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Abstract. This paper proposes a data generation method for one-dimensional
aircraft simulation neural network, which is used for data preprocessing of aircraft
real-time control health design, which is the basis of aircraft intelligent health
prediction algorithm. According to the methodological research needs, this method
generates data of different health levels, and the data generator adjusts the health
degree of the data by changing the weight, changing the noise size, changing the
frequency, etc.; the recognition ability of the redundant fault-tolerant model for the
singularity data is studied, and the experimental results show that the system will
not ignore the singularity, and the occurrence of singularity will significantly
affect the health of the data. Experimental results show that the model can work
effectively under the premise that at least one dimension is a fault feature. The
intelligent system trained through this data has a better effect.
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1. Introduction

At present, the aircraft control system [1,2] under research and the simulation
preprocessing technology [3,4] have the following two difficulties at the data level.
First, since most of the current aircraft simulation [5] intelligent diagnosis system
research work is for complex military [6] equipment, it is difficult for many physical
models, experimental data and performance evaluation standard systems of many
actual systems to be collected and widely used by developers [7,8]. Both deep learning-
based health assessment and data-based failure prediction are based on big data [9,10],
which requires a lot of data to conduct research. However, the lack of data in the space
scene and the high cost of acquisition urgently require the generation of aircraft
simulation data and the construction of data sets.

On the other hand, in engineering applications, in the process of product
development, experimentation, production and use [11,12], various maintenance
methods are used to minimize the occurrence of failures [13,14], thereby greatly
reducing the probability of various types of failures. As a result, there is a problem of
insufficient failure mode samples and failure verification environments, resulting in a
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lack of realistic environments and conditions for adequate analysis and verification of
failure modes.

In this paper, a data generation and dataset construction method is studied in the
absence of experimental data and fault data, which is the research basis of the aircraft
simulation intelligent system [15-18]. The data generated by the dataset generation
system is used to discuss the methodological evaluation of the health assessment of
aircraft simulation and its effectiveness, which provides a research basis for the
subsequent application of aircraft system intelligence.

2. Generation of Data on Different Levels of Health

The system uses a real-time evaluation method of device health status based on deep
learning, and its basic idea is: using normal data to fit an encoding and decoding
network model, abnormal data will have a large error when encoded and decoded
through the network model, thereby triggering abnormal alarms. The basic method
used is to establish a feature space for the normal state data, quantify the degree of
degradation by measuring the degree of difference between the measurement data and
the normal state sample space, and then convert it to a percentage system of health.
Therefore, depending on the application requirements, the data generation system
should be able to generate data with different levels of health.

Data of different health levels mainly refer to the data in the health state of the
system and the data in the state of serious failure of the system, in order to better
characterize the process of early degradation of the health state of the system, this
paper also generates a class of minor failure data. A minor fault state refers to the fact
that the system behaves normally on the external output at this time, that is, the system
can still work normally, but the internal health state has degenerated early, which is a
critical state before the system fails. In practical application, the system mainly
identifies the health state of the system and the state of severe failure, and the minor
fault state is an additional supplement to meet the research needs.

The data generation formula for the data generation system as shown in figure 1.
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Figure 1. Aircraft data simulation information processing data schematic diagram.
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The idea of constructing datasets of different health levels is to form a reference
function, that is, the first dimensional health data, and then construct minor fault data
and serious fault data by means of noise reinforcement and fine adjustment. When
constructing a datum function, three types of components are used: random quantities,
decay quantities, and periodic quantities. Because the datum function is healthy data,
the amplitude of the random quantity should be smaller than the total data amplitude to
characterize the presence of noise in the system in a real-world scenario but does not
affect the normal operation of the system. In order for the amount of decay to run
through the system cycle, the exponential t of the exponential function should be
multiplied by a smaller coefficient to slow down the decay of the function. The
frequency and number of trigonometric functions in periodic quantities can be valued
according to the system functions of the real-world system.

This article uses the following function as the benchmark function, that is, the
health data is:

s
F(t) = random(-025, 0.25) +0.9°%%"* + 10 -sin (2m- 15t + E) +3

-cus(ZTr-lO-t+%)

At the same time, by increasing the early degradation of the noise simulation
system, minor failure data is constructed. The formula for generating minor failure data
is:

T
Fy(9) = random(=35, 3.5) +0.9""" 410 -sin (2715 ¢ + E) +3

-005(217-10-(+%)

Critical failure data should be greatly changed on the basis of healthy system
functions, such as louder noise, system frequency component changes, etc., this article
uses the following functions to generate critical failure data:

m
Fy(t) = random(—35. 3.5)+0.95°" + 8-sin (2 - 18- ¢ + g) +25

T _ 3
-cws(er-'lO.S-t-&-Z) + 2.3-cos(2n-30-r+7)

When building the dataset, 1 million pieces of data of each type of data are
generated, with the first 800,000 pieces as the training set and the last 200,000 pieces
as the test set.

The sampling rate of health data, minor fault data, and critical fault data is 100Hz,
and the figure for the first 5 seconds is shown below.
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Figure 2. Health data.
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Figure 3. Minor failure data.
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Figure 4. Critical failure data.
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As can be seen from the figures 2 to 4, the generated time series meets the timing,
floating-point, coupling, and nonlinear characteristics required by the subject. And the
frequency, range and fluctuation law of the generated data are controllable, and can be
adjusted according to the needs in practical application, so the data generated in this
article can reflect the data characteristics of the space scene as a whole. There are small
differences between health data and minor failure data in the fluctuation law and
numerical range, while the numerical range and fluctuation law between the serious
failure data and the health data are quite different, which is in line with the research
needs of this article.

The 20,000-21,000 items of these three sets of data were taken separately, and a
total of 1,000 data were used for health assessment to verify whether the health
assessment model could effectively distinguish between different health level data.
After data preprocessing, self-coding network training, feature space construction, and
health calculation, the health assessment model outputs three sets of data health curves
as shown in figure 5:
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Figure 5. Unsormalized data health curve.

As can be seen from figure 5, among the three sets of data, the health data and the
health of the serious fault are clearly separated, and the minor fault data and the health
data are slightly intersected. Health data health is mostly 90-100, minor failure data
health is mostly 60-90, and serious failure data health is mostly below 50. Health data
and serious failure data can be completely distinguished through the health assessment
model, which is in line with the characteristics of the data itself and the expected
research effect of the topic.
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3. Summary

This article conducts methodological research in the absence of data, so it is necessary
to build a data generation system. Data generation systems need to not only meet the
needs of methodological research, but also characterize the real data of practical
applications as much as possible. Experimental results show that the data meets the
intelligent data processing requirements of the aircraft simulation, and the model can
work effectively.
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