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ABSTRACT
An artificial neural network has been trained to recog-
nize phonemes using the error back-propagation tech-
nique. First a coarse feature network is trained to
extract seven quasi-phonetic features from the spectral
frames of a Bark-scaled filter bank. The outputs of this
net and the spectral outputs of the filter bank were input
to a phoneme recognition net. The coarse features were
recognized with 80% - 93% accuracy. Using manual
segmentation the phone recognition rate was 64% and
in 82% of the cases, the correct phone was among the
best three candidates.
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1 INTRODUCTION
Speech recognition based on phoneme like units is
attractive since it is inherently free from vocabulary
limitations. This is of special importance in highly
inflected languages, e.g., Hungarian. Many variants of
the same root word may occur making speech recogni-
tion based on word size units complicated. The main
objective of this project is to recognize phoneme sized
elements. Similar studies have been reported by Koho-
nen [1], Krause & Hachbarth [2], Komori et al [3],
McDermott et al [4] and Waibel et al [5], Huckvale et al
[6], Dalsgaard [7]. The system has a hierarchical
structure and an underlying idea is to separate it into
speaker and language independent and dependent parts
to facilitate the adaptation of new speakers and lan-
guages. A more detailed description may be found in
Elenius & Takács [8].

2 SYSTEM DESCRIPTION

2.1 Speech material
The speech material was sampled at 16 kHz using a
6.3 kHz low-pass filter. The basic Swedish material will
be referred to as the INTRED-material. The sentences
were phonetically labelled by a human expert, Nord [9].

The labelling was basically phonemic and did not show
allophonic variations. We also used a Hungarian
material of 60 sentences: the MAMO-material. Fifty
sentences were used for training and ten for testing the
different nets. All nets were trained using error back-
propagation (Rumelhart & McClelland [10]).

2.2 The feature network
The smoothed output of 16 Bark scaled filters in the
range 200 Hz to 5 kHz were input to the coarse feature
network. The interval between the speech frames was
10 ms and the integration time was 25 ms. The coarse
feature net was designed to translate spectral amplitudes
into phonetically related features describing manner
and place of articulation. A key-problem was to select
an appropriate set of coarse features, compare Jacobson
et al [11]. A seven-element feature set was constructed
based on manner and place of articulation related fea-
tures: voiceness, noiseness, nasalness and vowelness
(manner) and frontness, centralness and backness
(place). Since the features may take continuous values,
we use the suffix "-ness" in analogy with the term
"loudness" from psychoacoustics.A two-layer net with
13 hidden and seven output feature nodes was trained to
recognize the quasi phonetic features from the filter out-
puts. Filter amplitudes were scaled to the interval 0.1 -
0.9 and the feature target values were set to 0.1 or 0.9.
We used a learning rate of 0.001, a momentum term of
0.9, and trained the net for 2000 epoches.

2.3 The phone network
The phone network received two types of input using a
dual window: the filter values of the frame being pro-
cessed, and a seven frame window covering the coarse
phonetic features centred on this frame. The net had 40
output phone nodes for Swedish, and 49 for Hungarian.
It was trained using a learning rate of 0.001, a momen-
tum term of 0.1 and the weights were updated after each
pattern for 2500 epoches. A base-line, reference net-
work was built to test the effect of the dual input win-



dow of the phone net, where the seven frame feature
window was removed.

2.4 The segmentation network
The input parameter to the segmentation network is the
amplitude of the phoneme output having the highest
activation within each frame inside the input window
that is 15 frames long (150 ms). The window is sym-
metric with seven frames on each side of the actual
frame. The segmentation network has a single output
trained to show high activation for the first frame of
each phoneme and low activation for all other frames --
it is set up to "fire" at phoneme borders. Learning rate
and momentum were set to 0.005 and 0.9.

It is evident that the output phonemes for a segment
should be selected among the nodes having the highest
output activations. However, this will result in a lot of
recognition errors due to spurious, short activation
peaks. Smoothing the activations by using a simple
mean value filter gives significantly better recognition
performance. The best three phonemes for each recog-
nized segment were selected according to the level of
their smoothed activation peaks.

3 RESULTS
The performance statistics reported below are based
upon ten independent test sentences both for Swedish
and Hungarian. The speech material used for training
was never used for testing the performance of the dif-
ferent networks. However, sometimes we give some
results on the training set to indicate the generalization
performance of the training.

3.1 Recognition of coarse phonetic features
Examining the output of the feature net reveals that the
manner of articulation features have steep transitions,
except for the vowelness feature. They almost have a
binary on-off behaviour. Features related to the place of
articulation generally vary at a slower rate and these
parameters frequently demonstrate intermediate values
in spite of  being binary during the training. The con-
tinuous distribution of these parameters is not unex-
pected, since the articulation features covered by these
parameters have a continuous character. The net will
learn this by being exposed to numerous different vari-
ants of these features during the network training.

The performance of the net was tested by comparing
the output activations using to a threshold of 0.5 -- if the
signal exceeded this value the feature was set positive
and otherwise it was set negative. The outcome was
compared to the human phoneme labels and results are
summarized in Table I. Many features are correctly
recognized for more than 90% of the frames and no

feature is recognized below 80%. The manner of ar-
ticulation related features perform better than the place
features. Most errors occur at phoneme transitions. The
results show that for a majority of the frames, the
selected discrete phoneme features are detectable by the
neural network. When testing on the training set for
Swedish 78.8% of the frames had all features correct.
This is only 2% higher than the results for the test set,
indicating a good generalization for the coarse feature
network.

3.2 Phoneme classification on the frame level
The phone network outputs an ordered list of phonemes
for each speech frame according to the level of their
output activations -- the best candidate has the highest
activation. Each frame has a target label selected by a
phonetic expert making it easy to compare the assigned
target phoneme to the network candidates. After the
training process, 54.2% of the frames in the INTRED-
test-material and 54.7% of the frames in the MAMO-
material were recognized correctly. Testing on the
training set for the INTRED-material resulted in 58.6%
recognition, indicating a relatively good generalization
also for the phone net but also suggesting that the per-
formance might be improved somewhat by continued
training. It should be noted that all frames are included
in these results -- also transitional parts of the speech,
where the acoustic character of the phonemes is
changed due to coarticulation.

There is a close relation between the frequency of
occurrence of each phoneme and its recognition rate.
This is obviously a training effect. The correct classifi-
cation rate always exceeds 50% if the phoneme has
more than 5% of all the frames. Phonemes never rec-
ognized correctly have less than 2% of the frames and
together they make up 15% of them. These results may
indicate that the training material should be chosen to
have a more even phoneme distribution. This would
certainly give a better performance for less frequent

Table I. Recognition performance in percent of the
coarse phonetic feature network on the frame level
when evaluating the feature activations as binary
signals.

INTRED MAMO
voiceness 93.1 93.3
noiseness 91.0 92.9
nasalness 95.4 93.1
frontness 81.7 88.4
centralness 83.2 80.8
backness 88.7 88.2
vowelness 88.2 88.0
all features correct 76.9 80.0



phonemes. However, it would be at the expense of an
increased error rate for the more frequent phonemes,
and we cannot be sure about the overall effect.

Studying the evolution of the discriminatory perfor-
mance of the net shows that the most frequent
phonemes have a very good recognition rate in the very
beginning of the training process. As the net starts to
differentiate among more phonemes, the performance
for the most common phonemes goes down, while the
net becomes more and more sensitive to the low fre-
quency phonemes. Their recognition rate starts to in-
crease at different phases of the training procedure and
the increase has a different speed for different
phonemes. The overall recognition rate is monotonously
increasing until reaching an asymptotic value.

The base-line phone network was trained by the
same training data and the same number of epoches as
the standard phone net using the INTRED-material.
The recognition rate on the frame level was 40.8% cor-
rect compared to 54.2% for original net. This indicates
that the seven frame coarse feature window is important
for the performance of the phone net.

3.3 Recognition of phoneme borders
The single output of the segmentation network is
trained to have a high value in the first frame of each
phoneme. The system detects a phoneme segment when
the activation has a peak above the decision threshold.
Increasing this threshold decreases the number of
detected segments and vice versa. In our evaluation, a
medium level threshold was chosen, where the number
of errors did not vary very much when perturbing the
threshold value. For the INTRED-material a threshold
of 0.2 was used, while it was set to 0.16 for the MAMO-
material. Results are shown in Table II.

3.4 Phoneme recognition after segmentation
This evaluation is based on the smoothed output acti-
vations of the phone network. The peak of the phone
with the maximum activation has an average value of
0.47 inside the expert phoneme borders. The second
and third largest peeks have a value of 0.27 and 0.20,
respectively. Thus, the first candidate regularly has a
considerably higher value than the others. Results are

shown in Table III below, where both languages have
been trained 2500 epoches.

Examining the peak value of the smoothed phone
activations shows that it is a good measure of the reli-
ability of the network classification. The probability of
correct recognition is well approximated by a linear
function of it. A peak value of 0.1 gives no recognition
and a value of 0.9 gives close to 100% recognition.

The phoneme recognition when using automatic
segmentation is based on the peaks of the smoothed
phone net output activations within the segments
detected by the segmentation net. To reduce some of the
problems due to lost and extra phoneme borders,
phonemes in automatic segments placed plus or minus
one (expert) segment from the correct target phoneme
segment were allowed when comparing to the target
phoneme. It is conjectured that these errors should not
degrade an upper level recognition performance too
much. Moreover target segments were compared to
phoneme candidates in multiple segments that over-
lapped them in time. Frequently these inserted segments
were correctly labelled, which would reduce the
degradation in recognition performance caused by
them. Having these evaluation criteria in mind, we note

that we get about the same level of performance as
when using manual expert segmentation, see
Table III.

3.5 Some characteristic errors
Low-frequency phonemes are represented by fewer
samples in the training material and this will in turn
lead to a less effective training of their representations

in the phone network. About one third of the phoneme
recognition errors can be attributed to this category. An-
other typical error is the deletion of the burst phases in
stops. The coarse feature network generally has strong
peaks in these cases. However, at the output of the
phone network, the peaks are reduced, since the bursts
are short (usually only one single frame), and the

Table II. Performance of the segmentation network.

MAMO % INTRED %
Segmentation in same
frame as human

39.3 35.9

Segmentation within
+/- 1 frame

82.0 81.6

Lost segments 18.0 18.4
Extra segments 57.4 54.3

Table III. Percent correct phoneme recognition when
using expert and automatic segmentation.

Human segm. Autom. segm.
MAMO INTRED MAMO INTRED

1st phon.
correct

50,4 64.4 50.3 62.4

1st or 2nd
phon. corr.

69.9 78.1 64.5 74.6

1st, 2nd or
3rd phon.
corr.

76.3 82.2 72.0 80.8



smoothing filter will push them below the activity of the
surrounding phonemes.

Reduced articulation is an integral part of human
speech. Frequently, phonemes are not completely
deleted but there are still some indications of their
identity by various acoustic phenomena. The network
has a capability to represent these ambiguous and
overlapping events by the level of the parallel output
activations, that are proportional to the evidences mani-
fest in the acoustic domain.

3.6 Speaker and language dependency
Speaker and language independence of the coarse fea-
ture set was a main objective when planning the system
structure. It has only been possible to test these charac-
teristics to a limited extent. The net trained for the
INTRED-material was tested by another Swedish
speaker and also by the Hungarian speaker and the
MAMO-net was tested by the INTRED-material. The
recognition rate of the coarse features decreased
between 0 and 10% in 12 out of the 21 feature compar-
isons, the maximum decrease was around 20% in 3
cases. The place features were more stable than the
manner features. The results indicate that the coarse
features are quite robust across these speakers and lan-
guages. However, the phoneme recognition was poor.
This is not surprising, considering how much the acous-
tic speech signal varies between speakers.

4 CONCLUSIONS
The coarse features seem to be quite robust to the
change of speaker and language, at least for the limited
tests we have performed. We have also shown that the
output activations of the network have an inherent abil-
ity to indicate parallel and overlapping speech events.

The lexical search in a language level processing
should be based on the most probable phoneme candi-
dates. Since the activation levels of the current system
are closely related to the probability of correct labelling
our system is able to provide this information.

It is difficult to compare this system to other recently
published systems. The working principles, the speech
materials used, and the evaluation methods are
different. The speaker independent recognizer of AT&T
has been reported to have a 52% phoneme recognition
rate [12]. Systems based on the Kohonen feature map
report a 70-90 % phoneme recognition, depending on
the speaker [13].

Future work includes evaluation of different input
parameters, varying the sizes of input windows, and
introduction of a lexical component. It would also be
interesting to test recurrent nodes and to do compar-

isons with self-organizing nets like those proposed by
Kohonen.
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