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CONVOLUTIONAL NEURAL NETWORK-
BASED SOUND SOURCE SEPARATION IN
THE TIME-FREQUENCY DOMAIN

This paper addresses the problem of sound source separation in
mixed audio signals in the time-frequency domain. The study considers the
application of convolutional neural networks for isolating individual acoustic
components from complex audio mixtures where multiple sources overlap
in both time and frequency. The presence of such overlap significantly
complicates the separation process and increases the requirements for
stability and structural consistency of the applied models. The proposed
approach is based on transforming audio signals using the Short-Time
Fourier Transform and representing audio mixtures as spectrograms that
preserve both temporal and spectral characteristics of sound components.
A binary masking strategy is applied to the resulting representations to
structurally simplify the separation task. A convolutional neural network is
employed to predict masks corresponding to individual sound sources such
as vocals, bass, drums, and other components. This masking formulation
enables selective extraction of spectral regions associated with specific
sources and supports the implementation of a hybrid processing scheme
that combines elements of classification and regression within a unified
neural architecture. The research methodology includes the design of the
network architecture, preparation of spectrogram-based input data, mode/
training on multi-source audio mixtures, and validation of separation quality
using reconstruction consistency criteria. Particular attention is paid to
ensuring stable convergence of the model and preserving meaningful
acoustic patterns within the predicted masks. The findings demonstrate
stable isolation of sound components and consistent performance across
training and validation datasets. Quantitative evaluation shows separation
accuracy of 0.772 for vocals, 0.766 for drums, 0.944 for bass, and 0.764
for other sources, with corresponding mean squared error values ranging
from 0.044 to 0.203 across evaluated categories. The highest performance
was achieved for bass isolation due to the distinct low-frequency spectral
structure of this source. Signal-level evaluation using SI-SDR, SDR, and
SNR metrics produced values ranging from -1.24 to 4.10 dB (SI-SDR), -
0.26 to 4.59 dB (SDR), and 1.16 to 5.09 dB (SNR), with the highest values
observed for bass and vocal sources, consistent with the accuracy-based
results. The results confirm the effectiveness of integrating binary masking
with convolutional processing of spectrograms for computationally efficient
sound source separation. The proposed approach, implemented using a
compact neural architecture with 323,233 trainable parameters, can be
applied in music production systems, speech enhancement solutions,
intelligent audio analysis platforms, and other audio processing
environments requiring reliable and lightweight separation mechanisms.

Keywords: computer science, artificial intelligence, convolutional
neural networks, audio data analysis, audio signal processing, sound source
separation.

Introduction

The rapid development of digital technologies and
multimedia systems has significantly increased the volume of
audio data used in various fields, including music production,
speech processing, and intelligent information systems. In many
practical scenarios, audio recordings contain multiple overlapping
sound sources, making the task of isolating individual components
technically complex and computationally demanding.

Sound source separation aims to extract separate acoustic
components from a mixed audio signal. In polyphonic
compositions, different instruments and vocal parts are combined
within a single waveform, and their spectral components overlap
in the time-frequency domain. This overlap complicates direct
signal reconstruction and requires the development of efficient
and stable processing approaches.

Modern audio processing systems increasingly rely on
machine learning techniques for solving complex signal analysis
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tasks. Neural network architectures enable automated extraction of relevant features from data representations and
allow the construction of adaptive models capable of handling high-dimensional inputs. Time-frequency
representations of audio signals provide structured information about both temporal and spectral characteristics, which
makes them suitable for machine learning-based processing.

Despite significant progress in this area, the problem of designing computationally efficient and structurally
consistent separation systems remains relevant. The development of approaches that simplify spectral reconstruction
while preserving meaningful acoustic patterns is, therefore, an important research direction.

The purpose of this paper is to develop a machine learning approach to sound source separation in the time-
frequency domain that provides a stable and practical way to isolate individual sound components from complex audio
mixtures. The proposed method combines spectrogram-based signal representation with convolutional neural network
processing and formulates separation as binary mask prediction instead of direct spectral reconstruction. By
incorporating localized time-frequency context and a controlled training strategy, the approach ensures consistent
mask estimation and reliable reconstruction of target sources.

The main scientific contribution of this work is the investigation of the applicability of convolutional neural
networks to the problem of sound source separation in complex audio mixtures where multiple sources overlap in the
time-frequency domain. In particular, the study introduces a formulation of the separation task based on a hybrid
regression-classification approach, where convolutional neural networks operate on spectrogram representations and
estimate binary masks indicating the presence or absence of target sources in individual time-frequency bins. This
formulation simplifies the learning problem by shifting the focus from precise signal reconstruction to the
identification of dominant spectral components associated with individual sources. As a result, the proposed
representation enables the model to exploit localized spectral structures, improves the stability of the learning process,
and allows the use of relatively compact convolutional architectures for the structured separation of overlapping sound
sources.

The paper is structured as follows. Section 2 presents related works and formulates the problem statement.
Section 3 defines the research aim and objectives. Section 4 describes the proposed methodology. Section 5 presents
the research results. Section 6 discusses the obtained results. The last section concludes the paper.

Related works

In order to develop a sound source separation system, it is necessary to analyze existing approaches to
processing mixed audio signals. Sound source separation has been studied within signal processing and machine
learning, and a number of approaches can be identified based on different theoretical and computational principles.

Early research in audio source separation is closely related to blind source separation and statistical signal
analysis. These approaches aim to recover individual signal components from mixtures without access to isolated
reference signals. Methods based on Bayesian risk minimization and statistical modeling are presented in [3].
Harmonic partial reconstruction and separation of overlapping components are discussed in [6]. Block-wise modeling
and extraction of independent vector components from underdetermined mixtures are investigated in [18]. Such
approaches rely on assumptions about independence, sparsity, or structural properties of signals. While they provide
an important theoretical basis, their performance may decrease in polyphonic music where spectral components
strongly overlap.

A significant group of methods is based on matrix factorization and sparse representations in the time-
frequency domain. In these approaches, a spectrogram representation of the signal is decomposed into spectral bases
and activation coefficients. Active-set algorithms for non-negative representations are proposed in [10]. The use of
non-negative matrix factorization with spectral masks is examined in [15]. Minimum-volume beta-divergence NMF
for blind audio separation is presented in [19], and optimized complex sparse tensor deconvolution methods are
described in [12]. Although these techniques can effectively model spectral structures, their quality depends on the
choice of divergence measures, constraints, and initialization procedures. When several instruments share similar
frequency ranges, matrix factorization may not provide clear separation of individual sources.

Independent component analysis combined with time-frequency decomposition represents another related
direction. An ICA-based time-frequency approach for single-channel source separation is presented in [8]. Such
methods attempt to separate components by exploiting statistical independence in the transformed domain. However,
their effectiveness depends on the validity of independence assumptions and on the characteristics of the analyzed
signals.

With the development of deep learning, neural network-based approaches have become increasingly common
in source separation tasks. Deep neural networks allow learning acoustic patterns directly from data and reduce
reliance on strict analytical assumptions. A regression-based approach for single-channel speech separation is
described in [4], and a two-stage neural architecture is proposed in [16]. Improvement of mask-based separation using
deep neural networks is investigated in [23], while multi-task learning strategies for audio source separation are
presented in [24]. These models demonstrate improved performance compared to classical statistical and matrix
factorization techniques, especially when trained on large annotated datasets.

Convolutional neural networks are particularly suitable for processing spectrogram representations due to
their ability to capture local spectral patterns and hierarchical features. Spectrogram-based neural models form the
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basis of many modern separation systems[4; 16; 23; 24]. In addition to frequency-domain approaches, end-to-end
time-domain architectures have also been proposed. Conv-TasNet [20] demonstrates high separation quality in speech
processing tasks and illustrates the effectiveness of direct waveform modeling without explicit time-frequency
transformation. However, time-frequency representations remain widely used in source separation due to
interpretability and ability to expose localized spectral structures, which can be effectively processed using relatively
simple convolutional architectures.

Audio source separation remains an actively studied problem, and recent research continues to explore neural
approaches for different types of audio signals. Several recent studies focus on speech and singing voice separation
using deep neural architectures designed to isolate a single dominant source from an audio mixture [2; 13]. Other
works investigate the separation of specific instrument groups, such as individual percussion components within drum
recordings [7]. However, many of these approaches focus on separating one specific type of source. The separation
of polyphonic musical mixtures containing multiple overlapping sources remains a more challenging problem.

In recent years, practical implementations of source separation have been integrated into software tools and
commercial products. The Spleeter library [17] provides pre-trained neural models for music source separation and is
widely used in research and practical applications. Commercial software solutions such as iZotope [22],
SpectralLayers [9], Acon Digital [1], VirtualDJ [11], and Algoriddim [14] incorporate separation functionality into
audio production workflows. The availability of these tools confirms the practical relevance of separation methods
and demonstrates demand for reliable and computationally efficient solutions.

Despite the diversity of existing approaches, several challenges remain. First, polyphonic audio mixtures
contain sources with overlapping spectral components, which complicates accurate isolation. Second, spectrogram
representations are high-dimensional and may increase computational complexity during training and inference.
Third, direct reconstruction of spectral magnitudes may be sensitive to training instability and can introduce artifacts
in reconstructed signals. Therefore, the development of machine learning approaches that ensure stable and
structurally consistent separation while retaining computational feasibility remains relevant.

Thus, the problem of developing a machine learning approach to sound source separation in the time-
frequency domain remains relevant. It is necessary to design a method that ensures stable isolation of multiple acoustic
components in polyphonic mixtures, lowers computational complexity associated with high-dimensional spectrogram
representations, and retains structural consistency of reconstructed signals. The solution to this problem should
provide reliable separation performance and be suitable for practical implementation in modern audio processing
systems.

Research aim and objectives

The analysis of existing approaches to sound source separation demonstrates that, despite the diversity of
statistical and neural methods, the problem of reliably and computationally efficiently isolating acoustic components
in polyphonic mixtures remains relevant. Modern separation systems may provide high-quality results under specific
conditions; however, challenges related to spectral overlap, computational complexity, and stability of reconstruction
continue to limit practical application in certain scenarios.

The aim of this study is to develop a machine learning approach to sound source separation in the time-
frequency domain that ensures stable isolation of multiple acoustic components and retains the structural consistency
of reconstructed signals.

The proposed approach is based on the use of spectrogram representations of mixed audio signals and
convolutional neural network processing. Particular attention is given to the formulation of a binary masking strategy
that simplifies the separation task while preserving meaningful acoustic structures in the reconstructed components.
The method is designed to operate within a supervised learning framework using a prepared dataset of polyphonic
audio fragments.

To achieve the stated aim, the following objectives are defined:

. analyze and prepare a dataset of mixed audio signals suitable for supervised training;

. construct a time-frequency representation that preserves both spectral and temporal characteristics
of the signal;

. formulate a binary masking strategy for separating individual sound sources in the spectrogram
domain;

. design a convolutional neural network architecture for predicting separation masks based on local
time-frequency patterns;

. implement the training procedure and evaluate the performance of the developed model using

appropriate quantitative metrics.
The achievement of these objectives provides the methodological foundation for the development and
evaluation of the proposed sound source separation system.

Materials and methods
This section describes the materials and methods used for the development of the proposed sound source
separation system. The methodology includes preparation of the audio dataset, construction of time-frequency
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representations, formulation of separation masks, design of a convolutional neural network architecture, and
implementation of the training procedure.

The study is based on the MUSDBI18 [21] dataset (Music Source Separation Database 2018), which is
specifically designed for research in music source separation. This dataset provides multitrack musical recordings
with isolated source components, enabling supervised training and evaluation of separation algorithms.

MUSDBI18 contains 150 musical compositions of various genres and durations. Each composition consists
of a mixture track and five isolated source tracks corresponding to different musical components, such as vocals,
drums, bass, and other instruments.

An example of a multitrack structure from the MUSDBI18 dataset is illustrated in Fig. 1. This structure allows
direct comparison between the mixed signal and its individual sources. The dataset is divided into training and test
subsets, comprising 100 and 50 compositions, respectively. Such a split ensures sufficient material for model
development while preserving independent data for evaluation.
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Fig. 1. Example of a multitrack recording from the MUSDB18 dataset

Due to the presence of professionally mixed multitrack recordings, MUSDB18 provides realistic polyphonic
audio data. The complexity of overlapping frequency components between different instruments makes this dataset
suitable for evaluating separation methods under practical conditions.

The availability of isolated stems for each track enables formulation of the separation task as supervised mask
estimation in the time-frequency domain.

Time-Frequency Representation

To perform source separation in the spectral domain, the time-domain audio signals from the MUSDB18
dataset are transformed using the Short-Time Fourier Transform (STFT). Musical signals are non-stationary and
contain overlapping spectral components; therefore, localized frequency analysis is required to capture their temporal
evolution.

The STFT is computed by applying a window function to short overlapping segments of the signal and

performing the Fourier transform within each segment. The mathematical formulation of the transform is given below:
+ 00

X(t,w) = j x(O)w(t — T)e tdt (1)
—0o0

The STFT produces a time-frequency representation in which one axis corresponds to time, and the other
corresponds to frequency. The magnitude of the complex STFT coefficients forms a spectrogram representation of
the signal.

As illustrated in Fig. 2, different musical components manifest distinct structures in the time-frequency
domain. Harmonic sources such as vocals or sustained instruments form horizontal patterns corresponding to stable
frequency components, while transient components appear as short vertical structures with broad spectral content.
This structural diversity enables the formulation of the separation task as a selective manipulation of time-frequency
bins.
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Fig. 2. Example of a spectrogram representation of a mixed musical signal

Prior to transformation, the audio signals are resampled to 22050 Hz. The original recordings sampled at
44100 Hz are downsampled to reduce the dimensionality of the time-frequency representation and improve
computational efficiency while preserving the spectral information required for separation. Although this resampling
limits the representable frequency range to approximately 11 kHz, the main structural components of musical signals
remain preserved. For mask-based separation, the model primarily relies on the overall spectrogram structure rather
than on the highest frequency components. As a result, the reduction of the upper frequency range has limited impact
on the ability of the model to identify and separate the target sources, although some very high-frequency details, such
as cymbal overtones or subtle vocal harmonics, may not be preserved after downsampling.

The STFT is computed using a window size of 1024 samples and a hop size of 256 samples. With this
configuration, consecutive windows overlap significantly, providing smooth temporal transitions in the spectral
representation. The hop size of 256 samples at a sampling rate of 22050 Hz corresponds to a temporal resolution of
approximately 11.6 milliseconds per frame (256 / 22050).

Since the input signals are real-valued, only the non-redundant positive frequency components are retained.
For a window size of 1024 samples, this results in 513 frequency bins per time frame.

The STET produces a complex-valued matrix § € C53*7T) where 513 corresponds to frequency bins, and
T depends on signal duration and hop size. For modeling purposes, only the magnitude of the STFT coefficients is
used to form the spectrogram representation, while phase information is preserved for subsequent signal
reconstruction.

To incorporate temporal context into the separation process, 25 consecutive STFT frames are grouped
together, corresponding to approximately 300 milliseconds of audio. This context window provides sufficient
information to capture short musical events while maintaining the temporal localization domain. A context window
of 25 frames was used to provide sufficient temporal context for reliable mask estimation while keeping the input size
compact and avoiding unnecessary model complexity.

Binary Masking Strategy

After obtaining the time-frequency representation of the mixture signal, the separation task is formulated as
the estimation of a binary mask in the spectral domain. Instead of directly predicting the magnitude spectrum of a
target source, the model learns to estimate a mask that selects the time-frequency components of that source.

Let S,,(f,t) denote the magnitude spectrogram of the mixture signal, and S;(f,t) denote the magnitude
spectrogram of the corresponding isolated target source. The binary mask is defined as:

_ (Lif S(fit) > T Su(f,0)

B(.0) = { 0, otherwise 2)

Each element of the mask takes a value of 1 if the target source dominates the corresponding time-frequency
bin based on the threshold T, and 0 otherwise. While this method is computationally efficient, it can lead to audible
artifacts when sources overlap significantly in the same frequency range.
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This formulation converts the separation problem into a classification task at the level of individual time-
frequency bins. The model does not reconstruct spectral magnitudes directly but predicts whether a particular bin
belongs to the target source.

To isolate the desired source, the estimated binary mask B(f,t) is applied element-wise to the magnitude
spectrogram of the mixture signal. The estimated target spectrogram S, (f, t) is calculated as:

Se(f.0) = B(f,t) = S (£, ©) 3)

The application of this predicted mask suppresses non-target components while preserving the dominant
spectral regions of the desired source. (Fig. 3).

| "'"itﬁk' 'I ! |iI|-|' ...I ‘ |,*|

itk

Fig. 3. Example of using a binary mask for vocals separation

Compared to direct spectral regression, binary masking reduces the complexity of the learning task and
improves the stability of training, as the network focuses on learning classification boundaries between overlapping
sources rather than precise amplitude reconstruction.

Dataset Preparation for Mask Estimation

After defining the binary mask formulation, the dataset is prepared for supervised learning. Each training
example consists of a localized time-frequency fragment extracted from the mixture spectrogram and the
corresponding fragment of the binary mask computed from the isolated target source.

Let S,, € RG3*T) denote the magnitude spectrogram of the mixture signal and B € {0,1}*3*T) denote the
corresponding binary mask. Instead of using the entire spectrogram as a single input, a sliding window approach is
applied in the time dimension.

For each time index t, a context window of 25 consecutive frames is extracted:

Xt c ]R(513 X 25)

where the central frame corresponds to time index t. The associated target is the mask vector of the central

frame:
ye € {0,136

This formulation ensures that the model predicts the mask for a single time frame while taking into account
the temporal context obtained from neighboring frames.

The sliding window moves with a step of one frame. As a result, nearly every frame in the spectrogram
becomes the center of a training sample. At the beginning and end of the signal, missing frames are handled by
replicating the nearest available frame to preserve consistent input dimensions.

For each composition in the training subset, a 60-second segment extracted from the middle of the track is
used. This selection avoids fade-in and fade-out regions typically present at the beginning and end of musical
recordings, which may introduce low-energy or structurally unrepresentative fragments. Using the central part of each
track ensures that the selected segment contains a stable musical structure and active source components. The same
duration is applied uniformly to all compositions in order to keep consistent sample generation across the dataset.

Given approximately 5000 STFT frames per 60-second recording, each composition generates around 5000
training samples. Considering 100 compositions in the training subset, the total number of generated samples is
approximately 0.5 million.

This input-target pairing converts the separation problem into supervised binary classification at the level of
individual frequency bins, where the model is trained to estimate mask values for each spectral component of the
central frame.
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Fig. 4. Structure of the processed dataset with frame-based STFT
features of the mixture and sources and their corresponding binary masks

No explicit data augmentation techniques such as tempo modification, pitch shifting, or artificial noise
addition were applied during training. The MUSDBI18 dataset already contains a wide variety of musical styles and
instrument combinations, which provides sufficient variability for training and reduces the risk of severe overfitting.
In this study, the experimental setup focuses on evaluating the separation capability of the proposed architecture under
controlled conditions rather than introducing additional variability through data augmentation. Additionally,
regularization techniques such as dropout were used within the network architecture to further improve generalization.

Network Architecture and Signal Representation

To estimate the binary mask from localized spectrogram fragments, a convolutional neural network
architecture is employed. The model is designed to process two-dimensional time-frequency representations of size
513x25, where 513 corresponds to frequency bins, and 25 corresponds to consecutive time frames.

Table 1.
Detailed layer specifications of the CNN architecture for sound source separation
Layer Type Kernel Stride Padding Output Shape Number of
Parameters
Input spectrogram segment - - - 1x513x25 --
Conv2D (32 filters) 3x3 1x1 same 32x513x25 320
+ LeakyReLU
Conv2D (16 filters) 3x3 1x1 same 16x513x25 4,624
+ LeakyReLU
MaxPooling2D 3x3 3x3 0 16x171x8 -
+ Dropout (0.1)
Conv2D (64 filters) 3x3 1x1 same 64x171x8 9,280
+ LeakyReLU
Conv2D (16 filters) 3x3 1x1 same 16x171x8 9,232
+ LeakyReLU
MaxPooling2D 3x3 3x3 0 16x57x2 --
+ Dropout (0.1)
Flatten -- -- -- 1824 --
Fully Connected (1824 > 128) - - - 128 233,600
+ LeakyReLU + Dropout (0.2)
Fully Connected (128 > 513) - - - 513 66,177
+ Sigmoid
Total 323,233
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The architecture consists of multiple convolutional layers followed by nonlinear activation functions and
fully connected layers that produce the final mask prediction for the central frame.

The convolutional layers extract localized spectral-temporal features by applying learnable filters across both
frequency and time dimensions. This allows the network to capture structured patterns such as harmonic stacks,
transient bursts, and broadband noise components that characterize different musical sources.

Table 1 illustrates the layer specifications of the convolutional neural network used for mask estimation. The
intermediate feature maps generated by the convolutional layers represent progressively abstract representations of
the input spectrogram fragment. Lower layers focus on local spectral structures, while deeper layers capture higher-
level combinations of time-frequency patterns.

Fig. 5. presents the architecture of a Convolutional Neural Network for sound source separation. The diagram
visualizes the transformation of intermediate feature maps during forward propagation, showing the progression from
the input spectrogram through convolutional layers to the final fully connected layers (dimensions 1024, 128, and
513).

s | T

| % : S o

\i\

|

513

T — e > | 8 -
- y f
32 < | . I~ 3

o ._ D -
128

1624

Fig. 5. General architecture of a CNN for sound source separation

The hyperparameters of the network were selected empirically to balance model performance and
architectural simplicity. In particular, parameters such as the number of convolutional filters, kernel sizes, and the size
of the fully connected layer affect the amount of information the model can capture and the required computational
resources. Increasing these parameters may improve separation accuracy but also increases computational cost and
model size.

After convolutional processing, the feature maps are flattened and passed to fully connected layers, which
aggregate extracted features and produce an output vector of dimension 513. Each output element corresponds to a
predicted mask value for a specific frequency bin of the central frame.

A sigmoid activation function is applied at the output layer to constrain predictions to the range [0,1],
consistent with binary mask formulation. Fig. 6 demonstrates the predicted mask output produced by the trained CNN.

An implementation of the proposed model and the experimental pipeline used in this study is available in an
open repository [5].

500000 500000
Ny

513 513
I >

Fig. 6. Binary mask prediction scheme for a specific sound source

MDKHAPOJIHUI HAYKOBUI XYPHAJT 163

«COMPUTER SYSTEMS AND INFORMATION TECHNOLOGIES», 2026, Ne 1



INTERNATIONAL SCIENTIFIC JOURNAL ISSN 2710-0766
«COMPUTER SYSTEMS AND INFORMATION TECHNOLOGIES»

Research results

The proposed convolutional neural network model for binary mask estimation was trained on 100 musical
compositions from the MUSDB18 dataset. For each composition, a 60-second segment extracted from the central part
of the track was used to avoid fade-in and fade-out regions. The remaining 50 compositions were reserved exclusively
for evaluation.

Training was performed for 50 epochs using Stochastic Gradient Descent (SGD) as the optimization
algorithm. SGD was selected due to its lower memory overhead compared to adaptive optimizers and its suitability
for training on large datasets containing heterogeneous audio sources. In the proposed study, the same neural network
architecture is trained for multiple source categories, including vocals, drums, bass, and other instruments. This
requires the model to generalize across different spectral structures while maintaining stable optimization during
training.

The network was trained using the Mean Squared Error (MSE) loss between the predicted mask and the
ground-truth mask. Although the final mask is interpreted as a binary classification of time-frequency bins, the
learning problem is formulated as a regression task. In this formulation, the objective of the model is to approximate
the ideal binary mask rather than to directly reconstruct the time-domain signal. Consequently, the training and
evaluation primarily focus on mask estimation accuracy rather than on commonly used waveform reconstruction
metrics. For binary mask estimation tasks, metrics such as MSE and Dice coefficient are commonly used to quantify
the similarity between the predicted mask and the ideal binary mask. These measures directly reflect the accuracy of
time-frequency bin assignment and therefore provide an informative evaluation of mask reconstruction quality.

To improve convergence stability and avoid premature stagnation, a cyclic learning rate scheduling strategy
(CyclicLR) was applied during training under a triangular policy. During reconstruction, the predicted data was
converted into a binary mask using a fixed threshold T = 0.6. This value was chosen empirically as a sufficiently low
yet robust threshold that captures most dominant components of the target source while minimizing interference from
other sources.

The performance of the proposed convolutional neural network model was evaluated separately for each
target sound source. Training was conducted for 50 epochs using the prepared dataset derived from MUSDBI18. The
quantitative results are summarized in Table 2.

Table 2.
Accuracy and loss results for each source
Source type Dataset type Accuracy Loss value (MSE)

Vocal isolation Trginir.lg e e
Validation 0.743 0.174

Drum isolation Trginir.lg 0.766 0.159
Validation 0.685 0.203

Bass isolation Trqinir.lg ok, 0.044
Validation 0.939 0.051

Other source isolation Tre.linir'lg e 0.158
Validation 0.732 0.1791

For vocal isolation, the model achieved a training accuracy of 0.772 and a validation accuracy of 0.743, with
corresponding loss values 0of 0.153 and 0.174. The training and validation accuracy and loss curves for the vocal binary
mask prediction network are presented in Fig. 7.

Accuracy Loss
0.5 4 - -
—— ftrain_acc L0 = ftrain_loss
a7d walid_ace — walid_loss
0.6 4 0.8
0.5 4
0.4 4 0.6 4
0.3 4
0.4
0.2 9
0.1 4
0z4 L
0.0 9
o 10 20 30 40 50 o 10 20 30 40 50

Fig. 7. Accuracy and loss for the vocal binary mask prediction network

As shown in Fig. 7, both accuracy curves increase during training and stabilize toward the final epochs. The
loss function decreases consistently for both datasets. A comparison between the predicted vocal mask and the ground
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truth mask is shown in Fig. 8. The predicted mask reproduces the main time-frequency regions corresponding to vocal
components.

i
. I*_," |'

b i
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rmf- "'”'M;‘\,l - '"-'l

Fig. 8. Comparison of the resulting vocal binary mask with the ground truth

For drums isolation, the model achieved a training accuracy of 0.766 and a validation accuracy of 0.685. The
corresponding loss values were 0.159 and 0.203.

Accuracy Loss

0.8

— train_acc —_——— L0 — frain_loss
07d — T valid_ace = valid_loss
0.6 0.8
0.5 9
0.4 4 0.6 4
0.3 1
02 4 0.4
0.1 1

0.2 4
0.0 9
o 10 20 30 40 50 ] 10 20 0 40 50

Fig. 9. Accuracy and loss for the drums binary mask prediction network

The training process for drum mask prediction is illustrated in Fig. 9. The curves demonstrate improvement
in accuracy and reduction in loss over the course of training.
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Fig. 10. Comparison of the resulting drums binary mask with the ground truth

An example of the predicted drum mask compared to the ground truth is presented in Fig. 10. The predicted
mask captures the principal transient regions associated with drum components.

Bass isolation demonstrated the highest performance, with a training accuracy of 0.944 and a validation
accuracy of 0.939. The loss values were 0.044 and 0.051 respectively.
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Fig. 11. Accuracy and loss for the bass binary mask prediction network

The corresponding training and validation curves are shown in Fig. 11. The accuracy rapidly increases in
early epochs and remains stable during later stages of training.

Fig. 12 presents a comparison between predicted and ground truth bass masks. The predicted mask accurately
reflects the dominant low-frequency regions of the target source.

it
bl 11 i) thJ ]

Flg. 12. Comparlson of the resulting bass binary mask with the ground truth

For the isolation of the ‘other’ category, the model achieved a training accuracy of 0.764 and a validation
accuracy of 0.732. The loss values were 0.158 and 0.1791.

The training dynamics for this source category are shown in Fig. 13. The curves demonstrate stable
convergence behavior.

Accuracy Loss

0.8
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074 — valid_acc = valid_loss
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0.5
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0 19 20 30 40 50 0 10 20 30 40 50
Fig. 13. Accuracy and loss for the ‘other’ audio binary mask prediction network
166 MDKHAPOJITHUI HAYKOBUI XXYPHAJ

«COMPUTER SYSTEMS AND INFORMATION TECHNOLOGIES», 2026, Ne 1




INTERNATIONAL SCIENTIFIC JOURNAL ISSN 2710-0766
«COMPUTER SYSTEMS AND INFORMATION TECHNOLOGIES»

Fig. 14. Comparison of the resulting ‘other’ audio binary mask with the ground truth

Fig. 14 illustrates the comparison between the predicted and ground truth masks for ‘other’ sources. The
predicted mask identifies the main spectral regions associated with instrumental accompaniment.

To further quantify the similarity between the predicted and ideal binary masks, the Dice coefficient was
additionally computed over all processed samples. The obtained values are summarized in Table 3.

Table 3.
Dice coefficient for predicted binary masks
Source type Vocal Drum Bass Other source
Mean Dice coefficient 0.697659 0.734685 0.599432 0.679861

The Dice coefficient provides a measure of the overlap between binary mask regions in the time-frequency
representation. In contrast to point-wise error metrics such as MSE, it evaluates how consistently the model assigns
time-frequency bins to the corresponding sources. Therefore, it offers a complementary perspective on the quality of
mask estimation.

Along with mask-based metrics, several signal-level indicators were evaluated for the reconstructed from
predicted masks audio signals, including SI-SDR, SDR, and SNR. These measures characterize the amount of
distortion and residual interference present in the separated signals after reconstruction. The obtained values
demonstrated in Table 4 indicate that the proposed approach produces perceptually meaningful separation across
different source types, while maintaining computational efficiency of the model.

Table 4
Signal-level evaluation metrics for reconstructed sources
Source type SI-SDR (dB) SDR (dB) SNR (dB)
Vocal 3.222489 4.532568 5.094826
Drums -0.960971 1.016916 3.307660
Bass 4.101974 4.592130 5.012954
Other -1.237303 -0.257126 1.159419

In addition to the reported separation results, the proposed architecture demonstrates low computational
requirements. Under the experimental conditions, processing a one-minute audio segment requires approximately 3
seconds, corresponding to a processing rate of about twenty seconds of audio per second of computation.

Overall, the obtained results demonstrate consistent separation performance across different sound sources.
The reported accuracy and Dice coefficient values show stable binary mask estimation and satisfactory reconstruction
quality for the evaluated source categories.

Discussion of results
To provide an overall assessment of the proposed model performance, the averaged quantitative results across
all isolated sources are summarized in Table 5. The mean training accuracy reached 0.811, while the corresponding
validation accuracy was 0.775. The difference of approximately 3.6 percent indicates controlled generalization

behavior without significant overfitting.

Table 5.
Averaged accuracy and loss results
Dataset type Accuracy Loss value (MSE)
Training 0.811 0.129
Validation 0.775 0.152
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The highest separation performance was obtained for bass isolation, where accuracy approached 0.94. This
exceeds the averaged validation performance and confirms that low-frequency harmonic components are effectively
captured by the convolutional architecture. The higher performance observed for bass separation can be explained by
its relatively narrow spectral range and more stable harmonic structure compared to other sources. Bass components
are typically concentrated in the low-frequency region, where spectral overlap with other instruments is reduced,
making them easier to isolate using spectrogram-based methods.

Vocal isolation achieved a validation accuracy of 0.743, which is approximately 19 percent lower than bass
performance. This difference reflects the increased spectral overlap of vocal components with mid-frequency
instrumental content.

The performance obtained for the ‘other’ category reaches a validation accuracy of 0.732, which is
comparable to the vocal separation result of 0.743 and represents an intermediate level among the evaluated sources.
This result can be explained by the heterogeneous composition of this category. Unlike vocals or bass, the ‘other’
class includes a wide range of instruments with different spectral and temporal characteristics.

Drum isolation demonstrated the lowest validation accuracy of 0.685. Compared to bass isolation, the
performance difference exceeds 25 percent. The transient and broadband nature of percussive signals significantly
increases ambiguity in binary mask assignment, especially in dense mixtures. Although, unlike the heterogeneous
‘other’ class, drum signals correspond to a single source category, they often contain a combination of strong low-
frequency components from kick and tom drums together with high-frequency transients from cymbals, producing
sharp broadband spikes in the spectrogram that are more difficult for the model to represent consistently.

The gap between training and validation accuracy remains moderate for all sources. For vocals, the difference
between training (0.772) and validation (0.743) accuracy is approximately 2.9 percent. For drums, the difference
reaches approximately 8 percent, indicating slightly higher sensitivity to unseen data in percussive modeling.

As shown in Table 3, the Dice coefficient values provide additional insight into the spatial consistency of the
predicted masks. The highest Dice score was obtained for drums separation (0.735), indicating that the predicted
masks capture the main transient regions associated with percussive components. Vocal and ‘other’ sources
demonstrate comparable Dice values of 0.698 and 0.68 respectively, which may be related to the fact that both groups
often occupy similar mid-frequency regions in the time-frequency representation. Bass separation achieved a Dice
coefficient of 0.599, which is lower than for the previously discussed evaluated sources.

This result differs from the accuracy-based evaluation reported earlier, where bass achieved the highest
accuracy. The difference can be explained by the nature of the evaluated metrics. Accuracy evaluates individual time-
frequency bins independently and is therefore strongly influenced by the large number of background bins that are
correctly classified. In contrast, the Dice coefficient evaluates the spatial overlap between predicted and reference
mask regions. As illustrated in Fig. 12, the predicted bass mask captures the dominant low-frequency region but
appears more compact than the corresponding ground-truth mask. This suggests that the model tends to suppress
weaker time-frequency components and background regions, which reduces the amount of residual noise in the
predicted mask. However, because the Dice metric requires precise overlap between mask regions, excluding such
peripheral bins can reduce the Dice score even when the main spectral region of the source is correctly detected.

Signal-level evaluation metrics were computed to assess the quality of the reconstructed audio signals. The
obtained values for SI-SDR, SDR, and SNR are summarized in Table 4. These indicators characterize different aspects
of reconstruction quality: SI-SDR reflects distortion of the reconstructed signal after scale normalization, SDR
describes the overall deviation from the reference signal, and SNR represents the ratio between the target signal energy
and residual noise components.

Bass separation demonstrates the strongest reconstruction quality. The SI-SDR value reaches 4.10 dB,
indicating that the dominant structure of the bass signal is preserved with relatively low distortion. The corresponding
SDR value of 4.59 dB shows that the reconstructed signal remains close to the reference signal, while the SNR value
of 5.01 dB indicates that the main low-frequency energy is recovered with limited background interference.

Vocal audio demonstrates comparable behavior. The SI-SDR value of 3.22 dB indicates relatively low
reconstruction distortion, while the SDR value of 4.53 dB confirms that the overall signal structure is preserved
effectively. The SNR value reaches 5.09 dB, suggesting that the dominant vocal components remain clearly
distinguishable from residual noise.

For drums audio, the obtained metrics are noticeably lower. The SI-SDR value of -0.96 dB reflects increased
distortion of the reconstructed signal, while the SDR value of 1.02 dB indicates a lower similarity to the reference
signal compared to bass and vocals. The SNR value of 3.31 dB further suggests that residual noise components are
more pronounced in the reconstructed signal.

The ‘other’ source category demonstrates the lowest reconstruction metrics. The SI-SDR value reaches -1.24
dB, while the SDR value is close to zero at -0.26 dB, indicating lower degree of signal correspondence between the
reconstructed and reference signals. The corresponding SNR value of 1.16 dB suggests a higher level of residual
interference, which can be explained by the heterogeneous composition of this source category that includes multiple
instruments with diverse spectral characteristics.
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The binary mask formulation contributes to stable convergence, as reflected in consistent loss reduction
during training. However, strict binary decisions may introduce reconstruction artifacts in frequency regions where
multiple sources contribute comparable energy.

Additionally, since phase information is not explicitly estimated and the mixture phase is reused during
reconstruction, residual distortions may remain even when magnitude prediction is accurate. Estimating phase directly
would require neural architectures capable of operating on the complex-valued representation of the STFT, which
substantially increases model complexity and introduces additional challenges during training. Therefore, the
proposed approach focuses on magnitude estimation while reusing the mixture phase during reconstruction, since the
magnitude component typically contains the dominant structural information of the signal in the time-frequency
domain. This simplification reduces model complexity while still allowing reliable source separation, although it may
introduce minor reconstruction artifacts in the resulting signal.

Overall, the numerical results confirm that the proposed model achieves consistent performance across source
types, with accuracy ranging from 0.685 to approximately 0.94 depending on spectral characteristics.

Conclusions

In this work, the task was to isolate different audio signal sources, in particular, vocals, drums, bass, and
‘other’ components. The hypothesis was that the use of convolutional neural networks would allow for the effective
determination of the presence or absence of each sound source in the input spectrogram and separate them.

To solve this problem, a Short-Time Fourier transform was used, which allowed us to represent audio signals
in the time-frequency domain. Then, convolutional neural networks were used to process the resulting spectrograms.
The use of binary masks instead of direct STFT made it possible to simplify the problem and change the approach to
a hybrid one, combining elements of regression and classification. The use of CNN allowed the model to detect
acoustic patterns and properties on the input spectrograms corresponding to different sound sources.

The results showed high accuracy rates for isolating different audio sources. In particular, the accuracy for
isolating vocals was about 77.2%, for bass — about 94.4%, for drums — about 76.6%, and for ‘other’ sources — about
76.4%. In addition, the mean square error was also quite low on the training and validation datasets, averaging about
0.13 for the training and 0.15 for the validation sets.

Evaluation of mask overlap using the Dice coefficient confirms the stability of the predicted time-frequency
regions. The highest Dice score was observed for drum signals (0.735), indicating that the model accurately captures
the main spectral patterns of this source type. Vocal and ‘other’ sources produced comparable overlap values of 0.698
and 0.68, while bass masks demonstrated a lower Dice value of 0.599.

Signal-level evaluation metrics further confirm the effectiveness of the proposed approach. For bass signals,
the model achieved an SI-SDR 0f4.10 dB, an SDR 0f4.59 dB, and an SNR of 5.01 dB, indicating stable reconstruction
of the dominant low-frequency components. Vocal separation produced comparable results, with an SI-SDR of 3.22
dB, an SDR 0f 4.53 dB, and an SNR of 5.09 dB, suggesting reliable preservation of the main spectral structure of the
signal. Lower reconstruction quality was observed for drum signals, where SI-SDR reached -0.96 dB, SDR 1.02 dB,
and SNR 3.31 dB, reflecting the increased difficulty of reconstructing transient percussion components. The ‘other’
source category demonstrated the lowest results, with SI-SDR of -1.24 dB, SDR of -0.26 dB, and SNR of 1.16 dB,
which can be attributed to the heterogeneous composition of this group of instruments.

In summary, the obtained results indicate that the proposed approach provides a viable solution for separating
multiple sound sources in complex audio mixtures. It demonstrates that binary mask prediction based on spectrogram
representations can serve as a structurally simple yet effective alternative to more complex end-to-end architectures.
At the same time, the observed performance differences between different sound sources highlight remaining
limitations related to spectral overlap and mask ambiguity in dense mixtures. The results confirm the viability of the
proposed framework and provide a basis for further improvement and extension.
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Oner TOMAIIIEBCBKHIA, Opect TKAUYK

Harionansauii yHiBepcuTeT «JIbBIiBCbKA MONIITEXHIKA»

PO3JLJIEHHS 3BYKOBHX JIZKEPEJI Y YACOBO-YACTOTHIN OBJIACTI HA
OCHOBI 3rOPTKOBUX HEHPOHHUX MEPEXK

Y pob6oTi po3rnaAacTsCs 3a4a4a POIBINEHHS 3BYKOBUX [KEPEST Y 3MILUGHUX 3YAIOCUIHANAaX ¥ YacoBO-4aCTOTHIY 06/1acTi.
HOCTimKyETECH 3aCTOCYBaHHS 3rOPTKOBUX HEHPOHHUX MEPEX /151 307154 OKDEMUX aKYCTUYHUX KOMITOHEHTIB 3/ CKIIaAHMUX ayAIoMIKCIB,
V SKUX AEKIIbKE [KEPEST MEPEKPUBAIOTHCA K Y YaCi, TaK | 3@ YaCTOTOK. HasIBHICTL Takoro rneEPEKPUTTS CYTTEBO YCKIIaAHIOE rpoLyec
PO3JINEHHS Ta MIABULLYE BUMOMM [0 CTabIIbHOCTI U CTPYKTYPHOI Y3rOKEHOCTI 3aCTOCOBaHNX MOAETEN. 3aIpOoroHOBaHmA miaxia
6a3yeTbCa Ha EPETBOPEHHI ayAiOCUrHasliB 3a AOMOMOror0 BIKOHHOIO EPETBOPEHHS @yp'€ Ta rnogaHHi ayAioMikciB y Burisgi
CrIeKTPOrpam, Lo 36€epiraroTs sIK Yacosi, TaK | CrIEKTPAsIbHI XapakTEPUCTUKI 3BYKOBUX KOMITOHEHTIB. [JO OTPUMAHMX MPEACTaB/IEHD
3aCTOCOBYETLCS CTPATEris GIHaPHOIrO MAcKyBaHHS 3 METOK CTDYKTYDHOIO CrIPOLUEHHS 3aAadqyi PO3AIIEHHS, 3ropTKOBa HEVPOHHA
MEDPEXA BUKOPUCTOBYETLCS A/15 MPOrHO3YBaHHS MAcok, LYo BIAMOBIAAIOTL OKPEMUM 3BYKOBUM [)KEPEIaM, TakuM sIK BOKas, 6ac,
b6apabanHn Ta IHIWI KOMIOHEHTH. DOPMYJ/IIOBAHHSA 3a4aqi YEpe3 MAacKyBaHHS 3a0e3neqye BUOIDKOBE BUAIIEHHS CIIEKTPA/IbHNX
o6/1acTeyi, MoBS3aHNX 3 KOHKDETHUMU [KEPETIaMu, Ta CIIPUSIE BIIPOBAMKEHHIO TEPUAHOI CXemMu 06POBKY, SKa MOEAHYE €/IEMEHTU
Knacugikauli Ta perpecii B Mexax €4nHOI HEVPOHHOI apXiTeKTypu. MeTogos10ris AOCTIKEHHS BKITIOYAE TPOEKTYBAHHS apXiTeKTypu
MEDEXI, MIArOTOBKY BXIAHNX AGHUX HA OCHOBI CIIEKTPOIPAaM, HaB4YaHHs MOAE/TI Ha 6araTOKOMITOHEHTHUX ayAioMIKcax [ NEPEBIPKY SIKOCTI
PO34INIEHHS] 3 BUKODUCTAHHSIM KPUTEDITB Y3rOWKEHOCTI PEKOHCTPYKUii. Ocob/mBYy yBary npuainieHo 3a6e3rne4eHHo CTablibHOI
36IPKHOCTI MOAEJT Ta 36EPDEXEHHIO 3MICTOBHUX aKyCTUYHUX CTDYKTYD ¥ NEPEAGAYEHNX MacKax. OTpuMari pesysibTati AEMOHCTPYIOTb
CTabI/IbHY 30718110 3BYKOBUX KOMITOHEHTIB | CTasly €QEKTUBHICTb Ha TPEHYBa/IbHOMY Ta Ba/lgauiviHoMy Habopax AaHux. KiibkicHa
OLJiHKA M10Ka3y€ TOYHICTL po3ainerHs 0.772 fiia Bokasy, 0.766 475 yAaapHnx, 0.944 4715 6acis 1a 0.764 A4/15 IHLLNX JXKEPES, TPy LUbOMY
BIAMOBIAHI 3HAYEHHSI CEDEAHBOKBAAPATUYHOI ITOMUIIKN 3HAXOASTHCA B Aianaszori Big 0.044 4o 0.203 /15 AOCTIIKEHNX KaTEropiv.,
HaviBuily e@eKTUBHICTL OTPUMAHO 4715 PO3AINEHHS 6ACIB, YO OSICHIOETLCH YiTKO BUPAKEHOK HU3ILKOYACTOTHOK CIIEKTPA/TbHOK
CTPYKTYPOIO LibOro mkepena. OUiHIOBaHHS Ha PIBHI currasy 3a metpukamm SI-SDR, SDR 1a SNR riokasasio 3Haq4eHHs B [iana3oHi Big
-1.24 70 4.10 g6 (SI-SDR), Big -0.26 40 4.59 45 (SDR) 1a Big 1.16 g0 5.09 46 (SNR), ripy LbOMy HaviBuLLl 3HAYEHHS CIIOCTEPIra/mcs
A/15 6aCOBUX | BOKA/IbHUX KOMITOHEHTIB, IO Y3rOMKYETbCA 3 PE3Y/IbTATaMU OLIIHIOBAHHS 3a TOYHICTIO. Pe3y/ibTaty rigTBEPAXYIOTS
EQDEKTUBHICTD O0EAHAHHS OIHaPHOro MackyBaHHS 3i 3ropTKOBOIKO OBPOOKOKO CrEKTpOrpaM A/ OBYNC/IIOBA/IbHO E@MhEKTUBHOM
PO3LINIEHHS 3BYKOBUX [IKEDE/. 3arporioHOBaHMi MiAXi4, peasti30BaHuii Ha OCHOBI KOMIAKTHOI HEVPOHHOI apXiTekTypu 3 323,233
rapameTpamMu MOJENT, MOXE GyTu 3aCTOCOBAHMI Yy CUCTEMAX MY3UYHOrO BUPOOHULITBE, DIleHHSX U1 MTOKPALIEHHS MOBJ/IEHHS,
IHTENIEKTYarIbHIX IaTPOPMAax aHanisy ayaiogarHux 1a IHLLMX CEPEAOBULLAX 0BPOOKM 3BYKY, LU0 NOTPEBYIOTL HARViHUX | IerkoBaroBux
MEXAHI3MIB PO3AIIEHHS.

Kmto4oBi ¢/10Ba; KOMITIOTEPHI HayKv, LUTYYHMU [HTEIEKT, 3ropTKOBI HEVIDOHHI MEPEXI, aHasi3 ayaiodaHux, o6pobka
ayAlocurHasis, po3ai/ieHHs 3ByKOBUX [DKEPEST.
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