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This article gives an overview of methods concerning the detection and quantifica-
tion of internal leaks through valves. It also presents comparisons of the methods using
new experimental data with emphasis on the spectral information in the signals. The
first method utilizes known analytical relationships between acoustic emissions and
fluid flow. The second method is a data-driven comparative approach where an online
signal from a leaking valve is compared with a set of saved reference signals from
leaking valves. The work presents a new and improved way of leak estimation com-
pared to what is practiced in the industry today, which will ultimately result in safer
operations and reduced maintenance related costs. © 2011 American Institute of Chemical

Engineers AIChE J, 58: 1181-1193, 2012
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Introduction

A shut-off valve has the sole purpose of stopping flow
when it is closed. “Through leakage” refers to a shut off
valve in the closed position that fails to stop the flow. The
leak can cause a direct financial loss through the loss of a
commodity, for example, hydrocarbon gas, and can be a
threat to the environment, equipment, and personnel safety.
In high risk industry, rigorous time-consuming leakage tests
must be conducted to ensure that the functionality of critical
valves is adequate.
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There has been much research on detection and estimation
of through leakage in closed shut-off valves. In general esti-
mation of leakage rates can be done in two ways. The first
uses analytical methods based on known physical relation-
ships from which empirical expressions are deduced. These
models need empirical inputs, because the problem is too
complex to model by pure analytical expressions. The most
relevant example of this method was published by Kaew-
waewnoi et al.,' where the leak rate of two types of valves
was determined by a known relationship between acoustic
emission and the leak rate. This relationship is examined fur-
ther in the next section.

The second way of estimating leaks is by direct compari-
son with other valves that are known to have leaks. The
data from these reference leaky valves is collected in a test
rig. The comparison method between a new leaky valve and
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Figure 1. An overview of potential leak model candidates explored.
The red squares indicate nonlinear methods. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

the reference set can be done with, for example, regression.2
New data can be collected by manual inspection or by
online monitoring. The focus in this article are methods that
can be applied remotely and with minimal intrusion and
downtime required to the system. The instrumentation that
has been the most thoroughly investigated for automated
leak detection includes: Acoustic Emission (AE),>'° vibra-
tion monitoring,'""'* and cavity Dynamic Pressure (DP)
monitoring. "

The work in this article is related to and uses data from a
previous study where the frequency spectra of acoustical and
dynamic pressure sensors were used to investigate leak sig-
natures on a damaged closed ball valve.'* The aim was to
investigate the potential of frequency spectra to provide sig-
nature features. These are otherwise not taken advantage of
in single value time variables, for example, the Root Mean
Square (RMS) of the signal. In addition, spectral analysis
has several advantages compared with time domain analysis.
It lowers the effect of outliers and missing values and is
invariant to phase shifts or time delays.

Figure 1 shows a classification of methods in the literature
for detection and quantification of valve leakage. They are
divided into analytical methods and methods based on com-
parison. The comparison methods are divided into regression
methods and direct spectrum comparisons methods. The
regression methods marked with dotted box edges signify
nonlinear methods. The article includes a comparative survey
of the literature related to the methods in the classification
tree. It also provides a comparison of the performance of a
selection of them on experimental data from a test rig. The
Kaewwaewnoi model and the diquad model are selected as
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analytical models. The diquad model is an original contribu-
tion of this article, which is a modification of the Kaew-
waewnoi model. The direct spectrum comparison has several
types of input features that can be compared. PLSR and
KPLSR are selected as the regression methods, and the sig-
nal analysis features that are used in the direct spectrum
comparison methods are also used in the selected regression
methods. Spectral signals in a nonlinear model is original
work that has never been published before with regards to
quantification of valve leakage.

The contribution of the article is to provide a recommen-
dation, with evidence from analysis of experimental data, of
the methods that work best. It also presents a new way of
determining valve leakage that has the potential to greatly
improve industrial valve leakage detection in oil and gas and
other industries.

The article is divided into sections that follow the classifi-
cation tree in Figure 1, where dedicated descriptions of the
analytical modeling methods, direct spectrum comparative
methods, and regression methods can be found. After the
descriptions, the following sections are dedicated to perform-
ance of the methods with experimental data collected from a
test rig.

Analytical and Empirical Modeling

There have been many attempts at predicting the noise
emitted from control valves.>'>?® This field of study has
similarities to the detection of leaky valves. The objective in
these cases has been to determine if the noise levels are low
enough to comply with various noise regulations. There have
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also been attempts at correlating emitted noise to leakage
rates. Kaewwaewnoi et al.' attempted to create a model for
valve leakage based on control valve noise prediction mod-
els. This section introduces the method developed by Kaew-
waewnoi et al. and a similar new suggested model.

Kaewwaewnoi’s leakage modeling method

Kaewwaewnoi et al.' use a theoretical model to predict
liquid leakage rates through a valve based on acoustical
emission. The model is referred to as the Kaewwaewnoi
model. The model was reported to be successful based on
experiments with ball and globe valves. Leakage was
induced by partially opening the valves. The following equa-
tion was formed for the valve leakage estimation:

B 1 Q 8 PS ¢
(AE>RMS—C1W<E) (E> .

In the equation, C; is a constant covering fluid variables
with some neglected factors, the main ones being: the effect
of the AE sensor, valve material, and signal attenuation. AE
is the measured acoustic emission signal, and RMS denotes
the root mean square of the signal. « is the sound velocity in
the fluid, p is fluid density, D is the valve size the, O is the
volume flow rate, AP is pressure drop across the valve, Py is
the inlet pressure, C, is the valve flow coefficient, and § is
the specific gravity of the liquid. C, are table values from
Ref. 27. C; is determined experimentally, and Eq. 1 is then
solved for Q.

Diquad valve noise modeling method

Kaewwaewnoi et al. uses a quadrupole relationship (a
quadrupole refers to a geometrical arrangement of emission
sources) to describe leakage. El-Shorbagy’ explored a simi-
lar model. Instead of having just a quadrupole, a dipole was
also added for modeling control valve noise. The dipole
source was added, because quadrupole and dipole terms are
the prominent noise sources present within the turbulent field
of a jet flow.?® The dipole addition follows from Curle’s
theory.”® Adding a dipole source to Kaewwaewnoi’s equa-
tion (Eq. 1) yields the following equation:

R N AVERY
(AE)RMS - O(5p3D14 Cv AP (2)

As can be seen from the equation there are two unknown source
contribution constants (C; and C,). Thus, two measurement
points are needed in order to find them. By comparing Eqs. 1
and 2, it can be seen that there are minor differences between the
expressions and that the flow is still the dominating factor. This
leakage model is referred to as the diquad model and has never
been published in the literature before.

Data-Driven Comparison Methods

The idea behind the data-driven comparative methods
that are on the right hand side of Figure 1 is to directly
compare signal features of a new measurement to the sig-
nal features of other signals previously collected from leak-
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ing valves. The one that matches the best is taken to be
the leak rate and hence permits a quantitative result. This
method requires a large number of reference signals (a
large training dataset) to have any value. The advantage of
this method is that it does not only suggests a leak rate but
also identifies which signal has the closest overall match.
This means that there is information about the type of leak
if this has been documented previously as an attribute of
the respective signal.

There are two companies providing AE valve leak detec-
tion and quantification in the industry today. Physical
Acoustics Corporation” markets the license for the VPAC
database. The VPAC database data were primarily gathered
during the eighties by, among others, British Petroleum and
functions as a reference dataset for leaking valves. With this
data, the leak rate can be estimated on the basis of the
acoustic signal level, valve type, size, and pressure. This has
briefly been described by Wagner.> The other provider of
AE valve leakage detection and quantification is ClampOn’.
Their product also uses a database for leakage rate estima-
tion. CRANE valve services’ has a product that uses
dynamic pressure sensors to determine valve leakage. The
product has been described in the literature.' The leak mag-
nitude estimation is not based on the comparative approach
that the AE methods use. Instead, the DP method can only
distinguish between no leakage, moderate leakage, and sig-
nificant leakage by monitoring the relative magnitudes in the
frequency spectrum.zg There appears to be no published
details on how the methods work or their performance
regarding leak quantification. It is only possible to speculate
on how the commercial comparative methods work and how
well they work. To avoid speculation here, conservative
methods will be tested against methods that can potentially
produce more accurate results. As there has not been pub-
lished anything about the leak quantification methods in
detail before, all the methods presented can be considered
original contributions.

The instrumentation technologies mentioned are normally
installed on safety critical valves by the operator as supple-
mental leakage monitoring. They are not considered as tools
for a full functional test in the industry today. This means
that it is up to the operator to decide whether or not to invest
in them.

It has been shown that the leakage noise frequency spec-
trum changes with various factors including, the geometry of
the leakage, fluid type, measurement position, and leakage
rate.'* This indicates that the spectral distribution of the sig-
nal is of value. There are methods that use features of the
probability distribution of the signal such as variance mean
and skewness. However, there are also methods that make no
assumptions regarding the underlying shape of the distribu-
tion. In these methods, output coefficients (features) are
generated that optimally represent the characteristics of the
distributions. There are three different signal features that
are utilized for the comparisons here (see Figure 1). They are:

e Signal root mean square

® Frequency spectrum components

e [CA mixing vectors

*PAC web-site: www.pacndt.com
'ClampOn web-site: www.clampon.com
*CRANE valve services web-site: www.cranevalveservices.com
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Figure 2. Time series can be transformed to frequency spectra with a fast Fourier transformation.
The frequency spectra indicate at which frequencies the time series are oscillating. This example shows five time series (upper panel) with

similar frequency spectra (lower panel).

The frequency spectrum provides a means of characteriz-
ing the features of a signal varying in time. The raw mea-
surement is a time series, such as those in the upper panel of
Figure 2, which shows five snapshots of measurements from
an AE sensor. The mean value has been removed from each
trend, and the variation has been scaled to unit standard
deviation. Although these time trends look somehow similar
to one another, it is hard to quantify the similarity. The rea-
son why they look similar is that they contain the same
range of frequencies. The frequency spectrum is the square
of the magnitude of the discrete Fourier transform, and it
shows what frequencies are present in the signal. For
instance, the peaks in the lower panel of Figure 2 show that
all five of the AE signals have similar spectra with signifi-
cant frequency content at 200 Hz and at several other fre-
quencies. Note that in addition to the AE frequency spectra,
dynamic pressure frequency spectra are also utilized the
same way in this work.

Comparative spectrum modeling with RMS

A signal feature that is used for direct spectrum compari-
son is the RMS. This feature preserves little information
from the frequency spectrum of the signal. Here, the mean
of the signal has not been subtracted from the signal itself
before calculating the RMS. This means that the RMS is
influenced by both the mean and the standard deviation, and
is typically close to the mean value. The reason for present-
ing the RMS method in this article is to establish a base
case for comparison. The value of using spectral information
would be low if the results from using the RMS of the signal
are as good as or better than using the spectral features. The
RMS calculation for the time varying signal produces a sin-
gle value. For a new measurement, this value is matched to
the RMS values of the other signals by finding the minimum
difference between them.
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Comparative spectrum modeling with frequency
spectrum components

To fully use the information of the frequency spectrum
in the direct spectrum comparison method, it is possible to
use the frequency components directly derived from the fast
Fourier transform (FFT). Each row of the data matrix (X)
in a multivariate spectral analysis is a frequency spectrum
denoted by X(f), where X is the square of the magnitude of
the Fourier transform, and f is the frequency. As the raw
measurements are sampled rather than continuous, the spec-
trum contains distinct frequencies f;, known as frequency
spectrum components. In this work, a sample refers to the
set of data comprising the independent and dependent varia-
ble(s) from one experiment. For instance, the dependent
variable would be a leakage rate and the independent varia-
bles might comprise a complete frequency spectrum with
N frequency channels (i.e., each sample has one dependent
and N independent measurements). The data matrix
with distributed frequency spectrum components can be
expressed as:

N frequency spectrum components —
Xi(fi) - Xi(fw)

X = (3)

m samples (measurements) |

Valve leakage analysis using the above X matrix treats the
spectrum in each row of X as a vector. Each row vector captures
the spectral features of the measurement from a sensor, and
spectra from the reference set are also included. The analysis
proceeds by searching for similarity between vectors and
thereby classifying them as belonging to one or another of the
leak classes in the reference set. Suitable distance measures
include the Euclidean distance in a multidimensional space, or
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Figure 3. The Principle behind ICA spectral decompo-
sition. [Color figure can be viewed in the
online issue, which is available at wileyonli-
nelibrary.com.]

the angle between the vectors. These distance measurements are
described in the section about comparing feature vectors.

Comparative spectrum modeling with
independent components

Principal component analysis (PCA)® and independent com-
ponent analysis (ICA) are feature extraction methods that can
preserve features from the frequency spectrum. Examples of
process fault detection with frequency spectrum analyses com-
bined with PCA and ICA have been published previously.**!
The classical example these methods can solve is the cocktail
party problem.32 In a cocktail party, there are multiple sources
of noise. The problem is to be able to separate these blind
source signals by recording the noise from different positions
in the room. This can be achieved with PCA or ICA by assum-
ing that each signal recording can be expressed as a weighted
sum of the noise sources. The weights depend on the distance
to the noise source from the recording positions. PCA and
ICA can be used to estimate the weights and noise source
functions. By using these methods, it is assumed that the
source functions are either uncorrelated or statistically inde-
pendent, respectively. Figure 3 illustrates the end result of a
spectral ICA decomposition. In this case, there are four spectra
modeled with four independent components. The number of
ICs can be reduced, which makes the residual increase (the
matrix E on the right hand side). On the left, the measured
spectra can be seen. These have been decomposed into the in-
dependent components on the right side of the equation. Each
component has a weight vector (the columns of the A matrix),
whose elements indicate how influential the component is on
the respective spectrum.

The ICA expression can be written as:

X=AS"+E )

Here, the S matrix is called the source matrix, and the A matrix
is called the mixing matrix. The difference between these
components and the ones in PCA is that there is statistical
independence constraint when solving for the independent
components. Thus, the source matrix, S, has statistically
independent columns. There are several algorithms for
calculating the independent components, for example,
JADE,*® FastICA,** and Infomax.>*

B e T— N . . .
Also known as The Karhunen-Loeve transform (KLT), the Hotelling transform

and proper orthogonal decomposition (POD).
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Constructing new mixing vectors

It is now assumed that a mixing matrix (Ac,) and a source
matrix (Sc,) have been calculated from a reference dataset’
(Xca)- The goal now is to find the mixing vectors from the
spectra of the matrix Xy.y. New denotes spectra that are out-
side of the reference dataset and from, for instance, new mea-
surements. In this article, the spectra from the test dataset is
collected in the Xye, matrix. The vectors in the matrix are
used as signatures for each of the test data spectrums. The
approach taken here using ICA gives an advance on previous
related work> where PCA was used. The ICA source vectors,
that is, the columns of the source matrix, are normally used as
signatures in pattern recognition. In this case, the mixing ma-
trix is used as a signature, because the magnitude of the ICs
are of more importance and not the noise source (frequency
band) found in the ICs. The hypothesis is that using the mixing
vectors as signal features is more robust to signal disturbances
in certain frequency regions than using the frequency compo-
nent vectors as signal features. The mixing vector is also nor-
mally very short compared with a frequency component vec-
tor. This means that the information also is compressed which
can, in some cases, be an advantage.

The steps of constructing a mixing vector for a new spec-
trum and then comparing it with the reference set can be
described as follows:

1. Construct the mixing matrix and the source matrix for
the reference spectrum data with an ICA analysis.

2. Use the source matrix to find the estimated mixing
vector for a new spectrum.

3. Compare the new mixing vector to the reference data
mixing matrix (described in the next section).

4. The best comparison match of the reference data suggests
the through leakage rate and other possibly assigned attributes.

To find the mixing vector for a new spectrum, Xyeyw iS
projected to the s vectors:

Al =(8]S.) 'S x.) =58 x_ )

When calculating one new signal at a time, the Xyew and Anew
are vectors rather than matrices and are denoted as xne, and
anew- 1 indicates the matrix transposed. The new estimated
spectrum (x,,) based on the calculated weights and the
calibrated projection vectors is:

Xiow = Scalren T € 6)

New Cal

The number of columns of the matrix Sc, is determined by the
number of ICs that have been included. The mixing vector
found from the new spectrum is now the signature, or signal
feature, of this particular spectrum.

Comparing feature vectors

The mixing vector (signature) of a new signal and the
mixing vectors from the reference signals have been found.
These are feature vectors that need to be compared in some
way. The feature vector comparison methods suggested here
are also used for the frequency component features from the

INote that a training dataset, calibration dataset, reference dataset and a compar-
ative dataset are the same. A model is built on the basis of these. The model is
validated with test datasets.
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other comparative spectrum method explored in this article.
Euclidean distance and angular distance are two commonly
used vector comparison measurements. Both are tested to es-
tablish which performs the best for the purpose of through
leak detection and estimation. The two measurements are
presented below for comparisons between two vectors n
long. X™% and X! are the individual vector components of
a vector X and where New and Cal denote a new vector and
a calibration vector, respectively. In the case described in
this article, these vectors could either be the spectral fre-
quency components or the ICA mixing vectors.
Euclidean distance:

1 e a
deuCzﬁ‘/Z(x;“ — X"y ©)
i=1

Angular distance:

e = 203 (eos ' (0)? ®
g = — 2 cos (0
X{‘lc\v . XCAI
0; = Niw ; Cal
norm(X;") - norm(X;")

After the distances are found between the feature vectors
from the reference set and the feature vector from the new
measurements, it is possible to rank the calibrated spectra
according to their distances. This is done by finding the min-
imum value of the absolute distances. The method only com-
pares which spectrum and leak rate that is the closest match
to the new spectrum and the closest match indicates the leak
rate. Although it is possible to create a list of all of the clos-
est matches in the reference set, the winner will be taking it
all in this case. This is more practical when there are numer-
ous comparisons to be made for the test datasets.

Data-driven Regression Methods

Regression is a modeling approach that attempts to model
the relationship between a set of input variables (regressors),
X, and a set of output variables (responses), Y. The variables
are also often called independent and dependent variables,
respectively. The general problem statement is to find a rela-
tionship of the form ¥ = XB + E, where the task is to find
the regression coefficient B that minimizes the model resid-
ual E. Regression can be classified as a quantitative multi-
variate modeling approach.®® The process of finding the
regression coefficients is called training or calibration. The
built model can later be used for predicting response with a
test set of data. Regression is typically used for modeling
when there are many regressors with model impact that is
uncertain. The number of variables the regression model
uses (chosen by user) is the model dimensional output.
These variables are called latent variables (LVs). There a
numerous regression modeling methods that can be used
(which can also been seen in Figure 1), for example:

e Multiple linear regression (MLR)*’

e Principal component regression (PCR)*®

e Independent component regression (ICR)*’
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e Partial least squares regression (PLSR)*

e Kernel partial least squares regression (KPLSR)*!

® Independent component partial least squares regression
(IC-PLSR)*

e [ndependent component kernel partial least squares
regression (IC-KPLSR)*

e Independent component direct
squares regression (IC-DKPLSR)**

The methods that have kernel functions are able to model
nonlinear dependencies between the responses and regres-
sors. Kernels are nonlinear functions that can map nonlinear
data into a higher linear space. The regression model can
then be elegantly built by solving linear algebra. There are
also regression methods that can model nonlinearities with-
out the use of kernels, for example, neural network PLS
(NNPLS)* and Spline-PLS (SPL-PLS).*® NNPLS was not
chosen for this work because KPLS is simply more robust
and has a predictable performance. Spline-PLS was not used,
because it is similar to using polynomial kernels in KPLS,
with the difference that they are based on neighboring train-
ing points (on a regular grid).

There has been little published information on how
leakage rates are estimated. Wagner2 made a description
of the quantification of valve leakage with AE instrumen-
tation. A multiple regression analysis was conducted
which resulted in a quantification model with measured
AE signal, differential pressure, valve size, and a valve
type factor as inputs. There are no further details that can
be found on the regression method itself. This article
therefore presents details on regression results for valve
leakage quantification for the first time by using a selec-
tion of regression methods (see Figure 1) with data from
experiments.

The leak rates are the responses (denoted by a vector Y)
of the regression model. This enables the calculation of the
leakage rate for new measurements once the regression
model has been calibrated. There are two important deci-
sions that need to be made to make the model. The first is
which regressors to include and the second is which regres-
sion method to use. There are three different sets of regres-
sors that will be used in the analyses. The regressors are
based on:

e Conventional variables

e ICA mixing vectors

e Frequency spectrum components

The dimensions of and numerical values in the resulting B
matrices are different for each type of regressor.

kernel partial least

Conventional variables as regressors

The regressors used in a leak rate estimation method that
were described by Wagner2 are: measured noise signal in
dB, differential pressure, valve size, and a valve type correc-
tion factor. The response variable is the leak rate. These var-
iables can be considered to be conventional in leak rate esti-
mation because they are currently being used in existing
methods. What characterizes the conventional variables is
their limited amount of signal spectral information. The pur-
pose of using conventional variables as regressors is that
they serve as a reference to the regression models that

April 2012 Vol. 58, No. 4 AIChE Journal



utilizes spectral information. The general regression model
can be written as:

Y=XB+E ©))

The rows of Y contains leak rates for each measurement in the
reference datasets, while the rows of X contain the measured
leak noise (the AE signal or the DP signal given in RMS) and
valve differential pressure. The datasets have been categorized
by the fluid type. All valve related parameters stay constant.

Frequency spectrum components as regressors

The section that introduced the data-driven comparison
methods described that there can be valuable information in
the frequency spectrum. Each spectrum in the training data-
set can be treated as a set of regressors. Each row of the X
matrix in Eq. 9 will therefore contain N regressors if there
are N frequency components in each sample. Naming the
frequency spectrum component matrix, T, changes Eq. 9 to:

Y=TB+E (10)

ICA mixing vectors as regressors

In the section about comparative spectrum modeling with
independent components, the mixing vectors were found from
an ICA analysis for each noise signal. Each mixing vector
can be treated as a signature. These signature vectors can be
also be used as regressors. This is similar to using spectrum
frequency components, because it preserves spectral informa-
tion. Using the mixing vectors may yield a more robust model
that can handle interfering disturbances from other acoustical
sources better than using spectrum frequency components.
Each row of the X matrix in Eq. 9 now contains a mixing
vector (@) that has been found for the respective samples in
the reference dataset. Equation 9 can therefore be written as:

Y=AB+E (11)

There is an added stage of data compression when using this
method. The first compression takes place when finding the
mixing vectors in the ICA analysis. The data is compressed if
the number of independent components is fewer than the
number of spectra in the analysis input matrix. The second
compression happens in the regression modeling when the
number of latent variables is chosen.

Regression models

The methods chosen for the regression problem here are:
PLSR, KPLSR, and DKPLSR. It is reasonable to choose
methods that can handle linearities and nonlinearities. PLSR
represents the linear methods and is reported in the literature
to perform as well as or better than MLR. KPLSR and
DKPLSR can capture nonlinearities and are therefore
selected. The kernels” used in the KPLSR methods are:

**Common kernel functions with input and output vectors x and y are: the ra-
dial basis function (Gaussian): x(x, y) = exp —@ , the polynomial kernel:
K(x, y) = (x, y)’, the sigmoid kernel: x(x, y) = tanh(fy {x, y) + f1), and the dis-
tance kernel: k(x, y) = —(norm(x — y)/a)’", where all the parameters except for x
and y have to be specified and optimized. In regression, x represents the regressors
and y represents the responses.
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the polynomial kernel, the Gaussian kernel and the distance
kernel.

Model performance indicators

Indicators on how well a model fits the training data and
how well the model projects with the test data are needed
for model evaluation. ¢; is the difference between the model
response (f(x;)) and the measured response (y;).

RMS error:

RMSE = , /- B 12
nZe (12)

was used both in the training process and for the testing
(validation). Other performance indicators such as relative
standard deviation of the error were also explored, however
the results were similar.

Experimental Investigations
Dataset description

A ball valve (442095 BSP AISI 316) with a bore diameter
of 101.6 mm (4 in) was installed in a test rig in the Heavy
Machinery Laboratory at NTNU and one of its seals was
damaged to induce a through leak in the closed valve posi-
tion. The leakage rate was controlled by adjusting the differ-
ential pressure across the valve and measured with a flow
meter (Promass 63MT DNS, Endress-Hauser). Data were
collected with an acoustical sensor (R3-o, Physical Acous-
tics) mounted on the outside of the valve and a dynamic
pressure sensor (M271-102, PCB Piezotronics) connected to
the valve cavity. Fluids used were fresh water and nitrogen
gas (Ny). The factors that were varied within each dataset
were: differential pressure across the valve (leak rate), type
of leak (two types), and AE sensor position (two positions).
This may leave out more minor factors such as temperature,
which will have to be investigated more closely in later
work. The sampling rates were 2 MHz for the acoustical
sensors and 20 kHz for the dynamic pressure sensors. Sam-
pling time was 3s. The frequency bands for the acoustical
emission sensors were 0 to 150 kHz and O to 10 kHz for the
dynamic pressure sensors. The signals were transformed into
the frequency spectrum by using the FFT and smoothed with
the Welch method.*’ Figure 2 showed the principle of trans-
forming time data into frequency spectrum data. The same
transformation is conducted to the time varying samples
taken in the experiments. An example of some the resulting
spectra in the datasets can be seen in Figure 4.

The collected data have been divided into four datasets
for training the models. The samples were divided according
to water or gas (nitrogen) and dynamic pressure sensor or
acoustic emission sensor. This means that there are in total
four datasets available. Table 1 provides an overview of the
number of samples in the datasets.

The available data were divided in to training data and
validation data to ensure some unseen data were available to
test the models. This type of validation is related to cross-
validation (CV),>” but without rotation of the data in the
datasets. This not only is a part of the validation process of
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Figure 4. The frequency spectra are obtained after the
measured time series have been sampled.

The curves are examples of AE samples taken with different
differential pressures (leak rates) across the valve.

the models but also indicates the performance of the predic-
tion quality of the models. This is done by comparing the
predicted leakages of the models and the actual leakages.
For each training set, there is a test dataset for model valida-
tion and performance indication purposes. Spectral signal
features are derived both from AE and DP measurements.
The main difference is the frequency range and the number
of frequency components.

Analytical and empirical models

Methods. The models tested with the data here were the
Kaewwaewnoi model (Eq. 1) and the diquad model (Eq. 2).
These models are only valid for liquids. Some parameters that
were constant in the model’s datasets were collected in master
constants (e.g., @, p, D, C, and § were included in C; for Eq.
1). This makes the models dataset specific and the robustness
of the models is reduced. The purpose is to uncover the poten-
tial of the models by giving them optimal constants.

Results. The leak prediction results of the test datasets are
documented in Figure 5. The Y response on the Y-axis in the
upper plot represents the predicted leak rate of the model. The
dimension varies with the type of fluid™™ used in the model
data. The lower plot shows the difference between the actual
response and the estimated model responses of the test data.

Direct spectrum comparison method

Methods. In direct spectrum comparison, features are
extracted from a training dataset and compared with the fea-
tures from a test dataset to validate the features utilized and
the feature comparison method. The signal features explored
were: the RMS of the signals, the ICA mixing vectors calcu-
lated from the frequency spectra, and the spectral frequency
components. The feature comparison methods used were Eu-
clidean distance and angular distance.

Results. Figure 6 shows the effect of increasing the num-
ber of independent components, represented by longer mix-
ing vectors as sample signatures. The prediction results are
inaccurate when the dimensionality is approximately less
than ten. This was the case for all of the tested datasets. It
was enough to include 15-25 independent components,

“n the case of the analytical models, only liquids were used as the type of
fluid. But this type of plot is also used later in the paper for other modeling meth-

ods when gas is the fluid. This is why the type of plot is said to vary with the
type of fluid.
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Table 1. An Overview of the Number of Samples in the
Reference and Test Datasets

Number of Number of
Dataset Samples in Samples in
Number Fluid Sensor Reference Set Test Set
1 Water AE 44 11
2 Water DP 55 11
3 Nitrogen AE 44 11
4 Nitrogen DP 55 11

before the results coincided well with the full length spectral
frequency component comparisons for all of the datasets.
This means that the 25 point long signature of a mixing vec-
tor performs equally well as, in this case, a 10,240 point fre-
quency component signature. The compression is consider-
able. Table 2 summarizes a test on the effects of compres-
sion of the feature vectors for both the feature vector types.
The frequency component signature was compressed by
dividing the vectors in intervals. The number of intervals is
equal to the number of the desired dimensionality (vector
length). The maximum value of each interval represents the
interval in the new shorter vector. The results show that both
compression methods produce similar estimates when the
feature vector dimension is ten and up for the Euclidean dis-
tance feature vector comparison method.

From Table 2, it can be seen that the Euclidean distance
comparison method generally performs better than the angular
distance. Angular distance seems to be unstable with some of
the selected feature dimensions for this particular usage.

Using RMS as the signal feature was inferior by far com-
pared with the spectrum feature methods with higher dimen-
sionality as can be observed in Figure 6 and Table 2. The
predicted values were better for the datasets using AE sen-
sors than the datasets using the DP sensors (see Table 3).
This indicates that the there is more useful information in
the spectra of the AE measurements.

Regression methods
Methods. Three different types of input data (signal fea-
tures) were applied in the regression modeling, that is,

Analvtical/Emp deli
pirical '}

g

Actual Y-values
— Kaew. model est. Y-values |
Ext. di-quad mod. est. Y-val.

3

&

Y Response

o

5 10 15 20 25 30 3 40 45 50 &5
Observation

Response Residual

Observation

Figure 5. The analytical models are highly dependent
on the constants found for their models.

Any change to the type of leak can impact the model nega-
tively. The test data here contains two leak type regimes
which be distinguished in the plots [Color figure can be
viewed in the online issue, which is available at wileyonli-
nelibrary.com.].
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Figure 6. Increasing the dimensions in the spectral comparison model.

(a) ICA mixing Vector dimension: 5. (b) ICA mixing Vector dimension: 10. (¢) ICA mixing Vector dimension: 15. [Color figure can be
viewed in the online issue, which is available at wileyonlinelibrary.com.]

conventional variables, spectrum frequency components, and
ICA mixing vectors. PLSR and KPLSR were chosen as
regression models which represent linear and nonlinear mod-
eling, respectively. Three different kernels were used in the
KPLSR approach: the polynomial kernel, the Gaussian ker-
nel, and the distance kernel. The polynomial and the Gaus-
sian kernels have one parameter to adjust each, while the
distance kernel has two. Table 4 includes the resulting

Table 2. Increasing ICA Mixing Vectors and Frequency
Component Feature Dimensions

RMSE (Euc. Dist.) RMSE (Ang. Dist.)

Comparison Basis

RMSE for one of the datasets with different types of kernels.
The kernel parameters are close to optimal for each type.
Results.

e The distance kernel clearly performed the best for this
type of data, and this was also confirmed with the other
datasets and the other types of regressors. Hence, the KPLSR
results presented subsequently have all been using the dis-
tance kernel with close to optimal parameters.

® An important parameter to adjust in the regression mod-
els is the number of latent variables or model output dimen-
sion. The number of latent variables influences RMSE,
which reduces as more latent variables are added. The
decrease in RMSE achieved by increasing from 15 to 43
latent variables is minimal compared with the decrease
from 5 to 15 latent variables. This trend can be observed in

Table 5.

RMS comp. 7.0 N/A
Freq. comp.

Dim. 5 5.3 17.0
Dim. 10 0 3.7
Dim. 15 0 10.9
Dim. 20 0 10.9
Dim. 25 0.9 10.9
Full length 0.9 0
ICA Mix.

Dim. 5 25.8 16.0
Dim. 10 3.6 0.9
Dim. 15 4.6 0.9
Dim. 20 0.8 0.8
Dim. 25 0 0
Dim. 55(max) 0 0.8

These features should score lower than the RMS comparison in order for
them to be viable as signal features in the comparison approach. The fluid is
water and the type of sensor is dynamic pressure in this dataset. It is possible
for the RMSE to be zero because the samples in the training set do not have
unique leak rates.

AIChE Journal April 2012 Vol. 58, No. 4
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e The PLS latent variable contribution plot confirms the
previous point in Figure 7. Here, most of the model is
explained with approximately 10 latent variables.

e The prediction results in Table 5 also demonstrate that
the KPLS prediction is considerably better than the PLS pre-
diction and that the KPLSR RMSE does not decrease rapidly
with an increasing number of latent variables. The latter
result implies that the KPLSR prediction is more robust with
fewer latent variables. This trend is also observed from the
other datasets, as summarized in the discussion section.

e Using ICA mixing vectors as regressors in a regression
model produces different results when compared with using
the frequency spectrum components as regressors directly.
The effect of increasing the number of latent variables can

DOI 10.1002/aic 1189



Table 3. Regression Model Prediction Summary for All of the Datasets in RMSE

Regression Input Test Performance Dataset Water AE

Dataset Water DP

Dataset Gas AE Dataset Gas DP Method Average

Frequency comp. PLS - RMSE 2.9
Frequency comp. KPLS - RMSE 0.9
ICA mix. comp. PLS - RMSE 11.4
ICA mix. comp. KPLS - RMSE 0.8
Conventional var. PLS - RMSE 17.4
Conventional var. KPLS - RMSE 12.9

16.6 6.7 24.0 12.5
4.7 32 45 33
18.2 12.0 29.8 17.8
6.2 3.6 6.7 43
15.9 15.6 19.1 17.0
11.9 9.9 9.6 11.1

Maximum output dimensionality for all the regression methods is applied and close to optimal distance kernels are used.

be observed in Figure 8 where the trained model is tested
with 5, 25, and 43 latent variables.

e The PLS regression model with ICA mixing vectors as
inputs seemed to be unstable. The results vary considerably
for every time the regression model is trained with the same
data. In Table 6, the RMSE does not decrease with increas-
ing input vector lengths, which also indicates instability. In
contrast, the KPLSR models seem to increase their perform-
ance with increasing input vector lengths. Using the fre-
quency components as model inputs consistently produces
improved predictions at all compression levels compared
with the ICA mixing vectors as model inputs.

The results show that the best regressors are frequency
components and the number of latent variables needs to be
no more than 25. KPLS regression with the distance kernel
is preferred over PLSR.

Comparisons and discussions

The results and experiences from using the experimental
data with the analytical models show that they are highly
sensitive to the model constants, that is, the samples that are
used to find the constants in the models. The model may fit
the data to a degree with one type of failure. However, the
model quickly loses the validity when another type of failure
is tested with the same set constants, even though the con-

Table 4. Comparing the Performance of Three Different

Kernels
RMSE
Regression Method Training Accuracy  Test Accuracy
PLSR - N/A 0.06 6.65
KPLSR - Polynomial kernel 0.15 5.78
KPLSR - Gaussian kernel 0.02 5.12
KPLSR - Distance kernel Te-6 3.21

Regression output dimension is 25. Fluid is Nitrogen and sensor type is AE.
The parameters for each kernel are close to optimal.

Table 5. Number of Latent Variables Modelling Impact

Latent KPLS Test Accuracy PLS Test Accuracy
Variables (RMSE) (RMSE)
5 3.6 10.5
15 32 7.1
43 32 6.7

This table shows that using all the possible latent variables is not necessary.
The test accuracy does not improve considerably with an increasing number
of latent variables. The reference dataset here is for the AE sensor with nitro-
gen as the fluid. The frequency spectrum components are used as regressors
and the kernel parameters used are optimal.
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stants should be the same in theory. This issue is illustrated
for two of the models in Figure 5. The data here included
two different types of leaks and the regimes of the types can
easily be seen in the figure. When the models have been
calibrated to one regime it translates poorly to the other re-
gime and vice versa. The diquad model performed in some
cases better than the Kaewwaewnoi model, but this is prob-
ably due to the fact that the model is trained at two points
instead of just one. The sensitivity toward the leak geometry
suggests that the models will be unacceptably inaccurate if
the leak geometry varies. Unfortunately in reality, it will
obviously vary in many ways. This limits the use of such
models to leaky valves with predictable leak geometry. The
only valves with predictable leak geometry are control
valves, where the valve opening is somewhat predictable.
However, the objective of this work is to predict through
leaks for shut-off valves.

Using the ICA mixing vectors as signal features has pro-
ven to be an effective way of compressing data. The benefit
of these compressed vectors when compared with com-
pressed frequency components remains to be explored fur-
ther in regression modeling. A procedure for compressing
frequency component vectors was described in the data-
driven comparison methods section for the feature vector
comparison methods. The same procedure was applied to the
input feature vectors for the regression models here, thus mak-
ing it possible to compare the regression model results with
ICA mixing vectors and spectral frequency component vectors
of similar lengths as regressors. The results are summarized in
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Figure 7. The contribution of the latent variables for
the response in a PLS regression model.
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Figure 8. Increasing the dimensions of the regression models with ICA mixing vectors as regressors.

The number of latent variables is the same as the mixing vector dimension. The plots clearly show that the model prediction is very inac-
curate at a low number of latent variables. The model increases accuracy with an increasing number of latent variables because the length
of the input mixing vectors is determined by the number of latent variables. Reducing the number of latent variables will also reduce the
information (vector length) in the model input vectors. (a) Mixing vector dimension: 5. (b) Mixing vector dimension: 25. (¢) Mixing vec-
tor dimension: 43. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

Table 6 for one of the datasets. The number of latent variables
is the same as the input vector lengths, with the exemption of
the full length input vector for the frequency components
where the regression model output dimension is 54.

Table 3 summarizes the prediction results from all of the
regression models in RMSE for all of the datasets. The data-
sets were divided into two liquid and two gas datasets. For
each of these fluids, one dataset was made for the AE sensor
and the other for the DP sensor. From the table, it can be
observed that:

e The regression models based on the AE datasets pro-
duce more accurate leak predictions than the DP datasets.

® The model input feature type with the most accuracy
was the spectral frequency components, closely followed by

ICA mixing vector features. These spectral features scored
much better than using the conventional variables as model
inputs.

® The nonlinear modeling method KPLSR has achieved
improved prediction results in all situations, compared with
its linear modeling counterpart, PLS.

e The liquid datasets gave slightly better predictions than
the gas datasets for all the sensors.

The difference between the algorithms in DKPLSR and
ordinary KPLSR were some negligible differences in the
regression model training residual, none of which had any
impact on the prediction results.

The model will be robust against changes in the measure-
ment position when there is a large variation of the sensor

Table 6. Comparing the Compression Impact of the Two Types of Signal Features in the Regression Modeling for One of the
Datasets

ICA Mixing Vectors

Frequency Components

PLSR Test KPLSR Test PLSR Test KPLSR Test
Input vector Lengths Accuracy RMSE Accuracy RMSE Accuracy RMSE Accuracy RMSE
Full length N/A N/A 16.6 4.7
54 18.2 6.2 103.8 52
30 10.1 8.0 13.9 55
20 315 7.2 11.4 6.4
10 15.0 9.2 12.2 7.0
5 23.8 27.0 15.6 10.5
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positioning when the training set for the model is built. This
is therefore a factor that needs to be varied as much as pos-
sible when collecting a reference database. Using multiple
sensors at the same time is possible in this case and it will
also make the model more robust against, for example, dif-
ferent valve designs.

The experimental results and analyses suggest that the best
way forward is to start collecting a comprehensive database of
acoustical and dynamic pressure data from leaking reference
valves with an emphasis on recording the frequency spectra.
One for gas and one for liquid would be needed. The results
have shown that the leak rate estimation can be improved by
utilizing the methods suggested in this article. Improved leak-
age rate estimation results in safer operations and reduced
maintenance costs. Interested parties would be from industry
that focuses on high standards within process safety and that
has access to leaking valves in need of maintenance, that is,
the chemical process industry (The VPAC database mentioned
in the data-driven comparison methods section was financed
by operators from the oil and gas industry) and the nuclear
power plant industry. The latter suggested industry would also
be concerned with steam as the fluid of interest.

Conclusions

Modeling an internal leak in a valve with unknown leak
geometry is inherently difficult. Models based on analytical
relationships can be reasonable if the geometry is predict-
able. However, in practice, they are unknown. The work
shows that current methods for leak estimation can be
improved. Information from acoustic emission sensors and
dynamic pressure sensors is of great value, and the results
suggest these should be fitted routinely to safety critical
shut-down valves. For predicting through leaks in shut-off
valves, it is reasonable to use a comparative approach, that
is, to compare a leaky valve with a group of other leaky
valves with known leakage rates. In this article, comparative
approaches have been explored based on sensor signals from
dynamic pressure sensors and acoustical emission sensors
that allow for spectral data. A direct comparison approach
with spectral frequency components as signal features is rec-
ommended for the identification of leakage types. For leak-
age rate quantification, the nonlinear regression method,
KPLSR, with the distance kernel, performed the best. Cur-
rent methods for leak estimation can be improved by exploit-
ing the results from this article by either modifying the cur-
rent comparative approaches being used, or by building a
new database of leaking reference valves. If the leakage rate
of a valve can be monitored more accurately, it will lead to
improvements to the planning of maintenance actions, which
ultimately cuts costs, by, for example, delaying the replace-
ment of a safety critical valve, or having less functional test,
which reduces system downtime. Operations will also be
safer because of the improved condition monitoring.
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