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Abstract
Extraction of appropriate features from speech is the core of a speech recognition
system. Appropriate features can improve the accuracy of perceiving speech.
Accurate speech perception is important for implementing applications like voice
search, hands free dialling, voice command and control for physically disabled
people. Human auditory system performs most accurate and robust perception of
sound. Front end of the auditory system, named as cochlea, processes sound with
remarkable sensitivity. This paper proposes a mathematical model for cochlear
frequency map. This will help to develop more accurate cochlear implant leading
to high level of speech recognition for hearing impaired persons. This work
primarily focusses on developing a novel algorithm for feature extraction named
as Tonal Frequency Cepstral Coefficients based on human cochlea frequency
map. The algorithm takes advantage of the relationship between human auditory
system and Ohm’s acoustic law. This novel feature extraction algorithm
outperforms existing feature extraction techniques like Mel Frequency Cepstral
Coefficients, Linear Predictive Coding and Gammachirp Frequency Cepstral
Coefficients. A hybrid classifier using neural network and fuzzification has also
been developed. The classifier recognizes spoken word accurately irrespective of
the speaking rate variability. The average accuracy achieved for different datasets
is 99.06%, which shows significant improvement over existing algorithms.
Keywords: False positive rate, Gammachirp frequency cepstral coefficients,
Human cochlea, Mel frequency cepstral coefficients, Ohm’s acoustic
law, Speech recognition.
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1. Introduction
Isolated word speech recognition in different languages spoken across India is an
interesting area of research and has immense use especially for disabled population.
For developing a speech recognition system, selection of correct features to be
recognizable by any classification model and the selecting right samples for
training the model are two major challenges [1]. Speech recognition algorithm
starts with the collection of database followed by extracting relevant information
known as feature from the recorded words facilitating the subsequent matching
phase. Features are extracted from recorded speech using algorithms like Mel
Frequency Cepstral Coefficients (MFCC) and Gammatone Frequency Cepstral
Coefficients (GFCC). MFCC feature is derived from the cepstral analysis of mel
scale filter bank and GFCC feature is obtained from the cepstral analysis of a bank
of Gammatone filters [2].
In this research work, we have developed an entirely new feature extraction
algorithm based on spiral shape of the cochlea and polar equation of logarithmic
spiral. Since sound is perceived by human ear as a set of harmonic tones, we have
named the algorithm as Tonal Frequency Cepstral Coefficients (TFCC). Human
auditory system helps to perceive and analyse speech irrespective of the
background sounds. Cochlea is a spiral shape tube filled with fluid located in inner
ear [3]. The two human cochleae are mirror shaped almost symmetrical bony tubes
[4]. Spiral shape of the cochlea enhances low frequency sounds used for
communication by humans. This paper gives a mathematical model for TFCC.
TFCC features are compared with MFCC and GFCC features. Comparative results
show that the proposed algorithm enhances the accuracy of speech recognition
system considerably over the existing techniques irrespective of gender, age and
dialect variations of speakers. This research work can help hearing impaired
patients to achieve better speech recognition. It can also be used in variety of
applications like controlling instruments, dictation, video games, search engines,
authentication, medical reporting, voice biometrics, hands free assistance etc.
The algorithm used for pattern matching plays a vital role in speech recognition.
Proposed work also describes a neuro fuzzy combination (NF) classifier at the
classification stage. NF logic is used to fuzzify the neural network prediction accuracy
into five sets of linguistic labels and to perform a matching phase using a set of fuzzy
rules. Fuzzification stage, added after the neural network classifies the speech input to
improve overall classification accuracy.
Different test beds are used for
experimentation. They include spoken Marathi numerals dataset, English numerals
dataset and vowels dataset with men, women and kids voices. Spoken Marathi numerals
dataset has been recorded by the authors and a copyright is granted for the same.
A number of speech recognition algorithms have been experimented by different
authors worldwide. MFCC feature extraction technique and HMM technique for
speech recognition is used for isolated word recognition in Punjabi language. Speech
corpus has 125 isolated words spoken by 100 speakers with different dialect. A
highest classification accuracy 87, 28% is achieved for Majhi dialect female speakers
[5]. Ravinder [6] suggests that Punjabi language isolated word recognition can be
effectively done with dynamic time warping (DTW) compared to hidden Markov
model (HMM). 94% accuracy was obtained with DTW and 91. 3% accuracy was
obtained with HMM. The tests were carried out on 500 isolated words dataset.
Shanon and Paliwal [7] have concluded that Mel scale and Bark scale filter banks
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show equivalent performance in speech recognition. The experimentation is carried
out on digit sequences available in TIMIT speech corpus. Performances of MFCC,
GFCC and PLP are compared for spoken word recognition. Raheli et al. [8] have
experimented automatic speech recognition systems for noisy environment using
GFCC feature set. GFCC features gave best recognition accuracy for clean as well as
noisy database compared to MFCC features. Gedam et al. [9] have prepared a speech
recognition system for Marathi numerals using MFCC feature extraction. Feature
matching is done using DTW.
DNN–HMM hybrid model is developed for Chinese-English mix lingual
database to promote multilingual research. The dataset had utterances recorded from
1400 speakers. Word error rate reported was 20.09% [10]. Neuro Fuzzy classification
approach is used for recognizing sign language for hearing and speech impaired
people. The dataset is recorded in Chinese language. Combination of neural network
and fuzzy logic resulted in 78% classification accuracy for the system [11]. A Gujarati
language speech corpus is prepared with 40 speakers from south Gujarat region.
Number of utterances is 650. HMM is used as a classification algorithm. The system
gives 87.23% word recognition rate [12]. Dalmiya et al. [13] has discussed
development of speech recognition system in Tamil language. The system is
developed for mobile applications. MFCC features are classified using DTW
template. The developed system is evaluated with 79% accuracy. Gaikwad et al [14]
done the comparative study of different feature extraction techniques. One can choose
an appropriate technique after comparing its merits and demerits [14].
Debnath and Roy [15] have suggested feature set size reduction by randomly
selecting MFCC features using ANOVA and IFS techniques. An average 91.76%
accuracy has been achieved for English digit database. Authors have discussed the
need of further research for developing new feature as well as new feature selection
method for speech recognition. Speaker dependent Arabic isolated word speech
recognition system has been developed [16]. Hybrid feature extraction techniques
using MFCC, PLP have been used with neural network classifier. PCA is used for
dimension reduction. An error rate of 0.68% is achieved but the performance of the
system degrades as the number of speakers increase. Authors have also focussed
on improving training database for better recognition results. An efficient speech
recognition system for arm disabled students has been developed using discrete
wavelet transform and modified MFCC algorithm [17]. The system cannot be used
for different languages. More number of features need to be added for better
performance of the system. A Japanese word recognition system has been
developed using two dimensional root cepstrum coefficients [18]. The vocabulary
size of the system is limited to 54 words. It can further be extended to incorporate
more words. Masood et al. [19] have discussed isolated word recognition using
MFCC with some additional features like length of the word, brightness. The
experimentation uses neural network classifier. Proposed work is limited to English
language, which can be extended for more languages. Deep convolution neural
network has been effectively used for Chattisgarh dialect [20]. This isolated word
recognition uses Mel frequency spectral coefficients (MFSC) and can be evaluated
for continuous speech recognition. Performance of speech recognition is affected
by different factors like language, dialect, corpus size and length of the word.
Proposed work identifies the gaps in the existing systems and tries to develop a
language independent word recognition system.
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This paper is organized as follows: methodology developed by authors is
described in Section 2, feature extraction using TFCC in Section 3, training stage
in Section 4 and classification in Section 5. The experimentation results are
discussed in Section 6 and finally conclusion is given in Section 7.

2. Methodology
Proposed work introduces a novel algorithm to generate TFCC feature set that can
be extensively used in speech recognition. We have formulated tonal frequency
scale, which is derived from the spiral shaped human cochlea and Ohm’s second
acoustical law. Human ear comprises of outer ear, middle ear and inner ear. Outer
ear receives sound as pressure wave. Sound wave travels through the middle ear to
the base of the cochlea, which is a part of the inner ear. Cochlea is fluid filled tube
with basilar membrane running along through its length. Basilar membrane
separates the cochlea into two chambers and sound wave passes down the basilar
membrane. Changes in the displacement along the membrane are dependent upon
frequency of the input sound wave. This is due to hydrodynamics of the cochlear
fluid and stiffness of the basilar membrane [2]. Human cochlea is responsible for
decoding sound information from frequency domain to spatial domain in a spiral
manner. The vibrations in the fluid of cochlea are transformed into neural signals
by hair cells situated all along the length of cochlea. These neural signals are passed
to brain by auditory nerve. If a person has damaged inner ear hair cells, he needs to
undergo cochlear implant. Tonal frequency mathematical model proposed in the
next section will help to develop more accurate cochlear implant leading to high
level of speech recognition for hearing impaired persons.

Tonal cutoff frequencies
Ohm’s acoustical law states that musical sound is perceived by the ear as a set of
number of constituent pure harmonic tones. It is also interpreted as pitch
corresponding to a certain frequency can be heard only if the acoustic wave
contained power at that frequency [21]. Speech signal has frequency component in
audio frequency range 20 Hz to 20 kHz [22]. Humans can hear for eleven octaves
within this range. Frequency is doubled every octave. The angle of rotation for
cochlea associated with this range varies between 0˚ to 990˚ [23]. Cochlea is
responsible for hearing over dynamic range. It has 2 and 3 quarter turns
corresponding to 990˚. Figure 1 represents cross sectional view of inner ear. It
shows the spiral shape of the cochlea. Ohm’s law states that cochlea analyses sound
by decomposing it into different frequency components [24]. We know that filter
banks are used to extract frequency information contained in sound. Hence,
proposed TFCC algorithm derives a filter bank named as tonal frequency filter bank
that matches frequency map within the cochlea.

Fig. 1. Cross sectional view of left side human cochlea.
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Proposed mathematical model formulates an expression for generating tonal
sale cutoff frequencies ‘𝑓𝜃 ’. The model is constructed under consideration that
human hearing range is 20 Hz to 20 kHz. As the anatomy of cochlea resembles
logarithmic spiral, the model uses equation of logarithmic spiral [25]. Figure 2
represents human cochlea as logarithmic spiral in polar coordinate system. It shows
eleven octaves starting from I to XI within 20 Hz to 20 kHz [3]. 20 Hz frequency
is mapped to 0˚. 20 kHz frequency is mapped to 990˚. First octave corresponds to
the quadrant between 0˚ to 90˚ whereas eleventh octave corresponds to the
quadrant between 900˚ to 990˚. Length of the cochlear curve starting from 0˚ to
990˚ is approximately 32-42 mm [3]. The mathematical model proposed is based
on the assumption that change in radius of the cochlea is proportional to change in
frequency along the basilar membrane.

Fig. 2. Polar coordinate map of left side human cochlea.
The equation of logarithmic spiral in polar coordinates is represented by Eq.
(1). According to our assumption, we replace radius by frequency in Eq. (2).
𝑟 = 𝑎𝑒 𝑏𝜃 , 0° ≤ θ ≤ 990°

(1)

where a, b are constants, r represents radius of cochlea and 𝜃 is angle between
radius of the cochlea and any point along the cochlear spiral.
𝑓𝜃 = 𝑎𝑒 𝑏𝜃

(2)

For human hearing range, 20 Hz frequency corresponds to an angle of 0˚ or 0
𝜋
radians. 20 kHz frequency corresponds to 990˚ or 11
radians. We place these
2
frequencies in Eq. (2) to get Eq. (3) and Eq. (4).
20 = 𝑎𝑒 𝑏(0)
20000 = 𝑎𝑒 𝑏(

(3)
11𝜋
)
2

(4)

Solving Eq. (3),
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𝑎 = 20

(5)

We use the value of constant ‘a’ obtained in Eq. (5) to solve Eq. (4),
20000 = 20𝑒 𝑏(

11𝜋
)
2

(6)

1000 = 𝑒 𝑏(5.5𝜋)

(7)

2 ln(1000)
11𝜋

(8)

𝑏=

Final expression for tonal frequencies is obtained as shown in Eq. (9)
𝑓𝜃 = 20𝑒

(

2 ln(1000)
)𝜃
11𝜋

(9)

Tonal scale cut-off frequencies are generated using above expression for 𝑓𝜃 . In
musical scale, range of audible frequencies is divided into octaves. An octave is pitch
difference for two notes and frequency gets doubled after each octave. Each octave
for musical frequency is divided into 12 notes that are equally spaced on logarithmic
scale [26]. In case of cochlear spiral, one octave corresponds to 90˚. Therefore, 90˚
octave is divided into 12 equal angles of 7.5˚ each. To reduce the computational
complexity, we have doubled the angle to 15˚. The angle θ is incremented from 0˚ to
990˚ with a lap of 15˚. This generates corresponding cutoff frequencies. Further
processing is done using the cutoff frequencies below 8000 Hz, since the sampling
frequency is 16000 Hz. This leads to a set of 32 Tonal scale cutoff frequencies used
for our experimentation. Figure 3 shows the tonal scale curve with θ in degrees
horizontal axis and the cutoff frequency 𝑓𝜃 generated on vertical axis.

Fig. 3. Tonal scale frequency curve.

3. TFCC Feature Extraction
The performance of speech recognition system depends upon the quality of preprocessing done and the discriminating features extracted. Figure 4 represents the
detailed block diagram of feature extraction using TFCC. Spoken word uttered by
the speaker is recorded through a microphone. The microphone used for recording
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is SM 58 LC SHURE dynamic cardioid professional vocal microphone. The
recording is done at sampling frequency 16 kHz in mono mode. The speech signal
thus recorded has voiced part, unvoiced part and silence portion. Pre-processing
stage is a combination of voiced part detection and must be followed by
preemphasis to make the speech signal ready for further processing.

Fig .4. Block diagram of TFCC feature extraction.
Let 𝑥(𝑛) be the input speech signal with sampling frequency 𝑓𝑠 . Let L be the
length of the speech signal as in Eq. (10).
𝑥(𝑛) = {𝑥0, 𝑥1, 𝑥2, … . . 𝑥𝐿−1 }

(10)

For speech processing, speech segment should be stationary. This is achieved
normally by dividing it into frames of duration 20 ms to 40 ms [27]. Further
processing is done after dividing 𝑥(𝑛) into number of frames denoted as 𝐹𝑛 ass in
Eq. (11). 𝐹𝐿 represents frame length and represents the frame overlap. Here value
of 𝑙 is determined by considering frame size of 20 ms. Frame overlap is 50% as it
is the most commonly used value. Windowing of the speech signal is done using
Eq. (12). It represents Hanning window used to reduce the effect of distortions
created by edges during framing.
(𝐿 − 𝐹𝐿 )
𝐹𝑛 =
+ 1, 𝐹𝐿 = 0.02𝑓𝑠 , 𝐹𝑉 = 0.01𝑓𝑠
(11)
𝐹𝑉
𝑤(𝑖) = 0.5 (1 − cos (

2𝜋𝑖
)) , 1 ≤ 𝑖 ≤ 𝐹𝐿
𝐹𝐿 − 1

(12)

Short time energy (STE) per frame is calculated as 𝑆𝑇𝐸𝐹𝐿 of the voiced part of a
speech signal is high. The STE calculations per frame where 𝑥𝑖 is speech signal per
frame are shown in Eq. (13).
𝐹𝐿

𝑆𝑇𝐸𝐹𝐿 = ∑(𝑥𝑖 𝑤𝑖 )2

(13)

𝑖=1
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Voiced part of a speech sample can be separated for STE value greater than a
threshold value. We have formulated an empirical expression for deciding dynamic
threshold 𝜆 to separate out the voiced part from the signal. The expression can be
effectively used for voiced part separation of a speech signal belonging to any
isolated spoken word database. The amount of energy content in the speech signal
is taken into account in the formulation. The dynamic threshold calculation is
represented by Eq. (14). The calculation is based on the speech signal energy
normalized over frame length.
𝜆=

√∑𝐿𝑛=1(𝑥(𝑛) )2
𝐹𝐿

(14)

Speech signal with STE greater than threshold as in Eq. (15) is considered to be
voiced part of the signal, 𝑥1 (𝑛) used for further calculations.
𝑥1 (𝑛) = 𝑥(𝑛), 𝑆𝑇𝐸𝐹𝐿 ≥ 𝜆

(15)

Preemphasis is applied to boost the amplitude of high frequency component of
the speech signal. This helps to keep high frequency components between the
samples n and n-1. Equation (16) represents the preemphasis of speech signal x1(n).
The value of α is normally chosen as 0.97. 𝑥2 (𝑛) is preemphasized speech signal.
𝑥2 (𝑛) = 𝑥1 (𝑛) − 𝛼(𝑥1 (𝑛 − 1))

(16)

To generate tonal scale triangular filter bank, up-slope and down-slope
coefficients for the filter bank are calculated using Eqs. (17) and (18). This
generates tonal scale triangular filter bank, 𝐻(𝑀, 𝑘).
Up-slope coefficients
𝑡 = 𝑓 ≥ 𝑓𝑐 (𝑠) 𝐴𝑁𝐷 𝑓 ≤ 𝑓𝑐 (𝑠 + 1)
𝐻(𝑠, 𝑡) =

𝑓(𝑡) − 𝑓𝑐 (𝑠)
𝑓𝑐 (𝑠 + 1) − 𝑓𝑐 (𝑠)

(17)

Down-slope coefficients
𝑡 = 𝑓 ≥ 𝑓𝑐 (𝑠 + 1) 𝐴𝑁𝐷 𝑓 ≤ 𝑓𝑐 (𝑠 + 2)
𝐻(𝑠, 𝑡) =

𝑓(𝑠 + 2) − 𝑓𝑐 (𝑡)
𝑓𝑐 (𝑠 + 2) − 𝑓𝑐 (𝑠 + 1)

(18)

where 1 ≤ 𝑠 ≤ 𝑀, 1 ≤ 𝑡 ≤ 𝐾 , M is the number of triangular filter banks. 𝑓𝑐 is
the set of 30 cutoff frequencies generated through TFCC using Eq. (9). Since the
cutoff frequencies are 32, they contribute to generation of 30 triangular filter banks.
Hence, value of M used in the algorithm is 30. K is half the length of Fourier
transform.
Figure 5(a) represents the MFCC triangular filter bank generated. Figure 5(b)
represents GFCC filter bank and Fig. 5(c) shows the TFCC filter bank. MFCC filter
bank has 8 triangular filters whereas the value is 16 for GFCC. MFCC uses mel
scale and GFCC uses equivalent rectangular bandwidth (ERB) scale for filter bank
generation.
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Fig. 5. (a) MFCC filter bank, (b) GFCC filter bank, (c) TFCC filter bank.
Discrete Fourier Transform 𝐹(𝑢) with length N is calculated for each frame.
Here 𝑥2𝑓𝑟𝑎𝑚𝑒 is the preemphasized speech signal per frame. Equations (20) and
(21) represent magnitude spectrum and power spectrum respectively.
𝑁

𝐹(𝑢) = ∑ 𝑥2𝑓𝑟𝑎𝑚𝑒 (𝑧) 𝑒

−𝑗2𝜋𝑧𝑢
𝑁

(19)

𝑧=0

|𝐹(𝑢)| = √ 𝑟𝑒𝑎𝑙 (𝐹(𝑢))2 + 𝑖𝑚𝑎𝑔 (𝐹(𝑢))2
𝑃(𝑢) =

|𝐹(𝑢)|2

(20)
(21)

Triangular filter bank 𝐻(𝑀, 𝑘) is multiplied to power spectrum to generate filter
bank power vector 𝑓𝑏𝑝 as shown in Eq. (22).
𝐾

𝑓𝑏𝑝(𝑀) = ∑ 𝐻(𝑀, 𝑘)𝑃(𝑘, 1)

(22)

𝑘=1

A discrete cosine transform matrix (𝑑𝑐𝑡𝑚) is created using Eq. (23) for each
filter bank with number of cepstral coefficients as one of the dimensions. Number
of cepstral coefficients per frame considered is 10 in order to reduce computational
complexity. The number is decided with experimentation.
𝑀

𝜋
𝑑𝑐𝑡𝑚(𝑝, 𝑚) = 𝑤(𝑝) ∑ cos(
(2𝑚 − 1)( 𝑝 − 1))
2𝑀
𝑚=1

1

𝑝=1

√𝑁,

𝑤ℎ𝑒𝑟𝑒 𝑤(𝑝) =
{

(23)

2
√
2 ≤ 𝑝 ≤ 𝑛𝑐𝑒𝑝
𝑁
,

𝑛𝑐𝑒𝑝 = 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑒𝑝𝑠𝑡𝑟𝑎𝑙 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡𝑠
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Filter bank power matrix is applied to discrete cosine transform matrix to get
Tonal frequency cepstral coefficients vector, 𝐶𝐶 as in Eq. (25). This vector is stored
in patterns database and it is used for training the neural network in the next speech
recognition stage.
𝑙𝑓𝑏𝑝 = 𝑙𝑛(𝑓𝑏𝑝)

(24)

𝐶𝐶(𝑝, 𝑗) = ∑ 𝑑𝑐𝑡𝑚(𝑝, 𝑚) 𝑙𝑓𝑏𝑝(𝑚, 𝑗 )

(25)

𝑀

𝑚=1

where 1 ≤ 𝑗 ≤ 𝑀
As mentioned above, the number of cepstral coefficients used for TFCC are 10
and the number of cutoff frequencies are 32. MFCC has 10 cepstral coefficients
with 10 cutoff frequencies while GFCC has 10 number of cepstral coefficients and
cutoff frequencies used is 18. Thus, the number of cepstral coefficients used for all
the three feature extraction methods is same.

4. Training
Figure 6 represents the block diagram of training phase of the proposed speech
recognition. Tonal frequency cepstral coefficients generated in feature extraction
stage are stored in the patterns database. They are used for training artificial neural
network (ANN) in the training phase. ANN used in this stage is back propagation
neural network. At the output of the training process, we get trained network
details, which are further used, for classification in the next section.

Fig. 6. Block diagram of training phase of speech recognition.
Middle block of the figure represents the architecture of back propagation
neural network used for training. Network has inputs, I1 to Im where ‘m’ represents
the number of cepstral coefficients generated in the previous section. It has outputs,
O1 to Ok where ‘k’ represents the number of output classes. The network has input
layer with ‘m’ neurons, hidden layer with ‘n’ neurons and output layer with ‘k’
neurons. The values of ‘m’, ‘n’ and ‘k’ depend upon the speech dataset used for
training. Mean square error (MSE) obtained after training with TFCC patterns are
compared with MSE for existing techniques like MFCC and GFCC patterns. Figure
7 displays the MSE curves resulted after training spoken Marathi numerals dataset.
It can be clearly seen that MSE for the proposed TFCC algorithm is minimum as
compared with MFCC and GFCC algorithms.
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Fig. 7. Plot of MSE achieved after ANN training.

5. Speech recognition using NF classifier
Once the patterns are generated for the desired dataset, classification of the
speech sample into correct class is the final stage of the proposed algorithm.
Figure 8 displays a unique implementation of NF classifier proposed at this stage.
Recognition rate is affected by variability in geometry of vocal organs, pitch,
speaking rate among the speakers [28]. A mismatch between any of these factors
in training and testing data leads to reduced recognition rate. Proposed work
concentrates on speaking rate variation. To overcome the variation effects, we
have varied frame length and frame overlap at the feature extraction stage. Newly
generated features are used for classification at the output stage implementing NF
classifier. This step is practiced only for incorrectly classified samples. This
reduces computational overheads and improves the recognition accuracy
considerably.

Fig. 8. Block diagram of classification stage of speech recognition process.
NF classifier is a combination of ANN and fuzzy logic. It selects the class with
best matching score and generates output, which is closest to the input pattern.
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TFCC features are generated for the input speech sample and these features are
passed to the back propagation neural network. At the output of the neural network,
prediction accuracy for different classes is obtained. As an example, for Spoken
Marathi Numerals Dataset, we have ten classes at the output depending on ten digits
recorded. The number of output classes will differ for each database described in
the previous section. The prediction accuracy values obtained are further passed as
input to next block, which is fuzzy inference system. If prediction accuracies
produced by the neural network have nearly similar values, correct classification
cannot be done. In such case, we need to reclassify the input pattern. Fuzzification
is responsible for deciding whether we need to classify the input pattern again to
improve recognition accuracy. Fuzzification defines the fuzzy membership
function. Figure 9 represents the triangular membership function used in the
algorithm. It has degree of membership plotted on vertical scale and prediction
accuracy on horizontal scale. Fuzzy membership function maps the degree of
membership value of corresponding prediction accuracy to one of the linguistic
labels defined. This triangular membership function uses 5 linguistic labels. The
linguistic labels are “very poor”, “poor”, “good”, “very good” and “excellent”.
Linguistic labels are names used to identify membership functions. After designing
membership function, fuzzy rules are defined. Following fuzzy rules are defined
in the algorithm, considering Pa as prediction accuracy of each output class.
1. If Pa is very poor for all classes, Then reclassification is necessary.
2. If Pa is poor for two or more classes, Then reclassification is necessary.
3. If Pa is good for two or more classes, Then reclassification is necessary.
4. If Pa is very good for two or more classes, Then reclassification is necessary.
5. If Pa is excellent for two or more classes, Then reclassification is necessary.

Fig. 9. Membership function.
The fuzzy inference system is limited until fuzzification and defuzzification is
not used in proposed system. The reason behind this logic is fuzzification is applied
only for deciding whether the neural network output has almost similar prediction
accuracies that contribute to recognition error. It also decides whether the input
patterns need to be reclassified. This decision is called as fuzzy output.
Defuzzification converts fuzzy output to real world quantities, which is not a need
of the proposed work. Once reclassification is confirmed, next step is to adjust
frame length and overlap.
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Speaking rate changes continuously as the speed of speaking is variable
depending upon the speaker. Most speech recognition systems use fixed frame size
and fixed overlap at the front end processing [29]. In order to overcome the speaking
rate variability, frame length and frame overlap have been changed during the feature
extraction process. Frame duration is varied between 10ms to 40ms. For 16 kHz
sampling frequency, this corresponds to a frame length of 160 to 640 samples. Hence,
initial frame length used is 160. Figure 10 represents the pseudocode for the process
of varying frame length and frame overlap used in the NF classifier. It also explains
how the algorithm produces accurately recognized word at the output. The proposed
NF classifier improves the recognition accuracy as well as precision significantly
over other existing classifiers as explained in next section.

Fig. 10. Algorithm for adjusting frame
length and frame overlap for the NF classifier.

6. Results and Discussion
Proposed work uses three different datasets for experimentation. The first dataset
is Spoken Marathi Numerals Dataset recorded by the authors [30]. Authors also
hold a copyright for the same with registration number SR - 13543/2018. It consists
of Marathi numerals where Marathi is the native language of Maharashtra, a state
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of India. Closed room with provisions to minimize reverberation of sound was used
for recording. The other datasets are vowels dataset and free spoken digits dataset.
These datasets are available online for downloading. Hillenbrand et al. [31]
proposed the vowels dataset, in which, is available on the website of Western
Michigan University. Free spoken digits data set (DOI: 10.5281/zenodo.1136198)
is an audio dataset of spoken English digits [32]. Details of the three datasets are
given in Table 1. The performance of proposed TFCC feature set is evaluated for
these three datasets. NF classifier is used for classification. For comparative
analysis, the performance is evaluated based on accuracy, precision, sensitivity,
specificity and false positive rate (FPR). FPR is the probability of a spoken word
being misclassified.
Table 1. Details of the datasets used in training and recognition stages.
Parameter
Author
Number of samples
Number of speakers

File format
Sampling frequency
Vocabulary size

Utterances per class
Output classes
Training samples
Testing samples

Spoken Marathi
numerals dataset
Kondhalkar [30]
7500
Male: 61
Female: 39
Total : 75
.wav file
16 kHz
Marathi language
numerals
“Shunya” to “Nau”
(0 to 9)
10
10
50%
50%

Vowels dataset
Hillenbrand et al. [31]
1668
Male : 45
Female : 48
Kids : 46
Total: 139
.wav file
16 kHz
English language
vowels
ae, ah, aw, eh, ei, er,
ih, iy, oa, oo, uh, uw
1
12
55%
45%

Free spoken digits
dataset
Jakobovski [32]
2000
Male : 3
Female: 1
Total : 4
.wav file
8 kHz
English language
digits
0 to 9
50
10
80%
20%

Table 2 shows the results of proposed TFCC feature extraction and NF classifier
algorithm for Spoken Marathi Numerals Dataset. ANN is trained for this feature
set with number of hidden layer neurons as 27 and output layer neurons as 10 based
on 10 classes to be produced at the output of classifier.
Number of neurons for these two layers would change as per the dataset used
for training. Results obtained are compared with existing feature extraction
techniques like MFCC and GFCC. Figure 11(a) displays the plot for the same
results and Fig. 11(b) represents the FPR value for the three techniques. It is
confirmed from the results that TFCC gives highest accuracy value 99.30%.
Table 3 represents the results for Vowels dataset. Vowels dataset is a unique
dataset. 139 speakers have recorded vowels where each speaker has uttered the
twelve vowels only once. Thus, the training and testing datasets have completely
different sets of utterances. There is no overlap between the two. As shown in Fig.
12, TFCC feature extraction generates higher accuracy than most frequently used
MFCC technique for vowels dataset whereas FPR is lowest for TFCC.
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Table 2. Spoken Marathi Numerals Dataset results.
Accuracy (%)
Precision (%)
Sensitivity (%)
Specificity (%)

MFCC

GFCC

Proposed TFCC

96.79
89.60
88.98
98.77

96.75
87.84
83.75
98.19

99.30
96.54
96.53
99.61

(a)

(b)

Fig. 11. (a) Plot for the performance metrics
(Spoken Marathi Numerals Dataset), (b) FPR plot.
Table 3. Vowels Dataset results
Accuracy (%)
Precision (%)
Sensitivity (%)
Specificity (%)

MFCC

GFCC

Proposed TFCC

95.94
82.04
81.66
98.33

98.68
92.31
92.08
99.28

99.09
94.66
94.58
99.50

(a)

(b)

Fig. 12. (a) Plot for the performance metrics (Vowels Dataset), (b) FPR plot.
Table 4 represents the results for Free Spoken Digits Dataset. Figure 13(a)
shows graphical representation for the same results and Fig. 13(b) represents the
FPR plot. It can be clearly observed that TFCC performs better for all the four
parameters compared to the remaining two techniques.
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Table 4. Free Spoken Digits Dataset results
MFCC
GFCC
Proposed TFCC
Accuracy (%)
Precision (%)
Sensitivity (%)
Specificity (%)

96.70
89.36
88.50
98.72

98.50
92.65
92.50
99.16

(a)

98.80
94.84
94.00
99.33

(b)

Fig. 13. (a) Plot for the performance metrics
(Free Spoken Digits Dataset), (b) FPR plot.
These results prove that proposed TFCC feature set gives improved accuracy
results for any isolated word database. Precision of TFCC feature set for all the
different datasets shows a major increase over other techniques. This indicates that
even for repeated testing, TFCC has stable classification results. Higher sensitivity
is an indication that TFCC can correctly classify maximum speech samples into
their desired class. Specificity gives us an idea that TFCC can correctly reject
misclassified spoken words at the classifier. TFCC has lowest value of FPR for all
the datasets. This confirms that it has lowest probability of misclassifying the
spoken word.
To confirm classification consistency of the proposed NF classifier, we have
classified the TFCC feature set with classifiers other than NF classifier. Table 5 shows
the accuracy of different classifiers for TFCC feature set. Beside NF, we have used
K-nearest neighborhood (KNN) and Support Vector Machine (SVM) classifier. It can
be concluded that NF classifier performs better than existing classifiers.
Table 5. Accuracy for different classifiers.
Spoken Marathi Numerals Dataset
Free Spoken Digits Dataset
Vowels Dataset

KNN
96.95%
97.80%
96.32%

SVM
98.32%
98.00%
98.16%

NF
99.30%
98.80%
99.09%

Table 6 shows comparative accuracy results for the different datasets used. Each
row in the table represents accuracy percentage for the algorithm experimented by
the corresponding author and accuracy for proposed TFCC algorithm. For all the
datasets, TFCC shows considerable rise in the accuracy value. Vowels dataset [31]
is generated by Hillenbrand and he has used LPC technique for speech recognition.
Hence, for vowels dataset, proposed TFCC algorithm accuracy is compared with
LPC technique. A number of isolated word recognition algorithms for different
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languages are experimented by different authors. Table 7 discusses such algorithms
and corresponding accuracies achieved. Proposed TFCC and NF classifier
algorithm has achieved an average accuracy of 99.06%, which is highest compared
with these algorithms.
Table 6. Comparative accuracy.
Dataset
Spoken Marathi
Numerals Dataset [30]
Hillenbrand et al. [31]
vowels dataset
Jakobovski [32] free
spoken digits dataset

Algorithm

Recognition
accuracy

MFCC
Proposed TFCC
LPC
Proposed TFCC
Clustering
Proposed TFCC

96.79%
99.30%
95.40%
99.09%
97.80%
98.80%

Table 7. Recognition accuracy using existing feature
extraction algorithms experimented by respective authors.
Reference Number

Methodology used

Description of
database

Recognition
Accuracy

Shrishrimal et al. [33]

Marathi numeral
recognition using MFCC
and LPC

100 speakers.
5000 utterances. 10
Marathi digits.

Sneha et al. [34]

14 speakers
4480 utterances.
10 Kannada digits.

Ganoun et al. [35]

Kannada isolated word
recognition using MFCC,
LPCC feature extraction,
Recognition using HTK
MFCC and DTW

MFCC
Highest- 78.9%
Lowest- 13.25%
LPC
Highest- 66.17%
Lowest- 12.32%
MFCC=90%
LPCC=70%

Subham et al. [36]

Sphinx 4 Tool

Spoken Arabic digits
dataset.
13 utterances of each
digit.
10 Arabic digits
Isolated Marathi words
database , 50 speakers,
2500 utterances for
10 Marathi words

Maximum accuracy
observed was 83%

60%

7. Conclusions
Proposed work provides an effective implementation of a novel speech recognition
system. A unique TFCC feature extraction algorithm based on spiral shape of
human cochlea and equation of logarithmic spiral has been proposed. Some
concluding observations from the investigation are given below.
 TFCC algorithm has produced highest accuracy and precision for different
datasets as compared to MFCC and GFCC feature extraction techniques with
comparable computational complexity.
 The algorithm showed consistent performance for overlapping as well as nonoverlapping databases.
 FPR for the proposed feature extraction algorithm is lowest as compared to the
other techniques.
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 A novel NF classifier is implemented to address the problem of speaking rate
variation by varying frame length and frame overlap. This leads to a
recognition rate better than KNN and SVM classifiers.
 Proposed speech recognition system with TFCC feature extraction algorithm
and NF classifier produces an average accuracy 99.06% and average precision
95.34% for different datasets. Both the values are highest compared to other
speech recognition systems practiced by different authors.
 Proposed TFCC model can be used for designing cochlear implants for hearing
impaired patients to achieve better speech recognition. The system can also be
used for applications like hands free dialling, speech activated mobile
applications, automated teller machines and search engines.
 As a part of future studies, performance of the proposed TFCC algorithm can
be evaluated using ‘Deep learning’ techniques.

Nomenclatures
𝐶𝐶
𝑑𝑐𝑡𝑚
𝐹𝐿
𝐹𝑛
𝐹𝑉
𝑓𝑏𝑝
𝑓𝑠
M
𝑛𝑐𝑒𝑝
𝑟
STEFL

Tonal frequency cepstral coefficients feature vector
Discrete cosine transform matrix
Frame length
Number of frames
Frame overlap
Filter bank power
Sampling frequency, Hz
Number of triangular filter banks
Number of cepstral coefficients
Radius of Human Cochlea, mm.
Short time energy per frame

Greek Symbols
Angle between radius of the cochlea and any point along the cochlear
𝜃
spiral, deg.
Tonal scale cutoff frequency, Hz
𝑓𝜃
Dynamic threshold to separate voiced part of speech signal
𝜆
Abbreviations
ANN
DNN
DTW
FPR
GFCC
HMM
KNN
MFCC
MSE
NF
PLP
SVM
TFCC

Artificial neural network
Deep neural network
Dynamic time warping
False positive rate
Gammachirp frequency cepstral coefficients
Hidden Markov model
k- nearest neighbour classifier
Mel frequency cepstral coefficients
Mean square error
Neuro fuzzy classifier
Perceptual linear predictive technique
Support vector machine
Tonal frequency cepstral coefficients
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