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A Hybrid Deep Learning Framework for Intelligent
Predictive Maintenance of Cyber-physical Systems

MAXIM SHCHERBAKOV and CUONG SAI, Volgograd State Technical University

The proliferation of cyber-physical systems (CPSs) and the advancement of the Internet of Things (IoT) tech-
nologies have led to explosive digitization of the industrial sector. It offers promising perspectives for high
reliability, availability, maintainability, and safety production process, but also makes the systems more com-
plex and challenging for health assessment. To deal with these challenges, one needs to develop a robust
approach to monitor and assess the system’s health state. In this article, a practical and effective hybrid deep
learning multi-task framework integrating the advantages of convolutional neural network (CNN) and long
short-term memory (LSTM) neural network to reflect the relatedness of remaining useful life prediction with
health status detection process for complex multi-object systems in CPS environment is developed. The CNN
is used as a feature extractor to compress condition monitoring data and directly extract significant spa-
tiotemporal features from raw multi-sensory input data. The LSTM is used to capture long-term temporary
dependency features. The advantages of the proposed hybrid deep learning framework have been verified
on the popular NASA’s C-MAPSS dataset. The experimental study compares this approach to the existing
methods using the same dataset. The results suggest that the proposed hybrid CNN-LSTM model is superior
to existing methods, including traditional machine learning and deep learning-based methods. The proposed
framework can provide strong support for the health management and maintenance strategy development
of complex multi-object systems.
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1 INTRODUCTION

With the rapid advancement of Information and Communication Technologies and the integration
of advanced analytics into manufacturing, products, and services, many industries are facing new
opportunities and at the same time challenges of maintaining their competency and market needs
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[16]. Such integration, which is called Cyber-physical Systems (CPSs), combines strengths of op-
timized industrial manufacturing with internet technologies and changes manufacturing process,
maintenance strategies, and maintenance management significantly. In CPSs, the key to realizing
automation and intelligence is through big data analysis driven by big computing and big modeling
provided by learning techniques such as deep learning [4]. For a summary on the theory and appli-
cations of CPSs, we refer the collected edition of Song et al. [40]. CPSs enhances communication
between smart manufacturing entities (sensors, actuators, control, etc.) and cyber computational
resources to facilitate monitoring, data collection, perception, analysis, and real-time control of
manufacturing resources [17]. However, under these conditions, the complexity of production sys-
tems necessarily increases as a function of smaller economic margins, faster and safer processes as
well as higher demands on product quality and resource efficiency [25]. Currently, a major issue
in many industrial settings is how to correlate failure occurrences and the maintenance actions
performed to prevent breakdowns [21]. Due to the increasing requirement of reliability, availabil-
ity, maintainability, and safety of systems, the traditional maintenance strategies (failure-driven
and time-based maintenance) are becoming less effective and obsolete [27]. Their main drawback
is resource-intensive and high cost, while there is no guarantee of preventing emergency failures.

Due to the growing complexity of CPSs, technical maintenance becomes a challenging issue
as the heterogeneity and complexity of systems increase. In this context, intelligent prognostic
and health management (PHM) technologies that are also known as predictive maintenance
(PdM), are showing promising abilities for application and rapidly gaining traction to address the
challenge of maintenance of CPSs in the big world of Industry 4.0, where an IoT platform serves as
amonitoring and decision-making system [36]. The concept of the PAM has existed for many years,
but only recently emerging technologies become both seemingly capable and inexpensive enough
to make PdM widely accessible [26]. The PdM can be described as “an intelligent way to maximize
the availability of a machine” and refers not only to strategies for early detection and prediction
of the condition, but also for taking necessary technical actions appropriate for recognizing and
predicting these cases, thereby reducing the maintenance costs, improving the operational perfor-
mance, and supporting the decision maker [8]. The prediction of remaining useful life (RUL)
is the core of the PAM. Accurate and reliable RUL assessment result provides decision-makers
valuable information to take suitable maintenance strategy to maximize the equipment usage and
avoid costly failure, and thus significantly reduce maintenance costs.

Current prognostic approaches can be classified into two main categories: model-based and data-
driven approaches [18, 27, 42]. Model-based approaches typically involve building mathematical
models to describe the physics of the system states and failure modes; they incorporate a physical
understanding of the system into the estimation of system state and/or RUL [22]. Model-based
approaches, however, may not be suitable for many industrial applications where the physical
parameters and fault modes may vary under different operation conditions [32]. One on hand, it is
usually difficult to tune the derived models in situ to accommodate time-varying system dynamics.
On the other hand, model-based approaches cannot be used for complex systems whose internal
state variables are inaccessible (or hard) to direct measurement using general sensors [22].

The data-driven approaches have been proposed and are currently being actively developed
with the improvement of sensor technology and signal transmission technology. Data-driven
approaches, in contrast, use collected data observations to identify and model relationships that
can be used for RUL predictions on new data observations. For this purpose, statistical approaches
model the conditional distribution of time lapses to failure given the history of condition
monitoring data using several approaches such as regression-based models, Gamma process,
Wiener process, or Markovian-based models. While these approaches provide useful estimations
of RUL and risk quantification of the solutions, they rely heavily on underlying assumptions of
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Fig. 1. The difference between machine learning and deep learning in PHM.

distributions or underlying processes from the Wiener or Gamma family. In most cases, these
assumptions cannot be verified as fulfilled due to the bias introduced by truncated processes in
practice [56].

With the rapid development of advanced sensing technology and affordable storage, it is much
easier to acquire mechanical condition data, enabling large scale collection of time series data [33].
With the massive monitoring data, data-driven approaches based on machine learning (ML) al-
gorithms has become the most effective solution to address smart manufacturing and industrial
big data, especially for performing health perception (e.g., fault diagnosis and remaining life assess-
ment). This approach has the properties of universality, since they are abstracted from the physical
nature of the system and do not require deep knowledge of its internal structure and functional
relationships between elements. In addition, models based on ML are quite flexible in terms of
updating in real-time. In the past few years, various data-driven methods based on ML such as
support vector machine [23, 28], random forest, and gradient boosting technique [30] have been
proposed for predicting the RUL of degrading equipment and have shown good performance in
reliability prognostics. Nevertheless, higher prediction demands make it unfeasible for those tradi-
tional data-driven methods to handle a growing number of complicated data [15]. The traditional
ML methods are largely dependent on signal processing and feature extraction techniques, which
depend on prior domain knowledge and expert experience. As a result, these methods present low
efficiency and poor generalization performance [19]. In addition, in these methods, the sequential
relationship of multi-temporal observations was not explicitly considered, which might ignore
some useful information in time series inputs.

At the same time, as the latest achievement of the machine learning era, deep learning (DL)
methods provide a powerful solution to the above weaknesses, which has emerged as a potent area
to process highly non-linear and varying sequential data with minimal human input within the
PHM domain [53]. Unlike traditional ML models that are mostly based on handcrafted features,
deep neural network (DNN) can operate directly on raw data and learn features from a low level
to a higher level to represent the distributed characteristics of data [3, 17], which does not require
additional domain knowledge (illustrated in Figure 1). In addition, when processing large amounts
of data, the DNN handles the selection of features much better than a human.

More and more DL techniques are developed in field of machine health monitoring. DL tech-
niques, such as Deep Belief Network (DBN), Convolutional Neural Network (CNN), Recur-
rent Neural Networks (RNN), and their variants, outperformed traditional prognosis algorithms
in predictive maintenance for complex multi-object systems [2, 6, 20, 46, 49, 55]. CNNs are sug-
gested for fault diagnosis over multi-channel data from sensors with excellent performance and
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lower computational cost, requiring homogeneity of the multi-channel data [1, 2, 9]. In Reference
[2], Babu et al. first applied CNN as a regression approach for RUL estimation with multi-sensor
raw data as model input. Concurrently, for sequential data such as time-series data, RNNs are con-
sidered as more suitable than CNNs [34, 51]. The back-propagation through time algorithm [43]
is an adaptation of traditional back-propagation for temporal data used to propagate network’s
error to previous time instances. However, this propagation can result into vanishing or exploding
gradient problem [10], making these networks forget long-term relations. To solve this problem,
specific RNN architectures were created based on forget gates, like long-short term memory
(LSTM) [11]. Zhang et al. [52] applied a method based on LSTM, which is specifically used to
discover the underlying patterns embedded in the time series to track the system performance
degradation, thereby predicting RUL. In References [46, 49], LSTM was adopted for modeling com-
plex temporal dependencies of multi-sensor raw data for RUL estimation. In Reference [50], Zhang
et al. propose a transfer learning algorithm based on Bidirectional Long Short-Term Memory
(BLSTM) recurrent neural networks for RUL estimation. In Reference [48], both spatial and tempo-
ral dependencies are handled by LSTM to identify rotating machinery fault based on the measure-
ment signals from multiple sensors. In Reference [54], Zhao et al. provide an end-to-end framework
based on batch-normalization-based LSTM to learn the representation of raw input data and clas-
sifier simultaneously without taking the conventional “feature + classifier” strategy. Wu et al. [47]
employ SVM to detect the starting time of degradation and used LSTM to predict RUL. In Refer-
ence [45], the features are first selected out using correlation metric and monotonicity metric and
then fed into LSTM networks with a concatenated one-hot vector.

Although the LSTM and CNN can directly work on raw time series data, both these networks
have their drawbacks when processing multi-sensor time-series data containing crucial temporal
and spatial dependencies. The time-series data is treated as static spatial data in CNN, where the
sequential and temporal dependency are not taken into account, and it may lead to the loss of
most information between timesteps [44]. Due to the fact that multi-sensor time-series data of
mechanical equipment usually have high sampling rate, the input sequence may contain thousands
of timestamps. The high dimensionality of input data will increase the model size and make the
model hard to train [33].

In addition, in all the aforementioned studies, the prognostics is treated as a regression prob-
lem and as an independent process even though potential relevance exists with the health status
detection process. It only provides a predicted RUL value, whose accuracy strictly depends on
the prediction horizon, i.e., the period starting from the current time (prediction instant) to real
system failure time. Therefore, using the predicted RUL value at the first stage of the system life-
time can lead to a wrong decision. However, this evaluation approach could hide the true overall
prognostics accuracy, as the prognostics horizon of the algorithm is not considered.

To address all of the above problems, a new hybrid deep learning framework based on a
combination of LSTM and CNN networks for health condition identification and RUL estimation
of complex multi-object systems is proposed in this article that is flexible, universal, and reliable
enough to show accurate results and be widely implemented for various complex industrial
systems. RUL estimation is performed by a developed hybrid CNN-LSTM regression network.
Health condition identification is performed by a modified CNN-LSTM network to solve the
classification problem. If the current state can be specified, operable and committable time
could be measured, and it can be helpful to evaluate the remaining time of a system from the
current state [31]. Thus, the proposed framework is suggested to infer the RUL of a current
system, reflecting its correspondence to present health conditions. For this purpose, raw sensor
measurements with normalization are directly used as model inputs to the network classifier.
Subsequently, if system degradation is detected, then the number of RUL is predicted using the
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regression model. In this case, no prior expertise on prognostics and signal processing is required,
which facilitates the industrial application of the proposed method.
The major contributions of this article can be summarized as follows:

(1) New data-driven prognostic framework based on a combination of LSTM and CNN networks
for effective failure forecasting of complex multi-object systems.

(2) The proposed hybrid CNN-LSTM networks directly work on raw multi-sensor data with
simple pre-processing and can automatically extract significant features without any hand-
crafted features or expert experience for technical condition identification and RUL estima-
tion of complex multi-object systems. It can learn both the complex temporal dependency
and spatial dependency of multi-sensor time series.

(3) Verification of the proposed methodology performance through a real application. The pro-
posed hybrid CNN-LSTM models achieve high performance in both classification and regres-
sion tasks.

(4) We achieve higher performance in accuracy compared with the different methods in various
metrics.

The rest of this article is organized as follows: The proposed effective data-driven framework
based on a combination of CNN and LSTM networks for health condition identification and RUL
prediction of complex multi-object systems is presented in detail in Section 2. Section 3 illustrates
the experiments performed on benchmark C-MAPSS dataset [35]. By comparing the proposed
approach with other existing methods, we demonstrate the high performance of the proposed
approach. Section 4 concludes this article and provides future research directions.

2 PROPOSED DATA-DRIVEN PROGNOSTIC MULTI-TASK FRAMEWORK

This section is devoted to introducing the proposed data-driven multi-task framework including
two hybrid deep learning network models to reflect the relatedness of remaining useful life predic-
tion with health status detection process for complex multi-object systems in CPS environment is
developed. The first model is to identify the stage of degradation of systems. The other model is
to estimate the RUL of systems. The proposed framework captures the interdependencies of both
tasks offering supportive knowledge to the RUL estimation task to obtain improved prognostic
performance.

2.1 Problem Description

We consider a scenario where sensor readings over the operational life of one or multiple instances
of a system or a component are available. We denote the set of instances by D. The goal is to
predict when a failure of a currently operational instance of the system for which multi-sensor
data is available till current time-instance occurs.

More formally, we consider a set of train instances D of a system. Assume that there are n sensors
of the same type on each instance. For an instance i € D,i = 1,...,m, we consider a multi-sensor

time series of sensor readings in a form X0 = [xii), xéi), e, x(Ti()i)], where T() is the length of the
time series, xii) € R" is an n-dimensional vector corresponding to readings for the n sensors at
time . For a failed instance i, the length T( corresponds to the total operational life (from start
to end of life) while for a currently operating instance the length T(® corresponds to the elapsed
operational life till the latest available sensor reading.

For a new instance with sensor readings X*, the goal is to predict when the failure occurs, given
the time-series data for train instances X, i € D. Next, we describe our approach based on CNN
and LSTM networks that can be easily applied to any complex multi-object system.
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2.2 Proposed Hybrid CNN-LSTM Multi-task Framework

Given the complementary strengths of CNN and LSTM networks, in this study, a novel multi-
task framework named CNN-LSTM is proposed to effectively predict the RUL by simultaneously
learning two tasks: RUL estimation and health condition prediction. To simultaneously estimate
the RUL value and present health condition, a hybrid CNN-LSTM deep model is proposed that
consists of three substructures, i.e., multiple convolution neural networks, LSTM recurrent neural
networks, and fully connected layer for regression. The proposed model captures the interdepen-
dencies of both tasks offering supportive knowledge to the RUL estimation task to obtain improved
prognostic performance.

Failure prognostics is essentially a time series prediction problem. In the end-to-end model,
when the whole sensor signal data is used as input, the difficulty of LSTM training will increase
a lot. CNN is introduced to avoid the trouble, which can reduce the original data dimension and
extract the significant features. At first, the run-to-failure data is sampled once in a while and it
will be divided into some subsequences. Then, every subsequence is set as input to the CNN part
for feature extraction. The extracted features from CNN will be packaged into LSTM. The model
is shown in Figure 2.

1D CNN for feature extracton. CNN is now the most effective framework with a very strong
capacity to discover knowledge behind large data especially for image-based data, since vision is
highly hierarchically organized. Good results of CNN for image recognition allow them to be used
for processing time sequences, since time can be considered as a spatial dimension, similar to the
height or width of a two-dimensional image, but in this case there is a fundamental difference. In
the image recognition task, the model accepts a two-dimensional input representing an image’s
pixels and color channels, in a process called feature learning. For predictive maintenance, con-
sidering the collected machinery features are from different sensors in this prognostic problem,
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the relationship between the spatially neighboring features in the data sample is not remarkable.
Therefore, while the input and the corresponding feature maps have 2 dimensions, the convolution
filters in the proposed network are 1-dimensional (1D) to extract features from sequences data
and maps the internal features of the sequence. The difference between between1D CNN and 2D
CNN is shown in Figure 3.

The input data is the time sequence of multiple sensor measurements X = [x1,xz,...,%Xn,]
with the dimension Ny, = Nr where N denotes the length of the sequence and Ny is the number of
selected features. The raw features are usually obtained from multiple sensor measurements. The
details of the data preparation will be presented in Section 3.2.

The one-dimensional convolution operation in the convolutional layer can be defined as a mul-
tiplication operation between a filter kernel w, w € RFL and a concatenation vector representation
Xii+Fp—1°

xi = (W' Xisisp, -1+ b), (1)
where #T denotes the transpose of a matrix *, and b and ¢ represent the bias term and non-linear
activation function, respectively.

The output z; can be considered as the learned feature of the filter kernel w on the corresponding
subsequence x;;4r, —1. By sliding the filter window from the first point to the last point in the sample
data, the feature map of the jth filter can be obtained, which is denoted as,

zi= 2.2 2 ] - 2)

When using a convolutional neural network, there is a problem—a large number of extracted
features, so using such a huge number of features for forecasting was ineffective. To do this, each
feature map is compressed to highlight the most significant features by applying a subsampling
layer (also known as pooling layer). Average pooling and max pooling are the most common
pooling methods. In this article, the max pooling method is adopted:

2D = down(2h), (3)

where down(x) represents the subsample function concerning max pooling.
LSTM for modeling temporal dependences. LSTM is a kind of RNN, which is a type of
neural network for processing sequence data. RNN contains loops, allowing information to be
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persisted. It can be used to connect previous information to the current task. However, when the
interval between the related information and the current predicted position becomes larger, RNN
will lose the ability to learn to connect to such far away information. LSTM is proposed to solve
the problem. LSTM has been proven to be the most stable and powerful model to learn long-range
temporal dependencies in practical application as compared to standard RNNs or other variants.
The structure of the repeating module in the LSTM at time ¢ is shown in Figure 4. The LSTM uses
three gate structures to control the status of the memory cell c(¢). The three gates have the ability
to remove or add information to the cell state.

The output A(¢ — 1) and hidden state c(t — 1) of LSTM cell at time (¢ — 1) will serve as input
of LSTM at time t, which is given by Algorithm 1, which is known as LSTM forward propagation
algorithm. LSTM cell also takes sensor data x(¢) as an input. There are three gates that control
the information flow within cell: (1) input gate i(t) controls what information will be passed to
the memory cell based on previous output h(t — 1) and current sensor measurement data x(t),
(2) output gate o(t) controls what information will be carried to the next timestep, and (3) forget
gate f(t) controls how memory cell will be updated.

ALGORITHM 1: LSTM Forward Propagation Algorithm

Input: Feature matrix x(t) and target matrix h(t).
Initialize: Randomly initialize the weight matrix W and bias vector b.
Forget gate: f(t) = oc(Wypx(t) + Wyph(t = 1) + Wepe(t — 1) + by).
Input gate: i(t) = c(Wyix(t) + Wy;h(t — 1) + Weie(t — 1) + b;).
Candidate value: g(t) = tanh(Wxgx(t) + Wpgh(t — 1) + bg).
Update the cell state: c(t) = f(t) ® c(t — 1) + i(t) ® g(t) where ® is the element-wise multiplication.
Update the output of the LSTM:
o(t) = c(Wxox(t) + Wyoh(t — 1) + Weoc(t) + bo)
h(t) = o(t) ® tanh(c(t)).
Outputs: The estimation value ﬁ(t).

The fully connected layer connects all the nodes between the adjacent layers, so the features
extracted from the front can be integrated. Due to its fully connected nature, the fully-connected
layer layer usually has the largest amount of parameters. The calculation process of the fully con-
nected layer can be expressed by Equation (4).

Y = p(Wrex + bye), ©)
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where Wy, is the weight matrix of the fully connected layer, by, is the bias vector, x is the input,
and Y is the output matrix.

2.3 Proposed CNN-LSTM Network Architecture for Estimating RUL

This subsection aims to describe the architecture and configuation of the proposed hybrid CNN-
LSTM regressive network for the system RUL estimation. In this case, the hybrid CNN-LSTM
network is implemented for regression and can be called as CNN-LSTM regressor. Figure 5 shows
its architecture that has four types of layers: the convolutional, the pooling, the LSTM, and the
fully connected (Dense) layers.

To avert over-fitting, which is prone to occur when training deep learning models, two regular-
ization techniques—Dropout and Early stopping—are applied:

(1) Dropout [41] is a recently introduced effective algorithm for training neural networks by ran-
domly dropping units during training to prevent their co-adaptation. This helps the model
to produce robust units that do not depend on the details of the activation of other individ-
ual units. In this work, we use the same dropout mask at each timestep for each unit of the
LSTM.

(2) Early stopping is one of the most popular, and also effective, techniques to prevent over-
fitting. In the training process, the 10% training data is selected to compute the loss function
at the end of each training epoch, and once the loss stops decreasing, stop the training and
use the test data to compute the final model accuracy.

To extract features from the “raw” input signals, we utilize a 1D CNN network that is com-
posed of two convolutional layers with the number of filters Fy and the filter length Fj, for each
layer and one max pooling layer. The ReLU function was used as the activation function for each
convolutional layer: ¢(x) = max(0, x).

The multiple fault features extracted from the 1D CNN network are added as the input of the
next LSTM network to adaptively capture long-term dependencies and nonlinear dynamics of time
series data. Two LSTM layers are sequentially stacked in the network. For LSTM configuration, the
number of the memory units for every layer have to be proveded. It is necessary to specify that
the LSTM units return all the outputs from the unrolled LSTM unit through time. Then, it allows
learning sequences of observations and it is well adapted to time series problem. However, there is
an overfitting on training data. Therefore, the “Dropout” regularization method is used for every
LSTM layer to improve the model preformance.

Finally, fully connected layer is built on top of CNN-LSTM to process the outputs of LSTM, since
it is good at mapping the learned feature representation to sample labels. In the output layer there
is 1 neuron that will gives us back the number of RUL and a linear activation.

The model weights are continuously updated by the backpropagation algorithm, as shown in
Figure 6.
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We choose Mean Square Error (MSE) as the loss function and use RMSProp optimizer [5]
to minimize the loss function. In this case, the the network’s weights are updated by minimizing
the MSE function using the RMSprop optimizer algorithm (see Figure 6). The MSE function is
formulated as follows:

LN
_ _ 2
MSE = ; IRUL,, - RULy, %, (5)
where RUL,, and RULy, are the true value and predicted RUL, respectively. N is the total number
of samples in the testing set.

2.4 Proposed CNN-LSTM Network Architecture for ldentifying Technical Condition

From the start of operation until the limit state is reached, the system will be in different technical
conditions (classes) C = [Cy1,C, . ..,Cy], where n - is the number of class labels. In real decision
support systems, there is no practical need to consider more than three classes C = [Cp,, Cyy, Cc]:

(1) Cp, - “Normal” condition of system. Technical maintenance is not required.

(2) Cyy — “Warning” or approaching the pre-failure condition of the system. The necessary plan-
ning for technical maintenance and repair.

(3) Cc — “Critical” condition of the system. Operation is not allowed. Urgent action on the sys-
tem is required.

In this statement, the problem of identifying the technical condition of complex multi-object
systems can be considered as a classification problem with several classes. Note that in a simple
case, from the point of view of technical diagnostics, we can consider a simplified problem—the
problem of binary classification: According to a given vector of system parameters, it is necessary
to determine which condition (healthy or faulty) the system belongs to. Therefore, the binary
classification is regarded in this article. To solve this problem, the proposed hybrid CNN-LSTM
model for RUL estimation was modified as follows:
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Fig. 7. A final data-driven prognostic scheme.

e In the output fully connected layer of the network, one output with a “sigmoid” activation
function is used for the binary classification problem.

e The loss function for the binary classification problem is binary cross-entropy/log loss,
which looks like this:

N
Hyg) =~ D0 - 1og(p(wi)) + (1~ i) - log(1 = p(y:)), ©
i=1

where y is the label (0 for healthy condition and 1 for faulty condition) and p(y) is the pre-
dicted probability of the condition being healthy for all N samples.

o The Adam optimizer [13] is implemented to train the model. In this case, the weights were
updated by minimizing the function H,(q) using the Adam optimizer algorithm.

2.5 Final Prognostic Scheme

Figure 7 shows the final proposed data-driven prognostic scheme that consists of two trained hy-
brid CNN-LSTM networks described above. The first one is a classifying network that predicts the
class of an engine according to its state. The second network is regressive and allows to accurately
calculate the number of RUL.

The classifying network only provides a Boolean answer, but can provide greater accuracy with
less data. The regressive network needs more data, although it provides more information about
when the failure will happen. However, as noted in Section 1, training a single regressive network
to predict the RUL of a machine provides a greater amount of errors at the first stage of the system
lifetime, consequently, using the predicted RUL value at the first stage of the system lifetime can
lead to a wrong decision. This is why the proposed prognostic scheme has been chosen.

During the training stage, the proposed hybrid network models take the sensor measurement
sequences X;,i = 1,2,...,m, to learn to which time window the true RUL and technical condition
belongs. Next, during the test stage (the application stage), at time ¢, the constructed CNN-LSTM
classifier will take the vector of sensor measurements x; as input data and output the technical

ACM Transactions on Cyber-Physical Systems, Vol. 6, No. 2, Article 17. Publication date: May 2022.



17:12 M. Shcherbakov and C. Sai

condition belongs to determined time window. If the technical condition is defined as no healthy,
then the constructed CNN-LSTM regressive model will be used to predict RUL.

3 EXPERIMENTAL STUDY

In this section, the performances of proposed hybrid CNN-LSTM models are empirically avaluated
on a well-known benchmark C-MAPSS dataset from NASA. First, descriptions of the C-MAPSS
dataset are presented. Then details of the experimental procedure are provided. At last, the pro-
posed models are compared to benchmark models and recent studies in this problem.

3.1 C-MAPSS Dataset

Due to the difficulty of obtaining real data and measurements from companies it has been decided
to create a functional prototype of predictive maintenance using a public database. To test the
proposed approaches, we used the Turbofan Engine Degradation dataset from Aero-Propulsion
System Simulation (C-MAPSS), which was developed by the Prognostics Center of Excellence at
NASA’s Ames research center [35]. It contains sensor readings from a fleet of simulated aircraft
gas turbine engines, recorded as multiple multivariate time series. All engines are of the same type,
but each engine starts with different degrees of initial wear and variations in the manufacturing
process, which is unknown and considered to be healthy. The data includes the following sets:

e Training set: It is the aircraft engine’s run-to-failure data.

o Testing set: It is the aircraft engine’s operating data without failure events recorded.

e Ground truth data: It contains the information of true remaining cycles for each engine in
the testing data

Both the training set and the test set includes 26 columns: engine number, timestep, three opera-
tional settings, and 21 sensor measurements. See Reference [35] for a deeper understanding of the
C-MAPSS dataset. The purpose is to prognosticate the numbers of remaining operational cycles
before failure in the testing set, i.e., the number of operational cycles after the last cycle in which
the engine will continue to run normally.

The Figure 8 shows the visualization of sensor readings over time for a random sample of 10
engines from the training set, plotted against time. Note that each subplot contains 10 lines (one
for each engine). There are three operational settings (ci, ¢z, c3) that can be used to change the
performance of each machine. Each engine has 21 sensors (sy, sz, . - . , s21) collecting different mea-
surements related to the engine state at runtime. Collected data is contaminated with sensor noise.
It is apparent from this figure that, perhaps due to their different initial conditions, each engine has
a slightly different lifetime and failure pattern. This highlights the fact that each engine’s progress
in time is not quite aligned with any other.

3.2 Data Pre-processing

Before training the hybrid CNN-LSTM network models, it is necessary to process the heteroge-
neous data from multiple sensor sources as follows:

(1) Data selection: There are 3 operational settings and engine unit measurements from 21
sensors in the C-MAPSS dataset that can provide degradation information of the engine
units. However, it can be observed from Figure 8 that parts of the sensor samples do not
show significant variations as the life cycle increases. These data cannot provide useful
information about RUL and will increase the complexity of neural networks. Therefore,these
features will be removed from the dataset, whose indices are ¢3, s1, s5, 510, s16, and s19.
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Fig. 8. Sensor readings over time for the first 10 engines in the training set.

(2) Data Normalization: The input measure data from multiple sensor sources is complex

and multidimensional with different ranges of values. To use these heterogeneous data for
training the proposed network models, it is necessary to normalize every feature value.
The collected measurement data from each sensor are normalized to be within the range of
[0, 1] using the min-max normalization method:
* Xi = Xmin

X, = ——8,
Xmax — Xmin

™)

where x,,x and x,;, are the maximum, and minimum with respect to each sensor,
respectively.

(3) Data labeling: To perform the regression and classification, it is necessary to label the data.

Let us look at the specifics of label assignment for both tasks:

e Regression task: For each engine trajectory within the training sets, the last data entry
corresponds to the moment the engine is declared unhealthy or failure status, i.e., the
length T responds to the total operational life (from start to end of life). So, we can
assign target values of RUL for training regressive network as follows:

RULD(t) = TW — @ 70 5 @) (8)
where T() is the time of end life of the ith engine and ¢ its current operating time. In this

case, RUL decreases linearly along with time. This definition implies that the health of a

system degrades linearly along with time. In practical applications, degradation of a com-

ponent is negligible at the beginning of use and increases when component approaches

end-of-life. To better model the RUL changes along with time, in References [2, 7, 20], a

piece-wise linear RUL target function was proposed, which limits the maximum RUL to

a constant value and then starts linear degradation after a certain degree of usage. In this

article, for C-MAPSS datasets, we set the maximum limit as 130 time cycles.
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e Classification task: For binary classification, the information is required whether the
system fails in time window (horizon) w, then the data will be labeled by two classes. The
first class, noted class 1, represents the case where the system remaining life time will be
greater than the time window, i.e., RUL > w (healthy condition). The second class, noted
class 2, concerns the case where the systems remaining useful life will not exceed the
time window w, i.e., RUL < w (faulty condition).

(4) Time-window Processing: Before training the proposed models, time-window process-
ing is used to generate the network inputs by sliding the window through the raw data.
The window length is denoted as N and the sliding stride is expressed as k. Consider-
ing that short sliding strides can increase the number of training samples, which may re-
duce the risk of over-fitting, it is reasonable to set k = 1. Input pairs can be expressed
as I = [Xyindow start>- - - »Xwindow _end]- The input size of CNN-LSTM, as noted above, is
Np * Np. The data samples in a time window belong to the same engine unit. The target class
and RUL of the last data point are used as the target label for each time window. The value of
the parameter Ny should be smaller than that one of the recorded data length, i.e., the length
of the recorded trajectories. In addition, the greater value of Ny, is, the higher capacity of look-
ing back in the history data of the models will be. However, this will lead to an increase of
the training time. Therefore, for every test set in the case study, it is preferable to have the
values of Ny large enough to benefit from the history information, but must be smaller than
the minimum length of the recorded trajectories. Note that the minimum recorded length in
C-MAPSS FDO001 dataset is 31 cycles, therefore, the value of Ny is set to 30 cycles.

3.3 Benchmark Models

In this article, a variety of benchmark models is designed to prove the hybrid CNN-LSTM model’s
effectiveness. The benchmark models fall into two main categories: DL models and traditional ML
models. The DL models include Multilayer Perceptron (MLP), CNN, and LSTM neural networks.
The traditional ML models include Linear Regression (LM), Regression Trees (CART), Sup-
port Vector Machines (SVM), Random Forests (RF), Bootstrapped Aggregation (Bagging),
and Extreme Gradient Boosting (XGBoost).

Even though machine learning demonstrates high predictive power, these models struggle with
the nature of sensor data as time series [14]. Unlike DL network models such as CNN and LSTM
that that can learn from sequences of varying lengths, rather than a fixed size of feature vector, all
traditional ML models take only the current sensor measurements X, when predicting the system
failure. However, this approach ignores the trajectory of historic sensor data. Yet the history of
sensor measurements is likely to encode valuable information regarding the past deterioration and
usage of machinery [14]. As a remedy, the literature suggests using various feature engineering
methods as a means of encoding the past usage of machinery into an input feature vector for the
predictive model. Yet previous research has only little guidance at hand regarding what type of
features are most useful. Hence, in this article, we explore various feature engineering methods
that are mentioned in Reference [24] to improve the performance of traditional ML models. To
optimize hyperparameters for each traditional ML model, the grid search technique is used.

As DL models, we use the following three neural networks:

(1) MLP network. The MLP is constructed by using four hidden layers. The Relu function is
the activation function in each hidden layer.

(2) CNN network. In this article, we adopt CNN consisting of two convolutional layers to
extract spatial features and the fully connected neural network to obtain a regression model

(2].
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(3) LSTM network. We adopt two LSTM layers to extract long-term temporary dependencies
and the fully connected neural network to achieve RUL prognostics [55].

To determine the best hyperparameter combination for all DL models, we use keras tuner library
[29], which will be presented in Section 3.5.

3.4 Performance Metrics

3.4.1 Performance Metrics for the Regression Task. Measuring forecast accuracy (or error) is not
an easy task, as there is no one-size-fits-all measure. Due to the fact that each error measure has the
disadvantages that can lead to inaccurate evaluation of the forecasting results (each error measure
will avoid some pitfalls but will be prone to others) [37], the choice of an appropriate performance
metric depends on the specific case. The time series used in this article have the same scale and
the actual values are not equal to zero, so it is recommended to use Mean Absolute Error (MAE),
Root Mean Squared Error (RMSE), and Mean Absolute Percentage Error (MAPE) that are
three of the most common metrics used for evaluating and reporting the performance of a re-
gression model. Moreover, the error measurements mentioned above common-used in the field of
RUL prediction. In addition, using only one evaluation metric maybe can not wholly measure your
model’s performance. Often it is preferable to use multiple metrics and compare results together
to get better insight. Evaluation metrics are formulated as follows:

N
1
MAE = — ; IRUL,, — RULy,], 9)
1 N
= — _ )2
RMSE = 3|+ ; (RUL,, — RULy,)?, (10)
1 < |RUL,, — RUL,
MAPE = — " |—2——%|, (11)
N & RUL,,

where RUL,, and RULy;, are the prediction value and true RUL, respectively. N is the total number
of true RUL targets in the respective testing set.

In addition, using only one evaluation metric maybe can not wholly measure your model’s
performance; it is often preferable to use multiple metrics and compare results together to get
better insight.

3.4.2  Performance Metrics for the Classification Task. The accuracy of a classification model
for the classification problems is evaluated using a confusion matrix, which contains information
about actual and predicted classifications done by a classification model. A confusion matrix has
two dimensions; one dimension is indexed by the actual class of an object, the other is indexed by
the class that the classifier predicts. Table 1 presents the basic form of confusion matrix for two-
class classification task (in this case, healthy and not healthy or faulty). In such a representation the
columns represent the predicted class labels of the data, while the rows represent the actual classes.
Assuming (arbitrarily) that the class labels are “0” and “1” and that these are considered “positive”
and “negative,” respectively. In this setting, the diagonal elements of the confusion matrix, the true
positive (TP) and true negative (TN) rates, are the observations that are correctly classified by
the algorithm. The false negatives (FN) are positive observations that have been wrongly labelled
as negative by the algorithm. Contrarily, the false positives (FP) are the negative observations
that have been incorrectly classified as positive. Using this notion, a number of metrics regarding
the predictive performance of the model can be derived.
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Table 1. Confusion Matrix for Two-class Classification Problems

Predicted class
Healthy Faulty
(0) (1)
Actual | Healthy | True Positive | False Negative
Class (0) (TP) (FN)
Faulty False Positive | True Negative
(1) (EP) (TN)

A number of measures of classification performance can be defined based on the confusion
matrix. Some common measures are given as follows:

Accuracy is one of the most commonly used measures for the classification performance, and it is
defined as the proportion of true results (both true positives and true negatives) in the population.
It is calculated as a ratio between the correctly classified samples to the total number of samples

as follows:
TP+TN

. 12
TP+TN +FP+FN (12)

Precision is a measure of the accuracy provided that a specific class has been predicted. It is
defined by:

Accuracy =

TP
Precision = ————. (13)
TP+ FN

Recall is a measure of the ability of a prediction model to select instances of a certain class from
a dataset, and it is defined by the formula:

TP
TP + FP’
The traditional F-score (F1 score) is the harmonic mean of precision and recall:

Recall = (14)

2 % Recall = Precision
Fscore = — . (15)
Recall + Precision

3.5 Experimental Results and Discussions

Experiments are conducted on the Google Colaboratory cloud service (also known as Colab) with
12 GB NVIDIA Tesla K80 GPU. Programming language is Python 3.8, and deep neural network
models are created using the Keras and Tensorflow libraries. In the training procedure, the input
data is divided into several mini-batches. The batch size is 200 and the maximum training epoch
is set to be 100.

To determine the best hyperparameter combination in proposed deep learning models, we use
keras tuner library [29]. The library search function performs the iteration loop, which evaluates
a certain number of hyperparameter combinations. Evaluation is performed by computing the
trained model’s accuracy on a held-out validation set (see Figure 9). For this purpose, a random
search technique has been used with the following hyperparameters:

e Number of filters in each convolution layers: range between 16 and 256 with step = 16
o Kernel (filter) size in each convolution layer: range between 1 and 10 with step = 1

e Numbers of neutrons in each LSTM layer: range between 10 and 100 with step = 10

e Dropout rate: range between 0.0 and 0.5 with step = 0.1.

The obtained optimal hyperparameters of the proposed CNN-LSTM models are summarized in
Table 2.
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Table 2. Hyperparameter Setting of CNN-LSTM Networks

Layer T Filters/  Filter Regi Activation Dropout
Index ype Neurons Size 810N function rate

1 Conv1D 32 5 - ReLu -

2 Conv1D 64 3 - ReLu -

3 MaxPooling1D - - 3 - -

4 LSTM 50 - - Tanh 0.2

5 LSTM 50 - - Tanh 0.2

6 Dense (classification) 1 - - sigmoid -

7 Dense (Regression) 1 - - linear -

Table 3. Experimental Results of Different Prediction Models

Model MAE RMSE MAPE
LM 25.97 31.25 58.17
CART 19.25 24.76 50.56
Bagging 21.37 27.38 47.25
SVM 16.01 21.84 28.16
RF 17.51 23.94 31.37
XGBoost 16.38 22.72 30.18
MLP 17.79 23.02 36.74
CNN 14.15 17.98 28.98
LSTM 11.98 16.06 15.80

The proposed CNN-LSTM 9.86 12.76 13.21

The proposed model has been trained with two dropout layers with a drop rate of 0.2 and early
stopping; a comparatively better result is obtained that has the MAE in the training and validation
sets of 9.06 and 9.23, respectively. This techniques are considered as a way to avoid overfitting.
If proposed model has been trained without using dropout and early stopping, then it gives poor
results due to overfitting (MAE for the training and validation sets of 8.67 and 15.69, respectively).
The same techniques are used for all neural network models.

3.5.1 Regressive Network for RUL Prediction. Table 3 shows the performance metric values
(MAE, RMSE, and MAPE) of benchmark models and the proposed hybrid CNN-LSTM model.

We can observe from the results in Table 3, our proposed hybrid CNN-LSTM-based approach
outperforms other approaches significantly by producing much lower errors across all metrics.
Compared with traditional machine learning methods, deep learning models such as CNN and
LSTM have relatively higher prediction accuracy. Hence, we can conclude that CNN-LSTM-based
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Table 4. Comparison Results with
Models Proposed by Other Researchers

Method RMSE Year
SVM [23] 29.82 2013
CNN [2] 1845 2016
LSTM [7] 17.84 2017
Deep LSTM [12] 16.74 2018
Stacking Ensemble [39] 16.74 2019

The proposed CNN-LSTM  12.76 -

regression approach is better than the standard shallow architecture based regression methods for
RUL estimation.

The C-MAPSS FDO001 dataset has been extensively studied, and many researchers adopt the
dataset to verify their models. Table 4 shows a comparison of the results obtained for the pro-
posed hybrid CNN-LSTM model with the results of other studies in relation to the solution of the
problem under consideration. The comparisons demonstrate that the proposed hybrid CNN-LSTM
model achieves the best performance and, hence, could have promising application prospects in
the prognosis field.

RUL predicted by the proposed hybrid CNN-LSTM model for 100 engines in the testing set
is illustrated in Figure 10. This figure indicates that the predicted failure time from our proposed
hybrid CNN-LSTM model is very near to the actual failure time or their ground truth values. Along
with the running cycles of engines increase (RUL decreases), the prediction error becomes very
small, which can be seen in the range of RUL between 0 and 50. This confirms that in the first
lifetime stage when the running cycles of engines are small, engines are healthy and have not
begun to degrade rapidly. That is the reason prediction error is relatively large in this stage.

High and reliable RUL prediction accuracy at the very end of system lifetime has of course great
industrial significance, as this period is critical for PHM applications. However, this evaluation
approach could hide the true overall prognostics accuracy, as the prognostics horizon of the al-
gorithm is not considered. The prognostics horizon is critical to achieve trustworthy confidence
intervals for the corresponding RUL prediction. These confidence intervals are important due to
both inherent uncertainties with the degradation process and potential flaws in the prognosis al-
gorithm [38]. That is why, in this context, the classifier plays an important role—as an identifier
of the stage of equipment degradation and it considers prognostics horizon, hence, can be used to
ensure the reliability of RUL forecasting.

3.5.2  Network Classifier for Technical Condition Identification. The above prediction results
showed that the hybrid CNN-LSTM regressive model gives more accurate forecasts when the value
of the RUL is less than 50 cycles. Therefore, to label the data for classification, the time horizon w
is set to 50 cycles, then the data will be labeled by two classes. The first class, noted class 0, repre-
sents the case where the engine RUL will be greater than the time time horizon w, i.e., RUL > 50
(healthy condition). The second class, noted class 1, concerns the case where the engine RUL will
not exceed the time horizon w, i.e., RUL < 50 (faulty condition).

After applying the time-window processing technique, a training set of 17,631 samples and
testing set of 10,096 samples are obtained. The resulting training set contains 12,531 samples with
“healthy condition” and 5,100 samples with “faulty condition” The resulting testing set contains
9,210 samples with “healthy condition” and 886 samples with “faulty condition.”
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Table 5. Metrics Obtained after Training the Classifier Networks

Class Precision (%) Recall (%) F1-score (%)

class 0 98.33 99.55 98.94
class 1 95.37 84.42 89.56

Once the hybrid CNN-LSTM classifier has been trained on training set, the model is applied to
the testing set, obtaining the overall accuracy of 98.05 %. Table 5 shows the classification accuracy
for each state class. It can be seen in Table 5 that this network classifier renders better results when
classifying engines with more than 30 remaining life cycles (partly because this class has a larger
number of instances).

3.5.3 Final Prognostics Schema. The final stage in the workflow of the proposed framework
consists in predicting the class to which an engine belongs. For this purpose, a series of measure-
ments from different sensors are introduced into the network classifier. Subsequently, if the above
classification is class 1, then the number of remaining cycles is predicted. Algorithm 2 illustrates
the process of evaluating performance of the final prognostics schema.

ALGORITHM 2: Final Model Performance Evaluation
Functions: Error metrics MAE, RMSE, and MAPE.
Predicted_class = CNN-LSTM_Classifier(X;,_ NL+1tti)
If predicted_class != 0 then
Predicted_rul = CNN-LSTM_Regressor(Xy;_y; ,:#;)
errors = MAE(*), RMSE(*), and MAPE(*), where * denotes |predicted_rul — true_rul|
End if
Return errors
End function

The application of this workflow to the test set and the errors MAE, RMSE, and MAPE are then,
respectively, 3.04, 4.09, and 13.22. The obtained prediction results and the proposed hybrid CNN-
LSTM models can be used in intelligent predictive maintenance for the purpose of highly reliable
identification of the degradation stage and RUL estimation of complex multi-object systems.
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4 CONCLUSIONS

In this article, a new effective data-driven prognostic framework based on hybrid deep learning
CNN-LSTM network models was presented. The proposed hybrid network models are divided
into two major parts, which are convolutional and recurrent neural network. CNN and LSTM are
applied to local patterns and capture temporal long-term dependencies, respectively. In addition,
the fully connected network is used to decode the features and information from the CNN-LSTM.
When predicting the RUL of a multi-object system the most common procedure is to perform a
regression with the set of historical measurements of the different sensors of the system. The main
problem with this type of procedure is that if the range of the number of life cycles is too wide,
then large errors can occur when performing the regression. This is why the proposed framework
consits of two trained hybrid CNN-LSTM networks. The first one is a classifying network that
predicts the class of a system according to its state. The second network is regressive and allows
to accurately calculate the number of RUL. It provides a better forecast result than using just the
single regressive network model.

The proposed hybrid CNN-LSTM models can automatically extract significant features directly
from “raw” multi-sensor time series with simple pre-processing for failure prognostics of com-
plex multi-object systems in CPS environment. The experiments are performed on the publicly
available C-MAPSS dataset. In the experimental study, the proposed hybrid CNN-LSTM regres-
sive network model is compared to different existing approaches as well as recent studies in the
literature in RUL predition task, the results obtained by the proposed method achieve best overall
performance. The modification herein proposed to the hybrid CNN-LSTM regressive architecture
allowed the classification with high accuracy. The technical conditions of the equipment are iden-
tified with the probability of 99%. The obtained results and algorithms can be used in predictive
maintenance systems aimed at reliable identification of the equipment degradation current stage
and RUL estimation.

In future work, we plan to apply the proposed data-driven prognostic based on hybrid deep
learning models in predictive maintenance tasks and continue to optimize our models to get better
performance.
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