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ABSTRACT
In underwater acoustic communication, (ACOMMs), ocean surface and bottom conditions create multi path propagation's for
the transmitted signal that result in Inter symbol Interference (ISI) at the receiver. Generally, Equalization, Diversity IBeam
forming, and Channel Coding are three independent techniques that are used to improve received signal quality. Equalization
compensates for ISI created by a band-limited, time-dispersive channel through implementation of specialized filtering schemes
within the receiver. The coefficients of the equalizer need to be continuously adjusted to compensate for the variability in the
channel. Since the number of states required by the equalizer (or beam former) is finite, and may be described over a limited set
of operating conditions (environments), it is worthwhile to consider a pattern recognition approach for identifying channel
conditions and subsequent equalizer state specifications.
This paper describes the approach and preliminary results obtained form the use of pattern recognition techniques to select a set
of "best choice" equalizer coefficients and to decode a signal sequence directly. The method does not rely on the application of

any adaptive algorithm for estimation of the equalizer coefficients during the actual data transmission or reception.
Expectations are that performance benefits may be gamed in those cases where adaptive algorithms fail to select the optimal
filter coefficients due to computational complexity or other factors.

1. INTRODUCTION
The use of pattern recognition techniques has recently been proposed for applications where adaptive signal processing methods
are conventionally used. These applications involve signal detection, speech recognition, and communications. The advantages
gained in such an approach depend on the number of states that the system attains in normal adaptation. If this number is not
too large, pattern recognition techniques will offer speed and computational advantages over other methods.

Recent progress in coherent digital acoustic communication is associated with the development of adaptive beam forming and
equalization methods to mitigate the effects of multi path, reverberation, and temporal variability of the channel. Combination
of advanced equalization methodologies, adaptive beam forming techniques, and diversity methods are producing improved

results over earlier methods; however, due to the relatively short stationarity of the environment, adaptation speed and
convergence rate of the equalizer are factors seriously limiting system's performance. In-spite of these recent efforts, the
problem of providing robust digital acoustic communications remains an area where improvements are necessary and innovative
application of technology is highly desirable.

It is well known that the nonlinear equalizer utilizing, Maximum Likelihood Sequence Estimation (MLSE), is optimal in sense
of minimizing the probability of error in the received signal. However, it is rarely used in ACOMMs because the computations
required for the MLSE grow exponentially with delay of the channel. On the contrary the computations are nearly constant in
our algorithm. Also, the use of DEE [1] and SID [2,3] methods has been reported to produce acceptable results under specific
conditions. We therefore use these methods as baseline performance criteria to assess the results of the proposed approach.

This research effort investigates the feasibility of an acoustic underwater communication system where pattern recognition
techniques are used to recover the signal without any need for equalization. Alternatively as a minimum, we use pattern
recognition techniques to select a set of "best choice" set of equalizer coefficients. Expectations are that performance benefits
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may be gained in those cases where adaptive algorithms fail to select the optimal filter coefficients due to computational
complexity or other factors.

One of the main problems in achieving reliable underwater acoustic communications is the rapid variation of the channel
impulse response in shallow water due to relative platform and boundary motion. The non-stationary environment leads to a
non-stationary channel. The classical approach for design of a single detection system is to optimize a time invariant receiver
structure for a known class of signals with unknown parameters that are corrupted by noise of known statistics. However when
the noise is non-stationary, the receiver must take a time variant structure. The design of a time varying structure system with
unknown noise statistics can become difficult.

2. THEORY
Our approach is to project the problem of detecting a signal in non-stationary environments into another space where the
problem of non-stationarity will be reduced. [3] —[4] Suppose we have a discreet time process X(k) such that k= 0,1,2
N-l
So we can write

X[t} =

,fe2dX(v)

(1)

where dX(v) is an increment process over frequency. When the process is stationary, the covanance will be a function of the
time difference only, but ifthe process is non-stationary the

Cov(t1 , t2 ) = .i: i: et2f1t12t2)E{dX(f2 )dXt (f2 )}

(2)

covariance will depend on the time rather than the time differences.
The covariance Cov(t1,t2) is represented as

Cov(t1 , t2 ) = E[x(t1 )x* (t2)]

E[dX(f)dX*(f2)]=f(f,f2)dfdf2

(3)

Cov(t1 ,t2 ) = JJei2h1t1_f2t2P(f 'f2 )dfdf2
Where P is the generalized (Loève) spectral density function.
If the process is stationary then

'P(f,f2)=S(f)xö(f -f2)'

(4)

where S (f) is the normal power spectrum density of x(t). We may separate the process into two: one where the non-stationarity
part appears as a function of (t1+t2), and the other where the stationary part appears as a function of (t1-t2).

r=t1—t2

t=
So by

tl±t2

ffl±f2
(5)

g=f1—f2

substitution we can write
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t1=t0+r/2

f=g+f/2

t2=t0—z/2

f2=g—f12

Cov(t1 t2 ) =

Cov(to

+ , t0

(6)

—

(7)

R(g,f)=
where 1R S the spectrum the rotated coordinate system. The covariance in terms of the rotated spectrum and transformed
variables is:

)

Cov(t0 , = JJei2t0PR (g, f)dfdg
(8)
The first term in the exponential represents the time difference, i.e. the stationary part of the process, and the second term
represents the average time, the non-stationary part of the process. The frequency parameters f and g may be associated with
the ordinary frequency and the assumed more slowly varying non-stationary spectrum, respectively.
Coy (t,t) is a function ofseveral variables. The variation ofthe function depends on the direction ofobservation in (t,t) space.
If we consider the generalized rotated spectrum about g 0, the stationary part of the signal will be manifest. The main problem
with projecting the process around g 0 is the appearance of a delta function at zero. The delta function will be characteristic of
stationary signals (perhaps noise), but we can handle this problem by taking the Fourier transform along the non-stationary
variable g axis. We form the dynamic spectrum ofthe function as D(t,O:

D(t0 ,

f) = jeJ2orp gg

where the components associated with the slowly varying non-stationary process appear as a slowly varying function of to, as
expected. A delta function at g 0 produces the ordinary spectrum as only a function off The motivation is to transform the
rapidly varying expected argument around g= 0 into a slowly varying function of t while leaving the usual dependence onf We
now note that we can write D (t, I) as:

D(t, f) = L ei2TE {x(t + f)xt (t — f)}dr

(10)

This represents the expected value of the Wigner-Ville Distribution (WVD). So, the WVD is the instantaneous estimate of the
dynamic spectrum and is easier to compute. From the mathematics we can conclude that:
1) The non-stationary problem can be transformed into another space where the projection has less variation than the
original space.
2) The problem may be transformed to a spectrum estimation problem, which is an inverse problem.
3. WIGNER-VILLE SIGNAL REPRESENTATION

The WVD can be considered as a 2-dimensional representation of a 1-dimensional signal that gives precise information about
the instantaneous frequency and the instantaneous spectrum of the signal [5]. This 2-dimensional representation may be viewed
as an image in the temporal and spectral domain that depicts certain salient features, which can be used in recognition and
classification of the signals. The importance of a time-frequency representation lies in its ability to reveal signal parameter

characteristics, such as the amplitude and frequency modulation laws. The amplitude modulation can be obtained by an
integration of the image along the frequency axis. It can be shown that the image feature descriptors such as the ambiguity
function, the singular value decomposition, and the eigen-value decomposition of the image represent this time modulation
information together with frequency modulation information.

The usefulness of the WVD approach in pattern recognition comes from its energy distributive nature in the time and the
frequency domains, and the ability to reveal relevant information. The image can be used to extract information and represent it
as a set of feature descriptors [5]. The WVD of two signals Z(n) and Y(n) gives three components: The first two components
are in the expected locations W(tl,fl) and W(t2,f2), while the third component is a rapidly oscillating ghost term in the
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position V2(tl+tl,wl+w2), which is commonly called a "cross term" [6]. The maximum frequency content within the signal
and the multi-component behavior are apparent in the cross term ofthe distribution. The major drawback ofthe cross term is its
susceptibility to the noise in the signal. A great amount of effort has been expended to reduce the effect of cross terms by
choosing appropriate smoothing functions, since the presence of the excessive cross terms hinders the use of these features for
pattern classification. We have found that it is possible to separate the cross terms from the WVD of the signal by projecting
the WVD into a multi-resolution space using Wavelets. The Wavelets enable processing in both time and frequency domain,
which is considered an advantage for the non-stationary processes [6]-[8]. This projection technique also allows the signal to be
separated from the rapid variation.

4. SIGNAL DETECTION
We have observed the Wigner-Ville distribution over a large data set, and suggest that using a pattern recognition technique is
worth investigating for the detection of acoustic data. A proposed block diagram of a hypothetical receiving system is shown in
Fig. 1 . In this approach:

1) The one dimensional time series representing the received signal is transformed into 2-D image using time frequency
representation (The WVD is projected in multi resolution space) and the redundant information in WVD is removed, and as a
result the non-stationarity is reduced.
2) The features of the image are extracted from the WVD space.
3) The extracted features are followed by pattern classification over the data sets. The image is processed in two different
channels. Each of those consists of feature extraction followed by a pattern classifier. The first channel represents noise and the
second channel is the signal plus noise [1].
4) Feature extraction tentatively using principle component analysis (PCA) allows decoding. The output of the noise channel is
the probability that the received signal is completely noise. The outputs of the signal and noise channel (four outputs) are the
probabilities that the received signal belongs to one of four different classes. Equalizer coefficients may be developed at this
step.

The decision device makes one ofthe following decisions:
The received signal is noise
The received signal fully recoverable
Assign coefficients to the equalizer, and let the equalizer generate the output.

[Threshold

LOut

Put>

The Received Signals
N Channels

Signal Detection System Using Pattern
Recognition Technique

Fig. 1. Signal detection strategy using pattern recognition approach.
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5. INITIAL EXPERIMENT
Initially, we chose to take data from experiments conducted in shallow water off the coast of Florida. The depth of the water
was 50 feet and the distance between the transmitter and the receiver was 1260 feet. Multiple acoustic channels were recorded
from a 64-element receiver array to allow further investigation using beamforniing or diversity methods. QPSK modulation was
used at a rate of 10 Kbps on a 50 KHz carrier. The data packet included a synchronization waveform. training sequence, and
pseudorandom sequence of data. The received signal is displayed in Fig. 2.

ri

Figure 2. Time history showing several PSK modulated symbols with amplitude weighting.

: i"

E

Figure 3. Time-frequency representation ofthe input sequence using the WVD, without smoothing.
The Porjection of WYD on Multispace Rresolution (cross terms only)
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Figure 4. Multi-resolution filtered WVD using wavelets showing crossterms.

Figure 4 represents the projection of the time-frequency representation of the signal in a multi-resolution space and illustrates
the separation of cross terms from the WVD complete representation. If the time-frequency representation of the signal is
projected at a different resolution, the result is as shown in Fig. 5. Fig. 6 is a two-dimensional version of Fig. 5 where
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pseudocolor indicates signal energy. Both figures represent the transmitted signal in the projection plane over a several symbol
period.
The Parpection of

on Multispace IRresolution (received data)

'1

Fig. 5. 3-dimensional view of filtered WVD for 3-symbol received sequence
The Protection of VWD on Mulfispace Resolution (received

Time

Fig. 6: Pseudocolor filtered WVD image of data sequence #1.

The patterns generated are representative of different symbol sequences. For instance, in Fig. 7 the same data sequence as Fig.
6 was used with the above configuration, but at a different time in the channel history. Figure 7-a shows three symbols where a
definite frequency shift is noted at different times: note that the first symbol was shifted along the frequency axis with respect to
the other two symbols. A frequency shift is also noted for all symbols as compared with Figure 6.
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The Projection of WVD on Muttispace Resolotion received data>

100

Time

Fig. 7-a. Filtered WVD using data sequence #1 at time t1.

Fig. 7-b. Filtered WVD using data sequence #lat later time t2 in transmitted sequence.

Figure 7-b shows a sequence of four symbols where two symbols are stretched along the frequency axis. In addition, there is
frequency position variation among the symbols. This may be attributed to rapid changes in the environment on a symbolsymbol basis. Figures 7-c and 7-d show four different symbols from the same data sequence where signal was stretched along
both the time and the frequency axis. It can be seen that the symbols appear at the same or different frequency positions
depending on the time of observation.
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Fig. 7-c. Filtered WVD using data sequence #1 at time t3.
The Projection of WVD co MuItspace ResoIuton (received

Fig. 7-d. Filtered WVD using data sequence #1 at time t4.

6. SUMMARY
The method we have demonstrated suggests that the received signal can be stretched in both the time and frequency domain for
time-variant, underwater, communications channels, which are characteristic of a shallow water environment. If the shifts are
significant enough, conventional decoding using an adaptive equalizer may fail due to inability of the filter to accurately track
the channel variation. That is, in fact, the case for the data presented here using a conventional DFE equalizer with a length of

30. In the cases where there is a variation from one symbol to the other along both the time and frequency axis, i.e. an
overspread channel, it is very difficult to design an effective equalization scheme. It is primarily in this case that the pattern
recognition approach will offer the greatest advantage over the classical method of signal detection.

In summary, by using the multi-resolution projection of the time-frequency, WVD, representation of the received signal, the
cross-terms can be separated, and the temporal variation of the non-stationary channel can be estimated. We have also
demonstrated that we can recover the transmitted signal with inferior signal-to-noise ratio conditions as compared to the
conventional DFE receiver approach.

This is a prelirmnary research effort and additional work is needed. This includes: 1) Optimizing processing speed and
computational strategy, 2) Optimization of wavelet basis selection, 3) Prediction and investigation of performance for different
length sequences and data.

7. ACKNOWLEDGMENTS
The authors wish to thank Florida Atlantic University and Harbor Branch Oceanographic Institution for providing acoustic data.
We also want to thank the Office of Naval Research for their support in this effort under grant #N000l4-96-l-5022.

59

Downloaded From: https://www.spiedigitallibrary.org/conference-proceedings-of-spie on 9/22/2017 Terms of Use: https://spiedigitallibrary.spie.org/ss/TermsOfUse.aspx

$JEFERENCES
1.

Stojanovic, M., and J. A. Catipovic, and J. G. Proakis, "Phase-Coherent Digital Communications for Underwater Acoustic

Channels," IEEE J. Ocean. Eng., vol. 19, no. 1, Jan. 1994
2. Caimi, F. M., R. Tongta, M. Carroll, and S. Murshid. "Acoustic Impulse Response Mapping for Acoustic Communications in
Shallow Water," Proc. Oceans'98, Nice, September 28, 1998.
3. Caimi, F. M., R. Tongta, S. Murshid, and M. Carroll, "Performance Degradation Factors and Channel Estimation for
Coherent Acoustic Communications Systems in Shallow Water Environment: Estimation Using the SID Method," J.
Underwater Acoustics, July, 1999...
4. S. Hakyin, and D. J. Thomson," Signal Detection in a Nonstationary Environment Reformed as an Adaptive Pattern
Classification Problem," Proceeding of IEEE vol. 86, No.. 11 November 1998
5. S.S Abeysekera and B. Boashash, "Method of signal classification using the images produced by the Wigner-Ville
distribution," Pattern Recognition Left. vol 12. pp. 7 17-729, 1991.

6. Gilbert Strang, and Truong Nguyen," Handbook of Wavelets and Filter Banks," 1997
7. Raghuveer M. Rao, and Ajit S. Bapardikar," Handbook of Wavelet transforms," 1998.
8. R. D. Nowak, and R. G. Baraniuk, "Wavelet-Based Transforms for Nonlinear Signal Processing," IEEE Transactions on
Signal Processing vol. 47 NO. 7 July 1999.

60

Downloaded From: https://www.spiedigitallibrary.org/conference-proceedings-of-spie on 9/22/2017 Terms of Use: https://spiedigitallibrary.spie.org/ss/TermsOfUse.aspx

