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Abstract

Transient disturbances in process measurements compromise the accuracy of some
methods for plant-wide oscillation analysis. This paper presents a method to re-
move such transients while maintaining the dynamic features of the original mea-
surement. The method is based on a nearest neighbors imputation technique. It
replaces the removed transient with an estimate which is based on the time se-
ries of the whole measurement. The method is demonstrated on experimental and
industrial case studies. The results demonstrate the efficacy of the method and
recommended parameters. Furthermore, inconsistency indices are proposed which
facilitate the automation of the method.

Keywords: Transients, oscillations, plantwide, disturbances, nearest neighbors,
imputation, nonlinear time series analysis.

1. Introduction

Detection and diagnosis of plant-wide oscillations has been an active topic of
research in the process and control loop monitoring communities. Oscillatory dis-
turbances are dynamic disturbances that persist over a time horizon. In the time
domain, measurements affected by oscillatory disturbances show repeating pat-
terns. Often, the repeating patterns have non-sinusoidal shapes and may repeat
intermittently, as exemplified in figures later in this paper (Figure 4, Figure 15). As
a result, in the frequency domain these disturbances can be characterized by single
or multiple spectral peaks, or broad-band features [1].
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Figure 1: Examples of transient disturbances

As discussed in review papers [1, 2], the methods developed to analyse oscil-
lating disturbances are data-driven, and most of them extract properties from the
time series of a process measurement or from the relations between time series of
different measurements. An example is the non-linearity of the time series of a
measurement. The more non-linear the time series is, the closer the measurement
should be to the root cause of a nonlinear oscillating disturbance [3, 4]. Outside
the analysis of plant-wide oscillations, Qin [5] has reviewed data-driven methods of
process monitoring which use statistical data-based models, and Venkatasubrama-
nian et al. [6, 7, 8] have surveyed the use of data-based, analytical, and qualitative
models.

It has been reported in the literature that the accuracy of oscillation analysis
methods can be affected by the presence of unrelated transient disturbances [9].
A transient disturbance is a particular class of deviations in the trend of a system
variable, which is defined by being short-lasting and seldom repeated within the
time horizon of analysis [10]. Figure 1 shows examples of transient disturbances.
These include spikes (Figure 1a and Figure 1d) and sags (Figure 1c), after which
the system variable often returns to its underlying trend, as well as the responses
of the system to step changes (Figure 1b), after which the time series follows a
different trend.



Transient disturbances modify time and frequency properties of the time series
on which some oscillation analysis methods rely. According to the valve stiction
review book by Jelali and Scali [9], examples of methods affected by outliers,
sharp abrupt changes, and step changes include the methods of bicoherence [3]
and surrogate analysis [4].

It would thus be interesting to automatically detect transient disturbances in
oscillating measurements, and to remove the transients without significantly alter-
ing the underlying dynamics of the original measurements. As discussed below,
important contributions have already been made to the defection of transient dis-
turbances, but the removal of transients from oscillating measurements remains a
challenge.

The detection of transient disturbances in process measurements has been ad-
dressed with Qualitative Trend Analysis (QTA), data-based models, wavelet de-
composition, and nearest neighbors methods. Related work outside process and
control loop monitoring includes the detection of edges in images [11], whereby
edges are defined as step changes which can be masked by noise. QTA detects
the transient disturbance by comparing its time trend with basic shapes [12]. As a
result, QTA requires the creation of a complete database with all possible shapes
of a transient disturbance. The traditional methods that use data-based models are
known as statistical process monitoring, and assume that the time-domain magni-
tude of the transient disturbance is higher than the normal trend of the measurement
[13]. As a result, statistical process monitoring methods would not recognize the
transient disturbance in a measurement with oscillatory or cyclical dynamics if the
transient had lower magnitude than the oscillations. Wavelet decomposition [14]
is able to detect transient disturbances which map to wavelet coefficients in the
lower scales, provided that the non-transient parts of the measurement do not pro-
duce other high-amplitude coefficients at those same scales. However, Cecilio et
al. [15] showed an example of an oscillating measurement in which this condition
was not met. The nearest neighbors method proposed by Cecilio et al. [10, 15]
is more generic than the previous approaches because it does not require the tran-
sient disturbance to have a specific shape, a higher magnitude or distinct wavelet
coefficients. Instead, the method detects any rare and short-lasting deviation of a
measurement from its previous and subsequent trend.

The removal of disturbance-related values from the time series of process mea-
surements is often known as fault reconstruction [5]. The reconstructed values are
estimates of what the time series would have been had the disturbance not been
present. Existing methods require a statistical data-based model. This model re-
veals the relationships between the time series process measurements under normal
operating conditions. Therefore, with such a model available, the reconstructed
time series can be recalculated as linear combinations of all measurements avail-



able [16, 17, 18]. The data-based model most commonly derives from Principal
Component Analysis (PCA) or Partial Least Squares (PLS) analysis of the matrix
of process measurements [19, 5]. Although in principle valid for any type of dis-
turbance, the use of data-based models for removal of disturbances is limited to
systems and types of operation for which accurate models have been built. Fur-
thermore, this approach requires the knowledge of which measurements show the
disturbance, and the existence of sensor redundancy [18].

Filtering in the frequency domain is a fundamental tool to isolate periodic 0s-
cillations in a measurement. This type of analysis determines the amplitude spec-
trum of the measurement, for example through Fast Fourier Transform, removes
the range of undesired frequencies, and reconstructs the filtered time series. This
approach, however, is not appropriate for removing transient disturbances because
the frequency content of a transient is spread across the whole frequency spec-
trum. Also, this approach modifies the whole measurement, both in the removed
frequencies and in the artifacts introduced by the filter, such as spectral leakage.
These effects are not desirable when the objective is to carry out an oscillation
analysis after the reconstruction.

The fields of image and speech processing have also devoted attention to de-
composing a signal into oscillating components of different frequency contents
[20]. However, as discussed, transient disturbances may not have a defined fre-
quency range. Conversely, a more recent contribution [20] proposes a method to
distinguish oscillating from transient components by the extent to which they are
sustained, whereby sustained is defined as some number of consecutive oscillating
cycles. However, as discussed at the start, oscillating disturbances in real process
systems may repeat intermittently. Hence it could be ambiguous to judge whether
the repeating patterns are sustained. Other works decompose the image or speech
signal into linear combinations of orthonormal bases, formulating the decomposi-
tion as an optimization problem [21].

The method proposed in this paper removes transients from time series with
oscillating disturbances. The method does not require the existence of models, and
the time series is only modified locally, in the segment affected by the transient.
The only requirement for the method is that the underlying trend of the time series
has repetitive patterns, as exemplified in figures later in the paper (Figure 4,Figure 3
and Figure 15).

The proposed method is based on a nearest neighbors imputation technique.
This technique handles the measurement of a process variable as a time series, and
replaces the removed transient disturbance with a segment of time series which
agrees with the underlying trend of the original measurement. In other words, the
replacing segment is an estimate of what the measurement would have been had
the transient not been present.



The paper is organized as follows. Section 2 presents the background on non-
linear deterministic systems, and on how nearest neighbors techniques can take
advantage of those systems for the purpose of imputation. Section 3 presents the
algorithm. The section starts by introducing the case study on which the algorithm
is demonstrated. This section also discusses criteria to evaluate the adequacy of
the replacing segment. Using those criteria, section 4 analyzes the sensitivity of
the results to the parameters of the algorithm. The analyses lead to clear recom-
mendations for the values of the parameters. Finally, section 5 tests the method
and parameters on a case study from an industrial gas processing plant. The paper
closes with comments and a summary.

2. Background

This section introduces the concept of non-linear deterministic systems, and
explains how nearest neighbors techniques can determine unknown segments in
time series generated from those systems.

2.1. Non-linear deterministic systems

A deterministic system is defined by the fact that its present state unambigu-
ously determines its future state. Mathematically, such systems are described by
ordinary differential equations, or their equivalent discrete-time maps,

Xir1 = F(Xi), 1 € 7. (D

The state of a system is observed through a measurement X of that system.
The state at instant ¢ is defined by the ordered sequence of M samples of X

Xi = | Tip1 o Tipm-1] - ()

The number M of samples which defines the state is such that the condition (1)
of determinism is verified.

The group of all possible states of a deterministic system defines its state space.
Figure 2 shows the state space for a system which generates sinusoidal time series.
In such a system, a dimension M = 2 is enough to observe its determinism. This
is visible in Figure 2 by the well defined structure in the two-dimensional plot.

In non-linear systems, the mapping F is non-linear. A linear system depends
on a linear combination of past values, while a non-linear system has terms such as
xf_l or z; X x;—1. Kantz and Schreiber [22] present a comprehensive explanation
of non-linear systems, and methods to analyse their time series.



Lit1
T

T

Figure 2: State space of dimension M = 2 for a sinusoidal time series.
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Figure 3: Example of non-linear oscillatory time series: the cycles are clearly non-sinusoidal.

2.2. Predictability in non-linear deterministic systems

If the mapping F were known, then future states x; 1 of the system could be
predicted from past states x;. Even if this is not the case, predictability can be
guaranteed if the mapping F is assumed to be continuous. If this is true, then any
two x; states which are close in the state space will lead to future x;1; states which
are also close. If one of these future states were unknown, the other would be a
good predictor. The best predictor x; 1 is that with the most similar past state x;.

Therefore, in the absence of the mapping F', prediction of future state is possi-
ble given a sufficiently long history of the system where states similar to the present
can be found. Systems with oscillatory behavior normally show several repetitions
of the same state, and thus are appropriate for this type of prediction. A simple
example is a system resulting in purely periodic time series. Once one full cycle is
observed, the rest of the time series is known to be a repetition of that same cycle.

Most real oscillatory time series are non-linear and hence not purely periodic.
Non-linear oscillatory time series show repeated states with non-sinusoidal shapes
and which may appear intermittently. Two examples are shown in Figure 3 and
Figure 4.
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Figure 4: A non-linear deterministic time series with five nearest neighbor cycles followed by five
similar points (adapted from Thornhill [4]).

Figure 4 further illustrates the determinism of the non-linear oscillatory time
series plotted. The time series is not purely periodic because the cycles are not all
equal. Nonetheless, five cycles with similar sequences of samples can be identified
(highlighted in thick lines). Due to determinism, these cycles are followed by five
similar samples (marked with circles).

2.3. Nearest neighbor imputation

Real systems may not be purely deterministic. Even if they are, the measure-
ments through which they are observed are often affected by random inputs, such
as instrument noise. In such cases, using a single past state to predict the unknown
state is not necessarily the most accurate predition.

In order to be robust to outliers and uncertainty, the method of nearest neighbor
imputation [22] searches for the k states which are the most similar to the past of the
unknown state. The k& most similar states are known as the k nearest neighbors. The
Euclidean distance is a common metric to assess similarity between segments of
time series. Cecilio et al. [10] discussed other similarity metrics and their adequacy
for finding nearest neighbors. The k states after the nearest neighbors are then
averaged to form the predictor of the unknown future state. Kantz and Schreiber
[22] place no constraints on the number k of elements of the nearest neighborhood.
The choice of k is discussed in detail in section 4.2.3.

Nearest neighbor imputation has been used to test the determinism [23] and
the non-linearity of a time series [4], to replace missing values in survey data [24],
to determine the precedence relationship between two measurements [25], and to
determine the time lag between two measurements [26]. In particular, references
[4, 25] and [26] reported applications in process systems. The measurements in
these cases originated from processes under the influence of non-linear oscillatory
disturbances, such as non-linear hydrodynamic instabilities and limit cycles gen-
erated by control valves with excessive static friction. This paper focuses on mea-
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Figure 5: Development case study: time series of measurements from a gas compression rig.

surements whose underlying dynamic trends are oscillatory, hence the motivation
to use nearest neighbor imputation.

3. Method

This section explains the method proposed to remove transient disturbances
from the time series of an oscillating measurement. A development case study is
first presented in order to illustrate the explanation. The end of the section dis-
cusses criteria to evaluate the adequacy of the segment which replaces the removed
transient.

3.1. Development case study

Figure 5 shows the time trends of three measurements obtained from experi-
ments with a gas compression rig. The rig is located at ABB Corporate Research
Center, Krakéw, Poland. Figure 6 shows a schematic of this rig in order to situate
the measurement tags.

The measurements are affected by an oscillatory disturbance which is due to
compressor surge. Furthermore, the three measurements clearly show two transient
disturbances, around 6 s and 18 s. The objective is to replace the segments affected
by the transients with estimates that agree with the underlying time series.

3.2. Algorithm

The method handles a measurement as a time series X . Therefore, the transient
disturbance can be associated with the segment of the time series that starts at time
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Figure 6: Simplified schematic of the gas compression experimental rig.

instant ¢; and ends at time instant ¢, that is [T, - 2y f]. Automated methods to
locate the transient disturbances are found in the literature and were discussed in
the Introduction. Figure 7 shows a close-up of measurement S1. The light grey
segment corresponds to the transient disturbance.

The first step of the method is to remove the segment [z, - -+ x¢,] from time
series X . The objective is to replace segment [z, - - - x,] by a different segment,
[£¢; -+ 21,], which agrees with the overall dynamics of time series X. The re-
placing segment [#;, --- #,] will be computed in the next subsections using the
property of predictability of deterministic systems (section 2).

3.2.1. States and embedding vectors

A state is represented by M samples. This is the dimension for which the
system is deterministic. States are approximated by embedded vectors which span
those M samples. An embedded vector x; is formed by m samples, 7 instants
apart, that is,

Xi = [Ti Tigr 0 Tip(men)r] - 3)

The dimension M is related to m and 7 according to M = (m — 1)7 + 1. The
reason to consider 7 greater than one is to minimize the computational effort of the
algorithm. This is discussed in section 4.

The embedded vectors generated from time series X can be arranged in the
rows of an embedding matrix, as shown in equation (4).



r;\ I I
E ol Wm
ko] 13 [ .
(3]
K120 .
<
E 1.1} |
o
S L et i, o |
5 0.9 | | | |

2.5 ti—M t; tp ty+M 11

time instant

Figure 7: Close-up of measurement S1 highlighting the transient (grey line) and the pre- and post-
transient references (black thick lines).

X1 21 L1+ T L14(m—1)T
X2 L1+46 L14+6+T s L146+(m—1)7
X = = . .
XNg L1+(Ng—1)§ T14+(Ng—1)+7 T L14+(Ng—1)5+(m—1)7

Each embedded vector in the matrix lags the previous by § samples. The num-
ber N of embedded vectors depends on parameters m, 7, and ¢, as well as on the
total number of samples n. The use of ¢ greater than one corresponds to omitting
states of the time series. As with 7, the reason may be to minimize the computa-
tional effort of the algorithm.

Before further processing, each embedded vector in the matrix is centered
around its own mean. This is done to enable the recognition of embedded vectors
that have the same dynamic behaviour, even if they are centered around a different
mean value. Examples of such embedded vectors are those before ¢; and after ¢ ¢
in Figure 7.

3.2.2. Pre- and post-transient references

The embedded vectors x;,_ 5y and x; ;are those immediately before and imme-
diately after the removed segment [z, --- x¢,]. For the development case study,
Figure 7 highlights x;, s and x; s with thick black lines. Embedded vectors x¢, s
and x;, are denoted as pre-transient reference and post-transient reference. Once
the transient is removed, they will be used to predict the empty samples between t;
and t;.

If the system generating time series X is purely deterministic, then the predic-
tion based on the pre-transient reference x;,_ s will be as correct as the prediction

10



based on the post-transient reference x; . The reason is that in purely deterministic
systems, the mapping x;+1 = F(x;) is continuous. However, it is unlikely that real
systems are purely deterministic. Therefore, the samples [Z, - - - T4 f} predicted by
the pre-transient reference and by the post-transient reference may be different.
The prediction which fits better to the time series is not known in advance, hence
the method computes the two predictions [#;, --- 2] in parallel, and assesses
the adequacy of each at the end. The predictions based on the pre-transient ref-
erence and on the post-transient reference have similar algorithms. Therefore, the
following description only highlights the necessary differences.

3.2.3. Similarity

For both references x;, s and x; ;» the similarity between the reference and
all other embedded vectors is assessed with the Euclidean distance metric. For the
pre-transient reference x;, s and a generic embedded vector x;, the Euclidean
distance is defined as

m
d(x¢,—nr, %) = Z(xtifM+(ifl) —Tj-1))? (5
i=1
With the embedded vectors arranged in the embedding matrix, the implemen-
tation of this similarity assessment is straightforward.

3.2.4. Nearest neighbors of the pre- and post-transient references

Nearest neighbors of a reference denote the embedded vectors which are the
most similar to the reference, as indicated by the smallest distance measures. The
k nearest neighbors of the pre-transient reference x;, s are represented by XZ,_M ,
with j =1 --- k. The k nearest neighbors of the post-transient reference x;, are
represented by XZ ,withj=1.-- k.

Figure 8 shows the complete measurement S1, and highlights the £ = 2 near-
est neighbors of the pre-transient reference x;, s for the first transient. The pre-
transient reference is enclosed by a dashed rectangle, while its k£ = 2 nearest neigh-
bors are highlighted with thick black lines.

Some embedded vectors are excluded from being considered near neighbors
of the pre- and post-transient references. The next subsection will clarify the rea-
sons for this. Table 1 indicates that the excluded embedded vectors are at one of
the extreme ends of the time series, as well as next to and including a transient
disturbance.

Figure 8 highlights with grey lines the embedded vectors which were excluded
from the neighborhood assessment for the pre-transient reference of the first tran-
sient.

11
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Figure 8: Measurement S1 highlighting the £ = 2 nearest neighbors (continuous rectangles) of the
pre-transient reference of the first transient (dashed rectangle). The grey lines indicate the embedded
vectors excluded from the neighborhood assessment.

Table 1: Embedded vectors excluded from the neighborhood assessment of the pre- and post-transient
references. Excluded embedded vectors are at one of the extreme ends of the time series X, and next
to and including a transient disturbance. T = ty — ¢;, and n is the total number of samples of X.

Location of embedded vectors Pre-transient Post-transient
Extreme end start - X1 - X147
of time series end Xp—M—T *** Xn—M -
Next to and including after - Xt; © Xtp4T
transient [z, - -+ xy,] before Xt M-T *** Xtp—M -

3.2.5. Replacing segment

. i— ti—M ti—M .
For each nearest neighbor XZ M _ [mt; T M—J of the pre-transient
reference x its subsequent segment |z/i A ... gliTM is considered
ti—M> q g ti+M ti+M+T ’
where T =t — t;.
Each segment ghi Mo gt M is mean centered, and the mean-centered
ti+M ti+M+T ’
segments are denoted as |zf,; 2~ ... ZliTM The k& mean-centered seg-
g 0,tj+M 0,t;+M~+T | g
ments are averaged according to
1 k ti—M 1 ti—M
2 T
% Z xoztj+M N % Z xo,t]'+M+T . (6)
Jj= Jj=1

The mean-centering step is required because of time series with non-flat trends.
The reference case study is an example. As shown in Figure 8, the segments
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[mi;jr]]‘\/[/[ .o xiﬁ% +T] after the two nearest neighbors follow the same trend,

but are centered around a different mean value.

Equation (6) results in the segment [T, --- I f], which replaces the empty
samples between ¢; and t¢. Segment [Z;, --- Iy f] should agree with the overall
dynamics of time series X.

Segment [Ty, --- &y f] can also derive from the post-transient reference x; ;-

. . t t .

In this case, the previous segment [mt: _p xt; _1} of each nearest neighbor
ty . ty ty . . . .
Xp, = | Ty Ty Mil} is considered. The mean-centering and averaging

. ty ty
steps are applied on the k£ segments [mtrT ‘e xtj_l} .

The previous subsection indicated that some embedded vectors are excluded
from being considered near neighbors of the pre- and post-transient references.
The reason is that the replacing segment [T, --- Tt f] is defined by the T'-sample
segments after the nearest neighbor, in the case of the pre-transient reference, or
before the nearest neighbors in the case of the post-transient reference. Therefore,
embedded vectors at one of the ends of the time series, as well as next to and
including a transient disturbance need to be excluded.

3.2.6. Concatenation of segments and reconstructed time series Y

A reconstructed time series Y without transients is generated by concatenating
the replacing segments [Z;, - -- #;,] and the transient-free segments of the original
time series.

As with the generation of the replacing segment, the concatenation procedure
needs to be robust to time series with non-flat trends. The concern in the steps
described below is to avoid introducing artificial discontinuities. Discontinuities
would arise when adjoining segments centered around a different mean value, such
as the segments before ¢; and after ¢ ; in Figure 7.

Figure 9 illustrates the concatenation procedure based on the pre-transient ref-
erences Xy, — )7, and the list below describes the steps.

1. The first segment of the reconstructed time series Y is the first transient-free
segment of the original time series X, that is,

1 oy o w1 =[ar w2 e @] (7)

2. The numerical values of the replacing segment [Z;, --- f] are shifted to
match the point y;, 1 according to

[yti T ytf] = [ﬁjti T i“tf] - (:%ti - (ytifl + Aytifl)) 3)

13
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Figure 9: Generation of the reconstructed time series (grey line) by concatenating the replacing
segments, and the transient-free segments of the original time series (black line).

where Ay, 1 is the average of the differences at the end of each nearest
neighbor XZ,_M , that is,

M =M
Ay, = (xi M $§J+M 1) 9)

||M?r

1
k<

The purpose of shifting is to avoid discontinuities between the two adjoining
segments. The difference Ay;,_; estimates what Axy, 1 = x4, — 24,1
would have been if the transient disturbance had not occurred.

. The next transient-free segment of the original time series is the one which

starts at x;,4+1 and ends before the next transient disturbance. The numer-
ical values of this transient-free segment are shifted to match the point y,
according to

[ytf+1 e yti,2] = [xtf-‘rl e mti’z] - (xtf-‘rl - (ytf + Aytf)) (10)
where the time instant ¢; o refers to the start of the second transient distur-

bance. The value Ay, is the average of the differences at the start of each

. t . .
nearest neighbor th . Therefore, Ay, approximates what the difference
Axy ;= Tl — Ty would have been if not for the transient.

These shifting steps are repeated for the following replacing segments and

transient-free segments of the original time series X.

The concatenation procedure based on the post-transient reference x;, is done

in the opposite direction, that is, from the end of the reconstructed time series Y to
its start.

Both Figure 10a and Figure 10b show the original time series X of the mea-

surements in the development case study in black lines. Superimposed on these

14
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Figure 10: Reconstructed time series (grey lines) after removal of transients, superimposed on the
original time series (black lines).

and in grey lines, Figure 10a shows the reconstructed time series based on the pre-
transient references x;, s, and Figure 10b shows the reconstructed time series
based on the post-transient reference xy,.

3.3. Adequacy of the replacing segment

The concern with the removal of transient disturbances is that the replacing
segment should agree with the underlying transient-free time series. To assess
possible mismatches, this section proposes the two following indices:

¢ Index Dj measures how similar the reference embedded vector is to its k
nearest neighbors.

* Index s; measures how similar the replacing segment is to the k£ mean-
centered segments which are averaged into it (equation 6).

Indices Dy, and s; should be minimized because they assess inconsistencies in
the prediction of the replacing segments. In particular, if the system generating the
time series is purely deterministic, and the choice of dimension M is correct, then
Dy, and sy, should be zero. In this case, the replacing segment [Ty, --- Tt f] will
exactly match the underlying time series.

For both the pre- and post-transient references, index Dy, is the average of
the squared distances between the reference embedded vector and its k nearest

15



neighbors. This criterion is normalized by the variance of the reference embed-
ded vector. Equation (11) describes the computation of Dy, from the pre-transient

reference X;,_p; = [gj'ti_ M- -Tti—l] and its nearest neighbors x,’i;’_—M
ti=M =M
T, T4+ M—1
M 2
ti—M
Lk 21 (lBt —M(i=1) ~ thr(ifl))
= E (1)

; M 2
i=1 2 (:Ct —M+(i—1) — jti*M)

The variance of the reference embedded vector, in the denominator of equation
(11), is equivalent to the square of the distance between the reference embedded
vector and its mean, respectively x;, s and Z4,— 5 in the case of the pre-transient
reference. As a result, the normalization proposed compares the similarity of the k&
nearest neighbors to the similarity of the mean of the reference embedded vector.

Index s is the average of the squared distances between the replacing segment
[£4, -+ 2¢,] and the k mean-centered segments which are averaged into it. This
criterion is normalized by the variance of the replacing segment. Equation (12)

describes the computation of s; based on the pre-transient reference xt _n- Inthis

ti—M -M
case, the £ mean-centered segments are denoted by [xoftj M 0 M +T]

T+1 o 2

k Z (wtﬁ(ifl) - xél,tj]—\fM—&—(i—l))

Z T - , (12)
7=l > (Z4,4(-1) — 2)

=1

?v\»ﬂ

where T' = ty — t;. The variance of the replacing segment, in the denominator
of equation (12), is equivalent to the square of the distance between the replacing
segment and its mean 2. As a result, the normalization proposed compares the
similarity of the k¥ mean-centered segments to the similarity of the mean of the
replacing segment.

For the development case study, Table 2 indicates the values of Dy and s;, for
the replacing segments based on the pre- and post-transient references. The values
are averaged over the two transient disturbances.

Indices Dy, and s, are able to distinguish between the adequacy of the replacing
segments which were calculated based on the pre-transient reference and on the
post-transient reference. For practical applications, the reconstructed time series
Y of a measurement is the one that derives from the replacing segment with lower
indices.
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Table 2: Inconsistency indices Dy and s; based on the pre- and post-transient references for the
development case study.

Tag Dy, Sk

Pre-transient ~ Post-transient ~ Pre-transient  Post-transient
P2 0.0067 0.0050 0.0017 0.0007
S1 0.1491 0.1225 0.0029 0.0032
NI 0.0049 0.0065 0.0011 0.0011

Figure 10 suggests that the reconstructed time series (grey lines) are equally ad-
equate whether based on the pre- or post-transient references. For measurements
S1 and N1, indices Dy, and sj, in table 2 agree with this observation. In fact, the
values of indices Dy, and sj are not consistently lower for either the pre-transient
reference or the post-transient reference. On the other hand, for measurement P2
the values of indices Dy and s, are both lower based on the post-transient refer-
ences. This result indicates that, for measurement P2, the replacing segments based
on the post-transient references are the ones which best agree with the underlying
dynamics of the original time series.

4. Parameter settings and sensitivity

The removal of transient disturbances involves the following parameters:

* embedding dimension m,
* embedding granularity 7,
» embedding step 9, and

* number of nearest neighbors k.

The objective of this section is to arrive at guidelines for optimal parameter
values.

As further explained below, parameters m, 7, and § are related to the original
sampling rate of the time series as well as the dynamics of the system. Therefore,
section 4.2 finds the optimal parameter values as a function of those characteristics
of the system and time series. In a practical application of the method, users can
thus set the optimal values from their knowledge of the sampling rate and time
constants of the system.
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On the other hand, the optimal parameter k£ depends on the individual time
series, namely on the existence of outliers. Therefore, section 4.2 proposes and
shows the workflow to arrive at the the optimal value of & in the course of a practical
application.

Before the parameter optimization, section 4.1 discusses how each parameter
influences the removal task.

4.1. Role of each parameter

4.1.1. Embedding granularity T and embedding step 0

Parameters 7 and J intervene in the generation of the embedded vectors (equa-
tions (3) and (4)). In this step of the method, the parameters have an analogous ef-
fect to downsampling because 7 > 1 discard samples from the embedded vectors
and 0 > 1 discards embedded vectors from the embedding matrix. Specifically,
setting 7 = ¢ is equivalent to downsampling the time series by a factor of 7.

Smaller values of 7 improve the similarity assessment between embedded vec-
tors because, with more samples, outliers to the trends have a smaller influence.
With smaller values of 9, the true nearest neighbors of the reference embedded
vector should be present in the embedding matrix.

On the other hand, the algorithm is O(1/7s) and thus greater values of 7 and §
reduce the computational time, without having to downsample the time series. The
reason to use 7 and J instead of downsampling is to retain all the samples of the
original time series in the reconstructed time series. This is important because the
reconstructed time series will be used in other analyses.

As this discussion elucidates, the optimal values of 7 and § depend on the
relation between the main time constant of the system and the original sampling
rate of the time series.

4.1.2. Embedding dimension m

As with 7 and §, parameter m intervenes in the generation of the embedded
vectors (equations (3) and (4)). For a given 7, the embedding dimension m deter-
mines the span of an embedded vector as (m — 1)7 + 1 samples. An embedded
vector should span the same number of samples as a state of the system in order
to exploit the determinism of the system. The state of the system, which can be
seen as the repeating pattern, depends on the main time constant of the system.
Therefore, the optimal value of m depends on that time constant and the chosen 7.

4.1.3. Number of nearest neighbors k

Parameter k£ determines the number of nearest neighbors of the reference em-
bedded vector and, by extension, the number of mean-centered segments which
are averaged into the replacing segment [T, - -+ Tt f]. The replacing segment is an
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estimate of the missing section of the time series. The best estimate derives from
the number & of mean-centered segments which agree the most. Real systems are
affected by outliers and uncertainty, and therefore the optimal value of k£ depends
on the individual time series being treated for transient removal.

4.2. Recommendations for parameters and analysis of sensitivity

This section arrives at guidelines for setting optimal parameter values. This is
done by studying the behaviour of the algorithm with varying parameter values.
The recommendations for parameters 7, §, and m are generic for any system. This
is done by referring these parameters to 7’p, the number of samples in one cycle
of the oscillatory time series. The optimal value of parameter k is specific for each
time series, hence a generic workflow to find this value is proposed.

The analysis is carried on the development case study, as follows. Different
parameter values are used in order to generate the reconstructed time series Y for
each time series. This is done based on the pre-transient reference and the post-
transient reference of each transient disturbance. As defined in section 3.2, refer-
ence means the embedded vector immediately before (pre-transient reference) or
after (post-transient reference) the removed segment [z, --- Xt f]. The adequacy
of the replacing segments is evaluated based on the indices Dy, and s introduced
in section 3.3. These indices measure inconsistencies in the estimation of the re-
placing segment, and thus should be minimized.

4.2.1. Embedding granularity T and embedding step 0

Setting 7 = 9§ is equivalent to downsampling the time series by a factor of
7. The optimal downsampling factor will depend on the original sampling rate.
To make this optimization valid for any original sampling rate and frequency of
oscillation, the embedding granularity is analysed as 7r /. This ratio is equivalent
to the number of samples in one cycle if the time series were actually downsampled
by a factor of 7.

Figure 11 shows the influence of 7#/r on the indices Dy, (panel 11a) and sy,
(panel 11b). In this case study, Tp is approximately 800 samples. Each plot
in a panel shows the optimization results for each variable of the development
case study. Each plot combines the results based on the pre-transient reference
(black line with round marker) and the post-transient reference (grey line with cross
marker).

In general, all plots show lower indices Dy, and sy, at higher 7r /7, indicating
that 7 and J should be equal to one. This is expected, because increasing 7 and &
means discarding more information.

However, the computational time of the algorithm increases with 7» /7, as shown
in Figure 12. Thus, if the computational time is prohibitive, it is important to note
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that above 7#/r = 40 the improvement in performance is moderate. Specifically,
the reduction in Dy, and sy, is in general below 20%.

4.2.2. Embedding dimension m

The analysis of the embedding dimension m serves to indicate the optimal
duration of a state in the problem of nearest neighbour imputation. The duration
of a state is given by (m — 1)7At. As a result, the value of parameter m depends
on the chosen 7 and on the original sampling rate At. With regards to 7, this
optimization uses 7 = 1, which is the optimal value. If higher values of 7 are
needed, then the value of m must be varied accordingly. To make this optimization
valid for any original sampling rate and frequency of oscillation, the embedding
dimension is analysed as ™ /Tp.

Figure 13 shows the influence of m on the indices D;, (panel 13a) and s, (panel
13b). Each plot in a panel shows the optimization results for each variable of the
development case study. Each plot combines the results based on the pre-transient
reference (black line with round marker) and the post-transient reference (grey line
with cross marker).

In general, all figures show a steep decrease in the indices Dy and s; when
m increases until m = Tp. Above m = Tp, index Dy, increases, while sj, stays
approximately at the same level. These results suggest that, for 7 = 1, m should
be set equal to the number of samples in one cycle, Tp. Similar conclusions are
reported elsewhere [4].
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Figure 11: Performance of the removal method as a function of 7 and J, when 7 = §. Parameters
fixed in the analyses were m = 800 and & = 2. The number of samples per cycle is Tp = 800.
Results are shown for each variable, and for the estimations based on the pre-transient reference
(black line with round marker) and the post-transient reference (grey line with cross marker).
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Figure 12: Computational time as a function of 77 /-. The computational time is an average over the
three variables, and includes the removal of the two transients.
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4.2.3. Number of nearest neighbors k

As explained above, the optimal value of parameter k£ depends on the individ-
ual time series. Therefore, in a practical application a replacing segment should
be computed for several k£ values. For each k, the inconsistency index sy of the
replacing segment is computed. The value of k£ which minimizes sy, is chosen for
that application. The minimum of sy, is expected at the first few values of k because
these correspond to segments adjacent to the nearest neighbors. The guideline is to
attempt values of k up to ten.

The inconsistency index Dy, is not used in the choice of k because it will always
increase with k. The reason is that D, derives from the distances between the
reference embedded vector and its k£ nearest neighbors (equation (11)).

Figure 14 demonstrates the use of index s in the choice of k for the devel-
opment case study. Each plot shows the optimization results for each variable of
the case study. Each plot combines the results based on the pre-transient reference
(black line with round marker) and the post-transient reference (grey line with cross
marker).

In this case study, s; increases monotonically with increasing k. In such a
case, k = 2 is recommended. Choosing £ = 1 is less recommended because the

24



replacing segment [#;, --- 2;,] is more susceptible to any outliers that might be
present in the single segment used.

The non-decreasing trend of s, in this case study can be explained by the strong
sinusoidal dynamic of the system. Because uncertainty is small and outliers are rare
in this system, none of the segments adjacent to the first few %k nearest neighbors is
a bad predictor for the replacing segment [Z, --- #;,|. Because noise is common
in a real system, the segments averaged into [Z;, --- Iy f] become increasingly
different from each other, hence s, increases.

4.2.4. Analysis workflow and summary of parameter values

In a practical application of the removal method, the typical workflow would
be:

1. Preparation of the data

2. Setting of parameters m, 7, and § based on T'p, the number of samples in
one cycle of the oscillatory time series, as summarized in table 3.

3. Computation of the steps of the algorithm described in sections 3.2.1 to 3.2.3.

4. Computation of a replacing segment for each value of k from k£ = 1 to
k = 10. For each value of k, the replacing segment is computed according
to sections 3.2.4 and 3.2.5.

5. Computation of the error measure s for each replacing segment, as exem-
plified in section 4.2.3.

6. Selection of the replacing segment with smallest sy.

7. Reconstruction of the time series with the chosen replacing segment, as de-
scribed in section 3.2.6.

Table 3 summarizes the guidelines for all the parameters, as well as their influ-
ence in the removal task. These guidelines are generic for any system. Parameters
m, 7, and ¢ are referred to Tp, the number of samples in one cycle of the oscilla-
tory time series. The reason is that T’p adapts the parameter value to the dynamics
of each particular system.

5. Application to industrial case study

This section demonstrates the removal method on an industrial case study. The
case study derives from routine operation of an industrial gas processing plant, and
was provided courtesy of ABB Oil, Gas and Petrochemicals, Oslo, Norway. The
top panel of Figure 15 shows measurements from a gas expansion-recompression
section of the process. These include gas temperatures (T1, T2, and T3), and pres-
sures (P1, and P2), turbine speed (S1), and pressure on the bearings of the turbine
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Table 3: Summary of the roles and guidelines for the parameters. T'p refers to the number of samples
in one cycle of the oscillatory time series.

ParametersIinfluence Recommended value

T reduces accuracy of similarity measure T < Tr /40 preferably
between the trends of embedded vectors, 7 =1
and reduces computational time

0 omits possible embedded vectors from 0 <Tr/s0  preferably
the similarity assessment, and reduces 0=1
computational time

m approximates the dimension of a state of m = Tr /7
the system

k defines the number of segments averaged Replacing segments
into the replacing segment calculated for

k=1:10

26



time / h

Figure 15: Original time series (top panel) and reconstructed time series based on the pre-transient
reference (middle panel) and post-transient reference (bottom panel).
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Figure 16: Influence of k on the inconsistency index sy for the pre-transient references (a) and post-
transient references (b).

(Pp). The transient affecting these measurements occurs around hour 4 in the fig-
ure. Each time series has 1200 samples taken with a sampling interval of 30 s.
The expectation for this test case study is that the nearest neighbors imputation
method correctly removes the transients. The reconstructed time series should be
an estimate of what the measurement would have been had the transient not been
present.

Following the recommendations in section 4, parameters 7 and § are set to one.
Parameter m is set to 100, which is approximately the number of samples in one
cycle of the oscillations. This length is the same in all measurements.

Parameter & is varied between two and ten. The resulting inconsistency in-
dices s for all the measurements are plotted in Figure 16a for the pre-transient
references and in Figure 16b for the post-transient references. In all cases, sj is
minimum at £ = 2, hence this value is used to obtain the reconstructed time series.
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Table 4: Inconsistency indices Dy and sy for the new times series of the measurement in the test
case study.

Measurement Dy, Sk
Previous Subsequent Previous Subsequent

T1 0.007 0.018 0.001 0.005
T2 0.009 0.039 0.009 0.005
T3 0.041 0.271 0.009 0.007
P1 0.065 0.215 0.009 0.016
P2 0.095 0.226 0.022 0.035
S1 0.071 0.192 0.017 0.298
Pp 0.094 0.229 0.012 0.015

The middle and bottom panels of Figure 15 show the reconstructed time series,
which derive from the pre- and post-transient references, respectively. The com-
parison shows that the removal method and the parameters proposed are able to
generate time series which are free of transients and maintain the original oscilla-
tory dynamics.

The reconstructed time series are different for the results based on the pre- and
post-transient references. Visual analysis suggests that the time series based on pre-
transient references present less distortion of the original time series. This is more
evident for measurements P1, P2, S1 and Pp. These observations are confirmed by
the inconsistency indices Dy, and s, which are indicated in table 4.

It is generally not possible to know in advance which reference embedded vec-
tors will lead to the most adequate reconstructed time series. In the industrial case
study, the two oscillation cycles after the transient disturbance are different from
the other cycles in the measurement, as shown in Figure 15. Therefore, the replac-
ing segment will join two sections of the measurement which have different trends.
In this case study, the joining is smoother with the replacing segment based on the
pre-transient reference.

The conclusions from these observations are that it is important to calculate
reconstructed time series based on both pre- and post-transient references, and to
have indices such as D;, and s; which can decide on the best reconstructed time
series on a case-to-case basis.
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6. Conclusions

This paper has presented a method to remove transient disturbances from oth-
erwise oscillating time series. Such a method is needed because transient distur-
bances affect the reliability of several oscillation analysis methods.

The method is based on a nearest neighbors imputation technique. This tech-
nique works based on the assumption that the system generating the time series is,
to some extent, deterministic. The system can be linear or nonlinear. Time series
with repeating patterns may be generated by nonlinear deterministic systems. The
idea is to consider a segment of the time series adjacent to the removed transient
disturbance, and look for its £ most similar segments in the time series. These are
known as the k nearest neighbors. The segments adjacent to the k£ nearest neigh-
bors are then used as replacements for the removed transient disturbance.

The paper also presented two indices to assess inconsistencies associated with
the replacing segment. The purpose of the indices is to measure the agreement of
the replacing segment to the underlying dynamics of the original time series. The
inconsistency indices were used in analysing the sensitivity of the removal method
to its parameters and in optimizing the values of those parameters.

The results showed that the method and parameters are able to generate time
series which are free of transients and agree with the original oscillatory dynamics.
The method works in any measurement that has some repeating patterns, even if
not purely periodic.

The inconsistency indices are an additional merit of the transients removal
method because they agree with visual analyses of the adequacy of the recon-
structed time series. This agreement to the visual evaluation means that the in-
consistency indices enable the automation of the method.

The limitations of the method are the need for measurements with regular sam-
pling rate, also known as equidistant sampling, and the possibility of distortion
relative to the original time series in the case that the original time series has dif-
ferent trends before and after the transient.
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