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ABSTRACT

In this paper, we have presented an integrated hybrid
neural network and hidden Markov model (HMM)
classifier that combines the time normalization property
of the HMM classifier with the superior discriminative
ability of the neural net (NN). Sonar signals, like speech,
display a strong time varying characteristic. Although the
neural net has been successful in classifying transient
like sonar signals, the success is achieved either by using
a bigger net architecture or by incorporating a detection
mechanism in the classification procedure. In this paper,
we have proposed an integrated hybrid HMM and neural
net classifier where a left-to-right HMM module is used
firstt. The HMM module segments the observation
sequence belonging to every exemplar into a fixed
number of states starting from the left. After this
segmentation, all the frames belonging to the same state
are replaced by one average frame. Thus, every exemplar,
irrespective of its time scale variation, is transformed into
a fixed number of frames, i.e., a static pattern. The multi-
layer perceptron (MLP) neural net is then used as the
classifier for these time normalized exemplars. For
successful modeling and classification, each frame is
succinctly represented by a feature vector. Two feature
extraction schemes are considered in this paper -- the
first one is based on FFT power spectral coefficient, and
the second one is based on quadrature mirror filter
(QMF) bank based subband decomposition. Finally, some
experimental results are provided to demonstrate the
superiority of the hybrid integrated classifier.

1. INTRODUCTION

Some recently completed works [1, 2] have
demonstrated the success of hidden Markov model and
other classifiers in classifying the oceanic transients.
Moreover, the results reported in [2] has established that
the recognition results would be better and more robust
by combining the evidence of both HMM and NN
classifier in the decision making stage. The present work
intends to build the foundation of one unique classifier
that would incorporate the theoretical and practical
advantages of both HMM and NN classifier in the
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classifier itself, i.e., build one classifier that would
handle wide temporal variability and would provide
strong interclass discriminative power. In [3], a hybrid
HMM/NN classifier is described. The scheme in [3] uses
the learning vector quantizer (LVQ) as the neural net. In
our view, the multi-layer perceptron neural net (MLP-
NN) provides more discriminative power vis-a-vis the
LVQ as it uses a hidden layer of nodes to provide
nonlinear hyper boundaries separating the classes in the
decision space. We also have incorporated the modified
Viterbi algorithm in the HMM scheme to provide full
state segmentation, as described in the sequel, of the
signals. Without such full state segmentation, the hybrid
classifier will simply fail to operate.

2. FEATURE SELECTION

We have two different feature representation schemes:
one based on Fourier power spectra, and the other based
on the QMF subband based decomposition.

2.1. Feature Selection from QMF Subbands

After the signal is decomposed into L subbands, the
root mean square energy in each subband is computed.
The two lowest frequency subbands are not used because
the signals in these bands are due to sonobuoy vibration
noise. The rms energy in the bands are arranged into a
feature vector to represent the signal.

2.2. Feature Selection from Fourier Power Spectra

From the given data segment, its FFT is computed.
Before FFT computation, each data segment is windowed
with a Kaiser--Bessel window function. The magnitude
square of the FFT coefficients gives the Fourier power
spectrum of the data. Since some frequencies may be
more useful than others, only the important frequencies
should be selected for a compact representation of the
signal for classification purpose.

3. CLASSIFIER DESIGN
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In our work, we have combined two classifiers: HMM
and MLP-NN.

3.1. Hidden Markov Model

For each class, one HMM is designed. So, if there are
M classes, M HMMs are designed {2]. Assume that we
have M models denoted by A, , m=1,2,... .M. Given an
unknown exemplar O, we calculate the maximum
likelihood function against all the models using the
Viterbi algorithm, i.e., we first calculate P(O,Q” |4, ) for
Am, m=12,.. .M. Here, Q" stands for the optimal state
sequence given by the Viterbi algorithm. The exemplar O
is recognized as belonging to the best matched model. In
our task, we need the optimal full state sequence rather
than the optimal class. Fortunately, the modified Viterbi
algorithm provides the optimal full state sequence.

3.2. Multi Layer Perceptrons

Multi-layer perceptrons (MLP) are feed-forward nets
with one or more layers of nodes between the input and
output layers. A three-layer perceptron is used in our
scheme. Generally, the multi-layer perceptrons are
trained with the error back-propagation (EBP) algorithm
which is an iterative gradient algorithm designed to
minimize the mean square error (MSE) between the
desired output y; ~ and the actual output y;. A momentum
term is also included in the training procedure. The
details of this algorithm can be found in [4].

3.3. Integrated Hybrid Neural Net and HMM
Classifier

Our integrated classification scheme is shown in Fig.
1. For each signal class, one L-R HMM is designed.
During training of the neural net, each exemplar is first
scored against all the models. The model which provides
the highest score as well as full state segmentation is
selected. By full state segmentation, we mean that the
observation sequence, after being labeled by the Viterbi
algorithm, has all the states present. Once a sequence has
full state segmentation, all the frames in that sequence
belonging to the same state is replaced by an average
frame. Thus, if each HMM is designed with N states,
after this frame normalization scheme, each exemplar is
replaced by N frames irrespective of its time scale. If each
frame is represented by an M dimensional feature vector,
N.M features are used as input to train the MLP neural
net.

During classification, each exemplar is similarly
frame normalized by the HMM models. After

normalization, the exemplar is recognized by the neural
net. The decision of the neural net is taken as the final
result,

3.4. Modified Viterbi Algorithm

The straightforward application of Viterbi algorithm
may not achieve full state segmentation in many
sitnations. The Viterbi algorithm searches for the
globally optimal state sequence. Often, the globally
second best or the globally third best etc. sequences has
the full state segmentation. The objective of the modified
Viterbi algorithm is to find these sub-optimal sequences.
There are two approaches -- parallel approach and serial
approach. In the parallel approach, the trellis structure is
extended to a third dimension. We call the third
dimension the dimension of choice. Thus, all the nodes
in the second choice plane represent the globally second
best cost to reach that node and the transition from the
previous layer. Similarly, all the nodes in the third choice
plane represent the globally third best cost to reach that
node and the transition from the previous layer; and so
on. To track the globally optimal state sequence, all the
terminal nodes in the first plane (choice 1) is used. The
node that has the highest probability (or the lowest cost)
is selected as the terminal state, and is used for retracing
the state sequence. To track the globally second best state
sequence, the terminal node used to find the globally
optimal state sequence is replaced by its corresponding
node in the second plane (choice 2). This node and all
the terminal nodes in the first plane are used to track the
globally second best state sequence. This idea is extended
to track the globally third choice and so on. The compact
mathematical representation of this algorithm is
presented next.

Step 0: Storage:

t - time index
Y, (0, 1<t<T,1<i<N,1<l< L
- survivor terminating in state / at time ¢ with
choice /
8,(,D,1<t<T1<i<N,1<I<L
- Max. prob. at state i at time ¢ with choice /

Note that'V,(i,/)is a three-dimensional array, and
each element of this array stores a two-dimensional
data. &,(/,/) is a three-dimensional array, and each
element of this array stores a one-dimensional data.
For the Viterbi algorithm, we observe that
both ¥,(..)and &,(..) are 2-D arrays.

3588



Step 1: Initialization:

for 1<i< N
for 1<isN,2<i<L
for 1<isN,1gIsL

51 @y = ”ibi (Ol)
s,G,h = 0
Tl (’9 l) = (050)

Step 2: Recursion: For 2<¢<T,1<j<SN,I<I<L,
compute 8, (7,!) and ‘¥, (j,0).

5,(j,H=(~th). max

1sisNlsms!

[6;-1G,m) a;]5;(0,)

¥,(j,)=(",m")=arg(/-th)  max

1sisNlisms

[81-1(.m) ay]

where (c-th) max{.] denotes the c-th maximum.

Step 3: Termination: For 1< S N,1<I<L

P'(h= G-th) [67(G, m)]

max
SiSN,1smgl

(i, lp)=arg(l~th) max

5.0
ISisN,lSmsl[ 7@ m)

Step 4: Back-tracking: For t=7-1,T-2,...,1; and
P'(O,1<I< L

(i:’l:) = lI’:+1(i:‘+1’1::-1)

4. EXPERIMENTS

We have used the following data set for our
experiments. We denote these signal classes as

Class A: Two broadband pulses of width 2.7ms and
3.7ms with variable spacing in between. Class B: Two
broadband pulses of width 1.2ms and 1.5ms with variable
spacing in between. Class C. Two broadband pulses of
width 2ms and 3.1ms with variable spacing in between.
Class D: Two broadband pulses of width 3.5ms and
2.7ms with variable spacing in between. Class E: 1.8-kHz
tonal of variable duration, and 3.8 KHz tonal of variable
duration with variable spacing in between the tonals.
Class F: Three broadband pulses of width 3.1ms, 8ms
and 6ms with variable spacing in between. Class F:
Three broadband pulses of width 5ms, 7.1ms and 5.3ms
with variable spacing in between. A typical example, one
from each class, is shown in Fig. 2.

We have created 45 templates, i.e., exemplars, for
each class, of which 23 are used as training templates
and 22 as test templates. Each signal template contains
3072 data points. The sampling rate for the signal is
12,500 kHz. For this sampling rate, 3072 data points are
enough to capture the essential characteristics of all the
transient types. This 3072 point signal template is
divided into 45 frames of 256 data points with an overlap
of 192 points (75%) between two successive frames.

We have tried a different number of states for HMM,
from N=2 to N=12, and a different number of nodes,
from 10 to 30, in the hidden layer of the MLP-NN. Only
the best results are reported in the paper and the
accompanying table. Table 1 shows the number of errors
in classifying the total 154 test exemplars using FFT
power spectral features, QMF features and HMM, NN
and integrated hybrid classifier. This dramatic
improvement in classification accuracy (up to 8%) proves
that the integrated hybrid classifier is indeed superior to
both HMM and NN classifier considered individually.
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Figure 1. Integrated hybrid HMM/NN classification scheme.
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Figure 2. An example of the different classes of signals used in our experient.

Decision
Feature
Normalization T MLP-NN —
Normalized Features
Class B
Class D
Class F

*‘MW‘M’#W

Classifer/Feature FFT Features QMF Features
HMM 91 % 82 %
NN 88.3 % 72.7 %
HMM/NN 98.7 % 89.6 %

Table 1. Recognition performance of different classifiers.
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