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We present a coevolutionary optimization approach for the automatic and unsupervised extraction of industrial
component degradation indicators from a set of signals collected during operation. It embeds a deep sparse
autoencoder (SAE) for the extraction of the degradation indicators, into a multi-objective coevolutionary
optimization algorithm, which maximizes the SAE’s performance by optimizing its architecture and
hyperparameters. The effectiveness of the proposed approach is shown by its application to a synthetic dataset,
which mimics the operation of a degrading component in an environment affected by seasonal changes.
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1. Introduction

The identification of the degradation state of
industrial components is at the basis of condition-
based maintenance (Kim, et al., 2012); (Marton,
et al., 2013); (Termite, et al., 2019). Typically,
degradation indicators are hand-crafted features,
designed by experts and estimated by applying
signal processing techniques and supervised
machine learning algorithms in the time,
frequency, and time-frequency domains (Das,
2001); (Feng, et al., 2013); (Liao, 2014); (Yan, et
al., 2014); (Zhao, et al., 2017). Wavelet-based
wrapper feature selection approaches have been
used to build degradation indicators in (Yan, et
al., 2014), binary differential evolution algorithm
with k-nearest neighbor classifiers in (Baraldi, et
al., 2016), greedy search methods in (Rauber, et
al., 2015), and LSSVM? in (Lu, et al., 2019).
These methods typically require manual
parameter setting, are based on trial and error

@ Least-Squares Support Vector Machine

approaches, which can be time-consuming and
computation-intensive, and are heavily dependent
on expert knowledge (Miikkulainen, et al., 2018).

In (Yang, et al., 2018), a low-dimensional
latent representation of the input data is extracted
using deep sparse autoencoder and the Mann-
Kendall (M-K) monotonicity test (Pohlert, 2016)
is applied to select the most monotonic feature as
degradation indicator. The method is shown able
to extract satisfactory degradation indicators from
different types of signals, in an unsupervised
manner, and without requiring the use of expert
knowledge. However, it requires tuning the deep
SAE’s architecture and its hyperparameters,
which is done by the following iterative trial and
error procedure: firstly, an architecture is tried,
followed by a grid search to find the optimal
hyperparameters; then, the architecture is
modified and another grid search is performed on
the new architecture, and the process is repeated
until a satisfactory solution is found.
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This approach can be time-consuming,
computation-intensive, and does not guarantee
finding globally optimal solutions (Gruau, et al.,
1996).

Numerous frameworks have been suggested
and implemented to optimally set the SAE
architectures and hyperparameters (O. Stanley, et
al., 2002); (Garcia-Pedrajas, et al., 2003); (Lu, et
al.,  2019). Evolution-based  optimization
algorithms (also referred to as neuroevolutionary
algorithms) evolve a population of network
architectures and/or parameters which are
encoded into strings of numbers called
chromosomes (Likothanassis, et al., 1997).
Recently, coevolutionary algorithms,  which
comprise multiple genetically isolated
populations and species that coevolve together,
have emerged among neuroevolutionary
algorithms, since they are compatible with the
modular nature of neural networks and are
effective in preserving diversity during the search
for the optimal solutions (Garcia-Pedrajas, et al.,
2003).

In this work, we present an approach which
embeds a deep sparse autoencoder for extracting
degradation indicators from vibrational sensor
data of industrial components, into a cooperative
coevolutionary algorithm (Popovici, et al., 2012),
which optimizes the SAE’s architecture and
hyperparameters setting.

The main contribution is that the proposed
algorithm fully automatizes the procedure of
extracting degradation indicators using deep
sparse autoencoders.

The effectiveness of the proposed method is
demonstrated by its application to a case study,
which comprises the synthetic dataset used in
(Yang, et al., 2018).

The remainder of the paper is organized as
follows:  Section 2  introduces  sparse
autoencoders. In section 3, the proposed method
is presented. The case study, the dataset, and the
obtained results are discussed in section 4.
Finally, section 5 draws some conclusions.

2. Sparse Autoencoders

An autoencoder (AE) is a neural network
composed of an encoder and a decoder, trained to
replicate its input signals. It allows reducing the
input data dimensionality by providing a low-
dimensional representation of them
(Salakhutdinov, 2006); (Yang, et al., 2018). Let
X ={x;i = 1,--- ,N},x; € RX be an unlabeled
dataset containing a run-to-failure degradation
trajectory of a component for which the
measurements of K signals at N time instances are
available. The encoder maps the input vector x; to

a latent representation z; € RXF, whereas the
decoder reconstructs the input data from the
extracted features z;. A sparse autoencoder (SAE)
is a variant of an AE with a regularization term
added to the cost function to encourage the
neurons in the hidden layers to be inactive most
of the time, making the AE sparse (Le, 2013).
This is because it has been demonstrated that the

@ - _
z; ) =

1,2, ..., K; is favored when the hidden neurons are
constrained to be inactive most of the time, i.e. by
requiring the sparsity of the AE (NG., 2011).

SAEs are typically organized in multi-layered
deep architectures called Stacked-SAEs (S-SAEs)
(Fig. 1). Their training process is composed of
two steps: layer-wise pretraining and fine-tuning.
Pretraining consists of training a stack of basic
single-layered AEs. For example, the first basic
AE (bottom in Fig. 1a) is trained to transform the

extraction of discriminative features

input X; to the feature 251) =
2", 20 @), . 20 O]
) _
z;" = f(Wix; + by) (@)

where f,W,,b; are respectively the encoder
activation function, weight matrix, and bias
vector. After obtaining the features zl(l), they are
fed into the next basic SAE as input data to
transform zgl) to the feature vector zl@. This
procedure is repeated until the innermost basic
SAE is pretrained. Subsequently, the basic SAEs
are stacked together to create a deep autoencoder,
which is, then, fine-tuned (Rumelhart, et al.,
1986).
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a) Pretraining

a) Fine-tuning

Fig. 1. SAE training
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The training of a generic basic SAE aims at
minimizing the cost function:

C = Repror + BRspa‘rse + AR, 2)

where  Reprors  Rsparses and  R;, are the
reconstruction error, the sparsity regularization,
and the L2 regularization terms respectively. [
and A are coefficients indicating the relative
importance of the terms in the cost function. The
reconstruction error, R, o, Which is the mean
squared error (MSE), quantifies the difference
between the reconstructed signal X; and the input
vector Xx;:

N
1 =12
Rerror = Nzuxl =%l
i=1

The sparsity regularization term Rgp,qrs 1S
calculated using the Kullback-Leibler (KL)
divergence function to measure the degree of
sparsity of the SAE:

K1
Rsparse = Z KL(p”ﬁj) =
i=1

3

Ky

4 1-p
Z[P1097+(1—P)109 ] @
=1 Pj 1=7
where p; is the average activation of the jth

neuron of the SAE hidden layer, evaluated over
all the training patterns x;,i = 1, ..., N:

N
1
pi=3 ) 5 J=1.K ()
i=1

and z;(Q), j =1,2,..,K is the j element of the
extracted feature vector z(i) with K the number of
neurons in the hidden layer. The KL function is
zero when all p; are equal to p and increases when
they diverge.

The weight regularization term R;, is
introduced in Eq. (2) to prevent the increase of the
weight values, which can lead t0 Rgpqrse
becoming small, without actual sparsity of the
network (Olshausen, et al., 1997). It is defined as:

1 2
Riy = 3 IW] ©)
where W is the SAE weight matrix.

2.1. Degradation indicator identification
through Deep SAEs

According to (Yang, et al., 2018), deep SAEs can
be used to extract degradation indicators from

run-to-failure trajectories. The training of these
networks consists of layer-wise pretraining (i.e.
training each hidden layer with the data of the
previous layer as the input and the output) and
fine-tuning.

Subsequently, the decoder is discarded, and
the encoder is used for obtaining a set of
indicators, which are the activation values of the
innermost layer neurons. Finally, the obtained
indicators are analysed by Mann-Kendall (MK)
monotonicity test (Pohlert, 2016), and a
monotonicity coefficient py is calculated for
each of them. For a generic signal F (t), py 1S:

V-1
if V>0
if V=0

(7
1.

T Lf V<O

where V = X152 sign(F(j) — F(©)) and

o =/N(N — 1)(2N + 5)/18 with N indicating

the number of training patterns. The larger the

value of pyg, the more monotonic is the extracted

feature and the more likely is the feature to be a
good degradation indicator.

3. Proposed Approach

Deep SAEs, and neural networks in general, are
composed of modules (i.e., layers, nodes, weights,
etc.) cooperating to improve the capability of the
overall network (Popovici, et al., 2012). The
network is, then, evaluated by assessing its
capability of learning to solve a given problem at
hand. In this light, cooperative coevolutionary
frameworks are the natural solution for Deep
SAEs  architecture and  hyperparameters
optimization (Garcia-Pedrajas, et al., 2003);
(Popovici, et al., 2012). Specifically, a Deep SAE
can be broken down into its constituents (layers,
computation modules, weights, etc.) and each
constituent can be evolved inside a dedicated
genetically isolated sub-population (Garcia-
Pedrajas, et al., 2003).

In this context, we propose a cooperative
coevolutionary optimization approach, which
automatically optimizes the architecture and
hyperparameters of a deep SAE, and, at the same
time, trains the Deep SAE to identify degradation
indicators from run-to-failure signal trajectories.
The proposed framework comprises a four-
hidden-layer deep SAE, embedded in a two-
population cooperative coevolutionary algorithm
composed of a population of individuals, which
describe deep SAEs architectures and the
hyperparameters related to the whole network
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rather than to the layers (e.g. optimizer, learning
rate, etc.), and a population of layers, which is
divided into four subpopulations, each one
dedicated to a single hidden layer of the SAE.
Each individual of the first population encodes a
deep SAE, built by stacking the layers together
(one from each of the layer species) to build the
encoder, and a symmetric decoder (based on
(Garcia-Pedrajas, et al., 2003); (Miikkulainen, et
al., 2018). Thus, the proposed algorithm evolves
the individuals of the two populations by
evaluating the performances of deep SAEs built
by decoding the chromosomes. Each deep SAE is
trained according to (Yang, et al., 2018), the
degradation indicator is extracted and evaluated
by MK test, and the network and layer individuals
are evolved. Finally, when the maximum number
of generations is reached, the first front of the
final population is ordered according to the
monotonicity of the extracted features and the
individual with the largest monotonicity is
selected as the best deep SAE. The detailed
specifications of the framework and the two
populations are presented in the following
sections.

3.1. Population of networks

The network population represents a population
of architectures and hyperparameters of four-
layered deep SAEs, whose layers are evolved in
the layer population. Each individual of the
population is a chromosome, i.e. a string of binary
numbers divided into several genes. The first part
of the chromosome contains genes dedicated to
the network-specific hyperparameters.

The second part is composed of four genes,
each one dedicated to an SAE layer which points
to one specific layer chromosome in the
corresponding species (Fig. 2 bottom). Hence, it
functions as a blueprint for assembling the SAEs
(Miikkulainen, et al., 2018); (Lu, et al., 2019).
The network-specific hyperparameters (which
make up the first part of the network
chromosomes) and their ranges are reported in
Table 1.

Table 1. Network-specific hyperparameters

Parameter Range

Batch Size 1,2,4,8,16,32,64,128

Optimizer Adam, Nadam,

RMSProp, Adadelta
Learning Rate log(10~%,10)

Learning Rate Decay log(107%,1)

Momentum 10g(0.9,0.9999)

Init. Random Seed 0,1,..,63

The final four genes contain the indexes of the
selected layer chromosomes in the four layer
species. For a more effective participation of the

layers in the networks, the network population is
required to have more individuals compared to the
layer population.

The optimization of the network individuals
has two objectives: pyx and the validation loss of
the training. Notice that including the validation
loss as one of the objectives is required, since it
has been observed in the experiments that it is
possible to have a large value of py without a
proper training of the SAE, thus, obtaining
degradation indicators that are not robust. Thus, a
multi-objective steady-state scheme is adopted for
their evolution towards optimality (Garcia-
Pedrajas, et al., 2003); (Miikkulainen, et al.,
2018). For this, we adopt the NSGA-II algorithm
(Deb, et al., 2002), which ranks the individuals in
the network population based on non-dominated
fronts of solutions and has been shown superior to
other optimization schemes in the literature (Lu,
et al., 2019). In each generation of the proposed
algorithm, two individuals are selected randomly
from the top 70% of the population and their
hyperparameters are mutated (Garcia-Pedrajas, et
al., 2003). The severity of mutation (i.e. the
number of hyperparameters mutated) is an
exponential function of the individual’s rank
(Garcia-Pedrajas, et al., 2003); (Garcia-Pedrajas,
et al., 2009). Then, two individuals are selected
from the bottom 30% and go through a uniform
layer-level crossover, followed by a structural and
parametric mutation whose probability for the it"
network individual is:

mut _ Ti = Tmin

bi ®

Tmax — Tmin

where 77 is the corresponding rank (O. Stanley, et
al., 2002); (Garcia-Pedrajas, et al., 2003). Finally,
the four worst networks are deleted and replaced
by the offspring. Structural changes (mutation and
crossover) are limited to the worst 30% of the
network population, because they are more
aggressive, and applying them to already good
solutions tends to destabilize the algorithm
(Garcia-Pedrajas, et al., 2003).

3.2. Population of layers

The population of layers is composed of four
species, each representing one of the layers of the
SAE. A layer chromosome is a string of binary
numbers which is divided into several genes, each
representing one layer-specific hyperparameter
(Fig. 2 top). The layer-specific hyperparameters
and their ranges are reported in Table 2:
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Table 2. Layer-specific hyperparameters

Parameter Range
L2 coefficient (108, 1)
Sparcity proportion (0.001,0.01)
Sparcity coef ficient (1073,10)

Activation function sigmoid, tanh, softsign, selu

Glorot Normal, He Normal,

Initialization schem ; .
on scheme | ciorot Uniform,He Uniform

Number of neurons

in layer 1 (3.10)

Numb_er of neurons (14,28)
in layer 2

Numb_er of neurons (20,90)
in layer 3

Numl?er of neurons (50,120)
in layer 4

An index is assigned for each individual in
each of the four layer species. For a layer
individual, the index is fixed as long as it does not
go through mutation.

The populations are initialized in a way that all
the layers participate in the networks in the initial
population. The layers are, then, evaluated
according to a credit assignment procedure
(Garcia-Pedrajas, et al., 2003); (Miikkulainen, et
al., 2018), which assigns for each layer the rank of
the fittest network containing that layer. If a layer
does not participate in a network at a specific
generation, it holds the last fitness assigned to it in
previous generations. A flip-bit mutation scheme
is used, where the severity of the mutation (i.e. the
number of genes mutated) is an exponential
function of the fitness of the layer (Garcia-
Pedrajas, et al., 2003); (Garcia-Pedrajas, et al.,
2009). Crossover is not used due to its
disadvantages (Angeline, et al., 1994). A steady-
state evolution scheme is adopted with 70%
elitism (Garcia-Pedrajas, et al., 2003).

Layer Chromosome

[ L2] sp [ sr [Act|mit| N, |

Network Chromosome

’Batch| Opt [ Lr |Deta Mom

Seed } H:4|

Fig. 2. Chromosome structure

At each generation, the bottom 30% of the layers
are deleted and replaced by mutated individuals,
randomly selected from the top 70%. The pseudo-
code of the evolution process is reported in Fig. 3.

4. Case Study

In order to assess the effectiveness of degradation
indicators extracted from signal data, (Yang, et
al., 2018) proposed a synthetic dataset, which
mimics the behavior of an industrial component
characterized by a linear degradation process:

D(t)=at,t=1,2,..,200 9
where @ = 0.025 is the intrinsic degradation
rate. They assume that D(t) is not directly
measurable, and that 10 signals, whose values are
measured by sensors, are influenced by the
component degradation D(¢), the operational and
environmental conditions C(f), and a process
noise w(?):

1
C(t) =sin (E nt) + w(t)
w.(t)~N(u = 0,0 = 0.2)
w(t)~N(0,0.1)

(10

an

The sin function describes the periodic trend of
the seasonal effects and w,(t) represents the
stochasticity of the environmental changes. Fig. 4
depicts the trajectories of these three factors.
Subsequently, the three above-mentioned factors
are non-linearly combined to make up 10 signals
si(t),i =1,2,...,10, which represent the data
collected by 10 sensors during the operation of the
industrial component:

5, (t) = sin(1/2D() + 2C (1))

s,(t) = sin(D(t) + tan(C(t)))

s3(8) = tan(1/2C() — 2/3w(t))

54(8) = cos®(w(®))sin(C())

s5(8) = cos(D(t) — 3 tan(w(D)))

s6(8) = sin(D(t) + w(t) — tan?(C(t) + 1))

s7(8) = tan(1/6 D(OC(V)) + 1/2w(t)

sg(t) = cos?(7/10D(t) + 2C(1))

s9(t) = cos(D(t) + 2tan(C(t)) — tan(1/2 w(t)))
s10(6) = tan(1/4w(t)) — 1/4 cos(1/3 D(t) sin(C(1)))

(12)
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Init. layer pop, assign idx for each ind
Init net pop: all layers participate
Eval initial net pop, order, assign ranks
Assign credit to layers, order
For each generation, do:
~ * Mut diverged nets
*  (@top 70% nets:
+ rand select 2
* mut params
*  @bottom 30% nets:
* Select 2 by Roulette, cx
« If prob: mut arch & params
L+ Replace bottom 4 nets
~ + For each layer species, do:
* Delete bottom 30%
*  @top 70%: rand select
* mut params
* Replace deleted layers
new idxs = deleted idxs
Eval nets, order, set ranks
Assign credit to layers, order

initialization
e o o o
Nets evolution
A

Layers evolution
A

. .

Evaluation
——
.o o

Fig. 3. Algorithm pseudo-code

Health indicator D()

0 50 100 150 200
Time ¢
pperational and envir 1 factor C(1)

RATAYRY

9

0 50 100 150 200
Time ¢
Process noise w(r)

o MMt

0 50 100 150 200
Time ¢

Fig. 4. Time evolution of the three factors used for generating
the 10 signals of the synthetic dataset

Fig. 5 shows an example of the evolution of the
10 signals during a run-to-failure trajectory. The
proposed coevolutionary optimization approach
is applied to the dataset using a layer population
size of 26 = 64 and a network population size of
80 individuals. The algorithm is run for 50
generations and the first front of the final network
population is ordered according to the
monotonicity. The fittest network in the
coevolutionary approach produces an indicator
with monotonicity of pyr = 15.5647, which is
comparable with the largest value obtained in
(Yang, et al., 2018). This indicates that the
obtained indicator has a large correlation with

D(t), which is the linear degradation factor of the
input signals. The obtained degradation indicator,
the network architecture and hyperparameters are
reported in Fig. 6, Table 3, and Table 4,
respectively. Furthermore, it is interesting to
observe that the obtained architecture and
parameter setting is difficult to find by trial and
error or grid search, because using these methods,
the parameter search grid needs to be necessarily
coarse due to the computational burden.

Table 3. Result: Network-specific hyperparameters

Parameter Value
Batch size 64
Optimizer Adam
Learning rate 0.0044
Learning rate decay 2.27 X 1075
Momentum 0.9147
Initialization random seed 13
| ~ 1
- [ < VR
-1 . -1
0 100 200 0 100 200
1 1
1 -1
0 100 200 0 100 200

0 100 200 ) 100 200
Time ¢

Fig. 5. Time evolution of the 10 simulated signals during the
considered run-to-failure trajectory

07 W
06 W
0s
) W
03
02
01
0 X % B 100 S 19 VS 20
time (t)

Fig. 6. Indicator obtained by the presented approach
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Table 4. Result: Layer-specific hyperparameters

Param. Layer 1 Layer 2 Layer 3 Layer 4
L2 0.0031 0.0074 4.32 9.64
x 1076 x 1075
SP 0.0957 0.0317 0.0569 0.0111
SR 0.7979 0.0309 0.0117 0.0309
Act. Tanh Tanh Softsign SeLU
Init. Glorot N He U Glorot N | Glorot N
n_neuron 10 26 40 120

5. Conclusion and Future Work

A coevolutionary optimization approach has been
developed for the automatic and unsupervised
extraction of a degradation indicator from sensor
data measured on a degrading industrial
component. The proposed approach automatically
sets the architecture and hyperparameters of an
SAE used for extracting the degradation indicator
from the raw data. It has been shown able to
effectively search the space of possible SAE
architectures and  hyperparameters,  and
automatically find an SAE that is on par, in terms
of performance, with the SAEs obtained by
applying computation-intensive trial and error
and grid search approaches. Future studies will be
devoted to applying the method to real case
studies and to extending the method to consider
the optimization of other parameters of the AE
architecture, such as the number of hidden layers.
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