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ABSTRACT 

As the material foundation of  language, speech is the basis for mastering language skills and capturing 

language information, and English learning must begin with the correct mastery of  spoken language. 

Therefore, spoken language teaching occupies a rather important position in English teaching. In this study, 

we extract various features such as time-domain features and frequency-domain features from English 

spoken audio signals, use fuzzy logic inference model to represent each audio feature mapping as an 

affiliation function, and then optimize the parameters of  the affiliation function by using adaptive neuro-

fuzzy inference system, and solve the affiliation function to get the result of  speech matching by the center 

of  gravity method. Subsequently, a speech evaluation system is designed based on the speech matching 

model to assist intelligent spoken language teaching. The results of  teaching practice show that students 

in the experimental class using the voice assessment system as a learning aid are significantly better than 

the control class in terms of  speaking skills and learning attitudes (P<0.05). Through real-time feedback 

and personalized practice, the voice assessment system enables students to correct pronunciation errors 

immediately and gradually improve their speaking fluency and accuracy. It can also improve students' self-

efficacy and learning motivation. This study confirms the effectiveness of  the fuzzy logic-based audio 

classification and speech matching model in improving students' spoken English proficiency and reveals its 

potential for wide application in future spoken English education. 

Keywords: audio features; fuzzy logic; center of  gravity method; adaptive neuro-fuzzy inference; spoken 

English 

 

1. Introduction 

Audio recognition and classification is an important branch in the field of artificial intelligence, which 

involves converting audio signals into information with chapter meanings and classifying and recognizing 

them according to this information.With the development of artificial intelligence technology, the 
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application scope of audio recognition and classification is also expanding, including speech recognition, 

music recommendation, voice assistant, language translation and so on [1-4]. Speech is the foundation of 

language, the material shell of language, and the basic unit of spoken language. Speech matching teaching 

is one of the important contents of language teaching, natural standardized speech, intonation will lay a 

good foundation for effective oral communication. Therefore, in the teaching of spoken English in 

secondary schools, teachers should pay special attention to audio classification and phonological matching 

teaching [5-8]. 

Oral English teaching is a crucial part of English teaching, which is the core and goal of English learning. 

The purpose of oral English teaching is to cultivate students' fluent, accurate and natural English speaking 

ability. In oral English teaching, besides focusing on the cultivation of language skills, we should also pay 

attention to the cultivation of students' linguistic thinking, communicative ability and cultural literacy [9-

12]. Therefore, in oral English teaching, teachers need to adopt a variety of teaching methods and teaching 

tools to meet students' individual learning needs. Of course, oral English teaching is not a one-day task, in 

order to improve each student's oral English ability, teachers should also pay attention to their own English 

proficiency, especially the improvement of oral proficiency [13-16]. At the same time, it is not enough to 

rely only on classroom teaching to cultivate students' speaking ability, but also requires teachers to 

seriously guide students' learning outside the classroom, which are issues that should be emphasized [17-

18]. 

In this paper, we extract the short-time over-zero rate in English spoken speech as the time-domain 

features of the audio signal, and convert the time-domain features into frequency-domain features through 

Fourier transform processing. Spectral center of mass, spectral flux, spectral roll-off coefficient and spectral 

entropy are collected as the frequency domain features of the audio signal, and then pre-emphasis and 

frame-windowing are performed on the audio signal to obtain the Mel's inverted spectral feature 

coefficients of the audio. Subsequently, the features with higher screening degree are selected and input 

into the fuzzy inference model, and the audio features are mapped into the affiliation function. The center 

of gravity method is used to solve the fuzzy affiliation function to get the output value, and the adaptive 

neuro-fuzzy inference system is used to optimize the parameters of the affiliation function to get the 

recognition results of speech matching. Finally, the multi-feature audio classification and speech matching 

model is used to design a spoken speech evaluation system, which assists the intelligent teaching of spoken 

English, and realizes the independent practice and correction of students in their spoken English learning. 

After verifying the effectiveness of the speech matching model, this study compares the teaching practice 

of the teaching mode assisted by the speech assessment system with the traditional teaching mode. It 

analyzes the changes in students' speaking skill levels and attitudes towards speaking learning under the 

two modes, and explores the application effect of the speaking assessment system equipped with the voice 

matching model. 

2. Audio feature classification and speech matching model based on fuzzy logic 

2.1. Audio Feature Extraction and Classification Methods 

2.1.1. Time domain characterization. Of the many features in spoken English speech, some are proposed 

to solve specific problems, while others have some generalization. In the classification problem, there is a 

need to balance the efficiency of time and resource usage as it relates to the ability of the classification 

system to respond in a timely manner and return classification results. While time domain features are 

chosen in the research process, frequency domain features and cepstrum features that are close to the 

human ear's hearing are becoming common feature choices. 

Time-domain features [19] reflect the relationship between signal waveform changes and time, and the 

extraction step is not complex, the amount of computation required is not large, it is the preferred choice 

for audio feature processing. Short-time zero crossing rate (ZCR) is a common time domain feature. 
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Zero crossing rate is the number of times that the waveform of the spoken English speech signal crosses 

zero, and the higher the number of times, the greater the zero crossing rate corresponds to the greater the 

amount of signal frequency change, which also indicates that the number of alternating high-frequency and 

low-frequency components is also greater. The short-time zero crossing rate is calculated by the formula: 
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In Eq. (1) ( )x n  denotes the discrete signal and the ( )sgn x  function is: 
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2.1.2. Frequency domain characteristics. Transforming spoken English speech signals from the time 

domain to the frequency domain is achieved using the Fourier transform [20]. The signals in the frequency 

domain are analyzed, counted and computed, and then the features obtained are the frequency domain 

features [21]. Several frequency domain feature parameters used in the experiments of this paper are 

spectral center of mass (SC), spectral flux (SF), spectral roll-off coefficient (SR), and spectral entropy (SE). 

1) Spectral center of mass. The spectrum represents the frequency distribution of the speech signal, and 

the spectral center of gravity is a form of spectral center of gravity is directly proportional to the number 

of high-frequency components of the speech signal. The spectral center of mass is calculated by the formula: 
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2) Spectral Flux. The energy value in the frequency domain within one segmental frame of a spoken 

English speech signal, calculated by the formula: 
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3) Spectral roll-off coefficient. Refers to the truncation frequency of the speech signal energy after the loss 

of consumption of a specified value, the coefficient is also a numerical representation of the shape of the 

spectrum, calculated by the formula: 
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4) Spectral entropy. The spectrum reflects the relationship between the power spectrum and the entropy 

rate, and for Shannon entropy, satisfies Eq: 
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where ( )P f  denotes the power spectral density and sf  denotes the sampling frequency. 

2.1.3. Cepstrum characteristics. Mel-flat spectral coefficients (MFCCs) [22] are based on the Mel scale 

conversion. The Mel scale is heavily used for its ability to reflect the linear relationship between the human 



2024 YU ET AL.  

 

ear's perception of sound changes and the Mel scale, and the Mel inverted spectral coefficients are a further 

extension of the Mel scale, which can also realize the interconversion of linear and nonlinear. 
1) Pre-emphasis, framing and windowing are performed on the original speech signal. The role of pre-

emphasis is to amplify the high-frequency components to ensure the same signal-to-noise ratio in the full 

frequency band to accurately calculate the spectrum. Framing is to control the signal in the short time 

frame is in a stable. It is also important to ensure that neighboring frames have overlapping parts. Each 

frame is multiplied by a window function to improve the continuity of the frames. 

2) Fast Fourier Transform (FFT) is then performed on each frame to obtain the corresponding energy 

spectrum, which is then squared to obtain the power spectrum. 

3) Finally, the DCT (Discrete Cosine Transform) of the logarithmic energy is computed to derive the 

MFCC coefficients of N order. Where L order refers to the MFCC coefficient order. 

In the short-time power spectrum of speech, the shape of the envelope reflects the shape of the vocal 

tract. And Mel's inverted spectral coefficients are a form of description of the envelope, so Mel's inverted 

spectral coefficients can reflect the human ear's perception of the sound so aptly. The short-time Fourier 

spectrum, the constant O spectrum, and the Mel spectrogram used in this paper are all frequency domain 

features. However, all three features are represented in the form of images, and all three can certainly be 

categorized as spectral features. 

2.2. Speech Matching Model Construction 

2.2.1. Fuzzy Logic Reasoning Models. For the above analysis of each feature in the time-frequency 

domain, the features with relatively good screening degree are selected as inputs. Specifically, take a certain 

feature domain  min max,iU i i , define a set of fuzzy sets from low to high as low (L), medium (M) and high 

(H), and for iu U  , define the following mapping as the affiliation function: 
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For control purposes, 
•

i  is taken as the parameter-controlled Gaussian combination curve, and each 

set of curves takes the following form: 
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That is, a combination of two Gaussian distributions is used as the base shape of the curve. Where the 

rising section of the curve (left half) is controlled by nc  and n  and the falling section of the curve (right 

half) is controlled by 2ic  and 2i . If 1 2i ic c , the top of the curve is up to 1. Otherwise, the curve as a 

whole is less than 1. 

Due to differences in subjective perceptions of speech intelligibility, purity, etc., in a fuzzy system, a piece 

of sound is not “deterministically” categorized as phonetic or non-phonetic; instead, it is categorized as 

phonetic or non-phonetic by defining an output variable called Speech Likelihood (SL), which, at [0,1]SL , 

denotes that the piece of sound belongs to the category the degree to which the sound belongs to the 

“speech” category. The “speech” and “non-speech” are represented as two fuzzy sets S  and N  on SL , 

respectively, and the following mapping is defined as an affiliation function on u SL  : 
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SL values close to O indicate a lower degree of similarity to speech, while close to 1 indicates a higher 

degree of similarity to speech. The fuzzy inference process requires the definition of a corresponding set of 

rules, a basic rule is usually expressed in the following form: 

 IF x IS A THEN y IS B  (10) 

Where, x  is the feature of speech segment, A  is the input fuzzy set, y  is the speech likelihood, and 

B  is the output fuzzy set. 

Then the center of gravity method is used to solve the fuzzy, the center of gravity method is to take the 

center of gravity of the fuzzy affiliation function curve and the area enclosed by the horizontal coordinate 

as the final output value of the fuzzy inference, that is: 
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Where U   is the output domain and F   is the fuzzy subset defined on the output domain U  , the 

center of gravity method has a relatively smooth output inference control, i.e., corresponding to a small 

change in the input signal, the final output of its inference will generally also change to some extent, and 

this change is relatively smooth. In practice, the final need to make a clear judgment on a segment of spoken 

English speech, so given a threshold value of [0,1]  , when and only when SL   , the segment is 

judged to be speech, otherwise, it is judged to be non-speech, called   as the confidence level. 

The above describes the process of multi-featured English spoken speech segment detection based on 

fuzzy reasoning from five aspects, namely variable fuzzification, rule application, logical Boolean operation, 

output synthesis and numericalization, respectively. After the steps of input fuzzification, rule application, 

rule synthesis, output component synthesis and defuzzification, the final output has a likelihood of 

  0.8SL  . If it is higher than the predefined confidence level, the frame is judged to be speech, otherwise, 

it is judged to be non-speech. 

2.2.2. Parameter Optimization of the Affinity Function. The parameters of each affiliation function can 

be obtained by training an adaptive neuro-fuzzy inference system (ANFIS). The structure of a typical 

ANFIS is a multilayer feed-forward network parameter learning using a hybrid learning algorithm to 

shorten the training time of the network, which is based on the backward propagation (BP) algorithm to 

make estimates and corrections to the parameters in the FIS. The fuzzy logic-based speech classification 

system for spoken English described in this paper is a 5-layer feed-forward fuzzy neural network, and the 

parameter adjustment is usually based on the gradient descent method, in general, the weights are first 

initialized to smaller random values, and then adjusted in the direction of the error that can be reduced, 

and the squared error function is set: 
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Where, y  is the actual network output vector and Y  is the desired target output vector, then the 

affiliation parameter updating algorithm based on gradient descent method is: 
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3. Design of a voice assessment system for spoken English 

Speech evaluation technology, also known as automatic speech evaluation (ASE), is a technology that 

automatically detects and scores errors in pronunciation by machines, and its basic principle is to let 

machines learn and recognize standard tones, build a standard pronunciation corpus based on a large 

number of standard tones data sources, let machines extract the features of the standard tones and form a 

canonical training model, and at the same time, collect a large-scale corpus of non-standard tones, and 

invite expert reviewers to quantitatively score the non-standard tones, from which machines will learn the 

scoring rules of the expert group for the non-standard tones. At the same time, a large-scale non-standard 

tone corpus is collected, and expert judges are invited to quantitatively score the non-standard tones, from 

which the machine learns the scoring rules of the expert group. When the voice to be detected after a 

simple pre-processing, from which the pronunciation feature library is extracted, the machine will be based 

on the standard pronunciation model comparison results, but also according to the expert group on the 

non-standard sound scoring rules to give a result, taking into account the two aspects of the data, and 

ultimately the voice evaluation software will be given a quantitative result, and some evaluation software 

will also be the scoring of the pronunciation of the results of the undesirable segments of the additional red 

highlighted, so that the learner can target the correction of the pronunciation correction. Some assessment 

software will also highlight the unsatisfactory pronunciation segments with extra red color, so that 

learners can make corrective corrections in a targeted way. 

The speech evaluation system designed in this paper is an intelligent system based on the multi-feature 

audio classification and speech matching model established above, and its overall architecture is shown in 

Figure 1. The speech evaluation system gives evaluation feedback on students' pronunciation of voice 

intonation, repetition and legato, etc. in the process of English speaking teaching from a completely 

objective point of view, although it is less flexible and strategic than that of the oral examination examiner, 

but the score is fair and impartial. Although there is less flexibility and strategy of the oral examiner, the 

scores are fair and impartial, with no subjective influence, which is very suitable for oral English testing in 

China. In addition, many software will locate the error points in terms of pronunciation accuracy, fluency, 

completeness, etc. Students can realize independent practice and correction. Speech assessment can be 

realized through the English Human-Computer Dialogue Professional Examination System or any other 

software with English assessment function. Relying on the automatic voice evaluation system, learners can 

realize fully independent training of voice in the process of teaching spoken English. Meanwhile, in 

teaching, teachers introduce a third-party authoritative evaluation, which makes the evaluation of speaking 

skills more objective and accurate, and it is also easier to form a competitive atmosphere in the classroom, 

so that the students can really dare to speak and be able to speak. 
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Fig. 1. Principle of voice evaluation 

4. Application effect of speech evaluation system based on speech matching model 

4.1. Speech Matching Model Simulation Verification Analysis 

4.1.1. Simulation environment. Before applying the speech matching technology to the teaching of 

spoken English, this study first analyzes the accuracy of the model by simulation verification. MATLAB 

simulation software is utilized to build the audio classification and speech matching system platform. The 

audio classification and speech matching models proposed in this paper based on fuzzy logic are compared 

with the traditional LPCC, MFCC, and the improved frequency domain and improved frequency domain 

hybrid feature extraction and matching models, respectively, to confirm the validity and practicability of 

the models by analyzing and comparing the final recognition rates obtained by different algorithms. In this 

experiment, 400 speech files containing different spoken English pronunciations were recorded by four 

people using Intel(R)Core(TM) i5-5250U CPU@1.6GHz, Windows 10 system, and Cool Edit Pro2.1 

recording software. Among them, each person recorded each spoken English reading segment 10 times, 

the first 6 times were used for template training, and the last 4 times were used for recognition. 

4.1.2. Analysis of experimental results. In order to be closer to the actual environment, this experiment 

uses the noise in the process of teaching spoken English as a source of interference, and superimposes the 

noise on the pure spoken speech when the signal-to-noise ratio is 10dB, 5dB, 0dB, -5dB, and compares it 

with the case of no noise interference (Clean), and the final recognition rate obtained is shown in Fig. 2. 

All four models have very excellent recognition performance (85.13%-98.27%) without noise interference. 

And after adding noise, the recognition accuracies of all four models showed different degrees of reduction 

as the SNR continued to decrease. When SNR=10dB, the difference in the magnitude of the decrease of 

each model from the initial base is not obvious, but at this point, LPCC (77.52%) has revealed its own 

disadvantage compared to the other three models (78.05%-96.43%). In addition, the signal-to-noise ratio 

(SNR) is usually less than 10 dB in real-life oral English teaching course environments, so the validation 

of the model's applicability to classroom teaching environments should focus on the recognition in low 

SNR environments. When the signal-to-noise ratio is reduced to 5 dB, MFCC (71.74%) also begins to show 

a more obvious disadvantage compared to the recognition accuracy of the two models of the improved 

frequency domain (76.04%) and the improved time-frequency domain (77.6%), while at this time, the gap 
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between the improved frequency domain parameters and the improved time-frequency domain model is 

still insignificant between the two models, which both have higher recognition rates. When SNR=0dB, the 

recognition rates of LPCC and MFCC all show a “cliff-like” decrease (54.68%), and the recognition rate of 

the improved frequency-domain model (56.49%) also shows an obvious decreasing trend. When the signal-

to-noise ratio in spoken English speech is -5 dB, the LPCC is close to failure and the recognition rate is 

only 17.45%. The recognition rates of both MFCC and Improved Frequency Domain models (35.81% and 

45.28%) are also no longer reliable. And the model in this paper still has nearly seventy percent recognition 

accuracy (64.47%) in a specific strong noise environment, and its advantage is even more prominent. 
Simulation experiments show that the audio classification and speech matching model built based on 

hybrid logic outperforms the traditional single frequency domain feature or multiple frequency domain 

feature fusion parameters in terms of noise immunity as well as practicality in the English speaking 

classroom teaching environment. Therefore, the applicability of the model in this paper in the English 

speaking assessment system is verified. 

 

Fig. 2. Speech matching model recognition rate analysis 

4.2. Analysis of the Effectiveness of English Spoken Language Teaching 

In this experiment, in order to test the influence of the speech matching and evaluation system constructed 

based on fuzzy logic algorithm on students' English speaking learning effect when it is used as an English 

speaking aid, one experimental group and two control groups were set up respectively. And the test papers 

and questionnaire scales were used to compare the three groups' English speaking level, critical reflection 

ability, English speaking learning anxiety, and self-efficacy, so as to test whether the multi-featured audio 

classification and speech matching techniques applied to the English speaking classroom are effective. 

4.2.1. Design of Oral Teaching Practices: 

1) Subjects. Three classes in a school in Fujian Province, totaling 126 students, were selected for this 

experiment. All three classes were taught by an English teacher, and the students had previously acquired 

some knowledge of spoken English and computer operation methods. Among them, Class A was the 

experimental group with a total of 43 students, while Class B and Class C were the control one and control 

two groups with 41 and 42 students respectively. 

2) Experimental variables. The independent variables are the teaching methods under the use of traditional 

teaching methods and the assisted learning with the speech matching system. Students in Class A used the 

Speech Matching and Evaluation System as a speaking aid, and both Class B and Class C used the 

traditional speaking teaching mode. Dependent variables were students' post-study English speaking 
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scores, critical reflection skills, English speaking learning anxiety, and self-efficacy. Irrelevant variables 

were students' length of instruction, instructor, content of instruction, and prior knowledge were the same, 

male and female ratios were close, and the same scale questionnaire and interview questions were used. 

3) Measurement tools. In this study, in order to investigate the impact of oral English teaching based on 

the speech matching and assessment system on students' oral English learning, a pre and post-test oral 

English test paper and a questionnaire were designed respectively. 

The students' spoken English test papers were designed by two English teachers with many years of 

experience, and the test questions are based on both segmental and suprasegmental phonemes. It covers 

phonetic features at all levels of phonology such as phonemes, intonation and rhythm. The test is conducted 

orally and is scored out of 100 points. The first part is phonemes (20 points), choosing 20 phonemes, which 

are the ones that students are susceptible to the negative transfer of Chinese and are prone to mispronounce. 

The second part is word spelling (20 points), 20 words selected from the learned words. The test focuses 

on whether the students have mastered the pronunciation at the English word level, such as monosyllabic 

words, diphthongs and polysyllabic repetition, and bursting, etc. The second part of the test is word 

spelling (20 points). The third part is single-sentence reading aloud (40 points), 10 sentences are set, with 

an average of 4 points per sentence, and the test aims at whether the students can master the phonological 

intonation in the sentences, such as strong and weak reading, legato reading, rising and falling intonation, 

and so on. The fourth part is reading aloud in short texts (20 marks), which mainly tests the natural fluency 

of students' speaking as well as whether they can master the change rules of speech in speaking, the skills 

of legato reading, bursting and phonological assimilation, and so on. The pre-test paper was designed to 

test the consistency of students' English speaking level, and the paper was divided into four question types, 

namely, reading vocabulary aloud, reading sentences aloud, reading dialogues aloud and keynote speeches, 

and the post-test was designed to test the effect of students' English speaking learning after the 

experimental activities, and the question types were the same as those of the pre-test paper. The scoring 

criteria were divided into four dimensions, namely accuracy, comprehensibility and pronunciation, fluency 

and language maturity, and each dimension was scored from 1 to 4, with 1 being the lowest and 4 being 

the highest. The students' oral performance was scored by two English teachers with many years of 

experience, and the Kappa value for inter-rater reliability of oral English performance by the two teachers 

was 0.59 (p<0.001). 

The questionnaire consisted of two parts: personal information and scale. The Critical Reflection 

Questionnaire, the English Oral Learning Anxiety Questionnaire, and the Self-Efficacy Questionnaire were 

adapted from related research scales on a five-point Likert scale, with 5 representing strongly agree, 1 

representing strongly disagree, and decreasing in degree from 5 to 1. The three questionnaires contained 

6, 10, and 8 questions with Cronbach's alpha values of 0.981, 0.942, and 0.875, respectively. 

4.2.2. Analysis of Oral Skills Tests. In order to verify whether there was any difference in the level of 

English speaking skills of the students before the teaching practice, an oral voice test was arranged for all 

the tested students. To ensure the fairness of the test and the standardization of the criteria, two teachers 

personally tested all the tested students one by one. The results of the pre-test analysis of English speaking 

skill level are shown in Fig. 3, (a)-(c) represent the achievement test of Class A, Class B and Class C 

respectively. P, W, S and E in the graph represent phonemes, words, single sentences and short texts 

respectively. The mean scores of the students in different classes in each of the oral skills tests were very 

close to each other, with phonemes (12.07, 12.53, and 11.90) words (13.04, 13.42, and 14.23), single 

sentences (27.86, 28.33, and 28.37), and short texts (13.46, 13.94, and 13.42), and there was not a great deal 

of difference in standard deviation. The P results of the test of significance of the means of classes A, B and 

C show indicate that there is no significant difference between the test scores of the three groups of students 

in the level of oral skills (P=0.263>0.05). Therefore, it can be determined that the oral skill levels of the 

students in each group are comparable. 
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(a) Class A                         (b) Class B 

 

(c) Class C 

Fig. 3.Test analysis of English speaking skill level 

After carrying out the teaching practice, the English speaking skill levels of the students in the three 

classes were tested again, and the results of the post-test level analysis of speaking skills obtained are 

shown in Fig. 4, with (a)-(c) representing the achievement test of Class A, Class B and Class C, respectively. 

P, W, S and E in the figure represent phonemes, single words, single sentences and short texts respectively. 

In terms of phonemes and words, the average test scores of the students in Class A reached 17.42 and 18.04 

with the aid of the Phonics Assessment System for learning, respectively. In contrast, the mean scores of 

the students in classes B and C were 13.31 and 13.78 and 13.95 and 14.55, which were significantly different 

from the scores of the students in class A (p<0.05). The same significant differences existed between the 

experimental and non-experimental classes in terms of single sentences and short essays, and the level of 

single sentence and short essay skills of the students in Class A was significantly improved. This indicates 

that students can accurately understand their problems in speaking and improve them according to the 

prompts of the voice assessment system when the voice assessment system is a learning aid, which in turn 

improves the level of speaking skills. 
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(a) Class A                         (b) Class B 

 

(c) Class C 

Fig. 4. The analysis of the level of English speaking skills 

4.2.3. Analysis of students' attitudes toward oral learning. In order to investigate the effects of oral 

English learning activities based on a voice assessment system on students' oral English learning anxiety, 

critical reflection ability, and self-efficacy. In this study, students' English speaking learning anxiety, 

critical reflection skills, and self-efficacy pre-test results were used as covariates, group as the independent 

variable, and self-efficacy, English speaking learning anxiety, and critical reflection skills post-test as the 

dependent variable. One-way analysis of covariance (ANCOVA) was used to compare the students' English 

speaking learning anxiety, critical reflection skills, and self-efficacy. Both the experimental and control 

groups were excluded from the effects of pretest English speaking learning anxiety, critical reflection 

ability, and self-efficacy. In order to comply with the basic assumptions of the covariate analysis, the 

homogeneity of the regression coefficients within the groups was first checked, and the results of the 

homogeneity check are shown in Table 1. From the results of the homogeneity test, it can be seen that the 

level of significance is not reached (F=2.365, 2.425, 2.925, P=0.086, 0.093, 0.074>0.05), which indicates 

that the hypothesis can be accepted, and therefore ANCOVA can be used to analyze the posttest English 

speaking learning anxiety, critical reflection ability, and self-efficacy of the three groups of students. 

Table 1. Homogeneity verification results 

Variation source Sum of  squares type Ⅲ Freedom Mean square F P 

Learning anxiety 0.008 2 0.249 
2.365 0.086 

Error 11.324 120 0.142 

Critical reflective ability 0.624 2 0.269 2.425 0.093 
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Error 11.482 120 0.118 

Self-efficacy 0.569 2 0.264 
2.952 0.074 

Error 11.365 120 0.126 

At the end of the teaching practice, all three groups of students took a post-test of their attitudes toward 

learning spoken English to analyze the differences in learning attitudes caused by different modes of 

teaching. The results of the post-test were analyzed by ANCOVA and the results are shown in Table 2. 

The results of the analysis of students' oral learning anxiety showed that the mean scores of students in 

Class A, Class B and Class C were 1.89, 2.46 and 2.48 respectively, and the adjusted mean scores were 1.87, 

2.26 and 2.37. Subsequently, the number of variances caused by group reached a significant level (F=20.132, 

p=0.025<0.05) in this study after excluding the influence of the pre-tested English speaking learning 

anxiety, showing that students' acceptance of different modes of speaking instruction causes significant 

differences in the post-tested English speaking learning anxiety. The results showed that the group that 

adopted the Speech Assessment System as a learning aid for teaching spoken English showed lower anxiety 

for learning spoken English than the traditional teaching group. In terms of students' critical reflection 

skills and self-efficacy, the mean posttest scores of students in Class A were 4.52 and 4.63, and the adjusted 

means were 4.42 and 4.52, respectively. Significant differences were found between the mean scores with 

those of students in Class B and Class C (F=36.525, 18.524, p=0.000, 0.029<0.05). This indicates that 

students' critical reflection ability and self-efficacy in oral English learning are stronger under the assisted 

teaching mode of the speech evaluation system based on the speech matching model. 

Table 2. ANCOVA analysis after teaching practice 

Group Number 
Mean 

value 

Standard 

deviation 

Adjusted 

mean 
F 

Result 

comparison 
P 

Oral anxiety 

A 43 1.89 0.27 1.87 

20.132 
B<A 

C<A 
0.025 B 41 2.46 0.33 2.26 

C 42 2.48 0.43 2.37 

Critical reflective 

ability 

A 43 4.52 0.25 4.42 

36.525 
B<A 

C<A 
0.000 B 41 3.87 0.42 3.98 

C 42 3.94 0.29 3.97 

Self-efficacy 

A 43 4.63 0.41 4.52 

18.524 
B<A 

C<A 
0.029 B 41 4.12 0.27 4.12 

C 42 3.98 0.21 3.87 

5. Conclusion 

In this paper, we collect spoken English speech and extract various features such as short-time over-zero 

rate, spectral center of gravity and Mel's inverted spectrum from the audio signal, input the features into 

a fuzzy logic inference model to realize the classification of the audio signal and the speech matching, and 

construct a spoken English speech evaluation system based on the model. The accuracy of the speech 

matching model is explored through simulation experiments, and the application effect of the speech 

evaluation system is analyzed through teaching practice, and the results show that: 

1) When the signal-to-noise ratio in spoken English speech is -5dB, the recognition accuracy of other 

speech matching comparison models is no longer reliable, while this paper's model still has nearly seventy 

percent recognition accuracy (64.47%) in a strong noise environment, and its applicability in the spoken 

English evaluation system is verified. 

2) Before carrying out the teaching practice, the P results of the significance test of the means of Class A 

(experimental class), Class B (non-experimental class 1) and Class C (non-experimental class 2) show that 

there is no significant difference in the test scores of the three groups of students in the level of oral skills 

(P=0.263>0.05). In contrast, the mean test scores of the phonemes and words components of the oral skills 
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of the students in class A reached 17.42 and 18.04 respectively with the aid of the phonological assessment 

system, which were much higher than those in classes B and C (P<0.05). 

3) In terms of self-efficacy, the average post-test survey score of the students in class A was 4.52, which 

was significantly different from the average scores of the students in classes B and C (P=0.000<0.05). This 

indicates that students have a stronger sense of self-efficacy in oral English learning under the assisted 

teaching mode of the speech evaluation system based on the speech matching model. 

In conclusion, the speech assessment system based on the speech matching model can play a greater role 

in oral English teaching, and future research can further explore the personalization and long-term impact 

of the design content of the speech assessment system in order to provide students with a more complete 

tool for oral English learning. 
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