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 Individuals who are deaf or hard of hearing experience considerable 

difficulties in distinguishing sounds in various acoustic environments, which 

affects their communication ability and overall quality of life. Existing 

auditory assistive technologies currently face challenges with real-time 

classification and adaptation to changing noise conditions, underscoring the 

need for more reliable and accurate classification models. This research 

bridges the existing gap by creating a hybrid classification framework that 

integrates convolutional neural networks (CNN) and random forest ensemble 

(RFE) to enhance the accuracy of environmental sound classification. The 

study utilizes Mel-frequency cepstral coefficients (MFCCs) for feature 

extraction and principal component analysis (PCA) for dimensionality 

reduction, thus facilitating the efficient processing of real-world audio data. 

The proposed methodology improves classification accuracy across various 

environmental conditions. Experimental evaluations demonstrate superior 

performance, achieving a training accuracy of 94.93% and a testing accuracy 

of 93.41%, thereby exceeding conventional machine learning methods. By 

overcoming limitations in existing models, this research contributes to the 

development of adaptive hearing assistance systems with enhanced noise 

classification capabilities. The results have significant implications for the 

development of smart hearing aids, real-time noise classification, and 

auditory scene analysis. Ultimately, this research enhances assistive hearing 

technologies, promoting greater accessibility, communication, and inclusion 

for hearing-impaired individuals, thus contributing positively to society. 
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1. INTRODUCTION 

It can be very difficult for people with hearing impairments to adjust to a variety of acoustic 

environments, including quiet places, busy restaurants, and noisy streets. Because traditional hearing aids 

cannot accurately classify ambient noise, they frequently do not offer the best support under a variety of 

circumstances. Because of this, users find it difficult to discern speech from background noise, which impairs 

communication effectiveness and increases cognitive load. In order to overcome this restriction, intelligent 

hearing aids that can dynamically adjust to shifting auditory conditions must be developed [1]. 

https://creativecommons.org/licenses/by-sa/4.0/
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− Despite advancements in the classification of acoustic environments, current models have a number of 

drawbacks. Firstly, they lack real-time adaptability, as the majority of earlier models do not incorporate 

adaptive learning techniques to dynamically alter classification outputs [2]. 

− Limitations of feature extraction: traditional methods mostly use manually created features, which might 

not be able to adequately capture intricate acoustic patterns [3]. 

− Limited model generalization: since many studies only consider a small number of environments, the 

models’ applicability in actual situations is diminished.  

This study presents a hybrid classification model that combines random forest ensemble (RFE) and 

convolutional neural networks (CNNs) to address these issues. Mel-frequency cepstral coefficients (MFCCs) are 

used by the CNN component to extract robust features, and the RFE uses feature selection and decision tree-

based classification to improve predictive accuracy. 

The goal of this research is to create a stable and effective system for categorizing various acoustic 

environments. The suggested hybrid model provides a reliable answer by combining the predictive ability of 

an RFE with the ability to extract features using CNN. This model can dynamically adjust to various 

environmental conditions, improving speech intelligibility in difficult acoustic environments and thus the 

listening experience for those who are hard of hearing [4]. 

This study affects real-time hearing aids by allowing for automatic environmental adaptation. The 

research helps create intelligent hearing aids that can adjust sound output according to ambient noise, 

facilitating more effective communication by increasing the precision and dependability of environment 

classification. By making auditory systems more responsive and user-centered, this work may lessen the 

cognitive strain that people experience when switching between environments [5]. 

The rest of this paper is organized as follows: section 2 offers a thorough analysis of current 

methods for classifying environmental sounds. The suggested methodology, including feature extraction, 

model design, and dataset preparation, is described in section 3. Experimental results are shown in section 4, 

which contrasts the hybrid CNN-RFE model with cutting-edge methods. In contrast, section 5 wraps up the 

study and suggests areas for further research. 

 

 

2. LITERATURE SURVEY 

Zaheer et al. [6] provided a comprehensive review of artificial intelligence (AI)-based acoustic 

source identification (ASI) techniques. In their analysis, they examined the strengths and weaknesses of 

various AI-driven ASI processes and the methods proposed by researchers in the literature. Additionally, they 

conducted an in-depth survey of ASI applications across diverse fields, including machinery, underwater 

acoustics, environmental/event source recognition, healthcare, and more. The review also highlights 

significant research directions for future exploration in this area. 

Abayomi-Alli et al. [7] implemented screening exclusion criteria and snowballing techniques, 

resulting in the selection of 56 articles. They identified several shortcomings in prior research, such as 

insufficient, weakly labeled, imbalanced, and noisy datasets, as well as inadequate sound feature 

representations and ineffective augmentation strategies that hinder classifier performance. Sound datasets, 

feature extraction techniques, data augmentation techniques, and their applications in sound classification are 

all briefly discussed in the article. In their conclusion, the authors provide answers to research questions, a 

synopsis of the systematic literature review (SLR), and suggestions for improving sound classification tasks. 

Mutanu et al. [8] examined 124 studies spanning eight years, emphasizing important application 

areas in feature extraction, audio transformation, and bioacoustics research. Along with discussing the field’s 

present difficulties, prospects, and future directions, the survey also examines the classification algorithms 

used in bioacoustics systems. Zhang et al. [9] examine new developments in emotion recognition systems, 

with an emphasis on architectures for classification that use inputs from text, audio, and vision, as well as 

fusion and feature engineering techniques. To enable reliable multi-modal analysis, the paper highlights 

creative pipeline interventions, from preprocessing raw signals to predicting emotion labels. By offering 

insights into the current state-of-the-art, highlighting unresolved issues, and investigating exciting avenues in 

emotion detection via cross-modal learning, this study seeks to stimulate additional research through 

theoretical discussions and real-world case studies. 

Sangala et al. [10] investigates the creation of a voice assistant system intended for people with 

visual impairments. Through the use of sophisticated speech recognition and natural language processing, the 

system makes voice commands a smooth way to interact. Key issues like usability, accessibility, and 

contextual understanding are addressed. User reviews attest to its efficacy in boosting self-reliance and 

enhancing day-to-day living, indicating its potential as a useful assistive technology. 
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2.1.  Identifying the gap 

Current hearing aids use basic noise suppression and amplification techniques, which do not 

adequately adjust to complex, dynamic listening environments. Many existing models fail to accurately 

classify nuanced acoustic settings like cocktail party noise or reverberant spaces, leading to suboptimal 

performance. Additionally, most classification models rely on a single machine-learning approach, which 

limits the generalization ability across varied acoustic environments [11], [12]. 

 

2.2.  Overcoming the gap 

This research addresses the gap by integrating CNNs with RFE techniques to improve classification 

accuracy and robustness. The hybrid model takes advantage of CNN’s capability to capture complex audio 

patterns, while the random forest provides effective generalization across varying data distributions. 

Furthermore, dimensionality reduction through principal component analysis (PCA) ensures computational 

efficiency, making the model suitable for real-time applications [13], [14]. 

 

 

3. METHOD 

3.1.  Model architecture 

The proposed model integrates CNNs and a RFE, as illustrated in Figure 1. The CNN extracts 

features from raw audio data in the form of MFCCs, which are widely used in audio signal processing. These 

features are then reduced in dimensionality through PCA to ensure computational efficiency. 

 

 

 
 

Figure 1. Proposed model architecture 

 

 

3.2.  Dataset and preprocessing 

The dataset includes real-world acoustic environments, such as those in Table 1. Table 1 

summarizes the different types of environments and the quantity of audio files available for testing and 

training. It describes a wide range of situations, such as those that are quiet, noisy cars, cocktail parties, 

restaurants, streets, train stations, airports, group settings, reverberant spaces, and phone conversations.  

 

 

Table 1. Dataset distribution for environmental sound classification - training and testing files 
S.No. Environment type Training (Audio files) Testing (Audio files) 

1 Quiet environment 2,000 400 
2 Car noise environment 100 10 

3 Cocktail environment 100 10 

4 Restaurant environment 100 10 
5 Street environment 100 10 

6 Airport environment 100 10 

7 Train station environment 100 10 
8 Group setting environment 140 14 

9 Reverberant spaces environment 50 05 

10 Telephone conversations 100 10 
Total No. of audio files 2,890 489 
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In order to evaluate and develop audio processing algorithms or models, each type of environment is 

distinguished by the number of audio recordings that are available for training and testing. With 2,890 audio 

files available for training and 489 for testing, a comprehensive analysis and assessment across a variety of 

acoustic environments is made possible. Audio samples were collected, and MFCCs were extracted as input 

features. PCA was applied to reduce the feature dimensionality, which also improved training time without 

sacrificing accuracy [15]-[20]. 

 

3.3.  Feature extraction using CNNs 

The CNN extracts meaningful features from raw audio data using MFCCs. The MFCCs for an audio 

signal x(n) are computed as follows: 

a. Pre-emphasis filter [21], [22]: the signal passes through a high-pass filter to balance the frequency 

spectrum: 

 

𝑦(𝑛) = 𝑥(𝑛) − 𝛼𝑥(𝑛 − 1) (1) 

 

where α is typically set to 0.95. 

b. Framing and windowing [23], [24]: the signal is divided into overlapping frames, each multiplied by a 

Hamming window to minimize spectral leakage: 

 

𝑤(𝑛) = 0.54 − 0.46𝑐𝑜𝑠(
2𝜋𝑛

𝑁−1
) (2) 

 

c. Short-time fourier transform (STFT): each frame’s frequency representation is obtained by applying the 

discrete fourier transform (DFT) [25]. 

 

𝑋(𝑘) = ∑ 𝑥(𝑛)𝑒
−𝑗2𝜋𝑘𝑛

𝑁𝑁−1
𝑛=0  (3) 

 

d. Mel filter bank processing: the power spectrum is passed through a set of triangular filters spaced on the 

Mel scale, defined as: 

 

𝑓𝑚𝑒𝑙 = 2595𝑙𝑜𝑔10(1 +
𝑓

700
) (4) 

 

e. Logarithm and discrete cosine transform (DCT): the logarithm of the Mel-filtered energy is computed, 

followed by a DCT to obtain MFCCs: 

 

𝐶𝑚 = ∑ 𝐿(𝑛)𝑁−1
𝑛=0 𝑐𝑜𝑠 [𝑚 (𝑛 −

1

2
)
𝜋

𝑁
] (5) 

 

where L(n) represents the log-energy outputs of the Mel filter banks. 

 

3.4.  Dimensionality reduction using PCA 

To improve computational performance, PCA minimizes the dimensionality of the generated MFCC 

features. The transformation is given by, 

 

𝑍 = 𝑊𝑇𝑋 (6) 

 

where W is the matrix of principal components, and X represents the original feature matrix. PCA ensures 

that only the most relevant features are retained for classification. 

 

3.5.  Classification using RFE 

Once the features have been retrieved and refined, they are put into the random forest classifier, 

which is made up of several decision trees. Each decision tree is trained on a random portion of the dataset, 

and the final classification is determined via majority voting. 

 

𝑃(𝑦 = 𝑐) =
1

𝑇
∑ 𝐼(ℎ𝑡(𝑋)
𝑇
𝑡=1 = 𝑐) (7) 

 

where T is the total number of trees, ℎ𝑡(𝑋) represents the prediction from tree t, and I is an indicator 

function. This ensemble method enhances classification accuracy and generalization performance. 
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4. RESULTS AND DISCUSSION 

The model’s performance aligns well with the research objectives of enhancing classification 

accuracy and robustness across diverse environments. By using a combination of CNNs and RFE, the system 

exhibited better generalization than standalone models. The confusion matrix as shown in Figure 2 illustrate 

the model’s ability to accurately classify the test samples with minimal misclassifications. 

 

 

 
 

Figure 2. Confusion matrix 

 

 

4.1.  Linking results to objectives 

The high accuracy achieved in both training and testing phases supports the objective of developing 

a robust classifier. Furthermore, the precision and recall scores for challenging environments such as cocktail 

noise and train station noise demonstrate the model’s effectiveness in real-world scenarios. Table 2 highlights 

the performance of the hybrid CNN and RFE model in classifying diverse acoustic environments. With a 

high training accuracy of 94.93%, the model effectively learns from the dataset, while a strong test accuracy 

of 93.41% demonstrates its ability to generalize to new, unseen data. These results reflect the model’s 

robustness and accuracy, making it a reliable tool for improving auditory systems for hearing-impaired 

individuals in various real-world environments. 

Figure 3 displays the accuracy curve, which shows the hybrid CNN and RFE model’s training and 

validation performance over several epochs. Accuracy in both training and validation increases gradually, 

eventually surpassing 90%, indicating the model’s strong generalization to new data. The model is not 

overfitting, as indicated by the small difference between the two curves. 

 

 

Table 2. Training and testing accuracy 
Metric Value 

Training accuracy 94.93% 

Test accuracy 93.41% 
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Figure 3. Hybrid CNN and RFE training and validation accuracy 

 

 

As seen in Figure 4, effective learning is confirmed by the loss curve, which consistently decreases 

training and validation loss over epochs. The validation loss and training loss are still very similar, indicating 

a well-regularized model with good generalization power. The decrease in loss points to better performance 

in feature extraction and classification. 

 

 

 
 

Figure 4. Hybrid CNN and RFE training and validation loss 

 

 

5. CONCLUSION AND FUTURE SCOPE 

The proposed hybrid CNN and RFE model successfully addresses the gap in acoustic environment 

classification for hearing-impaired individuals. By leveraging the combined strengths of deep learning and 

ensemble learning, the model achieves an impressive training accuracy of 94.93% and a test accuracy of 

93.41%, demonstrating superior accuracy, robustness, and adaptability across diverse environments. This 

research contributes to the advancement of assistive hearing technologies and holds broader applications in 

smart devices and real-time environmental classification. Future work could explore optimizing the model for 

low-power devices, integrating more diverse acoustic environments, and enhancing real-time performance 

for greater applicability in wearable technology and edge computing solutions. 
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