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Audio signal classification plays a significant role in various real-world applications such as speech recognition, environmental sound analysis, and
music genre identification. Traditional approaches often depend on manually extracted features, which may not capture the full complexity of audio data.
This paper presents a deep learning-based method for automatic classification of audio signals using a One-Dimensional Convolutional Neural Network
(1D-CNN) and a Recurrent Neural Network (RNN). The CNN model is utilized to extract spatial features from spectrogram representations, while the RNN
model effectively captures temporal dependencies within the audio sequences. Both models were trained and evaluated on a labelled dataset, and their
performance was compared using metrics such as accuracy, precision, probability of detection (POD), and F1-score. The experimental results demonstrate
that CNN has achieved high classification accuracy compared to RNN, with CNN excelling at spatial feature extraction and RNN providing temporal feature
learning. The proposed approach confirms that deep learning models can significantly enhance the performance and reliability of audio signal classification

Introduction

Audio signal classification plays a crucial role in numerous
applications, including speech recognition, environmental
sound detection, music genre identification, and digital
forensics. Audio signals contain both temporal and spectral
information, making their accurate classification a challenging
task. Conventional machine learning techniques, such as
Support Vector Machines (SVMs) and Hidden Markov Models
(HMMs), rely on handcrafted features including Mel-Frequency
Cepstral Coefficients (MFCCs) and spectral centroids. These
features provide limited representational capacity and are
insufficient to effectively model the complex, non-linear, and
time-varying characteristics of real-world audio signals [1].
Deep learning has recently gained prominence in audio signal
processing by enabling end-to-end learning from raw or
time-frequency representations. In particular, Convolutional
and Recurrent Neural Networks effectively capture spectral
characteristics and temporal dependencies in audio
signals. CNNs effectively capture local spatial patterns in
spectrograms, whereas RNNs, particularly long short-term
memory (LSTM) and gated recurrent unit (GRU) variants,
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model long-term temporal dependencies in audio signals [2].
Rakesh Kumar, et al. [3] developed an intelligent audio signal
processing system for rainforest species identification using
CNN and LSTM networks, achieving accuracies of 95.62% and
93.12%, respectively. A hybrid CNN-LSTM model achieved
97.12% accuracy with reduced log loss, demonstrating
the complementary nature of convolutional and recurrent
architectures. Similarly, Meenu Gupta, et al. [4] implemented
CNN and RNN models for environmental sound classification,
reporting superior accuracy compared to traditional
classifiers. In the field of music information retrieval (MIR),
Pons, et al. [5] reviewed the application of deep learning
models for music signal processing and highlighted CNNs’
ability to learn timbral and rhythmic representations directly
from spectrograms. Kim, et al. [6] utilized bidirectional RNNs
to enhance rhythm and melody recognition, demonstrating
improved temporal modeling performance. Bhangale and
Kothandaraman, et al. [7] emphasized that combining CNN
and RNN models results in robust systems capable of handling
various audio domains efficiently. Furthermore, deep learning
techniques have found application in digital audio forensics,
where they aid in identifying recording environments and
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microphone types. Qamhan, et al. [8] presented a CNN-
based forensic audio classifier that discriminates recording
conditions and acoustic environments using spectro-temporal
features, demonstrating the effectiveness of deep learning
architectures in forensic and audio authentication tasks.
This work evaluates CNN and RNN-based models for audio
signal classification to improve accuracy under background
noise and varying recording conditions. The CNN extracts
spectral features from spectrograms, while the RNN models
temporal dependencies in sequential audio data. Both models
are evaluated on a labeled dataset using accuracy, precision,
probability of detection (POD), and F1-score [18-24]. The
results indicate that the CNN has excelled in spatial feature
learning and the RNN excels in temporal feature learning.

Methodology

The architecture of CNN and RNN models for audio signal
classification has been discussed here. The proposed model
is designed to learn discriminative audio feature patterns
directly from a structured dataset and map them to their
corresponding genre classes through supervised training,
thereby improving classification accuracy and robustness.

Architecture of one-dimensional CNN (1D-CNN)

The 1D-CNN model is designed to extract spatial feature
representations from sequential numerical data. It processes
one-dimensional sequences, making it suitable for time-series
data such as music signal attributes. The convolutional layers
learn local patterns within the input vector, such as rhythm,
tempo, and harmonic structure correlations. The convolution
operation can be mathematically expressed as:

Yn(\k) = f (2i1:0 Hi(k)xm + Bm) (1)

Where Y, represents the outputfeaturemap, X represents
the 1D input audio, H"* represents the kernel values [18-24],
k represents the number of kernels, j represents the kernel
size, f represents the Rectified linear unit (ReLU) activation
function, and B, represents the bias [18-24]. The output of the
convolutional layer was passed through the pooling layer to
reduce the dimensionality of the feature map. Here, the max-
pooling technique was employed [18-24]. The output of the
pooling layer is given by:

Y, = max(X,) @

Where X represents the 1D input and Y represents the
pooling output. The output of the final pooling layer was
flattened and given to the fully connected layer [18-24]. The
output of the fully connected layer is given by:

Yo = FOWX, +B,) (3)

Where Y denotes the output of the fully connected layer,
fdenotes the ReLU activation function, W, denotes the weight
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values [18-24], X, denotes the 1D data obtained through the
flatten layer, B, represents the bias, and n denotes the number
of neurons [22-24]. The resulting feature representation is
then passed to the output layer for multiclass classification.
The output layer consists of five neurons corresponding to the
target classes, and a softmax activation function is applied to
produce the final class probability distribution [18-24]. The
expression for the softmax function is given by:
exp(X,)

> exp(X,) (4)

Where Y, represents the output, X, represents the input,
and n represents the number of neurons [18-24].

Y, =

In Figure 1, the 1D CNN model consists of 16, 32, 64 kernels
[18-24] in the 153" convolutional layers. The size of the
kernel in each convolutional layer is one. The 1D-CNN model
takes the input as 13 features and performs the audio signal
classification task [18-24]. Pooling layers were employed
subsequently after each convolutional layer in the 1D-CNN
model. The output of the final pooling layer is flattened and
further passed through the fully connected layer and then to
the output layer to produce the final result [18-24].

Architecture of simple RNN

The Simple RNN model is designed to capture temporal
dependencies and sequential relationships in the dataset.
It maintains an internal memory of previous feature states,
allowing it to learn time-related transitions in audio features
such as rhythm progression and beat consistency. This makes
RNN suitable for tasks involving sequence learning and
contextual understanding [2]. At each time step ¢, the RNN
computes its hidden state h, and output y, using the following
equations:

h = fW,h_ +W,x +b) (5)
y, = Softmax(W,h, +c) (6)

In both Eqns 5 and 6, w,w, and Wy are weight matrices,
and b and c are biases [2]. W, represents the weight between
the hidden-hidden state, and W_ represents the weight
between the input-hidden state [2]. Similarly, W represents
the weight between the hidden-output state. b represents the
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‘ Figure 1: Proposed 1DCNN Architecture for Audio classification.
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bias between the input-hidden state, and c represents the bias
between the hidden-output state [2]. f represents the non-
linear activation function, typically the hyperbolic tangent
activation function [2]. The expression for the tanh hyperbolic
activation function is given by

-X

= (7

In Figure 2, the simple RNN model consists of 24, 12, 6,
and 3 neurons in the 1%%-4" RNN layers [2]. The simple RNN
model takes the input as 13 features and performs the audio
signal classification task. The output of the final RNN layer
is flattened and further passed through the output layer to
produce the final result. In the output layer, the softmax
activation function was employed to get the output [18-24].

f (x) = tanh(x) =

e“-e
e +e

3. Dataset preparation, results, and discussions

The dataset used in this study consists of musical audio
features stored in CSV format taken from the Kaggle repository
(https://www.kaggle.com/datasets/undefinenull/million-
song-dataset-spotify-lastfm). Each record represents a music
sample with attributes such as tempo, danceability, energy,
loudness, and valence, among others. The time signature
variable is chosen as the target variable. The data were
normalized to ensure a uniform scale across features and
were divided into training and testing subsets, with 75% of
the data for training and 25% for testing. Both the 1D-CNN and
RNN models use the categorical cross-entropy loss function,
suitable for multi-class classification. The performance
metrics considered for the audio signal classification task
were accuracy, precision, POD, and F1-score. The model
performance was evaluated using the following formulations.

1. Accuracy (A): the metric accuracy is defined as the
ratio of the sum of true positive and true negative samples to
the sum of all samples [18-24]. (TP-True Positive, TN-True
Negative, FP-False Positive, FN-False Negative).

_ TP+TN g
TP+TN + FP +FN (8)

2. Precision: the metric precision is defined as the ratio of
label TP to the sum of labels TP and FP [18-24].

TP
PPV = (9)
TP+FP
(13x24) (13%12) (13x6) 3)
i j i i et
Input (13x24) (13%12) (13%6)

(13x1)

Figure 2: Proposed Simple RNN Architecture for Audio Classification. ‘

3. Probability of detection (POD): the metric POD is
defined as the ratio of label TP to the sum of labels TP and FN
[18-24].

P

POD=———
TP+FN

(10)

4., F1-Score: the metric F1-score is defined as the ratio of
twice the label TP to the sum of twice the label TP, and labels
FP and FN [18-24].

2*TP
Fl-score=—u-——"——

2*%TP+FP +FN (11)
Collectively, these metrics offer a comprehensive

evaluation of the effectiveness of each model in audio signal
classification. The performance metrics obtained from
1D-CNN and Simple RNN models on the test set are as follows.
The performance metrics are shown for Class-4 because
the majority of the predictions belong to Class-4 in the case
of the 1D-CNN model, whereas the simple RNN model has
performance metrics for Class-3. After all, the majority of the
predictions come under Class-3.

From Table 1, it can be said that the 1DCNN model has a
precision of 0.75, a POD of 0.86, and an F1-score of 0.80 [18-
24]. The overall accuracy of the 1IDCNN model is 0.86 [18-24].
The results are summarized in Tables 1 and 2 for both 1D-CNN
and Simple RNN models.

From Table 2, it can be said that the RNN model has a
Precision of 0.87, a POD of 0.09, and an F1-score of 0.01 [18-
24]. The overall accuracy of the RNN model is 0.09 [18-24].
From both Table 1 and Table 2, it can be said that the 1D-CNN
model has higher accuracy compared to the simple RNN
model. This indicates that CNN is performing the audio signal
classification task much better compared to the simple RNN
model. The F1-Score obtained from the 1D-CNN model is also
much higher compared to the simple RNN model. However,
the simple RNN model has higher precision and lower POD,
whereas the 1D-CNN model has lower precision and higher
POD. The accuracy and loss results obtained from the 1IDCNN
model on the training and validation sets are as follows.

Figure 3 (a) shows the training and validation accuracy

Table 1: Performance Metrics for IDCNN.
Metrics Value
Accuracy 0.86
Precision 0.75
POD 0.86
F1-Score 0.80
Table 2: Performance Metrics for Simple RNN.
Metrics Value
Accuracy 0.09
Precision 0.87
POD 0.09
F1-Score 0.01
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Figure 3: Loss and Accuracy graphs of 1D-CNN model (a) Training and Validation Accuracy from 1D CNN model (b) Training and Validation Loss from 1D

of the 1D-CNN model over 100 epochs [18-24]. The training
accuracy gradually improves and stabilizes around 89%,
while the validation accuracy reaches about 91%. The close
values between them indicate good generalization and
effective learning by the model without overfitting [18-24].
Figure 3 (b) shows the training and validation loss of the
1D-CNN model over 100 epochs [18-24]. The loss decreases
sharply during the initial epochs and stabilizes near zero after
15 epochs. Both training and validation losses follow a similar
trend, indicating efficient learning and minimal overfitting in
the model [18-24].

The accuracy and loss results obtained from the Simple
RNN model are as follows.

Figure 4 (a) shows the training and validation accuracy of
the Simple RNN model over 100 epochs [18-24]. The training
accuracy increases initially and then remains constant around
90%, whereas validation accuracy remains constant around
91% throughout the complete 100 epochs [18-24]. These
results indicate that the simple RNN model is correctly fitting
onthe audio dataset [18-24]. Figure 4 (b) presents the training
and validation loss curves of the Simple RNN model over 100
epochs [22-24]. The training loss decreases initially and then
approaches zero after fifteen epochs, whereas validation loss
decreases from the beginning and then approaches zero at the
end of the training [18-24]. This indicates that the simple RNN
model is correctly fitting.

Figure 5 (a) shows the confusion matrix of the 1D-CNN
model for audio signal classification. The Class 4 has 10996
correctly classified samples, whereas the remaining classes
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have fewer misclassified samples, i.e., 3, 153, 1257, and 262
samples with respect to Class 4 [18-24]. The matrix indicates
strong performance, with the majority of predictions
concentrated along the diagonal. Three samples from Class 0,
153 samples from Class 1, 1257 samples from Class 3, and 262
samples from Class 5 were incorrectly classified with respect
to Class 4. Overall, the 1D-CNN model demonstrates high
accuracy and effective feature learning in classifying audio
signals.

Figure 5 (b) shows the confusion matrix of the simple RNN
model for audio signal classification [18-24]. The Class 3 has a
lower number of samples correctly classified, i.e 1249, whereas
Class 4 has a higher number of misclassifications with respect
to Class 3, i.e 10,979 samples. Further, the remaining classes
have fewer misclassifications with respect to Class 3 [18-24].
The matrix indicates that the model performs effectively, with
most predictions correctly aligned along the diagonal. Only a
few misclassifications occurred, such as 6 samples from class
3, 12 samples from class 4, and 2 samples from Class 5 being
incorrectly predicted with respect to Class 2. Overall, the
Simple RNN model shows good classification performance
with minor errors across a few classes.

Figure 6 (a) presents the ROC curve for the 1D-CNN model],
illustrating the trade-off between the pod and false positive
rate across different classes. The 1D-CNN model has a higher
AUC value of 0.96 for Class 0, whereas the remaining classes
have lower AUC values of 0.73, 0.56, 0.26, and 0.27 for the
remaining classes [18-24]. The Area under the Curve (AUC)
values indicate that class 0 achieves the best performance
with an AUC of 0.96, followed by class 1 with 0.73, and class

June 19, 2026 - Volume 4 Issue 6
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Figure 4: Loss and Accuracy graphs of RNN model (a) Training and Validation Accuracy from RNN model (b) Training and Validation Loss for my RNN
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Figure 5: Confusion Matrices of 1D-CNN and RNN models (a) 1D-CNN model confusion matrix (b) Confusion Matrix of RNN model
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2 with 0.56. In contrast, class 3 and class 4 show relatively
lower AUC values of 0.26 and 0.27, respectively. Overall, the
1D-CNN model demonstrates strong discriminative ability
for certain classes, reflecting effective feature extraction and
classification performance.

Figure 6 (b) shows the ROC curve of the simple RNN
model. The RNN model has an excellent AUC value of 1.00
for Class 0 and lower AUC values of 0.72, 0.73, 0.75, and
0.75 for Classes 1 to 4, respectively [18-24]. The ROC curve
indicates that the model achieves strong discriminative
performance, particularly for class 0, which attains an AUC of
1.00, representing excellent classification. Other classes, such
as class 3 and class 4, also perform reasonably well with AUC
values around 0.75, while classes 1 and 2 have slightly lower
AUCs of 0.72 and 0.73, respectively. Overall, the RNN model
demonstrates reliable classification capability, with class 0
showing near-perfect separation performance.

Conclusion

The present work demonstrates audio signal classification
using deep learning networks such as 1D-CNN and RNN
models. The 1D-CNN has higher accuracy, i.e 86.77%
compared to the simple RNN model. The 1D-CNN has a higher
number of samples correctly classified for Class 4 compared
to other classes. The simple RNN model has a lower number
of samples correctly classified for Class 3 compared to other
classes. Both 1D CNN and RNN models have higher AUC values
for Class 0 compared to the remaining classes. Therefore, it
can be said that the 1D CNN and RNN models have good
classification performance for the audio dataset. These
findings confirm that CNN-based architectures are more
efficient for audio classification tasks compared to traditional
sequential models. Further in the future, the 1D-CNN and
RNN models have potential applications in real-time speech
emotion recognition, environmental sound monitoring, and
multimedia content analysis.
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