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Abstract

Single-voxel proton magnetic resonance spectros(diRs) is typically used in
a clinical setting to quantify metabolites in thevWan brain. By convention, an MRS
absorption spectrum is created by Fourier transdtion of phase-corrected raw data
acquired during an MRS experiment. An MRS absoms$ipectrum shows the relative
concentrations of certain key metabolites, inclgdirAcetyl-aspartate (NAA), choline,
creatine and others. Certain nonparametric teclesiguay also be used for MRS
analysis. 2D Capon and 2D amplitude and phasea&stin (APES) are two relatively
new nonparametric methods that can be used efédgtiv estimate both frequency and
damping characteristics of each metabolite. Ia dssertation we introduce the
weighted 2D Capon, weighted 2D APES, and combineighted 2D APES / 2D Capon
methods. Under certain conditions these methadsprovide improved estimation

properties and/or reduced computation time, as eo@apto conventional 2D methods.

Many clinicians routinely use multiple receive sdibr magnetic resonance
imaging (MRI) studies of the human brain. In comgtion with these exams, it is often
desired to perform proton MRS experiments to qéantietabolites from a region of
interest. An MRS absorption spectrum can be géeefar each coil element; however,
interpreting the results from each channel is stedprocess. Combining MRS
absorption spectra obtained from an experimenthichvmultiple receive coils are used

would greatly simplify clinical diagnosis. In thikssertation we introduce two methods



for 2D spectral estimation in the case of multioha data. To date, no such methods
have appeared in the literature. These new metnogtoy weighted signal averaging
and weighted spectrum averaging and use any dDhechniques described above.
We also introduce a method to optimally estimagertiiative channel gains from

observed data.

The new techniques developed in this dissertatiere@aluated and compared to
conventional 2D spectral estimation based on ektert®mputer simulations written in

MATLAB. They are also applied to phantom andiivo MRS data.
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Chapter 1

I ntroduction

Single-voxel proton MRS is typically used in a @i setting to quantify
metabolites in the human brain. MRS studies asdlyiimportant for diagnosis,
monitoring therapy, and early detection of a nunddefiseases including
neurodegenerative disease associated with nornma,a&jzheimer’s disease, non-
Alzheimer’s dementia, Parkinson’s disease, Huntingtdisease, Amyotrophic Lateral
Sclerosis (ALS), alcohol abuse, epilepsy, strokeu@feldt-Jakob (mad cow) disease,

cerebral-vascular disease and cancer[1].

In a clinical setting, an MRS absorption spectrsmreated that shows the
relative concentration of certain key metabolitasluding NAA, choline, creatine and
others. Certain nonparametric techniques maykmassed for MRS analysis. 2D Capon
and 2D APES are two relatively new nonparametrithogs that can be used effectively
to estimate both frequency and damping charadteist each metabolite[2]. One
benefit of 2D Capon and 2D APES over conventioeahhiques for MRS data analysis
is improved accuracy for peak detection, especfaliyeaks that are close to each other.
Another benefit of 2D Capon and 2D APES is thahestes of damping are provided in
addition to frequency estimates, providing theician with an additional parameter to

use in the diagnosis and evaluation of results faonVIRS study.



Several new techniques for 2D spectral estimattated to 2D Capon and 2D
APES will be introduced in this dissertation. Undertain conditions, these techniques
show improvement over standard 2D Capon and 2D ARESms of accuracy in peak
detection and/or computational efficiency. Althbuge new 2D spectral estimation
technigues are general purpose in nature, they lbese developed as a result of their

utility toward the problem of MRS signal processing

Multiple-channel receive coils are regularly usedaiclinical setting for magnetic
resonance imaging (MRI) studies since images aldaden multiple-channel receive
coils can offer improved image quality. In conjtion with imaging studies that use
multiple-channel receive coils, it is often desitegerform MRS studies during the same
examination. An effective technique for creattngombined MRS absorption spectrum
from multiple-channel receive coils has been rdgentroduced by Frigo, Heinen, et al.

[3],[4], and has gained clinical acceptance.

Combining 2D spectral estimates obtained from gesment in which multiple-
channel receive coils are used would greatly siiyplinical diagnosis. Two new
techniques for multiple-channel 2D spectral estiomatvill be introduced in this
dissertation. The new techniques apply to standBr@€apon and 2D APES, and to the
new 2D spectral estimation methods that have besggoped in this dissertation. The
primary motivation to introduce the new multipleacimel 2D spectral estimation
techniques was for multiple-channel MRS studiesyéaeer, these techniques may be

extended to other signal processing applicationsedis



We begin our discussion with a brief review of fiiciples of nuclear magnetic
resonance in Chapter 2. The underlying physidssarence behind this technology has
provided a foundation upon which magnetic resongli®) scanners have been
designed and built, and the impact of these meditading machines to the practice of

modern medicine has been extraordinary.

In Chapter 3 we extend our discussion to singbeel/quantitation (SVQ) proton
MRS which is typically used in a clinical settirgduantify metabolites in the human
brain. Our focus will be to break down and analymesignal processing steps that are
typical for MRS SVQ scans. We have carefully doeated each processing step, and
have implemented efficient algorithms in MATLAB toeate a conventional MRS
absorption spectrum from data acquired during aQ Swidy. The signal processing
steps applied to MRS data are vitally importanprtovide a framework for the new

techniques that will be introduced in later chagter

Motivated primarily by finding improved techniquies analyzing MRS data, we
introduce in Chapter 4 several new nonparametricdimnensional spectral estimation
techniques: the weighted 2D Capon method, themeig2D APES method, and the
combined weighted 2D APES/Capon method. Eachesfd techniques provides
spectral estimates of damping as well as frequeneking them useful for MRS data

analysis.



Multiple-channel receive coils have become increggopular for magnetic
resonance imaging (MRI) since they often providprioned image quality over single
channel coils. In a clinical setting, it is comntorperform MRS studies along with MRI
studies, especially for neurological exams. Ingiéa5 we introduce two new
algorithms for multiple-channel 2D spectral estiimathat can be used effectively for
MRS studies. We also introduce a method to optinesitimate the relative channel

gains from observed data.

In Chapter 6, we evaluate the proposed new algosithf Chapter 4 and Chapter
5 through extensive simulations. The motivationdoing simulations is that the signal
processing algorithms can be subjected to contr@lteditions, unlike in a standard

MRS experiment, where unknown variations can of@m scan to scan.

In Chapter 7 we apply the algorithms developedhagiers 4 and 5, and
simulated in Chapter 6, to data collected duringSvBXperiments. Examples are
provided demonstrating how these algorithms worlIRS studies involving phantoms
with known concentrations of metabolites, as weliraa limited number dh vivo MRS

studies involving human volunteers.

We then reflect on our conclusions in Chapter 8gktened by the discussion
and examination of the MRS signal processing dethdt are fundamental to its success
in a clinical scenario, but mindful of the potehtraprovements that can be achieved

through new techniques. Based on the resultgtehsive simulations, we are confident



that these new techniques have the potential tekaidal value and improve the overall

guality of spectral analysis for MRS studies.



Chapter 2

M agnetic Resonance Spectr oscopy

MRS is used to find the relative spectral ampligidesulting from frequency
components of different molecules. MRS can be @sethe quantification of a number
of metabolitesn vivo. Since the hydrogen atom is abundantivo, many clinical

applications for proton MRS have been developed.

MRS is used for diagnosis, surgical planning, mamg therapy and early
detection of the following diseases: neurodegdiveradisease associated with normal
aging, Alzheimer’s disease, non-Alzheimer’s dengrRiarkinson’s disease,
Huntington’s disease, amyotrophic lateral scler@&lsS), alcohol abuse, epilepsy,

stroke, Creutzfeldt-Jakob (mad cow) disease, calefascular disease, and cancer [1].

Improved data acquisition capabilities, in partacyincreased sampling
resolution and multiple-channel receive coils, heneated opportunities for
implementing new signal processing algorithms tpriowe the sensitivity and accuracy
of MRS experiments. The motivation for introducithg@se new algorithms is to reduce

scan time and improve clinical diagnostic capabsit

2.1 Magnetic Resonance Principles
All nuclei have charge and mass. Some nuclei@ssess spin or angular

momentum. This spinning charge generates a madiedtd and an associated angular



momentum as first described by Wolfgang Pauli [Bjspired by the early work of Pauli,
and Rabi[6],[7] two groups of researchers indepatigeliscovered the property of
nuclear magnetic resonance: Felix Bloch of Stantmiversity [8] led one group and
Edward Purcell of Harvard University [9] led thénet group. Bloch and Purcell were

jointly awarded the Nobel Prize for physics in 1@62a result of their discovery.

At first, nuclear magnetic resonance was used piliyria the laboratory by
chemists. Later, nuclear magnetic resonancestvasn to be useful for medical
purposes. Raymond Damadian demonstrated in 19T hticlear magnetic resonance
spectroscopy could be usedvivoto detect cancerous tumors in mice [10]. Paul
Lauterbur created the first two-dimensional nucleagnetic resonance image of human
anatomy [11]. For this discovery Lauterbur eartiedlNobel Prize in physiology or
medicine in 2003 with Sir Peter Mansfield who wkoaesponsible for many

innovations in the area of nuclear magnetic resca@h?].

The following is a summary of MR principles adaptesim material found in a
number of references [13] - [20]. Magnetic resa®aoriginates from the interaction
between an atom and an external magnetic fieltoma& with an odd number of either
neutrons or protons possess a net nuclear spirtrorsic nuclear spin angular
momentum. Nuclear spin has an associated madiedtl. Nuclear magnetic
resonance is based on the interaction of thess spth three types of magnetic fields:

the main field,B,; the radio-frequency field3,; and linear gradient field<s .



Placed in the main static magnetic fieRl,, the net nuclear angular momentum

of hydrogen atoms with a single proton will begirotate, or precess, about the

magnetic field as shown in Fig. 1.

Fig. 1. Net angular momentum of hydrogen.

The frequency of this precession is proportiondahtstrength of the magnetic field and

is given by the Larmor equation:

fo=1B, (2.1)



wheref, is the Larmor frequency in megahertz (MHB),is the magnetic field in Tesla
(T) and y is a constant known as the gyromagnetic ratior hiydrogen with a single

proton the value of/ is 42.5774 MHz/T.

To obtain a nuclear magnetic resonance signalleamtremagnetic pulseB, ,
tuned to the resonant frequency of the spins, sesritbed in Eqn. (2.1), is applied in the
transversexy) plane to excite these spins out of equilibriusiter this pulse is turned
off, relaxation back to equilibrium occurs and tb&ating magnetization vectors induce
an electromotive force (EMF) in a receiver coilemtied in such a way as to detect
changes in the transverse plane. The generatedstgnal is known as a free induction

decay (FID).

It is possible to perform spatial localization m MR experiment by applying

linear gradient magnetic fields in additionBg. Gradient fields in thg, y, andz

direction can be combined to provide the spaticdlization desired. If a gradient field,

G, , is applied in thex direction, then the resonant frequentfx) , will vary with thex-

location:

F()=y(B,+G, X = f+yGx (2.2)

The behavior of the magnetization vechMr is described by the Bloch equation:
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Mi+Mj (M, -
M M x-S (M, =Mk (2.3)
dt T, T

wherei,j, andk are unit vectors in the y, andz directions; M, is the equilibrium
magnetization arising from the main fiel} ; and B includes the various magnetic fields
applied. T, is the longitudinal relaxation time constant whattaracterizes the process of

spins returning to equilibrium anf is the transverse relaxation time constant which

characterizes the process of decaying transvergaetiaation.

Electrons of a particular atom in a molecule magt@red with nearby atoms
forming a “cloud” of electrons. The distributiofithese electrons is described by
guantum mechanics and varies depending on theofyg®emical bond. Oxygen-
hydrogen bonds have a greater electron densitgiatsd with the oxygen atom, whereas
carbon-hydrogen bonds are more equally distribb&tdieen both atoms. The variation
in electron distribution affects the magnetic remwe of a particular atom. The Larmor

Eqn. (2.1) can be rewritten with a chemical shigydierm, o, , which takes into account

the variations in different chemical bonds affegtihe magnetic resonance frequency:

f,=)B,(1-0)) (2.4)

Nuclear magnetic resonance spectroscopy takes tdyaaf variations in

magnetic resonance frequencies due to chemicalkshtondetermine molecular structure.



11

The convention is to measure chemical shifts iraamar that is independent Bf and

can be used for all field strengths:

g =(f~f

)x10° / (2.5)

ref

where d. is the chemical shift measured in parts per mmiljppm).

The reference frequency, , defined to have a shift of 0.0 ppm is obtaineuirfr

the methyl (C-H) groups of tetramethylsilane @4Si. Since silicon (Si) has low
electronegativity, the shielding of protons is geedéhan in most other organic molecules,
and the chemical shifts thus appear downward irséinee direction [21]. As an example,
the hydrogen found in water molecules has a shetisured at 4.7 ppm while the
hydrogen found in the lipids that are a major comsiht of body fat has a shift of 1.2
ppm. This represents a difference of 3.5 ppm{ r=l a difference of approximately

225 Hz.

2.2 M agnetic Resonance Spectr oscopy Experiment

Proton MRS is usenh vivoto measure the concentration of a number of
metabolites. MRS is often used for clinical stsdu the human brain. High-field
magnetic resonance scanners (1.5T or greatersareta perform most of these studies.
Two common types of MRS pulse sequences used jnrmction with clinical studies are

point resolved spectroscofyRESS) and stimulated echo mode (STEAM) [22].
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Both PRESS and STEAM rely on applied gradient fidtulisolate a three-
dimensional region of interest from which the sigu#l be measured. PRESS and
STEAM differ in how the echoes that give rise te #ignal of interest are obtained.
PRESS has a higher signal-to-noise ratio than STBAM factor of two since the echo
in PRESS is created by refocusing the entire nginetézation of the region of interest.
STEAM has several advantages over PRESS since guggport a shorter echo time (TE)

and has reduced effects from J coupling [23].

Single-voxel quantificatioSVQ) and chemical shift imagin¢CSI) are two
types of spectroscopy applications often useddlinécal setting. SVQ quantifies
metabolites in a single volume of interest as showiig. 2. CSlI attempts to quantify
metabolites in multiple volumes of interest, oftarerlaying color maps on top of
anatomical images to create localized maps shoxeiatgjve concentrations of

metabolites (such as NAA) as shown in Fig. 3.

Fig. 2. Single voxel quantification example.
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Fig. 3. Chemical shift imaging example.

Our discussion and exploration of proton MRS woltdis primarily on SVQ. A
typical SVQ MRS scan involves a data acquisitidmesae in which a set of non-water-
suppressed reference data, along with a set of\wappressed data is collected. Water-
suppression can be achievad/ivousing a chemical selective saturation (CHESS) pulse
sequence to reduce the dominant water signal[28],[2A typical frame of data
obtained from a FID during the non-water-supprességtence acquisition is shown in
Fig. 4, and a typical frame of data obtained duangater-suppressed acquisition is

shown in Fig. 5.
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Fig. 5. Raw data frame obtained during water-sugg@e MRS acquisition.

An example of the magnitude of the raw data cadlécturing an MRS scan is
shown in Fig. 6 with the horizontal axis represegtime, the vertical axis representing
frame number and color indicating signal amplitudEhis scan was performed using a
1.5T General Electrft(GE) MR scanner (Milwaukee, WI, USA) on a 8cc voki
contained within the GE MRS phantom, with a TE fi8sec, a repetition time (TR) of

1500 msec, an acquisition size of 2048 complex plaits for each frame, a sampling
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rate of 16 kHz, and 2 excitations per frame (NEXhe total scan time was 1 minute and

18 seconds to acquire 8 reference frames and ki-sappressed frames.

frame number

frame number

M

Magnitude of Raw Reference Data

4
6
8
400 600 800 1000 1200 1400 1600 1800 2000
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time
Fig. 6. Magnitude of raw data for an MRS scan.
RS data acquisition requires that a number of peailameters be determined for

each region of interest. The center frequengy dligle, transmit gain, receive gain, and

shimming parameters are determined for each MR8rawpnt during prescan. These
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parameters are optimized for the particular TE BRdselected for the experiment.
Shimming is also extremely important in the regobinterest to assure that a
homogeneous magnetic field is present since thematistorts the magnetic field and
areas within the patient have different magnetsceptibility[25]. For MRS experiments
conductedn vivo, water suppression is an important consideratigntd the abundance

of waterin vivg22].

Many different types of MRS scans can be takendlinécal setting[26]-[28].
The parameters of these scans are selected talprtha desired clinical information. For
example, depending on the metabolite of intereBgrdnt TEs may be selected. MRS
scans usually have scan TRs greater than one seddrdsmallest TEs supported are
approximately 30 msec. The signal-to-noise ré@idR) of the data acquired during an
MRS scan can be improved by increasing the numibgaita frames acquired for a given
scan. This increases the scan time however. h&netay to increase SNR is to increase

the size of the volume under study.

In an MRS experiment it is possible to detect tlagnetization that is transverse
to the main longitudinal field3, with more than one receive coil simultaneously.
Multiple-channel receive coils provide greater s/ and improved SNRs for MRI
applications [15],[29]-[38]. Multiple-receive dsican also be used effectively for MRS
studies [3],[39]-[42]. In Chapter 5 we will exiedthese techniques to 2D spectral

estimation of MRS data from multiple receive coils.
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2.3 Summary

In this chapter, we have reviewed the fundameh&dry behind magnetic
resonance spectroscopy and have introduced hewiddd in a clinical setting for vivo
studies. We have introduced two conventionalgskguences, PRESS and STEAM,
that can be used for MRS experiments, and also theseribed briefly how metabolites

can be quantified using SVQ.
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Chapter 3

M agnetic Resonance Spectr oscopy Processing Techniques

This chapter describes conventional MRS data psiegsand in particular, the
processing associated with SVQ [22],[43]-[45]. €emtional single-voxel MRS
involves collecting a set of non-water suppresséerence data along with a set of water-
suppressed data. The processing involves phasection, removal of residual water
present in the water-suppressed data, and computaitan MRS absorption spectrum

from which information about metabolite concentatcan be determined.

The GE MRS phantom provides an effective modehefttuman brain. It
contains known solutions of metabolites whose cotragons are approximately the
same as what might be found in a human brain. GB&IRS phantom contains a
solution of 12.5 mM NAA, 10.0 mM creatine (Cr), 3rtM choline (Ch), 7.5 mM
myoinositol (ml), 12.5 mM L-Glutamic acid (Glu),(bmM lactate, and 0.5 mMy -
aminobutyric acid (GABA). Data acquired during MBSoeriments from this phantom

provide results from which quantitative assessmeatsbe made.

In this chapter we will review in detail the proses) involved in computing an
MRS absorption spectrum. We will utilize datgaiced using a GE 1.5T MR scanner

with a typical SVQ PRESS sequence on an 8 cc voluone the GE MRS phantom, and



20

show plots of intermediate results as a means @énstanding each processing step. A

block diagram of this processing scheme is showFign7.

Reference Data r[n Water-suppressed Da
DC Mixing sinl

!

Zero Phasing

I

Linear Phase Correction

v

Phase Spline Smoothing

Phase Correction
Vector c[n]
L p»{ Water Subtractionjl¢———

v

FFT

v
Phase Correction

A 4
Phase Correction

Fig. 7. Block diagram of MRS processing steps.

Non-water suppressed reference data sets aretedlland the individual frames

are averaged to obtain the discrete-time sigrja],, wherenrepresents normalized time.
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The reference data[n], are used to compute a phase correction vedtdlr, through the
process of DC mixing, zero phasing, linear phaseection and phase spline smoothing.
Water-suppressed data sets are collected anddivedunal frames are averaged to obtain
g . The phase correction vectafy], is applied to both the reference dafa] , and

the water-suppressed dathrl. After phase correction, residual water is reatbfrom
the water-suppressed data by subtracting an apatelgrscaled version af[n] from

g . From the phase-corrected water-suppressed ddtaesidual water removed, a

Fourier transform is used to compute the MRS altigorgpectrum.

3.1 Creating a Phase Correction Vector

After acquiring non-water suppressed reference dgphase correction vector,
cnl, is created. This phase correction vector isiagb both water-suppressed and
non-water-suppressed data during the creationeoMiRS absorption spectrum. Data
acquired during the reference acquisition withoatexr suppression[n], will be used to
produce a phase correction vectdm]. Data from the reference acquisition will als b

used to produce an estimate of the water sign&ssecy to perform residual water

removal.

3.1.1 Reference Nor malization

For this example, the number of reference framgsieed, N, is 16. The

ref 1

number of complex data points for each referermed; N , is 2048. All reference
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frames are averaged to produgg[n] , the averaged water reference data as shown in

Fig. 8.
Nref
>
] :—'T\l for 0O<sn<N (3.1)
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Fig. 8. Averaged non-water-suppressed referenee dat
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The averaged water reference signgln] , can also be normalized as:

r

scale

=max|r,,hll for &n<N (3.2)

rf;‘wﬂ for 0<n<N (3.3)

scale

rnorm[n] =

3.1.2DC Mixing

The most dominant frequency componientivois due to the signal from water,
which typically shows up as a very low frequencyp@ component since the center
frequency for the acquisition is set to the signain water during prescan. The purpose
of DC mixing is to mitigate the effects of watemgoonents. First, the normalized

averaged water reference data are discrete Fdraresformed:

RIK=H rod % for 0 <k<N (3.4)

The frequency with the largest magnitudg,, from R K is determined:

K ..=max|R[K]|] for & k< N (3.5)

peak —

w, = (3.6)
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A complex-valued vector containing the frequencsponent ofw, from Egn. (3.6) can

then be created as shown in Fig. 9.

¢[n =cos(w,n)— jsing,,n) for @n< N (3.7)

or c[n=¢€'" for 0 n<N (3.8)
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Fig. 9. Phase correction vector after DC mixing.
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This result,c[n, is applied to the normalized averaged water egieg datar, . .[n] , to
generater, [n] as shown in Fig. 10.
rdc[n] = r.nornr[ n] m:.[ lj fOf OS n< N (39)
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Fig. 10. Reference data after DC mixing.
3.1.3 Zero Phasing

By convention, the MRS absorption spectrum is regméed as the real part of the

Fourier transformation of the water-suppressed.d&&or to Fourier transformation,
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water-suppressed data sets are adjusted so tlgdie¢ba with zero phase. By adjusting
the signal to begin with zero phase, it is moreseately represented by the cosine or real
components of the Fourier transform [46]. Thieeively yields an MRS absorption

spectrum with sharp peaks with narrow line-widtR23]26].

To adjust the reference signal so that it begirtk meéro phase, the complex
conjugate (denoted bY) of the first element of the reference data dt€rmixing, a

complex-valued scalar,,, is obtained and multiplied by [n] and¢[n] as follows and

shown in Fig. 11:

A, =r[0] (3.10)

renl = At for 0sn<N (3.11)

This phase adjustment is also applied to the pt@section vector as shown in Fig. 12:

c ln=A0dh for 0< < N (3.12)
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Phase correction vector after zero phase adjustment
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Fig. 12. Phase correction vector after zero-phdgestment.

3.1.4 Linear Phase Correction

Several techniques have been proposed to cornmeléar phase errors present in
raw data acquired during MRS studies[47]-[51]. danphase correction provides a first-
order estimate of phase errors present in thesdathat they may be removed. One

technique for doing this is to determine the unyweapphase of, [n] as¢,[n] . Then

the last element of, [n] , ¢, , is used to generate a complex-valued vectoiirieat

phase correction as shown in Fig. 13.
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@, [n] =unwrap{<r, [n]} for 0<sn< N (3.13)

@, =@, [N-1] (3.14)

The phase discontinuity showntahe=1500 in Fig. 13 is located in a low SNR region
of the data where the magnitude is close to zérbis phase oscillation is somewhat
atypical, and perhaps an improved phase unwragpeimique could be used to

eliminate the discontinuity in the unwrapped phase.

Phase ¢Zp[n] (radians)
(o]

| | |
0 500 1000 1500 2000 2500
time

Unwrapped phase ¢zp[n] (radians)

| | |
0 500 1000 1500 2000 2500
time

Fig. 13. Phase of DC mixed, zero-phase adjustedaete data.
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After the last element of the unwrapped phage,is determined, a complex-valued

linear phase correction vectdp[n], shown in Fig. 14 is generated as follows:

=@ (3.15)
Ip[n] =cos(y,n)- jsing,n) for G n< N (3.16)
or lp[n]=e’*"  for 0<n< N (3.17)

Real

Magnitude

Imaginary

Linear phase correction vector
1 T T T

05+ B

| | |
0 500 1000 1500 2000 2500
time

- ! I
0 500 1000 1500 2000 2500

time
1.5 T T
1 i
05+ -
0 | | | |
0 500 1000 1500 2000 2500
time

Fig. 14. Linear phase correction vector determinexh reference data.
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The linear phase correction vecttp]n], can then be applied to the DC-mixed,

zero-phase adjusted reference datfn] , as well as to the DC-mixed, zero-phase

adjusted phase correction vectoy[n , as follows:

i =rfi0fd for 0<n<N (3.18)
clM=cfAalph for 0<n< N (3.19)

or c[M=A,f d0ph for 0< < N (3.20)
c,[rl = A,CE™“" 06" for 0< & N (3.21)

Gl = A, ™" for 0< n< N (3.22)

The resulting reference datg[n] , is shown in Fig. 15 and the phase correctionorect

C,[n , is shown in Fig. 16.



Imaginary

Magnitude

Reference data after linear phase correction
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Fig. 15. DC mixed, zero-phase adjusted, linear @itasrected reference
data.
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Phase correction vector after linear phase correction

1 T T T \\
05+ -
§ ol .
o
05+ -
1 L I !
0 500 1000 1500 2000 2500
time
1 T
> 0.5 -
g
6) 0 | -
(0]
£
- 051 -
1 | | |
0 500 1000 1500 2000 2500
time
1.5 T T
5 1 .
2
=
a
= 05 -
0 | | | |
0 500 1000 1500 2000 2500
time

Fig. 16. DC-mixed, zero-phase, linear phase-cagtephase correction
vector.
3.1.5 Phase Spline Smoothing
The final step in creating the phase correctiontarec|n , is to smooth the
unwrapped phase of the phase correction vectorrdeted by DC mixing, zero phasing
and linear phase correction. For data frames sughificant noise, or phase
discontinuities, this step provides a more stabkesp correction vector. The smoothing
can be done using the spline method proposed Bpde[52] (see also [53]). The

unwrapped phase af[n] can be determined as:
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@,[n =unwrap{<cr [n]} for 0< n<N (3.23)

Unwrapped phaseqblp[n] (radians)

time

Unwrapped phase¢[n] (radians)

0 500 1000 1500 2000 2500
time

Fig. 17. Spline smoothed phase of phase-correefedence data.

The unwrapped phase,[n], is smoothed to creaig[n] as shown in Fig. 17.

@[n] = smoothg[ Jh for 0< & D (3.24)

where smootk} is a spline smoothing function as described bioer [52].
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Once the smoothed phase has been calculated, tipecevalued vector with

smoothed phasep,[n] , as shown in Fig. 18 is created as follows:
p,[rl =cos@[n]) - jsin@[n])  for O<n< N (3.25)
or p,[n = &l for 0< n< N (3.26)

and this is used to generate the final phase d@reeector,c[n, shown in Fig. 19 that

will be used in spectroscopy processing:

i=¢la0p h for O0s n< N (3.27)

or
dn=A,0d #0phOf In  for 0< < D (3.28)
dr = A, 8% 0e"*" 0g4™  for 0< ® D (3.29)

ol = A Ce/m @™l for o< < N (3.30)
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Fig. 18. Spline smoothed phase-corrected referdatze
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Phase correction vector
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Fig. 19. Final phase correction vector.

3.2 Computation of Absorption Spectrum

2500

Typical SVQ scans involve acquiring two differeppés of data: a set of

reference data from which water is not suppressed also a set of water-suppressed

data from which signals of metabolites can be ifiedt An MRS absorption spectrum is

created by applying the phase correction vedjoi,, to both the non-water-suppressed
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reference data as well as the water-suppressed ddta steps involved to create an

MRS absorption spectrum are described in the fofigwections.

3.2.1 Averaging of Water-Suppressed Signal

If the number of water-suppressed frames acqtied particular scan is 32 and
the NEX for this scan is 2, then a total of 16, Mg, , water-suppressed frames{,n,
are available. If the number of complex data tsofar each frame is 2048, &, then
the water-suppressed signal can be averaged tageasd, [ as shown in Fig. 20 in the

following manner:

Nswg

> sld

S =}\|— for 0< n< N (3.31)
sig
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Fig. 20. Water-suppressed MR spectroscopy signal.

3.2.2 Applying Phase Correction Vector

The phase correction vector is applied to botratreraged water-suppressed

signal, s_,[, as shown in Fig. 21 and the averaged referegcalsr

Fig. 22 :

FoclN] =[N LG 1) for 0<n< N

[n] as shown in

raw

(3.32)



wherer,

Real

Imaginary

Magnitude

raw

[n] is given by Egn. (3.1), and

S,.[M =5, hlch for 0O< M (3.33)
x10° Phase-corrected water-supressed data
T T T
1 | 1 |
0 500 1000 1500 2000 2500
x10° time
T T
1 | 1 |
0 500 1000 1500 2000 2500
x10° time
T T
1 L | L
0 500 1000 1500 2000 2500
time

Fig. 21. Water-suppressed MRS data with phase @@reapplied.
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10 Phase corrected non-water-suppressed reference data
T T T T
| | | |
500 1000 1500 2000 2500
x 10 time
T T
| | | |
500 1000 1500 2000 2500
x 10° time
T T
| | |
500 1000 1500 2000 2500
time

Fig. 22. Reference data with phase correction agpli

3.2.3 Residual Water Removal

The water-suppressed signg|,[ 11, is now subtracted from the reference signal,

r,.[n], to create a pure water signal,[l as shown in Fig. 23 (see [54]-[56]).

for 0O<s < N

Spw[ri= pz[r]_ Sp[ :h

(3.34)
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x10° Pure water
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Fig. 23. Pure water signal.

Next a set of processing steps is performed tamhéte a scale factom,,,., t0

allow a scaled version of the pure water as showkfig. 23 to be subtracted from the
water-suppressed data from which an MRS absorgpesturm will be computed. First,

the pure water signak, [, and the phase corrected water suppressed sigfal, are

multiplied by an alternation vector:

SwalM =5, Rl  for O< = M (3.35)
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SelM=sf haph for 0< < N (3.36)
where
1 forn eve
= for 0Osn< N 3.37
an {—1 forn odd? (3:37)
Next a hanning window as shown in Fig. 24 is agplie
SN =8, d hOM . for 0< < N (3.38)
S M= S, NOW - for 0< = N (3.39)
where
2m(n+K
: 1-COM for §n<K/2 K= 1280
w[n = K (3.40)

0 otherwise
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081 A

06 B

w,[n]

0.4f .

| | |
0 500 1000 1500 2000 2500
time

Fig. 24. Apodization window for residual water rarab

A Fourier transform is then performed on the apedigure water and also on the

apodized, phase-corrected, water-suppressed sigrsdown in Fig. 25.

SIH=Hs B for 0<k N (3.41)

SIR=AsJH for 0<k N (3.42)

and the scale factos,,, is then determined from the ratio of the maximuatue of the

spectrum obtained from the water-suppressed sigribhbt of pure water .
a, = max(Re{S, [K]}) for 0< k< N (3.43)

a, =max(Ref5,[Kl})  for 0< k< N (3.44)
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Ascale = g (345)
= x10°
CDB 4 T T
5
T 5 ]
[}
5
o
% 2F e
£
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wn
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&
£ 05 y
S J
5
3
L 0 | | | l
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time

Fig. 25. Fourier transform of pure water and watgppressed signal.

After the scale factora,,, has been determined, it is applied to the windbwe
pure water signals,,, [, which is then subtracted from the windowed, water

suppressed signas,. [, to generate the water-subtracted pure sigsp .

SN[r] = %W\I\[ ihDQcale for OS 4 I\ (346)
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s[A=s,f h—¢ In for O0< = D (3.47)

The water-suppressed signal shown in Fig. 20 pftease-correction and residual water

removal is given by Eqn. (3.47) and shown in Fig). 2

x10° Phase-corrected, apodized, water-suppressed signal with residual water removed
10 T T T T T T T T
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=
=
=y 4
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Fig. 26. Phase-corrected water-suppressed sigtiar@sidual water
removed.
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3.2.4 Fourier Transform to Compute Absorption Spectrum
A hanning window shown in Fig. 27 is then appliedite phase-corrected water-

suppressed signal with residual water removed.

SN =9d hOW In for 0< < DM (3.48)
where
2m{n+K
0.5 1-co M for en<K/ K= 4096
wr = K 2 (3.49)
0 otherwise
1 . .
08~ -
= 06 _
= al i
0.2+ =
00 SCIJO 1&00 15|00 2060 2500

time

Fig. 27. Apodization window applied prior to fingburier transform.



v 10° Phase-corrected, apodized, water-suppressed signal with residual water removed
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Fig. 28. Phase-corrected, apodized signal witldusgdiwater removed.

After apodization, the signal is zero padded asvsho Fig. 28 and Fourier

transformed.

forN<n< #®

s,[n ={§S“M for 0= n< N } (3.50)

SIK=As[h for 0< ke2 N (3.51)

48
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The final results S;[ K , are comprised of the MRS absortion spectrum

represented as the real-valued results of the &owansform, and the MRS dispersion

spectrum represented as the imaginary-valued sestidhe Fourier transform[22].

MRS absorption spectrum Re{ ; [} (3.52)

MRS dispersion spectrum Im{ ,[S]}| (3.53)

A typical MRS absorption spectrum used for clinidelgnosis would be displayed in a

range from approximately 4.5 ppm to 0.0 ppm.

Fig. 29 is an example of an MRS absorption specthtained from the GE MRS
phantom. This MRS experiment was performed usingF®Ron an 8 cc volume, with a
TE of 35msec and a TR of 1500msec, 2 NEX, 8 referdrames and 16 water-
suppressed (CHESS) frames. The total scan timelwaaute and 18 seconds. The
largest peak occurring near 2.0 ppm is from NAAe Houblet near 1.3 ppm is from
lactate. The large peak near 3.0 ppm is from ereatThe peak near 3.2 ppm is from

choline. The peak near 3.55 ppm is from myoindsito
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x 10
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Fig. 29. Absorption spectrum of GE MRS phantom.

For one-dimensional plots representing the absmpectrum, the peak area or
the peak height (for narrow line-widths), represemt particular frequency component
can be calculated and compared to other peaks[2aiten, the creatine peak is used as a
reference fom vivo MRS studies[22]. In some cases, the mere presdracearticular
peak may indicate a clinically significant diagrssiFor example, lactate, which shows
up as a doublet near 1.3 ppm, should never ocaunmrmal human brain, so its

presence would potentially indicate damage fromeastroke[17].
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3.3 Summary

In this chapter we have reviewed the signal prongsseps associated with the
creation of an MRS absorption spectrum for SVQ scaifihis involves the creation of a
phase correction vector from reference data, aadtwbsequent phase correction of both
the non-water-suppressed reference data and tlee-sigipressed data containing
spectral information for the metabolites of intéreResidual water is removed from
water-suppressed data by subtracting appropriataled reference data prior to creating
the MRS absorption spectrum by Fourier transforomati The processing discussed in
this chapter provides a foundation upon which spéestimation improvements will be

introduced in later chapters.
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Chapter 4

Weighted 2D Spectral Estimation Methods

Several nonparametric techniques in addition td=tharier transform can be used
for spectral analysis of MRS studies. Two nonpeataic techniques that can be used for
MRS analysis, which employ adaptive filter bank r@gghes, are the one-dimensional
Capon method introduced by J. Capon in 1969 [53]#nd the one-dimensional APES
method [59],[58]. The filter bank approach tayeo spectral estimation employs a
bandpass filter with a fixed bandwidth to estimiiiee power spectral densifSD) of a
given frequency component. The basic periodogrsua filter bank approach based on

the standard Fourier transform [60] -[62].

Capon and APES are filter bank approaches thatwepthe estimate of the PSD
by creating one data-dependent bandpass filtexdon spectral point being
estimated[63] - [73]. The bandpass filter is ceeaby a least-squares minimization
process, which attempts to minimize the total oupmwer of the filter, yet pass the
frequency component of interest unaltered. A sddeast-squares process is then
implemented to estimate the amplitude of the #tksignal. Capon and APES provide
more accurate spectral estimates with lower sigsl@nd narrower spectral peaks than

the Fourier transform based periodogram techni&®gs|
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The Fourier transform, one-dimensional Capon arsabsd one-dimensional
APES analysis fail to take into account, at least direct way, any damping associated
with each signal component. Thus in these methzetause the detected amplitude will
be altered by the damping, it is difficult to acaiely estimate the amplitudes of the
various signal components. To alleviate this pFohltwo-dimensional Capon and APES
technigues have recently been developed. Stod&andin [2] have shown that the 2D
Capon and 2D APES methods provide high-resolutiandimensional MRS results
showing both frequencyp, and dampingg . Frigo, Heinen, et al., have demonstrated
that these methods have clinical utility for MR8cs they provide information about

T2*, the total transverse relaxation time, for eagttabolite [74].

In this chapter we propose three new 2D specttahaton techniques, which
have as their basis the 2D Capon and 2D APES mgihtdduced by Stoica and
Sundin. These are the weighted 2D Capon methedyéighted 2D APES method and
the combined weighted 2D APES / 2D Capon methidtese techniques incorporate
several new design parameters, the proper choiahich may lead to reduced
processing time, better peak identification, antktter estimates of spectral amplitude,

phase, and damping.

The theoretical development of these methods giqsshallels that followed by
Stoica and Sundin [2] in the development of theCdpon and 2D APES methods. For
brevity, we will not separately review the 2D Capomd 2D APES methods. Rather,

since these are special cases of our new technigeesill develop the new techniques
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in detail and at appropriate places point out hawreew techniques reduce to the
standard 2D Capon and 2D APES methods. Because degivations are of necessity
quite involved, as a convenience for the reademansary of the salient results is
presented in Sect. 4.8 and useful derivationsraleded in the Appendix (see Sec. A.1 —
Sec. A.2). Finally, it is noted that these techesjare generally applicable to a wide

variety of spectral estimation problems, not simplyVRS.

4.1 Discrete Spectrum of Sum of Continuous-Time Damped Complex Sinusoids

Consider a continuous-time signal consistingrotlamped complex sinusoids:

X(t) = ZR: Serté, &0 (4.1)

whereg, ,w =0 andS = Aé” is complex with magnitudé, >0 and phasd#),. We

may also consider a sampled versiorx@) with sampling period :

X =X nT) :i $éar'Tn @’Tn, 20
:isr e—arn éw,n (42)

:gad

whereo, =0T , @ =@'T ,p = € &, and wherdl is chosen such that

0<w <m, forall r, thus satisfying the Nyquist sampling theorem.
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One might consider analyzirgin using the z-transform, but this presents certain

problems. FirstX(2)=Z{§ A} has polesap,, i.e., ithas avalue ob atz=p.

Furthermore, X (2) converges only outside a circle with radius eqodhe magnitude of
the largest pole.

Alternatively, we may consider using the discrémeetFourier transform
X(€9)=F{% 13} tostudyxqrn. X(e) converges as long ag >0 for all r.
However, the effects o, on the magnitude of the various componentsg[of are

difficult to quantify usingX (¢/) . We therefore define the spectrto, w) = S{ A i}

of x[n] as follows:

s} =%0.0 =Y 4,0,

. (4.3)
— i6
- 21 A eJ 50—0, 5(0—14
where
1, =0
5= 7 (4.4)
0, p#z0

We may also extend this definition to a general glemsignal,x[n , (implicitly

assuming it to be composed of damped complex sids)sim the following manner:

S{Xn} = K0, o) = Ao,w) & (4.5)
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although at this point it is not clear how to defiA(o,w) andf(o,w). We will

address this issue shortly.

We may graphically represeo, w) , given by Eqn. (4.3) (for the signaln|

given in Eqn. (4.2) ), in two ways as shown in B@.and Fig. 31.

Ao, w)

complex plane ¢= €7 € ) unit circle

Fig. 30. Polar representation 8{c, w) .
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A(o,w)

Fig. 31. Rectangular representationA{r, w).

Similar plots could be constructed fé(o,w). For S(o,w) given by Eqgn. (4.5),

for an arbitrary signak[ n| , both A(o,w) and 8(o,w) would appear as surfaces.

4.2 Discrete Spectrum of Arbitrary Complex Signals

We now return to the problem of definily(o,w) and 8(o,w) in general. To
define S(o,w) at an arbitrary poinfo, w) and for an arbitrary complex signal
XN =X nT) we proceed as follows. Assume tixfit] contains a term of the form
Ae’e" &, Construct a filter, specific to the poift, w), that passes the signal
Ae? e’ é” unaltered while significantly attenuating all atlseich signals. We will

employ a finite impulse respon@éR) filter for tractability and implement it in@on-

causal manner to avoid start-up transients.
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To be specific, assume we have a finite numbeawiges
Xn=XnT, n=0,1,---, N+ M-2. The filter output at the poirfiz, w) is denoted as

X, [N, n=0,1,---,N-1, where

%ol = (0, % (4.6)
where
(@)
ho.w)=| M7 (4.7)
(0, )

is the M -dimensional vector of filter coefficients,

X

X n+1]

X[ = , n=0,1,--,N-1, (4.8)

x[n+'m+1]

and H denotes the Hermitian (complex) transpose. filkés will be constructed to

meet the conditions:
(1) X, [N=%1 when xn= A¢ & & (4.9)

and
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X, [M=0 when xhE Aé* & &
o,z0 and/or wyZw

(@) (4.10)

We will address the first condition now and rettorthe second condition later. The first

condition requires that
h(o,o)X(d=9d n=0,1---, N-1 (4.11)
if Xrj=Ae’eéem &,
Under these circumstances,

e(—a+jw)n

e(—c7+ jw)(n+1)

X[ = A€’ : (4.12)

e(—a+ jw)(n+M -1)

or
X[ =90, ) Ad® E7119n (4.13)
where
S
e(—0+iw)
S(o,w)=| €79 | (4.14)

-1)(-o+jw)
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Thus Eqn. (4.11) becomes
h" (o, w)s(0,w) Ad? £7719" = AB @*i“r 501, NI (4.15)
Clearly, Eqn. (4.15) will be satisfied if and orily
h" (o, w)s(o,w)=1. (4.16)

Thus the first condition will be met exactlylif(c, w) satisfies Eqn. (4.16). There is no

easy or unique way to deal with the second conditibhere are a number of ways to

deal with Egn. (4.11), each leading to a diffegmectral estimation method.

4.3 Egtimating the Spectrum, S(o, w) , from Filter Output, X, [
At this point we consider the problem of estimatiBi@, w) assumingx, [n] is

available. We will later consider several methfisdeterminingh (o, w) , each leading

to a different version ok, ,[n. Specifically, we assume we have

X, o[, Nn=0,1,---,N=-1. If h(o,w) has been appropriately designed, then

X, [N = Ad? & &" (4.17)

More precisely,

ol = 0,0) 6" & +4 | (4.18)
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since S(o,w) = Aé”, where the errog[n] is presumably “small.”

It is noted that, ifx i F A€? €™ &" exactly and if our measurementxjir is

completely noise-free, then, evaluating Eqn. (44t8)=0, we have the simple result
S(o,w) = %, ,[0] (4.19)

In practice, howeverg[n] will contain remnants of other signal componemd$ aoise,
so Eqn. (4.19) may be in error. We will thus pextéo obtain an estimate 8o, w)

from x, [n] in such a manner as to minimize a weighted sutheo§quared-error terms

over some range of values nf Specifically, we will choos&(o,w) that minimizes

J= Kﬁmn]r e ffa{ hel e (4.20)

where* denotes complex conjugates K < N, and where, from Eqn. (4.18),
fgri=xJn-%gq " & (4.21)

The quantitya may be zero (equally weighing all the error terrpskitive (more
heavily weighing “early” terms), or even slightlggative (more heavily weighing “late”
terms). Furthermorey may be a function o&. It is noted that in the current literature

[2], ais always chosen to be zero aKdto be N .
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Temporarily denotingS(o,w) as S= B+ jC ande“€” as p, we have

123 (%l ~(B+ 0 B[ %L o B i§ ] &7 (22)

=0

AN

>

Following standard minimization techniqued(o, w) must satisfy

0J _
6_8_0 (4.23)
and
0J _
E—O (4.24)
This leads to
3= ([ti-s8](- )+ 5. 0= 58]~ B) =0 @29)
and

K=

2 =Y ([xulrl - s8]( 87)+[ 5L 1= 87B)(- ) ¥ =0 426)

LN

Subtracting Eqn. (4.25) from Eqn. (4.26) after edimg the j in Eqn. (4.26) results in

2Kzﬂ[xalw[n]- SP| p'é=0 (4.27)

n=0



63

Similarly, adding these equations results in

K-1

2Y [ Xoulni-S §"| B & =0 (4.28)

n=0

which is simply the conjugate of Eqn. (4.27). Thafter canceling the 2, both lead to

K-

H

0[ A -Sp] prér=0 (4.29)

or,
Sy, 1" =3, y b i € (4.30

or,

S(o, a))z e d" &" g = Z X[ In@" & " (4.31)
n=0
Employing Eqgn. (4.6), this becomes

S(o, w)Kz‘l gxrn = (a,a))f—){ f g2 gen (4.32)

Thus
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S(o,w) = No,w) e’

1

T @O @rme) 43y

where
K-1
L (o) =2 "
n=0
1_e—20K
e 770 (4.34)
K , =0
and
p— K_l .
X (o,w)=) X[re’ e (4.35)

where the properties of the geometric sum have besed in Eqn. (4.34). Itis noted that
this reduces to the standard result found in tieediure [2] wherr =0 and K =N,

namely

1

S(o,w) = L ()

W (0,w) X, (0,w) (4.36)

Further, it is observed that wheéi=1, Eqn. (4.33) reduces to
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S(o,w) = h" (o, w)X0] (4.37)

) _ o
It is also noted that when A

S(o,w) == h" (0,w) % (0,w) (4.38)

1
K
where X, is now a function only otv.

We have not as yet addressed the determinatidri@fw). Several alternative

approaches are possible. These are discussee fiollhwing sections.

4.4 Weighted 2D Capon M ethod

In this approach we minimize the weighted totalrgpen the filter output

X, [N while passing the signal component at frequeagzyand dampingg , unaltered.

We thus define
J :f\xa [ e (4.39)
C W .
n-0

In the conventional 2D Capon meth@gt=0 [2]. Just as in the case afin Eqn. (4.20)
[ may be zero, positive or slightly negative. Farthore, S may be a function o&r .

We have, using Egn. (4.6),
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N-1 2

Jo=) | (o)X e
n=0

N-—

=Z(ﬁ“(a,w)7<[ri)(?f(a, X[ ) €7 (4.40)

since|a|2 =aa . Using the fact that the second factor in Eqr@4is scalar and is thus

its own transpose,

N-1

Je= h" (0. )XAX h ko o) &7

>

=" (0.0)Y AR ) € 1o, @

Jo =h"(0,w)R; No,w) (4.41)
where
R, => A 1K b & (4.42)

We thus wish to chooske(a,w) to minimize

Je =h"(0,w)R;No,w) (4.43)

subject to



67

h(o,w)s(o,w)=1 (4.44)

as required by Eqn. (4.16). This is a standardicu minimization problem with

solution (see Appendix Sec. A.1),

R;'S(0, w)
5" (0,w)R Yo, w)

he(o.w) =

(4.45)

With Eqgn. (4.33), this leads to the weighted 2b&@aspectrum

1 S(o,w)R;
L (o +a)s" (0,w) R Yo,w)

S.(o,w) = X, (0+20,w) (4.46)

since R,}l is Hermitian. In the standard literature [,=0, a =0, andK =N, for
which Eqgn. (4.46) reduces to the conventional 2Ppdbaspectrum

_ 1 5(o,w)R*
Ly(0) 5" (0,0) R Y0, w)

S (0,w) X, (0,w) (4.47)

4.5 2D Capon Method in Frequency Domain
As an alternative to the time-domain minimizatioitezion of Eqn. (4.39), we
here consider a frequency domain approach. Fram #Bd33), assumingl = N, we

have

S(0,w) = ﬁﬁ“ (0,0) X, (0 + 21 ,00) (4.48)
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Now, assuminch(o, w) to be fixed, we can consider the spectral estimasmother
frequency,w,, given by

5,(0,%,) :ﬁﬁw,wm (0+2.@,) (4.49)

Letting a, =2W7Tk, k=0,1;-- ,N-1, we form

g =k (”“’)Z]s (0@ (4.50)

and will chooseh(o,w) to minimize J; subject to Eqn. (4.16). The positive constant

in front of the summation is added for convenieard does not affect the minimization

process. Proceeding,

L(o+a)R

Je = N

ZS(Uw)ﬁf(awk)

1
z
H

Z|~
=~
g

h"(o,w) X, (0 +2a,w )X} 0+ 20 w, )ho w)

aa))ZX (0+20,w)X (0+ 20 w,)ho w) (4.51)

k=0

Z||—\

The summation in Egn. (4.51) may be expanded &mifsi
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Xy(0+2a,@ )X (0 + 20 @,)

Z
iR

N-

,_\

H s( +za)(n+m)N_l 2Tk (nm)
X[ X[ rh & > en (4.52)

n=0 m=0

It may be shown that [95]

453
0, m#n ( )

=

N-1 27y {N, m=n
e N =
=0

Hence, from Eqn. (4.52),

N_liN (0+2a,w )X (0+ 20 w, )= NNZ_ly[n]—x*[ § @ (4.54)

=0 n=0

=

Substituting Eqn. (4.54) into Eqn. (4.51) results i
— N_l —
=h"(0,w)) X AX[ b €7 bo, o)
n=0

=h"(0.®)R,.,, 7o, @) (4.55)

This is exactly Egn. (4.41) witlf = o +2a . Thus the frequency domain version of the

2D Capon method is simply the weighted 2D Caporhoetvith a particular choice for
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£ . This development is of value, however, becauseggests the possibility of using

[ = o +constani in the weighted 2D Capon method.

4.6 Weighted 2D APES M ethod

In this approach we minimize the weighted leastsegifitting error between the
filter output and the signal component at the @esfrequencyw and dampingr, while
passing that component unaltered. (APES is angor foramplitude ancphase

estimation) We define

N-1

3= %ol - G0, ) €77

=0

g (4.56)

=)

where S(o,w) is the spectral estimate given by Eqn. (4.33)ere-Hhowever, it is
convenient to choosK =N anda = £ in Egn. (4.33). The usual comments apply to
B . ltis noted that whei3 =0, J, corresponds to the minimization criterion employed

in the conventional 2D APES method introduced lycatand Sundin[2]. Thus

2

(0,0 X (0+28,w) 719" & (4.57)

JA:NZ__:lEH(U’w)Y[r]_m

>

which is to be minimized oven(o,w) subject to Eqn. (4.16). We now have
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N-1

Ju= HH(a,w)(?[ri— =

Ly(o+B)

K(U*‘ZIB, C()) é—a+jw)n)

<H _ 1 wH -g—jw)n =28n7}
[Ex [r] N, X (o+2p6, w)é je lio, w)

= (o—,w)(z'—x[ X b e - Xo+2p @Z—%[ e er

1
Ly(o+5)

T p S ET I R v260

N-

N (m 72 Zé TeneTIon e X (g +2B,w) Y (0+ 28 w)] o )

1

Coip MO X 0428 0)

J,=h" (J,a))( R, -

_ 1
Ly(o+5)

Xy (0 +2B,w)X (0 + 28 w)

1 N-1 B o ~
+Lﬁ(a+5)§e X (0 +20,w) Xy (0+2ﬁ,a))j hio .w)

3, =R (a,w)( R-T (0+/3) X0 +28,0) X 0+ 28 w)j ho w)  (458)
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since
ge‘ﬂ“ﬂ)“ =L, (g +p) (4.59)
Thus
Ja=h"(0,w)Q,(0,w)h(o,w) (4.60)
where
1

Q0. w) =R, - X (@ +2B,w) X (@+28.w) (4.61)

Ly(o+B)

which is to be minimized subject to Eqn. (4.16)xh& than the fact thad, (o, w) is a
function of o andw (whereasR; is not), J, is exactly of the form ofl. in Eqn.

(4.41) in the weighted 2D Capon approach. Thus

Q; (0, w)s(0,w)

h,(o,w) = 4.62
W) 5" (0,w) Q' (0,w)'S(0,w) (4.62)
which leads to the weighted 2D APES spectrum
5% (0,w)Q'(0,w _
S,(0,@) = —— 0.0 OD) 3 (o+28.0) (4.63)

Ly(0+p) 35" (0,0) Q' (0,w)S(0,w)
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sinceQ,}l(a, w) is Hermitian. In the standard literature [# =0, for which Eqgn.

(4.63) reduces to the conventional 2D APES spectru

1 57 (0,w)Q (0, w)

— — L X, (0,w) (4.64)
Ly(0) 37 (0,w)Q (0,w)S(0,w)

S\(o,w) =

It is noted that the Matrix Inversion Lemrf@d] (see Appendix Sec. A.2) may be

used to facilitate the computation le(a, w), leading to

R;* X, (0 +28,0) %, (0 + 28.w) R’

OO G )X (0 2B.0R; X0+ 28.0)

(4.65)

requiring the inversion only oR;.

4.7 Combined Weighted 2D APES/ 2D Capon M ethod
The weighted 2D Capon method and the weighted 2EBA\ethod each offer
certain advantages. It might therefore be expetigida compromise of these advantages

might be obtained by combining these methods. cBoraplish this, define
‘]AC = (1_y)‘JC+y‘JA (4-66)

where0< y<1. For convenience, we chooge=N and a = £ in the weighted 2D

Capon method. Using Egns. (4.41) and (4.60) we hav

Jae =(A=y)h" (0,w) F\’ﬂ_h(a,a))+ yH' (0.w) Q w) ho .w)
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Jpe =N (0,0)(A-y)R, +y Q (0.w)) ho W) (4.67)

With Eqgn. (4.61) this becomes

JAc:ﬁ“(a,w)((l—y)Fwy%—L g RErB X (a+2.8m)]‘hb )

JAfﬁH(a’w)(R”_L B x(ﬁzﬁ’wm(mzﬂ’w)}w’w) o8

or
Jac =" (0,0)Q;, (0, W) h(o,w) (4.69)

where

Q0.0 = Ry~ L K@ 2B X 0+ 2B ) (470

As usual,h(o,w) is chosen to minimizd,. subject to Eqn. (4.16). We thus have

ﬁAC(J, W) =— Q;’V(o-’ w)s(0,w)

— — (4.71)
S (0,w)Q;,(0,w)s(0,w)

and
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1 5" (0,0)Q;, (0,w)

LA T @0 owsow MY G2

Sic(o,w) =

It is seen that the combined method is nothing rtftaie a parameterized version of the
weighted 2D APES method, which reduces to the noweahted 2D APES method

when y =1 and to the weighted 2D Capon method ( WKtl= N ) wheny =0. As
before, the Matrix Inversion Lemma [60] can be eygpH to rewriteQ/},ly(a, w) as

YR X, (0 +2B,0) X (0 +28.0) R

— = (4.73)
Ly (0 + B)~yX (0 +2B,0)R; X, (0 + 28 )

Qpy(0@) =R+

4.8 Summary of Methods

For the sake of clarity, in this section we wiligfly summarize the development

presented earlier in this chapter. We assume we &aignal of the form
=) Y0,0) s &+ noise A0,1--, M M2 (4.74)
where

S(o,w) = KNo,w) e’ (4.75)

and where we seek to estim&§r, w) based o n| .
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4.8.1 General Framework for Techniques

All of the techniques are based on the following stage methodology:

1.) At each(o,w) of interest, construct a lengtid- FIR filter h(o,w) for X1 that
passes the signal componen{@fw) and attenuates all others, resulting in the

filter output x, [ .
2.) Fromx, [n] estimateS(o,w) .

4.8.2 Existing Techniques

4.8.2.1 2D Capon

1.) Choose the filteh(o,w) that minimizes

N-1

AL (4.76)

n=f

subject toh" (o, w)s(0,w) = 1 (which ensures that the componen{@tw) is

passed unaltered).

2.) Choose the estimat®(o, w) that minimizes
N-1 2
J=>|dn| (4.77)
n=0

wheregln =x, [} - %0« €" &



This results in

1 5" (0,w)R*

L) Fowrtew M0 (4.78)

(0, w)

4.8.2.22D APES

1.) Choose the filteh(c,w) that minimizes
N-1 2
Ju = |eln] (4.79)
n=0

subject toh" (o, w)s(0,w) = 1.

2.) Choose the estimat& o, w) that minimizes

J= sze[ A’ (4.80)
This results in
1 57 (0,w)Q (0, w)

S,\(0,w) = Xy (0, w) (4.81)

Ly(0) " (0,0)Q(0,w)S(0,w)

4.8.3 New Techniques

In these proposed techniques certain choices qgfdhemeterX,a, 8, andy

can lead to improved estimation properties an&/duced computation time.

77



4.8.3.1 Weighted 2D Capon

1.) Choose the filteﬁ(a, w) that minimizes
K-1 2 —2pn
J(BK)=D %[0 €
n=0

subject toh" (o, w)s(0,w) = 1.

2.) Choose the estimat®(o, w) that minimizes
~ 2 _—2qn
J(@)=> |en| e
n=0

This results in

_ 1 s'(o.wR
%(0.0)= Ly(c+a) 5" (0,w)R Yo, w) X g+ 2m,@)
4.8.3.2 Weighted 2D APES

1.) Choose the filteh(o,w) that minimizes
N-1 2 e
JI(B)y=) |dn| e
n=0

subject toh" (o, w)s(o,w) = 1.

2.) Choose the estimat®o, w) that minimizes

(4.82)

(4.83)

(4.84)

(4.85)

78
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J(B) = NZ_1|5[ r|* e (4.86)

This results in

1 5"(0,0) Q5 (0.)

L©@+A) Toaqoasew MO G

S\(o,w) =

4.8.3.3 Combined Weighted 2D APES/ 2D Capon

1.) Choose the filteh(o,w) that minimizes
Jac(B.¥)=A=y)Ic (B, N)+y . (B) (4.88)
subject toh" (o, w)s(0,w) = 1.

2.) Choose the estimat&o, w) that minimizes

3B =Y e[ e (4.89)

This results in

1 5" (0,0)Q;, (0,w)

L0+ B) T (@0 o.wso. M2 620

Sic(o,w) =

which reduces to the weighted 2D APES result wherl and the weighted 2D Capon

result (with K = N) when y=0.
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4.9 Computational Considerations
We may evaluate the weighted 2D Capon spectBufa;, w), and the combined
weighted 2D APES / 2D Capon spectrufi. (o, w), for specific values o and w.
(It is not necessary to separately disc8s&r, w), since it is a special case of
S,.(0,w).) Itis generally of interest, however, to evéduthese quantities over an

equally spaced rectangular grid @f and w values. Certain computational efficiencies

may be exploited if this is done. Assume

g,=mAg, m=0,1--,N, -1 Ac>C( (4.91)

and

@, =kAw, k=0,1;-- N, -1, Aw> C (4.92)

That is, we are interested M, values ofc and N,, values ofw. To ensure that

O0<w<m, we choose

Aw=— (4.93)

We now consider the evaluation & (o +2a,w) and X, (o +28,w), as required by

the methods described above. It suffices to censidly X, (o +2a,w) where

0<K <N and whereo may be a function o&. Thus



Xy (o+2a0,w)= Zy([n] g(o+r2an gien

n=0

At the grid points this becomes

K-1 2T

— N
X (Jm + Za,a)k) = ZY[I’I] g (mio+2a)n o 2N,
0

n=l

or
_ 2N,,-1 -j2
X (Jm +Za,wk) - Z T(e[n] @ (mio+2a)n o 2N,
n=0
where

x[nl =

_ X[, n=0,1. K-1
0, n=K K+l N, -1

and where we have assum2N, > K, or N, 2 K/2

From Eqn. (4.96), it is seen tht, (o, +2a,w,) is the length2N_, vector

discrete Fourier transform of the quantiyn € ™***" which may be efficiently

(4.94)

(4.95)

(4.96)

(4.97)
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evaluated using the fast Fourier transform (FFTus, for a fixedm, X, (o, +2a,w,)

may be determined for ak, k=0,1:-- ,N, — 1, using one lengtl2N, vector FFT (in

this case one vector FFT consista\fordinary FFT’s). Itis further observed thaif
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is chosen agr = —mAaz’ X, (0, +2a,w,) becomes the FFT of [, independent of

m. Thus, one vector FFT suffices for af m=0,1;--,N, - 1.

As another issue, the evaluation®f(g,w) and S & w | require the inversion
of R, andQ,  (0,w), respectively. Ifg is fixed, thenR, needs to be inverted only

once over the entire grid and, if the Matrix InversLemma[60] is used, the inversion of

Qs,(0,w) likewise requires only one inversion Bf,. On the other hand, jf is a
function of o, then, in both case®, must be inverted once for each

m, m=0,1.--,N, -1
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Table 1 lists the number of leng&N_, FFT's andM xM matrix inversions for

various situations of interest.

Method a B FFT's Matrix
Inversions
Weighted 2D CaponK =N) not _0/2 constant MN,, 1
Weighted 2D CaponK =N) not _0/2 function(g’) | MN, N,
Weighted 2D CaponK = N) _0/2 constant 1
Weighted 2D CaponK =N) _% function(o’) N,
Weighted 2D CaponK =1) - constant 0 1
Weighted 2D CaponK =1) - function(o) 0 N,
Combined Weighted - constant MN,, 1
2D APES / 2D Capon
Combined Weighted - function(c), | MN, N,
2D APES / 2D Capon -0
p not /2
Combined Weighted - _a/ M N,
2D APES / 2D Capon 2

Table 1. Computational Requirements.
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4.10 Example

The following simple example will hopefully providiee reader with a better

understanding of the concepts presented in thigtehaWe consider the signal

) =2 oo g
4e—1(%) @ 0-008 é(zz%sa” +
2l (M) g0.00m é(so%se)” + (4.98)
461(%) @ 0-008 é'(ZlO%se)“ +
2e—i(%,) @000 ej(zzo%Sgn

with added Gaussian white noise (refer to Eqn4(}.7This signal has the spectral peaks

shown in Table 2.

w o A 0
2077, -0.003 2 %
22% 56 -0.008 4 _ %
5077256 -0.001 2 T
2107, -0.008 4 %

2201/ -0.003 2 B %

Table 2. Parameters for simulated signal.
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In the first instance we assume an SNR of 48 dBindgJthe conventional 2D Capon

method withN =512 and M =128, we obtain the estimated spectrum
S(o,w) = No,w) e’ . Fig. 32 is a 3-dimensional plot &{(c,w) vs. o andw. Fig.

33 is a contour plot oA(g,w). In both cases the five spectral peaks are euiden

2D-Capon surface plot of |S( ¢,w)] SNR=48dB

Fig. 32. 2D Capon surface of simulated signal \8NR=48dB.
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2D-Capon contour plot of |S(s,®)] SNR=48dB

0.018 4
0.016 - .
0.014 4
0.0121 .

0.01F .
0.008 | { } i
0.006 - .
0.004 - 4

0.002 - T

Fig. 33. 2D Capon contour of simulated signal v8ttR=48dB.

Fig. 34 and Fig. 35 are similar to Fig. 32 and Big). respectively, but with an SNR of 12

dB. The effect of greater noise is seen as a lroag of the peaks in the direction.



|S(o,m)|

0.02

2D-Capon surface plot of |S( o,m)| SNR=12dB

Fig. 34. 2D Capon surface of simulated signal 8NR=12dB.

87
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2D-Capon contour plot of |S(s,®)] SNR=12dB

0.018 - b
0.016 .
0.014 - b
0.012 .
o 0.01F .
0.008 - b
0.006 - i
0.004 - b
0.002 .
00 0‘5 1I 1!5 2‘ 2l5 ZL>
Fig. 35. 2D Capon contour of simulated signal v8ttR=12dB.
4.11 Summary

In this chapter we have introduced several newdimrensional spectral
estimation techniques: the weighted 2D Capon metihedweighted 2D APES method
and the combined weighted 2D APES / 2D Capon methib@vas shown that the
conventional 2D Capon method and the conventioDaARES method are special cases

of the new methods introduced in this chapter.
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The primary motivation for the introduction of tleasew techniques is to improve
spectral estimation capabilities, peak detectidinlygity, accuracy, and in some cases to
increase the overall performance of the specttahaton processing time. The two-
dimensional techniques introduced in this chapteicapable of estimating both
frequency and damping characteristics of a signdlaae well-suited to use for MRS

analysis.
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Chapter 5

Multiple-Channel Weighted 2D Spectral Estimation Methods

Many advancements have been made in the area afmdéing with multiple
receive coils. The most common technique foating a single MR image from
multiple-receive coils was introduced by RoemeglgR9]. Since multiple receive
coils are widely used in a clinical setting for igimag, it is also desirable to combine MRS
spectra from multiple receive coils. Several teghes for combining MRS absorption
spectra from multiple receive channels have beepqsed [39]-[42]. One technique for
combining MRS absorption spectra from multiple reeehannels which has gained

clinical acceptance was developed by Frigo, Heireal. [3].

In analyzing MRS results from multiple receive spthe data from each coil may
be processed separately to create a result foraichSignal characteristics from each
coil depend on a number of factors including therdgation of the coil with respect to the
Bofield, the proximity of the coil to the volume geatng the signal, coil loading, coil-
to-coil coupling effects, and the permeability gretmitivity of the medium through
which the radio-frequency signal travels [75] piioibeing received by the coil elements.

Regions of interest close to receive coil elembeptgefit from improved SNRs[30],[37].
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In this chapter we will extend the weighted 2D dpd@stimation methods
developed in Chapter 4 to the case of multiple-nkbdata. We will consider both
weighted signal averaging and weighted spectrumagieg. Although motivated by the

application to MRS signals, the development, &Shapter 4, is cast in a general setting.

5.1 Extensionsto Multiple Observations

In this case we seek to estima&@f{ i} = §g @ based on multiple observations
of the signalx n| (multi-channel case). Here we assume we l@veisy scaled
observationsx[n], i=1,2,---,C, of the complex signai[n[, for n=0,1,-- N+ M- 2.

More precisely,
x(M=gxd+g h =2, C (5.1)

where theu[n] are noise terms and tlig's are complex constants (channel gains). The

noise termsy[n] are assumed to be zero mean with variances
5{|Ui|2} =0>>0,i=12;-- C. We further assume that togn['s are mutually

uncorrelated and uncorrelated witir] . We will initially assume that thg's and p's

are known, and later consider the possibility dinesting these quantities from the data

if they are unknown.
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5.2 Estimating the Basic Signal, x[n|, from Observations, x[n|'s
For the first technique to be considered later @iire an estimateq n , of

X[ n . We will choose to seek an estimate of the foiltmgform (weighted average):
C *
qi=>wxh n=01L-- N+ M-2 (5.2)
i=1

where thew's are complex constants. We may also write

Xl =w'% (5.3)

where
W= (5.4)

and

x[n

_| %I

xn (5.5)

x:[n

We may also write
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i=gkn+d h (5.6)
where
9
g=| (5.7)
Oc
and
vy
- U [N
onl = : (5.8)
Uclnl
Thus
rl=w'gkh+ Wg b (5.9)

In order to ensure thay n| will be equal tox{n in the absence of noise, and is thus

properly scaled, we require that

Wg=1 (5.10)

Then Eqgn. (5.8) becomes

i=Xa+wdq h (5.11)



94

We will now determine the optimal, that is, the one that minimizes the energy

in W'g[r. We thus choose

N+M-2 2
ot

n=0

N+M-2

= > W qw

n=0

J, =W (MM WLla ] (5.12)

n=0

Since theu [n]'s are mutually uncorrelated, the off-diagonal teohg[n]o"[ ] will
sum to zero (approximately) and the diagonal temifissum (approximately) tqo?,
respectively, provided thall + M is reasonably large. Thug, becomes, at least

approximately

J, = W' R W (5.13)
where
g0 0
2
R, = (.) < (.) (5.14)
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J,, in Egn. (5.13) is thus to be minimized subjedEtm. (5.10). This has solution (see

Appendix Sec. A.1)

W= R0 (5.15)

thus providing the optimum weight vector. In tlese whereo” = p°, 1=1,2,-- C,

that is, in the case of equal noise variances, Egh5) simplifies to

=
]
(@]}

(5.16)

[(e]]
[(e]]

or

w=—I_ j=12;.C (5.17)

C
Z‘gi‘z
j=1

5.3 Estimating the 2D Spectrum, S(o, w)

We now consider two approaches to estimafig, w) in the case of multiple

observations.

5.3.1 Weighted Signal Averaging

Here we use Eqn. (5.3) with the weights given bg.K§.15) to obtain the

estimate
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~H 1~

XN :w (5.18)
of Xn. Then we simply replacgn by X[n in any of the methods in Chapter 4 for
determiningS(o, w) .

5.3.2 Weighted Spectrum Averaging

In this case, we first apply any of the method€bépter 4 to obtain the spectrum

S(o,w) of x[n], i1=12,--,C. We then form the weighted average spectrum
~ C *
S(o,w) =) W $(0,w) (5.19)
i=1

at each value o&r andw under consideration. If we were to use ti's from Eqn.

(5.15) and ifthe spectrum operatd#{} were linear, then Eqn. (5.19) would produce the
same spectrum as that obtained by the weightedlsageraging method. However,

S{B is nota linear operator. (Althoug§{cq i} = oS{ % i},

S{x[i+x 4} #S{ % ht+S{ % Int.) Itis therefore not clear what values to cleoos
for the w's in Eqn. (5.19) but those of Eqn. (5.15) would s¢eroe reasonable. It is

noted that this method requir€s spectrum determinations, and is thus considerably
more (C times more) computationally intensive than thegh®d signal averaging

method, which requires only one spectrum deternunat
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5.4 Estimating Channel Gains, g;'s, from Observed Data
Thus far we have assumed that the (required in each of the methods for

determining the spectrum) are known. In situatihsre this is not the case we may use

the observed data to obtain estimates ofgfseto use in determining the spectrum.
Unfortunately, it is clearly impossible to determitine g;'s in an absolute sense, since we
do not knowx[n]. However, we may estimate tiggs in a relative sense, i.e., within a

multiplicative constant.

From Eqgn. (5.1), we have

gix[n] = *r}+alui[ n i0,1,--, G =01+, N+ M-2 (5.20)

Thusix[n], i1=1,2,---,C may all be viewed as estimates>§f] . In the absence of

noise, we would thus have

1 1
== 5.21
Rl (5.21)

J

or

gixj[r] =9 X (5.22)
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for all combinations of andj . We will thus attempt to find a set gf's, i =1,2,-- C,

SO as to minimize

39 :Ngzii‘%m- g AN (5.23)

W

1
J

Obviously g =0, i=1,2;-- C, minimizesJ?, but this is clearly unsuitable for our

purposes. We will therefore, somewhat arbitraritypose the additional restriction that

((e]]

where § is given by Eqgn. (5.7) and where

1=’ (5.25)

The g;'s thus obtained will be estimates (arbitrarily sumgnio one) of the trug,'s, to

within a multiplicative constant. To carry ouethinimization process we must find

¢}
% for eachk, k=1,2:-- ,C. We can simplify this process for a specitidy looking
k

at only the terms o8¢ that containg, . These terms are given by
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n=0

0=y [lelgx([r] af i +Z\ g% In- g[x}lﬂ

izk ];tk

n=0 i=1
izk |¢k

Nfz[ﬂmm o i +Z| g kIn- gklﬂ

3 —2N+i2{2|9>&[r1 g h } (5.26)

izk

This is of the form of Eqn. (4.22), so by an analagjprocedure to that which produced

Egn. (4.29), we have

Nﬁoz{zlg.x(m gz " m]x h=0 5.27)

or
ggi(Ng‘z&[di[ ﬂlJ— Q{ZC: X]nk]n}zo (5.28)

or

C [
Zgi f _ngrii =0 (5.29)

ik 2k



where
0= 3 XA (5.30)
Defining
=3 (5.31)

i=1

Eqn. (5.29) may be rewritten as

c
Z Oifi + 0 (hy — rg) =0 (5.32)

i=1
izk

Combining Egn. (5.32) forak=1,2,-- ,C, we have
R,§=0 (5.33)

where

R=| ° e (5.34)

100
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We thus want to choosg so as to makéR; g as close as possible, in some sense, to

zero, subject ta@j™ 1 =1. We will choose therefore to minimize

J,=§"R'RT (5.35)

subject to

gii=1 (5.36)

This has solution (see Appendix Sec. A.1)

I|—\

(5.37)

(Qz>

_(R'R)'1
1(RIR) 1

which provides our estimate aff of g, to within a multiplicative constant.

5.5 Estimating Noise Variances, p's, from Observed Data
Just as in the case g@f's, we have thus far assumed that s are known. If
the p's are not known, we may be able to obtain estimaitéisem, provided that we

have sufficient data and provided that no signatponents have zero damping. To

accomplish this, we assume that we have obsengaxpn, i=1,2,---,C, for
n=0,1--,N, —1whereN, > N+ M-1. We further assume that for in the range

n=N,, Ny+1,--,N; -1, all signal components are sufficiently small sa@be
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negligible. Then in this range we will hawgn =u[ 1} and we may thus form the

estimates
1 & 2
2 .
AT NN n:ZN}SIXI |
1 N; -1
0 = [nx[g i=1,2,---,C 5.38
A= T 2 A (5.38)
5.6 Summary

In this chapter we have introduced two methodg@rforming two-dimensional
spectral estimation from multiple-channel data:ghieed signal averaging and weighted
spectrum averaging. Both techniques offer simptkeffective means of creating a
single combined spectral estimate from multiplercied data. We also introduced a
method to optimally estimate the relative chanm@hg from observed data. From a
clinical standpoint with respect to MRS, these mdthgreatly simplify interpretation of

results from multiple-channel data.
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Chapter 6

=valuation of 2D Spectral Estimation Methods

6.1 Introduction

In this chapter we evaluate the proposed new dhguos introduced in Chapters 4
and 5 through an extensive series of simulatioddATLAB © on known data sets. By
performing these simulations we can measure andtifyp¢he performance of the new
two-dimensional spectral estimation techniques uadmntrolled environment. The
types of input signals used [76] and the correspan8NRs will parallel those typically
found in MRS data; however the signals used[77]taedechniques used to evaluate the

results are general purpose in nature and not anmRS applications.

6.2 Definitions

Several definitions are relevant to interpreting tésults of the simulations done
in this chapter. Two-dimensional spectral estiomtechniques are used to estimate
both frequency and damping. As such, it serves@mvenience to consider a three-
dimensional coordinate system such as the one shofuig. 31 where one axis is

defined as the frequency axt, another axis represents dampiog, and the third axis

represents the magnitude of the spectral estidﬁ(tﬂ, a))| .

For a simple input signak[ n| , consisting of a single damped sinusoid, one

would expect the two-dimensional surface represgrithe magnitude of the spectral
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estimate|S(o, w)|, to contain a single “peak” corresponding to tiegfiency ) and

damping factor ¢') of the input signal.

6.2.1 Peak Spectrum

When performing two-dimensional spectral estimatdbe presence of noise, the
surface representing the magnitude of the speestahate|S(o, w)| , in the (o, w) plane

may contain widened peaks making it difficult tetdiguish with great accuracy where
the peak occurs. Therefore, for convenience, &g gneatly simplify the process of
determining where a peak occurs by developing &-pahancement utility to find peaks
and represent them as Dirac delta functions, igigoother data values by representing
them as zero. In this manner, a series of imgulsetions similar to the ideal ones
shown in Fig. 31 can be visualized to represenk peaurrences. It is noted that
potential peaks occurring at the largest valueradinalyzed are not included since it

cannot be certain that they are indeed peaks.

6.2.2 Noise Threshold for Peak Spectrum

In some cases we may wish to ignore very small paaking primarily from
noise. In this case we can define a noise thrdsbelow which all peaks are ignored.
This threshold may be based on a percentage ohéxénum peak found in a given
surface, or it may represent a pre-defined noa fl If a peak is detected, but falls

below this noise threshold, we simply ignore it.
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6.2.3 Projected Peak Spectrum

From the peak spectrum defined in Sec. 6.2.1 wewnsty to project the
maximum peak found along the axis onto thew axis creating a projected peak
spectrum. This is analogous to the spectrum obddirom a one-dimensional Fourier

transform in that it contains only frequency inf@tmn about the signal.

6.2.4 Simple Example
Using the signal defined by Eqn. (4.98) and TablatB an SNR=10 dB, we
now provide illustrative examples typical of thsuks we will examine in more detail in

the simulations carried out in this chapter. Fer¢onventional 2D Capon method with
N =512 and M =128, we obtain the estimated spectr8(u,w) = Ao,w)’?“ . Fig.
36 is a 3-dimensional plot 4)8(0, w)| vs. 0 and w while Fig. 39 shows the same
surface with peak-enhancement using a noise thiceshaero. Fig. 37 is a contour plot
of |S(a, a))| vs. o and w while Fig. 40 shows the same contour with peakaaobment.
Fig. 38 is a projection qS(a, w)| alongo onto thew axis and Fig. 41 shows a similar

plot with peak-enhancement. Fig. 42 is also preditb illustrate how the standard

Fourier transform of this signal compares to theeotechniques.
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2D Capon surface plot of |S( &,e)| with SNR=10dB

Fig. 36. Raw 2D Capon spectrum surface.
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Fig. 37. Raw 2D Capon spectrum contour.
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Fig. 38. Raw 2D Capon spectrum projection.
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Fig. 39. Peak-enhanced 2D Capon spectrum surface.
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Fig. 40. Peak-enhanced 2D Capon spectrum contour.
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Fourier transform with SNR=10dB
1.4 T T T T T

1.2 B

038 4

[S(e)|

06 A

04r .

02+ B

Fig. 42. Fourier transform.

6.3 Simulation Procedure

All simulations are implemented using MATLAB/ersion 6.5 on standard
Microsoft Window§’ based personal computers (PCs). Each resultiagsedis
analyzed to determine how many expected peaksaeteeted, and also how many false
peaks were detected. If an expected peak isteetethe root-mean-square (RMS) error

of the magnitude of this peak and the RMS errdheflocation of the peak in ther, w)

plane are computed.
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6.3.1 Peak Analysis

An important aspect of the simulation strategyisléfine a mechanism that can
be used systematically to analyze the resultsgaadtify with accuracy and precision
the performance of the particular algorithm beegted. A robust procedure is required
to determine the location of peaks in tfag w) plane. Therefore, the following peak
detection method is proposed. The peak identifingrocess determines that a peak
existsif its estimated magnitude is greater tloarequal tothe estimated magnitude at all

of the 3, 5, or 8 adjacent grid points.

In the simulations we will refer to those peakswndo exist in the simulated
signal aexpected peaksThese have known (expected) magnitédephased,
dampingo, and frequency. All peaks identified by the estimation techrecand
peak picking process will be referred todetected peaksA detected peak is considered
as atrue peakf its w matches that of some expected peak (i.e., lidhk@samew grid

line). All remaining detected peaks are classifisthlse peaks

For simplicity, we evaluate only one peak from eaclyrid line. In the case of
multiple peaks on the sanse grid line, we use the peak with the maximum vaaran
the case of two or more equal peaks on the sangeid line, we use the peak closest to
o =0. Furthermore, “peaks” detected on the maximaingrid line are ignored since it

cannot be assured that these are indeed peaks.
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6.3.2 Figuresof Merit
Each simulation is evaluated to quantify the acoyend effectiveness of the
spectral estimation technique in finding the expédgieaks and estimating their

characteristics. The four figures of merit usedtifis evaluation are listed as follows.

6.3.2.1 Percent Missed Peaks

% Missed Peaks # of expected peaks# of true pe 5(5100% 6.1)
# of expected peaks
6.3.2.2 Percent False Peaks
% False Peaks| 01 false peaks |, 50, 6.2)
# of possible peak

where# of false peaks # of detected peaks$t  of true prand

#of possible peaks # ab grid lin

6.3.2.3 Relative RM S M agnitude Error

(A magnitudg’
expected magnituc)ze

Relative RMS Magnitude Erroqr\/ 1 ; ( (6.3)

#of true peak

where Amagnitude= estimated magnitude expected ntagai

and where the sum is taken over all true peaks.
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6.3.2.4 Relative RM S Damping (o) Error

(Adamping’
. . \2
maximum dampinj

Relative RMS Damping Errox\/ 1 ;( (6.4)

#of true peak

where Adamping= estimated damping expected dam,
maximum damping = value of maximem grid |,

and where the sum is taken over all true peaks.

6.3.3 Test Signals

Three signals comprised of various known frequearay damping components
will be used for the simulations in this chapt&éhese were chosen to provide a variety
with regard to the number of signal componentssert@ss of peaks, peak amplitude
ratios, etc. Parameters for these test signalgraxéded in Table 3-Table 5 and the test

signals are shown in Fig. 43-Fig. 45.

6.3.3.1 Test Signal |

X = ol7) gooom {Foseh |
0.758_1(%) 0,008 é(l”%s&“ + (6.5)
0.25a000n ej(lg%se)”



Real

Imaginary

Magnitude
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w o A 0
6377, -0.002 1.0 T
Pas6 i
12771 -0.006 0.75 ;7
256 T /2
19177 -0.004 0.25 0
256
Table 3. Parameters for test signal .
Signal |
2 T T T T
1l 1
ol 4
1 _
2 200 400 500 800 1000 1200
time
2 T T T T
1 ‘ -
0 —
|
A f
_20 2C|)0 4C|)0 660 560 1 OIOO 1200
time
2 T T T T
15 .
] |
05 .
00 2C|)0 4CIJO EE)O 860 1 OIOO 1200
time
Fig. 43. Test signal I.



6.3.3.2 Test Signal |1

X = e(/) 50.000 1(30%56)”
o5a000m J(“sel |
0. 750! gooom (s
02500 gV 4

@ 000m ej(lzo%se)”
1% (/ ) —0 00N é(”%se)n

0. 5e( 7)) 000 é(l%%sa

g 000 ej(zzs%se)”
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(6.6)

w o A 6
-0.001 1.0
30756 7
40 -0.002 25.0 0
%56
50 -0.004 0.75
%56 - %
10077, -0.003 0.25 0
256
120r7, -0.001 1.0 0
256
12577, -0.002 10.0 ;7
256 2
19577, -0.002 0.5 ,7
256 - /2
22517, -0.003 1.0 0
256

Table 4. Parameters for test signal .
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Signal Il
40 T T T T
20 4
g o 4
o
20 |
-40 | | | | |
200 400 600 800 1000 1200
time
40 T T T T
> 20 4
g
a 0 —
(0]
£
= -20 | 4
40 1 ! ! | I
200 400 600 800 1000 1200
time
40 T T T T
o 30 I -
EN
2
s 20 4
[=)]
(0]
0 | | | |
0 200 400 600 800 1000 1200
time
Fig. 44. Test signal Il.
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6.3.3.3 Test Signal 111
X[ =0.56%%" +
O.7EBJ(_%) 0,002 é‘(l"%sé“ +
ej(%) @000 é'(3%53” +
0. 750003 6(34%56)” +
O.Eej(_%) g 0-00m é'(SS%se)“ +
ei(%) g000m ej(GS%SQn +

ei(3%) 0,005 é'(%%se)“ +

(6.7)

0.250-000 ej(n%se)” +
0.5l
O.5€j(_%) 0008 é(lm%sg”



w o A o
0 -0.004 0.50 0
10%56 -0.002 0.75 _ %
3172 56 -0.003 1.0 %

3477256 -0.003 0.75 0
55;72 56 -0.005 0.50 _ %

63%56 -0.001 1.0 %

66%56 -0.005 1.0 3%
73772 56 -0.004 0.25 0

95%56 0 0.50 %
104;7256 -0.006 0.50 _ %

Table 5. Parameters for test signal IIl.
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Signal 111
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2 ]
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-4 | | 1 1 |
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time
4 T T
> 2T iy
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(0]
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-4 ! ! 1 | |
0 200 400 600 800 1000 1200
time
4 T T
g 3] .
0
2
c 2 -
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(0]
E 1 —
0 | | |
0 200 400 600 800 1000 1200
time

Fig. 45. Test signal Ill.

6.3.4 SNR Consider ations

An appropriate amount of noise is added to eatheofest signals to achieve the
SNR desired for the particular simulation. Theitde noise is white, Gaussian, and
zero-mean. The details of how SNR is computedhese simulations are provided in
the Appendix in Sec. A.3. For multiple-channehglations, it is possible that the

channels being simulated may contain different SdlRes. For the analysis of these
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simulations, we will consider the maximum SNR dfcilannels as the parameter of

interest.

6.3.5 Comment on Grid Points

Empirical evidence suggests that simulated sigo@iponents not occurring at a
precisew grid point may be difficult if not impossible tetéct. Therefore, all
simulations being evaluated contain signal comptagrat occur at frequencies
corresponding to grid point values. Fortunatelyg$/data sets do not appear to have

similar limitations.

6.3.6 Simulations

A series of 14 different simulation sets was cdroat. The results of each set
were stored to a file, and plotted for ease ofrpritation. These simulations are related
to measuring the accuracy and efficiency of peaktification using the new techniques
introduced in Chapter 4 and Chapter 5. For s@mhnlation N =512, the number of
frequency @) grid points iN,, = 256, the number of dampingx() grid points
isN, =40, and the threshold below which all peaks are igdas
peak threshold=0.025 (10% of thesmallestsignal component in each of the signals

studied). In every case tf®NR was calculated based d, =768, regardless of the

length M of the filter (see Appendix Sec. A.3).
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6.3.6.1 Single-Channd Weighted 2D Spectral Estimation

Nine simulations are related to measuring the aoyuand efficiency of peak
identification using the weighted 2D Capon methbd,weighted 2D APES method, and
the combined weighted 2D APES/2D Capon methoddired in Chapter 4. Each of
these simulations used the three test signals, Mitsimilar but different noise signals
added at the appropriaBNR Each simulation pass thus consisted of 30 a&par
spectrum determinations using the particular metiedg studied. For each of the 30
runs the figures of merit as discussed in Sec2&v@re calculated and then averaged

together to form a combined representation whiches plotted.

6.3.6.2 Multiple-Channel Weighted 2D Spectral Estimation

Five simulation sets are related to measuring tearacy and efficiency of peak
identification using the weighted signal averagingthod and the weighted spectrum
averaging method introduced in Chapter 5. Eadhede simulations used the third test
signal, defined in Egn. (6.7), with 10 similar ldifferent noise signals added at the
appropriateSNR Each simulation pass thus consisted of 10 agpapectrum
determinations. In each case the figures of masrdiscussed in Sec. 6.3.2 were
calculated and then averaged together to form @cwed representation which is then

plotted.

6.4 Simulation Results
The results of the simulations carried out for Baghannel weighted 2D spectral

estimation are shown in Fig. 46 - Fig. 55. Theultssof the simulations carried out for
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multiple-channel weighted 2D spectral estimatiamgirown in Fig. 56 -Fig. 60. In some
situations it may not be possible to compute RM8rderms as specified by Eqn. (6.3)
and Eqgn. (6.4) since no peaks were detected.idrcéise, the data points are not

represented on the plots.

In all cases the four figures of merit are plottedsusSNRwhereSNRvaries

from —18 dB to 48 dB in increments of 6 dB. Fonweenience, the parametarsandf
are denoted ag =a,0+a, and S = B0+ [,. Inthe figure legends and captions any of
the parameter valueg,, a,, £;, andf, not shown are zero. The specifications for the

single-channel simulations and corresponding figare given in Table 6.

Fig. Method K M a B y
Fig. 46 weighted 2D Capon N variable 0 0
Fig. 47 weighted 2D Capon N variable _0/2 0
Fig. 48 weighted 2D Capon 1 variable 0
Fig. 49 weighted 2D Capon N 128 | variable|variable
Fig. 50 weighted 2D Capon N 128 | variable|variable
Fig. 51 weighted 2D Capon 1 128 variable
Fig. 52 weighted 2D APES variable 0
Fig. 53 variable variablg 128 | variablegg O
Fig. 54 combined weighted 128 0 variable
2D APES / 2D Capon
Fig. 55 weighted 2D APES 128 variable]

Table 6. Single-channel simulation specifications.
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It is recalled that weighted 2D Capon with=N, a =0, andf = (reduces to
conventional 2D Capon and weighted 2D APES withk O reduces to conventional 2D

APES.

All of the multiple-channel simulations use convenal 2D Capon with

M =128. Both signal averaging and spectrum averagingtadied for four channels

(C=4). For comparison, the corresponding single-chacag#(C =1) is also shown.

The specifications for the multiple-channel simiglias and the corresponding figures are

given in Table 7.

Fig. SNR SNR Channel Gains
Channel 1 Channels 2-4
Fig. 56 value shown value shown ideal
Fig. 57 value shown value shown — 6 dB ideal
Fig. 58 value shown| value shown —12 ¢B ideal
Fig. 59 value shown| value shown — 18 ¢B ideal
Fig. 60 value shown value shown ideal and
estimated

Table 7. Multiple-channel simulation specifications
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6.5 Peak I dentification Quality Measure

The simulations shown in Fig. 46-Fig. 60 demonsthaiw certain parameter
choices affect the figures of merit selected fadgt In some cases, it is observed that
parameter choices that yield a decrease in % thigsaks will cause an increase in %
false peaks. To better understand this influeand to measure the quality of a
particular set of parameter choices a peak ideatibn quality measure (PIQM) is

defined:

PIOM _((100%— %amissed peak)ij[( 100% % false pee)j: 6.8)

100% 100%

This represents the fraction of known peaks detiectaltiplied by the fraction of known

"non-peaks" not detected. The valueRIQM ranges from O to 1, witlPIQM =1

indicating perfect peak identification with no nmeglspeaks and no false peaks.

Conversely, for the case of 100 % missed peakd 88db false peakIQM =0.

It is useful to plotPIQM vs. SNR to compare the performance of various

parameter choices in terms of their peak identificecapabilities. It is also useful to

compare the total area under tREQM curve to gauge the performance over the entire
range of SNRs. A plot oPIQM vs. SNR for selected simulations shown in Fig H®-

51 is shown in Fig. 61.
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6.6 Computation Time Results

We will now extend our evaluation to consider tineing performance of the new
two-dimensional spectral estimation techniques;esthis is also a consideration when
deciding how to best implement two-dimensional sjaéestimation for MRS. The goal
of the timing simulations will be to determine ttaative timing performance of the
various weighted 2D Capon and the weighted 2D AREBNniques as a function of filter

size M).
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For the timing simulations a Dell Inspif81100 laptop computer, with an Intel
Celeroif CPU with a clock rate of 2 GHz, running Microsoftitfows XF version
2002, configured with 384 Mbytes of RAM was usddhe algorithms were implemented
in MATAB ® 6.5, release 13. We used the test signal defigdgbn. (6.7) with

SNR=18 dB and 5 noise instances for filter sizds={32, 64,128, 25€ and the

algorithm parameters shown in Table 8. Resultewgeraged over 5 runs and then

plotted in Fig. 62 and Fig. 63.

Algorithm a a, B, B,
Weighted 2D CaponK =N) 0 0 0 0
Weighted 2D CaponK =N) 0 0 0.001 0
Weighted 2D CaponK =N) -0.5 0 0 0
Weighted 2D CaponK =N) -0.5 0 0.001 0
Weighted 2D CaponK =1) 0 0

Weighted 2D CaponK =1) 0.001 0
Combined weighted 0 0

2D APES / 2D Capon)=0.5)
Combined weighted 0.001 0

2D APES / 2D Capony=0.5)
Combined weighted -0.5 0

2D APES / 2D Capon)=0.5)

Table 8. Parameters for timing simulation.

It should be noted that the particular choice ohp®eter values does not
influence computation time (except in those cadesrevone of the values is —0.5).

Rather, the results depend on whether the parasrateiconstant or functions of (see

Table 1 in Chapter 4). It is also noted thatimn B2 the cas&k =N, a #-0/2,
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[ = constani corresponds, in terms of computation time, to emional 2D Capon.

40 T

—&— K=N, ax-0/2, p=constant
—<— K=N, o=-6/2, p=function(c)
K=N, a=-c/2,f=constant
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Fig. 62. Weighted 2D Capon timing vs. filter lengt¥ .
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In analyzing the data for the weighted 2D Caponrhiatit has been determined

that the two new techniques designed with compartatitime as a consideratioi (=1

andK =N,a = —%) produce a reduction in computation time, relatoveonventional

2D Capon, ranging from about 35% ft =32 to about 17% foM =256. On the
other hand, the remaining three new techniquednequ increase in computation time
ranging from about 0-30% favl =32 to about 86-107% foM =256. For the
combined weighted 2D APES / 2D Capon method (innlydonventional 2D APES) all

techniques require roughly the same computatioa.tim
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6.7 Discussion of Results

The simulations just completed provide some tratgriesting findings. The
signals used for the simulations, with appropnaselaled noise provide a controlled
environment from which we can measure how wellrié&e proposed algorithms
perform. We wish to infer from the results of gimulations how these algorithms
might perform on MRS data sets; therefore the amalyf these simulations holds great
significance. We will now briefly review the sinatilons represented by Fig. 46 - Fig.

63.

6.7.1 Observations from Single-Channel Smulations

Certain conclusions can be drawn from the simuhatioThese relate to the
various performance trade-offs with respect tofitneres of merit considered (see Eqgn.
(6.1) — Egn.(6.4)): % missed peaks, % false paakstive RMS magnitude error,

relative RMS damping error, and execution time.

Fig. 46, Fig. 47, Fig. 48, and Fig. 52 indicate dffect of filter length,M , on

performance:

Fig. 46. Weighted 2D Capo(rK = N) for variousM's (conventional 2D Capon).

Fig. 47. Weighted 2D Capo(rK =N, a= —0/2) for variousM's.

Fig. 48. Weighted 2D CapofK =1) for variousM's.

Fig. 52. Weighted 2D APES for variold's (conventional 2D APES).
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For all four of these methods, in general:

1. AsM increases, % missed peaks and relative RMS danaping

decrease.

2. As M increases, % false peaks and relative RMS magnéurde first
decrease and then increase, suggestirgpamal mid-range value foiv

with respect to these measures.

It is also observed that when using weighted 2Do@éi§ = N), a = —0/2,,8 =0,

false peaks are virtually completely eliminated.atldition, for conventional 2D APES,
other studies [2] have shown that relative RMS ntade error may be significantly
reduced if better estimates for damping are avigltkbm some other method, i.e., 2D

Capon.

Fig. 53 compares these four methodsNbr=128. The results here should be

considered in conjunction with the computation tirsults.

The three 2D Capon methods generally perform betéer the 2D APES method,
and require significantly less computation timeowever, in light of the previous
comment regarding the use of 2D APES along witkebelamping estimates, 2D APES
may be appropriate if reduced relative RMS magmiteidtor is critical. The two new

weighted 2D Capon methods require less computétimnthan conventional 2D Capon.
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In addition these methods produce considerablyféase peaks. With regard to the
other measures they perform either slightly bestieghtly worse, or comparable to the

2D Capon method.

Fig. 49 and Fig. 50 indicate the effect of the paters ofa and S on the
performance of the weighted 2D Cap(jn = N) method forM =128. Fig. 49 shows

that certain parameter choices can result in afgignt reduction in % missed peaks, but
at the expense of increasing % false peaks antveeRMS magnitude error. Fig. 50
shows that certain parameter choices can leade@omore of the following: reduced
% false peaks, reduced relative RMS magnitude érdow SNR, reduced relative
RMS magnitude error for high SNRs, and reducedivel&®®MS damping error for low

SNRs.

Fig. 51 indicates the effect of the paramefeion the performance of the
weighted 2D CaporﬁK :1) method forM =128. Here, it is shown that certain

parameter choices can result in significant reduadt % missed peaks, but at the

expense of increased % false peaks and greatéveeRMS magnitude error

Fig. 54indicates the effect of the paramejeon the performance of the

combined weighted 2D APES / 2D Capon methodBer0 andM = 12¢ As expected,

as y varies from 0 to 1, the performance measures giypahow a gradual transition

from those of the conventional 2D Capon methodhtse of the conventional 2D APES
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method. However, with respect to relative RMS nitagle error at high SNR’s,

intermediate)y’s outperform bothy =0 and y =1, suggesting anptimalmid-range

value for y in this regard.

Fig. 55 indicates the effect of paramejgron the performance of the weighted

2D APES method forM =128. It is noted that certain parameter choicesreanlt in a

significant reduction in % false peaks and/or ,re&aRMS magnitude error.

Fig. 61 shows that for the weighted 2D Capon methibld K=N certain
parameter combinations lead to improved peak itieation as measured by tFeQM.
In addition, weighted 2D Capon with K=1 outperforamventional 2D Capon, again as

measured by thelQM.

In summary, it is seen that no one method is lbesll respects. The choice of
which method to use in a specific application isstdictated by the most critical aspect
of that application, for example, the ability tadias many true peaks as possible, the

accuracy of the magnitude estimates of those peaksemputation time.

6.7.2 Observations from Multiple-Channe Simulations

With respect to computation time, signal averageguires essentially the same
amount of time as would be required by the same&ination method for one channel.
On the other hand, spectrum averaging requrégmes as much computation time as

signal averaging.
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Fig. 56 (equal noise variances on all channelgyvstthat signal averaging
outperforms single-channel processing with respeatl measures, as would be
expected. On the other hand, spectrum averaging Ietter than single-channel
processing, with one exception: with respect ttalge peaks, spectrum averaging
outperforms both signal averaging and single-chigmmoeessing. Thus, because of its
poor performance and greater computation time,tapacaveraging would not be
appropriate unless the elimination of false pea#s the most critical requirement of the

given application.

Fig. 57 - Fig. 59 show that for unequal channetseaiariances (with one
“‘dominant” channel having a larg8NRthan the rest) signal averaging outperforms
spectrum averaging with respect to all measuresth&more, as the dominant channel
becomes “more dominanttfie performance of both signal averaging and sperctr

averaging gradually converge to the performandbesingle channel processing.

Fig. 60 shows that the use of estimated channekgastead of ideal channel
gains leads to virtually no performance degradatiath one exception: for low SNR’s
(below about 10 dB) the relative RMS magnitude res@reater using estimated channel

gains.

6.7.3 Observations from Computational Time Simulations
Computational time has been examined in Fig. 62Fagd63. For all proposed

methods examined, the filter sizd, , is quite obviously the single most important
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parameter affecting execution time. Another majint to note is that the weighted 2D
Capon technique is much faster than the weightedRBES technique or the combined
weighted 2D APES / 2D Capon technique. For theghted 2D Capon technique,
several computational efficiencies have been medsand based on performance
criteria established for the particular 2D speadstimation data set, these techniques

may provide acceptable performance with increapedd

6.8 Summary

In this chapter we have performed a series of extersimulations on test signals
consisting of mixtures of damped sinusoids witlieddént SNRs. In this way we were
able to provide precisely controlled inputs, andleate the accuracy and efficiency of
the new 2D spectral estimation techniques that baea proposed in Chapters 4 and 5.
We have shown through these simulations that tbpgsed techniques provide improved
performance when compared to standard 2D Capo2RrPES under certain
conditions. In the next chapter we will apply theew techniques to MRS signal

processing.
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Chapter 7

2D Spectral Estimation Methods Applied to MRS Data

Having completed a thorough introduction in Chagtef the weighted 2D
Capon, weighted 2D APES, and combined weighted PB®3/ 2D Capon methods; and
the introduction in Chapter 5 of the new multipleaanel 2D spectral estimation
techniques utilizing spectrum averaging and signaraging; followed by an extensive
set of simulations in Chapter 6 demonstrating ffectveness of these new methods, we
now apply these techniques to MRS signal processinghis chapter we provide
several examples of the new processing techniquaged to MRS data acquired from
phantoms containing solutions of known concentratiof metabolites, and to a limited
set ofin vivo data sets acquired from human volunteers. Throlgge examples, we
provide an evaluation of the performance of varidDsspectral estimation techniques

from a variety of viewpoints.

MRS provides a noninvasive means of determiningneta& information from a
region of interest, often located in the humanrhralt has continued to grow as a
successful clinical application[78]-[85] and hasdme vitally important for the
diagnosis, detection and effective managementinaber of diseases. The
combination of MRI and MRS has almost eliminateg iieed to perform exploratory
surgery as a means of clinical diagnosis. Thenigcies proposed in Chapter 4 and

Chapter 5 hold great promise to further improve M#83 clinical application.
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The reproducibility and accuracy of clinical MRSaexinations has been the
subject of several studies[86]-[88]. One parametgreat interest to the clinician is T
the effective decay rate of transverse magnetizati€hanges in I provide useful
diagnostic information[89]-[92] for a number of déses and also provide some

indication of functional activity.

7.1 Conventional 2D Capon and 2D APES Methods Applied to MRS Phantom Data
Conventional 2D Capon and conventional 2D APES ipeimproved spectral
estimates compared to those provided from conveaitilRS absorption spectra via
Fourier transformation. Spectral peaks that avsecln frequency are more easily
separated using conventional 2D Capon and conveitRD APES. The accuracy of
these spectral estimates is improved as well simdé&e one-dimensional methods based

on the Fourier transform, true amplitudes are naskad by the effect of damping.

The damping information provided by conventional @&pon and conventional
2D APES may be of significant clinical utility. Irtij et al., have studied, T
characteristics for a number of metabolites intthman brain[86]. The spectral
estimates provided by conventional 2D Capon andeational 2D APES provide a
means of estimating,T, the effective decay rate of transverse magnéizator several

metabolites of interest[74].

Empirical results have shown that conventional 2ip&@ analysis provides a

more accurate estimate of frequency and dampirgg sirprovides fine resolution to
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resolve closely spaced peaks, while conventionahPES provides a more accurate
estimate of the amplitude for a given frequency @awchping factor [58]. Stoica and
Sundin propose that using conventional 2D Capa tiir find the peaks, then using
conventional 2D APES to estimate the amplitudesides benefits compared to using
just one technique or the other[2]. In Sec. 4.7vaposed a hybrid technique that

combines the two methods.

Conventional 2D Capon and conventional 2D APEShsansed to compute two-
dimensional spectral estimates on the same rawadgtared to generate the
conventional MRS absorption plot shown in Fig. 29g. 65-Fig. 68 compare various

plots of a conventional 2D Capon spectrum and aeational 2D APES spectrum

computed usin®! =1792, N, = '% ,N, = 40, peak threshol¢ 0.(andM =256 from

the GE MRS phantom.

The MRS experiment for this comparison was perfarmngng a GE 1.5T MR
scanner and a single-channel head coil with PRESSh@ cc volume, with a TE of
35msec and a TR of 1500msec, 2 NEX, 8 referenceefsaand 16 water-suppressed
(CHESS) frames. The total scan time was 1 miante18 seconds. The conventional

MRS absorption spectrum from the GE MRS phantonttfierscan is shown in Fig. 64.
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157

14 2

12T

[Sto.e

0 ppm

Fig. 66. Conventional 2D Capon (top) and converai@D APES (bottom)
peak-enhanced spectra obtained from the GE MRS @tman



158

0.018 i
0.016 - B
0.014+ -
0.0121 i
0.01F B
0.008 - 4 B
0006 | 4 ¢ B
0.004 - B

0.002 -

4.0 3.0 2.0 1.0 0.0
ppm

0.018| ]
0.016} .
0.014} ]
0.012} ]
001} ]
0.008 | ! ]
0.006 |- ) .
0.004 | .

0.002 - Bl

4.0 3.0 2.0 1.0 0.0
ppm

Fig. 67. Conventional 2D Capon (top) and converai@D APES (bottom)
contour plots obtained from the GE MRS phantom.



159

©w
T
1

maX; |5(c c)

N
T
1

4.0 3.0 20 10 0.0
ppm

max; |S(c,m)|

4.0 3.0 2.0 1.0 0.0
ppm

Fig. 68. Conventional 2D Capon (top) and converdi@D APES (bottom)
maximum peak projections obtained from the GE MR&npom.
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It can be seen clearly from Fig. 68 that the cotieeal 2D Capon method finds
two peaks that are missed by the conventional 2B@\Rmethod. In addition, the 2D

Capon method requires considerably less computttion

7.2 Weighted 2D Capon Method
7.2.1 MRS Phantom Data

Simulations from Chapter 6 showed that weightedZ2ipon analysis performs
better at finding peaks than standard 2D Caporysisah certain cases. In this example,
we use the phase-corrected, water-suppressed MRS siith residual water removed

obtained during an MRS experiment from the GE MR&ntom to compare weighted

2D Capon analysis witlf? = —% to weighted 2D Capon analysis with=0.004, both

methods usingN =1792,N,, = '% ,N, = 40, peak threshol¢ 0.landM =256. The

MRS experiment for this comparison was the santbashown in Fig. 64 and
described in Sec. 7.1. Fig. 69-Fig. 72 show compas of how effective these two

weighted 2D Capon techniques are on the data azhfrom this scan.
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Fig. 70. Weighted 2D Capon with = —0/2 (top) and weighted 2D Capon with
£ =0.004 (bottom) peak-enhanced spectra obtained from BB&¢BS phantom.
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It is seen that in terms of identifying peaks bothhese methods perform in a

similar fashion. Using3 =-9/, requires more than double the computation tima tha
2

using S =0.004, which requires the same computation time as adioeal 2D Capon.

Comparing the results of conventional 2D Capon2IDd\PES from Fig. 68 with the
weighted 2D Capon methods shown in Fig. 72 ieensthat the two new weighted 2D
Capon methods significantly outperform conventidialCapon and 2D APES in terms

of identifying peaks.

7.2.2 In Vivo Data

We now compare weighted 2D Capon analysis v@th —% to conventional

2D Capon analysis for am vivo MRS data set obtained from the brain of a healthy
human volunteer. The MRS experiment for this camspa was performed using a GE
1.5T MR scanner and a single-channel head coil RRESS on an 8 cc volume, with a
TE of 35msec and a TR of 1500msec, 2 NEX, 8 reterdrames and 64 water-

suppressed (CHESS) frames. The total scan tise8wmainutes and 42 seconds. For the

comparison, we selectetll =1792,N_ = W , N, =40, peak threshold- 0.0 and

M = 256 for both the weighted 2D Capon analysis and cotiweal 2D Capon analysis.
The data set from which spectral estimates wetgetevas the phase-corrected, water-
suppressed MRS signal with residual water removiéte conventional MRS absorption

spectrum from the brain of a human volunteer isshm Fig. 73. Fig. 74-Fig. 77 show
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comparisons of how effective these two weightedCHpon techniques are on the data

acquired from this scan.

Absorption
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Fig. 73. MRS absorption spectrum from human volentesing single-
channel head coill.
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Using weighted 2D Capon wifh= —0/2 finds many more peaks than

conventional 2D Capon, however weighted 2D Capdh Wi= —% requires more than

double the computation time.

7.2.3 Weighted 2D Capon Execution Time Considerations for MRS Phantom Data

One aspect of the clinical utility of MRS is reldt® the time it takes to acquire
data from a patient, and then to properly analfjiedata. Because the scan TR for most
spectroscopy scans is long, anything that can patlyrshorten scan time to reduce the
length of the scan is of vital importance[93]. Atdhally, any MRS processing time
reductions may also provide clinical benefits, esdby in the case of an emergency

when the speed of obtaining an accurate diagnasysprmovide a life-saving benefit.

To study the relationship between processing tintethe ability to detect
spectral peaks, we acquired MRS data from a GE RlR®tom using a single-channel
head coil with PRESS on an 8 cc volume, with a TB5msec and a TR of 1500msec, 2
NEX, 8 reference frames and 16 water-suppresse@8Hiframes. The total scan time
was 1 minute and 18 seconds. The MRS experimethifocomparison was the same as
that shown in Fig. 64 and described in Sec. AJking the phase-corrected water-
suppressed MRS data with residual water removetésted three techniques for filter
length M varying from 100 to 400 in increments of 50. Téegre conventional 2D

Capon, weighted 2D Capon with =1, 5 = 0.00¢, and weighted 2D Capon with
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K =N, =0.00¢€ In all cases we useN =1024,N, = 2048N, = 4, and gpeak

threshold equal to 5% of the maximum peak detected.

For the timing measurements, we used a persongluemmanufactured by
Milwaukee PC (Milwaukee, WI, USA) configured with éntel Pentium 1P CPU with a
clock rate of 1 GHz, running Microsoft Windows KEersion 4.90.3000, configured
with 128 Mbytes of RAM. The algorithms were implemted in MATAE® 5.3, release
11.1. Fig. 78 summarizes the results, showingitireber of known peaks[2] detected
versus execution time. It is seen that both ofnte weighted 2D Capon methods
outperform the conventional 2D Capon method. Hpatty, for a fixed execution time
the new methods identify more known peaks. Altévedy, to find a fixed number of

known peaks the new methods require less exectitian
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Fig. 78. Effectiveness of peak detection using Wieid 2D Capon analysis.

7.2.4 Performing 2D Spectral Estimation on MRS Phantom Data with no Phase
Correction

We will now examine how conventional 2D Capon asalyvorks on MRS data
sets that have not been phase-corrected and fehwésidual water has not been

removed. In this example, we acquired MRS data filtte GE MRS phantom and used
conventional 2D Capon analysis with=1792,N, =N 5N, = 40,

peak threshold=0.0 andM =256. The MRS experiment for this comparison was
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performed using a 1.5T GE MR scanner and a singentel head coil with PRESS on

an 8 cc volume, with a TE of 35msec and a TR oDhigec, 2 NEX, 8 reference frames
and 16 water-suppressed (CHESS) frames. Thestdaltime was 1 minute and 18
seconds. The MRS experiment for this comparisas tiva same as that shown in Fig. 64

and described in Sec. 7.1.

In Fig. 79 we compare the magnitude of Fouriergfamnmed water-suppressed
MRS data with and without phase-correction ancdtesdiwater removal. It can be seen
in this example that the presence of residual waterferes substantially with the ability
to resolve peaks when using the Fourier transfdmtig. 80-Fig. 83 we use the
conventional 2D Capon techniques on the same d&tg/i®lding the results shown in
Fig. 79 to observe how effective the conventiorialapon method is in resolving
metabolite peaks in the presence of residual waldrese figures show that for
metabolites of interest the conventional 2D Capeithiod is able to resolve metabolite
peaks from the data set that has not been phaseta and from which residual water
has not been removed. However, on closer exaramafiFig. 83 we note a slight shift
in the frequency of these peaks for data withoaispkcorrection and residual water

removal.
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Fig. 80. Conventional 2D Capon analysis of watggsessed MRS data with (top) and
without (bottom) phase-correction and residual wegenoval.



177

[S(o @)l

Fig. 81. Conventional 2D Capon peak-enhanced spetivater-suppressed MRS data
with (top) and without (bottom) phase-correctionl aesidual water removal.
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7.3 Multiple-Channel 2D Spectral Estimation

We have proposed two main techniques for multipl@anel 2D spectrum
estimation of MRS data: signal averaging and specttiveraging. These techniques
have been examined in Chapter 6 through extensiwdations (see Fig. 56 - Fig. 60).
We would now like to compare and contrast how thegetechniques work on data
acquired from MRS experiments. In our first seéxperiments, we study the techniques
applied to data acquired from an MRS phantom. Neée aapply spectrum averaging and

signal averaging tm vivo MRS data acquired from the brain of a human veent

It should be pointed out that the 2D spectral esiiom techniques used in this

section used estimated channel gaigss] from observed data as described in Sec. 5.4.
Also, the noise variancegl) as described in Sec. 5.5 were estimated fronaste248

samples of each observed signal where the lengtireafignal is:N, =2048.

7.3.1 Conventional 2D Capon Analysis of MRS Phantom Data

Simulations from Chapter 6 showed that two-dimemsigpectral estimation
techniques based on spectrum averaging and sigeagng are both effective although
signal averaging usually appeared to be the mathoboice. We now compare
spectrum averaging and signal averaging technigsed on MRS data acquired using an
eight-channel domed head coil, manufactured by B&lices, Inc. (Waukesha, WI,
USA) from a GE MRS phantom. The scan was perforasitg a GE 1.5T MR scanner

and a PRESS sequence on an 8 cc volume, with d 3&msec and a TR of 1500msec, 2
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NEX, 8 reference frames and 16 water-suppresse@& 8 frames. The total scan time
was 1 minute and 18 seconds. The conventional BBSrption spectrum from the GE
MRS phantom for this scan is generated by the ndedlescribed by Frigo, Heinen, et
al.,[3],[4] and is shown in Fig. 84. An MRS absiwp spectrum is generated for each of

the 8 channels and shown in Fig. 85.

Each channel was processed independently to dpplgdpropriate phase-

correction and residual water removal on the watgrpressed MRS data obtained during

the MRS experiment. Conventional 2D Capon analygis N =1792, N, = % ,

N, =40, peak thresholé 0.C and M =256 is then used with spectrum averaging and
signal averaging to compute the results. Fig. 8-89 show comparisons between using
spectrum averaging and signal averaging technitpuesmpute 2D spectral estimates on

the data acquired from this scan.
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Fig. 84. MRS absorption spectrum from GE MRS phantsing 8-channel
head coll.
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Fig. 85. “Stacked” MRS absorption spectra from eadeive coil for GE
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Fig. 86. Signal averaging (top) and spectrum ayega(bottom) used with
conventional 2D Capon analysis on a GE MRS phantom.
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Fig. 87. Peak-enhanced spectra obtained by sigeahging (top) and spectrum
averaging (bottom) with conventional 2D Capon asiglpn a GE MRS phantom.
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Fig. 88. Contour plots obtained by signal avergdtop) and spectrum averaging

(bottom) with conventional 2D Capon analysis onEaMdRS phantom.
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Fig. 89. Maximum peak projections obtained by algiveraging (top) and spectrum
averaging (bottom) with conventional 2D Capon asialpn a GE MRS phantom.
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It is observed from these comparisons that signalaming and spectrum
averaging both provide suitable 2D spectral esesédr the data obtained from the GE
MRS phantom. The signal averaging technique findese peaks and is approximately 8

times faster.

7.3.2 Conventional 2D Capon Analysis of In Vivo Data

We now compare spectrum averaging and signal avgrégchniques used am
vivo MRS data acquired from the brain of a human volemtgth an eight-channel
domed head coil, manufactured by MRI Devices, (Waukesha, WI, USA). The scan
was performed using a GE 1.5T MR scanner and a BRE§uence on an 8 cc volume,
with a TE of 144msec and a TR of 1500msec, 8 NEdXf@rence frames and 16 water-
suppressed (CHESS) frames. The total scan timeé8vmainutes and 48 seconds. The
conventional MRS absorption spectrum for this ssagenerated by the method
described by Frigo, Heinen, et al.,[3],[4] andh®wn in Fig. 90. An MRS absorption

spectrum is generated for each of the 8 channdlslaown in Fig. 91.

Each channel was processed independently to dpplgdpropriate phase-

correction and residual water removal on the watgrpressed MRS data obtained during

the MRS experiment. Conventional 2D Capon analygis N =1792,N, = '% ,

N, =40, peak threshold= 0.0 and M =256 is then used with spectrum averaging and

signal averaging to compute the results. Fig. B®- 95 show comparisons between
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using spectrum averaging and signal averaging tgoha to compute 2D spectral

estimates on the data acquired from this scan.
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Fig. 90. MRS absorption spectrum from human volentsing eight-channel
head coill.
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Fig. 91. “Stacked” MRS absorption spectra from e&deive coil from brain
of human volunteer.
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Fig. 92. Signal averaging (top) and spectrum ayega(bottom) used with
conventional 2D Capon analysis on the brain ofmdmuvolunteer.
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Fig. 93. Peak-enhanced spectra obtained by sigeahging (top) and spectrum
averaging (bottom) with conventional 2D Capon asialpn the brain of a human
volunteer.
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Fig. 94. Contour plots obtained by signal avergdtop) and spectrum averaging
(bottom) with conventional 2D Capon analysis onlireen of a human volunteer.
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As was observed from our multiple-channel studs&egithe GE MRS phantom
in Sec. 7.3.1 we observe from these comparisorndtaaignal averaging technique finds
more peaks than the spectrum averaging technigqliéasthe additional benefit that it is

approximately 8 times faster when using an 8-chlameeive coil.

7.3.3Weighted 2D Capon Analysis of MRS Phantom Data

We now compare using multiple-channel conventi@talCapon analysis with
multiple-channel weighted 2D Capon analysis. dthlrases, signal averaging will be
used on MRS data acquired using an eight-chanmeéddead coil, manufactured by
MRI Devices, Inc. (Waukesha, WI, USA) from a GE MBfs&antom. The scan was
performed using a GE 1.5T MR scanner and a PRE@#8ee on an 8 cc volume, with
a TE of 35msec and a TR of 1500msec, 2 NEX, 8 eafar frames and 16 water-
suppressed (CHESS) frames. The total scan tiselwmainute and 18 seconds. The
MRS experiment for this comparison was the santbasshown in Fig. 84 and

described in Sec. 7.3.1.

Conventional 2D Capon analysis with=1792,N,, = % N, =40,
peak threshold=0.0 and M =256 is compared to weighted 2D Capon analysis with
N =1792,N, = '% , N, =40, peak threshold 0.0, 5 = - A andM = 256. Fig. 96 -

Fig. 99 show comparisons between the conventidnaC&pon technique and the

weighted 2D Capon technique for the multiple-ch&diaga acquired from this scan.
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Fig. 96. 8-channel signal averaging for convergi@D Capon (top) and
weighted 2D Capon with3 = —%(bottom) on the GE MRS phantom.
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Fig. 97. Peak-enhanced spectra from 8-channellsigreaaging for conventional 2D
Capon (top) and weighted 2D Capon wj+ —%(bottom) on the GE MRS phantom.



0.018

0.016

0.014

0.012

0.008

0.008

0.004

0.002

0.018

0.016

0.014

0.012

0.01

0.008

0.006

0.004

0.002

b
<> _
[
) / i
} !
1 Il Il Il Il
4.0 3.0 2.0 1.0 0.0
ppm
] ° .
4 [}
° )
<) _
Il Il Il Il Il
4.0 3.0 2.0 1.0 0.0
ppm

197

Fig. 98. Contour plots from 8-channel signal agarg for conventional 2D Capon (top)

and weighted 2D Capon with = —%(bottom) on the GE MRS phantom.
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From Fig. 99 we observe that the 2D weighted Cdpohnnique identifies more
peaks from this brain study than the conventioalCapon technique. It should be
pointed out, however, that the 2D weighted Capohrijue chosen for this evaluation is

more than twice as slow in terms of execution speed

7.4 Summary

In this chapter we have examined a number of exesrgfl applying 2D spectral
estimation techniques to MRS data processing.t, ks compared conventional 2D
Capon analysis to conventional 2D APES analysigenT we examined how weighted
2D Capon analysis performed on MRS data acquirgd)assingle-channel head coil
from the GE MRS phantom and from the brain of dthgavolunteer. We further
extended our investigation to demonstrate how icewtaighted 2D Capon techniques
can identify more peaks in less execution time tt@rventional 2D Capon analysis. We
also investigated how well conventional 2D Capoalysis performs on MRS data sets

that have not been phase-corrected and from wegtual water was not removed.

For multiple-channel MRS data sets, we compareubsigveraging and spectrum
averaging using conventional 2D Capon analysis &EMata acquired using an eight-
channel head coil. Both techniques seem to wotkamedata from the GE MRS
phantom and from the brain of a healthy human welem Signal averaging seems to
identify more peaks and requires less computatipradessing. We extended our
investigation to demonstrate how multiple-channeighited 2D Capon techniques work

with signal averaging.
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The application of the new 2D spectral estimatexhhiques to data acquired
during MRS scans seems to offer the same bensfilet@rmined from the simulations
performed in Chapter 6, namely, increased pealctietecapabilities and/or reduced
execution time for certain cases. We have shdwmough the examples in this chapter
that these new 2D spectral estimation techniquedeaised effectively for MRS

applications and show great promise for futuregragon into common clinical practice.
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Chapter 8

'Summary and Conclusions

The motivation for the research discussed indtgsertation was initially to find
improved signal processing techniques for MRS tbénthe non-invasive measurement
of blood glucosén vivo for improved diabetes disease management andotontihe
2D spectral estimation techniques that evolvedbtitis research, however, apply to
typical clinical MRS applications as well, so tlesults of this research have a much
broader impact than was originally intended. A¢$ time, we provide a brief summary
and offer conclusions related to the new signat@ssing techniques introduced for 2D

spectral estimation and for their application to M&ata.

8.1 Summary

We began our discussion with a brief review ofgthiaciples of nuclear magnetic
resonance in Chapter 2. The remarkable sciewligicoveries that were made long ago
have provided a foundation upon which MR scannave libeen created, and the impact
of these medical imaging machines to the practicenodern medicine has been

extraordinary.

In Chapter 3 we examined SVQ proton MRS whiclymsdally used in a clinical
setting to quantify metabolites in the human braivie provided a comprehensive review

of the signal processing algorithms that are tydmaMRS SVQ scans and carefully
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documented each processing step. A significantriborion of our work has been to
implement efficient algorithms in MATLAB to creaéeconventional MRS absorption
spectrum from data acquired during an SVQ studyp&dh single-channel and multiple-

channel SVQ. These algorithms are included inAfgendix, Sec.A.4.

In Chapter 4 we introduced sevenaWwnonparametric two-dimensional spectral
estimation techniques: the weighted 2D Capon niktthe weighted 2D APES method,
and the combined weighted 2D APES / 2D Capon methidch of these techniques
provides spectral estimates of damping as welteagiency, making them useful for
MRS data analysis. We show through extensivelsitons carried out in Chapter 6 that
these new techniques offer improved performanderms of peak identification ,
estimation accuracy and/or computation time ovewveational 2D Capon and 2D APES
in certain cases. MATLAB implementations of thasgorithms are included in the

Appendix, Sec. A.5.

In Chapter 5 we introduced tweewalgorithms for multiple-channel 2D spectral
estimation: signal averaging and spectrum averagiBgch of these techniques provide a
means of creating a 2D spectral estimate from pieithannel MRS data. We also
introduced a method to optimally estimate the netathannel gains from observed data,
which provides great benefit when the ideal gaamsehich channel are not known. This
technique is potentially applicable to a varietyotfier problems as well. We show
through extensive simulations carried out in Cha@the merits of these new

techniques. MATLAB code for the simulations isluded in the Appendix, Sec. A.6.
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In Chapter 6, we evaluated the proposed new teabsigptroduced in Chapter 4
and Chapter 5 by performing an extensive set ofilsitions. The motivation for
performing these simulations was to provide a ailetl set of conditions, and then to
compare and contrast the performance of these lganitams for several different
scenarios. In this chapter we also introducedtmeepts of peak spectrum and
projected peak spectrum. While these are rathgplsiideas, they greatly enhance the

user's ability to interpret the data.

In Chapter 7 we applied the new techniques propwms€dhapters 4 and 5, and
simulated in Chapter 6, to data collected duringvXperiments. Examples were
provided demonstrating how these techniques woMR$® studies involving phantoms
with known concentrations of metabolites, as welirea limited number dh vivo MRS

studies involving human volunteers.

8.2 Conclusions
In the case of single-channel 2D spectral estimagatensive simulations have

led to the following conclusions for the situatistadied:

1.) For the weighted 2D Capon and weighted 2D ARtEeShods, and their
conventional counterparts, the filter lendth should generally be made
as large as possible to reduce missed peaks aedg@aks. On the other
hand, intermediate values df lead to reduced magnitude and damping

estimation errors.
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2.) The weighted 2D Capon method fér=1 and forK =N, a = —%

provides computation time savings of 17-35% as @egbto the

conventional 2D Capon method for the cases studied.

3.) The parameter choices in the weighted 2D Camolhweighted 2D APES
methods offer various trade-offs in the four perfance measures studied.
By proper choice of these parameters, one mayrobtgirovement in any
one of the performance measures, as compared totiventional
methods. However, this is usually accompanieddgradation in one or
more of the remaining measures. In some of thescstsidied the new
methods required no additional computation timeamspared to the
corresponding conventional methods, while in otleeses the computation

time is more than doubled.

4.) As the parameter varies from 0 to 1, the performance of the comibine
2D APES / 2D Capon method gradually transitiongftbat of the
weighted 2D Capon method to that of the weightedAHES method. In
every case the computation time equals that ofdneentional 2D APES

method.

5.) Itis clear that no one method is best fosdillations. In a given
application it is necessary to decide what perforeeameasures are most

critical and how much computation time is acce@aiid then to choose
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the method and associated parameters accordiAglgitional
simulations may be needed if the nature of the dagaynificantly

different from that studied here.

In the case of multiple-channel 2D spectral estiomathe simulations have led to

the following conclusions:

1.) In general, signal averaging is preferred @pactrum averaging because of
its significantly better performance and reduceeoetion time (its execution

time is roughly equal to that of the single-charsase).

2.) For the case of equal channel noise variatieesnultiple-channel signal
averaging techniques significantly outperform timgle-channel techniques
applied to any of the channels. On the other hémae of the channels has a
much smaller noise variance than any of the otlileesmultiple-channel
technigues produce essentially the same resut®alsl be obtained using the

corresponding single-channel technique on the leaisy channel.

3.) Using estimated channel gains leads to vijuadl performance degradation

as compared to using ideal (known) gains.

The primary goal of this research was to enhaneelihical efficiency and utility
of MRS through improved 2D spectral estimation teghes. We have examined these

new techniques in great detail, and have shownthewmay be applied to MRS signal
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processing. Two potential clinical benefits stemgnirom this research are: increased
accuracy for MRS diagnosis and increased patieatifhput through reduced scan time

and/or faster analysis techniques.

As a result of this research, a related algoritbngenerating a single MRS
absorption spectrum for multiple-channel SVQ hanbenplemented [3],[4] and has
been received favorably by a number of clinicasaround the world. 2D spectral
estimation for MRS has yet to gain widespread céihacceptance. In part, this is due to
the lack of simple clinical tools allowing cliniegia and spectroscopists to analyze the
results of these techniques, but also it is dubddact that 2D spectral estimation for
MRS has only recently been introduced [2],[74], &m&lclinical benefits of this approach

are still being evaluated.

Based on the results of extensive simulations dimdiged number of MRS
experiments, we are confident that the new teclasigutroduced in this dissertation have
the potential to add clinical value and improve élverall quality of spectral analysis for

MRS studies.

8.3 Suggestions for Future Resear ch

The new 2D spectral estimation techniques propos#ds dissertation warrant
further investigation on several fronts. Firsge gimulations carried out in this study,
while quite extensive, have not considered the adyaf possible situations. For

example, the quantities!, N, andN, were held constant in the studies to make the

AL
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analysis tractable. In addition, the values ofggheametergr andf used in the

weighted 2D Capon and weighted 2D APES simulatwer® limited. Further research
considering a more thorough and systematic collaatf these parameters would be of
value. Further studies should also take into agtdifferent test signals that might be
appropriate in different applications such as spg®ocessing or synthetic aperture radar

(SAR) imaging.

Brief mention was made in Chapter 6 of the fact th#-grid” peaks (those not
occurring onw grid lines) can be very difficult to identify, genularly for high SNR
data. This has not been addressed, or even medtionthe literature. Because it was
decided that this problem was beyond the scopei®ttudy, all peaks were located on
w grid lines in the simulations. One simple reméshthis problem is to establish a

finer grid in thew direction, i.e., to increasd,. However, this increases computation

time. Further studies concerning ways to improyé-grid” peak detection are

warranted.

Because certain 2D spectral estimation technigagsnmn better in some respects
than others, it may be possible to improve perferteaby using a combination of
technigues. One might consider taking the re$idta one technique and providing
them to a second or even third technique for anttdi processing. For example, a
method that performs well in terms of minimizingssed peaks or false peaks might be

used to identify the values @b associated with peaks. A second method, which
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performs well in estimating damping values, coudised at these/s to estimate the

o's. Finally, a third method, which performs well mragnitude estimation, could be

applied at thgo,w) locations identified by the earlier methods tareate the

magnitudes. Stoica and Sundin[2] have, in faopleyed such a procedure with some
success, which they refer to as the 2D CAPES metho@D CAPES, the peak locations
are determined using the 2D Capon method, andttieBD APES method is applied
only at these peak locations to estimate the magest Further studies in this area could

lead to overall performance improvements.

The method introduced in Chapter 5 for optimalliresting relative channel
gains from observed data would seem to be of sggmf interest in its own merits.
Other possible applications might be in estimagams for microphone arrays used in
speech processing and for antenna arrays usedrfananications or SAR imaging. In
fact, the estimated gains could also be used &bksth weights for signal averaging
using conventional FFT processing of multiple-chdiMiRS data and to implement
multiple-channel CSI . These applications wouleins¢o be worthy of further

consideration.

In this work the application of 2D spectral estiioatto MRS phantom anid
vivo data was quite limited. There is a need to perfeubstantive clinical evaluations of
the new 2D spectral estimation techniques for MB8ieations proposed in this

dissertation. The application of these technidueslimited number of MRS data sets
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in Chapter 7 offers proof of concept that thesanegues may have clinical merit.
However, the efficacy of using these and other @écal estimation techniques in a

clinical setting must be determined.
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Appendix

A.1 Quadratic Minimization
The following result is adapted from a developmiargtoica and Moses[60] (see

also [94]-[102]).

A.1.1 Theorem
Assume tharR is a complex Hermitian (i.eR" = R) positive definiteM x M
matrix andh ands are complexM x1 vectors. Then the unique vectay that

minimizes
J(h)=h"Rh (A.1)

over h, subject to the condition

hfs=1 (A.2)
is given by
S
= A3
g 5"R's (A-3)
A.1.2 Proof

We first note that
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5= S (A.4)

verifying that h, satisfies Eqn. (A.2). Now, for an arbitrary vectb , we may write

h=h+0 (A.5)
For our purposes we only need to consider vedtothat satisfy Eqn. (A.2). Thus, since
h"s=HR's+5"s=1 (A.6)
it follows from Eqn. (A.4) that
0"'s=0 (A7)

Now, from Egn. (A.1) and Eqgn. (A.5),

=J(h)+20"Rh+5" B (A.8)

J(h)=3(h)+s" » (A.9)
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Since R is positive definite, the second term in Egn. (jAsSalways greater than or equal
to 0, and equal to 0 if and only& =0. That is, using Egn. (A.5), we have that Eqn.

(A.9) is a minimum if and only ih = h,, thus completing the proof.

A.2 Matrix Inversion Lemma
The following result is adapted from a developmargtoica and Moses[60] (see

also [94]-[102]).

A.2.1 Theorem
AssumeR is a non-singular compled xM matrix, X is a complexM x1

vector, anda is a non-zero complex scalar. Then, if

Q= R-1 X% (A.10)
a

the inverse oQ may be computed as

R1XX" R?

- - R_l+f
Q a- X"R*X

(A.11)
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A.2.2 Proof
From Egn. (A.10) and Eqn. (A.11) we have

_1 1 _3@) . R*XX"R*
=| R-= R+~ 22
QQ ( a a- X" R'X
1 v 1 7\ i
:RR—l_ls(w R+ RF\T_XHXIR _1 XX Bl XX_ﬁ
a a-X"R'X a a X R X
vvH 1 EVZY
- Lggrges LOXIRT 100 R XX R
a aa- X"R'X a R X
XaxX" R'- XX RRXY X R
- Lxxrree t (H — >9 (A.12)
a a a- X" R* X
X(a-X"R'X) X R
- lxxrrre t ( )
a a (a—x F(lx)
— - IxxH R+ L X% R
a a

Thus Q" as given by Eqgn. (A.11) is indeed the invers&ofiven in Eqn. (A.10),

completing the proof. Note thatB™ is known then the computational task of

determining the inverse @ is replaced by several matrix multiplications ame scalar

division.
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A.3 Calculation of SNR
An important consideration when evaluating thelfigef a sampled signal is its
signal-to-noise ratidSNR)[60], [94]- [102]. For clarity, we providae details of how

we define and compute SNR in our simulations.

Given aclean signal 4, wheren=0,1;--,N, -1, and a correspondirtzase
noise signal n,[nl , wheren=0,1-- ,N, — 1 we find it convenient to multiply,[n by a

scalar weighting factony, to adjustn,[n] in a manner that provides the desired SNR.
n[n=whfh for n=0,1,---, N-1 (A.13)

The signal energy may be defined as

N; -1

E, = Z\sz[rj\ (A.14)

and the base noise energy may be defined as

N, -1

E, = X 0T (A.15)

n=0

Also, the actual noise energy may be defined as

E, = X [nTr| (A.16)



The SNR (in dB) is defined as

SNR=10log,, (%}

Ny

Combining Egn. (A.13) and Eqgn. (A.16) we have

e =Tt S o= WX ot = W

Then using Eqn. (A.18) and Eqgn. (A.17) we findas follows:

E
SNR=10 |0910(—S}
WE,

S_NR: |O i
10 Q10

W= [————~

£, 10"

Egn. (A.23) thus provides the value wfneeded to produce the desired SNR.

(A.17)

(A.18)

(A.19)

(A.20)

(A.21)

(A.22)

(A.23)
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A.4AMATLAB Code for Computing MRS Absor ption Spectra

A.4.1 phascor.m

% Spectroscopy - Generate Phase correction coeffici
% Marquette University, Milwaukee, WI USA

% Copyright 2001, 2002, 2003, 2004 - All rights res
% Fred J. Frigo

%

% Feb 15, 2001 - Original

% June 26, 2001 - Accept Pfile name as argument
% Sept 3, 2001 - Use Equiripple FIR filter for lin

% Oct 15, 2001 - Open Pfile directly instead of in

% add ability to return an array of

% Dec 8, 2001 - Added DeBoor spline smoothing.
% Feb 11, 2002 - Added multi-channel support

% Jul 30, 2002 - Return Max reference value for mu
% Jun 16, 2003 - Added support for Pfile format fo
% Mar 5, 2004 - Plot enhancements

%

%

function [pcor_vector, ref_vector, ref_scale] = ph
i =sqrt(-1);

% set flag to 1 to plot intermediate results
save_plot = 0;

% Open Pfile to read reference scan data.

fid = fopen(pfilename,'r', 'ieee-be’);

if fid == -1
err_msg = sprintf('Unable to locate Pfile %s',
return;

end

% Determine size of Pfile header based on Rev numbe

status = fseek(fid, 0, 'bof");
[f_hdr_value, count] = fread(fid, 1, 'real*4’);
rdbm_rev_num = f_hdr_value(1);
if(rdbm_rev_num ==7.0)
pfile_header_size =39984; % LX
bandwidth_index = 9839;
elseif (rdbm_rev_num ==8.0)
pfile_header_size = 60464; % Cardiac / MGD
bandwidth_index = 14959;
elseif (rdbm_rev_num ==5.0)
pfile_header_size = 39940; % Signa 5.5
bandwidth_index = 9839; % ??
else
% In 11.0 (ME2) the header and data are stored
fclose(fid);
fid = fopen(pfilename,'r', 'ieee-le");
status = fseek(fid, 0, 'bof");
[f_hdr_value, count] = fread(fid, 1, 'real*4’);
if (f_hdr_value == 9.0)
pfile_header_size= 61464;
bandwidth_index = 14959;
else
err_msg = sprintf(‘Invalid Pfile header rev
return;
end
end

ents

erved.

ear phase correction
termediate file.
vectors.

Iti-channel scaling
rMGD2/11.0

ascor( pfilename, channel_num)

pfile)

as little-endian

ision: %f', f_hdr_value )
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status = fseek(fid, 0, 'bof");

[hdr_value, count] = fread(fid, 52, 'integer*2’);
nex = hdr_value(37);

nframes = hdr_value(38);

da_xres = hdr_value(52);

% Read 'userl9' CV - number of reference frames
status = fseek(fid, 0, 'bof");

[f_hdr_value, count] = fread(fid, 74, 'real*4");
num_ref_frames =f_hdr_value(74);

% Read the reference frames of data
frame_size = 2*da_xres*4;

baseline_size = frame_size;
channel_size = (nframes + 1)*frame_size;

data_offset = pfile_header_size + (channel_size*(ch annel_num - 1)) + baseline_size;

status = fseek(fid, data_offset, 'bof");

ref_data_elements = 2*da_xres*num_ref_frames;

[raw_data, count] = fread(fid, ref_data_elements, ' integer*4");
fclose(fid);
% Store the reference frames in the ref_frames arra y

vector_size = da_xres;
ref_frames=[];
vtmp = [1:vector_size];

for j = 1:num_ref_frames
vector_offset = vector_size*2*(j-1);
for k = 1:vector_size

vtmp(k) = raw_data((vector_offset + k*2)-1) + (raw_data(vector_offset + k*2)*i);
end
ref_frames(j,:)=vtmp;

end

ref_size = da_xres;
vtmp = 0.0;
% Average the reference data frames
forj = 1:num_ref_frames
vtmp = vtmp + ref_frames(j,:);
end
ref = vtmp / num_ref_frames;

% return the averaged reference vector
ref_vector = ref;

% Plot Input Reference data
if (save_plot == 1)

plot_complex( 'Averaged reference data', ref); % fig 8
end

%9%%% % %% %% % %% % %% %6 %% %% %% %% % %% % %% % %% % %% %6 %% % %% % %%
% normalize ref data

%69%0%%%%%%0%% %% % % %% %% %% %% %% % %% %6 %% % %% % %% % %% % %% % %%
ref_scale = max( abs(ref) );

ref_norm = ref / ref_scale;

%% %% % 9%6%%%% %% % % %% %% %% % %% %% %% %% %% % % %% %% %% %% %% %%

% DC mixing

% Find the largest frequency component

% Create a sinusoid of same frequency and opposit e phase?
% Multiply by the sinusoid to cancel out this LAR GE freq?

%% %% % 9%6%%%% % %% % %% % %% %% %% %% %% %% %% % % %% %% %% %% %% %%

% Take FFT of Average Ref Scan data
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ref_ft=fft(ref_norm);

% Find Max of FFT'd data

% We dont really want to get the last half of poi

% Perhaps we can multiply by an alteration vector
% just the center points?

%

[refmax, index] = max(ref_ft(1:ref_size-8));
max_index = sprintf('Max freq weight in ref scan fr

% Generate ramp vector, muliply by index of max val
dc = linspace(0.0, (-2.0*pi) , ref_size);
dc = dc.*index;

% Create sinusoid with pure frequency
cos_dc = cos(dc);
sin_dc = sin(dc);

% DC mixing
corr = cos_dc + sin_dc*i;
ref_raw = ref_norm.*corr;

% Plot corrected Reference data, and phase correct
if (save_plot == 1)
plot_complex('Phase correction vector after DC
plot_complex('Reference data after DC mixing',
end
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nts though.
to look at

ames is %d', index);

ue

ion vector

mixing', corr); % fig 9
ref_raw); % fig 10

%%%%%09%0%%%% %% % %% %% %% %% % %% %% %% %% % % %% %% % %% % %% %% %% %%

% Zero phasing

%% %% %9%6%%%% %% % %% %% %% %% % %% %% %% %% % % % %% %% %% % % %% %% %% %

zeroterm = ref_raw(1);
% Complex conjugate of the first point in the DC co
zeroterm = real(zeroterm) - imag(zeroterm)*i;

% The phase angle is now zero for the first point i
ref_raw = ref_raw * zeroterm;
corr = corr * zeroterm;

% Plot corrected Reference data, and phase correct
if (save_plot == 1)
plot_complex('Phase correction vector after zer
plot_complex('Reference data after zero phase a
end

rrected ref frame

n the ref frame

ion vector

o phase adjustment’, corr); % fig 12
djustment’, ref_raw); % fig 11

%% %% % 9%6%%%% %% % %% %% %% %% % %% %% %% %% % %% %% %% %% % %% %% %% %

% Linear phase correction factor

%%%%%%%%%% %% %% %% %% %% %% %% %% %% %% % %% %% %% %% %% %% %% %%

% Calculate phase of ref vector
ref_ang = angle(ref_raw);

% Unwrap Phase of reference frame
unwr_ref = unwrap( ref_ang);

% Plot phase of reference data, and unwrapped phase

if (save_plot == 1)

plot_2_real('Phase \phi_z_p[n] (radians)', ref_
(radians)', unwr_ref); % fig 13
end

% Add up how many periods are present in the ref fr
pscale = unwr_ref(ref_size);

ang, 'Unwrapped phase \phi_z_p[n]

ame



% Generate linear phase vector, muliply by unwrappe
ramp = linspace(0.0, -1, ref_size);
lin_phas = pscale.*ramp;

cos_linp = cos( lin_phas);
sin_linp = sin( lin_phas);

Ip_corr = cos_linp + (i*sin_linp);

% Apply linear phase vector to reference frame and
ref_raw = Ip_corr.*ref_raw;
corr = Ip_corr.*corr;

% Plot corrected Reference data, and phase correct
if (save_plot == 1)
plot_complex('Linear phase correction vector',
plot_complex('Phase correction vector after lin
plot_complex('Reference data after linear phase
end

%%%%9%6%%%%% %% %% %% %% %% %% %% %% %% %% % % % % REEHBHEHBYOLS

% Smooth the phase of the Ref Frame

%% %% %9%6%%%% %% % %% %% %% %% % %% %% %% %% % %% % %A

ref_phas = angle( ref_raw );
uref_phas = unwrap(ref_phas);

% compute e**( -0.25*In(abs(ref_raw))
mag_raw = abs(ref_raw);

In_raw = -0.25*log(mag_raw);

dy = exp(In_raw);

smooth_factor = 0.9999;

% Spline smoothing (DeBoor)
filt_phas = smooth_spline( uref_phas, dy, ref_size,

% Plot unwrapped phase of phase corrected reference
if (save_plot == 1)

plot_2_real('Unwrapped phase \phi_Ip[n] (radian
\phi_s[n] (radians)', filt_phas); % fig 17
end

% Generate sinusoidal waveform based on smoothed ph
filt_phas = -1.0*filt_phas;

cos_fphs = cos( filt_phas);

sin_fphs = sin( filt_phas);

fphs = cos_fphs + i.*sin_fphs;

% Final step.. Multiply by corr vector and by ref v
ref_raw = ref_raw.*fphs;
corr = corr.*fphs;

% Plot corrected Reference data, and phase correct
if (save_plot == 1)
plot_complex(‘Phase correction vector', corr);
plot_complex('Reference data after phase correc
end

% return the phase correction vector
pcor_vector = corr;

d phase

to phase corr vector

ion vector

Ip_corr); % fig 14

ear phase correction', corr); % fig 16
correction’, ref_raw); % fig 15
%6%6%%%%% %%

86%%%9%%%%%%

smooth_factor);
data, and smoothed phase

s), uref_phas, 'Unwrapped phase

ase

ector

ion vector

% fig 19
tion', ref_raw); % fig 18
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A.42plot_2 real.m

% plot_2_real - Plots 2 real valued vectors

% Marquette University, Milwaukee, WI USA
% Copyright 2004 - All rights reserved.

% Fred J. Frigo

%

% Mar 5, 2004 - Original

%

function plot_2_real( plotl_label, input_datal, pl

% get size of vector
vector_size = max(size(input_datal));
x = [ Livector_size];

figure;

subplot(2,1,1);
plot(x,input_datal,'k");
ylabel(plot1_label);
xlabel(‘time");

if (nargin > 2)
subplot(2,1,2);
plot(x, input_data2, 'k');
ylabel(plot2_label);
xlabel('time");

end

A.4.3 plot_complex.m

% plot_complex - Plots real, imag and magnitude va
% Marquette University, Milwaukee, WI USA

% Copyright 2004 - All rights reserved.

% Fred J. Frigo

%

% Mar 5, 2004 - Original

%

%

function plot_complex( plot_title, input_data )

% get size of vector
vector_size = max(size(input_data));
x = [ Livector_size];

figure;

subplot(3,1,1);
plot(x,real(input_data),'k");
title(plot_title);
ylabel('Real');
xlabel('time");

subplot(3,1,2);

plot(x, imag(input_data), 'k');
ylabel('Imaginary');
xlabel('time");

subplot(3,1,3);

plot(x, abs(input_data), 'k");
ylabel('Magnitude");
xlabel('time");

ot2_label, input_data2 )

lues of complex vector
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% Entire phase correction vector has magnitude o
% Check for entire vector with magnitude = 1.0
if(( max(abs(input_data) < 1.0000001 )) && ...
( min(abs(input_data) > 0.999999 )))
my_axis=axis;
my_axis(3)=0.0; % ymin
my_axis(4)=1.5; % ymax
axis(my_axis);
end

A.44 plotp.m

% plotp.m - plot raw data from Pfile

%

% Marquette University, Milwaukee, WI USA
% Copyright 2002, 2003 - All rights reserved.

% Fred Frigo

%

% Date: Jan 21, 2002

%

% - this is based on MATLAB code from David Zhu -
% - updated May 14, 2003 to support 11.0 (little
%

function plotp( pfile )

i =sqrt(-1);

if(nargin == 0)
[fname, pname] = uigetfile(**.*, 'Select Pfile

pfile = strcat(pname, fname);
end

% Open Pfile to read reference scan data.

fid = fopen(pfile,'r', 'ieee-be");

if fid == -1
err_msg = sprintf('Unable to locate Pfile %s',
return;

end

% Determine size of Pfile header based on Rev numbe
status = fseek(fid, 0, 'bof");
[f_hdr_value, count] = fread(fid, 1, 'real*4’);
rdbm_rev_num = f_hdr_value(1);
if(rdbm_rev_num ==7.0)
pfile_header_size =39984; % LX
elseif (rdbm_rev_num ==8.0)
pfile_header_size = 60464; % Cardiac / MGD
elseif (( rdbm_rev_num >5.0) && (rdbm_rev_num < 6
pfile_header_size = 39940; % Signa 5.5
else
% In 11.0 (ME2) the header and data are stored
fclose(fid);
fid = fopen(pfile,'r', 'ieee-le");
status = fseek(fid, 0, 'bof");
[f_hdr_value, count] = fread(fid, 1, 'real*4’);
if (f_hdr_value ==9.0)
pfile_header_size= 61464;
else

f1.0

checkRaw.m
endian format)

pfile)

0)

as little-endian
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err_msg = sprintf('Invalid Pfile header rev
return;
end
end

% Read header information

status = fseek(fid, 0, 'bof");

[hdr_value, count] = fread(fid, 102, 'integer*2’);
npasses = hdr_value(33);

nslices = hdr_value(35);

nechoes = hdr_value(36);

nframes = hdr_value(38);

point_size = hdr_value(42);

da_xres = hdr_value(52);

da_yres = hdr_value(53);

rc_xres = hdr_value(54);

rc_yres = hdr_value(55);

start_recv = hdr_value(101);

stop_recv = hdr_value(102);

nreceivers = (stop_recv - start_recv) + 1;

% Determine number of slices in this Pfile: this d
slices_in_pass = nslices/npasses;

% Compute size (in bytes) of each frame, echo and s

data_elements = da_xres*2;

frame_size = data_elements*point_size;
echo_size = frame_size*da_yres;
slice_size = echo_size*nechoes;
mslice_size = slice_size*slices_in_pass;

for k = 500:1000 % give a large number 1000 to loo
% Enter slice number to plot
if (slices_in_pass > 1)
slice_msg = sprintf('Enter the slice number:
my_slice = input(slice_msg);
if (my_slice > slices_in_pass)
err_msg = sprintf(‘Invalid number of slic
my_slice = 1;
end
else
my_slice = 1;
end

% Enter echo number to plot
if (nechoes > 1)
echo_msg = sprintf('Enter the echo number: [1
my_echo = input(echo_msg);
if (my_echo > nechoes )
err_msg = sprintf(‘'Invalid echo number. E
my_echo = 1;
end
else
my_echo =1;
end

% Enter receiver number to plot
if (nreceivers > 1)
recv_msg = sprintf('Enter the receiver number
my_receiver = input(recv_msg);
if (my_receiver > nreceivers)
err_msg = sprintf('Invalid receiver numbe
my_receiver = 1;
end
else
my_receiver = 1;

ision: %f', f_hdr_value )

oes not work for all cases.

lice

p forever

[1..9%d]',slices_in_pass);

es. Slice number set to 1.")

..%d]',nechoes);

cho number setto 1.")

: [1..%d]',nreceivers);

r. Receiver number set to 1.")

228



end

% Enter the view number
view_msg = sprintf('Enter the frame number (1 is
my_frame = input(view_msg);
if (my_frame > da_yres)
err_msg = sprintf(‘Invalid frame number. Fram
my_frame = 1;
end

% Compute offset in bytes to start of frame.
file_offset = pfile_header_size + ((my_slice - 1)
+ ((my_receiver -1)*mslice_si
+ ((my_echo-1)*echo_size) +.
+ ((my_frame-1)*frame_size);

status = fseek(fid, file_offset, 'bof");

% read data: point_size = 2 means 16 bit data, po
if (point_size == 2)

[raw_data, count] = fread(fid, data_elements,
else

[raw_data, count] = fread(fid, data_elements,
end

for m = 1:da_xres
frame_data(m) = raw_data((2*m)-1) + i*raw_data
end

figure(k);
subplot(3,1,1);
plot(real(frame_data));
title(sprintf('%s, slice %d, recv %d, echo %d, fr
my_echo, my_frame));
%title('Reference data’);
xlabel('time");
ylabel('Real’);
subplot(3,1,2);
plot(imag(frame_data));
%title(sprintf('lmaginary Data"));
xlabel('time");
ylabel('Imaginary');
subplot(3,1,3);
plot(abs(frame_data));
%title(sprintf('Magnitude Data"));
xlabel(‘time");
ylabel('Magnitude");

% check to see if we should quit
quit_answer = input('Press Enter to continue, "q"
if ('size( quit_answer ) >0)
if (quit_answer =='q")
break;
end
end

end
fclose(fid);
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A.4.5 smooth_splinem

% Spline smoothing (DeBoor's algorithm)

% Marquette University, Milwaukee, WI USA

% Copyright 2001 - All rights reserved.

% Fred Frigo

%

% Dec 8, 2001

%

% Adapted to MATLAB from the following Fortran sour
% found at http://www.psc.edu/~burkardt/src/splp

function spline_sig = smooth_spline( y, dx, npoint,

p=smooth_factor;
a=[npoint:4];
v=[npoint:7];
a=0.0;

v=0.0;

%qty=[npoint:1];
%qu=[npoint:1];
%u=[npoint:1];

x = linspace(0.0, (npoint-1.0)/npoint , npoint);

% setupq
v(1,4) = x(2)-x(1);

for i = 2:npoint-1
v(i,4) = x(i+1)-x(i);
v(i,1) = dx(i-1)/v(i-1,4);
V(i,2) = ((-1.0.%dx(i))/v(i,4)) - (dx(i)/v(i-1,
v(i,3) = dx(i+1)/v(i,4);
end

v(npoint,1) = 0.0;
for i = 2:npoint-1

v(i,5) = (v(i,2)*v(i,1)) + (v(i,2)*v(i,2)) + (v
end

for i = 3:npoint-1
v(i-1,6) = (v(i-1,2)*v(i,1)) + (v(i-1,3)*v(i,2)
end

v(npoint-1,6) = 0.0;

for i = 4: npoint-1
v(i-2,7) = v(i-2,3)*v(i,1);
end

v(npoint-2,7) = 0.0;
v(npoint-1,7) = 0.0;
%!
%! Construct g-transp. *y in qty.
%!
prev = (y(2)-y(1))/v(1,4);
for i= 2:npoint-1
diff = (y(i+1)-y())/v(i.4);
%qty(i) = diff-prev;
a(i,4) = diff - prev;
prev = diff;
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end
% end setupq
%cholld

%!
%! Construct 6*(1-p)*g-transp.*(d**2)*q + p*r
%!

sixImp = 6.0.*(1.0-p);

twop = 2.0.*p;

for i = 2: npoint-1
v(i,1) = (sixImp.*v(i,5)) + (twop.*(v(i-1,4)) +
v(i,2) = (sixImp.*v(i,6)) +( p.*v(i,4));
v(i,3) = sixImp.*v(i,7);

end

if (npoint< 4)
u(1) =0.0;
u2) = a(2,4)/v(2,1);
u(3)=0.0;
%!
%! Factorization
%!
else
for i = 2: npoint-2;
ratio = v(i,2)/v(i,1);
v(i+1,1) = v(i+1,1)-(ratio.*v(i,2));
v(i+1,2) = v(i+1,2)-(ratio.*v(i,3));
v(i,2) = ratio;
ratio = v(i,3)./v(i,1);
v(i+2,1) = v(i+2,1)-(ratio.*v(i,3));
v(i,3) = ratio;
end
%!
%! Forward substitution
%!
a(1,3) =0.0;
v(1,3) = 0.0;
a(2,3) = a(2,4);
for i = 2: npoint-2
a(i+1,3) = a(i+1,4) - (v(i,2)*a(i,3)) - (v(i-
end
%!
%! Back substitution.
%!
a(npoint,3) = 0.0;
a(npoint-1,3) = a(npoint-1,3) / v(npoint-1,1);

for i = npoint-2:-1:2
a(i,3) = (a(i,3)/v(i,1)) - (a(i+1,3)*v(i,2))
end

end
%!
%! Construct Q*U.
%!
prev = 0.0;
for i = 2: npoint
a(i,1) = (a(i,3)-a(i-1,3))/v(i-1,4);
a(i-1,1) = a(i,1)-prev;
prev = a(i,1);
end

a(npoint,1) = -1.0.*a(npoint,1);

v(i.4));

1,3)*a(i-1,3));

- @(+2,3y"v(i.3));
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%end cholld

for i = 1: npoint
spline_sig(i) = y(i)-(6.0.*(1.0-p).*dx(i).*dx(i
end

% fori=1: npoint
% a(i,3) = 6.0*a(i,3)*p;
% end

% for i = 1: npoint-1

% a(i,4) = (a@i+1,3)-a(i,3))/v(i,4);

% a(i,2) = (a(i+1,1)-a(i,1))/v(i,4)-(a(i,3)+a(,
% end

A.4.6 spectro.m

% Spectroscopy Mainline

% Marquette University, Milwaukee, WI USA

% Copyright 2001, 2002, 2003 - All rights reserved.
% Fred J. Frigo

%

%

% This function calls other MR spectroscopy related
% to compute results from the given raw data file (
%

% Oct 15, 2001 - Original

% Feb 11, 2002 - Multi-channel spectro

% July 30, 2002 - Combine multi-channel results usi
% Jan 1, 2003 - Label PPM axis

% June 16, 2003 - Pfile updates for MGD2 / 11.0

function spectro( pfilename )

% Check to see if pfile name was passed in
if (nargin==0)
% Enter name of Pfile
[fname, pname] = uigetfile(**.*, 'Select Pfile’
pfilename = strcat(pname, fname);
end

% Open Pfile to read reference scan data.

fid = fopen(pfilename,'r', 'ieee-be");

if fid == -1
err_msg = sprintf('Unable to locate Pfile %s"',
return;

end

% Determine size of Pfile header based on Rev numbe

status = fseek(fid, 0, 'bof");
[f_hdr_value, count] = fread(fid, 1, 'real*4");
rdbm_rev_num = f_hdr_value(1);
if( rdbm_rev_num ==7.0)
pfile_header_size = 39984; % LX
elseif (rdbm_rev_num ==8.0)
pfile_header_size = 60464; % Cardiac / MGD

elseif ((rdbm_rev_num > 5.0 ) && (rdbm_rev_num < 6

pfile_header_size = 39940; % Signa 5.5
else
% In 11.0 (ME2) the header and data are stored
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fclose(fid);

fid = fopen(pfilename,'r', 'ieee-le");

status = fseek(fid, 0, 'bof");

[f_hdr_value, count] = fread(fid, 1, 'real*4’);

if (f_hdr_value ==9.0)
pfile_header_size= 61464;

else
err_msg = sprintf(‘Invalid Pfile header rev ision: %f', f_hdr_value)
return;

end

end

% Read header to determine number of channels
status = fseek(fid, 0, 'bof");

[hdr_value, count] = fread(fid, 102, 'integer*2’);
da_xres = hdr_value(52);

start_recv = hdr_value(101);

stop_recv = hdr_value(102);

nreceivers = (stop_recv - start_recv) + 1;

% some other useful scan parameters.
nex = hdr_value(37);

% Read 'user07' CV - temperature in degree C
status = fseek(fid, 0, 'bof");

[f_hdr_value, count] = fread(fid, 62, 'real*4");
tempC =f_hdr_value(62)

fclose(fid);

% Index for results (Right Hand Side of water peak )
start = round(da_xres*0.025);
stop = round(da_xres*0.25);

% Create PPM axis: Must shift spectrum for temper ature
ppm_start_37C = -4.25;

ppm_stop_37C = 0.30;

ppm_per_degree_C=0.01;

ppm_offset = (tempC-37)*ppm_per_degree_C;

ppm_start = ppm_start_37C + ppm_offset;

ppm_stop = ppm_stop_37C + ppm_offset;

combine_x = linspace(ppm_start,ppm_stop,(stop-start +1));

% Loop to compute phase correction vector for each receiver
for loop = 1:nreceivers
% Compute phase correction results
[pcor_vector, ref_vector, receiver_weight(loop)] = phascor( pfilename , loop);

% Compute spectroscopy results
results(loop,:) = spectro_proc( pcor_vector, ref _vector, pfilename, loop );

% Plot results for each channel

figure(100);

subplot(nreceivers,1,loop);

plot( combine_x, real( results(loop,start:stop)) 'K
mesh_results(loop,:)=real(results(loop,start:sto p));

if(loop == 1)
my_string= sprintf('Spectro results for: %s ' fname);
Y%title( my_string);
xlabel('ppm’);
if (nreceivers == 1)
ylabel('Absorption');
end
set(gca,'XTick',-4.0:0.5:0.0);
set(gca, XTickLabel' {'4.0','3.5','3.0','2.5 ''2.0,'1.5','1.0','0.5','0.0);



end
end

% Calculate combined results if more than one recei
if nreceivers > 1
% Find receiver with strongest signal (using Max
[max_weight, strongest_receiver] = max(receiver_w

% Dont use channels whose Max is lower than the t
receiver_threshold = 0.05*max_weight; % 0.45 de
combined_weight = 0.0;
receivers_to_use = 0;
for loop = 1:nreceivers
if receiver_weight(loop) >receiver_threshold
receiver_to_use = receivers_to_use + 1;
combined_weight = combined_weight + receiver
end
end

% Linear weighted combination
accum_results = zeros(size(results(1,:)));
for loop = 1:nreceivers
if receiver_weight(loop) >receiver_threshold
weight = receiver_weight(loop) / combined_we
accum_results = accum_results + (weight.*rea
else
weight = 0.0;
end
weight
end
combined_results = accum_results;

% Plot combined results

figure;

plot( combine_x, real( combined_results(start:sto
my_string= sprintf(Combined spectro results for:
title( my_string);

xlabel('ppm’);

ylabel('Absorption’);

set(gca,'XTick',-4.0:0.5:0.0);
set(gca,'XTickLabel',{'4.0','3.5','3.0",'2.5','2.

% Plot multiple channel results

figure;

surf(combine_x, 1:1:8, mesh_results);
set(gca,'XTick',-4.0:1.0:0.0);
set(gca,'XTickLabel' {'4.0,'3.0",'2.0','1.0",'0.
xlabel('ppm");

zlabel('Absorption’);

ylabel('receive colil’);

end

A.4.7 spectro_proc.m

% Spectroscopy - Phase correct, water subtract and
% Marquette University, Milwaukee, WI USA

% Copyright 2000, 2001, 2002, 2003, 2004 - All righ
% Fred Frigo

%
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% This function generates MR spectroscopy results f
% the phase correction vector, pc, (computed by the
% the averaged reference data, ref, (computed by th
% the name (Pfile) of the raw data file containing

% and the receiver number, channel_num.

%

%

% Dec 28, 2000 - Original

% May 2, 2001 - updates to plot intermediate resul
% June 26, 2001 - updates to accept Pfile name as a
% Oct 15, 2001 - updates to read from Pfile directl

% Feb 11, 2002 - modified for multi-channel spectro
% Nov 2, 2003 - Updates to read 5.X and 11.0 forma
% Mar 8, 2004 - Plot enhancements

%

function results = spectro_proc ( pc, ref, pfilenam

i =sqrt(-1);

% flag set to 1 for plots of intermediate results
save_plot = 0;

% Open Pfile to read reference scan data.

fid = fopen(pfilename,'r', 'ieee-be");

if fid == -1
err_msg = sprintf('Unable to locate Pfile %s"',
return;

end

% Determine size of Pfile header based on Rev numbe

status = fseek(fid, 0, 'bof");
[f_hdr_value, count] = fread(fid, 1, real*4’);
rdbm_rev_num = f_hdr_value(1);
if(rdbm_rev_num ==7.0)
pfile_header_size =39984; % LX
elseif (rdbm_rev_num ==8.0)
pfile_header_size = 60464; % Cardiac / MGD
elseif (rdbm_rev_num ==5.0)
pfile_header_size = 39940; % Signa 5.5
else
% In 11.0 (ME2) the header and data are stored
fclose(fid);
fid = fopen(pfilename,'r', 'ieee-le");
status = fseek(fid, 0, 'bof");
[f_hdr_value, count] = fread(fid, 1, 'real*4’);
if (f_hdr_value == 9.0)
pfile_header_size= 61464;
else
err_msg = sprintf(‘Invalid Pfile header rev
return;
end
end

status = fseek(fid, 0, 'bof");

[hdr_value, count] = fread(fid, 52, 'integer*2");
nex = hdr_value(37);

nframes = hdr_value(38);

da_xres = hdr_value(52);

% Read 'userl9' CV - number of reference frames
status = fseek(fid, 0, 'bof");

[f_hdr_value, count] = fread(fid, 74, 'real*4");
num_ref_frames =f_hdr_value(74);
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% Read Pfile to get water supressed signal

ref_offset = 2*da_xres*(num_ref_frames+1)*4;

frame_size = 2*da_xres*4;

channel_size = (nframes + 1)*frame_size;

data_offset = pfile_header_size + (channel_size*(ch annel_num - 1)) + ref_offset;

status = fseek(fid, data_offset, 'bof’);
num_sig_frames = nframes - num_ref_frames;
data_elements = 2*da_xres*num_sig_frames;

[raw_data, count] = fread(fid, data_elements, 'inte ger*4");
fclose(fid);
% Store the reference frames in the ref_frames arra y

vector_size = da_xres;
sig_frames=[];
vtmp = [1:vector_size];

for j = 1:num_sig_frames
vector_offset = vector_size*2*(j-1);
for k = 1:vector_size

vtmp(k) = raw_data((vector_offset + k*2)-1) + (raw_data(vector_offset + k*2)*);
end
sig_frames(j,:)=vtmp;
end
vtmp = 0.0;

% Average the reference data frames
for j = 1:num_sig_frames

vtmp = vtmp + sig_frames(j,:);
end

% Create averaged water suppressed signal vector.
sig = vtmp / num_sig_frames;

% For debug: store water-suppressed signal to file
recv_string = sprintf('%d’, channel_num);
signal_file = strcat( pfilename, ".recv', recv_stri ng,".raw.dat’);
fidref = fopen(signal_file, ‘w+b');
for findex=1:da_xres
fwrite(fidref, real(sig(findex)), 'real*4");
fwrite(fidref, imag(sig(findex)), 'real*4");
end
fclose(fidref);

x=[1:da_xres];
% Plot input signal
if (save_plot == 1)

plot_complex('Band-limited MR spectroscopy sigha I', sig); % fig20
end
% Phase Correct Water supressed signal (sig) and Wa ter signal (ref)
sig = pc.*sig;
ref = pc.*ref;

% Plot phase corrected signal and ref
if (save_plot == 1)

plot_complex('Phase-corrected water-supressed da ta', sig); %fig 21
plot_complex('Phase corrected non-water-suppress ed reference data', ref); %fig 22
end
% Subtract to 'signal’ from ‘water' obtain 'pure wa ter'

pure_water = ref - sig;

% Plot pure water signal



if (save_plot == 1)
plot_complex('Pure water', pure_water); %fig23
end

% Negate every other element (this shifts the water
a_pure_wat = pure_water;
a_sig = sig;
for n = 1:(da_xres/2)
a_pure_wat(2*n)= -1.0*a_pure_wat(2*n);
a_sig(2*n) = -1.0*a_sig(2*n);
end

% Apodization Window

hanning_size = da_xres/1.6;

half_han_size = hanning_size/2;
win=hanning(hanning_size);

apod = linspace(0.0, 0.0, da_xres);
apod(1:half_han_size) = win((half_han_size+1):hanni

% Plot apodization window

if (save_plot == 1)
plot_2_real('w_1[n],apod); % fig24

end

% Apply apodization window to water and signal vect
w_pure_wat = apod.*a_pure_wat;
W_sig = apod.*a_sig;

% Fourier Transform the apodized, alternated water
ft_wat = fft( w_pure_wat );
ft_sig = fft( w_sig);

% Plot Fourier Transform of Pure water and Signal
if (save_plot == 1)
plot_2_real('Fourier transform of pure water, S_
'Fourier transform of signal, S_s[k]
end

% Scale the pure water.

% Assume water in signal and reference is the sa
% Use 'real' coefficients in 16 element band nea
min_xres=(da_xres/2)-(da_xres/128);
max_xres=(da_xres/2)+(da_xres/128);

mag_wat = ft_wat(min_xres:max_xres);

mag_sig = ft_sig(min_xres:max_xres);

mag_wat = abs( real( mag_wat) );

mag_sig = abs( real( mag_sig) );

water_max = max( mag_wat );

sig_max = max( mag_sig );

% Scale the pure water so it can be subtracted off
scale = sig_max / water_max;
pure_water = scale.*pure_water;

% Subtract "scaled" pure water from signal.
pure_sig = sig - pure_water;

% Plot Pure Signal

if (save_plot == 1)
plot_complex(‘Water-subtracted pure signal’, pur

end

peak to the center)

ng_size);

ors

and signal vectors

wlk]', abs(ft_wat), ...
', abs(ft_sig)); %fig 25

me.
r center

e_sig); %fig 26

%% %% %9%6%%%% %% % %% %% %% %% % %% %% %% %% % %% %% %% %% % % %%

% For debug: save phase-corrected, water-subtracted

signal

%%%%%%%%%% %% % %% %% %% %% % %% %% %% %% % %% %% %% %% %% %%

recv_string = sprintf('%d’, channel_num);
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signal_file = strcat( pfilename, ".recv', recv_stri
fidsig = fopen(signal_file, 'w+b");
for findex=1:da_xres
fwrite(fidsig, real(pure_sig(findex)), 'real*4’
fwrite(fidsig, imag(pure_sig(findex)), 'real*4’
end
fclose(fidsig);
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ng,'.signal.dat’);

%%%%%0%%%%% %% % %% %% %% %% % %% %% %% %% % %% %% %% %% %% %%

% For debug: save reference signal

%% %% %9%6%%%% %% % %% %% %% % %% %% %% %% %% % %% %% %% %% % % %%

recv_string = sprintf(‘%d’, channel_num);
signal_file = strcat( pfilename, ".recv', recv_stri
fidref = fopen(signal_file, 'w+b");
for findex=1:da_xres
fwrite(fidref, real(ref(findex)), 'real*4’);
fwrite(fidref, imag(ref(findex)), ‘real*4");
end
fclose(fidref);

% Window for the "pure signal”

% win=hanning(1024);
win=hanning((da_xres*2));

awin = linspace(0.0, 0.0, da_xres);

% awin(1:512) = win(513:1024);
awin(l:da_xres) = win((da_xres+1):(da_xres*2));

if (save_plot == 1)
plot_2_real('w_2[n]', awin); % fig 27
end

% Apodize and zero pad the "pure signal" prior to t
zero_pad = 1;

a_pure_sig = linspace( 0.0, 0.0, (da_xres*2)*zero_p
a_pure_sig(1:da_xres) = awin.*pure_sig;
nmr_spect = fft( a_pure_sig );

if (save_plot == 1) %fig 28
plot_complex('Phase-corrected, apodized, water-s

removed',a_pure_sig);

end

results = nmr_spect;

A.4.8 sraw_image.m

% sraw_image.m - plot raw data for a single echo
%

% Marquette University, Milwaukee, WI USA

% Copyright 2002, 2003 - All rights reserved.

% Fred Frigo

%

% Date: Jan 21, 2002 - based raw_image.m

%

% - create 2 images, one for reference data, one f
%

function sraw_image( pfile )
% Check to see if pfile name was passed in

if (nargin==0)
% Enter name of Pfile

ng,'.ref.dat’);

he Fourier transform

ad);

uppressed signal with residual water

from a Pfile

or water supressed data



[fname, pname] = uigetfile(**.*, 'Select Pfile’
pfile = strcat(pname, fname);
end

i =sqrt(-1);

% Open Pfile to read reference scan data.

fid = fopen(pfile,'r', 'ieee-be");

if fid == -1
err_msg = sprintf('Unable to locate Pfile %s',
return;

end

% Determine size of Pfile header based on Rev numbe
status = fseek(fid, 0, 'bof");
[f_hdr_value, count] = fread(fid, 1, 'real*4’);
rdbm_rev_num = f_hdr_value(1);
if(rdbm_rev_num ==7.0)
pfile_header_size = 39984; % LX
elseif (rdbm_rev_num ==8.0)
pfile_header_size = 60464; % Cardiac / MGD
elseif (( rdbm_rev_num >5.0) && (rdbm_rev_num < 6
pfile_header_size = 39940; % Signa 5.5
else
% In 11.0 (ME2) the header and data are stored
fclose(fid);
fid = fopen(pfile,'r', 'ieee-le");
status = fseek(fid, 0, 'bof");
[f_hdr_value, count] = fread(fid, 1, 'real*4’);
if (f_hdr_value == 9.0)
pfile_header_size= 61464;
else
err_msg = sprintf('Invalid Pfile header rev
return;
end
end

status = fseek(fid, 0, 'bof");

% Read header information

[hdr_value, count] = fread(fid, 5122, 'integer*2");
nechoes = hdr_value(36);

nframes = hdr_value(38);

point_size = hdr_value(42);

da_xres = hdr_value(52);

da_yres = hdr_value(53);

rc_xres = hdr_value(54);

rc_yres = hdr_value(55);

start_recv = hdr_value(101);

stop_recv = hdr_value(102);

nreceivers = (stop_recv - start_recv) + 1;
slices_in_pass = hdr_value(5122);

% Read 'userl9' CV - number of reference frames
status = fseek(fid, 0, 'bof");

[f_hdr_value, count] = fread(fid, 74, 'real*4");
rdbm_rev_num = f_hdr_value(1);

num_ref_frames =f_hdr_value(74);

% Compute size (in bytes) of each frame, echo and s
data_elements = da_xres*2*(da_yres-1);

frame_size = da_xres*2*point_size;

echo_size = frame_size*da_yres;

slice_size = echo_size*nechoes;

mslice_size = slice_size*nreceivers;

pfile)

0)

as little-endian

ision: %f', f_hdr_value )

lice
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for k =1:1000 % give a large number 1000 to loop

% Enter slice number to plot
my_slice = 1;
if (slices_in_pass > 1)
slice_msg = sprintf('Enter the slice number:
my_slice = input(slice_msg);
if (my_slice > slices_in_pass)
err_msg = sprintf(‘Invalid number of slic
my_slice = 1;
end
end

% Enter echo number to plot
my_echo =1;
if (nechoes > 1)
echo_msg = sprintf('Enter the echo number: [1
my_echo = input(echo_msg);
if (my_echo > nechoes )
err_msg = sprintf('Invalid echo number. E
my_echo = 1;
end
end

% Enter receiver number to plot
my_receiver = 1;
if (nreceivers > 1)
recv_msg = sprintf(Enter the receiver number
my_receiver = input(recv_msg);
if (my_receiver > nreceivers)
err_msg = sprintf('Invalid receiver numbe
my_receiver = 1;
end
end

% Compute offset in bytes to start of frame. (sk
file_offset = pfile_header_size + ((my_slice - 1)
+ ((my_receiver -1)*slice_siz
+ ((my_echo-1)*echo_size) +.
+ (frame_size);

status = fseek(fid, file_offset, 'bof");

% read data: point_size = 2 means 16 bit data, po
if (point_size == 2)

[raw_data, count] = fread(fid, data_elements,
else

[raw_data, count] = fread(fid, data_elements,
end

%frame_data = zeros(da_xres);
for j = 1:(da_yres -1)

row_offset = (j-1)*da_xres*2;

form = 1:da_xres

frame_data(j,m) = raw_data( ((2*m)-1) + row
row_offset);

end

end

figure(k);
subplot(2,1,1);
imagesc( abs(frame_data([1:num_ref_frames],:) ));
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%ititle(sprintf('Magnitude of Raw Reference Spectr
my_slice, my_receiver, my_echo));

title('Magnitude of Raw Reference Data’);

xlabel(‘time");

ylabel(‘frame number");

subplot(2,1,2);

imagesc( abs(frame_data([num_ref_frames+1:nframes

title('Magnitude of Raw Water Suppressed Data');

xlabel('time");

ylabel(‘frame number");

% check to see if we should quit
quit_answer = input('Press Enter to continue, "q"
if ( size( quit_answer)>0)
if (quit_answer =='q’)
break;
end
end

end
fclose(fid);

o Data, slice %d, recv %d, echo %d',

-11.9));

to quit:', 's");
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A5 MATLAB Codefor 2D Spectral Estimation

A.5.1 APESCapon2D.m

% APESCapon2D.m - weighted 2D APES / weighted 2D C
% Marquette University, Milwaukee, WI USA

% Copyright 2003, 2004 - All rights reserved.

% Fred J. Frigo, James A. Heinen

%

% Nw must be greater than or equal to N/2.

% k1 and k2 must satisfy 0<=k1<k2<=Nw-1.

% If bet1=0, only one matrix inversion is used.

% If bet1l=-0.5 and bet2=0, only one fft is used.

% O<gam<=1. gam=1 reduces to 2D APES. gam=0 would
%

function S=APESCapon2D(x,N,M,Nsig,Nw,k1,k2,delsig,b

delw=pi/Nw;
x1=x(1,);
xbb=x1(ones(M,1)*[1:N]+[0:M-1]"*ones(1,N));
ifC>1
for i=2:C
xi=x(i,:);
xbb=[xbb
xi(ones(M,1)*[1:N]+[0:M-1]"*ones(1,N))];
end
end
if bet1==0
bet=bet2;
Rinv=fRinv(xbb,N,M,bet,C);
end
if betl==-0.5&bet2==0
Xbb=fXbb(xbb,N,M,Nw,0,C);
end
for m=0:Nsig-1
sig=m*delsig;
if bet1~=0
bet=bet1*sig+bet2;
Rinv=fRinv(xbb,N,M,bet,C);
end
if betl==-0.5&bet2==
L=fL(N,0.5*sig);
else
bet=bet1*sig+bet2;
Xbb=fXbb(xbb,N,M,Nw,sig+2*bet,C);
L=fL(N,sig+bet);
end
sbb0=exp(-sig*[0:M-1]"*ones(1,k2-k1+1)+j*delw*[0
sbb=g(1)*sbb0;
if C>1
fori=2:C
sbb=[sbb
g(i)*sbb0];
end
end
for k=k1:k2
Qinv=Rinv+gam*Rinv*Xbb(:,k+1)*Xbb(:,k+1)*Rin
(L-gam*Xbb(:,k+1)*Rinv*Xbb(:,k+1));

apon

reduce to 2D Capon.

etl,bet2,gam,C,g)

‘M-1]"*k1:k2]);

vl...
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S(m+1,k-k1+1)=sbb(:,k-k1+1)"*Qinv*Xbb(:,k+1)/
(L*sbb(:,k-k1+1)*Qinv*sbb(;,k-k1+1));
end
end
return

function Rinv=fRinv(xbb,N,M,bet,C)
e=repmat(exp(-bet*[0:N-1]),M*C,1);
xbbe=xbb.*e;

R=xbbe*xbbe";

Rinv=inv(R);

return

function Xbb=fXbb(xbb,N,M,Nw,sig,C)
e=repmat(exp(-sig*[0:N-1]),M*C,1);
xbbe=xbb.*e;

Xbb=fft(xbbe.',2*Nw).";

return

function L=fL(N,sig)
if sig==0
L=N;
else
L=(1-exp(-2*sig*N))/(1-exp(-2*sig));
end
return

A.5.2 Capon2D.m

% Capon2D.m - weighted 2D Capon

% Marquette University, Milwaukee, WI USA

% Copyright 2003, 2004 - All rights reserved.

% Fred J. Frigo, James A. Heinen

%

% K must be 1 or N. alpl and alp2 are irrelevant i
% Nw must be greater than or equal to N/2.

% k1 and k2 must satisfy 0<=k1<k2<=Nw-1.

% If bet1=0, only one matrix inversion is used.

% If alp1=-0.5 and alp2=0, only one fft is used.

% If K=1, no fft's are used.

%

function S=Capon2D(x,N,M,K,Nsig,Nw,k1,k2,delsig,alp

delw=pi/Nw;
x1=x(1,:);
xbb=x1(ones(M,1)*[1:N]+[0:M-1]"*ones(1,N));
ifC>1
for i=2:C
xi=x(i,:);
xbb=[xbb
xi(ones(M,1)*[1:N]+[0:M-1]"*ones(1,N))];
end
end
if bet1==0
bet=bet2;
Rinv=fRinv(xbb,N,M,bet,C);
end
if K==1
Xbb=repmat(x(1,1:M).",1,Nw);
ifC>1
fori=2:C

fK=1.

1,alp2,betl,bet2,C,g)
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Xbb=[Xbb
repmat(x(i,1:M).",1,Nw)];
end
end
elseif (K~=1)&(alp1==-0.5&alp2==0)
Xbb=fXbb(xbb,N,M,Nw,0,C);
end
for m=0:Nsig-1
sig=m*delsig;
if betl~=0
bet=bet1*sig+bet2;
Rinv=fRinv(xbb,N,M,bet,C);
end
if K==1
L=1;
elseif (K~=1)&(alp1==-0.5&alp2==0)
L=fL(N,0.5*sig);
else
alp=alpl*sig+alp2;
Xbb=fXbb(xbb,N,M,Nw,sig+2*alp,C);
L=fL(N,sig+alp);
end
sbbO=exp(-sig*[0:M-1]*ones(1,k2-k1+1)+j*delw*[0
sbb=g(1)*sbb0;
ifC>1
fori=2:C
sbb=[sbb
g(i)*sbb0];
end
end
S(m+1,:)=(ones(1,M*C)*(conj(sbb).*(Rinv*Xbb(:,k1
(L*ones(1,M*C)*(conj(sbb).*(Rinv*shb)));
end
return

function Rinv=fRinv(xbb,N,M,bet,C)
e=repmat(exp(-bet*[0:N-1]),M*C,1);
xbbe=xbb.*e;

R=xbbe*xbbe';

Rinv=inv(R);

return

function Xbb=fXbb(xbb,N,M,Nw,sig,C)
e=repmat(exp(-sig*[0:N-1]),M*C,1);
xbbe=xbb.*e;

Xbb=fft(xbbe.",2*Nw).";

return

function L=fL(N,sig)
if sig==0
L=N;
else
L=(1-exp(-2*sig*N))/(1-exp(-2*sig));
end
return

A.5.3fgest.m

% fgest.m - gain estimation for multiple-channel si
% Marquette University, Milwaukee, WI USA

% Copyright 2003, 2004 - All rights reserved.

% Fred J. Frigo, James A. Heinen

‘M-1]*[k1:k2));

+1:k2+1))) 1. .

gnals for FID signal
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%

% xlong is the matrix containing signals from C cha
%

function gest=fgest(xlong,C)

one=ones(C,1);

R=xlong*xlong’;

Rg=R-trace(R)*eye(C);

RgRginv=inv(Rg*Rg);
gest=RgRginv*one/(one*RgRginv*one);

return

A.5.4 frhsgest.m

% frhosgest.m - multiple-channel rho-sqaured (nois
% Marquette University, Milwaukee, WI USA

% Copyright 2003, 2004 - All rights reserved.

% Fred J. Frigo, James A. Heinen

%

% xlong is the matrix containing signals from C cha
%

% Ns = length of signal (high SRN region of FID sig
% Nf = total length of FID signal.

%

% note: rho”2 is estimated from "noisy" end of FID
%

function rhosgest=frhosgest(xlong,Ns,Nf,C)
xrho=xlong(:,Ns+1:Nf);
for i=1:C
rhosgest(i)=xrho(i,:)*xrho(i,:)’;
end
rhosqgest=rhosqgest."/(Nf-Ns);
return

A.5.5getx.m

% getx.m - get simulated test signal (5 different d

% Marquette University, Milwaukee, WI USA

% Copyright 2003, 2004 - All rights reserved.

% Fred J. Frigo, James A. Heinen

%

% note: if C > 1, a set of test signals is created,

% SNR and gain as specified by gideal, dbSNRI

%

function [xlong,xclean,rhosqgideal]=getx(Nf,delw,C,g

n=[0:Nf-1];

t=n;

xclean=2*exp(j*pi/3)*exp((-0.003+j*20*delw)*t);

xclean=xclean+4*exp(-j*pi/6)*exp((-0.008+j*25*delw)

xclean=xclean+2*exp(j*pi)*exp((-0.001+j*50*delw)*t)

xclean=xclean+4*exp(j*pi/6)*exp((-0.008+j*210*delw)

xclean=xclean+2*exp(-j*pi/3)*exp((-0.003+j*220*delw

xeng=xclean*xclean’;

fori=1:C
noise=(randn(size(xclean)))+j*(randn(size(xclean
neng=noise*noise’;
noisegain(i)=sqrt((abs(gideal(i))"2*xeng)/(neng*
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noisei=noisegain(i)*noise;
rhosgideal(i)=noisei*noisei'/Nf;
xi=gideal(i)*xclean+noisei;
if i==
xlong=xi;
else
xlong=[xlong
xi];
end
end
rhosgideal=rhosgideal.";
return

A.5.6 getxmrs.m

% getxmrs.m - read phase-corrected, water-suppresse
% Marquette University, Milwaukee, WI USA
% Copyright 2003, 2004 - All rights reserved.
% Fred J. Frigo, James A. Heinen
%
% Note: If C > 1, a file for each receive channel w
%
function [xlong,dbSNRideal,fname]=getxmrs(Nf,C);
for i=1:C
[fname, pname] = uigetfile(**.*', 'Select spectr
afile = strcat(pname, fname);
fid = fopen(afile,'r', 'ieee-le");
[raw_data, count] = fread(fid, inf, 'real*4");
fclose(fid);
for m = 1:(count/2)
frame_data(m) = raw_data((2*m)-1) + j*raw_d
end
xi=frame_data(1:Nf)*0.0001;
xeng(i)=xi*xi";
if i==1
xlong=xi;

xlong=[xlong
Xi;
end
end
dbSNRideal=NaN;
return

A.5.7 peak.m

% peak.m - peak-enhancement, plot peaks as Dirac de
% Marquette University, Milwaukee, WI USA

% Copyright 2003, 2004 - All rights reserved.

% Fred J. Frigo, James A. Heinen

%

% S - Input is 2D (real or complex) surface.

% thresh - threshold; peaks must have magnitude gre
% suppreslastrow - if set to 1, ignore peaks from |

% Sp - Output representing 2D peak-enhanced surface
%

function Sp=peak(S,thresh,suppresslastrow)

S=abs(S);

[Nsig,Nw]=size(S);

d MRS signal

ill be obtained.

oscopy raw data file");

ata(2*m);

Ita functions

ater than this
ast row (recommended)
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Sbh=zeros(Nsig+2,Nw+2);
Sbp=zeros(Nsig+2,Nw+2);
for m=1:Nsig
for k=1:Nw
Sb(m+1,k+1)=S(m,k);
end
end
for m=2:Nsig+1
for k=2:Nw+1
if Sb(m,k)>=max([Sb(m+1,k-1) Sb(m+1,k) Sb(m+1
Sb(m,k+1) Sb(m-1,k-1) Sb(m-1,k) Sb(m-1,
Sbp(m,k)=Sb(mk);
end
end
end
for m=1:Nsig
for k=1:Nw
Sp(m,k)=Sbp(m+1,k+1);
end
end
if suppresslastrow==1
for k=1:Nw
Sp(Nsig,k)=0;
end
end
return

A.5.8 peakproj.m

% peakproj.m - Create peak projection plot of a 2D
% Marquette University, Milwaukee, WI USA
% Copyright 2003, 2004 - All rights reserved.
% Fred J. Frigo, James A. Heinen
%
function Spp=peakproj(S,thresh)
S=abs(S);
[Nsig,Nw]=size(S);
for k=1:Nw

Spp(K)=max(S(:,k));

if Spp(k)<=thresh

Spp(k)=0;

end
end
return

A.5.9 spectrum2D.m

% spectrum2D.m - mainline function to evaluate 2D C
% Marquette University, Milwaukee, WI USA

% Copyright 2003, 2004 - All rights reserved.

% Fred J. Frigo, James A. Heinen

%

% This is the main MATLAB code used to analyze:
% weighted 2D Capon

% weighted 2D APES

% combined weighted 2D APES / 2D APES

% 2D multiple-channel spectral estimation using s
% 2D multiple-channel spectral estimation using s
%

k+1) Sb(mk-1) ...
k+1)])&Sb(m,k)>=thresh

surface

apon / 2D APES

ignal averaging
pectrum averaging
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% Use datatype=1 to use simulated test signal or

% datatype=2 to use phase-corrected, water-supp

%

% Note:

% Standard 2D Capon: alpl=alp2=betl=bet2=gam=0;
% Standard 2D APES: alpl=alp2=betl=bet2=0; gam=1,;
%

clear all

close all

N=1792; %512 % Note: for MRS data N+M should = 2
M=256; %2128

Ns=1800; %1800

Nf=2048;%0<Ns<Nf. Nf>=N+M-1.

K=N;%K must be 1 or N. alpl and alp2 are irrelevan
Nsig=40;

Nw=N/2;%Nw must be greater than or equal to N/2.
k1=0;

k2=Nw-1;%0<=k1<k2<=Nw-1.

delsig=0.0005;

alp1=0;

alp2=0;

bet1=0; % O = default - set this to 0.5 to increas

bet2=0;

gam=0;%0<gam<=1. gam=1 reduces to 2D APES. gam=0
Cc=1;

datatype=2;%=1 for simulated data, 2 for mrs data.
spectrumtype=1;%=1 for 2D Capon, 2 for 2D APES/Capo

ifC>1
combotype=1;%=1 for signal averaging, 2 for spec
spectrum.
gtype=2;%-=1 for ideal g's, 2 for estimated g's.
%ideal can be used only for simulated da
rhosqtype=2;%-=1 for ideal rhosq's, 2 for estimat
%ideal can be used only for simulate
end

delw=pi/Nw;
mrs_name="x(t)";
if datatype==1
gideal=[1];%[0.5%j+0.4 0.2 0.15+j*3 0.15-j*3].%;
gideal=1.
dbSNRideal=[10];%[40 40 40 40].";%length(dbSNRid
[xlong,xclean,rhosgideal]=getx(Nf,delw,C,gideal,
elseif datatype==2
[xlong,dbSNRideal,mrs_name]=getxmrs(Nf,C);
tempC=37 %37
%][xlong,dbSNRideal,mrs_name]=getxmrs_sphere(Nf,C
k1=floor(0.02*Nw/pi);
k2=floor(0.8*Nw/pi);
end

x=xlong(:,1:N+M-1);
if C>1

if gtype==1&datatype==1
g=gideal;

elseif gtype==
g=fgest(xlong,C);
%g=fgest(x,C);

end

if rhosqtype==1&datatype==1
rhosqg=rhosgqideal,

ressed MRS data

spectrumtype=1
spectrumtype=2

048 for optimum results!

tif K=1.

e peak picking sensitivity

would reduce to 2D Capon.

trum averaging, 3 for composite

ta.
ed rhosq's.
d data.

%length(gideal)=C. If C=1, then

eal)=C.
dbSNRideal);
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elseif rhosqtype==2
rhosqg=frhosgest(xlong,Ns,Nf,C);
end

Rw=diag(rhosq);
Rwinv=inv(Rw);
w=Rwinv*g/(g"*Rwinv*g);
Xest=w'"*x;

else % ifC==1,theng=1
g=1;
end

tic

if (C==1)|(C>1&combotype==3)
if spectrumtype==1
S=Capon2D(x,N,M,K,Nsig,Nw,k1,k2,delsig,alpl,a
elseif spectrumtype==2
S=APESCapon2D(x,N,M,Nsig,Nw,k1,k2,delsig,betl
end
end

if C>1&combotype==1
if spectrumtype==1
S=Capon2D(xest,N,M,K,Nsig,Nw,k1,k2,delsig,alp
elseif spectrumtype==2
S=APESCapon2D(xest,N,M,Nsig,Nw,k1,k2,delsig,b
end
end

if C>1&combotype==2
S=zeros(Nsig,k2-k1+1);
for i=1:C
if spectrumtype==1
Si=Capon2D(x(i,:),N,M,K,Nsig,Nw,k1,k2,dels
elseif spectrumtype==2
Si=APESCapon2D(x(i,:),N,M,Nsig,Nw,k1,k2,de
end
S=S+conj(w(i))*Si;
end
end

toc

if spectrumtype==1
paras=['N =',num2str(N),", M = ",num2str(M),’,
', alpl = ",num2str(alpl),’, alp2 = ',;num2
', betl =",num2str(betl),’, bet2 =',num2
', SNR =",num2str(dbSNRideal’),' db'];
elseif spectrumtype==2
paras=['N =',num2str(N),", M = ",num2str(M),...
', betl =",num2str(betl),’, bet2 =',num2
', gam =",num2str(gam),’, SNR =',num2str
end

sigset=delsig*[0:Nsig-1];
wset=delw*[k1:k2];
n=[0:N+M-2];

Sp=peak(S,0,1);
Spp=peakproj(Sp,0);

% create projection of the non-peak enhanced spectr
rawSpp=peakproj(abs(S), 0);
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Ip2,betl,bet2,C,g);

,bet2,gam,C,g);

1,alp2,betl,bet2,1,1);

etl,bet2,gam,1,1);

ig,alpl,alp2,betl,bet2,1,1);

Isig,betl,bet2,gam,1,1);

K =",num2str(K),...
str(alp2),...
str(bet2),...

str(bet2),...
(dbSNRideal'),' db';

um (fig38 phD)



% Plots
if( spectrumtype == 1)
analysis_string = '2D Capon ';
else
analysis_string = '2D Capon/APES ';
end

figure

title_string = strcat([analysis_string, 'surface pl
mrs_name]);
surf(wset,sigset,abs(S)),title(title_string), xlabe
ylabel(\sigma'),zlabel('|S(\sigma,\omega)|');

figure

title_string = strcat([analysis_string, ‘contour pl
mrs_name]);
contour(wset,sigset,abs(S)),title(title_string),xla

figure

title_string = strcat([analysis_string, '‘peak-enhan
for ', mrs_name]);
surf(wset,sigset,Sp),title(title_string),xlabel(\o
gma,\omega)|");

figure

title_string = strcat([analysis_string, 'peak-enhan

for ', mrs_name]);
contour(wset,sigset,Sp),title(title_string),xlabel(

% using sign(Sp) causes all peaks to be shown, no m
% contour(wset,sigset,sign(Sp)),title(title_string)

figure

title_string = strcat([analysis_string, 'projected
mrs_name]);

plot(wset,Spp) title(title_string),xlabel(\omega’)

figure

title_string = strcat([analysis_string, 'projection
mrs_name]);
plot(wset,rawSpp),title(title_string),xlabel(\omeg

X=fft(x.").";
[Cft,Nft]=size(abs(X));
k1ft=floor(Nft*k1/(2*Nw));
k2ft=floor(Nft*k2/(2*Nw));
wiset=[k1ft:k2ft]*2*pi/Nft;
figure
plot(wfset,abs(X(:,k1ft+1:k2ft+1))/Nft),title(strca
', mrs_name])),xlabel("omega'),ylabel(|S(\omega)|'
%plot(wfset,abs(X(:,k1ft+1:k2ft+1))/Nft) title('abs
signal(s)’),xlabel(paras)
if C>1
Xest=fft(xest.").";
figure
plot(wfset,abs(Xest(;,k1ft+1:k2ft+1))/Nft),title
end
figure
plot(n,abs(x)."),title(strcat(['Input signal ',mrs_
%plot(n,abs(x)."),title('observed signal(s)'),xlabe

% Plots identical to above, but scaled to ppm axis.
% PPM axis ( calibrated for 37C)

% tempC must be set for proper ppm axis scaling. (t
ppm_start_37C = -4.55;

ppm_stop_37C = 0.30;

ppm_per_degree_C=0.01;

ot of |S(\sigma,\omega)| for ',

I("\omega),

ot of |S(\sigma,\omega)| for ',

bel("\omega'),ylabel(\sigma’);

ced surface plot of [S(\sigma,\omega)|

mega'),ylabel(\sigma'),zlabel(’|S(\si

ced contour plot of |[S(\sigma,\omega)|

"\omega'),ylabel(\sigma);
atter how small
Xlabel(\omega'),ylabel(\sigma’);

peaks of [S(\sigma,\omega)| for ',

,ylabel('|S(\sigma,\omega)|');

of |S(\sigma,\omega)| for ',

a'),ylabel(’|S(\sigma,\omega)|);

t(['Fourier transform of

)
(FFT)s of observed

(‘average abs(FFT)"),xlabel(paras)

namel))), xlabel('t),ylabel('x(t)");
I(paras)

empC=37) for in vivo
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ppm_offset = (tempC-37)*ppm_per_degree_C;
ppm_start = ppm_start_37C + ppm_offset;
ppm_stop = ppm_stop_37C + ppm_offset;

ppm_x = linspace(ppm_start,ppm_stop,(k2-k1+1));

figure

title_string = strcat([analysis_string, 'surface pl
mrs_name]);

surf(ppm_x,sigset,abs(S)), xlabel('ppm’), ylabel('\
set(gca,'XTick',-4.0:1.0:0.0);
set(gca,'XTickLabel',{'4.0','3.0','2.0",'1.0','0.0'

figure

title_string = strcat([analysis_string, ‘contour pl
mrs_name]);
contour(ppm_x,sigset,abs(S)),xlabel('ppm’),ylabel(*
set(gca,'XTick',-4.0:1.0:0.0);
set(gca,'XTickLabel',{'4.0','3.0','2.0",'1.0','0.0'

figure

title_string = strcat([analysis_string, 'peak enhan
for ', mrs_name]);

surf(ppm x,sigset,Sp),xlabel('ppm’),ylabel(\sigma’
set(gca,'XTick',-4.0:1.0:0.0);

set(gca,'XTickLabel' {'4.0','3.0','2.0",'1.0",'0.0"

figure

title_string = strcat([analysis_string, '‘peak enhan
for ', mrs_name]);
contour(ppm_x,sigset,Sp),xlabel('ppm"),ylabel(\sig
set(gca,'XTick',-4.0:1.0:0.0);

set(gca,'XTickLabel' {'4.0",'3.0",'2.0",'1.0",'0.0"

figure

title_string = strcat([analysis_string, 'projected
mrs_name]);
plot(ppm_x,Spp),xlabel('ppm’),ylabel(’|S(\sigma,\om
set(gca,'XTick',-4.0:1.0:0.0);

set(gca,'XTickLabel' {'4.0','3.0','2.0",'1.0",'0.0"
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A.6 MATLAB Codefor Simulations

A.6.1 check_for_nan.m

% check_for_nan.m - Check for NaN and set all prior
% Marquette University, Milwaukee, WI USA

% Copyright 2004 - All rights reserved.

% Fred J. Frigo

% Feb 10, 2004 - original

%

%

function out_data=check_for_nan(in_data)
array_size = max(size(in_data));

% Check for NaN and set all prior points to NaN if
for m=array_size:-1:1
if(isnan(in_data(m)) == 1)
for k=m:-1:1
out_data(k)=NaN;
end
break;
else
out_data(m)=in_data(m);
end
end
return;

A.6.2 count_peaks.m

% count_peaks.m - Count the number of peaks that ex

% Marquette University, Milwaukee, WI USA
% Copyright 2003 - All rights reserved.

% Fred J. Frigo

% Dec 23, 2003

%

%

function peaks_found=count_peaks(S,thresh)
peaks_found = 0;
S=abs(S);
[Nsig,Nw]=size(S);
for k=1:Nw
Spp(k)=max(S(:,k));
if Spp(k)>thresh
peaks_found = peaks_found + 1;
end
end
return

A.6.3 create noisem

% create_noise.m - create 10 noise instances and
% Marquette University, Milwaukee, WI USA

% Copyright 2003, 2004 - All rights reserved.

% Fred Frigo

% Dec 10, 2003

points to NaN if found.

found.

ceed a threshold

save to files
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% Feb 20, 2004 - added extra noise files for multi -channel testing

clear all
close all

% size of desired noise frame
N=1024;

% number of noise frames to create

num_noise_frames = 40;

filename=][
'noise_0.dat";
'noise_1.dat';
'noise_2.dat';
'noise_3.dat";
'noise_4.dat’;
'noise_5.dat’;
'noise_6.dat';
'noise_7.dat";
'noise_8.dat";
'noise_9.dat';
'noisel0.dat’;
'noisell.dat’;
'noisel2.dat’;
'noisel3.dat’;
'noisel4.dat’;
'noisel5.dat’;
'noisel6.dat’;
'noisel7.dat’;
'noisel8.dat’;
'noisel9.dat’;
'noise20.dat’;
'noise21.dat’;
'noise22.dat’;
'noise23.dat’;
'noise24.dat’;
'noise25.dat’;
'noise26.dat’;
'noise27.dat’;
'noise28.dat’;
'noise29.dat’;
'noise30.dat’;
'noise31.dat’;
'noise32.dat’;
'noise33.dat’;
'noise34.dat’;
'noise35.dat’;
'noise36.dat’;
'noise37.dat’;
'noise38.dat’;
'noise39.dat'’];

% debug flag for plotting
do_plot=0;

% Loop to create complex noise frames and plot them
for index=1:num_noise_frames

% Create complex noise
noise=(randn(N) + j*(randn(N)))./sqrt(2.0);

if (index ==1)
figure;
subplot(2,1,1);
plot(1:N, abs(noise), 'k');
if (index == num_noise_frames)
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xlabel('Magnitude of noise");
end

subplot(2,1,2);
plot(1:N, angle(noise), 'k');
if (index == num_noise_frames)
xlabel('Phase of noise');
end
end

% Save to file
fidsig = fopen(filename(index,:), 'w+b');
for findex=1:N
fwrite(fidsig, real(noise(findex)), 'real*4") ;
fwrite(fidsig, imag(noise(findex)), ‘real*4") ;
end
fclose(fidsig);

end

A.6.4 create signalsm

% create_signals.m - create 3 simulation signals and save to files
% Marquette University, Milwaukee, WI USA

% Copyright 2003, 2004 - All rights reserved.

% Fred Frigo

% Dec 10, 2003

% Mar 14, 2004 - plot enhancements

clear all
close all

% size of desired signals
Nf=1024;

N=512;

Nw=N/2;

delw=pi/Nw;

t=[0:Nf-1];

% signal |

signal_1=1.0*exp(j*pi/4.0)*exp((-0.002+j*(63.0)*del w)*);
signal_1=signal_1+(0.75)*exp(j*(-pi/2.0))*exp((-0.0 06+j*(127.0)*delw)*t);
signal_1=signal_1+(0.25)*exp(j*0.0)*exp((-0.004+j*( 191.0)*delw)*t);

%
% plot of signal |
%
plot_complex('Signal I', signal_1);

% Save to file

fidsig = fopen('signal_1.dat', 'w+b');

for findex=1:Nf
fwrite(fidsig, real(signal_1(findex)), ‘real*4") ;
fwrite(fidsig, imag(signal_1(findex)), 'real*4") ;

end

fclose(fidsig);

%

% signal Il

%

signal_2=1.0*exp(j*pi/4.0)*exp((-0.001+j*(30.0)*del w)*t);
signal_2=signal_2+(25.0)*exp(j*0.0)*exp((-0.002+j*( 40.0)*delw)*t);

signal_2=signal_2+(0.75)*exp(j*(-pi/4.0))*exp((-0.0 04+j*(50.0)*delw)*t);



signal_2=signal_2+(0.25)*exp(j*0.0)*exp((-0.003+j*(
signal_2=signal_2+(1.0)*exp(j*0.0)*exp((-0.001+j*(1
signal_2=signal_2+(10.0)*exp(j*(pi/2.0))*exp((-0.00
signal_2=signal_2+(0.5)*exp(j*(-pi/2.0))*exp((-0.00
signal_2=signal_2+(1.0)*exp(j*0.0)*exp((-0.003+j*(2

% plot of signal Il
plot_complex(‘'Signal II', signal_2);

% Save to file
fidsig = fopen('signal_2.dat', ‘w+b');
for findex=1:Nf
fwrite(fidsig, real(signal_2(findex)), 'real*4")
fwrite(fidsig, imag(signal_2(findex)), 'real*4")
end
fclose(fidsig);

%
% signal lll
%
signal_3=0.5*exp(j*0.0)*exp((-0.004+j*(0.0)*delw)*t
signal_3=signal_3+(0.75)*exp(j*(-pi/2.0))*exp((-0.0
signal_3=signal_3+(1.0)*exp(j*(pi/4.0))*exp((-0.003
signal_3=signal_3+(0.75)*exp(j*(0.0))*exp((-0.003+j
signal_3=signal_3+(0.5)*exp(j*(-pi/2.0))*exp((-0.00
signal_3=signal_3+(1.0)*exp(j*(pi/2.0))*exp((-0.001
signal_3=signal_3+(1.0)*exp(j*(-3.0*pi/4.0))*exp((-
signal_3=signal_3+(0.25)*exp(j*(0.0))*exp((-0.004+j
signal_3=signal_3+(0.5)*exp(j*(pi/2.0))*exp((-0.000
signal_3=signal_3+(0.5)*exp(j*(-pi/2.0))*exp((-0.00

% plot of signal Il
plot_complex('Signal III', signal_3);

% Save to file
fidsig = fopen('signal_3.dat', 'w+b');
for findex=1:Nf
fwrite(fidsig, real(signal_3(findex)), ‘real*4")
fwrite(fidsig, imag(signal_3(findex)), ‘real*4")
end
fclose(fidsig);

A.6.5find_peak.m

% find_peak.m - Find peak and compute squared error
% and damping

% Marquette University, Milwaukee, WI USA

% Copyright 2003, 2004 - All rights reserved.

% Fred J. Frigo

% Dec 23, 2003 - original

% Jan 20, 2004 - Added bias error computation

%

%

% Inputs:

% S = input data signal

% component_info = contains info about ea
% [ A, theta, sigma, omega_in

% A = expected magnitude

% theta = expected phase

% sigma = expected sigma (dam

% omega_index = omega index f

% next_omega_flag =1if OK t

100.0)*delw)*t);
20.0)*delw)*t);
2+j*(125.0)*delw)*t);
2+j*(195.0)*delw)*t);
25.0)*delw)*t);

)

02+j*(10.0)*delw)*t);
+*(31.0)*delw)*t);
*(34.0)*delw)*t);
5+j*(55.0)*delw)*t);
+j*(63.0)*delw)*t);
0.005+j*(66.0)*delw)*t);
*(73.0)*delw)*t);
+j*(95.0)*delw)*t);
6+j*(104.0)*delw)*t);

for amplitude, phase

ch peak in the signal
dex, next_omega_flag]

ping)
or expected peak
0 use next omega index
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% delw = step size for omega (freq)
% delsig = step size for sigma (damping)
% threshold = magnitude required to be cl

%
% Outputs:

% rms_mag_err = rms error for magnitude

% rms_phase_err = rms error for phase

% rms_sigma_err = rms error for sigma (da
% pct_mag_err = percent error for magnitu
% pct_phase_err = percent error for phase
% pct_sigma_err = percent error for sigma
% bias_mag_err = bias error for magnitude
% bias_phase_err = bias error for phase

% bias_sigma_err = bias error for sigma (

function [found_peak_flag, rms_mag_err, rms_phase_e

pct_mag_err, pct_phase
bias_mag_err, bias_pha
S, component_info, delw, delsig, threshold )

rms_mag_err = 0.0;
rms_phase_err = 0.0;
rms_sigma_err = 0.0;
pct_mag_err = 0.0;
pct_phase_err = 0.0;
pct_sigma_err = 0.0;
bias_mag_err = 0.0;
bias_phase_err = 0.0;
bias_sigma_err = 0.0;

expected_magnitude = component_info(1);
expected_theta = component_info(2);
expected_sigma = component_info(3);
omega_start = component_info(4)+1;
next_omega_flag = component_info(5);

% Obtain num of sigma values
num_sigma = min(size( S(:,:))); % Nsig

% Check to see if we need to include two values of
if (next_omega_flag == 1)
omega_end = omega_start + 1;
else
omega_end = omega_start;
end

found_peak_flag = 0;
found_mag = 0.0;
found_phase = 0.0;
found_sigma = 0.0;

for omega = omega_start:omega_end

[max_amp sigma_index] = max( abs(S(:,omega)) );

if (max_amp > threshold)
found_mag = abs(S(sigma_index, omega));
S(sigma_index, omega);
found_phase = angle(S(sigma_index, omega));
found_sigma = delsig*(sigma_index-1);
threshold = max_amp;
found_peak_flag = 1;

end

end

% Compute error terms if peak was found

assified as a peak

mping)
de

(damping)

damping)

rr, rms_sigma_ert, ...
_err, pct_sigma_err, ...

se_err, bias_sigma_err] = find_peak(

omega for search (boundary condition)
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if (found_peak_flag==1)
mag_diff = found_mag - expected_magnitude;
rms_mag_err = (mag_diffmag_diff)/(expected_mag
pct_mag_err = abs(mag_diff)/abs(expected_magnit
bias_mag_err = mag_diff/expected_magnitude;

phase_diff = found_phase - expected_theta;
% -pi < phase_diff < pi
if (phase_diff > pi)
phase_diff = phase_diff - (2.0*pi);
elseif ( -pi > phase_diff )
phase_diff = phase_diff + (2.0*pi);
end
rms_phase_err = (phase_diff*phase_diff)/((2.0*p
pct_phase_err = abs(phase_diff)/(2.0*pi);
bias_phase_err = phase_diff/(2.0*pi);

sigma_diff = found_sigma - expected_sigma;
max_sigma = (num_sigma-1)*delsig;
rms_sigma_err = (sigma_diff*sigma_diff)/(max_si
pct_sigma_err = abs(sigma_diff)/abs(max_sigma);
bias_sigma_err = sigma_diff/max_sigma;

end

return

A.6.6 mplot_1.m

% mplot_1.m - Mainline script to generate multichan
% Marquette University, Milwaukee, WI USA

% Copyright 2004 - All rights reserved.

% Fred J. Frigo

% Feb 29, 2004 - original

%

% Plots are obtained from msim_1_results.txt create
% the msim_1.m MATLAB file.

%

% Standard Capon with number of channels, C =1
% Standard Capon with signal averaging, C = 4

% Standard Capon with spectrum averaging, C=4
% 3 curves

clear all
close all

% File to read
results_file ='msim_1_results.txt’;

% SNR values
num_snr_values = 12;
snr_value=[ -18.0, -12.0, -6.0, 0.0, 6.0, 12.0, 18.

% Open results file
fid=fopen(results_file, 'rt");

% First three lines contain labels to discard
linel=fgets(fid);
line2=fgets(fid);
line3=fgets(fid);

% Loop through report
num_sigs =1; % only one signal for this report

nitude*expected_magnitude);
ude);

i)*(2.0*pi));

gma*max_sigma);

nel plot #1

d by

0, 24.0, 30.0, 36.0, 42.0, 48.0];
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num_C_values=3; % 3 different tests
for sig_id=1:num_sigs
for cloop = 1: num_C_values % num_C_values
% SNR loop
for snrloop = 1: num_snr_values % num_snr_v
% read the block of data
for field = 1: 12

text_line=fgets(fid);

% The 'mean’ field occurs in the sub
%  this depends on the results f
result_mean = sscanf(text_line(60:71
results(sig_id, cloop, snrloop, fiel

end % field loop
end % SNR loop
end % C loop
end % signal loop
fclose(fid);

% Average results for all signals
for cloop = 1: num_C_values % num_m_values

% SNR loop
for snrloop = 1: num_snr_values % num_snr_v

avg_missed_peaks( cloop, snrloop)= me
results(1:num_sigs,cloop,snrloop,1));
avg_false_peaks( cloop, snrloop)= mea
results(1:num_sigs,cloop,snrloop,2));
avg_mag_rms_error( cloop, snrloop)=m
results(1:num_sigs,cloop,snrloop,3));
avg_sigma_rms_error( cloop, snrloop)=
results(1:num_sigs,cloop,snrloop,5));

end

% Check for NaN and set all prior points to
avg_mag_rms_error( cloop,:) = check_for_nan(
avg_sigma_rms_error( cloop,:) = check_for_na

end % C loop

% Missed peaks plot

figure;

plot( snr_value, squeeze(avg_missed_peaks(1,:)), 'k
snr_value, squeeze(avg_missed_peaks(2,)), 'b
snr_value, squeeze(avg_missed_peaks(3,:)), 'g

legend('C=1','C=4; signal averaging','C=4; spectrum

xlabel('SNR (dB)");

ylabel('% Missed Peaks");

title('Capon, K=N');

% False peaks

figure;

plot( snr_value, squeeze(avg_false_peaks(1,:)), 'ko
snr_value, squeeze(avg_false_peaks(2,:)), 'bx
snr_value, squeeze(avg_false_peaks(3,:)), 'g+

legend('C=1','C=4; signal averaging','C=4; spectrum

xlabel('SNR (dB)");

ylabel('% False Peaks');

title('Capon, K=N');

% Magnitude RMS errors

figure;

plot( snr_value, squeeze(avg_mag_rms_error(1,:)),
snr_value, squeeze(avg_mag_rms_error(2,:)), "'

alues

-string starting at 60
ile being used

), %f);
d)=result_mean;

alues
an(
n(
ean(

mean(

NaN if found.
avg_mag_rms_error( cloop,’));
n( avg_sigma_rms_error( cloop,:));

o-, ...
X' ...

+-);
averaging’);

averaging’);

ko-', ...
bx-', ...
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snr_value, squeeze(avg_mag_rms_error(3,:)), '
legend('C=1','C=4; signal averaging','C=4; spectrum
xlabel('SNR (dB)");
ylabel('Relative RMS Magnitude Error’);
title('Capon, K=N');

% Sigma RMS errors

figure;

plot( snr_value, squeeze(avg_sigma_rms_error(1,:)),
snr_value, squeeze(avg_sigma_rms_error(2,:)),
snr_value, squeeze(avg_sigma_rms_error(3,:)),

legend('C=1','C=4; signal averaging','C=4; spectrum

xlabel('SNR (dB)");

ylabel('Relative RMS Damping Error');

title('Capon, K=N');

%
% Combined plot
%

figure;

% Missed peaks plot

subplot(2,2,1);

plot( snr_value, squeeze(avg_missed_peaks(1,:)), 'k
snr_value, squeeze(avg_missed_peaks(2,))), 'b
snr_value, squeeze(avg_missed_peaks(3,)), 'g

legend('C=1','C=4; signal averaging','C=4; spectrum

xlabel('SNR (dB)");

ylabel('% Missed Peaks");

% False peaks

subplot(2,2,2);

plot( snr_value, squeeze(avg_false_peaks(1,:)), 'ko
snr_value, squeeze(avg_false_peaks(2,:)), 'bx
snr_value, squeeze(avg_false_peaks(3,:)), 'g+

legend('C=1','"C=4; signal averaging','C=4; spectrum

xlabel('SNR (dB)");

ylabel('% False Peaks');

% Magnitude RMS errors

subplot(2,2,3);

plot( snr_value, squeeze(avg_mag_rms_error(1,:)), "
snr_value, squeeze(avg_mag_rms_error(2,:)), "
snr_value, squeeze(avg_mag_rms_error(3,:)), '

legend('C=1','C=4; signal averaging','C=4; spectrum

xlabel('SNR (dB)");

ylabel('Relative RMS Magnitude Error');

% Sigma RMS errors

subplot(2,2,4);

plot( snr_value, squeeze(avg_sigma_rms_error(1,:)),
snr_value, squeeze(avg_sigma_rms_error(2,:)),
snr_value, squeeze(avg_sigma_rms_error(3,:)),

legend('C=1','C=4; signal averaging','C=4; spectrum

xlabel('SNR (dB)");

ylabel('Relative RMS Damping Error');

A.6.7msm_1.m

% msim_1.m - Mainline script to run multiple channe
% Marquette University, Milwaukee, WI USA
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g+
averaging’);

'ko-, ...
'bx-, ...
‘g
averaging’);

o-, ...

Xy

+);
averaging’);

averaging’);

ko-', ...

bx-', ...

g+,
averaging’);

'ko-', ...
'bx-, ...
'g+-);
averaging’);

| simulation #1
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% Copyright 2004 - All rights reserved.
% Fred J. Frigo
% Feb 22, 2004 - original

clear all
close all

results_file = 'msim_1_results.txt';
simulation_id = 9;

% Noise files

num_noise_frames = 10;

noise_files=[
'noise_0.dat";
'noise_1.dat";
'noise_2.dat';
'noise_3.dat’;
'noise_4.dat’;
'noise_5.dat";
'noise_6.dat';
'noise_7.dat’;
'noise_8.dat";
'noise_9.dat";
'noise10.dat’;
'noisell.dat’;
'noisel2.dat’;
'noisel3.dat’;
'noisel4.dat’;
'noisel5.dat’;
'noisel6.dat’;
'noisel7.dat’;
'noisel8.dat’;
'noise19.dat’;
'noise20.dat’;
'noise21.dat’;
'noise22.dat’;
'noise23.dat’;
'noise24.dat’;
'noise25.dat’;
'noise26.dat’;
'noise27.dat’;
'noise28.dat’;
'noise29.dat’;
'noise30.dat’;
'noise31.dat’;
'noise32.dat’;
'noise33.dat’;
'noise34.dat’;
'noise35.dat’;
'noise36.dat’;
'noise37.dat’;
'noise38.dat’;
'noise39.dat’;

% Signal files

num_signals = 3;

signal_file=[
'signal_1.dat";
'signal_2.dat";
'signal_3.dat"];

% SNR per channel
num_snr_values = 12;



snr_values=[ -18.0, -18.0, -18.0, -18.0;
-12.0, -12.0, -12.0, -12.0;
-6.0, -6.0, -6.0, -6.0;
0.0, 0.0, 0.0, 0.0;
6.0, 6.0, 6.0, 6.0;
12.0, 12.0, 12.0, 12.0;
18.0, 18.0, 18.0, 18.0;
24.0, 24.0, 24.0, 24.0;
30.0, 30.0, 30.0, 30.0;
36.0, 36.0, 36.0, 36.0;
42.0, 42.0, 42.0, 42.0;
48.0, 48.0, 48.0, 48.0];

% Ideal gain per channel
gideal =[1.0 1.0 1.0 1.0].%

% Signal Components: (these match signal definition
% [ A, theta, sigma, omega_index, next_omega_fla

% A =magnitude

% theta = phase

% sigma = sigma (damping)

% omega_index = frequency index for peak

% next_omega_flag = 1 if OK to use next omega in

%

%

signal_components_1 = [
1.0, pi/4.0, 0.002, 63, O;
0.75, -pi/2.0, 0.006, 127, 0O;
0.25, 0.0, 0.004, 191, 0];

signal_components_2 = [
1.00, pi/4.0, 0.001, 30, O;
25.00, 0.0, 0.002, 40, O;
0.75, -pi/4.0, 0.004, 50, O;
0.25, 0.0, 0.003, 100, O;
1.00, 0.0, 0.001, 120, O;
10.00, pi/2.0, 0.002, 125, O;
0.50, -pi/2.0, 0.002, 195, 0;
1.00, 0.0, 0.003, 225, 0];

signal_components_3 = [
0.50, 0.0, 0.004,0, O;
0.75, -pi/2.0, 0.002, 10, O;
1.00, pi/4.0, 0.003,31, O;
0.75, 0.0, 0.003,34, O;
0.50, -pi/2.0, 0.005, 55, O;
1.00, pi/2.0, 0.001, 63, O;
1.00, 0.75*pi, 0.005, 66, O;
0.25, 0.0, 0.004,73, O;
0.50, pi/2.0, 0.000, 95, O;
0.50, -pi/2.0, 0.006, 104, 0];

num_C_values = 3; % number of simulation loops
C_values =[1, 4, 4]; % number of channels for each
combotype_values =[ 1, 1, 2]; % 1= signal averagi
gtype_values =[1, 1, 1]; % 1= ideal (known) gains

N=512;

% Frame size (max is 1024)
frame_size = N + 256;

% Get time and date
ctime = clock;
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% Open results file

fid=fopen(results_file, 'wt+");

fprintf(fid,'Simulation: %2d\n', simulation_id);

fprintf(fid,'started: %2.2d/%2.2d/%4.4d %2.2d:%2.2 d:%2.2d -
\n',...

ctime(2), ctime(3), ctime(1),ctime(4),

ctime(5),round(ctime(6)));

fprintf(fid,’ Parameter signal SNR C combo gtype N mean
max min std variance \n');
fclose(fid);

% Signal loop
for sig_id = 3:3 % num_signals

% Get data
fidsig = fopen(signal_file(sig_id,:), 'r+b’);

[raw_data, count] = fread(fidsig, frame_size*2, 'real*4");
fclose(fidsig);
for m = 1:(count/2)

sig_data(m) = raw_data((2*m)-1) + j*raw_data( 2*m);
end

% Compute signal energy for mixing SNR
sig_energy=sum(abs(sig_data.*sig_data));

% Select structure with signal component info
if (sig_id == 1)
peak_info = signal_components_1;
elseif (sig_id == 2)
peak_info = signal_components_2;
elseif (sig_id == 3)
peak_info = signal_components_3;
end

% C loop

for cloop = 1: num_C_values % num_C_values
C = C_values(cloop);
combotype = combotype_values(cloop);
gtype = gtype_values(cloop);

% SNR loop
for snrloop = 1: num_snr_values % num_snr_v alues
% Compute desired weight for noise to y ield desired SNR ratio in dB

dbSNRideal = snr_values(snrloop,:);

% Noise loop

for noise_id = 1: num_noise_frames % num_noise_frames
% signal energy
xeng=sig_data*sig_data’;
for chan_id = 1:C % channel loop

% Get noise for this channel

noise_file_index = noise_id + nu m_noise_frames*(chan_id-1);
fidn = fopen(noise_files(noise_f ile_index,:), 'r+b");
[raw_data, count] = fread(fidn, frame_size*2, 'real*4");
fclose(fidn);
for m = 1:(count/2)
noise(m) = raw_data((2*m)-1) + j*raw_data(2*m);
noise(m)=0.1*noise(m);
end

% compute noise energy
neng=noise*noise";

% combine signal and noise with desired SNR
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noisegain(chan_id)=sqrt((abs(gideal(chan_id))"2*xen g)/(neng*10~(dbSNRideal(chan_id)/10)))
’ noise_scaled=noisegain(chan_id)* noise;
rhosqgideal(chan_id)=noise_scaled *noise_scaled'/frame_size; %
Nf=frame_size
sig_and_noise=gideal(chan_id)*si g_data+noise_scaled;

% Create input signal matrix

if (chan_id == 1)
x=sig_and_noise;
else
X=[x

sig_and_noise];
end
end % channel loop
rhosqgideal=rhosqideal.";

% Call function to do processing on a Igorithm to test
[missed_peaks(noise_id), false_peaks( noise_id), mag_err_rms(noise_id),
phase_err_rms(noise_id),...
sigma_err_rms(noise_id), mag _err_pct(noise_id),
phase_err_pct(noise_id), ...
sigma_err_pct(noise_id), mag _err_bias(noise_id),
phase_err_bias(noise_id), ...
sigma_err_bias(noise_id), el apsed_time(noise_id)] = ...
msim_proc(x, C, combotype, r hosqideal, gideal, gtype, peak_info);

end % noise loop

% Log results for each parameter for a set of noise instances
for result_loop=1:12

if result_loop ==

result_data = missed_peaks;

result_string = 'Missed_Peaks';
elseif result_loop ==

result_data = false_peaks;

result_string = 'False_Peaks';
elseif result_loop == 3

result_data = mag_err_rms;

result_string = 'Mag_Err_RMS";
elseif result_loop == 4

result_data = phase_err_rms;

result_string = 'Phase_Err_RMS ;
elseif result_loop ==

result_data = sigma_err_rms;

result_string = 'Sigma_Err_RMS ;
elseif result_loop ==

result_data = mag_err_pct;

result_string = 'Mag_Err_perce nt';
elseif result_loop ==

result_data = phase_err_pct;

result_string = 'Phase_Err_per cent’;
elseif result_loop == 8

result_data = sigma_err_pct;

result_string = 'Sigma_Err_per cent’;
elseif result_loop ==

result_data = mag_err_bias;

result_string = 'Mag_Err_Bias' ;
elseif result_loop == 10

result_data = phase_err_bias;

result_string = 'Phase_Err_Bia s';
elseif result_loop == 11

result_data = sigma_err_bias;

result_string = 'Sigma_Err_Bia s



elseif result_loop == 12
result_data = elapsed_time;
result_string = 'Elapsed_time'

end

% Discard invalid results
num_results=0;
for (rindex = 1:num_noise_frames)
% If result is valid number, st
if (isnan(result_data(rindex))
num_results = num_results+1
valid_results(num_results)
end
end
% Compute mean, std and variance on
if (num_results >0)
result_mean = mean(valid_result
result_std = std(valid_results(
result_var = var(valid_results(
result_max = max(valid_results(
result_min = min(valid_results(
else
result_mean = NaN;
result_std = NaN;
result_var = NaN;
result_max = NaN;
result_min = NaN;
end

% Log results to output file:
% 'Parameter signal SNR C co
variance'
fid=fopen(results_file, 'at’);
fprintf(fid,'%20.20s %2.2d  %5.
%9.5f  %9.5f %9.5f %9.5f %9.5f\n, ...
result_string, sig_id, dbSNR
num_results, result_mean, result_mayx, ...
result_min, result_std, resu
fclose(fid);

end % results loop
end % SNR loop
end %combo loop
end % signal loop

% Get time and date to add for "completed timestamp

ctime = clock;

fid=fopen(results_file, 'rt+");

fseek(fid,47,0); % insert timestamp at beginning of

fprintf(fid," completed: %2.2d/%2.2d/%4.4d %2.2d:%
ctime(2), ctime(3), ctime(1),ctime(

fclose(fid);

A.6.8 msim_proc.m

% msim_proc.m - Processing associated with multiple
% Marquette University, Milwaukee, WI USA

% Copyright 2004 - Al rights reserved.

% Fred J. Frigo

% Feb 22, 2004 - original

%

% Inputs:
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= result_data(rindex);

valid results.
s(1:num_results));
1:num_results));
1:num_results));

1:num_results));
1:num_results));

mbo N mean max min std

1f %2.2d %2.2d %2.2d %2.2d
ideal(1), C, combotype, gtype,

It_var);

file after "started"
2.2d:%2.2d,...
4), ctime(5),round(ctime(6)));

channel simulations



% xlong = signal+noise

% C = number of channels

% combotype = 1 for signal averaging, 2 f
% rhosgideal = rho "2

% gideal = ideal gains for each channel

% gytpe = 1 ideal (known) gains per chann
% peak_info = contains info about each pe
% [ A, theta, sigma, omega_in

% A = expected magnitude

% theta = expected phase

% sigma = expected sigma (dam

% omega_index = omega index f

% next_omega_flag =1if OK t

%

% Outputs:

% missed_peaks = percentage of missed pea
% false_peaks = percentage of false peaks
% rms_mag_err = RMS error for magnitude
% rms_phase_err = RMS error for phase

% rms_sigma_err = RMS error for sigma (da
% pct_mag_err = RMS error for magnitude
% pct_phase_err = RMS error for phase

% pct_sigma_err = RMS error for sigma (da
% elapsed_time = elaspsed time in seconds

function [missed_peaks, false_peaks, rms_mag_err, r
pct_mag_err, pct_phase_err, pct_sigma_
bias_mag_err, bias_phase_err, bias_sig
msim_proc(xlong, C, combotype, rhosqid

matched_peaks = 0;

total_peaks = 0;

missed_peaks = 0.0;

false_peaks = 0.0;

rms_mag_err = NaN; % If no peaks are found, RMS er
rms_phase_err = NaN;

rms_sigma_err = NaN;

pct_mag_err = NaN; % If no peaks are found, Percent
pct_phase_err = NaN;

pct_sigma_err = NaN;

bias_mag_err = NaN; % If no peaks are found, Bias e
bias_phase_err = NaN;

bias_sigma_err = NaN;

% Find out how many signal components there are
num_expected_peaks = max( size(peak_info(:,5)));

% set flag = 1 to display all plots
show_plots=0;

N=512;

M=128;

Ns=640; %1800 ?Try N+M

Nf=768;%0<Ns<Nf. Nf>=N+M-1. % Frame_size
K=N;%K must be 1 or N. alpl and alp2 are irrelevan
Nsig=40;

Nw=N/2;%Nw must be greater than or equal to N/2.
k1=0;

k2=Nw-1;%0<=k1<k2<=Nw-1.

delsig=0.0002;

alp1=0;

alp2=0;

bet1=0; % O = default - set this to 0.5 to increas
bet2=0;

gam=0;%0<gam<=1. gam=1 reduces to 2D APES. gam=0

%C=1,
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ms_phase_err, rms_sigma_err, ...
err, ...

ma_err,elapsed_time] = ...

eal, gideal, gtype, peak_info);

ror = NaN

error = NaN

rror = NaN

tif K=1.

e peak picking sensitivity

would reduce to 2D Capon.
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spectrumtype=1;%=1 for 2D Capon, 2 for 2D APES/Capo n.
if C>1

% combotype=1;%-=1 for signal averaging, 2 for sp ectrum averaging, 3 for composite
spectrum.

% gtype=1;%=1 for ideal g's, 2 for estimated g's .

%ideal can be used only for simulated da ta.
rhosqtype=1;%=1 for ideal rhosq's, 2 for estimat ed rhosq's.
%ideal can be used only for simulate d data.

end
delw=pi/Nw;

% signal plus noise
x=xlong(:,1:N+M-1);

if C>1

if gtype==1
g=gideal;

elseif gtype==2
g=fgest(xlong,C);

end

if rhosqtype==1
rhosqg=rhosgqideal;

elseif rhosqtype==
rhosg=frhosgest(xlong,Ns,Nf,C);

end

Rw=diag(rhosq);
Rwinv=inv(Rw);
w=Rwinv*g/(g"*Rwinv*g);
Xest=w"*X;

else % if C == 1, then g = a single value
g=gideal(1);

end

tic;

if (C==1)|(C>1&combotype==3)
if spectrumtype==1

S=Capon2D(x,N,M,K,Nsig,Nw,k1,k2,delsig,alpl,a Ip2,betl,bet2,C,q);
elseif spectrumtype==2
S=APESCapon2D(x,N,M,Nsig,Nw,k1,k2,delsig,betl ,bet2,gam,C,q);
end
end

if C>1&combotype==1
if spectrumtype==1

S=Capon2D(xest,N,M,K,Nsig,Nw,k1,k2,delsig,alp 1,alp2,betl,bet2,1,1);
elseif spectrumtype==2
S=APESCapon2D(xest,N,M,Nsig,Nw,k1,k2,delsig,b etl,bet2,gam,1,1);
end
end

if C>1&combotype==2
S=zeros(Nsig,k2-k1+1);
for i=1:C
if spectrumtype==1
Si=Capon2D(x(i,:),N,M,K,Nsig,Nw,k1,k2,dels ig,alpl,alp2,betl,bet2,1,1);
elseif spectrumtype==2
Si=APESCapon2D(x(i,:),N,M,Nsig,Nw,k1,k2,de Isig,betl,bet2,gam,1,1);



end
S=S+conj(w(i))*Si;
end
end

elapsed_time = toc;

sigset=delsig*[0:Nsig-1];
wset=delw*[k1:k2];
n=[0:N+M-2];

% Create peak enhanced 2D surface where each peak i
Sp=peak_complex(S,0,1);

% Compute peak projections
Spp=peakproj(Sp,0);

% Set threshold for valid peaks: (Max component am
% - Use max projection (for determination of thres

% max_peak_value = max(abs(Spp));

% peak_threshold = max_peak_value*0.1;
peak_threshold = 0.025;

% Count number of peaks that exceed threshold
total_peaks = count_peaks(Spp, peak_threshold);

% Search for expected signal components, computing

rms_mag_sum = 0.0;

rms_phase_sum = 0.0;

rms_sigma_sum = 0.0;

pct_mag_sum = 0.0;

pct_phase_sum = 0.0;

pct_sigma_sum = 0.0;

bias_mag_sum = 0.0;

bias_phase_sum = 0.0;

bias_sigma_sum = 0.0;

peaks_found = 0;

for peak_component = 1: num_expected_peaks
component_info = squeeze(peak_info(peak_compone
% Search for expected peak calculating magnitud
[found_peak_flag, sq_mag_err, sq_phase_err, sq_

abs_sigma_err, diff_mag_err, diff_phase_
component_info, delw, delsig, peak_threshold );

rms_mag_sum = rms_mag_sum + sq_mag_err;
rms_phase_sum = rms_phase_sum + sg_phase_err;
rms_sigma_sum = rms_sigma_sum + sg_sigma_err;
pct_mag_sum = pct_mag_sum + abs_mag_err;
pct_phase_sum = pct_phase_sum + abs_phase_err;
pct_sigma_sum = pct_sigma_sum + abs_sigma_err;
bias_mag_sum = bias_mag_sum + diff_mag_err;
bias_phase_sum = bias_phase_sum + diff_phase_er
bias_sigma_sum = bias_sigma_sum + diff_sigma_er

if (found_peak_flag == 1)
peaks_found = peaks_found + 1;
end
end

% Compute error values if we found any peaks

if peaks_found > 0
rms_mag_err = sqrt( (rms_mag_sum/peaks_found) )
rms_phase_err = sqrt( (rms_phase_sum/peaks_foun
rms_sigma_err = sqgrt( (rms_sigma_sum/peaks_foun
pct_mag_err = (pct_mag_sum/peaks_found)*100.0;

s a dirac delta function

plitude = 1.0)
hold)

error terms if found

nt, 3));
e, phase and damping errors
sigma_err, abs_mag_err, abs_phase_err,

err, diff_sigma_err] = find_peak( Sp,

==
~——
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pct_phase_err = (pct_phase_sum/peaks_found)*100

pct_sigma_err = (rms_sigma_sum/peaks_found)*100

bias_mag_err = bias_mag_sum/peaks_found;

bias_phase_err = bias_phase_sum/peaks_found;

bias_sigma_err = bias_sigma_sum/peaks_found;
end

% False positives ( as a percentage)
false_peaks = ((total_peaks - peaks_found)/Nw)*100.

% Missed peaks (as a percentage)
missed_peaks = ((num_expected_peaks - peaks_found)/

% Create plots if selected.
if (show_plots == 1)

mrs_name="x(t)";

% Plots
if( spectrumtype == 1)
analysis_string = '2D-Capon ';
else
analysis_string = '2D-APES ';
end

figure

title_string = strcat([analysis_string, 'surface
mrs_name]);

surf(wset,sigset,abs(S)),title(title_string), xI
ylabel(\sigma'),zlabel(’|S(\sigma,\omega)|");

figure

title_string = strcat([analysis_string, ‘contour
mrs_name]);

contour(wset,sigset,abs(S)),title(title_string),

figure
title_string = strcat([analysis_string, 'peak en
|S(\sigma,\omega)| for ', mrs_name]);

surf(wset,sigset,abs(Sp)),title(title_string),xlabe
S(\sigma,\omega)|');

figure

title_string = strcat([analysis_string, 'peak en
|S(\sigma,\omega)| for ', mrs_name]);

contour(wset,sigset,abs(Sp)),title(title_string)

figure

title_string = strcat([analysis_string, 'project
mrs_name]);

plot(wset,Spp) title(title_string),xlabel(\omeg

X=fft(x.")."
[Cft,Nft]=size(abs(X));
k1ft=floor(Nft*k1/(2*Nw));
k2ft=floor(Nft*k2/(2*Nw));
wfset=[k1ft:k2ft]*2*pi/Nft;
figure
plot(wfset,abs(X(:,k1ft+1:k2ft+1))/Nft),title(st
', mrs_name])),xlabel("omega'),ylabel(|S(\omega)|'

ifC>1

Xest=fft(xest.").";

figure

plot(wfset,abs(Xest(:,k1ft+1:k2ft+1))/Nft),ti
end

0;

num_expected_peaks)*100.0;

plot of |[S(\sigma,\omega)| for ',

abel(\omega'),

plot of |[S(\sigma,\omega)| for ',
xlabel(\omega'),ylabel(\sigma’);
hanced surface plot of
I("\omega),ylabel(\sigma'),zlabel(’|
hanced contour plot of
xlabel(\omega'),ylabel(\sigma’);

ed peaks of |S(\sigma,\omega)| for ',

a'),ylabel(’|S(\sigma,\omega)|');

rcat(['Fourier Transform of

tle(‘average abs(FFT)"),xlabel(paras)
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figure
plot(n,abs(x)."),title(strcat(['Input signal ',m
xlabel('t"),ylabel('x(t)");

end % (show_plots == 1)

return

A.6.9 peak_complex.m

% peak_complex.m - Peak Enhancement
% Marquette University, Milwaukee, WI USA
% Copyright 2003,2004 - All rights reserved.
%
% Fred J. Frigo, James A. Heinen
%
% This function accepts a 2D input (S) and retur
% of the same dimension with peaks plotted as Di
%
% Changed to return complex valued peak-enhanced
%
function Sp=peak_complex(S_input,thresh,suppresslas
S=abs(S_input);
[Nsig,Nw]=size(S);
Sb=zeros(Nsig+2,Nw+2);
Sbp=zeros(Nsig+2,Nw+2);
for m=1:Nsig
for k=1:Nw
Sb(m+1,k+1)=S(m,k);
end
end
for m=2:Nsig+1
for k=2:Nw+1
if Sb(m,k)>=max([Sb(m+1,k-1) Sb(m+1,k) Sb(m+1
Sb(m,k+1) Sb(m-1,k-1) Sb(m-1,k) Sb(m-1,
Sbp(m,k)=S_input(m-1,k-1);
end
end
end
for m=1:Nsig
for k=1:Nw
Sp(m,k)=Sbp(m+1,k+1);
end
end
if suppresslastrow==1
for k=1:Nw
Sp(Nsig,k)=0;
end
end
return

A.6.10 plot_3.m

% plot_3.m - Mainline script to generate plots #3
% Marquette University, Milwaukee, WI USA
% Copyright 2004 - Al rights reserved.

% Fred J. Frigo
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% Feb 10, 2004 - original

%

% Plots are obtained from sim_1_results.txt created
% the sim_1.m MATLAB file.

%

% Capon K=1

% 4 curves

clear all
close all

% File to read
results_file = 'sim_1_results.txt';

% SNR values
num_snr_values = 12;
snr_value=[ -18.0, -12.0, -6.0, 0.0, 6.0, 12.0, 18.

% Values of M to test
num_m_values = 4;
m_values=[ 32, 64, 128, 256];

% Values of alphal to test
num_alpl_values = 1;
alpl_values=[ 0.0];

% Open results file
fid=fopen(results_file, 'rt');

% First three lines contain labels to discard
linel=fgets(fid);
line2=fgets(fid);
line3=fgets(fid);

% Loop through report
for sig_id=1:3
for mloop = 1: num_m_values % num_m_values
for aloop = 1: num_alp1_values % num_alpl_va
% SNR loop
for snrloop = 1: num_snr_values % num_snr_v
% read the block of data
for field = 1: 12

text_line=fgets(fid);

% The 'mean’ field occurs in the sub
%  this depends on the results f
result_mean = sscanf(text_line(50:61
results(sig_id, mloop, aloop, snrloo

end % field loop
end % SNR loop
end %alpha loop
end % M loop
end % signal loop
% size(results)
fclose(fid);

% Average results for all signals
for mloop = 1: num_m_values % num_m_values
for aloop = 1: num_alpl_values %num_alpl_value
% SNR loop
for snrloop = 1: num_snr_values % num_snr_v

avg_missed_peaks( mloop, aloop, snrlo
results(1:3,mloop,aloop,snrloop,1));

by

0, 24.0, 30.0, 36.0, 42.0, 48.0];

lues

alues

-string starting at 57
ile being used

),'%f);

p, field)=result_mean;

s
alues

op)= mean(
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avg_false_peaks( mloop, aloop, snrloo
results(1:3,mloop,aloop,snrloop,2));

avg_mag_rms_error( mloop, aloop, snrl
results(1:3,mloop,aloop,snrloop,3));

avg_sigma_rms_error( mloop, aloop, sn
results(1:3,mloop,aloop,snrloop,5));

end

% Check for NaN and set all prior points to

avg_mag_rms_error( mloop, aloop,:) = check_f
aloop,));

avg_sigma_rms_error( mloop, aloop,:) = check
aloop,’));

end %alpha loop
end % M loop

% Missed peaks plot

figure;

plot( snr_value, squeeze(avg_missed_peaks(1,1,:)),
snr_value, squeeze(avg_missed_peaks(2,1,:)),
snr_value, squeeze(avg_missed_peaks(3,1,:)),
snr_value, squeeze(avg_missed_peaks(4,1,:)),

legend('M=32','M=64','M=128','M=256");

xlabel('SNR (dB)");

ylabel('% Missed Peaks");

title('Capon, K=1";

% False peaks

figure;

plot( snr_value, squeeze(avg_false_peaks(1,1,:)), '
snr_value, squeeze(avg_false_peaks(2,1,)), '
snr_value, squeeze(avg_false_peaks(3,1,:)),"
snr_value, squeeze(avg_false_peaks(4,1,)), '

legend('M=32','M=64','M=128','M=256");

xlabel('SNR (dB)");

ylabel('% False Peaks");

title('Capon, K=1");

% Magnitude RMS errors

figure;

plot( snr_value, squeeze(avg_mag_rms_error(1,1,:)),
snr_value, squeeze(avg_mag_rms_error(2,1,3)),
snr_value, squeeze(avg_mag_rms_error(3,1,)),
snr_value, squeeze(avg_mag_rms_error(4,1,)),

legend('M=32','M=64','M=128','M=256");

xlabel('SNR (dB)");

ylabel('Relative RMS Magnitude Error');

title('Capon, K=1";

% Sigma RMS errors

figure;

plot( snr_value, squeeze(avg_sigma_rms_error(1,1,:)
snr_value, squeeze(avg_sigma_rms_error(2,1,:)
snr_value, squeeze(avg_sigma_rms_error(3,1,:)
snr_value, squeeze(avg_sigma_rms_error(4,1,:)

legend('M=32','M=64','M=128','M=256");

xlabel('SNR (dB)");

ylabel('Relative RMS Damping Error');

title('Capon, K=1";

%
% Combined plot
%

figure;
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subplot(2,2,1);

plot( snr_value, squeeze(avg_missed_peaks(1,1,:)),
snr_value, squeeze(avg_missed_peaks(2,1,:)),
snr_value, squeeze(avg_missed_peaks(3,1,:)),
snr_value, squeeze(avg_missed_peaks(4,1,:)),

legend('M=32','M=64','M=128','M=256");

xlabel('SNR (dB)");

ylabel('% Missed Peaks");

% False peaks

subplot(2,2,2);

plot( snr_value, squeeze(avg_false_peaks(1,1,:)), '
snr_value, squeeze(avg_false_peaks(2,1,:)),"
snr_value, squeeze(avg_false_peaks(3,1,)), '
snr_value, squeeze(avg_false_peaks(4,1,)), '

legend('M=32','M=64','M=128','M=256");

xlabel('SNR (dB)");

ylabel('% False Peaks");

% Magnitude RMS errors

subplot(2,2,3);

plot( snr_value, squeeze(avg_mag_rms_error(1,1,:)),
snr_value, squeeze(avg_mag_rms_error(2,1,3)),
snr_value, squeeze(avg_mag_rms_error(3,1,:)),
snr_value, squeeze(avg_mag_rms_error(4,1,)),

legend('M=32','M=64','M=128','M=256");

xlabel('SNR (dB)");

ylabel('Relative RMS Magnitude Error’);

% Adjust scale
myaxis = axis;
myaxis(3)=0;
myaxis(4)=2.0;
axis(myaxis);

% Sigma RMS errors

subplot(2,2,4);

plot( snr_value, squeeze(avg_sigma_rms_error(1,1,:)
snr_value, squeeze(avg_sigma_rms_error(2,1,:)
snr_value, squeeze(avg_sigma_rms_error(3,1,:)
snr_value, squeeze(avg_sigma_rms_error(4,1,:)

legend('M=32','M=64','M=128','M=256");

xlabel('SNR (dB)");

ylabel('Relative RMS Damping Error');

A.6.11 plot_timing.m

% plot_timing.m - Mainline script to generate timin
% Marquette University, Milwaukee, WI USA

% Copyright 2004 - All rights reserved.

% Fred J. Frigo

% Feb 29, 2004 - original

%

% Plots are obtained from timing_sim_results.txt cr
% the timing_sim_results.m MATLAB file.

%

% For M= 32, 64, 128, 256

% Capon (K=N):

% alpl=alp2=betl=bet2=0

% alpl=alp2=0; bet1=0.001, bet2=0.0

% alpl=-0.5, alp2=0.0; betl=bet2=0
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% alpl=-0.5, alp2=0.0; bet1=0.001, bet2=0.0
% Capon (K=1)

% alpl=alp2=0.0

% alp1=0.001, alp2=0.0

% APES/Capon (gamma=0.5)

% betl=bet2=0

% betl=0.001, bet2=0

% betl=-0.5, bet2=0

% 9 curves

clear all
close all

% File to read
results_file = 'timing_sim_results.txt';

num_snr_values = 1; % using SNR=18 for this simula

num_beta_values = 9;

% M values
num_M_values=4;
M_value=[ 32, 64, 128, 256 |;

% Open results file
fid=fopen(results_file, 'rt');

% First three lines contain labels to discard
linel=fgets(fid);
line2=fgets(fid);
line3=fgets(fid);

% Loop through report
num_sigs =1; % only one signal for this report

for sig_id=1:num_sigs
for mloop = 1: num_M_values % num_C_values

for bloop = 1: num_beta_values % num_beta_va

% read the block of data
for field = 1: 12

text_line=fgets(fid);

% The 'mean’ field occurs in the sub
%  this depends on the results f
result_mean = sscanf(text_line(71:84
results(sig_id, mloop, bloop, field)

end % field loop
end % beta loop
end % M loop
end % signal loop
fclose(fid);

% Average results for all signals
for mloop = 1: num_M_values % num_m_values
for bloop = 1:num_beta_values
avg_execution_time( mloop, bloop)= mean(r
end
end % M loop

% Execution time: Capon

figure;

plot( M_value, squeeze(avg_execution_time(:,1)), 'k
M_value, squeeze(avg_execution_time(:,2)), 'b
M_value, squeeze(avg_execution_time(:,3)), 'g
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M_value, squeeze(avg_execution_time(:,4)), 'm
M_value, squeeze(avg_execution_time(:,5)), 'k
M_value, squeeze(avg_execution_time(:,6)), 'b

legend('K=N, \alpha\neg-\sigma/2, \beta=constant’,
'K=N, \alpha\neg-\sigma/2, \beta=function(\s
'K=N, \alpha=-\sigma/2,\beta=constant',...
'K=N, \alpha=-\sigma/2, \beta=function(\sigm
'K=1, \beta=constant', 'K=1, \beta=function(

xlabel('M");

ylabel('Execution time (seconds)’);

% Execution time: Capon/APES

figure;

plot( M_value, squeeze(avg_execution_time(:,7)), 'k
M_value, squeeze(avg_execution_time(:,8)), 'b
M_value, squeeze(avg_execution_time(:,9)), 'g

legend(\beta=constant', \beta=function(\sigma), \
\beta=-\sigma/2");

xlabel('M");,

ylabel('Execution time (seconds)’);

A.6.12sm _1.m

% sim_1.m - Mainline script to run simulation #1

% Marquette University, Milwaukee, WI USA

% Copyright 2003, 2004 - All rights reserved.

% Fred J. Frigo

% Dec 21, 2003 - original

% Jan 7, 2004 - Updates to perform statistics on

% Jan 20, 2004 - Updates to modify parameters and

clear all
close all

results_file ='sim_1_results.txt’;
simulation_id = 1;

% Noise files

num_noise_frames = 10;

noise_file=[
'noise_0.dat';
'noise_1.dat";
'noise_2.dat";
'noise_3.dat’;
'noise_4.dat’;
'noise_5.dat";
'noise_6.dat";
'noise_7.dat’;
'noise_8.dat';
'noise_9.dat";

% Signal files

num_signals = 3;

signal_file=[
'signal_1.dat’;
'signal_2.dat’;
'signal_3.datT;

% SNR values
num_snr_values = 12;
snr_value=[ -18.0, -12.0, -6.0, 0.0, 6.0, 12.0, 18.
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% Signal Components: (these match signal definition
% [ A, theta, sigma, omega_index, next_omega_fla
% A =magnitude
% theta = phase
% sigma = sigma (damping)
% omega_index = frequency index for peak
% next_omega_flag = 1 if OK to use next omega in
%
%
signal_components_1 = [
1.0, pi/4.0, 0.002, 63, O;
0.75, -pi/2.0, 0.006, 127, O;
0.25, 0.0, 0.004, 191, 0Of;

signal_components_2 = [
1.00, pi/4.0, 0.001, 30, O;
25.00, 0.0, 0.002, 40, 0;
0.75, -pi/4.0, 0.004, 50, O;
0.25, 0.0, 0.003, 100, O;
1.00, 0.0, 0.001, 120, O;
10.00, pi/2.0, 0.002, 125, O;
0.50, -pi/2.0, 0.002, 195, O;
1.00, 0.0, 0.003, 225, 0];

signal_components_3 = [
0.50, 0.0, 0.004,0, O;
0.75, -pi/2.0, 0.002, 10, O;
1.00, pi/4.0, 0.003, 31, O;
0.75, 0.0, 0.003, 34, O0;
0.50, -pi/2.0, 0.005, 55, 0;
1.00, pi/2.0, 0.001, 63, O;
1.00, 0.75*pi, 0.005, 66, O;
0.25, 0.0, 0.004,73, O;
0.50, pi/2.0, 0.000, 95, O;
0.50, -pi/2.0, 0.006, 104, 0];

% Values of M to test
num_m_values = 4;
m_values=[ 32, 64, 128, 256];

N=512;

% Frame size (max is 1024)
frame_size = N + 256;

% Get time and date
ctime = clock;

% Open results file

fid=fopen(results_file, ‘wt+');

fprintf(fid,'Simulation: %2d\n’, simulation_id);
fprintf(fid,'started: %2.2d/%2.2d/%4.4d %2.2d:%2.2
\n',...

ctime(5),round(ctime(6)));

fprintf(fid,’ Parameter signal SNR
min std variance \n');
fclose(fid);

% Signal loop
for sig_id = 1: num_signals % num_signals

% Get data
fidsig = fopen(signal_file(sig_id,:), 'r+b");
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[raw_data, count] = fread(fidsig, frame_size*2,
fclose(fidsig);
for m = 1:(count/2)

sig_data(m) = raw_data((2*m)-1) + j*raw_data(
end

% Compute signal energy for mixing SNR
sig_energy=sum(abs(sig_data.*sig_data));

% Select structure with signal component info
if (sig_id == 1)
peak_info = signal_components_1;
elseif (sig_id == 2)
peak_info = signal_components_2;
elseif (sig_id == 3)
peak_info = signal_components_3;
end

% M loop
for mloop = 1:num_m_values % num_m_values
M_value = m_values(mloop);

% SNR loop

for snrloop = 1: num_snr_values % num_snr_v
% Compute desired weight for noise to y
SNR_in_dB = snr_value(snrloop);
SNR_exponent = SNR_in_dB/10.0; % numer

% Noise loop
for noise_id = 1:num_noise_frames %n
% Get noise
fidn = fopen(noise_file(noise_id,:),
[raw_data, count] = fread(fidn, fram
fclose(fidn);
for m = 1:(count/2)
noise(m) = raw_data((2*m)-1) +j
noise(m)=0.1*noise(m);
end

% Compute Noise energy for creating
% signal + noise
noise_energy=sum(abs(noise.*noise));
noise_weight = sqrt( (sig_energy/noi

% build the signal plus noise
x= sig_data + (noise_weight*noise);

% Call function to do processing on
[missed_peaks(noise_id), false_peaks
phase_err_rms(noise_id),...
sigma_err_rms(noise_id), mag
phase_err_pct(noise_id), ...
sigma_err_pct(noise_id), mag
phase_err_bias(noise_id), ...
sigma_err_bias(noise_id), el
M_value, peak_info);

end % noise loop

% Log results for each parameter for a
for result_loop=1:12

if result_loop == 1
result_data = missed_peaks;
result_string = 'Missed_Peaks';
elseif result_loop ==

'real*4);

2*m);

alues
ield desired SNR ratio in dB

ator = desired SNR ratio in dB
um_noise_frames
'r+b");

e_size*2, 'real*4’);

*raw_data(2*m);

desired mix of

se_energy)/power(10.0,SNR_exponent));

algorithm to test
(noise_id), mag_err_rms(noise_id),

_err_pct(noise_id),
_err_bias(noise_id),

apsed_time(noise_id)] = sim_1_proc(X,

set of noise instances
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variance'

result_data = false_peaks;

result_string = 'False_Peaks";
elseif result_loop == 3

result_data = mag_err_rms;

result_string = 'Mag_Err_RMS';
elseif result_loop ==

result_data = phase_err_rms;

result_string = 'Phase_Err_RMS
elseif result_loop ==

result_data = sigma_err_rms;

result_string = 'Sigma_Err_RMS
elseif result_loop ==

result_data = mag_err_pct;

result_string = 'Mag_Err_perce
elseif result_loop == 7

result_data = phase_err_pct;

result_string = 'Phase_Err_per
elseif result_loop ==

result_data = sigma_err_pct;

result_string = 'Sigma_Err_per
elseif result_loop ==

result_data = mag_err_bias;

result_string = 'Mag_Err_Bias'
elseif result_loop == 10

result_data = phase_err_bias;

result_string = 'Phase_Err_Bia
elseif result_loop == 11

result_data = sigma_err_bias;

result_string = 'Sigma_Err_Bia
elseif result_loop == 12

result_data = elapsed_time;

result_string = 'Elapsed_time'
end

% Discard invalid results
num_results=0;
for (rindex = 1:num_noise_frames)
% If result is valid number, st
if (isnan(result_data(rindex))
num_results = num_results+1
valid_results(num_results)
end
end
% Compute mean, std and variance on
if (num_results >0)
result_mean = mean(valid_result
result_std = std(valid_results(
result_var = var(valid_results(
result_max = max(valid_results(
result_min = min(valid_results(
else
result_mean = NaN;
result_std = NaN;
result_var = NaN;
result_max = NaN;
result_min = NaN;
end

% Log results to output file:
% 'parameter signal SNR M N

fid=fopen(results_file, 'at’);
fprintf(fid,'%20.20s  %2.2d %

%9.5f %9.5f %9.5\n', ...

result_string, sig_id, SNR_Ii

result_mean, result_max, ...

nt';
cent’;

cent’;

ore it for computation
=0 )

=result_data(rindex);

valid results.
s(1:num_results));
1:num_results));
1:num_results));

1:num_results));
1:num_results));

mean max min std

5.1f %3.3d %2.2d %9.5f

n_dB, M_value, num_results,

%9.5f
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result_min, result_std, resu
fclose(fid);

end % results loop
end % SNR loop
end % M loop
end % signal loop

% Get time and date to add for "completed timestamp

ctime = clock;

fid=fopen(results_file, 'rt+');

fseek(fid,47,0); % insert timestamp at beginning of

fprintf(fid," completed: %2.2d/%2.2d/%4.4d %2.2d:%
ctime(2), ctime(3), ctime(1),ctime(

fclose(fid);

A.6.13sim_1 proc.m

% sim_1_proc.m - Processing associated with simulat
% Marquette University, Milwaukee, WI USA

% Copyright 2003, 2004 - All rights reserved.

% Fred J. Frigo

% Dec 21, 2003 - original

% Jan 20, 2004 - updates for calculating errors

%

% Inputs:

% input_signal = signal+noise

% M = filter length

% peak_info = contains info about each pe
% [ A, theta, sigma, omega_in

% A = expected magnitude

% theta = expected phase

% sigma = expected sigma (dam

% omega_index = omega index f

% next_omega_flag =1 if OK t

%

% Outputs:

% missed_peaks = percentage of missed pea
% false_peaks = percentage of false peaks
% rms_mag_err = RMS error for magnitude
% rms_phase_err = RMS error for phase

% rms_sigma_err = RMS error for sigma (da
% pct_mag_err = RMS error for magnitude
% pct_phase_err = RMS error for phase

% pct_sigma_err = RMS error for sigma (da
% elapsed_time = elaspsed time in seconds

function [missed_peaks, false_peaks, rms_mag_err, r
pct_mag_err, pct_phase_err, pct_sigma_
bias_mag_err, bias_phase_err, bias_sig

sim_1_proc(input_signal, M, peak_info);

matched_peaks = 0;

total_peaks = 0;

missed_peaks = 0.0;

false_peaks = 0.0;

rms_mag_err = NaN; % If no peaks are found, RMS er
rms_phase_err = NaN;

rms_sigma_err = NaN;

pct_mag_err = NaN; % If no peaks are found, Percent
pct_phase_err = NaN;

It_var);

file after "started"
2.2d:%2.2d,...
4), ctime(5),round(ctime(6)));

ion #1

ak in the signal
dex, next_omega_flag]

ping)
or expected peak
0 use next omega index

ks

mping)

mping)

ms_phase_err, rms_sigma_err, ...

err, ...
ma_err,elapsed_time] =

ror = NaN

error = NaN
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pct_sigma_err = NaN;

bias_mag_err = NaN; % If no peaks are found, Bias e
bias_phase_err = NaN;

bias_sigma_err = NaN;

% Find out how many signal components there are
num_expected_peaks = max( size(peak_info(:,5)));

% set flag = 1 to display all plots
show_plots=0;

N=512;

%M=256;

Ns=1000; %1800

Nf=1024;%0<Ns<Nf. Nf>=N+M-1.

K=1;%K must be 1 or N. alpl and alp2 are irrelevan
Nsig=40;

Nw=N/2;%Nw must be greater than or equal to N/2.
k1=0;

k2=Nw-1;%0<=k1<k2<=Nw-1.

delsig=0.0002;

alp1=0;

alp2=0;

bet1=0; % O = default - set this to 0.5 to increas
bet2=0;

gam=0;%0<gam<=1. gam=1 reduces to 2D APES. gam=0
C=1,

spectrumtype=1;%=1 for 2D Capon, 2 for 2D APES/Capo
delw=pi/Nw;

% signal plus noise
x=input_signal(:,1:N+M-1);

if C>1

if gtype==1&datatype==1
g=gideal;

elseif gtype==2
g=fgest(xlong,C);
%g=fgest(x,C);

end

if rhosqtype==1&datatype==1
rhosg=rhosqideal;

elseif rhosqtype==2
rhosqg=frhosgest(xlong,Ns,Nf,C);

end

Rw=diag(rhosq);
Rwinv=inv(Rw);
w=Rwinv*g/(g"*Rwinv*g);

Xest=w'"*x;

else % ifC==1,theng=1
g=1;
end

tic;

if (C==1)|(C>1&combotype==3)
if spectrumtype==1
S=Capon2D(x,N,M,K,Nsig,Nw,k1,k2,delsig,alpl,a
elseif spectrumtype==2
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S=APESCapon2D(x,N,M,Nsig,Nw,k1,k2,delsig,betl
end
end

if C>1&combotype==1
if spectrumtype==1
S=Capon2D(xest,N,M,K,Nsig,Nw,k1,k2,delsig,alp
elseif spectrumtype==
S=APESCapon2D(xest,N,M,Nsig,Nw,k1,k2,delsig,b
end
end

if C>1&combotype==2
S=zeros(Nsig,k2-k1+1);
for i=1:C
if spectrumtype==1
Si=Capon2D(x(i,:),N,M,K,Nsig,Nw,k1,k2,dels
elseif spectrumtype==2
Si=APESCapon2D(x(i,:),N,M,Nsig,Nw,k1,k2,de
end
S=S+conj(w(i))*Si;
end
end

elapsed_time = toc;

sigset=delsig*[0:Nsig-1];
wset=delw*[k1:k2];
n=[0:N+M-2];

% Create peak enhanced 2D surface where each peak i
Sp=peak_complex(S,0,1);

% Compute peak projections
Spp=peakproj(Sp,0);

% Set threshold for valid peaks: (Max component am
% - Use max projection (for determination of thres

% max_peak_value = max(abs(Spp));

% peak_threshold = max_peak_value*0.1;
peak_threshold = 0.025;

% Count number of peaks that exceed threshold
total_peaks = count_peaks(Spp, peak_threshold);

% Search for expected signal components, computing

rms_mag_sum = 0.0;

rms_phase_sum = 0.0;

rms_sigma_sum = 0.0;

pct_mag_sum = 0.0;

pct_phase_sum = 0.0;

pct_sigma_sum = 0.0;

bias_mag_sum =0.0;

bias_phase_sum = 0.0;

bias_sigma_sum = 0.0;

peaks_found = 0O;

for peak_component = 1: num_expected_peaks
component_info = squeeze(peak_info(peak_compone
% Search for expected peak calculating magnitud
[found_peak_flag, sq_mag_err, sq_phase_err, sq_

abs_sigma_err, diff_mag_err, diff_phase_
component_info, delw, delsig, peak_threshold );
rms_mag_sum = rms_mag_sum + sq_mag_err;
rms_phase_sum = rms_phase_sum + sq_phase_err;
rms_sigma_sum = rms_sigma_sum + sqg_sigma_err;

,bet2,gam,C,g);

1,alp2,betl,bet2,1,1);

etl,bet2,gam,1,1);

ig,alpl,alp2,betl,bet2,1,1);

Isig,betl,bet2,gam,1,1);

s a dirac delta function

plitude = 1.0)
hold)

error terms if found

nt, 1));
e, phase and damping errors
sigma_err, abs_mag_err, abs_phase_err,

err, diff_sigma_err] = find_peak( Sp,
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pct_mag_sum = pct_mag_sum + abs_mag_err;
pct_phase_sum = pct_phase_sum + abs_phase_err;
pct_sigma_sum = pct_sigma_sum + abs_sigma_err;
bias_mag_sum = bias_mag_sum + diff_mag_err;
bias_phase_sum = bias_phase_sum + diff_phase_er
bias_sigma_sum = bias_sigma_sum + diff_sigma_er

if (found_peak_flag == 1)
peaks_found = peaks_found + 1;
end
end

% Compute error values if we found any peaks

if peaks_found > 0
rms_mag_err = sqrt( (rms_mag_sum/peaks_found) )
rms_phase_err = sqrt( (rms_phase_sum/peaks_foun
rms_sigma_err = sqgrt( (rms_sigma_sum/peaks_foun
pct_mag_err = (pct_mag_sum/peaks_found)*100.0;
pct_phase_err = (pct_phase_sum/peaks_found)*100
pct_sigma_err = (rms_sigma_sum/peaks_found)*100
bias_mag_err = bias_mag_sum/peaks_found;
bias_phase_err = bias_phase_sum/peaks_found;
bias_sigma_err = bias_sigma_sum/peaks_found;

end

% False positives ( as a percentage)
false_peaks = ((total_peaks - peaks_found)/Nw)*100.

% Missed peaks (as a percentage)

missed_peaks = ((num_expected_peaks - peaks_found)/

% Create plots if selected.
if (show_plots == 1)

mrs_name="x(t)";

% Plots
if( spectrumtype == 1)
analysis_string = '2D-Capon ';
else
analysis_string = '2D-APES ';
end

figure

title_string = strcat([analysis_string, 'surface
mrs_name]);

surf(wset,sigset,abs(S)) title(title_string), xI
ylabel(\sigma'),zlabel(’|S(\sigma,\omega)|");

figure

title_string = strcat([analysis_string, ‘contour
mrs_name]);

contour(wset,sigset,abs(S)),title(title_string),

figure
title_string = strcat([analysis_string, 'peak en
|S(\sigma,\omega)| for ', mrs_name]);

surf(wset,sigset,abs(Sp)),title(title_string),xlabe
S(\sigma,\omega)|");

figure

title_string = strcat([analysis_string, 'peak en
|S(\sigma,\omega)| for ', mrs_name]);

contour(wset,sigset,abs(Sp)),title(title_string)
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figure

title_string = strcat([analysis_string, 'project
mrs_name]);

plot(wset,Spp),title(title_string),xlabel(\omeg

X=fft(x.").";
[Cft,Nft]=size(abs(X));
k1ft=floor(Nft*k1/(2*Nw));
k2ft=floor(Nft*k2/(2*Nw));
wiset=[k1ft:k2ft]*2*pi/Nft;
figure
plot(wfset,abs(X(:,k1ft+1:k2ft+1))/Nft),title(st
', mrs_name])),xlabel("omega'),ylabel(|S(\omega)|'
if C>1
Xest=fft(xest.").";
figure
plot(wfset,abs(Xest(:,k1ft+1:k2ft+1))/Nft),ti
end
figure
plot(n,abs(x)."),title(strcat(['Input signal ',m
xlabel('t"),ylabel('x(t)");

end % (show_plots == 1)

return

A.6.14 timing_sim.m

% timing_sim.m - Mainline script to run timing simu
% Marquette University, Milwaukee, WI USA

% Copyright 2004 - All rights reserved.

% Fred J. Frigo

% Feb 29, 2004 - original

clear all
close all

results_file = 'timing_sim_results.txt';
simulation_id = 14;

% Noise files

num_noise_frames = 5; %10

noise_file=[
'noise_0.dat';
'noise_1.dat";
'noise_2.dat";
'noise_3.dat’;
'noise_4.dat’;
'noise_5.dat';
'noise_6.dat";
'noise_7.dat";
'noise_8.dat';
'noise_9.dat";

% Signal files

num_signals = 3;

signal_file=[
'signal_1.dat’;
'signal_2.dat’;
'signal_3.datT;
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% SNR values
num_snr_values = 1;
snr_value=[ 18.0 ];

% Signal Components: (these match signal definition
% [ A, theta, sigma, omega_index, next_omega_fla

% A =magnitude

% theta = phase

% sigma = sigma (damping)

% omega_index = frequency index for peak

% next_omega_flag = 1 if OK to use next omega in

%

%

signal_components_1 = [
1.0, pi/4.0, 0.002, 63, O;
0.75, -pi/2.0, 0.006, 127, 0;
0.25, 0.0, 0.004, 191, 0f;

signal_components_2 = [
1.00, pi/4.0, 0.001, 30, O;
25.00, 0.0, 0.002, 40, 0;
0.75, -pi/4.0, 0.004, 50, O;
0.25, 0.0, 0.003, 100, O;
1.00, 0.0, 0.001, 120, O;
10.00, pi/2.0, 0.002, 125, O;
0.50, -pi/2.0, 0.002, 195, 0;
1.00, 0.0, 0.003, 225, 0];

signal_components_3 = [
0.50, 0.0, 0.004,0, O;
0.75, -pi/2.0, 0.002, 10, O;
1.00, pi/4.0, 0.003, 31, O;
0.75, 0.0, 0.003, 34, O;
0.50, -pi/2.0, 0.005, 55, O;
1.00, pi/2.0, 0.001, 63, O;
1.00, 0.75*pi, 0.005, 66, O;
0.25, 0.0, 0.004,73, O;
0.50, pi/2.0, 0.000, 95, O;
0.50, -pi/2.0, 0.006, 104, 0];

% Number of M values to test
num_m_values = 4;
m_values=[ 32, 64, 128, 256];

N=512;

% Values of K, alphal, betal, spectrum_type
num_beta_values = 9;

K_values= [ N, N, N, N, 1,
alpl_values=[0.0, 0.0, -0.5, -0.5, 0.0,
betl_values=[0.0, 0.001, 0.0, 0.001, 0.0,
spect vals=[ 1, 1, 1, 1, 1,

% Frame size (max is 1024)
frame_size = N + 256;

% Get time and date
ctime = clock;

% Open results file
fid=fopen(results_file, ‘wt+');
fprintf(fid,'Simulation: %2d\n', simulation_id);

fprintf(fid,'started: %2.2d/%2.2d/%4.4d %2.2d:%2.2

\n',...
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ctime(5),round(ctime(6)));

fprintf(fid,’ Parameter signal SNR
mean max min std Y
fclose(fid);

% Signal loop
for sig_id = 3: 3 % num_signals

% Get data
fidsig = fopen(signal_file(sig_id,:), 'r+b’);
[raw_data, count] = fread(fidsig, frame_size*2,
fclose(fidsig);
for m = 1:(count/2)

sig_data(m) = raw_data((2*m)-1) + j*raw_data(
end

% Compute signal energy for mixing SNR
sig_energy=sum(abs(sig_data.*sig_data));

% Select structure with signal component info
if (sig_id == 1)
peak_info = signal_components_1;
elseif (sig_id == 2)
peak_info = signal_components_2;
elseif (sig_id == 3)
peak_info = signal_components_3;
end

% M loop
for mloop = 1: num_m_values % num_m_values
M_value = m_values(mloop);

for bloop = 1: num_beta_values % num_beta_val
betl = betl_values( bloop );
alpl = alp1_values( bloop );
spectrum_type = spect_vals( bloop);
K_value = K_values( bloop );

% SNR loop

for snrloop = 1: num_snr_values % num_snr_v
% Compute desired weight for noise to y
SNR_in_dB = snr_value(snrloop);
SNR_exponent = SNR_in_dB/10.0; % numer

% Noise loop
for noise_id = 1:num_noise_frames % n
% Get noise
fidn = fopen(noise_file(noise_id,:),
[raw_data, count] = fread(fidn, fram
fclose(fidn);
for m = 1:(count/2)
noise(m) = raw_data((2*m)-1) +j
noise(m)=0.1*noise(m);
end

% Compute Noise energy for creating
% signal + noise
noise_energy=sum(abs(noise.*noise));
noise_weight = sqrt( (sig_energy/noi

% build the signal plus noise
x= sig_data + (noise_weight*noise);

% Call function to do processing on

ctime(2), ctime(3), ctime(1),ctime(4),

K alpl betl M spec N
ariance \n');

'real*4);

2*m);

ues

alues

ield desired SNR ratio in dB
ator = desired SNR ratio in dB
um_noise_frames

T+bY;

e_size*2, 'real*4");

*raw_data(2*m);

desired mix of

se_energy)/power(10.0,SNR_exponent));

algorithm to test
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[missed_peaks(noise_id), false_peaks

phase_err_rms(noise_id),...

sigma_err_rms(noise_id), mag

phase_err_pct(noise_id), ...

sigma_err_pct(noise_id), mag

phase_err_bias(noise_id), ...

sigma_err_bias(noise_id), el

timing_sim_proc(x, K_value, alpl, betl, M_value, sp

end % noise loop

% Log results for each parameter for a
for result_loop=1:12

if result_loop == 1

result_data = missed_peaks;

result_string = 'Missed_Peaks';
elseif result_loop ==

result_data = false_peaks;

result_string = 'False_Peaks';
elseif result_loop ==

result_data = mag_err_rms;

result_string = 'Mag_Err_RMS";
elseif result_loop ==

result_data = phase_err_rms;

result_string = 'Phase_Err_RMS
elseif result_loop ==5

result_data = sigma_err_rms;

result_string = 'Sigma_Err_RMS
elseif result_loop ==

result_data = mag_err_pct;

result_string = 'Mag_Err_perce
elseif result_loop ==

result_data = phase_err_pct;

result_string = 'Phase_Err_per
elseif result_loop == 8

result_data = sigma_err_pct;

result_string = 'Sigma_Err_per
elseif result_loop == 9

result_data = mag_err_bias;

result_string = 'Mag_Err_Bias'
elseif result_loop == 10

result_data = phase_err_bias;

result_string = 'Phase_Err_Bia
elseif result_loop == 11

result_data = sigma_err_bias;

result_string = 'Sigma_Err_Bia
elseif result_loop == 12

result_data = elapsed_time;

result_string = 'Elapsed_time'
end

% Discard invalid results
num_results=0;
for (rindex = 1:num_noise_frames)
% If result is valid number, st
if (isnan(result_data(rindex))
num_results = num_results+1
valid_results(num_results)
end
end

% Compute mean, std and variance on

if (num_results >0)
result_mean = mean(valid_result
result_std = std(valid_results(
result_var = var(valid_results(

(noise_id), mag_err_rms(noise_id),
_err_pct(noise_id),
_err_bias(noise_id),

apsed_time(noise_id)] =
ectrum_type, peak_info);

set of noise instances

cent’;

cent’;

ore it for computation
= result_data(rindex);

valid results.

s(1:num_results));
1:num_results));
1:num_results));
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result_max = max(valid_results(

result_min = min(valid_results(
else

result_mean = NaN;

result_std = NaN;

result_var = NaN;

result_max = NaN;

result_min = NaN;
end

% Log results to output file:
% 'Parameter signal SNR K al
max min std variance'
fid=fopen(results_file, 'at’);
fprintf(fid,'%20.20s  %1.1d %
%1.1d %2.2d %9.5f %9.5f %9.5f %9.5f
result_string, sig_id, SNR_Ii
spectrum_type, num_results, result_mean, result_max
result_min, result_std, resu
fclose(fid);

end % results loop
end % SNR loop
end % beta loop
end % M loop
end % signal loop

% Get time and date to add for "completed timestamp

ctime = clock;

fid=fopen(results_file, 'rt+");

fseek(fid,47,0); % insert timestamp at beginning of

fprintf(fid,' completed: %2.2d/%2.2d/%4.4d %2.2d:%
ctime(2), ctime(3), ctime(1),ctime(

fclose(fid);

A.6.15timing_sim_proc.m

% timing_sim_proc.m - Processing associated with ti
% Marquette University, Milwaukee, WI USA

% Copyright 2004 - All rights reserved.

% Fred J. Frigo

% Feb 29, 2004 - original

%

% Inputs:

% input_signal = signal+noise

% K = estimation length

% alpl, betl = peak sensistivity paramete

% M = filter length

% spectrum_type = 1 = Capon; 2 = Capon/AP
% peak_info = contains info about each pe

% [ A, theta, sigma, omega_in

% A = expected magnitude

% theta = expected phase

% sigma = expected sigma (dam

% omega_index = omega index f

% next_omega_flag =1 if OKt

%

% Outputs:

% missed_peaks = percentage of missed pea
% false_peaks = percentage of false peaks
% rms_mag_err = RMS error for magnitude
% rms_phase_err = RMS error for phase

% rms_sigma_err = RMS error for sigma (da
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1:num_results));
1:num_results));

pl betl M spect_type N mean

4.1f %3.3d %4.1f %6.3f %3.3d
%9.5f\n’, ...
n_dB, K_value, alpl, betl, M_value,

It_var);

file after "started"
2.2d:%2.2d,...
4), ctime(5),round(ctime(6)));

ming simulation

rs
ES

ak in the signal
dex, next_omega_flag]

ping)
or expected peak
0 use next omega index

ks

mping)



% pct_mag_err = RMS error for magnitude
% pct_phase_err = RMS error for phase

% pct_sigma_err = RMS error for sigma (da
% elapsed_time = elaspsed time in seconds

function [missed_peaks, false_peaks, rms_mag_err, r
pct_mag_err, pct_phase_err, pct_sigma_
bias_mag_err, bias_phase_err, bias_sig
timing_sim_proc(input_signal, K, alp1,

matched_peaks = 0;

total_peaks = 0;

missed_peaks = 0.0;

false_peaks = 0.0;

rms_mag_err = NaN; % If no peaks are found, RMS er
rms_phase_err = NaN;

rms_sigma_err = NaN;

pct_mag_err = NaN; % If no peaks are found, Percent
pct_phase_err = NaN;

pct_sigma_err = NaN;

bias_mag_err = NaN; % If no peaks are found, Bias e
bias_phase_err = NaN;

bias_sigma_err = NaN;

% Find out how many signal components there are
num_expected_peaks = max( size(peak_info(:,5)));

% set flag = 1 to display all plots
show_plots=0;

N=512;

%M=256;

Ns=1000; %1800

Nf=1024;%0<Ns<Nf. Nf>=N+M-1.

% K=N;%K must be 1 or N. alpl and alp2 are irrelev
Nsig=40;

Nw=N/2;%Nw must be greater than or equal to N/2.
k1=0;

k2=Nw-1;%0<=k1<k2<=Nw-1.

delsig=0.0002;

%alp1=0;

alp2=0;

%Dbet1=0; % 0 = default - set this to 0.5 to increa
bet2=0;

gam=0.5;%0<gam<=1. gam=1 reduces to 2D APES. gam=

Cc=1;

spectrumtype=2;%=1 for 2D Capon, 2 for 2D APES/Capo

delw=pi/Nw;

% signal plus noise
x=input_signal(:,1:N+M-1);

if C>1

if gtype==1&datatype==1
g=gideal;

elseif gtype==2
g=fgest(xlong,C);
%g=fgest(x,C);

end

if rhosqtype==1&datatype==1
rhosqg=rhosgqideal,
elseif rhosqtype==

mping)

ms_phase_err, rms_sigma_err, ...
err, ...

ma_err,elapsed_time] = ...

betl, M, spectrum_type, peak_info);

ror = NaN

error = NaN

rror = NaN

ant if K=1.

se peak picking sensitivity

0 would reduce to 2D Capon.
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rhosqg=frhosgest(xlong,Ns,Nf,C);
end

Rw=diag(rhosq);
Rwinv=inv(Rw);
w=Rwinv*g/(g"*Rwinv*g);

Xest=w'"*x;

else % ifC==1,theng=1
g=1;
end

tic;

if (C==1)|(C>1&combotype==3)
if spectrumtype==1
S=Capon2D(x,N,M,K,Nsig,Nw,k1,k2,delsig,alpl,a
elseif spectrumtype==2
S=APESCapon2D(x,N,M,Nsig,Nw,k1,k2,delsig,betl
end
end

if C>1&combotype==1
if spectrumtype==1
S=Capon2D(xest,N,M,K,Nsig,Nw,k1,k2,delsig,alp
elseif spectrumtype==2
S=APESCapon2D(xest,N,M,Nsig,Nw,k1,k2,delsig,b
end
end

if C>1&combotype==2
S=zeros(Nsig,k2-k1+1);
for i=1:C
if spectrumtype==1
Si=Capon2D(x(i,:),N,M,K,Nsig,Nw,k1,k2,dels
elseif spectrumtype==2
Si=APESCapon2D(x(i,:),N,M,Nsig,Nw,k1,k2,de
end
S=S+conj(w(i))*Si;
end
end

elapsed_time = toc;

sigset=delsig*[0:Nsig-1];
wset=delw*[k1:k2];
n=[0:N+M-2];

% Create peak enhanced 2D surface where each peak i
Sp=peak_complex(S,0,1);

% Compute peak projections
Spp=peakproj(Sp,0);

% Set threshold for valid peaks: (Max component am
% - Use max projection (for determination of thres

% max_peak_value = max(abs(Spp));

% peak_threshold = max_peak_value*0.1;
peak_threshold = 0.025;

% Count number of peaks that exceed threshold
total_peaks = count_peaks(Spp, peak_threshold);

% Search for expected signal components, computing
rms_mag_sum = 0.0;
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rms_phase_sum = 0.0;

rms_sigma_sum = 0.0;

pct_mag_sum = 0.0;

pct_phase_sum = 0.0;

pct_sigma_sum = 0.0;

bias_mag_sum =0.0;

bias_phase_sum = 0.0;

bias_sigma_sum = 0.0;

peaks_found = 0;

for peak_component = 1: num_expected_peaks
component_info = squeeze(peak_info(peak_compone
% Search for expected peak calculating magnitud
[found_peak_flag, sq_mag_err, sq_phase_err, sq_

abs_sigma_err, diff_mag_err, diff_phase_
component_info, delw, delsig, peak_threshold );

rms_mag_sum = rms_mag_sum + sq_mag_err;
rms_phase_sum = rms_phase_sum + sq_phase_err;
rms_sigma_sum = rms_sigma_sum + sg_sigma_err;
pct_mag_sum = pct_mag_sum + abs_mag_err;
pct_phase_sum = pct_phase_sum + abs_phase_err;
pct_sigma_sum = pct_sigma_sum + abs_sigma_err;
bias_mag_sum = bias_mag_sum + diff_mag_err;
bias_phase_sum = bias_phase_sum + diff_phase_er
bias_sigma_sum = bias_sigma_sum + diff_sigma_er

if (found_peak_flag == 1)
peaks_found = peaks_found + 1;
end
end

% Compute error values if we found any peaks

if peaks_found > 0
rms_mag_err = sqrt( (rms_mag_sum/peaks_found) )
rms_phase_err = sqrt( (rms_phase_sum/peaks_foun
rms_sigma_err = sqgrt( (rms_sigma_sum/peaks_foun
pct_mag_err = (pct_mag_sum/peaks_found)*100.0;
pct_phase_err = (pct_phase_sum/peaks_found)*100
pct_sigma_err = (rms_sigma_sum/peaks_found)*100
bias_mag_err = bias_mag_sum/peaks_found;
bias_phase_err = bias_phase_sum/peaks_found;
bias_sigma_err = bias_sigma_sum/peaks_found;

end

% False positives ( as a percentage)
false_peaks = ((total_peaks - peaks_found)/Nw)*100.

% Missed peaks (as a percentage)
missed_peaks = ((num_expected_peaks - peaks_found)/

% Create plots if selected.
if (show_plots == 1)

mrs_name="X(t)";

% Plots
if( spectrumtype == 1)
analysis_string = '2D-Capon ';
else
analysis_string = '2D-APES ';
end

figure
title_string = strcat([analysis_string, 'surface
mrs_name]);

nt, :));
e, phase and damping errors

sigma_err, abs_mag_err, abs_phase_err,

err, diff_sigma_err] = find_peak( Sp,

num_expected_peaks)*100.0;

plot of |[S(\sigma,\omega)| for ',
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surf(wset,sigset,abs(S)) title(title_string), xI
ylabel(\sigma'),zlabel(’|S(\sigma,\omega)|");

figure

title_string = strcat([analysis_string, ‘contour
mrs_name]);

contour(wset,sigset,abs(S)),title(title_string),

figure
title_string = strcat([analysis_string, 'peak en
|S(\sigma,\omega)| for ', mrs_name]);

surf(wset,sigset,abs(Sp)),title(title_string),xlabe
S(\sigma,\omega)|");

figure

title_string = strcat([analysis_string, 'peak en
|S(\sigma,\omega)| for ', mrs_name]);

contour(wset,sigset,abs(Sp)),title(title_string)

figure

title_string = strcat([analysis_string, 'project
mrs_name]);

plot(wset,Spp) title(title_string),xlabel(\omeg

X=ff(x.").";
[Cft,Nft]=size(abs(X));
k1ft=floor(Nft*k1/(2*Nw));
k2ft=floor(Nft*k2/(2*Nw));
wfset=[k1ft:k2ft]*2*pi/Nft;
figure
plot(wfset,abs(X(:,k1ft+1:k2ft+1))/Nft),title(st
', mrs_name])),xlabel("omega'),ylabel(|S(\omega)|'
if C>1
Xest=fft(xest.").";
figure
plot(wfset,abs(Xest(:,k1ft+1:k2ft+1))/Nft),ti
end
figure
plot(n,abs(x)."),title(strcat(['Input signal ',m
xlabel('t"),ylabel('x(t)");

end % (show_plots == 1)

return

290

abel(\omega’),

plot of |[S(\sigma,\omega)| for ',
xlabel(\omega'),ylabel(\sigma’);
hanced surface plot of
I("\omega),ylabel(\sigma'),zlabel(’|
hanced contour plot of
xlabel(\omega'),ylabel(\sigma’);

ed peaks of |S(\sigma,\omega)| for ',

a'),ylabel(’|S(\sigma,\omega)|');

rcat(['Fourier Transform of

tle(‘average abs(FFT)"),xlabel(paras)

rs_namey))),



