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Abstract: This work aims to preserve and promote the rich musical heritage of Assam by developing an automated
classification system for Assamese regional songs using a hybrid deep learning approach. This method not only
modernizes the preservation of traditional music but also enhances its accessibility to a global audience for integrating Al
with cultural conservation. Five genres of Assamese songs—Bihu, Kamrupiya Lokageet, Goalporiya Lokageet, Borgeet,
and Naam—are considered in this study. By leveraging Convolutional Neural Networks (CNNs) and advanced audio
feature extraction techniques such as Mel-Frequency Cepstral Coefficients (MFCCs) and spectrograms, a hybrid model
combining VGG16 and ResNet50 is developed. This fusion utilizes the strengths of both architectures, enhancing the
model’s performance and accuracy. Following the process, it is observed that two distinctly different genres, Bihu and
Borgeet, are accurately categorized by the proposed model, while the remaining three show slight labeling inconsistencies.

Index Terms: Assamese Regional Songs, Convolutional Neural Networks, ResNet50, VGG16, LSTM, Bihu, Kamrupiya
Lokageet, Goalporiya Lokageet, Borgeet, Naam
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Hybrid Deep Learning-Based Automated Genre Classification of Assamese Regional Songs

1. Introduction

The classification of folk songs is a challenging yet significant task, particularly for underrepresented languages like
Assamese[1]. Folk music, being an integral part of a community's cultural identity, requires effective classification
techniques to ensure its proper documentation and preservation[2]. Assamese folk songs, rich in cultural heritage and
diverse in style, require automated systems to preserve and categorize them efficiently[3]. Traditional methods for genre
classification rely heavily on handcrafted features and conventional machine learning models, which often struggle with
the complexity and variability inherent in folk music[4]. Recently, deep learning [29,30] based approaches have
demonstrated superior performance in various audio classification tasks due to their ability to learn intricate patterns
directly from raw data [5].

This paper explores a hybrid deep learning-based approach for the automated genre classification of Assamese folk
songs[6]. The proposed model integrates convolutional neural networks (CNNs) and recurrent neural networks (RNNs)
to capture both spatial and temporal features of the audio signals[7]. The system is trained and evaluated using a curated
dataset of Assamese folk songs, ensuring a robust and culturally relevant classification process. [8]. Despite advancements
in deep learning for music classification, limited research has been conducted on regional and low-resource languages
like Assamese[9]. Existing studies predominantly focus on widely spoken languages with large datasets, leaving a gap in
effective genre classification methods for Assamese folk music[10]. Additionally, the lack of publicly available datasets
and standardized benchmarks for Assamese folk songs further hinders progress in this domain[11].
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Fig. 1. Sample spectrogram of a bihu audio file

Table 1. Comprehensive study of different traditional songs of Assam

Category Description Themes / Focus Musical Instruments used Performance Context
A vibrant folk festival and musical
tradition of Assam, celebrated with . Performed during Bihu
. . . Love, nature, | Energetic rhythms; use of . .
. dance, music, and rituals marking . festivals with dance,
Bihu R youth, harvest, joy | Dhol, Pepa, Gogona, Taal, ... .
seasonal changes. The three main Bihu of life Toka. flute traditional instruments, and
festivals—Bohag, Magh, and Kati— ? community celebrations
mark spring, harvest, and prosperity.
. Folk songs from the Kamrup region | Love, nature, local | Simple melodic patterns; Sung in social gatherm.gs
Kamrupiya . R = - . ; > | and cultural programs with
reflecting the cultural and social life of | traditions, social | light instrumental support; . .
Lokageet . . simple musical
the area. values emphasis on lyrics .
accompaniment
. Folk songs from the Goalpara district . Soft, melodious  tunes; | Performed in traditional
Goalporiya . . Everyday life, | : . . . P
blending Assamese and Bengali cultural R instruments like  Dotara, | settings with a distinctive
Lokageet love, spirituality . .
elements. flute, and percussion lyrical style
Classical devotional songs composed by | Devotion to Lord | Structured ragas and talas; | Performed in Vaishnavite
Borgeet Srimanta Sankardev and Madhavdev in | Krishna, classical style; accompanied | monasteries (Satras) and
the 15th—16th centuries. spirituality by Khol and Taal religious ceremonies
A fom,1 of cong}’egatlgnal chantm.g'm . . Rhythmic chanting; | Collective  prayer and
Assam’s Vaishnavite tradition | Devotion, unity, . . H ..
Naam . . - . accompanied by Khol, Taal; | chanting during religious
conducted in Namghars (community | spiritual bonding - o .
collective participation gatherings
prayer halls).

Volume 16 (2026), Issue 3 — Page 395




Hybrid Deep Learning-Based Automated Genre Classification of Assamese Regional Songs

The primary challenges in this study include the scarcity of high-quality and annotated datasets for Assamese folk
songs, the complex and overlapping characteristics of different folk genres, making non- trivial classification, variations
in musical instruments, vocal styles, and recording quality that introduce additional noise and inconsistencies in the data,
and the requirement for computationally efficient models that can perform well even with limited training data. Fig.1.
represents one such characteristic of sample spectrogram. By addressing these challenges, this research aims to contribute
towards the development of an efficient and scalable system for Assamese folk song classification [31,32], ultimately
aiding in the digital preservation of cultural heritage. Table.1. provides a comprehensive study of those songs.

The process begins by collecting and digitizing a diverse dataset of Assamese regional songs, then extracting key
features like Mel-Frequency Cepstral Coefficients (MFCCs) and spectrograms to capture the essential auditory
elements[12,13]. A Convolutional Neural Network (CNN) is used to analyze these features, training on the dataset to
classify the songs according to their genre[14,15]. This system achieves high accuracy in song classification, and the
resulting repository offers significant value for research and education[16]. Scholars in fields such as ethnomusicology
and cultural studies can use the repository to deepen their understanding of Assamese music's diversity and evolution[17].
Additionally, by making Assam's musical heritage accessible globally,[23] the project fosters cross-cultural appreciation
and can serve as an educational tool in schools and universities, introducing students to the state's unique cultural
soundscape[18].

As there isThe purpose of this work is to preserve and promote Assam's diverse musical heritage by utilizing deep
learning techniques to classify and categorize its regional songs[19]. Through the development of an automated system
that analyzes and identifies the unique characteristics of various Assamese music genres, this project aims to create an
accessible repository for scholars, educators, and the global community[20]. By doing so, it facilitates deeper cultural
understanding, supports research in ethnomusicology and cultural studies, and fosters cross-cultural appreciation of
Assam's rich musical tradition[21].

The novelty of this work lies in its innovative application of deep learning techniques, specifically Convolutional
Neural Networks (CNNs)[22], to the preservation and classification of Assamese regional music—a unique cultural
domain that has been largely unexplored in the context of AI[23]. By leveraging advanced audio feature extraction
methods such as Mel- Frequency Cepstral Coefficients (MFCCs) and spectrograms[24], the project creates a sophisticated
system capable of accurately categorizing traditional Assamese songs based on genre and regional characteristics[25].

The main objectives of this research are as follows:

i. Assemble a comprehensive dataset of 5 different categories of Assamese local songs.

ii. Ensure meticulous labeling for accuracy.

iii. Conduct extensive preprocessing of audio data, including feature extraction and normalization
iv. Design and implement a Hybrid Deep Learning model specialized in classification.

This manuscript is organized into five sections. Section 2 presents a comprehensive review of the relevant literature,
highlighting previous studies and establishing the theoretical background of the research. Section 3 describes the
methodology adopted for the study, including the research design, data collection procedures, and analytical techniques
used. Section 4 discusses the results obtained from the analysis and provides an in-depth interpretation of the findings.
Finally, Section 5 lists the references cited throughout the manuscript.

2. Literature Survey

A comprehensive review of existing literature was conducted to understand the current advancements in music genre
classification, folk music analysis, and deep learning—based audio processing techniques. The reviewed studies primarily
focus on feature extraction methods such as MFCC, Mel Spectrograms, and spectral features, combined with machine
learning and deep learning algorithms including CNN, SVM, RNN, XGBoost, and Genetic Algorithms. Particular
attention has been given to research works addressing traditional and regional music forms, including Assamese folk
music. Table.2. presents a structured summary of significant contributions, outlining the algorithms used, key findings,
and future research directions.

From the literature summarized in Table.2., it is evident that deep learning models, particularly CNN-based
architectures integrated with MFCC and spectrogram features, have demonstrated high classification accuracy across
various datasets. Studies related to Assamese folk music and Indian classical forms highlight the growing interest in
applying computational techniques to regional and traditional music analysis. However, limitations remain in terms of
real-time implementation, broader genre coverage, optimized feature engineering, and domain-specific dataset
availability. These research gaps provide strong motivation for further investigation and the development of more robust,
scalable, and culturally contextualized music classification models.
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Table 2. Summary of Existing Literature on Music Genre Classification, Folk Music Analysis, and Related Deep Learning Approaches

;l(; Paper Title Year Author Name Algorithm Used Result Future Scope
"Optimizing the
configuration of deep Achieved accurac Improve
learning models for music MFCC features with cceedin 95% ii recommendation
1 genre classification." Ten | 2024 | Teng Li dual CNN and Black | €x¢eeding 0 systems and explore
: L music genre .
Li Academy of Arts, Hole Optimization. classification neuromorphic
Pingdingshan Polytechnic ’ hardware.
College, Pingdingshan.
"Music Genre
Classification: A
Comparative Analysis of CNN with Mel XGBoost with MFCC Explore additional
CNN and XGBoost . performed better for | audio features and
2 . 2024 | Yigang Meng Spectrograms and .
Approaches with MFCC . structured audio | broader genre
" XGBoost with MFCC. .
and Mel Spectrograms. features. categories.
Department of Statistics,
University of California.
"A computational
approach identifying Successfully identified | Use deep learning
3 Assamese folk music 2023 Krishnarjun Bora et | MFCC + Spectrogram | instruments using | models like
instruments." Department al. with SVM/CNN. feature-based CNN/RNN for
of Statistics, Dibrugarh classification. improved analysis.
University.
"Classification of
Assamese Folk Songs DTC, LDA, Rand9m SVM achieved highest lmp_rove. feature
4 . . 2023 | Bora, K, etal. Forest, SVM  using o engineering and real-
Melody using Supervised accuracy (94.17%). .
. . " MFCC. time systems.
Learning Techniques.
. . . Identified similarity .
An Approach to Discover Correlation Coefficient atterns and developed Apply to Indian folk
5 Similar Musical Patterns. | 2022 | Chakrabarty, S.,etal. | using 16 Note-Measure Fecommen dation P genres and larger
IEEE Access. Method. datasets.
concept.
y - - - S Py
MFF SAug: Multi featgre Jothimani, S., and | CNN with spectrogram Achieved up to 99.6% | Real-time
6 fusion for speech emotion | 2022 . accuracy across | deployment and
I, Premalatha. augmentation. . .
recognition. datasets. multimodal fusion.
Recognition and . . Extend to traditional
; . Improved classification | .
classification model of Cross-Entropy + Adam . . instruments and
7 . 2021 | Xu, Ke. R accuracy with attention ..
music genres based on optimization. . optimized feature
and segmentation.
deep networks. sets.
- - o oy -
Applymg NLP qnd Deep . . RNN with hicrarchical Achieved 90.3% Real-time streaming
8 Learning Techniques for | 2020 | Peri, Deepthi. . 95.6% accuracy on | and cross-genre
o, sequence modeling. . .
Raga Recognition. classical datasets. adaptation.
. . . Cloud deployment,
MPSIC Classification Thiruvengatanadhan, | SVM  with spectral | Achieved 89% | recommendation
9 using Spectral Features | 2019 . . . .
R. features. classification accuracy. | integration, IoT
and SVM.
support.
GA-based o Explore subgenre
10 parameterization and 2016 Serwach,  Marcin; | Neural Network + kNN :Lili‘lr:;lc r}e&o;rrl; r(?\?e/(; classification and
feature  selection  for Stasiak, Bartlomiej + Genetic Algorithm. ¥ A mp advanced feature
. . feature selection. . .
music genre recognition. engineering.
3. Methodology

In the digital age, Assamese songs, cherished treasures of Assam's cultural heritage, face pressing challenges in
preservation. These orally transmitted melodies, steeped in linguistic nuances and melodic richness, encounter hurdles in
systematic documentation, leaving manual classification susceptible to errors. This project addresses this critical issue by
harnessing the power of deep learning to automate the precise recognition and categorization of various Assamese songs
sourced from audio recordings.

3.1. Dataset preparation

The dataset consists of 2500 Assamese regional songs collected from online platforms, classified into five different
categories namely Bihu, Borgeet, Kamrupiya Lokageet, Goalporiya Lokageet and Naam where each category consists of
500 songs each. For rigorous model training, the dataset is thoughtfully partitioned: 80% for training, 10% for validation,
and 10% for testing. All files are in the .wav format, ensuring uniformity for effective deep learning analysis and reflecting
a diverse and representative collection of Assamese musical heritage. This repository serves as a valuable resource for
scholars and educators, fostering a deeper understanding and global recognition of Assam's multi diverse musical
traditions.
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3.2. Preprocessing

In the preprocessing function, audio files are loaded and processed for uniformity and suitability in deep learning
analysis. The software Audacity is used to remove the background noise of the different audio files. The function,
implemented with the librosa library, standardizes the sampling rate to 16,000 Hz and limits the duration to 30 seconds.
To accommodate variations in audio length, padding is applied, creating a consistent matrix structure. This meticulous
preprocessing ensures that each audio file is transformed into a format conducive to subsequent model training, enhancing
the robustness of the classification system.

3.3. Feature Extraction

The feature extraction process in this project, facilitated by the Librosa library, incorporates several key parameters
to ensure the creation of informative and standardized representations of the Assamese Regional songs. A specified
sample rate of 16,000 Hz, denoted by target sampling_rate=16000, establishes a consistent measure of audio signal per
second during processing. Additionally, the duration parameter, set to 30 seconds (duration=30), enforces uniformity in
the length of audio clips for analysis and model training. Mel-frequency cepstral coefficients (MFCCs), computed with
n_mfcc=40, play a pivotal role in capturing the unique spectral features of each audio signal. This amalgamation of
parameters contributes to a comprehensive feature set, allowing the deep learning model to discern intricate patterns and
nuances within the Assamese Bihu folk songs for accurate classification during subsequent training and testing phases.
Audio Library in use is librosa and deep frameworks in use are Keras and Theano.

3.4. Constituent Algorithms: The Hybrid model in use consists of two algorithms which are:

VGGI16, originally designed for image classification, can also be adapted for audio processing by leveraging its
convolutional neural network (CNN) architecture to extract meaningful features from audio data. In audio applications,
the raw audio signal is often transformed into spectrograms—yvisual representations of sound frequencies over time—so
that the CNN can process them similarly to images[26]. VGG16’s deep hierarchical structure, with multiple convolutional
and pooling layers, is effective in capturing time-frequency patterns and learning abstract representations from these
spectrograms. This makes it suitable for tasks like audio classification, music genre detection, and speech recognition. By
fine- tuning its pre-trained weights, VGG16 can be optimized for specific audio-based tasks, delivering powerful feature
extraction capabilities that enhance model performance in diverse auditory applications.

ResNet50, a deep convolutional neural network known for its residual learning framework, is highly effective in
audio processing when applied to spectrograms or other time-frequency representations of audio signals. In audio tasks,
ResNet50's skip connections, which bypass certain layers, help address the vanishing gradient problem in deep networks,
enabling the model to learn more efficiently from complex audio patterns[27]. By mapping audio data into spectrograms,
ResNet50 leverages its residual blocks to capture intricate time-frequency features, making it highly suitable for tasks
like audio event detection, music classification, and speech recognition[28]. Fine-tuning ResNet50 on audio data allows
it to focus on specific auditory nuances, achieving robust performance across various sound-related applications. Its depth
and design make it adept at capturing hierarchical and abstract audio features, enhancing the accuracy of audio
classification models.

Input Sequence of Images
{10 frames of 128x128x3)

/ \

ResNet50 — Global Average
Pooling — Dense Layer
{128 units, ReLU) — Dropout (0.5)

N

TimeDistributed VGG16/ResNet50

J

LSTM (54 UNITS)

|

Output Layer
(SoftMax Activation for 5 Classes)

VGG16 - Flatten-Dense Layer
{128 units, RelU) — Dropout (0.5)

Fig. 2. VGG16 and ResNet50 with LSTM Model Architecture
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Fig. 2. shows the model architecture integrates a pre-trained ResNet50 convolutional neural network (CNN) with a
Long Short-Term Memory (LSTM) network to classify Assamese regional songs based on sequences of spectrogram
images. ResNet50, a deep residual network, functions as the feature extractor, leveraging residual connections to capture
rich spatial features from each spectrogram image while preserving computational efficiency through its frozen
convolutional layers. Each input spectrogram, resized to 128x128x3128 \times 128 \times 3128x128x3, is processed
individually by ResNet50, where spatial features are extracted by multiple convolutional and pooling layers. After feature
extraction, a Global Average Pooling (GAP) layer reduces dimensionality, followed by a Dense layer with ReLU
activation for enhanced feature representation.

To enable sequence processing, a Time Distributed wrapper applies the ResNet50-based model across a sequence of
10 spectrogram frames. These encoded frames are then passed to a 64-unit LSTM layer, capturing temporal dependencies
across the spectrogram sequence to model song characteristics over time. The final output layer is a fully connected Dense
layer with SoftMax activation, which outputs a probability distribution over the five genre classes, with the highest
probability indicating the predicted genre label. This architecture leverages the combined strengths of ResNet50’s spatial
feature extraction and LSTM’s temporal sequence processing, making it highly suitable for multi-frame, spectrogram-
based classification tasks.

The training phase involves preparing an extensive dataset comprising Assamese Bihu and non-Bihu folk songs. The
audio data undergoes preprocessing, merging Bihu and non-Bihu samples and adapting them to suit the model
architecture's requirements. The model is then constructed, incorporating a base structure and additional layers for
effective classification. Over a series of 10 training epochs, the model adjusts its internal parameters using the Adam
optimizer and minimizing categorical cross entropy loss. This iterative training refines the model's capacity to recognize
intricate patterns within Assamese Bihu folk songs. Following training, the model's performance is assessed on multiple
datasets—training, validation, and test sets—using accuracy as the key metric. This training workflow seamlessly
integrates audio feature extraction, transfer learning, and model training to achieve accurate and robust classification of
Assamese folk songs.

In the prediction phase, the trained model applies its learned knowledge to classify new, unseen audio samples as
either Assamese Bihu or non-Bihu folk songs. Leveraging the intricate patterns and features it acquired during training,
the model assesses the unique characteristics of each input audio file. The prediction process involves generating a
probability distribution across the defined classes, ultimately assigning a label to the input based on the highest
probability.

The model's predictive accuracy is crucially evaluated on real-world data, ensuring its effectiveness in making
accurate classifications beyond the training and validation sets. Through this predictive capability, the model demonstrates
its practical utility in automatically identifying and categorizing Assamese folk songs, contributing to the preservation
and appreciation of the rich cultural heritage embodied in Bihu music.

3.5. ResNet50 & VGG16 Hybrid Model

A hybrid model combining ResNet50 and VGG16 for audio classification leverages the strengths of both
architectures, integrating their distinct advantages to improve the model's performance and accuracy. It may be a strong
choice for classification of spectrogram of songs and music. ResNet50 is renowned for its ability to handle very deep
networks by using residual connections, allowing it to maintain efficient learning in deep architectures.

ResNet50 Feature Extraction

ResNet50
Pretrained CNN -
Genre Prediction
VGG16
Pretrained CNN Feature Concatenation LSTM Layer BIHU

BORGEET -
GOALPARIYA LOKOGEET
KAMRUPI LOKGEET
NAAM

Input Sequence
of Spectrograms

Fig. 3. ResNet50 & VGG16 Hybrid Model

VGG16 is well known for its deep structure with stacked convolutional layers along with max pooling and ReLU.
Edges and textures can be easily extracted using VGG network. On the other hand, ResNet uses residual learning which
is an effective method for capturing hierarchical deep features. Vanishing gradient problem is also handled well which
helps the model to go deeper and maintain proper feature extraction. Both of the models together is capable of capturing
low and high level features and improves classification accuracy.
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Proposed Algorithm: ResNet50 and VGG16 Hybrid Model

Input: Sequence of spectrogram images
Output: Classification probabilities for different song categories

Pre-process the data: Load, resize, normalize images Split the data into train : test = 80 : 20
Define VGGResFusion()
for each step epoch=1,2,....n
do input < Sequence of image tensors
model resnet < ResNet50 Feature Map
model vgg < VGG16 Feature Map
for Each layer =1,2,...,]
do model resnet «— GlobalAveragePooling2D()
model_resnet — Dense(128, activation='"ReLU")
model_resnet «— Dropout(rate = 0.5)
model vgg <« Flatten()
end for
model vgg « Dense(128, activation='ReLU")
model vgg «— Dropout(rate = 0.5)
end for
Concatenated Features «— Concatenate(model resnet, model vgg)
Istm_out «— LSTM(64, return_sequences=False)
Output < Dense(num_classes, activation='softmax")

VGG 16 is good in capturing texture patterns like timbral and frequency band whereas long term patterns necessary
for audio signal classification is found effective in ResNet 50. Fig.3 shows the flow diagram of the hybrid model. The
proposed hybrid model is capable of leveraging spatial and hierarchical feature mining strengths and makes a prevailing
assamese music genre classification from the spectrogram inputs.

The proposed model is a hybrid convolutional-recurrent neural network architecture that integrates ResNet50 and
VGG16 feature extraction backbones with an LSTM network for sequence-based classification of Assamese regional
songs. The model takes as input a sequence of spectrogram images, each pre-processed into dimensions of 128x128 with
3 colour channels. For feature extraction, ResNet50 and VGG16 models are applied independently to each frame in the
sequence. Both pretrained CNNs have their weights frozen to retain their generic feature representations from the
ImageNet dataset, while the output features are passed through additional dense and dropout layers to reduce
dimensionality and enhance generalization. Specifically, the ResNet50 backbone employs a GlobalAveragePooling layer
to summarize spatial features,

Captures high-level semantic and abstract patterns which are robust to variations in timbre and background noise.

One of the ResNet50 feature vector is:

Freosne=10:34, 0.00, 1.27, 0.56, 0.89,...,0.12]€R"**

while the VGG16 model uses a Flatten layer to preserve more spatial detail. Each of these feature representations is

encapsulated within a Time Distributed layer to enable sequential processing across frames capturing fine-grained local
spectral textures and are sensitive to harmonics, pitch contours, and timbral details. One of the VGG16 feature vector is:

f16c=10.91,0.44,0.03, 1.02, 0.67....,0.58]€R"*®

The outputs from ResNet50 and VGG16 are then concatenated and passed through an LSTM layer to capture
temporal dependencies, which are vital for accurately classifying song genres based on sequential audio patterns. A final
dense layer with SoftMax activation completes the model, providing multi-class genre predictions. One of the combined
feature vector is:

i 10-34,0.00,...,0.12,0.91, 0.44,...,0.58]€R*

Cepstral Coefficients, transforming the 1D audio signal into a 2D representation, which makes it suitable for
convolutional networks like ResNet50 and VGG16. The model works by first feeding the input data through both
networks separately. ResNet50 applies its residual blocks to capture more abstract, high-level features while avoiding the
vanishing gradient problem, particularly in deeper layers. VGG16 focuses on extracting detailed low- and mid-level
features due to its depth and uniform convolutional layers.
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Once both networks process the input data, the outputs are typically concatenated or merged to form a combined
feature vector. This merging stage fuses the insights captured by both networks, allowing the model to take advantage of
the complementary strengths of ResNet50's deep feature extraction and VGG16's rich, detailed representations. After
merging, fully connected layers are usually applied to this combined feature vector, followed by softmax activation for
final audio classification. This hybrid approach improves accuracy and robustness in handling complex audio
classification tasks by capturing both global and local audio patterns effectively.

4. Results And Discussion

To strengthen the reliability of the reported results, statistical validation techniques were also incorporated into the
evaluation process. A 5-fold cross-validation strategy was applied to the dataset to ensure that the model performance
remained consistent across different training and testing partitions. The proposed hybrid model achieved an average
classification accuracy of 94.12% with a standard deviation of +1.18%, indicating stable and robust performance.
Furthermore, statistical significance testing using paired t-tests was conducted between the proposed hybrid model and
baseline approaches such as CNN, SVM, and Random Forest. The obtained p-values (<0.05) confirmed that the
improvements achieved by the hybrid VGG16—ResNet50-LSTM architecture were statistically significant and not due to
random variation. These validation measures demonstrate the robustness, reproducibility, and generalization capability
of the proposed framework for Assamese regional song classification.

We will conduct a comprehensive analysis of the results obtained from the application of 11 distinct algorithms. Our
objective is to scrutinize their performance and behavior, evaluating the accuracy they achieved on the training, validation,
and testing sets within the dataset. The model performance results indicate that VGG16 achieved the highest accuracy at
96.04%, followed by the Multi-Layer Perceptron (MLP) with 95.59%. Both K-Nearest Neighbors (KNN) and Support
Vector Machine (SVM) reached an accuracy of 94.76%, while Random Forest closely followed with 94.35%. ResNet50
yielded an accuracy of 93.07%, while WaveNet performed lower at 88.40%. The standard Convolutional Neural Network
(CNN) showed the lowest accuracy at 81.66%. These results suggest that deep learning architectures like VGG16 and
MLP perform better on the given dataset compared to traditional machine learning models and simpler CNNs. Figures 4
to 15, obtained scores.

Precision Scores and Confusion Matrices

1. VGG16

Training Accuracy: 97.01%
Testing Accuracy: 94.06%

4/4 [==============================] - 25 270ms/step
Classification Report:

precision recall fi1-score support
BIHU 1.00 ©.85 ©.92 27
BORGEET 1.00 1.00 1.00 13
GOALPARIYA LOKOGEET 0.95 1.00 0.97 19
KAMRUPI LOKGEET 90.95 ©.95 ©0.95 19
NAAM ©.85 0.96 ©.90 23
accuracy 0.94 101
macro avg 9.95 0.95 0.95 101
weighted avg 0.95 0.94 0.94 101

Detailed Scores:

BIHU: Precision: 100.00%, Recall: 85.19%, Fl-Score: 92.00%

BORGEET: Precision: 100.00%, Recall: 100.00%, Fl-Score: 100.00%
GOALPARIYA LOKOGEET: Precision: 95.00%, Recall: 100.00%, Fl1-Score: 97.44%
KAMRUPI LOKGEET: Precision: 94.74%, Recall: 94.74%, Fl1-Score: 94.74%
NAAM: Precision: 84.62%, Recall: 95.65%, Fl-Score: 89.80%

Fig. 4. Accuracy Scores for VGG16
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Confusion Matrix

BIHU

BORGEET -

3
T GOALPARIYA LOKOGEET - 0
] -10.0
=
-75
KAMRUPI LOKGEET - 0
- 5.0
NAAM - 0 -2.5

- 0.0

BIHU -

BORGEET -

GOALPARIYA LOKOGEET -

KAMRUP| LOKGEET -
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Fig. 5. Confusion Matrix for VGG16
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Table 3. Detailed Scores Table for VGG16

Genre Precision Recall F1-Score
Bihu 100.00% 85.19% 92.00%
Borgeet 100.00% 100.00% 100/00%
Goalpariya Lokageet 95.00% 100.00% 97.44%
Kamrupiya Lokageet 94.74% 94.74% 94.74%
Naam 84.62% 95.65% 89.80%

Fig. 4. and Fig. 5. represents the accuracy table and confusion matrix of the model comprising of VGG16 and
LSTM. Also Fig.06 and Fig.07 represents the accuracy and loss graph of the model of VGG16 and LSTM. Table
3 shows performance of the model with respect to all five types of songs in terms of precision, recall and F1-score.
It is seen that Bihu and Borgeet shows 100% accuracy for Precision and comparatively less Recall for F1-score for
Bihu but 100% for Borgeet respectively. These two are very unique songs of Assam in melody and rhythm. On the
other hand, Goalporia songs are being slightly misclassified, some of the non Goalporias are labelled wrongly as
Goalporia. Kamrupia lokageet shows lowest score however high accuracy 94.74% is attained. The last category
Naam shows perfect recall but to some extent lower precision and F1-score. It implies that model is cautious in
case of Naam and pass up incorrect labelling.

2. ResNet50

Classification Report:

precision recall fi1-score  support

BIHU 1.00 0.85 0.92 27

BORGEET 0.93 1.00 0.96 13

GOALPARIYA LOKOGEET 0.72 0.95 0.82 19
KAMRUPI LOKGEET 0.92 0.63 0.75 19
NAAM 0.85 0.96 0.90 23

accuracy 0.87 101

macro avg 0.88 0.88 0.87 101

weighted avg 0.89 0.87 0.87 101

Detailed Scores:

BIHU: Precision: 100.00%, Recall: 85.19%, Fl-Score: 92.00%

BORGEET: Precision: 92.86%, Recall: 100.00%, Fl1-Score: 96.30%

GOALPARIYA LOKOGEET: Precision: 72.00%, Recall: 94.74%, F1-Score: 81.82%
KAMRUPI LOKGEET: Precision: 92.31%, Recall: 63.16%, F1-Score: 75.00%
NAAM: Precision: 84.62%, Recall: 95.65%, Fl-Score: 89.80%

Fig.8. Accuracy Scores for ResNet50
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Table.4. Detailed Scores Table for ResNet50

Genre Precision Recall F1-Score
Bihu 100.00% 85.19% 92.00%
Borgeet 92.86% 100.00% 96.30%
Goalpariya Lokageet 72.00% 94.74% 81.82%
Kamrupiya Lokageet 92.31% 63.16% 75.00%
Naam 84.62% 95.65% 89.80%

Fig. 8. and Fig. 9. represents the accuracy table and confusion matrix of the model comprising of ResNet50
and LSTM. Also Fig.10 and Fig.11 represents the accuracy and loss graph of the model of ResNet50 and LSTM.
Table 4 shows performance of the model with respect to all five types of songs in terms of precision, recall and
F1-score. It is seen that Bihu and Borgeet shows 100% accuracy for Precision and Recall respectively. These two
are very unique songs of Assam in melody and rhythm. On the other hand, Goalporia songs are being slightly
misclassified, some of the non Goalporias are labelled wrongly as Goalporia. Kamrupia lokageet shows lowest
score however high accuracy 92.31% is attained. The last category Naam shows perfect recall but to some extent
lower F1-score. It implies that model is cautious in case of Naam and pass up incorrect labelling.
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3. VGG16 and ResNet50
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Training Accuracy: 98.00%
Testing Accuracy: 98.02%
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Classification Report:
precision recall fil-score support
BIHU 1.00 1.00 1.00 27
BORGEET 1.00 1.00 1.00 13
GOALPARIYA LOKOGEET 0.95 1.00 0.97 19
KAMRUPI LOKGEET 0.95 0.95 0.95 19
NAAM 1.00 0.96 0.98 23
accuracy 0.98 101
macro avg 0.98 0.98 0.98 101
weighted avg 0.98 0.98 0.98 101

Detailed Scores:

BIHU: Precision: 100.00%, Recall: 100.00%, F1-Score: 100.00%

BORGEET: Precision: 100.00%, Recall: 100.00%, Fl-Score: 100.00%
GOALPARIYA LOKOGEET: Precision: 95.00%, Recall: 100.00%, Fl-Score: 97.44%
KAMRUPI LOKGEET: Precision: 94.74%, Recall: 94.74%, Fl-Score: 94.74%
NAAM: Precision: 100.00%, Recall: 95.65%, Fl1-Score: 97.78%

Fig.13. Confusion Matrix for Hybrid
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Table 5. Comparison and trends table for the hybrid model
Genre Precision Recall F1-Score
Bihu 100.00% 100.00% 100.00%
Borgeet 100.00% 100.00% 100.00%
Goalpariya Lokageet 95.00% 100.00% 97.44%
Kamrupiya Lokageet 94.74% 94.74% 94.74%
Naam 100.00% 95.65% 97.78%

Fig. 12. and Fig.13. represents the accuracy table and confusion matrix of the hybrid model comprising
VGG16 and ResNet50. Also Fig. 14. and Fig. 15. represents the accuracy and loss graph of the hybrid model of
VGG16 and ResNet50. Table 5 shows performance of our proposed model with respect to all five types of songs
in terms of precision, recall and F1-score. It is seen that Bihu and Borgeet shows 100% accuracy across all the
parameters. These two are very unique songs of Assam in melody and rhythm. On the other hand, Goalporia songs
are being slightly misclassified, some of the non Goalporias are labelled wrongly as Goalporia. Kamrupia lokageet
shows lowest score however high accuracy 94.74% is attained. The last category Naam shows perfect precision
but to some extent lower recall. It implies that model is cautious in case of Naam and pass up incorrect labelling.

We can also compare our proposed system’s performance across the genre. Bihu and Borgeet are highly distinct hence
model easily classifying them accurately. They have a perfeact precision, recall and F1-score.

The highest recall but lower precision genre is Goalporia lokageet. It may happen due to sharing some features with
other genre which leads to irregular misclassification.

Kamrupiya lokageet has 94.74% precision, recall and F1 score. It implies that the model is consistent for this genre
but not so sturdy as the other three categories.

Last but not the least, the naam has perfect 100% precision but 95. 65% recall. It indicates that when this proposed
model recognizes a genre as naam, it is always correct but sometimes it misses some genuine naam songs. It is due to
some characteristics which cause them to be like another genre.

Class imbalance effects are also observed in the confusion matrices, particularly for Goalpariya Lokageet,
Kamrupiya Lokageet, and Naam categories. Although the dataset contains an equal number of samples for each genre,
certain genres share overlapping melodic structures, rhythmic patterns, and vocal characteristics, which increases the
probability of misclassification. For example, Goalpariya Lokageet exhibits high recall but relatively lower precision,
indicating that the model correctly identifies most actual Goalpariya samples but also incorrectly labels samples from
other genres as Goalpariya. Similarly, Kamrupiya Lokageet demonstrates comparatively lower recall due to its acoustic
similarities with Goalpariya and Naam songs. These observations suggest that the learned feature representations are
influenced not only by genre-specific characteristics but also by inter-genre similarities inherent in Assamese folk music.

The confusion matrices further reveal that highly distinctive genres such as Bihu and Borgeet achieve near-perfect
classification because of their unique rhythmic structures, instrumentation, and tonal patterns. In contrast, devotional and
folk-based categories share overlapping spectral features, causing ambiguity during classification. Future work may
address these imbalance effects through advanced augmentation techniques, attention mechanisms, focal loss functions,
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or class-wise feature weighting strategies to improve recall for underperforming genres while maintaining overall model
stability

Table 6. Comparative analysis with existing models

Author (Year) Dataset Features Used Model/Technique Reported Accuracy
. Two CNNs optimized

Teng Li (2024) Public genre dataset MFCC with Black Hole 95%+

(various) L

Optimization
. . MFCC, Mel XGBoost > CNN (best:

Yigang Meng (2024) Benchmark music dataset Spectrograms CNN vs. XGBoost ~94%)
Bora et al. (2023) 250 Assamese folk MFCC Decision Tree, LDA, RF, SVM: 94.17%

melodies SVM
Sharma et al. (2024) Spectrogram dataset Spectrograms Hybrid CNN-LSTM ~95%

2500 Assamese folk Hybrid VGG16 +

+ 0,

Proposed Work songs (5 genres) MFCC + Spectrograms ResNet50 + LSTM 94%

Table 6. demonstrates the different literatures, Teng Li [26] achieved over 95% accuracy by optimizing two CNNs
with Black Hole Optimization on benchmark datasets using MFCC features, while Yigang Meng [13] compared CNNs
and XGBoost, finding that XGBoost with MFCCs outperformed CNNs, reaching about 94% accuracy. Bora et al. [14]
focused directly on Assamese folk melodies using a small dataset of 250 samples and traditional classifiers, where SVM
yielded 94.17% accuracy. Sharma et al. [1] employed spectrogram features with a hybrid CNN-LSTM model, reporting
accuracy close to 95%. In comparison, our proposed hybrid VGG16 + ResNet50 + LSTM model, trained on a much larger
curated dataset of 2500 Assamese folk songs across five genres, achieved 94% accuracy. While earlier works established
the effectiveness of MFCCs, spectrograms, and hybrid deep learning in general music genre classification, our
contribution lies in scaling these approaches to a significantly larger and culturally specific dataset, ensuring both

competitive performance and the preservation of Assamese musical heritage.

5. Conclusion

This work successfully harnesses deep learning techniques to preserve and promote the rich musical heritage of
Assam by developing an automated classification system for regional songs. By employing Convolutional Neural
Networks (CNNs) and advanced feature extraction methods, we have created a comprehensive digital archive that
accurately categorizes various Assamese music genres. This innovative approach addresses the preservation challenges
posed by modernization and globalization, ensuring that these traditional melodies remain accessible for future
generations. Furthermore, the project provides a valuable resource for research and education, fostering a deeper
appreciation and understanding of Assam's diverse cultural traditions on a global scale. Through this fusion of technology
and cultural preservation, we hope to inspire pride and ownership among the people of Assam and encourage cross-
cultural dialogue and appreciation.
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  ResNet50


  VGG16


  train : test = 80 : 20


  VGGResFusion()


  for


  epoch = 1,2,...,n


  do input ← Sequence of image tensors


  resnet ← ResNet50


  vgg ← VGG16


  for


  layer = 1,2,...,l


  do


  resnet ← GlobalAveragePooling2D()


  resnet ← Dense(128, activation='ReLU')


  resnet ← Dropout(rate = 0.5)


  vgg ← Flatten()


  end for


  vgg ← Dense(128, activation='ReLU')


  vgg ← Dropout(rate = 0.5)


  end for


  Features ← Concatenate(model_resnet, model_vgg)


  lstm_out ← LSTM(64, return_sequences=False)


  Output ← Dense(num_classes, activation='softmax')


  Output ← Dense(num_classes, activation='softmax')


   f  ResNet ​=[0.34, 0.00, 1.27, 0.56, 0.89,…,0.12​]∈  R  128


   f  VGG =[0.91, 0.44, 0.03, 1.02, 0.67,…,0.58​]∈  R  128


   f  hybrid ​=[0.34, 0.00,…,0.12, 0.91, 0.44,…,0.58​]∈  R  256

