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To enhance the English learning environment for college students, this study explores the integration of
Artificial Intelligence (AI), focusing on pronunciation improvement through an AI-powered system. Traditional
teaching methods face challenges such as large class sizes and limited personalized feedback, which hinder
effective pronunciation development. To address these limitations, an AI-driven framework is proposed to
provide real-time, targeted feedback for correcting pronunciation errors. The study utilizes English speech
data collected from university students with varying proficiency levels, including beginner, intermediate,
and advanced learners. The dataset comprises monologues, dialogues, and pronunciation drills, capturing
common errors such as misarticulations, vowel and consonant inconsistencies, and stress-related issues. The
data are annotated with word-level transcriptions and error labels, along with acoustic features such as pitch,
duration, formant frequencies, and Mel-frequency cepstral coefficients (MFCCs). For error detection and
classification, a Salp Swarm Integrated Dense Recurrent Neural Network (SS-DRNN) model is employed.
The model enables automatic identification and correction of pronunciation errors while delivering adaptive
feedback. Experimental results demonstrate high performance, achieving 98.25% accuracy and strong F1-score,
precision, and recall. The proposed system enhances learning efficiency, reduces teacher workload, and supports
scalable, personalized English instruction in higher education environments.
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1. Introduction

English is the most widely spoken language worldwide,
serving as a principal medium of communication across nu-
merous industries [1]. College English Teaching (CET), a re-
quired course, has sparked widespread interest. However,
a gap exists between existing college ETM and contempo-
rary needs. The application of AI and BD technologies to
improve CET reform is essential [2]. CET should match
modern society’s demand for senior English skills [3]. AI
technology has shown impressive outcomes in education
[4]. However, AI faces difficulties with embedded devices

[5]. AI tools, including speech recognition and NLP, are
currently used in English instruction [6]. Recent studies
have shown strong performance of deep learning and trans-
former models in speech recognition and pronunciation
assessment tasks [7]. Traditional teaching methods face
difficulties such as high-class size and less customized feed-
back, negatively impacting pronunciation development. To
overcome these issues, this research introduces an AI-based
online platform that ensures students receive effective, tar-
geted, realtime feedback on pronunciation error correction.

- The research presents an AI-based system that
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gives real-time, personalized guidance for improving
speech. It helps fix issues like inconsistent vowels and
consonants, as well as stress in speech.

- It uses the SS-DRNN model to automatically assess
pronunciation, detect errors, and classify mistakes,
reducing teachers’ workload and enabling large-scale
learning.

- The AI method improves learning efficiency by mea-
suring accuracy, F1-score, recognition rate, and preci-
sion, providing precise feedback and motivating stu-
dents of all skill levels to improve their pronunciation.

The paper is organized as follows: Section 2 presents
the methodology, Section 3 discusses the results and analy-
sis, and Section 4 concludes with key findings and future
directions.

2. Methodology

Data was acquired, preprocessed with word-level transcrip-
tion, MFCC features extracted, then SS-DRNN detected
errors (Fig. 1).

Fig. 1. SS-DRNN model’s Overview

2.1. Data Collection

The data was gathered from the open-source Kaggle
link: https://www.kaggle.com/datasets/ziya07/english-
pronunciation-error-detection-dataset/data.

This dataset contains 200 English speech samples from
beginner to advanced college students, with features like
MFCCs and word-level transcriptions for AI-based pronun-
ciation error detection.

2.2. Data preprocessing Using word-level transcriptions

Word-level transcriptions align each spoken word with text
and acoustic features like pitch and MFCCs, enabling the
system to detect, correct, and provide feedback on pro-
nunciation errors. During pronunciation evaluation, word-
level transcriptions were synchronized with pitch, duration,
and MFCC features using frame-based analysis, enabling
accurate error detection through alignment with spoken
utterances.

2.3. Feature Extraction using MFCC

MFCC extraction involves preprocessing steps such as
noise filtering, silence removal, normalization, framing,
and windowing. Each frame is processed using a Ham-
ming window, followed by FFT and a Mel filter bank to
generate cepstral coefficients for reproducible speech fea-
ture representation. MFCC extracts sound power spectrum
mimicking human hearing using Mel-scale filter banks with
ear-mimicking center frequencies.

The connection between frequency in Hz (f) and Mel-
scale frequency (Mel) is expressed in Equation (1), with a
linear relationship below 1 kHz and logarithmic above.

Mel = 2595 log10

(
1 +

f
700

)
(1)

Where Mel is Mel-scale frequency, f is Hz. MFCCs ex-
tract pronunciation features via Melfilters, log-energy, then
DCT reduces dimensionality (Equation 2).

Cn =
M

∑
l=1

El cos[n(l − 0.5)π/M] (2)

Where n is the cepstral coefficient index (which ranges
from 1 to N ), El is the log-energy at the lth frequency
band, M is the total number of Mel filters, and Cn is the
nth cepstral coefficient. MFCC features capture speech
frequency and pronunciation variations among learners,
enabling the SS-DRNN model to distinguish pronunciation
errors across different proficiency levels.

2.4. Error Detection and Classification Using Salp Swarm
Integrated Dense Recurrent Neural Network (SS-
DRNN) for Pronunciation Issues

SS-DRNN combines DRNN and SS optimization to im-
prove pronunciation error identification using MFCC fea-
tures for adaptive CET feedback.

2.4.1. Dense Recurrent Neural Network (DRNN)

A DRNN advances standard RNNs by using memory
blocks to eliminate vanishing gradients, enabling long-term
dependencies for enhanced AI-based CET through tailored
feedback and adaptive learning. The DRNN consists of

https://www.kaggle.com/datasets/ziya07/english-pronunciation-error-detection-dataset/data
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stacked recurrent layers with 128 and 64 neurons to cap-
ture temporal speech features. ReLU is used in hidden
layers, softmax in the output layer, and dropout is applied
to reduce overfitting and improve generalization.

DRNN predicts language patterns; DSSM extracts fea-
tures for personalized feedback. Equation (3) generates b_s
using tanh with biases and weights. Where, ys represents
the current input sequence at time step (s), out s−1 denotes
the output from the previous time step, (W) represents the
weight matrices, and (b) indicates the bias terms used in
the DRNN architecture.

bs = tanh (Xb · ys + Vb · out s−1 + cb) (3)

The current input gate ys employs the sigmoid activa-
tion to examine how much of the new input should be
examined as revealed in Equation (4).

js = σ
(

Xj · ys + Vj · out s−1 + cj

)
(4)

Equation (5) depicts the forget gate, which controls how
much of the prior memory state is forgotten or retained.

fs = σ
(

X f · ys + Vf · out s−1 + c f

)
(5)

The output gate modifies final output (Equation 6), gates
update internal state (Equation 7), output scales state with
tanh (Equation 8). The input gate js controls bs impact
on states, and forget gate fs controls state s−1 retention or
discarding.

o = σ (Xo · ys + Vo · out s−1 + co) (6)

state s = bsQjs + fsQ state s (7)

out s = tanh ( state s)Qos (8)

DRNN captures long-term relationships, prevents van-
ishing gradients, and enables adaptive feedback. The
DRNN uses two hidden layers (128 and 64 neurons) with
ReLU activation, and a softmax output layer, along with
dropout to reduce overfitting.

2.4.2. Salp Swarm (SS) optimization

SS is a nature-inspired method optimizing neural networks
for speech error detection using salp chain leader-follower
behavior. Equation (9) updates the leader’s location.

y1
k =

Fk + d1 ((ubk − lbk) d2 + lbk) , if d3 ≤ 0

Fk − d1 ((ubk − lbk) d2 + lbk) , if d3 > 0
(9)

Where y1
k is the leader’s position in kth dimension with

the food source Fk, lower/upper limits lbk and ubk, bal-
ances exploitation/exploration in Equation (10).

d1 = 2e−(
4t

tmax ) (10)

Where t and tmax show the present iteration and the
number of max iterations. After updating the location
of the leader, the SS starts to update the location of the
followers by utilizing Equation (11).

yj
k =

1
2

(
yj

k + yj−1
k

)
(11)

Where yj
k represents the j follower location within the

kth dimension, where j is larger than 1 . Its structure is sim-
ilar to jellyfish. Fig. 2(a) depicts a salp’s form and Fig. 2(b)
depicts the salp chain.

Fig. 2. (a) Form of Salp and (b) Salp Chain

Fig. 3. Salp leader-follower movement in SSO.

Fig. 3 illustrates the Salp Swarm Algorithm, where the
leader moves toward the best solution, and followers up-
date their positions along the chain until convergence.

The SS optimizes learning algorithms rapidly, handling
dynamic challenges to enhance customized CET learn-
ing experiences. Algorithm 1 describes SS-DRNN’s final
phases. Swarm Optimization offers faster convergence and
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better exploration-exploitation than PSO/GWO, improving
MFCC feature selection and classification accuracy.

Algorithm 1. Salp Swarm Integrated Dense Recurrent
Neural Network (SS-DRNN)

#Initialize the SS–DRNN system
Step 1: Set up DRNN with optimized features from SS.
#Initialize DRNN (LSTM layers, DSSM layers)
For each training epoch:
Input features to DRNN (Extracted MFCC features and
optimized parameters)
Apply forward propagation through the LSTM layers.
Apply the input, forget, and output gates (Equations (3)–
(Apply the input, forget, and output gates (Equations 3 to
6)
Update internal state and output layers (Equations 7 and
8)
Calculate error (loss function) and update model parame-
ters
Step 2: Classify pronunciation errors and provide person-
alized feedback to students
#Initialize Population Salp Swarm Optimization (SS)
Step 3: Initialize population X (salp positions)
Repeat until maximum iterations (t < tmax):
Step 4: Compute Objective Function (Model Evaluation)
for each salp in X:
Evaluate objective function (fitness) for salp (error rate,
accuracy, etc. )
Step 5: Update the Best Solution Fbest

Update the best salp (F _best) based on objective function
Step 6: Update Exploration and Exploitation Parameters
(d1) Calculate d1 using Equation (10)
Step 7: Update Leader Position using Salp Swarm Position
Update Rule
for leader salp in X:
Update leader position using Equation (9)
Step 8: Update Followers’ Positions
for follower salp in X:
Update follower position using Equation (11)
Return the final SS-DRNN model

SS-DRNN integrates SS exploration with DRNN learn-
ing to improve error identification, pronunciation accuracy,
personalized assistance, and adaptability for diverse learn-
ers in CET.

3. Results and discussion

This section presents the experimental design evaluating
SS-DRNN against existing methods, demonstrating its ca-
pability in detecting and correcting faults.

3.1. Experimental Setup

Intel Core i9, 32GB RAM, 1TB SSD, Ubuntu 20.04, and
voice libraries enable real-time SS-DRNN pronunciation
feedback. Although the dataset contains 200 speech sam-
ples, dropout regularization, early stopping, and an 80:20
train-test split were applied to reduce overfitting.

Table 1. Distribution of Speech Samples Across Learner
Proficiency Levels

Proficiency Level Number of Samples Percentage (%)
Beginner 70 35

Intermediate 65 32.5
Advanced 65 32.5

Total 200 100

Table 1 shows balanced beginner, intermediate, and ad-
vanced samples, ensuring fair SS-DRNN evaluation across
proficiency levels.

Table 2. Train, Validation, and Test Split of the
Pronunciation Dataset

Dataset Portion Samples Percentage (%)
Training 140 70

Validation 30 15
Testing 30 15
Total 200 100

As shown in Table 2, the dataset was divided into train-
ing (70%), validation (15%), and testing (15%) subsets for
evaluation.

GPU acceleration enables real-time feedback. The SS-
DRNN model was trained using Adam optimizer (0.001
learning rate), batch size 32, and 100 epochs. Early stopping
prevented overfitting.

Table 3. Five-Fold Cross-Validation Results of the
Proposed SS-DRNN Framework

Fold Accuracy (%)
Fold 1 97.84
Fold 2 98.11
Fold 3 98.43
Fold 4 98.02
Fold 5 97.95

Mean ± Std 98.07 ± 0.20

As shown in Table 3, SS-DRNN achieved 98.07% ± 0.20
accuracy across folds, proving robust generalization de-
spite limited data.

3.2. Performance Metrics

All comparative models were implemented and evaluated
using the same dataset, preprocessing, training settings,
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and metrics for fair comparison with SS-DRNN. The re-
search compared existing methods-Hybrid CTC-attention
MDD [8], TDNN [9], and CNN [10]- using accuracy, re-
call, F1-score, and precision. Recent advances have also
explored maximum F1-score training strategies for end-to-
end mispronunciation detection [11]. Recognition rate is
the ratio of correctly identified samples, indicating system
effectiveness in learning assessment and feedback quality.

3.3. Accuracy

Accuracy measures the percentage of correctly categorized
instances, evaluating system predictions like grammatical
error detection; high accuracy indicates proper learning
alignment.

Table 4. Accuracy for Pronunciation Error Detection using
SS-DRNN

Methods Accuracy (%)
Hybrid CTC-attention MDD [8] 52.77

CNN [10] 97.17
SS-DRNN [Proposed] 98.25

Fig. 4. Graphical Representation of Accuracy for SS-DRNN

As shown in Table 4 and Fig. 4, SS-DRNN achieves
98.25% accuracy, exceeding Hybrid CTC-attention MDD [8]
(52.77%) and CNN [10] (97.17%), demonstrating its advan-
tage in pronunciation error detection. All baselines used
identical settings. Hybrid CTC-attention MDD’s lower
accuracy may stem from dataset limitations and feature
learning differences.

3.4. Recall

Recall is the percentage of genuine positive forecasts among
all real positive cases. It assesses the model’s ability to
identify all relevant faults, ensuring critical errors are not
overlooked.

As shown in Table 5 and Fig. 5, SS-DRNN achieves
94.37% recall, exceeding Hybrid CTCattention MDD [8]

Table 5. Recall for Pronunciation Error Detection using
SS-DRNN

Methods Recall (%)
Hybrid CTC-attention MDD [8] 72.20

TDNN [9] 90.17
SS-DRNN [Proposed] 94.37

Fig. 5. Graphical Representation of Recall for SS-DRNN

(72.20%) and TDNN [9] (90.17%), identifying a greater pro-
portion of pronunciation errors.

3.5. Precision

Precision measures actual positives among predicted pos-
itives, reducing false positives and increasing feedback
dependability.

Table 6. Precision for Pronunciation Error Detection using
SS-DRNN

Methods Precision (%)
Hybrid CTC-attention MDD [8] 33.75

TDNN [9] 89.25
SS-DRNN [Proposed] 94.83

As shown in Table 6 and Fig. 6, SS-DRNN achieves
the best precision (94.83%), outperforming Hybrid CTC-
attention MDD [8] (33.75%) and TDNN [9] (89.25%), reduc-
ing false positives.

3.6. F1-Score

The F1 score combines precision and recall to assess model
performance, balancing missed errors and wrong correc-
tions for accurate, comprehensive student feedback.

As shown in Table 7 and Fig. 7, SS-DRNN achieves
the highest F1-score (95.81%), outperforming Hybrid CTC-
attention MDD (46.00%) and TDNN (92.14%).3.7 Confusion
Matrix Analysis

Fig. 8 shows confusion matrix with diagonal (22,21,23)
correct and only 4 misclassifications across all levels.3.8
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Fig. 6. Graphical Representation of precision for SS-DRNN

Table 7. F1-Score for Pronunciation Error Detection using
SS-DRNN

Methods F1-score (%)
Hybrid CTC-attention MDD [8] 46.00

TDNN [9] 92.14
SS-DRNN [Proposed] 95.81

Fig. 7. Graphical Representation of F1-score for SS-DRNN

Model Reproducibility
Table 8 shows five independent runs of SS-DRNN. Low

standard deviations (accuracy: 0.09%, F1-score: 0.23%) con-
firm reproducibility

3.7. Recognition Rate

Recognition rate (97.26% for SS-DRNN in Fig. 9) is the
percentage of correctly recognized examples, ensuring ef-
fective speech problem identification.

SS-DRNN detects errors efficiently, reduces teacher
workload, and personalizes learning. Learner proficiency
levels guide adaptive feedback for inclusive instruction and
improved engagement. SS-DRNN enables personalized,

Fig. 8. Confusion Matrix for SS-DRNN Pronunciation
Classification

Fig. 9. Graphical Representation of Recognition Rate for
SS-DRNN

dynamic English learning environments through enhanced
pronunciation assessment. The proposed SS-DRNN frame-
work is computationally efficient and supports real-time as-
sessment. Compared with Transformer [12] and Conformer
[13], SS-DRNN offers lower computational complexity and
reduced processing overhead. Transformer models address
non-English phoneme mispronunciation (e.g., Arabic [14]).
Conformer-based architectures like Sampleformer [15] are
proposed for automatic speech recognition.

Table 9 presents the SS-DRNN performance across be-
ginner, intermediate, and advanced learners, demonstrat-
ing consistent adaptability and effectiveness across differ-
ent proficiency level
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Table 8. Repeated Experimental Results of the Proposed SS-DRNN Framework for Pronunciation Error Detection

Run Accuracy (%) Precision (%) Recall (%) F1-score (%)
Run 1 98.11 94.52 94.08 95.42
Run 2 98.34 94.75 94.36 95.66
Run 3 98.25 94.83 94.37 95.81
Run 4 98.18 94.41 94.02 95.21
Run 5 98.29 94.67 94.21 95.54

Mean ± Std 98.23 ± 0.09 94.64 ± 0.17 94.21 ± 0.16 95.53 ± 0.23

Table 9. Performance Metrics by Proficiency Level

Proficiency Level Accuracy (%) Precision (%) Recall (%) F1-score (%)
Beginner 97.84 94.12 93.87 94.35

Intermediate 98.09 94.55 94.2 95.02
Advanced 98.62 95.21 94.96 96.02

4. Conclusion

The incorporation of an AI-driven framework to improve
college students’ pronunciation learning was effectively
demonstrated. By utilizing the SS-DRNN model, which
combined SS optimization and DRNN, the system effec-
tively detected and classified pronunciation errors based
on MFCC features. The SS-DRNN approach provided real-
time, targeted feedback, addressing the challenges of large
class sizes and limited personalized instruction. Evaluation
metrics such as F1-score (95.81%), recall (94.37%), accuracy
(98.25%), precision (94.83%), and recognition rate (97.26%)
highlighted the system’s effectiveness, ultimately reduc-
ing teacher workloads and offering students personalized
feedback for improved pronunciation. This AI-powered
system contributed to more efficient and scalable CET in
college environments. The limitations of this research in-
clude dependence on speech data from university-level
students, which cannot completely represent different lin-
guistic backgrounds, and the possibility of errors in rec-
ognizing complex pronunciation flaws. Limited dataset
size may affect generalization; future work will use larger,
diverse datasets. Accent variability, phonetic diversity, and
native-language interference may impact error detection.
SS-DRNN requires multilingual validation to improve ro-
bustness across languages, accents, and learner categories.
Future research might broaden the dataset to include a
larger spectrum of learners, enhance error detection accu-
racy, and investigate the incorporation of additional AI
models to further adapt the learning experience in CET.
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