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Control Performance Assessment (CPA) has great practical importance. Control quality significantly affects
final production throughput, efficiency and environmental impact. There are many approaches starting
from time-domain methods, through Minimum Variance, Gaussian and non-Gaussian statistics up to
alternative wavelet, fractal or entropy measures. Analysis of production data from process industry
shows that signals are often described by non-Gaussian distributions, mostly fat-tail. On the other
hand, simulations show that strong disturbances may significantly screen ability of proper detection.
This work tests different approaches, i.e. Gaussian standard deviation and fat-tail distribution factors,
integral indexes and focuses on persistence measures of rescaled range R/S plot. Robustness of above
measures against disturbances with varying statistical properties is investigated. Results confirm that
fractal measures may be applied as robust alternative to standard statistics.

© 20191SA. Published by Elsevier Ltd. All rights reserved.

1. Introduction

Control quality plays crucial role in production performance.
Especially now, the issues of product throughput maximization,
production safety, environmental protection or energy manage-
ment push systems towards their constraints. They force opera-
tion close to the edge of technological limitations. Moreover, real
installations are mostly non-stationary, time varying and complex
systems with many internal, unknown, coupled correlations. Long
delays and human factor complement the overall picture [ 1]. Single
shot implementation and tuning mostly solves problems only in
short-term perspective. Actually, high quality production requires
constant attention and close supervision to sustain high perfor-
mance numbers [2,3].

Complexity of industrial processes challenges the CPA task. The
process nature not only affects control system setpoint tracking
and filtering abilities, but also hampers algorithms and measures
used to detect control system quality. This effect is visible in the
review of industrial control loops. It has been shown [4] that large
majority of process PID loops does not witness Gaussian properties
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having evident fat-tails. It further causes that loop quality mea-
sures assuming signal normal distributions may not be appropri-
ate. The need for new more suitable indexes appears.

There are two main reasons. Majority of industrial control loops
is poorly tuned or uses improper philosophy [5]. It clearly affects
control signals Probabilistic Distribution Function (PDF) broad-
ness. Second reason lies in the nonlinearities, disturbances and
complexity of the process itself. Cross-correlated feedbacks and
noises cannot be fully decoupled, so their impact exists. Further
consequences are associated with varying long-range correlations
of the small and large fluctuations. They cause persistence effects,
i.e. Hurst exponent deviating from 0.5 [6]. Complex process dy-
namics frequently brings about multiple scaling exponents in the
same range of scales [7]. Thus, one may additionally expect multi-
persistence behavior.

The main challenge of the approach is to propose the alter-
native methodology that may be effectively used in case of the
non-Gaussian loop properties. Majority of the existing approaches
assumes Gaussian properties in the loop. Once the loop witnesses
other disturbances the method does not have to be optimal or
even may lead to the unclear assessment. Actually, there is limited
number of publications addressing non-Gaussian loops [8-10].
Rescaled range R/S analysis offers tools addressing similar issues.
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Fractal approach has already met acceptance in many areas of
research. Starting from economics it has been successfully applied
in physics, biology, medicine, computer graphics, network traffic
analysis, telecommunication, time series prediction, etc. It offers
several tools, mostly based on persistence and crossover proper-
ties [ 11]. It appears that the transfer of these methods to the control
engineering allows for further insight into the loop properties.

It has been shown that classical methods may be strongly bi-
ased by the non-Gaussian disturbances and properties. Fractal and
persistence measures enable to cope with that problem and give
another insight into the loop properties. It enables not only to de-
tect poor performance but also shows what is the loop quality dis-
advantage (aggressive versus sluggish control) giving hints what
should be done to improve loop quality. Further, the existence of
the fat tails and persistence properties inform about the uncoupled
disturbances thus suggesting the need for loop structure modifica-
tion with decoupling and feedforward.

The first research on the use of the Hurst exponent [12-14]
for control quality assessment has stimulated the further work
towards the analysis of the multi-persistence, multiple Hurst ex-
ponents, crossovers, etc. This area in control engineering context
is still not exploited much, in contrary to the other research areas,
like physics, medicine, economy or social sciences and this work
tries to fill this gap.

The usage of the fractal methods in control engineering requires
multidisciplinary research and review of the achievements done in
other research contexts, like mathematics, statistics, physics and
even economics. As fractal approach has been successfully used in
other research areas, the results has to get new, CPA, interpretation.
Additionally the presented CPA methodology brings into picture
new interpretation of the outliers. In all classical approaches the
outliers are considered as something wrong and undesirable. The
information brought by them is ignored. The use of fractal methods
considers them seriously and tries to use it.

The paper shows adoption of persistence analysis to the engi-
neering task of control quality assessment. The problem is formu-
lated and basic measures are introduced. Analysis is focused on
the PID loop example. Evaluation starts with histogram analysis,
followed by R/S plot review and the persistence measures. Paper
closes with the comparison of performance detection quality im-
peded by disturbances. Final section concludes paper with results
discussion and presentation of issues open for further research.

2. Control loop performance assessment

Control systems often do not perform efficiently. It is caused by
several internal and external reasons. We may enumerate the main
ones:

1. insufficient daily control system maintenance caused by
process fluctuations, poor tuning, modifications of plant op-
erating conditions, service activities and shortage of experi-
enced personnel,

2. instrumentation problems and failures,

3. unsuitable control philosophy.

Human maintenance is inefficient and does not cover all needs.
Researchers and engineers continuously work on development and
implementation of automated and autonomous methodologies to
evaluate clear quality measures, to prepare straightforward val-
idation procedures, to translate technical numbers into business
language and financial benefits, to evaluate methodologies, to esti-
mate and predict possible financial savings due to the process con-
trol system upgrade and to design commercially available software
solutions.

First CPA project was performed for paper machine in 1967 [15].
Development of tools continued in 70’s [ 16], 80’s [ 17] accelerating

in 1989 with introduction of Minimum Variance (MinVar) [18]
approach. The research followed that path covering various as-
pects of the control system, like univariate feedback [19] and
feedforward control [20], unstable and nonminimumphase sys-
tems [21], multivariate MIMO cases [22], varying setpoint [23],
cascaded control [24], aspects of setpoint tracking versus distur-
bance rejection [25], linear time-variant systems [26]. There have
been evaluated different domain groups of methods in such a long
history of research:

1. time-domain indexes based on step test response, i.e. delay,
undershoot, rising, maximum, settling time, overshoot and
peak amplitude [27],

2. time-domain approaches using normal operation data:
Mean Square Error (MSE), Integral of Square Error (ISE), Inte-
gral of Absolute Error (IAE), Amplitude Index (AMP) [28,29],

3. minimum variance and model-based indexes [30-32],

4. statistical factors utilizing different probabilistic distribu-
tion function (standard deviation, variance, skewness, kur-
tosis, scale or shape, ...) or various probabilistic distribu-
tions [33-36],

5. Gaussian mixture models [37] and Bayesian inference-based
finite Gaussian mixture models [38],

6. frequency domain methods [39], like with the use of the
Fourier transform [40], sensitivity function [41] or the ref-
erence to disturbance ratio (RDR) index [42],

7. novel indexes using wavelets [43], orthonormal Laguerre
networks [44] and other functions [5], singular spectrum
analysis [45], neural networks [46], support vector ma-
chines [47], Hurst exponent [ 14], persistence measures [48],
multifractals [49], entropy [8] and others [9,10],

8. business Key Performance Indicators expressed in monetary
units [50].

The presented work focuses on persistence approach and ex-
tended range R/S analysis. Indexes are confronted with statistical
factors of different PDFs and classical integral indexes. The results
are benchmarked with undisturbed ideal measures evaluated from
step response, i.e. overshoot « and settling time T. Control error
signal is used as the variable carrying on information about loop
performance. It is independent on setpoint variations with ex-
pected mean value equal to zero and there is no need of detrending.

2.1. Performance measures

There are two main integral indexes: MSE and IAE. They are
often used alternately. However, it has been shown that tuning
with goal to minimize MSE not only punishes large deviations
from setpoint, but also generates aggressive control actions [51].
It is also suggested that IAE is closest to economic aspects [52].
Both indexes reflect similar information. IAE seems to be more
realistic [53] and thus MSE is excluded from further analysis.

Four statistical factors are used:

o normal (Gauss) standard deviation:

Lo XL &= )
N-—1

It informs about signal variability. Higher o means larger
variable variations, while small values means limited fluctu-
ations.

e Lévy «a-stable distribution belongs to the family of stable
distributions. It has more degrees of freedom (2) and is
parametrized by four parameters.

PDFy 5., () = exp {ist — [yt|* (1 —iBl(1))}, (2)
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where © € Ris location and b > 0 scaling.

Parameter b will be considered as potential measure.

Research shows that fractal behavior may be observed in many
areas. Analysis of control engineering time series originating from
real industrial systems reveals similar properties. There are several
factors allowing to verify fractal hypothesis. One of them is to cal-
culate Hurst exponent H, which measures time series persistence.
It is defined as the asymptotic property of the rescaled range R/S
function:

R
) =can,n—>
(S)n

where S - standard deviations in time slot n, ¢ - positive constant, n
- number of observations, H - Hurst exponent. H is calculated using
logarithms

In E(R/S), =Inc + Hlnn

(4)

(5)

plotted in double logarithmic scale E(R/S), from n estimating H as
linear slope. It may receive following values:

e H = 0.5 meaning that all observations are statistically inde-
pendent and process is stochastically uncorrelated,

e 0 < H < 0.5 determining anti-persistent time series,

e 0.5 < H < 1reflecting persistent process,

e for H > 1 processes are said to have no dependency in time
domain.

The following aspects of R/S plot are used in the analysis: single
Hurst exponent H® and, with assumption of two scales, H") short-
and H® long-memory exponents separated with single crossover
point denoted by n“*%,

Concluding, nine factors are analyzed: o, b, «, y, IAE, H®, H®,
H(Z) and ncmss,

3. Simulations
There have been run specific simulation experiments to validate

hypothetical impact of disturbance properties on control qual-
ity assessment. Experiments are conducted in the environment

control error e(t)

Fig. 2. No disturbance.

presented in Fig. 1. Controlled process is linear and described by
second order transfer function with delay and parameters: K = 2,
To=4,T =3, T, = 10.

There are two types of disturbances representing industrial
situations: random noise d(t) with small magnitude 0.05 and main
disturbance added before the plant z(t). Different scenarios for the
signal z(t) are considered:

1. no disturbance added, i.e. z(t) = 0,

2. Gaussian process with 4 = 0, ¢ = 1.5 and magnitude
K =0.75,

3. a-stable PDF: ¢ = 1.35, 8 = —0.05, y = 0.35, § = 0 and
K =0.75,

4. Laplace PDF with © = 0, b = 1.5 and magnitude K = 0.75.

In all cases setpoint is simulated as rectangular wave of period
equal to 100 [s] with 20000 samples in total. PID algorithm is
used as controller. At first, optimal tuning is determined: k, =
0.809, T; = 13.767, Ty = 2.86. It is characterized by overshoot
k = 1.52 % and settling time Ty, = 23.6 [s].

3.1. Histogram analysis

Control error histograms for all disturbance types have been
derived. Fig. 2 shows histogram of the non-disturbed loop, Fig. 3
addresses the loop disturbed with the normal PDF disturbance,
Fig. 4 with a-stable and Fig. 5 with Laplace PDF. The drawings
present fitted distribution functions of different properties.

We notice that none of the histograms is Gaussian. It is due to
the long tails associated with two separate operating regimes of
the control loop: transient period after setpoint changes and steady
state operation covering majority of time. Such character of control
errors often happens in real life. Scaling parameter b of Laplace dis-
tribution is not ideal. It offers better fitting than Gaussian function,
but still there is a place for further improvement. «-stable distribu-
tion offers possibility to reflect control error histogram. Stability o«
and scaling y factors are considered as effective statistical indexes.
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presented in Table 2. Comparison of the plots and obtained Hurst
exponent values enables to formulate the following observations:

1. All plots share the same character with two memory scales

Table 1

PID controllers tuning.
Tuning ky T; Tq K Tser
optimal 0.809 13.767 2.86 152 236
aggressive 1.2 11 2.86 341 315
sluggish 0.7 18 2.86 0 > 100

3.2. R/S plots

Next stage is associated with review of persistence properties.
Different controller settings are applied to four disturbance sce-
narios (defined in Section 3): non, Gauss, a-stable and Laplace. PID
tuning reflects optimal, aggressive and sluggish control (Table 1).

R/S plots are sketched in three graphs. Fig. 6 represents four
scenarios presenting different disturbances. Figs. 7 and 8 show

sluggish and aggressive tuning.

Persistence parameters, i.e. values of the single Hurst and dou-
ble memory scale exponent together with the crossover point are

characterized by different Hurst exponents separated with
crossover point n“*, None of the plots may be well approx-

imated with single line (Hurst exponent denoted as H®). We
may clearly distinguish short memory scale HV followed
by smaller in value long memory scale H®. It shows that
single Hurst exponent H® is not good representative for
loop dynamics. Thus none of methods for its calculation,

like Periodogram [54], Boxed Periodogram [55], Aggregated

Variance [56], Detrended Fluctuation Analysis [57], Absolute
Value Method [58] or Differential Variance [59] will not
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Table 2
PID controllers tuning.
DIST Tuning H© neross HM H@
optimal 0.423 198 0.437 0.023
None sluggish 0.467 198 0.461 0.043
aggressive 0.389 198 0.403 0.021
optimal 0.480 198 0.434 0.078
Gauss sluggish 0.519 198 0.460 0.092
aggressive 0.423 198 0.401 0.053
optimal 0.584 198 0.425 0.181
Levy sluggish 0.661 198 0.442 0.238
aggressive 0.575 198 0.374 0.215
optimal 0.484 198 0.433 0.082
Laplace sluggish 0.518 198 0.461 0.090
aggressive 0.420 198 0.393 0.057

help in solve this problem. Crossover effect disturbs proper
application of these algorithms.

2. Crossover point seems to be constant and it does not change
despite different controller tuning nor disturbance char-
acter. Its value is equal to ~ 200 samples, which in our
case reflects 100 [s]. We see that it is exactly the period of
setpoint changes. This observation reveals meaning of the
crossover point. Short memory exponent preserves infor-
mation about internal loop dynamic behavior, while second
exponent (after crossover point) informs about long mem-
ory loop characteristics. Thus, it seems that short-memory
scale HV is persistence measure that reflects dynamic loop
quality assessment.

3. There are significant variations in value of the long memory
exponent H® depending on disturbance character. They af-
fect long term memory effect, especially disturbances heav-
ing «-stable properties. This is additional effect disqualifying
this persistence measure. H® is not robust against distur-
bance character.

4, On the other hand, we see that short memory index keeps
its value despite disturbances. Simultaneously, we notice
that this relation is invariant against disturbances. Exponent
value for aggressive controller is the smallest, while the
one for sluggish control is the largest, i.e. Hfz;; < H,(ul,z <

Hé,L)g. This result is consistent with other observations about
Hurst exponent. The authors have observed that optimal
value for Hurst exponent is 0.5, while smaller values denote
aggressive control and bigger sluggish one. These features
are independent on disturbances. The only difference is that
in presented example optimal value is 0.44 — 0.46.

Thus, HY = 0.5 does not have to mean optimality. From
the control engineering perspective optimal controller tun-
ing depends on current, specific requirements and it may
vary with different control tasks. However, its fluctuations
according to the response character are permanent.

3.3. Assessment with strong disturbances

The indexes «, y, IAE and HV have qualified for robustness
analysis as the result of prior investigations. Assessment ability
may be analyzed through simulations of each disturbance scenario
for different PID tuning. Time derivative will be fixed at optimal
value of Ty = 2.861 for all cases. The other two parameters
are being changed. Proportional gain varies k, = 0.20...2.50
with decrement of 0.1, while integration time constant in T; =
1.0...40.00 changing every 1.0. Altogether 960 simulations of
different PID settings are done for each disturbance variant (four
scenarios). Experiment results are analyzed and compared through
observation of contour plots for obtained relations.
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Fig. 11. Index «: no disturbance.

At first, two surfaces are shown. They represent reference in-
dexes of overshoot (Fig. 9) and settling time (Fig. 10) measured
for pure step response. These indexes have opposite meaning and
good tuning is form of a compromise. Optimal PID setting is shown
for reference in both plots. One may see that the surface is in form
of single smooth slope from perspective of overshoot with optimal
solutions lying on the border of zero overshoot bottom. In contrary,
settling time is represented by relatively narrow valley limited
with large values of sluggish or oscillating control.

The main experiment drawings are presented in four plot
groups. Each of them represents different performance index.
There are four separate subplots in each one. They show contour
plot for four different disturbance scenarios: none, Gauss, a-stable
and Laplace. Two characteristic points are highlighted on each
contour plot: minimum value of the index denoted by diamond
¢ and optimal settings marked with circle o.

The surfaces for the stability factor o are presented in the
following figures. Fig. 11 shows non disturbed case, Fig. 12 the
surface for the Gaussian disturbance, Fig. 13 «-stable and Fig. 14
Laplace. We notice that the surface is not smooth, although the



P.D. Domariski / ISA Transactions 90 (2019) 226-234 231

2D contour plot for index: stability factor o (Gauss)
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Fig. 12. Index «: normal disturbance.
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Fig. 13. Index «: a-stable disturbance.

2D contour plot for index: stability factor o (Laplace)
40 2

35 - 19
18
30
17
25 -
E 16
> a0l
F) 20
15
15 ey
© 1,08, Ti<14 (KPI-1,149) “
i "W;‘e (KPI-1.127) 13
S 12
0.5 1 15 2 25
OX - Kp

Fig. 14. Index «: Laplace disturbance.

shape is unchanged despite disturbance character. Moreover, we
see that detected minimum value of the contour is almost the same
in case of disturbances affecting the loop. It has more aggressive
character with larger proportional gain and smaller integral time
constant. In case of no disturbances, minimum point is situated
in an opposite, sluggish part with smaller gain and much bigger
integral part.

Nonetheless, parameter « of Lévy stable distribution requires
more attention. There is a hypothesis that the relation H = 1/«
is true [60]. However, we see that it does not hold in our case.
Different long-range correlations of the small and large fluctua-
tions may be one of the reasons. On the other hand, if we consider
that optimal value of Hurst exponent is neither minimum, nor
maximum but ~ 0.5 (or any other value close to it), then also
optimal value of stability factor « should be like that. To reflect
it, there is also highlighted contour level equal to that of optimal
point. Unfortunately, these plots are not very informative. It is very
interesting to see how behavior of Hurst exponent looks a like.

The surfaces for the scaling factor y are presented in the follow-
ing figures. Fig. 15 shows non disturbed case, Fig. 16 the surface

2D contour plot for index: scaling factor y (None)
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Fig. 15. Index y: no disturbance.

2D contour plot for index: scaling factor y (Gauss)

40 07
35 -
06
30
05
25
4/ 04
’kp:U 9, T=16 (KPI=0,120) i
15
'kfo.a. Ti=14.(KP1£0/140) oS
10 - =
= /—/_/ 02
5 /_/_/

oY -Ti
8

05 1 15 2 25
OX-Kp

Fig. 16. Index y: normal disturbance.

2D contour plot for index: scaling factor y (Levy)
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Fig. 17. Index y: «-stable disturbance.

2D contour plot for index: scaling factor y (Laplace)
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Fig. 18. Index y: Laplace disturbance.

for the Gaussian disturbance, Fig. 17 a-stable and Fig. 18 Laplace.
This parameters has similar meaning as normal standard deviation.

It represents signal variability considering fat-tail properties. The
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2D contour plot for index: IAE index (None)
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Fig. 19. Index IAE: no disturbance.

2D contour plot for index: IAE index (Gauss)
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Fig. 20. Index IAE: normal disturbance.

2D contour plot for index: IAE index (Levy)
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Fig. 21. Index IAE: a-stable disturbance.

results are promising. The surfaces are smooth and disturbance
screening effect is not noticeable. Moreover, surface minimum lies
in close proximity to the optimal PID settings. Assessment with
scaling parameter y seems to be robust and effective.

The surfaces for the IAE index are presented in the following
figures. Fig. 19 showing non disturbed case, Fig. 20 the surface for
the Gaussian disturbance, Fig. 21 a-stable and Fig. 22 Laplace. We
notice significant effect of disturbance shadowing in case of fat-tail
properties. The plot is highly ragged with rather random position
of minimum point. We also notice another interesting behavior.
Undisturbed optimal solution is relatively close to the optimal one,
while detected best tuning in any of disturbed situations is shifted
towards more sluggish control. Solutions are very close to each
other despite disturbance character.

Finally the surfaces for the short memory Hurst exponent H"
are presented in the following figures. Fig. 23 showing non dis-
turbed case, Fig. 24 the surface for the Gaussian disturbance, Fig. 25
a-stable and Fig. 26 Laplace. We see that surfaces maintain dif-
ferent properties. We do not have single valley (nor hill) with an

2D contour plot for index: IAE index (Laplace)
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Fig. 22. Index IAE: Laplace disturbance.

2D contour plot for: short memory Hurst exponent H (None)
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Fig. 23. HV: no disturbance.
2D contour plot for: short memory Hurst exponent HO (Gauss)
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Fig. 24. HV: normal disturbance.

2D contour plot for: short memory Hurst exponent HD (Levy)
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Fig. 25. HV: ¢-stable disturbance.

extremum. Minimum value is situated on the right border, which
is edge of stability. This observation confirms hypothesis that min-
imum Hurst exponent value is not the optimum. We also see that
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2D contour plot for: short memory Hurst exponent H® (Laplace)
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Fig. 26. H: Laplace disturbance.

surfaces are relatively smooth, despite disturbance character. It
means that properties of the in-loop noises are not shadowing
detection abilities with Hurst exponent. It is very important, as
such robustness is rare.

Two curves are highlighted on the plots. One shows level of
optimal point, i.e. H") & 0.4 and theoretically the best (stochasti-
cally uncorrelated process) value H") = 0.5. Interestingly, each of
this curves depicts family of solutions, which is relatively invariant
against the disturbance character. Furthermore, the shape of the
contour levels resembles the shape of overshoot surface (Fig. 9).
Contour level for optimal controller is very close to the one of 1.5%
overshoot. This observation has practical consequences. Overshoot
may be calculated only from step response in case of small noise-
to-signal ratio. Hurst exponent derived from R/S plot is calculated
using control error trend considered to be a time series. Such
calculations may be done in any situation with no need to perform
any dedicated experiment. This is practical facilitation.

We notice that increase in H!) decreases the overshoot «. Its
optimal value does not have to match the one for uncorrelated
process equal to 0.5.

4. Conclusions and further research

Control system quality assessment using fractal persistence
measures has been presented and discussed. Simulation experi-
ment has been designed and performed. Relatively simple linear
SISO control loop with PID controller has been simulated. The
experiment has been disturbed with signals having different sta-
tistical properties. Apart from popular Gaussian stochastic pro-
cess, Laplace and fat-tail Lévy «-stable PDF have been applied.
Analyzes of industrial data show that majority of loop variables
is well explained by the fat-tail distributions. It was confirmed
in performed simulations that stable distribution is best fitted to
simulated control error. It enables to select stability and scaling
factors of Lévy distribution as potentially good quality measures.

Persistence character of control error was also discussed using
rescaled range R/S fractal analysis. It has been shown that there
are two distinct memory scales: short H") and long H® separated
with crossover point n(®), It has been shown that analysis with
single memory scale (one Hurst exponent H) is not appropriate
whatever its estimation method is chosen. Evaluation concludes
with the selection of short range memory exponent H" as a
potential candidate for quality measure. Selected parameters have
been compared with common IAE index. Main observations are as
follows:

1. Loop quality measures strongly depend on properties of loop
embedded disturbance. Applied indexes should be based on
properly identified PDFs. Analysis of the control error and
its histogram helps. Fitting of the distribution function to
histogram is one of the possible verification methods.

2. Disturbance shadowing effect appears with Gaussian ap-
proach and is still visible for IAE index. Thus, the control
engineer should be cautious with the selection, in situations
when significant non-Gaussian behavior is visible in ana-
lyzed data. Detailed process disturbances review is always
needed.

3. Gaussian approach seems to be a good selection in case of
no disturbances or while the loop shares such properties.

4. Analysis of integral index IAE shows that it is more biased
towards fat-tail distributions scaling factor selecting tuning
associated with lower overshoots.

5. Crossover point n{) reflects long term fluctuations that
occur outside of the loop and are connected with external
operating conditions like setpoint variations character.

6. Short memory Hurst exponent H") is good and robust index.
It reflects dynamical loop properties similar to the overshoot
enabling calculation from control error time trend.

7. It is not always true that optimal value for the Hurst expo-
nent is equal to HY) = 0.5. In fact, it depends on actual loop
response requirements, loops structure, system complexity
(nonlinearity, cross correlations) and disturbance character.
Its value is specific depending on the case.

There are many different methods, approaches and measures
proposed and used practically in the task of the Control Perfor-
mance Assessment. Each of them has its applicability scope and
drawbacks. The same applies to the proposed fractal approach
using the Hurst exponent. First of all the method is dependent on
the data used for the assessment. Persistence and fractal analysis
may be affected by the data sampling period, especially once we
use the shortest memory exponent for dynamical assessment. In
such case the crossover point may be small and too large sampling
may decrease number of data used for the short Hurst exponent.

The next limiting factor is associated with the need to find ap-
propriate probabilistic distribution function characterizing control
error signal. The evaluation has to be performed properly, with
large enough number of data, proper bin size and the same as
previously small enough sampling period.

Nonetheless, cautious and strict use may enable to extend stan-
dard control performance assessment methods revealing normally
unavailable loop properties.
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