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ABSTRACT
A bivariate time-series analysis based on the phase plane
trajectory of feature vectors extracted by principal
component analysis is developed for fault detection in a
reusable liquid-propellant rocket engine. Static-firing test
results of the reusable rocket engine obtained at the Japan
Aerospace Exploration Agency are employed for
demonstration of the present method. The present method
successfully detected temperature sensor failure from 19
firing tests of 62 sensors, even in the deviation of the engine
operational sequence between the static-firing tests. The
present method was also able to detect the system failure
from 23 firing tests. Furthermore, the ability to distinguish
the system and sensor failure was demonstrated.
1. INTRODUCTION
Fault detection and diagnostics is applied in industrial
systems. Regarding a rocket engine, a study of health
Seiji Tsutsumi et al. This is an open-access article distributed under the
terms of the Creative Commons Attribution 3.0 United States License,
which permits unrestricted use, distribution, and reproduction in any
medium, provided the original author and source are credited.

monitoring was conducted for the Space Shuttle Main Engine
(SSME), which was the first reusable rocket engine put to
practical use (Hawman et al., 1990). However, disassembly
inspection and reassembly of the SSME were well-known to
be required after every flight, which increased maintenance
costs and duration of the maintenance period. As with aircraft
engines, minimizing maintenance for the next flight, such as
eliminating disassembly inspection, is essential for reusable
rocket engines. For that purpose, a technique to evaluate
remaining lifetime, non-destructive inspection technology,
and a fault detection and diagnostics technique are required.
Within these three requirements, this study focuses on the
development of fault detection and diagnostics.
Studies on the fault detection and diagnostics of liquidpropellant rocket engines conducted mainly during the 1990s
were surveyed in the reference. (Wu, 2005). Recently,
research and development of fault detection for liquidpropellant rocket engines were also conducted (Schwabacher
et al., 2009, Iannetti et al., 2015, Sato et al., 2017). Before
entering a discussion of the methodology, this study initially
surveyed the requirements for the fault detection and
diagnostics of liquid-propellant rocket engines, as
summarized in Section 2. To the extent of the authors’
investigation, there is no well-established methodology to
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cope with those requirements. Therefore, a bivariate timeseries analysis is developed for fault detection, based on
principal component analysis (PCA). PCA is often used as a
multivariate method of fault detection (Jolliffe, 2002). In the
present method, PCA is applied to each sensor data to extract
a feature vector, and a phase plane trajectory of the feature
vectors for two sensors is generated. Then, the difference of
the phase plane trajectories between engine firing tests are
evaluated as a scalar value (called the degree of dissimilarity),
and a conventional univariate fault detection method is
employed to find faults in the firing test. The proposed
method does not target on-board judgment to prevent
destructive events during flight, but is intended for use as a
ground system after landing to reduce maintenance activities
for the next flight. Research and development of a reusable
sounding rocket (RSR) is being conducted at the Japan
Aerospace Exploration Agency (JAXA) (Inatani et al., 2010,
Nonaka et al., 2015). As part of this research, static-firing
tests of a reusable liquid-propellant rocket engine for the RSR
(called RSR engine) were conducted. (Kimura et al., 2016)
This study employs those firing test results for demonstration
of the proposed method.
2. REQUIREMENTS FOR FAULT DETECTION AND
DIAGNOSTICS

This study initially investigated the requirements for fault
detection and diagnostics of liquid-propellant rocket engines,
and thus identified eight items. These items should be kept in
mind for the research and development of fault detection and
diagnostics of liquid-propellant rocket engines.
1.

Training data available for the fault detection and
diagnostics are limited. In particular, failure data are
extremely limited.

2.

Sensors installed in the engine occasionally fail. A fault
detection methodology is thus required to distinguish
between sensor and system failure.

3.

There are individual differences in the liquid-propellant
rocket engine. And, even in the same engine, the
operating conditions occasionally drift during firing.

4.

The operating conditions of the liquid-propellant rocket
engine change dynamically. The steady-state condition
as well as such transient conditions as startup, shutdown,
and thrust control must be taken into account.

5.

The number of sensors and the arrangement thereof are
not always appropriate for fault detection and
diagnostics. Thus, optimization of the sensor
arrangement may be important.

6.

Due to the restrictions on sensor installation in the
engine, there may be a gap between measured values
and physics.

7.

The study of fault diagnostics methodologies and
practical examples are limited.

8.

Considering the model-based approach, validation data
for the simulation model including failure are limited.

3. RSR ENGINE
The RSR engine was developed to demonstrate the capability
of wide-range throttling, accurate control of operational
sequence, and on-board health monitoring. Another purpose
of the RSR engine was to verify long-life durability that could
withstand over 100 flights. Specifications of the RSR engine
are listed in Table 1. The RSR engine employs liquid
hydrogen (LH2) and liquid oxygen (LOX) as the fuel and
oxidizer, respectively, and generates 40 kN of thrust at 100%
throttling at sea level. The expander bleed cycle is employed.
Schematic of the RSR engine is shown in Fig. 1. In the
expander bleed cycle, a fuel turbopump (FTP) and an
oxidizer turbopump (OTP) are driven by hydrogen heated by
cooling the combustion chamber and nozzle wall.
Considering the reusability of the engine, chamber pressure
is set to 3.4 MPa, and specific impulse of 320 seconds is
achieved at 100% thrust. As this engine is designed for a
launch vehicle capable of vertical take-off and landing,
reignition and throttling from 40% to 100% are available to
change the trajectory and decelerate for returning to the
ground. A total of 54 firings was conducted in the static-firing
test of the RSR engine, and the engine was ignited 142 times.
More than 350 sensors were installed in both the RSR engine
and the ground facility. Details of the RSR engine and the
static-firing test are given in the references (Sato et al., 2014,
Kimura et al., 2016).
Table 1. Specifications of the RSR engine.
Propellant
Engine cycle
Throttling range, %
Thrust (sea level), kN
Specific impulse, sec
Chamber pressure, MPa
Mixture ratio

LH2/LOX
Expander bleed
40 - 100
40
320
3.4
6.0
LOX

LH2
FTP

OTP

pneumatic valve
electric valve

Figure 1. Schematic of the RSR engine.
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2, univariate time-series analysis is not an option because it
is impossible to identify sensor and system failure. Therefore,
bivariate time-series analysis that examines the relationship
between two sensors is employed.
Let 𝑥 be the measured value at time 𝑡 (𝑡 1,2, ⋯ , 𝑇) of
the 𝑖 sensor (𝑖 1,2, ⋯ , 𝑆). Time-series data measured by
sensor 𝑠 is represented by 𝒟
𝑥 ,𝑥 ,⋯,𝑥
. Here,
⊤ denotes transposition. Standardized time-series data
𝒟 , is evaluated based on the mean and variance of a
normal firing test. PCA is then applied to 𝒟 to extract the
features (modes) of 𝒟 . System and sensor noise are
potentially included in the measured value of the sensor.
Depending on the fault detection technique proposed so far,
it is important to remove noise in advance. While extracting
features (modes) using PCA entail the removal of
unnecessary fluctuations, it is equivalent to a noise filter. In
order to apply PCA to univariate time-series data 𝒟 , a
sliding window having the width of 𝑊 is applied for
extraction, according to Fujimaki et al. (2005). Let the set
of time-series data extracted by the sliding window at 𝑡 be
𝑥 ,𝑥 ,⋯,𝑥
, then a matrix 𝒟
𝒟
(a) 99%.

with a size of 𝑇
𝒟 ,𝒟 ,⋯,𝒟
obtained. PCA is applied to matrix 𝒟
𝑦

component score 𝒀

,𝑦

𝑊 1
𝑊 is
, and principal
,⋯,𝑦

of the 𝑚 mode is computed. In practice, sensor data will
appear on a non-linear hyperplane, and the kernel PCA is
essential to extract the proper feature vectors. However,
selection of the kernel function depends on the
characteristics of each sensor data, and it is almost
impossible to find the best kernel one by one. Therefore, the
kernel PCA is not employed in this study.
The 𝑚 principle component scores of sensors 𝑠 and 𝑠 are
plotted on the horizontal and vertical axes, respectively, and
a two-dimensional phase plane trajectory with time 𝑡 as a
𝑠 ,𝑠
𝒀
,𝒀
parameter
𝒪
𝑦

(b) 99.5%.
Figure2. SEM of 1st PCA mode for TT1F sensor failure
detection.
4. BIVARIATE TIME-SERIES ANALYSIS BASED ON PHASE
PLANE TRAJECTORY OF FEATURE VECTORS

This study aims to develop a fault detection technique for the
liquid-propellant rocket engine in a reusable launch vehicle
after landing to reduce maintenance activities for the next
flight. Considering the technical challenges listed in Section

,𝑦

, 𝑦

,𝑦

,⋯ 𝑦

,𝑦

is obtained. The phase plane trajectory 𝒪
𝑠 , 𝑠 shows
the relationship between sensors of 𝑠 and 𝑠 . Comparing the
shape of the phase plane trajectory between firing tests, it is
possible to find a firing test with an existing fault.
To compare the shape of the phase plane trajectory
𝒪
𝑠 , 𝑠 between firing tests, the difference in shape is
quantified as a degree of dissimilarity. There are several
methods to quantitatively evaluate the shape difference, such
as a complex autoregressive model (Kurita et al., 1994),
dynamic time warping (DTW) (Bahlmann and Burkhardt,
2004), and a convolution neural network. In this study, DTW
is employed. DTW is used for the recognition of speech and
handwriting due to its ability to perform pattern matching
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even for different waveforms by people. As described in
Section 2, the timing of the engine operational sequence
varies between flights or static-firing tests due to control
input. Individual differences of the engine and drift of the
operating conditions in the same engine also induce variation
of this timing. DTW is expected to evaluate the degree of
dissimilarity between firing tests with robustness, even in
those situations. 𝒪
𝑠 , 𝑠 and 𝒪
𝑠 , 𝑠 denote the
phase plane trajectories consisting of the 𝑚 mode of
sensors 𝑠 and 𝑠 for the two firing tests of 𝑅 and 𝑅 ,
respectively. 𝑅 is set to a normal firing test, and 𝑅
denotes the one of the 𝐾 firing tests (𝑘 1,2, ⋯ , 𝐾). Local
𝑠 , 𝑠 at 𝑡 and 𝒪
𝑠 , 𝑠 at 𝑡 ,
distance between 𝒪
expressed as 𝑔 , 𝑡, 𝑡 , is evaluated with the Euclidean
distance as follows:
𝑡, 𝑡

,

𝑦
Then
𝒪

,𝑦

the
𝑠 ,𝑠

𝑦

DTW

distance

, 𝐺

𝑅 ,𝑅

,

(1)

,𝑦
between 𝒪

𝑠 ,𝑠

and

, is obtained. Note that

𝒪
𝑠 , 𝑠 is resampled by the homogenous points of 4096
to standardize the length of the operational time.
After evaluating the DTW distance for all the firing tests
denoted
by
𝑮
, univariate
𝐺 , 𝑅 ,𝑅 ,𝐺 , 𝑅 ,𝑅 ,⋯,𝐺 , 𝑅 ,𝑅
methods for fault detection can be employed. In this study, 𝑮
assumes to follow the Gaussian distribution 𝒩, and anomaly
score 𝛼 of 𝑅 is defined as the negative log-likelihood:
𝛼 𝐺
≡

,

𝐾
𝐾

,

Computation of the DTW distance is a hot spot, as its order
of computational cost is 𝑂 𝑁 . Therefore, the current
method is mainly developed using Python 3, and only DTW
that is a hot spot is functionalized using Fortran90. And then,
the hyperplane ordering method (Fujino et al., 1991) is
applied to DTW for speed-up.
combustion pressure
filter

𝑅 ,𝑅
1
ln 𝒩 𝐺
1

,

𝑅 , 𝑅 |𝑮

(2)

As a result, the distribution of anomaly score 𝛼 follows the
F-distribution with parameters 1 and 𝐾 1 under Hotelling’s
T2 theory.
𝛼 𝐺

Hyperparameters appearing in this method are the size of the
sliding window 𝑊 , and the mode 𝑚 of PCA. The 1st
mode of PCA corresponds to a dominant feature of the data,
and usually has a low frequency component. The 2nd PCA
mode corresponds to an additional feature, and usually shows
high frequency fluctuation. Higher order modes than the 2nd
mode also appear in PCA analysis, however, in this study, the
1st and 2nd PCA modes are only employed for generating the
phase plane trajectory. The boundary between the 1st and 2nd
PCA modes depends on the size of sliding window 𝑊 .
Through the preliminary study, 𝑊 is fixed to 5 in the
following discussion.

𝑅 ,𝑅

~ℱ 1, 𝐾

1

(3)

If 𝐾 ≫ 1 , anomaly score 𝛼 follows the chi-square
distribution with a degree of freedom of 1 and scale factor of
1. However, Eq. (3) is employed in this study due to an
insufficient number of firing tests 𝐾.
The present bivariate time-series analysis is applied to the all
sensor combinations, the number of which is 𝐶 , and then
the fault detection results are visualized as a sensor-state
estimation matrix (SEM). Figure 2 shows an example of the
SEM for the RSR engine that will be discussed later in
Section 5.1. The rows and columns represent 𝑆 sensors. If

Combustion chamber pressure

𝑔

failure is detected for the combination of 𝑠 and 𝑠 , the
element corresponding to these two sensors shows a failure
signal. In the case of the RSR engine, the firing test number
in which the failure occurred is indicated with color. Note that
the diagonal and upper triangular elements are grayed out
because the SEM is symmetric. If sensor failure occurred at
𝑠 , all combinations associated with 𝑠 show the failure signal.
In the SEM, those signals will appear in a swath element. And
in case of system failure, more than one sensor shows failure,
and multiple relationships associated with those sensors are
broken. Therefore, the failure signal will appear here and
there in the SEM. As a result, the appearance of failure signal
in the SEM will enable sensor and system failure to be
distinguished.

-100

0

100

200

300

400

Time, sec

Figure 3. Time history of combustion pressure.
5. DEMONSTRATION USING RSR ENGINE TESTS
Although a total of 350 sensors were used in the static-firing
test, 62 sensors installed in the RSR engine are chosen in this
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5.1. Sensor Failure
During the static-firing tests, an abnormal event occurred at
one of the sheathed thermocouples installed at the inlet line
of the FTP turbine, represented as TT1F. During engine
operation, the sheath was vibrated by the fluid force of the
turbine driving gas due to failure of the sheathed
thermocouple, and then noise related to the Karman vortex
shedding from the sheath appeared in the measured value.
Figure 3 shows the engine operational sequence at the
occurrence of this event. In this firing test, the RSR engine
was ignited at 0 seconds, and initially started up at 40% thrust.
8 seconds after ignition, the thrust increased to 100% for a
duration of 10 seconds. Then the RSR engine was stopped.
After that, the RSR engine was repeatedly started up four
times at 100% thrust at intervals of roughly 40 seconds. In
the static-firing test of the RSR engine, 19 tests were
conducted with the same operational sequence. These tests
are represented as Run001 to Run019 here. The abnormal
event of TT1F occurred in Run008. Figure 4 shows a
comparison of abnormal data of TT1F at Run008 with typical
normal data at Run009. The result of Run008 only showed
fluctuation when the engine was operated at 100% thrust due
to failure of the sheathed thermocouple. It is also observed in
Fig. 4 that the timing at which the thrust after reignition
reaches 100% deviates depending on the firing test. As 62
sensors installed in the RSR engine are used here, there are
1,891 combinations of the 62 sensors
𝐶 . In each
combination, the degree of dissimilarity of the phase
trajectory is evaluated for 19 firing tests. The measured
results of the 62 sensors sampled at 100 Hz are extracted
between the time range shown by the dotted line in Fig. 3,
and then analyzed without any preprocessing, such as noise
filtering. It took about 50 minutes to analyze the 1,891
combinations of sensors for the 19 firing tests by using 10
cores of Intel Xeon E5-2643. Figures 2 and 5 show the SEMs
of the 1st and 2nd PCA modes, respectively, with the threshold
for anomaly scores of 99% and 99.5%. The nominal test case
𝑅 is set to Run018 for computing the DTW distance here.
The 62 sensors are listed in the rows and columns, and the
firing test number detected as a fault is identified as color in
each element. In case multiple tests are detected as failure,
the element is colored black. Otherwise, the element is
colored white. Because the noise that appeared in TT1F as
shown in Fig. 4 is related to the Karman vortex, the noise

appeared in both the 1st and 2nd PCA modes with a window
size 𝑊 of 5. The failure signals indicating Run008
successfully appear at the swath elements related to TT1F in
both the 1st and 2nd PCA mode results. Table 2 summarizes
the true positive rate (TPR), true negative rate (TNR), and Fscore. Note that a higher F-score was obtained in the results
of the 2nd PCA mode: 0.93 and 0.95 for the 99% and 99.5%
thresholds, respectively.
The combination of the TT1F and FTP turbine outlet
temperature, represented as TT2F, is picked up for detailed
discussion. Figure 4 also shows the time-series results of
TT2F for Run008 and Run009. The results show a normal
profile. Figure 6 shows a comparison of the phase plane
trajectories for the 2nd PCA mode of TT1F and TT2F,
𝒪 TT1F, TT2F , for the 19 firing tests. The phase plane
trajectory is colored by the time from engine ignition. The
difference in shape between the normal and fault tests is
obvious. The normal firing tests have a shape like a vertical
bar, whereas horizontal bars appeared in Run008. The
hierarchical clustering is applied to the degree of dissimilarity
between the phase plane trajectories of the 19 firing tests,
𝐺
Run018, 𝑅
𝑘 1, ⋯ ,17,19 , with the results
,
shown in Fig. 7. Note that Run008 largely deviates from the
other firing tests closely located together. Therefore, a fault
is considered to occur in Run008.

Run008, TT1F
Run008, TT2F

Run009, TT1F
Run009, TT2F

FTP turbin inlet/outlet temperature

study for demonstration of the present bivariate time-series
analysis. The sampling rate of all those sensors was 100 Hz.
As mentioned before, a total of 54 firings was conducted in
the static-firing test of the RSR engine. The present method
is applied to sensor failure that occurred in one of the 54
static-firing tests. The present method is also applied to the
system failure intentionally generated for demonstration of
the on-board health monitoring system (Kimura et al., 2016).
Through that demonstration, the capability of the present
method will be discussed.

-100

0

100

200

300

400

Time, sec

Figure4. Comparison of FTP turbine inlet and outlet
temperature profiles of normal and abnormal firing tests.
Table 2. Prediction results for TT1F sensor failure detection.
1st PCA
1st PCA
2nd PCA
2nd PCA
mode,
mode,
mode,
mode,
99%
99.5%
99%
99.5%
TPR
89.5%
97.2%
92.0%
98.0%
TNP
60.7%
50.8%
93.4%
91.8%
F-score
0.72
0.67
0.93
0.95
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Figure6. Phase plane trajectories 𝒪 TT1F, TT2F
19 firing tests 𝑘 1, ⋯ ,19 .

for

(a) 99%.

Figure7. Dendrogram of the degree of dissimilarity,
𝐺

(b) 99.5%.
Figure5. SEM of 2nd PCA mode for TT1F sensor failure
detection.
5.2. System Failure
In the series of static-firing tests, the inlet pressure of the FTP
inducer was intentionally decreased to demonstrate the onboard health monitoring system. The failure simulated here is
one of the major system failures leading to a catastrophe, such
as turbopump failure due to overspin. Figure 8 compares the

,

Run018, 𝑅

𝑘

1, ⋯ ,17,19 .

inlet pressure of the FTP inducer, represented as PIF1,
between abnormal test (Run022) and normal test (Run023).
In the normal test of Run023, PIF shows constant value
during 100 % thrust from 8 to 43 sec. While, in the abnormal
test of Run022, a fuel tank containing LH2 was intentionally
blown down to decrease PIF from 18 sec. (Kimura et al.,
2016).
The present bivariate time-series analysis is also applied to
that test as a demonstration of the system failure. In this
demonstration, 23 firing tests including the first engine
ignition from 0 to 30 seconds of Run001 to Run019 are
employed. In the additional firing tests of Run020 to Run023,
the thrust started up to 40% before going to 100% thrust,
same with Run001 to Run019. As mentioned above, Run022
corresponds to the test case with failure. Note that the sensor
failure of TT1F at Run008 is also included here. The chamber

6
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Run023, PIF1
Run023, PCIG
Run023, PIDF

Pressure in FTP, PIF1 and PIDF

Chamber pressure at igniter, PCIG

Run022, PIF1
Run022, PCIG
Run022, PIDF

-40

-20

0

20

40

60

80

100

Time, sec

Figure8. Comparison of pressure in FTP inlet and
combustion chamber of normal and abnormal firing tests.
pressure measured at igniter, represented as PCIG, is also
shown in Fig. 8. According to PCIG, duration of the operation
at 100% thrust is different between Run022 and Run023. The
RSR engine stops at 64 seconds for Run022, and 43 seconds
for Run023, respectively. The results of PCIG are almost
consistent with each other, although small peak is observed
at 3 seconds for Run023, and the value at 100% thrust of
Run023 is slightly higher than that of Run022, due to the
difference of the engine operational sequence. PIF1 increases
after engine ignition both at Run022 and Run023. In the
normal test of Run023, PIF1 shows a constant value while the
engine is operated at 100% thrust. On the other hand, PIF1
decreases gradually until the termination of the engine at 63
seconds in the abnormal test of Run022. The SEMs with the
threshold of 99.5% for the 1st and 2nd PCA modes are shown
in Fig. 9. Same with the previous discussion in Section 5.1,
Run018 is chosen as the nominal test case 𝑅 for
computing the DTW distance. It is observed in the result of
the 1st PCA mode shown in Fig. 9(a) that the failure signal
indicating Run022 successfully appears here and there in the
SEM. Especially, most of the combinations of PIF1 indicate
the failure signal, because the current system failure appears
directly on PIF1. Phase plane trajectory of 1st PCA mode
between PIF1 and PCIG 𝒪 PCIG, PIF1 is compared in
Fig. 10. Each phase plane trajectory is colored by the time
from engine ignition. Under normal conditions, the phase
plane trajectory is shaped as if two sticks are arranged
horizontally close to each other. Whereas, those two sticks
are located separately in the fault test of Run022. As shown
in Fig. 11, the hierarchical clustering is applied to the degree
of dissimilarity between the phase plane trajectories of the 23
firing tests in order to classify them. Note that Run022
deviates from the others, which indicates the possibility of
a fault. PIDF located at the FTP is also shown in Fig. 8. Since
PIDF shows the similar trend with PIF1, the combinations
with PIDF should also indicate failure at Run022. However,
as shown in Fig. 9(a), number of the combinations with PIDF

(a) 1st PCA mode.

(b) 2nd PCA mode.
Figure9. SEM with threshold for anomaly score of 99.5 %
for simulated system failure in FTP inducer.
indicating the failure signal of Run022 is less than that with
PIF1. According to Fig. 8, PIDF at Run023 shows a peak at
the time of engine shutdown. However, there is no peak at
Run022. The difference observed here originates in the
difference of the engine operational sequence. PIDF at four
tests of Run001, Run002, Run020, and Run021 also has no
peak at the time of engine shutdown. As a result, TNR is poor

7
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for the combinations with PIDF. The SEM for the 2nd PCA
mode is shown in Fig 9(b). Those sensor combinations
showing the failure signal of Run022 is limited. Since the
change in sensor value due to the system failure focused here
is slow, the change does not appear in the 2nd PCA mode. On
the other hand, the sensor failure of TT1F at Run008 is
correctly detected at the swath elements related to TT1F.
From the above discussion, it is proved that the present
bivariate time-series analysis has a capability to identify the
system failure. In addition, the ability to distinguish the
system and sensor failures from the SEM is demonstrated.

Figure11. Dendrogram of the degree of dissimilarity,
𝐺 ,
Run018, 𝑅
𝑘 1, ⋯ ,17,19, ⋯ ,23 .
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