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On the Use of Simulated Annealing to Automatically
Assign Decorrelated Components in Second-Order
Blind Source Separation
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Abstract—In this paper, an automatic assignment tool, called
BSS-AutoAssign, for artifact-related decorrelated components
within a second-order blind source separation (BSS) is presented.
The latter is based on the recently proposed algorithm dAMUSE,
which provides an elegant solution to both the BSS and the
denoising problem simultaneously. BSS-AutoAssign uses a local
principal component analysis (PCA)to approximate the artifact
signal and defines a suitable cost function which is optimized using
simulated annealing. The algorithms dAMUSE plus BSS-AutoAs-
sign are illustrated by applying them to the separation of water
artifacts from two-dimensional nuclear overhauser enhancement
(2-D NOESY) spectroscopy signals of proteins dissolved in water.

Index Terms—Blind source separation, generalized eigenvalue
decomposition, matrix pencil, simulated annealing, 2-D NOESY
NMR.

1. INTRODUCTION

LIND SOURCE separation (BSS) methods consider the
B separation of observed sensor signals into their underlying
source signals knowing neither these source signals nor the
mixing process. Considering biomedical applications, BSS
methods are especially valuable to remove artifacts from the
signals recorded. With noisy signals, this artifact removal, how-
ever, inevitably increases the noise level in the reconstructed,
artifact-free signals. Hence, denoising techniques need to be
considered to reduce the noise level of the reconstructed signals
to the level of the original signals, at least.

In many biomedical applications, quite a number of under-
lying components have to be determined with BSS algorithms
and it is not a priori clear how many components should be as-
signed to the signals representing the artifacts. Especially the
signal of the physiological solvent, H,O, is by far the most in-
tense feature in 'H nuclear magnetic resonance (NMR) spec-
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troscopy of biological macromolecules and causes spectral ar-
tifacts even where strongly attenuated by presaturation or se-
lective excitation. This is for example obvious in 2-D NOESY
NMR proton spectra of proteins [1], where the prominent water
artifact distorts the recorded spectra considerably. Many efforts
have been undertaken to remove it. However, most of them have
only been partially successful so far with the recovery of protein
signals buried under the water artifact being one of the most dif-
ficult problems. Since as a consequence of the often used presat-
uration of the water resonance, the water signal is strongly phase
distorted in the various component spectra belonging to deliber-
ately incremented evolution periods within the pulse sequence.
This, however, prohibits any simple analytical or wavelet-based
fitting of the water artifact and subsequent subtraction from the
recorded spectrum without loss of buried protein signals.

As experimental means seem unable to suppress the artifact
sufficiently, only computational signal processing techniques
may be able to solve the problem satisfactorily. In the following,
some of the methods published so far for solvent suppression
will be summarized.

The dispersive tails of the water resonance can be mainly re-
moved from spectra by fitting these tails to a hyperbolic func-
tion which is then removed from the data [2]. A somewhat sim-
pler method, similar to the diagonal peak suppression method
for phase-sensitive COSY spectra, [3] makes use of the fact
that the water resonance is usually positioned at the center of
the spectrum (i.e., at w = 0). As a consequence, its time do-
main signal can be described as a nonmodulated exponential.
The contribution of the water signal can be obtained by filtering
out the oscillatory parts of the free induction decays (FIDs) and
then subtracting those parts from the original time domain data
[4]. The dispersive tails of the water resonance can also be sup-
pressed by phasing the water signal in absorption mode, zeroing
the relatively small absorption signal in the frequency domain
data, discarding the imaginary part and regenerating the signal
from the processed real part via a Hilbert transformation [5].
Also, itis possible to compute the second derivatives of the FIDs
and to Fourier transform the latter, which also suppresses sig-
nals at w = 0, such as the water artifact [6]. Application of
the Karhunen-Loeve transformation to multidimensional data
removes undesired water artifacts based on their large intensity
[7]. Similar results can be obtained by a principal component
analysis of the frequency domain data [8] or linear prediction of
the time domain data and removal of very strong singular values
(signals) [9]. Also wavelet transformation can be used for sol-
vent suppression. Here the signal is decomposed in terms of el-
ementary contributions called wavelets. By discarding compo-
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nents corresponding to low frequencies before data reconstruc-
tion the water signal can be suppressed (assuming that the water
is located in the middle of the spectrum) [10]-[12].

Recently artifact removal was considered using BSS tech-
niques based on a generalized eigenvalue decomposition
(GEVD) of a matrix pencil which is computed considering
second-order statistics only [13], [14]. The method is very effi-
cient and fast and outperformed FastICA and SOBI in all cases
studied [15]. But, the estimated components related with the
water artifacts had to be assigned by hand. With more than 100
estimated components this turns out to become a rather tedious
undertaking prone to be biased by subjective judgements of the
assignment criteria.

In this paper, we propose to use local principal component
analysis (PCA) to approximate the FID related with the water ar-
tifact and to use simulated annealing (SA) [16] to identify those
underlying uncorrelated components which were estimated with
a GEVD using matrix pencils and which have to be assigned
to the water artifact. Nullifying these components, an artifact-
free protein spectrum can be reconstructed albeit at the expense
of an increased noise level. Replacing the GEVD with the al-
gorithm dAMUSE [17], BSS and denoising can be achieved
simultaneously.

The algorithm dAMUSE considers an embedding of the noisy
signal in a high-dimensional feature space of delayed coordi-
nates [18]. The technique is similar to singular spectral analysis
(SSA) [19] where trajectory matrices formed with delayed ver-
sions of a signal are subject to a singular value decomposition
to extract informative components underlying the recorded sig-
nals. De-noising can be achieved by back-projecting the data
into a lower dimensional subspace corresponding to the dimen-
sion of the underlying source signals. The algorithm dAMUSE,
a modified version of AMUSE [20], comprises a simultaneous
diagonalization of a matrix pencil whereby the latter is formed
with correlation matrices computed in a high-dimensional fea-
ture space, i.e., after increasing the data set dimension by joining
delayed versions of each sensor signal. dAMUSE, thus, solves
the BSS problem, albeit a filtering indeterminacy remains, and
simultaneously provides an efficient denoising tool.

The following section will provide a short summary of the
algorithm dAMUSE [21], encompassing the matrix pencil algo-
rithm (GEVD-MP) [13], and introduces the new algorithm BSS-
AutoAssign. To illustrate the proposed method, some applica-
tions are discussed comprising theoretical 2-D NOESY NMR
spectra with added noise and an experimental water resonance
added as well. Further water artifacts have been removed from
experimental 2-D NOESY protein spectra.

II. THEORY

A. BSS Model

Given N complex sensor signals z(t1,,,t2;) = ,[l] sam-
pled at L discrete time instances, the corresponding data matrix
X reads

x1[0] 1] wl[é— 1]
X — .TQ:[O] 1172:[1] 372[ :— 1] (1)
en[0] an[l] enlL = 1]

where the rows of the data matrix correspond to one-dimen-
sional (1-D) FIDs of the 2-D NOESY experiment taken at N
discrete evolution times ¢ , = [n],n =1,..., N.

BSS then relies on the following linear mixing model (I =
0,....,L—1)

x[l] = As[l] + €[l] 2

where x[I] = (z1[l],...,zn[l])T designates the observed sig-
nals sampled at time instance [, i.e., the [th column of the data
matrix X, s[l] the underlying uncorrelated source signals, A the
stationary mixing matrix and €[!] an additional zero mean white
Gaussian noise term. After Fourier transformation one obtains

X[w] = As[w] + €[w] 3)

which shows that the linear mixing model holds in the frequency
domain as well.

Considering 2-D NMR spectra, after Fourier transformation
of the observed FIDs «(t1,,,t2;) = z,[l] with respect to the
aquisition time ¢ ; = [I] one obtains (£(t1,,,,w2,1) = & [l])

x[l] = Z a,$n[l] + €[] )

where X[[] denotes the N-dimensional vector of spectral ampli-
tudes at frequency wo; = [I] of the N 1-D spectra. The latter
form the rows of the data matrix X in frequency space, whereas
the x[{] form the corresponding columns. The N 1-D spectra
correspond to N discrete evolution periods ¢1, = [n]. The
columns /] of the source signal matrix S comprise the spectral
contents at frequency w; = [I] of the N underlying and uncor-
related 1-D spectra. Their contribution to the observed spectral
amplitudes x[[] is given by the mixing coefficients a,,. Hence, a
linear superposition model is appropriate to describe each 1-D
NMR spectrum and the BSS model considered above can be ap-
plied to 2-D NOESY NMR spectra.

B. Embedding Signals in a Feature Space of Delayed
Coordinates

A GEVD technique [20] using congruent matrix pencils
(GEVD-MP) [13] may be used to separate the water artifact
from 2-D NOESY NMR spectra of proteins as has been shown
recently [22]. Later the GEVD-MP algorithm [23] has been
extended to data embedded in a high-dimensional feature space
of delayed coordinates, resulting in the algorithm dAMUSE
[17], [21]. The latter provides a means to perform BSS and
denoising in parallel [24]. The method uses the concept of a
trajectory matrix borrowed from SSA (see [19] for a recent
review).

Considering L samples and M delayed versions of a sensor
signal component ,,[I], each column of a component trajectory
matrix X¢ [25] contains delayed versions ., [ —m K], where K
denotes the delay in number of sample points between consecu-
tiverows,! = (M —1)K,...,L—1landm =0,1,...,M —1.
The resulting component trajectory matrix will have a Toeplitz
structure with the same samples repeated along diagonals. The
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total trajectory matrix X of NV sensor signals is formed by con-
catenating the component trajectory matrices X¢, according to

=[X$, X5, ..., X" (5)
After embedding, the instantaneous mixing model can be
written as X® = A®S® where S represents the source signal
trajectory matrix and A® = A, ® Ij;xy forms a block
matrix with Ip; s being the identity matrix. Then if A,, is an
invertible matrix, A° is also invertible as it is the Kronecker
product of two invertible matrices.

Recently the algorithm dAMUSE [17], [24] was proposed to
use such data embedded in a high-dimensional feature space to
simultaneously solve the blind source separation problem and
reduce the noise level of the reconstructed signals. dAAMUSE
proposed a two-step GEVD of a matrix pencil, whereby the cor-
responding correlation matrices of the pencil are computed with
suitably chosen feature vectors. Here, in addition, an alternative
way of computing one of the matrices of the pencil will be de-
scribed in the following section and a brief review of the char-
acteristics of the resulting solution will be given.

C. On the Use of a Filtering Operation to Compute the Pencil

Some second-order methods based on a GEVD perform a
simultaneous diagonalization of a matrix pencil. However, the
second correlation matrix of the pencil can be computed using
different strategies [13], [23], [26]. Here we propose a filtering
operation performed in the frequency domain while the correla-
tion operation is performed in the time domain.

The discrete Fourier transform (1-D) of the embedded data
is computed first. Next each entry in each row of the total tra-
jectory matrix X is multiplied by a corresponding element of
a Gaussian filter function A[l]. In matrix notation this yields
XE’ = X° o H where ¢ represents the Hadamard product and
H contains the samples A[l] in all rows.

Note that the discrete product operation in the frequency do-
main corresponds to a circular convolution in the time domain
as can be shown easily. Given the inverse transform h[l], | =
0,...,.J —1,J = L — (M — 1)K of the bandpass filter fre-
quency response function, the circular convolution for an arbi-
trary signal ¢ = (c[0],...,c[J — 1])T can be computed using
a matrix manipulation z = Hc, as shown in (6) at the bottom
of the page, where the matrix H is a circular matrix with circu-
larly shifted columns of the impulse response A[l]. Computing
the transpose of each member of (6) yields z = ¢cTH”, where
the input and output signals are organized in rows. Applied to
the sensor signals considered here, filtering each row of the tra-
jectory matrix X will be achieved by Z = X°H”, where each
row of Z represents a filtered version of the corresponding row
of X°. The correlation matrices computed with the original and
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the filtered data, respectively, then form the pencil (R, R, r)
whereby

R, = (X°(X9)")

R, r = (22") = (X*(HTH)T (X)), (1)
Substituting X = A°S°®, this pair of correlation matrices forms
a congruent pencil with an equivalent pair of matrices com-
puted in the source domain. A GEVD with simultaneous de-
noising of the given matrix pencil can then be achieved applying
the algorithm dAMUSE as has been explained elsewhere [17].
Hence, we only summarize some characteristics of the solutions
obtained.

The eigenvector matrices of the sensor pencil and source
pencil, respectively E, and Eg, are related by the mixing
matrix A¢ via E; = (A¢)?E, [17]. Furthermore, E, pro-
vides a solution to the BSS problem if the source signals are
uncorrelated as the following holds:

* With nonembedded signals (K = 1 and M = 1, hence,
A° = A) the eigenvector matrix E; corresponds to the
identity matrix and the Hermitian conjugate of the eigen-
vector matrix of the sensor pencil EX forms an estimate of
the separation matrix [13]. In that case, Y = EZ X yields
an estimate of the source signals.

* With embedded signals, the GEVD of the matrix pencil
(R, R, ) will provide the linear transformation to be
applied to the embedded data, i.e., Y = Ef X¢€. Hence,
the transformed trajectory matrices then read

Y =EfX°=EfA°S° = EFg". ®)
Assuming that the source signals and their filtered versions
are uncorrelated, the matrix E; is block-diagonal, with
block size (M x M). Thus, each entry of Y is a weighted
sum of a source signal and its delayed versions [24].

If the GEVD of the matrix pencil (R, R, ), i.e., the com-
putation of the separation matrix EZ, is implemented using a
two step strategy, then a simultaneous denoising of the extracted
signals can be achieved as has been explained elsewhere [17].
Note that in this case the number of output signals Y will be
smaller than the one of the embedded input signals X© (NM sig-
nals). We consider the two-step implementation with concomi-
tant denoising in the results section where it will be referred to

as the JAMUSE algorithm.

D. The Algorithm BSS-AutoAssign

The proposed algorithm is applicable to blind source separa-
tion algorithms in general. It is demonstrated here for second-
order BSS. The method may apply equally to independent com-
ponent analysis (ICA) which exploits higher order statistics. Its

2[0] hlo] [T —1]
21 h[1] h[0]

h[1]

hlJ

hlJ—2] - R[] 0]
AT —1] - 2 1]
h[0] 3 2 ©)

-1

zlJ —1 hlJ —1 -2 0
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essential ingredients to the cost function defined below are un-
correlated (or independent) components of the signals recorded.
The way these components have been estimated is of no impor-
tance to the performance of the algorithm. The current discus-
sion is based on second-order techniques using additional infor-
mation about time correlations of the recorded signals. This is
done deliberately so as the much stronger assumption of statis-
tically independent source signals is hard to justify in case of
NMR signals.

Applying the BSS algorithms discussed above to 2-D
NOESY NMR spectra to separate the water artifact and related
artifacts from the protein spectra, the most tedious task is to as-
sign the uncorrelated components estimated to the water signal.
Because of erratic phase relations, up to 160 estimated compo-
nents out of 512 need to be assigned to the water resonance.
Hence, an automated and objective assignment procedure is
deemed necessary.

In a first series of steps, data will be embedded in a fea-
ture space of delayed coordinates, clustered according to an
Euclidian similarity measure and then the embedded and clus-
tered data are decomposed into their principal components.

1) Embedding and Local PCA: Embedding signals in a high-
dimensional feature space of time-delayed coordinates repre-
sents a nonlinear operation which can be approximated by a
piecewise linear operation performing PCA locally on clusters
of similar feature vectors. Retaining only the component be-
longing to the largest eigenvalue extracts the dominant linear
feature locally in each cluster. These locally dominant features
are then combined to approximate the dominant global feature
in the data which has to be related to the water artifact.

1) Consider a signal

xoll] = @u[l], nll + 1], .. xn [+ (M = D] (9)

embedded in an M -dimensional feature space. This mul-
tidimensional signal represents one out of (L — (M — 1))
columns of the related component trajectory matrix con-
sidering K = 1 (see Section II-B).

2) Divide the feature space in k. subsets NGO G = 1,... k.
using k-means clustering of the embedded signal vectors
X, [l] and center the signals in each cluster locally by sub-
tracting the cluster mean given by

>

X, [[]EN(D)

(i)

x.[ll, i=1,....k. (10)

3) Next, a PCA is performed on each cluster separately, and a
local approximation to the time domain signal is computed
using only the eigenvectors pj(-l) corresponding to the ¢(7)
largest eigenvalues according to

q(i)

%all) = 3y llp” + (x) an
j=1

with o[l] = x,[] - p](-i) and x,[I] € N,
4) As the water signal provides the dominant contribution to
each interferogram observed, the local PCA approximation

can be simplified further by retaining only the principal
component to the largest eigenvalue, i.e.

%] = oalp{” + (x()

This approximation to the observed FID supposedly
contains the contribution from the water signal almost
exclusively.

5) The clustering process is reverted then whereby each orig-
inal column vector x,,[!] is replaced by its local PCA ap-
proximation X, [{]. .

6) A new component trajectory matrix X,, is then formed, the
entries of which represent local PCA approximations of the
original signals

12)

Fn[M—1]  #,[M] Fn[L —1]
Tn[M=2]  &p[M—1] Tn[L—2]
X, = | Tn[M=3] @,[M-2] in|L—3]

& [0] Za[1] T [(L=1)=(M-1)]

13)

7) The final global approximation (X,[l/])yj, | = M — 1,

.., L — 1 of every feature vector then may be obtained

by averaging all entries to the component trajectory matrix

corresponding to the same time instance [[]. Due to the

Toeplitz structure of the trajectory matrix these entries lie
along diagonals.

The local PCA approximation of the feature vectors can
now be compared with a weighted linear combination of esti-
mates of uncorrelated components obtained with the algorithm
dAMUSE. Note that the reconstructed signal, thus obtained,
represents the water artifact overlaying the protein spectra. In
the following, we will use SA [16] to filter out those uncor-
related components which are needed to represent the water
artifact. The idea is that those components should most closely
resemble the approximate feature vector obtained above.

2) Simulated Annealing: The local PCA approximation to
the FID related with the water artifact deduced in Section II-D1
is then used to define a cost function

~
|
=

EB) = (af ll] — (&all]))”

l

(14)

Il
=)

to be minimized with SA [16]. The BSS approximation to the
water signal using the uncorrelated components estimated as
described in Section II-C is obtained as

w5 6l =Y waiBiyill] (15)
J

where a configuration is represented by a vector 8 which con-
tains as many components [3; as there are filtered sources y;.
Note, that it is sufficient to consider the filtered versions of the
underlying source signals as the interest is only in the recon-
struction of the “artifact-free” original signals. To every source
one element of 3 is assigned which can take on the values 3; €
{0,1} only. A new configuration B is generated by changing
any 3; € {0,1} randomly. Each configuration, thus, consists
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only of those sources, whose corresponding element in 8 ex-
hibits the value 1. In addition, each source is weighted with the
corresponding entry wy,; of the mixing matrix W = (E)f
of the filtered sources Y [see (8)] using the Moore—Penrose
pseudo-inverse of the eigenvector matrix EX. The difference
in the values of the cost function for the current and the new
configuration

AE = E(B

= &(Bora) (16)

new)
determines the probability of acceptance of the new configu-
ration in the SA algorithm using Metropolis sampling [16] ac-
cording to

AE
P[:Bold - :Bnew] = min 176Xp AN Al . (17)
kT
After convergence of the SA algorithm, the configuration which
best fits to the local PCA approximation of the water signal is
obtained.

E. Signal Reconstruction

In order to obtain the reconstructed signal the following steps
are made.

e Apply dAMUSE (or any other BSS-algorithm) to the
sensor signals X to extract the underlying uncorrelated
components

» Approximate the water signal contained in the first sensor
signal x; corresponding to the shortest evolution period
with a local PCA estimate

¢ Identify with SA those uncorrelated components, which
make a contribution to the water signal; as cost function the
quadratic error of the local PCA approximation to the water
signal minus a weighted linear superposition of uncorre-
lated components is taken in order to obtain the combina-
tion of those uncorrelated components which best corre-
sponds to the local PCA approximation of the water signal

 Nullify those uncorrelated components which contribute to
the water artifact: y,, — y/,

* Reconstruct the trajectory matrix X using the estimated
source signals y|, via X¢ = (EX)TYT

* The original sensor signals (interferograms) can be ex-
tracted from the reconstructed trajectory matrix X° by
simply selecting the nondelayed signal vectors contained
in the rows of the matrix.

The water signal contributing to the complex interferogram
observed exhibits a similar shape for all evolution periods, it is
assumed that the water signal in every interferogram is gener-
ated by contributions from the same uncorrelated components.
The respective weight of the contributions is determined by the
mixing matrix. Hence, it is sufficient to identify those uncor-
related components, which contribute to the water signal, for
one interferogram only, namely the one corresponding to the
shortest evolution period. This speeds up the computation con-
siderably, because the optimization has to be applied only once
and not as many times as there are different interferograms cor-
responding to different evolution periods.
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III. RESULTS AND DISCUSSION

The algorithms discussed above have been applied to artifi-
cial as well as experimental 2-D NOESY proton NMR spectra
of proteins dissolved in water. Experimentally, a simple pre-sat-
uration of the water resonance was applied to prevent saturation
of the dynamic range of the analog-digital-converter. Every data
set comprises 512 or 1024 FIDs S(t1,t2) = w,[l] or their cor-
responding spectra S(t1,w2) = &,[l], with L = 2048 sam-
ples each, which correspond to N = 128 or N = 256 FIDs
evaluated at ¢t = [n]. With each increment of the evolution
period also the phase is incremented, hence, only FIDs with
equal phase modulations have been grouped together for anal-
ysis. A BSS analysis, using the algorithm dAMUSE in com-
bination with BSS-AutoAssign, was applied to all data sets.
Note that in the algorithm dAMUSE, in spite of the filtering
operation being performed in the frequency domain, the ma-
trix pencil was computed in the time domain as described in
Section II-C. The GEVD is performed in dAMUSE as described
in [21] to achieve a dimension reduction and concomitant de-
noising. The automatic assignment of the uncorrelated compo-
nents belonging to the water resonance, which were estimated
with the JAMUSE algorithm, was achieved using the proposed
algorithm BSS-AutoAssign. To contrast the denoising capacity
of the algorithm dAMUSE to the BSS algorithm GEVD-MP
used in earlier studies [23], for the convenience of the reader, we
include the results obtained with the latter in the tables given.

A. Artificial Spectra

For test purposes, a theoretical 2-D NOESY proton NMR
spectrum of the cold-shock protein of the bacterium Ther-
matoga maritima, containing only protein resonances, was
used. The spectrum was obtained through Fourier transfor-
mation of the first FID calculated with the algorithm RELAX
[27] and is shown in [Fig. 1(a)]. Gaussian white noise with
realistic amplitude as well as an experimentally recorded
water resonance were added to the theoretical spectrum [see
Fig. 1(b), (c)].

The BSS was done either with the GEVD-MP algorithm [23]
or with the algorithm dAMUSE [24]. The second correlation
matrix R, r of the pencil was computed with the theoretical
spectrum with added noise taken as the filtered version of the
original spectrum. An approximation of the water artifact dom-
inating the time domain FIDs was obtained with the local PCA
algorithm. As the experimental pure water FID was available
also, both could be compared to access the quality of the ap-
proximation. To perform local PCA, each sample of the data was
embedded in a M = 40 dimensional feature space and k-means
clustering was used to divide the projected data into k. = 2 clus-
ters. Only the largest principal component was considered to re-
construct the data in each cluster as described in Section II-E.
The local PCA approximation has been determined only for the
shortest evolution period and it was assumed that the assign-
ment of the artifact related sources estimated with the algorithm
BSS-AutoAssign remained unchanged also for all other evolu-
tion periods.

Fig. Fig. 2(a) compares the total FID corresponding to the
shortest evolution period with the FID of the experimental water
signal [Fig. 2(b)] and the local PCA approximation [Fig. 2(c)]
of the latter. It is immediately obvious that the water artifact
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Fig. 1. top: Theoretical protein spectrum, middle: Theoretical protein spectrum
with Gaussian noise, bottom: Theoretical spectrum with Gaussian noise and an
experimental water resonance recorded without suppression.

dominates the total FID. Finally, Fig. 2(d) gives the difference
between the experimental FID and its local PCA approximation.
It is seen that local PCA provides a very good approximation to
the water artifact. This can be corroborated by subtracting the
approximate water FID from the total FID and transforming the
resulting FID into the frequency domain. The resulting protein
spectrum contains only small remnants of the huge water arti-
fact as can be seen in Fig. 3. The spectra, thus obtained, will
henceforth be called approximated spectra.

This indicates that it should be possible to use the local PCA
approximation of the water artifact as a reference signal in a
cost function to be minimized with a SA algorithm. This is con-
firmed by analyzing the theoretical protein spectra plus noise
plus water artifact [see Fig. 1(c)] with the GEVD-MP algorithm
[23] to extract the uncorrelated components and using SA to
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Fig. 2 Free Induction Decays (FID) of top left: the total FID of the protein
signal plus additive noise plus the experimental water FID, top right: experi-
mental FID of the water signal, bottom left: local PCA approximation of the
total FID, bottom right: difference between the total FID and its local PCA
approximation.
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Fig. 3. top: Protein spectrum obtained after subtracting the approximated
water FID from the total FID and Fourier transformation of the difference FID,
bottom: Reconstructed protein spectrum obtained with the algorithm dAMUSE
plus BSS-AutoAssign.

automatically assign those components related with the water
artifact. The SA-algorithm identifies the same 9 components ir-
respective whether the experimental water FID or its local PCA
approximation has been used in the cost function.

The reconstructed protein spectrum [see Fig. 3(b)] (spectra
obtained this way will henceforth be called reconstructed
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TABLE I
SNRS OF THE ORIGINAL THEORETICAL SPECTRUM PLUS NOISE AND
THE SPECTRA RECONSTRUCTED WITH EITHER GEVD-MP OR
DAMUSE AND BSS-AUTOASSIGN

SNR [dB]
orig. spectrum plus noise (Fig. 1-b)) 24.5 dB
approximated spectrum (Fig. 3-a)) 24.3 dB
GEVD-MP (Fig. 3-b)) 10.1 dB
dAMUSE (Fig. 3-c)) 22.1 dB

spectra) resembles the original noisy spectrum [Fig. 1(b)]
except for a much enhanced noise level. Calculating the
signal-to-noise ratio (SNR) via

1]l
|Ix —x

noise “

SNR(X7 Xnoisc)[dB] =20 10%10 (18)

where x denotes the theoretical spectrum, Xy,oise its N0isy coun-
terpart, the theoretical spectrum plus gaussian noise shows a
SNR of 24.5 dB, whereas the reconstructed protein spectrum
obtained with the GEVD-MP algorithm only yields a SNR of
10.1 dB.

It, thus, appears, that the GEVD-MP procedure yields recon-
structed spectra with an enhanced noise level due to the removal
of part of the self-compensatory noise components together with
the water related components. Hence, denoising is necessary as
a post-processing to the reconstructed spectra obtained with the
GEVD-MP algorithm.

But denoising can be accomplished elegantly with the
dAMUSE algorithm [21] which achieves blind source sep-
aration and denoising simultaneously. The water related
components extracted are automatically assigned with the
algorithm BSS-AutoAssign using a local PCA approximation
to the water artifact. The optimal dimension M of the feature
space as well as the optimal time lag have been determined by
the best minimum of the cost function obtained with the SA
algorithm. A minimum of the cost function has been obtained
with using a subspace dimension M 2 in the trajectory
matrix, a lag of one sampling interval (K = 1) and by retaining
158 eigenvectors (out of 2 - 128) after the first step of the
algorithm dAMUSE. The result of the JAMUSE denoising is
shown in Fig. 3(c). The corresponding SNRs are collected in
Table I.

The superior performance of the algorithm dAMUSE in com-
bination with the algorithm BSS-AutoAssign is demonstrated
by the fact that even protein resonances hidden behind the water
artifact could be recovered this way. A close inspection of the
results obtained with the theoretical spectra of 7mCSP demon-
strate convincingly that JAMUSE plus BSS-AutoAssign retain
information about spectral features in the region of the water ar-
tifact where the local PCA approximation and all other known
water suppression techniques erase all spectral features what-
soever. This is clearly visible in Fig. 7 in the region between
5 ppm and 5.5 ppm where a doublet is hidden under the water
resonance which can be recovered by the algorithm dAMUSE
in combination with BSS-AutoAssign, but not with the local
PCA approximation. This demonstrates that with the method
described here it is possible to obtain additional structurally rel-
evant restraints from the experimental NOESY spectra which
will enter the structure calculation process. Furthermore, it can
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Fig. 4. top: Comparison of part of the theoretical (named orig.) TmCSP spec-
trum, the theoretical spectrum with an added experimental water resonance and
the spectrum reconstructed with dAMSUE plus BSS-AutoAssign in the spec-
tral region of the water peak. bottom: A similar comparison in a spectral region
away from the water peak.

be seen from Fig. 4(a) that the baseline distortions are much
reduced with the algorithms dAMUSE plus BSS-AutoAssign
and also that the protein peaks are not distorted at all in the
reconstructed spectrum as is shown in Fig. 4(b). This demon-
strates the strength of the current algorithm to recover signals
hidden behind the water artifact, to remove any baseline rolls
stemming from the water artifact but leave any protein signals
away from the water artifact undistorted. These features provide
additional and improved distance constraints as well as better
defined peak integrals entering a three-dimensional (3-D) struc-
ture determination.

B. Experimental Spectra

To test the performance of the algorithm BSS-AutoAssign in
combination with the algorithm dAMUSE we applied it to four
sets of 2-D NOESY proton NMR spectra of proteins dissolved
in water. In each case, a number Ni¢ of uncorrelated compo-
nents has been estimated using either the algorithm GEVD-MP
or dAAMUSE. Though results will be tabulated for all four pro-
tein solutions, only 7TmCSP and HPr will be discussed here. For
details concerning the proteins RALGDS and P11 see [17] and
[23], respectively.

To get a local PCA approximation of the water artifact, data
have been projected into a Mj,capca-dimensional feature
space and k. clusters have been determined in feature space
with a k-means algorithm. Also a Gaussian filter with width
o centered near the water resonance in the 1-D proton NMR
spectra has been used. The algorithm BSS-AutoAssign auto-
matically identified a number V,, of uncorrelated components
which have to be assigned to the water artifact with either the
GEVD-MP or the dAMUSE algorithm being used to solve
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TABLE II
PARAMETER VALUES FOR THE EMBEDDING DIMENSION OF THE FEATURE SPACE
OF DAMUSE (Maamuse ) AND LOCALPCA (Miocaipca ), THE NUMBER (K)
OF SAMPLING INTERVALS USED PER DELAY IN THE TRAJECTORY MATRIX, THE
NUMBER OF CLUSTERS (k. ) USED WITH LOCAL PCA IN BSS-AUTOASSIGN,
THE NUMBER (N, ) OF PRINCIPAL COMPONENTS RETAINED AFTER THE FIRST
STEP OF THE GEVD [23] AND THE HALF-WIDTH (') OF THE GAUSSIAN FILTER
USED IN THE ALGORITHMS GEVD-MP [23] AND DAMUSE

Parameter TmCSP | RalGDS | PI1 HPr
Nic 256 256 256 | 512
MioeaiPca 40 50 30 50
Myamuse 2 4 3 2
ke 2 2 2 2
Npc 168 168 148 | 396
Ny (GEVD) 46 14 49 28
Ny (dAMUSE) 46 56 46 160
o 0.3 0.1 0.3 | 0.03
K 1 1 1 1
TABLE III

SNRS OF THE RECONSTRUCTED SPECTRA OF TMCSP, RALGDS, P11 AND HPR
OBTAINED WITH GEVD-MP [23] OR DAMUSE AND BSS-AUTOASSIGN

SNR [dB]

TmCSP | RalGDS | P11 | HPr
GEVD-MP | 11.5 16.6 186 | 113
dAMUSE 19.3 219 | 219 | 198

the BSS problem. Remember that it is assumed that this as-
signment also holds for all other evolution periods as well.
Note that all parameters have been varied systematically, and
optimal parameters have again been selected according to the
best minimum of the cost function of the SA-algorithm. These
optimal parameters are collected in Table II.

With all experimental spectra the SNR has been determined
relative to the approximated protein spectra, which were ob-
tained by subtracting a local PCA approximation of the FID of
the water artifact from the total FID as explained in the theory
section. Hence, with all experimental spectra the corresponding
approximated spectra formed the reference against which the
reconstructed spectra have been compared. The SNRs of the re-
constructed spectra obtained with either GEVD-MP (see [23]
for details) or dJAMUSE are summarized in Table III.

1) The Protein TmCSP: First we applied the algorithms to
2-D NOESY proton NMR spectra of the cold-shock protein
TmCSP of the bacterium Thermatoga maritima. It represents
a small globular protein with 66 amino acids [28]. The experi-
mental spectra analyzed were recorded from a sample of 1.5 mM
cold shock protein in 92%H>0/8% D20 (v/v), pH6.5. The
spectrum using a mixing time of 160 ms was acquired at a proton
resonance frequency of 800.13 MHz with 512 x 4096 time do-
main data points in ¢; and ¢ directions, respectively. Phase-sen-
sitive detection in the ¢; direction was obtained using time-pro-
portional phase increments (TPPI). A relaxation delay of 1.31 s
between the scans was used and the temperature was adjusted
to 303 K. These experimental spectra represent the counterpart
to the theoretical spectra just discussed. A 1-D slice of the orig-
inal 2-D NOESY spectrum corresponding to the shortest evolu-
tion period ¢; as well as the approximated protein spectrum are
shown in Fig. 5(a), (b), respectively. The reconstructed protein
spectrum obtained with the algorithm dAMUSE is also shown
in Fig. 5(c). The much better SNR in case of the algorithm
dAMUSE compared to GEVD-MP (see [17]) corroborates the
necessity for a denoising of the signals during or after the BSS.

x10°

3 [ppm]

Fig. 5. TmCSP: top: one-dimensional slice of the original 2-D NOESY spec-
trum corresponding to the shortest evolution period ¢1, middle: corresponding
protein spectrum obtained by subtracting the local PCA approximation to the
water artefact FID from the total FID, bottom: protein spectrum reconstructed
with the JAMUSE and BSS-AutoAssign algorithms.

Much the same holds with all other experimental spectra inves-
tigated. Further it is to be noted that applying the GEVD-MP
algorithm with BSS-AutoAssign changes the intensities of the
protein peaks to some extent. With the algorithm dAMUSE, in-
stead, the protein peaks remain rather unchanged which is im-
portant to a reliable determination of the peak integrals entering
the structure determination calculation. However, some small
remnants of the water artifact still remain in some reconstructed
spectra. But the baseline distortions are perfectly straightened
out and even peaks very close to or even hidden behind the water
artifact are well recovered as shown in case of TmCSP. Note
that there exists no other technique to recover peaks hidden by
the water artifact. Hence, the new algorithm provides additional
constraints to an improved structure determination.
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Fig. 6. HPr: top: one-dimensional slice of the original 2-D NOESY spectrum
corresponding to the shortest evolution period ¢, middle: corresponding pro-
tein spectrum obtained by subtracting the local PCA approximation to the water
artefact FID from the total FID, bottom: corresponding protein spectrum recon-
structed with the JAMUSE and BSS-AutoAssign algorithms.

2) The Protein HPr: As another example the 2-D NOESY
NMR spectra of the Histidine containing phospho-carrier
protein HPr of the bacterium Staphylococcus carnosus with
88 amino acids have been analyzed. The NMR sample studied
contained 4.3 mM HPr in 90%H20/10%D>0 and the pH was
adjusted to 7.2. The spectrum using a mixing time of 150 ms
was acquired at a proton resonance frequency of 800.13 MHz
with 1024 x 8192 time domain data points in £; and ¢, direc-
tions, respectively. Phase-sensitive detection in the ¢; direction
was obtained using time-proportional phase increments (TPPI).
A relaxation delay of 2.37 s between the scans was applied. The
spectrum was measured at 298 K. In this case, 1024 evolution
periods ¢; have been used, hence, a data matrix X of dimen-
sion 256 x 2048 resulted. The spectrum shown in Fig. 6(a),
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representing a 1-D slice corresponding to the shortest evolution
period, presents an example with an especially huge, weakly
presaturated water resonance. Fig. 6(b) shows the approxi-
mated spectrum obtained after approximating the contribution
of the water protons to the observed FID with local PCA as
described above. As the water contribution was exceptionally
dominant in this case, the local PCA approximation yielded a
very good estimate of the water FID, hence, a practically arti-
fact-free protein spectrum resulted. Again note, that this must
not necessarily hold for other evolution periods as well. But
this is of no importance as the local PCA approximation of the
water FID is only needed to yield a good reference in the cost
function of the SA algorithm where the estimated uncorrelated
components are assigned to the water or the protein. Fig. 6(c)
shows the reconstructed spectrum obtained using the algorithm
dAMUSE together with the algorithm BSS-AutoAssign. Note
that the GEVD-MP algorithm removed the water artifact almost
completely [23] but it also lead to distortions of nearby protein
peaks and furthermore resulted in intensity changes of protein
peaks farther away from the water resonance. After all the
SNR ratio was far less than with the reconstructed spectrum
obtained with the algorithm dAMUSE. The latter spectrum
also shows no distortions of protein peaks but, as a little grain
of salt, contains a delta-like spike stemming from the water
artifact. The small remnants of the water artifact can only be
removed at the expense of disturbing the intensities of some
protein peaks as the decomposition of the original signals in
uncorrelated components is not perfect, of course. So in all
cases our foremost interest was to leave all protein resonances
unchanged in their intensities.

IV. CONCLUSION

The separation of artifacts from biomedical signal recordings
is one of the more prominent applications of blind source sepa-
ration techniques. The assignment of the artifact-related uncor-
related components estimated is, however, not a trivial task and
often done by hand. In this paper, we presented an automatic
assignment tool of uncorrelated components, called BSS-Au-
toAssign, which uses local PCA to approximate the prominent
water artifact in 2-D NOESY protein NMR spectra and defines
a suitable cost function to be optimized by SA.

Local PCA tries to approximate the water related compo-
nent to the measured FID which then can be subtracted from
the total FID observed. This is done only for the FIDs corre-
sponding to the shortest evolution period where the contribu-
tion of the water artifact is most prominent. This approximation
is then used within a SA procedure to assign those estimated
ICs which most closely resemble the approximated water FID
from the local PCA approximation. It is then assumed that this
assignment of the estimated ICs also holds with all other evo-
lution periods where no local PCA approximations have been
determined. Doing so would result in a computational effort
which seems prohibitive. The FID resulting from the local PCA
approximation can be Fourier transformed to yield an almost
artifact-free protein spectrum. The results obtained look very
convincing from a visual inspection of the spectra. However,
they remove any signal in the spectral region of the water peak.
Hence, all information about protein peaks in that area is in-
evitably lost (see Fig. 7).
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Fig. 7. Theoretical protein spectrum: fop: expanded region of the original spec-
trum corresponding to Fig. 1, middle: expanded region of the approximated
spectrum corresponding to Fig. 3, bottom: expanded region of the theoretical
spectrum reconstructed with dAMUSE and BSS-AutoAssign corresponding to
Fig. (3).

A much more versatile analysis method is based on the re-
cently proposed algorithm dAMUSE in combination with BSS-
AutoAssign. A close inspection of the results obtained with
the theoretical spectra of TmCSP demonstrate convincingly that
BSS-AutoAssign in combination with dAMUSE retains infor-
mation about spectral features in the region of the water arti-
fact where the local PCA approximation and all other known
water suppression techniques erase all spectral features what-
soever (see Fig. 7). This demonstrates that with the method de-
scribed here it is possible to obtain additional structurally rel-
evant restraints from the experimental NOESY spectra which
will enter the structure calculation process. Since the quality of
the obtained 3-D structures correlates with the completeness of

the correctly identified restraints [29], this will lead to an im-
provement of the resulting structures. Completeness is hereby
defined as the ratio of the number of matched observed NOEs
to the number of expected NOEs. Furthermore, baseline arti-
facts are cured with dAMUSE and BSS-AutoAssign in all cases
allowing for a better determination of peak integrals entering
any structure determination calculation, which will also increase
the quality of the resulting protein structures by allowing the
use of smaller error bounds for the corresponding distance re-
straints [30]. With the local PCA approximation alone, often
severe baseline distortions remain which hampers the subse-
quent structure determination considerably. Hence, a more ro-
bust method is needed to reliably extract the water artifacts.
The algorithms dAMUSE in combination with BSS-AutoAs-
sign provide such a method and seem a promising tool for an au-
tomatic assignment and removal of artifacts in biomedical signal
recordings. Further investigations concerning other biomedical
signals are under way in our laboratories.
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