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Abstract

A methodology and environment for building
adaptive speech recognition systems is presented.
The development environment is designed for iso-
lated word recognition systems. A small speech
recognition system is developed for a home automa-
tion system. It is demonstrated that one of the
available connectionist models within this environ-
ment called ECoS, can accommodate new speak-
ers and expand its output dimensions to recognise
new words while maintaining its previously learned
knowledge.

1 Introduction
Artificial neural networks (ANN) have been

intensively applied to speech recognition task
throughout the past decades [5]. Here they are ap-
plied to adaptive speech recognition systems which
are systems that can adapt to new pronunciation
and recognise new words during their operation [7].

The main principle behind the notion of adap-
tive systems is their ability to modify themselves
to account for new data. Several paradigms have
been suggested that are useful for this task, in-
cluding Resource Allocation Networks (RAN) [6],
Nearest-Neighbour MLPs (NN-MLP) [8], Cascade-
Correlation Learning Architecture [1] and Evolving
Connectionist Systems (ECoS) [4, 2, 3].

This paper describes the development of an
adaptive speech recognition methodology and envi-
ronment for creating isolated word recognition sys-
tems. This model can be expanded to recognise
new words and adapt to new speakers.

2 Adaptive Speech Recognition
Methodology and a Development
Environment

This project provides an environment for devel-
oping adaptive speech recognition systems. It con-
sists of several modules, including, signal processing
module, word recognition design module , valida-
tion of the module and adaptation of the module.

The signal processing module includes most
common techniques used in speech processing (eg.
FFT, MSCC, DCT, PCA).

The word recognition design module includes
evolving connectionist systems such as ECoS, Zero
Instruction Set Computing(ZISC) [9], statistical
methods Hidden Markov(HMM) Models and Sup-
port Vector Machine(SVM) to construct an archi-
tecture for an adaptive speech recognition system.
The recognition engine is adaptable to new speakers
and can expand its output domain (ie. vocabulary
expansion).

At present, an expert will determine the best
features and recognition model to create a word
recognition system. In the future development, the
optimal features and recognition model should be
suggested by this environment. 
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Figure 1: A schematic view of the adaptive speech
recognition development environment

A graphical user interface is designed to allow
interaction between the various modules of the sys-
tem. It facilitates visualisation of modules within
this project. The environment enables users to
build their own customised speech recognition sys-
tems, see Figure 2. SECoS is one of the models fa-



cilitated by this environment and described in the
following section.

 

Figure 2: Adaptive speech recognition development
environment’s graphical user interface

3 The Simple Evolving Connection-
ist Structure

The Simple Evolving Connectionist System
(SECoS) is a minimalist implementation of the
ECoS paradigm. It was created as a simpler
version of EFuNN. There are several advantages
to using SECoS over EFuNN. Firstly, their much
simpler architecture means they are easier to un-
derstand and analyse. Secondly, their unfuzzified
input space is of a lower dimensionality than a
corresponding EFuNN (which always have at least
two condition nodes attached to each input node,
thereby doubling the dimensionality of the input
space), which allows the SECoS to model the
training data with fewer nodes in the evolving
layer than an equivalent EFuNN.

3.1 The SECoS Architecture
Figure 3 is a simplified graphical representation

of the SECoS architecture. A SECoS consists of
only three layers of neurons, the input layer, with
linear transfer functions, an evolving layer based
upon the rule layer of the Evolving Fuzzy Neural
Network (EFuNN) [4] model, and an output layer
with a simple saturated linear activation function .
The evolving layer activation is calculated as with
the EFuNN, with the exception of the distance mea-
sure Dn being calculated as the normalised Ham-
ming distance, as shown in Equation 1:

Dn =

I∑

i

| Ei −Wi |

I∑

i

| Ei + Wi |
(1)

where:
I is the number of input nodes in the SECoS,
E is the input vector,
W is the input to evolving layer weight matrix.

The SECoS architecture is similar to the Zero
Instruction Set Computer (ZISC) architecture [9].
However, ZISC is based on RBF ANN and requires
several training iterations over input data.
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Figure 3: A simplified and exemplified diagram of
a SECoS network. The dotted lines represent the
creation of a new node in the evolving layer

4 Case Study: Voice Activated
Home Automation System

Home automation systems refer to systems
which permit remote control of electronic devices
in the immediate surroundings. A person can turn
lights, fan, and television on and off. Essentially
any aspect of the environment can be controlled
depending upon the system’s complexity. The aim
of this case study is to develop a small speech recog-
nition system to control certain devices at various
locations of a private home. Figure 4 illustrates the
layout of the commands to operate certain home
appliance. For instance, the command sequence
“kitchen, fan, on”, turns on the fan in the kitchen. 
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Figure 4: An overview of voice activated home au-
tomation command structure



A SECoS is employed to create an isolated word
recognition system. The following section describes
the experiments performed to evaluate the perfor-
mance of the SECoS on recognition, adaptation and
vocabulary expansion.

5 Experimental Procedure and Re-
sults

The experiments were carried out in two distinct
phases. In the first phase, a SECoS is trained to
recognise 10 voice commands. In the second phase,
the output space of the SECoS was expanded to
recognise 5 additional words as alternative voice
commands.

The speech data was recorded in a quiet room
environment to obtain clean speech signals. For
the sake of this case study, speech data collected
from 6 native New Zealand English speakers. The
speech was sampled at 22.05 kHz and quantised to
a 16 bit signed number. Each word was uttered
6 times with distinct pauses in between. Each of
these words was then carefully manually segmented
and labelled.

In the first phase, speech data was prepared
for the 10 basic voice commands. The speech
data used in these experiments obtained from
two groups of speakers; group A (2 males and 2
females) and group B (1 male and 1 female). The
data from each groups were divided into two sets;
training set A, testing set A, training set B and
testing set B.

Training set A with 160 examples was obtained
from 4 utterances of each word in group A. The
remaining 2 utterances were used in the testing set
A for a total of 80 examples. Training set B with 40
examples was obtained from 2 utterances of each
word in group B. Testing set B with 80 examples
was obtained from the remaining 4 utterances of
each word in group B.

Spectral analysis of the speech signal was
performed over 20 msec with Hamming window
and 50% overlap, in order to extract Mel Scaled
Cepstrum Coefficients (MSCC) as acoustic fea-
tures. Discrete Cosine Transformation (DCT) was
applied on the MSCC of the whole word in the
following manner.

For an m frame segment, DCT transformation
will result in a set of m DCT coefficients. This
sequence is truncated to achieve a fixed-size
input vector consisting of 20 × d, where d is the
dimensionality of the feature space.

5.1 Training SECoS
A SECoS was initialised with 100 nodes in the

input layer and 10 nodes in the output layer (one
for each word). In phase one of the experiments
the SECoS was trained on the training set A.
There were 33 nodes created during the training
period. The trained SECoS was then tested on
training set A and both testing sets A and B. The
SECoS performance on training set A was 100%.
Table 1 shows the performance of the SECoS on
testing sets A and B.

Table 1: Performance of SECoS on both Testing
Set A and Testing Set B of the voice commands

Testing Set A Testing Set B
Positive Negative Positive Negative

Words Accuracy Accuracy Accuracy Accuracy

On 100.00 100.00 100.00 91.67
Off 100.00 100.00 75.00 95.83
Lights 100.00 100.00 75.00 100.00
Fan 100.00 100.00 100.00 98.61
Security 100.00 100.00 100.00 100.00
Television 100.00 100.00 100.00 100.00
Kitchen 100.00 100.00 100.00 100.00
Lounge 100.00 100.00 50.00 93.06
Bathroom 100.00 100.00 75.00 100.00
Garage 100.00 100.00 25.00 98.61

Total 100.00 100.00 80.00 97.78

The second phase of the experiment was de-
signed to expand the current SECoS to recognise 5
new commands. The same procedure was applied
to prepare a training and testing sets. For the 5
additional words, there were a total of 80 examples
in training set A, 40 examples in testing set A,
20 examples in training set B and 40 examples
in testing set B. The structure of the existing
SECoS was expanded to accommodate 5 additional
outputs. The expanded SECoS was further trained
on the training set A of the additional words. 38
new nodes were added to the evolving layer of
the expanded SECoS during the training process.
Table 2 illustrates the performance of the expanded
SECoS on the original and additional testing set A
and testing set B.

To test the adaptation vs forgetting capabilities
of SECoS, the testing set B (ie: new speakers),
the trained SECoS was additionally trained on
training set B. 52 additional nodes were added to
the new SECoS to accommodate the variations in
the new speakers. The performance of the adapted
SECoS on its training set B was 100%. The
adapted SECoS was then tested on the original
training (training set A) and testing sets A and B.
Performance of the adapted SECoS on training set
A was remained unchanged. Table 3 illustrates the
performance of the SECoS on testing sets A and B
after adaptation on new speakers. SECoS retained
its recognition ability on old data while achieving



Table 2: Performance of the expanded SECoS on
both initial and additional commands

Testing Set A Testing Set B
Positive Negative Positive Negative

Words Accuracy Accuracy Accuracy Accuracy

On 87.50 100.00 37.50 97.32
Off 100.00 100.00 87.50 96.43
Lights 100.00 100.00 62.50 100.00
Fan 100.00 100.00 50.00 98.21
Security 100.00 100.00 87.50 100.00
Television 100.00 100.00 100.00 100.00
Kitchen 100.00 100.00 100.00 99.11
Lounge 100.00 100.00 62.50 94.64
Bathroom 100.00 100.00 87.50 100.00
Garage 100.00 100.00 25.00 100.00
Stop 100.00 100.00 50.00 93.75
Start 100.00 100.00 37.50 99.11
Disarm 100.00 100.00 87.50 100.00
Arm 100.00 99.11 100.00 89.29
TV 100.00 100.00 75.00 100.00

Total 99.17 99.94 70.00 97.86

excellent adaptation on new data.

Table 3: Performance of the expanded SECoS on
both initial and additional commands after adap-
tation on new speakers

Testing Set A Testing Set B
Positive Negative Positive Negative

Words Accuracy Accuracy Accuracy Accuracy

On 87.50 100.00 87.50 99.11
Off 100.00 100.00 100.00 100.00
Lights 100.00 100.00 100.00 100.00
Fan 100.00 98.21 62.50 99.11
Security 100.00 100.00 100.00 100.00
Television 100.00 100.00 100.00 100.00
Kitchen 100.00 100.00 100.00 100.00
Lounge 100.00 100.00 100.00 98.21
Bathroom 100.00 100.00 100.00 100.00
Garage 100.00 100.00 75.00 100.00
Stop 100.00 100.00 87.50 98.21
Start 100.00 100.00 75.00 99.11
Disarm 75.00 100.00 100.00 100.00
Arm 100.00 99.11 75.00 96.43
TV 100.00 100.00 100.00 100.00

Total 97.50 99.82 90.83 99.35

6 Conclusions and Future Research
This paper describes a methodology and a de-

velopment environment for analysing and building
adaptive speech recognition systems. It can be ap-
plied in various applications such as, voice activated
wheel chairs, robotic control, etc.

Experiments carried out in the case study ex-
plored the performance of the SECoS locally learn-
ing algorithm. Although a small set was used to
train the SECoS, it was demonstrated that SECoS
is capable of expanding its vocabulary and accom-
modating new speakers. It was also shown that
SECoS maintained its previously learned knowl-
edge after vocabulary expansion and speaker adap-
tation.

In a future development, feature and model
selection along with parameter selection of the

model(e.g. SECoS) will be automated.
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