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Abstract: Speech recognition, also known as automatic speech recognition (ASR), is a technology
that enables software to transcribe spoken language into text. However, existing Amharic ASR
methods require multiple separate blocks, such as language, acoustic, and pronunciation models
with dictionaries, which can be time-consuming and influence performance. This study proposes
an approach that replaces much of the speech pipeline with a single recurrent neural network (RNN)
architecture. Our proposed architecture is based on a hybrid approach that combines a
convolutional neural network (CNN) with a recurrent neural network (RNN) and a connectionist
temporal classification (CTC) loss function. We conducted several experiments with noisy audio
data that contain 20,000 valid sentences. The model was evaluated using the word error rate (WER)
metric, achieving impressive results of 7% WER on noisy data. This approach has significant
implications for the field of speech recognition, as it reduces the human effort required to create
dictionaries and improves the efficiency and accuracy of ASR systems, making them more practical
for real-world applications.

Keywords: automatic speech recognition; convolutional neural network; connectionist temporal
classification; end-to-end; neural network; noisy; recurrent neural network; subspace filtering;
spectral subtraction

1. Introduction

Speech recognition, commonly referred to as automatic speech recognition (ASR), computer
speech recognition, or speech-to-text, is a feature that allows software to convert spoken language into
written text. Despite being sometimes confused with voice recognition, speech recognition focuses on
converting speech from a verbal to a text format, whereas voice recognition only aims to distinguish
the voice of a certain person.

Different speech technology applications are being used by a wide range of industries
nowadays, which is assisting both businesses and consumers in saving time and even lives (Hanan
Aldarmaki, Asad Ullah, and Nazar Zaki, 2021).

There are various methods used to create automatic speech recognition. These methods include
Data Time Wrapping (DTW), Hidden Markov Model (HMM), Dynamic Bayesian Network (DBN),
and artificial neural network (ANN) (Hebash H.O. Nasereddin, January 2018). HMM and NN is the
most commonly used method in recent times for speech recognition. HMM works by breaking down
speech signals into a sequence of states and then using the acoustic properties of the speech to
determine the likelihood of a sequence of phones (Kebebew, 2010).

Although neural networks (Bourlard & Morgan, 1993; Hinton et al., 2012) have significantly
assisted automatic speech recognition, they now make up only one portion of a complicated pipeline.
Like in conventional computer vision, the pipeline's first step is the extraction of input features.
Common methods include vocal tract length normalization and Mel-scale filterbanks (Davis &
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Mermelstein, 1980) (with or without a further transform into Cepstral coefficients) (Lee & Rose, 1998).
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 re-
alignments are alternated to provide targets that are more exact. Direct training of HMM neural
network hybrids has been done using full-sequence training techniques like Maximum Mutual
Information to increase the likelihood of accurate transcription (Bahl et al., 1986; Jaitly et al., 2012).
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 hyperparameters, often much more
than for deep neural networks.

The goals that are provided to the networks are often phonetic, despite the fact that the
transcriptions used to train speech recognition systems are lexical. In order to translate words into
phoneme sequences, a pronunciation dictionary is required. Such dictionaries need a lot of human
effort to create, and they frequently have a big impact on performance (Graves, A., & Jaitly, N., 2014).
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.

The model proposed in this research aims at replacing as much of the speech pipeline with single
recurrent neural network (RNN) architecture. While it is possible to directly transcribe unprocessed
speech waveforms using RNNs (Graves, 2012, Chapter 9) or features learnt using limited Boltzmann
machines (Jaitly & Hinton, 2011), the computational cost is significant and the performance typically
lags behind conventional preparation. As a result, we have settled on spectrograms as the bare
minimum preprocessing method.

This research aims to address 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 nonhearing-impaired people, which prevents them from learning
about their surroundings. Our work fasters typing directly from human voice, which is great for
people who struggle with precise word placement. Therefore, we came up with the notion of creating
an end-to-end speech recognition model that transforms speech into text in order 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 clean data, without considering noisy data and automatic
feature extraction. currently available end-to-end pipelines do not take into account the presence of
noisy data, and their feature extraction methods do not utilize neural networks (Baye, A., Tachbelie,
Y., & Besacier, L. ,2021). However, 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. So, 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 in certain areas.

End-to-end is a system which directly maps a sequence of input acoustic features into a sequence
of grapheme or words. We are expecting that our end-to-end speech recognition model will greatly
simplifies the complexity of traditional speech recognition. With the advancements 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.
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According to the literature, there are two main structures for end-to-end speech recognition (Baye,

A., Tachbelie, Y., & Besacier, L. ,2021); attention model and CTC. We have used CTC in our case and

it has solved the alignment problem occurred in traditional models.
This study attempts to answer the following research questions:

e [sapplying erosion to the spectrograms has significant effect to speech recognition model?

e  Which noisy reduction mechanism is better from spectral subtraction, subspace filtering and
both in combined?

e Which deep learning algorithm (from LSTM, BILSTM, GRU and BiGRU) performs better to build
an end-to-end speech recognition model for Amharic?

2. Methods and Materials

2.1. Data Collection and Processing

Collecting Audios and Recording Speeches: we conducted audio recordings of individuals
delivering speeches in the Sidama region, where Ambharic is not their primary language. The noisy
dataset consists of 400 distinct sentences, each sentence being read by 50 different individuals. In
total, 20,000 sentences are used for the recordings. The noisy audios are read speech data which last
from a minimum of 4 seconds to a maximum of 20 seconds. The total noisy data is around 44 hours
and 46 minutes.

Transcriptions: For the speech recording (noisy data), a corresponding transcription was created.
This process involved carefully listening to the audio and converting it into written text. The text data
serves as the ground truth for the deep learning model, allowing it to learn the relationship between
the audio features and the corresponding text.

The transcribed text paired with the file name of the audio is presented in Figure 1 below.

normalized_transcription file_ name
0 b ) TP I 3 dagmawit_14
1 PehrSor o7 B mAch 10 ACAET NANC DAYC TE58 .. gepetu_47

2 PR 2mEm i AL AR 16 AN PRADP (edF b 70 fekaduBirhanu 30

Figure 1. Presents the top 3 rows of the noisy data.

The collected data is analyzed to gain insight into speech characteristics and develop effective
methods for noise reduction. The data is and converted to spectrograms using Short-Time Fourier
Transform (STFT) for feature extraction. The resulting spectrograms are then used as input to the
neural network. In general, 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 a speech
recognition system. It involves training a neural network model, specifically a combination of
recurrent neural network (RNN) variants and 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, is used to adjust the model's parameters and improve its accuracy. The training process
continues until the model achieves satisfactory accuracy on the training data.

Following the training phase, the validation/testing phase is conducted to evaluate the system's
performance on unseen data. A separate validation data set, derived from the training data, is used
for this purpose. 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
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on new, unseen data. The accuracy of the predicted transcription in the validation data is measured
using the Word Error Rate (WER) metric. The model's hyperparameters, such as the learning rate,
number of layers, and number of neurons, are adjusted during the validation phase to improve
accuracy on the validation data.

2.2. Model Architecture

The architecture is a deep learning model designed for automatic speech recognition (ASR). It is
based on a hybrid approach that combines a convolutional neural network (CNN) with a recurrent
neural network (RNN) and a connectionist temporal classification (CTC) loss function.

Here is an overview of the model architecture with BiGRU layers:

Input: The input is a spectrogram representation of the audio data.

Convolutional Layers: A series of 2D convolutional layers with batch normalization and ReLU
activation are applied to the input to extract relevant features.

Bidirectional GRU Layers: After the convolutional layers, a few layers of BiGRU are applied.
These layers consist of two parallel GRUs for each layer: one that processes the sequence in the
forward direction and another in the backward direction. The outputs of both GRUs are combined to
capture information from both directions.

Fully Connected Layer: The output of the final BiGRU layer is passed through a fully connected
layer with a linear activation function.

CTC Loss: Connectionist Temporal Classification (CTC) loss is used during training to align the
predictions with the target labels without requiring a pre-segmentation of the input data. The
architecture is presented in Figure 2 below.

Preprocessing stage

/ \ Mode!
Decode the Audio

CHNN

BatchMNorm
Relu
h 4

CNN

Batch Norm
Relu

Erosion/Noise
reduction

\ / Flatten
¥

output

Fully Fonnected

v Target
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Figure 2. Proposed architecture of the model.

2.3. Model Implementation

This study describes the implementation of a model, an end-to-end automatic speech recognition
(ASR) system. The implementation is based on a TensorFlow/Keras model, using convolutional
layers, bidirectional recurrent layers, and dense layers to process the input spectrograms and produce
character probabilities.

Input and Pre-processing
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The model's input is defined as a variable-length sequence of spectrograms, where each
spectrogram has input_dim frequency bins. The ‘None” in the shape of the input indicates that the
sequence length can vary. The input spectrograms are reshaped to have an extra dimension, which
is required for the convolutional layers. This extra dimension is a singleton dimension,
represented by 1. The input layer takes a 3D tensor as input, with the first dimension being the batch
size, the second dimension being the time steps (which is set to None to accept variable length
sequences), and the third dimension being the input feature dimension (input_dim). The name of the
input layer is set to "input". And then reshapes the input tensor to have an additional dimension of
size 1, which is required for the 2D convolutional layer. The second dimension is set to -1 to
automatically infer the number of time steps. The input to the model is a spectrogram with shape
‘(None, input_dim)’, where ‘None' represents the variable-length time dimension. The input is first
reshaped to include an additional channel dimension, resulting in a shape of (-1, input_dim, 1)". This
step is necessary to apply 2D convolutional layers to the input spectrogram.

Convolutional Layers

The customized CNN architecture used by the model includes two convolutional layers that
serve the purpose of extracting useful features from the input audio spectrogram. The input audio
spectrogram is a 2D representation of the audio signal, where the time domain is mapped to the
horizontal axis, and the frequency domain is mapped to the vertical axis.

The first convolutional layer applies a set of learnable filters to the input spectrogram, producing
a set of output feature maps that capture local patterns and structures within the spectrogram. The
second convolutional layer then applies another set of filters to these output feature maps, further
extracting higher-level features that are more relevant to the task at hand.

By applying these convolutional layers, the model is able to automatically learn relevant features
from the input spectrogram without the need for manual feature engineering. This is a key advantage
of using a CNN architecture for audio processing, as it allows the model to adapt to a wide range of
input data and capture important patterns that may not be immediately apparent to a human expert.

As mentioned above the architecture of the customized CNN model used for speech recognition
includes two convolutional layers that play a crucial role in the feature extraction process. The first
convolutional layer applies a 2D convolution operation with a kernel size of 11x41 and a stride of 2x2
to the input spectrogram, resulting in the extraction of 32 feature maps. The size of the kernel and
stride values are chosen carefully based on the desired properties of the features that need to be
extracted. For instance, a larger kernel size can capture more global features, while a smaller kernel
size can capture more local features.

Similarly, the second convolutional layer applies another 2D convolution operation with a kernel
size of 11x21 and a stride of 1x2 to the output feature maps of the first convolutional layer. This
operation also extracts 32 feature maps from the input spectrogram, but with a different filter size
and stride, which enables the network to capture additional features that may have been missed by
the first convolutional layer.

After the two convolutional layers have been applied, the output is then reshaped into a single
dimension to prepare it for input into the recurrent layers of the network. The purpose of these recurrent
layers is to model the temporal dependencies between the extracted features and generate a
transcription of the input speech signal.

Recurrent layers, unlike traditional feedforward neural networks, are capable of processing
sequential data by using the output of the previous time-step as input to the current time- step. In the
context of speech recognition, this means that the recurrent layers are able to model the temporal
dependencies between the extracted features, which can be useful for identifying important speech
features that may occur over a longer period of time.

Overall, the combination of convolutional and recurrent layers in the customized CNN
architecture allows the model to effectively extract features from the input spectrogram and model the
temporal dependencies between them to generate accurate transcriptions of speech signals.

The use of batch normalization and ReLU activation functions after the convolutional layers is a
common practice in deep learning to improve the performance of neural networks. Batch


https://doi.org/10.20944/preprints202402.0754.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 13 February 2024 doi:10.20944/preprints202402.0754.v1

normalization normalizes the output of each batch, which helps to reduce internal covariate shift,
resulting in more stable and faster training. Additionally, ReLU activation introduces non-linearity
to the output of each convolutional layer, allowing the network to learn more complex and nonlinear
features from the input spectrogram.

The first convolutional layer with 32 filters, a kernel size of (11, 41), and a stride of (2, 2) is
designed to extract broad local features from the input spectrogram. The use of padding ensures that
the output of the layer has the same spatial dimensions as the input, which is important for
subsequent layers.

The second convolutional layer with 32 filters, a kernel size of (11, 21), and a stride of (1, 2)
captures more fine-grained local features of the input spectrogram. Like the first layer, the use of
padding ensures that the output of the layer has the same spatial dimensions as the input.

Overall, 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.

Reshaping for RNN Layers

In order to prepare the output of the second convolutional layer to be used by the recurrent layers,
it is necessary to reshape it. This is done by collapsing the height and width dimensions into a single
dimension. To calculate this new dimension, we simply multiply the height of the output feature map
(which can be accessed using x.shape[-2]) by its width (which can be accessed using x.shape[-1]). By
doing this, we create a new, flattened representation of the output feature map that can be more easily
processed by the recurrent layers. This is an important step in the overall architecture of the system,
as it helps to ensure that the output of the convolutional layers is properly prepared for the
subsequent processing that will take place in the recurrent layers.

Recurrent Layers

The RNN layers consist of bidirectional Gated Recurrent Units (GRUs) with tanh activation
functions and sigmoid recurrent activations. The number of units in each GRU is specified by the
rnn_units argument.

The output from the forward and backward GRU layers is concatenated along the last
dimension. Dropout is applied after each bidirectional layer, except for the last one.

The model uses a series of bidirectional GRU layers to capture long-range dependencies in the
input spectrogram. The number of GRU layers is determined by the ‘rnn_layers’ parameter. Each
GRU layer has ‘rnn_units' recurrent units and uses a ‘tanh’ activation function for the update gate
and a ‘sigmoid’ activation function for the reset gate. The layers return sequences and have a reset-
after configuration.

The GRU layers are wrapped with a bidirectional layer with a "concat” merge mode. A dropout
rate of 0.5 is implemented after every bidirectional layer, except for the final layer.

The GRU layer is bidirectional, meaning it processes the input sequence in both forward and
backward directions. The output of the GRU layer is concatenated with its inverse, and the resulting
tensor is passed to the next layer. If the current iteration is not the last one, a dropout layer with a
rate of 0.5 is applied to the output tensor.

In this model, the BiGRU (Bidirectional Gated Recurrent Unit) layer is used to capture both the
past and future context of the input spectrogram sequence. The BiGRU layer is a type of recurrent
neural network layer that processes the input sequence in both forward and backward directions.
The outputs of the forward and backward GRU layers are concatenated and passed to the next layer.
This allows the model to capture both the local and global context of the input sequence.

The BiGRU layer in this model has rnn_layers=5, which means that there are 5 BiGRU layers
stacked on top of each other. Each BiGRU layer has rnn_units=512 GRU units to model the temporal
dependencies in the input spectrogram sequence.

The merge_mode parameter of the Bidirectional layer is set to "concat”, which means that the
outputs of the forward and backward GRU layers are concatenated before being passed to the next
layer.
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In this model, the BiGRU (Bidirectional GRU) layers are used for modeling the temporal
dependencies in the input spectrogram sequence.

The GRU is a type of recurrent neural network (RNN) layer that is designed to solve the
vanishing gradient problem that occurs in traditional RNNs. The GRU has two gates, a reset gate and
an update gate, that control the flow of information through the layer. The reset gate determines
which information from the previous time step to forget, while the update gate determines which
information from the current time step to keep. The GRU computes a new hidden state based on the
input and the previous hidden state, which is then passed to the next time step.

In this model, the BiGRU layer is used to encode the input spectrogram sequence into a high-
level representation that captures the temporal dependencies in the sequence. By using a bidirectional
layer, the model is able to capture both the local and global context of the input sequence. This high-
level representation is then fed to a dense layer, which produces the final output sequence.

Dense Layers and Output

There is a dense layer and an output layer following the BiGRU layers. The Dense layer is
typically added after the RNN layer to extract high-level features from the sequence data output by
the RNN. In this particular model, the Dense layer takes the output of the final BiGRU layer and
applies a linear transformation to map it to a higher dimensional space. The number of units in the
Dense layer is set twice the number of GRU units in each BiGRU layer, which helps increase the
model's capacity to capture more complex relationships between the input data and the output
labels.After the Dense layer, a Rectified Linear Unit (ReLU) activation function is applied to the output
to introduce non-linearity to the model. ReLU is a commonly used activation function that sets all
negative values in the output to zero while leaving positive values unchanged.

To prevent overfitting, a dropout layer is added to the model after the Dense layer. Dropout
randomly sets a fraction of the input units to zero during training, which helps prevent the model
from over-relying on specific features and encourages it to learn more robust representations of the
input data. In this model, the dropout rate is set to 0.5, meaning that half of the input units are
randomly dropped out during training. The output of the dropout layer is then fed into the final
softmax activation layer, which generates a probability distribution over the output classes.

The output layer is responsible for producing the final output of the model, which is a sequence
of characters representing the transcription of the input speech signal. It is implemented as a Dense
layer that maps the output of the previous Dense layer to the final output dimension, which is the
number of characters in the vocabulary plus one for the blank character. The softmax activation
function is applied to the output of the layer to ensure that the output probabilities sum up to one,
making it a probability distribution over the characters in the vocabulary. The blank character is
added to the vocabulary to allow the model to output silence or pauses in the speech signal.

Unlike the Dense layer in the model that is followed by the dropout regularization, no dropout
regularization is applied to the output layer. This is because dropout regularization randomly drops
out some of the output units during training to prevent overfitting, which can degrade the model's
performance when applied to the output layer. Instead, the model relies on the training data and loss
function to regularize the output layer and produce accurate transcriptions. The output of the output
layer is a sequence of probabilities for each character in the vocabulary, indicating the likelihood of
each character being present at a particular time step in the input speech signal. The final
transcription is obtained by decoding this probability sequence, which is typically done using the
greedy decoding algorithm or beam search decoding algorithm.

The classification layer in a neural network is responsible for performing the final classification
of the input data. In the case of this speech recognition model, the classification layer maps the output
of the previous layer to the final output dimension, which is the number of characters in the
vocabulary plus one for the blank character.

In this connectionist temporal classification (CTC) based speech recognition model, the
classification layer is typically a dense layer with output dim + 1 units and a softmax activation
function. The additional unit in the output dimension corresponds to the blank label used in the CTC
loss calculation.
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The purpose of the blank label is to allow the model to output silence or pauses in the speech
signal, and to handle situations where multiple characters occur in the same time step. During
training, the CTC loss function automatically handles the alignment between the input audio signal
and the corresponding transcription, even if there are variable-length or missing segments. The blank
label helps to ensure that the CTC loss function can produce accurate alignments and transcriptions.

2.4. Model Compilation

The compile method is used to configure the model for training by specifying the optimizer and
loss function to use during training. In this study, the model is compiled in the following way:

The first step is to define the optimizer to use during training. In this case, the Adam optimizer
is used with a learning rate of 1le-4. The Adam optimizer is a popular optimizer that is well-suited for
training deep neural networks.

The CTCLoss function is then used as the loss function for the model. The Connectionist
Temporal Classification (CTC) loss function is commonly used in speech recognition tasks (Lee, J., &
Watanabe, S., 2021). The CTC loss function is designed to handle variable- length input sequences
and output sequences, which is particularly useful for speech recognition where the input is a
variable-length audio signal and the output is a variable- length sequence of characters.

Once the optimizer and loss function are defined, the model is compiled. The
compile method takes two main arguments: the optimizer and the loss function. In this case, the
optimizer is set to opt and the loss function is set to CTCLoss.

Connectionist Temporal Classification (CTC): The CTC (Connectionist Temporal
Classification) layer is a specialized layer used in sequence-to-sequence learning tasks where the
input and output sequences have variable lengths, and there is no one-to-one correspondence
between the input and output sequence elements. This layer is commonly used in speech recognition
tasks, where the input sequence is an audio signal and the output sequence is a sequence of characters.

The CTC layer works by introducing a special "blank" label that can be inserted between any
two adjacent labels in the output sequence. This allows the CTC layer to handle variable-length
output sequences without requiring an exact alignment between the input and output sequences.

During training, the CTC layer computes the probability of the output sequence given the input
sequence, and the CTC loss function is used to measure the difference between the predicted
output sequence and the actual output sequence. The goal of training is to minimize the CTC loss
function, which encourages the model to learn a mapping from the input sequence to the correct
output sequence.

CTC layer function is used as the final layer of the model, and is named "ctc_loss".

The labels tensor is the ground truth label sequence, and the output tensor is the predicted
probability sequence. CTCLayer function computes the CTC loss function using the predicted
probabilities and the ground truth labels, and returns the computed loss as the output of the layer.

The CTC layer is an important component of speech recognition models, as it allows the models
to handle variable-length input and output sequences, which is a common challenge in speech
recognition tasks. The CTCloss function is defined as follows:

Decoding: The decoding process is the final step in the speech recognition pipeline, and it is
responsible for converting the predicted probabilities into the final output sequence. In this model, the
decoding process uses the Beam Search algorithm to find the most likely output sequence given the
input sequence.

The decode_batch_predictions function first initializes an array of input sequence lengths
(input_len) to the length of the input sequence. The function then loops over each sequence in the
batch and performs the decoding.

The K.ctc_decode function is used to perform the decoding. The K.ctc_decode function is a built-in
function in TensorFlow that can be used to decode the predicted probabilities into a sequence of
labels. The greedy parameter is set to False to enable the Beam Search decoding algorithm, and
the beam_width parameter is set to the desired beam width. The top_paths parameter is set to 1
to return only the most likely output sequence.
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The output of the K.ctc_decode function is a tuple containing the decoded output sequence and the
corresponding sequence probability. In this case, only the decoded output sequence is needed, so the
[0][0] indexing is used to extract the decoded output sequence.

The decoded output sequence is then converted from numeric labels to characters using the
num_to_char function defined earlier. The tf.strings.reduce_join function is used to join the characters
into a single string, and the resulting string is converted to a numpy array using the numpy() method.
Finally, the decode method is used to convert the numpy array to a string in UTF-8 format.

The decoded output sequence is then appended to the results list, and the loop continues until
all sequences in the batch have been decoded. Finally, the function returns the list of decoded output
sequences.

Overall, the decoding process is an important part of the speech recognition pipeline, as it is
responsible for converting the predicted probabilities into the final output sequence. The beam search
algorithm is a widely used decoding algorithm in speech recognition, as it is able to find the most
likely output sequence while taking into account the possibility of alternate paths.

The decode_batch_predictions function is used to perform the decoding for a batch of input
sequences. The function takes the predicted probabilities for a batch of input sequences (pred) and
the beam size as inputs.

In this CTC decoding, beam search algorithm is used to improve the accuracy of the
transcription. Beam search works by maintaining a set of candidate transcriptions and expanding the
set at each time step. The algorithm prunes the candidates that are unlikely to be the final
transcription based on a score or probability threshold, and continues expanding until a stopping
criterion is reached.

2.5. 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 hyperparameter tuning.

3. Results

Several experiments have been employed. We have improved the model's robustness by training
it on 44 hours of noisy data. We introduced various noise reduction mechanisms to mitigate the
adverse effects of background noise. Specifically, we employed three techniques: spectral subtraction,
subspace filtering, and their combination. Spectral subtraction aims to suppress background noise by
subtracting an estimated noise spectrum from the noisy speech signal. Subspace filtering uses
subspace methods to separate the speech signal from the background noise. We evaluated the
model's performance when trained with each of these noise reduction mechanisms individually and
by combining the two techniques. We have calculated Signal to Noise (SNR) ratio which is a metric
used to quantify the ratio of the desired signal (such as speech) to the accompanying background
noise in an audio signal. It provides the measure of the signal strength relative to the noise level.

We examined the model's performance when confronted with noisy data. By introducing
different noise reduction techniques, we have enhanced the model's robustness. The WER for noisy
data without applying any noise reduction techniques is 10.5%. When we applied spectral
subtraction, the WER was reduced to 8.5%, demonstrating a notable improvement in the system's
ability to handle background noise. The subspace filtering technique further enhanced performance,
resulting in a reduced WER of 7.4%. The combined technique is effective, with a WER of 7.02% (for
detail see Table 1). These results indicate that our model, equipped with advanced noise reduction
mechanisms, exhibits strong noise-robustness capabilities. The full results are shown in Table 1.
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Table 1. Presents the Word Error Rate (WER) results.

Experiment Noisy Data
Spectral Subtraction WER = 8.5%
Subspace Filtering WER =7.4%

Combined (Spectral+Subspace) =~ WER =7%
Without Noise- reduction techniqueWER = 10.5%

We have used a frame length of 256 samples and a frame step of 160 samples to extract audio
features.

We evaluated the performance of the speech recognition system 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 7%.

In our analysis, we thoroughly evaluated all of the cases, including the data in different
scenarios.

Overall, the study provides important insights into the characteristics of speech in different
environments. Our findings can be used to inform the development of new technologies and tools
that can improve speech recognition and accuracy in noisy environments. Additionally, our research
highlights the need for continued study of speech in various environments in order to fully
understand the complexities of this important aspect of human communication. The loss function in
noisy data is presented below in Figure 3.

Model Loss(noisy data)

— Train
—— Validation

250 4

200
150
3

100 -+

55 _ \\k

D T T T T

L] T T

0.0 Z5 5.0 7.5 10.0 12.5 15.0 17.5
Epoch

Figure 3. Presents the loss function in a noisy data.

4. Discussion

In the context of our end-to-end speech recognition modeling, the x-axis of a plot 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
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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. The reduction in loss can be attributed to the model learning the
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 for the input data, and it has achieved a state of convergence. The point at which the loss
stabilizes and converges can vary based on various factors, such as the size and complexity of the
dataset, the architecture of the model, and the training hyperparameters.

While the training loss is a good measure of how well the model is fitting the training data, it is
not always a good indicator of how well the model will perform on new and unseen data. This is
where the validation/testing 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, the
validation data is a subset of the entire dataset that is held out specifically for this purpose.

By comparing the training and validation/testing losses, we can gain valuable insights into the
performance and generalization ability 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 at predicting the output for new data. On the other hand, if the model
is underfitting 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 the training advances. 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.

Assessing the performance and generalizability of our speech recognition model is highly
dependent 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
hyperparameters, which in turn can enhance the model's performance and generalization ability. A
WER for noisy data and the predictions for unseen validation data is presented in Figure 4 below.
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Word Error Rate: 8.8717

Target : haihfAC APAR ATITE RO TRLANTET A0m A0TIA eoahd™ P PPN HE AR b
nPEEC AlFa N7V oohhée ©4  fUBE@TT HR MPARTT mahf™ s hdd PR3 HR A+A
Prediction: AfihdldeC hP™Ah ATIEF RO T7LAATET AT AQA coahT™ FIFY TP+ 8§ HE oA b
o hndA O7FT ovhhnd 84 fHEO+T HE mALhTY mAhTTS he Fa-+o 1T HE AN+A

Target s WILATNIARGCTT ICTHY +F fite M SATTEHT AT AlE-
Vrediction: AHAdl4aCT {CYrT #7 Al Méd @ATEWT flst Al {
Target 1 hTA ARG RPRART ATTEE 20 PTLPATEY AFRNTTS eephi™ SN HE o RPEEC WY

A1 oohhd, PasETT 8 mhi™1e eSS PPLAa-+@ 7T o8 Al
Prediction: MHA4=C AFART™ ATTRT 20 P"LPATET APTIATTT 60ahv™ fIF@T HE o RFEEC RNE
A& O75F® ohhd PREDFT HE mAhIe héd POLPfdmfm3 o Al

Target : hIANARC mMACT 07T Alhe msm
Prediction: AIHANAC MLCT ATTE Alhe Mo

Figure 4. WER for noisy data and the predictions for unseen validation data via RTX800 NVIDIA
GPU.

Generally, the results indicate that the incorporation of noise reduction techniques such as
spectral subtraction and subspace filtering can help improve the performance of the Amharic speech
recognition model in noisy data.

Adam optimizer is preferred for this end-to-end speech recognition due to its effectiveness in
handling large-scale datasets and complex models. Combining the benefits of both the AdaGrad and
RMSProp algorithms, it adapts 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. A learning rate of 0.0001 is chosen for this 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 this end-to-end speech recognition model, a drop rate of 0.5 is used. Dropout randomly sets
a fraction of input units to 0 during training, which helps prevent overfitting and improves the
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 to prevent the model
from relying too heavily on specific input features, leading to a more robust and accurate speech
recognition system.

A comparison to select the best algorithm from those mentioned previously is compared in Table

2 below.
Table 2. Comparison of BIGRU and BILSTM.
Model WER (%) Number of Parameters
BIGRU 5 26,850,905
BILSTM 7 36,435,678

In this table, "Model" represents the type of architecture used (BIGRU and BILSTM), "WER (%)"
denotes the word error rate achieved by each model, and "Number of Parameters" indicates the total
number of parameters used in each model. We selected BIGRU because BILSTM required
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approximately twice the processing time of BIGRU. Furthermore, BILSTM requires a larger
investment in computational resources.

Our work has demonstrated the effectiveness of our end-to-end speech recognition models in a
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 improving the accuracy of voice-controlled devices in controlled
environments.

4.1. Error Analysis

In the noisy dataset, our model achieved a higher WER of 7%. The most common types of error
were substitutions and insertions, where the model transcribed a different word or additional words
than the ground truth. This is probably due to background noise and speech distortions in the audio,
which make it harder for the model to recognize and transcribe the speech accurately.

During error analysis, it is 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. A common swap observed was the substitution of the character "n"
(ke) with "#" (q'e).

These characters have similar visual representations in their spectrogram representation. As a
result, the model sometimes mistakenly replaced instances of "N" with "$" in its transcriptions, which
could introduce inaccuracies. Similarly, another swap involved the characters "+" (te) and "m" (t'e).
These characters share similar visual features in their visual representation of their audio.
Consequently, the model occasionally misinterpreted "+" as "M" and vice versa, leading to incorrect
transcriptions. Another notable swap occurred between the characters "+" (ch') and "s&" (tch'). These
characters bear similarity in terms of their visual structure in spectrograms and became a challenge
to CNN. As a result, the model occasionally confused "¥" with "é&," resulting in errors in the
transcribed text.

5. Conclusions

This study addresses the challenges of traditional automatic speech recognition (ASR) methods
by proposing an approach that uses 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. By leveraging the power of RNNs, our proposed end-to-end system
significantly simplifies this pipeline.

Among the noise reduction mechanisms evaluated, subspace filtering outperformed spectral
subtraction slightly, providing more effective noise reduction for speech signals in our Amharic
dataset. Nevertheless, fine-tuning the parameters and techniques based on specific characteristics of
the Amharic speech data and target environment is crucial to achieve optimal results.

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 larger computational resource
investment.

Overall, incorporating noise reduction techniques, such as spectral subtraction and subspace
filtering, can significantly enhance the performance of Amharic speech recognition models on noisy
data. By optimizing erosion use and selecting the most suitable noise reduction method, we can
achieve improved accuracy and robustness in our speech recognition system.

Through a rigorous evaluation using the word error rate (WER) metric, our approach
demonstrated impressive performance. In the presence of noise, the model maintained a competitive
WER of 7%, indicating its ability to deal with real-world acoustic challenges.
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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.

The model for noisy data exhibits the resilience of the system by maintaining a high level of
transcription accuracy even in the presence of background noise and other acoustic disturbances.

The developed model outperforms previous approaches by incorporating the latest algorithms
and leveraging a comprehensive corpus of recorded data. Specifically, it demonstrates superior
accuracy, robustness to noise, and the ability to handle diverse speech styles. These advancements
make it highly relevant and valuable in the speech recognition industry for the Amharic language.

The potential applications of the developed speech recognition model are extensive. Its
implementation opens up possibilities for voice search, voice-to-text transcription, voice commands
to smart home devices, customer service, pre-sales interactions, voice biometrics for security,
automotive integration, academic research, media/marketing, and healthcare. By enabling intuitive
and effortless human-machine communication, the model has significant implications for various
sectors.
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