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1. INTRODUCTION

This manual presents the web release of the Ultrasonic Deconvolution Toolbox for research
pruposes (see Disclaimer). The toolbox contains the deconvol ution agorithms proposed for
the SPIQNAR european project (FIKS-CT-2000-00065). The software is operated from a
graphical user interface and has been designed to be more or less self-documenting and easy
to usefor NDT operators.

The software supports the MATLAB file format for reading. To read datain other formats, a
stand-al one software that converts to the MATLAB formats may be used.

The main purpose of the manual isto give a description on how to use the Deconvolution
Toolbox in practice. Mathematical details have been left out amost completely.

2. INSTALLATION

2.1 System Requirements

The Deconvolution Toolbox (DT) requires a Pentium compatible PC running Microsoft
Windows 2000, NT 4.0, 98 or ME and MATLABO 6.0 or later with the optimization toolbox
installed.! The computer should be equipped with at least 128 MB of RAM for the software to
run smoothly.

It is assumed throughout this manual that MATLAB is properly installed and that the user is
familiar with using Microsoft Windows.

2.2 Installing the Software

The software is supplied in a zip-archive containing the required MATLAB p-files. In order
to install the software, create a new directory on the hard disk and unpack these filesinto the
directory. The new directory must then be added to the MATLAB path, which is done by
clicking on the Path Browser button in the MATLAB command window.

3. FILE FORMATS
3.1 Supported Formats
As distributed, the following file formats can be read using the Deconvolution Tool box:

Native MATLAB (.mat). The B-scans must reside in ordinary matrices and with the
A-scans organized in columns. Four example files are distributed along with the
software so that the user has the chance to get started.

At present, no more information than the raw amplitude datais used from thefiles. This
means that the time will only be represented by the sample indices (integers) and not in (ng),
and the A-scan position is given as an integer instead of in (mm).

! Most of the functionality in the Deconvolution Toolbox will still be available without having the optimization
toolbox installed. It is only the “ Advanced saturation handling” that will be lost, see description below.



3.2 Adding New Formats

Adding new file formats can be done by the user as the file loading functions are supplied as
MATLAB sourcefiles (m-files). To do this, the user must:

add calls to alternative loading functionsin the function file LoadBscan. m A
number of lines (lines 80 to 86 in LoadBscan. m) have been prepared for this
purpose.

write the loading function. When writing this function, note that the path and the
filename of the chosen file are found in the variables pat hnane andfi | enane,
respectively.

For example, to prepare for reading *.qwe-files, change the line (Iline 80) “el sei f
filename(l ength(filenane)-2:end)=="xxx""to"el seif

filename(l ength(fil enane)-2: end)=="qgwe’ ”. Then add, for instance, theline
“t enpdat a=CGet QNEdat a( pat hnane, fi | ename, NoOf Ascans) ” and writea
corresponding function file Get QAEdat a. m that does the work. Place the new file in the
same directory as the functions in the toolbox or in adirectory that isin your Matlab path.

4. GETTING STARTED

To start the Deconvolution Toolbox, first start MATLAB and then type deconvt ool onthe
command line. The graphical user interface will then appear. By using the graphical controls
the operator can load and view US data, perform deconvolution and save the processed data.
Prototype data (variables describing the transducer impulse response) required by the
algorithms may also be loaded or extracted from the current B-scan and saved for later use on
similar data.

After loading a B-scan, it can be viewed either in gray scale or in color. The raw B-scan data
and one A-scan are shown on the left hand side and the corresponding processed data are
shown to theright.

When loading a new B-scan, the processed B-scan will automatically be reset to zero. After
loading or extracting the prototype data, the user can choose to perform deconvolution on a
separate A-scan, the entire B-scan or a specified rectangular region in the B-scan. The newly
processed region or A-scan will be inserted at the correct position in the processed B-scan
without affecting data outside this region. This means that after a session, the processed B-
scan may contain data that have been processed in different way and by using different
parameter settings. Therefore, if the processed data isto be processed further by using other
algorithms, afinal processing of the entire B-scan is recommended before saving the
processed data.

Deconvolution seeks to restore asignal that has been distorted by a convolution disturbance.
In this manual this underlying signal isreferred to as the reflection sequence and the
processed data is considered to consist of estimates of such reflection sequences. See Section
5 for afew more details.



Before describing the different controls of the toolbox, there are three features that need to be
mentioned. These features are the ones that make the algorithms in the Deconvolution
Toolbox different from standard deconvolution algorithms. The first such feature is the
possibility to perform robust deconvolution. “Robust” in this particular context means that the
algorithms are designed to be less sensitive to natural variations in the prototype waveform
that are used for the deconvolution. Apart from the prototype waveform, required by all
classical deconvolution methods, the robust deconvolution algorithmsin this toolbox also
requires information that describes natural variations in the prototype waveforms. This
information is represented in the form of a covariance matrix. Below the term “prototype
data’ refersto both the prototype and its associated covariance matrix.

Another feature is the so-called semi sparse deconvolution. In sparse deconvolution, the
signal is assumed to consist of only a number of “spikes’ with different amplitudes. The rest
of the signal is assumed to have zero amplitude. Therefore, sparse deconvolution can be seen
much as a detection algorithm. Semi sparse deconvolution is one way of loosening this “spike
assumption”. It gives the user the possibility to gradually change the level of contrast in the
solution, from an almost completely sparse solutions as described above, to having more
evenly distributed amplitude values

Finally, the third important feature is the possibility to treat saturated data, i.e., data
containing amplitudes that have reached the “ceiling” or “floor” limits of the A/D-converter.
If the data has been acquired using an ordinary 8 bit A/D-converter, the amplitudes are limited
to theinterval [-128,127] and amplitudes that were originally outside this interval will be
saturated at the lower or upper limits. Performing deconvolution on such datatypically results
in artefacts. The toolbox allows for the treatment of such saturated data with only a gradual
decrease in performance.?

In Fig. 1,the graphical user interface of the Deconvolution Toolbox is shown. The objects
indicated by the numbers are described briefly in the list below. These numbers are used
throughout the manual to identify the different objects in the user interface. More detailed
descriptions on the controls are given in section 4.1.

2 Note, however, that there will almost certainly be a decrease in performance when having saturated data
instead of non-saturated data since the saturated data is less informative.
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Fig. 1. The graphical user interface of the Deconvolution Tool box.

1
2.

A figure window for showing the original B-scan.

A switch between color and gray-scal e presentation of the B-scan data. The original
B-scan window (1) and the processed B-scan window (8) share this color setting.

A figure window for showing the A-scan that is selected by means of controls (4) or
(5) seen to theright of the original B-scan. A linein the B-scan in (1) indicates the
position of the currently selected A-scan.

A box indicating the position of the currently selected A-scan. Thisinteger can be
changed by activating the box with the mouse and typing in the number or by using
the dider (5).

A dlider for selecting the A-scan.

A figure window for presenting the currently used prototype data. The presentation
includes error bars (defined as +/- one standard deviation) that indicate the accuracy of
the prototype. The prototype data is obtained using the controls in the Prototype data
frame (12).

A frame containing the controls for selecting aregion in the B-scan. The datain the
selected region can later be deconvolved separately. Furthermore, the region is used
when extracting new prototype data and when estimating the noise and signal
variances (18). After pressing the “Mark” button, the user can select arectangular area
in the original B-scan by dragging the mouse between the cornersin the rectangle.
Alternatively, the corners positions can be typed in directly in the boxes.

A figure window for showing the processed B-scan.



9. A frame containing sliders for controlling brightness and contrast for the processed B-
scan in (8). Note that the original B-scan in (1) is not affected by these controls.

10. A figure window for showing the processed A-scan corresponding to the A-scan
shownin (3). A linein the processed B-scan (8) indicates the position of the processed
A-scan.

11. A frame containing the controls for loading B-scans and saving processed data. Popup
menus assist both the loading and saving operations.

12. A frame containing the controls for extracting new prototype data from the current B-
scan, loading this data from afile or saving prototype datato afile.

13. A frame containing the controls for starting the deconvolution calculations. By
pressing the appropriate button, the full B-scan, aregion in the B-scan or asingle A-
scan can be deconvolved.

14. A box that shows how many A-scansthat are still left to process. This helps the user to
estimate the remaining computation time.

15. A frame containing the controls for robust deconvolution. By clicking at the radio box,
the user can activate or deactivate the use of robust deconvolution. A slider helps
controlling the amount of robustness imposed on the solution

16. A frame containing the controls for semi sparse deconvolution. By clicking at the
radio box, the user can activate or deactivate sparse deconvolution. The slider is used
for controlling the contrast in the solution. The number of iterationsin the iterative
algorithm can be edited in a box. This number influences the computation time.

17. A frame containing the controls for the saturation handling. The user can switch
between the smple (default) and the advanced method by clicking the radio box. The
lowest and the highest value represented by the A/D-converter are set manually in the
boxes called “lower” and “upper”, respectively. The default values are —128 and 127,
corresponding to ordinary 8 bit representation.®

18. A frame containing boxes for showing and editing the noise and reflection sequence
variances. By pressing the corresponding est i mat e buttons, these parameters can be
estimated using data in the selected region.

19. A button for closing the graphical user interface.

4.1 Running steps

Loading a B-scan

A session typically starts with loading a B-scan from afile. For example, to load the file
CompPl at e3. mat inthedirectory c: \ SPI QNAR\ t est dat a\ dec, follow the steps:
1. PressLoad intheUSdataframe ((11) in Fig. 1). The menu in Fig. 2 then appears.

% Note that it is generally assumed that the amplitudes in the loaded data are zero mean.



2. Gotothedirectory and click on ConpPl at e3. Press“open”.
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Fig 2. The load menu.

The loaded B-scan and the processed data (initially set to zero) should appear in (1) and (8),
respectively.

A message box informs the user about the minimum and maximum amplitudes found in the
loaded B-scan. If the data appears to have been saturated in the A/D-conversion, these values
are the limitsto be set in the Saturation handling frame (17).

Note that the file ConpPl at e3. mat in the example above comes with the toolbox files.

Y ou should find this, and three similar data setsin the same directory as the toolbox files. The
data sets were obtained from alayered composite material using three different transducers.
Although the datais not representative for the datain the SPIQNAR project, it isagood set in
the sense that the datais well behaved and it helps showing the potential of deconvolution
methods. It illustrates what can be done when representative prototypes and reasonably clean
data are available.

Obtai ning new prototype data

If it isthe first session with the toolbox, the user should extract new prototype data. This data
will consist of (i) aprototype and (ii) a corresponding covariance matrix describing the
natural variations of the prototype.* The extraction of these two variables should be done
using the following steps:

1. Select aregion containing a number of good prototype representatives. Select the
region by pressing Mar k in the Region Selection frame (7) and drag the mouse in
the original B-scan (1) to mark arectangle. Alternatively, define the rectangle by
typing the region limits directly into the boxesin the frame.

2. Press Newin the Prototype dataframe (12).

3. After awhile a prototype appears along with its error barsin the Prototype figure
(6). The start and end positions of this prototype must first be identified before the
prototype can be used for the deconvolution. To do this, mark the start position of

* In the code the prototype and the covariance matrix are named Pr ot ot ype and Ch, respectively.



the prototype using the mouse. Then drag the mouse to the end position and finally
lift the mouse button. The part inside the time interval indicated by a rubber box
will be used (see Fig 3, below)

4. The prototype should now appear once again in the same figure window but now
starting at the position marked earlier by the user. Thistime the prototypeis
presented using the same time scale as the A-scan and B-scan data.
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Fig. 3. Isolating the extracted prototype in time. The rectangular box that defines the start
and end position is obtained by clicking at the start position and dragging the mouse.

Loading prototype data

If prototype data has already been extracted and saved in earlier sessions, the saved file
consists of both the prototype and its associated covariance matrix. It is then straightforward
to load the prototype data. Simply press the Load button in the Prototype data frame (12)
and open thefile of interest.

If the chosen file does not contain the covariance matrix, the user can still load the impulse
response. Note that robust deconvolution cannot be performed in this case.

Saving prototype data

To save the prototype and its associated covariance matrix for later use, smply pressthe
Save button. A popup menu will appear and the user can choose directory and file name. The
saved file will contain the prototype in the variable Pr ot ot ype and the covariance matrix in
the variable Ch. If Pr ot ot ype isacolumns vector of size N, then Ch will be asquare N
times N matrix.

Deconvolving the data

If the B-scan and prototype data are available we can now perform the deconvolution. Note
that the algorithms require the noise and signal variance parameters (18) and the saturation
limits (17) to be set. However, these are initially set to default values that are hopefully
appropriate for the current B-scan. The steps for setting these parameters are described in
separate subsections below.

If anew prototype was extracted from the B-scan, aregion has aready been selected and the
Regi on button in the Deconvolve frame (13) should be enabled. A good starting point is
then to perform deconvolution in this region by ssimply pressing this Regi on button. If the
datais reasonably well behaved, the deconvolution should result in a series of relatively sharp
peaks at the positions of the prototypes in the selected regions. If not, try activating the robust
deconvolution in (15). (Press the Regi on button once again). If this solves the problem, we
now know that the solution is sensitive to small variations in the prototype and we should



preferably use robust solution from now on when working with this data set, or try to find a
better region for estimating the prototype data.

To perform deconvolution on the full B-scan or the selected A-scan, pressthe B- scan or the
A- scan button.

Setting the saturation limits

The two controls for the saturation handling are found in the Saturation handling frame (17).
The radio box with the text “simple/advanced” indicates which of the methods that is
currently active. The default is“simple”. Below the radio box there are two edit boxes. The
default values are —128 and 127. These should be the proper values when treating data having
amplitudes stored in 8 bits.

The user isinformed about the minimum and maximum amplitude values when loading a new
B-scan. These two values may be the correct saturation limits to set.

The saturation handling is always active when using the Deconvolution Toolbox but it can be
deactivated in practice by setting the lower and upper saturation limits to large negative and
large positive values, respectively. By setting the limits to values smaller than the correct
limits, the user can investigate the effects of using data with amplitudes being thresholded at
different levels.

Setting the noise and signal variances

The values of the noise variance and the reflection sequence variance are shown in frame
(18). Note that “noise” here actually refer only to the measurement noise and not to any so-
called material noise. If the data was acquired using waveform averaging, only very little
noise should remain from the electrical amplifiers etc and the measurement noise should
mainly consist of quantization noise that has a variance of around 0.15. In practice, setting the
noise level thislow might yield very noisy results. A larger noise level istypically needed for
regularising the solution somewhat. Note, however, that when we use robust deconvolution,
much of this regularisation is automatically taken care of.

Both the variances can be set individually by typing the valuesin the boxes. Alternatively,
reasonabl e values can be found by means of an estimation procedure that uses data in the
region defined by the user. The procedure should be as follows:

1. Usethe controlsin the frame (7) to define a region containing measurement noise
only. Presstheest i mat e button associated with the noise variance.

2. Select anew region that seemsto be representative in terms of signal energy. Press the
est i mat e button for the reflection sequence. Note that this estimate is based on the
noise variance as well as the prototype waveform.

Setting parameters for robust deconvolution

To perform robust deconvolution, smply activate the radio box in the Robust deconvolution
frame (15) and press any of the deconvolution buttons. The slider called | evel givesthe
user apossibility to gradually control the amount of robustness to natural variationsin the
prototype. Placing the slider to the left means that the information in the prototype covariance



matrix is down-weighted when used in the algorithm. When the slider is at its leftmost
position, the influence from this covariance matrix isidentically zero and the solution should
in such a case coincide with its corresponding non-robust solution.

Note that if no prototype covariance matrix is available, the robust deconvolution algorithms
can produce no results. In this case awarning is given to the user.

Setting parameters for semi sparse deconvolution

To perform semi sparse deconvolution, activate the radio box in the semi sparse
deconvolution frame (16) and press any of the deconvolution buttons. Thel evel dider gives
the user the possibility to gradually change the contrast of the solution. For example, a high
level will typically yield solutions that contain afew, large peaks and with the remaining
amplitudes being very close to zero. Setting the level low yields a solution with more evenly
distributed amplitude values. Setting the level to the lowest possible value will have the same
effect as deactivating semi sparse deconvolution.

Semi sparse deconvolution isimplemented as an iterative optimization procedure. In the
frame there is a box showing the number of iterations used by the algorithm. The default
value is 8, which has proven to be appropriate in many experiments. Since the calculation
time is approximately proportional to this number, this number should be kept as small as
possible. However, when the number is set too small, the algorithm will stop before
converging to the proper solution. To assist the user in finding a good compromise between
calculation time and convergence, the current estimate is presented at every iteration.

5. SOME DETAILS CONCERNING THE ALGORITHMS

Although most of the information that is needed for using the toolbox has now been given,
there are still anumber of details that should be mentioned. Also, a number of concepts that
were mentioned only very briefly might need some additional explanation. Therefore a (still
rather brief) background to the deconvolution problem in general and the to the issues treated
in the toolbox in particular, isfirst given in the following subsection. The details associated
with the extraction of prototype data, saturation handling, robust deconvolution, and semi
sparse deconvolution are then presented in separate subsections.

5.1 Background to the deconvolution problem

Deconvolution deals with the problem of removing an unwanted convolutional distortion
from asignal, r(k), where the integer k is the time index. In ultrasound data, r(Kk) is sometimes
called the reflection sequence and it can be thought of as the signal that would be obtained
using avery broadband transducer that has a Dirac pulse (a“ spike”) asitsimpul se response.
A common and practically relevant assumption is also that the measured signal, x(k), has
been corrupted by a measurement noise sequence, (k). Using a convolutional signal model,
X(K) can then be written mathematically as

(k) = h(k)*r(k) + e(k) (1)

where * denote the convolution and where the impulse response, or the prototype, h(k),
models the convolutional distortion. When we in the manual mention the noise variance, we



mean the variance of the random variable e(k). Furthermore, we assume (at least implicitly)
that the samples in the noise sequence are uncorrelated and that they all have the same
variance, i.e., we assume the noise sequence to be stationary. In this way we need only a
single scalar parameter to describe the measurement noise properties. In asimilar way, when
we mention the variance of the reflection sequence, we mean the variance of the sample r (k).

When we are not using semi sparse deconvolution, we (implicitly) assume the reflection
sequence to be stationary so these algorithms aso require only a scalar parameter for the
reflection sequence variance. However, there is an important difference between how we treat
the noise sequence and the reflection sequence when we use semi sparse deconvolution. In
this case we alow for a non-stationary reflection sequence. The details are described in
subsection 5.5.

In Figure 2, three examples of simulated reflection sequences and the corresponding (noise-
free) measured signals are shown. The reflection sequence in (a) contains only two non-zero
amplitudes and this signal is said to sparse. The sequencein (b) is completely random (here, a
so-called uncorrelated Gaussian sequence) and the sequencein (c), is an example of what we
in the manual call asemi sparse signal. It can be described as something in between (a) and

(b).
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Figure 2. Illustration of three simulated reflection sequences, (a) - (c), and the corresponding
(noise free) measured signals, (d) - (f).

The convolution in eg. (1) can be thought of as a superposition of time-shifted and amplitude

scaled replicas of the prototype, h(k), where the amplitude scales are simply the amplitudes
found in the reflection sequence. For example, the signal in Fig. 2 (d), is constructed by
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superimposing two prototypes starting at time indices k=50 and k=150, each scaled with
factors +1 and —0.5, respectively, asindicated by the corresponding reflection sequencein (a).

One of the main motives for performing deconvolution of ultrasonic signalsin NDT isto
improve the time resolution. Ideally, one would like to see the signals in the upper row in Fig
2, instead of the onesin the lower row. Among other things, the presence of measurement
noise makes a perfect reconstruction impossible. Furthermore, there are a number of other
aspects that needs to be considered before being able to perform accurate deconvol ution.
First, agood deconvolution result requires precise knowledge about the prototype to
compensate for. Therefore, if we have reason to believe that our prototype is of bad quality,
we should have means for guarding against this. Since, in practice, the prototypeistypically
obtained by picking out arepresentative waveform from measurement data, prototype errors
may for instance be caused by: (i) measurement noise (ii) smply picking out a bad
representative for the current data set.

Second, we must be aware of potential signal disturbances.®> One such disturbance is the
amplitude saturation caused by the limited amplitude range of the A/D-converter. Typically
the signal amplitudes in the raw data are represented by integers between between —128 and
127. If we wish to record weak reflections without too much quantization noise, we may need
to increase the gain so much that some of the other and stronger reflection will become
saturated. This saturation introduces a nonlinearity in the formation of the measured data and
thiswill violate the linear signal model in eq. (1). If the saturation is not taken into account,
the deconvolution of saturated data will typically result in artefacts.

Third, since the methods for deconvolution rely on prior statistical assumptions concerning
both r(k) and e(k), we should have some flexibility when choosing how to model these.

In the toolbox there are ways of treating all three above-mentioned issues. Thefirst oneis
treated by means robust deconvolution. In robust deconvolution, the algorithms are designed
to be less sensitive to variations in the prototype. Thus, the choice of prototype should not be
ascritical asit isin ordinary methods. The information about the variations of the prototypeis
obtained by using several signals, instead of only one, when picking out the prototype from
the raw data. One average prototype and an associated covariance matrix are extracted using
these signals. It isthe information in the covariance matrix that determines the performance of
the robust deconvolution algorithms. Setting the covariance matrix to azero matrix is
essentially the same as saying that the prototype is known with perfect accuracy. Applying
robust deconvolution in this case gives exactly the same results as using ordinary (non-robust)
deconvolution.

The amplitude saturation problem is treated in two different waysin the toolbox. The simple
version is based on neglecting all samples with saturated amplitudes. By doing this, we will
still be able to set up alinear signal model which can be treated with relatively smple
methods. Note, however, that when we are using this simple approach we are deliberately
discarding some of the information. For example, in a case when the upper saturation limit is
127, we know that any sample that was recorded with this amplitude originally had amplitude
larger than or equal to 127. Thisinformation, although being less precise than the
information in a non-saturated amplitude, can be added as a constraint when seeking a

® That is, disturbances apart from the measurement noise, e(k), which is usually handled in an fairly optimal way
in most standard deconvolution algorithms
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solution that matches well to the data. Thislatter approach is used in the toolbox where it goes
under the name Advanced Saturation handling.

Finally, the toolbox allows for some flexibility when it comes to representing the user’ s prior
knowledge about the reflection sequence. For example, the user might from the beginning
assume that only a few of the samplesin the reflection sequence have strong amplitudes and
the remaining amplitudes are being close to zero. Thiswill be true when there is only a small
amount of grain scattering and a small number of strong reflectors in the object. One
disadvantage of using the ordinary Wiener filter on such datais that the amplitudes of large
peaksin the signal aretypically underestimated. Furthermore, the peaks are also surrounded
by “ringing”, something which may mask other nearby peaks. Methods for sparse
deconvolution seek to solve this problem by performing more or less a combined detection
and estimation procedure. As an alternative, the method of semi sparse deconvolution that is
used in the toolbox allows the user to set alevel of contrast where the highest level will yield
solutions that should be very similar to those obtained by sparse deconvolution methods and
the lowest value will yield exactly the same results as those obtained by Wiener filtering.

5.2 Details on Saturation handling

The saturation limits play roles not only when performing the deconvolution but also when
the prototype data is extracted from aregion in the B-scan. Since deconvolution using a
prototype that has been saturated typically yields results with very strong artefacts, the
extraction of the prototype uses the saturation limits for detecting such bad quality prototypes
and, if possible, repairs these by means of an interpolation technique. Note that if the limits
are mistakenly set too low, the interpolation is set to work without reason and we will obtain
worse prototype estimates than is necessary.

When using the saturation handling on well behaved data sets and having good estimates of
the prototypes etc., the advanced method will typically yield better results than the ssimple
method but at the cost of an increased computation time. However, the advanced method
seems to be somewhat |ess robust than the simple method when it comes to bad quality data.
At present, we do not have a good explanation for thisbut it islikely that it is has something
to do with imposing “hard” constraints on the solution in a situation where some of the used
parameters are known only to a very limited accuracy. The simple method only imposes
“soft” constraints.

5.3 Details on extracting the prototype data

When pressing the New button in the Prototype data frame, the datain the selected region is
used for extracting (i) a new prototype and (ii) a corresponding covariance matrix describing
the variations among the prototypes in data set. The extraction of the mean prototype and the
covariance matrix proceeds in the following steps:

- If there are signals that have been saturated by the A/D-converter, aroutine that fill in
the missing values by means of interpolation is activated. This routine will not
perform the interpolation on signals that have been heavily saturated since then there
will most likely not be enough data for obtaining good interpolation values. Such
heavily saturated signals are therefore usually discarded. The interpolation is based on
simply matching a second order polynomial to a number of the data points at each side
of the missing data points.
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The signals that were not discarded in the interpolation step mentioned above are
aligned in time using a correlation technique.

The signals are normalized and the normalization constants for each signal are
temporarily stored.

The mean and the covariance matrix of the normalized signals are cal cul ated.

The mean is brought back to its original norm using the stored normalization
constants. The so obtained signal will be stored in the variable Pr ot ot ype,

The covariance matrix is also rescaled using the normalization constants.

The obtained mean prototype plus/minus one standard deviation is plotted in the lower
left window. Irrelevant signal parts that comes from selecting too large aregion can
now be removed by graphically specifying the start and the end position of the
prototype as described in Section 4.

54 Details on Robust deconvolution

In classical deconvolution methods such as the Wiener filter, robustness to errorsin the
prototype can be obtained by increasing the noise variance. However, thisis usually not a
good way to treat the problem. The presence of model errors can actually be introduced to the
signal model by adding an extra noise term. This added noise term differs from the usual
measurement noise term in the sense that it is highly colored, i.e., it has an associated power
spectrum with high peaks as well as large frequency regions where the spectrum is almost
zero. By simply increasing the noise variance, we destroy information in all frequency to an
equal extent; thus, we may destroy information in frequency bands that are not particularly
affected by the model error. The robust deconvolution methods implemented in the tool box
are designed to treat this problem optimally.

Essentialy, thereis no need for user parameters when working with robust deconvolution
algorithms. All necessary information is kept in the prototype covariance matrix that is
extracted using aregion in the raw data. However, adider still gives the user the possibility to
choose how much the covariance matrix will influence the solution. This option should
perhaps be excluded in afina implementation but can be of interest in afirst version. Note
that the default slider setting (that is, in its middle position) corresponds to using the prototype
datain the theoretically proper way. Setting it to zero (Ieftmost position) corresponds to the
situation of not using the information in the covariance matrix at all.

5.5 Details on Semi sparse deconvolution

The algorithms for semi sparse deconvolution are different from the other algorithmsin the
important aspect that the reflection sequence is allowed to be non-stationary. Thisis
implemented in the algorithms by having a sequence of variances (one variance® for each
sample in the reflection sequence) instead of a single scalar variance for all samples.

The algorithms then iteratively modify this sequence of variances to better match to the data.

The algorithm starts from setting all variances in the variance sequence to the same number.
This number is the parameter that can be set by the user in the box in the “Noise and Signal
variance” frame. The iteration proceeds by calculating the reflection sequence estimates based
on the variances in the sequence, then redistributing these variances so that the ones

® Actually, the variances are represented in the code by the corresponding standard deviations (the square root of
the variances) since this turns out to be more convenient.
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corresponding to large amplitudes in the reflection sequence are set to high values and vice
versa. The procedureisiterated a number of times.

The redistribution of variances is made in a controlled fashion by constraining the solution so
that the sum of variances in the sequence is kept constant. Furthermore, the sum of the
inverses of the variancesis also constrained to be constant. By changing this second constant,
the “contrast” in the solution can be controlled. Setting the constant to alarge value
essentially means that we alow some of the variances to be very small, which in turn will
cause their corresponding reflection sequence amplitudes to be small. As a consequence, to
meet the first constraint, some of the other variances need to be increased. By lowering the
constant, the difference between the lowest and highest possible variance is reduced and at a
certain level, the constraints will “meet on the middle” and force the variance sequence to be
the same for all samples. The constrained optimization problem associated with sparse
deconvolution is implemented using the technique of Lagrange multipliers.

6. RECOMMENDATIONS FOR ALGORITHM USE

The toolbox has been implemented in away that essentially all variants of parameter settings
are possible. It isdifficult to give recommendations that cover all possible combinations. In
the following only the main observations from working with the algorithms are listed.

Robust deconvolution seems to be meaningful tool and is recommended when
working with most data. Finding good prototypesis a difficult problem and the
robust method seems to handle this problem in a good way.

If possible, use a separate data set for extracting the prototype data. From a
deconvolution perspective, the prototype data can almost be said to be more
important for the final result than the test object dataitself.

Semi sparse deconvolution is generally less robust than ordinary deconvolution
methods. If the intended use isto simply extract a number of the highest peaks, it is
recommended that the noise variance be raised considerably. Thiswill turn the
algorithm more into a detector than a deconvolution agorithm.

The simple saturation handling is recommended in most situations. First, it is faster
than the advanced version. The simple method actually gets faster as the number of
saturated samples increases (less data is processed). The opposite holds for the
advanced method. It isonly for rather well behaved data that the advanced method
offers any significant advantage over the ssimple version. When the number of
saturated samplesis small, the two methods yield almost identical results.
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