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The launch vehicle engine is a typical fuzzy environment in which
the health status is extremely difficult to analyze. Current prognostics
and health management (PHM) research on rocket engines is almost
always a study of real-time health conditions, lacking a significant
reference for risk prevention. Moreover, the current evaluation meth-
ods are inadequate in terms of universality and are too dependent
on expert experience. Our work is the first to propose a multilevel
and multifactor predictive evaluation method for the health status
assessment of launch vehicle engines. The hierarchy of health assess-
ment is divided by a data-driven method, and the health status of a
rocket engine is evaluated based on a prediction algorithm and a fuzzy
comprehensive evaluation method. The minimum evaluation error is
0.24% when the method is validated with measured data from long-
range launch vehicle engines, which shows that the method presented
in this article has a good effect on the prediction and evaluation of
launch vehicle engines.
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I. INTRODUCTION

Launch vehicles can cause several types of vibrations
due to intense thrust pulses and aerodynamic mutations
during launch and flight. A vibration signal comprises low,
medium, and high frequencies, which seriously affects the
equipment structure and electrical system of multiple sys-
tems in a rocket. For example, physical movement may
become difficult and decision-making may become chaotic
when astronauts are exposed to low-frequency vibrations,
which can easily lead to the failure of rocket launch missions
and casualties [1]. Optimizing the material and structure
of a rocket and analyzing the state of the rocket using
information science methods are the main ways to reduce
vibration generation and damage. As shown in Fig. 1, health
assessment technology is an important part of the rocket
adaptive fault tolerance technology process. Research from
the perspective of information science is designed to provide
early information on fault tolerance for potential failures.
Rocket health preassessments are more meaningful for real
space missions.

A launch vehicle engine is a typical fuzzy environ-
ment [2], and its internal mechanism cannot be explored
be relying solely on artificial intelligence (AI) and com-
putational science. For industrial and military equipment,
prognostics and health management (PHM) studies for a
system are much more difficult than fault detection for a
single component. The authors in [3], [4], and [5] proposed
self-organizing and self-evolving fuzzy neural networks for
different fuzzy systems. However, this approach is very
susceptible to anomalous data that can lead to erroneous
results. For launch vehicle fuzzy systems, each launch may
be for a different model of a rocket, and the same model of
a rocket may also have different types of components. The
results of the above methods are difficult to obtain through
practical verification. Rocket engine testing can summarize
a large number of failure modes and human experience, thus
accurately reflecting real-life scenarios. It also reduces the
impact of anomalous data on the results.

Researchers have developed various methods for rocket
engine PHM, and the current methods can be categorized
into three types [6]:

1) Model-based methods.
2) Expert-experience-based methods.
3) Data-driven methods.

Researchers have conducted extensive research on the
identification and evaluation of rocket engine faults.

The basic principle of a mathematical model for engine
PHM is to treat the output of the engine mathematical model
as a standard state and determine the deviation degree of
the actual working state of the engine from the standard
state through various indicators. If the deviation degree is
too large, the engine working conditions in this state are
regarded as abnormal. Model-based methods can be divided
into two types: analytical models and system identification.
Based on an analytical model, Davidson et al. [7] designed a
linear engine model for the Advanced Health Management
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Fig. 1. Rocket adaptive fault tolerance technology.

System (AHMS) using a threshold to achieve online engine
anomaly detection. Breedveld [8] compared the effects of
continuous state estimation and discrete state estimation
for space shuttle main engine (SSME) fault diagnosis and
showed that discrete state estimation performs best when the
measurement noise is negligible. Continuous state estima-
tion is used when measurement noise is present. Based on
a system identification model, Srivastava et al. established
a correspondence between the spectral intensity of SSME
plume characteristics and engine performance parameters
through neural network training, and based on this rela-
tionship, the condition monitoring of an SSME was carried
out [9]. In the 1990s, the United Technologies Research
Center used the autoregressive moving average (ARMA)
algorithm to monitor the steady-state process of SSMEs in
real time when designing SSME HMSs [10]. Model-based
approaches focus on how well they fit fuzzy systems, and
one model cannot be adapted to different engines. There-
fore, model-based approaches lack versatility.

The conventional method is based on expert systems for
the problem of vibration failure of launch vehicle engines.
However, with the development of technology and artificial
intelligence, Big Data mining has proven to be an important
and effective method [11]. Engle et al. developed an expert
system-based inference mechanism, the prelaunch experi-
ment system, for the preparation stage of an SSME during
ignition, which facilitates the analysis of the overall health
of a system by ground personnel [12]. Kurien et al. [13]
experimented with health management techniques in the
Deep Space One project from 1998 to 2001. Rockdyne et al.
developed an expert system for turbopump fault diagnosis.
This system contains both shallow and deep knowledge.
Shallow knowledge refers to the experience and processes
summarized by domain experts in analyzing and processing
test data, and deep knowledge refers to any analytical model
that can characterize the operating characteristics of engine
turbopumps [14]. However, relying heavily on an expert
system leads to subjective experience domination [15].
Nevertheless, there are three main problems with the use
of manual analysis:

1) Personal cognitive limitations, i.e., the knowledge
that each person has is limited.

2) An inefficient diagnosis requires considerable time
and human resources.

3) A manual system can only be used for offline di-
agnosis and cannot meet the needs of online fault
diagnosis [6].

Data-driven-based methods can be further subdivided
into two types: statistical analysis and pattern recognition.
Aiswarya et al. manually extracted the time and frequency
domain features of a liquid rocket engine (LRE) running sig-
nal, used support vector machines to classify these features,
and achieved 100% classification accuracy [16]. Wu et al.
proposed a fault detection method with particle swarm opti-
mization and a least squares support vector machine to im-
prove the performance of an LRE [17]. Wang et al. proposed
a deep separable convolutional neural network to predict the
remaining useful life of aeroengines with monitoring data
from different sensors [18]. Miao et al. proposed dual-task
deep long short-term memory (LSTM) networks to unify
the task of degradation evaluation and remaining useful life
prediction of aeroengines [19]. Xu et al. used the quantum
genetic algorithm to optimize a backpropagation (BP) neu-
ral network, train the BP neural network to generate two
outputs, and perform fault diagnosis on an LRE [15]. The
PHM approach based on digital twins is a deep combination
of traditional PHM technology and digital twin technology.
Mapping physical devices and virtual devices leverages data
and model simulation technologies, which can realize the
early prediction and accurate location of faults [20]. Among
data-driven approaches, deep learning methods exhibit ex-
cellent adaptability and accuracy. A launch vehicle has a
limited number of launches. The characteristics of a launch
vehicle include few failure samples and a relative lack of his-
torical experience. The limited fault data are not sufficient to
support the training of a neural network. Thus, an accurate
fault model cannot be obtained, and it is difficult to achieve
fault location. Moreover, real data are susceptible to data
scarcity, and simulation data are susceptible to the model
accuracy.

In this article, based on the real-time data of a launch
vehicle, a multilayer weight generation of the overall system
is realized according to the expert score. At the same time,
a deep neural network is used to predict future vibration
signal trends, and the deviation between the actual data,
the prediction data and the ideal state are calculated to
obtain the actual and predicted health evaluation matrix.
The evaluation and weight sets are used as input, and the
health value of the top-level target is obtained through
a comprehensive fuzzy assessment. This approach has
important guiding significance for risk prevention of the
ascending section of a rocket engine. Introducing expert
experience to data-driven methods can solve the problem
of the lack of data and low model accuracy. Using a
modular approach, the health assessment of different ob-
jects can be achieved by replacing the prediction data and
weight relationship. While improving the evaluation accu-
racy, the use of automated AI technology reduces economic
expenses.
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Fig. 2. Three-layer dataset structure.

II. ROCKET ENGINE HEALTH ASSESSMENT SYSTEM
ARCHITECTURE

A. Data Hierarchy and Structure

The vibration signals for launch vehicle engines mainly
include the following six categories: pogo vibration, low-
frequency vibration, high-frequency vibration, fluctuation,
shock signal, and noise. Pogo vibration refers to the pressure
generated by multiple rocket engines during flight and the
periodic vibrations generated by the external structure of
the rocket, which can easily lead to pressure loss of control
in the internal pipeline and instrument damage [21]. At
the same time, when a rocket is flying at a high Mach
speed, due to strong collisions between the rocket structure
boundary and the external gas environment, a strong pul-
sating pressure will be produced, which will easily cause
further equipment vibrations [22]. In the process of firing,
several rocket engines begin to work, there is a sharp in-
crease in the acceleration of the rocket, there will be low-
and high-frequency signals and shock signals in the thrust
system, and there is widespread noise when a large amount
of mechanical equipment is working.

The vibration data used in this article are derived from
measured data from the Long March series of carrier rocket
engines, as shown in Fig. 2. The data include six types of
vibration signals, including pogo vibration, low-frequency
vibration, high-frequency vibration, fluctuation, shock, and
noise. Each signal is divided into multiple groups of signal
sensor batches, the data of the same batch are collected in
the same acquisition sequence, and the test conditions are
consistent. The system studied in this article is divided into
three layers: the target layer, the subtarget layer, and the fac-
tor layer, which is convenient for the unified quantification
of the health value of multiple influencing factors between
the same level, and it is also easy to import weights.

According to historical experience, the impact of the
six types of vibrations is different for the health state of
the launch vehicle engine, and the degree of influence of
the data collected by different types of sensors of the same
type is also slightly different. The influence size relation-
ship between the factors can be considered to simulate the
data and obtain the health status value of a multilevel and
multifactor system more accurately.

The amount of data accumulated by a launch vehicle is
very large, and the use of sampling to reduce the amount
of data and algorithm prediction with short-term data can
significantly reduce the algorithm training time, reduce the

Fig. 3. Predictive evaluation process.

time cost of the overall process, and achieve the effect of
predictive evaluation.

B. Architecture Process Evaluation

The comprehensive assessment process is shown in
Fig. 3.

The overall process includes five main modules: data
prediction, evaluation set generation, weight analysis,
weight set generation, and fuzzy comprehensive evaluation.
A modular structure is reasonable for the subsequent addi-
tion of evaluation levels and factors.

III. VIBRATION SIGNAL TREND PREDICTION

At present, most of the research on the state of a space-
craft such as a launch vehicle is concentrated in the real-time
state. After data preprocessing, data measurement, anomaly
detection, and other steps are performed to complete the
real-time status assessment. However, there is a large delay
in real-time status assessments, and they are of limited
reference value to ground monitoring personnel. The rapid
development of AI technology has greatly improved the
efficiency and accuracy of data mining. Compared with
that of the real-time status assessment mentioned above,
the evaluation of the status of a launch vehicle engine based
on prediction data is of more guiding significance for risk
prevention and early warning.

A. Generic Step Prediction

The general forecasting process is divided into the fol-
lowing three steps:

1) Data preprocessing: The original vibration data of
the launch vehicle are cleaned.

2) Model training: The models are trained with data.
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Fig. 4. LSTM network framework.

3) Model prediction and error calculation: The data
waveform is predicted, the data are saved, and the er-
ror values of the prediction, including the root mean
square error (RMSE), coefficient of determination
(R2), and mean absolute percentage error (MAPE),
are calculated.

The RMSE formula is

RMSE =
√

1

N

∑n

i=1
(Yi − f (xi ))

2. (1)

The MAPE formula is

MAPE = 100%

N

∑n

i=1

∣∣∣∣ (Yi − f (xi ))

Yi

∣∣∣∣. (2)

The R2 formula is

R2 = 1 −
∑

i (Yi − f (xi ))
2

∑
i (

−
Yi − f (xi ))

2 (3)

where Yi represents each acquisition value in the test data,
f (xi ) represents each collection point in the prediction data,

N represents the total number of collection points, and
−
Yi

represents the average of the real data.

B. Predictive Models

1) LSTM Model: The LSTM model is expanded by
a recurrent neural network (RNN) model. Since a launch
vehicle is tested under a variety of vibration conditions, the
collected data dynamically change. The sequential correla-
tion of the signal data is the key to trend prediction. The
LSTM model improves the prediction ability for long-term
data compared with that of the RNN model and solves the
gradient explosion and gradient disappearance problems in
the data training process of the RNN model. At the same
time, LSTM is more stable for actual project landing [23],
[24]. Fig. 4 shows the model structure of the LSTM network:

Forget gate function

ft = σ (Wf � (ht−1, xt ) + b f ). (4)

Input gate function

it = σ (Wi � (ht−1, xt ) + bi ). (5)

Candidate vector

c̃t = tanh(Wcg(ht−1, xt ) + bc). (6)

Fig. 5. GRU network framework.

State update after combining candidate vectors

ct = f t ∗ ct−1 + it ∗ c̃t . (7)

Filtered output function

ot = σ (Wo � (ht−1, xt ) + bo) (8)

ht = ot ∗ tanh(ct ). (9)

2) GRU Model: A gated recurrent unit (GRU) is a very
effective variant of the LSTM network. A GRU network
is simpler than an LSTM network and is very popular at
present. It can also solve the problem of long dependence
in RNNs [25].

In LSTM, three gate functions are introduced: an input
gate, a forget gate, and an output gate. However, in GRU
model, there are only two gates: an update gate and a reset
gate. The structure of the model is shown in Fig. 5:

3) Weighted Moving Average: The moving average
(MA) is a common tool used in technical analysis to analyze
time series. Common moving averages include the simple
moving average (SMA), weighted moving average (WMA),
and exponential moving average (EMA) [26]. The SMA
algorithm formula is expressed as follows:

Ft =
(
At−1 + At−2 + At−3 + . . . + At−n

)
n

(10)

where Ft is the predicted value for the next period, n is the
number of periods of the MA, At−1 is the previous actual
value, and At−2, At−3, and At−n represent the actual values
of the first two periods and the first three periods up to the
first N periods.

The WMA model is shown in the following formula:

ŷt = (w1xt−1 + w2xt−2 + · · · + wnxt−n)
w1 + w2 + · · · + wn = 1

(11)

where is the weight coefficient, and the sum is 1.
4) ARIMA Method: The ARIMA is based on the

ARMA model. The ARIMA model was first proposed by
Box and Jenkins in the 1970s and is widely used in the
aerospace field [27].

The ARIMA(p, d, q) model is

ϕp(B)(1 − B)dYt = θq(B)εt (12)

Yt , ϕ, B, θ , ε, p, d , and q represent the predicted vibration
signal, AR model parameters, backward shift operator, MA
model parameters, zero-mean white noise, autoregressive
term, MA, and number of differences, respectively. The
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TABLE I
Comparison of the Three Error Indicators of the Algorithm Prediction Results

differential transformation is added to the ARIMA model,
which solves the defect that the ARMA model is not suitable
for nonstationary sequences.

5) LightGBM Method: The gradient boosting decision
tree (GBDT) is an estimated model in machine learning.
The main idea of GBDT is to use iteratively trained weak
classifiers (decision trees) to obtain the optimal model,
which has the advantages of a good training effect and is
not easily overfit. A light gradient boosting machine (Light-
GBM) is a framework for implementing GBDT algorithms
that supports efficient parallel training and has the following
advantages: faster training speed, lower memory consump-
tion, better accuracy in terms of distributed support, and
faster processing of massive data [28].

C. Predicted Results

Six types of signals are predicted based on five methods,
and the error of the prediction results is shown in Table I. The
prediction effect of the data prediction is shown in Fig. 5.

The R2 is the degree of model fitting, MAPE is the
mean absolute percentage error, and RMSE is the root
mean square error, reflecting the prediction accuracy of the
algorithm from multiple angles.

According to Table I and Fig. 6, the GRU algorithm has
the best prediction effect for longer sequences compared
with that of the other types of algorithms experimented

on in this article. The LightGBM algorithm has the most
balanced prediction effect for long and short sequences.
The prediction effect of the weighted MA algorithm and
LSTM on long and short series is also relatively balanced.
Due to the short sequence length, the ARIMA algorithm
has the worst fit and the lowest prediction accuracy in this
experiment.

D. Evaluation Set Generation

The evaluation set generation is mainly based on the pre-
dicted data waveform not the prediction error. The common
method is based on combining the RMSE of the prediction
result and the membership function to fuzz and defuse the
final result. Fig. 7 shows the commonly used trapezoidal
membership degree function.

The abscissa threshold corresponding to multiple types
of evaluation indicators is defined according to expert ex-
perience: a1, a2, a3, a4, b2, b3, b4, and b5. However, this
conventional approach is only suitable in situations where
the output is difficult to analyze, and the evaluation value is
difficult to determine. It is a method of approaching the final
evaluation indicator as close as possible when dealing with
ambiguity. Under the condition that the data used in this
article are no longer ideal, the test data that should be used
as the evaluation criterion of the membership function are
vague in terms of health status and thus need to be evaluated.
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Fig. 6. Prediction examples of five algorithms. The image on the
left-hand side is the first batch of pogo vibrations, and the image on the
right-hand side is the first batch of low-frequency vibrations. (a) LSTM

prediction examples. (b) ARIMA prediction examples. (c) GRU
prediction examples. (d) LightGBM prediction examples. (e) WMA

prediction examples.

At the same time, the threshold of the membership function
is more difficult to grasp, and there is no unified evaluation
benchmark for the prediction data.

Therefore, when processing the results of predicting en-
gine vibration signals, a mathematical statistical evaluation
matrix generation method is proposed. The specific method
is as follows: compare the predicted waveform with the
ideal waveform and calculate the probability value of the

Fig. 7. Schematic diagram of the traditional membership function
method.

Fig. 8. Evaluation set generation method, where the threshold
schematic diagram is divided.

predicted value in each deviation distribution interval as
the value of each evaluation index.

The evaluation set generation method in this article
mainly combines actual historical rocket launch data and
uses the ideal signal state under normal conditions as the
benchmark. Ideally, the vibration signal is a stationary
signal with small amplitude fluctuations. To simplify the
calculation, the fluctuation range is negligible compared to
the set threshold.

According to expert experience, a set of healthy com-
ments is excellent, good, normal, bad, and deterioration,
corresponding to each color block, as shown in Fig. 8.
The red line represents the ideal baseline, the green line
represents the forecast wave, and the black line represents
the actual wave.

The average waveform amplitude of the signal before
the vibration condition occurs is A, the total sampling points
of the test data is N , the upper and lower thresholds of
the reference waveform are set to Ui and Di(0 < i <= 4),
respectively, and the number of points in each threshold
interval is ni.

The status range is set to ϕ j (0 < j <= 5), ϕ1 stands for
excellent status, ϕ2 stands for good status, and so on⎧⎪⎪⎪⎨
⎪⎪⎪⎩

ϕ1, A − D1 < ϕ <= A + U1

ϕ2, A + U1 < ϕ <= A + U2||A − D1 < ϕ <= A − D2

ϕ3, A + U2 < ϕ <= A + U3||A − D2 < ϕ <= A − D3

ϕ4, A + U3 < ϕ <= A + U4||A − D3 < ϕ <= A − D4

ϕ5, ϕ < A − D4||A + U4 < ϕ.
(13)

Each individual evaluation P in the evaluation set matrix
is counted by the state interval of each sampling point of
the prediction data, and the percentage is scored according
to the interval probability

Pi = ni

N
. (14)
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Fig. 9. First batch vibration signal is shown as an example to divide the
threshold.

In the experiment, the predicted waveforms of various
signals are predicted, and the real test data and prediction
data are compared with the ideal reference state. According
to expert experience, the upper and lower thresholds of the
four segments are set to 0.3, 0.6, 0.8, and 0.9 times the mean
of the first 20% of the real test data, and the deterioration
index is the upper and lower limits greater than 0.9 times
the mean benchmark. In Fig. 9, a low-frequency vibration
acquisition is used as an example.

The black line in the figure is the mean value of 0.4679
in the previous part of the test data, and the yellow line is the
predicted waveform. The proportion of sampling points in
the range of D1-U1 in the predicted waveform is calculated
to obtain the excellent evaluation health level.

By counting the proportion of points between U1-U2

and D1-D2, a good evaluation value can be obtained. The
threshold index for deterioration evaluation is > U4&& <

D4. Similarly, the evaluation values of the other health
evaluations can be calculated.

The LSTM model is used as an example. The evalu-
ation values of the predicted data and actual data of 15
vibration signal batches of six categories are calculated, and
the following evaluation sets are generated. The evaluation
error comparison of the actual and predicted data can be
completed according to its evaluation matrix. The results of
the evaluation are shown in Tables II and III.

E. Prediction Time Analysis

The experimental hardware platform is an i7-11700K
CPU and a 3070 GPU with high-performance computing ca-
pabilities. The pogo vibration, low-frequency signal, high-
frequency signal, and fluctuation are sampled from 50 min
of historical data, and approximately 3000 sampling points
are used as training data. The shock and noise signals are
sampled from 1000 and 500 sampling points, respectively,
for training. Under the current algorithm parameter settings,
the maximum training and calculation times are approxi-
mately 15 s, and according to the proportion of prediction
data, the data predicted by the platform are converted into

TABLE II
Evaluation Probability of the Waveform Predicted by the LSTM Method

TABLE III
Evaluation Probability of the Actual Waveform

a regular collection time of approximately 5 min, which
shows that the platform can achieve good results in terms
of prediction timeliness.

IV. MULTILAYER WEIGHT GENERATION

The types and sources of launch vehicle engine vibration
signals are difficult to locate for specific components, and
the impact of different vibration types on the normal flight of
a launch vehicle is different. The data reliability and effec-
tiveness of different sensors cannot be equal. Converting the
degree of impact into percentage weights under a uniform
measure is necessary for assessing a vehicle’s state of health.

ZHOU ET AL.: PREDICTIVE HEALTH STATUS ASSESSMENT OF A LAUNCH VEHICLE ENGINE IN AN ASCENDING FLIGHT 7745



A. Analytic Hierarchy Method

For the health value assessment of a launch vehicle
engine system, a quantitative analysis of multiple conditions
and factors is needed. The electrical environment inside a
launch vehicle engine is a typical giant system and a fuzzy
environment. Therefore, it is impossible to grasp the weight
of each factor in the system by relying on human experience
under the same weight standard. Based on historical data
and the summary of past failure modes, experts can obtain
the weight relationship between two factors, that is, the
impact of factor A on the entire system is quantified relative
to that of factor B, but when there are many factors involved,
experts cannot directly obtain a multilevel, multifactor in-
fluence weight relationship.

Considering the hierarchical complexity of system
equipment, a multilayer multifactor weight matrix is gener-
ated based on the analytic hierarchy process (AHP) method.
The AHP method was first proposed by American scientist
T. L. Saaty in the 1970s [29] and has been applied to
network system theory and multiobjective comprehensive
evaluation. It mainly solves the decision-making problems
of interrelated and mutually restricting complex systems
and is widely used in aerospace, electrical, operations re-
search, and other fields.

When using the AHP to construct a rocket engine vi-
bration signal model and obtain the weights of each type
of factor, the method is roughly divided into the following
steps:

1) Establish a hierarchical model according to the type
and batch of launch vehicle engine vibration signals.

2) Based on historical statistics and expert experience,
construct a judgment matrix according to the weight
relationship between factors at the same level, also
known as reciprocal matrices.

Ai j =

⎛
⎜⎝

a11 . . . a1j
...

. . .
...

an1 · · · ann

⎞
⎟⎠ , ai j > 0, ai j × aji = 1.

(15)
3) Calculate the maximum eigen root λmax and eigen-

vector ω of the reciprocal matrix according to the
criteria Aijω = λω to facilitate subsequent calcula-
tion.

4) Normalize the feature vectors and calculate the
weight values of all elements contained in each
layer separately. The weight calculation formula is
as follows:

Wk =
∑n

j=1
akn

/∑n

i=1

∑n

j=1
ai j . (16)

5) Conduct a consistency test on the matrix. The credi-
bility of the manually determined matrix is tested. If
there is a contradiction between the two weights of
the elements, the consistency test is not passed, the
credibility of the result of introducing the artificial
weighted positive and negative matrix is increased,

Fig. 10. Symbolic representation of each factor in the weight set
generation method.

and the consistency index is as follows:

CI = λmax − n

n − 1
(n > 1) . (17)

The corresponding immediate mean agreement metric
RI = 0.52, so the consistency ratio (CR) is

CR = CI

RI
. (18)

When CR < 0.1, the consistency test is considered to be
passed, and n is the established system-level order.

6) Generate subjective weight vectors.

B. Weight Generation

The corresponding table of consistency indicators is
shown in Table IV.

The system weight allocation architecture in this article
is shown in Fig. 10. The overall system is summarized as
follows: E = {E1, E2, E3, E4, E5, E6}, where E1, E2, E3,
E4, E5, and E6 represent pogo vibration, low-frequency
vibration, high-frequency vibration, fluctuation, shock,
noise in order. We can see in the figure that the overall
system is divided into three levels, so n is 3. The overall
hierarchy of the vibration signal of the ascent launch vehicle
engine is divided into three stages, in which the subtarget
layer contains a weight vector: W (E1, E2, E3, E4, E5, E6).
The factor layer consists of the following six weight vectors:
W 1(E11, E12, E13), W 2(E21, E22, E23), W 3(E31, E32),
W 4(E41, E42, E43), W 5(E51, E52), and W 6(E61, E62).

The multilevel reciprocal matrix provided by the China
Academy of Launch Vehicle Technology is shown in
Table V. Due to space limitations, only the reciprocal matrix
of the subtarget layer and a set of factor layers are shown.

The reciprocal matrix, such as that for the low-frequency
vibration, is given in the same way, as shown in Table VI.
According to the AHP method in Section IV-A, the subtar-
get layer weight isW = (0.33, 0.20, 0.07, 0.27, 0.10, 0.03),
and the maximum eigenvalue is 6.003449. Therefore,
CR = 0.000507, and the consistency test is passed. The
weight vectors of each factor under the six types of subgoals
are given as follows:

W1 = (0.14, 0.29, 0.57)
W2 = (0.14, 0.29, 0.57)
W3 = (0.33, 0.67)
W4 = (0.14, 0.29, 0.57)
W5 = (0.33, 0.67)
W6 = (0.33, 0.67).
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TABLE IV
Consistency Test Random Indicators (RIs)

TABLE V
Reciprocal Matrix of the Subtarget Layer

TABLE VI
Reciprocal Matrix of the Low-Frequency Signal

After testing, the results of six groups of consistency
tests passed. The weight experiment results show that pogo
vibration, fluctuation, and low-frequency vibration have the
greatest influence on the health state of the ascent section
of the launch vehicle engine in the subtarget layer. At the
same time, according to expert experience, the data after the
sensor batch can better reflect the authenticity and real time
of the state, so the weight is also higher, and the results are
in line with the experience expectations.

V. FUZZY COMPREHENSIVE ASSESSMENT

A. Principles and Steps of Fuzzy Comprehensive Assess-
ment

The fuzzy comprehensive evaluation method has the
advantages of clear results and strong systematization and
is thus suitable for a more comprehensive and in-depth
evaluation of multilevel and multifactor objects in a fuzzy
environment. A large number of expert systems used in
spacecraft health management use historical experience
to build a knowledge base and make system evaluation
more intelligent through extrapolation, mapping, and other
methods. However, in fact, the unstable working conditions
of the launch vehicle engine have a great relationship with
the launch environment and flight trajectory. At the same
time, the frequent iterations of launch vehicle engine tech-
nology have not led to the rapid replenishment of the expert
system knowledge base. Therefore, the evaluation method
based on the expert system is not universal, accurate, or
comprehensive.

The evaluation steps of the fuzzy integrated assessment
method are as follows:

TABLE VII
Health Evaluation Values and Evaluation Errors for Five Kinds of

Algorithms

1) Establish the overall structure of the research objec-
tives and create a multilevel structure to facilitate the
subsequent bottom-up evaluation.

2) Create a collection of comments: M = m1, m2 · · · mn

based on the actual object.
3) Obtain the weight matrix W of the factors in each

level and the evaluation matrix V of the underlying
signal.

4) Perform fuzzy evaluation operations to obtain the
fuzzy evaluation vector of the target layer: B = V �
W.

5) According to the needs of the project, assign the
scores that can be obtained for each type of eval-
uation and generate a score vector: F .

6) Obtain the statistical health score, which is the health
of the system.

B. Scoring Rocket Engine Health Based on Fuzzy
Comprehensive Assessment

From Sections III and IV, we have obtained the evalu-
ation matrix V = v1, v2 · · · v15 and the weight matrix W =
w, w1, w2, · · · w6. vi represents the single evaluation vector
of the underlying factor layer, w represents the subtarget
layer weight vector, and wi represents the weight vector for
each type of vibration signal.

From Section III, the comment collection is set to M=
{excellent, good, normal, bad, deterioration}, and the score
set is set to F = (1.0, 0.8, 0.6, 0.4, 0.1). Therefore, the
health evaluation vector of the target layer-launch vehicle
engine system under the multiaccumulation vibration signal
is shown below:

B1 = V1 �W = (0.238, 0.219, 0.171, 0.113, 0.259)
B2 = V2 �W = (0.213, 0.197, 0.166, 0.107, 0.318)
B3 = V3 �W = (0.195, 0.227, 0.185, 0.099, 0.294)
B4 = V4 �W = (0.239, 0.229, 0.164, 0.112, 0.256)
B5 = V5 �W = (0.212, 0.197, 0.166, 0.107, 0.319)
B6 = V6 �W = (0.246, 0.222, 0.170, 0.080, 0.303).

The health score calculation formula is B � F , the real
data health score is 61.32, the prediction evaluation result
is shown in the table, and the minimum error is 0.24%. The
status is in line with expert experience.
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VI. CONCLUSION

This article proposes a predictive evaluation method for
launch vehicle health management systems. This method
has the advantages of objectivity, high precision, and strong
versatility. In the experiment in this article, the actual data
were used to verify that the proposed method has high
accuracy. The method has important guiding significance
for the health prediction management of vibration signals
of launch vehicles in the ascent section and can be used for
the formulation of rocket launch and flight strategies.

However, in the actual project, our work still has the
following shortcomings:

1) The accuracy of the evaluation depends on the accu-
racy of the prediction algorithm and the effectiveness
of the evaluation depends on the speed of the predic-
tion algorithm.

2) The method ignores the association rules between
vibration categories.

3) Our work ignores the variation in weights under
different operating conditions of rockets.

Based on the above shortcomings, future work can be
as follows:

1) A specific prediction algorithm to optimize the pre-
diction accuracy when the prediction speed reaches
the target can be designed.

2) The association rules between vibration categories,
and the influence of the weight relationship through
the association rules can be considered.

3) Data recognition and classification algorithms can be
applied to incorporate an weight adaptive module.
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