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Abstract

The experimental investigation of turbulence has been greatly aided by the development of
instruments capable of measuring and recording instantaneous velocity measurements at high
frequencies, such as Laser Doppler and Acoustic Doppler Velocimeters. As a consequence of the
techniques and algorithms used by some of these instruments, the introduction of ‘spikes’ of invalid
data into the recorded velocity time-series is inevitable, with resulting errors in the calculated
turbulence characteristics. These spikes should, therefore, be removed and replaced with
statistically valid values if power spectra and parameters such as turbulence intensity are to be
examined. A number of existing spike detection and replacement methods are discussed and
combinations of these have been applied to data from a variety of sources - artificially corrupted test
data, data from laboratory experiments in a flume and data from field experiments in a natural river.
Earlier recommendations, based on studies using a smaller number of despiking methods and data
sources, are improved; contrary to previous findings, Phase-Space Thresholding is shown to

accurately reconstruct the power spectrum when used with the appropriate replacement method.



1 Introduction

Instruments capable of recording high frequency velocity time-series have revolutionised the study
of turbulence, allowing direct calculation of parameters such as Reynolds stress and power spectra.
It is clear, however, that such calculations are only valid if the time-series are an accurate record of
the instantaneous velocities. Further, certain instruments (such as Laser Doppler Velocimeters
(LDVs) and Acoustic Doppler Velocimeters (ADVs)) have been shown to introduce ‘spikes’ of invalid
data into the time-series under certain conditions (see, for example, [1], [2]). The identification and
removal of such spikes thus becomes an important part of the post-processing of such data, prior to

its use in turbulence studies.

The algorithms discussed in this paper are based purely on the statistical properties of the time-
series and are in no way dependent on the instrument which recorded them. As such they may be
applied to any velocity time-series, but are discussed here in reference to ADV data for two reasons:
firstly, the algorithms were developed to process ADV data, and secondly the majority of the
authors’ experience in this area is in the deployment of ADVs. Readers with a particular interest in
LDV applications are directed to the excellent overview papers of Tropea [1] and Benedict et al. [3].
The Acoustic Doppler Velocimeter (ADV) was developed by the US Army Engineer Waterways
Experiment Station to provide an instrument capable of giving instantaneous velocity measurements
in three dimensions [4]. Modern ADVs are capable of sampling at a rate of 200Hz [5], allowing the
capture of turbulent velocity fluctuations in addition to mean velocities, while their small size and
portability make them a useful tool for both laboratory and field experimental work (see, for

example, [6-8]).

The measurements obtained from an ADV can be compromised by a number of issues which affect
their accuracy. The salinity and temperature of the water affect the speed of sound, leading to errors
of over 3% for an uncalibrated probe [4]. Doppler noise, an approximately Gaussian white-noise [9],

is inherent in any device which uses Doppler backscattering to calculate velocities [4]. The cause of



this noise is not fully understood, but it is thought that there are three main causes: particles
entering and leaving the sampling volume during the interval between pulses, turbulence at scales
smaller than the measuring volume, and beam divergence [9]. Similar causes of spikes have been

identified for LDVs [1].

The ADV measures velocities using the principal of Doppler shift, where sound waves bounced off a
moving object (in this case a particle carried in the water) undergo a phase shift which is
proportional to the velocity of the object. This phase shift can only be measured within the range -
180° to +180°, with any shift outside of this range leading to a spike in the velocity time-series in a
phenomenon known as aliasing [2, 10]. The authors have also found that, in a laboratory
environment where the lack of impurities in the water necessitates the use of a bubble generator to
create bubbles to reflect the ADV sound waves (see [11] for details), instants of low bubble density

may also cause spikes.

It is the detection, removal and replacement of such spikes which is the subject of this paper;
example velocity time-series (both pre- and post-filtering) spikes are shown in Figure 1. A number of
detection methods have been developed by other researchers, such as the Phase-Space
Thresholding method (PST) of Goring and Nikora [2] and its variant, the modified PST (mPST) of
Parsheh et al. [12]. Both teams recommend schemes for estimating a value with which to replace
the spike and maintain the length of the time-series, but the choice is somewhat arbitrary. To the
authors’ knowledge the effect of different combinations of detection and replacement method have
not been examined in detail under application to both artificially contaminated test data and real
experimental data. In light of the work of Parsheh et al. [12], who found issue with the
reconstruction of power spectra when using PST with their chosen replacement method, this is seen
as an important area of investigation, particularly with respect to existing data sets which may have

been processed using PST.



Relevant detection and replacement schemes are described in the following sections, after which
the result of their application to a number of data sets is presented. Finally, conclusions which may

be drawn from this work are identified.

2 Methods and Test Data

2.1 Filtering Methods and Replacement Methods

The problem of spike removal lies in determining which of the data points are, in fact, spikes and the
best method of replacing spikes with estimated values. This is non-trivial, and a number of different
filtering methods and different replacement methods have been suggested. Any filtering method
may be used in conjunction with any replacement method - herein, any such combination of a
filtering method and a replacement method is termed a despiking method. The Phase-Space
Threshold (PST) filtering method of Goring and Nikora [2] has become a de facto standard for the
filtering of ADV data, and has been modified in an attempt to further improve the method (for
example, [13] and [12]) and been an inspiration for other methods such as the Velocity Correlation
method [14]. PST and other pertinent filtering methods are described below. Instantaneous velocity
components in the x, y and z directions are referred to as u, v and w respectively, with primes

(e.g. u’) representing turbulent fluctuations.

2.1.1 Phase-Space Threshold (PST)
Goring and Nikora [2] developed a method based on phase-space plots of the turbulent velocity
fluctuations, u’, and their first and second derivatives, Au’ and A%y’ respectively. Au’ and AU’ are

approximated from the discrete time-series of u” using the central difference method:

AU = U —U (1)
AU = AU AU = U, —UY (2)

where i indexes the time-series (note that the factor 1/At, where At is the time-step between

measurements, is intentionally omitted without affecting the filtering [2]). Three plots are obtained,



u-Au’, u’-A%u’ and Au’-A°w’, in each of which those points which lie outside of a prescribed ellipse are
deemed invalid. Taking the u’-Au’ plot as an example, the co-ordinates of the centre of the ellipse

are the means of u” and Au’, while the length of the ellipse axes:

l, = Ao, l, = Aoy, (3)

u u

are the product of the universal threshold:

A =+2I(N) (4)

(where N is the number of measurements in the sample) and the respective standard deviation, o,
or oa,. The axes length therefore represent the expected absolute maxima of u’ and Au’ [2]. The
median absolute deviation, 8, has been identified as a more accurate measure of true variation in a
time-series corrupted by large magnitude spikes and may be used as an alternative to g in (3) [13]. In

the context of (3), o or G is herein referred to as the characteristic scalar (CS).

2.1.2 Modified Phase-Space Threshold (mPST)

As spikes are frequently of a much greater magnitude than the valid data there is a tendency for the
original PST method to incorrectly identify valid measurements adjacent to spikes as invalid due to
the high value of Au’; arising from (1), which includes the spike value. In order to overcome this,
Parsheh et al. [12] suggest a modified version in which user-specified constants, C; and C, are used
to flag measurements as valid (and therefore never to be identified as spikes) if -C;8, < u’ < C;8, and
to be excluded if |u’| > C,9, A. The latter, C,, condition is used to pre-filter the data before the
standard PST method is applied, while the former, C;, condition is used for each measurement on

each iteration of the algorithm.

2.1.3 Velocity Correlation (VC)
An alternative filtering method, the Velocity Correlation Filter, was suggested and compared to the
PST by Cea et al. [14]. This uses the filtering ellipse as for PST, but differs by plotting the three

velocity components against each other (in the u’-v’, u’-w’ and v’-w’ planes) rather than filtering



each velocity component separately against its own derivatives. No data is replaced during the
filtering, and mean flow statistics are calculated before any replacement is done — unlike most of the
other methods, it is not iterative. Cea et al. considered this non-iterative approach to be likely to
give better results with highly turbulent flows (in particular, they were investigating the flow in
fishway), but noted that this method loses the benefits of differentiation of the velocity signal which

enhances high-frequency components and thus aids spike identification.

2.2 Replacement Methods

Once a spike has been detected it may (when a complete time-series is required) be replaced by an
approximated value, and a number of methods for calculating the replacement value have been
suggested (see [2], for example), with relevant methods discussed below. It should be noted that
these methods are not intended to estimate the particular value which was obliterated by the spike;
rather they aim to replace the spike with a value which is statistically valid within the time-series as a
whole. While no single method may be considered more accurate than another in terms of
calculating replacement values from valid values (though, as Goring and Nikora [2] note, some are
more “aesthetically pleasing” than others), spikes which have not yet been removed may affect

these replacement methods — this is discussed further as each method is described.

2.2.1 Last Good Value (LGV)

Any spike is simple replaced with the last good (valid) value. This method has the advantage of being
independent of the values surrounding the spike (which may themselves be spikes). However,
bearing in mind that the filtering methods are iterative processes, this is also a disadvantage as the
last “good” value may itself be a spike which would be removed on subsequent iterations. If this
occurs for a relatively large number of spikes then the effect on the mean and standard deviations
may be non-negligible, though this could possibly be mitigated by, for the second and subsequent
iterations, ignoring the replaced values when calculating these parameters (the effects of such a

change to the filtering method are not considered in this paper).



2.2.2 Linear Interpolation (LI)

The replacement value is calculated by simple linear interpolation between the valid values
surrounding the spike. If one of the surrounding values is a yet-to-be-removed spike the
replacement value may constitute a spike. Potentially, if the first derivative would have identified
the true spike, the replacement value may reduce Au’ to within valid values, hiding the true spike for

subsequent iterations.

2.2.3 12-Point Polynomial (12PP)

The favoured method of Goring and Nikora [2], the best-fit cubic polynomial for the 12 valid points
either side of the spike (i.e. 24 points in total) is calculated and its value at the spike used as the
replacement value. Although spikes may span a number of consecutive measurements, the spike
duration is generally small (in artificially corrupting the data discussed in Section 2.3, for example,
Parsheh et al. [12] limit their spike duration to a maximum of 4 measurements) and so yet-to-be-
removed spikes would be expected to have little effect on the 12PP replacement method. While the
work of Parsheh et al. has resulted in the development of an effective, computationally efficient
despiking method, they have neglected the 12PP replacement method in their analysis, an issue

which this paper addresses.

2.3 Test Data and its Despiking

The data examined for this study came from three sources. In the development of the mPST,
Parsheh et al. [12] made use of a “clean” set of 1.2 million instantaneous u velocities (hot-wire
anemometer (HWA) measurements made in the turbulent boundary layer over a rough surface in a
wind tunnel, at a rate of 20kHz) which was artificially contaminated with spikes (replacing 5% of the
valid values), providing an easily verifiable test case. A copy of this data, which is described more
fully by Parsheh et al. [12], was kindly supplied to the authors. This data has been used both in its
entirety and also to provide a smaller (100,000 velocities) data set which proved more practical

when performing computationally intensive calculations on the PC used for the data processing. The



second data source was the experimental data gathered by the authors in their investigation of
open-channel flow in a heterogeneous channel, fully described in [15]. Briefly, uniform, sub-critical,
flow conditions were set in a 22m long, 0.61m wide, inclined experimental flume. The bed roughness
was laterally heterogeneous, with sections of smooth PVC sheeting and of gravel. The data consist of
instantaneous, 3-D, velocity measurements made at a rate of 200Hz using a Nortek ADV, with the
nominal velocity range set to 0.3ms™ (this gives a horizontal range of 0.94ms™; see [16] for details),
and a sampling volume of 7mm. Measurements were made at over 500 data points spanning a
cross-section of the channel, with the velocity at each data point sampled for a duration of 60s (i.e.
12,000 velocity measurements per data point). The third source was Gunawan et al. [17], who
provided seven sets of 25Hz Nortek ADV data gathered in field experiments in the River Blackwater
in the South of England - again, the sharing of this data is much appreciated. Using these three
sources enables the despiking methods to be evaluated against data gathered in different scenarios
— idealised corruption for test, laboratory flume experiments with clean, treated water, and field

experiments with dirty, untreated river water.

The despiking was performed using a Java application developed by the authors for the batch
analysis of their large quantities (5000+ time-series, each of 60s length) of experimental data
described in [15] and [8]. This software will read multiple data files, each containing the
measurements for a single data point, and plot the data over a channel cross-section, and is freely
downloadable from www.mikejesson.com. Among other functionality, the application can be
configured to despike the data with the filtering and replacement methods selectable from a

number of options, including those described above.

3 Results and Discussion

3.1 The Full Data Set of Parsheh et al.

The accuracy of the despiking methods is evaluated by counting the number of spikes correctly

identified, the number of spikes missed and the number of valid data points incorrectly identified as



spikes (Table 1). The standard deviation of the despiked series is also included in this table, and
clearly should approximate the standard deviation of the uncontaminated data. However, as a
simple example, consider the series 4.4, 4.6, 4.7, 4.5. If 4.7 is taken to be a spike then LGV
replacement gives o = 0.096 for the despiked series, whereas LI replacement gives o = 0.086. If the
real value were 4.6 then LGV would more accurately reconstruct the standard deviation; if the real
value were 4.5 then LI would give a more accurate reconstruction — either value is statistically
equally likely and so, certainly from a single data set, the precise value of the standard deviation is

not a suitable parameter for comparison of despiking methods.

Of the filtering methods described above only mPST has been applied successfully to the full data set
using o as the CS in (3). When o was used with PST (as in the original algorithm of Goring and Nikora
[2]), the algorithm continued to identify spikes after a large number of iterations. Inspection of the
data during the processing showed that far more spikes had been identified than the number of true
spikes. Using & as the CS allowed PST-12PP to be applied to the full data set, termed PST-9-12PP, but
PST-0-LGV failed. For mPST, the values C; = 1.8 and C, = 1.35 were used, as recommended by
Parsheh et al. [12], with each of the replacement methods described above. As may be seen from
Table 1, in terms of correctly identifying real spikes there is negligible difference between the three
mPST despiking methods (mPST-12PP, mPST-LGV and mPST-LI), with 99.8% of the spikes identified.
Surprisingly, mPST-LI performs significantly better in terms of the number of measurements
incorrectly identified as spikes, though even in the worst case (mPST-LGV) the number of incorrectly
identified spikes is only 1% of the number of correctly identified spikes, and 0.05% of the total
number of measurements. PST-9-12PP detects all spikes, but this must be partly ascribed to the
removal of four times as many “spikes” as are actually in the contaminated data set. The velocity
correlation filter fails to identify approximately 4000 spikes, though it should be noted that this data

set is single component and so the VC method reduces to being an upper limit on the u fluctuations.



As is shown in Section 3.2, the application of PST to the partial (100,000 data point) data set was
more successful. The failure of PST therefore appears to be related to the length of the time-series
and, therefore, the universal threshold defined in (4). The partial data set and full data set are
statistically equivalent (the mean value differs by <2% while the standard deviations are negligibly
different), and so, for the first iteration, the axes lengths will differ by the ratio (In(Nfu,,)/ln(N,m,t,»a,))l/z.
Hence proportionally more spikes will be removed per iteration for smaller N, reducing the number
of iterations required to remove all spikes. This reduction in iterations will be increased since, for
subsequent iterations, the CS will be of lesser magnitude for smaller N due to the removal of a
greater percentage of the spikes, further reducing the axes lengths. From this analysis it is predicted
that, given sufficient time/processing power the other PST despiking methods would also succeed.
This is supported by the comparison of the PST-3-12PP results from the full and partial (see Table 2)
data sets, which show that for N,gria = Npu/12 the removal counts are approximately 1/12 of those

seen for the full data set.

3.2 The Partial Data Set of Parsheh et al.

A 100,000 measurement sub-set of the data of Parsheh et al. was filtered using mPST and PST in
combination with the three replacement methods and the two CS options (Table 2). Although use of
g as the CS is more robust, the results indicate that its use increases the number of valid
measurements identified as spikes. o would therefore be the recommended default CS, with & used

if necessary to aid the iterative process.

When using PST, the number of valid values identified as spikes is (at least) approximately equal to
the number of correctly replaced spikes, whereas with mPST it is negligible. However, further
investigation suggests that the properties of the data set are somewhat skewing this analysis. o and
¥ were calculated before and after the initial mPST automatic exclusion step (i.e. application of the
C, condition), and the number of removed values noted (Table 3). For the data of Parsheh et al.,

approximately 3% of the values are removed at this stage, with o falling by approximately 60% as a

10



result. Further, this new value of o (which, under the standard algorithm, is now the CS) is
approximately equal to the value of # before the exclusion. With the experimental data of Jesson et
al. this automatic exclusion step has a much smaller effect, with only 0.4% of the values removed
and o reducing by only 12% (note that the figures given for Jesson et al. in Table 3 are the mean
values over all data points in their data set). The values of & and o at the start of the process are also
much closer (approximately 16% difference) than those for Parsheh et al., and so the choice of CS
would be expected to have a much lesser effect in this case. Thus, while the data of Parsheh et al.
provides a useful, clean data set for validation of mPST and comparison of the replacement methods
and choice of CS, the authors feel that analysis based on this data set may exaggerate the limitations
of PST (this is not intended as a criticism of mPST, which is the authors’ preferred filtering method
due to its efficiency, but rather a defence of PST). It should be emphasised that this difference is due
to the method of corrupting the data of Parsheh et al., rather than a feature of HWA measurements

when compared to ADV measurements.

Parsheh et al. [12] focussed on the despiking of ADV data for the purpose of estimating power
spectra, and showed that mPST-LGV (mPST-SH in their notation) vastly improved the estimation in
comparison to PST-LI. This was demonstrated for both the data set described here and a second set
of intentionally contaminated ADV data. A similar analysis has been performed using the Fourier
transform into the frequency domain, F(f), (where f is the frequency), of the time-series to give an

approximation to the spectral energy function, S(k), where k = 2rif/U is the wavenumber and:

S(k);zu—ﬂF(f) )

as described by Nezu and Nakagawa [18]. It should be noted that (5) is only applicable when Taylor’s
frozen turbulence hypothesis holds, an assumption which the authors feel is reasonable for the
steady-state conditions under which the data were gathered. It may be seen (Figure 2) that both
PST-12PP and mPST-LGV accurately reconstruct the power spectrum except at high frequencies,

while mPST-12PP diverges from the uncontaminated power spectrum at a much lower frequency. It

11



is interesting to note that the (unshown) power spectrum for PST-LGV follows the mPST-12PP
spectrum, i.e. the each of the two replacement methods appears to be compatible with a different
filtering method. Further, if C; is set to O (i.e. there are no points marked as valid) the mPST-12PP
spectrum falls on the PST-12PP spectrum, while if C, is set to 0 (causing the software to not
automatically exclude any points before starting the PST iterations) the mPST-12PP spectrum is
unchanged (not shown) — it would appear that the C; condition is more influential change to the

standard PST algorithm.

3.3 The Data of Jesson et al.

As shown earlier, the data set of Parsheh et al. is statistically very different to the experimental data
gathered by Jesson et al.. Further, the sets of experimental data examined by Parsheh et al. (ADV
measurements deliberately corrupted via non-optimal configuration of the ADV [12]) are highly
corrupted (10%-25% spikes). Applying the various despiking methods to the data of Jesson et al.
shows that PST identifies approximately twice as many values as being spikes than mPST or VC
(Table 4). In this table, the mPST-LGV value of the turbulence intensity (TI) components is taken as
the baseline and values are mean values over all of the data points forming the data set. The
variation in Tl is seen to be small, though PST-LGV increases the z-component of TI, Tl,, by 4%
relative to mPST-LGV. The PST-LGV Tl, is therefore greater than that for the unfiltered data. This may
appear erroneous but it should be noted that if a u measurement is identified as a spike then the
corresponding v and w measurements are also replaced, potentially by a value with a larger

fluctuation from the mean than the original if LGV is used.

In order to examine the despiking method output for individual data points, Tl, was calculated for
the points spanning a vertical section of the experimental channel. The chosen section was over a
bed roughened with gravel of nominal diameter 10mm (see [8, 15] for details). The near-bed flow
would therefore be expected to show higher turbulence intensity than that remote from the bed.

From Figure 3 it may be seen that this is the case. Above z/H = 0.25 there is negligible difference

12



between the despiking methods; closer to the bed VC shows greater disparity with the mPST/PST

values, though the difference is still small.

In terms of the power spectra, filtering reduces the energy contained in the high frequency range, as
would be expected from the removal of short duration, high magnitude spikes (Figure 4). The
differences between the despiking measurements are negligible, and only the mPST-LGV distribution

is shown.

3.4 The Data of Gunawan et al.

Application of the despiking methods to the seven data sets of Gunawan et al. allows their
comparison when applied to field measurement data from untreated water. As with the data of
Jesson et al., PST identifies a higher number of values as being spikes than mPST or VC (Table 5).
Once again, PST-LGV detects (though possibly incorrectly) many more spikes than the other methods

and is seen to increase Tl, by 4% relative to mPST-LGV.

The power spectra show negligible variation by despiking method and are not shown.

4 Conclusions

A range of despiking methods (each being a combination of a spike-detection method and a spike-
replacement strategy) have been evaluated against velocity time-series from a variety of sources,
namely artificially corrupted test data, laboratory flume data measured in clean water, and field

experiment data captured in untreated, “dirty” river water. The following conclusions are drawn:

e mPST is recommended due to its computational efficiency accuracy at detecting spikes,
especially for large or highly corrupted data sets. However, both PST and VC are satisfactory
for the relatively “clean” data sets obtained from laboratory and field experiments

e  PST accurately reconstructs the spectral density distribution when used in conjunction with

a 12-point polynomial replacement strategy. This is somewhat at odds with the conclusions
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of Parsheh et al. who used PST-LGV and concluded that PST did not accurately reconstruct
the distribution.

e the recommended replacement method is dependent on the detection method, with LGV
preferred for mPST and 12PP for PST due to the improvement these pairings give with
reconstruction of the spectral density distribution

e the use of the median absolute deviation as a characteristic scalar is only recommended for
highly corrupt data sets where use of the standard deviation fails, as it is shown to
incorrectly identify more values as spikes than the standard deviation

e all despiking methods have negligibly differing effects on the turbulence intensity, with the
exception of PST-LGV which disproportionately affected the z-component of Tl in both sets

of experimental data
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.. . Incorrectl
Despiking Standard Deviation Correctly. Mls.ssed Identified Zs
Method Replaced Spikes Spikes .
Spikes
Uncontaminated 0.9569 N/A N/A N/A
Contaminated 3.2280 (58931) | 100% N/A N/A
mPST-12PP 0.9572 58787 | 99.8% | 144 | 0.0% 214 0.0%
mPST-LGV 0.9567 58785 | 99.8% | 146 | 0.0% 616 0.0%
mPST-LI 0.9602 58785 | 99.8% | 146 | 0.0% 92 0.0%
PST-9-12PP 0.9467 58931 | 100% 0 |0.0% | 153084 | 2.6%
VC-SD-12PP 0.9935 54258 | 92.1% | 4673 | 0.1% 6 0.0%
VC-§-12PP 0.9935 55157 | 93.6% | 3774 | 0.1% 6 0.0%

Table 1: Results of Filtering Application to the Full Data of Parsheh et al. [12]. Percentages are relative to the true

number of spikes.

- . Incorrectly
Despiking Standard Deviation Correctly_ Ml_ssed Identified as
Method Replaced Spikes | Spikes .
Spikes
Uncontaminated 1.0026 N/A N/A N/A
Contaminated 3.2285 (4992) | 100% N/A N/A
mPST-12PP 1.0060 4981 | 99.8% | 11 | 0.0% 28 0.0%
mPST-§-12PP 1.0053 4981 | 99.8% | 11 | 0.0% 66 0.0%
mMPST-LGV 1.0024 4980 | 99.8% | 12 | 0.0% 65 0.0%
MPST-9-LGV 1.0022 4981 | 99.8% | 11 | 0.0% 73 0.0%
mPST-LI 1.0059 4980 | 99.8% | 12 | 0.0% 20 0.0%
mPST-9-LI 1.0035 4981 | 99.8% | 11 | 0.0% 50 0.0%
PST-12PP 0.9982 4992 100% | 0 | 0.0% | 6709 | 134.4%
PST-9-12PP 1.0010 4992 100% | O | 0.0% | 12113 | 2446.2%
PST-LGV Failed N/A N/A N/A
PST-9-LGV 1.0033 4992 100% | O | 0.0% | 9403 | 188.4%
PST-LI 1.0015 4992 100% | O | 0.0% | 4866 97.5%
PST-9-LI 1.0014 4992 100% | 0 | 0.0% | 6513 | 130.5%

Table 2: Results of Filtering Application to the Partial Data Set of Parsheh et al. [12]. Percentages are relative to the true

number of spikes.

Number Removed Values o 0
Data Set £ Val % Bef
orvalues | count %age Before After . etore
Reduction
Pars(hFeumft al- | 1200000 | 36019 | 3.0 3.228 1.337 59 135
Parshehetal. | 100000 | 3336 33 3.228 1.281 60 1.35
(Partial)
Jessonetal | 12000 45 0.4 0.087 0.068 12 0.073

Table 3: Data Set Properties Before and After the Automatic Exclusion Step of mPST
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Despikin %age

Mer:hodg The | Thy | T, Valgid
Unfiltered | 20| 7 | 2 | 100
mPST-12PP | -1 | -1 | O 98
mPST-LGV | 0 | O | O 97
mPST-LI 110 1 98
PST-12PP 2 1-2 -1 96
PST-LGV 0 1| 4 93
PST-LI -1 1-1]10 96
VC-12PP 1 1 1 98
VC-LGV 2 2 | 2 98
VC-LI 1 1|2 98

Table 4: Mean Turbulence Intensity (Percentage Difference from mPST-LGV Value) and Percentage of Values Which are
Valid by Despiking Method

Despikin %age
Mer:hodg The | Thy | T, Valgid
Unfiltered | 1 | 1 | 2 | 100
mPST-12PP | 0O 0|0 99
mPST-LGV | 0 | O | O 99
mPST-LI o|j0|O 99
PST-12PP 0 0|-1 98
PST-LGV 0 2 | 4 94
PST-LI 0 0|0 98
VC-12PP 00 |1 99
VC-LGV 0|0 |1 99
VC-LI 0 0 1 99

Table 5: Mean Turbulence Intensity (Percentage Difference from mPST-LGV Value) and Percentage of Values Which are
Valid by Despiking Method
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Figure 1: lllustrative Time-Series: The artificially corrupted data of Parsheh et al. [12] (a); the filtered
data of Parsheh et al. [12] (b); unfiltered experimental data of Jesson et al. [8] (c)

Figure 2: Power Spectra for the Despiked Partial Data Set Using PST and mPST
Figure 3: Vertical Distribution of Tl, by Despiking Method

Figure 4: Power Spectra from the Data of Jesson et al.
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