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Biomedical Engineering

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.

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

TRADITIONAL CLASSROOM
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FLIPPED CLASSROOM
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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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Abstract:

The systematization of the didactic experience, delivered in a university course on the processing of biosignals, becomes
relevant for continuous improvement in its subsequent editions. This applies both at the structural level and for enhancing the
content of the course, not only in the theoretical aspect but also in practical aspects. The following study describes the
experiences under a flipped learning approach obtained from questionnaires related to the student's perception of the delivery
of the course “Introduction to Biomedical Signals”, which is part of the biomedical engineering program offered by a Peruvian
University during the 2023-1 semester from March to July 2023. The course showed an overall evaluation over the average,
demonstrating its adequate implementation and satisfaction of students. Qualitative questions captured the perception of
students regarding how to improve the course experience as well.
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ABOUT THE COURSE "INTRODUCTION TO BIOMEDICAL SIGNALS”

SIGNAL GENERATION = SIGNAL ACQUISITION SIGNAL PROCESSING

-

Neuronal Microelectrodes
. Action ,\ for spike

Peak sorting

Classmcatlon

Fy

collection

P l

. Potentials




finatomy of a Bitalino

Micro-Controller Unit

up to 1000Hz sampling rate

6 analog inputs (4@10-bit + 2@6-bit)
4 digital inputs, and 4 digital outputs
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Electrodermal Activity (EDA) Tl ol -
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LUX LED
-
Ll a ‘ .
Light (LUX)
know the changes in ambient
light or other light sources
Bluetooth

a widespread standard
for short-range wireless connectivity

Power
so that you can operate
your creations

Electrocardiography ECG
tracks the electrical changes
associated with your heartbeat

Accelerometry (ACC)
know your physical activity and
movement related information

Light-Emitting Diode (LED)
make your BlTalino shine
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The Future of ML is Tiny and Bright




Edge impulse

- EDGE IMPULSE
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Versioni
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Collect data

4 Connect a device to start building your dataset.

Dataset

RBBBB.46rhk9eo

RBBBB.46rhk9eo Aug 03 2023, 18:51:05
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Metadata ?2 +
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RBBBB.46rhjs0g RBBBB Aug 032023, 18:50:51  10s H

RBBBB.46rhjgtm RBBBB Aug 03 2023, 18:50:50 10s H °
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> 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.
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Abstract

cardiovascular diseases are still the pathologies that generate the highest mortality and economic
costs globally. In Latin America, low-income populations are the most vulnerable. Singularly, this
population has an incidence of endemic diseases that can lead to blocks of the bundle branch of
His. The following study seeks to develop a cardiac abnormality detection system using machine
learning techniques and microcontrollers with limited resources to benefit populations with
limited access to health environments. The Arduino Nano 33 BLE Sense is employed as the
hardware platform due to its ARM Cortex M4 processor and support for TensorFlow Lite. An
electrocardiogram (ECG) database is processed using oversampling and under-sampling
techniques to address class imbalance. Spectral features are extracted using wavelet transforms,
and a multilayer neural network is implemented for classification. Two class balancing
approaches are compared: oversampling and undersampling. Results indicate notable
improvements in the model's ability to identify instances of minority classes with the
oversampling approach, while undersampling may lead to information loss. The system's
performance is evaluated using key metrics such as precision, recall, and F1-Score. Additionally,
computational resources required to implement the model on the Arduino Nano 33 BLE Sense are
estimated, with an assessment of Flash and RAM consumption. This analysis is essential to ensure
the feasibility of implementation on resource-constrained devices. This work contributes to the
advancement of early detection of cardiac anomalies in resource-limited settings, with significant
implications for healthcare in underserved communities and rural areas. © 2023 IEEE.
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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:
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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 Il (MLII). The ECG signals were sampled at a
frequency of 360 Hz.

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

PhysioNet

The Research Resource for Complex Physiologic Signals

Figure 06.-Physionet dataset [5]
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METHODOLOGY

.
Uploading to Edge Impulse )
data = {

“protected”: {
"ver”: "vl',
"alg": "HS256",
"iat": time.time() # epoch time, seconds since 1970

L

"signature”: emptySignature,

"payload”: {

"device name": "ac:87:a3:0a:2d:1b"

"device type": "NANO33BLE",

"interval ms": (1/360)*1000,

"sensors": [{ "name": "Volts", "units": "adu/mv" }],
"values": _values.tolist()

s ]

# encode in JSON
encoded = json.dumps(data)

features are sent res = requests.post(url='https://ingestion.edgeimpulse.com/api/training/data’
to El data=encoded,
headers={
'Content-Type': 'application/json',
'x-file-name': _name_label,
'x-api-key': API_KEY

hH

Figure 11.-Code to upload data to Edge Impukse

Figure 10.-Data flow diagram



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 x 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.

: ; - Window size = 1000ms.
Time Sefles - Window increase = 1000ms.
Analysis - Sample Frequency = 360 Hz.

- Scale axes = 0.647x10-3
Spectral - Wavelet = rbio3.3, db4
Analysis - Wavelet Decomposition level = 5

Features: Entropy, Zero cross,

Feature

: 75 percentile, 95 percentile,Median,
Extraction pereemie, oo pereenie.Med

Mean,Stdev, Variance,RMS,
Skewness,Kurtosis.

Classification

Mean cross, 5 percentile,25 percentile,

Raw features Label

800, 805, 814, 819, 825, 827, 828, 828, 827 RBE88

Parameters

Filter

Scale axes ® 0.000646830530401035

Input decimation ratio @ 1

Type ® none
Analysis

Type @ Wavelet
Wavelet Decomposition Level @ 5
Wavelet ® rbio3.3

DSP result

After filter

Wavelet function

Figure 14.-Feature extraction Data flow diagram



METHODOLOGY
About Edge Impulse

4 EDGE IMPULSE
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Metadata

Figure 12.-Edge Impulse’s principal view of Data acquisition.
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normal_sinus_rhythm)

Frequency (H2)
360

Zero-pad data
&

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

[BBBB RBEBE NRS

IMBALANCED ' RB10 3.3 | DB4 | RBIO 3.3 | DB4 | RBIO 33 | DBA
ACCURACY 00 [ 072 | 100 | 100 | 100 | 001
PRECISION 100 |08 | 100 |o070 | 100 | 085
RECALL 100 |[072| 100 |07 | 100 | 091

F1 100 | 079 100 |0 | 100 | 088

P A RAD T TN LBBBB RBBBB NRS
UYERaMPLING RBIO 33 | DB4 | RBIO 3.3 | DB4 | RBIO 3.3 | DB
ACCURACY 0.98 0.96 1.00 0.96 0.98 0.9
PRECISION 0.98 0.98 0.98 1.00 1.00 0.9
RECALL 0.98 0.96 1.00 0.95 0.98 0.9
F1 0.98 0.97 0.99 0.98 0.99 0.9
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BitaConnectino

¥ BitaConnectino
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TinyML4D Show and Tell

The TinymML4D Academic Network Show and Tell is an

opportunity for students from around the globe to share all of
your exciting TinyML projects!




Recordings of Past Show and Tells

All Show and Tell Videos can be found at this playlist or this playlist

Date Topics Video Link
1. Enhancing poultry health gh Tiny ine learning-based analysis of bird sounds by Abdul Moshen,
March 28th, Abdul Aziz, Saleh Jabe, Abdul Rahman, Ramasamy of King Faisal University, Saudi Arabia Video
2024 2. Advancing TinyMLOps: Robust Model Updates in the Internet of by Tl Kevin Sales Flores of
Federal University of Rio Grande do Norte Brazil
1. Revolutionizing Bee Keeping by Rahul Mangharam of University of Pennsylvania, USA
Feb 29th, 2024 2. Artficial Visual Aid for the Blind by Collins Bett of Multimedia University of Kenya Video
3. TinyML and lung sound disease detection by Abadade Youssef of IBN Tofail University Morocco
October 26th 1. ML self driving RC car by William, Andrew of GearbotsBC STEM Academy
2023 ' 2. Spiking ption and p g for i D ion of on urban Roads by Cristian Axenie of Video
Nuremberg Institute of Technology. Germany
1. LoRa with the LoRa module Grove-Wio-ES5 ready for ML Data Transfer by Andres Oliva Trevisan
September 28th, ) i , )
2023 of Argentina, Instituto Balseiro and ICTP Video
2. TinyML model for fault ification of solar p by Adel Meliit of University of Jijel, Algeria
1. Innovative Waste Classification gh Tiny Learning App by Juan Manuel Mena Carrillo of
Universidad Peruana Cayetano Heredia, Pera
August 31th, 2. An Al powered device that detects seizures and alerts caretakers in real time by Nickson Kiprotich of Dedan Kimathi Vg
2023 University of Technology, Kenya
3. Deploying a fetal heart rate classification model on RP2040 Microcontroller by Shahzaib Ali of National Universit of
Science and Technology, Pakistan
1. Inference With TinyML On Ghana Radio Astronomy Observatory (GRAO) 32-m Antenna: Track Level Profile Anomaly e
May 25, 2023 for Predictive Maintenance by Joseph Akubire Kojo of Ghana Soon! 9
2.A iply-And: Neuron for Agg: ly Prunable Deep Neural Networks by Philippe BICH of Italy .
1A of Coloring in Fashion Design Using Arduino Color Sensor by Fatmaliza Zaki Abdad, Syafiga Arinda
of Sampoema University, Indonesia
2. Anomaly detection for faulty motor using the arduino board Nano 33 BLE sense by Hilal Al-Libawy of University of
March 30, 2023 ¥ L 5 N LE B Hibawy i Video
Babylon, Iraq
3. First Time TinyML Experience by Edwin Marte of Universidad de Dominican Republic
4. Voice Activated LED Voice control lighting by Muhammad Annas Zahid of Usman Institute of Technology University, Pakistan
1. Artificial Intelligence in Point-of-Care Medical Equipment by Hellen Cristina Ancelmo of [nstituto Carlos Chagas &
Uni Tecnologica Federal do Parana, Brazil
Feb 23 2. Weep Scope: Recognizing the Unique Cries of Infants by Gohel Amit Chandrakantbhai of Gujarat Technological University,
ebruar 5
i India Video
3. Crops Disease Detection with TinyML by James Adeola of Université d’/Abomey Calavi, Benin
4. Implementation of Deep Learning on a Chick Counter by Muhammad Suzaki Zahran of Universitas Raharja, Indonesia
5. Identification of Cashew Nut Diseases using TinyML by Dr. Bala Murugan MS of Vellore Institute of Technology, India
1. Personal Trainer by Ricardo Magno do Carmo Junior of Universidade Federal de Itajuba (UNIFEI), Brazil
2. Irrigation prediction for crops using machine learning at the edge by Carlos Rodriguez of Pon: Universidad Javeriana,
January 26, Colombia RS
2023 3. EYETO EYE: ive anemia using ine learning by Kimberly Cristel Soto Concha of Lin: I

Peruana Cay 0 Heredia

4. Estimating the shelf life of date paim fruit using TinyML by Al Fayez of King_Faisal University Saudi Arabia




Pattern recognition

UNIVERSIDAD PERUANA
CAYETANO HEREDIA

FACULTAD DE CIENCIAS E INGENIERIA

DEPARTAMENTO ACADEMICO DE INGENIERIA

SILABO DE RECONOCIMIENTO A PATRONES

1. DATOS GENERALES

1.1 Nombre de la R imi de Patrones
1.2 Cadigo 0708 ~
/7'5;9(b
- C Ingenieria Biomédica
1.3 arrera(s) genieri; DEPARTAMENTO 2
1.4 Semestre Académico 2024-1 DE INGENIERIA *
ek ialial Ny
1.5 Tipo de la asignatura ELECTIVO
1.6  Prerrequisitos 150 CREDITOS \__/
1.7 Créditos 3.0
Horas Tedricas: 48 hrs
1.8 Duracion Del: 18/03/2024
Al: 13/07/2024
1.9 Profesor coordinador Mg. Moises Stevend Meza Rodriguez
moises.meza@upch.pe
Co-Coordinador Mg. Jesus Alvarado Huayhuaz
jesus.alvarado@upch.pe
II. SUMILLA

El curso introduce conoci
para el andlisis de informacién y toma de decisiones. Se abordan conceptos sobre
caracteristicas en sefiales e imdgenes, el espacio de caracteristicas y reglas de decision.
Se analizan métodos de decision estadisticos y de inteligencia artificial: Decisiones
bayesianas, andlisis de discriminacion lineal, andlisis de componentes principales, redes
neuronales, maquinas de vectores de soporte, entre otros.
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V. CONTENIDOS

UNIDAD 1: FUNDAMENTOS BASICOS
¢Por qué es importante el reconocimiento de patrones? ;Qué es machine learning?
2 ¢Qué tipos hay?
3. ;Por qué Python? ;Qué librerias utilizaremos?
4. Principales desafios de Machine Learning
5. Pruebas y evaluacion de modelos

UNIDAD 2: METODOS DE APRENDIZAJE SUPERVISADO
1. Regresion y Clasificacién

k-Nearest Neighbors

Clasificador Naive Bayes

Training y Testing, Overfitting, regularization

Support Vector Machines

Arboles de decisién

Random Forests

XGBoost

Optimizacion y “tuneo” de parametros (SGD)
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UNIDAD 3: METODOS DE APRENDIZAJE NO SUPERVISADO
1. Clustering
2. k-Means Clustering
3. Gaussian Mixture Model
4. Reduccion de Dimensionalidad

UNIDAD 4: REDES NEURONALES
1. Neuronas Bioldgicas

El perceptrén

Multi-Layer Perceptron (MLP) y Backpropagation
Regresion MLP, Clasificacion MLP

Deep Learning I: Redes Neuronales Convolucionales
Deep Learning II: Redes Neuronales Recurrentes
Deep Learning I1I: LSTM

Sistemas embebidos en A

Presentacion del Proyecto
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