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ABSTRACT

Predictive maintenance is a promising approach to increase safety and productivity in chemical
plants. One notoriously difficult problem in predictive maintenance are hard to predetermine, non-
deterministic changes such as drifts. The term "drift" can be found with different definitions in this
context. Therefore, it is defined here as changes in variables and parameters that occur orders of
magnitude slower than the nominal process dynamics and are not directly measurable. Previous
research resulted in a hybrid method that detects and diagnoses drifts from two sources: process
and equipment. This method combines model-based and statistical approaches and additional
information from the equipment, such as measurement gain or power consumption, is envisioned
to reduce uncertainty about the drift cause [1]. First case studies revealed significant problems
regarding economically viable integration of additional information. These problems arise due to
the amount of information in scenarios with multiple devices, making analysis costly and time-
consuming. For solving these problems, an automated evaluation of the information is introduced.
It analyzes which additional equipment information is most relevant to distinguish between differ-
ent drifts, based on sensitivity analyses. Additionally, a drift index - a unique mathematical label
for drifts - is defined. The extended method is then successfully applied to a scenario closer to
the reality in chemical plants with multiple adjacent devices. It is shown that the additional infor-
mation is evaluated automatically and drifts are diagnosed more efficiently than in the previous
method.

Keywords: Fault Detection, Process Monitoring, Drift Diagnosis, Additional Information, Predictive Mainte-
nance

1 MOTIVATION

Reliability plays an important role in ensuring the
safety and productivity of chemical processes. Increas-
ing reliability by predictive maintenance is especially
promising because it helps identifying equipment degra-
dation and health status throughout its life cycle [2], [3].
A significant and challenging issue in predictive mainte-
nance is the occurrence of drifts. The term “drift” has not
yet become common in the literature on predictive
maintenance. Therefore, it is defined here as not directly
measurable changes in variables that occur orders of
magnitude slower than the nominal process dynamics.
This makes drift-related faults difficult to detect and di-
agnose. Examples of drifts include fouling of heat ex-
changer surfaces or the de-calibration of sensors.
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To help solving the problem of drift detection and
diagnosis, a hybrid fault detection and diagnosis (FDD)-
method combining model-based and statistical ap-
proaches was developed [1]. This method selects and
utilizes additional (freely) available data from the equip-
ment, such as its power consumption, to reduce the un-
certainty of assigning drifts as cause of observed faults.
But how exactly does this information help distinguish
between different drifts? Which additional equipment
data is most useful for differentiating between different
drifts? How can this information be evaluated?

These questions will be answered during this paper.
First, the background of drifts is explained, including their
types and definitions. Additionally, the fundamentals of
the aforementioned method are presented. Next, the
availability and utility of additional equipment information
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are examined in more detail. Then the method is ex-
tended with an automated evaluation of additional data
using sensitivity analysis. Our case study uses real data
to investigate whether the automated evaluation of addi-
tional information and its implementation are reasonable
and satisfactory, particularly in cases involving multiple
devices and large amounts of additional information. Fi-
nally, the implications of extending the method regarding
the overall method and potential future developments, is
discussed.

2 BACKGROUND

The FDD-methods applied in predictive mainte-
nance detect and diagnose faults for instance by data-
driven approaches using principal component analysis
and autoencoders [4]. Faults are defined as deviations of
a set of observable process variables from an acceptable
range [5] that are caused by failures or malfunctions of
technical equipment. Faults caused by drifts, that is slow
changes in not directly measurable variables are notori-
ously hard to detect. Firstly, drifts are, per our definition,
typically much slower than the nominal dynamics of the
process. Secondly, drifts may be attributed both to slow
changes in the process (e.g. fouling) or the equipment
(e.g. sensor de-calibration). Thirdly, different drifts may
occur at the same time and influence or superposition
each other.

A hybrid method combining statistical and model-
based approaches was developed in [1] for the detection
and diagnosis of drifts, even if they occur simultaneously.
The model-based part of this approach utilizes a process
simulation to generate empirical observations for known
drift phenomena. The data provides the basis for a drift-
related cluster analysis. The resulting clusters then-after
are used to classify the data collected from the real plant.
The procedure of the method is shown in Figure 1.

This hybrid method uses additional equipment infor-
mation to identify characteristics that help distinguish
between different drifts. Because drifts manifest them-
selves in the form of indirect consequences, such as in-
creased energy consumption, less accurate positioning
or changes in dynamic behavior. Therefore, with the help
of additional information the space for classifying data
and diagnosing drifts is defined. But this space is
spanned by vectors that specify the different possible
drifts. These drift vectors are defined in all available di-
mensions, that means with help of all measured variables
m, consisting of primary and additional information. Thus,
for n possible drifts, n drift vectors in m dimensions are
spanned. So, an m-dimensional space is spanned with all
available data. But for an unambiguously diagnosis of
drifts, the n drift vectors must span an n-dimensional
space. Therefore, they must be linearly independent of
each other. Usually more measured variables are
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accessible than the required dimensions, so m > n. But
when m > n, which information should be used?

N )
1. Analysis and modeling of possible drifts

- 4

¢ \ model-based
- part
2. Generation of theoretical data points and
clusters
& o

v

3. Cluster analysis data-driven
of real data part

v :

4. Allocation of real clusters to drifts with
theoretical clusters

v \

5. Classification of data points: detection
and diagnosis of drifts

4
Figure 1: Workflow of the hybrid method from [1].

So, depending on how the space is defined in terms
of its dimensions and axes, it becomes easier or more dif-
ficult to differentiate between drifts. Until now, this has
been analyzed manually based on the independence of
the drift vectors in different spanned n-dimensional
spaces. But when n variables must be filtered out of m
variables, the number of possible combinations increases
significantly, especially as the number of variables in-
creases. For example, when three drifts occur and five
variables are measured, there are 10 possible combina-
tions. If there are six variables, then there are 20 possible
combinations. With seven variables, there are 35 combi-
nations. The drift vectors must be defined for each com-
bination of variables, and their independence must be
checked. If, in addition, several combinations of variables
define independent drift vectors, which combination
makes the most sense? A process expert must decide
this.

However, this cannot be used in practice because it
requires too much computational effort and is too com-
plex, especially in industrial plants with large amounts of
data. That's why our goal is to expand the hybrid method
with an automated evaluation of all available information
to identify the most beneficial information for defining an
n-dimensional space and efficiently diagnosing drifts.

3 ADDITIONAL EQUIPMENT

INFORMATION AND THEIR EVALUATION
Modern devices typically record a lot of additional

information to complement the primary measurement
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values. Depending on the sensor or actuator being exam-
ined, various data is available, such as

=  Power consumption,

* Measurement gain,

=  Signal-to-Noise Ratio (SNR),

= Feedback of the valve position,
= Pressure to open a valve,

= Internal temperature of the device.

3.1 Availability of additional information

There are several ways to make this additional
equipment data accessible to the FDD-methods. The tra-
ditional way would be to sample the data points via the
process control system (PCS) and making it available for
FDD on the PCS’ process data historian. This is some-
times not possible in chemical plants because effort and
demand are too high related to the amount of data.
Therefore, there are two options: data reduction to ac-
ceptable amount or using a (standardized) side channel.
But to reduce the amount of data, it must already be
known at this point which data is needed, and which is
not. A side channel via the NAMUR open architecture, for
example, better addresses the additionality and ex-
pected changeability [6], [7].

3.2 Evaluation of additional information with
the help of sensitivity analysis

In order to identify the most beneficial information
for defining an n-dimensional space and efficiently diag-
nosing drifts, it is necessary to know which measured
variables are most sensitive to drifts. A sensitivity analy-
sis (SA) is suggested to do so. Such an analysis is used
to investigate how the variation in the outputs of a model
come from the variation in the input factors. Sensitivity
analysis can be local or global, quantitative or qualitative
and one-at-a-time (OAT) or all-at-a-time (AAT) [8]. Dif-
ferent purposes according to [8] are:

= Ranking / Factor Prioritization: the input factors are
ranked based on their relative contribution to the
variability of the output,

= Screening / Factor Fixing: input factors with
negligible influence on the variability of the output
are identified,

= Mapping: detection of the area of the input
variability space where significant output values
are produced.

To find the most beneficial additional equipment in-
formation, a SA is suggested that is global, AAT and pri-
oritizes input factors. With a global SA, variations in the
entire variability space of the input factors are

Eydam et al. / LAPSE:2026.0519

Syst Control Trans 5:2527-2533 (2026)

considered. This is important, because otherwise a nom-
inal value for the input factors would have to be specified.
In an AAT method the input factors are varied simultane-
ously to get variations in the output. So, direct influences
of each factor as well as joint influences through interac-
tions are considered [8]. Factor prioritization ranks the
contributions of input factors, or in this case, the availa-
ble information. Thus, it is possible to identify which in-
formation is most sensitive to the output, or in this case,
the different drifts.

Possible approaches are correlation & regression
analysis or variance-based & density-based methods [8].
Here correlation analysis methods are used. In these
methods the correlation coefficient between input factor
x; and output y is calculated with the help of statistical
analysis of input/output datasets. These correlation co-
efficients are used as the sensitivity measures [8]:

S; = correlation (x;, y) M

One type of correlation is the Pearson correlation
coefficient (CC). It is for linear relations between the in-
put factors x and the output y. Another type is the Spear-
man rank correlation coefficient (SRCC) for nonlinear re-
lations that are monotonic [8]. Since we initially assume
linear relationships, the correlations between the meas-
ured variables and the drifts are calculated with the Pear-
son correlation coefficient.

In this case, the input factors of the SA are the
measured variables. This means all primary and addi-
tional information. The outputs are the various drifts,
along with their corresponding theoretical data points, in-
cluding the area without a drift. To determine the most
sensitive information regarding the SA outputs, they re-
quire a unique mathematical labeling. As such a labeling
the drift index Drift,;,,; is defined. Each theoretical data
point that belongs to a modeled clusters have such an
index that is calculated with the following formula:

Drif[ind = Driftnum + lVec,scal (2)

The number of the respective drift to which the data
point belongs is denoted as Drift,,,,. It is an integer be-
tween 0 and n. The data points without drift have a value
of 0, and the drift data points have values from 1 to n.
Furthermore, the length of the respective data point vec-
tor I, is calculated. This data point vector is spanned
from the zero point to the respective data point. Its
scaled length is denoted by Iy, q- An example of the
drift index of theoretical data points in two-dimensional
space is shown in Figure 2.

Then the Pearson correlation coefficients are com-
puted and compared. The n measured variables with the
highest coefficients are chosen. These are the n out of m
variables to which the drifts are most sensitive.
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Figure 2. Example of the drift index for two data points
DP in two dimensions, which are in two different clusters.
The indexes are composed of the respective drift number
Drift,,,, and the scaled length of the respective data
point vector ly,. .o - DB, has no drift and therefore a drift
index between zero and one. DB, is part of the drift cluster

and has a drift index between one and two.
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Figure 3: P&ID of the investigated case.

The global sensitivity analysis is implemented in an
automated manner behind the cluster analysis of real
datain Figure 1. In this step it is analyzed which measured
variables are most sensitive regarding modeled drifts.
Then the dimensions of the real and modeled clusters are
adapted. So, all available information is evaluated auto-
matically to identify the most beneficial information. That
means only n of the m dimensions are used for assigning
the clusters to drifts and the classification of new data
points for detecting and diagnosing drifts. Since this se-
lection is made automatically, the computational power
and time to get detection and diagnosis results, is re-
duced.
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4 CASE STUDY

A case study is conducted to demonstrate that the
method with automatic evaluation can be applied to in-
crease the efficiency compared to [3].

Table 1: Measured variables of the scenario considered.

Measured TAG Symbol Type of infor-
value mation
Flow rate ultra- FO0O01 F Primary
sound

Flow rate in- F002 F, Primary
ductive

Temperature 1 TOO1 T Primary
of medium

Temperature 2 T002 T, Primary
of medium

Position of po- Y001 D Additional
sition controller

Pressure of Y001 Bros Additional
position con-

troller

Pressure con- Y001 Py Additional
trol air

Calculated ac- Y001 Y cale Additional
tuating value

Temperature Y001 Tros Additional
position con-

troller

Measurement FOO1 G Additional
gain ultrasound

Signal to noise  FOO01 SNR Additional
ratio (SNR)

Sound velocity FO0O01 14 Additional
Pressure be- P00 R Primary
fore valve

Pressure be- P002 B Primary
hind valve

Actuating Y001 Y Additional
value of valve

Level of tank LOO1 Lignk Primary
Pressure in P101 Pank Primary
tank

Syst Control Trans 5:2527-2533 (2026)

The case study refers to a real-world chemical plant
using the data from several adjacent devices as shown
by the P&ID of this configuration in Figure 3. A three-
phase liquid with solids due to crystallization and gas
bubbles flows through the pipes. The actuator is the con-
trol valve YOOT1 in front of a tank V1. The flow rate into V1
is measured using the ultrasound sensor FOO1 as well as
with the inductive flow sensor FO02. The temperature of
the medium is measured redundantly with the sensors
T0OO01and TO02. The pressure before and after the control
valve is measured with the sensors POO1 and P0O02.
2530



Furthermore, there are sensors that measure the level
LOO1 and pressure P101in the tank. The system runs con-
tinuously and automated. The level in the tank LOO1 is
controlled with the valve YOO1. Table 1 lists all the varia-
bles of the measuring devices considered. It also indi-
cates whether the information is a primary or additional
measurement value.

Various drifts can occur in this scenario under the
assumption that the temperature and pressure sensors
are free from deposits and abrasions. The possible drifts
and their effects are described below:

= Equipmentdrift 1 (Eq1): Due to deposits that have
slowly accumulated, the control valve is stuck and
does not open properly.

=  Equipmentdrift 2 (Eq2): Due to aging processes in
the valve, it closes less effectively over time until it
finally fails to close completely.

*=  Processdrift 1 (Pd1): The quality of the educts
changes over time and deteriorates. Reasons
could be increased proportions of gas bubbles or
solids as well as other medium changes.

=  Processdrift 2 (Pd2): Due to changes in the
process, the flow rate has fallen below the desired
specification.

= Processdrift 3 (Pd3): Due to changes in the
process, the flow rate has increased above the
desired specification.

= Processdrift 4 (Pd4): An unforeseen slow change
in the process has reduced the temperature of the
medium.

The area without any drifts as well as the drift areas
are modelled using a mechanistic approach. But parame-
ters, nominal process values and relationships between
variables are calculated with the help of available real
data. Then, theoretical data points and clusters are gen-
erated. Following the available data from the real plant is
normalized and clustered. The data points are divided
into three clusters and outliers. After that the evaluation
of the measured variables with the method described in
Section 3 resulted in the following ranking:

1. Signal to noise ratio SNR,

2. Sound velocity V,

3. Measurement gain ultrasound G,
4. Temperature 2 of medium T,

5. Temperature 1 of medium T,

6. Flow rate inductive F,.

These six variables are used for all subsequent
steps in the method. Half of the variables are additional
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equipment information, and the other half are primary
measurement values. The measurement gain, which was
identified as important through sensitivity analysis, can
detect the deterioration of the reactant quality over time.
This occurs because the presence of additional gas bub-
bles or solids interferes with the ultrasound measurement
and slowly increases its gain over time. Figure 4 shows
this phenomenon. The gain increases slowly over two
and a half hours, rising from 33 to over 40. This example
shows that useful information can indeed be identified
through the automatic evaluation.

Then the real clusters are assigned to the drifts. In
this case, a cluster is assigned to Processdrift 1. Another
cluster is identified as drift-free. The final cluster cannot
be assigned to a drift. It is close to Processdrift 1 and far
from all the other modeled drifts. The data points of the
unassigned cluster, as well as the outliers, do not belong
to any drift. They are outside the assigned clusters and
therefore possible combinations of drifts. These data
points are categorized and their causes are diagnosed
using the further procedure from [1]. For this purpose, a
combination of real and modeled clusters is used. Only
one real drift cluster exists. For the others’, modeled clus-
ters are used. The process of diagnosing combinations of
drifts will not be explained in detail here. For more infor-
mation, see [1]. As a result, the following combinations of
drifts are diagnosed:

= Eqg2and Pd1,
= Pd1andPd3,
= Pd1and Pd4.

Based on these diagnostic results, it can be con-
cluded that the most common drift is Processdrift 1: The
quality of the educts changes over time and deteriorates.
One real cluster is assigned to this drift, and it occurs in
every combination of drifts. In contrast, equipment drifts
rarely occur alone.

But how efficient is the method with automatic eval-
uation compared to without? If the method were applied
to this case without automated evaluation, the following
steps would have had to be taken:

= Combination of all possibilities to span a six-
dimensional space from 17 measured variables (12,
376 possible combinations)

= Definition of drift vectors for all combinations,
=  Checking if the drift vectors are independent,

=  Collection of all combinations with independent
drift vectors and manual decision which
combination is the best by a process expert.

These steps are time-consuming and expensive. In con-
trast, automated evaluation only requires assigning a drift
index to all theoretical data points and performing a
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Figure 4. The measurement gain G increases slowly over two and a half hours, rising from 33 to over 40. Through
the increase in this additional information a change in the quality of the educts can be diagnosed (Processdrift 1).
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sensitivity analysis. The variables with the highest sensi-
tivities are then selected. This procedure must only be
applied once, making it significantly less time-consuming
and costly.

5 DISCUSSION AND OUTLOOK

This paper demonstrates how additional equipment
information can be used in the most beneficial way for an
efficient detection and diagnosis of drifts. A hybrid
method for detecting and diagnosing drifts was devel-
oped in [1]. This method uses additional information to
distinguish between drifts. But to do so, it requires man-
ually selecting the most useful information. This process
is time-consuming and costly. This renders the method
impractical for use in real-world applications. Thus, an
automated evaluation of the additional information was
introduced to expand the hybrid method. This evaluation
is based on sensitivity analysis; in particular, correlation
coefficients are used. Besides that, the drift index is in-
troduced during this process. It represents a unique
mathematical designation for data points that have been
assigned to specific drifts.

The extended method was successfully applied to a
scenario involving multiple adjacent devices. A control
valve in front of a tank, along with various flow, pressure,
and temperature measurements, were examined. Thus,
the method was successfully applied to a more realistic
case. Furthermore, it was demonstrated that the auto-
mated evaluation of the information increases the
method's efficiency compared to [1].

However, the method continues to have problems
with processes that have varying process conditions or
different dynamics. Changes in drifts or new additions
Eydam et al. / LAPSE:2026.0519
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are not considered. Future research should focus on de-
veloping strategies for dealing with changes in process
conditions and higher process dynamics.
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