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Abstract: Nowadays, any research discipline is interested in tackling its problems with artificial
intelligence and, therefore, is demanding knowledge and frameworks with the aim of developing and
using intelligent methods. Within this scenario, neural networks stand out for the important results
they have achieved. This paper introduces Nets4Learning, a web platform for designing, training
and testing artificial/deep neural network models. The application deals with some of the most
popular tasks in the data science field such as tabular classification, regression, image classification
and object detection. Nets4Learning has been designed so that any researcher from any discipline
can easily develop neural network models without special programming or digital skills. In fact, the
user does not have to install anything as the application is publicly available and can be accessed
from any device. The site also has manuals, glossaries, etc., and all this code is available on GitHub.

Keywords: web platform; artificial intelligence; artificial neural networks; deep learning; classification;

regression; computer vision

1. Introduction

Currently, artificial intelligence (Al) is having a huge impact on society [1]. This has
been possible due to its impressive successes in many areas, such as industry, economy,
energy, medicine, art, etc. Even for people’s daily lives, applications where Al has demon-
strated a great achievement can be found. Within the Al area, machine learning (ML) [2] is a
set of techniques that learn from examples, obtaining a model that extracts and generalizes
the knowledge of the domain to which these examples belong to.

Undoubtedly, one of the most important techniques within the field of ML is artificial
neural networks (ANNSs) [3]. The first generations of ANNs for predictive tasks, e.g., multi
layer perceptrons (MLPs) [3], were characterized by having one or a few hidden layers
(shallow networks). However, in order to represent complex concepts internally, authors
began to discuss the introduction of more hidden layers [4,5]. In this manner, building
these deep neural networks (DNNSs), the so-called deep learning (DL) paradigm [6] came
into its own in the late 2000s. The first DNNs stand out for the results obtained in computer
vision (CV) [7] fields such as image classification or object identification, where the typical
models used are convolutional neural networks (CNNs) [6].

ANN/DNN:Ss are deeply exploited not only for research scopes but also in several
practical applications [8]. Ready-to-use tools for working with these AI models are in high
demand, especially for non-expert users. Therefore, it is essential to learn and understand
how to design and apply ANN/DNN models to a specific research domain.

In this work, the Nets4Learning web application is presented. With this platform,
researchers, practitioners and even non-expert but curious users can design, train and test
ANN/DNN:Ss, exploring their topology and functionalities. Specifically, users can deal
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with key tasks such as: tabular classification, regression, image classification and object
identification.

One of the most important features of Nets4Learning is that a production version
is available https://simidat.ujaen.es/n4l/ (accessed on 30 October 2024) for use on any
client device such as PCs, tablets and smartphones. Furthermore, a comprehensive user
manual is integrated into the platform with tips, usage examples and a glossary. This
enables the easy and extensive use of the tools. In summary, researchers from any discipline
can develop and train ANN/DNN models for addressing their problems without having
special programming skills.

Other software and platforms comparable to Nets4Learning can be categorized in
three categories:

*  Programming libraries such as Scikit-learn https:/ /scikit-learn.org/stable/ (accessed on
30 October 2024), TensorFlow https:/ /www.tensorflow.org/ (accessed on 30 October
2024) or Keras https://keras.io/ (accessed on 30 October 2024). Obviously, these tools
require advanced programming skills, in addition to those specific to the Al tasks
and techniques to be worked with. Like any other type of libraries, they need to
be downloaded to the computer. It should be noted that these tools allow working
with neural networks and other classic ML techniques. In comparison, although
Nets4Learning is only focused on neural network techniques, our platform does not
require programming skills, nor does it require the user to install any software. In
addition, Nets4Learning has many built-in aids for both learning how neural networks
work and how to design them. It should also be highlighted that the presented
platform has graphical tools for pre-processing data, managing models or displaying
results, tasks that can have high learning curves in the mentioned libraries.

*  Local frameworks such as RapidMiner https://altair.com/altair-rapidminer (accessed
on 30 October 2024), WEKA https://ml.cms.waikato.ac.nz/weka/ (accessed on 30
October 2024) or Orange https://orangedatamining.com/ (accessed on 30 October
2024). This next group of tools already has a graphical interface, so generally, no
programming knowledge is required. They usually allow you to work with different
types of tasks and techniques, but the support for a wide variety of options usually
means that using these tools is quite complicated unless you have significant knowl-
edge in different areas of Al They need to be installed locally, which can mean the use
of a PC with a certain storage capacity, computing costs, etc. Regarding Nets4Learning,
although it is possible to work on different tasks, it only deals with neural networks,
a widely used technique in the Al paradigm. Furthermore, the platform presented
does not require installation and can be used on a wide range of devices (PCs, tablets,
smartphones, etc.) without any special software or hardware requirements. Finally,
compared to the tools in this group, Nets4Learning stands out for its usability and
ease of use.

*  Web repositories of pre-trained AI models such as TensorFlow Hub https://www.te
nsorflow.org/hub (accessed on 30 October 2024), HuggingFace https:/ /huggingfac
e.co/ (accessed on 30 October 2024) or NVIDIA NGC https://catalog.ngc.nvidia.c
om/ (accessed on 30 October 2024). This group of tools may be the most similar to
Nets4Learning as they have access via a web platform as a common factor. However,
most Al models of these web repositories need to be downloaded and integrated into
the user specific application, which also implies important programming skills and
hardware requirements. With Nets4Learning, all these skills are not necessary since it
is a web application accessible from any device without specific requirements from
the side of the user. It is true that in some platforms, like HuggingFace, the user may
directly test some pre-trained model for some specific tasks, but unlike our application,
it does not allow the user to design the topology or architecture of the neural network.
These types of platforms also lack manuals, glossaries, etc., or other learning resources
that are available on Nets4Learning.
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In the following, Section 2 describes the fundamentals of Al and ANN/DNNs and
details the main functionalities of Nets4Learning. Section 3 shows how Nets4Learning can
be used to obtain experimental results in some of the tasks mentioned. A discussion about
this software is provided in Section 4, and finally, conclusions and future improvements
are outlined in Section 5.

2. Materials and Methods

Al [9] is a broad field that aims to create systems able to mimic human cognitive
functions such as learning, problem solving and decision making. Within AI, ML [10] is
a sub-area based on learning from experience. Specifically, its methods can analyze large
amounts of data (in a dataset), identifying patterns and structures or learning autonomously
to improve their performance over time. Finally, with the knowledge extracted, ML
algorithms are able to make predictions or decisions.

Well-known methods or techniques in ML [10] include decision trees, support vector
machines or k-nearest neighbors, but one of the most important is ANNs. Since their
inception, models such as MLPs [3] have obtained and continue to obtain successful results
in various applications. These models were characterized by having one or a few hidden
layers and were called simple neural networks. Due to the increase in the processing
capacity of computing hardware and greater availability of data, more neural networks
can be designed, with a high number of layers, neurons, mathematical processing, etc.
These networks are called DNNs and give rise to the DL paradigm [6]. This area allows the
learning of more complex concepts and continues to develop today with models such as
Transformers, LLMs or foundational models in general [11].

The most popular classical tasks where all these methods are applied include classifica-
tion and regression [10]. In classification, the class to which an example belongs, from a set
of predefined classes, is obtained. In regression, a continuous numerical value is predicted.
The number of fields in which learning is applied is constantly growing, which implies the
appearance of new tasks. For example, in the area of CV [7], two of the best known tasks
are image classification and object detection in images. As mentioned, DL became very
popular when it achieved impressive results in the field of CV.

2.1. Neural Networks

An ANN is an interconnected set of nodes that emulates the functioning of the human
brain. Generally speaking, the structure of an ANN, Figure 1, is composed by an input layer,
one or more hidden layers and an output layer of neurons. A neuron is a basic processing
unit that receives inputs, processes them with an activation function and generates an
output. The connections between neurons are defined by parameters called weights. An
activation function implements a mathematical equation that is applied to the weighted
sum of inputs, introducing non-linearity into the network. Classical activation functions
are sigmoid or tanh and are widely used in ANNSs such as MLP. These topologies become
much more complex in DNNSs, such as CNNs, with more layers and more neurons, and
more complex activation functions such as ReLU, SELU, etc.

Input layer Hidden layer Output layer

® ®
Oﬁ
NVAYANS

7
o
I
Figure 1. An ANN topology with an input layer, some hidden layers and an output layer.
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Another key element of any neural network is its learning algorithm [3]. Given a
specific training dataset, the learning algorithm operates from the errors between the actual
output values associated with each input training sample and the estimated outputs pro-
vided by the ANN/DNN. Thus, an important parameter of this algorithm is the optimizer,
a mathematical algorithm used to minimize or maximize the mentioned error. Examples
of optimizers are Adam or SGD. The error is calculated using a loss function, such as mean
squared error, mean absolute error or Hubber loss. These errors are then used for updating
the weights, and the process is repeated as many times as epochs have been defined.

2.2. Nets4Learning

Nets4Learning is a web platform to develop and test ANNs/DNNs. The main func-
tionalities of the platform are shown in Figure 2 and coincide with the ML tasks discussed
above. These can be seen in the main screen of the application, Figure 3. The most impor-
tant ones, related to the design and development of ANN/DNN models, are highlighted in
green in the Figure 2.

Iris
Model
Test
o Pretrained (| Car
Model Model
Tabular tymphomas
I H Model
Classfication
Create & :
N Train N Select || Layer Design |+ Hyperpalrameter L Train L Predict
Model Dataset Editor Model
AutoMPG
Model
Test
+| Pretrained || StudentPerf.
Model Model
Wine
Regression Model
Create & :
A Train N Select | Layer Design | Hyperpe'lrameter N Train L Predict
Model Dataset Editor Model
Ll MNIST
Test Model
+ Pretrained |+
Model MobileNet
Model
Image L
Classification
Create & :
A Train L Select W W vaerpe'\\rameter N Train L predict
Model Dataset Editor Model
Face Detector
Model
Face Mesh
Model Manual Glossary
R MoveNet
Object Test Model
T |-+ Pretrained [
Identification Model COCO SsD
"l Model
Datasets EDA
Face API
Model
HandSign
Model

Figure 2. Software operation flows in Nets4Learning. In green, stages involved in the development
of a new ANN/DNN model.

For the development of ANN/DNNs with Nets4Learning, a complete set of stages,
which cover the whole process, is defined:
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Select Dataset: The user can select a pre-charged dataset or upload a new one from
his/her device. After that, the different characteristics and their values of the chosen
dataset can be inspected. Even some pre-processing techniques, such as standard or
max-min scaler, can be applied to the dataset.

Layer Design: At this stage, the user can thoroughly define the topology of the
network to be designed. In this way, the number of layers of the network, the number
of neurons for each layer, their activation function, etc., can be chosen.
Hyperparameter Editor: The user can then set the main hyperparameters that define
the network training process, such as learning rate, epochs, optimizer, loss func-
tion, etc.

Train Model: Once the network has been defined, the next step is to train it. The
user will obtain information on this process through graphs showing the progress of
variables such as loss and accuracy. After that, the user has at his/her disposal the
different models he/she has trained so far.

Predict: In this step, the accuracy of the trained model can be tested. For this purpose,
the user can choose any sample from the test set and obtain a classification result or
can even manually enter the values of the desired input features.

% Nets4Learning Home Manual Glossary Datasets EDA ) Language~ Theme~

Welcome to Nets4Learning

To continue select one of these tasks

Tabular classification Image classification Object identification

Tasks

Tabular classification

Classification is a task to determine the class to which an element (dependent variable) belongs from its characteristics (independent variables).

Itis a predictive task that has a discrete variable whose values are the different classes to which the element to be classified can belong.

Pre-trained models

Design, create and edit a network architecture

Through this tool we can create a neural network to classify multi-class data.
To design, create, train, and evaluate a custom architecture, we must:

+ Define the number of layers, their activation functions. + Define the optimizer.
« Define the learning rate. « Define the loss function.
s Define the number of epochs. + Define metric functions.

Create and train a model

Figure 3. Main screen of Nets4Learning.

As can be observed, researchers from different disciplines can design and train their

own ANN/DNNs in order to address their corresponding problems. Additionally, users
can test the operation and performance of different pre-trained models belonging to differ-
ent paradigms. Specifically,

Tabular classification. The user can test pre-trained models on classical datasets,
such as

- Iris [12]: classification of the Iris plant.

—  Car [13]: evaluation of cars on the basis of their characteristics.
-  Lymphography [14]: classification of lymphoma stages.
Regression. The user can choose this task and test different models:

- AutoMPG [15]: A pre-trained model that predicts city-cycle fuel consumption in
miles per gallon.

—  Student Performance [16]: A regression model to predict student performance in
secondary education.
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-  Wine [17]: This ANN model predicts wine preferences by data mining.

¢ Image classification. User can select one of the pre-trained models and use it to make
predictions from predefined, uploaded or drawn images. Nets4Learning includes two
pre-trained models for image classification:

—  MNIST https:/ /github.com/tensorflow /tfjs-examples/tree /master /mnist (ac-
cessed on 30 October 2024) [5]: A pre-trained CNN model from the TensorFlow
Hub repository for the classification of the MNIST dataset, which is composed of
images of hand-written digits.

- MobileNet https:/ /tthub.dev/google/imagenet/mobilenet_v2_035_128/class
ification/5 (accessed on 30 October 2024) [18]: a CNN model for mobile vision
applications that can distinguish between 1001 categories of images.

¢ Object identification. The user can choose one of the different pre-trained models. To
test all these models, the user can upload an image or can trigger a video stream using
a webcam in his/her device. Then, the appropriate parts or regions are identified
on the tested images or videos. Specifically, Nets4Learning includes the following
pre-trained models:

—  FaceDetector https://tthub.dev/mediapipe/tfjs-model/face_detection/short/1
(accessed on 30 October 2024) [19]: Detects one or multiple faces (and their
keypoints) within images. It is based on a CNN architecture (a single-shot detector
(SSD) with a custom encoder).

-  FaceMesh https://tthub.dev/mediapipe/tfjs-model/facemesh/1/default/1
(accessed on 30 October 2024) [20]: Predicts 3D facial surface landmarks. It
is based on a MobileNet network with customized blocks for allowing real-time
performance.

- MoveNet https:/ /tfhub.dev/google/movenet/multipose/lightning /1 (accessed
on 30 October 2024) [18]: predicts human joint locations in the image frame.
The model architecture consists of a MobileNet with a decoder, followed by a
CenterNet for center/key point extraction.

—  COCO SSD https:/ / github.com/tensorflow/ tfjs-models/tree /master/coco-ssd
(accessed on 30 October 2024) [21]: Identifies 80 classes of common objects, such
as person, bicycle, car, etc. It uses a meta-architecture where different models
based on CNNs are unified.

- Face API https://justadudewhohacks.github.io/face-api.js/docs/index.html
(accessed on 30 October 2024): Different models (MobileNet [18], MTCNN [22],
etc) are used for face detection, face recognition or face expression recognition.

- Hand Sign Detector https:/ /github.com/tensorflow/tfjs-models/tree /master/
hand-pose-detection (accessed on 30 October 2024): Provides different models
in order to carry out hand pose detection. From this first stage, American sign
language and Spanish Sign language are detected.

The platform also offers a user manual, a glossary, a section to download datasets and
another for analyzing them (EDA—exploratory data analysis).

3. Experimentation and Results

In this section, the use of Nets4Learning to experiment with tabular classification and
object detection tasks is illustrated with examples.

3.1. Tabular Classification

As mentioned, the main steps to perform tabular classification are shown in Figure 2.
In this manner, after selecting Create and train a model for tabular classification in the
main screen of the application, Figure 3, the user has to choose between using one of the
datasets provided by the platform or uploading his own dataset in csv format. It is worth
noting that if the dataset is uploaded by the user, the last column of the csv file must
correspond to the output class. In this case, the hepatitis dataset from the well-known
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UCTI repository https:/ /archive.ics.uci.edu/dataset/571/hcv+data (accessed on 30 October
2024) has been processed.

Figure 4 shows the data set that has already been loaded, providing information on the
data type of each feature, which can be modified by the user. It also offers the possibility to
perform transformations on the input data, in particular MinMaxScaler or StandardScaler.

Upload data set A~

o hepatitis-c.csv - 38690 bytes

Data set processing
Data set processing
» DataFrame|Original

¥ DataFrame | Pre-processing data set form

Column transformations

Age Sex ALB ALP ALT AST

Integer R Label Encoder w Floating w Floating w Floating v Floating w
int32 abel-encoder float32 float32 float32 float32
BIL CHE CHOL CREA GGT PROT

Floating ~ Floating e Floating e nteger v Floating ~ Floating e
float32 float32 float32 int32 float32 float32

Category

Label Encoder W

label-encoder

Transformations of set X
Scaler min-max-scaler Column to predict Category

MinMaxScaler ~ Category e

%)

caler Categary

Process dataframe

Figure 4. Tabular Classification: Data pre-processing.

After the pre-processing stage, the user may design the structure of the ANN and
its training process by using the interface depicted in Figure 5. The interface shows that
practically any parameter required to obtain a new ANN model, and described in Section 2,
can be configured, such as layout of the layers, number of neurons, activation functions,
etc., and different training hyperparameters that include learning rate, training epochs,
optimizer, loss function, etc. All these values, set by default, can be modified by the user to
define the characteristics of the ANN to be trained.

Then, the user trains the new model and can see the evolution of this process and how
different errors, previously chosen by the user, are adjusted, Figure 6. Finally, predictions
can be made, as shown in Figure 7, entering the value of each input feature using the edit
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boxes and then asking for a prediction. The output of the model, in terms of the probabilities
associated with each class, is displayed in a bar graph at the bottom of the interface.

Layer design

nduy

Layer editor Add & layer to the start ] I Add & layer to the end ]
Layer1 ~
Layer2 ~

Delete layer 2

Layer neurons

BG4

Select the activation function

RelU v

t will be the optimizer that will be used to activate the function
Layer3 s

Layer &

More information in the following link

You can follow this tutoria

Compact mode

nding

More information in the following
You can follow this tutoria

Hyperparameter editor

Learning rate

1
Byzlue between 0 and 1001itis & percentage)
N. epochs

10

The higher it, the mare training will be
Test set size

10
Byzlue between 0 and 1001itis & percentage)
Select the optimizer

Adam w

t will be the optimizer that will be used to correct the errar.
Select the loss function

CategoricalCrossentropy w
t will be the function that will be used to evaluate the error of the neurons.

Select the metric

Accuracy

t will be the type of metric that will be used for training evaluation.

More information in the following link
You can follow this tutorial

Train model

Figure 5. Tabular Classification: Designing an ANN.
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Model Summary Training

Training

onEpochEnd

— loss
val_loss

00 —— | N I !
0 2 4 & 8 10 12 14 18 18 20 22 24 26 28 0
Enoch

10 — — ace
val_sce

06*/

08

-}

B

02

0.0 e

—
0 2 4 6 8 10 12 14 16 183 20 22 24 26 238 0
Eooch

Figure 6. Tabular Classification: Training an ANN.

Prediction Id: 526 - Target: Os=suspect Blood Donor v Model0 v

Enter the values of each entry feature of the example to predict Category
(Age, Sex, ALB, ALP, ALT, AST, BIL, CHE, CHOL, CREA, GGT, PROT).

Age Sex ALB ALP ALT AST
47 m v 225 124 79.5 48.7
Agelint32 Sex|label-encoder ALBI float32 ALPIfloat32 ALT | float32 AST | float32
BIL CHE CHOL CREA GGT PROT
2.3 6.83 43 170 345.6 58.6
BIL | float32 CHE | float32 CHOL | float32 CREA|int32 GGT [ float32 PROT | float32
Form data Vector to test
47,m,22.5,124,79.5,46.7,2.3,6.83,4.3,170,345.6,58.6 47,0,22,5,124,79.5,46.7,2.3,6.83,4.3,170,345.6,58.6
» Attributes » Classes
Prediction
1.0
08
08
o7
06
05
04

0=Blood Donor suspect Blood Donor 1=Hepatitis

3=Cirthosis

Figure 7. Tabular Classification: Prediction using the trained model.
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3.2. Object Identification

To test an object identification model in images, the first step is to select this task in
the main screen of the application, Figure 3. Then, the application offers the user different
pre-trained models for the identification of objects inside an image. Once one of these
models has been selected, the user can upload an image or can trigger a video stream using
a webcam in his/her device in order to test it.

In Figure 8, an operating example of the COCO SSD model is shown. In this case, the
detected objects are identified with bounding boxes together with the corresponding label
name and level of confidence.

% Netsd4learning Home Manual Glossary Data sets Language ~

Object identification

Realtime recognition

Webcam

B Use Webcam

KEYBOARD with 83% confidence

With 98% confidénce

M ith 94% Eonfidencd

Figure 8. Object identification with COCO SSD model.

4. Discussion

Currently, the research in various scientific disciplines is heavily reliant on ANN/DNN
models [2,8]. The widespread adoption of these techniques is driven by their consistently
positive outcomes across diverse fields. Consequently, there is a significant interest in
employing, designing and training such complex models.

The initial step towards this goal is to acquire knowledge of these technologies. How-
ever, the design of ANN/DNN models is not a simple task as it requires understanding
numerous hyperparameters related to the network itself (such as layers, activation func-
tions and weights) as well as its training process (including learning rate, optimization
function, loss function and metric functions).

Furthermore, the practical implementation of ANN/DNN models by most dedicated
frameworks requires users to have computing skills, such as knowledge of programming
languages and familiarity with development tools. The last requirement can be a significant
barrier to accessing these technologies. In order to mitigate these shortcomings, web platforms
are a useful tool to facilitate the access to different machine learning resources [23,24].
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To address these challenges, Nets4Learning has been developed as a publicly accessible
web platform (and also as an Android APP in the Play Store) that facilitates the complete
ANN/DNN model design and training process. Among its characteristics, the following
are particularly noteworthy: Nets4Learning and its code are freely available for any user
and device; the user interface is designed to be intuitive even for people without digital
competences; it is supported by a user manual and a glossary of terms related to the field,
available in both the English and Spanish languages; etc.

So far, some of the most significant ANN/DNN models have been included in
Nets4Learning to address the tasks of tabular classification (such as ad hoc trained MLP
models [3]), image classification [5,18] and object identification [18-21]. Moreover, the
software architecture is ready to include new models

In summary, with the aid of this tool, researchers or even interested users from any
domain can easily design and train their own ANN/DNN models using tabular data
relevant to their specific research problems. In addition, they can evaluate the performance
of pre-trained models on common computer vision tasks. Due to its outstanding charac-
teristics, Nets4Learning has been awarded in the 5th Competition for the development of
apps based on artificial intelligence techniques organized by the Spanish Association for
Artificial Intelligence (AEPIA).

Nets4Learning also has the potential to popularize and disseminate scientific knowl-
edge, emphasizing the significant impact it can achieve. This has been evidenced in
programs of the University of Jaén such as Campus Gem https://gem-esp.eu/ (accessed
on 30 October 2024) (an educational project co-funded by the European Union), the Re-
searchers” Night (another European Union project) or an exhibition in the prestigious
Science Park of Granada https:/ /www.parqueciencias.com/ (accessed on 30 October 2024)
called “Artificial Intelligence. An exhibition about people, data and control”.

As mentioned, the Nets4Learning architecture is ready to incorporate new models. In
a future work, it is planned to incorporate them progressively.

5. Conclusions

In this work, we have introduced Nest4Learning, a web application that provides
readily available services for practicing with ANNs and DNNs in a simple and accessible
way, even without prior knowledge of programming or advanced mathematics. The
application features an intuitive graphical interface that facilitates the learning process and
allows users to experiment with different models and datasets.

Nets4Learning also offers a set of user manuals, datasets, models and practical exam-
ples. The tool is free and open source, which makes it accessible to a wide audience and
can contribute to scientific development in any field through the use of Al

As mentioned, Nets4Learning is designed so that new models can be easily added. As
future improvements, new state-of-the-art datasets and models will be added, especially
for computer vision tasks.
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