
A Change Point Detection Integrated Remaining
Useful Life Estimation Model under Variable

Operating Conditions
Anushiya Arunan

Engineering Product Development
Singapore University of Technology and Design
Email: anushiya arunan@mymail.sutd.edu.sg

Yan Qin
Engineering Product Development

Singapore University of Technology and Design
Email: zdqinyan@gmail.com

Xiaoli Li
Institute for Infocomm Research

Agency for Science, Technology and Research
Email: xlli@i2r.a-star.edu.sg

Chau Yuen
School of Electrical and Electronics Engineering

Nanyang Technological University
Email: chau.yuen@ntu.edu.sg

Abstract—By informing the onset of the degradation process,
health status evaluation serves as a significant preliminary step
for reliable remaining useful life (RUL) estimation of complex
equipment. However, existing works rely on a priori knowledge
to roughly identify the starting time of degradation, termed
the change point, which overlooks individual degradation char-
acteristics of devices working in variable operating conditions.
Consequently, reliable RUL estimation for devices under variable
operating conditions is challenging as different devices exhibit
heterogeneous and frequently changing degradation dynamics.
This paper proposes a novel temporal dynamics learning-based
model for detecting change points of individual devices, even
under variable operating conditions, and utilises the learnt
change points to improve the RUL estimation accuracy. During
offline model development, the multivariate sensor data are
decomposed to learn fused temporal correlation features that are
generalisable and representative of normal operation dynamics
across multiple operating conditions. Monitoring statistics and
control limit thresholds for normal behaviour are dynamically
constructed from these learnt temporal features for the unsuper-
vised detection of device-level change points. The detected change
points then inform the degradation data labelling for training a
long short-term memory (LSTM)-based RUL estimation model.
During online monitoring, the temporal correlation dynamics
of a query device is monitored for breach of the control limit
derived in offline training. If a change point is detected, the
device’s RUL is estimated with the well-trained offline model for
early preventive action. Using C-MAPSS turbofan engines as the
case study, the proposed method improved the accuracy by 5.6%
and 7.5% for two scenarios with six operating conditions, when
compared to existing LSTM-based RUL estimation models that
do not consider heterogeneous change points.

Index Terms—Temporal dynamics learning, change point de-
tection, degradation analysis, remaining useful life estimation,
canonical variate analysis, long short-term memory network.

I. INTRODUCTION

Production efficiency and process safety of complex sys-
tems are contingent on individual devices operating reliably.
Accurate remaining useful life (RUL) estimation is a key
enabler of device reliability as condition based, and preventive
maintenance can be timely scheduled based on the RUL
information. Generally, the RUL of critical assets is defined as
the length of time from the current time to end of useful life,
i.e., complete failure [1]. An accurate RUL estimation provides
crucial guidance for early action to prevent downtime due to
unexpected breakdown.

With the advent of Industry 4.0 and the massive amount
of data generated from Industrial Internet of Things sensors,
research interest in data-driven RUL estimation models has
grown rapidly. These models are developed to capitalise on the
temporal nature of sensor data, and can be broadly grouped
into classical statistics-based models and deep learning based
approaches. In statistics-based models, Ordóñez et al. [2], for
instance, captured time dependence with a combined auto-
regressive integrated moving average - support vector machine
regression model for RUL estimation of engines. Wang et al.
[3] proposed a continuous hidden Markov model to extract
degradation state information from time sequences to feed
their RUL estimation model for milling tools. Zheng et al. [4]
utilised a sliding window approach to input time series sensor
data into an extreme learning machine based RUL estimation
model. However, some drawbacks of these approaches are
the inability and computational impracticality of accounting
for long-term time dependencies such as in Markov models
[3], and the lost time dependency information when sliding
windows are assumed to be independent of each other [4].



To address these shortcomings, deep learning approaches
have gained popularity in recent years as the backbone for
fault diagnosis and RUL estimation. These models have been
proposed for a range of critical equipment such as machine
bearings [5], [6], [7], [8], cooling systems [9], [10], engines
[11], [12], [13], [14], [15], and even batteries [16], [17],
[18], [19]. Particularly, the long-short term memory (LSTM)
architecture is of interest compared to standard recurrent
neural networks due to its ability to capture both short-term
patterns and long-term dependencies in time series via the
information-sieving mechanisms of the LSTM’s input, forget,
and output gates [20].

Despite the superior abilities of LSTM, existing RUL esti-
mation models often use simplifying assumptions or domain
knowledge-reliant literature values for modelling the RUL
progression through a machine’s lifetime [21], [22], [23],
[24], [25]. Generally, critical assets operate normally in the
beginning and the onset of degradation only occurs after an
uncertain time point, defined as the change point [26]. Taking
turbofan engines for instance, this non-linear progression of
RUL is often represented in a piecewise manner, where the
RUL is capped at a constant upper limit during initial operation
cycles, and only starts to decrease after some time in operation.
The upper RUL limit is typically capped using prior literature
values from operational experiments [27], [21], [22], [23],
[24]. However, an obvious shortcoming of such an approach is
the considerable domain expertise needed for selecting suitable
change points.

There have been a few budding research efforts recognising
the need for data-guided change point detection to improve
RUL estimation models. For instance, Wu et al. [28] utilise
a support vector machine-based anomaly detector to identify
the change point prior to an LSTM-based RUL estimation.
However, their method is evaluated on only a small test size
of 20 engines, and the work focuses solely on late-stage
RUL estimation (defined as the last 50 cycles before failure).
Meanwhile, Shi and Chehade [26] put forward a dual-LSTM
model to consider the heterogeneous change points of different
devices in their RUL estimation. The first LSTM model clas-
sifies if an engine is in a normal or degradation state to detect
the change point, while the second LSTM model performs the
RUL estimation. Their work similarly focuses on late-stage
RUL estimation, and though the RUL estimation performance
was promising for cases with single operating conditions, the
performance under multiple operating conditions is unknown.
Interested readers may also refer to Appendix A for a detailed
comparison of these existing works and our current work.

In practice, a device may experience variable and frequently
switching operating conditions, resulting in heterogeneous
degradation behaviour among different devices. Hence, it is
difficult to achieve accurate RUL estimation when individual
differences in degradation behaviour are overlooked. There-
fore, in this paper, we discuss and address the following two
crucial yet unsolved challenges:

• Variable operating conditions naturally produce disparate
degradation processes, resulting in different change points

for individual devices. However, current approaches of
degradation modelling still apply a prior knowledge-
reliant, fixed representation for all devices of the same
type. Particularly, existing works have not investigated
how specific change points of individual devices can be
identified from each device’s degradation behaviour, and
utilised for enhancing RUL estimation capabilities.

• Health status evaluation of whether a device is in nor-
mal operation or degradation state is an essential pre-
liminary step for developing reliable RUL estimation
models. However, existing degradation modelling studies
require well-labelled data to distinguish between different
states. As in-depth knowledge of underlying operating
conditions and labelled data are not always available,
supervised models can be unreliable when extended to
devices with different working principles. Thus, there is
an urgent need for an unsupervised, generalizable, and
data-driven method to account for dynamic degradation
behaviours within RUL estimation models.

To address these gaps thoroughly and handle the challenges
of variable operating conditions, we propose in-depth anal-
ysis of local temporal dynamics for health status evaluation
and change point detection, prior to an LSTM-based RUL
estimation model. Here, the local temporal dynamics is de-
fined as the short-term correlations between a limited number
of adjacent past and future lags of sensor measurements.
Notably, we successfully extract out generalisable temporal
variations that are representative of normal operation dynamics
across multiple operating conditions, by a novel leveraging
of canonical variate analysis (CVA), to automatically detect
change points based on significant changes to these temporal
variations. Specifically, latent local temporal correlations are
learnt and extracted from raw sensor measurements to dynam-
ically construct the monitoring statistics and control limit for
the unsupervised detection of device-level change points. The
change points then inform the degradation data labelling for
training the LSTM-based RUL estimation model, which is now
health-status cognizant. Using the trained model, an online
query device’s change point and RUL can be estimated for
early preventive action. Overall, the key contributions of this
paper are:

i) We introduce a novel temporal learning methodology for
analysing the latent temporal dynamics of sensor mea-
surements and tracking device degradation progression
under variable operating conditions.

ii) We propose a comprehensive and generalisable health
status-dependent RUL estimation model, where the RUL
estimation of individual devices is enhanced with precise
change point detection. Our unsupervised change point
detection method circumvents the need for domain ex-
pertise and ground-truth based labelling of train data.

iii) We validate the criticality of accounting for heterogeneous
change points of individual devices, especially complex
devices with multiple operating conditions, by achieving
5.6% - 7.5% improvement in RUL estimation accuracy.
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Fig. 1. Piecewise RUL function showing the relationship between the change
point and upper RUL limit value, using randomly selected engines of FD004
in the Commercial Modular Aero-Propulsion System Simulation dataset.

The remainder of the paper is organised as follows. Section
II describes the preliminaries for a better understanding of the
proposed method. Section III outlines the proposed method
for change point detection and RUL estimation. Section IV
discusses the data, experiments, and results. Finally, Section
VI concludes and highlights future research directions.

II. PRELIMINARY

This section builds the premise for change point integrated
RUL estimation and discusses the concept of change point and
the standard LSTM model to build the integrated framework.

A. Definition of Change Point

Heimes [27] is one of the first influential works to popularise
the use of a piecewise-linear function (i.e., constant RUL,
followed by a linearly decreasing RUL) to model a device’s
RUL progression throughout its lifespan. The need for repre-
senting a device’s degradation process in a piecewise manner
arises because its lifecycle can be broadly divided into two
states: a healthy, normally operating state and a degradation
state. During the initial operating cycles before the change
point, degradation is often negligible, and it can be reasonably
assumed that the RUL remains relatively unchanged (constant)
for practical modelling purposes. The device’s RUL only starts
decreasing distinctively when degradation begins after a yet-
to-be determined time point, termed the change point. As seen
in Fig. 1, the RUL is capped by an upper limit during normal
operation and diminishes only during the degradation state.
The change point marks the shift from normal operation to the
degradation state. As a side, the RUL is assumed to decrease
linearly after the change point in our work, following [27],
[21], [22], [23], [24], [29]. However, other variants such as
a non-linear RUL decay after the change point can also be
easily considered depending on the dataset characteristics and
domain application.

B. Change Point Integrated RUL Estimation

The piecewise RUL target label is a key input for RUL
estimation models. However, an important difference in the
existing approaches of constructing the piecewise labels is

that only fixed literature values of the upper RUL limit are
available for capping the RUL function, and thus, these values
are directly used [21], [22], [23], [24], [25]. Consequently,
the change points of individual devices are not explicitly
known or investigated. In contrast, a change point integrated
RUL estimation seeks to detect the change point first, and
then calculate the unique upper RUL limit for each device
following:

ymax
j = kmax

j − kcpj (1)

where ymax
j is the upper RUL limit for device j, given its

change point, kcpj and its maximum lifespan kmax
j .

The piecewise degradation data constructed from the learnt
change points is fed to the LSTM model discussed next to
form the change point integrated RUL estimation framework.

C. LSTM Model for RUL Estimation

An LSTM-based RUL estimation models the non-linear
relationship between input sensor data and the piecewise RUL
labels (i.e., degradation data). A basic LSTM unit is a cell with
three gates (input, forget and output) to sieve information flow
through the cell. LSTM is a recurrent network as both its cell
state ck and hidden state, hk at time k holds the memory
from the previous cell state, ck−1, hidden state hk−1 and
input xk [20]. The predicted RUL ŷk is determined by hk.
For interested readers, further details of the standard LSTM
architecture can be found in [20].

III. CHANGE POINT DETECTION INTEGRATED MODEL
FOR REMAINING USEFUL LIFE ESTIMATION

The change point detection integrated RUL estimation
model can be divided into offline modelling and online
monitoring. In offline modelling, a change point detection
model first analyses the local temporal dynamics of sensor
measurements to learn the start time of degradation, i.e.,
the change point. Then, the learnt change points are utilised
to calculate upper RUL limit values for transforming the
RUL labels of a device as a piecewise function. With the
transformed labels, an LSTM model is developed and trained.
During online monitoring, a query device is monitored for the
occurrence of a change point and its RUL is estimated with the
offline trained models. The steps of the proposed methodology,
from change point detection to RUL estimation, are detailed
below, and summarised in Fig. 2.

A. Change Point Detection using Temporal Correlations

Conventionally, CVA is used for finding associations be-
tween two multivariate datasets, where the multiple variables
in each dataset are considered as a whole. For multiple
variables to be considered as a whole, the variables are trans-
formed via appropriate linear combinations (i.e., projections)
to a fused latent variable, termed the canonical variate [30].
In this paper, we capitalise CVA’s association finding ability
in an innovative way to create an in-depth temporal dynamics
monitoring model for detecting degradation change points.
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Fig. 2. Overall structure of proposed change point detection-based RUL estimation method.

1) Modelling of Local Temporal Correlations during Nor-
mal Operation: The procedure for building and training the
CVA-based temporal learning model are outlined next. A
training set of sensor data during normal operation is required
to calculate the canonical variate matrices, health monitoring
statistics, and a Control Limit (CL), which acts as an upper
threshold for the monitoring statistics. The monitoring statis-
tics of any new test data can be compared against the CL value
previously calculated with the normal operation training data
to detect statistically significant breaches above the CL, and
consequently, the change point at which degradation begins.

To prepare the training data of each device for capturing
the significant latent temporal correlations amongst the sensor
measurements, we start with the feature matrix of sensor data
obtained during normal operation, X ∈ Rm×N , consisting
of m sensor variables (e.g., temperature, pressure) and N
time series observations. To relate the temporal correlations
of multiple sensor data, the past and future vectors, xp,k and
xf,k are formed by expanding each sensor measurement at
time cycle, k by p past lags and f future lags:

xp,k =
[
xk−1,xk−2, . . . ,xk−p

]T ∈ Rmp

xf,k =
[
xk,xk+1, . . . ,xk+f−1

]T ∈ Rmf
(2)

where p and f represent the number of lags of sensor mea-
surements used for the temporal correlation modelling.

The final step of training data construction is concatenating
xp,k and xf,k vectors in the variable-wise direction to form
the comprehensive past and future matrices, Xp and Xf :

Xp =
[
xp,p+1,xp,p+2, . . . ,xp,p+Ñ

]
∈ Rmp×Ñ

Xf =
[
xf,p+1,xf,p+2, . . . ,xf,p+Ñ

]
∈ Rmf×Ñ

(3)

where p = f and Ñ = N – f – p +1 for N observations.
The data in Xp and Xf are standardised to zero mean

and unit variance with respect to each sensor variable to

prevent large values from skewing subsequent calculations.
The transformation matrices required to calculate the canonical
variates are derived from the singular value decomposition
(SVD):

Σ
−1/2
ff ΣfpΣ

−1/2
pp = UDVT ∈ Rmf×mp (4)

where Σ
−1/2
ff and Σ

−1/2
pp are the covariance matrices of Xf

and Xp respectively, and Σfp is the cross-covariance matrix
of Xf and Xp; U and V are the left and right singular
matrices respectively, and D is a diagonal matrix of non-
negative singular values.

The system canonical variates, i.e., the dominant variates
with large correlations, Z and the residual variates with low
correlations, E are calculated as the linear combinations of Xp

by applying the respective transformation matrices, VT
r Σ

−1/2
pp

and
(
I−VrV

T
r

)
Σ

−1/2
pp to Xp:

Z = VT
r Σ

−1/2
pp Xp ∈ Rr×Ñ (5)

E =
(
I−VrV

T
r

)
Σ−1/2

pp Xp ∈ Rmp×Ñ (6)

where r is the number of system canonical variates.
The changes in canonical variates at each time cycle k is

quantitatively measured by two health monitoring statistics,
which are the Hotelling T 2 statistic and Squared Prediction
Error Q statistic. The T 2 and Q statistics are complementary as
T 2 captures the total variation of the system canonical variates,
while the Q statistic measures the variations of errors in the
residual space:

T 2
k =

r∑
i=1

z2i,k (7)

Qk =

mp∑
i=1

ε2i,k (8)

where zi,k and εi,k are the elements in row i and column k
of the respective canonical variate matrices Z and E.



Algorithm 1 Unsupervised change point detection
Input: Test data, Xtest from time, τ till end of life, kmax

Control limits from normal operation, CLT2 and CLQ

Output: Change points, kcp
T2 and kcpQ

Initialise sampling time, k = τ
1: Construct Xtest

p using Eq. (3)
2: Determine Ztest and Etest using Eqs. (9) and (10)
3: for k = τ to kmax do
4: Calculate T 2

k−test and Qk−test using Eqs. (11) and (12)
5: end for
6: Determine change point, kcp

T2 based on T 2
k−test:

7: Initialise k = τ
8: while (k ≤ kmax) do
9: if T 2

k−test(k) ≥ CLT2 for all k till kmax then
10: return k = kcp

T2

11: break
12: else
13: k = k + 1
14: end if
15: end while
16: Repeat steps (7) through (15) to determine change point, kcpQ based on

Qk−test using corresponding control limit CLQ

Lastly, the statistically significant CL values for the health
monitoring statistics are calculated. For instance, at a statistical
significance level of α = 0.99, the CL establishes an upper
threshold value, below which 99% of T 2 and Q statistic
sample values will fall during normal operation. To calculate
the CL of T 2 and Q, their probability density functions has
to be established. As non-linear systems may not follow a
Gaussian distribution, the probability distribution of T 2 and Q
is modelled using Kernel Density Estimation following [30].
The CL values for T 2 and Q, defined as CLT 2 and CLQ,
are then obtained by solving P

(
T 2 < CLT 2

)
= α and

P
(
T 2 < CLQ

)
= α, respectively.

2) Unsupervised Change Point Detection: With the CL
values calculated using training data from normal operation,
we can assess the remaining sensor data Xtest ∈ Rm×N of a
device, containing time series sensor data from normal oper-
ation and degradation states, to identify its change point. The
change point detection strategy is summarised in Algorithm 1,
and the detailed steps are discussed henceforth.

First, the lagged past matrix Xtest
p is constructed following

Eq. (3). Next, similar to the approach for training data in Eqs.
(5) through (8), the canonical variates and monitoring statistics
T 2 and Q are calculated for the test data as follows:

Ztest = VT
r Σ

−1/2
pp Xtest

p ∈ Rr×Ñ (9)

Etest =
(
I−VrV

T
r

)
Σ−1/2

pp Xtest
p ∈ Rmp×Ñ (10)

T 2
k−test =

r∑
i=1

z2i,k−test (11)

Qk−test =

mp∑
i=1

ε2i,k−test (12)

where zi,k−test and εi,k−test are elements in row i and column
k−test of the respective matrices Ztest and Etest.

The monitoring statistics T 2 and Q of the test data are
compared against the control limits CLT 2 and CLQ calculated

previously during normal operation. Monitoring statistics val-
ues below the control limit indicate normal operations, while a
continuous breach above the CL threshold indicates some fault
development and a shift into a degradation state. In practice,
there is typically a time period, where the monitoring statistics
fluctuate above and below the CL threshold before the engine
actually starts to degrade. We name this period the “transition
period”. Thus, to ensure that an accurate onset of degradation
that is past the transition period is captured, the change point,
kcp is defined as the first time point at which a continuous and
consistent breach above the CL starts. The change points are
deemed to occur when either the T 2 or Q monitoring statistics
continuously exceed their respective CL values, and they are
determined by solving for kcpT 2 and kcpQ :

T 2
k−test

(
kcpT 2

)
≥ CLT 2 ∀ k ∈

[
kcpT 2 , k

max
]

(13)

Qk−test

(
kcpQ

)
≥ CLQ ∀ k ∈

[
kcpQ , kmax

]
(14)

where kcpT 2 and kcpQ are the change points based on T 2 and Q
statistics respectively, and kmax is the device lifespan.

B. Change Point Integrated RUL Estimation using LSTM

This section discusses how the learnt change points from
Section III-A2 are holistically utilised to enhance the quality
of the input data used for training our change point integrated
RUL estimation model. The input data consists of two in-
terconnected components, the sensor features and the ground
truth RUL labels, which have to be considered concurrently
when accounting for the change points within the modelling
process. We detail this change point-informed generation of
the RUL labels and pre-processing of sensor features in the
two subsequent sections.

1) Change Point-informed RUL Label Generation: To gen-
erate the RUL labels, we take inspiration from Heimes’s
seminal experiments [27] to adopt a piecewise-linear model
(i.e., constant RUL prior to the start of degradation, followed
by a linearly decreasing RUL till complete failure). In most
existing papers on turbofan engines for instance, a constant
value of 130 [21], [11] is recommended as the upper RUL
limit for all devices, even under variable operating conditions.
In contrast, learning the change point of individual devices
allows for the unique RUL upper limit to be determined
for each device according to Eq. (1). Fig. 1 illustrates the
relationship between the change point and the upper RUL
limit. For example, Engine 116 of the FD004 dataset in
the Commercial Modular Aero-Propulsion System Simulation
(C-MAPSS) turbofan engine degradation dataset [31] has a
maximum lifespan of 344 cycles and a change point at around
240 cycles. Therefore, its upper RUL limit will be 104.

After the change point, the choice of a linear or non-linear
model for the RUL labelling depends on the equipment type
and the characteristics of the generated data. In our work,
we assume a linear decay of the RUL after the change point
based on the well-studied suitability [21], [22], [23], [24] of
this assumption for our downstream case study. However, it
should be noted that our data-driven change point detection
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methodology is designed to detect departures from normal
operation behaviour solely from the sensor data’s temporal
dynamics. It does not assume any underlying model for the
RUL decrease after the change point, and thus, it can be easily
applied to other domains and datasets experiencing a non-
linear RUL decay after the change point.

2) Change Point-informed Sensor Data Standardisation:
Feature scaling is a standard data pre-processing procedure
required before inputting features to an LSTM model. This
prevents variables with relatively large values from dominating
and skewing model training and convergence. A popular
standardisation technique is Z-score normalisation [21], where
each sensor variable is scaled to have zero mean and unit
variance.

In our work, we enhance the Z-score normalisation process
with the learnt change points to perform a piecewise stan-
dardisation of the sensor data. First, the mean and standard
deviation the of sensor data before the change point (i.e., data
in normal operation) are calculated, and these values are used
to standardise the entire sensor data of both train and test
devices. This normal operation based standardisation allows
the sensor data variations experienced during the degradation
state to be better contrasted and amplified against normal
operation variations.

The aforementioned change point integrated feature data is
then segmented into smaller sequences of length L using a
sliding window approach, as shown in Fig. 3. The window is
shifted through the entire feature data by a step size of 1 at
a time. This generates smaller sequence segments, which are
consecutively fed into an LTSM network, together with the
piecewise-constructed RUL labels, to model the relationship
between the feature data and the RUL. The proposed LSTM
model consists of 3 stacked layers to increase its capacity
to learn important, latent dependencies in the change point-
informed input data that can aid accurate RUL estimation.
The model is trained to minimise the loss function, the mean
squared error of the predicted RUL and true RUL labels, and
subsequently, the trained model can be utilised to predict the
RUL of any new query device.

C. Online Change Point Detection and RUL Estimation

With the well-trained change point detection and RUL
estimation models, any query sample Xquery can be monitored
for change point detection and RUL estimation. The online
monitoring scheme is summarised stepwise below.

1) Online Temporal Correlation Extraction: Given a query
sample Xquery ∈ Rm×N from a device, its past lagged
matrix is constructed using Eq. (3). Next, the local temporal
correlation features are extracted for the calculation of T 2

k and
Qk monitoring statistics following Eqs. (9) to (12).

2) Online Change Point Detection: The calculated T 2
k and

Qk statistics are checked against their respective control limits,
CLT 2 and CLQ, established in Section III-A1, to assess if the
queried sample falls under normal operation. If the T 2

k and
Qk statistics remain below the CL, the device is operating
normally. It is continued to be monitored with no further
action. In contrast, if the T 2

k or Qk statistics continuously
exceed the CL, the device is no longer operating normally. To
safely conclude this shift from normal operation to degradation
state, the number of time cycles λ that the T 2

k or Qk statistics
need to continuously breach the CL should be at least as high
as the maximum number of consecutive time cycles the breach
occurs for during normal operation and, in any transition
period to the degradation state:

λ = argmax
∆k

{
T 2
k ≥ CLT 2 ∀ k ∈ [k, k +∆k]

Qk ≥ CLQ ∀ k ∈ [k, k +∆k]
(15)

where ∆k is the largest increment in time period that the CL
breach is sustained for. Following the breach, the change points
kcpT 2 and kcpQ are detected according to Eqs. (13) and (14).

On a related note, there could be other domain applications
in practice, where detection of multiple change points is
desired. In such cases, the value of ∆k can be appropriately
tweaked based on observed normal operation behaviour to
fine-tune the sensitivity of the system to detect multiple change
points.

3) Online RUL Estimation: If a change point is detected,
this indicates the onset of degradation, and an RUL estimation
is necessary for planning preventive maintenance. The feature
data of the queried sample is processed by piecewise stan-
dardisation and sliding window based sequence segmentation
before it is fed into the LSTM-based RUL estimation model.

At this juncture, it should also be highlighted that, in indus-
trial processes, data drifts (i.e., changes in data distribution of
incoming query data) may gradually occur over time due to
factors such as replacement of ageing equipment or changes in
operational procedures. As the change point detection model is
designed to generalise well over variable operating conditions,
we expect our change point integrated RUL estimation model
to be reasonably robust against minor data drifts in the near-
term.

However, over the long term, substantial data drifts could
occur, thus, it is prudent to establish a data and model
monitoring pipeline. Incoming test data should be periodically
assessed for possible changes in data distributions through
standard statistical approaches (e.g., Kolmogorov-Smirnov test



[32], Kullback Leibler divergence [33], etc.). If substantial data
drifts occur, the CLs may no longer be representative of the
new normal operating conditions. This can be easily remedied
offline by retraining or updating the original model with
the newly available data to learn the latest normal operating
conditions or new fault patterns.

IV. EXPERIMENTS AND RESULTS

This section assesses the change point detection and RUL
estimation performance of the proposed temporal learning
model, using the benchmark C-MAPSS turbofan engine degra-
dation dataset [31]. For a fair comparison, performance eval-
uation is carried out by comparing against LSTM-based deep
learning models [21], [22], [23], [24], [25].

The benchmark C-MAPSS turbofan engine degradation
dataset consists of 4 sub-datasets, FD001 to FD004. Each sub-
dataset has a varying number of engines, fault modes, and
operating conditions. Within each sub-dataset, there is a further
division into train and test engines. The dataset is summarised
in Table I. FD001 is the simplest sub-dataset with engines
experiencing 1 operating condition and 1 fault mode, while
FD004 is the most complex with 6 operating conditions and
2 fault modes. In the dataset, there are 21 sensor variables
(e.g., temperature, pressure) recorded for each operational time
cycle of the engine. For the train engines, the time series
sensor data are collected from normal operation until system
failure. For the test engines, the data are available up to only
some random time before failure. The test engines are used
to predict the RUL, i.e., number of remaining operational
cycles before failure. As the train engine dataset is a time
series of operational cycles from normal operation until failure,
the maximum number of operational cycles (lifespan) of each
engine can be deduced. For instance, in FD001, the lifespan
of engines ranged from 128 to 362 cycles.

A. Change Point Detection using Temporal Correlations

Existing benchmark studies on turbofan engine degradation
have extensively discussed which sensors of the C-MAPSS
dataset should be selected as features for model training.
According to these literature [22], [28], [26], only sensor
signals with either increasing or decreasing trends should be
selected for model development. Sensors that exhibit erratic
trends or remain constant over time do not provide useful
information about the degradation process and, therefore, can
be excluded as features. To guide our sensor selection process,
we employ knowledge from existing literature and our own
testing with exploratory, trend-checking plots of the sensor
readings. Among the four datasets, FD001 and FD003’s sensor
signal patterns are similar because these datasets only contain
engines experiencing a single operating condition. For FD001
and FD003, sensors 1, 5, 6, 10, 16, 18, and 19 are excluded as
features because these sensor readings largely remain constant
with zero variation, as shown in the representative sensor
signal plots of Fig. 4. On the other hand, datasets FD002
and FD004 consist of engines experiencing multiple operating
conditions. Hence, their sensor signal patterns, as reasonably
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Fig. 4. Sample of uninformative sensor readings with constant values for
randomly selected engines from FD001 and FD003, and with erratic, range-
bound patterns for randomly selected engines from FD002 and FD004.

expected, differ from that of FD001 and FD003. For FD002
and FD004, sensors 10, 13, 16, 18, and 19 are dropped
from being features because they have erratic, range-bound
measurements with no obvious increasing or decreasing trends,
as shown in the representative sensor signal plots of Fig. 4.

1) Modelling of Local Temporal Correlations during Nor-
mal Operation: To recap, the change point detection model
has to be first trained on normal operation data to be able to
detect statistically significant deviations from normal operation
and degradation change points for new test samples that have
both normal operation and degradation conditions.

For model training, the train engine dataset is used. As this
dataset, naturally, does not label sensor data by whether it is
from normal operation or not, some reasonable assumptions
are needed. First, engines with relatively lengthy lifespan of
at least 200 operational cycles are selected to ensure there
is sufficient time series data for the training, validation, and
testing phases. Interested readers may refer to Appendix B for
details leading to the choice of 200 cycles as the minimum
lifespan of train engines. This subset of engines still represents
a sizeable dataset for the development of a robust change point
detection model as nearly 50% or more of the train engines
have a lifespan of at least 200 cycles (refer to the distribution
of train engine lifespan in Table I). For the remaining engines
with a lifespan of less than 200 cycles, whose change points
are not determined by the detection model due to data size
insufficiency, we adopt the commonly used literature value
of 130 cycles [21] as the RUL upper limit for the piecewise
modelling of RUL target labels in the later Section IV-B1.

For the engines with a lifespan of at least 200 cycles,
sensor data from first 60 operational cycles of each engine are
assumed to be from normal operation. The lagged sensor data,
using p past lags and f future lags, are computed using Eqs.
(2) and (3). Typically, p and f have the same values and their



TABLE I
DESCRIPTIVE SUMMARY OF C-MAPSS DATASET.

Dataset FD001 FD002 FD003 FD004

Operating conditions 1 6 1 6

No. of train engines 100 260 100 249

No. of test engines 100 259 100 248

Fault components High pressure compressor High pressure compressor High pressure compressor and fan High pressure compressor and fan
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optimal values, i.e., statistically significant number of time
lags are determined by comparing the autocorrelation function
of the summed squares of the measurements in the training
data against a certain confidence interval[34]. However, due
to the limited size of normal operation data available in the
C-MAPSS dataset, a smaller value of 2 is used for the number
of p and f lags in our construction of past and future matrices.
Hence, the temporal correlations extracted are termed local.
The lagged sensor data matrices are transformed via Eqs. (5)
through (8) to calculate the monitoring statistics, T 2 and Q.
The optimal number of system canonical variates r to calculate
T 2 and Q is determined based on the downstream RUL
estimation performance, and it is discussed in greater detail in
Section IV-B4. For FD001 to FD003, r = 15 resulted in the
best RUL estimation performance, whereas, for FD004, which
has multiple fault modes and operating conditions, r = 21
yielded the best RUL estimation.

The CL of the T 2 and Q statistics is calculated based on
a 99% confidence interval. When the monitoring statistics are
consistently above the CL for normal operation, we deduce
that degradation has begun. To ensure that the first 60 cycles
indeed fall under normal operation, the next 20 cycles are
taken as validation data and monitored against the previously
calculated CL threshold. Using Engine 116 as an example from
the most complex FD004 dataset, Figs. 5(a) and 5(b) show that
the T 2 and Q statistics for training and validation operational
cycles are mostly below the CL with a 99% confidence bound,
which is expected from operating data in normal operation.
This pattern of the T 2 and Q statistics falling within the 99%
CL during validation cycles was observed for all train engines
studied as well, leading to the reasonable conclusion that the
first 80 cycles represent a state of normal operation.

2) Unsupervised Change Point Detection: Remaining op-
erational cycles after the first 80 cycles (60 training and 20
validation cycles) are used as testing cycles containing a yet
to be determined change point at which the engine begins
to degrade. Fig. 6 plots the testing cycles of three engines
selected from FD002 to FD004, which have multiple operating
conditions and/or multiple fault modes. Engines of similar
lifespan (341 to 344 cycles) were chosen for a fair comparison.
Interestingly, the monitoring statistics T 2 and Q fluctuate
about the CL threshold for some time, previously termed the
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Fig. 5. Monitoring statistics, T 2 and Q during normal operation with six
operating conditions (a) first 60 operational cycles, and (b) next 20 operational
cycles for Engine 116 of FD004.

transition period in Section III-A2, before breaching the CL
and increasing steadily away from it.

The change point is the latest time cycle at which the T 2

and Q statistics permanently breach the CL and stay above it.
The T 2 and Q statistics each yield a change point. The earlier
change point of the two values is used to inform the subsequent
labelling of the piecewise RUL function for the LSTM-based
RUL estimation. Taking Engine 116 of FD004 in Fig. 6(c) as
an example, the earlier change point, 240 is selected over the
later one, 249. It is reasonable to choose the earlier change
point as early warning is preferred in practice to take timely
preventive maintenance. It is also worth noting from Fig. 6
that although the three engines selected have similar lifespan,
their change points detected are appreciably different due to
the varying operating conditions and fault types.

The calculated change points of each engine in the FD002
and FD004 datasets are plotted against the backdrop of their
lifespans in Fig. 7. As expected, the change point occurs
at later cycles (indicated by larger change point values), for
engines with longer lifespans. For engines with a lifespan
less than 200 cycles, their change points are monotonically
decreasing with respect to their lifespans, because we use a
fixed upper RUL limit of 130 cycles as explained earlier.
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Fig. 6. Monitoring statistics, T 2 and Q during remaining operational cycles till end of life (test cycles) for (a) Engine 118 of FD002, (b) Engine 86 of
FD003, and (c) Engine 116 of FD004.

B. Change Point Integrated RUL Estimation using LSTM
1) Data Preparation: Before the online RUL estimation,

the change point-informed data processing steps discussed in

Sections III-B1 and III-B2 are performed. First, RUL labels
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of the train engines are processed as a piecewise function.
The test engine dataset forms the query devices used for

online RUL estimation and performance evaluation. Since the
train engine RUL labels were processed in a piecewise manner,
the test engine labels are similarly capped with an upper limit.
As the C-MAPSS test engine dataset is a static snapshot of
sensor data up till a random time before failure, it is not
possible to determine change points for the test engines using
the online model in Section III-C as it would be the case
for a live and continuous stream of query samples. Thus,
the literature value of 130 cycles is adopted for the upper
RUL limit for the true and estimated RUL of the test engines
following [11]. Finally, the sensor data of both train and test
engines are scaled by the change point-informed piecewise
standardisation described in Section III-B2.

2) RUL Estimation: For the LSTM network for RUL esti-
mation, there are already a large number of papers discussing
the best architectures for the C-MAPSS dataset. We use the
wealth of information available as a start, and verify it with our
own testing to construct the our LSTM network with optimised
parameters. There are several key hyperparameters that affect
the RUL estimation performance. Table II summarises the
search space considered for the hyperparameter values and the
selected hyperparameter configurations for FD001 to FD004.
We discuss some of the notable hyperparameters below.

First, the input sequence length (i.e., the maximum time
steps fed to the LSTM cell) is an important factor affecting
the learning of temporal dependencies, and consequently, the
RUL estimation performance. While longer sequences can
provide more contextual information to the model, there is
also a risk of model overfitting if sequences are too complex
relative to the available training data size [35]. Furthermore,
the optimal sequence length is often specific to the dataset and
learning task [35], [21]. Thus, we assessed a reasonable range
of candidate sequence length L ∈ {30, 40, 50} and L = 50
yielded the best RUL estimation for FD001 to FD004.

The next set of hyperparameters, the number of stacked
LSTM layers and the number of hidden neurons in a layer,
define the LSTM network. Generally, as the number of LSTM
layers (i.e., depth of the network) increases, the model’s ability

to learn more complex, latent relationships between feature
variables increases, and thus, the RUL estimation performance
may increase if it depends on these relationships. However,
adding layers beyond a certain point eventually erodes model
performance due to issues such as model overfitting and van-
ishing gradients in the backpropagation process [36]. For our
work, a 3-layer LSTM model yielded the best RUL estimation
performance. We discuss the impact of the number of layers on
the RUL estimation performance as a sensitivity analysis later
in Section IV-B4, and focus here on the role of the optimiser in
combating challenges such as vanishing gradients, appropriate
learning rates, and slow convergence in deep networks. We
assessed both RMSProp [37] and Adam [38] as optimisers. In
our experiments, RMSProp, with its ability to adaptively tune
the learning rates for the model parameters based on historical
gradient information, was found to yield better RUL estimation
performance and faster convergence (in 30 epochs).

For the number of hidden neurons, Bengio et al. [39] rec-
ommends an overcomplete first hidden layer (i.e., a size larger
than the input vector dimension) for better generalisability
and model performance. Thus, we start off with 256 hidden
neurons in the first layer, consistent with [28] and try different
configurations for the remaining layers as shown in Table II.
Nonetheless, as the number of model parameters increases
with deep layers, model overfitting becomes a concern. Thus,
we add dropout [40] layers in between the LSTM layers as an
important regularisation technique to prevent model overfitting
and enhance its generalisability. The dropout ratio specifies
the portion of hidden neurons to be randomly dropped out
(i.e., excluded) during the training process, thus, inducing the
remaining neurons to learn the needed representations for the
predictions independent of the randomly dropped neurons. As
seen in Table II, candidate dropout ratios considered were
{0, 0.1, 0.2} , where 0 denotes no dropout. The models for all
datasets from FD001 to FD004 benefited from the inclusion
of dropout, corroborating the crucial role of regularisation in
deep networks. For example, the LSTM network for FD001
performed best with a dropout ratio of 0.2 for the first layer
and 0.1 for the second layer.

To complete the RUL estimation model, the LSTM layers
are combined with a fully connected output layer that decodes
the learnt feature representations into a predicted RUL value.
The model was trained for 30 epochs as it was sufficient to
achieve good convergence and prediction performance on test
engines. The performance of the RUL estimation model is
evaluated based on two commonly used benchmark metrics,
Root Mean Square Error (RMSE) and, the Score Function
(SF) [31]. The SF is asymmetric and gives a larger penalty
for overestimating the RUL as this can lead to delayed
maintenance or even system failure.

3) RUL Estimation Performance: In this section, we eval-
uate the RUL estimation performance of our change point in-
tegrated model against an extensive set of benchmarks. These
benchmarks range from vanilla LSTM[21] to its state-of-the-
art variations[11], [43], but, all still employ fixed literature
values for the piecewise RUL construction. The results, in



TABLE II
HYPERPARAMETER SELECTION FOR LSTM-BASED RUL ESTIMATION MODEL.

Hyperparameters Search space FD001 FD002 FD003 FD004

Sequence length {30, 40, 50} 50 50 50 50
LSTM layers {1, 2, 3} 3 3 3 3
Hidden neurons {32, 64, 100, 128, 256} (256,128,32) (256,128,32) (256,100,32) (256,100,32)
Dropout ratio {0, 0.1, 0.2} (0.2, 0.1) (0.1, 0.1) (0.2, 0.1) (0.1, 0.1)
Learning rate {0.01, 0.001} 0.001 0.001 0.001 0.001

Optimiser RMSProp, Adam RMSProp RMSProp RMSProp RMSProp

TABLE III
PERFORMANCE COMPARISON BETWEEN PROPOSED METHOD AND EXISTING ALGORITHMS (BEST IN BOLD, SECOND-BEST UNDERLINED).

Type Method
FD001 FD002 FD003 FD004

RMSE SF RMSE SF RMSE SF RMSE SF

Conventional
Regressors

RF [14] 17.91 479.75 29.59 70456.86 20.27 711.13 31.12 46567.63

LASSO[14] 19.74 653.85 37.13 276923.89 21.38 1058.36 40.70 125297.19

XGBoost[41], [42] 15.26 343.60 NA2 NA2 19.33 943.76 NA2 NA2

LSTM-based Deep
Learning

LSTM [21] 16.14 338.00 24.49 4450.00 16.18 852.00 28.17 5500.00

A-LSTM [22] 14.53 322.44 NA2 NA2 NA2 NA2 27.08 5649.14

Bi-LSTM [23] NA2 NA2 25.11 4793.00 NA2 NA2 26.61 4971.00

BS-LSTM [24] 14.89 481.10 26.86 7982.00 15.11 493.40 27.11 5200.00

CNN-LSTM [25] 14.40 290.00 27.23 9869.00 14.32 316.00 26.69 6594.00

MC-LSTM[11] 13.71 315.00 NA2 NA2 NA2 NA2 23.81 4826.00

Cap-LSTM[43] 12.27 260.00 17.79 1850.00 12.55 217.00 22.05 4570.00

Att-LSTM [44] 13.95 320.00 17.65 2102.00 12.72 223.00 20.21 3100.00

GA-CNN-LSTM [45] 15.92 NA2 22.87 NA2 17.26 NA2 26.32 NA2

GM-LSTM [46] 14.08 308.00 18.59 1880.00 12.15 221.00 20.91 2633.00

ChangePoint-LSTM (Ours) 13.59 224.88 16.67 947.99 12.94 207.10 18.69 1360.34

Improvement1 - 13.51% 5.55% 48.76% - 4.56% 7.52% 48.33%

1 The improvement calculated by comparing proposed model performance against the best-performing benchmark.
2 NA is short for not applicable as the results are not provided in cited paper.

terms of RMSE and SF metrics, and the percentage improve-
ment over the best-performing benchmarks are presented in
Table III. Given the standardisation of the comparison to solely
LSTM-based deep learning models, the analysis can also be
likened to an ablation study, with results highlighting the
impact of accounting for heterogeneous change points in RUL
estimation.

As seen from Table III, our model’s performance is ex-
tremely competitive, even against recent state-of-the-art vari-
ations of LSTM. Although our model only utilises a vanilla
LSTM architecture, it consistently outperforms other advanced
LSTM benchmarks, in terms of SF, a metric of greater prac-
tical significance due to its higher penalty for overestimating
the RUL. Furthermore, our model’s notable outperformance, in
terms of both RMSE and SF, for the more complex FD002 and
FD004 datasets suggests that factoring in individual change
points before RUL estimation is especially important for
devices working under variable operating conditions. For these
devices, utilising fixed literature values for the upper RUL
limit may be inadequate in capturing the complex degrada-
tion processes occurring under variable operating conditions.
Instead, our results suggest that accounting for heterogeneous
starting points of degradation is crucial for achieving accurate
and reliable RUL estimation.

Fig. 8 plots the predicted RUL against the true RUL of each
engine for an in-depth look into the prediction performance.
Particularly, for FD003, the RUL prediction does well for both
engines in early operation cycles (true RUL values are large)

0 20 40 60 80
0

50

100

FD001

Predicted RUL
True RUL

0 20 40 60 80
0

50

100

FD003

Predicted RUL
True RUL

0 50 100 150 200 250
0

50

100

FD002

Predicted RUL
True RUL

0 50 100 150 200
0

50

100

FD004

Predicted RUL
True RUL

0.0 0.2 0.4 0.6 0.8 1.0
Test Engines

0.0

0.2

0.4

0.6

0.8

1.0

Re
m

ai
ni

ng
 U

se
fu

l L
ife

 (R
UL

)

Fig. 8. Comparison between predicted RUL and the ground truth RUL.

and engines in later operation cycles (true RUL values are
small). For the more complex FD002 and FD004, the RUL
prediction is better for engines in later operation cycles. For
engines in earlier operation cycles, the predicted RUL tends to
be conservatively less than the actual RUL. Nonetheless, the
results are very promising given the engines are operating in
a complex situation of multiple operating conditions.

4) Sensitivity Analysis: The RUL estimation performance
is influenced by the quality of the detected change points
and the LSTM network’s capacity to learn complex feature
relationships. In this section, we examine the impact of two
key hyperparameters on the RUL estimation performance:



the number of system canonical variates r (which indirectly
determines the change point) and the number of LSTM layers
(an indicator of the depth and learning capacity of the LSTM
network).

As described in Section III-A1, the choice of r directly
determines the magnitude of the monitoring statistic T 2 and
the resultant control limit CLT 2 to detect change points, and
indirectly dictates the magnitude of the Q statistic and its
control limit CLQ through the remaining residual variates. In
existing literature, the optimal r is typically determined based
on performance of the downstream learning task [30], [34].
For example, Ruiz-Cárcel et al. [34] select r for their fault
detection task based on the false alarm rate. For our work, as
we leverage CVA in a non-traditional manner to detect device-
level change points and enhance RUL estimation, we select r
based on the RUL estimation performance.

We assess the RMSE and SF for the RUL estimation pro-
duced from the change point integrated model for a reasonable
range of candidate r ∈ [10, 25], as shown in Fig. 9. The
value of r yielding the best RUL estimation is selected as
the optimal r. Generally, we observe that there is no clear-
cut relationship between the r need for good RUL estimation
performance and the presence of data complexities such as
multiple fault modes or operating conditions. For instance,
for both FD001 and FD003 (which differ only in terms of
the number of fault modes present), the optimal value of
r for achieving the best RUL estimation performance was
found to be 15. Similarly, the optimal r for FD002 (which
has a single fault mode but multiple operating conditions)
was also 15. However, for the most complex dataset FD004,
containing both interactions from multiple fault modes and
operating conditions, the optimal r achieving the best RUL
estimation was larger at r = 21. A likely reason for this
lack of clear-cut relationship is because temporal variations
caused by different fault modes or operating conditions can
manifest in either system space captured by r or the “noisier”
residual space, depending on characteristic of the fault, the
operating condition, and the potential interactions between
them. However, a key advantageous aspect of our model
is that we do not need in-depth domain knowledge of the
fault characteristics or the operating conditions to account
for them in the change point detection. As we monitor for
breaches in control limits of both the T 2 and Q statistics and
conservatively utilise the earlier change point of the two, we
can account for significant changes in temporal variations in
both the system space and the residual space, regardless of the
fault type or operating condition.

Next, we examine the impact of the number of LSTM layers
on the RUL estimation performance. Generally, increasing the
number of LSTM layers (i.e., depth of the network) increases
the model’s capacity to learn complex hierarchical relation-
ships and dependencies of the data. However, excessive model
complexity should be avoided to mitigate the risk of model
overfitting. Generally, 2 to 3 LSTM layers are recommended
for the C-MAPSS dataset [21], [26], [36]. We assessed the
RUL estimation performance for a candidate number of layers
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in {1, 2, 3}, and found that the 3-layer configuration yielded
the lowest RMSE and SF, as shown in Fig. 10. For the sake
of brevity, only the simplest dataset, FD001 and the most
complex dataset, FD004 are plotted, but the conclusion on
the 3-layer configuration applies to all four datasets.

C. Complexity Analysis

The two key components of our model are CVA-based
change point detection and LSTM-based RUL estimation.
As seen from Eq. (4), the workhorse of CVA is singular
value decomposition (SVD). For the SVD computation, the
flop counts (an indication of algorithm speed) increases by
O
(
N · p+ p3

)
[47], [48], where N and p are, respectively,

the number of observations and number of time lags as defined
earlier. The storage space complexity grows by O

(
N + p2

)
[47], [48]. Next, we discuss the computational complexity of
the vanilla LSTM network used in our model. As the LSTM
algorithm is local in time and space (i.e., the output of an
LSTM cell depends only on the previous cell’s output and the
current input), the complexity per weight and time step for
updating model weights during training is O (1)[20]. Given w
number of weights, the complexity is thus O (w).

In comparison, the benchmark models that employ fixed
literature values for the piecewise RUL construction can save



on the computational complexity associated with a CVA-based
change point detection. However, they need to compensate
for this “one-size-fits-all” approach with advanced variants
of LSTM and hybrid architectures to reach competitive RUL
estimation results. These variants also introduce an additional
layer of computational complexity to the vanilla LSTM net-
work. For example, the additional complexity of a convolu-
tional layer in GA-CNN-LSTM [45] is O

(
s · L · d2

)
[49],

where s, L, and d are, respectively, the kernel size, sequence
length, and the feature representation dimension. Meanwhile,
in MC-LSTM [11], the additional complexity of the attention
layer [49] is O

(
L2 · d

)
[49].

Overall, it is evident that all models considered have to incur
additional computational complexity beyond vanilla LSTM
networks to learn effectively from complex datasets. However,
in order to realize the significant practical benefits of change
point integrated RUL estimation, we are mindful about re-
stricting the complexity of CVA. For instance, as detailed in
Section III-A1, we focus on analysing local temporal dynamics
between a limited number of past and future time lags. Thus,
p ≪ N in the complexity formulation. There are also a
growing number of algorithms (e.g., [50]) aimed at reducing
the complexity of CVA, which could serve as a basis for the
future iterations of our proposed model.

V. CONCLUSION

This paper argues that health status evaluation and change
point detection are critical steps for boosting existing RUL
estimation model capabilities. In our temporal learning model,
we introduce a novel leveraging of canonical variate analysis
for degradation monitoring and detecting device-level change
points even under varying operating conditions. The proposed
method of combining change point detection with LSTM-
based RUL estimation outperforms existing models that do
not consider heterogeneous change points, especially for Score
Function values. Although turbofan engines are used as a
case study, the proposed method can be easily generalised to
other applications, and be combined with other deep learning
RUL estimation models as it is data-driven and does not
rely on domain knowledge. Future research will be directed
towards extending our unsupervised change point detection
methodology to account for shorter lifespan devices with less
training data, and further investigating the transition period
observed before the degradation state to refine the change
points detected.
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APPENDIX A
COMPARISON OF CURRENT WORK AGAINST EXISTING

LITERATURE ON CHANGE POINT-INFORMED RUL
ESTIMATION

See table IV.

APPENDIX B
INVESTIGATION ON MINIMUM LIFESPAN OF TRAIN

ENGINES

As discussed in Section IV-A1, the choice of the minimum
lifespan needed for train engines of the change point detection
model influences the CLs learnt, change points detected,
and ultimately the RUL estimation. We consider a range of
candidate minimum lifespans {100, 125, 150, 175, 200, 225}
to assess the appropriate minimum lifespan needed for train
engines to produce well-performing RUL estimations (which
is a strong indicator for the quality of change points learnt).

For the sake of brevity, the analysis focuses on the “worst-
case” scenarios of FD001 and FD003, which have only 100
train engines to begin with. For FD001, the lifespans of the
train engines range from 128 to 362 operation cycles, with
an average lifespan of 206 cycles. For FD003, the lifespans
range from 145 to 525 cycles, with an average lifespan of
247 cycles. Table V presents the RMSE and SF values of
the RUL estimations produced from the various candidate
values for the minimum lifespan needed for the train engines.
We observe that the RUL estimation performance generally
improves as the minimum lifespan requirements for the train
engines increases. At the minimum lifespan threshold of
200 cycles, there is a significant improvement in the RUL
estimation performance. This confirms that the validity of our
initial assumption on the first 60 operational cycles being
from normal operation is indeed stronger for train engines
with at least 200 operational cycles. Interestingly, increasing
the minimum lifespan requirement beyond 200 cycles worsens
the RUL estimation as it considerably reduces the number of
suitable train engines available for training the change point
detection model.
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TABLE IV
COMPARISON OF OUR WORK WITH EXISTING LITERATURE ON CHANGE POINT-INFORMED RUL ESTIMATION.

Shi and Chehade [26] Wu et al. [28] Ours Remarks

Are the standard C-
MAPSS test datasets
used for evaluation?

x x ✓

Existing works do not use the standard predefined
test datasets, which are more challenging as the
sensor data is available up to only some abrupt
time before failure and the lifespan information is
unknown. Instead, existing works use a portion of
the train engines (with the full lifespan informa-
tion known) for testing.

Is the RUL estimation
performed independent
of the equipment’s
lifecycle stage?

x x ✓

Existing works limit their RUL estimation and
evaluation to only the last 50 cycles before failure.
However, we perform RUL estimation on all test
engines of various lifecycle stages and do not
restrict our evaluation to only late-stage RUL
estimation.

Is the RUL estimation
evaluated under multiple
operating conditions?

x ✓ ✓
Shi and Chehade [26] evaluate their method on
the FD001 and FD003 datasets, which only have
a single operating condition.

Size of test data used for
evaluation Small (10 engines) Small (20 engines) Large Our work utilises the full, standard, pre-defined

test engine dataset.

Are standard
performance evaluation
metrics used?

✓ x ✓

Instead of the RMSE metric, Wu et al. [28]
report the relative prediction error, which refer
to percentages of samples in the testing set with
relative prediction errors less than or equal to 5%,
10%, and 20% respectively.

Is the analysis of
change points detected
interpretable?

x x ✓

Our change point detection method is highly inter-
pretable as the monitoring statistics and departures
from control limits can be easily visualised and
monitored.

TABLE V
IMPACT OF MINIMUM ENGINE LIFESPAN CHOSEN ON DOWNSTREAM RUL ESTIMATION (BEST IN BOLD).

Min. train engine
lifespan

FD001 FD003
RMSE SF RMSE SF

100 NA1 NA1 17.77 1197.28
125 NA1 NA1 17.77 1197.28
150 NA1 NA1 16.18 408.92
175 15.89 304.10 15.43 502.75
200 13.59 224.88 12.94 207.10
225 40.69 11749.48 40.18 13031.71

1 NA indicates that the chosen minimum lifespan was too short to detect change
points.




