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 This study focuses on enhancing spoken word detection in the Assamese 

language using bidirectional long shor term memory (BiLSTM). The 

primary objective is to improve the model’s robustness in noisy 

environments by using various data augmentation methods. The research 

addresses the challenges of keyword detection in low-resource languages 

like Assamese. A BiLSTM model was trained and tested using a speech 

corpus sourced from the Indian Language Technology Proliferation and 

Development Center (ILTP-DC), comprising 32,335 utterances from 1,000 

speakers and 262 unique Assamese words. The model was trained on 10 

specific keywords. Feature extraction was conducted using 39 coefficients, 

including MFCC, ΔMFCC, and ΔΔMFCC. The model’s performance was 

evaluated on clean and augmented noisy datasets. The application of data 

augmentation techniques significantly improved the model’s performance in 

noisy environments. This model achieved an average accuracy of 98.01% 

and a word error rate (WER) of 19.94% on noisy data, showcasing the 

effectiveness of augmentation in enhancing keyword detection. This work 

introduces a novel approach to Assamese spoken word detection by 

integrating BiLSTM with data augmentation techniques, making the model 

more noise-resilient. This study sets a benchmark for Assamese speech 

recognition and showcases augmentation techniques’ effectiveness in low-

resource languages.  
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1. INTRODUCTION  

Spoken word detection, a crucial aspect of automatic speech recognition (ASR), involves identifying 

and transcribing spoken words into text. While significant advancements have been made in ASR systems for 

widely spoken languages, such as English and Mandarin, the development of robust speech recognition 

systems for low-resource languages remains a challenge. Assamese, a language spoken by millions in the 

northeastern region of India, represents one such low-resource language where ASR technologies are 

underdeveloped. The primary challenge lies in the limited availability of annotated speech corpora and the 

complexities of handling noise in real-world environments. In such cases, traditional methods often fail to 

perform at optimal levels, particularly when the model is exposed to noisy speech data [1]-[2]. 

The use of deep learning techniques, specifically bidirectional long short-term memory (BiLSTM), 

has gained popularity in the field of speech recognition. BiLSTM networks, a variation of recurrent neural 

networks (RNNs), are known for their ability to capture both past and future context in sequential data, 

https://creativecommons.org/licenses/by-sa/4.0/
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making them ideal for speech recognition tasks. Unlike traditional unidirectional long short-term memory 

(LSTMs), BiLSTM processes data in both forward and backward directions, enhancing its ability to 

recognize spoken words in a more accurate and context-aware manner. The effectiveness of BiLSTM in 

spoken language processing has been demonstrated in several studies, such as [1]-[2], which showed 

improvements in speech recognition accuracy by leveraging BiLSTM’s ability to capture temporal 

dependencies in audio signals. 

However, a persistent challenge in ASR systems, especially for low-resource languages, is the 

performance degradation caused by noisy data. Environmental noise, such as background chatter, 

reverberations, and distortions, can significantly reduce the accuracy of speech recognition systems.  

To combat this, data augmentation techniques have been explored as a solution to enhance the robustness of 

speech recognition models. Data augmentation methods, such as noise injection, time-stretching, and pitch-

shifting, simulate real-world conditions and provide the model with diverse training data to improve 

generalization. Studies like [3] and [4] have shown that data augmentation can substantially improve the 

performance of ASR systems by making them more resilient to noise and improving their ability to detect 

keywords in varied acoustic conditions [5]-[10] 

In the context of Assamese, the need for effective keyword detection systems is even more 

pronounced due to the scarcity of publicly available speech corpora and the linguistic diversity within the 

language. Assamese, a language rich in phonetic diversity, has posed a significant challenge for ASR 

development. Although some efforts have been made to develop ASR systems for Assamese, they have been 

limited by the lack of large annotated datasets and linguistic resources. The Assamese speech corpus 

provided by the Indian Language Technology Proliferation and Development Center (ILTP-DC) is one of the 

few available resources, yet it still contains limitations regarding the diversity of speech patterns, background 

noise, and regional variations. Recent researches has focused on building rudimentary ASR systems for 

Assamese, but these approaches have yet to fully address issues such as noise resilience and real-time 

keyword detection [11]-[14]. 

Data augmentation in the context of Assamese speech recognition is still an emerging area. 

Techniques like noise injection, pitch scaling, and reverberation simulation have shown promise in 

improving performance, especially in noisy environments. Augmenting Assamese speech data has the 

potential to boost recognition accuracy, particularly when dealing with low-resource settings and noisy 

acoustic conditions. This paper aims to contribute to this research by utilizing BiLSTM in combination with 

data augmentation methods to enhance spoken word detection in Assamese, providing a more noise-resilient 

and effective solution for this underrepresented language [15], [16]. 

 

 

2. METHOD 

2.1.  Standard speech corpus 

The ILTP-DC has created a comprehensive corpus for the Assamese language that includes both 

text and speech data. This corpus is an important resource for researchers working on natural language 

processing (NLP) and speech-related technologies. It contains various types of written content such as news 

articles, books, and documents, alongside a large speech dataset. The speech data is particularly useful for 

developing speech recognition and other spoken language processing technologies. 

The ILTPDC corpus for Assamese includes 32,335 spoken words recorded by 1,000 speakers,  

both male and female. It covers 262 distinct words, with the audio sampled at 8 kHz and a length of 1-2 

seconds per word. Due to noise and high dB levels, some words were removed from the corpus. The dataset 

includes 24,529 male speech files and 7,806 female speech files, with the number of words recorded being 

260 for male speakers and 251 for female speakers. This corpus is crucial for advancing speech recognition 

technologies in the Assamese language [2]. A total of 10 district names in Assam are used for recording in 

the keyword spotting model, with data collected from a variety of male and female native Assamese 

speakers. 

 

2.2.  Preprocessing 

For preprocessing, we enhance our dataset by applying data augmentation methods, which help 

expand the dataset in terms of both size and diversity. By modifying aspects of the speech, such as pitch, 

speed, volume, and adding noise, we generate new variations of the data. This technique not only increases 

the amount of training data but also improves the robustness and generalization of the model. With this 

enriched dataset, the model becomes better equipped to handle variations in accents, speech rates, and 

environmental noise, leading to improved accuracy and performance in speech recognition tasks. This 

approach has been widely adopted in speech recognition systems to improve recognition accuracy, 

particularly in low-resource settings and noisy environments. 
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2.3.  Data augmentation 

Data augmentation is a technique used to expand and diversify the speech dataset in a controlled 

manner. It involves applying various modifications to the original speech signals, such as altering pitch, 

speed, and volume, as well as adding or removing background noise. The primary goal of data augmentation 

is to enhance the robustness and generalization of models. By training models on larger, more varied 

datasets, they can better handle differences in accent, speaking rate, and background noise, leading to 

improved accuracy. Two augmentation methods have been applied in my experiment. 

- Time stretching: this time stretching technique is applied to change the duration of a speech signal where 

the pitch remains the same. The time-domain processing of audio signals like the algorithms of time-scale 

modification is applied for this purpose. It has also been used to simulate faster or slower variations in the 

speaking rate. For training ASR models for recognizing speeches by different people in different 

situations at different speeds, this technique is effectively applied. 

- Adding noise: adding noise involves adding background noise to a speech signal subject to simulate 

recording in different conditions, adding noise is involved. It is very effective in a noisy environment or a 

distant microphone. For training ASR models in recognizing speech in noisy environments, it is very 

useful. Many different types of noises namely white noise, pink noise and babble noise are added to a 

speech signal as per the requirements [17]. 

 

2.4.  Feature extraction 

Feature extraction and speech recognition are essential components of speech recognition systems. 

The primary aim of feature extraction is to capture the most relevant and distinguishing characteristics from 

the audio signal. On the other hand, the recognition module uses these features along with acoustic models to 

convert spoken words into written text with high accuracy. 

Various techniques have been used for extracting features from speech, including linear predictive 

cepstral coefficients (LPCCs), mel-frequency cepstral coefficients (MFCCs), and perceptual linear predictive 

coefficients (PLPs). These features are derived through two main types of analysis: temporal analysis, which 

focuses on the changes in the audio signal over time, and spectral analysis, which examines the frequency 

components of the signal. 

The process begins by recording voice samples from multiple speakers. These samples are then 

digitized by sampling them at a frequency of 8,000 Hz. After this, any noise in the data may be removed 

through normalization. The feature extraction process then transforms the raw audio data into a more useful 

form, making it easier for the recognition system to process. 

Several methods can be used for feature extraction, including MFCC, PLP, LPCC, and others like 

principal component analysis (PCA), linear discriminant analysis (LDA), wavelet transform, and dynamic 

time warping (DTW). Among these, MFCC is one of the most commonly used due to its excellent 

performance in modeling how humans hear speech. It is particularly effective in recognizing speech and 

identifying speakers. 

MFCC, along with its derivatives ∆MFCC and ∆∆MFCC, are combined to generate a feature vector. 

This combination captures not just the static properties of the speech but also its dynamics, providing a 

comprehensive representation of each spoken word. The 39 features are created by combining the 13 basic 

MFCC features, 13 ∆MFCC features, and 13 ∆∆MFCC features. This method of feature extraction allows for 

improved recognition of spoken words, even by unknown speakers, and is widely used in many speech 

recognition systems [18]-[20]. 

 

2.5.  Mechanishm of BI-LSTM: 

The BiLSTM model is an extension of the standard LSTM architecture, designed to improve the 

processing of sequential data by incorporating context from both past and future inputs. This makes it 

especially powerful for applications such as speech recognition, text analysis, and time-series prediction  

[21]-[24]. The machanichm how BiLSTM works disccued. 

− Bidirectional processing: unlike traditional LSTMs, which process data in a unidirectional manner  

(i.e., from past to future), a BiLSTM processes data in two directions: forward and backward.  

The forward LSTM reads the input sequence from the beginning to the end, while the backward LSTM 

reads the sequence in reverse, from end to beginning. This dual flow allows the model to capture both 

past and future context, which can be particularly beneficial in tasks like speech recognition and NLP 

where future context (future words or sounds) can be as important as past context. 

− Memory cells: at the core of LSTMs is the memory cell, which helps in storing information for long 

durations. This is achieved through gates-input, forget, and output-that control the flow of information. 

The memory cell ensures that important information is retained over longer sequences, addressing the 

vanishing gradient problem faced by traditional RNNs in long-term sequence learning. In BiLSTMs,  
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both the forward and backward LSTMs have independent memory cells, allowing them to learn 

complementary features from the two directions. 

− Gates and update mechanism: the input gate decides which values to update, the forget gate determines 

which values to discard, and the output gate controls which values are outputted. These gates are 

regulated by learned weights, which are updated through backpropagation during the training process. 

The gates in the forward and backward LSTMs are updated independently but follow the same 

mechanism. 

− Training and applications: during training, the BiLSTM is fed with sequences, and the model learns to 

adjust its weights to minimize a loss function (such as cross-entropy loss for classification tasks).  

This result in a model that can predict future states based on both past and future context. BiLSTMs have 

been used in various domains, including speech recognition (e.g., recognizing spoken words in noisy 

environments), language translation, sentiment analysis, and named entity recognition in NLP tasks. 

By processing data in both directions, BiLSTMs can leverage information from both the future and 

the past, which is essential for tasks like speech-to-text conversion, where the full context of a word can be 

necessary to understand it correctly. Because BiLSTMs take into account both future and past data, they are 

less dependent on sequence length compared to simpler models [25]-[26]. The basic operational model of a 

BiLSTM network is illustrated in Figure 1. 

 

 

 
 

Figure 1. Bi-LSTM model design [21] 

 

 

2.6.  Performance measurement 

Performance measurement is essential to evaluate how well the BiLSTM model performs in 

keyword recognition. It allows us to assess the correctness of predictions and the model’s ability to detect 

keywords accurately. For this purpose, four widely used metrics are considered: accuracy, precision, recall, 

and F1 score. 

- Accuracy: classification accuracy measures how well the model performs overall. It tells us the 

proportion of correct predictions out of all the predictions made. This metric is especially useful when all 

classes are equally important. A higher accuracy indicates that the model is making more correct 

predictions across all categories. 

- Precision: precision focuses on the model’s ability to correctly identify positive instances. It measures 

how many of the predicted positive results are actually correct. A high precision means that the model is 

good at avoiding false positives, or in other words, it doesn’t frequently predict positives when they are 

actually negatives. 

- Recall: recall measures how well the model detects positive samples. It looks at how many of the actual 

positives are correctly identified by the model. A higher recall indicates that the model is good at 

detecting most of the positive cases, reducing the chances of missing important instances. 

- F1-score: the F1-score is a balance between precision and recall. It is used when there is a need to 

consider both the accuracy of positive predictions (precision) and the model’s ability to detect all relevant 

positive samples (recall). The F1 score is particularly useful when the data is imbalanced, and it provides 

a single metric that captures both aspects. Higher F1-scores indicate a better balance between precision 

and recall [27], [28]. 



Indonesian J Elec Eng & Comp Sci  ISSN: 2502-4752  

 

 Robust spoken word detection in assamese language using BiLSTM with data … (Deepjyoti Kalita) 

267 

2.7.  Proposed algorithm 

The following Algorithm 1 shows the steps to build and train a BiLSTM model for keyword 

recognition in speech. 

 

Algorithm 1. Keyword recognition using BLSTM  
Input: Recorded keyword, Non-keyword audio store  

Output: Trained BLSTM model for keyword recognition  

 

1. Store the recorded keyword in an audio store;  

2. Increase the number of recorded keywords using data augmentation to create a 

larger dataset (N words); 

3. Store non-keywords in another audio store (N words); 

4. Generate N synthetic sentences (1 keyword with 10 non-keywords); 

5. Normalize the dataset for smoothness;  

6. Label the dataset for training & validation data;  

7. Divide the dataset into a 90:10 ratio for training and validation;  

8. Extract features of speech signals (varies in each experiment, e.g., MFCC, 

∆MFCC, ∆∆MFCC, etc.); 

9. Design a BLSTM model with 6 layers:  

○ One sequence input layer  

○ Two Bi-LSTM layers  

○ One fully connected layer 

○ One softmax layer  

○ One classification layer  

10. Provide input to the BLSTM model for training and validation;  

11. Repeat the training process until an acceptable accuracy is achieved;  

12. For testing, feed random sentences labeled with keywords and non-keywords to 

the trained model; 13. Model returns values for each frame of test signals. 

If values are high, mark as Keyword; otherwise, mark as Non-keyword; 

 

 

3. RESULTS AND DISCUSSION 

The experiments were conducted under three different conditions to evaluate the system’s 

performance. Initially, the model was tested on normalized, noise-free data. Consequently, additional noise 

was introduced into the dataset, and the experiments were repeated to assess the impact of noise on 

recognition performance. Finally, data augmentation techniques were applied to expand the dataset, and 

experiments were conducted to determine the improvements achieved. The results of these experiments are 

summarized in Table 1 and discussed in detail below. 

 

 

Table 1. Comparasion of result of our experiment 
Models (BiLSTM) with different dataset WER (%) Accuracy (%) Recall Precision F1-score 

Normalized data 18.84 98.12 0.86 0.95 0.90 

Adding extra noise 23.90 97.61 0.84 0.91 0.88 

With data augmentation and extra noise 19.94 98.01 0.88 0.92 0.90 

 

 

3.1.  Analysis using noise factor 

Under normal conditions, our model performs well with a word error rate (WER) of 18.84%, 

indicating accurate word recognition. It achieves an accuracy of 98.00%, recall of 0.86, precision of 0.95,  

and an F1 Score of 0.90, displaying robust ability to minimize false positives. However, it is observed  

that the model’s performance is influenced when extra noise is added to the dataset. Though the WER 

increases to 23.90%, there are slight reductions in recall, precision, and F1-score. This implies clearly  

that the model is sensitive to the presence of additional noise, leading to a decline in overall recognition 

accuracy. 

 

3.2.  Analysis using noise factor after data augmentation 

From the result mentioning in Table 1, it can be clearly observed before using data augmentation, 

this model made mistakes in understanding words i.e., WER about 23.90% of the time. But after adding some 

variations through data augmentation, the mistakes reduced to 19.94%. It’s like the model got better at 

getting the words right. The accuracy of the model also went up slightly from 98.00% to 98.01%. For other 

measures like recall, precision, and F1-score, it can see improvements too. These measures help understand 

how well the model is doing. The decrease in mistakes WER suggests that the model got more robust, 
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meaning it became better at handling different ways people speak. Overall, data augmentation helped the 

model balance its accuracy, making it more effective. 

 

 

4.  CONCLUSION 
This study shows that BiLSTM networks are effective for recognizing spoken words in Assamese. 

The model can understand words better by considering both past and future sounds. Our results highlight the 

importance of reducing noise and using data augmentation to make the model more accurate in real- 

world situations. The BiLSTM model handled noisy environments well, and data augmentation further 

improved its performance. This makes it a strong choice for speech recognition in low-resource languages 

like Assamese. 

For future work, the model can be improved by adding more layers or trying other approaches like 

BiLSTM-CNN or transformer models. Expanding the dataset to include different dialects, improving how the 

model deals with noise and using advanced techniques like transfer learning and speaker adaptation can 

further improve accuracy. These steps will help develop better speech recognition systems for Assamese and 

other low-resource languages. This study shows that BiLSTM models can recognize Assamese spoken words 

well, but noise affects accuracy. However, data augmentation helps the model perform better. To improve 

speech recognition for Assamese, future research should expand datasets, explore new model designs, and 

test in real-world applications. 
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