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Abstract. This paper presents a modeling of Mexican Spanish Speech commands

‘with GMM techniques and AIC/BIC methods in an Automatic Speech Recogni-
tion (ASR) system for controlling robots. An ASR platform is implemented to
recognize Mexican Spanish spoken commands. An embedded microcontroller in
the robot (planar position system), will be driven by the computer according to the
recognized spoken commands. The Computer acquires speech commands which
are processed by our platform using robust Mel Frequency Cepstral Coefficients
(MFCC). For these experiments, Gaussian Mixture Modeling (GMM) techniques
were used to model commands: these are successful methods in speech recogni-
tion context but rarely used in robotics domain. We focus in the optimization of
the number of Gaussian components used in order to have an efficient system. We
apply two methods: the first one manually reducing mixtures and the second one
by applying AIC/BIC.

1 Introduction

There are successful state-of-the-art techniques for speech processing and for
speech recognition [1], [2]. among them we find GMM, ANN, and HMM models. In
speech recognition field. front-ends are used to process voice for speech or speaker
recognition goals. In this context, MFCC, PLP (Perceptual Linear Predictive) and
others are popular front-ends [1-3].

In Latin America not enough research exists to standardize platforms for speech
recognition in Spanish language. for this reason is difficult to find Spanish corpus in
order 10 do experiments. Several universities from Spain such as UPC. UPM have
made a lot of work about speech and speaker recognition and they continue doing
research for Iberia Spanish. Unfortunately. the evolution of the Spanish language in
Latin America (i. e. the Castilian) has taken diverse ways: the people from Chile or
from Mexico speak with distinct accent from people who were born and live in
Spain. The phoneme concept is related with how the speech sounds are pronounced.
The sound associated 10 a same phoneme has varieties (allophones) depending on
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who's speaking. from the region usage. the regionalisms accents. The Mexican
Spanish term is referred 10 the diversity of the Spanish spoken by people in Mexico:
the Mexican Spanish is divided in six regions according to the dialectal analysis:
North, Centre, West, Coast, Yucatan and Chiapas. Characters or letiers are the
graphic representation of the spoken sound. and there exist a classification named
voiced an unvoiced phonemes; these are a consequence of the vocal cords vibration
[4-8). The Spanish phonemes are simpler than those in other languages like English
or French, because their sound is the same as their graphic representation. The vo-
calic phonemes in Mexican Spanish are: a, e, i, 0 and u. In others languages these
phonemes have variants and they are pronounced in different forms. The vowels
sound depends of their location in the word, and also on their neighbours [4-8].

Many biomedical researches works deals mostly with heart signals and arm aid
devices rather than systems controlled by voice. Speech Manipulation of robotics
arms or wheelchairs is a research topic with many things still 1o do [9]. Robots can
be more useful and easier to manage introducing a speech module. In common lan-
guage, the commands must sound natural and understandable. It is also important
the computational cost because in autonomous sysiems there are constraints in proc-

s mandatory having a good deal between accu-

essing and power consumption, SO iti
racy and computational requirements. To reach a good level of recognition perform-

ance, it is necessary 10 work with well trained acoustic models, but at same time it is

necessary to optimize models for autonomous systems.
In our experiments, we deal with a system. which behaves like a planar x-y sys-

tem with movements such as: right, lefi, front, back, etc. Therefore, we are focused
in finding the best words that might be useful 10 use in a system of this kind. For ex-
ample, the command “para” have a clear semantic meaning in the robotic motion
context for the Spanish language. At the same time, the ideas were training models
in a computationally cost effective way. and optimize them in order 10 reach our

goals.

2 General Architecture of the System

The planar robot controlled by speech commands (PRCSC) maps from human
utterances 10 a set of control signals used to drive a planar system. It also allows a
small set of discrete spoken words usable as commands, to set a X-Y position. At
the moment we have a corpus with the follow command words: Ariba, Abajo, De-
recha, lzquierda, Adelante, Reversa, Arrancar, Comenzar, Empezar, Inicio, Base
and Alro.

In this work one-direction approach is enough because normally a person com-
mands the machine through a voice interface. The system acoustic model should be
optimized in order to build an embedded system. Figure 1 shows the sequence to
follow in order to capture the voice signal and execute motions corresponding to
speech commands. In this X-Y robot with a linear positioning system controller, the
basic elements and control techniques for a robotic system are applied.

The last module shown in Figure 1 is related with a planar x-y svstem . the pla—
nar robot architecture has two main purposes. First. we consider the positioning svs—
tem as a part of the Position control for a planar robot through voice commands
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where the robot movements are executed by introducing voice commands. On the
other hand, the design has important characteristics as the implementation of a pro-
portional-integral-derivative algorithm to improve the transient response. A trape-
zoidal trajectory generation routine is included 100. the main purpose is keeping ve-
locity and acceleration always known and controlled. In the next paragraphs of this

section. the de-brushed servomotor for use as the robotic stage of a voice recognition
system is discussed.
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Figl. Modular representation of PRCSC

A block diagram of the servomotor system is provided in Figure 2. The system is
comprised of the following clements: PIC18F2331 microcontroller, RS-232 serial
interface, power amplifier (H bridge). brush-DC motor and rotary encoder.

PIC18F2331 UGRMEM-0155W11
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1 H
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Serial Communication T -

Commands

Fig 2. Block diagram of the servomotor

The microcontroller unit (MCU) is responsible for communications with the host
svstem. An RS-232 interface is the main form of communication with the PC. The
USART available on the PIC18F2331 is used for this purpose. The user can control
the motor movement by sending predefined commands to the controller using the
host computer and the graphical user interface.

A PID algorithm is used as a servo compensator and position trajectories are de-
rived from linear velocity ramp segments with a total calculation time for the PID
algorithm of 50ps. The servo calculation (compensation algorithm and motion pro-
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file) is included in the interrupt routine, which is generated every 800us by the

PWM time base.
The PWM frequency is 20 kHz and the m
torque applied to the motor is determined by the PWM duty cycle. This system uses

50%-null PWM as the D/A conversion technique: 0%. 50% and 100% generate a
maximum negative. null or maximum positive output, respectively.
The PWM signal is applied 10 a Yaskawa RM series motor through a 5A power

MOSFET based H bridge, HIP4082 device.
The communication system also lets change configuration parameters from the host
computer: these parameters include Position 1, Position 2. Maximum Velocity.

Maximum Acceleration, Proportional. Integral, and Derivative Gain.

odule provides 8 bits of resolution. The

3. Speech technologies for human-machine interface

of the first four modules from Figure 1. This part
pattern recognition module, and
ystem to be inter-

Here. we present an overview
concerns the capture of the voice signal up to the
eventually to transmit codes from the computer to the planar s

preted as motions tasks.

3.1. Speech Parameterization

The voice signal was digitalized taken 8000 data by second. A preemphasis filter
of 0.97 is applied 1o enhance the high and low frequencies of the spectrum. which
are generally reduced by the microphone and the digitalization process [3]. The
speech signal is segmented into 20 ms frames with a 10 ms frame step: each frame is
multiplied by a Hamming window [3], [10], [11]. Power spectrum is computed with
a 512 points fast Fourier transform (FFT), because the spectrum is symmetric only
the first half is kept (first 256 points).

So as 10 reduce the spectral vectors quantity, the envelope of the previously ob-
tained spectrum is obtained. Therefore. we multiply the spectrum by a Mel filter-
bank (human ear alike frequency scale) in order to get an average value by each fre-
quency band [3], [12], [13]. Mel-frequency cepstral coefficients (MFCC) were

extracted applying the discrete cosine transform to the log-energy outputs of mel-
scaling filter-bank [14].

Specifically, in our case we carried out experiments with 39 acoustic parameters.
these parameters were composed by 13 MFCC features, their first and second deri-

vates.

3.2. Pattern Recognition using GMM Modeling

This section describes the Gaussian mixture model (GMM): this model was
popularized by Revnolds works [13], [15] in the speaker identification context.
Here. we use GMM first as a classification method and command recognition even-
tually: the GMM models are applied over clusters composed by their MFCC acous-
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tic veclors._A Gaussian mixture density is a weighted sum of M component densi-
ties, as depicted by the following equations [16]:

plFE(2)= }M mb,(¥) ®
With
= ] 1 : \
R O B e
‘(’\) (27!)D/2|>:,]'/:exp{ Q(X .ui)zi (x /‘:)J @)

Where X is a D-dimensional random vector (¥ is a MFCC front-end. and D=13
in our case). The i-th Gaussian density is noted asb'(x), with mean veclorp'. co-
variance matrix Y i and mixture weights mi: where i=1, .., M are the component 'den-
sities, we carried out experiments with values from 16 to 4 for M [13], [15].

A GMM is completely represented with three parameters: mean vectors. covari-
ance matrices. and mixture weights. [22]. In this text, each command is represented
and designated as a model & [13]-[16].

A= {m‘.’ﬂi,zi} =1..M (3)

Model is trained with the Expectation-Maximization (EM) algorithm in order to
estimate GMM’s parameters. The classification is done by estimating the probability
of each class given the observation, and the class that gives the highest probability is
chosen as the result [14], [17]. In a group of 1 commands represented by GMM’s &,,
A2..., A, the recognition rule is:

C=arg,,, max p(X|4,) @)

Model is trained with the Expectation-Maximization (EM) algorithm in order to
estimate GMM’s parameters. The classification is done by estimating the probability
of each class given the observation, and the class that gives the highest probability is
chosen as the result [14], [17].

The Mexican Spanish voiced phonemes are essentially: a, e, i, 0 and u. From the
point of view of speech recognition, this is important because the energy and cross-
ing zero rate of the voiced phonemes are distinguished from other phonemes. This
principle make less difficult to detect the start and the end of the words necessary to
obtain better GMM models. Although GMM is a successful method in speech rec-
ognition domain. there is no consensus on how to compute the optimal number of
mixture components in some specific problem [18-19]. In this section. two ap-
proaches will explain how to overcome the difficulty of optimization of the mixture
number components in GMM models.

3.2.1. Akaike information criterion (A1C). This model selection technique penal-
izes the model based on its complexity. as it shows in the equation:

AIC(2)= -2log p(X|2)+ 2k ®)
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In this equation, log p(X|2) is the log of the probability of X given A, and k is
the number of parameters in the model A [18-19]. In this method. as the number of
components in the GMM model increases log p(X|A) and k increases. The model se-
lected will be that which have the lowest AIC score.

3.2.2. Akaike information criterion corrected (A1Cc). The AIC method is not
well adapted in cases where the number of input vectors is small relative to k, here
AIC tends to have a negative result. 10 cope with this problem a variant of AIC
method was developed. this technique was named AlCc.
AICc (A1) = -21log p(x|2)+ 2k(AL ®
; n—k-1

In this equation. n is the number of input vectors. However, a modification of

AICc technique results is the Bayes Information Criterion [16].

3.2.3. Bayes Information Criterion (BIC). In this equation n is the number of input

vectors. and k the number of parameters. as a result, the model that minimizes BIC
will be selected.
BIC(2)=-2log p(X|2)+ klog(n) 0

The recognized command (the command related to one action) is translated into
digital signals (x-y parameters) that will be transmitted to the microcontroller.

4. Experiments and Results

The experiment was done using the GMM technique. and we make especial em-
phasis in optimize the number of components Gaussian densities for the models. We
trained models with values for M ranging from 16 to 2 mixtures. and we measured
the accuracy recognition for each experiment. The models were trained using 40
wav files and evaluated with 30 wav files by each command.

4.1 Accuracy Recognition using Models Composed with 16 to 2 Gaussian
Mixtures

In typical speech recognition platforms. 16 and more mixtures are used [1, 3,9,
20, 22], but in the case of speech command applications with a few words, is possi-
ble to work with less mixtures. In our experiments we found that it is possible to
train GMM models with 4 Gaussian mixtures (97.3% recognition). and the lost of
accuracy recognition is not significant (99% for 16 or more mixtures in other plat-

forms) [1, 3, 9. 20. 22].
The command corpus and the results were divided in two groups in order to re-

mark certain details. The criterion used 1o divide the results was according to the
number of phonemes in the command word. The first group of commands is com-
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posed by short words: abajo, arriba, inicio, base, casa and alto. The second group
is composed with: derecha, izquierda, adelante, reversa, arrancar, comenzar and
empezar.

In Figure 3 the horizontal axis shows the number of Gaussian used to train the
models of the command, whereas the vertical axis represents the accuracy percent-
age of command recognition: the result was averaged over all commands. The best
results were obtained with 16, 13 and 6 mixtures: even though the best trade-off in
terms of the number of Gaussians by accuracy was 5. So, we optimized the GMM
models using 5 densities and got 96.67 % of recognition aécuracy. This is important
because in robotics and embedded systems, most of the time. are

iShags i autonomous sys-
tems with limited resources.

Table 1. Recognition percentage for each command according 1o the number of Gaussians
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h‘ 1% i !;A A

hrranca: e 18
Comenzy e 16
[Emoezy: S
Lo

s

Avernge | T T Y

(X T

% RECOGN

8 € 1 01
# GAUSSIANAS

Fig.3. Recognition accuracy by all commands (first group) averaged over the number of
Gaussians

In Figure 4 the best results were obtained with 16-12 mixtures: the best trade-off
in terms of the number of Gaussians by accuracy was 4. So. we optimized the GMM
models using 4 densities and got 98.14% of recognition accuracy. In this case the
command words were longer than in Figure 3 (first group). The idea is to have less
data: this means it would be better 10 use shorter words in order to process less in-
formation and less computing time. but in our case the best results were obtained
with longer words group.
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It is well known that voiced signals. are better for the construction of speech
models aimed to recognition. Actually. vowels (a, e, i, 0. u) signals are well distin-
guishably from background noise and other undesirables signals. According with the
two ideas exposed above. we found better results with words that start and end with
vowel phonemes. On the contrary. unvoiced signals are easily confused with noise:
therefore. it is not a simple task 1o correctly detect the start and end of the command
word. Consequently, it is logic to consider that words that start and end with vowel
phonemes are easier to detect and therefore good for creating better models. More-
over. GMM models are clustering techniques based and do not depend on the se-
quence of the phonemes involved in the word: thus. the parameters (mean and co-
variance) are impacted by words with various voiced and vowel phonemes. For this
reason. the Jongest words in our corpus leaded to better models and better results.
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Fig.4. Recognition accuracy by all commands (second group) averaged over the number of
Gaussians

4.3. Obtaining the optimum number of GMM by using AlCc

The process of obtaining the optimum number of Gaussian mixtures via the con-
ventional test phase already described and implemented is 100 time-consuming. Us-
ing the previously GMMs generated for each command with M mixture compo-
nents. then using equations (4)-(6) for each mixture components. Given a specific
command, the GMM with the lowest information criterion is selected. Since only
Gaussians with diagonal covariance matrices are considered. the number of parame-
ters per mixture component was 79 (1 prior + 39 means + 39 variances) [19].

Both AIC and BIC scores decreases as the number of mixtures used in the modeling
increases and their values are very similar t0o. These techniques did not generate in-
formation that allows modeling optimization while reducing the number of mixtures.
However. the AICc behavior is different, because when the number of samples and
the complexity of the model are of the same order of magnitude. the penalty term for
AICc will be much larger than AIC [19]. Minimum AlCc corresponds to 7 GMM
for the spoken command reversa. which is a lot better than modeling with 16 GMM
as usually and arbitrary have been done. Figure 5 illustrates both. AlCc scores and
recognition accuracy obtained in the evaluation phase for the reversa command.
From the Jeft bar graphs is seen that the lowest AlCc score belongs to 7 GMM
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model and corresponding accuracy recognition is 97%, when the 7 GMM model is
used. as shown at the right plot in the same figure.
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Fig.5. Reversa lowest AlCc score and corresponding recognition accuracy.

Applying the same analysis to the complete corpus, the two left columns of Ta-
ble 2 shows mixtures number selection according 10 its minimum AlCc score. Addi-
tionally, in order to compare, the two rightmost columns show the mixture number
of the GMM mode] elected according 1o best accuracy recognition for each com-
mand.

Table 2. Mixture Number selected according to minimum AICc score or best accuracy
recognition in evaluation phase

AICC RESULTS TEST PHASE RESULTS
COMMAND GMM With Corresponding  GMM With Corresponding
Minimum Recognition Best Accuracy
AlCc Accuracy Accuracy Recognition
Recognition
Abajo & 10¢ 2 10C
Adelante 12 100 6 100
Alte 7 scC is -1}
Arrancar -] 100 7 100
Arriba 7" 10C a 100
Atros 6" 87 16 84
Base 5 SE 4 98
Caso 6 95 i3 S5
Comenzor S 10¢C 7 100
Derecha 2 g 97 10 57
Detenes 7 8¢ 14 94
Empezor 9 100 8 100
Frente 7 100 14 os
Inicio 7 100 2 100
1zquierdo £ 100 3 100
Parar 6" 64 16 B
Reversa 7 o5 12 oz
MEAN 8 95 S S€é

We can observe from Table 2 that AlCc criterion is in accordance with the re-
sults obtained from the testing phase. Therefore. in order to acquire GMM models
we can apply AlCc criterion to optimize GMM modeling eliminating the tedious
testing phase used 1o obtain the optimum number of Gaussian mixtures. As ex-
pected, results from AlCc technique and experimental phase would not be exactly
the same: we must 10 remember that A1Cc Criterion is a theory approach. and does
not consider some real issues as noise and quality of the recording equipment.
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5. Conclusions

This work presented the architecture of our experimental planar system which
employs GMM models 1o recognize commands utterance. In order to know how ac-
jed out experiments to obtain the num-

ceptable the AICc criterion performs; we carri .
ber of optimal densities in GMM models and at the same ime we computed the op-
After we compared results, we found a very

timum number with the AlCc approach. : {
good similarity. On the other hand. this kind of methods makes possible the reduc-
tion of computation time and memory resources; consequently, a very important is-
sue for autonomous or robotics applications. gl : .
Finally, for command words from our corpus. we found that it is possible to train
: ith accuracy recognition up to

GMM models with as less as 4 Gaussians mixtures wi : r
97.3% of average. At the moment, the experiments were implemented in our plat-

form in a PC to process information: in the future it will be implemented as an em-
bedded system using DSP processors seeking the advantage of an autonomous sys-

tem.
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