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Abstract N

Music plays a major role in daily life and serves as a key means for expres‘@man emotions.

& Department of Electrical Engineering, Ferdowsi University of Mashhad, Mashhad, Iran O

Automatic classification of Iranian traditional music is a fascinating et €hallenging subject,
particularly for those interested in Iranian music dastgahs. This proposes a novel method
for Iranian traditional music genre recognition using Persi&ﬁglc tracks. Six Iranian music
genres, namely Shour, Nava, Mahour, Segah, Chahargah, ahd Homayoun, are considered. To
accurately detect genres, convolutional nedral tworks (CNNs), one-dimensional
convolutional neural networks (LDCNNs a@ g short-term memories (LSTMs) are
employed. All models are fed extracted p atures, with the music pitch converted into a
sequential note vector and a visual repreSentation in the form of a graph illustrating the musical
structure. Finally, an ensemble %bines the predictions from all models. The proposed
approach is evaluated using the "Arg" database, which includes solo melodic instrument tracks
with no limitations on pl 'bt’yle, instrument, tempo, or techniques. The proposed method
achieved a recogniti &acy of 77.35%, which improved to 80.44% with the use of data

s. The experimental results, including accuracy, F1-score, and standard

emonstrate the effectiveness of the approach, showing better performance

er methods for dastgah recognition.
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1 Introduction

Music significantly influences human emotions and mental states, prompting extensive
research in areas like genre, emotion, instrument recognition, and music retrieval. Genre
recognition, a complex pattern recognition task, has gained importance with growing music

databases. Since genres overlap structurally and content-wise, especially in Iranian music,
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labeling becomes difficult. Classifying tracks based on genre, content (such as instrumentation
or solo/ polyphonic music tracks) and playing techniques is a key task in music signal

processing. This paper focuses on recognizing Iranian music genres.

Iranian traditional music encompasses subgenres defined by structure, style,
instrumentation, and regional roots such as dastgahs, avazes, religious, radif, and folk music.
Dastgahs are subgenres based on unique note combinations and musical structures that set them
apart from Western styles. Their complexity, coupled with limited pattern recognition ies
in music, makes this area compelling. As traditional music is part of human hesita@lccess
and awareness are vital. Yet, Iranian genre recognition remains underexpl NUe to its
complexity and limited public familiarity. ldentifying dastgahs has ical uses from
recommendation systems (e.g., Shazam) and automatic classificati@@.l
cultural promotion. Recognizing dastgahs requires more than m%‘th ory; only experienced

sic education and

individuals with deep knowledge of their structures can |de%

There is little research on Iranian traditional dastga ic compared to Western music,
which benefits from its simpler structure and gredt @Jlarity. In western music, researchers
have used different features like rhythm an ter@%] to classify music tracks by genre, such
as pop, classical, jazz, hip-hop and meta%anian music, using such features for dastgah
detection usually does not lead to acclrate results due to different scales, the presence of
quartertones, and varied rhyth ithin the same dastgah. Other features like Shahed

note (a prominent note heard¥gore frequently) can be used in Iranian music recognition.

Expert-based classifi n of Iranian dastgah music is time-consuming and difficult,
highlighting the n automated analysis to extract features and categorize dastgahs for
easier mu3|c ac zzy similarity study [2] shows that similarities between dastgahs range

from 43% t /o Traditional automatic genre classification extracts key features from music

Mackines (SVM), Neural Networks (NN), and Recurrent Neural Networks (RNN). Deep

learning, which has advanced rapidly due to large datasets and powerful GPUs, offers the

sigrﬁls, applies a classification method. Recent techniques include Support Vector

advantage of integrating feature extraction and classification within a unified structure.

In this paper, the proposed solution for identification of Iranian musical dastgahs includes
two stages: note sequence vector formation and classification. Pre-processing steps such as
windowing and filtering are required to form the note sequence vector. Windowing is used to

prevent changes in the dynamics of music signal so that it can be regarded as stationary.



Filtering removes noise from the music signal and increases Signal-to-Noise Ratio (SNR).
YAAPT (Yet another algorithm for pitch tracking) is employed for pitch detection, extracting
the fundamental frequencies. This information is then used to create a note sequence vector
and a visual representation of the audio signal, which serve as inputs to the classifiers. A
multimodal classifier combining convolutional neural network (CNN), one-dimensional
convolutional neural network (1IDCNN), and long short-term memories (LSTM) in parallel is
used to analyze various aspects of the music signal, such as temporal dependencies and the
visual representation. Classification accuracy is further improved with an ensem ?réael
using the ARG database. The details of this new database are fully explained ir:xgn 4.1.
The designed system classifies tracks into six dastgahs of Mahour, ShogrN\Nava, Segah,
Homayoun, and Chahargah. To the best of our knowledge, this is the firstsresearch that has
been done in recognizing Iranian musical dastgahs with regard to th;%mal subtleties of this

type of sub-genre with different compositional diversity by a(@semble method and data

augmentation. &

The paper is structured as follows: Section twq pr@t related works, section three details

the proposed architecture and methodology, SC)@;, four includes simulation results, and

section five offers conclusions and future %

2 Related Work

Many researchers have studi estern music genre classification, employing machine
learning for effective solutighs\ip tasks like beat detection and emotion and chord recognition
[3-5]. The classificati stern music genres was introduced as a recognition issue in 2002,

suggesting feature s timbre, rhythm, and pitch [6]. Hand-crafted features were designed
to extract speci Q;utes, with various classifiers used for genre identification [7]. SVM
classificatiof .agd Mel spectral coefficients were employed for classifying genres like Chinese
folk, roc p, and Guzheng, with optimization attempted via a cuckoo search algorithm [8].
Oth ethods included Relevance Vector Machine (RVM), decision tree, and K Nearest
Neighbor (KNN). Spectral features of classical, folk, Ghazal, and Sufi genres were mapped to
an emotional plane for classification [9]. Conditional random fields modeled Chinese folk
music, while Gaussian Mixture Models (GMM) helped identify track genres [10]. Features like
Spectral Rolloff (SR), Zero Crossings (ZC), pitch, and duration also assisted in genre
identification [11]. The KNN, Naive Bayes, neural network, and SVM methods were employed

for classifying the GTZAN and Free Music Archive (FMA) databases. A hybrid method was



also utilized to address high genre overlap, which caused incorrect music track identifications
[12].

Deep learning is gaining attention lately because powerful computing systems are now more
widely available. Most deep-learning methods automatically extract distinctive information
from data samples, unlike handcrafted features. The first use of CNN in music information
retrieval occurred in 2012 [13]. Subsequent applications included automatic detection of music
chords [14], onset detection [15], music classification based on spectrogram charactefistics
[16], and addressing challenges in music information retrieval [13]. In [17], harr@c and
percussive components of music signals were separated before spectrogram }ation and
CNN training. CNN training can be time-consuming, prompting resea % focus on
optimizing network parameters [18]. The combination of handc& atures and CNN
properties was explored for music genre distinction [19], as W?&s combining handcrafted

o
r

image features (spectrograms) with audio signal features fo% assification [20].

Generalized deep learning methods, including tho ith statistical structures that can
conditionally enable or disable specific parts of tie @rk, have found applications in music
analysis [21]. A modified CNN version h%e@%ted for classifying music across various
databases, including GTZAN and FMA [2 CNNs can also be combined with RNNs [24].
For music onset detection, CNNs can automatically extract features from raw data with less
manual preprocessing but highe D%ional costs, making them comparable to RNNs [15].

A residual network (ResNet) Was used in [25], highlighting the challenges posed by high genre

overlap in Iranian music s. The model assigns three genres based on statistical analysis

of a 3-second track f e GTZAN database.

Shortening t ations in small databases increases training data and improves system
performanc@]. Research explored the effect of varying track lengths on genre recognition,
usi fiVthteCtureS for IDCNN [27]. Nigerian databases with 1000 thirty-second tracks in
sevel genres were categorized using 1IDCNN [28]. The FMA database was analyzed with
1DCNN, CNN, LSTM, and ensemble methods, utilizing two result-mixing techniques [29].
Four ensemble methods were considered, with a voting mechanism achieving the best results

[30]. The nature of the XGBoost ensemble method was also discussed [31].

Since a piece of music is a sequence of notes played by a particular rule, LSTM and Gated
Recurrent Unit (GRU) can be used, which are suitable for solving time-based signal processing

problems [32]. In these studies, datasets including GTZAN, Emotify, Ballroom, and LastFM



were utilized, with Mel-spectrograms used for feature extraction. The integration of CNN and
LSTM was also investigated [21].

A variety of optimizers can also be used to distinguish music genres. For example, in a
research on GTZAN and Magna TagAtune databases, CNN and Self Adaptive Sea Lion
Optimizer (SA-SLnO) were used for classification and system performance improvement,
respectively [33]. In the mentioned methods, various types of libraries such as Librosa [16, 28,
30], Essentia [12], and Alize [34] were considered for extracting various features. (b,

This section highlights key studies on Iranian music in the Music Informati Qrieval
(MIR) field, with fewer than 20 studies in the last 20 years [35]. The first r@h using an
artificial neural network aimed to identify the Mahour dastgah from fiv using an RBF
network on FFT peaks [36]. Additionally, an RBF network and SVM ¢ g
MFCC, and Spectral Centroid were used for dastgah recogni [37]. The Nava dataset,
MFCC features, and SVM classifier were applied for da&%and instrument recognition,
though with limited success [38]. GMM also analyzed443yperformances using spectrogram

and Chroma features [39]. ¢

ier trained on pitch,

on STFT outputs, based on a dataset with 1 olo violin and Ney tracks [40]. Another CNN

The first deep learning attempt for dastgaftre ition used combination of CNN and GRU
)

model was trained on solo and ens e performances across Iranian instruments [41]. A

combined CNN and residual net%@w applied on the PMG dataset but limited by training

examples [42]. Sequential r@ extraction, hierarchical classification, and LSTM networks

classified music into %a@ahs and 11 sub-dastgahs, utilizing the ARG dataset of solo melodic

instrument tracks

To sum i@b deep learning and classical machine learning methods have been
effective led to genre classification, with MFCCs and SVMs being prominent features
and s, especially in Indian music. The GTZAN database is the most used in literature.
Resmn Iranian music is scarce, often focusing on limited genre classes and overlooking

the unique characteristics of Iranian dastgahs.
3 Proposed method

Fig. 1 shows the block diagram of the proposed method. The music track (S[n]) served as
the input signal, undergoing a windowing stage to create L music segments (Si[n], i=1: L).

Subsequently, pitch features (FO;) were computed, forming a note sequence vector (Ng, ..., NL),



and a graph-based model for each music track. Further, the outputs of 1LDCNN, LSTM, and

CNN models were employed to achieve better results through ensemble learning.

3.1 Windowing

Music signals are inherently non-stationary, with their frequency characteristics changing
over time. To analyze such signals effectively, we divide them into shorter segments where
they can be approximated as stationary. This is achieved through a process known as
windowing, where overlapping windows are applied to capture musical nuances, such aWs,

without losing important information. ° O

Different window types have specific advantages and drawbacks. Rectaagular windows
cause edge discontinuities and distortions, so windows tapering towar g@t the ends and
one in the center are preferred. Window length is as important as i %e. it must be short
enough to capture a single note. Shorter windows offer better resolution, while longer
ones improve frequency resolution. To avoid information I%Mrlapping windows typically
25% to 75% are used [44]. More overlap ensures conh’@us signal coverage but increases

computational complexity. ‘

In this paper, Hanning window was u% roduce music segments (Si[n]). Hanning
window is a standard choice in signal proc g due to its proven effectiveness. It is widely
preferred for its ability to create smo gments, minimize spectral leakage, and reduce edge

subtle pitch variations in no

effects. This leads to more accura quency representation, which is vital for distinguishing
@ionary signals like music.

3.2 Pitch detection &6

Pitch is a c re of music signals, reflecting the fundamental frequency (FO) and
perceived ndte. )Although FO varies significantly and is useful for tasks like emotion, gender,
and genr@ognition, it is difficult to detect due to issues such as pitch doubling or loss at low
freq es, especially in poor recordings. Pitch directly maps to musical notes and is vital for
capturing the melodic structure of Iranian dastgahs, making it well-suited for sequence-based
learning models. In contrast, features like MFCC are less suitable due to the complexity of
melodic patterns and increased computational complexity.

This study uses note sequences as classifier inputs, as they reflect the structural differences
among dastgahs, unlike rhythm or timbre, which are more relevant to emotion [45-46] and

instrument recognition [47], respectively. A key idea of this paper is to provide a meaningful



graph representation of note sequences, which further enriches this approach. Pitch detection
methods fall into time-domain, frequency-domain, and hybrid types. Algorithms like YAAPT
[48], SPICE (Self-supervised Pitch Estimation) [49], RAPT (Robust Algorithm for Pitch
Tracking) [50], and YIN [51] were evaluated, with YAAPT chosen for its better accuracy. Fig.
2 illustrates YAAPT’s steps, which combine time and frequency analyses to enhance FO

estimation, addressing limitations of methods like RAPT.

To clarify the pitch detection choices in this study, a bandpass filter was applied
preprocessing to retain frequencies between 26 and 2000 Hz (covering notes A@ to@ his

range includes 75 main musical notes, ensuring broad frequency coverage ¢ emoving
I

irrelevant low/high-frequency noise. FO candidates were identified usin al harmonics
correlation [52]. Other techniques like normalized low-frequency e tio [53] could also
be used. 2
3.3 Note mapping 0

In the next step, the fundamental frequencies extr m the music segments (F0;) were
converted into notes using a "note mapping" tab @mdermg the sound range of various
instruments across up to seven octaves. le lustrates the mapping of notes for fourth
octave frequencies in Iranian music as ar%xple In this table, the terms Koron, Sori, and

Bemol represent Quarter flat, Quarte rp, and Flat, respectively.

This paper expands musigal note”extraction beyond western music's main seven primary
notes and five semitone t&ﬁcorporating semitone and quartertone intervals in Iranian
traditional music. Thi r@smn results in finer frequency intervals, making note recognition
in Iranian music m@omplex. While both the central frequency and surrounding band length
vary for eachgeﬁe ote mapping method primarily relies on central frequency values. Notes
were assi y calculating the minimum Euclidean distance between each F0; and adjacent
not?precise matching. Subsequently, a vector of length L was generated from the sequence

of assigned notes across each music track and was then fed into the classifiers.

3.4 1DCNN-based classification

The main stages of CNNSs are feature extraction and classification. LDCNN is selected for
its ability to efficiently handle sequential patterns in music signals, particularly for recognizing
temporal patterns in music. Compared to CNNs used in parallel branches, 1DCNN reduces

computational complexity, processes sequential note data directly, and achieves faster



performance while maintaining high accuracy. This is especially beneficial for recognizing

complex melodic structures in Iranian musical dastgahs.

The proposed 1IDCNN model for dastgah classification, shown in Fig. 3, was designed
through trial and error based on other architectures [27]. It consists of 10 layers, plus input and
output layers. The model includes two convolutional layers with 32 filters and a kernel size of
three, followed by a max-pooling layer with a pool size of three. This is followed by two
convolutional layers with 64 filters, another max-pooling layer with a pool size of five a
final convolutional layer with 128 filters. There are three fully connected layers with@, 128,
and 64 neurons. Convolutional layers detect local patterns, and ReLU activ '%functions
introduce non-linearity. Pooling layers reduce feature map size and ¢ Q{y, making
features more robust. The Softmax function is applied at the outp% with six neurons,

corresponding to the six classes.
° (b&

In this step, based on the classifier type and computatioRal costs, a smaller input size was

3.5 Note selection

constructed as a vector. By performing this operatfan, w vector with R (where R < L) notes
was created for each track, serving as an a tr@%of the previous vector. To achieve this,
the sequence vector containing L extrac tes is divided into equal note intervals. The
interval size was determined based on the presence of at least one note every 0.5 seconds and
having an odd number of ele D%itionally, by choosing the middle element of each
interval as the representative ngte, the final vector size closely approximates the actual number
of played notes in musi . It is worth mentioning that the last note in this vector is a

repetition of the pen e note. This vector serves as an input for the LSTM stage in Fig. 1.
3.6 LSTI\/I-bas@I ification

AnL twork is a modified form of RNN, capable of learning long-term dependencies.
Ito es the issue of vanishing/exploding gradients by parametrizing the LSTM network
usimht matrices from the input and previous state for each gate along with the memory
cell [54]. In LSTMs, we use a logistic function as a gate function and a hyperbolic tangent as
an activation function. In this paper, LSTM is chosen for its ability in learning relationships of
notes sequences, long-range dependencies and unraveling complex patterns in the music signal.
Compared to GRUSs, which are efficient but less effective at managing long-term dependencies,
LSTMs are more suitable for handling intricate musical patterns due to their superior capability

to maintain and utilize long-term memory.



The block diagram of the employed LSTM architecture in this work is shown in Fig. 4. The
input is note sequence vector with length of R. The model has four LSTM layers with dropouts
in between. Dropouts are applied to mitigate overfitting. After that, the output is passed to the
fully connected network. SoftMax is used to classify the final output in each stage by assigning
probabilities to each class label based on the learned features from the LSTM layers. The first
two LSTM layers have 128 units, the third has 64 units, and the fourth has 32 units. The first
two layers extract basic features from the note sequences, while the next two layers extract
higher-level features and long-term relationships within the sequence. . 0(8

Due to the overlap of Iranian music dastgahs and based on simulation results;%a,hierarchical
model was proposed [43]. This model is illustrated in Fig. 5. In the fi age, LSTM1
recognizes the Mahour dastgah. In the second stage, LSTM2A r s Shur and Nava,

while LSTM2B classifies Homayoun. In the third stage, L%/B identifies Segah and

Chahrgah. The classification path is determined based (&? classifier’s decision. For

example, a track from Segah enters LSTM1, which classt into one of the three classes:
Mahour, Shur/Nava, or Homayoun/Segah/Chah;gal@ orrectly classified, it proceeds to
LSTM2B, which determines if the track is Ho or Segah/Chahrgah. Finally, LSTM3

k. The next track follows the same process.

classifies the track, and the process ends f
All classifiers are trained using labeled Sata

3.7 Graph representation w

Fig. 6 shows the visual re ntation of music, where the note sequence vector is displayed

ecific to their task.

in a circular format. Thisi€irgular graph, based on musical octaves, is the main contribution of
this paper. It inclu e elements: nodes (musical notes), links (order of notes), and node
colors (indicati eretition rate). The circular representation was chosen because it allows
equal positi@g of nodes and makes it easier to show links between related nodes. For a
square fowa] the nodes positioned on the edges have different placements compared to those
on hes. Additionally, as the number of links increases, displaying connections between
nodes on the same side becomes complicated. This issue does not arise in a circular

representation, where all nodes are placed equally and link display is simpler.

Each music track generates a unique graph pattern within a circular structure, differing in
link placement and note repetition. This representation helps identify the Shahed note
"prominent note heard more than other notes in a music track™ and serves as an intuitive

alternative to the spectrogram, displaying conceptual and comprehensible features like played
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notes, sequence of notes and Shahed note. It can also be utilized for music track classification
with classifiers such as CNN. Fig. 7 illustrates three examples, highlighting differences in node

colors, link numbers, and connections, demonstrating the distinct patterns of each dastgah.
3.8 CNN-based classification

Artificial neural networks (ANNSs) consist of neurons that learn and adapt, forming the basis
of CNNs. CNN excel at processing large sequential data, such as images represented by pixel
values [55-56]. They perform convolutions in a superposed space using smaller ker
padding with zeros allows for consistent feature map sizes across multiple c &tlons
Techniques like Max Pooling help reduce computational complexity while prea@mg essential

information. As feature maps traverse various convolutional layers, the k arn to identify
patterns and abstract features. Additionally, music signals can be ormed into image
representations for music genre classification using CNN, whiCh,is favored for its robust

feature extraction capabilities, essential for recognizi@amplex patterns in graph
representations of music [17-20]. ,Q

Fig. 8 illustrates the CNN architecture used i:ﬁg@woposed approach, consisting of four
convolutional (Conv) blocks with 64, 128 512 filters. The Conv filters have kernel
sizes of 5x5 and 3x3, with padding app%) all layers, followed by max pooling layers
operating over 2x2 sub-windows. A end of the network, six fully connected dense layers
lead into the c-way Softmax Iaswio layer. When back-propagation occurs, the maximum
amount of error is passed @ the Relu activation due to its unity gradient. The model's
performance was enh hrough dropout regularization after each layer. This architecture
was refined throu Kfrlcal trial and error to achieve an optimal balance between feature
extraction, mod@o@lexny, and performance in dastgah recognition. Thereafter, the CNN

model resull@éare fed to the proposed ensemble model for dastgah recognition.

3 9?}\ le learning

This part of the proposed system uses ensemble learning by combining the outputs of base
models (C1, C2, and C3) to determine the final class of each track. Ensemble learning improves
accuracy by merging predictions from multiple models. It is categorized as homogeneous
(same models) or heterogeneous (different models). The proposed system uses heterogeneous
ensemble learning because the base models are built with different algorithms. Various
techniques, including voting, averaging, boosting, bagging, and stacking, are used in ensemble
learning based on prediction characteristics. This paper was used the stacking technique for
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three reasons: it works well with heterogeneous ensemble models [57], helps reduce overfitting
and enhances model robustness, and leverages the strengths of each base model by combining

diverse outputs. This diversity enables the ensemble to handle different scenarios effectively.

Unlike other ensemble techniques, stacking involves a meta model, which can be any
machine learning model, such as a support vector machine, neural network, or linear regression.
Meta model learns how to combine the base models' predictions. In this study, base models
(C1, C2, and C3) provide their output probabilities for each class as inputs to meta l,
allowing it to learn a better combination of these outputs based on the training data t@hance
performance metrics like F1 score, accuracy, and standard deviation (STD). ing training
phase, the meta model learns the relationships between C1, C2, C3, and t %Iabels and
optimizes parameters with algorithms like gradient descent and%to minimize loss

functions such as cross entropy.

[
In this research, the meta model comprises three fully cor&’yers and a Softmax layer.
The fully connected layers extract features from the input, While the Softmax layer performs

statistical analysis for each class, ultimately decid'l@he dastgah classification.

4 Experimental results O

The proposed approach was evaluated orgthe Arg database, which consists of 20-second
tracks (S(n)) as input signals. The in ize for IDCNN and LSTM was 2000 (L) and 45 (R)
notes vector respectively. Diffe@@te were extracted from frequencies ranging from 26 Hz
to 2000 Hz using a third ord terworth bandpass filter. This filter was chosen for its smooth

and it effectively p e desired frequency range while attenuating frequencies outside this

and flat response, Whi& egerves signal quality. Its simple design facilitates implementation,
range. We have@uantified the performance of LDCNN, CNN, and LSTM models individually.
A performa@ estimate has also been obtained for the ensemble model. A k-fold cross
validatio t [58] with k = 5 was used to assess the performance of various models. A batch
siz;%?i chosen for its balance between efficiency and memory usage and ensuring no
remaining data, was used for every model, which was trained for 50 epochs. For training the
proposed models, a learning rate of 0.001 was selected. The Cross-Entropy loss function and
the Adam optimizer were then employed to optimize the model parameters and achieve

efficient convergence during the classification task.
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The proposed method was implemented with TensorFlow and ran on a PC with Intel(R)
Core(TM) i7-4500U CPU @2.40 GHz, 16GB memory, NVIDIA GeForce GTX and 64-bit
Windows 10 operating system.

4.1 Arg database

In Western music, databases such as the Latin Music Database, Ballroom, and ISMIR2004
exist, with GTZAN being the most popular for genre recognition, containing 1,000 music
tracks across 10 genres. However, Iranian music lacks a standardized database with g@!m
track lengths, distribution, and labels. The only existing database for Iranian musicvedntains
1143 tracks, each 30 seconds long, and focuses exclusively on the Mahour dastgah [59]. To
address this gap, this research developed the "Arg" database for Irania@éh recognition.
According to our surveyed musicians and composers, listeners famiar With the music can
identify a dastgah within 20 seconds. Consequently, the Arg d se consists of 20-second
tracks, primarily featuring solo instrument recordings play@professional musicians (e.g.,
piano, tar, ney, oud, santour, and violin), which minimizeg IRterference from other instruments
and eliminates the need for source separation. No’&r@ion solos were included.

This research limited its study to six da h&ﬁahargah, Segah, Homayoun, Shoor, Nava,
and Mahour, due to the inherent comple)%ld overlap in Iranian classical music’s seven
dastgahs. Because Mahour and Rast jgah are difficult to distinguish due to similar scales,
both were labeled as Mahour inMg atabase. All dastgahs in the Arg database encompass
various goushehs. The da comprises 900 20-second tracks, accurately labeled by
composers and valida @anian traditional music experts, offering potential for competitive
use in research. H , limitations exist, including data quantity, varied data sources, and
incomplete met@gg recording conditions and equipment. The distribution of music tracks
includes 15(@%3 for each of the six dastgahs in this database.

ent data in audio signal processing, various technigques can be employed to increase
datasgt diversity, improve model generalization, and enhance the performance of machine

learning models. One fundamental method involves multiplying the audio signal by a random
amplitude factor, such as adjusting the volume between -12 dB and 12 dB to introduce
variability. Adding noise, like white noise at levels of 0.01 and 0.05 and Gaussian noise
between 0.005 and 0.02, also improves training data diversity and model robustness.

Additionally, reverberation effects enhance audio textures, further aiding model generalization.
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These techniques allow each audio segment to be transformed into multiple versions,

increasing the database size and improving performance in predicting musical patterns.

By employing these augmentation techniques, each audio segment can be transformed into
five new versions by increasing and decreasing the volume, adding white and Gaussian noise,
and adding reverberation, thereby increasing the total number of tracks from 900 to 4500 (900
original + 3600 new). First, the tracks is split into 720 tracks for training and 180 for testing
using k-fold cross-validation (k=5). In each step, data augmentation is applied exclusi to
the training set. Consequently, the training set comprises 720 original tracks and 8600 new
tracks. Therefore, there are 4320 tracks for training and 180 tracks for testin %y original
tracks without augmentation). The average of these 5-fold results w the overall

S

performance of the proposed method.

In summary, employing these augmentation strategies qvces database diversity,
improves the model's generalization capabilities, preven M

Q

itting, and leads to better

performance in pattern recognition tasks.
4.2 Evaluation results

Several parameters were evaluated to%mme the performance of individual models,
including accuracy, F1 score and standard deViation. For a multi-class classification problem,
the F1 score is adapted using met Ike macro and micro averaging. In this paper, macro-
averaging was used due to med database, where each class has a similar number of
instances. Model stab@&cated by the F1 score, as a stable model produces similar

predictions for similar . A'low STD indicates repeatability and suggests consistent overall

performance acros@luations.

Fig. 9 pr@ts the classification accuracy for dastgah recognition across different window
lengths, @s, and overlaps. Based on this figure, Hanning window, 20-millisecond music
segw (Si(n)) with a 50% overlap offers the highest classification accuracy. This values
ensure adequate time and frequency resolution, accurately extracting pitches and analyzing

musical content.

In terms of pitch detection accuracy, as shown in table 2, YAAPT demonstrates better
performance with an accuracy of 77.35%. This advantage is attributed to its strong noise
resistance and precise feature extraction, making it well-suited for detecting complex musical

notes in Iranian music. The SPICE algorithm follows closely with an accuracy of 76.91%,
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though it is slightly less effective due to its sensitivity to noise and limited adaptability to the
characteristics of Iranian notes. RAPT achieves an accuracy of 76.66%, hindered by issues with
frequency resolution, while YIN, with an accuracy of 75.83%, struggles with subtle pitch
variations and exhibits higher error rates in noisy environments. Overall, YAAPT stands out
as the best option for accurate pitch analysis in complex compositions due to its advanced

techniques and adaptability.

The performance of these four pitch detection algorithms was evaluated for deteBting
quarter-tone notes in Iranian music by analyzing 12 specified Koron and Sori notes @ln the
330-650 Hz frequency range. Each note’s precise frequency was taken as th }nce, and
the accuracy of frequency estimation by each algorithm was compared e values. As
illustrated in Figure 10, YAAPT stands out for detecting quarter%&otes, which play a
crucial role in Iranian music. SPICE and RAPT also demonstrated higher accuracy than YIN.
These findings can contribute to enhancing pitch detecti{&gb{ds in Iranian music and
improving the generalizability of current models.

Here, we focus on the LSTM results before (ﬂ%&lﬂwg the all classifiers performance. A
hierarchical structure was implemented for,the(LSTM due to limitations in managing many
outputs in the last layer. A single-layer LST¥'showed poor performance, achieving a detection

accuracy of only 49.6% for cIassifying%Jdastgahs. Adding a layer with 256 neurons improved

this to 51.4%, but results wereAstfffdisappointing. The hierarchical design aimed to reduce
output numbers in the last laysr. However, except for LSTML1, error propagation in each class
decreased accuracy in su t categories, with detailed results presented in Table 3.

The performan &Jation of the proposed method encompassed a detailed analysis of

CNN, LSTM, SgN

and the loss @ 50 epochs, measured on the validation dataset (120 tracks of training set). Notably,

the NNQdeI achieved an accuracy of approximately 75.14% with a loss of 0.275, the LSTM
Wmonstrated an accuracy of 74.84% with a loss of 0.258, and the 1DCNN model

N models for six dastgah recognition. Fig. 11 illustrates the accuracy

mod
attained an accuracy of 76.71% with a loss of 0.186. An accuracy and loss curves saturated
with increasing epochs. These results collectively provided a comprehensive overview of the
proposed method's efficacy in dastgah recognition and form a robust foundation for meaningful

comparisons with other architectures.

Table 4 tabulates the performance metrics for individual and ensemble models in dastgah
recognition on the ARG database. The 1IDCNN (C1), LSTM (C2), and CNN (C3) models
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showed individual accuracy, but the ensemble method significantly outperformed the base
models. The stack-based ensemble approach achieved 77.35% accuracy, benefiting from the
strengths of the base models. Stacking enhances prediction by combining complementary
model strengths, with a low standard deviation indicating reliability. In experiments with five
ensemble methods, XGBoost showed high accuracy and fast prediction times but longer
training. AdaBoost and Bagging are simpler models with lower accuracy. Stacking offers high

accuracy but requires more computation, while Majority Voting is the fastest but less accyrate.

Table 5 shows the experimental results on the ARG database with data augrpentation,
demonstrating an improvement in classification accuracy for all models. T %rck-based
ensemble learning model achieved 80.44% accuracy, an increase ofﬁ 3%. This
improvement is due to data augmentation techniques that expanded &&&uing data, allowing
the models to learn more comprehensive patterns and generalize better. An 80.44% accuracy
in recognizing lranian musical dastgahs is valuable for mus'c. (&on, archiving, classifying
tracks, musicological research, identifying dastgahs A rformances, and interactive

educational tools. This accuracy is practical for npny@n tional and research purposes.

The comparison between the proposed graph-based method and the Mel-Spectrogram was
performed using a proposed CNN model foFboth approaches. For the Mel-Spectrogram, 25ms
overlapping windows with a 10ms rlap and 128 Mel filters were used, resulting in a
128x128 spectrogram. The classifi %ccuracy for six Iranian musical dastgahs showed that
the graph-based method ac 9zﬁﬂ%, improving to 76.56% with data augmentation. In
contrast, the Mel-Spectro eached 68.03%, improving to 70.92% with data augmentation.

These results indica he proposed graph model can be an effective tool for analyzing

Iranian music. @

The aver@confusion matrix of the LSTM, 1DCNN, CNN and ensemble learning for
detectingtsiX dastgahs is shown in Fig. 12. Although the performance of the proposed system
IS r%t%(for some dastgahs such as Mahour, but it was difficult to categorize some similar
dastgahs. For example, the accuracy of the system in detecting the Nava was the lowest, and
the relatively large numbers in the crossing cells of Shour and Nava showed this classification
difficulty due to the similarity of the dastgahs. This issue had a negative effect on the average
accuracy of the system. To measure this negative effect, we integrated two dastgahs and test a
5-class classification by the system. Under these conditions, the average accuracy of proposed
method was improved by about 6% and reached from 80.44% to 86.67%.
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Table 6 presents a comparison of our experimental results with previous genre detection
methods, highlighting the feature extraction method, classification type, music region of
interest, and the publication year. This comparison has been done entirely on the Arg database.
The proposed method performed better than previous approaches, primarily due to its hybrid
approach, which simultaneously addresses the weaknesses of base model classifiers and
focuses on semi-quarter tones in pitch detection. Additionally, methods for identifying Western
music genres cannot provide an appropriate response to the issue of dastgah as a sub-genre of
Iranian classical music. Moreover, some methods concentrate on the main genres ﬁh’an
music, such as traditional, folk, pop, and rock, which exhibit much less over%&red to

the dastgahs.

The performance of the proposed model is not affected by change%upo, instrument, or

playing style. This is because the extracted pitch features from the music signals are specifically
chosen for identifying musical dastgahs and are not sensitive.txt@ variations. Furthermore,
the database containing tracks with diverse tempos, & and instruments, the model
evaluations show that the model can effectively rgco@e‘@astgahs under various and diverse

conditions. It is worth noting that other results a Mented in the appendix.

5 Conclusion
This paper proposes the ensemble leagning-based dastgah recognition system. Firstly, the
fundamental frequency was ext %‘\

1DCNN, CNN and LSTM
CNN, LSTM, and 1DCN

achieves better classi

music signals. After that, these features were fed to

ed models. The ensemble model was proposed based on the

t. The experimental results suggested that the ensemble model
on performance than the other models employed in the proposed
approach. The d ensemble model outperformed the compared methodologies with
77.35% acc or dastgah recognition on the Arg database. The classification accuracy
increase@?

GT?!,database and obtains 73.29% accuracy using the same features and model parameters.

All the models provided impressive accuracy individually and showed a low STD. The

44% with data augmentation. The proposed method was also evaluated on

experimental results suggested that the proposed approach is suitable for this purpose and paves
the way for upcoming research fields such as music retrieval, instrument classification,

transcription and emotion recognition.



17

The supplementary data is available at:
file:///C:/Users/pc/Downloads/Khademi-25-SCl1-2410-9529-

%20supplementary%20file%20(1)-1.pdf
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O Fig. 1 Proposed method for dastgah recognition
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Table 1. Note mapping table in Iranian music for fourth octave, as an example

Frequency (Hertz) Note Frequency (Hertz) Note
329.63 Mi 466.16 Si Bemol
339 Fa Koron 480 Si Koron
349.23 Fa 493.88 Si
359 Fa Sori 502 Do Koron
369.99 Sol Bemol 523.25 Do
380 Sol Koron 538 Do Sori
392 Sol 554.37 Re Bemol ‘b’
403 Sol Sori 570 Re Koron ® Q
415.3 La Bemol 587.33 Re \’
427 La Koron 604 R Q
440 La 622.25 Dg ol
453 La Sori 640 N oron
O

L

EEEE

il = 1= == = = = ==
]
_*
'Y X YeXole)
SOSSB[O 9

Conv layerl Conv layer2 Maxpooling Conv layer3 Conv layerd Maxpooling Conv layerS Fully connected Softmax

Fig. 3 1DCNN architecture for dastgah recognition
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Fig. 4 LSTM architecture for recognizing dastgahs Q\
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Fig. 6 Graph-based circular representation to display the note sequence
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Table 2. Accuracy of pitch detection algorithms

Algorithm Accuracy (%)
YAAPT 77.35
SPICE 76.91
RAPT 76.66
YIN 75.83

504
650, —e- Actual Frequency
—®— YAPPT
-e- YIN
600‘_‘.' SPICE
@ RAPT
550
N
)
- 50
2
[}
=
o
L 450
(65

400

350

%50 S & & & 5 o
¥ & F e & e E
T 9 i >
Notes

\.F)g. 10 Comparison of performance for recognizing Quarter-tone Notes

Table 3. Accuracy of hierarchical LSTM structure

Classifiers Accuracy (%)
LSTM1 84.3

LSTM2A 79.53

LSTM2B 76.21
LSTM3 69.48
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Fig. 11 Accuracy (%) and loss Qy

[
Table 4. Proposed method resul%(b

F1 Scere Accuracy STD

CNN . 72.54 1.93

Base Model LSTM NA.23 74.58 2.10
1DCNN 73.47 73.33 1.89

Stacking% 77.39 77.35 1.64

Ensemble Baggi 76.65 76.75 1.86
Learning 00 76.79 76.89 1.88

method ﬁoost 77.04 77.12 1.54

6ajority Voting 76.09 76.20 1.96

x&

N

QC) Table 5. Proposed method results with data augmentation

F1 Score (%) Accuracy (%) STD

? CNN 76.80 76.56 1.49
LSTM 77.87 77.78 161

1DCNN 77.25 77.22 1.36

Stacking 80.58 80.44 1.04



True Labels
Chahargah Segah Homayoun Shour

True Labels

Mahour

Nava

Mahour

Homayoun Shour

Segah

Chahargah

Nava

E
s
o

Mahour

0.00

Mahour

31

Confusion Matrix for LSTM Confusion Matrix for IDCNN
25 E
1.00 2.00 = 1.00 1.00 1.60
p=
20 E 20
7]
g
52 & 15
2 S
® I
= =
o =
-10 &= wn '10
=
EI)
'1‘2
E
-5 C g
5,60 000 000 140 S 100 320 160 000
Z
- 0 = 0
Shour Homayoun Segah Chahargah Nava Mahour  Shour Homayoun Segah Chahargah Nava
Predicted Labels o Predicted Labels
Confusion Matrix for CNN Confusion Matrix for Ensemble Learning
25
5 25
1.20 0.80 3.00 g 0.00 1.00 0.00 3.00
=
20 g 20
g @
- 3
)
15 B "EJ 15
32
el
<
=
-10 E » -10
=
EIJ
o}
=
-5 3) -5
<
7.20 1.00 0.00 é 0.80 5.60 0.00 0.00 1.20
-0 -0
shour  Homavoin 'Sesaly Chahameal Nava Mahour  Shour Homayoun Segah Chahargah Nava

Predicted Labels Predicted Labels
?’ Fig. 12 Confusion matrix for LSTM, IDCNN, CNN and ensemble learning



32

Table 6. Comparison of proposed method and other studies

Method Music/year Feature classifier Accuracy (%)
[38] Iranian/2022 MFCC SVM 33.14
[27] Western/2021 End to end 1DCNN 70.09
[42] Iranian/2023 End to end DNN 72.28
[28] Nigerian/2021 Low-level features 1DCNN 73.65
[43] Iranian/2022 Pitch LSTM 74.50
[23] Western/2020 End to end BBNN 79.83
Proposed method Iranian Pitch Ensemble N 8@@



