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INTRODUCTION

Competencies required on each student's profile: Analytical skills, 
Communication skills, advanced mathematics techniques, 
creativity, programming, and problem-solving skills. 

Biomedical engineering is the branch of engineering that applies 
principles of engineering to the medical field. It can encompass a 
wide range of topics, from developing new medical devices to 
improving healthcare delivery systems.

Biomedical Engineering
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ABOUT THE COURSE “INTRODUCTION TO BIOMEDICAL SIGNALS”, Semester 2023-I
Introduction to biomedical signals
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METHODOLOGY

On flipped classrooms,  students 
encounter information before class, 
freeing class time for activities that 
involve higher order thinking.

1 week before is sent 
these materials:

- laboratory guide.
- Scientific papers.
- Short videos.
- Manual of use from 

Bitalino/UltraCortex.
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ABOUT THE COURSE ”INTRODUCTION TO BIOMEDICAL SIGNALS”
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The Future of ML is Tiny and Bright



Edge impulse
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Laboratory tutorial Lab session

Published in a 
GitHub repository

Contrast the results 
with the scientific 

literature

Before Lab During Lab

After Lab

➔ Students rated the course on a scale of 1 to 5, where 1 is nothing/poor/never and 5 is 
much/excellent/always on 22 questions about methodology, teachers and what they 
learned.



https://www.scopus.com/record/display.uri?eid=2-s2.0-85179885029&origin=resultslist

https://www.scopus.com/record/display.uri?eid=2-s2.0-85179885029&origin=resultslist


INTRODUCCIÓN

Figure 01.- CVD Deaths rate from 2010-2019 [1]
Figure 02.- Bundle branch block [2]

[1] A. Roth MD et al. (2020) Global burden of cardiovascular diseases and risk factors, 1990–2019: Update from the GBD 2019 Study, Journal of the American College of Cardiology. Available at: 
https://www.sciencedirect.com/science/article/pii/S0735109720377755 (Accessed: 01 November 2023).
[2] “Bundle branch block,” Mayo Clinic, https://www.mayoclinic.org/diseases-conditions/bundle-branch-block/symptoms-causes/syc-20370514 (accessed Nov. 1, 2023). 

Objectives

● Develop a classifier for right and left 

bundle branch block pathologies based 

on electrocardiogram signals. 

● Deploy the classifier model onto a 

microcontroller.



METHODOLOGY
About the dataset

The electrocardiogram (ECG) database was employed, where 1000 

randomly selected 10-second segments were extracted from 45 

patients in the MIT-BIH Arrhythmia database [5]. The cohort 

consisted of 19 females aged 23 to 89 years and 26 male individuals 

aged 32 to 89. The ECG signals spanned across 17 distinct classes, 

encompassing normal sinus rhythm, pacemaker rhythm, and 15 

other dysfunctions. These signals were exclusively derived from the 

Modified Limb Lead II (MLII). The ECG signals were sampled at a 

frequency of 360 Hz.

Figure 06.-Physionet dataset [5]

[5] https://www.physionet.org/content/mitdb/1.0.0/



METHODOLOGY
Uploading to Edge Impulse

features are sent 
to EI

Figure 10.-Data flow diagram Figure 11.-Code to upload data to Edge Impukse

Dataset

Edge Impulse cloud 
platform



METHODOLOGY
Feature extraction

In the implementation based on Edge 
Impulse’s autotuning recommendation, a 
temporal analysis strategy was employed, 
using 10-second windows with 1-second 
increments, and the signal was scaled by a 
factor of 64.6 × 10−5 . Feature extraction 
was conducted using the ”spectral features” 
functionality. The process involved the 
utilization of the discrete wavelet transform 
with rbio 3.3 and db4 as the mother wavelet, 
involving a 5-level decomposition. 
Subsequently, it engages in feature 
extraction, computing 14 specific features at 
each level of this decomposition.

Figure 14.-Feature extraction Data flow diagram



METHODOLOGY
About Edge Impulse

Figure 12.-Edge Impulse’s principal view of Data acquisition.
Figure 13.-Edge Impulse’s principal view of Create Impulse.



 RESULTS AND DISCUSSION
In Table 2, the outcomes after the implementation of the oversampling technique are showcased. Notably, 
a marked enhancement in the recall metrics is evident across all classes, with a particularly noteworthy 
escalation observed in the RBBBB class – ascending from 0.7 to 0.95. This conspicuous improvement 
underscores the effectiveness of the oversampling strategy in augmenting the model’s aptitude for precise 
identification of true positives, effectively ameliorating the inherent bias towards the majority classes.
However, Table 3 presents the outcomes after applying the undersampling technique. Notably, an 
enhancement in the recall metric is observed for the LBBBB class, yet the precision and F1-score metrics 
exhibit a notable decrease for this class. This observation suggests that the undersampling approach may 
substantially lose crucial information when predicting the LBBBB class.

Table 02.-Imbalanced data results Table 03.-Oversampled data results
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