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Abstract
Multi-sensor monitoring data provide abundant information resources for complex machine
systems, which facilitates monitoring the degradation process of machinery and ensuring the
reliability of the industrial process. However, previous prognostic methods focus more on the
sequential data obtained from multi-sensors, while ignoring the underlying prior structural
information of the equipment. To fully leverage the structural information into the modeling
process, and thus improve the remaining useful life (RUL) prediction performance, a
hierarchical graph neural network with adaptive cross-graph fusion (HGNN-ACGF) method for
RUL prediction is proposed in this study. In the HGNN-ACGF method, a hierarchical graph
consisting of a sensor graph and a module graph is constructed by introducing the structural
information to fully model the degradation trend information of the complex machine system.
Besides, the graph neural network (GNN) is adopted to learn the representation at both the
module graph and sensor graph, and an adaptive cross-graph fusion (ACGF) block is proposed.
Owing to the cross-graph fusion block, the representation from different graphs can be fused
adaptively by considering the relative importance between different modules and sensors. To
verify the proposed method, the experiments were conducted on a set of degradation data sets of
aircraft engines provided by the Commercial Modular Aero-Propulsion System Simulation. The
experimental results show that the proposed method has superior performance in RUL
prediction over the state-of-the-art methods.

Keywords: hierarchical graph, graph neural network, deep learning,
remaining useful life prediction

(Some figures may appear in colour only in the online journal)

1. Introduction

Prognostics and health management (PHM), which can be
used to evaluate the health status and thus ensure the reliability

∗
Author to whom any correspondence should be addressed.

of complex machine systems, has been successfully applied
in various industrial scenarios [1, 2]. As a core task of PHM,
remaining useful life (RUL) prediction can provide residual
service lifespan information based on sensor monitoring data
and guide predictive maintenance in advance before the equip-
ment completely breaks down [3, 4]. To monitor the health
status and provide residual service lifespan information, a
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large number of sensors can be mounted on the industrial
equipment, which will generate massive, multivariate sensor
monitoring data, e.g. temperature, pressure, and vibration sig-
nal. Such numerous sensor data bring new challenges to RUL
prediction. Therefore, it is important to model these data and
extract effective degradation trend information to improve the
RUL prediction performance for complex machine systems.

In general, the RUL prediction methods can be grouped
into model-based methods and data-driven methods [5]. The
model-based methods require prior expertise oin mechan-
ical systems for constructing precise physical failure mod-
els. Commonly used model-based techniques are the Wiener
process model, the Weibull model, etc [6, 7]. However, with
the development of complexity and multifunctionality, it is
difficult to build a precise and applicable physical failure
model to estimate the degradation process of machine sys-
tems in real applications [8]. Besides, the generalization abil-
ity of model-based methods is weak because of the different
degradation mechanisms among machine systems. Owing to
the rapid development of sensor techniques, data-driven meth-
ods based onmassive monitoring data have become a new pos-
sibility when facing complex machine systems [9, 10]. Since
the data-driven methods are easy to apply without the need
for prior expertise, some data-driven methods, such as sup-
port vector regression (SVR) and hidden Markov models have
been proposed and widely applied in RUL prediction [11, 12].
Although the aboveentioned methods can model the degrada-
tion trend information hidden in the sensor data, great efforts
are still needed on hand-crafted feature construction, which is
time-consuming and laborious [13–15].

Fortunately, deep learningmethods can extract high-quality
representations automatically from multi-sensor data without
introducing domain knowledge [16–18]. Besides, they can
synthesize the representation learning and target RUL predic-
tion into one process and have better generalization ability
in RUL prediction [19, 20]. Therefore, several deep learning-
based RUL prediction methods, such as the convolution neural
network (CNN) and the ong short-term memory (LSTM) net-
work have been introduced and successfully applied in the
RUL prediction field [21, 22]. For example, Yang et al pro-
posed an RUL prediction method based on the CNN with
a double-CNN structure, which has powerful feature extrac-
tion ability and can also preserve useful degradation inform-
ation during prognosis [23]. Xiang et al utilized a multicellu-
lar LSTM method to improve the RUL prediction accuracy,
in which multiple cellular units are used to update the input
data with different degress of importance [24]. In industrial
scenarios, multiple sensors are frequently adopted and moun-
ted on different components, monitoring the health status of
machine systems in different aspects consistently [25]. These
sensors are interconnected and naturally formatted as a sensor
graph network, which can also be used to model the degrada-
tion trend of machine systems. However, these deep learning
methods take the data collected frommultiple sensors as a unit,
and it is difficult for them to model such graph data in the non-
Euclidean domain [26].

To model such graph data, the graph neural network
(GNN), which has been used in various domains such as

activity recognition and traffic forecasting [27, 28], becomes a
better choice. Therefore, the GNN-based method is employed
to model the degradation trend information contained in
the relationship between sensors for RUL prediction. For
example, Yang et al proposed a deep GNN method com-
bined with gated recurrent unit (GRU) and constructed the
graph using the regression shapelet, which can better repres-
ent the degradation state of a bearing and improve the accur-
acy of the RUL prediction [29]. Li et al proposed a hier-
archical attention graph convolutional network (GCN)-based
RUL prediction method, which can model multi-sensor data
with a self-regularized attention mechanism and enhance RUL
prediction performance [30]. In industrial applications, the
complex machine system usually consists of several inter-
connected modules. These modules will influence each other
in the degradation process of the machine system, accord-
ing to the equipment structure, i.e. structural information, pre-
defined in the documents. For example, in the aircraft engine,
the abnormal degradation behaviors of the fan module may
have a stronger influence on the low-pressure chamber (LPC)
which is directly connected to the fan module. Their connec-
tions are prior knowledge about the equipment and may con-
tain rich information about the degradation process. Besides,
the information contained among these modules can also be
formatted as a graph according to the predefined structure.
However, previous GNN-based methods focused more on the
graph data constructed at sensor level, which failed to lever-
age the degradation trend information hidden in the under-
lying structural information at module level. To fully depict
the degradation process of a complex machine system, the
information contained in the module level also matters and
should be considered as well. The sensor graph focuses more
on the detailed information contained in the sensors data, while
the module graph is concentrated on utilizing the equipment’s
structural information. The structural information at the mod-
ule level can guide representation learning in the sensor graph,
while the information contained at the sensor level can enrich
the representation of each node in the module graph. Com-
bining the monitoring sensor data from sensors and structural
information among modules can better reflect the degradation
process of machine systems. Therefore, it is necessary to make
full use of the sensor-level and module-level information sim-
ultaneously, and thus improve RUL prediction performance.

Inspired by the abovementioned facts, a hierarchical GNN
with adaptive cross-graph fusion (HGNN-ACGF) method for
RUL prediction is proposed in this study. Firstly, a hierarch-
ical graph consisting of a sensor-level graph and a module-
level graph is constructed based on the collected sensor data
and structural information to fully describe the degradation
trend information of the complex machine system. Secondly,
the GNN is adopted to learn the representation of an indi-
vidual graph, and a modified Top-k pooling is utilized to
enhance the information flow and find meaningful nodes.
Meanwhile, the adaptive cross-graph fusion block (ACG-FB)
is proposed to achieve representation fusion across differ-
ent graphs, and thus make full use of the structural inform-
ation. Finally, the readout function is used to transform the
representation of the nodes into the graph representation and
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various fully connected layers are adopted to achieve the pre-
diction of RUL. To validate the performance of the proposed
method, the NASA Commercial Modular Aero-Propulsion
System Simulation (C-MAPSS) turbofan engine data sets are
adopted [31]. The experimental results verified the effect-
iveness of the proposed method for RUL prediction, which
was superior to the traditional machine learning method, typ-
ical deep learning methods, and other state-of-the-art meth-
ods. The main contributions of this paper are summarized as
follows.

(a) A new end-to-end deep learning framework based on the
GNN, namely HGNN-ACGF, is proposed for RUL predic-
tion of complexmachine systems. To the best of our know-
ledge, this is the first study to utilize the sensor graph and
module graph simultaneously for RUL prediction of com-
plex machine systems.

(b) A GCN-based RUL prediction method is built to model
the sensor-level graph and module-level graph simultan-
eously, in which the information from different graphs can
be fully explored. In addition, the ACG-FB is proposed to
fuse the information across the sensor graph and module
graph adaptively by considering the relationship between
different sensors and modules. This fusion block is helpful
to make full use of the structural information and learn the
degradation trend information contained in the data.

(c) To validate the proposed HGNN-ACGF, the experiments
were conducted on the turbofan engine data sets provided
by the C-MAPSS. The experimental results demonstrated
the effectiveness and superiority of HGNN-ACGF com-
pared with the traditional machine learning method, typ-
ical deep learning methods, and other state-of-the-art
methods.

The remainder of this paper is organized as follows.
Section 2 presents the proposed HGNN-ACGF method in
detail. Section 3 describes the experimental design includ-
ing the data set, evaluation metrics, compared methods, and
experimental procedures. Section 4 reports and discusses the
experimental results, in which the superiority of the proposed
HGNN-ACGF is demonstrated through comparisonwith other
methods. Finally, section 5 closes the paper with conclusions
and future work.

2. Proposed method

2.1. Problem definition for GNN in RUL prediction

In industrial scenarios, the sensors mounted on the corres-
ponding modules of a complex machine system can measure
the health status of the machine system continuously. To rep-
resent the relationship between different sensors or modules,
a graph G = (V, E) is adopted, where V means the sensor or
module set, and E is the edge set with the weight between the
connected sensors or modules. In the degradation process of
the machine system, the features matrix Xn ∈ R|V|×p is used
to represent the signal data from multi-sensors and will keep
changing over time, where |V| is the node number and p is

the length of the slide time window. The adjacency matrix A
is constructed by measuring the relationship between different
nodes, in which a larger value means the connected nodes have
stronger connections. With the nodes feature matrix Xn and
adjacency matrix A, the sensor graph and module graph can be
constructed.

Thus, the RUL prediction problem can be formatted as fol-
lows. For the multi-sensor monitoring data [x1,x2, . . . ,xt] ,xt ∈
R|V|, the slide window is adopted first to generate samples X,
where t is the time point in the sensor monitoring data and
X= {X1,X2, . . . ,Xn} , Xn ∈ R|V|×p. Then, the sensor graphs
[gs1,g

s
2, . . . ,g

s
n] ∈ Gs and module graphs [gm1 ,g

m
2 , . . . ,g

m
n ] ∈ Gm

can be constructed, and the corresponding RUL label y can be
assigned for each graph. Finally, with the constructed graph
data set D = {(gs1,gm1 ,y1), (gs2,g

m
2 ,y2) , . . . , (gsn,g

m
n ,yn)},

the task of the RUL prediction with the GNN is to model the
relationship between the graphs gsn,g

m
n , and yn.

2.2. Framework of the proposed method

RUL prediction can effectively improve the reliability and
security of the machine system by predicting the residual use-
ful life of machine components in advance. Previous deep
learning-based prognostic methods fail to leverage the under-
lying structural information and capture the interdependencies
of different modules. To fully leverage the structural inform-
ation into the modeling process and improve the RUL pre-
diction performance, an HGNN-ACGF method for the RUL
prediction is proposed, in which a hierarchical graph, con-
sisting of a module graph and a sensor graph, is construc-
ted and different graphs are fused adaptively. The proposed
method mainly consists of two key components, which are
multi-sensor data collection and model construction. In the
multi-sensor data collection phase, the raw monitoring data
of each sensor is collected first, and the samples are gener-
ated using the slide time window. In the model construction
phase, to fully represent the degradation process, the sensor
graph and module graph are constructed first, in which the
structural information is taken into consideration. In detail,
the sensor is considered as a node of the sensor graph, the
corresponding node feature is denoted as the sensor mon-
itoring data, and the nodes are connected with each other.
As for the module graph, the module is denoted as the node
of the module graph. The node feature is represented by
the average value of the sensors installed on the module.
And the relationship between different modules is determ-
ined by the structural information predefined in the documents.
Then, in the proposed HGNN-ACGF method, GRU is adop-
ted to learn the temporal embedding of sensor data and the
GCN is adopted to update the representation of each node.
Meanwhile, the representations of different level graphs are
adaptively fused using the proposed ACG-FB by consider-
ing the relationship between different sensors and modules.
Finally, the representation of different graphs is transformed
into the representation vector by the readout function and the
RUL is predicted by adopting several fully connected lay-
ers. The diagram of the proposed HGNN-ACGF is shown in
figure 1.
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Figure 1. The framework of the proposed method.

2.3. Hierarchical graph construction

Multiple sensors are usually installed on a complex machine
system for health status monitoring. These sensors can be nat-
urally formatted as a sensor network according to their spa-
tial relationship.Moreover, a complexmachine system usually
consists of various modules or components that are intercon-
nected with a well-defined structure. These connection rela-
tionships can be a rich source of prior knowledge about the
machine degradation process. To generate the hierarchical
graph data set, the hierarchical graph, including the sensor
graph and module graph, is constructed first. Thus, in this
phase, different level graphs are constructed first to better
describe the degradation trend information of machines.

To construct the sensor graph, a correlation coefficient-
based graph construction approach is adopted [26]. Each
sensor of the machine is considered as a node of the graph,

and different nodes are connected to each other. As for the
weight calculation of each edge of the graph, the Euclidean
distance is a commonly used approach in traffic flow fore-
casting or the action recognition field [32, 33]. However, the
relationship between different sensors is implicit: the closest
distance between two sensors in the Euclidean domain may
not mean they are closely related. That is to say, the Euc-
lidean distance may not be the better choice to measure the
relationship between sensors. Thus, the Pearson correlation
coefficient (PCC), a frequently used approach to calculate the
degree of relevance of two variables, is adopted to measure the
relationship between different sensors in this paper, and given
as:

psxsi ,xsj =
E
(
(xsi −µxsi )

(
xsj −µxsj

))
σxsiσxsj

(1)
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where psxsi ,xsj is the correlation coefficient between nodes x
s
i and

xsj , which are also denoted as the ith and jth sensor data, µxsi ,
µxsj , σxsi , and σxsj are the mean and standard deviations of nodes
xi and xj. Finally, the weighted adjacency matrix is given as:

Asi,j = e
psxsi ,x

s
j , i ̸= j. (2)

After obtaining the sensor graph, i.e. gs, the module graph
can be constructed similarly. Usually, various modules of the
complex machine system are well organized according to the
preexisting documents, which means the relationship between
different modules is also defined in advance. Different from
the edge weight calculation among sensors, whose data have
the same dimension, various sensors may be mounted on one
module which will cause a dimension mismatch problem dur-
ing the edge weight calculation. Therefore, to construct the
module graph, the edge of the module graph is defined accord-
ing to the structural information, and the mean of different
sensor data of one module after normalization is considered
as the node feature in the module graph. The calculation of
edge weight between different modules is given as:

xml =
1
E

E∑
e=1

xse (3)

pmxml ,xmk =
E((xml −µxmk )(x

m
l −µxmk ))

σxml σxmk
(4)

Aml,k = e
pmxml ,xmk , l ̸= k (5)

where xml is the node feature in the module graph, and E is the
sensor number of module l. pmxml ,xmk denotes the PCC between
module l and module k, while Aml,k is the weighted adjacency
matrix of the module graph. Therefore, the module graph gm
can be obtained. Finally, with the constructed sensor graph and
module graph, the hierarchical graph, i.e. gh = {gs,gm}, can be
constructed by taking the two graphs together as a unit. With
the constructed hierarchical graph, the slide window technique
is adopted to generate the hierarchical graph data set.

2.4. Node representation learning

To learn the representation of each node, a GNN-based repres-
entation learning method is proposed in this study. There are
two key phases of node representation learning. The first one
is to fuse the information from neighbor nodes with the graph
structure and update the node representations of the graph. The
other one is to perform graph pooling after the representation
learning process, which can enhance the information flow and
find meaningful nodes.

In the representation learning phase, the GCN can perform
the information transfer on the graph like the traditional con-
volutional filters and has shown its superior performance in
various graph-based machine learning tasks. Thus, the GCN

is chosen for the representation learning in this study, and is
given by:

Z= Ď− 1
2 ǍĎ− 1

2XW (6)

where Z is the updated information by fusing the information
from its corresponding neighbor nodes, Ǎ denotes the adja-
cency matrix, which is given by Ǎ= A+ 1, and I represents
the identity matrix. Ď indicates the degree matrix of Ǎ, and
W is the trainable weight matrix. X is the feature matrix of
the graph, in which each row represents the feature vector of
a node. Thus, the hidden representation of a single node can
be updated from its neighbors and itself with equation (6). In
addition, an activation function will be added after the inform-
ation is transformed to get the representation of the node.

In the graph-pooling phase, the most important thing is to
create a criterion for node selection. Generally, a node can be
deleted during the pooling process if it can be generated by
its neighbor nodes with less information loss at the same time.
Based on this assumption, the node information score (NIS),
which can measure the information of each node by calculat-
ing the correlation coefficient between the node representation
and the one generated by its neighbor nodes, is introduced in
this paper to guide the pooling. After obtaining the NIS of each
node, the nodes with high NISs will be neglected because they
are similar to neighbors and can be well generated by their
neighbor nodes. The details of the pooling process are given
as:

v= ρ
(
H́,H

)
(7)

idx= top− rank(v, [r*n]) (8)

Hp = H(idx, :) (9)

Ap = A(idx, idx) (10)

where equation (7) is used to calculate the NIS, in which ρ is
the correlation coefficient calculation function, H́ is the rep-
resentation obtained by aggregating the representations from
neighbor nodes, H is the node representation, and vmeans the
calculated NIS. Equations (8)–(10) are used to generate the
graph after pooling, in which r is the preserved ratio, n denotes
the indices of nodes,Hp is the node representation matrix after
pooling, idx is a list of the preserved nodes, and Ap is the adja-
cency matrix after pooling.

To summarize, the graph representation can be updated as
follows:

f(A,X) = Pooling
(
s
(
ÃXW

))
(11)

wherePooling(·)means the pooling function, which is helpful
to find the meaningful nodes of the graph. s(·) is the activa-
tion function, such as ReLU, Tanh. To be clear, Ã is represen-
ted by Ã= Ď− 1

2 ǍĎ− 1
2 . Thus, the updated nodes representation
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Figure 2. Structure of the adaptive cross-graph fusion block. MLP: multilayer perceptron.

of each graph can be obtained by following the given process
above.

2.5. ACG-FB

Different level graphs together can provide comprehensive
information about the degradation process, and it is necessary
to consider them simultaneously during the prediction of RUL.
To achieve information fusion across different graphs adapt-
ively, an ACG-FB that can fuse the representation from one
graph to another is proposed. For instance, the features of the
module nodes in the module-level graph can potentially guide
the feature learning of the sensor nodes in the sensor-level
graph. The ACG-FB aims to infer the representation fusion
from different level graphs adaptively and the details of the
proposed representation fusion block are illustrated in figure 2.

The representation fusion matrix A|gs|,|gm| ∈ R|gs|,|gm| is
adopted to achieve representation fusion between different
graphs, where |gs| denotes as the node number in the sensor-
level graph and |gm| means the node number in the module-
level graph. Each row of A|gs|,|gm| means the relative import-
ance of the representations in the module-level graph to the
representations in the sensor-level graph. The relationship
between the nodes from the sensor-level graph and the nodes
from the module-level graph is inferred as follows:

Xgs = tanh(WgsXgs + bg1) (12)

Xgm = tanh(WgmXgm + bgm) (13)

A|gs|,|gm| = softmax
(
Xgs ·XTgm

)
∈ R|gs|,|gm| (14)

where tanh(·) is the nonlinear activation function, and
softmax(·) means the softmax function operated along the

row of the inner product of the matrix Xgs and X
T
gm , which is

used to normalize the effects of features between two graphs.
Equations (12) and (13) are used to update the features Xgs
and Xgm from different graphs. Equation (14) is used to cal-
culate the representation fusion matrix, where the element in
the matrix is considered as the relative importance of the fea-
tures in the sensor-level graph to the features in the module-
level graph [20, 34]. Furthermore, different from the fixed-
size single graph inference, the representation from different
graphs can be adaptively fused with the cross-graph fusion
block.

After generating the representation fusion matrix A|gs|,|gm|,
the representation from the module level graph can be fused
into the sensor-level graph. Given the feature matrixes Xgs and
Xgm from different graphs, the representation from the sensor-
level graph can be updated as:

x̌gs = Xgs +A|gs|,|gm|XgmW (15)

where X̌gs is the updated representation of the sensor-level
graph and W is the weight matrix that is trainable. Therefore,
the information contained in different modules of the module-
level graph can be adaptively fused into the corresponding
sensors of the sensor-level graph.

As for the module graph, the representation in the sensor-
level graph can enrich the information flow in themodule-level
graph. The representation of the sensor-level graph can also be
fused into the module-level graph with the proposed ACG-FB.
After obtaining the updated sensor-level graph and module-
level graph, these two graphs are fed into the next GNN layer.
With the proposed ACG-FB, the information in one graph can
be adaptively fused into another graph, which can effectively
utilize the information from different graphs and thus improve
the performance of the RUL prediction tasks.
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Table 1. Pseudo-code of the proposed HGNN-ACGF.

Input:
Dataset D = {(gs1,gm1 ,y1), (gs2,g

m
2 ,y2) , . . . , (gsn,g

m
n ,yn)};

Number of GCN and ACG-FB: H;
Number of samples: N; Top-k pooling ratio: k1, k2;
Processing:
For n ∈ {1,2, . . . ,N} do:
For h ∈ {1,2, . . . ,H} do:
Learn the embedding from the node feature matrix Xsn and X

m
n by GRU;

Learn the new representation of the sensor graph X́sn and module graph X́mn with GCN;
Calculate the NIS of different nodes and perform Top-k pooling with ratio k1 on the sensor graph;
Calculate the NIS of different nodes and perform Top-k pooling with ratio k2 on the module graph;
Calculate the representation fusion matrix matrices A|gs|,|gm| and A|gm|,|gs|;
Update module graph representation with sensor graph representation X́sn and A|gs|,|gm| by ACG-FB;
Update sensor graph representation with module graph representation X́mn and A|gm|,|gs| by ACG-FB;
End for
Perform the Readout function on X́sn and X́

m
n ;

Predict the RUL ỹn by MLPs;
End for
Output: Ỹi = {ỹ1, ỹ2, . . . , ỹN}

2.6. Prediction of RUL

After obtaining the updated representation of each node in the
graph, the readout function is adopted to transform the node
representations matrix of the graph into a single feature vector
for RUL prediction. Thus, the RUL can be predicted through
several stacked, fully connected layers with the concatenated
representation from different graphs. The prediction process is
formulated as:

Readout(H) = σ

(
1
I

I∑
i=1

hi

)
(16)

Rul= f([Readout(gs) ,Readout(gm)]) (17)

where σ is the activation function, I is the node number
of the graph, and hi means the feature vector of node i in
equation (16). In equation (17), f(·) denotes the MLPs, gs and
gm are the sensor graph and module graph, Readout(·) denotes
the readout function which can transform the nodes’ features
matrix into the graph representation vector, and [·, ·] means
the feature concatenation operation. Therefore, the represent-
ation of each sample can be learned by the GNN with pooling
and ACG-FB. Meanwhile, the corresponding RUL can be pre-
dicted by various fully connected layers. In addition, the mean
square error (MSE) is chosen as the loss function to optimize
the parameters of the proposed HGNN-ACGF, which is given
as:

J(θ) =
1
N

N∑
i=1

(ỹi− yi)
2 (18)

where ỹi and yi are the predicted result and the real label,
respectively, θ means the trainable parameters, and N is the
number of samples. The total process of the proposed method
is illustrated in table 1.

3. Experimental setup

3.1. Experimental data set

The experimental data sets were collected from C-MAPSS
which belongs to a turbofan engine simulation program
developed by NASA [31]. The simulation system consists of
various modules, such as a fan-speed controller, regulators,
and limiters. The comprehensive logic structure of various
modules assembled in the system is the same as the engine
used in practice. Figure 3 shows the logical structure of these
modules and corresponding sensors. Each module has one or
more sensors.

In detail, (a) means the original logical structure of the
module and (b) denotes the logical structure after the invalid
sensors are removed. In this data set, four different data sub-
sets, namely, FD001, FD002, FD003, and FD004, were gener-
ated under different operating conditions. All four subsets are
adopted to evaluate the effectiveness of the proposed method.
The FD001 and FD003 data subsets have a single operating
condition while FD002 and FD004 have six operating condi-
tions according to altitudes, sea-level temperatures, and Mach
numbers.

In addition, each data subset has one (high pressure com-
pressor (HPC) degradation) or two (HPC degradation and fan
degradation) fault modes. The detailed information of these
four data subsets is described in table 2. For example, the
data subset FD001 is divided into the training set and test-
ing set, reordering three operating conditions measurements
and 21 sensor channels to characterize the fault evolution. The
training set had trajectories that ended at the failure threshold,
while the testing set was pruned to stop sometime before the
failure threshold. In the training set, train_FD001, the run-
to-failure data of multiple turbofan engines are recorded, and
each engine trajectory signifies each engine life cycle. In the
testing set, test_FD001, the time series from multi-sensors
are pruned sometime before system failure, which means the
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Figure 3. The logical structure of different modules. (a) Before removal of invalid sensors; (b) after removal of invalid sensors.

Table 2. Detailed description of C-MAPSS data subsets.

Data subset FD001 FD002 FD003 FD004

Operating conditions 1 6 1 6
Fault modes 1 1 2 2
Train trajectories 100 260 100 249
Maximum lifespan (cycles) 362 378 525 543
Minimum lifespan (cycles) 128 128 145 128
Test trajectories 100 259 100 248

engine trajectory in the testing set is not run-to-failure record-
ing. The RUL of each engine in the testing sets is recorded in
RUL files, e.g. RUL_FD001. The other three data subsets are
similar to FD001 except that FD002 and FD004 have more
complex operating conditions.

3.2. Evaluation metrics

To evaluate the performance of the proposed method in this
paper, two commonly used evaluation metrics, namely root
MSE (RMSE) and the scoring function (SF), which were used
in the 2008 international conference on PHM data challenge,
are adopted [31]. According to [35], the calculation formulas
of RMSE and SF are given as equations (19) and (20):

RMSE=

√√√√ 1
N

N∑
i=1

∆Ri
2 (19)

score=


N∑
i=1

exp
(
−∆Ri

13

)
− 1,∆Ri < 0

N∑
i=1

exp
(
∆Ri
10

)
− 1,∆Ri ⩾ 0

(20)

where N is the sample number, and ∆Ri = R̃ULi−RULi
means the difference between the predicted R̃ULi and true
RULi of the ith sample. In detail, the RMSE assigns equal
weight to both early and late predictions and has been widely
adopted in regression tasks. Meanwhile, the score function
gives more penalization to late prediction as this may result
in a huge disaster in industrial applications.

3.3. Experimental procedure

3.3.1. Data preprocessing. The C-MAPSS data set contains
multiple time-series data which are collected from 21 sensors.
The detailed definition of different sensors is illustrated in
table 3.

For each data subset from C-MAPSS, the z-score normal-
ization method is used to normalize the time-series data gen-
erated from the sensors [36], which is given as follows:

x ′i =
xi−µi
σi

(21)

where i represents ith sensor, µi and σi are the mean value and
corresponding standard deviation of the ith sensor, and x ′ is
the normalized sensor data.

According to previous studies [37, 38], only the sensor data
with monotonic trends can provide valuable information about
the degradation and have a significant effect on RUL predic-
tion. Therefore, those sensors such as 1, 5, 6, 10, 16, 18, and 19,
with irregular/unchanged values are removed, while the other
14 sensors with monotonic increasing/decreasing trends are
retained, based on the degradation trends of 21 sensors shown
in table 4.

The visualization of the raw sensor data and the normalized
sensor data from 14 sensors of FD001 are shown in figure 4.
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Table 3. Detailed description of each sensor.

No. Sensor Description No. Sensor Description

1 T2 Total temperature at fan inlet 12 Phi Ratio of fuel flow to Ps30
2 T24 Total temperature at LPC outlet 13 NRf Corrected fan speed
3 T30 Total temperature at HPC outlet 14 NRc Corrected core speed
4 T50 Total temperature at LPT outlet 15 BPR Bypass ratio
5 P2 Pressure at fan inlet 16 farB Burner fuel:air ratio
6 P15 Total pressure in bypass duct 17 htBleed Bleed enthalpy
7 P30 Total pressure at HPC outlet 18 Nf_dmd Demanded fan speed
8 Nf Physical fan speed 19 PCNfR_dmd HPT coolant bleed
9 Nc Physical core speed 20 W31 HPT coolant bleed
10 Epr Engine pressure ratio 21 W32 LPT coolant bleed
11 Ps30 Static pressure at HPC

Note: LPC refers to low pressure compressor; LPT refers to low pressure turbine.

Table 4. Degradation trends of 21 sensors.

Trend type Sensor number

Increasing 2, 3, 4, 8, 9, 11, 13, 15, 17
Decreasing 7, 12, 14, 20, 21
Irregular/unchanged 1, 5, 6, 10, 16, 18, 19

Specifically, (a) is the raw sensor data, and (b) means the nor-
malized sensor data. The degradation trend can be seen from
the figures. Besides, a piece-wise linear degradationmodel has
been validated to be suitable to obtain the RUL label for this
data set [39], which assumes that the engine has a constant
RUL label in the initial period, then degrades linearly to 0.
There is no doubt that the initial RUL label has a noticeable
effect on the performance of the RUL prediction. Therefore,
125 is chosen as the initial constant RUL label for FD001 and
FD003, and 150 for FD002 and FD004 according to previous
studies [13, 40]. Furthermore, according to [40], the size of
the slide time window is set to 30, 20, 30, and 15 because the
minimum number of record cycles of four testing data sets is
31, 21, 38, and 19.

Then the datasets for training and testing are prepared by
slide time window processing, in which each instance con-
tains the sequential information within the time window of p
length. At each time step, the sensor graph is constructed with
the historical data frommultiple sensors and the module graph
is generated with the historical sensor data and the structural
information, within the timewindow. The process of slide time
window processing is shown in figure 5.

3.3.2. Hierarchical graph data set construction. To con-
struct the hierarchical graph data set, the sensor graph which
contains the features of each sensor and the relationship
between different sensors should be constructed first. For the
multivariate temporal sensor data set, each sensor is con-
sidered as a node in the sensor graph, and the weight of edges
between different nodes can be defined as the correlation coef-
ficient between sensors. Since the sensors mounted on the
machine will record various types of data, such as temperature,
pressure, and vibration, these data have different data inter-
vals and feature spaces. Some traditional distance metrics such
as Euclidean distance cannot adjust to such characteristics of

data. Thus, the PCC is adopted to calculate the relationship
between different sensors. After obtaining the sensor graph,
the module graph can be constructed similarly. One thing to
notice is that multi-sensors mounted on a single module will
cause a feature dimensionmismatch problemwhen calculating
the correlation coefficient. Therefore, the features of modules
should be converted to the same dimension before the calcu-
lation. To simplify the calculation process, the mean value of
the sensor data obtained from a single module is denoted as the
module feature vector. The constructed sensor graph and mod-
ule graph are illustrated in figure 6. The sensor graph contains
14 nodes that are connected with different weights. For the
module graph, eight modules are represented by eight nodes,
and their connection is determined by the predefined structure
between different modules, which has been given in figure 3.

3.3.3. Comparison of methods and model training. Based
on the hierarchical graph data set, the proposed deep learn-
ing model HGNN-ACGF for RUL prediction can be trained.
The experiments are implemented by Pytorch 1.9 and con-
ducted on the NVIDIA T4 GPU with 16G memory and an
Intel I7-7800K CPU. For better model training, some deep
learning training tricks are introduced, such as the early stop-
ping technique and dropout strategy. Adam is chosen as the
optimization method and the learning rate decay strategy is
adopted. Finally, the RUL of samples in the testing set can be
estimated by the trained model. Additionally, to validate the
performance of the proposed method more comprehensively,
traditional machine learning methods such as SVR and typ-
ical deep learning methods, including the DNN with five fully
connected layers, the CNN with three convolution layers and
two fully connected layers, and LSTM with two LSTM layers
and two fully connected layers, are chosen for comparison. In
addition, some methods from published studies are also selec-
ted to validate the effectiveness of the proposed method, such
as deep belief network (DBN) [41], deep convolutional neural
network (DCNN) [42], bidirectional LSTMbased autoencoder
(BiLSTM-ED) [36], multicellular LSTM (M-LSTM) [24],
multiobjective deep belief networks ensemble (MODBNE)
[41], attention-based deep learning approach (ABDLA) [43],
and times series memory auto-encoder with sequentially
updated reconstructions (SUR-TSMAE) [44]. Because the
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Figure 4. The raw data and the normalized data from 14 sensors.

four data subsets have different operating conditions the para-
meters for FD001 and FD003, with single operating condi-
tions, and FD002 and FD004, with six operating conditions,
are different. To determine the appropriate hyperparameters,
a grid search is adopted. In the training stage, the data set for
model training is divided into two parts, i.e. the training set
and the validation set, first. Then, different hyperparameter
sets, e.g. [16, 32, 64, 128, 256] for the batch size and [0.0001,
0.001, 0.01, 0.1] for the initial learning rate, are defined in
advance. The proposed method is trained with hyperparamet-
ers from the hyperparameter sets on the training set and val-
idated on the validation set. Finally, the hyperparameters with

the best performance on the validation set are selected as the
default hyperparameters of the proposed method after numer-
ous experiments. The detailed hyperparameters used in the
proposed method are given in table 5.

4. Results and discussion

4.1. Experimental results

4.1.1. Main results. The results of the proposed method and
comparison methods following the experiments conducted on
the CMAPSS data set are summarized in table 6.
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Figure 5. The process of time window processing.

It is clear in table 6 that the proposed method achieves
superior RUL prediction performance, which is 12.58 on
FD001, 21.67 on FD002, 12.40 on FD003, and 22.43 on
FD004. It can also be seen that all the methods perform well
on FD001 and FD003, but worse on FD002 and Fd004. The
reason is that FD002 and FD004 have more complex operat-
ing conditions, which have a big negative influence on RUL
prediction. In detail, it is obvious that the SVR performs worst
on the four data subsets compared with other deep learning-
based methods, because of its limited ability in degradation
trend information modeling. The DNN performs better than
the CNN and LSTM on FD001 but worse on the other three
data subsets. The reason is that the data of FD001 is easy to
analyze while the other three are more complex, and DNN has
limited ability to handle these complex data. The LSTM per-
forms better than the CNN on the four data subsets, which
indicates the usefulness of the sequence models in RUL pre-
diction. As for the comparison of other deep learning meth-
ods, the proposed method also achieves superior performance
because it can model the sensor data and the relationship
between sensors and modules simultaneously. The compar-
ison of the predicted RUL values and the ground truth RUL of
each engine from four data subsets are given in figure 7, which
is consistent with the results shown in table 6 and indicates the
effectiveness of HGNN-ACGF on RUL prediction.

It can be observed that the proposed HGNN-ACGF has
promising RUL prediction performance according to the res-
ults in table 6. Consequently, the reliability and safety of the
machine can be improved based on the RUL prediction results.

4.1.2. Robustness analysis. The performance of the pro-
posed method may be influenced by different initial paramet-
ers and data sets. Specifically, to verify the robustness of the

proposed method, more experiments were conducted on the
four data subsets and repeated 20 times with different ini-
tial parameters. The corresponding variance of RMSE and SF
from the 20 repetitions are shown in table 7.

Table 7 shows that the proposed HGNN-ACGF has the low-
est variance of RMSE and SF among these methods because
it can introduce the structural information as prior knowledge
while modeling. What’s more, from the results, it is found that
the typical deep learning methods have weak robustness com-
pared with traditional machine learning methods. The reason
may be that deep learning methods are more prone to over-
fitting. In addition, the results also reveal that the proposed
HGNN-ACGF has better robustness compared with other typ-
ical deep learning methods.

4.2. Discussion

4.2.1. Evaluation of different slide window sizes. The length
of window size will influence the degradation trend informa-
tion of monitoring data in the temporal domain, and thus influ-
ence the prediction performance of the proposed method. To
evaluate the influence of window size on the proposed HGNN-
ACGF method, different window sizes are adopted on the
four data subsets. Due to the limitation of maximum sequence
length in testing sets, the maximum length of FD001 to FD004
is set to 30, 20, 30, and 15. The detailed results of RMSE and
SF of the proposed method with different slide window sizes
on FD001 to FD004 are shown in figure 8.

As shown in figure 8, on increasing window size, the per-
formance of the proposed HGNN-ACGF also increases. The
reason is that more degradation information contained in the
sample can be obtained when the window size is larger.What’s
more, these four data subsets have various operating condi-
tions: FD001 and FD003 have a single operating condition
while FD002 and FD004 have six. It can be seen from the res-
ults of FD001 to FD004 that the complex operating conditions
have much more effect on the performance of the proposed
method. Specifically, when the window size increases from
10 to 15, the RMSE of the proposed HGNN-ACGF decreases
from 27.42 to 22.43 on FD004, while decreasing from 27.87
to 25.67 on FD002. The reason is that compared with FD002,
the degradation information of FD004 is easier to obtain from
the same window size.

4.2.2. Evaluation of the number of GCN-ACG-FB. TheGCN
and ACG-FB together can be considered as a basic unit, i.e.
GCN-ACG-FB, of the proposed HGNN-ACGF, and its num-
ber will influence the performance of RUL prediction. To val-
idate the influence The experiments were conducted on the
four data subsets with different operating conditions, which
can make the results more robust. The experimental results of
RMSE and SF are shown in figure 9.

It can be observed that the RMSE and SF of the proposed
method decrease first and then increase with the increasing
number of GCN-ACG-FB, and the best RMSE and SF are
obtained when the number is 2, which means more layers
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Figure 6. The constructed hierarchical graph. (a) Sensor graph with 14 nodes; (b) module graph with 8 nodes.

Table 5. Hyperparameters used in the proposed method.

Hyperparameter FD001 & FD003 FD002 & FD004

Batch size 64 64
Initial learning rate 0.001 0.001
Epoch 200 200
Dropout rate 0.2 0.2
Num of GCN layers 2 2
Embedding size of GRU 64 64
Node representation size
in GCN

64 64

Settings of MLP layers 128/64/1 128/64/64/1
Preserved ratio of pooling 0.8 0.9

are useful to improve the performance for RUL prediction.
However, with the number of GCN-ACG-FB increasing and
reaching a certain number, the proposed method may suffer
oversmoothing and overfitting problems, which will make the
nodes similar to each other and have a negative influence on the
final RUL prediction performance. What’s more, the RMSE
on FD001 and FD003 is less than that on FD002 and FD004
with the same GCN-ACG-FB number, which indicates that
compared with the single operating condition, the degradation
information for the complex operating conditions is harder to
extract. Besides, one thing should be noticed: the influence
of GCN-ACG-FB number on FD001 and FD003 is less than
that on FD002 and FD004. In detail, the difference between
the maximum and minimum of RMSE are 4.92 and 3.31 on
FD002 and FD004, respectively, while they are 1.27 and 2.22
on FD001 and FD003, respectively. This indicates complex
operating conditions have a larger influence on the perform-
ance of RUL prediction.

4.2.3. Ablation study of the proposed method. Each part
of the proposed HGNN-ACGF has a certain contribution to
the final RUL prediction results. To validate which part of the

proposed method contributes most to the final RUL prediction
results, four variants of the original model are adopted and val-
idated, which are shown in table 8.

In detail, Models A, B, C, and D are acquired by removing
GRU, ACG-FB, the module graph part, or the sensor graph
part from the HGNN-ACGF, respectively. All the hyperpara-
meters settings adopted are the same as the experiments con-
ducted before and the RMSE and SF of these models on four
data subsets are shown in figure 10.

Firstly, it can be seen from the results, Model A has the poor
prediction performance, i.e. 13.66 on FD001, 25.87 on FD002,
13.31 on FD003, and 24.84 on FD004, among these variant
models, due to its insufficient ability to model the temporal
information of the multi-sensor data. Secondly, Model B does
not have the ACG-FB for information fusion across different
graphs, and the information frommulti-graphs is concatenated
after the readout function without interacting with each other,
which results in the worst performance, i.e. 14.11 on FD001,
26.51 on FD002, 14.43 on FD003, 26.23 on FD004, among
the models. The reason is that the information contained in
multi-graphs is not well considered during information pro-
cessing, which proves the usefulness of the proposed ACG-FB
in representation fusion across different graphs. Thirdly, com-
pared with Model D, Model C performs better, i.e. −0.14 on
FD001, 1.06 on FD002, 0.21 on FD003, and 0.97 on FD004,
due to the rich information contained in the sensor-level graph.
Besides, the comparison results prove that the module graph
with structural information is also useful for RUL prediction.
It is interesting that Model D performs better than Model C on
FD001 but worse on the other three data subsets. The reason
may be that under the single operating condition, the structural
information in the module graph can better reflect the degrada-
tion trend information.Model E is the proposedmethod, which
can extract degradation trend information and fuse the inform-
ation across graphs simultaneously, as well as achieve the
best performance for RUL prediction. And the results prove
the effectiveness of the proposed ACG-FB in handling the
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Table 6. Experimental results of four testing data subsets.

Method

FD001 FD002 FD003 FD004

RMSE SF RMSE SF RMSE SF RMSE SF

SVR 18.28 1004.75 30.50 17 132.17 21.37 2084.75 34.11 15 740.27
DNN 14.90 370.14 28.85 14 733.60 13.94 323.09 31.60 16 581.07
CNN 15.84 374.65 28.73 11 394.12 13.53 318.93 30.66 14 334.14
LSTM 14.91 333.80 28.68 12 908.59 13.37 316.55 30.32 11 771.06
DBN [41] 15.21 417.59 27.12 9031.64 14.71 442.43 29.88 7954.51
DCNN [42] 12.61 273.70 22.36 10 412.00 12.64 284.10 23.31 12 466.00
BiLSTM-ED [36] 14.74 273.00 22.07 3099.00 17.48 574.00 23.49 3202.00
M-LSTM [24] 13.71 315.00 N/A N/A N/A N/A 23.81 4826.00
MODBNE [41] 15.04 334.20 25.05 5585.30 12.51 421.90 28.66 6557.60
ABDLA [43] 14.53 322.44 N/A N/A N/A N/A 27.08 5649.14
SUR-TSMAE [44] 14.46 200.00 21.10 1383.00 17.16 370.00 22.61 2602.00
HGNN-ACGF 12.58 218.04 21.67 4584.97 12.40 248.47 22.43 2737.86

Figure 7. The predicted RUL and the ground-truth RUL of four data subsets.

Table 7. The variance of the predicted RUL compared with other methods.

Method

FD001 FD002 FD003 FD004

RMSE SF RMSE SF RMSE SF RMSE SF

SVR 0.24 16.2 0.34 684 0.24 19.5 0.23 524
DNN 0.25 18.4 0.48 894 0.39 21.7 0.26 814
CNN 0.23 26.1 0.35 496 0.16 29.4 0.46 865
LSTM 0.59 43.5 0.43 791 0.32 31.3 0.41 976
HGNN-ACGF 0.09 6.2 0.13 271 0.11 7.3 0.15 365

hierarchical graphs. Finally, the results from figure 10 prove
that the information from the hierarchical graphs is useful to
enhance the predictive ability of the proposed method if the
information from different graphs can be fused adaptively.

4.2.4. Evaluation of the preserved ratio of NIS pooling. The
preserved ratio of NIS pooling can control the informa-
tion after the pooling process; a smaller preserved ratio can
improve the efficiency of the proposed HGNN-ACGF, while a
bigger preserved ratio can keep more information. Therefore,

it is reasonable to evaluate the influence of the preserved ratio
on RUL prediction performance, which can be used to bal-
ance computing efficiency and RUL prediction performance.
Therefore, the performance under different preserved ratios k
is discussed in this section. Specifically, the preserved ratio k is
set from 0.5 to 1.0 to evaluate the performance of the proposed
method on four data subsets, and the corresponding RMSE and
SF are shown in figure 11.

It can be seen from the results that the best RUL prediction
results are achieved at 0.8, 0.9, 0.8, and 0.9 on FD001, FD002,
FD003, and FD004 with 12.58, 21.67, 12.40, and 22.43,
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Figure 8. Experimental results for different window sizes. (a) RMSE; (b) SF.

Figure 9. The experimental results from different data subsets with a different number GCN-ACG-FBs. (a) RMSE; (b) SF.

Table 8. Ablation model description.

Model Description

Model A HGNN-ACGF without GRU
Model B HGNN-ACGF without ACG-FB
Model C HGNN-ACGF without module graph
Model D HGNN-ACGF without sensor graph
Model E HGNN-ACGF

respectively. FD001 and FD003 have a smaller preserved ratio
than FD002 and FD004. The reason is that the degradation
trend of FD002 and FD004 is not clear enough, and larger k
can preserve more degradation information from data in the
pooling process. FD001 and FD003 have the simple operating
condition and their degradation trend is easy to for the pro-
posed method to capture even with a smaller preserved ratio.
What’s more, based on the results of different preserved ratios,
10, 12, 10, and 12 nodes from FD001 to FD004 are retained. In
conclusion, the results in figure 10 prove that the proposed NIS

pooling can be a useful approach to guide the node selection
and improve the information flow in RUL prediction.

4.2.5. Visualization of the fusion matrix in ACG-FB. In order
to visualize the relative importance among different sensors
and modules, and evaluate the necessity of the proposed ACG-
FB, the relative importance of different sensors and modules
are shown in figures 12 and 13. In detail, figure 12 shows the
relative importance of module features to sensors in the four
data subsets, while figure 13 shows the relative importance of
different sensor features to the modules. For better present-
ation, the representation fusion matrix in figure 12 is trans-
posed. Because the preserved ratios of different data subsets
are different, the representation fusion matrix of FD001 and
FD003 is 10 × 6, and FD002 and FD004 is 12 × 8. Four
sensors (T24, T30, Nf, bypass ratio (BPR)) and two mod-
ules (Core Nozzle, Bypass Ratio) are removed in FD001 and
FD003, while two sensors (Nf, BPR) are removed from FD002
and FD004 in the pooling.
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Figure 10. Experimental results for the ablation study. (a) RMSE; (b) SF.

Figure 11. Evaluation of different preserved ratios on four data subsets. (a) RMSE; (b) SF.

In FD001 and FD003, it is clear that the modules, i.e. Fan,
HPT, HPC, and LPT, have a larger weight when fused to the
sensor graph, while themodules LPC and Combustor have less
influence during the fusion. In addition, when fusing the sensor
graph representation to the module graph, sensors Nc, W31,
andW32 aremore important comparedwith other sensors. The
reason may be that these modules and sensors contain more
degradation trend information and have easily been assigned
larger weights during the training for producing improved
RUL prediction performance. In FD002 and FD004, modules
Fan, Combustor, and LPT contain more useful information
for the RUL prediction, while modules Bypass Duct and HPT
have the least contribution to the final prediction results, when
fusing the module graph representation to the sensor graph.
What’s more, sensors T24, T50, P30, and NRf have relatively
larger weights when fusing to the module graph, and sensor
T30 has less influence in the fusion process. The reason is that
the degradation trend of FD002 and FD004 is not clear enough
under the complex operating conditions, and more sensor data
is needed during the model training compared with FD001

and FD003. In figure 12, the weights of different modules in
FD001 and FD003 have large differences, while the weights
of different modules in FD002 and FD004 are more balanced.
The reason may be that the degradation trend of FD001 and
FD003 is clear and only the modules with a lot of degradation
trend information are needed, and the other modules may be
neglected with small weights. Finally, from figures 12 and 13,
it can be seen that different sensors and modules are assigned
with different weights, showing their distinctive ability in the
RUL prediction task. This also illustrates the necessity of the
proposedACG-FB, in which different sensors andmodules are
fused with specific weights. In summary, through the proposed
ACG-FB, the interpretability of the proposed method can be
improved, which is shown in the two figures.

4.2.6. Evaluation of the node representation size in GCN.
The node representation size in GCN has a significant influ-
ence on the RUL prediction performance. A smaller node rep-
resentation size may reduce the complexity of the model and
make the network convergence faster, while a bigger node
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Figure 12. Illustration of the representation fusion matrix for module graph to sensor graph. (a) FD001; (b) FD002; (c) FD003; (d) FD004.

Figure 13. Illustration of the representation fusion matrix for sensor graph to module graph. (a) FD001; (b) FD002; (c) FD003; (d) FD004.

representation size can improve the model’s ability for learn-
ingmore information from the signal data. On this account, the
RUL prediction performance with different node representa-
tion sizes l on four data subsets is discussed in this section.
Specifically, the node representation size l is set from 16 to
256 to evaluate the performance of the proposed method, and
the corresponding RMSE and SF are shown in figure 14.

It is clearly shown in figure 14 that the performance of the
proposed HGNN-ACGF increases as the node representation
size increases from 16 to 64 and then decreases. The best per-
formance of the node representation size is achieved at 64.
The reason is that the original input sample size is 30, 20, 30,
and 15 in FD001, FD002, FD003, and FD004, respectively,
and small node representation sizes have limited ability to
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Figure 14. Evaluation of different node representation sizes on four data subsets. (a) RMSE; (b) SF.

learn high-quality representation. The RMSE and SF of dif-
ferent node representation sizes on FD001 and FD003 are bet-
ter than those on FD002 and FD004 due to the influence of
complex operating conditions in FD002 and FD004. Besides,
with the node representation size becoming larger and larger,
the proposed HGNN-ACGF may suffer from the overfitting
problem. What’s more, compared with FD001 and FD002, the
fluctuation of RMSE and SF with different node representa-
tion sizes on FD003 and FD004 is larger: the reason is that
FD003 and FD004 have more fault modes than FD001 and
FD002. Based on the experimental results above, the node rep-
resentation size is set to 64 as the default setting on four data
subsets.

5. Conclusions and future work

In this paper, an HGNN-based method is proposed to improve
the performance of RUL prediction for complex machine sys-
tems. The hierarchical graph, consisting of a sensor graph and
a module graph, is constructed by introducing the sensor data
and structural information from the complex machine system.
Then, an HGNN is adopted to model these graphs, and thus
predict the RUL. Meanwhile, the degradation trend informa-
tion contained in different level graphs is considered and fused
simultaneously. To verify the proposed method, data sets from
C-MAPSS were adopted, and the experimental results show
superior performance of the proposed method compared with
other methods.

In addition, some recommendations should be noted for
further research directions. Firstly, there is no paradigm for
the construction of the graph for the RUL prediction and it
is vital to find a proper method for the construction of the
graph. Secondly, the information from different level graphs
is fused by the proposed ACG-FB and it would be interesting
to extend the ACG-FB and integrate more graphs. Thirdly, the
SF is reasonable in the real application for RUL prediction, so

integrating the SF with the loss function of the deep learning
methods may also be a promising research direction.
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