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Abstract 
The paper is a comparative analysis of deep learning models used in English speech recognition, including Convolutional Neural Networks 
(CNN), Long Short-Term Memory networks (LSTM), and Transformer networks. The system was trained with a variety of English speech 
dataset and noise levels and accents using MFCC and spectrogram features. The experimental results indicate that Transformer model performs 
better and has the Word Error Rate (WER) of 8.9% and Character Error Rate (CER) of 4.1, which is better than LSTM (WER: 11.3%, CER: 5.6) 
and CNN (WER: 14.8%, CER: 7.2%). Transformer also has high performance of 16.4 percent WER under heavy noise compared to LSTM and 
CNN with respective 21.6 and 27.3 percent. The results indicate that the models that rely on attention are much better in terms of recognition 
accuracy and robustness under real world circumstances. 
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Introduction 
History of English Speech Recognition Systems. 
Englander Speech Recognition Systems are one of the major 
parts of Automatic Speech Recognition (ASR) where 
machines can read the spoken language and translate it to the 
text. Older ASR systems were mainly statistical models 
(Hidden Markov Models (HMM) and Gaussian Mixture 
Models (GMM)) that needed manual feature engineered them 
and did not handle the variability of speech signal e.g. 
accents, pronunciation variations and noises in the 
environment (Fendji et al., 2022; Basak et al., 2023). The 
systems were only effective in controlled settings and in 
limited vocabulary which reduced their applicability in the 
real world setting. 
Neural network-based methods have made major strides in the 
performance of ASR with the increased computational power 
and the existence of large scale speech datasets. The deep 
learning models have made it possible to perform end-to-end 
learning, which decreases the reliance on handcrafted features 
and enhances the flexibility of the system (Al-Fraid et al., 
2024; Dhanjal and Singh, 2024). The current state of things 
shows that modern ASR systems are capable of being highly 
accurate even when used during continuous speech and in a 
variety of acoustic environments (Xu, 2022; Wang, 2023). 
Moreover, neural network-based speech learning systems and 
pronunciation evaluation systems have demonstrated a higher 
recognition accuracy and language learning tasks (Wang, 
2022; Luo, 2022). 
Moreover, the studies focus on the need to resolve the issue of 
algorithmic bias, variability of accents, and the impact of 
multilingualism that affect ASR performance (Markl, 2022; 

Dar and Pushparaj, 2025). The advent of multimodal methods 
and applications based on speech has enabled the further 
expansion of the scope of ASR systems in areas like 
education, accessibility, and human-computer interaction (Xu 
and Li, 2022; Ma et al., 2022). 
 
Incentive to Use Deep Learning Models 
The reason behind the adoption of deep learning models in the 
English speech recognition is due to their ability to model 
complex, nonlinear relationships in speech data. In sharp 
contrast to classical approaches, deep learning structures can 
be trained to automatically encode hierarchical feature 
descriptions of raw audio signals itself, and it can be seen that 
it achieves greater accuracy and generalization (Kumar et al., 
2023; Mukhamadiyev et al., 2022). Convolutional Neural 
Networks (CNN) are a good representation of local spectral 
features, whereas Recurrent Neural Networks (RNN) and 
Long Short-Term Memory (LSTM) networks are well 
adapted to capture local spectral features in sequential speech 
data (Oruh et al., 2022; Hema and Marquez, 2023). 
Much more recently, transformer-based architectures have 
become a formidable force, and they harness the capabilities 
of the attention mechanisms to extract long-range 
dependencies and contextual information in a more efficient 
way (Sharrab et al., 2025; Orken et al., 2022). These models 
have shown considerable decrease in Word Error rate and 
better toughness in noisy and accented speech conditions. 
Also, the development of speaker identification, emotion 
detection, and accent recognition further highlights the utility 
of deep learning models in speech processing tasks 
(Almarshady et al., 2023). 
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All in all, with the increasing need of a precise, real-time, and 
scalable speech recognition system, as well as the constraints 
of the classical methods, the intense use of deep learning 
models has become the new trend. These models offer an 
integrated system that can cope with variability of speech 
signals as well as achieve better performance on a wide range 
of applications and settings (Xu, 2024; Mukhamadiyev et al., 
2023). 
 
Literature Review 
Review of Current Solutions to Speech Recognition: The 
history of speech recognition has developed since the early 
statistical models to the modern deep learning models. 
Initially, there were investigations that emphasized small 
vocabulary units and rule-based or probabilistic models that 
were refined by machine learning methods to achieve higher 
accuracy in the future (Fendji et al., 2022). The models most 
frequently used in speech-related tasks with the development 
of deep learning include CNNs and RNNs, which have been 
used in emotional speech recognition and processing 
multilingual speech (Chakravarthi, 2022; Subramanian et al., 
2023). These methods proved to be able to extract informative 
features of audio signals of complex nature and enhance 
recognition performance. 
The recent developments emphasize the application of end-to-
end deep learning models, which unifies both acoustic and 
language modeling into a single model. Architectures based 
on transformers, especially, have been of interest since they 
can capture long-range dependencies and context 
dependencies in an effective way (Sharrab et al., 2025). The 
issue of speech recognition in multilingual and low-resource 
conditions has also been investigated, and the versatility of 
deep learning methods across languages has been proved 
(Mukhamadiyev et al., 2023; Orken et al., 2022). In addition, 
the continuous speech recognition and language modeling 
research have led to more natural and accurate transcription 
systems (Mukhamadiyev et al., 2023). 
Besides the fundamental ASR functions, speech recognition 
methods are now merged with other areas, including 
sentiment analysis, hate speech recognition, and multimodal 
learning, increasing their usability (Alkomah and Ma, 2022; 
Gandhi et al., 2024). There are also applications of deep 
learning models in social media analysis, contextual language 
understanding, suggesting their ability to process speech and 
text data at the same time (Bilal et al., 2022; William et al., 
2022). 
Limitations of Prior Models: Although there have been 
tremendous developments, the current speech recognition 
methods have a number of drawbacks. More conservative 
machine learning and early deep learning models in most 
cases are prone to variability of accents and dialects and 
pronunciation patterns, which can result in biased or incorrect 
predictions (Dar and Pushparaj, 2025). Also, conditions of 
noise in the environment and the acoustic reality in the real 
world still remain obstacles, which diminishes the reliability 
of the system in the process of practical use (Basak et al., 
2023). 
The other constraint is the need to have huge annotated set of 
data as deep learning models generally need a large amount of 
labeled data in order to be trained successfully. It poses a 
problem to low-resource languages and languages in which 
labeled data are sparse (Fendji et al., 2022). Furthermore, 
other models are highly complex to compute, and thus do not 
fit well in real-time or resource limited settings. 

The problems with algorithmic bias and fairness in speech 
recognition systems are also pointed out in research, 
especially in relation to the management of the language and 
speaker demographic variations (Markl, 2022). Transformer-
based models are better in performance, but it requires huge 
computational capacity and can be problematic in terms of 
deployment efficiency. Also, the connection with multimodal 
systems and applications to the real world brings an extra 
complexity to system design and optimization (Ma et al., 
2022; Ahmad et al., 2024). 
On the whole, despite the dramatic improvement of the 
speech recognition technology enabled by the deep learning 
development, the problems with the robustness, scalability, 
fairness, and data dependency also form the main focus of the 
current research and development. 
 
Proposed Methodology 
Selection and Preprocessing of Data Set: The experiment 
makes use of a massive English speech corpus comprising of 
1,200 hours of audio speech of a sample of 1500 speakers 
across different accents and speaking styles. The sample 
consists of clean, noisy and accented speech samples. Audio 
signals are resampled 16 kHz and normalised. The spectral 
gating is used to remove silences and noise filtering. The data 
set is divided into training (80 percent), validation (10 
percent), and testing (10 percent) subsets to provide 
unprejudiced consideration. 
Extraction of Features through Spectrograms and MFCC: 
Two features are obtained, including Mel-Frequency Cepstral 
Coefficients (MFCC) and log-Mel spectrograms. 
Computation of MFCC features is done through 13 
coefficients and a frame size of 25 ms and a stride of 10 ms. 
Short-Time Fourier Transform (STFT) is used to create 
spectrograms with 512 FFT. Such properties are used as 
inputs to the models and are used to capture temporal and 
frequency properties of speech signals. 
 
Implemented Model Architectures 
CNN-Based Model: The CNN model has three convolutional 
(filters: 32, 64, 128; kernel size: 3 by 3) blocks with max-
pooling blocks and two fully connected layers. Relu 
activation is employed and to avoid overfitting, dropout (0.3) 
is implemented. 
RNN (LSTM)-Based Model: The LSTM model consists of 
the two stacked LSTMs layers, 128 and 64 hidden units, and a 
dense output layer. The model reflects time-related 
dependency in successive speech data. Between layers, a 
dropout of 0.2 is used. 
Transformer-Based Model: The transformer model has 4 
encoder layers with 8 attention heads and model dimension of 
256. Positional encoding is used to encode sequence order. 
Output prediction is done through a linear layer then softmax. 
Hyperparameter Configuration and Training Setup: Each 
of the models is trained on Adam with a learning rate of 0. 
001 and a batch size of 32 over 50 epochs. Validation loss is 
used to apply early stopping. Connectionist Temporal 
Classification (CTC) loss is the loss that is employed. 
Evaluation Metrics (WER, CER): Word Error Rate (WER) 
and Character Error Rate (CER) are used as a measure of 
model performance. WER is used to gauge the transcription 
errors at the word level, and CER is used to assess the 
discrepancies in character level. 
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Fig 1: General Workflow of the proposed speech recognition system. 
 

The figure reveals that there is a step-by-step pipeline with 
raw audio input, preprocessing, feature extraction, deep 
learning model processing, and end-text output. The given 
workflow emphasizes the incorporation of various stages into 
one system. The interpretation shows that, preprocessing and 
feature extraction plays an important role in the performance 
of the model as mistakes that are made in the initial steps are 
carried by the system and affect the accuracy of the final 
transcription. 
 
Results and Analysis 
Assessment of Models Implemented 
The table below shows that Transformer model has the lowest 
Word Error rate (8.9), Character error rate (4.1), and the 
highest accuracy (91.1). Compared to them, LSTM 

demonstrates an average performance and CNN identifies the 
most mistake rates. What it means is that the mechanisms in 
transformers that react to attention allow a more effective 
contextual comprehension thus resulting in better 
performance despite increased training. 
 

Table 1: Performance Comparison of CNN, LSTM, and 
Transformer Models 

 

Model 
Word 

Error Rate 
(WER %) 

Character 
Error Rate 
(CER %) 

Training 
Time (hrs) 

Accuracy 
(%) 

CNN 14.8 7.2 6.5 85.2 
LSTM 11.3 5.6 8.2 88.7 

Transformer 8.9 4.1 10.4 91.1 
 

 
 

Fig 2: Training and Validation Loss Curves of the various models. 
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The figure shows how CNN, LSTM and Transformer 
converge with 50 epochs, indicating that both training and 
validation loss are steadily decreasing. Transformer model has 
the lowest final loss values and the least gap in between the 
training and validation curves. This means that it generalizes 
better and has lower overfitting than CNN and LSTM model. 
 

Table 2: Word Error Rate under Noise and Accent Variations 
 

Condition CNN 
(WER %) 

LSTM 
(WER %) 

Transformer 
(WER %) 

Clean Speech 14.8 11.3 8.9 

Moderate Noise 19.5 15.2 11.8 

Heavy Noise 27.3 21.6 16.4 

Accented Speech 22.1 17.4 13.2 

 
As can be seen in the table, the error rate of all models is 
higher in the case of noisier and accented conditions, with 
CNN the most sensitive. Transformer model has the lowest 
WER in all conditions especially with heavy noise (16.4%). 
The interpretation states that transformer architectures are 
better resilient to environmental changes thus, they can be 
used in real-life. 

 

 
 

Fig 3: The predictions of various models to sample speech inputs. 
 
The number shows qualitative variations in transcription 
outputs among models with CNN making more substitution 
and deletion errors, LSTM showing better sequence 
consistency, and Transformer being near to the ground truth. 
It is stressful that the better the contextual modeling is done in 
transformers, the more the transcriptions are accurate and 
complete. 

 
 

Fig 4: Comparative CNN, LSTM and Transformer Model Accuracy 
under various conditions. 

 
The figure illustrates the variations of accuracy between the 
clean, noisy and accented conditions and finds that the 
Transformer model is always more effective than CNN and 
LSTM. It was interpreted that the transformer-based models 
are working at constant performance when the conditions 
vary, which proves their efficiency and high-quality 
performance in real-life speech recognition situations. 
 
Discussion 
The set of the experimental findings aligns with the suggested 
methodology in which a joint implementation of the MFCC 
and the spectrogram-based extraction of the features through 
the deep learning models allow successful modeling of the 
speech signals. Transformer model gives the highest 
performance with the Word error rate of 8.9 percent and 
Character error rate of 4.1 percent, which means that the 
attention mechanism is effective to visage the long-range 
dependencies and contextual information of speech. With a 
WER of 11.3, the LSTM model is found to be strong at 
sequential modeling but weak when dealing with long 
context, in comparison with the Transformer. The CNN 
model has the greatest error rate of 14.8% which indicates its 
inability to capture time dependences even though it was 
capable of extracting local spectral features. These findings 
are also supported by the training and validation loss behavior 
in that the Transformer model has a faster convergence and 
higher generalisation. Also, the fact that the errors rates 
increase at noisy and accented conditions indicates that 
preprocessing can help to improve the data quality but the 
model architecture is also a fundamental factor to deal with 
variability. 
CNN model is also computationally efficient and works well 
in the extraction of local features of speech signals, but its 
failure to model time series makes it less effective in the 
continuous speech recognition tasks. The LSTM model is an 
improvement of this because it is good at capturing sequential 
patterns and time dependencies and results in high accuracy; 
nevertheless, it takes more time to train and has issues with 
long-range dependencies. Transformer model is more superior 
because it uses attention mechanisms to acquire both local 
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and global context, which makes it more accurate and robust 
in a variety of conditions. Although such, it is more complex 
to compute and needs a larger amount of resources to train 
and deploy. In general, any model will be a trade-off of 
accuracy, computational cost, and the ability to deal with 
speech variability. 
 
Conclusion 
This research is a comparative study of CNN, LSTM and 
Transformer models with English speech recognition. 
Compared to LSTM and CNN models, which have a WER of 
11.3% and 14.8, respectively, the results demonstrate that 
Transformer model is the best model with a Word Error Rate 
of 8.9% and Character Error Rate of 4.1%. The comparison 
with various conditions also indicates that all the models lose 
performance in noisy and accented conditions, but the 
Transformer model remains comparatively more accurate and 
stable. These results confirm the usefulness of the developed 
tool and emphasize the role of models choice in speech 
recognition systems. 
The paper establishes the fact that deep learning models are 
especially useful in English speech recognition systems as 
they allow autopilot feature extraction and sequence 
modeling. Transformer-based models are the most effective 
methods of the evaluated ones as they allow reproducing 
complex context relations and managing various speech 
conditions. Despite the problems, including computational 
complexity and resource demands, the overall outcomes 
illustrate that deep learning offers a robust and scalable 
solution to come up with the proper and effective speech 
recognition systems that can be used in the real-life scenarios. 
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