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Abstract: The early detection of fluctuations in operating conditions and fault detection is done
with similar methods. The feature extraction uses statistical analysis based on generalised norms
and moments. Intelligent stress indices are calculated from these features by nonlinear scaling.
The scaling approach uses the norms and moments to produce indices, which are consistent with
the vibration severity criteria. Nonlinear scaling can be used for finding suitable control limits for
the features and indices. Harmful high levels of stress are efficiently detected with control limits
adjusted to the process requirements. The limits can be explained by fuzzy set systems and
categorical information is included through knowledge-based analysis. The statistical process
control (SPC) can be extended to nonlinear and non-Gaussian data: the new generalised SPC
is suitable for a large set of statistical distributions. It operates without interruptions in short
run cases and adapts to the changing process requirements. The approach is tested in two
application cases: a rolling mill and an underground load haul dump (LHD) machine.

Keywords: Statisttical process control, cavitation, fatigue, vibration analysis, feature
extraction, water turbine, roller mill.

1. INTRODUCTION

Strong stress levels are extremely harmful for machines
and process equipment. Fatigue is caused by cracks formed
when the load exceeded certain thresholds during repeated
loading and unloading. Structures fracture suddenly when
a crack reaches a critical size. In fatigue studies, mate-
rial performance is commonly characterized by a material
specific S-N curve, also known as the Wöhler curve. In
practice, the sequence of load is complex, often random,
including large and small loads. The effects of each stress
level are taken into account in the calculations of cumu-
lative damage from individual contributions (Palmgren,
1924; Miner, 1945). Torque measurements are informative
in this analysis (Mackel and Fieweger, 2010) and can be
used in fatigue prediction (Juuso and Ruusunen, 2013).

Maintenance is a critical factor in the economic per-
formance of mining companies (Kumar, 1996; Cutifani
et al., 1996). Condition-based maintenance (CBM) pro-
gram could reduce the maintenance costs by removing un-
necessary breakdowns. Load haul dumps (LHDs) are large
loading machines that are used in the underground mining
to load and move ore from the drift. The LHD machines
are operated remotely. A lot of maintenance, operation
and production data are available from the operation of
mobile machines (Gustafson and Galar, 2012).

Intelligent methods extend the idea of dimensionless in-
dices to nonlinear systems: the basic idea is nonlinear
scaling, which was developed to extract the meanings of
variables from measurement signals (Juuso, 2004). In the
present systems, the scaling functions are developed by us-
ing generalised moments and norms (Juuso and Lahdelma,

2010; Juuso, 2013) and tuned with genetic algorithms
(Juuso, 2009). The condition monitoring applications are
similar with detecting operating conditions in the process
industry (Juuso and Leiviskä, 2010). Process and condi-
tion monitoring data is combined in detecting operating
conditions: measurements which require signal processing
are denoted as signals, normal process measurements are
directly used in feature extraction, and in addition some
infrequent measurements need to be interpolated. Condi-
tion and stress indices can be obtained directly as scaled
features or combinations of them. The condition indices
are compared in similar load conditions but the stress
indices need to be defined in non-stationary operating
conditions.

Statistical process control (SPC) is based on continuously
analysing and reducing variation in manufacturing pro-
cesses (Oakland, 2008). Focus is on early detection and
various control charts have been developed and widely
used for that: Shewhart started already in1920s. Standard
control charts are often based on normal distributions, but
non-Gaussian data need to be analysed in many cases.
A flexible family of statistical distributions is applied in
(Fournier et al., 2006). In the applications, which require
stress monitoring, both process measurements and condi-
tion monitoring measurements are highly nonlinear. Short
run SPC introduces additional challenges for parameter
estimation (Celano et al., 2013).

This paper introduces a generalised statistical process con-
trol (GSPC) for stress monitoring by using the nonlinear
scaling methodology to evaluate limits. The approach is
tested in two application cases: a rolling mill and an
underground load haul dump (LHD) machine.
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industry (Juuso and Leiviskä, 2010). Process and condi-
tion monitoring data is combined in detecting operating
conditions: measurements which require signal processing
are denoted as signals, normal process measurements are
directly used in feature extraction, and in addition some
infrequent measurements need to be interpolated. Condi-
tion and stress indices can be obtained directly as scaled
features or combinations of them. The condition indices
are compared in similar load conditions but the stress
indices need to be defined in non-stationary operating
conditions.

Statistical process control (SPC) is based on continuously
analysing and reducing variation in manufacturing pro-
cesses (Oakland, 2008). Focus is on early detection and
various control charts have been developed and widely
used for that: Shewhart started already in1920s. Standard
control charts are often based on normal distributions, but
non-Gaussian data need to be analysed in many cases.
A flexible family of statistical distributions is applied in
(Fournier et al., 2006). In the applications, which require
stress monitoring, both process measurements and condi-
tion monitoring measurements are highly nonlinear. Short
run SPC introduces additional challenges for parameter
estimation (Celano et al., 2013).

This paper introduces a generalised statistical process con-
trol (GSPC) for stress monitoring by using the nonlinear
scaling methodology to evaluate limits. The approach is
tested in two application cases: a rolling mill and an
underground load haul dump (LHD) machine.

IFAC Workshop on Mining, Minerals and Metal Processing
August 25-28, 2015. Oulu, Finland

Copyright © IFAC 2015 207

Generalised statistical process control
(GSPC) in stress monitoring

Esko K. Juuso ∗

∗ Control Engineering Group
Faculty of Technology

90014 University of Oulu, Finland (email: Esko.Juuso@oulu.fi)

Abstract: The early detection of fluctuations in operating conditions and fault detection is done
with similar methods. The feature extraction uses statistical analysis based on generalised norms
and moments. Intelligent stress indices are calculated from these features by nonlinear scaling.
The scaling approach uses the norms and moments to produce indices, which are consistent with
the vibration severity criteria. Nonlinear scaling can be used for finding suitable control limits for
the features and indices. Harmful high levels of stress are efficiently detected with control limits
adjusted to the process requirements. The limits can be explained by fuzzy set systems and
categorical information is included through knowledge-based analysis. The statistical process
control (SPC) can be extended to nonlinear and non-Gaussian data: the new generalised SPC
is suitable for a large set of statistical distributions. It operates without interruptions in short
run cases and adapts to the changing process requirements. The approach is tested in two
application cases: a rolling mill and an underground load haul dump (LHD) machine.

Keywords: Statisttical process control, cavitation, fatigue, vibration analysis, feature
extraction, water turbine, roller mill.

1. INTRODUCTION

Strong stress levels are extremely harmful for machines
and process equipment. Fatigue is caused by cracks formed
when the load exceeded certain thresholds during repeated
loading and unloading. Structures fracture suddenly when
a crack reaches a critical size. In fatigue studies, mate-
rial performance is commonly characterized by a material
specific S-N curve, also known as the Wöhler curve. In
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2. NONLINEAR SCALING

Meanings of feature and index levels are essential in stress
monitoring. Membership functions used in fuzzy logic are
represented with membership definitions, which provide
nonlinear mappings from the operation area, defined with
feasible ranges, to the linguistic values represented inside
a real-valued interval [-2,2]. The basic scaling approach
presented in (Juuso, 2004) has been improved later: a new
constraint handling was introduced in (Juuso, 2009), and a
new skewness based methodology was presented for signal
processing in (Juuso and Lahdelma, 2010). Membership
definitions are monotonously increasing scaling functions:
two second order polynomials and their inverse functions.

The concept of feasible range is defined as a trapezoidal
membership function. In the fuzzy set theory (Zimmer-
mann, 1992), support and core areas are defined by vari-
able, xj , specific subsets,

supp(Fj) = {xj ∈ Uj | µFj
(xj) > 0}, (1)

core(Fj) = {xj ∈ Uj | µFj
(xj) = 1}, (2)

where Uj is an universal set including Fj ; µFj
(xj) is the

membership value of xj in Fj . The main area of operation
is the core area, and the whole variable range is the support
area. For applications, a trapezoidal function providing
linear transitions between 0 and 1 is sufficient (Fig. 1).
The corner parameters can be defined on the basis of
expert knowledge or extracted from data. The slope can
be different on upper and lower part depending on the
linearity or nonlinearity of the system.

The SPC focuses on the complement, which is in (Zim-
mermann, 1992) defined as a subset

F̄j = {xj ∈ Uj | µF̄j
(xj) = 1− µF (xj)}, (3)

where µF̄j
(xj) is the membership value of xj in F̄j . The

membership function of the complement corresponds to
the highest and lowest membership functions (Fig. 1).
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Figure 1. Feasible range, membership definitions and mem-
bership functions (Juuso, 2004)

The support area is defined by the minimum and max-
imum values of the variable, i.e. the support area is
[min (xj),max (xj)] for each variable j, j = 1, . . . ,m. The
central tendency value, cj , divides the support area into

two parts, and the core area is defined by the central
tendency values of the lower and the upper part, (cl)j and
(ch)j , correspondingly. This means that the core area of
the variable j defined by [(cl)j , (ch)j ] is within the support
area.

3. DATA ANALYSIS

The corner points can be extracted from existing rule-
based fuzzy systems or defined manually. Feasible ranges
should be consistent with membership definitions, and
therefore they are defined together in the data-driven
approach. Earlier the analysis of the corner points and
the centre point has been based on the arithmetic means
or medians of the corresponding data sets (Juuso, 2004).

The norm defined by

||τMp
j ||p = (τMp

j )
1/p = [

1

N

N∑
i=1

(xj)
p
i ]

1/p, (4)

where p �= 0, is calculated from N values of a sample, τ is
the sample time. With a real-valued order p ∈ � this norm
can be used as a central tendency value if ||τMp

j ||p ∈ �,
i.e. xj > 0 when p < 0, and xj ≥ 0 when p > 0. The
norm (10) is calculated about the origin, and it combines
two trends: a strong increase caused by the power p and a
decrease with the power 1/p. Therefore, all the norms have
same dimensions as xj . The generalised norm for absolute
values |xj | was introduced for signal analysis in (Lahdelma
and Juuso, 2008). In stress monitoring, all the features and
indices are positive.

The value range of xj is divided into two parts by the
central tendency value cj and the core area, [(cl)j , (ch)j ],
is limited by the central tendency values of the lower
and upper part. The approach is based on the normalised
moments generalised by replacing the expectation with the
norm (10) as the central value:

γp
k =

1

Nσk
j

N∑
i=1

[(xj)i − ||τMp
j ||p]

k (5)

where σj is calculated about the origin, and k is a positive
integer. (Juuso and Lahdelma, 2010)

The moment (5) is used for estimating the central ten-
dency value and the core area for the features xj , α = 0.
The central tendency value is chosen by the point where
the skewness changes from negative to positive, i.e. γ3 = 0.
Then the data set is divided into two parts: a lower part
and an upper part. The same analysis is done for these
two data sets. The estimates of the corner points, (cl)j
and (ch)j , are the points where the direction of the skew-
ness changes. The iteration is performed with generalised
norms. The scaling functions are monotonously increasing
if the ratios

α−
j =

(cl)j −min (xj)

cj − (cl)j

α+ =
max (xj)− (ch)j

(ch)j − cj

(6)

are restricted to the range [13 , 3]. The corner points (cl)j
and (ch)j or the upper and lower limits min (xj) and/or
max (xj) are moved if these requirements are violated.
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central tendency value, cj , divides the support area into

two parts, and the core area is defined by the central
tendency values of the lower and the upper part, (cl)j and
(ch)j , correspondingly. This means that the core area of
the variable j defined by [(cl)j , (ch)j ] is within the support
area.

3. DATA ANALYSIS

The corner points can be extracted from existing rule-
based fuzzy systems or defined manually. Feasible ranges
should be consistent with membership definitions, and
therefore they are defined together in the data-driven
approach. Earlier the analysis of the corner points and
the centre point has been based on the arithmetic means
or medians of the corresponding data sets (Juuso, 2004).

The norm defined by

||τMp
j ||p = (τMp

j )
1/p = [

1

N

N∑
i=1

(xj)
p
i ]

1/p, (4)

where p �= 0, is calculated from N values of a sample, τ is
the sample time. With a real-valued order p ∈ � this norm
can be used as a central tendency value if ||τMp

j ||p ∈ �,
i.e. xj > 0 when p < 0, and xj ≥ 0 when p > 0. The
norm (10) is calculated about the origin, and it combines
two trends: a strong increase caused by the power p and a
decrease with the power 1/p. Therefore, all the norms have
same dimensions as xj . The generalised norm for absolute
values |xj | was introduced for signal analysis in (Lahdelma
and Juuso, 2008). In stress monitoring, all the features and
indices are positive.

The value range of xj is divided into two parts by the
central tendency value cj and the core area, [(cl)j , (ch)j ],
is limited by the central tendency values of the lower
and upper part. The approach is based on the normalised
moments generalised by replacing the expectation with the
norm (10) as the central value:

γp
k =

1

Nσk
j

N∑
i=1

[(xj)i − ||τMp
j ||p]

k (5)

where σj is calculated about the origin, and k is a positive
integer. (Juuso and Lahdelma, 2010)

The moment (5) is used for estimating the central ten-
dency value and the core area for the features xj , α = 0.
The central tendency value is chosen by the point where
the skewness changes from negative to positive, i.e. γ3 = 0.
Then the data set is divided into two parts: a lower part
and an upper part. The same analysis is done for these
two data sets. The estimates of the corner points, (cl)j
and (ch)j , are the points where the direction of the skew-
ness changes. The iteration is performed with generalised
norms. The scaling functions are monotonously increasing
if the ratios

α−
j =

(cl)j −min (xj)

cj − (cl)j

α+ =
max (xj)− (ch)j

(ch)j − cj

(6)

are restricted to the range [13 , 3]. The corner points (cl)j
and (ch)j or the upper and lower limits min (xj) and/or
max (xj) are moved if these requirements are violated.
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The centre point is not known if the feasible range is
defined manually. It can be calculated by defuzzifying the
feasible range with the centre of gravity:

cj =
1

4
((cl)j + (ch)j +min (xj) + max (xj)). (7)

For strongly asymmetrical feasible ranges, this value may
be outside the core (Juuso, 2004). The requirement (7) can
be fulfilled by modifying the corner points.

Additional constraints can be taken into account, e.g. a
good solution can be to use a locally linear function in
the neighbourhood of the centre point. Then a continuous
derivative is chosen at the centre point: b−j = b+j , which
can be represented by

6 cj − 4 (cl)j − 4 (ch)j +min (xj) + max (xj) = 0. (8)

This can be achieved by modifying the centre point or the
corner points of the feasible range. There can be several
acceptable modifications, for which the ratios (6) remain
in the range [ 13 , 3].

Monotonously increasing membership definitions can be
constructed by adjusting the centre point cj , the core
[(cl)j , (ch)j ] and the support [min (xj), max (xj)]. An
easier way for manual approach was introduced in (Juuso,
2009): first define the centre point cj , then the core by
choosing the ratios (6) from the range [13 , 3], and finally
calculate the support [min (xj), max (xj)]. The norms (10)
are used together with the generalised skewness (5) in
the data-driven approach to define the centre and corner
points. The ratios (6), which are checked in all data-
driven cases, are also guiding the manual construction of
the membership definitions. Additional constraints like (7)
and (8) are used if they are feasible.

The nonlinear scaling methodology provides good results
for the automatic generation of scaling functions. Even
small faults and anomalies are detected. The approach has
been tested with normal, Poisson and Weibull distribu-
tions and used in condition monitoring applications (Juuso
and Lahdelma, 2010). This approach is suitable for a very
large set of statistical distributions (Juuso, 2013).

4. CONTROL CHARTS

Statistical process control (SPC) provides algorithms for
detecting deviations from the defined operating areas of
individual variables. The SixSigma approach is based on
normal distributions, and therefore, it can be understood
as a symmetric special case, where the shape ratios α−

j =

α+
j = 3. The upper and lower control limits, [cj +3σj and

cj − 3σj ], correspond to the scaled values Xj =
√
6 and

Xj = −
√
6, respectively. The upper and lower warning

limits are cj + 2σj and cj − 2σj , i.e. the scaled values
Xj = 2 and Xj = −2.

The nonlinear scaling with the second order polynomials to
[−2, 2] provides a basis for variable specific control charts,
which take into account the distributions. First the center
line cj is defined with an appropriate generalised norm.
Then the shape ratios α+

j and α−
j are used to define the

upper and lower control limits by using the limits (Xj)max

and (Xj)min, and the upper and lower warning limits by
using the limits of the support area, see Figure 2. The

limits can be highly asymmetrical, when ∆c+j �= ∆c−j
and/or α+

j �= α−
j , e.g. in Poisson distributions α+

j = 3

and α−
j = 1 with strongly asymmetrical core areas. The

analysis with the scaled values Xj is beneficial in short
term SPC, e.g. specific scaling functions and limits can be
developed for the operating conditions.
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Figure 2. Limits for the core, support, suspicious and
outlier areas as a function of the shape ratio α+

j

(Juuso, 2013).

Cavitation effects on the stress of the water turbine: a
quantitative measure is a cavitation index, which provides
an indication of both clear cavitation and clearly good
operation. Values -2 and -1 indicate good operating condi-
tions. Value 1 corresponds to the clear signs of cavitation
and value 2 means a very strong indication of cavitation.
The cavitation index is obtained from vibration measure-
ment by using derivation, feature extraction and nonlinear
scaling presented above.

The generalised SPC expands the SPC from Gaussian to
non-Gaussian data sets. The analysis methods are suitable
for a large set of statistical distributions. Categorical
information can be studied with the same approach by
using manual definitions, which means that also mixed
cases can be handled. The limits can be updated in short
run SPC since they are defined by the nonlinear scaling
approach. The limits can even change gradually. The
GSPC does not need any interruptions and even recursive
approaches are possible.

5. APPLICATION CASES

In application cases, the upper control limits are obtained
by analysing the statistical distributions of the features
related to the stress.

5.1 Roller mill

Torque measurements collected from a rolling mill have
been used in the testing of the approach. The derivation
is not used for these signals. The feature is a combination
of two norms and the stress index is calculated from two
scaled features obtained by using the nonlinear scaling
approach. The resulting linguistic S-N curve is linear and
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a normal S-N curve is formed from it by scaling to the
feature values: a large number of passes have low stress
indices. The high stress cases are seen as a very steep rise
in the semilogarithmic curve. At the risk level higher than
60%, a single high torque level can have a strong effect on
the activation of a failure. Long operating periods can be
achieved if the risk levels are low (Fig. 3). The approach
operates well for the limited set of failures analysed in this
study and is promising for practical use.
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Figure 3. Calculated fatigue risk (%): o is a failure point
and � a pass with high torque, which does not cause a
failured, extracted from (Juuso and Ruusunen, 2013).

Intelligent stress indices based on nonlinear scaling provide
good indicators of the severity of the load. The stress
index Is is -2 when the stress is negligible, and levels
{−1, 0, 1} are analogue to the lower limits of the vibration
severity ranges {usable, still acceptable, not acceptable}.
The Wöhler curve is represented by a linguistic equation
(LE) model

IS = log10(NC) (9)

where the stress index can be a scaled value of stress or a
scaled value of a generalised norm obtained from signals
(Juuso and Ruusunen, 2013). The contribution of the
stress is calculated in each sample time τ , which is taken
as a fraction of the cycle time NC . The cumulative sum of
the contributions indicates the deterioration of condition
and the simulated sums can be used to predict failure time.
The previous history can be updated whenever the scaling
functions are changed.

The stress index is calculated from two norms:

IS = [
1

N

N∑
i=1

(xj)
2
i ]

1/2 − 1

N

N∑
i=1

xj (10)

obtained from torque measurements. The derivation is not
used in this case. The scaling function is highly nonlinear
(Fig. 4). The support area is changed to ensure that the
scaling function is monotonously increasing. All the fea-
ture values are positive: the negative value corresponding
to the very low level is needed for function definitions. This
can be done since only the upper limits are interesting in
the stress analysis.

The upper limit of the support area is modified as there
are very few high values: the upper limit of support area is
lowered, i.e. the values above UCL were considered being
outside the support area when the scaling function was

adjusted. Thus a suitable control limit was obtained by
the data analysis.
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Figure 5. GSPC results of the roller mill data: UCL =
0.0453.

The upper control limit is defined by the level 2 of the
stress index (Fig. 5). Most of the time, the stress levels
are low, but the high feature levels exceeding UCL have a
strong effect on the fatigue risk (Fig. 3). Several high values
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60%, a single high torque level can have a strong effect on
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Intelligent stress indices based on nonlinear scaling provide
good indicators of the severity of the load. The stress
index Is is -2 when the stress is negligible, and levels
{−1, 0, 1} are analogue to the lower limits of the vibration
severity ranges {usable, still acceptable, not acceptable}.
The Wöhler curve is represented by a linguistic equation
(LE) model

IS = log10(NC) (9)

where the stress index can be a scaled value of stress or a
scaled value of a generalised norm obtained from signals
(Juuso and Ruusunen, 2013). The contribution of the
stress is calculated in each sample time τ , which is taken
as a fraction of the cycle time NC . The cumulative sum of
the contributions indicates the deterioration of condition
and the simulated sums can be used to predict failure time.
The previous history can be updated whenever the scaling
functions are changed.

The stress index is calculated from two norms:

IS = [
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xj (10)

obtained from torque measurements. The derivation is not
used in this case. The scaling function is highly nonlinear
(Fig. 4). The support area is changed to ensure that the
scaling function is monotonously increasing. All the fea-
ture values are positive: the negative value corresponding
to the very low level is needed for function definitions. This
can be done since only the upper limits are interesting in
the stress analysis.

The upper limit of the support area is modified as there
are very few high values: the upper limit of support area is
lowered, i.e. the values above UCL were considered being
outside the support area when the scaling function was

adjusted. Thus a suitable control limit was obtained by
the data analysis.
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The upper control limit is defined by the level 2 of the
stress index (Fig. 5). Most of the time, the stress levels
are low, but the high feature levels exceeding UCL have a
strong effect on the fatigue risk (Fig. 3). Several high values
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Figure 6. A short period of the GSPC results in the LHD data.

are needed to cause a failure: first two result increase in the
risk, but two additional ones are required for the failure.
Later three consequent high stress values are followed by
a failure.

The control limit UCL corresponding to IS = 2 is related
to mechanical failures. Again better quality performance
can be achieved if the limit is moved to UCL∗, i.e. IS = 1.
Removing the values exceeding the level corresponding to
IS = 2 will then change distribution to the quality control
which is main area of the SPC.

5.2 Front axle of a LHD

The vibration measurements from the front axle of a
load haul dumper (LHD) have been analysed with G.
These machines operate in harsh conditions where failures
may be difficult to repair. The machine under study is
a Sandvik LH 261 working underground in the Pyhsalmi
mine. Four accelerometers were mounted on its front
axle housing. Four SKF CMPT 2310 accelerometers were
mounted externally onto the LHDs front axle housing
to measure horizontal and vertical vibrations near the
planetary gearboxes on either side. These four vibration
measurements together with a tachometer pulse from the
drive shaft are recorded with a National Instruments
CompactRIO 9024 data logger into a solid-state drive
(SSD) as files of one minute length.

Signals were recorded with sampling frequency 12800 Hz,
and a built-in antialising filter guarantees that there are no
aliases at frequencies that are less than 0.45 x 12800 Hz
= 5760 Hz. More information on the measurements can
be found from (Laukka et al., 2015). The measurement
points are right vertical (RV), left vertical (LV), right hor-
izontal (RH) and left horizontal (LH). The measurements
cover a period of 271 days and the data collection still
continues. In this paper, the analyses uses only 26 days to
demonstrate the possibilities of detecting stress levels with
vibration measurements. The scaling functions are defined
from the data of this period.

A seven day period shown in Figure 6 demonstrates the
differences: three high stress days are followed by four days
of low stress. The GSPC operates in the same way as in
the roller mill case. The control limit UCL corresponding

to IS = 2 is related to harmful effects. Again better
quality performance can be achieved if the limit is moved
to UCL∗, i.e. IS = 1. Several high values are needed to
cause a failure. Cumulative stress increases during the high
risk periods and there are considerable differences between
the measurement points (Fig. 7). ): value -2 means no
stress, values below zero are considered negligible stress;
only stress indices > 1 are taken into account in the
cumulative stress. The levels {-1, 0, 1} are analogue to
the lower limits of the vibration severity ranges {usable,
still acceptable, not acceptable} defined in (VDI, 1964;
Collacott, 1977). Maintenance actions were needed shortly
after this measurement period.

Removing the values exceeding the level corresponding to
IS = 2 will then move the emphasis to the quality control
which is main area of the SPC. The generalised SPC, which
can be adapted to all the measurement points, provides
useful information for the operator in the remote control
of the LHD.
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Figure 7. Cumulative stress index calculated for 26 days
from two hour daily measurement periods: four mea-
surement points (Juuso, 2014).
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6. CONCLUSIONS

The early detection of fluctuations in operating conditions
and fault detection can both be based on generalised norms
and moments. The new scaling approach, which also uses
the norms and moments, improves sensitivity to small
fluctuations. The overall procedure includes the following
steps: (1) select informative features, (2) scale the features,
(3) calculate intelligent indices, and (4) combine indices in
models. As the analysis is based the same methodology
in all these applications, monitoring of the machines can
be combined with process data. The smooth operation
and high quality of products is the main goal of all these
applications. The generalised statistical process control
(GSPC) operates here as an early detection solution whose
parameters are adjusted to the process requirements.
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