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ABSTRACT or other spreading characteristics of the media through which
L _ the signale has traveled.
We address the problem of _classﬁylng a S|g_nal th_at has b_een Many researchers have approached the problem by sug-
corLprteq by an unkpown linear tmg—mvar(;ant fllger. Th|_s gesting that one first form an estimate of the deconvolved sig-
problem Is common In remote-sensing and non-destructivy ; using a blind deconvolution technique, and then classify
evaluation applications where multipath and spreading are PreY2&3]. In previous work, we have demonstrated that simple

lent. A traditional approach is blind deconvolution to estimatemethods to jointly address deconvolution and classification

the original signal, followed by classification of the estlmatedCan outperform deconvolution followed by classification [4].

signal. Blind deconvolution is an ill-posed estimation prob-ry,.; annroach treats signals deterministically, and the perfor-

Iqm, 'a.nd if only a classification is needed, then we m{pC)ther"rwance depends on how closely test signals match training sig-
size it is an unnecessary step. We present an alternative maxs < in a deterministic sense

imum likelihood classifier that uses second-order probability In this paper we propose a maximum likelihood classifier
models for the original signal and the unknown corrupting ﬁl'that stochastically models 4 andn and avoids the ill-posed

te;:. The resulftlng qualtljrauc d|scr|m|nafnt .anaIIyS|s cl_assme.r '%roblem of estimating a deconvolved sigral Instead, the
shown to perform well over a range of signal-to-noise ratiogyg . olution is treated probabilistically as part of the max-

for two d|ﬁ¢rent models of multipath, and n all cases PEimum likelihood optimization that produces the class label.
forms consistently better than a standard blind deconvoluﬂon1 Section 2 we present the classification method based on

method followed by a quadratic discriminant analysis classiza.ond order statistics of the unknown signals. Experimen-

fier. tal setup is described in Section 3 and results are presented in
Index Terms— multipath, deconvolution, classification, Section 4. We close with a discussion in Section 5.
Gaussian process

2. JOINT QDA CLASSIFIER

1. INTRODUCTION . o :
ODUCTIO Let the class-conditional distribution of a random sigial

belonging to clasg have finite mean:,, and finite covari-

anceX,,. We model the noise signal as a realization of
the random noise sign&/, and assumé’ is drawn indepen-
dently and identically fror\/(0, 021) and is independent of

) n

X. Assume the filter’'s impulse respornisés a realization of a

wheresx is the convolution operatoh, has lengthM/,, and is ~ random impulse respongé that is independent of and v

the impulse response of a linear time-invariant filter, and and that the distribution off has finite meam, and finite co-
is a signal of lengthM/,. The signalz is known andh,z ~ Variancex,. We model the received signalas a realization
andn are assumed to be unknown, but some information wilPf @ random signak where

be assumed about their distributions. This problem of clas-
sifying a signal that has undergone unknown filtering arises
in many remote-sensing and non-destructive evaluation sce-
narios, where the signal-of-interestiisbut one receives the
corrupted signat, andh characterizes the effect of multipath

Consider the problem of classifying a signabs one of a
finite number of classes= {1,2,..., G} wherez is defined
by

z=hxx+mn, (1)

Z=Xx+H+N. @)

A standard approach to classification is quadratic discrim-
inant analysis (QDA), which models each class-conditional
distribution as a Gaussian distribution [5, 6]. We apply QDA
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modeled as a Gaussian distributi&df{1..,, ., ). One moti- This classification approach requires the second-order statis-
vation for QDA is that the Gaussian distribution is the max-tics for the random processes generafirgnda; most blind
imum entropy (i.e. least assumptive) distribution given fixeddeconvolution algorithms also require some information or

second-order statistics. assumptions about eitheror & or both [3, 7].
Given QDA class-conditional Gaussian models #or
the maximum likelihood class of the corrupted signid the 3. EXPERIMENTS
classy* that maximizes the class-conditional Gaussian prob-
ability p(z]y), that isy* solves Two-class classification experiments were conducted with two

different models of multipath filtering for the filtes. For

all of the experiments the signal§ were drawn from class-
conditional Gaussian random processes, with known mean-
Next, we give closed-form solutions for., andX., given  signals and covariance matrices. Each sigkiahad length
Hays Says Bhy 2n, ando,. Specifically, thenth component 37 — 500 and was drawn iid from one of two classes with
of the mean signak.,, is derived from(2) to be equal probability, and theX ~ N (u.y, X4, ), Where the

Ly Signal was constant over time and the, was diago-

arg y_{nQin - (log Xyl + (2 — :“zy)TEz_yl (2 — Mzu)) )

=1,2,...,

paylm] = By Z[m] @ al (these values are given in Tables 1 and 2). Each signal
= Epaly)phpmn) [(X * H)[m] + N[m]] Z = X « H + N was created by randomly drawing a signal
X and H, and then different noise signalé were added for
= Epalypn) [Z X[k|H[m — k]] different SNRs. Results averaged over 1000 test signals are
2 given in Tables 1 and 2 for different class distributions.
- ZEP(-”\!/) [X (K] Eypny [H[m — k] _ The first model fqr the multipath was that each coeffi-
- cient of the random filted was drawn independently from
_ Z iy (Kl — ], a Laplacian random process with parametgts, b[k]:
o - PRl b)) = e (r—rI/D — (5)
and thugi., = f,* . Usings+ to denote two-dimensional 2b[k]
convolution, forall £ = 1,...,100, whereu,[1] = 1 and uy[k] = 0
™ T for all k£ > 1, and the scale parametedecays a% grows:
ey Eptein) [227] = Epteiy 1Z] E’;Z‘y) 2] . blk] = 0.2¢~0-024(*=1) The decay parameter coefficients for
= B[(X*H+N)(X*H+N)"| = pypz, this experiment were chosen to model oceanic multipath fil-
L2 FB [(X * H)(X * H)T] +FE [NNT] _ szufy tering of sonar signals. An example realization of a filter
b T T ) T ' h drawn from (5) is shown in Fig. 1. Laplacian random
= E[(XX")x«(HH")] +opl — poyps,, processes create sparse realizations which are an appropriate
< B[XXD)] ««E [(HHT)] + 021 — MzuMzTy model for some multipath filtering phenomena. Results with
T T o this multipath model are given in Table 1.
= By + Haylizy) *+(En + papy) A second multipath model was formed such that the stochas-
+02T — uzyufy, tic filter H had independent components wheresitiecom-
ponent was
where the expectations are taken with respect to the appro-
priate distributions, recalling that(z|y) = p(z|y)p(h)p(n). exp(—pn) with probabilityp/2
Note that (c) follows from (b) due to the linearity of both  H|n] —exp(—pFn) with probabilityp/2 (6)
expectation and convolution, and that (a) can be re-written 0 with probability1 — p.
as (b) because theth-mth component of the outer product
(X « H)(X + H)T can be expressed as forn > 1, H[1] = 1, and to model oceanic-sonar multipath,
we setp = 0.15 andf = 0.024. This stochastic model is sim-
ilar to the standard<-impulse deterministic model of multi-
(Z X[k H[n - k]) <Z X[i]H[m — i]) pathwheré: = 31| . d[n—ny] whereay, = + exp(—ny)
k i to model propagation loss at ratg4, 8], but rather than spec-
= > > X[kH[n - K X[i]H[m — ] ify the number of impulsesy, in our stochastic model the
ki probability of an impulse at a given time is specified. An
_ Z Z (XK X[i]) (H[n — k] H[m — 1)) , examplg rgalization of the. sparse mu'lt'ipat'h defined above is
5 shown in Fig. 2. With multipattH specified in (6), the mean

is pp[n] = 0foralln > 1 andu[l] = 1, and the covari-
andthus X = H)(X « H)T = (XXT)««(HHT). ancey;, is a diagonal matrix, where the first component of
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Fig. 1. Example realization of the random filtéf drawn
from a multivariate Laplace distribution to model multipath.

the diagonal is zero, and theh component of the diagonal is
pexp(—20n) forn > 1.
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Fig. 2. Example realization of the random filtéf drawn
from the mulitpath model given in (6).

multipath filtering [9]. Cabrelli’'s method was shown to pro-
duce deconvolved signal estimateghat were significantly
better correlated with the truethan the deconvolution esti-
mates produced by other blind deconvolution methods, partic-
ularly in the presence of additive noise [3]. The approach uses
the D-norm sparseness criterion to estimate the multipath fil-
ter h as well as an estimate 6f-! which must be inverted to
form an estimate of [3]. Given Cabrelli'sz—*, we estimated

Z using a regularized inversion in the Fourier domain.

As a baseline comparison, the two methods were also com-
pared to a QDA classifier that ignores multipath. That is, each
test signak was truncated to be of lengfll, = M, = 500,
and QDA was performed on the truncated test signal using the
true mean and covariance class-conditional statistics for ran-
dom signalsX. Each classification algorithm used the true
mean and covariance statisticsf and the joint QDA clas-
sifier also used the true mean and covariance statisties of

4. RESULTS

The results are given in Tables 1 and 2 and show that the pro-
posed joint QDA classifier can use both differentiating infor-
mation in the signal means and signal covariances to achieve
significantly better classification accuracy than the compared
methods. In particular, in the fourth case the means are close,
but the covariances are very well-separated, and thus the two
signal classes can be differentiated. The proposed Joint QDA
method captures the differentiating covariancek information,
and uses itto improve its performance over the 3rd case, where
the class covariances were the same. In cases where the class
covariances differed, the blind-deconvolution-then-QDA method
classified almost all signals as the higher-variance class.

5. DISCUSSION AND OPEN QUESTIONS

We proposed a maximum likelihood architecture we termed
Joint QDA to classify signals corrupted by unknown convolu-
tion noise and unknown additive noise that does not attempt
ill-posed blind deconvolution as an intermediate step. The ex-
periments showed that this joint-classification-and-deconvolution
approach can outperform the two-step approach of Cabrelli’'s

The proposed joint QDA classifier given in (3) was com-blind deconvolution followed by classification. Cabrelli’'s blind
pared to a two-step classifier that first uses blind deconvoludeconvolution method was designed to deconvolve out sparse

tion to estimate the signal, then classifies: using quadratic
discriminant analysis. That is, the signaiks classified based

filters h, and has been previously proposed for use with mul-
tipath [3, 9]. Joint QDA did not use the fact thats expected

on the maximum-likelihood classification of the estimated deto be sparse, but did use second-order statistics of the random

convolved signak such that the estimated clagsnaximizes
p(z|y), that isg solves
arg y:{n;n G (IOg |Zay| + (2 — U:cy)TE;;yl (@ - llwy)) .
| ()

The blind deconvolution method used to estimat®as pro-

process generating

Gaussian mixture model classifiers have less model bias
than QDA, and it would increase the applicability of the pro-
posed classifier if the class-conditional probability model for
the corrupted signalswas extended to be a mixture of Gaus-
sians. To improve robustness, the maximum likelihood archi-

posed by Cabrelli for signals that have undergone unknowtecture could be replaced by a Bayesian integration [6]. Also,



Table 1. Average classification accuracy for Laplacian multi- Table 2. Average classification accuracy for sparse multipath

path for 1000 iid test signals for each case.

model given in (6) for 1000 iid test signals for each case.

Well-separated Means, Same Covariances Well-separated Means, Same Covariances
Hal = *27 Exl =1 andﬂx2 =2, EmQ =1 Hax1l = *2» E:1:1 =1 and,ua:Q =2, ZmQ =1
SNR -10 -5 0 5 10 SNR -10 -5 0 5 10
Joint QDA 84.8| 94.9| 98.5| 98.7 | 99.2 Joint QDA 74.41 89.4| 96.2| 99.1| 99.9
Blind Deconv+QDA| 64.2| 71.0| 76.0| 75.9| 75.4 Blind Deconv+QDA|| 60.8| 67.3| 69.8| 71.9| 71.7
QDA w/o Deconv || 67.2| 77.1| 79.5| 80.0| 79.7 QDA w/o Deconv || 62.7| 69.4| 72.1| 72.8| 72.7
Well-separated Means, Different Covariances Well-separated Means, Different Covariances
M1 = _272301 =1 andlffo = 2,30 =31 Mzl = —2, Ye1=1 and:u%r2 =2,%.,0 =3I
SNR -10 -5 0 5 10 SNR -10 -5 0 5 10
Joint QDA 95.1] 99.1| 100| 100 | 99.9 Joint QDA 98.9| 100| 100 | 100| 100
Blind Deconv+QDA| 51.5| 51.5| 51.5| 51.6 | 51.6 Blind Deconv+QDA || 49.1| 49.1| 49.1| 49.1| 49.1
QDA w/o Deconv || 54.0| 72.3| 79.2| 82.4| 83.2 QDA w/o Deconv || 51.0| 67.5| 74.3| 76.5| 77.9
Close Means, Same Covariances Close Means, Same Covariances
Po1 = 2,51 =1 andeQ =25,%0=1 Po1 = 2,251 =1 and,U/x2 =25, =1
SNR -10 -5 0 5 10 SNR -10 -5 0 5 10
Joint QDA 53.2| 58.7 | 58.8 | 64.8 | 66.6 Joint QDA 53.1| 56.2| 61.0| 65.5| 67.2
Blind Deconv+QDA || 49.8 | 53.0 | 53.8| 52.6 | 55.2 Blind Deconv+QDA || 50.7 | 52.6 | 52.0 | 53.6 | 54.6
QDA w/o Deconv || 51.3| 52.1| 51.4| 52.4 | 52.5 QDA w/o Deconv || 48.9 | 50.8| 52.5| 52.7 | 52.9
Close Means, Different Covariances Close Means, Different Covariances
Mol = Q,Eml =1 andumg =2.5,%, =101 Myl = 2,211 =1 and‘uzg =2.5,%,.0 =101
SNR -10 -5 0 5 10 SNR -10 -5 0 5 10
Joint QDA 100 | 100| 100| 100 | 100 Joint QDA 100 | 100| 100 | 100 | 100
Blind Deconv+QDA| 51.5| 51.5| 51.5| 51.6 | 51.8 Blind Deconv+QDA || 49.1| 49.1| 49.1| 49.1| 49.1
QDA w/o Deconv || 49.2| 50.0 | 51.5| 52.8 | 53.2 QDA w/o Deconv || 49.2| 49.2| 49.5| 49.8 | 49.8

it is an open question how sensitive the classifier is to the ac-
curacy of the second-order statistics, which in practice might

have to be estimated from data.

6. REFERENCES

[1] D. Casasent and N. Kuljanyavivat, “Mine detection from
multiple acoustic backscatter datd&toc. SPIE Conf. on
Detection and Remediation Technologies for Mines an
Minelike Targets I} vol. 3392, pp. 370-381, 1998.

[2] D. H. Kil and F. B. Shin, Pattern Recognition and Pre-

diction with Applications to Signal CharacterizatioAlP

Press, Woodbury, New York, 1996.

sparseness criterion blind deconvolution methods in th
presence of noise,J. Acoust. Soc. Amvol. 107, no. 2,
pp. 885—-893, Februrary 2000.

[4] M. R. Gupta, H. S. Anderson, and Y. Chen, “Joint de-

tn

(8]

M. K. Broadhead and L. A. Pflug, “Performance of some

convolution and classification for signals with multipath,”
Proc. of the IEEE ICASSP Confip. 1069-1072, 2007.

[5] T.Hastie, R. Tibshirani, and J. Friedmarhe Elements of
Statistical Learning Springer-Verlag, New York, 2001.

[6] S. Srivastava, M. R. Gupta, and B. A. Frigyik, “Bayesian
quadratic discriminant analysis,”Journal of Machine

Learning Researchvol. 8, pp. 1277-1305, 2007.

E. Y. Lam and J. W. Goodman, “Iterative statistical ap-
proach to blind image deconvolutionJ. Opt. Soc. Am.
vol. 17, no. 7, pp. 1177-1184, July 2000.

L. Cros, C. Gervaise, and I. Quidu, “A signal synthesis
procedure designed for discreet ocean acoustic tomogra-
phy,” Proc. IEEE ICASSPvol. 3, pp. 1121-1124, 2007.

f9] C. A. Cabrelli, “Minimum entropy deconvolution and

simplicity: A noniterative algorithm,” Geophysicsvol.
50, pp. 394-413, 1984.



