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A B S T R A C T

The rising popularity of end-to-end (E2E) automatic speech recognition (ASR) systems can be attributed to their
ability to learn complex speech patterns directly from raw data, eliminating the need for intricate feature
extraction pipelines and handcrafted language models. E2E-ASR systems have consistently outperformed
traditional ASRs. However, training E2E-ASR systems for low-resource languages remains challenging due to
the dependence on data from well-resourced languages. ASR is vital for promoting under-resourced languages,
especially in developing human-to-human and human-to-machine communication systems. Using synthetic
speech and data augmentation techniques can enhance E2E-ASR performance for low-resource languages,
reducing word error rates (WERs) and character error rates (CERs). This study leverages a non-autoregressive
neural text-to-speech (TTS) engine to generate high-quality speech, converting a series of phonemes into speech
waveforms (mel-spectrograms). An on-the-fly data augmentation method is applied to these mel-spectrograms,
treating them as images from which features are extracted to train a convolutional neural network (CNN)
and a bidirectional long short-term memory (BLSTM)-based ASR. The E2E architecture of this system achieves
optimal WER and CER performance. The proposed deep learning-based E2E-ASR, trained with synthetic speech
and data augmentation, shows significant performance improvements, with a 20.75% reduction in WERs and
a 10.34% reduction in CERs.
1. Introduction

Automatic speech recognition (ASR) is a part of daily life, with
hands-free assisting ASR systems such as Apple CarPlay in cars, Apple
Siri and Samsung Bixby in cell phones, Microsoft Cortana in comput-
ers, and Amazon Echo and Google Home in virtual home assistants.
However, most of these technologies are designed for languages with
abundant digital resources. Low-resource languages, facing constraints
such as a scarcity of large training data and phonetic definitions and
language models, encounter difficulties in implementing such advanced
technologies. Additionally, low-resource languages contend with is-
sues like diverse language types, a shortage of skilled native speakers
for data collection, and numerous dialects. While ASR can facilitate
interaction in specific circumstances [1,2], its importance transcends
mere assistance and becomes crucial. For instance, in regions with
low literacy rates and limitations associated with under-resourced lan-
guages, ASR proves to be an ideal solution [3–6]. The widespread
adoption of communication platforms, such as smartphones, in the
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developing world and their increasing presence in rural areas offers
a unique opportunity to create a voice-based application. Such an
application could play a crucial role in addressing the low literacy
levels prevalent in these regions. Individuals in areas with limited
literacy often communicate in local languages, sometimes referred
to as under-resourced due to their lack of formal written grammar
and vocabulary. Many people in these regions may not comprehend
languages with abundant resources, such as English. Developing ASR
systems for languages with fewer resources appears to be a promising
solution to this challenge. However, creating an ASR system faces the
obstacle of limited training data. This study focuses on end-to-end ASR
for low-resource languages. For instance, Urdu, despite being the 10th
most spoken language globally, qualifies as a low-resource language.
The scarcity of benchmark datasets in Urdu has compelled researchers
to employ increasingly innovative methods to overcome this challenge.

Deep neural networks (DNNs) [7] used in language modelling for
ASR systems have yielded substantial performance enhancements in
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high-resource languages like English and Mandarin [8–10]. However,
achieving similar improvements in low-resource languages requires
extensive training data. Deep Learning (DL) ASR systems [11] for
anguages with limited resources often necessitate the integration of ad-
itional training resources, such as cross-lingual acoustic models [12],

or in-domain synthetic acoustic data. These measures are essential
to achieve word error rates (WERs) comparable to those observed
with classical Hidden Markov Model (HMM) and Gaussian Mixture

odel (GMM) ASR paradigms. Several studies, including [13–15], have
demonstrated that text-to-speech (TTS)-based synthetic data can facil-
tate end-to-end (E2E) ASR models in learning new languages. This

is crucial for incorporating ASR features into new applications. Re-
cent findings from [14] highlight practical challenges in language
extension strategies, particularly in learning to identify new words
without compromising the recognition of previously learned ones. The
study explores various techniques to address this challenge, such as
mixing actual and synthetic data with weighted sampling and apply-
ing different regularizations to each framework. Generative data-free
quantization for ASR leverages generative models (e.g., GANs or VAEs)
to create synthetic data resembling speech inputs, enabling model
compression without requiring the original training data. This approach
reduces the precision of weights and activations (e.g., to 8-bit) while
preserving model performance, making ASR systems more efficient for
deployment in resource-constrained environments [16–20].

The usefulness of synthetic speech data for training ASR systems has
advanced significantly in recent years. In the training of acoustic-to-

ord speech recognition models, a Tacotron-2-based TTS engine [21]
s employed to synthesize speech for new vocabulary [22]. Subsequent

research [13] utilizes a multi-speaker TTS to enhance auditory variety
in synthetic data by integrating speaker embeddings into the Tacotron-
2 framework. In a later study [23], global style token (GST)-inspired
embeddings are applied to update the Tacotron-2 version, improving
the acoustical diversity of synthetic data, with GST proving superior
to i-vector-driven embeddings. The study also demonstrates that com-
bining TTS-based synthetic data, language model methods, and the
general data augmentation technique (SpecAugment, [24]) is generally
independent and effective. Another suggestion [25] proposes that end-
o-end TTS with speaker presentations using a variational autoencoder
VAE) can increase the variety of speech in low-resource data. These
rior studies underscore the importance of enhancing acoustic diversity
n synthetic data for ASR model development, particularly in low-
esource contexts. Based on this research, the present study aims to

reduce the need for ASR model training on large datasets generated
by TTS synthetic data. Current technologies can potentially achieve
comparable results, but each has its own set of limitations. In semi-
supervised learning (SSL) [26,27], a machine transcribes spoken audio
instead of a human, requiring the collection, distribution, and storage
f audio signals to construct machine-transcribed labels. In federated
earning (FL) [28,29], numerous network updates are necessary when

many devices collaborate to train a single global model, leading to in-
reased costs for users updating their devices to use new features. Given
he significance of language model strategies as alternate methods
or improving end-to-end ASR performance using text-only data [30–

32], this study focuses on WER and CER improvement by employ-
ng TTS synthetic data and a standard signal processing-based data

augmentation.
This study proposes an end-to-end ASR (E2E-ASR) system designed

or low-resource languages, utilizing synthetic speech, data augmenta-
ion, and transfer learning. Initially, we employ a non-autoregressive
eural text-to-speech (TTS) engine, FastSpeech [33,34], known for its
fficiency and effectiveness in speech synthesis. This model generates

high-quality, clean speech, producing mel-spectrograms as an output.
The neural TTS engine directly translates a sequence of phonemes into
mel-spectrograms, capturing sound information akin to human percep-
2

tion. To enhance the ASR model, we introduce a data augmentation d
method that generates additional training data. This on-the-fly aug-
mentation is applied to the mel-spectrograms, leveraging the distinct
informative patterns crucial for recognition. As speech patterns typi-
cally remain consistent across speakers, these patterns prove effective
in building a robust ASR system. The E2E-ASR treats mel-spectrograms
as images, employing a convolutional neural network (CNN) archi-
tecture to learn features and improve word error rates (WERs) and
character error rates (CERs). Additionally, this study incorporates trans-
fer learning to maximize ASR performance. The key contributions can
be summarized as follows: first, proposing an E2E-ASR system for low-
resource languages using synthetic speech, data augmentation, and
transfer learning; second, implementing an efficient and fast speech
synthesis model, FastSpeech, to create mel-spectrograms with addi-
tional data augmentation, thereby increasing the number of samples
for training the E2E-ASR.

The remaining study is structured as follows: Section 2 presents
elated ASR literature. Section 3 presents the proposed E2E-ASR sys-

tem. Section 4 provides experiments. The results and discussions are
utlined in Section 5. Section 6 presents concluding remarks and future
irections.

2. Related literature

ASR models based on HMM and GMM dominated the speech recog-
nition field for decades [35–37]. The HMM, a stochastic model, has a
fixed and specified number of states established during the training pro-
cess. The hidden state quantity in an input speech can vary according
o the state. The HMM is predicated on the assumption that the input

speech signal can be characterized as a parametric random selection
with well-defined and precise parameters.

Deep learning models have evolved into a vital feature of TTS
and ASR [38–41], as well as other speech analysis and recognition
hallenges, resulting in substantial advances in speech technology in
ecent years. In ASR systems, DNN-based acoustic models have almost
vertaken HMMs and GMMs. Recently, studies in the area of speech
echnology have focused on convolutional neural networks (CNNs),

which are successfully used in E2E models that are built using raw
speech datasets. A speech recognition system is constructed by incor-
porating a limited-weight-sharing approach into the CNN framework.

he findings revealed that the CNN decreased the WERs by 6%–
0% when compared to the traditional techniques [42–44]. In another
tudy, the CNN modelling technique was employed to recognize pre-

determined keywords in a spoken command recognition system [42].
This method used several files, including spoken instructions from
Google’s TensorFlow and AIY teams. The vanilla, single-layer SoftMax-
ased DNN and CNN were applied. The system using CNN achieved
5.1% accuracy. End-to-end acoustic modelling with a CNN [43] was

employed using TIMIT, WSJ, MP-DE, and MP-F databases to perform
the recognition task. The method produced a 1.9% WER, which was
ower than the other available approaches. A study [45] used pre-
rained wav2vec2.0 models to address low-resource speech recognition
asks in multiple spoken languages to test their language applicability.
he study achieved 20% relative improvements in six low-resource

anguages.
A study [46] examined the performance of an E2E RNN-T model.

The model comprises an encoder built from a CTC acoustic model and a
decoder trained substantially from an RNN language model trained only
on text data. Text and pronunciation data can be utilized to increase
the performance of E2E ASR. The study observed that pre-training the
RNN-T encoder using CTC increases WER by 5% compared to a 5-
ayer encoder while using a deeper 8-layer encoder instead of a 5-layer
ncoder improves WER by 10%. An E2E ASR [47] processes twice

as fast as real-time on a Google Pixel phone and increases WER by
more than 20% over a powerful embedded baseline model for both
oice search and dictation tasks. Many studies on speech recognition in
ifferent languages have been attempted, but only a handful have been
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Fig. 1. Schematic of the Proposed ASR System for Low Resource Languages.

applied to low-resource languages. Mamyrbayev et al. [46] reported a
Kazakh ASR system based on a DNN model using Kaldi tools. Later,
in 2021, the study [48] reported an E2E ASR model for recognizing
Kazakh language speech using an RNN-T, which has a similar network
as an encoder–decoder with an attention framework. A study proposed
MixSpeech [49], an effective data augmentation approach for low-
resource ASR. MixSpeech trained an ASR model by using a weighted
mix of two different speech features (like mel-spectrograms or MFCC)
as inputs and recognizing both text sequences using the same combina-
tion weight. MixSpeech is applied to two prominent E2E ASR models,
LAS (Listen, Attend, and Spell) and Transformer, and experiments are
done on several low-resource datasets, including TIMIT, WSJ, and
HKUST.

A study [50], for the Uzbek language and its dialects, suggested
an E2E DNN-HMM automatic speech recognition model and a hy-
brid connectionist temporal classification (CTC)-attention network. The
study [51] applied the CNN-DTW (dynamic time warping) technique
to a low-resource language (Luganda), where the CAE (correspondence
autoencoder) was used as input to the CNN-DTW model, and showed
that this arrangement produced better results. A study [52] combined
the MFCC feature extraction method with FDLP (frequency domain
linear prediction) and proposed an MFCC-FDLP hybrid system for the
Punjabi ASR system front-end feature extraction. Based on transfer
learning and multilingual speech recognition on the E2E framework,
a study [53] suggested an E2E ASR model for the low-resource Lhasa
dialect. The approach started by making a monolingual E2E ASR system
for the Lhasa dialect. Multiple source languages were used to start the
ASR model, and transfer learning was used to compare how the source
languages affected the Tibetan ASR model. There is also a proposal
for a multilingual E2E ASR that uses different ways to start and units
at different levels. Another study [54] suggested that a low-resource
Sanskrit language could use self-supervised learning to do E2E ASR.
Acoustic representations are learned using the wav2vec2.0 framework
in an E2E deep learning technique. Using the Mozilla DeepSpeech
architecture, an E2E method is proposed for developing ASR with
the low-resource Tamil language [55]. For training, online computing
resources were used, which made it possible to use the same methods
for research in languages with few resources. The proposed ASR model
achieved the highest WER of 24.7%, compared to 55% for Google
speech-to-text. In the OpenASR21 Challenge, a study [56] explored and
examined a set of wav2vec pre-trained models for E2E ASRs in 15
low-resource languages. The performance of pre-trained models using
diverse pre-training audio data and architectures (wav2vec2.0, Hu-
BERT, and WavLM) in low-resource languages is studied. An external
E2E language model was used in a study [57] to look at better ways
to adapt to low-resource languages in the context of transfer learning.
First, a language-independent ASR system is built with a common
vocabulary for all languages and a unified sequence-to-sequence (S2S)
architecture. During the adaptation stage, language model fusion trans-
fer is used when an external language model is added to the decoder
network of the attention-based S2S model so that the language context
of the target language can be used.
3

3. Proposed ASR for low resource language

This section presents the proposed E2E-ASR and its related modules.
Fig. 1 demonstrates the proposed E2E-ASR system. It consists of a neu-
ral text-to-speech engine (FastSpeech [34]), data augmentation applied
to the synthetic speech and a convolutional neural network-based ASR
model for speech recognition. A multi-style training scheme is used to
train the CNN model. The features for training the ASR are obtained
after mixing speech from the limited database with TTS-based syn-
thetic+augmented mel-spectrograms. The sampling weights optimize
the ratio of real-to-synthetic speech during CNN training. This approach
effectively combines low-resource speech with synthetic+augmented
data in every batch, allowing the ASR model to see and train on both
types of data. The E2E-ASR utilizes transfer learning to maximize the
benefits of already available datasets (LibriSpeech [58] in our case).

3.1. Neural TTS engine

This study applies a neural TTS (as shown in Fig. 2(a)) to produce
mel-spectrograms of clean synthetic speech. The TTS contains an en-
coder, variance adaptor, and predictor modules. Due to the increased
variability and detailed representation (such as phases) observed in
a speech waveform in comparison to a mel-spectrogram, there exists
a greater difference in information between the input and output.
Therefore, the waveform decoder in the original FastSpeech is omitted
in our E2E-ASR model. The process begins with the encoder, which
transforms the phoneme embeddings into phoneme-hidden sequences.
The variance adaptor augments the hidden sequence by incorporating
various types of variance information, including duration, pitch, and
energy. Lastly, the mel-spectrogram decoder takes the adapted hidden
sequence and generates a mel-spectrogram sequence. For the encoder,
we use a feed-forward transformer that comprises a self-attention layer
and a 1D-convolution layer stacked together as a fundamental structure
(Fig. 2(b)).

The variance adaptor incorporates variance-related details (energy,
pitch, and duration) into the phoneme sequences, as illustrated in
Fig. 2(c). This additional information can enable the prediction of dif-
ferent versions of the speech, thus addressing the challenge of mapping
a single input to multiple outputs in TTS. The variance adaptor contains
(i) a duration predictor, (ii) a pitch predictor, and (iii) an energy pre-
dictor, respectively. The model structure for the predictors of duration,
pitch, and energy is similar but with different model parameters. It
comprises a two-layer 1D-convolutional network with ReLU activation,
followed by layer normalization and a dropout layer. Additionally,
there is an extra linear layer that projects the hidden states into the
output sequence. The duration predictor uses a hidden sequence of
phonemes as its input and forecasts the length of each phoneme in
terms of the number of corresponding mel-frames. This information
is converted to the logarithmic domain for easier prediction. Mean
square error (MSE) loss optimizes the performance of the predictor by
minimizing the errors. The duration predictor can be represented as:

𝑑𝑖 = 𝑓 (𝑥𝑖; 𝜃𝑑 ) (1)

where 𝑑𝑖 is the predicted duration of the 𝑖th phoneme or syllable, 𝑥𝑖
is the corresponding input feature vector, and 𝜃𝑑 are the learnable
parameters of the duration predictor. The function 𝑓 (⋅) is implemented
by using CNN. The purpose of the length regulator 𝐿𝑅 (shown in
Fig. 2(d)) is to address the problem of inconsistent length between
the phoneme and spectrogram sequences in the variance adaptor.
Typically, a phoneme sequence is shorter than its corresponding mel-
spectrogram sequence, with multiple mel-spectrograms representing a
single phoneme. This duration of mel-spectrograms that correspond
to a phoneme is known as phoneme duration. To adjust for this, a
length regulator expends the phoneme sequences by a factor of the
phoneme duration 𝑑, resulting in the total length of the hidden states
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Fig. 2. The Neural TTS Framework. (a) FastSpeech [34] without Waveform Decoder, (b) Encoder structure, (c) Variance Adaptor, and (d) Length Regulator (LR).
Fig. 3. The mel-spectrograms with 𝛼= [1.5x(a), 1.0x(b) and 0.5x(c)].
equal to a mel-spectrogram. The hidden states of the phoneme se-
quences and the phoneme duration sequence are denoted as 𝐻𝑝ℎ𝑜𝑛𝑒𝑚𝑒 =
[ℎ1, ℎ2, ℎ3,… , ℎ𝑚] and 𝐷𝑝ℎ𝑜𝑛𝑒𝑚𝑒 = [𝑑1, 𝑑2, 𝑑3,… , 𝑑𝑛], where 𝑚 and 𝑛
indicate the length of phoneme and mel-spectrogram sequences. The
length regulator (LR) is given as:

𝐻𝑚𝑒𝑙 = LR(𝐻𝑝ℎ𝑜𝑛𝑒𝑚𝑒,𝐷 ,𝛼) (2)

Where 𝛼 indicates the hyperparameter that determines the length of the
expanded sequence 𝐻𝑚𝑒𝑙, hence controlling the speed of the voice. For
illustration, for a given 𝐻𝑝ℎ𝑜𝑛𝑒𝑚𝑒 = [ℎ1, ℎ2, ℎ3, ℎ4] with corresponding
phoneme duration 𝐷𝑝ℎ𝑜𝑛𝑒𝑚𝑒 = [2, 2, 3, 1], the expanded sequence 𝐻𝑚𝑒𝑙,
Eq. (2) becomes [ℎ1, ℎ1, ℎ2, ℎ2, ℎ3, ℎ3, ℎ3, ℎ1] when 𝛼 = 1 (normal).
For 𝛼 = 1.3 (slow) and 𝛼 = 0.5 (fast), the duration sequences are
𝐷𝑝ℎ𝑜𝑛𝑒𝑚𝑒 = [2.6, 2.6, 3.9, 1.3] and 𝐷𝑝ℎ𝑜𝑛𝑒𝑚𝑒 = [1, 1, 1.5, 0.5], respectively,
and illustrated in Fig. 3 for reference. The input text to the TTS is Urdu
text translated as ’’For a while, the preacher addresses himself to the
congregation at large, who listen attentively’’.

The pitch predictor predicts the pitch contours. For better predic-
tions of the variations in the pitch contours, the CWT (continuous
wavelet transform) decomposes the pitch series into a pitch spectro-
gram. The pitch predictor uses these pitch spectrograms as a training
target, optimized by minimizing the MSE. The pitch predictor during
the inference generates pitch spectrograms, which are then converted
to pitch contours by applying inverse CWT. For a given pitch counter
function 𝐹0, the CWT converts it into a pitch spectrogram 𝑍(𝜏 , 𝑡) as:

𝑍(𝜏 , 𝑡) = 𝜏
1
2
∫

+∞

−∞
𝐹0(𝑦)𝜓(

𝑦 − 𝑡
𝜏

)𝑑 𝑦 (3)

Where 𝜉 denotes the Mexican hat mother wavelet, 𝐹0(𝑦) denotes the
pitch values in position 𝑦 whereas 𝑡 denotes the position and 𝜏 denotes
the scale of the wavelet. By using inverse CWT, the primary 𝐹 can be
4

0

recovered from 𝑍(𝜏 , 𝑡):
𝐹0(𝑡) = ∫

+∞

−∞ ∫

+∞

0
𝑍(𝜏 , 𝑡)𝜏 −5

2 𝜓(𝑥 − 𝑡
𝜏

)𝑑 𝑥𝑑 𝜏 (4)

The 𝐹0 can be represented as 10 different components if 𝐹0 is
decomposed into 10 scales, given as:

𝑍𝑘(𝑡) = 𝑍(2𝑘+1𝜏0, 𝑡)(𝑘 + 2.5) −52 (5)

Where 𝑘 = 1,… ., 10, 𝜏0 = 5𝑚𝑠𝑒𝑐. For 10 wavelet components 𝑍̂𝑘(𝑡), the
pitch counter 𝐹0 can be recomposed as:

𝐹0(𝑡) =
𝑘=10
∑

𝑘=1
𝑍𝑘(𝑡)(𝑘 + 2.5) −52 (6)

The energy predictor predicts the original values of energy and
optimizes the energy predictor with the MSE loss function. Since energy
is not as highly variable as pitch, the energy is not transformed using
CWT.

The architectures for predicting variations (pitch, duration, and
energy) follow similar structures with different parameters. The archi-
tectures consist of a 2-layered 1D-CNN with ReLU, where each layer
is followed by normalization and dropout regularization, as illustrated
in Fig. 4(b). In addition, there is an extra linear layer for converting
the hidden states into the output sequence. For the mel-spectrogram
decoder, this study employs a feed-forward transformer block that
comprises a self-attention layer and a 1D-convolution layer stacked
together as a fundamental structure (as in Fig. 4(a)).

3.2. On-the-fly speech augmentation

Speech augmentation increases the effective size of existing speech
data, even when the volume of training data is inadequate [24]. This
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Fig. 4. Mel-Spectrogram Decoder and structures of the Duration/Pitch/Energy predic-
tors.

technique proves to be effective in enhancing the performance of
ASR systems. For ASRs, augmentation typically involves modifying the
audio waveforms in various ways, such as altering the speed or adding
background noise. This enhances the dataset’s effective size, given that
various augmented iterations of an individual input are introduced to
the network during the training process. Additionally, this approach
promotes the network’s resilience by compelling it to acquire perti-
nent features. Conventional audio augmentations are computationally
expensive and sometimes require additional data. Thus, in this study,
an on-the-fly augmentation technique is employed to directly apply
transformations to the mel-spectrograms, which aids the network in
acquiring useful features. Speech augmentation consists of frequency
and time masking. The deformation policies concerning frequency and
time are:

• To apply frequency masking, a consecutive block of mel frequency
channels (𝑓0, 𝑓0 +𝑓 ) of length 𝑓 is masked, where the value of 𝑓
is randomly selected from a uniform distribution between 0 and
the frequency mask parameter 𝐹 , and 𝑓0 is chosen randomly from
the interval [0, 𝑣-𝑓], where 𝑣 represents the total number of mel
frequency channels.

• To apply time masking, a block of 𝑡 consecutive time steps (𝑡0,
𝑡0+𝑡) is masked, where the value of 𝑡 is selected randomly from
a uniform distribution between 0 and the time mask parameter
𝑇 , and 𝑡0 is randomly selected from the interval [0, 𝜏-𝑡], where 𝜏
represents the total number of time steps.

Examples of the individual augmentations applied to a
mel-spectrogram can be seen in Fig. 5.

3.3. CNN as low-resource ASR

This study employs a CNN as an ASR system, as shown in Fig. 6.
The CNN model uses skip connections to prevent gradient decay and
a flatten layer for recognizing low-resource speech. A mel-spectrogram
serves as an input RGB image to CNN. Before feeding, the
Mel-spectrogram is first reshaped to (200 × 200) pixels. The CNN for
ASR in this study comprises 10 convolutional layers (Conv-2D), using
16 filters that gradually increase to 256 filters. Each convolutional set
is followed by a Max pooling layer with a (2 × 2) pooling size, whereas
the kernel size is set to (3 × 3). The output tensors after all convolutional
sets follow dimensions of (148 × 148 × 16), (72 × 72 × 32), (34 × 34 × 64),
(15 × 15 × 128), and (5 × 5 × 256), respectively, with the filter size ranging
from 16 to 256. A spatial dropout regularization is used to prevent
overfitting due to data scarcity. A 50% spatial dropout rate is used to
extract a 2D feature map from the mel-spectrogram instead of randomly
5

Fig. 5. Individual augmentations applied to a mel-spectrogram. Frequency masking
augmentation (middle mel-spectrogram) and Time masking augmentation (bottom mel-
spectrogram).

dropping individual pixels. A standard dropout is applied after the final
max-pooling layer. All convolutional layers use ReLU activation, but a
softmax activation is applied after the flattened layer for one-of-many
classification. The Bidirectional Long Short-Term Memory (BLSTM)
layers [59] are added to capture the temporal dependency. The output
of the CNN is fed into the BLSTM layer, which is particularly effective
in capturing temporal patterns. In our configuration, we use two BLSTM
layers followed by the fully connected layer; however, the specific
number of layers may vary based on the experimental requirements.
Each BLSTM layer consists of 832 cells and 1024 neurons, with 512
LSTM units in each direction. A batch size of 256 samples is used
to train the CNN. To optimize the weights, the ADAM optimizer is
applied. The cross-entropy loss function specifies the target labels used
in CNN. In our case, using word-level transcriptions allows us to capture
higher-level linguistic information.

Transfer learning is employed in E2E-ASR to leverage the advan-
tages of high-resource data and improve the model performance on
low-resource speech data. This involves the model learning important
visual features of high-resource speech, which then refines its under-
standing when presented with low-resource mel-spectrograms. For this
task, clean speech data is obtained from the LibriSpeech dataset, and no
low-resource speech samples are used to train the ASR model. After ASR
training on clean speech, transfer learning is applied. The ASR model
is retrained using speech data from low-resource languages. During
transfer learning, the weights and biases of the first four convolutional
sets (Conv2D-1 to Conv2D-8, as depicted in Fig. 7) are kept frozen
except for the last convolutional set (Conv2D-9 and Conv2D-10). The
weights and biases of the last convolutional set are updated, thereby
learning the patterns of low-resource speech signals. These frozen
neurons instruct the optimizer to stop updating the hyperparameters of
Conv2D-1 to Conv2D-8 and force the model to update the hyperparam-
eters of the remaining convolutional neurons, thereby minimizing loss.
A 70% dropout rate is applied during this procedure. Fig. 7 illustrates
the frozen layers (non-trainable convolutional neurons, represented
as a red box) and unfrozen layers (trainable convolutional neurons,
represented as a green box) for transfer learning.

4. Experiments

4.1. Datasets

The experiments use datasets of the IARPA Babel program,1 IEEE
Hindi speech dataset,2 the Kaggle Urdu dataset,3 and Turkish dataset.4

1 https://catalog.ldc.upenn.edu/LDC2016S08
2 https://ieee-dataport.org/open-access/speech-dataset-hindi-language
3 https://www.kaggle.com/datasets/hazrat/urdu-speech-dataset
4 https://huggingface.co/datasets/emre/Open_SLR108_Turkish_10_hours

https://catalog.ldc.upenn.edu/LDC2016S08
https://ieee-dataport.org/open-access/speech-dataset-hindi-language
https://www.kaggle.com/datasets/hazrat/urdu-speech-dataset
https://huggingface.co/datasets/emre/Open_SLR108_Turkish_10_hours
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Fig. 6. Architecture of CNN-based Low-Resource ASR.
Fig. 7. Transfer learning with Frozen and Unfrozen convolutional neurons.
Table 1
Details of the CNN architecture.

Conv2D-1 Conv2D-2 Conv2D-3 Conv2D-4 Conv2D-5 Conv2D-6 Conv2D-7 Conv2D-8 Conv2D-9 Conv2D-10

Filters: 16, Kernel: (3 × 3)
Maxpooling: (2 × 2)

Filters: 32, Kernel: (3 × 3)
Maxpooling: (2 × 2)

Filters: 64, Kernel: (3 × 3)
Maxpooling: (2 × 2)

Filters: 128, Kernel: (3 × 3)
Maxpooling: (2 × 2)

Filters: 256, Kernel: (3 × 3)
Maxpooling: (2 × 2)

Flatten (1 × 6400); Final convolutional embedding length (1 × 60)

BLSTM layers: 832 cells and 1024 neurons
For transfer learning, this study uses the clean training set from Lib-
riSpeech [58]. The Babel datasets created by IARPA include conversa-
tional telephone speech in 28 languages that were recorded in diverse
settings. These recordings were made in real-life situations and under
different conditions, like on the street while talking on a mobile phone.
However, some of the languages have only a small amount of data
collected using a distant microphone. The quantity of transcribed audio
data differs based on the language and recording conditions. Turkish
(10 h of training speech data) and Bengali (62 h of training data) are
two low-resource languages selected from the IARPA Babel datasets.
The IEEE Hindi database contains 2 h of training data, whereas the
Kaggle Urdu dataset contains 1.3 h of training data. However, these
low-resource databases are enhanced with synthetic and augmented
speech samples to reduce WERs.

4.2. Pre-processing data

The transcripts for the neural TTS are selected from the Intelligence
Advanced Research Projects Activity (IARPA) for different low-resource
languages (Bengali, Turkish, and Hindi). The input text transcripts are
first converted into a numerical representation that is fed into a deep
neural network (DNN). This involves converting words into vectors to
6

represent the input sequences. The text data is cleaned and prepro-
cessed by tokenization, lowercasing, removing special characters, and
handling language-specific refinement. The neural TTS model learns the
mapping from text to speech to capture a natural speech waveform.
However, the process begins with the encoder, which transforms the
phoneme embeddings into phoneme-hidden sequences. The variance
adaptor augments the hidden sequence by incorporating various types
of variance information, including duration, pitch, and energy. Lastly,
the mel-spectrogram decoder takes the adapted hidden sequence and
generates a mel-spectrogram sequence. The Mel-spectrograms are first
reshaped to (200 × 200) pixels before feeding to CNN.

4.3. Architecture details

The experiments use a Convolutional Neural Network (CNN) as an
ASR system, as discussed in Section 3(c). By processing speech signals
as a series of mel-spectrograms (visual representations of speech), CNN
can learn to recognize patterns and features in the speech that can be
used to transcribe spoken words. The Mel-spectrograms with (200 × 200)
pixels are applied to the CNN. The BLSTM layers are added to capture
the temporal dependency. The network architecture of the CNN ASR
is provided in Table 1. The CNN for ASR in this study comprises 10
convolutional layers (Conv-2D), using 16 filters that gradually increase
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Table 2
TTS configuration.

S # Hyperparameter Configuration

1 Phoneme Embedding Dimension 256
2 Encoder Layers 4
3 Encoder Hidden Size 256
4 Encoder Conv1D Kernel 9
5 Encoder Conv1D Filter Size 1024
6 Encoder Attention Heads 2
7 Mel-Spectrogram Decoder Layers 4
8 Mel-Spectrogram Decoder Hidden Size 256
9 Mel-Spectrogram Decoder Conv1D Kernel 9
10 Mel-Spectrogram Decoder Conv1D Filter Size 1024
11 Mel-Spectrogram Decoder Attention Headers 2
12 Encoder/Decoder Dropout 0.1
13 Variance Predictor Conv1D Kernel 3
14 Variance Predictor Conv1D Filter Size 256
15 Variance Predictor Dropout 0.5

Fig. 8. Example Neural TTS Synthesized Mel-Spectrogram.

to 256 filters. Each convolutional set is followed by a Max pooling layer
with a (2 × 2) pooling size, whereas the kernel size is set to (3 × 3).
The output tensors after all convolutional sets follow dimensions of
(148 × 148 × 16), (72 × 72 × 32), (34 × 34 × 64), (15 × 15 × 128), and
(5 × 5 × 256), respectively, with the filter size ranging from 16 to 256. A
spatial dropout regularization is used to prevent overfitting due to data
scarcity. A 50% spatial dropout rate is used to extract a 2D feature map
from the mel-spectrogram instead of randomly dropping individual
pixels. A standard dropout is applied after the final max-pooling layer.
All convolutional layers use ReLU activation, but a softmax activation
is applied after the flattened layer for one-of-many classification.

The neural text-to-speech (TTS) system is composed of an encoder
with four feed-forward transformer blocks and a decoder that generates
mel-spectrograms. The output linear layer of the decoder converts
the hidden states into mel-spectrograms with a dimension of 80. The
training of our model employs mean absolute error (MAE) optimiza-
tion. Each feed-forward transformer block has a phoneme embedding
dimension and a hidden self-attention size of 256. The self-attention
layer is followed by a 2-layer convolutional network in which there
are two attention heads. The kernel sizes for the 1D convolutions in
this network are specified as 9 and 1, respectively. The initial layer
possesses a dimensionality of 256 for input and 1024 for output,
whereas the subsequent layer is configured with dimensions 1024 for
input and 256 for output. The vocabulary size for phonemes comprises
76 elements, inclusive of punctuation. Within the variance predictor,
the 1D-convolutional kernel sizes are uniformly set to 3, and both layers
exhibit input/output dimensions of 256/256. A dropout rate of 0.5 is
implemented in this context. The ADAM optimizer is employed with
parameters 𝛽 = 0.9 and 𝛽 = 0.98, coupled with learning rates 𝜖 =
and 10−9. The complete details are provided in Table 2. Fig. 8 shows a
synthesized mel-spectrogram.

5. Results and discussions

This section presents the experimental results for four low-resource
databases: Bengali, Hindi, Turkish, and Urdu. The results are evaluated
based on word error rate (WER) and character error rate (CER), with
lower percentages reflecting superior performance. Table 3 provides an
interpretation of various models. Here, TL denotes ‘‘Transfer Learning’’.
7

Table 3
Interpretation of different models.

Model name Interpretation

1 E2E-ASR-Clean ASR trained by Clean Speech
2 E2E-ASR-Synthetic ASR trained by Synthetic Speech
3 E2E-ASR-SpecAug ASR trained by Augmented Speech
4 E2E-ASR-Joint ASR trained by Clean+Synthetic+Augmented

5.1. Results with no transfer learning

The results obtained for the proposed E2E-ASR are provided in this
section for the development and test sets. Also, results with the English
language (LibriSpeech) are included; however, no augmentation or
synthetic speech is added to the LibriSpeech. The results in Tables 4–7
indicate that some low-resource languages perform poorly due to a lack
of clean speech data, such as Urdu. Insufficient training data for the
ASR model leads to poor performance. However, better results were
obtained for the Turkish language, where sufficient training speech
data was available. Synthetic data mixed with Urdu language data
significantly reduced the WERs and CERs, and on-the-fly speech aug-
mentation achieved reasonable WERs and CERs in the Urdu language.
The combination of synthetic speech and on-the-fly augmentation im-
proved the WERs and CERs for all low-resource languages, particularly
for Urdu (which had only 1.3 h of training data) and Hindi (which had
only 2 h of training data) due to the lack of sufficient training data for
both languages. In the test set (Table 4), the Urdu language shows an
improvement in WERs, from 49.31% (E2E-ASR-Clean) to 30.14% (E2E-
ASR-Joint), and in CERs, from 22.12% (E2E-ASR-Clean) to 11.36%
(E2E-ASR-Joint). However, even with the reduced WERs and CERs,
the results for Urdu are still lower compared to other low-resource
languages. The Turkish language exhibits improved WERs and CERs,
with rates of 28.34% and 10.01% respectively, after the application of
speech augmentation. This represents a 13.1% improvement in WERs
and a 9.12% improvement in CERs. The WERs and CERs are improved
by 19.18% and 11.02% for the Bengali language and 19.25% and
10.98% for the Hindi language, respectively, through the combination
of synthetic speech and on-the-fly speech augmentation. The E2E-ASR-
Joint significantly reduced the WERs and CERs at the testing set.
At the development set after fine-tuning, the model further improves
the WERs and CERs, as indicated in Table 5. With the development
set, the WERs and CERs with the Urdu language are improved by
2.20% and 2.03% at E2E-ASR-Clean. Similarly, at E2E-ASR-Joint, the
WERs and CERs are improved by 2.87% and 1.14% with the Urdu
language. The Turkish language performs the best at the development
set with E2E-ASR-Clean, improving the WERs by 2.39% and CERs by
1.97%, respectively. Jointly with E2E-ASR-Joint, the WERs and CERs
are improved by 3.41% and 0.87% with Bengali, whereas by 2.97%
(WERs) and 0.67% (CERs) with the Hindi language.

5.2. Results with transfer learning

Improved training techniques, such as synthetic and augmented
data, have shown reasonable performance in E2E-ASR models. How-
ever, these models still require large amounts of training data to
achieve state-of-the-art performance, which is a serious challenge for
low-resource languages. To address this issue, transfer learning is a
simple yet effective method to improve WERs and CERs. In this study,
we explore the effect of transfer learning on a speech recognition
system for four low-resource languages. We first train an E2E-ASR
model on the English LibriSpeech dataset without using synthetic or
augmented data and then transfer the trained network to fine-tune it
using only 3.5 h of training data from the low-resource datasets. The
transfer learning approach achieves better performance and requires
less training time than training the model from scratch. The transfer
learning approach used in this study is explained in Section 3(c). The
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Table 4
WER and CER results for Bengali and Hindi without and with transfer learning on testing sets.

Language Bengali language Hindi language

ASR model ASR: No TL ASR: With TL ASR: No TL ASR: With TL

Metric WERs CERs WERs CERs WERs CERs WERs CERs

E2E-ASR-Clean 45.29 21.04 44.83 20.61 44.12 20.87 43.57 20.35
E2E-ASR-Synthetic 40.38 16.22 39.71 15.58 39.61 16.01 38.89 15.34
E2E-ASR-SpecAug 32.39 12.11 31.66 11.42 31.01 12.10 30.21 11.39
E2E-ASR-Joint 26.11 10.02 25.24 9.23 24.87 09.89 23.88 09.02
Table 5
WER and CER results for Turkish and Urdu without and with transfer learning on testing sets.

Language Turkish language Urdu language

ASR model ASR: No TL ASR: With TL ASR: No TL ASR: With TL

Metric WERs CERs WERs CERs WERs CERs WERs CERs

E2E-ASR-Clean 41.45 19.13 40.87 18.60 49.31 22.12 48.75 21.65
E2E-ASR-Synthetic 32.78 15.88 32.04 15.20 41.65 18.44 40.94 17.87
E2E-ASR-SpecAug 28.34 10.01 27.51 09.28 35.17 14.21 34.38 13.52
E2E-ASR-Joint 20.22 08.98 19.24 08.09 30.14 11.36 29.21 10.58
Table 6
WER and CER results for Bengali and Hindi without and with transfer learning on development sets.

Language Bengali language Hindi language

ASR model ASR: No TL ASR: With TL ASR: No TL ASR: With TL

Metric WERs CERs WERs CERs WERs CERs WERs CERs

E2E-ASR-Clean 43.08 19.83 42.74 19.54 42.15 19.77 41.81 19.48
E2E-ASR-Synthetic 38.39 14.17 37.91 13.79 37.70 15.02 37.23 14.64
E2E-ASR-SpecAug 30.42 11.23 29.84 10.76 30.02 11.16 29.44 10.69
E2E-ASR-Joint 22.97 09.15 22.28 08.49 21.90 09.22 21.22 08.56
Table 7
WER and CER results for Turkish and Urdu without and with transfer learning on development sets.

Language Turkish language Urdu language

ASR model ASR: No TL ASR: With TL ASR: No TL ASR: With TL

Metric WERs CERs WERs CERs WERs CERs WERs CERs

E2E-ASR-Clean 39.06 17.16 38.72 17.87 47.11 20.09 46.77 19.80
E2E-ASR-Synthetic 30.79 14.63 30.28 13.98 38.31 16.96 37.83 16.58
E2E-ASR-SpecAug 26.37 09.24 25.79 08.77 33.08 13.18 32.50 12.71
E2E-ASR-Joint 18.24 08.24 17.55 07.56 27.28 10.22 26.59 09.56
a
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training/validation accuracy and loss are illustrated in Fig. 9.
Tables 4–7 show ASR results after transfer learning for the devel-

pment and test sets. The findings suggest that Urdu, a low-resource
anguage, shows improved performance on the testing set compared to
arlier results. This is attributed to the learned parameters resulting
rom transfer learning. Inadequate training data for the ASR model

leads to suboptimal performance, but this can be improved through
transfer learning. Furthermore, transfer learning yields better outcomes
for the Turkish language, with sufficient training speech data available.
Synthetic data mixed with Urdu language data significantly reduced
the WERs and CERs after transfer learning, and on-the-fly speech
augmentation achieved reasonable WERs and CERs. The combination
of synthetic speech and on-the-fly augmentation as well as transfer
learning improved the WERs and CERs for all low-resource languages,
particularly for Urdu (which had only 1.3 h of training data) and
Hindi (which had only 2 h of training data). With the test set after
applying transfer learning, the WERs and CERs with the Urdu language
(E2E-ASR-Clean) are reduced by 0.56% and 0.47%. Further, with the
development set after applying transfer learning, the WERs and CERs
with the Urdu language (E2E-ASR-Synthetic) are reduced by 0.48%
and 0.38%. Jointly with synthetic+augmentation (E2E-ASR-Joint) and
transfer learning, the average WERs and CERs over all low-resource
languages are improved by 0.95% and 0.83% with the test set, whereas
by 0.98% (WERs) and 0.91% (CERs) with the development set. The
experiments that utilized transfer learning have demonstrated the ef-
8

fectiveness of this approach in enhancing word error rates (WERs)
and character error rates (CERs). The results obtained from these
experiments affirm the success of the transfer learning strategy.

5.3. Comparison with related studies

Due to the limited number of studies on low-resource automatic
speech recognition (ASR), it is challenging to evaluate the performance
of the proposed end-to-end ASR (E2E-ASR) system. To address this
issue, the models that were trained in a high-resource language like
English were chosen for comparison. Although no synthetic speech
was utilized during the training, on-the-fly augmentation was applied
to the LibriSpeech dataset to enhance the word error rates (WERs)
nd character error rates (CERs) of the proposed E2E-ASR system. A
omprehensive comparison between the proposed model and several
rior studies that employed the LibriSpeech corpus is presented in

Table 8. The comparison was based on factors such as the number
of parameters utilized as well as the achieved CERs and WERs of
each model. The proposed ASR model exhibits the best WER value
among the works mentioned, with fewer trainable parameters. How-
ver, the achieved CER values are marginally less competitive than

the residual-BiGRU-ASR baseline, making it a potential area for future
esearch.
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Fig. 9. Training/Validation Accuracy and Loss.

Table 8
Performance comparison on the LibriSpeech (Test-Clean) dataset.

ASR model Para# WERs CERs

E2E-AutoEncoder-ASR [60] 130 M 18.0 8.4
Attention E2E-ASR [61] 70 M 5.40 6.6
GRC-CTC-ASR [62] 35 M 24.6 7.1
Residual BiGRU-ASR [63] 33 M 15.6 4.7
Transformer-based ASR [3] — 37.2 9.4
MLU-E2E ASR [16] — 30.79 —
VAKY-ASR [64] — 20.60 5.11
Conformer-based ASR [65] 30.5 M 18.9 5.11
E2E ASR [66] — 13.55 8.60

E2E-DeepASR (Proposed) 28 M 14.3 6.2

6. Conclusion

This study suggests an E2E-ASR system for low-resource languages
(Bengali, Hindi, Turkish, and Urdu in our case) that uses deep learn-
ing, synthetic speech, and data augmentation. The study applies a
non-autoregressive neural TTS engine to synthesize high-quality, clean
speech and uses FastSpeech, an effective and fast speech synthesis
model, to create the mel-spectrogram at the output. The sequence of
phonemes serves as input to the neural TTS and directly outputs the
mel-spectrogram, providing the model with sound information similar
to what a human perceives. Additionally, a data augmentation method
generates additional training data for ASR. Therefore, the study applies
an on-the-fly data augmentation method to the mel-spectrograms. The
E2E-ASR takes mel-spectrograms as images and learns the features
using CNN architecture to improve the WERs and CERs. The results
conclude that some low-resource languages perform poorly due to a
lack of clean speech data, such as Urdu. Insufficient clean training
data for the ASR model leads to poor performance. However, better re-
sults are obtained for low-resource languages after providing sufficient
training speech data. Synthetic data mixed with low-resource language
data significantly reduces the WERs and CERs, and on-the-fly speech
augmentation achieves reasonable WERs and CERs. The combination
of synthetic speech and on-the-fly augmentation improves the WERs
and CERs for all low-resource languages, particularly for Urdu (which
has only 1.3 h of training data) and Hindi (which has only 2 h of
training data). Transfer learning is a simple yet effective method that
improves WERs and CERs. After applying transfer learning to the test
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set, the WERs and CERs of the least low-resource language, Urdu, are
reduced by 0.56% and 0.47% with the E2E-ASR-Clean model. Similarly,
after applying transfer learning to the development set, the WERs and
CERs for the Urdu language are reduced by 0.48% and 0.38% with
the E2E-ASR-Synthetic model, respectively. By using a joint approach
with synthetic+augmentation (E2E-ASR-Joint) and transfer learning,
the average WERs and CERs over all low-resource languages improve
by 0.95% and 0.83% with the test set, and by 0.98% (WERs) and 0.91%
(CERs) with the development set. The proposed ASR model shows the
best WER value among the mentioned research studies and has fewer
trainable parameters. However, the achieved CERs are marginally less
competitive than a few baselines, which suggests that it is a potential
area for future research.

Current end-to-end (E2E) ASR systems face limitations such as the
need for large amounts of annotated training data, challenges in han-
dling diverse accents and noisy environments, and difficulty generaliz-
ing to low-resource languages. These issues are particularly pronounced
for under-resourced languages where speech corpora are scarce. Trans-
fer learning from well-resourced languages can help address these
challenges by enabling models trained on large, high-quality datasets to
be fine-tuned for low-resource languages. This approach leverages the
shared linguistic features and representations learned from resource-
rich languages, allowing the E2E-ASR system to generalize better to
new languages with minimal data. By using transfer learning, the
system can benefit from improved robustness and performance despite
the limited availability of training data.
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