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Abstract

The paper presents a rapid predictive analysis for aircraft sensors monitoring data using Regression
Polynomials with Process Similarity Criteria Fit (RPPSCF). Two necessary conditions of the method
are formulated. It provides a comparison of machine learning methods for predicting aircraft health
status. The Long Short-term Memory (LSTM) model is identified as the most efficient for aircraft
engine health prediction, according to the analysis of the research papers on aircraft prediction. It is
shown that machine learning models that have high prediction efficiency are suitable for long-term
aircraft health prognostics and are not applicable for predicting parameters with rapidly changing
characteristics. The paper introduces information about rapid machine learning algorithms and their
limitations due to low efficiency. Due to the low computational complexity of the RPSCF, the method
can be used for the maintenance and supply chain prognostics of the high volume of monitoring data.
The method implementation is not limited to aircraft monitoring parameters abnormality detection.
The results of the prediction with minimum least square approximation, LSTM, and RPPSCF are
illustrated in the charts. The mathematical expression for method implementation for the arbitrary
polynomial power is provided. The solution of the non-linear operator equations for defining
polynomial coefficients is obtained using the hypernumber theory. Further directions are identified
for automated cognition of the similarity criteria and combining the hypernumber method of solving
operator equations with Kantorovich's modified Newton method of solving non-linear equations.
The second direction would allow us to increase the computational speed.
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1. Introduction

The aircraft parts' reliability prediction is critical for aviation safety [1]. The set of machine
learning methods provides a solid asset for predicting technological process abnormalities. The
opportunity to diagnose the aircraft engine state in real-time mode with a neural network is covered
in research papers [2,3]. The publications that compare the existing machine-learning approaches for
aircraft health prediction are listed below. The paper [4] introduces a comparison of using three
neural network methods for airplane cooling system health prediction:

e  Fully Connected Autoencoder (FCAE): The FCAE used in this paper is a multi-layered neural
network with an input layer and multiple hidden layers.

e .Convolutional Autoencoder (CAE). Using this model by following good results for anomaly
detection using time series data in this research [5], the proposed CAE is a variant of the FCAE
where fully connected and convolutional layers are mixed in the encoder and decoder.

e LSTM Autoencoder (LSTMAE), where layers consist of Long Short-Term Memory (LSTM)
neural networks, allowing for input sequences to be of variable length. The theoretical aspects
of the LSTM neural network are covered in [6].
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Table 1. Neural network models precision in predicting the health of the airplane cooling system.

LSTMAE CAE FCAE
Precision 85.8% 93.4% 97.1%

Although FCAE and CAE precision is the highest, both models tend to reconstruct some of the
anomalies with a high rate of false negatives and low recall. Per the author's conclusion, the added
complexity of a CAE compared to an FCAE does not improve the performance; LSTMAE models are
more precise and superior overall.

The research paper [7] compares such machine learning methodologies as LSTM, Random
Forest, Gaussian Regression (RFGR) [8], Linear Regression (LR), K-Nearest Neighbours Regression
(K-NNR), and Support Vector Regression (SVR) to predict engine health.

The accuracy and precision of the methods are shown in the table below.

Table 2. Aircraft engine health prediction comparable results using machine learning methods.

LR K-NNR SVR GR RF LSTM

(%) (%) (%) (%) (%) (%)
Accuracy 74.5 76.4 78.1 924 92.8 98.9
Precision 79.98 90.13 93.88

Both models conclude that the LSTM has the best prediction result. For this reason, we will
compare the new rapid prediction approach with the LSTM model.

Using LSTM, Random Forest, and Gaussian Regression methods is highly efficient for predicting
the health of the system, which does not require rapid diagnostics.

The limitations of Machine Learning approaches covered above for rapid forecasting related
to the training time. Modern aircraft are often equipped with thousands of sensors, and full flight
sensor data with thousands of parameters is recorded for each flight [1]. The number of sensors that
read critical aircraft parameters that can be rapidly changed and lead to catastrophic events is
significant for using high-time complexity algorithms for onboard computing. The research paper
[9] covers real-time engine health diagnostics by sending monitoring data to the nearest EMC labs
and processing data using a high-performance computing model. Boeing 777 engine sensors
generate around 200 gigabytes of data every minute. Transmitting such data in real-time requires
considerable bandwidth, which may be limited or costly, especially via satellite communication [3].

The advantage of the RPPSCF is its low computational complexity and high accuracy, according
to research results for thermal process prediction [10]. This makes the method a promising candidate
for real-time prediction of aircraft parameters. The method is also flexible for prediction accuracy
optimization by redefining similarity criteria.

2. Predicting Aircraft Parameters Using Regression Polynomials with the Process
Similarity Criteria Fit

The RPPSCF method [10, 11] for stochastic data defined with dynamic hypernumber H,
satisfactory conditions, is listed below:

e  The polynomial should satisfy statistical criteria. The time series data point filtered from the
stochastic noise should belong to the polynomial.
e The last point of the training time series data is defined with the condition: Hy(t,) = P(t,)

The equal variance statistical criterion is defined by expression 1.
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To simplify the expression, the term AP; is defined as:
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The iteration of finding a polynomial using operator equations solutions with the theory of
hypernumber [13, 14] is defined below.

HESh = HE™ + SHE™ (10)

where §HE°™ is the deviation to find the new value of the polynomial. defined with matrices
equation:
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where DL and LM matrices are computed using equations (12, 13)
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It has been proven in [13] that there exists € < 1 such that guarantees convergence of the
solution to the operator equation using constructive hypernumber.

3. Predicting Aircraft Engine Parameters with Similarity Criteria Fit

For engine parameters prediction with Similarity Criteria Fit, polynomial power 3 was selected.
The formulas (3,4,6-15) are used to compute the polynomial. The results of the aircraft parameter
prediction using RPPSCF  and regular minimum least square methods are compared and shown in
Figure 1. The simulation shows high prediction accuracy (86.9%) of the Similarity Criteria methods.

Aircraft engine parameter prediction

—— engine parameter manitoring
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Figure 1. Comparative analysis of the aircraft engine prediction with the Minimum Least. Squares and Best

Criteria Fit models.

The aircraft engine parameter prediction for the same data set was done using the LSTM neural
network model. The prediction results are shown in Fig. 2. Such a prediction was implemented to
compare the most efficient aircraft engine prediction and rapid real-time diagnostics by Regression
with Process Similarity Criteria Fit methods. The accuracy of the LSTM model, per such simulation,
is 88.0%. Per both methods' close precisions, the RPPSCF method is approximately 30 times faster
than the LSTM prediction.
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Figure 2. Predicting aircraft engine parameters with LSTM model.

4. Results and Discussion

Considering the RPPSCF method’s accuracy and performance, it can be used for a real-time
prediction of the aircraft's life-critical parameters to detect abnormalities and prevent catastrophic
events. At the same time, due to the high volume of monitoring data, the method can be an alternative
for maintenance prediction. Besides hypernumber methods for solving non-linear equations, the
Modified Newton (Kantorovich’s) method can be used if the convergence conditions are satisfied [15-
17]. The conditions can be verified in real time. The advantage of Kantorovich’s method is rapid
computation time. However, contrary to Kantorovich’s method, the hypernumber method works for
arbitrary time series data sequences.

The process similarity criteria defined for engine parameter analysis in this paper assumes equal
variance. The simulation results support this selection. However, for some processes, the variance
could be time-dependent on parameters. Defining the function of the variance time dependency is a
subject of future research.

5. Conclusions

The high accuracy and low computational complexity of the intrudeced method’s prove it’s
applicability for real time aircraft parts failure prediction The method can be also extended for
processes where the variance is time depended by defining it's approximation and plugging such
function into the expression (1) for an operator L. The methodics for variance approximation will
be defined in future research. One of the considered approach reveals to applying RPPSCF method
using variance of variance for an approximation [18].

On the contrary to the neural network, the method provides analytical expression for predicting
monitoring parameters, which allows automatically control processes.

Each Machine Learning method has some cognition limitations. The provided PRPSCF method
in provided definition as well as not Physics-Informed Neural Networs (PiNNs) [19] is not able to
predict periodic processes. However, the presented concept can be used for non-stationary periodic
prediction combining Wavelet Transform and defined process criteria.
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