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Abstract 
Introduction: This paper is the result of the research project “Deep learning for the identification of non-me-

lanocytic lesions on dermoscopic images,” conducted at Francisco de Paula Santander University in 2024. A 

computer-aided diagnostic tool is proposed for skin cancer classification, aimed at facilitating the automatic 

analysis of skin lesions on low-cost platforms. 

Methods: A graphical user interface was developed in Python, integrating a convolutional neural network model 

implemented on a Raspberry Pi. The system’s performance was evaluated through real-world testing. 

Results: The average diagnosis time was 13.6 seconds. Mean CPU usage was 32.65%, RAM usage reached 

46.70%, and processor temperature peaked at 55 °C under maximum load. 

Conclusions: The system operates effectively on embedded devices, with good performance and moderate 

resource consumption, making it suitable for resource-constrained environments. 

Originality: The authors declare that the work is original and unpublished. 

Limitations: The study focuses on the development of the human-computer interaction tool, not on the develo-

pment of the computational model. 

Keywords: Skin cancer, artificial intelligence, aided diagnosis, open source, low cost, embedded systems.

Resumen
Introducción: Se propone una herramienta de diagnóstico asistido por computador para la clasificación de 

cáncer de piel, orientada a facilitar el análisis automático de lesiones cutáneas en plataformas de bajo costo. 

Métodos: Se desarrolló una interfaz gráfica en Python que integra un modelo de clasificación basado en redes 

convolucionales, implementado en una Raspberry Pi. Se evaluó el rendimiento del sistema mediante pruebas 

de uso real. 

Resultados: El tiempo promedio de diagnóstico fue de 13.6 segundos. El uso medio de CPU fue de 32.65%, la 

RAM alcanzó 46.70% y la temperatura del procesador llegó hasta 55 °C en carga máxima. 

Conclusiones: El sistema es funcional en dispositivos embebidos, con buen desempeño y consumo moderado 

de recursos, lo que lo hace apto para entornos con limitaciones tecnológicas. 

Originalidad: Los autores declaran que el trabajo es original e inédito. 

Limitaciones: El estudio se centra en el desarrollo de la herramienta de interacción humano-computador, y no 

en el desarrollo del modelo computacional. 

Palabras clave: cáncer de piel, inteligencia artificial, diagnóstico asistido, código abierto, bajo costo, sistemas 

embebidos.

Resumo
Introdução: Propõe-se uma ferramenta de diagnóstico assistido por computador para classificação de câncer 

de pele, visando facilitar a análise automática de lesões cutâneas em plataformas de baixo custo. 

Métodos: Uma interface gráfica foi desenvolvida em Python, integrando um modelo de classificação baseado 

em redes neurais convolucionais, implementado em um Raspberry Pi. O desempenho do sistema foi avaliado 

por meio de testes de uso em situações reais. 

Resultados: O tempo médio de diagnóstico foi de 13,6 segundos. O uso médio da CPU foi de 32,65%, o uso da 

RAM atingiu 46,70% e a temperatura do processador chegou a 55 °C sob carga máxima. 



3Carlos Vicente Niño-Rondón, Sergio Alexander Castro-Casadiego

Ingeniería Solidaria e-ISSN 2357-6014 / Vol. 22, no. 1 / january-april 2026 / Bogotá D.C., Colombia
Universidad Cooperativa de Colombia

Conclusões: O sistema é funcional em dispositivos embarcados, com bom desempenho e consumo moderado 

de recursos, tornando-o adequado para ambientes com limitações tecnológicas. 

Originalidade: Os autores declaram que o trabalho é original e inédito. 

Limitações: O estudo concentra-se no desenvolvimento da ferramenta de interação humano-computador e 

não no desenvolvimento do modelo computacional.

Palavras-chave: câncer de pele, inteligência artificial, diagnóstico assistido, código aberto, baixo custo, siste-

mas embarcados.

1. INTRODUCTION
Skin cancer is a disease characterized by the abnormal growth of skin cells [1], typi-
cally resulting from prolonged and cumulative exposure to ultraviolet (UV) radiation 
[2], primarily from the sun or from artificial sources like tanning beds [3]. It is clas-
sified into various types, the most common being basal cell carcinoma, squamous 
cell carcinoma, and melanoma, the latter having a greater potential for metastasis 
and clinical severity. The early detection of these lesions is fundamental for effective 
treatment, as the prognosis is usually favorable in initial stages [4]. However, visual 
diagnosis can be challenging due to the morphological variability of the lesions and 
their similarity to other benign skin conditions. Therefore, the development of com-
plementary diagnostic methods, especially those incorporating automated image 
analysis, has gained importance in clinical settings as a supporting tool for medical 
decision-making [5], [6].

Computer-Aided Diagnosis (CAD) refers to the use of computational systems 
designed to support healthcare professionals in the detection, evaluation, and classi-
fication of pathologies based on clinical data and medical images [7], [8]. These sys-
tems integrate digital processing algorithms, machine learning, and, particularly, deep 
neural networks to identify relevant patterns that might go unnoticed in conventional 
visual assessments [9], [10]. In the specific case of dermatological diseases [11], CAD 
has demonstrated utility in the analysis of skin lesion images, facilitating the differen-
tiation between benign and malignant lesions based on morphological, textural, and 
color features [12], [13]. While CAD does not replace clinical judgment, its incorpora-
tion allows for a reduction in the margin of diagnostic error, the standardization of 
evaluations, and improved efficiency in high-workload settings or those with limited 
availability of specialists [14]. The implementation of these tools on embedded devices 
represents a step toward portability and access to real-time diagnostic solutions in 
diverse clinical contexts [15].
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Low-cost platforms, such as those based on ARM architectures, have consoli-
dated as a viable alternative for implementing technological solutions in resource-con-
strained settings [16]. These systems offer a favorable balance between cost, energy 
consumption, and processing capability, making them suitable candidates for de-
ploying real-time embedded applications [17], [18]. In the medical field, their use has 
expanded into tasks such as monitoring [19], signal acquisition, process automation, 
and, more recently, the execution of artificial intelligence models for aided diagnosis 
[20]. Despite their restrictions compared to conventional workstations, these platforms 
allow for the integration of sensors, cameras, and displays through GPIO, I2C, or SPI 
interfaces [21], facilitating the development of portable and autonomous devices [22], 
[23]. Their versatility, commercial availability, and technical support community also 
represent key advantages for their adoption in applied research projects [24], func-
tional prototyping, and field deployment, especially in rural settings or health centers 
without advanced computational infrastructure [25].

This article presents the development of a human-computer interaction tool 
as an aided diagnostic strategy for the classification of skin cancer on a low-cost 
device. The document describes the process of hardware selection, the design and 
development of the Graphical User Interface (GUI), and system validation. The tests 
were executed on a Raspberry Pi embedded board.

2. METHODOLOGY
The proposed methodology for the development of the skin cancer diagnostic tool 
is structured into three fundamental stages. First, the hardware platform selection is 
performed using a prioritization matrix, in which relevant technical criteria are defined 
and assigned a specific weighting. The second stage corresponds to the design of the 
Graphical User Interface (GUI) [26], which is aimed at facilitating intuitive and accessi-
ble interaction with the diagnostic system. Finally, in the third stage, system validation 
is carried out by evaluating the tool’s performance on the selected platform through 
functional testing.

2.1. TOOL SELECTION
The device selection was performed using the prioritization matrix technique, in which 
selection parameters were defined and assigned a specific weighting. The assign-
ment of comparative values between parameters was based on the following scale: 
10 if a parameter is much more important than the one being compared, 5 if it is more 



5Carlos Vicente Niño-Rondón, Sergio Alexander Castro-Casadiego

Ingeniería Solidaria e-ISSN 2357-6014 / Vol. 22, no. 1 / january-april 2026 / Bogotá D.C., Colombia
Universidad Cooperativa de Colombia

important, 1 if they have the same importance, 1/5 if it is less important, and 1/10 if 
it is much less important. Once the comparisons were completed, the obtained val-
ues for each parameter were summed, thus allowing the calculation of their specific 
weight within the decision process [27].

Table 1 presents the comparison, where the parameters are denoted as fol-
lows: “A” for processing speed, “B” for availability of input/output interfaces, “C” for 
energy consumption, “D” for heat dissipation capability, and “E” for price and market 
availability. The results show that the most relevant parameters in the selection of 
the embedded device for executing the skin cancer classification system are energy 
consumption (C) and processing speed (A), both with a normalized importance fac-
tor of 0.3508. Second in importance are the availability of input/output interfaces (B) 
and the heat dissipation capability (D), with normalized factors of 0.1403, indicating 
moderate importance in the decision. Finally, price and market availability (E) was the 
parameter with the lowest relevance, with a factor of 0.0178, reflecting a comparatively 
low weight in the selection process.

Table 1. Parameter Weighting for Tool Selection

A B C D E Total Factor
A X 5 1 5 5 16 0,3508

B 1/5 X 1/5 1 5 6.4 0,1403

C 1 5 X 5 5 16 0,3508

D 1/5 1 1/5 X 5 6.4 0,1403

E 1/5 1/5 1/5 1/5 X 0.8 0,0178

Total 45,6 1

Source: own work

In addition, Table 2 presents a comparison between various hardware platforms 
in relation to parameter “A,” corresponding to processing speed. The evaluated boards 
are: Raspberry Pi 4B [28], BeagleBone Black, NVIDIA Jetson Nano, and Odroid M1s 
[29]. Among these, the NVIDIA Jetson Nano is positioned as the option with the best 
performance, obtaining a normalization factor of 0.5446, which reflects its superi-
ority in terms of processing capability. It is followed by the Raspberry Pi 4B, with a 
value of 0.3311, which also demonstrates noteworthy performance. In contrast, the 
BeagleBone Black and Odroid M1s platforms obtain significantly lower normalization 
factors, suggesting a lower level of suitability regarding this specific criterion.
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Table 2. Comparison Regarding Processing Speed

Raspberry 
Pi 4B

BeagleBone 
Black

NVIDIA 
Jetson 
Nano

Odroid 
M1s Total Factor

Raspberry Pi 4B X 5 1/5 10 15.2 0.3311

BeagleBone Black 1/5 X 1/10 5 5.3 0.1154

NVIDIA Jetson Nano 5 10 X 10 25 0,5446

Odroid M1s 1/10 1/5 1/10 X 0.4 0,0089

Total 45.9 1

Source: own work

Similarly, Table 3 shows the comparison of the hardware platforms based on 
parameter “B,” corresponding to the availability of input/output (I/O) interfaces. In this 
category, the Raspberry Pi 4B stands out as the most favorable option, with a nor-
malization factor of 0.6079, which reflects a broad availability of interfaces. In second 
place are both the NVIDIA Jetson Nano and the Odroid M1s, both with a value of 0.1885, 
which indicates an intermediate capacity regarding I/O. For its part, the BeagleBone 
Black presents a normalization factor of barely 0.0151, positioning it as the alternative 
with the lowest availability of input/output interfaces among the evaluated devices.

Table 3. Comparison Regarding Input and Output Interface Availability

Raspberry 
Pi 4B

BeagleBone 
Black

NVIDIA 
Jetson 
Nano

Odroid 
M1s Total Factor

Raspberry Pi 4B X 10 5 5 20 0,6079

BeagleBone Black 1/10 X 1/5 1/5 0.5 0.0151

NVIDIA Jetson Nano 1/5 5 X 1 6.2 0.1885

Odroid M1s 1/5 5 1 X 6.2 0.1885

Total 32.9 1

Source: own work

Additionally, Table 4 presents the comparison of the hardware platforms ac-
cording to parameter “C,” corresponding to energy consumption. Both the Raspberry 
Pi 4B and the BeagleBone Black obtain the highest value in this category, each with a 
normalization factor of 0.4435, which indicates that both are equally energy efficient. 
In contrast, the NVIDIA Jetson Nano and the Odroid M1s register a factor of 0.0565, 
which demonstrates a significantly higher consumption. These results suggest that, 
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in terms of energy efficiency, the Raspberry Pi 4B and the BeagleBone Black widely 
surpass the other two options, being approximately seven times more efficient.

Table 4. Comparison Regarding Potential Energy Consumption

Raspberry 
Pi 4B

BeagleBone 
Black

NVIDIA 
Jetson 
Nano

Odroid 
M1s Total Factor

Raspberry Pi 4B X 1 5 5 11 0.4435

BeagleBone Black 1 X 5 5 11 0.4435

NVIDIA Jetson Nano 1/5 1/5 X 1 1.4 0.0565

Odroid M1s 1/5 1/5 1 X 1.4 0.0565

Total 24.8 1

Source: own work

Table 5 presents the comparison of the hardware platforms in relation to 
parameter “D,” corresponding to heat dissipation capability. In this evaluation, the 
NVIDIA Jetson Nano clearly stands out with a normalization factor of 0.6613, which 
reflects its high efficiency in thermal management during operation. The Raspberry 
Pi 4B shows a moderate dissipation capacity, with a factor of 0.2698. On the other 
hand, the BeagleBone Black and Odroid M1s obtain the lowest values in this category, 
demonstrating limited performance regarding thermal dissipation compared to the 
other alternatives.

Table 5. Comparison Regarding Heat Dissipation Capability

Raspberry 
Pi 4B

BeagleBone 
Black

NVIDIA 
Jetson 
Nano

Odroid 
M1s Total Factor

Raspberry Pi 4B X 5 1/5 5 10.2 0.2698

BeagleBone Black 1/5 X 1/10 1 1.3 0.0343

NVIDIA Jetson Nano 5 10 X 10 25 0.6613

Odroid M1s 1/5 1 1/10 X 1.3 0.0343

Total 37.8 1

Source: own work

Regarding parameter “E,” which evaluates price and market availability, Table 
6 presents the corresponding comparison. The Raspberry Pi 4B stands out with a 
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normalization factor of 0.6613, which reflects its clear advantage in terms of eco-
nomic accessibility and commercial availability. The BeagleBone Black and Odroid 
M1s boards share second place, both with a factor of 0.1884, indicating that they are 
slightly more costly and less common in the market. Finally, the NVIDIA Jetson Nano 
is positioned last due to its considerably higher price compared to the other options, 
which is reflected in a normalized factor of 0.0149.

Table 6. Comparison Regarding Price and Market Availability

Raspberry 
Pi 4B

BeagleBone 
Black

NVIDIA 
Jetson 
Nano

Odroid M1s Suma Factor

Raspberry Pi 4B X 5 10 5 20 0.6079

BeagleBone Black 1/5 X 5 1 6.2 0.1884

NVIDIA Jetson Nano 1/10 1/5 X 1/5 0.5 0.0149

Odroid M1s 1/5 1 5 X 6.2 0.1884

Total 32.9 1

Source: own work

GRAPHICAL USER INTERFACE DESIGN
An aided diagnostic tool based on a user-centric graphical interface was designed. 
For its development, QtDesigner was utilized, a visual design tool included in the Qt 
framework, which facilitated the organization and arrangement of the graphical el-
ements necessary for the assisted diagnosis. Furthermore, this platform allowed 
for subsequent integration with Python code, providing full functionality to the inter-
face [30]. The tool is cross-platform and compatible with operating systems such as 
Windows, Linux, and macOS.

The first stage of the tool focused on designing a login screen, as skin cancer 
diagnosis and classification handle sensitive and confidential patient information. The 
authentication system, through login, also allows for maintaining a detailed record of 
the actions performed by each user, which is essential for audits and access control 
[31]. In this way, the risk of unauthorized access is minimized, ensuring data integrity 
and confidentiality [32].

To develop the graphical user interface, it was necessary to use the library pack-
ages detailed in Table 7. This table includes the name of each library, the version used, 
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its size, and the function it performs within the interface designated for skin cancer 
diagnosis.

Table 7. Libraries Used to Develop the GUI

Library Version Size Functionality

PyQt5
PyQt5 5.15.7

Qt 5.15.2
50.1 MB Provides tools and classes for graphical interface design, 

event management, printing, among other functions.

TensorFlow 2.15.0- dev20230920 300.9 MB Loading of previously trained deep learning models.

OpenCV 4.8.0 38.6 MB Processing of skin lesion images.

Pillow 9.4.0 16.4 MB Facilitates image manipulation, including opening, 
modification, and saving in different formats.

Numpy 1.24.3 15.8 MB Handles multidimensional arrays and matrices, in addi-
tion to providing mathematical functions.

Pandas 1.5.3 12.3 MB Analysis and manipulation of tabular data.

Source: own work

Additionally, Table 8 presents a functional breakdown of the main operations 
implemented in the graphical interface developed for skin lesion diagnosis. Each row 
represents a specific function within the application’s logical flow, grouped into key 
tasks such as component initialization, user interaction, image processing, diagnostic 
execution, and data management. Initially, essential libraries are imported, followed by 
the definition of the main interface class and its configuration methods. Subsequently, 
functions oriented toward user interaction are incorporated, such as image loading, 
information display, and action confirmation. Methods dedicated to the execution of 
the deep learning-based diagnostic model are also included, along with functions for 
storing patient information. Finally, the program execution and the start of the event 
loop—necessary for the continuous functioning of the interface—are completed. This 
modular structure allows for a clean, organized, and functional design, ensuring an 
efficient user experience and effective integration with the artificial intelligence model.

Table 8. Pseudocode with Graphical User Interface Functionalities

N. º Functionality
1 Load the required libraries for the system’s operation.

2 Establish the main class responsible for the graphical interface.

3 Create the method that configures and starts the user interface.

(continúa)
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N. º Functionality
4 Incorporate visual components such as buttons, labels, and other elements.

5 Create a method that allows exporting the interface in PDF format.

6 Take a screenshot of the interface and save it as a PDF file.

7 Establish the method that allows loading images from the user’s system.

8 Display a pop-up window that facilitates the selection and incorporation of an image into the  
interface.

9 Create a method that contains detailed information about the developers.

10 Present an informational box with data about the development team.

11 Establish a procedure to confirm the application closure.

12 Display a confirmation box that allows closing the application if the user decides.

13 Design a method to issue a help message to the user.

14 Display a message with instructions on how to use the application.

15 Create the procedure responsible for executing the diagnostic analysis of the image.

16 Load the previously trained machine learning model and apply it for diagnosis.

17 Implement a method that records patient data in a CSV file.

18 Obtain and save the patient’s data in a structured format.

19 Execute the program’s main function.

20 Display the interface on the screen.

21 Activate the event loop that keeps the application running.

Source: own work

Similarly, Table 9 presents a summary of the main use cases associated with 
the application’s graphical interface. These represent the essential actions that the 
user can carry out during interaction with the system. The process begins with the 
“Launch Application” use case, which marks the start of the tool’s use. The user can 
then record patient data through the “Register Patient Data” function and continue 
by selecting relevant risk factors using the corresponding option. Following this, the 
option is offered to load an image of the lesion so that the system can execute the anal-
ysis via the “Automated Lesion Diagnosis” function. Once the analysis is complete, the 
user can review the obtained results. The collected information is automatically saved 
in a CSV file, and there is also the option to generate a PDF file with a visual summary 
of the results. Finally, the session can be concluded using the “Log Out” action.

(viene)
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Table 9. Graphical User Interface Use Cases

Main Action Actor Functionality Description

Launch Application User The user executes the application from the device to start 
the process.

Register Patient Data User The user enters the patient’s personal and medical 
information.

Select Risk Factors User Allows the user to select the applicable risk factors.

Upload Lesion Image User The user attaches an image of the lesion for analysis.

Automated Lesion Diagnosis System The system processes the data and image to generate a 
diagnosis.

Display Diagnosis Result User The diagnosis obtained by the system is presented to the 
user.

Save Information in CSV Format System The entered information and the diagnosis result are saved 
in a CSV file.

Export Summary in PDF System A PDF file is generated with a visual summary of the 
processed and displayed information.

Log Out / End Session User The user closes the session, concluding the use of the 
application.

Source: own work

3. VALIDATION
First, the implementation of the aided diagnostic tool on two embedded system plat-
forms is considered. This allows for simulating usage scenarios in practical contexts 
with hardware constraints typical of portable or low-power devices. This phase seeks 
to ensure that the system not only functions in development environments but also 
maintains its performance when deployed on hardware with real limitations.

Subsequently, the system execution time is measured on these embedded 
environments to compare these results with the metrics obtained during the model 
training phase in more controlled or powerful settings. This comparison is essential 
for determining the impact of environmental conditions on the speed and efficiency 
of the diagnostic system.

Finally, an exhaustive evaluation of computational resource usage—particularly 
CPU and RAM consumption—is carried out to assess the energy and operational effi-
ciency of the system on low-power devices. This stage is necessary to guarantee that 
the proposed solution is viable in contexts where resource optimization is a priority, 
such as in mobile applications, portable health systems, or technologies applied in 
areas with limited infrastructure.
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4. RESULTS
Table 10 presents the matrix used for selecting the low-power hardware intended 
for the execution of the skin cancer classification system. This matrix allows for the 
comparison of different technological alternatives based on multiple relevant criteria. 
To determine the total value associated with each evaluated tool, a weighting meth-
odology is applied in which each value assigned to a specific parameter per tool is 
multiplied by that parameter’s relative weight. The result of this operation is summed 
to obtain a global score, which allows for identifying the most suitable option accord-
ing to the system’s needs, considering both performance and energy efficiency in the 
evaluated hardware.

Table 10. Decision Matrix for Hardware Tool Selection. 

A B C D E Total

Raspberry 
Pi 4B

0.3311 x 
0,3508

0,6079 x 
0,1403 

0.4435 x 
0,3508

0.2698 x 
0,1403

0.6079 x 
0,0178 0.4054

BeagleBone 
Black

0.1154 x 
0,3508

0.0151 x 
0,1403

0.4435 x 
0,3508

0.0343 x 
0,1403

0.1884 x 
0,0178 0.2062

NVIDIA Jetson 
Nano

0,5446 x 
0,3508

0.1885 x 
0,1403

0.0565 x 
0,3508

0.6613 x 
0,1403

0.0149 x 
0,0178 0.3329

Odroid M1s 0,0089 x 
0,3508

0.1885 x 
0,1403

0.0565 x 
0,3508

0.0343 x 
0,1403

0.1884 x 
0,0178 0.0555

Source: own work

Similarly, Figure 1 shows the Graphical User Interface (GUI) and its function-
alities. Section (a) presents the login interface, section (b) shows the simulation for 
access credential recovery, and section (c) displays the developed graphical interface 
with all its functionalities. 

(a)



13Carlos Vicente Niño-Rondón, Sergio Alexander Castro-Casadiego

Ingeniería Solidaria e-ISSN 2357-6014 / Vol. 22, no. 1 / january-april 2026 / Bogotá D.C., Colombia
Universidad Cooperativa de Colombia

(b)

(c)

Figure 1. Developed Graphical User Interface. 
Source: own work

Additionally, Figure 2 comprehensively represents the functional architecture of 
the Graphical User Interface (GUI) designed to run on an embedded system, specifical-
ly a Raspberry Pi, as a low-power platform for computer-aided skin cancer diagnosis. 
This tool integrates both the hardware and the system’s logical flow, illustrating the 
complete process from initial user interaction to obtaining the diagnosis.
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The first block shows the Raspberry Pi 4 connected to basic peripherals such 
as a monitor, keyboard, mouse, and wireless network. This hardware serves as the 
main processing unit on which the GUI and the diagnostic model are executed. The 
second block describes the user credential validation process, which is the first step 
after starting the system. Depending on whether the validation is successful (Case 2) 
or failed (Case 1), the system acts accordingly. In case of error, an alert is generated via 
the Twilio SMS messaging service; if the authentication is correct, the system allows 
progression to the next module.

The third block shows the interface’s logical flow, starting with the lesion image 
upload, followed by the entry of the patient’s clinical information and the selection of 
risk factors. This data is integrated and sent to the pre-trained model (h5 file) to carry 
out the automated skin lesion diagnosis. Finally, the result is classified as benign or 
malignant and presented to the user through the interface.

Figure 2. Functional Architecture of the Graphical User Interface. 
Source: own work

Figure 3 presents a summary of the performance of the classification system 
executed on a Raspberry Pi 3B+ board, highlighting the times associated with three 
key processes: model loading, information storage, and diagnostic execution. 
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Figure 3. Distribution of Execution Times. 
Source: own work

The time required to load the convolutional model ranges between 4 and 9 sec-
onds, with an average of 6.35 seconds and a median of 6.5 seconds, which indicates a 
central tendency close to 6–7 seconds. The standard deviation is approximately 1.867 
seconds, denoting moderate variability. Additionally, the Interquartile Range (IQR) is 
2.75 seconds, implying that half of the values are concentrated within that margin.

Regarding the information storage process, the times are between 2 and 5 sec-
onds, with a mean of 3.6 seconds and a median of 4 seconds. The data dispersion is 
somewhat lower, with a standard deviation of 1.187 seconds and an IQR of 2 seconds. 
The time needed to perform the diagnosis behaves similarly to storage, also varying 
between 2 and 5 seconds, with a mean and median of 3.6 seconds. The standard 
deviation is approximately 1.059 seconds, which indicates low dispersion, and the 
interquartile range is also 2 seconds. Finally, the total time per test fluctuates between 
9 and 18 seconds, with a mean of 13.6 seconds and a median of 13 seconds. In this 
case, the standard deviation is 2.732 seconds, representing moderate variability, while 
the IQR is 3.75 seconds, indicating the range where half of the total measurements 
are concentrated.

Figure 4 illustrates the behavior of the classification system executed in an em-
bedded environment, with special attention to CPU and RAM usage during the opera-
tion of the different functionalities of the graphical user interface. Regarding processor 
(CPU) usage, it is observed that the percentages recorded in the tests performed vary 
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between 22% and 42%, with an average utilization of 32.65%. The standard deviation, 
approximately 5.74%, indicates moderate variability in processor load levels. In gen-
eral, this suggests that the system requires about one-third of the total processing 
capacity, with a data distribution that tends to be symmetrical, although with a slight 
inclination toward higher values. As for RAM usage, the values range between 34% 
and 56%, with an average of 46.70%. The standard deviation, close to 6.01%, reflects 
moderate data dispersion. This indicates that, during operation, the system consumes 
about half of the available RAM, which is relevant in resource-constrained embedded 
environments. Similarly, the distribution of RAM usage values also appears to be sym-
metrical, with a slight inclination toward the higher levels.
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Figure 4. CPU and RAM Usage Percentage During System Execution. 
Source: own work

Finally, Figure 5 presents a detailed analysis of the thermal behavior of the em-
bedded system’s processor during the execution of the classification tool. The study 
is divided into four consecutive stages, each associated with a specific system func-
tionality and represented by a distinctive color.

During the initial phase, where the system is simply powered on but not execut-
ing the graphical interface, a base temperature is recorded, fluctuating between 0°C  
and 12°C, with a mean of 6.4°C. This condition is visually represented in green and 
reflects the passive state of the device.
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With the execution of the computational model loading, a significant tempera-
ture increase is observed, reaching a range between and 6.3°C, and 27°C a mean value 
of 24°C. This second phase is represented in blue and demonstrates the computation-
al effort required by the model during its initialization.

Subsequently, during the information storage process, illustrated in violet tones, 
the temperature continues to rise, reaching peaks of up to 40°C in some executions.

Finally, in the diagnosis stage, the system reaches its highest thermal level, with 
temperatures soaring up to 55°C, which highlights the high resource consumption 
during this critical phase of the process.
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Figure 5. Relationship of Embedded System Temperatures During Execution. 
Source: own work

5. DISCUSSION AND CONCLUSIONS
The implementation of the classification system for skin cancer diagnosis was suc-
cessfully carried out through the development of an aided diagnostic tool equipped 
with a user-oriented Graphical User Interface (GUI). This solution, built using Python 
and QtDesigner, offers an efficient and practical alternative for skin lesion analysis, 
while simultaneously ensuring patient data privacy and allowing for a detailed record 
of all user interactions. The system incorporates a login module that restricts access 
exclusively to authorized personnel, such as medical professionals, thereby strength-
ening the security and confidentiality of the managed medical information.
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The tool is cross-platform compatible, which facilitates its integration into dif-
ferent operating environments and increases its applicability. The interface design 
focuses on ease of use and functionality, integrating components such as buttons, 
labels, and input fields to facilitate user interaction and ensure an intuitive experience. 
For its development, libraries such as PyQt5, TensorFlow, and OpenCV were employed, 
enabling the implementation of advanced capabilities such as loading deep learning 
models and processing medical images. Furthermore, tools like Pillow for image ma-
nipulation and Pandas for data management and analysis were integrated, thereby 
optimizing the system’s overall performance and diagnostic accuracy.

Key functionalities of the tool include the ability to capture and export the in-
terface in PDF format, load lesion images for analysis, display diagnostic results, and 
manage patient information in a structured manner.

Through a process of technical evaluation and criteria prioritization, the 
Raspberry Pi 4B was identified as the most suitable hardware platform to execute 
the system, considering factors such as processing speed, input/output interfaces, 
energy efficiency, heat dissipation capability, cost, and availability. The comparative 
analysis performed demonstrated the advantages of this board across various as-
pects, establishing it as a balanced and robust option for system deployment.

The performance tests conducted on the Raspberry Pi 4B indicated that the 
system’s total execution time fluctuated between 9 and 18 seconds, with a mean of 
13.6 seconds. Regarding resource usage, an average of 32.65% CPU utilization and 
46.70% RAM utilization was observed, reflecting a moderate consumption of the de-
vice’s resources. Finally, thermal monitoring revealed a progressive increase in the 
processor temperature during the execution of the system’s different functionalities, 
reaching a maximum of 55 °C during the diagnosis phase. These results constitute 
a solid foundation for the implementation of computer-aided diagnostic systems in 
the medical field, demonstrating their technical viability and their potential impact on 
clinical practice.
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