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Abstract. This paper describes about implementation of speech recognition system on a mobile robot for
controlling movement of the robot. The methods used for speech recognition system are Linear Predictive
Coding (LPC) and Artificial Neural Network (ANN). LPC method is used for extracting feature of a voice
signal and ANN is used as the recognition method. Backpropagation method is used to train the ANN. Voice
signals are sampled directly from the microphone and then they are processed using LPC method for
extracting the features of voice signal. For each voice signal, LPC method produces 576 data. Then, these
data become the input of the ANN. The ANN was trained by using 210 data training. This data training
includes the pronunciation of the seven words used as the command, which are created from 30 different
people. Experimental results show that the highest recognition rate that can be achieved by this system is
91.4%. This result is obtained by using 25 samples per word, 1 hidden layer, 5 neurons for each hidden layer,
and learning rate 0.1.
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1. Introduction

Nowadays, speech recognition system is used to replace many kinds of input devices such as keyboard
and mouse, therefore the primary objective of the research is to build a speech recognition system which is
suitable to be used to control industrial machine processes. The speech recognition system has also been
implemented on some particular devices. Some of them are personal computer (PC), digital signal processor,
and another kind of single chip integrated circuit.

A framework to address the quantization issues which arise in fixed-point isolated word recognition was
introduced in [1]. The system was developed using C++ language which is implemented on a PC. Reference
[2] introduced a speech recognition system using SPHINX-II, an off-the-shelf speech recognition package
[3]. In reference [4] and [5], speech recognition system has been tried to be implemented on a FPGA and an
ASIC. Reference [6] introduced a speech recognition system using fuzzy matching method which was
implemented on PC. As the feature extraction method, the system used Fast Fourier Transform (FFT). The
best average recognition rate that was achieved by the system was 92%. In reference [7], the speech
recognition system was implemented on MCS51 microcontroller. The method used to recognize the word in
a speech signal was Linear Predictive Coding (LPC) combined with Euclidean Squared Distance. Next, in
reference [8], the speech recognition was implemented on another microcontroller by implementing Linear
Predictive Coding (LPC) and Hidden Markov Model (HMM) method.

This paper describes further work about the speech recognition which was implemented on a PC. The
methods implemented on this system are LPC and Artificial Neural Network (ANN). As in the previous
work [7,8], the method used as feature extraction method in this system is LPC. The difference with previous
work is ANN, which is used as the recognition method. The purpose of implementing ANN as recognition
method is to improve the recognition rate. There are several words that used as commands for controlling
movement of the robot. All the commands that are used to control movement of the robot are Indonesian
language, such as “Maju” for forward movement, “Mundur” for backward movement, “Kanan” for turning
right, “Kiri” for turning left, “Stop”, etc.
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2. Speech Recognition System Design

2.1. Feature Extraction Using Linear Predictive Coding
Voice signal sampled directly from microphone, is processed for extracting the features. Method used for

feature extraction process is Linear Predictive Coding using LPC Processor.
The basic steps of LPC processor include the following [9, 10]:

1. Preemphasis: The digitized speech signal, s(n), is put through a low order digital system, to spectrally
flatten the signal and to make it less susceptible to finite precision effects later in the signal processing.
The output of the preemphasizer network, , is related to the input to the network, s(n), by difference
equation:

§(n)=s(n)—as(n-1) 6]

2. Frame Blocking: The output of preemphasis step, 5(n), is blocked into frames of N samples, with
adjacent frames being separated by M samples. If x, (n) 1s the 1" frame of speech, and there are L frames
within entire speech signal, then

x,(n) =5 (Ml +n) (2)
wheren=0,1,....N—1 and [=0,1,....L -1
3. Windowing: After frame blocking, the next step is to window each individual frame so as to minimize the

signal discontinuities at the beginning and end of each frame. If we define the window as w(n), 0 <n <N
— 1, then the result of windowing is the signal:

X, (n) = x, (myw(n) 3)
where 0<n<N-1
Typical window is the Hamming window, which has the form
m } 0<n<N-1 “)

w(n)=0.54 —0.46(:05[ 2
N

4. Autocorrelation Analysis: The next step is to auto correlate each frame of windowed signal in order to
give
N—-l-m
nm= Y X (W (n+m) m=0,1,....p 5)

n=0

where the highest autocorrelation value, p, is the order of the LPC analysis.

5. LPC Analysis: The next processing step is the LPC analysis, which converts each frame of p + 1
autocorrelations into LPC parameter set by using Durbin’s method. This can formally be given as the
following algorithm:
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E(i) =(1_ki2)E[71 (10)

By solving (6) to (10) recursively for i = 1,2,...,p, the LPC coefficient, a,, , is given as
a, =a, (1D

6. LPC Parameter Conversion to Cepstral Coefficients: LPC cepstral coefficients, is a very important LPC
parameter set, which can be derived directly from the LPC coefficient set. The recursion used is

Cm :am +E(kjck .am—k 1 S mSp (12)

k=1



- (kj,ck.am_k m>p (13)
m-p m
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The LPC cepstral coefficients are the features that are extracted from voice signal and these coefficients
are used as the input data of Artificial Neural Network. In this system, voice signal is sampled using
sampling frequency of 8 kHz and the signal is sampled within 0.5 seconds, therefore, the sampling process
results 4000 data. Because we choose LPC parameter N = 240, m = 80, and LPC order = 12 then there are
576 data of LPC cepstral coefficients. These 576 data are used as the input of artificial neural network.

2.2. Recognition Using Artificial Neural Network

An Atrtificial Neural Network is used as recognition method. Architecture of ANN used in this system is
a multilayer perceptron neural network. The network has 576 input neurons, which receive input of LPC
cepstral coefficient. Number of hidden layer varies from 1 to 4 layers and number of neuron each layer varies
from 5 to 30 neurons. The output of the network is code of recognized word. Figure 1 shows architecture of
ANN that used in this system. If the artificial neural network has m layers and receives input of vector p,
then the output of the network can be calculated by using the following equation:

a® = fa-r'(wrrfrr—l (wm—lfn'.—! ("'szi (Wlp + bl:] il b?j + bn‘.—l) + brr'] (14)
Where f " is log-sigmoid transfer function of the m™ layer of the network that can be defined as following
equation:

Fln)=—

I+e™ (15)
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Figure 1. Architecture of Artificial Neural Network Used for Speech Recognition

W ™ is weight of the m™ layer of the network, and b " is bias of the m™ layer of the network. Equation (14)
is known as the feed forward calculation.

Backpropagation algorithm is used as the training method of the designed artificial neural network. The
backpropagation algorithm includes the following steps:
1. Initialize weights and biases to small random numbers.
2. Present a training data to neural network and calculate the output by propagating the input forward

through the network using (14).

3. Propagate the sensitivities backward through the network:

M = _2FY " )(t—a) (16)
s"=F"(m™)(W")'s" form=M -1,...,2,1 A7)
Where
fn1(nm) 0 0
o . 01 fm(ngn) . 0 and fm(nm):afm(n;n) (18)
F'n") = : : : ! on;

0 0 fm(n;;)



4. Update the weights and biases
W (k+1) = W" (k) — ars™ (@™ )" (19)
b" (k+1)=b"(k)—as" (20)
5. Repeat step 2 — 4 until error is zero or less than a limit value.

3. Experimental Result

Experiments were done in order to test performance of the designed system. Experiments were done in
various training parameter value of artificial neural network, i.e., various numbers of hidden layers, various
number of neuron per layer, and various value of learning rate. The experiments were also done in various
numbers of samples as the training data set. The system was tested using voice which is sampled directly
from microphone. Table 1 shows summary of experimental results of the system using 4, 10, 15, 20, and 25
samples training data for each command. Summary of all experimental results are shown at table 2.

Table 1. Recognition Rate of the System Trained Using 4, 10, 15, 20, and 25 Samples per Command

System Number of Hidden Layer
Trained 1 2 3 4
Using Learning Rate | Learning Rate | Learning Rate | Learning Rate

4 Samples | 0,01 0,1 0,01 0,1 0,01 0,1 0,01 0,1

S Neurons | 55.7% | 40% | 243% | 70% |14.3% | 31.4% | 143% | 14.3%
10 Neurons | 57.1% | 55.7% | 41.4% | 57.1% | 18.6% | 42.9% | 14.3% | 14.3%
20 Neurons | 60% | 51.4% | 52.9% | 62.9% | 38.6% | 61.4% | 20% | 37.1%
30 Neurons | 58.6% | 70% | 72.9% | 42.9% | 38.6% | 47.1% | 28.6% | 47.1%

System Number of Hidden Layer
Trained 1 2 3 4
Using Learning Rate | Learning Rate | Learning Rate | Learning Rate

10 Samples | 0,01 0,1 0,01 0,1 0,01 0,1 0,01 0,1
5 Neurons | 82.9% | 51.4% | 54.3% | 31.4% | 14.3% | 51.4% | 143% | 14.3%
10 Neurons | 64.3% | 64.3% | 62.9% | 58.6% | 443% | 50% | 14.3% | 47.1%
20 Neurons | 64.3% | 67.1% | 54.3% | 62.9% | 32.9% | 48.6% | 41.3% | 14.3%
30 Neurons | 70% | 65.7% | 65.7% | 50% | 50% | 71,4% | 65.7% | 68.6%

System Number of Hidden Layer
Trained 1 2 3 4
Using Learning Rate | Learning Rate | Learning Rate | Learning Rate

15 Samples | 0,01 0,1 0,01 0,1 0,01 0,1 0,01 0,1
5 Neurons | 55.7% | 52.9% | 54.3% | 72.9% | 38.6% | 68.6% | 14.3% | 14.3%
10 Neurons | 75.7% | 68.6% | 77.1% | 72.9% | 62.9% | 74.3% | 14.3% | 72.9%
20 Neurons | 67.1% | 64.3% | 68.6% | 65.7% | 52.9% | 58.6% | 25.7% | 68.6%
30 Neurons | 57.1% | 51.4% | 60% | 78.6% | 70% | 71,4% | 55.1% | 75.7%

System Number of Hidden Layer
Trained 1 2 3 4
Using Learning Rate | Learning Rate | Learning Rate | Learning Rate

20 Samples | 0,01 0,1 0,01 0,1 0,01 0,1 0,01 0,1

SNeurons | 75.7% | 71.4% | 80% 80% |41.4% | 67.1% | 14.3% | 25.7%
10 Neurons | 84.3% | 72.9% | 85.7% | 82.9% | 54.3% | 75.7% | 25.7% | 47.1%
20 Neurons | 78.6% | 80% | 64.3% | 81.4% | 72.9% | 84.3% | 67.1% | 82.9%
30 Neurons | 70% | 81.4% | 77.1% | 67.1% | 60% | 82.9% | 65.7% | 64.3%

System Number of Hidden Layer
Trained 1 2 3 4
Using Learning Rate | Learning Rate | Learning Rate | Learning Rate

25 Samples | 0,01 0,1 0,01 0,1 0,01 0,1 0,01 0,1

5 Neurons | 82.9% | 91.4% | 743% | 67.1% | 41.4% | 65.7% | 143% | 14.3%
10 Neurons | 90% 0% | 743% | 712.9% | 64.3% | 72.8% | 25.7% | 27.1%
20 Neurons | 82.9% | 78.6% | 78.6% | 74.3% | 62.9% | 61.4% | 47.1% | 64.3%
30 Neurons | 80% | 72.9% | 72.9% | 77.1% | 68.6% | 77.1% | 78.6% | 71.4%




From table 1, we can see that in this application, increasing number of hidden layer of an ANN does not
always increase the recognition rate. Moreover, the recognition rate tends to decrease along with increasing
number of hidden layer. This also happens to the increasing of learning rate. Increasing number of neuron
per layer gives effect of increase of recognition rate. But, after increasing number of neuron per layer
reaches a limit value, the recognition rate does not increase and tends to decrease. From tablel, we can also
see that increasing number of samples for training ANN results increase of recognition rate. But, if number
of samples greater than a limit value, recognition rate does not improve, moreover, the recognition rate tends
to decrease. Overall, this system can run well and the best recognition rate that could be achieved is 91.4%.
This result is achieved by using ANN with 1 hidden layer, 5 neurons per layer, learning rate of training
process of 0.1 and ANN is trained using 25 samples per command. In previous work [7] which used LPC and
Euclidean Distance as feature extraction and recognition method, the highest recognition rate that can be
achieved is 78.57%. In reference [8], LPC and Hidden Markov Model (HMM) are used as feature extraction
and recognition method, the highest recognition rate that can be achieved is 87%. Thus, this research proves
that ANN give better recognition rate comparing with Euclidean Distance and HMM.

Table 2. The Best Recognition Rate Based on Number of Sample

Number of Number of Neuron per Learning Rate Recognition
Sample Hidden Layer Hidden Layer Rate (%)

1 1 5 0.01 64.3

4 2 30 0.01 72.9

6 3 5 0.1 77.1

10 1 5 0.01 82.9

15 2 30 0.1 78.6
20 2 10 0.01 85.7
25 1 5 0.1 914
30 1 20 0.1 85.7

4. Conclusion and Discussion

From experimental results, it can be concluded that LPC and ANN can recognize the speech signal well.
The highest recognition rate that can be achieved is 91.4%. This result is achieved by using LPC and ANN
with 1 hidden layer, 5 neurons per layer, learning rate of training process of 0.1 and ANN is trained using 25
samples per command. Compare with previous work, ANN has been proven that it gave better recognition
rate. For further work, in order to get better recognition rate, another recognition method such as neuro-fuzzy,
fuzzy type-2 method can be applied in this system.
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