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ABSTRACT
This paper introduce an approach to study the effects of different levels of
environment noise on the recognition rate of speech recognition systems, which are
not used any type of filters to deal with this issue. This is achieved by implementing
an embedded SoPC (System on a Programmable Chip) technique with Altera Nios II
processor for real-time speech recognition system. Mel Frequency Cepstral
Coefficients (MFCCs) technique was used for speech signal feature extraction
(observation vector). Model the observation vector of voice information by using
Gaussian Mixture Model (GMM), this model passed to the Hidden Markov Model
(HMM) as probabilistic model to process the GMM statistically to make decision on
utterance words recognition, whether a single or composite, one or more syllable
words. The framework was implemented on Altera Cyclone II EP2C70F896C6N
FPGA chip sitting on ALTERA DE2-70 Development Board. Each word model
(template) stored as Transition Matrix, Diagonal Covariance Matrices, and Mean
Vectors in the system memory. Each word model utilizes only 4.45Kbytes regardless
of the spoken word length. Recognition words rate (digit/0 to digit/10) given 100%
for the individual speaker. The test was conducted at different sound levels of the
surrounding environment (53dB to 73dB) as measured by Sound Level Meter (SLM)
instrument.
Keywords: Mel Frequency Cepstral Coefficients (MFCC), Gaussian Mixture Model
(GMM), Hidden Markov Model (HMM), System on a Programmable
Chip (SoPC), Nios II processor.

ﺗﺄﺛﯿﺮ اﻟﺒﯿﺌﺔ اﻟﺼﺎﺧﺒﺔ ﻋﻠﻰ ﻣﻌﺪل ﺗﻤﯿﯿﺰ اﻟﻜﻼم ﻣﺴﺘﻨﺪ ﻋﻠﻰ اﻟﺒﻮاﺑﺎت
اﻟﻤﻨﻄﻘﯿﺔ اﻟﻤﺒﺮﻣﺠﺔ ﻧﻮع اﻟﻠﺘﯿﺮا
اﻟﺨﻼﺻﺔ
ﯾﻘﺪم ھﺬا اﻟﺒﺤﺚ ﻣﺪﺧﻼ ﻟﺪراﺳﺔ ﺗﺄﺛﯿﺮ اﻟﻤﺴﺘﻮﯾﺎت اﻟﻤﺨﺘﻠﻔ ﺔ ﻣ ﻦ اﻟﻀﻮﺿ ﺎء اﻟﺒﯿﺌﯿ ﺔ ﻋﻠ ﻰ ﻣﻌ ﺪل اﻟﺘﻤﯿﯿ ﺰ
 ﺗ ﻢ اﻧﺠ ﺎز ھ ﺬا اﻟﻌﻤ ﻞ.ﻻﻧﻈﻤﺔ ﺗﻤﯿﯿﺰ اﻟﻜﻼم اﻟﺘﻲ ﻻﺗﺴﺘﺨﺪم اي ﻧﻮع ﻣ ﻦ اﻟﻔﻼﺗ ﺮ ﻟﻠﺘﻌﺎﻣ ﻞ ﻣ ﻊ ھ ﺬه اﻟﻘﻀ ﯿﺔ
. ﻟﺘﻤﯿﯿﺰ اﻟﻜ ﻼم ﻓ ﻲ اﻟ ﺰﻣﻦ اﻟﺤﻘﯿﻘ ﻲ٢ﺑﻮاﺳﻄﺔ ﺗﻨﻔﯿﺬ ﻧﻈﺎم ﻋﻠﻰ رﻗﺎﻗﺔ ﻗﺎﺑﻠﮫ ﻟﻠﺒﺮﻣﺠﺔ ﻣﻊ ﻣﻌﺎﻟﺞ اﻟﺘﯿﺮا ﻧﯿﻮس
أُﺳ ﺘﺨﺪﻣﺖ ﺗﻘﻨﯿ ﺔ ﻣﻌ ﺎﻣﻼت ﻧﻐﻤ ﺔ ﻃﯿ ﻒ اﻟﺘ ﺮدد ﻛﻮﺳ ﯿﻠﺔ ﻹﺳ ﺘﺨﺮاج ﺧ ﻮاص إﺷ ﺎرة اﻟﺼ ﻮت )اﻟﻤﺘﺠﮭ ﺎت
 ھ ﺬا اﻟﻤﻮدﯾ ﻞ، ﻧﻤﺬﺟﺔ اﻟﻤﺘﺠﮭﺎت اﻟﻈﺎھﺮة ﻟﻤﻌﻠﻮﻣﺎت اﻟﺼﻮت ﺑﺈﺳ ﺘﺨﺪام ﻧﻤ ﻮذج ﺧﻠ ﯿﻂ ﮔاوﺳ ﯿﻦ.(اﻟﻈﺎھﺮة
ﯾﻤ ﺮر اﻟ ﻰ ﻧﻤ ﻮذج ﻣ ﺎرﻛﻮف اﻟﻤﺨﻔ ﻲ ﻛﻤﻮدﯾ ﻞ إﺣﺘﻤ ﺎﻟﻲ ﻟﻤﻌﺎﻟﺠ ﺔ ﻧﻤ ﻮذج ﺧﻠ ﯿﻂ ﮔاوﺳ ﯿﻦ إﺣﺼ ﺎﺋﯿﺎً ﻹﺗﺨ ﺎذ
 ﻣ ﻦ ﻣﻘﻄ ﻊ ﺻ ﻮﺗﻲ واﺣ ﺪ او، ﺳﻮاء ﻛﺎﻧ ﺖ اﻟﻜﻠﻤ ﺎت ﻣﻨﻔ ﺮده او ﻣﺮﻛﺒ ﮫ،اﻟﻘﺮار ﻟﺘﻤﯿﯿﺰ اﻟﻜﻼﻣﺎت اﻟﻤﻨﻄﻮﻗﺔ
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٢ ﺗ ﻢ ﺗﻨﻔﯿ ﺬ اﻟﻌﻤ ﻞ ﻋﻠ ﻰ رﻗﺎﻗ ﺔ اﻟﺒﻮاﺑ ﺎت اﻟﻤﻨﻄﻘﯿ ﺔ اﻟﻤﺒﺮﺟ ﺔ ﻧ ﻮع ﺳ ﺎﯾﻜﻠﻮن.اﻛﺜ ﺮ
 اﻟﺒ ﺮﻣﺞ اﻟﺨﺪﻣﯿ ﺔ. DE2-70 ( ﻣﻮﺿ ﻮﻋﺔ ﻋﻠ ﻰ ﻟﻮﺣ ﺔ اﻟﺘﻄ ﻮﯾﺮ ﻧ ﻮع اﻟﺘﯿ ﺮاEP2C70F896CN6)
 ﻛ ﻞ ﻛﻠﻤ ﺔ ﺗﺨ ﺰن ﻓ ﻲ ذاﻛ ﺮة اﻟﻨﻈ ﺎم ﻋﻠ ﻰ ﺷ ﻜﻞ ﻣﺼ ﻔﻮﻓﺔ اﻧﺘﻘﺎﻟﯿ ﺔ.اﻟﻤﺴ ﺘﺨﺪﻣﺔ ﻟﺒﻨ ﺎء اﻟﻤﻜﻮﻧ ﺎت اﻟﻤﺎدﯾ ﺔ
 ﻛ ﻞ ﻛﻠﻤ ﺔ ﺗﺄﺧ ﺬ ﺣﺠ ﻢ ﻣﺴ ﺎوي اﻟ ﻰ.وﻣﺠﻤﻮﻋﺔ ﻣﺼﻔﻮﻓﺎت اﻟﺘﻐﺎﯾﯿﺮ اﻟﻘﻄﺮﯾ ﺔ و ﻣﺘﺠﮭ ﺎت اﻟﻮﺳ ﻂ اﻟﺤﺴ ﺎﺑﻲ
 ﻣﻌ ﺪل ﺗﻤﯿﯿ ﺰ اﻟﻜﻠﻤ ﺎت )رﻗ ﻢ ﺻ ﻔﺮ اﻟ ﻰ رﻗ ﻢ ﻋﺸ ﺮة. ﻛﯿﻠﻮﺑﺎﯾ ﺖ ﺑﻐ ﺾ اﻟﻨﻈ ﺮ ﻋ ﻦ ﻃ ﻮل اﻟﻜﻠﻤ ﺔ٤.٤٥
 إﺟ ﺮي اﻻﺧﺘﺒ ﺎر ﻓ ﻲ ﻣﺴ ﺘﻮﯾﺎت ﻣﺨﺘﻠﻔ ﺔ ﻣ ﻦ. ﻟﻠﺸ ﺨﺺ اﻟﻤﺘﺤ ﺪث%١٠٠ ﺑﺎﻻﻧﻜﻠﯿﺰﯾ ﺔ( ﺗﻌﻄ ﻲ ﻧﺴ ﺒﺔ
. دﯾﺴﯿﺒﻞ( ﻛﻤﺎ ﺗﻢ ﻗﯿﺎﺳﮭﺎ ﻓﻲ ﺟﮭﺎز ﻗﯿﺎس ﻣﺴﺘﻮى اﻟﺼﻮت٧٣-٥٣) اﻻﺻﻮات اﻟﻤﺤﯿﻄﯿﺔ
INTRODUCTION
oice signals convey numerous discriminative features that can be used to
identify speakers. Speech contains significant energy ranging rom zero
frequency up to around 5 kHz [1]. Most of the speech recognition systems
objective is to extract, characterize and recognize the information about the utterance
words.
One of the most important features extraction method used for the speech
applications is Mel Frequency Cepstral Coefficient (MFCC). It’s non-parametric
method used to modeling the human auditory system. In recent studies of speech
recognition system, the MFCC parameters perform better than others in the
recognition accuracy [2]. MFCC has random multi-dimensional continuous feature
vectors, however the most important class of finite mixture densities are Gaussian
mixtures, to represent the continuous feature/observation vectors into statistically
distributions.
Gaussian Mixture Model (GMM) is one solution to fit the continuous
feature/observation vectors (MFCCs) for each utterance word and estimate
parameters of the GMM for a set of MFCCs from training speech signals. To obtain
the optimum parameters of GMM, iterative Expectation-Maximization (EM)
algorithm used to calculate Maximum Likelihood (ML) estimation [3][4].
Hidden Markov Model (HMM) is a probabilistic model used in most speech
recognition systems with high recognition rate and good anti-noise performance [5].
One topology used for speech recognition is so called left-to-right HMM structure.
Continuous HMM was used in this work, so the observations were characterized as
continuous signals (vectors). The measured MFCCs are in the form of a multidimensional vector space for the speech signals. The PDF was used as multivariate
Gaussian PDF and defined by mean vector(μ) with covariance matrix(σ) [4].

V

SPEECH PRE-PROCESSING
To accommodate the voice signal to be further analysis to extract features. Figure
(1)illustrates the pre-processing functions. According to the sampling theorem:
sampling frequency cannot smaller than 2 times of bandwidth of the signal, so to
capture more information to give high recognition rate, 16KHz chosen to be sampling
frequency since the bandwidth of speech signal is not higher than 4KHz [6].
Analog to digital (A/D) converter is to quantizes (digital representation of
samples) of each discrete sample x(n), n=0, 1, ...N-1 into a specific number. In this
work, the type of A/D is Sigma/Delta conversion with 24-bits resolution, which is
provided by Altera DE2-70 Development Board as dedicated chip.
The microphone with A/D converter may be add a DC offset voltage level to the
output signal that should be removed from the digital data by subtract all samples
from the mean value of the signal within a limit time period, in this work 1.5 sec. was
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chosen as time period. This process performs important thing when determine end
and start points for the utterance voice. It is essential to remove any constant DC level
voltage. Pre-emphasis it is a digital High-Pass Filter is governed as in Eq. 1
S(n) = X(n) − X(n − 1)

1≤n≤L

…(1)

S(n) represents the signal that has been processed with pre-emphasis, while X(n)
represents the original signal, and L is the length of each audio frame (samples
number). Pre-emphasis filter used to compensate the decayed speech signal [7]. A
typically values for chosen within 0.95 to 1.0. The value of reflect the degree of
pre-emphasis [6]. A typical value of is 0.95, which gives rise to a more than 20dB
amplification of the high frequency spectrum [8].
End-Point Detection (EPD) is the process of removing unwanted parts of speech
sound signal: silence, speech, and background noise segments, however the data
necessary to compute will decrease, and the computation time will speed up [7].
There are many algorithms adopted to detect the boundary of speech segment: Time
Domain, Frequency Domain, and Mixed Parameter EPDs. This work focused on
Time Domain EPD, includes two algorithms for determine the EPD of the speech
segment based on short time analysis of the speech signal. One is STE (Sort-Time
Energy). The amplitude of unvoiced segments is generally much lower than the
amplitude of voiced segments. The short-time energy of the speech signal provides a
convenient representation that reflects these amplitude variations [9]. The other one is
Short-Time Zero Crossing Rate (STZCR). Prior calculation of STZCR process, any
DC offset voltage level must be removed from the speech signal. STZCR counts how
many times the signal crosses the time axis during the short-time frame. Eqs. 2 and 3
used to compute STE and STZCR respectively.

C[m] =

E[m] = ∑
∑

S [n]

|sgn(s[n]) − sgn(s[n − 1])|

… (2)
… (3)

SPEECH SIGNAL FEATURE EXTRACTION
In this work, the MFCC was chosen; it’s based on the human peripheral auditory
system. The human perception of the frequency contents of sounds does not follow a
linear scale. Thus for each tone with an actual frequency t measured in Hz, a
subjective pitch is measured on a scale called the “Mel Scale”, Mel is an abbreviation
of the word melody, is a unit of pitch [4]. The Mel frequency scale is linear frequency
spacing below 1000 Hz and logarithmic spacing above 1kHz. As a reference point,
the pitch of a 1 Hz tone, 40 dB above the perceptual hearing threshold, is defined as
1000 Mels [1]. Equation 4 is the approximate formula used to compute the Mels for a
given frequency f in Hz. [2].
Mel(f) = 2595 ∗ log (1 +

)

… (4)

One method to compute the MFCC in this work can be summarized as in Figure
(2) First the pre-processed signal blocked into overlapping frames with hamming
window which has the form [5]:
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w(n) = 0.54 − 0.46 cos
0

π

0≤n≤L
other

… (5)

in which L is the length of the frame.
The purpose of the hamming window is to reduce the effect of discontinuity at
the both ends of every frame [7]. In this work chosen (window size=256 sample) and
(frame rate=100 Hz), that means (window size=16msec.), (overlapping=10msec.),
where (sample rate=16 KHz). For each hamming window, compute magnitude of
512-FFT (Fast Fourier Transform) |X (k)|. Each magnitude |X (k)| is scaled in both
frequency and magnitude. The frequency is scaled logarithmically using MelFrequency filter bank ( , ) according to the Eq. 6 [10].
X(m) = log

∑

|X(k)| . H(k, m)

… (6)

For m=1,2,…..M, where M is the number of filter banks and M<< N. the
Mel filter banks is a combined of triangular filters defined by the center frequencies
( ), as in Eq. 7 [10]
0
for f(k) < f (m − 1)
⎧ ( ) (
⎫
)
(m − 1) ≤ f(k) < f (m) ⎪
⎪ ( ) (
for
f
)
… (7)
H(k, m) =
( )
(
)
⎨
(m) ≤ f(k) < f (m + 1)⎬
for
f
)
⎪ ( ) (
⎪
⎩ 0
for
f(k) ≥ f (m + 1) ⎭

The center frequencies of the filter banks are computed according to Eq. 4, which
is approximately linear for frequencies less than 1 KHz and non-linear for frequencies
above 1 KHz as shown in Figure (3).
According to this approximation and MATLAB Auditory toolbox [11], the
parameters of filter banks are written as in Table 1.
Finally, the MFCCs are obtained by calculating the Discrete Cosine Transform
(DCT) of X(m) using Eq. 8 [12].
MFCC(d) = ∑

X(m) cos d(m − 0.5)

π

… (8)

The typical values of are 0 ≤ d < 9 or 0 ≤ d < 12 coefficients [8]. Notice
that MFCC (0) is equivalent to the log energy of the frame. In this work the value of
was chosen as 0 ≤ d < 12. However Eq. (7) represents frame cepstral coefficients
and energy coefficients too. To capture the dynamic variations of the MFCCs and
energy of the speech signal frames, the first and second order differences may be used
to capture such information [4] [8]. First order difference was chosen in this work.
Hence the total coefficients become: (1E + 12MFCC + 1∆E + 12∆MFCC) = 26,
where E and ∆E represent energy and its difference respectively. These coefficients
construct the feature vectors as multi-dimensional vectors arranged in a matrix
written as MFCC[I, J], I rows represent coefficients=26, J columns represent the total
frames and its value depend on the length of the detected speech signal.
GAUSSIAN MIXTURE MODEL (GMM)
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Gaussian mixture model (GMM) is a model expresses the probability density
function of a random variable in terms of a weighted sum of its components, each of
which is described by a Gaussian (normal) density function [4].
A statistical model for each utterance word in the set is developed and denoted by
λ. For instance, word s in the set of size S can be written as in Eq. 9
λ = w ,μ ,σ

i = 1, . . . , M; s = 1, . . . , S

… (9)

Where w is weight, μ is mean, σ is a diagonal covariance, and M is the number of
GMM components. A diagonal covariance is used rather than a full covariance matrix
for the word model in order to simplify the hardware design. However, this means that
a greater number of mixture components will need to be used to provide adequate
classification performance [13].
To estimate initially these parameters, first by using K-means algorithm to cluster
the feature vectors to a specific utterance word model into several categories, choosing
5-clusters (K=5) in this work, and compute diagonal covariance matrix
with mean
vector
for each cluster( = 1, . . . ,5), these parameters defined each cluster as
weighted GMM associated with the utterance word model that is used to train HMM
later.
The Expectation Maximization (EM) algorithm used to re-compute the means,
covariance’s, and weights of each component in the GMM iteratively. Iteration of the
algorithm provides increased accuracy in the estimates of all three parameters.
Equations of the EM algorithm as follow [13].
Posterior probability:
p(i | x , λ) = ∑

( )

New estimates of ith weight
w = ∑

New estimates of mean
μ =

∑

∑

… (10)

( )

p(i|x , λ)

… (11)

( | ,λ)
( | ,λ)

… (12)

New estimates of diagonal elements of ith covariance matrix
σ =

∑

∑

( | ,λ)( . )
( | ,λ)

−u

… (13)

HIDDEN MARKOV MODEL (HMM)
The HMM is a statistical model which establishes a model for every word
through the statistical analysis of large amounts of data. Fig. 4 shows a left-to-right
model, therefore can be defined as HMM with λ = (A, B, π), which as in [5]:
• A: a = P q q Probability Transition Matrix, describes a probability
transition from state to
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•
•
•
•
•

B ∶ b (k) = P(V |q ) the probability of obtaining the symbol V in the state q
1 ≤ j ≤ N,1 ≤ k ≤ M
π: Initial probability vector π(i), 1 ≤ i ≤ N
Q = {q , q , … … . . , q }state sequence through the HMM in the interval [1, t]
N: Number of states
M: Number of symbols

The speech recognition problem is given an observation sequence O =
O O O …. O
where each Ot is data representing speech which has been
sampled at fixed intervals, and a number of potential models M, each of which is a
representation of a particular spoken utterance (e.g. word or sub-word unit), find the
model M which best describes the observation sequence, in the sense that the
probability P (M|O) is maximized (i.e. the probability that M is the best model given
O). Viterbi algorithm, used for recognition, is as follows [14]:
Viterbi Algorithm:
To find the single best state sequence,
Q = {q1, q2 . . . qT}, for the given observation sequence
O = (O1, O2 … OT}, we need to define the quantity
δ (i) = max P[q , q , … q = i, O , O . . . O |λ]
Where ( ) is the best score (highest probability) along a single path, at time t,
which accounts for the first t observations and ends in state i. By induction we
have δ (j) = max δ (i) a . b (O )
To actually retrieve the state sequence, we need to keep track of the
( ), for each t and j. We do this via the array Ψ (j). The
argument that maximize
complete procedure for finding the best state sequence can now be stated as follows:
i. Initialization:
δ (i) = π b (O ), 1≤ i ≤ N
Ψ (j) = 0
ii. Recursion:
δ (j) = max [δ (i) a ] b (O ) , 2 ≤ t ≤ T; 1 ≤ j ≤ N
1≤i≤N
Ψ (j) = argmax δ (i) a , 2 ≤ t ≤ T; 1≤ i≤ N; 1≤j≤ N
1≤i≤N
iii. Termination:
P∗ = max[δ (j)]
1≤i≤N
q∗ = argmax [δ (j)]
1≤i≤N
iv. Path (state sequence) backtracking:
q∗ = Ψ (q∗ ),
t = T − 1, T − 2, … 1
For training the HMM for multiple speakers, the HMM parameters corresponding
to each utterance word is averaged. Compared to Rabiners’s [15] approach, this has a
number of advantages such as lower data requirement, higher detection accuracy and
lesser computation complexity.

COMPUTATION OF OBSERVATION PROBABILITIES
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Continuous HMMs, however, compute their observation probabilities based on
feature vectors extracted from the speech waveform. The computation is typically
based on uncorrelated multivariate Gaussian distributions, but can be further
complicated by using Gaussian mixtures, where the final probability is the sum of a
number of individually weighted Gaussian values. As with Viterbi algorithm, we can
perform these calculations in the log domain, resulting in the Eq. 14 [16]
ln N O ; μ , σ

= [− ln(2π) − ∑

ln (σ )] − ∑

O −μ

.

σ

….(14)

Where O is a vector of observation values at time t; μ and σ are mean and
variance vectors respectively for state j; O , μ and σ are the elements of the
aforementioned vectors, enumerated from 0 to L-1.
Note that the values in square brackets are dependent only on the current state,
not the current observation, so can be computed in advance. For each vector element
of each state, we now require a subtraction, a square and a multiplication. Because
each of these calculations is independent of any other at time t, they can be performed
in parallel if sufficient resources are available [16].
SOUND LEVEL MEASUREMENTS (EXTERNAL NOISE LEVEL
VARIATION)
The relationship between sound intensity and perceived loudness is shown in
Table (2), expressed as sound intensity on a logarithmic scale, called decibel SPL
(Sound Power Level). On this scale, 0 dB SPL is a sound wave power of 10-6
watts/cm2, about the weakest sound detectable by the human ear. Normal speech is at
about 60 dB SPL, while painful damage to the ear occurs at about 140 dB SPL [17].
In this work the level of external noise was considered as variable level test to study
its effect on the speech recognition system without needed for building any types of
filter.
IMPLEMENTATION AND RESULTS
Altera provide soft-core processor called Nios II processor. This processor
defined by the Hardware Description Language (HDL). The Nios II processor
associated with memory and peripheral components are easily instantiated by using
Altera SoPC Builder in conjunction with the Quartus® II software. Generally this
system adopted HDL to define the hardware components required with the Nios II
processor. Programming the functions of the recognition system is developed by
using Nios II IDE/C++ development software. Altera DE2-70 development board
with Cyclone II EP2C70F896C6N FPGA chip sitting on it was chosen to implement
this work. Figures (5, 6) shows the functions interface and the block diagram of the
system respectively.
This system is capable of running the training and recognition process in the
same design. Acquire the real-time speech signal through microphone connected
directly to the microphone-in jack of the Altera DE2-70 board. Sampling frequency is
16KHz, A/D Sigma-Delta type has 24-bit resolution. English digits 0 to 10 used as
trained utterance words, each digit gain 3 samples and the duration of each training
words was 1.5sec, however for each utterance word the total samples are 24000
samples. Only the effective and useful samples are chosen to feature extraction
according to the pre-process operations.
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To study the effect of the sound of the surrounding environment on the
recognition rate, an instrument known as Sound Level Meter (SLM), model SL-4001
as shown in Figure (7) was used in this test to measure the sound level in (dB).
Figure (8) shows reading samples of SLM instrument variation of the sound level
of the surrounding, the base level represents the sound level of the room test, at each
pulse uttered word occur, and the pulse width shows the duration of the utterance
words. In this test, an external random white noise (uniformly distributed with zero
mean and 16e3 variance) was used to obtain multilevel noise while recognition
process passed.
Figure (9) shows the GMM_HMM recognition system. The recognition results for
the training words (digit/0 to digit/10) given accuracy 100% for the individual speaker.
Table (3) shows the summary of the test taken into account the variation of the levels
of the surrounding sounds.
Figure (10) shows the comparison probability of the recognition probability of
utterance words with each other labeled as (ONE, FOUR, SIX, and EIGHT) have been
taken as example. Each word uttered as 20 times as test, the less probability, the most
guess for the recognition word, as shown in the red line curves.
CONCLUSIONS
MFCC method provides an excellent method to compression the audio signals by
extracting the most features of the voice signal by converting it to multi-dimensional
vector (i.e. for 4800 samples and by taking 13 coefficients to obtain compression ratio
reached to 92.1% independent on the length of the audio samples. Taking an inverse of
MFCC computations to get back the original speech data, therefore it’s easy to process
the small amount of data.
The effect of the sound level of the environment on the uttered words has different
effects not equally on the words recognition; some words have high sensitivity more
than the other. This system is allowed to be used with somewhat loud environment
(within certain limits), since the curves have a somewhat parallel property with each
others. Those mean all the external sound effects (i.e. noise) have an equal effect on
each recognition probability curve, make it capable to recognize an uttered word even
with existence of noise.
To use this system with a very loud environment (i.e. into a noisy factory), the
system should be retrained under this condition to be able to recognize the uttered
word correctly.
Using SoPC to build Altera Nios II processor with C++ as programming language
provided a suitable platform for implementation an embedded system and it is possible
to modify it easily and quickly to meet our future requirements.
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Figure (1) Speech pre-processing flow.

Speech from
Pre-Propc ess

Multi-dimensional
Features Vector

Windowing
(Hamming)

1E+12MFCC
+ΔE+ΔMFCC

|FFT|

MelFrequency
Filter Bank

Discrete Cosine
Transform (DCT)

Log10 |.|

Figure (2) An outline of the processes in MFCC.

Figure (3) Mels versus Frequency for the entire audible range [5].

Table (1) Filter banks parameters.

Lowest Frequency(Hz)*

Linear
Filters
13

Linear
Spacing
66.6666

Log Filters

Log
Spacing
1.07117

133.3333
27
Total Filters(M) = 40
*
Auditory toolbox used in MATLAB suppresses frequencies below approximately 133Hz.
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Figure (4) Left-to-Right HMM structure with skipping states.

Softer

Louder

Table (2) Relationship between sound intensity and perceived loudness [17].

Watts/cm2
10-2
10-3
10-4
10-5
10-6
10-7
10-8
10-9
10-10
10-11
10-12
10-13
10-14
10-15
10-16
10-17
10-18

Decibels SPL
140 dB
130 dB
120 dB
110 dB
100 dB
90 dB
80 dB
70 dB
60 dB
50 dB
40 dB
30 dB
20 dB
10 dB
0 dB
-10 dB
-20 dB

Sound Example
Pain
Discomfort
Jack hammers and rock concerts
OSHA limit for industrial noise

Normal conversation
Weakest audible at 100 hertz
Weakest audible at 10kHz
Weakest audible at 3 kHz

2523

Eng. &Tech. Journal, Vol.31, Part (A), No.13, 2013 Influence of Noisy Environment on the Speech
Recognition Rate Based on the Altera FPGA

Figure (5) Man-Machine interface.

Figure (6) Proposed SoPC block diagram.
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Figure (7) Sound Level Meter (SLM).

Figure (8) Sound level variation during the test.
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Figure (9) GMM_HMM recognition system.

Table (3) Recognition rate at different SLM measurements.

Noise
Word
ONE
TWO
THREE
FOUR
FIVE
SIX
SEVEN
EIGHT
NINE
TEN
ZERO
Total
Rate

SLM 53 dB

SLM 56 dB

SLM 66 dB

SLM 73 dB

100%
100%
100%
100%
100%
100%
100%
100%
100%
100%
100%

100%
100%
100%
100%
100%
100%
100%
100%
100%
100%
100%

Not recognized
100%
100%
Not recognized
100%
100%
65%
25%
95%
90%
95%

Not recognized
45%
55%
Not recognized
100%
25%
Not recognized
Not recognized
20%
10%
20%

100%

100%

70%

25%
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a1) Utterance of word “ONE” at 53dB

b1) Utterance of word “FOUR” at 53dB

a2) Utterance of word “ONE” at 56dB

b2) Utterance of word “FOUR” at 56dB
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a3) Utterance of word “ONE” at 66dB

b3) Utterance of word “FOUR” at 66dB
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

Log Probability

512

2048

8192
ZERO
FOUR
EIGHT

ONE
FIVE
NINE

TWO
SIX
TEN

THREE
SEVEN

a4) Utterance of word “ONE” at 73dB

b4) Utterance of word “FOUR” at 73dB

Figure (10) Comparison of the probability of the recognition rate.
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c1) Utterance of word “SIX” at 53dB

d1) Utterance of word “EIGHT” at 53dB

c2) Utterance of word “SIX” at 56dB

d2) Utterance of word “EIGHT” at 56dB
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c3) Utterance of word “SIX” at 66dB

d3) Utterance of word “EIGHT” at 66dB
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

Log Probability

512

2048

8192

ZERO
FOUR
EIGHT

ONE
FIVE
NINE

TWO
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TEN

c4) Utterance of word “SIX” at 73dB

d4) Utterance of word “EIGHT” at 73dB

Figure (10) Continued.
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