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Abstract

Accurate prediction of forthcoming faults in modern industrial machines plays a key role
in reducing production arrest, increasing the safety of plant operations, and optimizing
manufacturing costs. The most effective condition monitoring techniques are based on
the analysis of historical process data. In this paper we show how Least Squares Sup-
port Vector Machines (LS-SVMs) can be used effectively for early fault detection in an
online fashion. Although LS-SVMs are existing artificial intelligence methods, in this
paper the novelty is represented by their successful application to a complex industrial
use case, where other approaches are commonly used in practice. In particular, in the first
part we present an unsupervised approach that uses Kernel Spectral Clustering (KSC) on
the sensor data coming from a vertical form seal and fill (VFFS) machine, in order to
distinguish between normal operating condition and abnormal situations. Basically, we
describe how KSC is able to detect in advance the need of maintenance actions in the anal-
ysed machine, due the degradation of the sealing jaws. In the second part we illustrate a
nonlinear auto-regressive model (NAR), thus a supervised learning technique, in the LS-
SVM framework. We show that we succeed in modelling appropriately the degradation
process affecting the machine, and we are capable to accurately predict the evolution of
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dirt accumulation in the sealing jaws.

Keywords: kernel spectral clustering; LS-SVMs; NAR; time-series prediction;
condition monitoring; maintenance; fault detection, machine degradation, artificial
intelligence.

1. Introduction

In industrial processes, the detection and analysis of faults ensure product
quality and operational safety [26]. Traditionally, three ways to deal with sensory
faults have been used [30],[31],[32]: corrective maintenance, preventive main-
tenance and predictive maintenance. Corrective maintenance is performed only
when the machine fails, it is expensive and safety and environmental issues arise.
Preventive maintenance [16] is based on periodic replacement of components,
which are then utilized in a non-optimal way. Predictive maintenance [5] can
be performed in a manual or automatic fashion. In the first case machines are
manually checked with expensive monitoring techniques and the components are
replaced according to their real status. In the second case a machine’s status is
automatically inspected and maintenance is planned accordingly. The continuous
monitoring of machine parts leads to reliable and accurate lifetime predictions,
and maintenance operations can be fully automated and implemented in a cost
effective way.

Nowadays, in many industries several process variables like temperature, pres-
sure etc. can be measured. These measurements give an information on the current
status of a machine and can be used to predict the faults due to deterioration of
key components [23, 10]. As a consequence, an optimal maintenance strategy can
be planned.

Condition monitoring using sensor data has been performed for long time by
means of basic methods like exponentially weighted moving average, cumulative
sum, principal component analysis (PCA) [9], [6]. Only in the past few years
engineers in companies started to get convinced to use more advanced techniques
for fault detection, like for instance SVMs approaches in semiconductor manu-
facturing [25, 15]. In this realm, with the aim of contributing to bridge the gap
between academia and industry, we propose to use LS-SVMs for predictive main-
tenance. LS-SVMs [28, 27] are an artificial intelligence technique characterized
by an high quality generalization capability [29], the flexibility in the model de-
sign and a clear procedure for model selection. Basically, for a given machine
we can construct a reliable model of the degradation process to be able to opti-
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mize the time of maintenance. For this purpose here we propose two alternative
approaches with different associated costs, applied to predictive maintenance in a
vertical form seal and fill (VFFS) machine:

e clustering of vibration signals collected by accelerometers. This technique
is cheap because of the relatively low cost of the accelerometers. On the
other hand, the clustering model does not directly predict machine’s deteri-
oration, but it infers the degradation based on vibration data.

e regression applied to thermal camera data. The number of hot area pixels
present in the images acquired by the camera represent a direct measure of
degradation. A nonlinear autoregressive model is then used to forecast the
future trend of machine’s deterioration. This procedure is more reliable than
the clustering-based methodology because in this case a direct prediction of
the degradation is achieved. On the other hand, it is more expensive because
of the higher cost of the thermal camera w.r.t. the accelerometers.

In the first part of this work we describe the use of kernel spectral clustering
(KSC, [2]) for identifying in advance when the (VFFS) machine enters critical
conditions. A similar analysis has been carried out in [12], where only two exper-
iments instead of three were considered and no comparisons with other techniques
were performed. In contrast to [11] and [13] where an initial clustering model is
updated over time, in this framework we assume stationarity. Thus the algorithm
is built off-line and then used online (by means of the out-of-sample extension
property) in order to distinguish between normal operating condition and abnor-
mal situations. Then we use the model in an online fashion via the out-of-sample
extension property of KSC to recognize these two regimes. In particular, KSC
correctly infers the degradation process from the vibration signals registered by
the accelerometers placed on the sealing jaws.

In the second part of the paper we utilize a nonlinear auto-regressive model
(NAR [17]) to catch the deterioration phenomenon acting on the machine. Like
KSC, the model is cast in the LS-SVM framework and, once properly trained,
it can be used in an online manner thanks to the out-of-sample extension ability.
In this experiment, the machine is equipped with a thermal camera that directly
measures the degradation in terms of number of hot area pixels in the acquired
images. Then the NAR model is used to predict the evolution of the number of
hot area pixels over time.

The remainder of this paper is structured as follows: Section 2 summarizes
the KSC model and the related model selection scheme, i.e. BLF (Balanced Line
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Fit). Section 3 explains the basics of the LS-SVM regression method and how it
can be used to formulate a NAR model. Section 4 describes the data-sets used
in the experiments. In Section 5 the simulation results are presented. Regarding
KSC, a comparison with k-means and self organizing maps is also depicted. For
what concerns the LS-SVM NAR model, we show that it outperforms a linear
auto-regressive model (AR) and gives very good predictions up to 10 steps ahead.
Section 6 presents a general discussion. Finally, Section 7 concludes the paper.

2. Kernel Spectral Clustering

2.1. Model

Spectral clustering methods use the eigenvectors of the Laplacian to properly
group the data-points [7, 33, 21]. KSC is a spectral clustering formulation cast
in the LS-SVM primal-dual setting, being the primal problem a constrained op-
timization problem with a quadratic loss function and equality constraints. As
mentioned in the introduction, the KSC method has two main advantages, a sys-
tematic model selection scheme for the correct tuning of the parameters and the
extension of the clustering model to out-of-sample points. In KSC, a clustering
model can be trained on a subset of the data and then applied to the rest of the
data in a learning framework. The out-of-sample extension allows then to predict
the memberships of a new point thanks to the model learned during the training
phase. In this way, once a model of the operation of a machine has been con-
structed, we can use it in an online fashion to discover when the machine enters
critical conditions.

Given a training data set D = {z;}Y |, z; € RY, the multi-cluster KSC model
[2] is formulated as a weighted kernel PCA problem [19] decomposedin ! = k—1
binary problems, where k is the number of clusters to find:

k—1
] ~1,)

w(lr)r,lel(%,bl 3 lz_l: w Z ve? (1)

such that e = ®w® + bily (2)

The ) = [e&l), . (l)] are the projections of the data points {x;}¥ , mapped

in the feature space along the direction w(®, also called score Varlables. The opti-
mization problem (1) can then be interpreted as the maximization of the weighted
variances C; = ¢ D¢ and the contextual minimization of the squared norm
of the vector w, V. Through the regularization constants 7, € R* we trade-
off the model complexity expressed by w") with the correct representation of the

4
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training data. The symbol 1y represents a column vector with the N components
equalto 1, D~! € RV*¥ is the inverse of the degree matrix D, ® is the N x d, fea-
ture matrix ® = [p(x)7;...; p(xn)T] and y; € RT are regularization constants.
The clustering model is formulated as:

egl) :w(l)Tgp(xi)—i—bl,i: 1,....,N (3)
where ¢ : R — R% is the mapping to a high-dimensional feature space, b; are
bias terms, with [ = 1, ..., k—1. The projections ez(-l) represent the latent variables
of a set of £ — 1 binary clustering indicators given by sign(el(-l)). The set of binary
indicators form a code-book CB = {cp}’;:h where each code-word is a binary
word of length £ — 1 representing a cluster. After constructing the Lagrangian and
solving the Karush-Kuhn-Tucker (KKT) conditions for optimality the following

dual problem is obtained:
D' MpQaV = Na 4)

where () is the kernel matrix with ij-th entry Q;; = K (z;, z;) = () p(x;), D
is the graph degree matrix which is diagonal with positive elements D;; = » ; $ij,
Mp is a centering matrix defined as Mp = Iy — mh\;l%D*, the a® are
dual variables, \; = ¥, K : R? x R? — R is the kernel function and captures
the similarity between the data-points. In all the experiments we use the RBF
kernel function defined by K (z;,z;) = exp(—||z; — x;||3/0?), with o meaning
the bandwidth parameter. The out-of-sample extension to new nodes is done by
an Error Correcting Output Codes (ECOC) decoding procedure. In the decoding
process the cluster indicators obtained in the validation/test stage are compared
with the code-book and the nearest code-word in terms of Hamming distance is
selected. The cluster indicators can be obtained by binarizing the score variables
for test points in the following way:

Sign(et(ézt) = sign(tha(l) + by Inest) (5)
withl =1,...,k — 1. Q. is the N X N kernel matrix evaluated using the test
nodes with entries Qe = K (21 2;), 7 =1,..., Nests 1 = 1,..., N.

2.2. Tuning scheme

The number of clusters in which to group the data and the parameters of the
kernel function (if any) have to be selected properly to ensure good performances.
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The model selection scheme used in the experiments is Balanced Line Fit (BLF).
The BLF criterion reaches its maximum value 1 when the clusters are well sepa-
rated, and in this ideal situation they are represented as lines in the space of the
projections ). The analytical formula of BLF is [2]:

BLF(DY, k) = nlinefit(D", k) + (1 — n)balance(D", k) (6)

where DV indicates the validation set and k the number of clusters. The linefit
index equals 0 when the score variables are distributed spherically and equals 1
when the score variables related to points in the same cluster are collinear. The
balance index equals 1 when the clusters have the same size and tends to 0 in
extremely unbalanced cases. The parameter 1 controls the importance given to the
linefit with respect to the balance index and takes a value in the range [0, 1]. The
BLF can be used to select the number of clusters and the kernel tuning parameters
in the following way:

1. Define a grid of values for the parameters to select

2. Train the related KSC model

3. Compute the memberships of the validation points by means of the out-of-
sample extension

4. For every partition of the validation set calculate the related score in terms
of BLF

5. Choose the model with the highest score!.

An example of the model selection procedure on a synthetic toy data-set is de-
picted in Figure 1. It can be noticed that the maximum value of the BLF criterion
is reached when the points in the projections space have a strong line structure,
corresponding to optimal parameters. Although in a real-life problem the cluster
structure can be less clear than in this toy example, BLF has shown to be a useful
model selection criterion in several applications.

3. LS-SVMs for regression

3.1. Primal-Dual Formulation

As already pointed out previously, LS-SVMs are a kind of SVM where a
quadratic loss function is used in the primal objective and equality instead of

'Instead of considering only the highest value of BLF, also additional local maxima may be
taken into account.
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inequality constraints are present. This typically leads to a linear system or an
eigenvalue problem at the dual level for classification and regression or (weighted)
kernel PCA respectively. The main advantage of LS-SVMs with respect to other
artificial intelligence methods like artificial neural networks is that a global opti-
mum can be obtained, since the problem formulation is usually convex [28].

Given training data {z;, 3}, with 2; € R% and y; € R, the regression
problem in the primal space can be expressed as follows:

1 1 &
. T 2
{Unéré §w w +7§ ;:1 €; (7)
such that y; = w” o(z;) +b+e;,i=1,..., N. (8)

The expression § = w? p(x) + b indicates the model in the primal space, and the
objective function (7) is in fact a ridge regression cost function. With v we indi-
cate the regularization parameter which controls the trade-off between the model
complexity and the minimization of the training error.

et 2] =[]

where, as before for KSC, ¢ : R? — R% represents the mapping to a high-
dimensional feature space, and y = [y1;...;yn], 1 is a column vector of ones,
a = [ag;...;an]|. The term ) means the kernel matrix with entries ;; =
o(zi)Tp(x;) = K(x;,x;), and with K : R% x R% — R we denote the kernel
function. By using a radial basis function (RBF) kernel, expressed by K (z;, z;) =
exp(—||z; — x;]|3/0?), one is able to construct a model of arbitrary complexity.
Finally, after solving the previous linear system, the LS-SVM model for function
estimation in the dual form becomes:

N
g = ZaiK(:)s,xi) +b. (10)
i=1

3.2. NAR model

A nonlinear auto-regressive model (NAR) describes time-varying phenomena
specifying that the output variable depends non-linearly on its own previous values
[17]:

Ur1 = J([Yrs - - Yn—p)) (11)
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where ;.11 is the predicted future value based on the previous p values, f : R? —
R is the nonlinear mapping. The parameter p is also called order of the NAR
model and has to be properly tuned. In the LS-SVM framework the NAR model
can be described by:

Grr1 = w o([Yrs - - yp—p)) + 0 (12)

For multi-step ahead prediction a recursive approach can be used:

Uk = (w5 Yk—p))
Upt2 = f([?jkﬂ; cee yk—p+1])

Qk+m = f([gk—i-m—l; cee ;gk—p+m])
where m is the number of steps ahead.

3.3. Model selection

In order to build-up a valid LS-SVM NAR model for time-series prediction,
we have to choose very carefully the parameters ~, o and p. The parameters v and
o are selected using 10-fold cross-validation. The Coupled Simulated Annealing
(CSA) is used to minimize the mean square error (MSE) in the cross-validation
process. Also the simplex algorithm [20] is used afterwards to further improve the
search of the optimum. CSA leads to an improved optimization efficiency because
it reduces the sensitivity of the algorithm to the initialization parameters [34]. The
optimal order p of the NAR model is found using a grid search approach.

4. Data-sets

The data are collected from a Vertical Form Fill and Seal (VFFS) machine used
to fill and seal packages in different industries, but mainly in the food industry.
The VFFS machine, illustrated in Figure 2, supplies film from a roll which is
formed into a bag over the vertical cylinder. Sealing jaws close the bag at the
bottom before it is filled. At the end of the cycle, the bag is sealed and cut off with
a knife. From previous experimental studies the dirt accumulation on the sealing
jaws was observed to strongly affect the process quality. For this reason, in the
experiments described here the jaws were monitored to predict in advance the
maintenance actions. Maintenance consists of stopping the machine and cleaning
the sealing jaws. A total of three experiments have been performed. In the first
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two experiments only accelerometers mounted on the jaws are used in order to
indirectly detect the dirt accumulation. In the third experiment the machine is also
equipped with a thermal camera, which directly measures the dirt accumulation
in terms of number of hot area pixels in the acquired images (with hot we mean
that the temperature of the sealing jaws is above a user-defined threshold). This
has resulted in three data-sets:

e DS I: this data-set consists of 771 events and 3 external maintenance ac-
tions. An event is related to a particular processed bag and takes place
every two seconds (i.e. the sampling frequency is 0.5H z). Each event is
associated with a 150-dimensional accelerometer signal, that is each signal
is a vector of length 150 (see top of Figure 3).

e DS_II: it contains a total of 11 632 processed bags and 15 maintenance ac-
tions. Here the vibration signals used to monitor the dirt accumulation in
the jaws are 190-dimensional time-series (as shown in the bottom part of
Figure 3). This is due to a different setting of the data acquisition system
for this experiment.

e DS_III: there are 3519 processed bags, each one associated with a 150-
dimensional vibration signal, and 11 maintenance actions. For this data-set
we are given, beyond the the accelerometer signals, also the thermal camera
measurements, as depicted in Figure 4.

The accelerometer signals registered just before the maintenance events are de-
picted in red in Figures 3 and 4 (top). They usually correspond to signals with
high amplitude, which is related to the increased amount of dirt accumulated in
the sealing jaws.

5. Experimental results

Here we present the analysis of the data described in the previous Section.
The experiments have been conducted in Matlab R2013a, on a CORE 17 desktop
PC with 16 GB of RAM memory. We used KSClab and LS-SVMIlab available at
http://www.esat.kuleuven.be/stadius/ADB/software.php

In the first part (unsupervised learning) we illustrate the performance of KSC
and we compare it with k-means [18] and self organizing maps (SOMs [8]). K-
means is considered among the most popular data clustering methods for indus-
trial applications [4] and will be briefly described later in Section 5.1.4. SOMs
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are an artificial neural network model able to recognize groups of similar input
vectors in an unsupervised fashion, thanks to a competitive learning strategy al-
lowing to perform vector quantization. The performance of KSC, k-means and
SOMs are evaluated according to a standard internal cluster quality measure, that
is the mean silhouette index, and the results are reported in table 1. The mean sil-
houette criterion represents how well each object lies within its cluster, averaged
over every cluster [24].

In the second part (supervised learning) we explain the time-series prediction
on the thermal camera data by means of an LS-SVM NAR model. The compar-
ison with a linear model and a zero and first order extrapolation methods is also
discussed.

5.1. Unsupervised learning

In this Section it is shown how KSC can be used to perform just-in-time main-
tenance, not too early to take full advantage of component lifetime but also not
too late to avoid catastrophic failures and unplanned downtime. In particular, 2
regimes were identified, where one of them can be interpreted as normal behaviour
(low degradation) and the other as critical conditions (high degradation inducing
the need of maintenance). Moreover, a probabilistic interpretation of the results is
also provided, which better describes the degradation process experienced by the
sealing jaws of the packing machine.

We perform clustering on the raw accelerometer signals. However, since the
KSC technique is formulated as a weighted kernel PCA model (see Section 2.1), it
automatically extracts features from the vibration signals when performing clus-
tering. Another procedure could be related to exploiting the frequency content of
the signals by using for instance a wavelet kernel [35], but this approach has not
been considered in this work.

5.1.1. Model selection

In order to catch the ongoing deterioration process of the jaws we need to use
historical values of sealing quality in our analysis. For this purpose we apply a
windowing operation on the data (Figure 5). If we do not apply this preprocessing
step, we would perform clustering of only one signal at each time. In this way, the
algorithm would detect if the single bag has been sealed correctly or not. On the
other hand, when concatenating a certain number of signals, the clustering method
is able to distinguish between good working conditions (many good bags in the
current window) and faulty state (many bad bags in the current window).

10
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We have a total of 3 parameters to determine: the window size (i.e. the number
of signals to concatenate), the number of clusters k£ and the RBF kernel parameter
0. According to the BLF criterion the optimal window size is 40 and the optimal
number of clusters is £ = 2 for the three data-sets, while o is data-set dependent.

Regarding data-set DS_I we have used 140 data points for training and the
remaining 631 as test set. In the other experiments, we directly applied the model
trained on the dataset DS_I on datasets DS_II and DS_III. Here, we exploited the
generalization capability of the KSC algorithm and the fact that the experiments
are similar to each other.

5.1.2. Hard clustering

In Figure 6 the KSC prediction for the data-set DS_I is shown. We can inter-
pret one of the clusters as normal behaviour or low degradation and the other as
maintenance cluster or high degradation®. Notice that the KSC model is able to
predict some minutes in advance the maintenance actions before they are actually
performed by the operator. Concerning the data-set DS_II we can draw the same
comments: KSC is very accurate in predicting the worsening of the packing pro-
cess around the actual maintenance events (see top of Figure 7). Finally, Figure
8 illustrates the results on data-set DS_III. In this case KSC predicts the need of
maintenance also in zones where maintenance has not been really performed. As
we will see later, surprisingly it would have been more logical to perform mainte-
nance as suggested by KSC and not as actually done by the operator®.

5.1.3. Soft clustering

In the previous Section we demonstrated the effectiveness of KSC in predict-
ing in advance the maintenance events. Nevertheless the predicted output is binary
(it goes suddenly from normal operation to maintenance). On the other hand a soft
clustering output is in general preferable, since it can provide more interpretable
results [14]. Furthermore, in our case study the discrete output does not give us
a continuous indicator of the incoming maintenance actions. To solve this is-
sue we can use the latent variable e(x) instead of the binarized clustering output

2Also for k = 3 the clustering results are meaningful: the BLF reaches the second highest
value and three distinct regimes interpretable as normal behaviour, warning state and maintenance
state have been observed. However, in this paper we only consider two clusters, corresponding to
the maximum of the BLF model selection criterion.

3This conclusion can be corroborated by observing that some signals in proximity of mainte-
nance events (depicted in red in at the top of Figure 4) have rather low amplitude.

11
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sign(e(zx)) (see Section 2.1).

Furthermore, we can rescale it between 0 and 1 to improve the interpretability.
This transformation is based on the structure of the latent variable space. As al-
ready mentioned in 2.2, in this space every cluster is ideally represented as a line.
The tips of the lines can be considered prototypes of their cluster, since they have
more certainty to belong to it because they are further from the decision bound-
aries [1]. Thus, the Euclidean distance from every point to the cluster prototype
can be seen as a confidence measure of the cluster membership. The transformed
latent variable is depicted at the bottom of Figure 6 (data-set DS_I), Figure 7 (data-
set DS_II) and Figure 8 (data-set DS_III). The value can be considered as a soft
membership or “probability” to maintenance. As explained in [3], this soft mem-
bership is given as a subjective probability and it indicates the strength of belief in
the clustering assignment. In other words, it is not a probability based on statistic
analysis of a large number of samples. Also, it is worth mentioning that since
the KSC algorithm does not naturally provide a soft output, we had to come up
with this post-processing step. However, other clustering methods like Hidden
Markov Models (HMMs, [22]) are designed in a probabilistic setting and can au-
tomatically supply moderated outputs (in case of HMMs also the probabilities of
transition between the different regimes are given).

By looking at the bottom of Figures 6, 7 and 8 we can see how the probability
increases as the number of faulty bags in the window increases. The value can
decrease since the window can move onto zones with good seals after a period
of bad seals. This is probably due to a self-cleaning mechanism. Maintenance is
predicted when the probability reaches the value 1.

For data-sets DS_I and DS_II it can be noticed how KSC is able to discover
from the vibration signals registered by the accelerometers the dirt accumulation
in the jaws that leads to the maintenance actions. Since clustering is an unsu-
pervised technique, this is achieved by not making use of any information on the
location of the maintenance actions (like it occurs for classification). For what
concerns data-set DS_III, also regions where no maintenance actions have been
really performed appear associated with high probability to maintenance.

To understand these unexpected outcome, we can rescale the probability to
maintenance in the same range of the the number of hot area pixels in the im-
ages captured by the thermal camera. This is illustrated in Figure 9, where we
depict in red the number of hot area pixels (measured degradation) and in blue
the rescaled soft memberships (modelled degradation). We can recognize similar
patterns, meaning that KSC was able to catch the degradation process also in this
last experiment. This last observation is quite surprising, since the clustering al-
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gorithm is only supposed to divide the data into two main groups, as observed at
the top side of Figures 6, 7, 8. The fact that the latent variable eW of the clustering
model trained on the vibration signals follows the trend of the hot area pixels data
(Figure 9) is somehow unexpected. To summarize, in the third experiment proba-
bly the operator should have performed the maintenance operations in a different
way, being coherent with his behaviour in the first two experiments.

5.1.4. k-means clustering

K-means clustering is among the most popular methods for finding clusters in
a set of data points. After choosing the desired number of cluster centers, the k-
means procedure iteratively moves the centers to minimize the total within cluster
variance. k-means has several drawbacks:

e the results are strongly influenced by the initialization

e the number of clusters should be provided by the user. This can be done
by using a trial and error approach: the method is applied with different
number of clusters and the partition corresponding to the highest value of
some quality criterion is chosen.

e it can discover only spherical boundaries.

Despite these disadvantages, together with subtractive and hierarchical clustering,
it is still widely used since it works effectively in many scientific and industrial
applications. For this reason, here we present the results of k-means applied on the
three data-sets described in Section 4. Before discussing the results, it is worth to
mention that, thanks to the model selection scheme of KSC described in Section
2.2, we give optimal parameters to k-means (number of clusters = 2 and window
size of concatenated accelerometer signals = 40). Figure 10 visualizes the out-
comes of the hard and soft clustering. Similarly to KSC, the soft clustering results
are based on the distance between the final centroids and the data-points in the in-
put space (see [3]). Concerning data-sets DS_I and DS_III the results of KSC and
k-means are very similar, while in the data-set DS_II analysis k-means performs
worse than KSC, indicating the need of maintenance where it was not really per-
formed. In this case k-means would suggest too many maintenance actions, which
is not cost-effective.

5.2. Supervised learning

In this paragraph we present the results of applying the NAR model explained
in Section 3.2 for predicting the evolution of the hot area pixels in data-set DS_III.
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We have used the RBF kernel function K (u,v) = exp(—||u — v||3/0?) to build
the nonlinear model. The optimal parameters obtained using the 10 fold cross-
validation procedure summarized in Section 3.3 are: v = 1356.7, 02 = 301.6.
Moreover, the optimal model order, tuned using a grid search approach, is p = 5,
as depicted in Figure 11. After selecting the optimal parameters, we performed
multi-step ahead recursive prediction. As can be noticed in Figure 12, the NAR
model performed very well up to 10 steps ahead prediction, i.e. about 25 seconds
since a bag is processed every 2 — 3 seconds. Afterwards, the mean absolute
error between outputs and actual values starts increasing progressively, even if
the predictions remains good up to 1 minute ahead prediction. In Figure 13 we
visualize the results related to 10 steps ahead prediction. We can notice how
the modelled degradation follows quite well the trend of the true degradation,
in contrast with what was observed in Figure 9. This is not surprising because in
this case we explicitly constructed a regression model to explain the deterioration,
while the latent variable () of the clustering model trained on the vibration signals
in principle is not supposed to follow the trend of the hot area pixels data. The
performance statistics are summarized in Table 2, where a comparison with two
baseline techniques* and a linear autoregressive model (AR) is shown.

6. Discussion

In the first part of this work we explained the use of KSC for predictive main-
tenance. KSC has been chosen instead of classification because of the high un-
balance of the data (few maintenance events compared to normal operating con-
dition). After applying a windowing operation on the data in order to catch the
deterioration process affecting the sealing jaws, we showed how KSC is able to
recognize the presence of at least two working regimes of the VFFS machine,
identifiable respectively as normal and critical operating condition. Moreover, we
proposed also a soft clustering output that can be interpreted as “probability” to
maintenance, and it is more directly related to the degradation phenomenon affect-
ing the jaws (see for example Figure 9). In addition, as mentioned in Section 5.1.3,
this probability is not defined in a statistical sense, but it is rather constructed to re-
flect the reliability level of the mechanical equipment at current time. KSC is also
compared with k-means and self organizing maps. While in data-sets DS_I and
DS_III all methods give quite similar results, in case of data-set DS_II k-means

4The two baseline models correspond to zero order and first order extrapolation methods.
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performs worse than KSC and SOMs, since it predicts maintenance in regions
where it was not actually performed by the operator.

In the second part a LS-SVM NAR model for predicting the evolution of the
dirt accumulation in the jaws has been constructed. The dirt accumulation is di-
rectly measured by means of the number of hot area pixels present in the images
obtained by the thermal camera. First we selected the parameters of the model
using 10-fold cross-validation with coupled simulated annealing for v and % and
a grid search approach for the optimal model order. Then we trained the NAR
model and we tested its ability in predicting the evolution of the number of hot
area pixels. The performance is very good up to 10 steps ahead prediction (around
25 seconds), even if the forecast remains good up to 1 minute ahead. Moreover,
the NAR outperforms the linear auto-regressive model (AR) and a zero and first
order extrapolation methods.

To summarize, both the LS-SVM NAR model and KSC, thanks to their fore-
casting capabilities, could help to optimize the timing of maintenance actions for
the machine under study. In particular, a company who would like to use the LS-
SVM techniques described in this work to maximize production capacity has two
choices:

e option 1 (the cheapest): install on every packing machine only accelerom-
eters and use the proposed unsupervised learning method, that is KSC, to
predict in advance, in an online fashion, when the machine starts entering
critical conditions. In this way the operator can perform maintenance at the
right time and avoid long stops of the production.

e option 2: install the thermal camera and use the LS-SVM NAR model to
predict up to 1 minute ahead the dirt accumulation on the jaws. Since the
thermal camera costs more than the accelerometers, this option is more ex-
pensive. Nevertheless it is more reliable because it is a direct prediction
of the deterioration while KSC, as surprisingly effective as it is completely
unsupervised, infers the degradation indirectly from the vibration signals.

7. Conclusions

Predictive maintenance of industrial machines is receiving increasing attention
in the last years due to its many advantages, like cost efficiency, reduced ecolog-
ical impact etc. It is based on constant monitoring the health of machines joined
with advanced signal processing and prognostics techniques for optimal main-
tenance management. In this paper we proposed a least squares support vector
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machine (LS-SVM) framework for maintenance strategy optimization based on
real-time condition monitoring of a packing machine. We presented an unsuper-
vised approach through kernel spectral clustering (KSC), and a supervised learn-
ing method, namely nonlinear auto-regression (NAR). In the first case we used the
data collected by accelerometers positioned on the jaws of a Vertical Form Fill and
Seal (VFFS) machine, from which the degradation process of the machine con-
ditions has been inferred. For the time-series analysis with the NAR model data
acquired by a thermal camera, which directly measures the dirt accumulation in
the jaws, are processed. We showed that LS-SVM can successfully assess and pre-
dict mechanical conditions based on sensor data, thanks to their ability to model
the degradation process. Moreover LS-SVM achieved higher performance than
basic methods, which are commonly used in practice to predict the forthcoming
faults. Finally, we proposed two options to use LS-SVM to schedule maintenance
on the packing machine with different associated costs.
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DS_.I | DSI | DS_III
KSC 0.29 | 0.25 0.27
k-means | 0.28 | 0.12 0.27
SOMs | 0.29 | 0.21 0.28

Table 1: Cluster quality evaluation. Mean Silhouette index (see end of section 5.1.4), with best
performance in bold. In the case of data-set DS_II the low value of Silhouette indicates that k-
means does not succeed in correctly separating the normal behaviour and the maintenance cluster.

LS-SVM NAR | AR | Baseline 1 | Baseline 2
MAE 227.03 247.25 371.99 251.34
Percentage error 1.42% 4.11% 6.17% 4.18%
R? 0.93 0.92 0.77 0.92

Table 2: Summary NAR performance on test data. Best performance in bold. By baseline 1
we mean a zero order extrapolation model and baseline 2 is related to a first order extrapolation

method.
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Optimal parameters: k = 4,6 = 3.16

BLF =0.55
Parameters: k=4, ¢ = 22.43
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Figure 1: Model selection illustrative example on synthetic toy data: for well-chosen kernel
parameters, the clusters for out-of-sample data are collinear in the projection space. Top left:
Correct clustering of 4 Gaussian clouds. Top right: Projection space corresponding to an optimal
o value, for which the BLF is maximal. Bottom left: Wrong clustering results. Bottom right:

Projection space for a wrong o value.
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Figure 2: VFFS machine. Seal quality monitoring in a packing machine.
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Figure 3: Data-sets DS_I-DS_II. Top: Accelerometer signals for the data-set DS_I. Bottom:
Accelerometer signals for the entire data-set DS_II. The signals corresponding to maintenance

actions are depicted in red (best visible in colors).
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