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ABSTRACT
Speech recognition, or Automatic Speech Recognition (ASR), is a technology designed to convert spoken language

into text using software. However, conventional ASR methods involve several distinct components, including

language, acoustic, and pronunciation models with dictionaries. This modular approach can be time-consuming and

may influence performance. In this study, we propose a method that streamlines the speech recognition process by

incorporating a unified Recurrent Neural Network (RNN) architecture. Our architecture integrates a Convolutional

Neural Network (CNN) with an RNN and employs a Connectionist Temporal Classification (CTC) loss function.

Key experiments were carried out using a dataset comprising 576,656 valid sentences, using erosion techniques.

Evaluation of the model performance, measured by the Word Error Rate (WER) metric, demonstrated remarkable

results, achieving a WER of 2%. This approach has significant implications for the realm of speech recognition, as it

alleviates the need for labor-intensive dictionary creation, enhancing the efficiency and accuracy of ASR systems, and

making them more applicable to real-world scenarios.

For future enhancements, we recommend the inclusion of dialectal and spontaneous data in the dataset to broaden

the model's adaptability. Additionally, fine-tuning the model for specific tasks can optimize its performance for

targeted objectives or domains, further enhancing its effectiveness in those areas.

Keywords: Automatic speech recognition; Convolutional neural network; Connectionist temporal classification; End-

to-end; Neural network; Erosion; Recurrent neural network

INTRODUCTION

Speech recognition, often known as Automatic Speech 
Recognition (ASR), computer speech recognition, or speech-to-
text, is a capability enabling software to transform spoken 
language into written text. Although it is occasionally mistaken 
for voice recognition, speech recognition specifically 
concentrates on converting speech from a spoken to a textual 
format, distinguishing it from voice recognition, which aims 
solely to identify the voice of a particular individual.

Different speech technology applications are being used by a 
wide range of industries today, which helps both businesses and 
consumers save time and even lives.

Various methods are used to create automatic speech 
recognition. These methods include Data Time Wrapping 
(DTW), Hidden Markov Model (HMM), Dynamic Bayesian 
Network (DBN), ANN and Deep Neural Network (DNN) [1]. 
HMM and NN are the most widely used methods in recent 
times for speech recognition. HMM works by breaking down 
speech signals into a sequence of states and then using the
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The system proposed in this research replaces as much of the
speech pipeline with a single Recurrent Neural Network (RNN)
architecture. While it is possible to directly transcribe
unprocessed speech waveforms using RNNs or features learned
using limited Boltzmann machines, the computational cost is
significant, and the performance typically lags behind
conventional preparation. As a result, we have decided to use
spectrograms as the minimum required preprocessing technique
[7].

This research addresses important issues in addition to solving
scientific issues. The difficulties that hearing-impaired people
have in understanding other people's speeches makes it difficult
for them to interact with non-hearing-impaired people, which
prevents them from learning about their surroundings. Our
work speeds up by typing directly from human voice, which is
great for people who struggle with precise word placement. We
therefore came up with the notion of creating an end-to-end
speech recognition model that transforms speech to text to get
around those difficulties and make life easier.

To the best of our knowledge, previous speech recognition
models for Amharic language are built using traditional speech
recognition mechanisms using acoustic, pronunciation, language
models with a relatively smaller number of data, without
considering a single pipeline and automatic feature extraction
[8]. Even currently available end-to-end trials in the Amharic
language are applied using language and acoustic models
separately, and their feature extraction methods do not utilize
neural networks. But we propose an end-to-end speech
recognition mechanism, which enables us to directly convert
speech to text by replacing those traditional pipelines with a
single RNN pipeline. Therefore, unlike traditional HMM based
speech recognition models, our speech recognition model will
not have those individual pipelines, for example, pronunciation
dictionaries are not needed in our case. So, our study saves the
time spent for preparing those dictionaries and finding domain
expertise on certain areas. End-to-end is a system which directly
maps a sequence of input acoustic features into a sequence of
graphemes or words. We are expecting that our end-to-end
speech recognition model will greatly simplify the complexity of
traditional speech recognition. With the advances in neural
networks, the need for manual labeling of language and
pronunciation information is significantly reduced, as the
neural network can now autonomously learn and capture such
information. According to the literature, there are two main
structures for end-to-end speech recognition attention model
and CTC. We have used CTC in our case and it has solved the
alignment problem that occurs in traditional models [9-20].

MATERIALS AND METHODS
We got 110 hours from Andreas Nürnberger-Data and
Knowledge Engineering Group and 20 hours from the ALFFA
project. We have used 62 hours and 30 minutes, clipped from
VOA and DW radios, from a previous project of our own work.
We augment these noise-free read speech audios using time
stretching, pitch shifting, speed perturbation, time and pitch
scaling, dynamic range compression, filtering, time shifting, and
amplitude scaling to make the whole audio tally 1732 hours and
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acoustic properties of the speech to determine the likelihood of 
a sequence of phones (Kebebew, 2010).

Although neural networks have significantly assisted automatic 
speech recognition, they now make up only one portion of a 
complicated pipeline [2]. Like in conventional computer vision, 
the first step of the pipeline is the extraction of input features. 
Common methods include vocal tract length normalization and 
Mel-scale filter banks (with or without a further transform into 
Cepstral coefficients) [3,4]. Then, emission probabilities for a 
hidden Markov model are reconstituted from the neural 
network output distributions. The neural networks are then 
trained to recognize specific audio input frames (HMM).

Consequently, the actual performance metric and the goal 
function used to train the networks are very different (sequence-
level transcription accuracy). This is the kind of consistency that 
end-to-end learning is designed to avoid. The fact that a 
considerable improvement in frame accuracy can lead to a little 
improvement or even a deterioration in transcription accuracy 
puzzles researchers. Another problem is that the frame-level 
training targets must be inferred from the alignments the HMM 
obtained. As a result, in an uncomfortable iterative process, 
network retraining and HMM realignments are alternated to 
provide targets that are more exact. Direct training of HMM 
neural network hybrids has been done using full-sequence 
training techniques such as maximum mutual information to 
increase the likelihood of accurate transcription [5]. However, 
these methods can only be used to retrain a system that has 
already been trained at the frame level, and they necessitate the 
careful adjustment of several hyper-parameters, often much 
more than for deep neural networks. The goals provided to the 
networks are often phonetic, despite the fact that the 
transcriptions used to train speech recognition systems are 
lexical. To translate words into phoneme sequences, a 
pronunciation dictionary is required. Such dictionaries require a 
lot of human effort to create, and often have a great impact on 
performance [6]. Another source of expert information, "state 
tying," is required to lessen the number of target classes since co-
articulation effects are taken into account by multi-phone 
contextual models, which adds another layer of complexity.

Existing Amharic speech recognition systems are composed of 
several different components, including a feature extraction 
module, an acoustic model, a language model, and a decoder. 
These systems require significant amounts of data and manual 
feature engineering, which can be time-consuming and labor-
intensive. On the contrary, end-to-end speech recognition 
systems use a single neural network to map an input speech 
signal directly to an output transcript. These systems require less 
manual feature engineering and can be trained on raw speech 
signals, making them more efficient and effective.

Speech recognition has been a challenging problem in the field 
of artificial intelligence for decades, and traditional systems rely 
on complex pipelines of feature extraction, acoustic modeling, 
and language decoding. However, recent advances in deep 
learning have allowed for the development of end-to-end speech 
recognition models, that can directly transcribe speech to text 
without the need for intermediate steps.

2Int J Swarm Evol Comput, Vol.13 Iss.2 No:1000357



sequence in both forward and backward directions. The outputs 
of the GRU layers are concatenated and passed through a fully 
connected layer. The model's training is guided by the CTC loss 
function, which aligns the predictions with the target labels 
without requiring the input data.

Model implementation

The implementation of the model follows a Tensor Flow/
framework. The input to the model is a variable-length sequence 
of spectrograms, reshaped to include an additional channel 
dimension for 2D layers. The customized CNN architecture 
includes two layers that extract useful features from the input 
audio spectrogram.

The reshaped output of the second layer is prepared for the 
recurrent layers by collapsing the height and width dimensions 
into a single dimension. This ensures proper processing of the 
features in the recurrent layers.

The recurrent layers consist of Bidirectional Gated Recurrent 
Units (BiGRUs) with tanh activation functions and sigmoid 
recurrent activations. The number of units in each GRU is 
specified by the argument. Dropout is applied after each 
bidirectional layer, except for the last one.

The combination of convolutional layers, batch normalization, 
and ReLU activation functions in the CNN architecture helps 
the model to learn useful local features from the input 
spectrogram, which are then used by the recurrent layers to 
generate transcriptions of the input speech signal [36-42].

Overall, the model undergoes training and validation phases, 
with adjustments made to hyper parameters during the 
validation phase to improve accuracy. The implementation of 
the model involves the use of convolutional and recurrent layers 
to process the input spectrograms, along with appropriate 
reshaping and activation functions to facilitate feature extraction 
and modeling of temporal dependencies.

The architecture of the proposed model is presented in Figure 1 
below:

Figure 1: Proposed architecture of the model.
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30 minutes. The audio data obtained from Andreas Nürnberger-
Data and Knowledge Engineering Group includes transcriptions 
written in English characters. To make the transcriptions 
compatible with Amharic, we performed a transcription process, 
converting them into Amharic characters. Additionally, we 
utilized the transcriptions created previously for our personal 
project. This process involved carefully listening to the audio 
and converting it into written text. The text data serve as the 
ground truth for the deep learning model, enabling it to learn 
the relationship between the audio features and the 
corresponding text. We used a frame length of 256 samples and 
a frame step of 160 samples to extract audio features.

The data is converted to spectrograms using Short-Time Fourier 
Transform (STFT) for feature extraction. The resulting 
spectrograms are then used as input to the neural network. 
Overall, the research aims to contribute to the development of 
improved speech recognition and processing technologies.

Training and validation phases

The training phase is a critical step in developing our end-to-end 
speech recognition model. It involves training a neural network 
model, specifically a combination of Recurrent Neural Network 
(RNN) variants and Convolutional Neural Network (CNN), to 
recognize speech patterns and convert them into text. The 
training data, which consists of a mixture of noisy-free and noisy 
speech data, are used to adjust the model's parameters and 
improve its accuracy. The training process continues until the 
model achieves satisfactory accuracy in the training data [21-27].

Following the training phase, the validation phase is conducted 
to evaluate the system performance on unseen data. For this 
purpose, a separate validation data set, derived from the training 
data, is used. The goal of the validation phase is to monitor the 
system's performance and prevent overfitting, which refers to a 
situation where the model performs well on the training data 
but poorly on new, unseen data. The accuracy of the predicted 
transcription on the validation data are measured using the 
Word Error Rate (WER) metric. The model's hyper parameters, 
such as the learning rate, number of layers, and number of 
neurons, are adjusted during the validation phase to improve 
the accuracy of the validation data.

Building the deep learning model

To build the Amharic speech recognition model, a deep learning 
algorithm is applied to the collected and processed data. The 
model is based on a hybrid approach that combines a CNN with 
an RNN and utilizes a Connectionist Temporal Classification 
(CTC) loss function.

The model architecture consists of several key components. The 
input to the model is a representation of the audio data. The 
input is passed through a series of convolutional layers, which 
apply filters to extract relevant features from the spectrogram. 
Batch normalization and ReLU activation functions are used 
after the layers to enhance network performance [28-35].

After the layers, the output is fed into bidirectional GRU layers. 
These layers’ capture temporal dependencies by processing the
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Evaluation metric

WER is a widely used metric to evaluate speech recognition
systems. It measures the percentage of incorrectly recognized
words compared to the reference transcription. Substitution,
deletion, and insertion errors are considered, and WER is
calculated by adding these errors and dividing by the total
number of words in the reference. Lower WER indicates better
performance and allows for model comparison and hyper
parameter tuning.

RESULTS AND DISCUSSION
We evaluated the performance of the speech recognition model
using the Word Error Rate (WER), calculated as the percentage
of words incorrectly recognized by the system. The results of our
experiments are presented and the WER for the huge dataset
was 2%. This’s presented in Figure 2 below:

convergence. The point at which the loss stabilizes and
converges can vary depending on various factors, such as the size
and complexity of the dataset, the architecture of the model,
and the training hyper parameters [43-50].

Although training loss is a good measure of how well the model
fits the training data, it is not always a good indicator of how
well the model will perform on new and unseen data. Here the
validation loss comes into play. The validation loss is calculated
by evaluating the model's performance on a separate set of data
that it has not seen during training. Typically, validation data is
a subset of the entire dataset that is held out specifically for this
purpose.

By comparing training and validation losses, we can gain
valuable insight into the performance and generalizability of our
speech recognition model. During training, if the model is
overfitting to the training data, we might observe that the
training loss continues to decrease while the validation loss
starts to increase, indicating that the model is becoming less
accurate in predicting the output for new data. However, if the
model is under fitting to the training data, we might observe
that both the training and validation losses are high, indicating
that the model is not learning the patterns and features in the
data effectively. As we analyze our model, it becomes apparent
that the loss metric consistently stabilizes and eventually reaches
a low value as training progresses. This pattern of convergence
demonstrates that the model has acquired the ability to make
precise predictions for the given input data, and it has attained a
state of convergence [51-58].

Assessing the performance and generalization ability of our
speech recognition model relies heavily on examining the
correlation between its training and validation losses. The
training loss denotes the level of fitness of the model to the
training data, whereas the validation loss signifies how well the
model is likely to perform on fresh, previously unseen data. By
keeping track of the training and validation losses, we can make
informed choices regarding the model architecture and training
hyper parameters, which in turn can enhance the model's
performance and generalization ability.

Adam optimizer is preferred for end-to-end speech recognition
due to its effectiveness in handling large-scale datasets and
complex models. It combines the benefits of both AdaGrad and
RMSProp algorithms by adapting the learning rate for each
parameter individually. This adaptive learning rate adjustment
helps in efficient optimization and convergence, making it
suitable for speech recognition tasks [59-66].

A learning rate of 0.0001 is chosen for the end-to-end speech
recognition to strike a balance between learning speed and
accuracy. A lower learning rate allows for finer adjustments to
the model's parameters, which can help in achieving better
convergence and avoiding overshooting the optimal solution. It
helps stabilize the training process and prevent drastic updates
that may lead to sub optimal performance.

In the context of this end-to-end speech recognition, a drop rate
of 0.5 typically refers to the dropout regularization technique.
Dropout randomly sets a fraction of input units to 0 during
training, which helps prevent overfitting and improves the
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In the context of our end-to-end speech recognition model, the 
x-axis of a plot in the figure typically represents the number of 
training epochs, which refers to the number of times the entire 
training dataset is fed to the model for learning. The y-axis, on 
the other hand, represents the loss, which is a measure of how 
well the model is performing in predicting the correct output for 
a given input. The loss function used in speech recognition tasks 
typically quantifies the difference between the predicted output 
and the actual output for a given input.

At the beginning of the training process, the loss value is usually 
high as the model has not yet learned to accurately predict the 
output of the input data. As the model is trained on more data 
and the number of epochs increases, the loss gradually 
decreases, indicating that the model is becoming better at 
predicting the output. This decrease in loss can be attributed to 
the model learning patterns and features in the training data, 
which allows it to make better predictions.

In the plotted graph, we can observe that the loss value gradually 
stabilizes and converges to a low value as the training progresses. 
This indicates that the model has learned to accurately predict 
the output of the input data and has reached a state of

4

Figure 2: Presents the loss function of our model. Note: (     ) 
Train; (      ) Validation.
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model's generalization ability. A dropout rate of 0.5 means that,
on average, half of the input units are dropped during training,
providing regularization to the network. This helps prevent the
model from relying too heavily on specific input features,
leading to a more robust and accurate speech recognition
system.

Our work has demonstrated the effectiveness of our end-to-end
speech recognition models in large amount of data, with the
model achieving exceptional accuracy. These results can have
important implications for a variety of applications, such as
improving accessibility for individuals with hearing impairments
or enhancing the accuracy of voice-controlled devices in
controlled environments [67-74].

We first evaluated the performance of our speech recognition
model without erosion. When we applied the erosion technique
to enhance the spectrogram representation of the input audio,
we achieved an impressive Word Error Rate (WER) of 1.9%.
This indicates that our model excels at accurately recognizing
speech in clean environments. Even without erosion, the model
performed remarkably well with a WER of 2.1%.

A WER displaying for this model and the predictions for unseen
validation data via the RTX800 NVIDIA GPU is presented in
Figure 3 below:

As a result, the model sometimes mistakenly replaced instances 
of "  " with "  " in its transcriptions, which could introduce 
inaccuracies. Similarly, another swap involved the characters 
"   " (te) and "   " (t'e). These characters share similar visual 
features in their visual representation of their audio. 
Consequently, the model occasionally misinterpreted "    " as "  " 

Another notable swap occurred between the characters "  " (ch') 
and "  " (tch'). These characters’ bear resemblance in terms of 
their visual structure in spectrogram and became a challenge to 
CNN. As a result, the model occasionally confused "  " with 
"   ", resulting in errors in the transcribed text.

CONCLUSION

This study addresses the challenges of traditional Automatic 
Speech Recognition (ASR) methods by proposing an approach 
that utilizes a single Recurrent Neural Network (RNN) 
architecture. The objective was to streamline the speech 
recognition pipeline and improve the efficiency and accuracy of 
the system.

The conventional ASR pipeline often requires multiple separate 
components, such as language, acoustic, and pronunciation 
models with dictionaries, resulting in time-consuming processes 
and performance limitations. Using the power of RNNs, our 
proposed end-to-end system significantly simplifies this pipeline.

Our research findings indicate that applying erosion to the 
spectrograms has a positive effect on speech recognition and 
enhances model performance, although the improvement is not 
significant.

In building an end-to-end speech recognition model for 
Amharic, we selected BiGRU as the preferred deep learning 
algorithm. This decision was based on the observation that 
BiLSTM required approximately twice the processing time of 
BiGRU and involved a greater investment in computational 
resource.

Through rigorous evaluation using the Word Error Rate (WER) 
metric, our approach demonstrated impressive performance. We 
achieved a remarkable WER of 2%, showcasing the system's 
robustness in clean environments.

This research has important implications for the field of speech 
recognition. By reducing the need for manual efforts in creating 
dictionaries and integrating multiple models, our approach not 
only saves time but also enhances the practicality of ASR systems 
for real-world applications. The efficiency and accuracy 
improvements brought forth by our end-to-end RNN-based 
architecture pave the way for more accessible and effective 
speech recognition solutions.

This research successfully achieved the main objective of 
developing an end-to-end speech recognition model for the 
Amharic language using deep learning. The architecture of the 
model combines a Convolutional Neural Network (CNN) with a 
Recurrent Neural Network (RNN) and utilizes a Connectionist 
Temporal Classification (CTC) loss function.
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Error analysis

We analyzed the errors made by the model on the test sets to 
identify common errors occurred.

The model performed well, with a WER of 2%. It performs 
exceptionally good in test data of the dataset. However, during 
our evaluation of the model's performance on a newly recorded 
audio from a natural environment, we noticed that it 
encountered difficulty in accurately predicting characters that 
possess similar visual representations. During the error analysis, 
it’s observed that the model occasionally exhibited character 
swaps in its transcriptions. Specifically, certain characters were 
substituted with similar looking characters, leading to errors in 
the output. One common swap observed was the substitution of 
the character "   '' (ke) with "   " (q'a).

These characters have similar visual representations in their 
spectrogram representation.

5

Figure 3: Presents a WER displayed and the predictions for 
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unseen validation data via RTX800 NVIDIA GPU.

and vice versa , leading to incorrect transcriptions.



Institutional Review Board (IRB) statement

Ethical review and approval were not required for this study as it
did not involve human or animal subjects. This research was
conducted as part of the thesis research at Bahir Dar Institute of
Technology.

REFERENCES

1. Nasereddin HH, Omari AA. Classification techniques for Automatic
Speech Recognition (ASR) algorithms used with real time speech
translation. IEEE. 2017:200-207.

2. Bourlard HA, Morgan N. Connectionist speech recognition: A
hybrid approach. SSBM .2012.

3. Davis S, Mermelstein P. Comparison of parametric representations
for monosyllabic word recognition in continuously spoken sentences.
IEEE. 1980;28(4):357-366.

4. Lee K, Kim H. Dynamic Wrapping for Robust Speech Recognition
in Adverse Environments. IEEE. 2019:129541-129550.

5. Bahl L, Brown P, De Souza P, Mercer R. Maximum mutual
information estimation of hidden Markov model parameters for
speech recognition. IEEE. 1986;11:49-52.

6. Graves A. Supervised sequence labelling. Springer. 2012.

7. Jaitly N, Hinton G. Learning a better representation of speech
soundwaves using restricted Boltzmann machines. IEEE.
2011:5884-5887.

8. Baye A, Tachbelie Y, Besacier L. End-to-end Amharic speech
recognition using LAS architecture. In Proceedings of the 12th
Language Resources and Evaluation Conference. 2021:4058-4065.

9. Abate ST. Automatic Speech Recognition for Amharic, PhD
dissertation. German: Hamburg University. 2005.

10. Altaye TA. Designing Automatic Speech Recognition for Ge’ez
Language. Addis Ababa University, Addis Ababa, Ethiopia. 2020.

11. Dessalegn A. Syllable Based Speaker Independent Continuous
Speech Recognition for Afan Oromo (Doctoral dissertation). 2020.

12. Bisani M, Ney H. Open vocabulary speech recognition with flat
hybrid models. Interspeech. 2005;4:725-728.

13. Dumitru CO, Gavat I. A comparative study of feature extraction
methods applied to continuous speech recognition in Romanian
language. IEEE. 2006:115-118.

14. Furui S, Ichiba T, Shinozaki T, Whittaker EW, Iwano K. Cluster-
based modeling for ubiquitous speech recognition. Interspeech.
2005:2865-2868.

15. Galescu L. Recognition of out-of-vocabulary words with sub-lexical
language models. In Eighth European Conference on Speech
Communication and Technology. 2003.

16. Gebremedhin YB, Duckhorn F, Hoffmann R, Kraljevski I. A new
approach to develop a syllable based, continuous Amharic speech
recognizer. IEEE. 2013:1684-1689.

17. Hinton, Geoffrey, Deng, Li, Yu, Dong, et al. Deep Neural Networks
for Acoustic Modeling in Speech Recognition: The Shared Views of
Four Research Groups. IEEE. 2012.

18. Pokhariya JS, Mathur S. Sanskrit speech recognition using hidden
Markov model toolkit. Int J Eng Res Technol. 2014;3(10):93-98.

19. Kebebew T. speaker dependent speech recognition for afan oromo
using hybrid hidden Markov models and artificial neural network.
2010.

20. Abate ST, Menzel W. Automatic speech recognition for an under-
resourced language-Amharic. 2007.

21. Abate ST, Menzel W. Syllable-based speech recognition for Amharic.
2007:33-40.

22. Tohye TG. Towards Improving the Performance of Spontaneous
Amharic Speech Recognition. 2015.

23. Yifru M. Application of Amharic speech recognition system to
command. 2003.

24. Graves A, Fernández S, Gomez F, Schmidhuber J. Connectionist
temporal classification: Labelling unsegmented sequence data with
recurrent neural networks. InProceedings of the 23rd international
conference on Machine learning. 2006:369-376.

25. Dan Jurafsky James H Martin. Speech and language processing (2nd
ed.). Prentice Hall. 2009.

26. Huang X, Acero A, Hon HW, Reddy R. Spoken language
processing: A guide to theory, algorithm, and system development.
Prentice Hall PTR. 2001.

27. Graves A, Mohamed AR, Hinton G. Speech recognition with deep
recurrent neural networks. IEEE. 2013:6645-6649.

28. Hinton G, Deng L, Yu D, Dahl GE, Mohamed AR, Jaitly N, et al.
Deep neural networks for acoustic modeling in speech recognition:
The shared views of four research groups. IEEE. 2012;29(6):82-97.

29. Graves A, Jaitly N. Towards end-to-end speech recognition with
recurrent neural networks. PMLR. 2014:1764-1772.

30. Jelinek F. Interpolated estimation of Markov source parameters from
sparse data. InProc. Workshop on Pattern Recognition in Practice.
1980:381-397.

31. Deng L, Yu D. Deep learning: Methods and applications.
Foundations and trends® in signal processing. 2014;7(3–4):
197-387.

32. Young S, Evermann G, Gales M, Hain T, Kershaw D, Liu X, et al.
The HTK book (vol. 3, 4). Cambridge University Engineering
Department. 2006.

33. Abdel-Hamid Jiang H. Fast speaker adaptation of deep neural
networks using model compression. IEEE. 2013:7822-7826.

34. Chavan S, Sable P. Speech recognition using hidden Markova model.
Int J Eng Res and Appl. 2013;3(4):2319-2324.

35. Novoa J, Lleida E, Hernando J. A comparative study of HMM-based
and DNN-based ASR systems for under-resourced languages. Comput
Speech Lang. 2018:1-22.

36. Palaz D, Kılıç R, Yılmaz E. A comparative study of deep neural
network and hidden Markov model based acoustic models for
Turkish speech recognition. 2019.

37. Wang, Y., Wang, D. (2019). A novel dynamic wrapping method for
robust speech recognition under noisy environments. J Ambient
Intell Humaniz Comput. 2019;10(5):1825-1834.

38. Chorowski JK, Bahdanau D, Serdyuk D, Cho K, Bengio Y.
Attention-based models for speech recognition. Adv Neural Inf
Process. 2015:577-585.

39. Kim S, Hori T, Watanabe S. Joint CTC-attention based end-to-end
speech recognition using multi-task learning. In 2017 IEEE
International Conference on Acoustics, Speech And Signal
Processing (ICASSP). IEEE. 2017:4835-4839.

40. Deng K, Cao S, Zhang Y, Ma L. Improving hybrid CTC/attention
end-to-end speech recognition with pre trained acoustic and language
models. In 2021 IEEE Automatic Speech Recognition and
Understanding Workshop (ASRU). IEEE. 2021:76-82.

41. Deng K, Cao S, Zhang Y, Ma L, Cheng G, Xu J, et al. Improving
CTC-based speech recognition via knowledge transferring from pre-
trained language models. In ICASSP 2022-2022 IEEE International
Conference on Acoustics, Speech and Signal Processing (ICASSP).
IEEE. 2022:8517-8521.

42. Chen C. ASR Inference with CTC Decoder. PyTorch. 2021.

43. Hannun A, Case C, Casper J, Catanzaro B, Diamos G, Elsen E, et
al. Deep speech: Scaling up end-to-end speech recognition. arXiv
preprint arXiv:1412.5567. 2014.

Ejigu YA, et al.

Int J Swarm Evol Comput, Vol.13 Iss.2 No:1000357 6

https://ieeexplore.ieee.org/abstract/document/8252104
https://ieeexplore.ieee.org/abstract/document/8252104
https://ieeexplore.ieee.org/abstract/document/8252104
https://books.google.co.in/books?hl=en&lr=&id=naLaBwAAQBAJ&oi=fnd&pg=PR2&dq=Connectionist+Speech+Recognition:+A+Hybrid+Approach&ots=z7wLnd0qn4&sig=D2w3tzxRHm3PRsoyHCaZLYsDxdM&redir_esc=y
https://books.google.co.in/books?hl=en&lr=&id=naLaBwAAQBAJ&oi=fnd&pg=PR2&dq=Connectionist+Speech+Recognition:+A+Hybrid+Approach&ots=z7wLnd0qn4&sig=D2w3tzxRHm3PRsoyHCaZLYsDxdM&redir_esc=y
https://ieeexplore.ieee.org/abstract/document/1163420
https://ieeexplore.ieee.org/abstract/document/1163420
https://ieeexplore.ieee.org/abstract/document/1169179/
https://ieeexplore.ieee.org/abstract/document/1169179/
https://ieeexplore.ieee.org/abstract/document/1169179/
https://link.springer.com/chapter/10.1007/978-3-642-24797-2_2
https://ieeexplore.ieee.org/abstract/document/5947700
https://ieeexplore.ieee.org/abstract/document/5947700
https://ediss.sub.uni-hamburg.de/handle/ediss/1420?mode=full
https://ediss.sub.uni-hamburg.de/handle/ediss/1420?mode=full
https://www.perlego.com/book/3417860/speech-recognition-for-geez-language-using-hmm-for-large-vocabulary-speaker-independent-continuous-speech-pdf
https://www.perlego.com/book/3417860/speech-recognition-for-geez-language-using-hmm-for-large-vocabulary-speaker-independent-continuous-speech-pdf
https://docplayer.net/233737718-Syllable-based-speaker-independent-continous-speech-recognition-for-afan-oromo.html
https://docplayer.net/233737718-Syllable-based-speaker-independent-continous-speech-recognition-for-afan-oromo.html
http://www-i6.informatik.rwth-aachen.de/publications/download/305/Bisani--2005.pdf
http://www-i6.informatik.rwth-aachen.de/publications/download/305/Bisani--2005.pdf
https://ieeexplore.ieee.org/abstract/document/4127501
https://ieeexplore.ieee.org/abstract/document/4127501
https://ieeexplore.ieee.org/abstract/document/4127501
https://d1wqtxts1xzle7.cloudfront.net/39504623/Furui_Eurospeech2005-libre.pdf?1446062587=&response-content-disposition=inline%3B+filename%3DCluster_based_modeling_for_ubiquitous_sp.pdf&Expires=1708077064&Signature=JeAnP27CrpXceVjgeWBVbkk4gGU5YV3aEqCpYS389isrI54UnuKdthnwHAYQcYgiI-LkRNo6GMDp9OxazYm1~VwQCks3EUoQsQRgvF9i5hDFUrU1To4ASQsPrRn79o-xxLBzeHgx3XgBhu27q~0cIpQvYjrXdbXhKERObjjahEFGooFhbHYMNBS0IB8pHu9W8DBXy6Jif78W-fijd-e2u8vvtTb3ICtNnZLlvgOZBL47uDa8RNGAyGs93I1r0l-bshoxUnhDHQ~lTzCnYYKr8dF-8VFYDJzHXjmJo5NOazCzC5Y6~TTSiv6vkJ~nvsAmVxYBmTTbYGkrB-TtEWM22g__&Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA
https://d1wqtxts1xzle7.cloudfront.net/39504623/Furui_Eurospeech2005-libre.pdf?1446062587=&response-content-disposition=inline%3B+filename%3DCluster_based_modeling_for_ubiquitous_sp.pdf&Expires=1708077064&Signature=JeAnP27CrpXceVjgeWBVbkk4gGU5YV3aEqCpYS389isrI54UnuKdthnwHAYQcYgiI-LkRNo6GMDp9OxazYm1~VwQCks3EUoQsQRgvF9i5hDFUrU1To4ASQsPrRn79o-xxLBzeHgx3XgBhu27q~0cIpQvYjrXdbXhKERObjjahEFGooFhbHYMNBS0IB8pHu9W8DBXy6Jif78W-fijd-e2u8vvtTb3ICtNnZLlvgOZBL47uDa8RNGAyGs93I1r0l-bshoxUnhDHQ~lTzCnYYKr8dF-8VFYDJzHXjmJo5NOazCzC5Y6~TTSiv6vkJ~nvsAmVxYBmTTbYGkrB-TtEWM22g__&Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA
https://www.isca-speech.org/archive/pdfs/eurospeech_2003/galescu03_eurospeech.pdf
https://www.isca-speech.org/archive/pdfs/eurospeech_2003/galescu03_eurospeech.pdf
https://ieeexplore.ieee.org/abstract/document/6625203
https://ieeexplore.ieee.org/abstract/document/6625203
https://ieeexplore.ieee.org/abstract/document/6625203
https://ieeexplore.ieee.org/document/6296526
https://ieeexplore.ieee.org/document/6296526
https://ieeexplore.ieee.org/document/6296526
https://d1wqtxts1xzle7.cloudfront.net/65359926/sanskrit_speech_recognition_using_hidden_markov_model_toolkit_IJERTV3IS100141-libre.pdf?1610002287=&response-content-disposition=inline%3B+filename%3DIJERT_Sanskrit_Speech_Recognition_using.pdf&Expires=1708077893&Signature=ZWX7igNdWZe8ocv3MZ6wE5c2vaXW1iSjJNjk2bFR3vKorZ9C943VpmBu2Evx6V88Jd7GTkrezhKHs7nye0acguew2V2pC1TuOWFN9DpePmLb2R3nZ43KiROYg3L-QdMyG7Vgrx7kXdlnmj~TGZWeXth2u3F3h852KVGRJAJvVl5oFBQGtAbyEOvgjB759zB~WBXO4DEdUdpsRF4RHoTQ3wDH2U6gBQBf3t4Rclsll1YVBC7oOPTtmrveZeLNCmTHycm~5PNrcEnvY6XibqTH9HzIzx7GV2j2bzXQvQDzeQfNK03y-tPDKTSoJoQLPMyYSg8ZGK10bHjgFLJMeSa-MA__&Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA
https://d1wqtxts1xzle7.cloudfront.net/65359926/sanskrit_speech_recognition_using_hidden_markov_model_toolkit_IJERTV3IS100141-libre.pdf?1610002287=&response-content-disposition=inline%3B+filename%3DIJERT_Sanskrit_Speech_Recognition_using.pdf&Expires=1708077893&Signature=ZWX7igNdWZe8ocv3MZ6wE5c2vaXW1iSjJNjk2bFR3vKorZ9C943VpmBu2Evx6V88Jd7GTkrezhKHs7nye0acguew2V2pC1TuOWFN9DpePmLb2R3nZ43KiROYg3L-QdMyG7Vgrx7kXdlnmj~TGZWeXth2u3F3h852KVGRJAJvVl5oFBQGtAbyEOvgjB759zB~WBXO4DEdUdpsRF4RHoTQ3wDH2U6gBQBf3t4Rclsll1YVBC7oOPTtmrveZeLNCmTHycm~5PNrcEnvY6XibqTH9HzIzx7GV2j2bzXQvQDzeQfNK03y-tPDKTSoJoQLPMyYSg8ZGK10bHjgFLJMeSa-MA__&Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA
https://www.scribd.com/document/665115253/Speaker-Independent-Speech-Recognition-for-Afan-Oromo-language-using-Hybrid-Approach
https://www.scribd.com/document/665115253/Speaker-Independent-Speech-Recognition-for-Afan-Oromo-language-using-Hybrid-Approach
https://nats-www.informatik.uni-hamburg.de/~wolfgang/papers/interspeech2007.pdf
https://nats-www.informatik.uni-hamburg.de/~wolfgang/papers/interspeech2007.pdf
https://aclanthology.org/W07-0805.pdf
https://etd.aau.edu.et/handle/123456789/14149?show=full
https://etd.aau.edu.et/handle/123456789/14149?show=full
https://www.academia.edu/38883374/APPLICATION_OF_AMHARIC_SPEECH_RECOGNITION_SYSTEM_TO_COMMAND_AND_CONTROL_COMPUTER_AN_EXPERIMENT_WITH_MICROSOFT_WORD
https://www.academia.edu/38883374/APPLICATION_OF_AMHARIC_SPEECH_RECOGNITION_SYSTEM_TO_COMMAND_AND_CONTROL_COMPUTER_AN_EXPERIMENT_WITH_MICROSOFT_WORD
https://dl.acm.org/doi/abs/10.1145/1143844.1143891
https://dl.acm.org/doi/abs/10.1145/1143844.1143891
https://dl.acm.org/doi/abs/10.1145/1143844.1143891
https://web.stanford.edu/~jurafsky/slp3/
https://web.stanford.edu/~jurafsky/slp3/
https://dl.acm.org/doi/abs/10.5555/560905
https://dl.acm.org/doi/abs/10.5555/560905
https://ieeexplore.ieee.org/abstract/document/6638947
https://ieeexplore.ieee.org/abstract/document/6638947
https://ieeexplore.ieee.org/abstract/document/6296526
https://ieeexplore.ieee.org/abstract/document/6296526
https://proceedings.mlr.press/v32/graves14.html
https://proceedings.mlr.press/v32/graves14.html
https://cir.nii.ac.jp/crid/1572261548955745024
https://cir.nii.ac.jp/crid/1572261548955745024
https://www.nowpublishers.com/article/Details/SIG-039
https://www.danielpovey.com/files/htkbook.pdf
https://www.diva-portal.org/smash/get/diva2:831263/FULLTEXT01.pdf
https://www.researchgate.net/publication/329688997_A_Comparative_Study_of_Deep_Neural_Network_Based_Punjabi-ASR_System
https://www.researchgate.net/publication/329688997_A_Comparative_Study_of_Deep_Neural_Network_Based_Punjabi-ASR_System
https://proceedings.neurips.cc/paper/2015/hash/1068c6e4c8051cfd4e9ea8072e3189e2-Abstract.html
https://ieeexplore.ieee.org/abstract/document/7953075
https://ieeexplore.ieee.org/abstract/document/7953075
https://ieeexplore.ieee.org/abstract/document/9688009
https://ieeexplore.ieee.org/abstract/document/9688009
https://ieeexplore.ieee.org/abstract/document/9688009
https://ieeexplore.ieee.org/abstract/document/9747887/
https://ieeexplore.ieee.org/abstract/document/9747887/
https://ieeexplore.ieee.org/abstract/document/9747887/
https://pytorch.org/audio/main/tutorials/asr_inference_with_ctc_decoder_tutorial.html
https://arxiv.org/abs/1412.5567


44. Quintanilha IM. End-to-end speech recognition applied to Brazilian
Portuguese using deep learning. 2017.

45. Aldarmaki H, Ullah A, Ram S, Zaki N. Unsupervised automatic
speech recognition: A review. Speech Commun. 2022;139:76-91.

46. Ahmed A, Hifny Y, Shaalan K, Toral S. Lexicon free Arabic speech
recognition recipe. In Proceedings of the International Conference
on Advanced Intelligent Systems and Informatics. Springer.
2016:147-159.

47. Wren Y, Titterington J, White P. How many words make a sample?
Determining the minimum number of word tokens needed in
connected speech samples for child speech assessment. Clin Linguist
Phon. 2021;35(8):761-778.

48. Malik M, Malik MK, Mehmood K, Makhdoom I. Automatic speech
recognition: A survey. Multimed Tools Appl. 2021;80:9411-9457.
[Google Scholar]

49. Zhang X, Wang H. A syllable-based connected speech recognition
system for Mandarin. In 2011 IEEE International Conference on
Acoustics, Speech and Signal Processing (ICASSP). IEEE.
2011:4856-4859.

50. Khan AI, Zahid S. A comparative study of speech recognition
techniques for Urdu language. Int J Speech Technol. 2012;15(4):
497-504.

51. Chen CH, Chen CW. A novel speech recognition system based on
a self-organizing feature map and a fuzzy expert system.
Microprocess Microsyst. 2010;34(6):242-251.

52. Ge X, Wu L, Xia D. A multi-objective HSA of nonlinear system
modeling for hot skip-passing. In 2013 Sixth International
Conference on Advanced Computational Intelligence (ICACI).
IEEE. 2013:110-113.

53. Villa AE, Masulli P, Rivero AJ, editors. Artificial Neural Networks
and Machine Learning–ICANN 2016: 25th International Conference
on Artificial Neural Networks, Barcelona, Spain, September 6-9, 2016,
Proceedings, Part II. Springer. 2016.

54. Chen Q, Hu G, Gu F, Xiang P. Learning optimal warping window
size of DTW for time series classification. IEEE. 2012:1272-1277.

55. La Rosa M, Loos P, Pastor O, editors. Business Process
Management: 14th International Conference, BPM 2016, Rio de
Janeiro, Brazil, September 18-22, 2016. Proceedings. Springer. 2016.

56. Nguyen VN. A framework for business process improvement: A case
study of a Norwegian manufacturing company (Master’s thesis). 2016.

57. LeCun Y, Bottou L, Bengio Y, Haffner P. Gradient-based learning
applied to document recognition. IEEE. 1998;86(11):2278-2324.

58. Ientilucci EJ, Bajorski P. Statistical models for physically derived
target sub-spaces. SPIE. 2006;6302:52-62.

59. Begel A, Bosch J. The DevOps phenomenon. ACM Queue.
2013;56(11):44-49.

60. Goodfellow I, Bengio Y, Courville A. Deep learning. MIT press.
2016.

61. Otmar Scherzer. Handbook of mathematical methods in imaging
(2nd ed.). Springer. 2015.

62. Ke Zahang, Jinwu Xu, Martin Min, Guofei Jing. Automated IT
system failure prediction: A deep learning approach. Int J Comput
Appl. 2017: 159(9):1-6.

63. Kotera J, Šroubek F, Milanfar P. Blind deconvolution using
alternating maximum a posteriori estimation with heavy-tailed priors.
Springer. 2013:59-66.

64. Artificial intelligence. 2022.

65. Mwiti, D. A 2019 guide for automatic speech recognition. Heartbeat.
2019.

66. Schümmer T, Haake JM. Supporting distributed software
development by modes of collaboration. Springer. 2001:79-98.

67. Liu T, Liu Z, Lin F, Jin Y, Quan G, Wen W. Mt-spike: A multilayer
time-based spiking neuromorphic architecture with temporal error
backpropagation. IEEE. 2017:450-457.

68. Zhang Y, Zhang H, Lin H, Zhang Y. A new method for remote
sensing image registration based on SURF and GMS. Remote
Sensing. 2017;9(3):298.

69. Schmidhuber J. How to count time: A simple and general neural
mechanism. 2000.

70. Goodfellow PA, Mirza X, Warde-Farley O, Goodfellow I, Pouget-
Abadie J, Mirza M, et al. Generative adversarial nets, Advances in
neural information processing systems. 2014.

71. Srivastava A. Basic architecture of RNN and LSTM. 2018.

72. Li J, Sun A, Han J, Li C. A survey on deep learning for named entity
recognition. IEEE. 2020;34(1):50-70.

73. Bidirectional LSTM.

74. Understanding LSTM networks.

Ejigu YA, et al.

Int J Swarm Evol Comput, Vol.13 Iss.2 No:1000357 7

https://www.researchgate.net/profile/Igor-Macedo-Quintanilha/publication/325694563_End-to-End_Speech_Recognition_Applied_to_Brazilian_Portuguese_Using_Deep_Learning/links/5b1e841b0f7e9b68b42cc588/End-to-End-Speech-Recognition-Applied-to-Brazilian-Portuguese-Using-Deep-Learning.pdf
https://www.researchgate.net/profile/Igor-Macedo-Quintanilha/publication/325694563_End-to-End_Speech_Recognition_Applied_to_Brazilian_Portuguese_Using_Deep_Learning/links/5b1e841b0f7e9b68b42cc588/End-to-End-Speech-Recognition-Applied-to-Brazilian-Portuguese-Using-Deep-Learning.pdf
https://www.sciencedirect.com/science/article/pii/S0167639322000292
https://www.sciencedirect.com/science/article/pii/S0167639322000292
https://link.springer.com/chapter/10.1007/978-3-319-48308-5_15
https://link.springer.com/chapter/10.1007/978-3-319-48308-5_15
https://www.tandfonline.com/doi/full/10.1080/02699206.2020.1827458
https://www.tandfonline.com/doi/full/10.1080/02699206.2020.1827458
https://www.tandfonline.com/doi/full/10.1080/02699206.2020.1827458
https://link.springer.com/article/10.1007/s11042-020-10073-7
https://link.springer.com/article/10.1007/s11042-020-10073-7
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=48.%09Malik%2C+M.%2C+Malik%2C+M.+K.%2C+Mehmood%2C+K.%2C+%26+Makhdoom%2C+I.+%282021%29.+Automatic+speech+recognition%3A+a+survey.+Multimedia+Tools+and+Applications%2C+80%286%29%2C+9411-9457&btnG=
https://ieeexplore.ieee.org/abstract/document/6748484
https://ieeexplore.ieee.org/abstract/document/6748484
https://books.google.co.in/books?hl=en&lr=&id=DA_pDAAAQBAJ&oi=fnd&pg=PR5&dq=54.%09Villa,+A.+E.+P.,+Masulli,+P.,+%26+Pons+Rivero,+A.+J.+(Eds.).+(2016).+Artificial+neural+networks+and+machine+learning+%E2%80%93+ICANN+2016:+25th+International+Conference+on+Artificial+Neural+Networks,+Barcelona,+Spain,+September+6-9,+2016,+Proceedings,+Part+I.+Springer+International+Publishing&ots=fAhIF4wfVN&sig=dc4pk-HNDrw29LDjebSI6DUvsfI&redir_esc=y
https://books.google.co.in/books?hl=en&lr=&id=DA_pDAAAQBAJ&oi=fnd&pg=PR5&dq=54.%09Villa,+A.+E.+P.,+Masulli,+P.,+%26+Pons+Rivero,+A.+J.+(Eds.).+(2016).+Artificial+neural+networks+and+machine+learning+%E2%80%93+ICANN+2016:+25th+International+Conference+on+Artificial+Neural+Networks,+Barcelona,+Spain,+September+6-9,+2016,+Proceedings,+Part+I.+Springer+International+Publishing&ots=fAhIF4wfVN&sig=dc4pk-HNDrw29LDjebSI6DUvsfI&redir_esc=y
https://books.google.co.in/books?hl=en&lr=&id=DA_pDAAAQBAJ&oi=fnd&pg=PR5&dq=54.%09Villa,+A.+E.+P.,+Masulli,+P.,+%26+Pons+Rivero,+A.+J.+(Eds.).+(2016).+Artificial+neural+networks+and+machine+learning+%E2%80%93+ICANN+2016:+25th+International+Conference+on+Artificial+Neural+Networks,+Barcelona,+Spain,+September+6-9,+2016,+Proceedings,+Part+I.+Springer+International+Publishing&ots=fAhIF4wfVN&sig=dc4pk-HNDrw29LDjebSI6DUvsfI&redir_esc=y
https://books.google.co.in/books?hl=en&lr=&id=DA_pDAAAQBAJ&oi=fnd&pg=PR5&dq=54.%09Villa,+A.+E.+P.,+Masulli,+P.,+%26+Pons+Rivero,+A.+J.+(Eds.).+(2016).+Artificial+neural+networks+and+machine+learning+%E2%80%93+ICANN+2016:+25th+International+Conference+on+Artificial+Neural+Networks,+Barcelona,+Spain,+September+6-9,+2016,+Proceedings,+Part+I.+Springer+International+Publishing&ots=fAhIF4wfVN&sig=dc4pk-HNDrw29LDjebSI6DUvsfI&redir_esc=y
https://ieeexplore.ieee.org/abstract/document/6310488
https://ieeexplore.ieee.org/abstract/document/6310488
https://books.google.co.in/books?hl=en&lr=&id=zP4XDQAAQBAJ&oi=fnd&pg=PR5&dq=56.%09La+Rosa,+M.,+Loos,+P.,+%26+Pastor,+O.+(Eds.).+(2016).+Business+Process+Management:+14th+International+Conference,+BPM+2016,+Rio+de+Janeiro,+Brazil,+September+18-22,+2016.+Proceedings.+Springer&ots=or8kO6k-5z&sig=4Ks3J7zJoUZ5A0Eg50U32NgWQlw&redir_esc=y
https://books.google.co.in/books?hl=en&lr=&id=zP4XDQAAQBAJ&oi=fnd&pg=PR5&dq=56.%09La+Rosa,+M.,+Loos,+P.,+%26+Pastor,+O.+(Eds.).+(2016).+Business+Process+Management:+14th+International+Conference,+BPM+2016,+Rio+de+Janeiro,+Brazil,+September+18-22,+2016.+Proceedings.+Springer&ots=or8kO6k-5z&sig=4Ks3J7zJoUZ5A0Eg50U32NgWQlw&redir_esc=y
https://books.google.co.in/books?hl=en&lr=&id=zP4XDQAAQBAJ&oi=fnd&pg=PR5&dq=56.%09La+Rosa,+M.,+Loos,+P.,+%26+Pastor,+O.+(Eds.).+(2016).+Business+Process+Management:+14th+International+Conference,+BPM+2016,+Rio+de+Janeiro,+Brazil,+September+18-22,+2016.+Proceedings.+Springer&ots=or8kO6k-5z&sig=4Ks3J7zJoUZ5A0Eg50U32NgWQlw&redir_esc=y
https://brage.bibsys.no/xmlui/bitstream/id/430871/16-00685-%203%20Van%20Nhan%20Nguyen%20-%20Master’s%20Thesis.pdf%20266157_1_1.pdf
https://brage.bibsys.no/xmlui/bitstream/id/430871/16-00685-%203%20Van%20Nhan%20Nguyen%20-%20Master’s%20Thesis.pdf%20266157_1_1.pdf
https://ieeexplore.ieee.org/abstract/document/726791
https://ieeexplore.ieee.org/abstract/document/726791
https://www.spiedigitallibrary.org/conference-proceedings-of-spie/6302/63020A/Statistical-models-for-physically-derived-target-sub-spaces/10.1117/12.679525.short
https://www.spiedigitallibrary.org/conference-proceedings-of-spie/6302/63020A/Statistical-models-for-physically-derived-target-sub-spaces/10.1117/12.679525.short
https://queue.acm.org/detail.cfm?id=3338532
https://books.google.com/books?hl=en&lr=&id=omivDQAAQBAJ&oi=fnd&pg=PR5&dq=61.%09Goodfellow,+I.,+Bengio,+Y.,+%26+Courville,+A.+(2016).+Deep+Learning.+MIT+Press+&ots=MOM6asrBSY&sig=_9QEkLhm34yXkg3wq71NhY7vBr0
https://link.springer.com/referencework/10.1007/978-1-4939-0790-8
https://link.springer.com/referencework/10.1007/978-1-4939-0790-8
https://www.researchgate.net/publication/313456329_Automated_IT_system_failure_prediction_A_deep_learning_approach
https://www.researchgate.net/publication/313456329_Automated_IT_system_failure_prediction_A_deep_learning_approach
https://link.springer.com/chapter/10.1007/978-3-642-40246-3_8
https://link.springer.com/chapter/10.1007/978-3-642-40246-3_8
https://en.wikipedia.org/wiki/Artificial_intelligence
https://heartbeat.fritz.ai/a-2019-guide-for-automatic-speech-recognition-f1e1129a141c.
https://link.springer.com/chapter/10.1007/0-306-48019-0_5
https://link.springer.com/chapter/10.1007/0-306-48019-0_5
https://ieeexplore.ieee.org/abstract/document/8203812
https://ieeexplore.ieee.org/abstract/document/8203812
https://ieeexplore.ieee.org/abstract/document/8203812
ftp://ftp.idsia.ch/pub/juergen/TimeCount-IJCNN2000.pdf
ftp://ftp.idsia.ch/pub/juergen/TimeCount-IJCNN2000.pdf
http://www.springfield.schoolsrouted.csimedia.net/media/6420862/preschool-induction-meeting-letter-2023.pdf
http://www.springfield.schoolsrouted.csimedia.net/media/6420862/preschool-induction-meeting-letter-2023.pdf
https://pydeeplearning.weebly.com/blog/basic-architecture-of-rnn-and-lstm
https://ieeexplore.ieee.org/abstract/document/9039685
https://ieeexplore.ieee.org/abstract/document/9039685
https://paperswithcode.com/method/bilstm
http://colah.github.io/posts/2015-08-Understanding-LSTMs/

	Contents
	Large Scale Speech Recognition for Low Resource Language Amharic, an End-to-End Approach
	ABSTRACT
	INTRODUCTION
	MATERIALS AND METHODS
	Training and validation phases
	Building the deep learning model
	Model implementation
	Evaluation metric

	RESULTS AND DISCUSSION
	Error analysis

	CONCLUSION
	Institutional Review Board (IRB) statement

	REFERENCES




