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ARTICLE INFO ABSTRACT

This paper presents MetrikaBox, a general-purpose, open-source, and extensible audio classification package
designed to facilitate the development of Deep Learning (DL) models for a wide range of audio processing tasks.
The software manages all necessary preprocessing steps to build classification models capable of distinguishing
between user-defined classes using advanced Artificial Intelligence (AI) techniques. MetrikaBox is well suited
for tasks such as musical genre classification, voice-versus-music discrimination, and other audio classification
or segmentation applications. Users can either employ the package as provided or extend it by integrating their
own datasets, classification models, data loading systems, augmentation techniques, and more. The package
has been tested in both commercial and academic settings, where it has produced models for industrial audio
processing and served as a platform for proof-of-concept applications. Comprehensive documentation and
practical examples included in the repository support users in integrating the system into their audio analysis
projects. MetrikaBox is openly available and provides a user interface for convenient testing.
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sounds are categorized into predefined classes based on their extracted
attributes.
Audio classification has become a commonplace task in many as-

1. Motivation and significance

In recent years, the content we consume for both educational and
entertainment purposes has undergone a radical transformation, be-
coming predominantly multimedia. Within this context, audio plays a
pivotal role—whether as music, podcasts, audiobooks, or as an integral
component of audiovisual media. The extraction of features from audio
signals has been a topic of sustained interest in the scientific community

pects of everyday life. It encompasses a wide range of applications,
from distinguishing between speech and music to the automatic gen-
eration of subtitles, musical genre recognition, and enabling virtual
assistants such as Alexa or Siri to interpret spoken commands. The

for decades. These features capture characteristics such as the timbral
texture of a sound or its frequency distribution. Such representations
enable a variety of downstream tasks, including speaker identifica-
tion, emotion recognition, and, ultimately, audio classification, wherein
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underlying process involves assigning a label to an audio fragment
based on its extracted features. This classification task can range from
simple distinctions, such as separating speech from music, to more
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Fig. 1. Overview of the MetrikaBox architecture.

complex analyses, including genre classification, style identification,
tempo detection, voice presence, or even mood inference.

Traditionally, audio classification was approached using probabilis-
tic methods that relied on manual feature extraction followed by sta-
tistical analysis. Tools such as pyAudioAnalysis [1], Essentia [2], and
librosa [3] provide established solutions for this feature extraction
process. However, the advent of Artificial Intelligence (AI) has trans-
formed the field, enabling advanced techniques that perform automatic
classification without the need for explicit feature extraction.

With the widespread adoption of Convolutional Neural Networks
(CNNs) for image classification tasks [4], it has become feasible to
treat audio signals as images through their spectral representations [5].
This approach allows an audio file to be divided into segments, which
are then converted into spectrograms and subsequently classified using
neural networks. As a result, this methodology supports both audio
classification and segmentation.

Developing Deep Learning (DL) models for audio classification with-
out the aid of specialized tools is a highly complex endeavor. It in-
volves, among other steps, data preprocessing (including normaliza-
tion, segmentation, and, in some cases, feature extraction), the design
of suitable neural network architectures, meticulous configuration of
the training pipeline (e.g , optimization strategies and regulariza-
tion techniques), rigorous evaluation using appropriate metrics, and
preparation of the model for deployment. This workflow requires ad-
vanced expertise across multiple domains such as audio engineering,
programming, and DL, posing a significant barrier for non-specialist
users.

Despite the availability of various libraries, a gap remains for a tool
that integrates the entire workflow in an accessible environment. For
instance, powerful proprietary platforms like MATLAB offer extensive
toolboxes for DL and audio processing,’ including specialized exten-
sions for tasks like data augmentation [6]. However, these are mostly
collections of functions that require significant programming expertise
to build a complete classification pipeline. Similarly, while open-source
libraries like pyAudioAnalysis focus on classical machine learning,
and comprehensive frameworks like TensorFlow [7], Keras [8], and
PyTorch [9] provide the necessary components, they are intended for
users with strong programming and architecture design skills. None of
these alternatives provides a unified, user-friendly environment that
automates the entire process from data loading to inference.

1 https://mathworks.com/help/deeplearning/audio-processing.html

In this context, we propose MetrikaBox, a tool that leverages DL to
integrate and automate all stages of the audio classification process,
including data loading, model training, and final model export for
inference, thereby reducing technical complexity and improving us-
ability. This solution is distinguished by its no-code approach, offering
predefined neural network architectures and an intuitive interface that
simplifies the setup and execution of experiments. Users can choose
between a programmatic Application Programming Interface (API), a
Command-Line Interface (CLI), and Gradio [10] graphical interfaces
to use MetrikaBox. It is specifically designed to enable rapid experi-
mentation by non-specialist users without compromising the quality or
performance of the resulting models. A visual overview of the system
is presented in Fig. 1.

The remainder of this paper is organized as follows. Section 2 de-
scribes the architecture of MetrikaBox. An illustrative example demon-
strating its practical use with generic example datasets is presented in
Section 3. The impact and benefits of using MetrikaBox are discussed in
Section 4. Finally, Section 5 concludes the paper and outlines directions
for future work.

2. Software description

MetrikaBox is a Python-based toolkit designed to train, deploy, and
apply DL models for audio classification and segmentation. Built on top
of Keras, it offers a modular and extensible architecture that allows
users to adapt and customize every part of the pipeline — from data
loading and preprocessing to model design and inference — making it
suitable for both research and production environments.

The software supports a wide range of audio formats, including
raw audio files and compressed formats such as EnCodec [11], and
is designed to be flexible enough to handle a variety of tasks, from
speech/music discrimination to fine-grained segmentation. MetrikaBox
is built in Python 3.10 and is compatible with Windows, Linux, and
macOS environments.

2.1. Software architecture

MetrikaBox is structured around independent modules, as illustrated
in Fig. 2.

Each module is responsible for a key part of the pipeline. The Data
Augmentation module (augmentations) contains custom Keras-
compatible layers for dynamic augmentation of audio data during
training, helping improve model generalization by simulating diverse
audio conditions. The Model Management module (model) includes
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Fig. 2. Overview of MetrikaBox software modules.

builders for handling different audio formats (e.g. , raw audio or
EnCodec) and adapts them for training. It also provides a classification
submodule offering a simple example model (based on the Simple
MNIST Convnet). A key feature of MetrikaBox is its direct support
for integrating and fine-tuning pre-trained models from Keras Applica-
tions.? The selection of the model architecture, such as MobileNetV3
or ResNet50, is a primary parameter in the user interface, enabling
users to leverage state-of-the-art architectures to enhance performance
and reduce training time. In addition, the framework’s extensible
design allows advanced users to integrate their own custom models
and neural network architectures, tailoring the pipeline to specific
research needs. The Data Loading module (loaders) is composed
of two subpackages: on one hand, Class Loaders, which assign labels
based on folder names, an external mapping, or a JavaScript Object
Notation (JSON) file alongside each audio file; on the other hand, Data
Loaders, which manage audio file loading and support both raw formats
(MP3, WAV, OGG) and compressed files (EnCodec format). The Dataset
Management module (dataset) provides abstractions for managing
different types of datasets: AudioDataset for raw audio files (e.g
, MP3, WAV, OGG) and EnCodecDataset for compressed audio
content. The Inference module (infer) handles the inference process,
with the AudioModel class at its core. This class loads audio data,
applies the trained model, and supports both segmentation (splitting
audio into small labeled sections) and full-file classification (assigning
a single label to the entire file).

The software is structured around demo scripts. Training and in-
ference tasks can be performed via the CLI for scripting or integra-
tion purposes using main.py. The Gradio graphical interfaces for
training and inference can be launched from demo_train.py and
demo_infer.py, respectively.

This modular design ensures that each component can be extended
or replaced easily, allowing advanced users to integrate new models,

2 https://keras.io/api/applications/

add support for additional audio formats, or customize the inference
process as needed.

2.2. Available interfaces

MetrikaBox is designed with a triple-interface system to meet the
needs of different user profiles. First, the programmatic API: all core
functionalities can be accessed directly through Python modules. This
makes MetrikaBox highly extensible and suitable for seamless inte-
gration into custom projects, research experiments, or larger machine
learning pipelines. Second, the CLI: the main.py script provides a
straightforward way to run both training and inference tasks from
the terminal. This interface is ideal for scripting, automation, and
integration into workflows where graphical interaction is not prac-
tical. Alternatively, two Gradio graphical interfaces (train.py and
infer.py) allow users to configure training and inference tasks inter-
actively via a web browser. These interfaces are designed to lower the
barrier to entry, enabling non-programmers to experiment with models
and visualize results without writing code.

2.3. Software functionality

MetrikaBox provides full control over the training process, allowing
users to configure audio preprocessing settings (e.g. , sample rate,
window size, step size), training parameters (e.g. , batch size, num-
ber of epochs), model architecture, data augmentation strategies, and
spectrogram transformation options.

Once training is complete, the resulting Keras model and its cor-
responding configuration file are made available. Within the Gradio
web interface, these files can be downloaded directly and subsequently
uploaded for use in the inference interface. For more advanced applica-
tions and integration into custom workflows, MetrikaBox also provides
a programmatic API. This allows the models to be saved to user-
specified paths and loaded for deployment, offering the flexibility to
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Fig. 3. Illustration of the sliding window process.

incorporate the trained classifiers into a variety of external applica-
tions. In inference mode, users can classify entire audio files or segment
them into labeled sections. Results can be presented interactively in
the Gradio interface (for example, as lists of predicted classes with
their probabilities), saved in JSON files (for segmentation), or accessed
programmatically for further processing.

A primary consideration for deployment is that external applica-
tions must replicate the same configuration used within MetrikaBox,
such as sample rate, window size, and step size, to ensure model
compatibility and performance. To facilitate this, users can leverage
the JSON configuration file that MetrikaBox provides upon training
completion, which details all necessary parameters for reproducibility.
Furthermore, the deployment environment must have the necessary
software dependencies, such as Keras and TensorFlow, installed.

2.4. Audio preprocessing

Audio preprocessing is a critical component of MetrikaBox, trans-
forming raw audio files into model-ready inputs. The framework grants
users detailed control over crucial parameters to adapt the analysis for
specific tasks. Key settings such as the target sample frequency, the time
window for spectral analysis, and the step size are fully configurable.
This allows for experimentation based on the specific requirements of
the audio task. These parameters can be configured in the different
versions of the software before initiating training. This configurability
is essential for handling the distinct requirements of different audio
types, such as voice and music. While the default spectral represen-
tation is the mel spectrogram, chosen for its perceptual relevance,
the framework’s modular design is intentionally extensible. MetrikaBox
also supports an alternative pipeline using latent space representations
from the EnCodec neural audio codec. Furthermore, the architecture
allows advanced users to integrate other representations such as stan-
dard spectrograms, Log-Mel spectrograms, or Mel-Frequency Cepstral
Coefficientss (MFCCs) to suit their experimental needs.

When a file is loaded, it is first converted to mono (if multichannel)
and then segmented using a sliding window approach. This process
splits the audio into overlapping segments, with the window and step
sizes configurable by the user, ensuring both detailed coverage and
retention of temporal context. For example, with a 5-second window
and a 2.5-second step (illustrated in Fig. 3), each segment overlaps
the next by 50 %, allowing the model to capture gradual transitions in

the audio. Padding is applied as needed to ensure that all segments
maintain a consistent length, which is essential for uniform model
input.

This preprocessing method enables two key functionalities: segmen-
tation tasks, where each segment is independently classified, and full-
file classification, where predictions across segments are aggregated to
determine an overall label for the audio file.

2.5. Neural network architecture

MetrikaBox provides a default DL pipeline based on Keras (Fig.
4), which users can customize or extend as needed. The architecture
processes batches of audio segments, beginning with normalization
to float32 format scaled to [—1,1]. Data augmentation layers can
be applied both before and after the transformation of audio into
spectrogram form.

Since MetrikaBox is built on top of Keras, it automatically detects
and utilizes the most suitable computation device available, whether it
be a GPU, CPU, or other compatible hardware. This process is handled
seamlessly by the underlying framework, requiring no specific configu-
ration from the user to leverage the optimal hardware for accelerating
model training.

A core component of the pipeline is the mel spectrogram transfor-
mation, which converts audio segments into 2D spectrogram images.
This was originally implemented using the Kapre library [12]; however,
with the release of Keras 3.1, MetrikaBox now utilizes the native
mel spectrogram layer for tighter integration and improved perfor-
mance. After transformation, spectrograms pass through additional
augmentation layers if specified.

In addition to the spectrogram-based approach, MetrikaBox also
supports a latent space pipeline using EnCodec [13], a neural audio
codec. In this alternative workflow, the compressed latent represen-
tations generated by EnCodec are fed directly into the DL model,
bypassing traditional spectrogram conversion. This method leverages
the compact, information-rich nature of EnCodec’s latent space, of-
fering a promising alternative for efficient audio classification with
potentially reduced preprocessing overhead. Thanks to the toolkit’s
extensible architecture, users can implement and integrate other audio
representations of their choice, enabling experimentation with novel
feature spaces or adaptation of the pipeline to specialized use cases.

For both approaches, a Conv2D layer adapts the input to a 3-
channel format, ensuring compatibility with image-based classification
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models. The processed data is then fed into the user-selected model
(which can be a custom or pre-trained architecture), and a final Dense
layer with softmax activation produces the classification output.

In segmentation mode, each segment is processed individually to
create a fine-grained labeled timeline of the audio. In full-file classi-
fication mode, the system averages predictions across all segments to
provide a robust overall classification result.

3. Ilustrative examples

To demonstrate MetrikaBox’s capabilities, we present examples of
both segmentation and full-file classification tasks.

When using Gradio for the training phase, the interface guides users
through the complete process of model development. Without writing
a single line of code, users can select an audio dataset, choose a neural
network architecture, configure hyperparameters such as batch size
and number of epochs, and launch training directly from the browser.
Once training is complete, the interface displays a comprehensive set of
performance metrics to help users evaluate the model’s quality. Beyond
accuracy and loss, the tool also computes and visualizes precision and
recall, as shown in Fig. 5, and supports other standard metrics like
the F1l-score. Furthermore, thanks to its modular design built on Keras,
users can easily incorporate any other existing metric available in the
Keras library or even program their own for highly customized evalua-
tions. This feedback enables users to make more informed adjustments
in future iterations. In Fig. 5, a MobileNetV3Small model is being
trained using the GTZAN Genres dataset through the Gradio training
interface. To initiate training, the user specifies the dataset path, which
must point to a directory containing one subfolder per class (e.g ,
speech/, music/), each populated with the corresponding audio
files. These folder names are automatically interpreted as class labels
during model training. After selecting the model architecture, the user

can configure additional training parameters such as batch size, number
of epochs, and learning rate, as well as audio processing parameters like
window size and step size, which determine how the audio is split into
overlapping frames for analysis. In this example, a 5-second window
with a 2.5-second step is used to provide sufficient context for clas-
sification while maintaining dense coverage of the input signal. Once
initiated, the model is trained on the dataset without requiring manual
scripting or command-line input. This interface offers an accessible way
to experiment with different datasets and model configurations, making
it particularly suitable for researchers, educators, and practitioners
seeking rapid prototyping or reproducible experimentation in audio
classification tasks.

The same training process can also be executed using the software’s
CLI, offering full control for users who prefer scriptable workflows or
require automation. This mode is particularly useful for integrating
training into larger pipelines, running batch experiments, or deploying
models in headless environments where a graphical interface is not
practical.

The inference Gradio interface is designed for evaluating previously
trained models on new audio content. Users can upload or specify an
audio file, select a pre-trained model, and choose between segmenting
the file or performing global classification. Once the analysis is com-
plete, results are presented in a visual, interactive format that includes
timeline segmentations, class summaries, and prediction confidence
scores. This interface is particularly useful for users seeking quick
insights or comparative model evaluation without technical overhead.

In Fig. 6, the Gradio inference interface is shown in action, show-
casing the classification of an audio file using the selected pre-trained
model. In this example, the user begins by specifying the path to the
audio file or uploading it directly, and then uploads the pre-trained
model along with its configuration file, which must be downloaded
after the training process via the training interface. After launching the
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analysis, the system processes the file and presents the results in an
intuitive format. For full-file classification, it displays a list of predicted
classes along with their associated probabilities, providing a clear
summary of the model’s output. When performing segmentation tasks,
the system generates a JSON file as output, detailing each detected
segment along with its corresponding predicted class.

The same inference process can also be performed using the soft-
ware’s CLI, providing a flexible option for users who prefer scripting or
need to integrate audio classification into automated workflows.

To assess its performance in controlled settings, the software was
tested on classifying musical genres from short audio clips. Despite
the limited duration of the samples and stylistic overlap between gen-
res, the model consistently achieved validation accuracy above 85 %,
successfully identifying genres such as classical, jazz, and metal. As
shown in Fig. 7, the training process converged reliably, supporting the
model’s effectiveness in broader music information retrieval tasks.

The reported validation accuracy of 87.62% on the GTZAN Genres
dataset was achieved using the MobileNetV3Small model, a lightweight
and efficient architecture suitable for rapid experimentation. This re-
sult is highly competitive and compares favorably with state-of-the-art
benchmarks on the same dataset, such as the 86.30 % accuracy reported
by Kong et al. [14] and the 86.10% by Niizumi et al. [15]. A more
detailed comparative analysis can be found in our related work [13].

It is important to note that as a flexible framework, MetrikaBox
allows users to select any Keras-compatible model. Therefore, key
metrics such as model size (number of parameters) and training time
are not fixed; they are inherently dependent on the user’s choice of
model architecture, the size of the dataset, and the computational
hardware available (e.g. , CPU or GPU). The framework is designed
precisely to empower users to make these choices based on their
specific performance requirements and resource constraints.

Beyond controlled evaluations, the software has also been deployed
in real-world broadcasting settings. In commercial radio stations, it
processes 24 h of audio content per station, automatically segmenting
streams into speech, music, and mixed content. It distinguishes between
foreground and background music usage and enables track identifica-
tion from detected music segments. The structured reports generated
by the system support compliance with national copyright regulations
and contribute to a more transparent, data-driven approach to royalty
distribution. This automation has significantly reduced manual anno-
tation workloads while delivering consistent and auditable results. The
system operates reliably in both live and pre-recorded environments,
adapting seamlessly to programming that includes talk shows, music
blocks, news, and advertising.

4. Impact

MetrikaBox’s development has been supported by the European
Union through the ADAPIMMA and MusicGenia projects, which to-
gether have provided 289921.57 ¢ in funding. ADAPIMMA is a region-
ally funded project focused on developing techniques to monitor the
precise use of music in radio broadcasts, ensuring that royalties are
distributed fairly among authors in accordance with Spain’s updated
Intellectual Property Law. MusicGenia, supported by European funding,
aims to develop a cloud-based platform for Al-generated production
music, offering content creators access to royalty-free, original music
tailored to their needs. The MetrikaBox framework is employed in both
projects.

One of the most tangible outcomes of MetrikaBox has been the
creation of MetrikaMedia,®> a spin-off company from the Universidad

3 https://metrika.media
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de Extremadura founded in 2020. The MetrikaBox software framework
is extensively used within the company. MetrikaMedia has successfully
deployed the software in major radio stations across Spain and Latin
America, where it has become an essential tool for automating the
monitoring and analysis of audio content. With its ability to perform
audio classification, identify specific tracks, and assess the prominence
of background versus foreground music, the software enables broad-
casters to comply with regulatory requirements while contributing to a
more transparent and equitable royalty distribution system for artists.

Importantly, the data collected and processed by this software has
also fueled broader research innovations. For example, it enabled the
development of a hybrid recommender system for radio programs [16],
which personalizes content recommendations by combining user pref-
erences with historical listening data. This work demonstrated how
audio analytics can be harnessed not only for compliance but also to

enhance the listener experience. Additionally, this research led to the
publication of a second paper, which introduced a novel approach to
audio classification using latent representations from Meta’s EnCodec
neural audio codec [13]. This study showed that such representa-
tions can achieve competitive performance with significantly improved
efficiency compared to traditional spectrogram-based approaches. To-
gether, these publications highlight the scientific versatility and impact
of the technologies developed.

Finally, the open-source release of MetrikaBox amplifies the soft-
ware’s reach within the research community. By providing accessible
tools for audio preprocessing and classification, it lowers technical
barriers and enables researchers to develop new models, conduct re-
producible experiments, and explore applications ranging from music
information retrieval to sound event detection.
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5. Conclusions

This paper introduced MetrikaBox, an Al-based toolkit for auto-
mated audio content analysis. Designed to support both applied use
cases and research workflows, MetrikaBox combines DL-based classi-
fication and segmentation with a flexible, extensible architecture. It
enables users to analyze, label, and manage large volumes of audio data
— whether for compliance, content organization, or machine learning
experiments — without requiring deep technical expertise.

The toolkit provides three modes of interaction: intuitive Gradio-
based web interfaces for training and inference, a command-line in-
terface (CLI) for automation and scripting, and direct Python-level
access for seamless integration into custom codebases and experimen-
tal pipelines. This versatility makes it accessible to a wide range of
users, from media professionals to data scientists. MetrikaBox has been
validated on benchmark datasets, demonstrating robust performance
in tasks such as speech/music discrimination and genre classification,
and has proven its reliability in continuous-use, real-time processing
environments.

Future development will focus on extending task coverage —
including speaker identification, emotion recognition, and multilingual
classification — while improving usability through guided workflows
and pre-configured models. Real-time streaming support and enhanced
model interpretability are also key goals. We hope this work enables a
new wave of open, accessible, and intelligent audio analysis tools that
foster innovation across research, industry, and creative domains.
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