown in Figure 1. Then,
the cubic-interpolated data are normalized to values between 0 and 1 using the Min–Max
scaler. The Min–Max scaler is defined as Equation (1), where x is the original data, xmin
is the minimum value of the x, xmax is the maximum value of the x, and xnorm is the
normalized data. The normalized data are converted to the 2D image as shown in Figure 2.
The data converted to image format are then inputted into the SR3 algorithm.

xnorm =
x− xmin

xmax − xmin
, (1)
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2.2. SR3 (Super-Resolution via Repeated Refinement)

The data converted to image format are used for SR3 training. The training process is
shown in Figure 3. The SR3 algorithm optimizes the denoising model fθ (x, yt, γt) by in-
putting the cubic-interpolated data x and the yt, which is HR data y0 with added Gaussian
noise ε. In addition to x and yt, γt is also inputted into fθ . γt is defined as Equation (2),
where the scalar parameter α1:T (0 < αt < 1) is a hyper-parameter that determines the vari-
ance of the added noise ε at each iteration. The algorithm infers yt−1 through Equation (3)
and, after T iterations, finally infers y0. When new x̂ is inputted into the trained algorithm,
it outputs the high-resolution data ŷ0 corresponding to the x̂.

γt = ∏t
i=1 αi, (2)
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yt−1 ←
1√
αt

(yt −
1− αt√
1− γt

fθ (x, yt, γt)) +
√

1− αtεt. (3)
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2.3. LSTM-AE

The LSTM-AE algorithm is applied to anomaly detection for the data generated
through the SR3 algorithm. The structure of the LSTM-AE algorithm is depicted in Figure 4,
and the training proceeds in the following steps. The data x are inputted into an encoder
consisting of LSTM cells, and latent variables are stored in the latent space [29]. The stored
latent variables are inputted into a decoder, which has the inverse structure of the encoder,
resulting in the reconstructed value x̂. The objective function is defined as Equation (4). The
training data xk

i represent multivariate time series data in a normal state, where i denotes
the time step and k denotes the data dimension.

1
n∑n

i=1

(
xk

i − x̂k
i

)2
, (4)
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The threshold is an essential component in algorithms for determining normal and
fault states. In this paper, Chebyshev’s inequality [30] is used, which is one of the most
commonly used methods for selecting a threshold. The anomaly e is the reconstruction
error, calculated as the MSE between the reconstructed values x̂ and the training data x,
as defined in Equation (5). The mean µ of the anomaly is calculated using Equation (6),
and the standard deviation σ is calculated using Equation (7). The µ and the σ are used to
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calculate the threshold using Equation (8). Here, α is an arbitrary coefficient, and selected
as the value 5, which shows the highest accuracy.

e = MSE (x, x̂), (5)

µ =
1
n∑n

i=1 ei, (6)

σ =

√
1

n− 1∑n
i=1 (ei − µ)2, (7)

Threshold : µ + ασ. (8)

When arbitrary test data y are inputted into the trained LSTM-AE model, it produces
the reconstructed value ŷ. The anomaly e is calculated as the difference between the
reconstructed value ŷ and the original data y. If the value of e exceeds the predefined
threshold, it is considered anomalous. Otherwise, it is considered normal.

2.4. Anomaly Detection Process for LR Data

The process of performing anomaly detection using LR data obtained from actual
rotorcrafts is depicted in Figure 5. Various types of HR data are collected from the tester,
and cubic-interpolated data as well as LR data are generated for training of the SR3 model.
Then, HR data and cubic-interpolated data are converted into image format. The SR3 model
is trained using these data. Additionally, LSTM-AE is trained using HR data. The SR3 and
LSTM-AE trained on the tester data are utilized for the Operator’s fault diagnosis. The
Operator collects LR data during operation time, and the collected data are converted into
cubic-interpolated data in image format. Then, the cubic-interpolated data are inputted into
the trained SR3 to generate upscaled data. The generated upscaled data are then inputted
into the trained LSTM-AE for the fault diagnosis.
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3. Experimental Data Preparation for Anomaly Detection

To validate the anomaly detection technique using LR data described in Section 2,
two datasets are used. The first dataset consists of vibration data collected by experiments
from a custom-made drone arm. The second dataset is the CWRU (Case Western Reserve
University) open-source bearing dataset [31]. Both datasets are collected as HR data and
then converted into LR data.

3.1. Drone Arm Data

To collect vibration data from the drone arm, as shown in Figure 6, the arm of a
DJI/F450 drone was 3D-printed and assembled, with the junction fixed to a test stand and
a motor mounted on the opposite side. The MPU-6050 accelerometer was used to collect
acceleration values for the X, Y, and Z axes at a sampling rate of 500 Hz. The drone arm can
experience various types of faults due to the continuous vibration caused by the motor’s
rotation, including structural damage from fatigue and a decrease in the clamping force
of the bolts connecting the motor to the drone arm. In this study, we simulated the fault
state by loosening the bolts between the motor and the drone arm to obtain fault data for
anomaly detection.
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Figure 6. Drone arm test equipment for data acquisition.

Figure 7a depicts vibration data in the normal state (HR normal data), while Figure 7b
shows vibration data in the fault state (HR fault data). Every 60th value in the HR data was
extracted to generate 8 Hz LR data from HR data, as depicted in Figure 8. A total of 8 Hz is
the frequency at which a rotorcraft typically stores flight data.
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time (msec) and y-axis representing acceleration (g): (a) is collected at a normal state; (b) is collected
at a fault state.
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3.2. CWRU Bearing Vibration Data

The CWRU bearing vibration dataset is an open-source dataset that measures vibration
from the Fan end bearing (FE) and Drive end bearing (DE). The accelerometer was mounted
in the 12 o’clock direction of the bearing housing to measure vibrations only in the direction
perpendicular to the motor shaft. Vibration data at 12 kHz were collected from motors
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operating at constant speeds under loads of 0, 1, 2, and 3 HP. Figure 9 depicts the data
collection environment and the structure of the bearing.
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Figure 9. CWRU bearing data with (a) data acquisition environment; (b) bearing detail [31]. Adapted
with permission from Ref. [31]. 2024, Case Western Reserve University.

The obtained CWRU bearing vibration dataset consists of vibration data collected from
the DE and FE at 0, 1, 2, and 3 HP loads, comprising a total of eight channels, including
normal and fault states with a 0.007-inch ball defect. Figure 10 depicts HR normal data and
HR fault data. The data were converted into 8 Hz LR data as shown in Figure 11, following
the same method as the drone arm data.
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4. Anomaly Detection Results

In this section, we perform anomaly detection using LR data with two datasets (drone
arm and CWRU bearing) from Section 3 to verify the necessity of upscaling. Furthermore,
we validate the techniques described in Section 2 using the same datasets. The validation
procedure is depicted in Figure 12, and the datasets handled here are defined in Table 1.
The detail hyper-parameters of the SR3 model used for data upscaling and the LSTM-AE
used for anomaly detection are provided in Tables 2 and 3, respectively.

Table 1. Data name definitions.

Data Name Data Definition

HR_normal_data Normal HR_data for LSTM-AE training
HR_tr_data 60% of the HR_data used for SR3 training
LR_tr_data HR_tr_data modified to low-sampling-rate data
C_tr_data LR_tr_data cubic-interpolated to the same size as HR_tr_data

HR_val_data 10% of the HR_data used for SR3 validation
LR_val_data HR_val_data modified to low-sampling-rate data
C_val_data LR_val_data cubic-interpolated to the same size as HR_val_data

Up_val_data Upscaled C_val_data using the SR3 model
HR_test_data 30% of the HR_data used for SR3 testing
LR_test_data HR_test_data modified to low-sampling-rate data
C_test_data LR_test_data cubic-interpolated to the same size as HR_test_data

Up_test_data Upscaled C_test_data using the SR3 model

Table 2. SR3 model hyper-parameters.

Model Epochs Learning Rate Batch Threshold Weight Channels

SR3 500,000 0.0001 2 3
CWRU: 8
Drone: 3
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Table 3. LSTM-AE model hyper-parameters.

Model Layer LSTM Cell
Num Epochs Learning Rate Batch Threshold Weight

LSTM-AE
Encoder (4 layers) (128/64/32/4)

100 0.001 100 3Decoder (4 layers) (4/32/64/128)

4.1. Effect of Sampling Rate for Anomaly Detection

In this section, we examined the necessity of data upscaling by comparing anomaly
detection results from LR data, cubic data, and HR data. Figure 13a shows the results
of LSTM-AE training using HR_normal_data collected from the drone arm and testing it
on HR_fault_data. The test results show that anomaly scores for the HR_fault_data are
calculated to be above the threshold, indicating a fault. Figure 13b shows the results of
LSTM-AE training using LR_normal_data extracted from HR_normal_data and testing it
on LR_fault_data. The test results indicate that reconstruction errors for the LR_fault_data
are calculated to be below the threshold, resulting in the failure to detect a fault. Figure 14
depicts the anomaly detection results for the CWRU bearing dataset. Similar to the anomaly
detection results for the drone arm in Figure 13, proper anomaly detection was performed
on HR_fault_data, while anomaly detection failed on LR_fault_data.
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Figure 14. Anomaly detection for (a) CWRU HR data; (b) CWRU LR data. The red dot means
reconstruction error value that exceeds the threshold as an anomaly.

Figure 15 shows the results of anomaly detection performed on cubic-interpolated
data. These results are obtained by training on cubic-interpolated normal data and testing
on cubic-interpolated fault data. Figure 15a,b are the anomaly graphs about the drone arm
and CWRU datasets, respectively. In both datasets, reconstruction errors for the fault data
are calculated to be below the threshold, so they are determined to be in normal states.

From these results, it was confirmed that when diagnosing faults using LR data and
cubic-interpolated data, the algorithm also calculated reconstruction errors even for the
fault data to be below the threshold, which leads to a wrong decision to be in a normal state.
This is because both LR data and cubic-interpolated data have lost some high-frequency
information related to small-scale faults transmitted by the system due to the low sampling
frequency. Therefore, anomaly detection using LR data or linear/cubic-interpolated data is
unreliable for small-scale faults due to loss of high-frequency information, which indicates
that upscaling to HR data is essential.
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4.2. SR3 Algorithm Validation

If the upscaled data generated by the SR3 algorithm are overfitted to the HR_tr_data
used for training, the upscaled test data may follow the characteristics of the HR training
data rather than the HR test data during the anomaly detection process. This may affect
the anomaly detection results using the upscaled data and implies that there may be issues
with the reproducibility of the proposed method when applied to different datasets. For
the SR3 algorithm validation and ensuring the reproducibility of the proposed method,
similarity comparisons were conducted in both the frequency domain and the time domain.
The HR_tr_data, HR_val_data, and Up_val_data were transformed into frequency domains
using FFT, and the Dynamic Time Warping (DTW) distance was calculated. The frequencies
derived from each data and DTW result were then analyzed to determine the presence of
overfitting.

Figure 16 depicts graphs for the frequency domain data of the drone arm HR_tr_data,
HR_val_data, and Up_val_data, respectively. As shown in the FFT graphs of the three data
types, it was observed that vibration components at 113 Hz were detected in the HR_tr_data
for the X, Y, and Z axes. However, no vibration components were detected at 113 Hz in the
HR_val_data and Up_val_data. To numerically evaluate this, the MSE for the amplitude
values in the frequency domain was calculated. The MSE values between Up_val_data and
HR_tr_data were larger than those between Up_val_data and HR_val_data on all three
axes. Figure 17 shows the HR_tr_data, HR_val_data, and UP_val_data in the time domain.
The DTW distance between UP_val_data and HR_val_data was approximately 11, while
the DTW between UP_val_data and HR_tr_data was about 41 across all three axes. This
indicates that Up_val_data is not overfitted to HR_tr_data, and confirms that it successfully
restores the information of HR_val_data.

Similarly to the drone arm data, validation was performed on the Up_val_data for
the CWRU bearing data. Figure 18 shows the results of FFTs on the CWRU HR_tr_data,
HR_val_data, and Up_val_data, respectively. The MSE values between Up_val_data
and HR_tr_data in the frequency domain were larger than those between Up_val_data
and HR_val_data for all components except for two components with slight differences.
Figure 19 shows the HR_tr_data, HR_val_data, and UP_val_data in the time domain, re-
spectively. Table 4 presents the results of comparing the DTW distance between Up_val_data
and HR_tr_data/HR_val_data. It is confirmed that Up_val_data are more closely approxi-
mated to HR_val_data than HR_tr_data for all parameters.



Aerospace 2024, 11, 509 14 of 19

Aerospace 2024, 11, x FOR PEER REVIEW 14 of 20 
 

 

the anomaly detection results using the upscaled data and implies that there may be issues 
with the reproducibility of the proposed method when applied to different datasets. For 
the SR3 algorithm validation and ensuring the reproducibility of the proposed method, 
similarity comparisons were conducted in both the frequency domain and the time do-
main. The HR_tr_data, HR_val_data, and Up_val_data were transformed into frequency 
domains using FFT, and the Dynamic Time Warping (DTW) distance was calculated. The 
frequencies derived from each data and DTW result were then analyzed to determine the 
presence of overfitting. 

Figure 16 depicts graphs for the frequency domain data of the drone arm HR_tr_data, 
HR_val_data, and Up_val_data, respectively. As shown in the FFT graphs of the three data 
types, it was observed that vibration components at 113 Hz were detected in the 
HR_tr_data for the X, Y, and Z axes. However, no vibration components were detected at 
113 Hz in the HR_val_data and Up_val_data. To numerically evaluate this, the MSE for 
the amplitude values in the frequency domain was calculated. The MSE values between 
Up_val_data and HR_tr_data were larger than those between Up_val_data and 
HR_val_data on all three axes. Figure 17 shows the HR_tr_data, HR_val_data, and 
UP_val_data in the time domain. The DTW distance between UP_val_data and 
HR_val_data was approximately 11, while the DTW between UP_val_data and 
HR_tr_data was about 41 across all three axes. This indicates that Up_val_data is not over-
fitted to HR_tr_data, and confirms that it successfully restores the information of 
HR_val_data. 

   
(a) (b) (c) 

Figure 16. Normalized drone data in the frequency (Hz) domain: (a) is HR_tr_data; (b) is 
HR_val_data; (c) is UP_val_data. The red dashed line box highlights the 113Hz frequency domain. 
Figure 16. Normalized drone data in the frequency (Hz) domain: (a) is HR_tr_data; (b) is HR_val_data;
(c) is UP_val_data. The red dashed line box highlights the 113Hz frequency domain.

Aerospace 2024, 11, x FOR PEER REVIEW 15 of 20 
 

 

   
(a) (b) (c) 

Figure 17. Normalized drone data in the time (msec) domain: (a) is HR_tr_data; (b) is HR_val_data; 
(c) is UP_val_data. 

Similarly to the drone arm data, validation was performed on the Up_val_data for 
the CWRU bearing data. Figure 18 shows the results of FFTs on the CWRU HR_tr_data, 
HR_val_data, and Up_val_data, respectively. The MSE values between Up_val_data and 
HR_tr_data in the frequency domain were larger than those between Up_val_data and 
HR_val_data for all components except for two components with slight differences. Fig-
ure 19 shows the HR_tr_data, HR_val_data, and UP_val_data in the time domain, respec-
tively. Table 4 presents the results of comparing the DTW distance between Up_val_data 
and HR_tr_data/HR_val_data. It is confirmed that Up_val_data are more closely approx-
imated to HR_val_data than HR_tr_data for all parameters. 

   
(a) (b) (c) 

Figure 17. Normalized drone data in the time (msec) domain: (a) is HR_tr_data; (b) is HR_val_data;
(c) is UP_val_data.

Table 4. DTW Distance Comparison of CWRU Up_val_data.

Case DE_0HP DE_1HP DE_2HP DE_3HP FE_0HP FE_1HP FE_2HP FE_3HP

HR_tr_data 28.7 24.4 20.9 25.9 31.1 27.1 25.4 24.0

HR_val_data 7.1 6.7 6.1 8.3 8.3 7.4 7.0 6.9
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sults for (HR_normal_data, HR_test_data). In each graph, the left part of the black dotted 
line represents the results of the anomaly detection of the HR_normal_data, which is con-
sidered as a normal state, and the right part indicates the results of the anomaly detection 
of the fault data (Up_test_data or HR_test_data), which is considered as a fault state. It is 
confirmed that the anomaly detection using Up_test_data can be performed as success-
fully as the anomaly detection using HR_ test_data for both datasets. 

Figure 22 depicts histograms and kernel density estimation curves for anomaly 
scores in Up_test_data and HR_test_data; (a) and (b) corresponds to drone arm and 
CWRU bearing data, respectively. In the graphs, the x-axis represents the scores of the 
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Figure 19. Normalized CWRU data in the time (msec) domain: (a) is HR_tr_data; (b) is HR_val_data;
(c) is UP_val_data.

4.3. Anomaly Detection Using Upscaled Data

To validate the anomaly detection using Up_test_data obtained from the SR3 algorithm,
the results of testing both Up_test_data and HR_test_data were compared using the LSTM-
AE model trained on HR_normal_data. To simulate a scenario where a failure occurs
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in a structure while in a normal state, the test data were composed by concatenating
HR_normal_data and UP_test_data/HR_test_data. Figures 20 and 21 show the validation
results for the drone arm and CWRU bearing data, respectively, with (a) displaying the
anomaly detection results for (HR_normal_data, Up_test_data) and (b) displaying the
results for (HR_normal_data, HR_test_data). In each graph, the left part of the black
dotted line represents the results of the anomaly detection of the HR_normal_data, which
is considered as a normal state, and the right part indicates the results of the anomaly
detection of the fault data (Up_test_data or HR_test_data), which is considered as a fault
state. It is confirmed that the anomaly detection using Up_test_data can be performed as
successfully as the anomaly detection using HR_ test_data for both datasets.
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dotted line is the data separation line. The left side of the black dotted line is anomaly detection
results for HR_normal_data and the other side is those for Up_test or HR_test_data.

Figure 22 depicts histograms and kernel density estimation curves for anomaly scores
in Up_test_data and HR_test_data; (a) and (b) corresponds to drone arm and CWRU bearing
data, respectively. In the graphs, the x-axis represents the scores of the anomalies, and the
y-axis represents the count of the same anomaly scores. This shows that the distribution of
anomaly scores is similar for both Up_test_data and HR_test_data. According to the results
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of calculating the MSE to numerically evaluate the differences between the anomalies’
distributions of Up_test_data and HR_test_data, a slight error of 0.0004 occurred in the
drome arm, and an error of 0.02 occurred in the CWRU. Before calculating the MSE, the
anomalies’ distribution was normalized to have values between 0 and 1.
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5. Conclusions

This paper proposed an anomaly detection technique for a structural fault diagnosis
using LR data to ensure the efficient operation and safety of rotorcraft. This is a technique
that applies LR data to the SR3 algorithm to generate upscaled data in the high-frequency
band, which are then inputted into the LSTM-AE algorithm to perform anomaly detection.
To validate this technique, drone arm and CWRU bearing data were acquired, and it was
confirmed that anomaly detection cannot be properly performed with only LR data as is.
And then, a data analysis in the frequency domain and the time domain was conducted to
validate the reliability of the upscaled data generated by the SR3 algorithm. Finally, the
anomaly detection results of the upscaled data were compared with those of the HR data,
confirming that anomaly detection was performed successfully with high accuracy.

When applying the anomaly detection technique using LR data to rotorcraft, the SR3
and LSTM-AE algorithms can be trained using HR data collected from tester rotorcrafts.
And then, only LR data collected from operational rotorcrafts are used to obtain upscaled
data through the SR3 algorithm, which is then used to perform anomaly detection using
the LSTM-AE algorithm. However, for accurate anomaly detection using the proposed
technique, it is essential to collect enough high-frequency band data from various cases
using tester rotorcrafts. If only the required data are available, this approach enables precise
and cost-effective anomaly detection at the level of HR data obtained from tester rotorcrafts,
using only LR data basically collected from operational rotorcrafts, without the need for
additional equipment for HR data collection on operational rotorcrafts.
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