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Abstract
A better understanding of students' English pronunciation features would be a useful guide for teaching spoken English.

This paper first analyzed the English pronunciation features and extracted Mel-frequency cepstral coefficients (MFCC)

features from the pronunciation signal. Then, the support vector machine (SVM) method was used to identify the cases

of incorrect and correct pronunciation. To further improve the recognition effect, deep features were extracted using deep

brief network (DBN) as the input of the SVM, and the parameters of both DBN and SVM were optimized by the sparrow

search algorithm (SSA). Experiments were conducted on the dataset. The results showed that the MFCC-SSA-SVM

algorithm had better recognition performance than the MFCC-SVM algorithm. The DBN-SVM algorithm had higher

recognition correctness and accuracy than the MFCC-SSA-SVM algorithm, while the SSA-DBN-SVM method had

88.07% correctness and 85.49% accuracy, indicating the best performance. The results demonstrated the reliability of the

proposed method for English pronunciation feature recognition; therefore, it can be applied in practical spoken language

teaching.

Category: Natural Language Processing
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I. INTRODUCTION

Under the influence of globalization, English, as a

widely used language, is increasingly becoming a second

language learning option for many people [1]. English

learning has also always been a very important element in

university teaching [2]. However, due to the limitations

of the learning environment and teaching conditions, many

English as a second language learners have significant

deficiencies in English speaking [3]. In oral English

learning, correct pronunciation is very important, but in

the current learning environment, it is difficult for teachers

to teach students individually; consequently, many students

do not have sufficient knowledge of their pronunciation

characteristics, whether correct or incorrect. With the

application of computers and other technologies in language

teaching [4], students can learn the differences between

their English pronunciation and the standard pronunciation

by repeatedly listening and comparing; consequently, they

can correct and improve. Speech recognition is one of the

key technologies in computer-assisted spoken language

teaching [5]. With the advancement of algorithms such as

machine learning, more methods have been applied in

speech recognition [6]. To study mild cognitive impairment
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recognition, Toth et al. [7] extracted parameters such as

pauses, rhythm, and utterance length from speech signals

and used machine learning algorithms to identify healthy

controls and mild cognitive impairment patients, achieving

an F1-score of 78.85%. Based on Mel-frequency cepstral

coefficients (MFCC) features of the speech signal, Yousaf

et al. [8] used a hidden Markov Model to identify 15 deaf

children aged 7–13 years and achieved an accuracy of

97.9%. Ravanelli et al. [9] designed a recurrent neural

network (RNN)-based method for speech recognition.

Through experiments on a modified RNN model, it was

found that the model improved the recognition accuracy.

Pakoci et al. [10] studied the speech recognition of Serbian

language and adjusted the parameters of a neural network

using an n-gram language model. They carried out an

experiment and found that an eight-layer deep neural

network with 625 neurons had the best performance. This

paper focuses on the identification of English pronunciation

features through machine learning algorithms, to understand

students’ pronunciation errors and thus achieve better

results in teaching spoken English.

II. ENGLISH PRONUNCIATION FEATURE
EXTRACTION

Before English pronunciation features are extracted,

pre-processing is required.

A. Pre-emphasis

Pre-emphasis is used to balance the high- and low-

frequency components of the signal, which is achieved

by a digital filter:

, (1)

where a is the pre-emphasis factor, 0.9 < a < 1.0.

For voice signal x(n), the pre-emphasis process is:

. (2)

B. Framing and Windowing

Before extracting features, the signal needs to be divided

into frames, and then features are extracted from the short

speech frames. Meanwhile, to maintain the continuity of

adjacent signals, there is an overlap between frames,

which becomes frame shifts. The number of frames of a

signal can be expressed as:

, (3)

where n is the number of signal points and l and s refer to

the frame length and frame shift, respectively.

After framing, windows need to be added to the signal.

Commonly used window functions include:

1) Rectangular window: ;

2) Hamming window: 

;

3) Hanning window: 

.

Among the above window functions, the rectangular

window is easy to lead to the loss of signal details and the

Hanning window is the most suitable for random signals.

The smoothing ability of the Hanning window is good [11];

therefore, the Hanning window is chosen for windowing.

C. Endpoint Detection

Double threshold endpoint detection method is a commo-

nly used and effective method [12], which determines the

signal endpoints by the following two features:

1) Short-time energy: ,

where w(n) is the window function. Let ,

then .

2) Short-time average zero-crossing ratio: 

, where sgn is

the sign function:

. (4)

After pre-processing, features are extracted for subsequent

English pronunciation recognition. In speech recognition,

linear predictive cepstral coefficients (LPCC) [13] and

MFCC [14] are commonly used. MFCC fully simulates

the auditory characteristics of the human ear [15] and has

low computational complexity; therefore, MFCC is chosen

as the English pronunciation feature in this paper.

For speech signal x(n), a fast Fourier transform (FFT)

is needed [16]:

, (5)

where N is the frame length. 

The MFCC feature uses Mel frequencies. The conversion

from linear to Mel frequencies can be written as:

. (6)

Modulo operation is performed on x(k) to obtain signal
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amplitude spectrum |x(k)|. Then, it is filtered by a triangular

filter bank:

, (7)

, (8)

, (9)

, (10)

, (11)

where L stands for the number of filters, wl(k) stands for

the filter coefficient of the filter, o(l), c(l), and h(l) are

lower, center, and upper limit frequencies of the filter,

respectively, and fs is the sampling rate.

The final MFCC obtained is:

,

(12)

where Q is the MFCC order.

III. SUPPORT VECTOR MACHINE-BASED
RECOGNITION ALGORITHM

A. Support Vector Machine Algorithm

Support vector machine (SVM) is a kind of binary

classification model [17], which has the advantages of

simple structure and easy implementation, and a wide range

of applications in data classification [18] and prediction

[19]. The correctness or incorrectness of English pronun-

ciation is also a kind of binary classification problem, so

this paper implements the recognition of English

pronunciation features by an SVM.

For data set (xi, yi), i = 1, 2, ..., N, , its

classification decision function can be written as:

, where w is the weight value and b is the

bias. To make the classification interval  maximum,

the classification problem is transformed into:

(13)

(14)

Then, the classification decision function is written as:

(15)

When linearly inseparable, relaxation variable , and

penalty function C are introduced. Then, 

is obtained. The nonlinear problem is converted to a

linear problem using the Lagrangian transformation. It is

solved:

(16)

(17)

where  is the Lagrangian multiplier and  is the

kernel function, the radial basis function (RBF) here:

(18)

The SVM is applied to the recognition of English

pronunciation features to obtain the MFCC-SVM algorithm,

i.e., the MFCC features extracted from the signal are used

as the input to the SVM, and the recognition of incorrect

and correct English pronunciation can be achieved by

training the algorithm.

B. Deep Belief Network

To further improve the effectiveness of SVM in recog-

nizing English pronunciation features, a method combining

a deep belief network (DBN), i.e., the DBN-SVM method,

is designed to further extract the hidden information in

English pronunciation features as the input of SVM.

DBN has good performance in deep feature extraction

[20] and has good applications in image recognition [21],

and text classification [22], among others. DBN is obtained

by stacking several restricted Boltzmann machines (RBM)

[23]. It is assumed that there is a visible layer v and

hidden layer h, then the energy function of the RBM can

be written as:

(19)

where  = {ai, bj, wij} refers to the parameter of RBM, ai

is the bias of the i-th neuron, bj is the bias of the j-th

neuron, and wij is the link weight of the i-th and j-th

neurons.

DBN can obtain more abstract and deeper features

through learning of features, and its training consists of

two main steps:

1) Positive pre-training: The input data is used as the

visible layer to generate the hidden layer, and the

contrast scatter (CD) algorithm is used to update the

parameters of the RBM. The cycle is repeated to

yi 1– , 1 

w x  b+ 0=
w

2

2
------

k xi xj 
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obtain the parameter set of the forward DBN.

2) Reverse tuning: The optimal model is obtained by

top-down tuning of the RBM using a reverse back-

propagation network and fine-tuning the parameters

obtained in the first step using the errors.

C. Parameter Optimization Method

Both DBN and SVM have some parameters that need

to be determined. To improve the effectiveness of English

pronunciation feature recognition, this paper uses the

sparrow search algorithm (SSA) to find the optimal

parameters of DBN and SVM.

SSA is an optimization algorithm based on the foraging

behavior of sparrows [24]. In the d-dimensional space,

suppose there is a sparrow population: 

, 

and its fitness value is: 

.

In the population, the discoverer is responsible for

finding the direction of food, the joiner is responsible for

finding more food in the location found by the discoverer,

and the watcher monitors the behavior of other

individuals and makes contention. The equation for the

discoverer's location update can be written as:

(20)

A < ST indicates that the surroundings of the finder are

safe, while  indicates that the surrounding area is

not safe and the location needs to be changed. The

meanings of the other parameters are as follows: t stands

for the number of iterations,  is a random number in

(0,1], Tmax represents the maximum number of iterations,

A is an alarm threshold value in [0,1], ST represents the

safety threshold value in [0.5,1], Q represents a random

number with a normal distribution, and L represents a

horizontal matrix with element 1.

The formula for updating the position of the joiner can

be written as:

(21)

where  stands for the worst position globally,  is

the optimal location of the discoverer, and .

The monitor's position update formula is:

(22)

where  indicates the globally optimal position, 

indicates the step control parameter, fi indicates the

fitness value of sparrow i,  fg indicates the fitness value of

the optimal individual, C is the direction of movement of

the sparrow, whose value range is [-1,1],  fw is the fitness

value of the worst individual, and  is the smallest

constant that avoids the denominator being zero.

SSA finds the optimal parameters by continuously

updating the sparrow positions and outputs the global

optimum when the maximum number of iterations is

reached.

IV. RESULTS AND ANALYSIS

A. Experimental Setup

The dataset used for the experiment was L2-ARCTIC

[25], which included English speaking audio of 24

people. The speaking content came from the CMU-

ARCTIC dataset and was processed by phoneme balance.

Every audio was approximately one hour long. Three

doctors of philosophy in linguistics performed phoneme

pronunciation annotation and mispronunciation annotation

on the audios. The pronunciation errors include the

following three types.

1) Replacement: The standard phoneme pronunciation

is replaced by the wrong phoneme pronunciation.

2) Deletion: The pronunciation of a standard phoneme

is missing.

3) Insertion: An extra standard phoneme is pronounced.

To further expand the training set, the TIMIT dataset

[26] was used, which included English speaking audios

of 630 people. There was a total of 6,300 sentences. The

experimental dataset is shown in Table 1.

The evaluation indicators included:

(23)

A ST

Sworst
t

Sp
t 1+

B
+

B
T

BB
T

 
1–

=

Sbest
t

Table 1. Experimental dataset

Number of 

speakers

Number of 

sentences

  Training set

     TIMIT 630 6,300

     L2-ARCTIC 18 2,699

  Test set

     L2-ARCTIC 6 900
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(24)

where N is the total number of phonemes, and A, B, and C

are the pronunciation errors of replacement, deletion, and

insertion, respectively.

B. Analysis of Results

First, the number of hidden layers of DBN and the

number of nodes in each layer were determined. The

accuracy of recognition in different cases was calculated

by layer-by-layer experiments, and the results are presented

in Table 2.

As shown in Table 2, it was found that when the number

of hidden layers was 3, the recognition accuracy was the

highest, reaching 83.69%, while the accuracy decreased

by 0.48% when the number of hidden layers was increased

to 4. Therefore, in the following experiments, the number

of hidden layers of DBN was set to 3, and the number of

nodes in each layer was 10-10-10.

Then, the SVM-based recognition methods using

MFCC as the feature were compared. The performance

of the MFCC-SVM and MFCC-SSA-SVM methods in

recognizing English pronunciation features is shown in

Fig. 1.

As shown in Fig. 1, first, in terms of the correct rate of

English pronunciation feature recognition, the correct

rate of the MFCC-SVM method was 77.49%, and after

optimization by SSA, the correct rate of the MFCC-SSA-

SVM method reached 84.58%, which was an improvement

of 7.09% compared with the MFCC-SVM method. Then,

in terms of the accuracy of English pronunciation feature

recognition, the accuracy of the MFCC-SVM method

was 75.68%, and after optimization by SSA, the accuracy

of MFCC-SSA-SVM reached 80.12%, which was an

improvement of 4.44% compared with MFCC-SVM.

These findings indicated that the optimization of the

parameters of SVM using SSA could improve the correct

rate and accuracy of English pronunciation feature

recognition.

Then, the recognition effect of the SVM was compared

when using DBN to extract features, and the results are

shown in Fig. 2.

As shown in Fig. 2, first, when the parameters of DBN

and SVM were optimized without using SSA, the correct

rate of the DBN-SVM method was 84.55% and the

accuracy was 81.27%, both of which were higher than

80%. As shown in Figs. 1 and 2, the correct rate and

accuracy of the DBN-SVM method were improved by

0.58% and 1.15%, respectively, compared with the

MFCC-SSA-SVM method, which indicated that the

DBN feature extraction had a good effect on improving

the recognition of English pronunciation features. Then,

after parameter optimization by SSA, the correct rate of

the SSA-DBN-SVM method reached 88.07%, which was

2.91% higher than that of the DBN-SVM method, and the

accuracy reached 85.49%, which was 4.22% higher than

that of the DBN-SVM method. The results showed that

using SSA for parameter optimization and extracting deep

features by DBN before using SVM for identification

was the most effective.

Table 2. Recognition accuracy under different numbers of hidden layers

Hidden layer

1 2 3 4 5

  Number of nodes in each layer 10 10-10 10-10-10 10-10-10-10 10-10-10-10-10

  Recognition accuracy (%) 80.12 82.77 83.69 83.21 82.07

Fig. 1. Comparison of the SVM-based recognition methods with
MFCC as a feature.

Fig. 2. Comparison of the recognition effect between the SVM
methods when using DBN to extract features.
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V. CONCLUSION

This paper mainly explored the recognition methods of

English pronunciation features in teaching and designed

several SVM-based recognition methods. The experimental

analysis results showed that the SSA-DBN-SVM method

had the highest correct rate and accuracy, 88.07% and

85.49%, respectively, which proved the role of parameter

optimization with SSA and DBN feature extraction. The

proposed method is expected to significantly improve the

recognition effect of English pronunciation features, thus

helping teachers to better understand students' pronunciation

and provide targeted instructions in teaching.
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