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This paper investigates isolated speaker-
dependent word recognition of Diagnostic
Rhyme Test words using a
backpropagation neural network
classifier. The performance of K-nearest
neighbors and closest-class-mean
classifiers are compared for several signal-
to-noise ratios. The test and training data
consisted of 40 frames of weighted eighth-
order cepstral coefficients extracted from
each word utterance. The neural network
classifier correctly classified more than
92% of 2,400 testing examples not
contained in the training data for the
noise-free case. This performance was
better than that of the K-nearest neighbor
classifier, which was greater than 83%,
and that of the closest class mean
classifier, which was greater than 85%.
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1. Introduction

In this paper Diagnostic Rhyme Test (DRT) words
are used for evaluation of a speech recognition
system in an attempt to standardize test words for
evaluation of such systems, leading to reproducible
results in subsequent research. The DRT has achieved
wide acceptance for evaluating digital voice commu-
nication systems in correctly transmitting basic
phonemic attributes—voicing, nasality, sustention,
sibilation, graveness and compactness [1]. Sixteen
word pairs for each classification of phonemic
attributes comprise the corpus of stimulus words [2]
used in the DRT (96 words total). Individual word
pairs differ only in their initial phonemes (e. g., bean
versus peen). The following 12 DRT words are
randomly chosen for this paper:

Voicing: Voiced—bean
Unvoiced—peen

Nasality: Nasal—need
Oral—deed

Sustention: ~ Sustained—sheet

Interrupted—cheat

Sibilation: Sibilated—sing
Unsibilated—thing
Graveness: Grave—moon

Acute—noon

Compactness: Compact—coop L
Diffuse—poop :
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Figure 1. Speech recognition system block diagram

2. System Architecture

A generic speech recognition system is given in
Figure 1. The system includes units for speech input,
feature extraction and word classification. The
function performed by each unit is described in the
following sections. The system could be implemented
by personal computer with common peripherals such
as a microphone and sound card.

3. Time and Frequency Domain Plots

DRT words used as a stimulus for speech recognition
systems quantitatively measure the performance of
the speech recognition system in precisely determin-
ing the presence or absence of a given phonetic
attribute. Sample time and frequency domain plots
for the DRT words used in this experiment are
shown in Figures 2 through 13. Please note that in

some cases the amplitude scale is not consistent for a
given pair of plots. This inconsistency was due to the
auto-scaling feature in the signal processing software
used to generate these plots. It is important to note
the general shape of the plots in the time domain and
frequency domains.

4. Endpoint Detection

Endpoint detection of a speech signal is the process
used to determine the start and endpoints of the
speech word. Endpoint detection could be nontrivial,
especially for the case of continuous speech where
the signal of the contiguous words may not be clearly
separated. For isolated word recognition, this process
is much easier. An endpoint detection procedure is
described in references [3] and [4]. The endpoints are
first determined based on the energy of the speech
relative to the silence energy where the background
noise is dominated. The background noise energy
level is used to determine a threshold, which in turn
is used to determine the existence of a word. If the
speech energy starts to cross this threshold, we
tentatively assign it to be the starting point of a word.
When the energy falls below the threshold, we
tentatively assign it to be the endpoint of a word.

A decision based solely on the energy threshold is
not necessarily accurate because speech energy
within a word may sometimes fall below the energy
threshold. A more accurate decision requires knowl-
edge of the rate of zero-crossing of the signal. This is
due to the fact that the unvoiced speech may have
relatively low energy, but exhibits a high zero-
crossing rate. If the zero-crossing rate is high beyond
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Figure 2. Time domain plot of “bean” and “peen” (s1 and
s2, respectively)
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Figure 3. Frequency domain plot of “bean” and “peen” (f1
and f2, respectively)
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Figure 4. Time domain plot of “need” and “deed” (sl and
s2, respectively)

Figure 5. Frequency domain plot of “need” and “deed” (f1
and f2, respectively)
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Figure 6. Time domain plot of “sheet” and “cheat” (sl and
s2, respectively)

the tentative endpoints set by the signal energy, we
extend the endpoints to include the signal compo-
nents that exhibit high zero-crossing rate. The
endpoint detection algorithm flowchart is presented
in Figure 14.

5. Feature Extraction

In speech recognition we seldom use the time
domain speech signal directly without first extracting
the speech features characterizing that word. One
simple reason is that the speech signal, when spoken
at different times, is very likely to have different
durations and energy levels. If we try to use a time

Figure 7. Frequency domain plot of “sheet” and “cheat”
(f1 and f2, respectively)

domain signal template to characterize a word and
use a simple comparison method to make a decision,
then the recognition rate could very likely be low,
simply because of the mismatch of the speech
durations and energy levels. In order to avoid these
problems (among others), we first extract the speech
features that characterize the speech and that are
relatively independent of speech duration, energy
levels and other factors. Another advantage is that it
is more economical in terms of signal storage to use
speech features as compared to the entire speech
signal. In fact, speech signal compression, for
economical signal storage and transmission, makes
use of the same idea.
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Algorithms used for feature extraction include
Linear Predictive Coding (LPC) and Neural Network
Analysis [5, 6, 7]. In this paper we elect to use the
LPC approach for feature extraction. It extracts a set
of LPC coefficients and a good characterization of the
word. This method has been used for some time in
speech recognition [8], although a neural network-
based method could be used [9]. The following
method of feature extraction is adopted from [5].
Sections of N consecutive speech samples (N = 160,
corresponding to a 20-millisecond (ms) frame of
. signal and a sampling rate of 8,000 samples per

second) are used as signal frames. Consecutive
frames are spaced M samples apart (M = 80, corre-
sponding to a 10-ms frame spacing, or a 10-ms frame
overlap). Weighted eighth-order cepstral coefficients
are extracted from each frame to produce an observa-
tion vector 0. Observation vectors are extracted for
the first 40 frames of speech and stored as speech
feature vectors. A block diagram of the processing
steps is given in Figure 15.

6. Word Classification
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Figure 8. Time domain plot of “sing” and “thing” (s1 and
s2, respectively)

Figure 9. Frequency domain plot of “sing” and “thing” (f1
and f2, respectively) .
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Figure 10. Time domain plot of “moon” and “noon” (sl
and s2, respectively)
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Figure 11. Frequency domain plot of “moon” and “noon”
(f1 and £2, respectively)
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Figure 12. Time domain plot of “coop” and “poop” (sl
and s2, respectively)

The final processing performed by a speech recogni-
tion system is the word classification process, which
is a special case of the more general pattern recogni-
tion process. Classifiers used for word and pattern
recognition include Dynamic Time Warping (DTW),
Hidden Markov Model (HMM), Backpropagation
Neural Network (BNN), and K-Nearest Neighbor
(KNN) algorithms [5, 7, 8, 9]. In [5], application of
HMMs in speaker-independent isolated word
recognition is compared with DTW-based methods.
In this paper the performance of the BNN is com-
pared to that of the KNN and the Closest Class Mean
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»
determine
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on frame energy

determine 5
endpoints based endpoints
zero c;)ssing detected?
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Figure 13. Frequency domain plot of “coop” and “poop”
(f1 and f2, respectively)

(CCM) classifiers in speaker-dependent isolated
word recognition.

The word classification process classifies a word by
making use of a generalized “distance measure.” The
classifier compares the input speech feature vector
against the reference vectors to make a classification
decision. For instance, a simple Euclidean distance
measure can be used to compute the distances
between the input feature vector and the reference
vectors; one reference vector represents one word in
the vocabulary. The word associated with the refer-
ence vector that has the smallest distance to the input
vector is the recognized word. This approach is used
in KNN and CCM classifiers.

The distance measure used in the BNN approach,
however, is not defined in a simple manner. The
knowledge of reference words is built into the
processing unit weights in the training stage. The
output of the BNN is directly mapped to the recog-
nized word. In other words, the input feature vector
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Figure 14. Endpoint detection algorithm flowchart

Figure 15. Feature extraction block diagram
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Input layer

Hidden layer Output layer

Figure 16. Backpropagation network architecture used for
DRT word recognition

of an unknown word goes through a nonlinear
transformation performed by the BNN, and its
output points to the recognized word.

The BNN architecture, used in DRT word recogni-
tion, is a commonly-used three-layer, feed-forward
network. In general, BNNs, having a greater number
of hidden processing units, have a more powerful
capability in word classification. The training time
for a large number of processing units could be very
long, however. Therefore, a balance between the two
has to be made. [10] gave a guideline in selecting the
minimum number of processing units. In practice,

however, a larger number of units should be selected.

In this study, the learning rates for networks having
two, 11, 17, 23 and 29 hidden processing units were
investigated. Among these, 17 hidden units appeared
to be the best compromise between the system
performance and the training time. Therefore, the

BNN network architecture chosen consists of 320
inputs (40 frames of eighth-order cepstral coeffi-
cients), 17 hidden processing elements, and two
output processing elements. The BNN architecture is
shown in Figure 16.

7. Performance Results

For each DRT category, 200 utterances of each word
in the category were stored for a total of 2,400
utterances (six categories times two words per
category times 200 utterances). The recorded words
were analyzed by the endpoint-detection algorithm
to detect the speech endpoints [3]. Reference feature
vectors were extracted for each word utterance.
Zero-mean Gaussian white noise was added to the
reference feature vectors to generate data for Signal-
to-Noise Ratio (SNR) testing. For each DRT category,
the reference vectors were divided into two groups
of data. The classifiers were trained using one group
and tested using the other. Then the group used for
testing was used for training, and the group for
training was used for testing. The trained classifiers
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Figure 18. DRT word recognition performance in
Nasality
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Figure 17. DRT word recognition performance in
Voicing
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Figure 19. DRT word recognition performance in
Sustention
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Figure 20. DRT word recognition performance in
Sibilation

were tested with noisy test vectors for several nor-
malized SNR values. The average of the percentage
correct was taken from both runs and the results are
presented in Figures 17 through 22. The normalized
SNR is defined as follows:

1
SNR =10log|——— |dB
g(1+cﬁ /052)

where (552 is the variance of the feature vector and

0',3 is the variance of the noise. The normalized SNR

values used for each category of DRT are tabulated in
Table 1.

For the reference SNR (noise-free) case, all three
classifiers correctly classified 100% of the testing data
not contained in the training examples for the DRT
category of sustention. The BNN classifier perfor-
mance was greater than 92% in all the DRT categories
for the noise-free case. This performance exceeded
that of the KNN classifier, which was greater than
83%, and the CCM classifier, which was greater than
85%. Both the KNN and CCM classifiers had the
worst performance in the DRT compactness category.

Figure 21. DRT word recognition performance in
Graveness
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Figure 22. DRT word recognition performance in
Compactness

In [7], a trained BNN achieved a performance of
90.4% in classification of sonar returns, and the KNN
classifier achieved a performance of 82.7%. These
results are consistent with the BNN and KNN
classifier performance in the DRT categories of
voicing and compactness for the reference SNR case.
The SNR performance of the KNN classifier was
greater than 82% in the sibilation category for all
SNR cases. Similarly, the BNN performance for all
SNR cases was greater than 75% in the category of

Table 1. Normalized SNR definition in Figures 17 through 22

Ref. (dB) | SNR1 (dB) | SNR2 (dB) | SNR3 (dB) | SNR4 (dB) | SNR5 (dB)
Voicing 0 -5 -8 -10 -12 -14
Nasality 0 -4 -7 -9 -11 -13
Sustention 0 -13 -18 -21 -23 -25
Sibilation 0 -16 -21 -24 -27 -28
Graveness 0 -4 -7 -9 -11 -13
Compactness 0 -3 -5 -7 -9 -10
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Figure 23. Possible neural network architecture for speech
compression and classification

sustention, and the CCM performance was greater
than 64% in the category of compactness.

8. Conclusion

The performance results indicate that for the task of
speaker-dependent word recognition, the BNN
classifier performance exceeds that of the KNN and
CCM classifiers for the reference SNR case. Once
noise is introduced into the system, however, the
KNN classifier performs better than the others in
three of the six DRT categories, while the BNIN
performs better in two of the six, and the CCM
classifier in one of the six. Because the DRT tests six
categories of speech attributes and is a good indicator
of the overall performance of a speech communica-
tion system [1], a BNN classifier would be the best
choice for a speaker-dependent word recognition
application in a less noisy environment, while the
KNN classifier might be a better choice in a more
noisy environment.

[

Suggestions for Further Research

This research has shown the performance of the
BNN, KNN and CCM classifiers in the task of
speaker-dependent DRT word recognition. Subjects
for future research include a comparison of the

174 SIMULATION MARCH 1998

performance of these classifiers in the task of
speaker-independent DRT word recognition, where
the data would tend to be less well clustered. In this
case, the BNN performance is expected to exceed that
of the other two classifiers because of the distributed
memory property inherent to highly parallel struc-
tures. Based on past research [6, 7, 9], an auto-
associative neural network-based feature extractor is
a viable alternative in a speech recognition system. A
possible system is presented in Figure 23. The
proposed network would not only perform speech
classification, but could also perform speech com-
pression at the same time. A possible application
could be a “smart” telephone system that not only
transmits speech and data, but listens to it as well.
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