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» Formo parte de las linea de
investigacion “Aprendizaje
computacional y reconocimiento de
patrones” y “Procesamiento de Senales
y Computacion Médica”

» Miinvestigacion se lleva a cabo en la

Area de interseccion del procesamiento de
. senales, el reconocimiento de patrones y
tra baJ O las redes neuronales artificiales

» El objetivo fundamental es encontrar
nuevos y mejores algoritmos para
resolver problemas de clasificacion y
prediccion, que tienen como entrada
senales temporales no estacionarias,
complejas, ruidosas

(c) P. Gémez, INAOE 2023 pgomez@inaoep.mx 4




Areas de Investigacic

Diseno
Procesa- Responsable
miento

de senales

Reconocimiento
de patrones

Redes
Neuronales
Artificiales

-

(c) P. Gomez, INAOE 2023 DPgomez@inaoep.mx




Retos a atacar

Manejo de datos ruidosos
Clases sobrepuestas
Pocos datos disponibles

Datos dificiles de caracterizar

vV v v v Vv

Situaciones que requieren fusionar caracteristicas para
obtener desempenos de clasificacion aceptables

v

Encontrar las mejores arquitecturas de modelos
neuronales para el problema de clasificacion/regresion
bajo estudio

» Identificar informacion contextual que ayude a mejorar
desempenos
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Colaboraciones recientes

» Con la Coordinacion de Electronica del INAOE, a través del
Grupo de procesamiento de senales e Inteligencia
Computacional (PSIC)

» Con la Coordinacion de Optica del INAOE y la Universidad
Veracruzana, a través del Grupo de Instrumentacion y
Optica Biomédica (GIOB) y con el grupo de Biofonética y
Optica Médica

» Con la coordinacion de Astrofisica del INAOE, con el grupo
de cosmologia milimétrica

» Con la Universidad Iberoamericana de la Cd. De México a
traves del desarrollo de un proyecto de clasificacion de BCI
basada en EEG asociado a calculo mental

» Con el departamento de Mecatronica de la Benemérita
Universidad Autonoma de Puebla a través de un proyecto
de Inteligencia Artificial Explicable (AlX).
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Ejemplos de senales complejas

1!\4 ackey-Glass data for A=0.2, B=0.1, tao=17 h=0.9. 550 points of good2.dat

dx(t)  ax(t-7)

600 dt B 1+x10(t—r)

Mackey-Glass time series (Glass 1987)

ATM withdraws (NN5-001) (Crone 2006)
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Return map of good2.dat

Injection
regions

Return map of a Mackey-G
time series

Case K.2

=

Long-term prediction of an
(Gomez et al., 2011)
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Mackey-Glass data for A=0.2, B=0.1, tao=17 h=0.9. 550 points of good2.dat
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academica/posgrado-en-ciencias-
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Cursos/conocimiento deseable
para trabajar en mis proyectos

1. Procesamiento digital de senales

2. Inteligencia Computacional | / Redes Neuronales
Artificiales

3. Reconocimiento de patrones

4. Inteligencia Computacional Il (una vez elegido un
proyecto conmigo)
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Algunos proyectos de tesis de maestria
recientes o asociados a intereses vigentes

» Hernandez Gonzalez Edgar (2020) “Clasificacion de Senales de
Electroencefalograma con Aprendizaje Profundo para Interfaces Cerebro
Computadora.” Tesis de Maestria en Ciencias Computacionales, Instituto
Nacional de Astrofisica, Optica y Electrénica.
http://inaoe. rep051torlomst1tuc10nal mx/jspui/handle/1009/2001

» Sandoval Lara Zurisadai (2020), “Self-organizing clustering by Growing-SOM
for EEG Biometrics”, Tesjs de Maestria en Ciencias Computacionales, Instituto
Nacional de Astrof151ca Optica y Electrénica.

» Reynoso Armenta Daniela Michelle (2017). “Diagnosis of breast cancer
through the progessing of thermographic images and neural networks.” Tesis
de Maestria en Optica, Instituto Nacional de Astrofisica, Optica y Electrénica.
http://inaoe.repositorioinstitucional. mx/]spu1/handle/1009/856

» Cardenas Carballo J. Francisco (a partir de 2022). Algontmos de Inteligencia
Artificial Explicable en la Deteccion Automatica de Cancer” Tesis de Maestria
e{m Ciencias Computacionales, Instituto Nacional de Astrofisica, Optica y
Electronica.

» Daniel Lima Lopez (a partir de 2023). Clasificacion de im agenes con
arquitecturas ligeras de redes neuronales en el espacio de FourierTesis de
Maestria en Ciencias Computacionales, Instituto Nacional de Astrofisica,
Optica y Electrénica.
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Algunos proyectos de tesis doctorales recientes o
asociados a intereses vigentes (1/2)

» Silva Silverio, Analuz (a partir de 2022), “A Deep Learning Framework for
the Detection of Baryon Acoustic Oscillations in the Sub-millimetre Galaxy
Population” Tesis de Doctorado en Ciencias Computacionales, Instituto
Nacional de Astrofisica, Optica y Electrénica. (en progreso)

https://www.researchgate.net/publication/363088021 A Deep Learning Fram
ework for the Detection of Baryon Acoustic Oscillations in the Sub-
millimetre Galaxy Population - PhD Progress Report first-half year

» Gonzalez Viveros, Naara, (2021), Cuantificacion de hemoglobina glicosilada
y glucosa in vivo usando espectroscopla Raman y redes neuronales
artificiales, Tesis de Doctorado en Optica, Instituto Nacional de Astrofisica,
Opticay Electromca

https://inaoe.repositorioinstitucional.mx/jspui/handle/1009/2419

» Grande Barreto, J., (2020), Partial Volume Segmentation in Magnetic
Resonance Imagmg (MRI), Tesis de Doctorado en Ciencias Computacionales,
Instituto Nacional de Astrofisica, Optica y Electronica.

https://inaoe.repositorioinstitucional.mx/jspui/handle/1009/2113
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Algunos proyectos de tesis doctorales

recientes o asociados a intereses vigentes
(2/2)

» Jiménez Guarneros, M. (2020) Classifiers based on Deep
unsupervised domain adaptation for cross-subject EEG-
based signal recognition, Tesis de Doctorado en Ciencias
Computacionales, Instituto Nacional de Astrofisica,
Optica y Electronica.

https://ccc.inaoep.mx/archivos/CCC-17-002.pdf

» Julidn M. Luis Echeverri (a partir de 2023) Algoritmos
para detectar anomalias en las mamas y en los
miembros inferiores mediante imagenes térmicas , Tesis
de Doctorado en Ciencias y Tecnologias Biomédicas,
Instituto Nacional de Astrofisica, Optica y Electronica.
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Articulos del grupo
relacionados a proyectos
recientes
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Segmentacion de MRI del cerebr

Med Biol Eng Comput
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Fig. 1 Segmentation pipeline using Gardens2

Grande-Barreto, J., Gdmez-Gil, P. Segmentation of MRI brain scans using spatj
and 3D features. Med Biol Eng Comput 58, 3101-3112 (2020).
h'(c'fgs://doi.or%/lo.1007/511517-020-02270-1
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Segmentacion de MRI del cerebr

(b) (c)

Fig. 2 An example of segmentation using Garden2. a Input image: A brain MRI scan on grayscale. b Subregions generated by the
oversegmentation (see Section 2.1.4); each subregion is drawn in a different false color. ¢ Output image: segmentation of classes CSF (red). GM
(blue), and WM (green)

@ Springer

Grande-Barreto, J., Gdmez-Gil, P. Segmentation of MRI brain scans using spati
and 3D features. Med Biol Eng Comput 58, 3101-3112 (2020).

https://dai,ore/10.1007/511517-020-02270-1
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BIOMEX-DB: A Cognitive Audiovisual Dataset for
Unimodal and Multimodal Biometric Systems

JUAN CARLOS MORENO-RODRIGUEZ'D', (Graduate Student Member, IEEE),
JUAN CARLOS ATENCO-VAZQUEZ "1,

JUAN MANUEL RAMIREZ-CORTES 1, (Senior Member, IEEE),

RENE ARECHIGA-MARTINEZ2, PILAR GOMEZ-GIL "3,

AND RIGOBERTO FONSECA-DELGADO 4

IDepartment of Electronics, National Institute of Astrophysics, Optics and Electronics, San Andrés Cholula 72840, Mexico
EDepa.ttment of Electrical Engineering, New Mexico Tech, Socorro, NM 87801, USA
3Department of Computer Science, National Institute of Astrophysics, Optics and Electronics, San Andrés Cholula 72840, Mexico
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Uso de modelos profundos y adaptacion
de dominio para deteccion y retro-
alimentacion basada en EEG
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M. Jiménez-Guarneros and P. Gomez-Gil, "Cross-subject classification of
cognitive loads using a recurrent-residual deep network,”

2017 IEEE Symposiym Series,.on Computational Intelligence (SSCI), 201
, pp. 1-7, doi: 10.1109/SSCI.2017.8280897.



Adaptacion de Dominio: reciclando
EEG’s para construer clasificadores de

diferentes sujetos

752

Algorithm 1: Training Algorithm.

Inputs: (X,,Y,) - a source labeled dataset: (X;) - a target

unlabeled dataset: A - a weighted factor.

Output: G(-;6;) - a trained CDA neural network model

l:
2:
3:

AR AR

8.

Initialize @ with random values.
repeat
Update 6, using gradient descent:

Vo [~Ex, v.) g Liey. log Gs(Xs)] 4

until convergence
Set #; = 6.
repeat
Update #; using the gradient descent:

Vo, [* - Ex, x, Lanvn (Gs(Xs), Gi(Xy))]  (5)

where Lyvp 1s defined in Eq. (2).
until convergence

10:  return G¢(+;6;)

M. Jiménez-Guarneros and P. Gémez-Gil, "Cystom Domain Adaptation: AN
Method for Cross-Subject, EEG-Based Cognitive Load Recognition," in IE
RBroesssing Letters . vol.24,.pp. 750-754, 2020, doi: 10.1109/LSP.2020.

4
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Juarez-Guerra, E., Alarcon-Aquino, V., Gdmez-Gil, P. et al. A New Wave

Process Syst 92, 187-211 (2020). https://doi.org/10.1007/s11265-



Lasers in Medical Science
https:.//doi.org/10.1007/510103-022-03633-w

ORIGINAL ARTICLE

Quantification of glycated hemoglobin and glucose in vivo using
Raman spectroscopy and artificial neural networks

Naara Gonzalez-Viveros' - Jorge Castro-Ramos' - Pilar Gémez-Gil? - Hector Humberto Cerecedo-Nunez? -
Francisco Gutiérrez-Delgado® - Enrique Torres-Rasgado’ - Ricardo Pérez-Fuentes® - Jose L. Flores-Guerrero’

Received: 23 June 2022 / Accepted: 14 August 2022
& The Author(s) 2022

Abstract
Undiagnosed type 2 diabetes (T2D) remains a major public health concern. The global estimation of undiagnosed diabetes
is about 46%, being this situation more critical in developing countries. Therefore, we proposed a non-invasive method to
quantify glycated hemoglobin (HbAlc) and glucose in vivo. We developed a technique based on Raman spectroscopy, RReli-
efF as a feature selection method, and regression based on feed-forward artificial neural networks (FFNN). The spectra were
obtained from the forearm, wrist, and index finger of 46 individuals. The use of FFNN allowed us to achieve an error in the
predictive model of 0.69% for HbA lc and 30.12 mg/dL for glucose. Patients were classified according to HbA ¢ values into
three categories: healthy, prediabetes, and T2D. The proposed method obtained a specificity and sensitivity of 87.50% and
80.77%, respectively. This work demonstrates the benefit of using artificial neural networks and feature selection techniques
to enhance Raman spectra processing to determine glycated hemoglobin and glucose in patients with undiagnosed T2D.

https://rdcu.be/c6fSu
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Fig.1 Raman spectra of lyophilized human HbA lc compared with the highest and lowest percentage of HbAlc in vivo measurements in the
region of the wrist and their respective peaks

@ Springer

Gonzalez-Viveros, N., Castro-Ramos, J., Gomez-Gil, P. et al. Quantification of glyca
hemoglobin and glucose in vivo using Raman spectroscopy and artificial neural
networks. Lasers Med Sci 37, 3537-3549 (2022). https://doi.org/10.1007/s10
022-03633-w
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Oct 31 - Nov 4, 2021. Virtual Conference

Bi-dimensional representation of EEGs for BCI classification using

CNN architectures

Edgar Hernandez-Gonzalez!, Pilar Gémez-Gil!, Erik anc-rges-‘v’aldezgﬁ Manuel Ramirez-Cortés®

Abstract— An important challenge when designing Brain
Computer Interfaces (BCI) is to create a pipeline (signal
conditioning, feature extraction and classification) reguiring
minimal parameter adjustments for each subject and each run.
On the other hand, Convolutional Neural Networks (CNN)
have shown outstanding to automatically extract features from
images, which may help when distribution of input data is
unknown and irregular. To obtain full benefits of a CNN, we
propose two meaningful image representations built from multi-
channel EEG signals. Images are built from spectrograms and
scalograms. We evaluated two kinds of classifiers: one based on
a CNN-2D and the other built using a CNN-2D combined with
a LSTM. Our experiments showed that this pipeline allows
to use the same channels and architectures for all subjects,
oetting competitive accuracy using different datasets: 71.3 +
11.9% for BCI IV-2a (four classes): 80.7+11.8 % for BCI IV-
2a (two classes); 738+ 12.1% for BCI IV-2b; 83.6+ 1.0% for
BCT II-IIT and 82.10%+ 6.9% for a private database based on
mental calculation.

Keywords: 2D signal representation, Convolutional Neural
Networks (CNN), Long Short Term Memory (LSTM), Short

Tinw Fonwior Trancform (STETY Cantinoane Wavalot Trane.

https:/ /ieeexplore.ieee.org/abstract/document/9629958

called Discriminative Filter Bank Common Spatial Pattern
(DFBCSP), which i1s a modification of the Filter Bank
Common Spatial Pattern (FBCSP). This model looks for en-
hancing those frequency bands that most discriminate among
mental activities; features were classified using two CNNs,
with monolithic and modular structures respectively. Xu and
collaborators [5] presented a model based on scalogram
estimation of EEG, using Wavelet transforms at the C3
and C4 channels and combining them in a single image
as input for a CNN. Tabar and Halici [6] used STFT to
extract features from EEG signals classified with a CNN-1D
followed by a Stacked Auto Encoder (SAE). However, all of
these models required to define the CNN's hyper-parameters
for each new set of data subjects being used.

In this paper. we present a simple but robust design of an
image representation of EEG segments, using a combination
of a CNN layver with a long-short term memory network
(LSTM) and a fully connected (FC) network. The main




TABLE V: Hyper-parameters of the CNN-2D and CNN-2D + LSTM networks.

Dataset V-2a W-2a v-2b v-2h M- M- MC MC
Repre STFT CWT STFT CWT STFT CWT STFT CWT
Input (a) 000x31 405x500  135x31  &7x500 Q17 00384 144027 T20me72
CNMN-2D (b) l6@3x3 l6@ixd d@ixd B@ixy 6J@ixd  B@Ixd TE@3x3 BE 153
Densze (CNN-2D) (d) 128 128 32 16 156 128 16 32
LETM (c) B 32 4 B 32 1a 4 ]
Denze (LSTM) (d) 128 256 32 16 256 128 16 32
Dense
Conv2D (b) MaxPool2D Conv2D (b) MaxPeol2D Flatten ~_ L5TM{c) Dense (d) (Softmazx)
(2x2) [2x2) n classes
n classes
Input: {a)
n maps (a) n maps (a) [ 2 nmaps (a} /2 nmaps(a) /4 nNmaps* c d
((a)/4)

Fig. 1: Proposed architecture, CNN-2D (green network) and CNN-2D + LSTM (green network plus blue network).

Hernandez-Gonzalez, Edgar, et al. "Bi-dimensional representation of EEGs for
BCI classification using CNN architectures." 2021 43rd Annual International
Conference of the IEEE Engineering in Medicine & Biology Society (EMBC
IEEE, 2021.
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Estimacion de concentraciones de az
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Fig. 1. Experimental setup and data analysis.
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N. Gonzalez-Viveros, P. Gomez-Gil, J. Castro-Ramos, H.H. Cerecedo-Nunez,
the estimation of sugars concentrations using Raman spectroscopy and arti
neural networks” Food Chemistry, (352),

129375, 2021, https://doi.org/10.1016/j.foodchem.2021.1293735.
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Ejemplos de deteccion automatica de la region
mamaria en tomografias usando R-CNN
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Gomez-Gil P., Reynoso-Armenta D., Castro-Ramos J., Ramirez-Cortes J.M., Alarcon-Aquino
(2020) Segmentation and Classification of Noisy Thermographic Images as an Aid for
Identifying Risk Levels of Breast Cancer. In: Castillo O., Melin P., Kacprzyk J. (eds) Studi
Computational Intelligence, vol 862. Springer, Cham. https://doi.org/10.1007/978-3
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Si te interesa hacer tesis de licenciatura,
maestria o doctorado relacionada a alguno
de estos proyectos, manda un correo a
pgomez@inaoep.mx para mayor
informacion...
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Esta presentacion esta disponible en

http://ccc.inaocep.mx/~pgomez/temasTesis.pdf
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