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Abstract: This study investigates the application of frequency augmentation techniques to improve
condition-based maintenance (CBM+) systems for airborne weapon systems, focusing on the
predictive accuracy of velocity and acceleration parameters. Utilizing MIL-STD-1553B MUX data
from 138 sorties of fixed-wing aircraft, we explored six augmentation methods, including traditional
interpolations (linear, quadratic, cubic spline) and advanced machine learning models (K-Nearest
Neighbor, LSTM, and Bi-LSTM). Our findings indicate that while traditional methods like linear
interpolation are more effective for velocity parameters, advanced ML techniques, particularly Bi-
LSTM, provide better results for acceleration parameters, which exhibit more complex and rapid
variability. The study underscores the necessity of tailoring augmentation approaches to specific
parameter characteristics and highlights the potential of ML models in capturing intricate patterns
within time-series data. These insights are critical for advancing CBM+ systems in military avionics,
enhancing reliability and operational efficiency through improved data processing strategies.
Future work should explore more performant augmentation techniques, such as by integrating
multi-dimensional datasets, and explore ways to develop automated tools for a more powerful
predictive maintenance framework.

Keywords: airborne weapon system; condition based maintenance; augmentation; LSTM;
bidirectional LSTM

1. Introduction

Airborne weapon systems can be costly and time-consuming to source parts, and even cause
loss of life when they fail. In the case of a weapon system operated by the U.S. Department of Defense,
28% of the total life cycle cost is for procurement/development, while 72% of the cost is utilized for
operation, making maintenance costly [1]. Therefore, in order to efficiently maintain airborne weapon
systems, reduce maintenance costs, and prevent accidents, it is necessary to develop a CBM+
(Condition Based Maintenance) based maintenance system that identifies the optimal maintenance
time through accurate condition diagnosis and failure prediction.

Meanwhile, the U.S. Department of Defense is shifting its maintenance paradigm from
breakdown maintenance and preventive maintenance to condition-based maintenance and
predictive maintenance to reduce inefficiencies in weapon system management[2], with the ultimate
goal of improving the availability of weapon systems while minimizing total life cycle costs.

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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Condition-based maintenance and predictive maintenance require data monitoring to identify
defects that lead to failure in a predictive method. Recently, defect identification techniques utilizing
ML(Machine Learning) techniques such as anomaly detection algorithms have been studied in
various fields including aerospace [3]. In order to develop a CBM+ based maintenance system by
applying these techniques, it is key to secure meaningful information by building quality data to be
used for training.

In this study, MUX data is selected as the data that can be utilized for the development of CBM+
based maintenance system. Currently, communication and control within the avionics system of a
fixed-wing aircraft is performed through the 1553B MUX Bus, which is operated through the Flight
Control-Operational Flight Program (FC-OFP). During this process, the 1553B MUX Bus data is
stored in a Removable Memory Module (RMM) [4]. The 1553B MUX Bus data is transmitted using
TDMA (Time Division Multiplexing Access), which means that the frequency assigned to each type
of packet is different. Therefore, preprocessing the data to match the same frequency is essential for
Al training.

This study aims to preprocess some data of 1553B MUX Bus data used in CBM+ based
maintenance system. We found that the different frequencies of each packet have a significant impact
on the fault prediction in condition-based maintenance, especially the most representative
parameters are the velocity and acceleration along each axis of the aircraft. This is because, unlike
civilian airplanes, airborne weapon systems are subjected to frequent maneuvers with rapid changes,
such as combat missions. However, the avionics of airborne weapon systems have to be compact,
require high reliability, and have very little memory capacity to record data due to the rigorous
airworthiness certification process. As a result, velocity and acceleration parameters are not currently
available at the frequency we need for fault prediction, and data augmentation is required.

There are several frequency augmentation methods to solve this problem. For example, forward
filling, which is the most common and simple method, augments the data points and then fills the
data points that need to be filled with the last non-null value of the previous data points. There are
also classical augmentation techniques such as linear interpolation, quadratic interpolation, and cubic
spline interpolation, as well as techniques that perform well and are effective in terms of time and
resources, such as K-Nearest Neighbor (KNN) filling, Support Vector Machine (SVM) filling, and
regression filling.

In recent years, the number of fields requiring such data interpolation and augmentation has
increased, and examples include not only aerospace engineering, but also astronomy [5],
environmental science [6], and geology [7]. As a result, there is a growing effort to improve the
accuracy of interpolation and augmentation by applying machine learning (ML) techniques such as
artificial neural networks and long short term memory (LSTM). In [8], the authors presented an
Interpolation-Prediction Architecture that applies GRU Network as a prediction model. In [9], they
presented a new deep learning framework for stochastic interpolation of time series data, HTVAE
(Heteroscedastic Temporal Variational Autoencoder), which improves the performance compared to
previous model. The authors of [10] improved the filling accuracy of wireless sensor data, which is
essential for the construction of a Structural Health Monitoring (SHM) system, by using
convolutional neural network (CNN) and kriging based sequence interpolation (KSI) after cubic
spline interpolation. In [11,12], the authors used a combination of LSTM and transfer learning to
perform data imputation in the fields of building energy and water quality. In [13], a model
combining CNN and Bi-LSTM was successfully used to effectively interpolate temperature data
inside an apartment. And in [14], an improved Bi-LSTM algorithm was used to improve the filling
problem of pregnancy examination data for predicting Hypertensive Disorders of Pregnancy (HDP).

However, there are no general principles for the optimal choice of data interpolation and
augmentation methods. Therefore, researching whether Al technologies like ML are truly necessary
for such issues, or if existing augmentation techniques are sufficient, is a very interesting topic and
can greatly vary depending on the problem at hand. In fact, several researchers have compared
different methods for their respective problems. In [15], four augmentation techniques were
compared for two-dimensional spatial data. In [16], the authors compare traditional augmentation
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techniques with Support Vector Regression for interpolation of low-dimensional, large seismic data
and find that Support Vector Regression is a more competitive method. In [17], they compare many
interpolation techniques with ML techniques on various datasets in the field of material science. In
[18], the authors compared interpolation techniques and ML techniques for datasets in the field of
High Energy Physics and found that traditional interpolation techniques perform very well in low
dimensions (d=3), while MLP (Multi-Layer Perceptron) performs the fastest and most accurate in
high dimensions (d=5,6,9).

These findings suggest that data interpolation and augmentation requires different methods
depending on the problem at hand. Our goal is to frequency augment the axis-specific velocity and
acceleration parameters of the 1553B MUX Bus data. In the case of the z-axis (down axis in the NED
coordinate system), the frequency augmentation accuracy is relatively low compared to the x and y
axes due to the characteristics of airborne weapon systems described above, which results in a very
large change rate of altitude between flights. To overcome this characteristicc we compared six
methods, including three traditional augmentation techniques, KNN, and linear interpolation
combined with LSTM and Bi-LSTM. The results showed that the best performing method for each
parameter was different. This suggests that the preprocessing technique should be different for each
parameter when developing a predictive model for CBM+, and that the preprocessing technique
should be optimized after the parameters are selected through an appropriate method.

2. Materials and Methods
2.1. Data

The data used in this study is MUX data recorded from 138 sorties of actual fixed-wing aircraft
flights. The MUX data follows the MIL-STD-1553B communication specification and consists of more
than 400 packets. Accordingly, each packet consists of a Command Word, Data Word, and Status
Word, of which up to 32 Data Words containing actual data can be included. In addition, each data
word is composed of 16 bits, so the maximum amount of information that can be transmitted in a
packet is 512 bits in theory.

As described earlier, we aim to augment the frequency of the velocity and acceleration along
each axis of an aircraft. These velocity and acceleration parameters are measured by the Inertia
Navigation System (INS) in the avionics of an airborne weapon system, and since the position of the
aircraft is basically expressed in the North, East, Down (NED) coordinate system, which is
advantageous for controlling the piloting and navigation system, the velocity and acceleration
parameters are also expressed in the NED coordinate system. In particular, the NED coordinate
system has an intuitive relation to the ground surface compared to the Cartesian coordinate system,
and unlike the Body coordinate system, it is frame-consistent, which is advantageous for derivative
calculations, resulting in better accuracy of velocity and acceleration measurements. In airborne
weapon systems, the alignment of coordinates is typically conducted after startup with the INS
position as the origin so that the x-axis is aligned with the True North direction, so that the y-axis is
aligned with the East axis and the z-axis is aligned with the Down axis. These coordinates are then
maintained until the aircraft is shut off, at which point the position, velocity, and acceleration are
measured and recorded.

In this study, we aim to augment the frequency of six parameters: velocity x, velocity y, velocity
z, acceleration x, acceleration y, and acceleration z. Due to the characteristics of airborne weapon
system that are subject to rapid changes in maneuver, these velocity and acceleration data are a major
factor in the structural health of the aircraft as well as the identification of defects in various avionics
that measure or compute them. To select an appropriate frequency augmentation technique and to
characterize the data, we analyzed the statistical metrics of the target parameters. Figure 1 and Table
1 show the distribution and statistical metrics of each parameter.
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Figure 1. Distribution of each parameter: (a) velocity x; (b) velocity y;
(e) acceleration y; (f) acceleration z.

Table 1. Statistical metrics of each parameter.

(c) velocity z; (d) acceleration x;

Statistical  velocity  velocity = velocity = acceleration acceleration acceleration
metrics X y z X y z
arithmetic ;) g 137 0.11 -0.002 -0.002 32.03
mean
standard
. 347.75 425.05 42.04 16.19 15.76 6.25
deviation
skewness -0.04 -0.21 -2.15 -0.07 -0.02 2.10
kurtosis -0.021 -0.069 46.76 21.27 22.52 133.94

As shown in Table 1, it can be seen that acceleration has an overall lower standard deviation and
higher kurtosis than velocity. In particular, acceleration z has a kurtosis of about 134, which is a
parameter with many outliers. This is a result of the maneuvering characteristics of the airborne
weapon system, and although the change in altitude is not large, the rate of change is very large due

to rapid maneuvering. Examining the line plot results for velocity x and acceleration z, which display
opposite characteristics, it can be observed that acceleration z exhibits more outliers and rapid
changes compared to velocity x. Figure 2 shows the results of the line plot of parameters.
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Figure 2. Results of the line plot of each parameter: (a) velocity x; (b) velocity y; (c) velocity z; (d)
acceleration x; (e) acceleration y; (f) acceleration z.

2.2. Methods
2.2.1. Data preprocess

In order to find a frequency augmentation technique with high performance for each parameter,
we first need a preprocessing for data training. We down-sampled the original data to a quarter for
training and evaluation purposes. By augmenting the frequency of the down-sampled data and
comparing it with the original data, we can see which augmentation technique performs the best for
each parameter. We also conducted standardization to ensure ML model performance and data
consistency. Standardization is not necessary when conducting only traditional augmentation
techniques such as linear interpolation, but since we plan to experiment with combining ML
techniques, we conducted standardization.

Typically, data signals are preprocessed to remove noise or outliers using various techniques.
However, aircraft flight data can be characterized by rapidly changing data that can look like noise
as it maneuvers, as shown in Figure 3. Figure 3 shows a line plot of power lever angle and acceleration
x for one sortie. The top graph is power lever angle, which is the angle value of the lever that the pilot
manipulates to increase or decrease power. The bottom graph is acceleration x, where z-scores above
3 and below -3, which are typically classified as outliers, are colored red. In these two graphs, it can
be observed that the power lever angle moved in a similar fashion slightly before the spike or dip in
acceleration x, which proves that this is a normal signal from the aircraft performing the maneuver
as intended by the pilot. Typical data preprocessing involves identifying and removing noise or
outliers using statistical methods or density-based techniques. However, such outlier removal
techniques are not appropriate for aircraft flight data with frequent rapid maneuvers as described
above. Therefore, we did not apply a separate outlier removal technique.
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Figure 3. Line plot of power lever angle and acceleration x: (a) power lever angle; (b) acceleration x.
2.2.2. Methods

2.2.2.1. Linear Interpolation

The Linear Interpolation technique connects two data points with a straight line to estimate the
values between them. It is simple, fast, and works well for relatively homogeneous data, but performs
poorly when the data is curvilinear or non-linear.

2.2.2.2. Quadratic Interpolation

The Quadratic Interpolation technique forms a quadratic polynomial for each interval and uses
it to estimate values. It produces smoother results than Linear Interpolation, but still does not achieve
perfect smoothness at the points because the quadratic derivative is not continuous.

2.2.2.3. Cubic Spline Interpolation
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The Cubic Spline Interpolation [19] technique extrapolates the data by forming a cubic
polynomial for each interval. Unlike Linear and Quadratic Interpolation described above, the second
derivative is also continuous, ensuring smooth estimates at all data points. In this study, we
conducted the interpolation with the condition that the first and second segments of the curve end
have the same polynomial, which is also the default condition of the Scipy.interpolate[20] library we
used.

2.2.2.4. K-Nearest Neighbor

K-NN is the simplest form of training-based interpolation, where the weighted average of the
values of the K nearest data points is assigned as the value of the new point. There are many ways to
measure the distance, but in this study, we use Euclidean distance. Also, since K-NN is used to
interpolate time series data, the closer the distance, the greater the weight. These weights are
expressed as the reciprocal of the distance, as shown in equation 1, where d(X, x;;,) is the distance

between the unknown point X and its k -th neighbor x;,.
1

N 1
d(X, xi) W
The calculated weights can then be substituted into equation 2 to calculate the predicted value,
where y;;, is the value of the k -th neighbor.

Wy

o Yh=1 0k ik
=TNK o ©)
D=1 Ok
We relied on empirical tests to find an appropriate value of k, and found that k = 8 performed
best. In this study, we used sklearn’s KNeighborRegressor to implement augmentation via K-NN.

2.2.2.5. Linear Interpolation + LSTM

The LSTM [21] is a type of Recurrent Neural Network (RNN), which is specialized in training of
long-term dependence in sequential data. Figure 4(a) is a structured representation of how LSTM
work. LSTM can effectively train long-term dependence through an internal mechanism called cell
status. Each LSTM unit utilizes three gates to regulate the flow of information through the network.
Each gate in an LSTM combines the current input x and previous output h to determine how to
process the information. This behavior allows LSTM to capture the temporal nature of sequences and
train long-term patterns and dependencies.

/ ‘\\ hey hy hegy
Ce-1 x + - C,
v (s Ji—{sm 4+ {LsTM Jy -
fe 3 Y Of ;
] o tanh o
hes | 1 t t il —I__, ke Lsm}— [ LsT™ |+ LsTM > oo
\ / L E J L »,
Xt Xe-1 Xe Xe41
(a) (b)

Figure 4. Structure of LSTM and bidirectional LSTM: (a) LSTM; (b) bidirectional LSTM.

The first gate, forgetting gate, is responsible for determining how long the state at a previous
point in time c;_; will remain at the current point in time C;. The forgetting gate uses h;_;, the
output of the previous neural cell, and x;, the input of the current cell, to calculate how much data
has been recorded in the previous cell. This is calculated as a value between 0 and 1, where 0
represents complete forgetting and 1 represents complete recording. The equation for this is shown
in equation 3, where W; is the weight matrix of the forgetting gate, by is the bias term of the
forgetting gate, and o is the sigmoid activation function.

fe= G(Wf = [he—1, 2] + bf) (3)
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The second gate, input gate, is the gate that decides what and how much information to add to
the current unit state and is divided into two parts. First, the input gate decides what information to
update. Then, it generates a new candidate vector C;, through the tanh layer and adds it to the state.
The current state of the unit, C;, is calculated through equation 4 below.

_ i = oW [he—1, xe] + by) 4)
C; = tanh(W¢ - [he_y, xt]j’ b¢) 4)
Co=ft*Cqa+ip*C, (6)

The third gate of the LSTM, output gate, is responsible for determining which value to output
from the unit based on the cell status. First, the sigmoid layer determines which part of the unit to
output, and the tanh normalizes the cell state to a value between -1 and 1. Finally, it is multiplied by
the sigmoid gate to determine the final output.

o = o(Wp * [he—1, X¢] + bo) (7)
h; = o, * tanh(C,) (8

In this study, we combine this LSTM model with linear interpolation. First, the data set
preprocessed in Section 2.2.1 is linearly upsampled using Scipy.interpolate’s interpld. The LSTM
model is then trained on the sequential information of the entire dataset to capture more sophisticated
patterns and associations to model the inherent dynamic nature of the data, rather than simply
making linear connections between two points.

The construction of these LSTM model was conducted using Tensorflow [22] and Keras [23].
Conducting hyperparameter optimization is computationally expensive, so we relied on empirical
tests and used the optimal hyperparameters found after many tests. We use an architecture consisting
of 5 LSTM layers with 64 units and one dense layer, with orthogonal weight initialization for the
LSTM layers and linear activation for the dense layer. We use the Adam [24] optimizer to minimize
the Mean Squared Error (MSE) loss. Equation 9 below expresses the MSE loss, where n is the batch
size and y; is the true value. We train the model using NVIDIA H100 GPUs for up to 4000 epochs
with an EarlyStopping callback that stops training if no improvement is achieved after 300 epochs.
We also use Dropout with rate set to 0.3 as a regularization technique to prevent overfitting, and the
learning rate is set to 0.001 as the default value, with a 0.85x decay every 100 epochs.

n

1
Luse = ) (N(X) = %) ©)

i=1
2.2.2.6. Linear Interpolation + Bidirectional-LSTM

The bidirectional-LSTM(Bi-LSTM) model consists of a forward LSTM and a reverse LSTM
structure, as shown in Figure 4(b). Therefore, two separate LSTM layers are used, one to process the
input data in chronological order and the other to process the data in reverse chronological order.
This is especially effective for interpolating time series data, which is the target data of this study.
Similar to how we applied LSTM in Section 2.2.2.5, we build an architecture to train with Bi-LSTM
model using Tensorflow and Keras after linear upsampling. Hyperparameters are set to be the same
for accurate comparison with LSTM.

2.2.3. Cross-Validation and Evaluation Metrics
2.2.3.1. Cross-Validation

As described in Section 2.1, the target data of this study is 138 sorties data. In general, when
performing tasks such as regression, the target data is divided into train, valid, and test sets. During
the training process, the model adjusts its parameters to minimize the loss function using the training
dataset. Concurrently, the validation dataset helps monitor the model’s performance on unseen data,
allowing for early stopping if overfitting is detected. Finally, the test dataset evaluates the model’s
actual performance on completely unseen data. For traditional augmentation techniques, there is no
need for train and valid, so the augmentation data is just a test data set. In our target data of 138
sorties data, we set the train dataset to 100 sorties, the valid dataset to 19 sorties, and the test dataset
to 19 sorties.
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2.2.3.2. Evaluation Metrics

We use R?(coefficient of determination) and SAPE (Symmetric Absolute Percent Errors) to
evaluate and compare the performance of each model we built. First, R? is expressed as in equation
10, where , is the predicted value and ¥ is the mean of true values. This results in a value less than
1, which would be 1 if all values were predicted correctly.

g2 = T 01 =9 10
Z|i=1(3’iA_| y)?
Yi— N . 0

i + w7z 0% =

Next, SAPE is expressed as equation 11, where the error is divided by the mean of the true and
predicted values and the ratio is expressed as percent. Since it is a percentage of the error, the smaller
the value, the more accurate the prediction, and the value will be between 0 and 200. Since it is
calculated for all data points, it is visualized in the form of a box plot [25], as shown in Figure 5, where
Q1 is the first quartile, representing 25% of the data points. Q3 is the third quartile, representing 75%
of the data points. The interquartile range (IQR) is the range between Q1 and Q3. Values below Q1-
1.5xIQR and above Q3+1.5xIQR are classified as outliers, but they are not displayed in this study to

compare performance across models.

SAPE; =

IQR
Q1-1.5xIQR T T T Q3+1.5xI0R

Qan mean Q3

Figure 5. Box plot for SAPE comparison.

3. Results

In this study, six frequency augmentation techniques were applied to six parameters of velocity
and acceleration along each axis to derive the results. The R? and SAPE results for each parameter
are shown in Figure 6 and Table 2 below. The red color represents the traditional frequency
augmentation technique and the blue color represents the training-based frequency augmentation

technique.
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Figure 6. SAPE and R? results for each parameter: (a) SAPE results for velocity x; (b) R? results for
velocity x; (c) SAPE results for velocity y; (d) R? results for velocity y; (e) SAPE results for velocity z;
(f) R? results for velocity z; (g) SAPE results for acceleration x; (h) R? results for acceleration x; (i)
SAPE results for acceleration y; (j) R? results for acceleration y; (k) SAPE results for acceleration z;
(I) R? results for acceleration z.

Table 2. SAPE mean values and R? values for each parameter: For each frequency augmentation
techniques, the row above is represents SAPE mean value and the row below represents R?.

Evaluation velocity  velocity  velocity = acceleration acceleration acceleration

metrics X y z X y z
lnear 0.1717 0.1201 10.08 18.8736 18.0781 29.8432
0999934  0.999904  0.998498 0.9788 0.98381 0.815943
, 0.1705 01219  10.1059 18.8955 18.0881 299172
quadratic ) 590033 0.999903 0998459 0.9782 0.9824 0.814386

cubic spline 01707 0.1215 10.1752 18.9377 18.1323 29.9696
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0.999933  0.999903  0.998468 0.9783 0.9845 0.820549

K-NN 0.1943 0.1264 15.4107 19.4727 19.041 22.4049
0.99991 0.999818  0.997953 0.9789 0.9895 0.875184

LSTM 0.4856 0.7785 18.785 16.9034 15.3625 25.4411
0.998451  0.999131  0.995699 0.9802 0.9905 0.856243

1S 0.4812 0.7451 17.8921 12.2729 129714 17.5193
Bi-LSTM 0.998459  0.999129  0.995691 0.9805 0.9909 0.900158

3.1. Velocity Parameters

First, we look at the results for the velocity parameters and see that overall, regardless of the
frequency augmentation technique, the predictive performance is worse for the z-axis compared to
the x and y-axes. It is also interesting to note that traditional augmentation techniques outperform
training-based frequency augmentation techniques, with linear interpolation, the simplest technique,
performing best for velocity parameters. This can be attributed to the fact that velocity is better
represented by a straight line than by a complex curve, and indeed has a linear relationship.

Looking at the SAPE mean values at velocity x, linear interpolation is the best, followed by
quadratic and cubic spline with no significant difference. However, the IQR is not as wide for linear
as it is for quadratic. On the contrary, LSTM and Bi-LSTM have higher SAPE mean values, especially
LSTM, which has a higher IQR than the other methods. R? also follows the same ranking as the SAPE
mean values, with linear dominating. For velocity y, the ranking of the methods is the same as for
velocity x, but the ML-based methods (LSTM, Bi-LSTM) perform worse than velocity x. The K-NN
method is the best performer. K-NN performs well at velocity x, but at velocity y it falls slightly short
of the three traditional augmentation techniques. At velocity z, not only do ML-based techniques
perform worse than traditional augmentation techniques in terms of SAPE mean values, but their
performance is also significantly worse, with IQRs that differ greatly from those of traditional
augmentation techniques. However, it should be noted that for velocity z, traditional augmentation
techniques also perform poorly compared to the x and y axes.

3.2. Acceleration Parameters

Similar to velocity parameters in Section 3.1 above, acceleration parameters also have worse
predictive performance on the z-axis compared to the x- and y-axes. However, unlike with velocity,
ML-based methods excel in this aspect for acceleration. Across the x, y, and z axes, ML-based
methods outperform traditional augmentation techniques. Starting with acceleration x, Bi-LSTM
performs the best in terms of SAPE mean value, IQR, and R?, followed by LSTM. Among the
traditional augmentation techniques, linear has the highest R?. Acceleration y has almost the same
ranking as x-axis, so we can see the dominance of Bi-LSTM again. Finally, acceleration z has the
lowest predictive performance among the six parameters in this study. Again, the Bi-LSTM performs
the best in all aspects, including SAPE mean value, IQR, and RZ. In this situation, the K-NN technique
performed better than the LSTM.

4. Discussion

In the previous section, we showed that for velocity, linear interpolation produces better fits and
better results than other techniques in terms of both SAPE mean valules and R? for all axes. For
acceleration, on the other hand, Bi-LSTM performed the best. This suggests that acceleration is data
that changes relatively more rapidly as a rate of change in velocity, and that simple forms of
augmentation techniques have limitations in frequency augmentation of data of this nature. To
further verify the variability of the data over time, we derived the standard deviation of differences
for each parameter and showed the results in Table 3. We can see that both velocity and acceleration
are actually higher on the z-axis than on the x and y-axes. In addition, acceleration z has a value of
0.3143, which is very high compared to other parameters. The variability of the data is very high,
which indicates that it is very difficult to ensure the accuracy of frequency augmentation. In fact, the
traditional augmentation technique has a very low predictive performance, which is probably due to
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the fact that it only considers two points to be targeted while filling the data. Therefore, the more
volatile the data is, the larger the error will be, since it is not possible to estimate the value from only
two points. In this case, ML-based methods that can reflect the characteristics of time series data, such
as this study, seem to be more effective. In addition, ML-based methods can adjust a large number of
trainable parameters in small steps during gradient descent optimization through an efficient
backpropagation algorithm, making them very flexible in finding the best model for the data.
However, as described above, it was very difficult to secure excellent performance for acceleration z
even with LSTM-based ML techniques. Therefore, it is necessary to further study the optimal
frequency augmentation technique specialized for acceleration z.

Table 3. Standard deviation of differences for each parameter.

velocity  velocity  velocity  acceleration acceleration acceleration
X y z X y z

standard

. 0.0044 0.0035 0.0287 0.0713 0.0651 0.3143
deviation

5. Conclusions

Frequency augmentation of velocity and acceleration along each axis, which are the most
important parameters in the development of CBM+ systems, is essential. But currently, due to various
constraints, not enough data is recorded for system development. In this study, we experimented and
analyzed six techniques for frequency augmentation of these velocity and acceleration parameters.
We implemented LSTM and Bi-LSTM-based models based on the idea that since these parameters
are time series data, filling the data with sequential information will be excellent for performance
improvement. In this study, we first introduce in detail the velocity and acceleration parameters
measured and recorded by airborne weapon system, and then propose a series of data processing
strategies, including preprocessing methods. We also present a frequency augmentation method
based on Bi-LSTM, and compare the results of three traditional augmentation techniques based on
linear interpolation, KNN filling, and LSTM model. The results show that linear interpolation
performs the best for velocity parameters and Bi-LSTM performs the best for acceleration. This paper
has made some progress in data processing of velocity and acceleration parameters, especially
frequency augmentation, but there are still many areas to be further researched and explored.

First, we found that Bi-LSTM is effective when the data is highly variable, such as acceleration,
but it is still not satisfactory and more effective augmentation techniques are needed. Also, in this
study, we only discussed techniques that augment the frequency within a single parameter.
However, recently, researchers have been actively working on filling in missing data in high
dimensions by utilizing MLP (Multi-Layer Perceptron), etc. and their performance is also excellent.
Therefore, it would be very meaningful to build an integrated data set using parameters with higher
frequencies in addition to velocity and acceleration parameters, and then augment the frequency of
the target parameters. Also, since the current data preprocessing process is all done manually, it
would save a lot of time and resources to standardize the processing process and build ETL (Extract
- Transform - Load) tools automatically.

Continued technological advancement is essential to fully leverage the benefits of ML-based
frequency augmentation techniques such as these. The development of real-time data processing
tools and more sophisticated Al models could drastically improve the predictive accuracy and
operational efficiency of airborne systems.
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