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Competicion

https://www.kaggle.com/c/intel-mobileodt-cervical-cancer-screening

Identificacion del tipo fisiondmico de la cérvix femenina (parte inferior del Utero), con el

proposito de establecer el tratamiento preventivo o inicial mas adecuado para curar el cancer de
utero.

Se utilizan imagenes imagenes obtenidas con el sistema EVA (Enhanced Visual Assessment) de
Mobile ODT.

Introduccion (python):
https://www.kaggle.com/philschmidt/intel-mobileodt-cervical-cancer-screening/cervix-eda-model-selection




Competicion

Evaluacion

o Funcion logloss

" N M
logloss = _NZ z vijlog(pij)

i=1j=1
N: Numero de imdagenes en el conjunto de validacion

M: Numero de categorias
log: Logaritmo natural (base e)

yij: 1sila observacion i pertenece a laclase j ; 0 sino

pi;: probabilidad de que la observacion i pertenezca a la clase j; cumple Vi = {1,...,N}: 2%1}’” =1

o Esta formulacién de logloss solo cuenta en el sumatorio las probabilidades asignadas a cada instancia de
pertenecer a la clase correcta

o Se penalizan mucho asignar valores bajos de probabilidad a la clase correcta (falsos negativos)

> Un clasificador perfecto tendra logloss = 0



Competicion

Evaluacion
I T Y " T
Imagen 1 0.23 0.52 0.25
Imagen 2 0.70 0.15 0.15
Imagen 3 0.35 0.25 0.40

1
logloss = —— L1 2L yijlog(pi))

= — % X (log(0.23) + 10g(0.70) + log(0.40))

1
= — 3 X(~147 - 0.357 - 0.92)
= 0.9156



Aproximaciones a la clasificacion de
imagenes

1. Codificacion directa

00000000000000011100000000000000
00000000000011111111000000000000
00000000001111111111110000000000
00000000011111111111111000000000
00000001111111111111111100000000
00000001111111111111111100000000
00000011111111100011111100000000
00000001111110000011111100000000
00000001111000000011111100000000
00000000000000000011111100000000
00000000000000000111111000000000
00000000000000001111111000000000
00000000000000011111110000000000
00000000000000011111110000000000
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00000000000111111111111000000000

00000000000011111111111110000000

00000000000001111111111110000000

00000000000000000001111111000000

00000000000000000000111111000000

00000000000000000000111111000000 1024
00000000000000000000111111000000

00000000000000000001111111000000

00000000000000001111111110000000

00000000001111111111111100000000

00000000001111111111111100000000

00000000001111111111100000000000

00000000000111111111100000000000

00000000000000011100000000000000

Lan, Y., Lean, L. Handwritten digit recognition using perceptron neural networks. URL:

32 http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.27.9135&rep=rep1&type=pdf




Aproximaciones a la clasificacion de
imagenes

2. Pre-procesamiento y extraccion de caracteristicas

RAWDATA |
Normalization Densidad de pixeles
Spatial
mlin‘ [ ] [ ] [ ]
DYNAMIC Detector de bordes Multi-clasificador

Detector de lineas

Figure 1: The stages of preprocessing.

Alimoglu, F., Alpaydin, E. Combining multiple representations and classifiers for pen-based handwritten
digit recognition. URL: http://ieeexplore.ieee.org/document/620583/?reload=true&section=abstract




Aproximaciones a la clasificacion de
imagenes

3. Redes neuronales convolucionales (convolutional neural networks, CNN)
http://cs231n.github.io
https://adeshpande3.github.io/adeshpande3.github.io/A-Beginner%27s-Guide-To-Understanding-Convolutional-Neural-Networks/
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Arguitectura de una CNN
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Estrategias

Solo CNNs
> 3.1. Configurar CNN desde el principio
o 3.2. Utilizar una red ya entrenada
o 3.3. Transfer learning / fine tuning

CNNs + otros clasificadores
o 3.4. Extraccion de caracteristicas con red ya entrenada
o 3.5. Extraccion de caracteristicas con red propia (desde el principio o fine tuning)

>> Aplicar pre-procesamiento: data augmentation
>> Creacion de ensembles

>> Multiclasificacién: one vs one, one vs all



Intel Deep Learning SDK (3.1,3.2.3.3)

https://www.kaggle.com/c/intel-mobileodt-cervical-cancer-screening#lntel-Tutorial

° Intel Deep Learning SDK 1.0

o Requisitos: OS X => Docker 1.12+, no VirtualBox < 4.3.30
https://software.intel.com/sites/default/files/managed/ef/08/Intel Deep Learing SDK Training Tool Installation Guide.pdf

o Descarga:
https://software.intel.com/en-us/deep-learning-sdk/documentation

o Instalacion: admin / password
http://localhost:8080/#/main/home




Intel Deep Learning SDK (3.1,3.2.33

-@- Intel® Deep Learning SDK

@

Quick links Notifications Clear all Active
Home
Empt
T iﬂ Upload files Py
No active processes
e at this moment
Uploads New dataset History v
& New model
Datasets o Info
& Support
Models

Recent Clearall

>

Advanced

No recent objects




Intel Deep Learning SDK (3.1,3.2.33

< Intel® Deep Learning SDK x

< C | @ localhost:8080/#/main/dataset/75785d78-3950-4¢19-9fab-5afade 1dd8as

New Dataset < View dataset & New model from this dataset Al Rename @ Duplicate X Delete
cervix_8t Completed
L] Q. search Datasetinfo  Datafolder  Image Processing  Database Options
re-procesamiento —
® A X
it e Source folder 2
. " @ 1-\ u Train & Validation & Test: /workspace/dlsdk/uploads/all_data_resized_ok
omplete! Total: 2787 images.
Sat May 13 23:27:43 PM
s Total running 21h 26m 41s
. 1 Training 7 Training Validation Testing
70% —_—
& 2303 mages Sy~
2343
800
Validation 2 700
600
148 images 500
400
300
Testing  ? 200
20% 100
296 images o
Type_3 Type_2 Type_1
v Training a wtation (Balancing) 7
Max number of transformations per image 8
A Advanced
Type ? Original Result Parameters Weight 2
Rotate 7 Range 10° - 45°
(e irectonsl] 20%
Shift (2 ) Xaxis 10%  Yaxis 10%
et 200
Zoom ? Factor - Range 80%- 90% Radius 10%
0%
Mirror 7 '} Horizontal Vertical
L o

https://consigna.ugr.es/g/QBhkP8vloBl2evp4/all data resized.zip




Intel Deep Learning SDK (3.1,3.2.33

4 Intel® Deep Leaming SOK e

< C @ localhost:8080/#/main/wizard/model T %

SO New Model < New Image Classification Model @Sae b Run X Close
f I Q_  Search cervix_GoogleNet Model Description
Transfer learning #408 x
cervix_gnet_origweight Image.

Test completed
Thu May 1107:24:57 AM

Total running 20h 17m 275

Topologias
Fine tuning & BETTT R

cervix_gnet_mytopo A Common topologies

Select topology

Test completed
Wed May 10 14:46:36 PM

Topology name Topology Image size
> Total running 03h 06m 375
Bl Totalsccuracy 59.38% LeNet 2 CEED 26x26 gray) ° 7
o B P D 256x256 P
cervix_alexnet Image
7267% bvic_vgg16 2 256x 256 ° 7
Time to completion 00h 18m 595 e ) e >0
GoogLenetv2 2 256x256 ° s

V' Custom topologies (2)

¥ Fine tune topology 7

(O Useoriginal leaning weights 7 ®

ight Fine Tune 2 O Medium Fine Tune 2

inteD)




Intel Deep Learning SDK (3.1,3.2.33

< Inte

Deep Learning SDK e

< C | @ localhost:8080/#/main/model/33ad1983-3f70-4bd3-8f02-31b0ee0d7f93 T %

AT SO New Model < View image classification model [ Compress Al Rename @ Duplicate X Delete
Home S Test completed
Q_  Search

Information  Model Analysis  Dataset  Testing  Details  Compressions

Transfer learning

19 A & x

cervix_gnet_origweight Image. Topology: Parameters:
G ra b ar mo d e I o) e GoogleNet Training epochs 60 Snapshot interval (i epochs:
Dataset: Validation Interval: 1

Total running 20h 17m 275

Total accuracy 100.00% Name: cervi Batch size: 32 Validation batch size: 50
© A8 x Number of Categories: 3 Solver type: SGD Learning Rate: 0.01
& - _gnet_mytopo image Time Submitted; 02:01:21 Policy: poly Weight Deacay: 0.0002
Mot Test completed Dataset size: 534.491 MB Crop Size: (no information) Resize transformation: crop
Wed May 10 14:46:36 PM
Backend: LMDB Subtract mean: 3 Regularization type: L2
> Total running 03h 06m 375
i Totalaccuracy 5.36% Test batch size: 50 Gradient clipping: -1
dvanced
AL BN X
cervix_alexnet Image General Information: Image: Advanced options:
a 72.89% Model Name: cervix_gnet_origweight Dimensions: 256 x 256 Step Size:0 (no information)
Time to completion 02d 07h 44m 195 Description: Type: Color images Gamma: 0 (no information)
Encoding: none Power.0.5

momentum: 0.9
Information for the "Advanced" section (Jupyter notebook)

Model ID: -3170-4bd

Dataset ID: 75785d78-3950-4¢19-0fab-5afade1dd8as

Latest caffe model: bd titer_

Label file location:




Intel Deep Learning SDK (3.1,3.2.33

<4 Intel® Deep Learning SOK e

= C @ localhost:8080/#/main/model/33ad1983-3f70-4bd3-8f02-31b0ee0d7193 T %

&R New Model < View image classification model 19 Compress Al Rename  Duplicate X Delete

cervix_gnet_origweight Test completed
Q_  Search
Information  Model Analysis ~ Dataset  Testing  Details ~ Compressions
@A @ x

cervix_gnet_origweight Image
Test completed Elapsed Epoch Accuracy L, Latest model snapshot
Thu May 11 07:24:57 AM

Y 20:17:27 60 100.00% 0.00% 1.00%
Total running 20h 17m 275 hs min sec Training Vaidation Test

Total accuracy 100.00%

@A ® x

cervix_gnet_mytopo Image

T T —

Test completed 16 120
Wed May 10 14:46:36 PM

> Total running 03h 06m 375 14
= Total accuracy 59.38% ”
o 12
Al WX |
cervix_alexnet Image 8
10
72.67%
g c g g
Time to completion 00h 18m 595 Fos o g
06
0
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20
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° — 0
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Intel Deep Learning SDK (3.1,3.2.3.3)

docker exec -t -1 trainingtool-js /bin/bash

cat /workspace/dlsdk/jobs/caffe/models/<model id>/data_exploration.txt

- model.zip
- caffe.log : Logde ejecucion del proceso de aprendizaje
- deploy.protoxt : Modelo parainferencia
o solver.protoxt : Configuracion de aprendizaje
o train_val.protoxt : Modelo + datos de entrenamiento y validacién
o train_test.protoxt : Modelo + datos de entrenamiento y test
o train.txt : Etiquetas conjunto de entrenamiento

- val.txt : Etiquetas conjunto de validacién



MXNET (3.1,3.2.3.3,¢3.4,3.57)

MXNET
http://mxnet.io

o Biblioteca para Deep Learning con implementacion para C++, Python, R, Scala, etc.
o Alternativa a otras bibliotecas: Tensorflow (Google), Caffe (Berkely Al Lab)

° mx.symbol.Variable: Crear capa de entrada

° mx.symbol.Convolution: Crear capa CONV

o mx.symbol.Activation: Crear capa RELU

° mx.symbol.Pooling: Crear capa POOL

o mx.symbol.FullyConnected: Crear capa FC

o mx.symbol.SoftmaxOutput: Crear capa de salida

° mx.model.FeedForward.create : Aprender modelo



MXNET (3.1,3.2.33,:3.4,35?)

MXNET
http://mxnet.io/tutorials/index.html#r

o MXNET para MNIST
mxnet-MNIST.R

o MXNET para Cervix + Pre-procesado: (3.1)
° Blanco y negro
mxnet-cervix-bn.R

o Color
mxnet-cervix-color.R

> Clasificacidon de imagenes con MXNET utilizando modelos pre-entrenados (3.2)
o https://github.com/dmlc/mxnet/blob/master/R-package/vignettes/classifyReallmageWithPretrainedModel.Rmd

o Clasificacion de imagenes con MXNET utilizando modelos pre-entrenados y fine tuning (3.3)
o https://statist-bhfz.github.io/cats dogs finetune (Punto 4 en adelante)




Otros (3.1,3.2.3.3,3.4,3.5)

https://deeplearningdj.org/compare-dl4j-torch7-pylearn

o Tensorflow

o https://www.tensorflow.org

o https://www.tensorflow.org/tutorials/image retraining
o Caffe

o http://caffe.berkeleyvision.org

o http://adilmoujahid.com/posts/2016/06/introduction-deep-learning-python-caffe/
o Keras
o https://github.com/fchollet/keras
o https://flyyufelix.github.io/2016/10/08/fine-tuning-in-keras-part2.html




Pre-procesamiento de imagenes en R

EBImage
https://bioconductor.org/packages/release/bioc/vignettes/EBImage/inst/doc/EBImage-introduction.html

> Biblioteca para procesamiento de imagenes
> QOrigenes en procesamiento de imagenes de células obtenidas con microscopios

° QOperaciones
° Lectura
o Visualizacién de propiedades
o Gestion de espacios de color
o Manipulacion: negativo, filtrado por umbral
o Transformaciones: traslacion, rotacion, redimension, deformacion
o Filtrados: gaussiano, deteccidn de bordes, eliminacién de ruido
o Operaciones morfoldgicas: erosion, dilatacion
° Segmentacion
° Manipulacién: borrado, rellenado, iluminacién

Alternativas: imager



Extraccion de caracteristicas

CNN + otros clasificadores utilizando feature maps

Las feature maps pueden venir de un modelo pre-entrenado (por ejemplo, con ImageNET) [3.4] o de un modelo propio (idealmente, con fine
tuning) [3.5]

RELU RELU RELU RELU RELU RELU
CONV CONVl CONVlCONVl CONVlCONVl

| Vv =
fruck

Multi-clasificador Bliolane
ship

Feature maps

horse

.




Microsoft R (3.4)

(previamente Revolution R)
https://blogs.msdn.microsoft.com/rserver

o Extension de R
° Integracidn con plataforma Microsoft
o R Tools for Visual Studio (https://www.visualstudio.com/es/vs/rtvs/)

o MicrosoftML (https://msdn.microsoft.com/en-us/microsoft-r/microsoftml-introduction)

o Azure Machine Learning (https://docs.microsoft.com/es-es/azure/machine-learning/)

o Alteryx (https://www.r-bloggers.com/using-microsoft-r-with-alteryx/)

° Herramientas gratuitas
o Microsoft R Open (https://msdn.microsoft.com/en-us/microsoft-r/r-open)
o Microsoft R Client (https://msdn.microsoft.com/en-us/microsoft-r/r-client-get-started) [Windows 64-bits, Linux]

o Microsoft R Server (https://msdn.microsoft.com/en-us/microsoft-r/rserver)

> Uso con RStudio
o Microsoft R Client + RStudio (https://msdn.microsoft.com/en-us/microsoft-r/r-client-get-started > Step 2: Configure Your IDE)




Microsoft R 3.4

MicrosoftML (https://msdn.microsoft.com/en-us/microsoft-r/microsoftml/microsoftml)

o Algoritmos de aprendizaje automatico
o rxFastTrees
o rxFastForest
o rxNeuralNet
o rxLogisticRegression
o rxEnsemble

° Transformaciones de datos:
o Crear pipeline con transformaciones de los datos
° concat
o loadlmage
° resizelmage
o extractPixels
o Extracciéon automatica de caracteristicas
o featurizelmage
o Prediccion:
o rxPredict



osoftML: Algorithm Cheat She

TWO-CLASS CLASSIFICATION (type = “binary)

Accuracy, fast training,

rxFastTrees() large memory footprint

Fast training,

rxFastForest() large memory footprint

Linear model, fast training

rxFastLinear() large data sets

Accuracy, long training time,

rxNeuralNet() large data sets

Linear model, fast training

rxLogisticRegression() — large data sets

rxOneClassSvm() +——— Highly unbalanced classes

MULTI-CLASS CLASSIFICATION (type="multiClass")

Accuracy, long training time,

rxNeuralNet() large data sets

Linear model, fast training,

rxLogisticRegression() large data sets

Predicting
categories

REGRESSION (type =

Predicting _ Accuracy, fast training,
values large memory footprint

Fast training,

’_

large memory footprint

This cheat sheet helps you choose the best MicrosoftML algorithm for your
predictive analytics solution. Your decision is driven by both the nature of
your data and the question you're trying to answer.

“regression”)

—— rxFastTrees()

—— rxFastForest()

| Linear model, fast training, —— rxFastLinear()
large data sets

Accuracy, long training time, —— rxNeuralNet()

large data sets

Finding
unusual
data points

ANOMALY DETECTION

‘ >100 features,
aggressive boundary

Three or
more

rxOneClassSvm()

24



Microsoft R .4

Extraccion de caracteristicas con modelo pre-entrenado (no fine tuning)

https://blogs.msdn.microsoft.com/rserver/2017/04/12/image-featurization-with-a-pre-trained-deep-neural-network-

model/

rxFeaturize (https://msdn.microsoft.com/en-us/microsoft-r/microsoftml/packagehelp/rxfeaturize)

o data
o outData
° overwrite

> mlTransforms

o loadlmage
o resizelmage

o extractPixels
o featurizelmage (https://msdn.microsoft.com/en-us/microsoft-r/microsoftml/packagehelp/featurizeimage)

o dnnModel {resnet18, resnet50, resnet101, alexnet}




Microsoft R .4

Algunas topologias + pre-entrenamiento con ImageNet

ResNet (Microsoft)

K. He, X.Zhang, S. Ren, J. Sun (2015) Deep Residual Learning for Image Recognition. URL: https://arxiv.org/abs/1512.03385
° ResNet-18 (input: 224 x 224, features: 512)
o ResNet-50 (input: 224 x 224, features: 2048) [link]
o ResNet-101 (input: 224 x 224, features: 2048) [link]

AlexNet (University of Toronto)

A. Krizhevsky, I. Sutskever, G.E. Hinton (2012) ImageNet Classification with Deep Convolutional Neural Networks. URL:
http://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networks

o AlexNet (input: 227 x 227, features: 4096)

Mas: https://adeshpande3.github.io/adeshpande3.github.io/The-9-Deep-Learning-Papers-You-Need-To-Know-About.html




Microsoft R 34

Resu |ta d (0] Featurize-Cervix.R  DeeplLearning-Cervix_Classification.R

v

Path Label Feature.0 Feature. Feature.2 Feature.3 Feature.4 Feature.5 Feature.6 Feature.7 Feature.8 Feature.9 Feature.10 Feature.1f Q
1 ./rworkspace/train//Type_1/10jpg 1 1202353 0 0 0 61668144 0 [ 3846010 3042535 43407016 200809184 0
2 /rworkspace/train//Type_1/1013jpg 1 1202353 0 [ 0 61668144 0 [ 3846010 3042535 43407016 200809184 0 m car
3 _/rworkspace/train//Type_1/1019jpg 1 1202353 0 [ 0 61668144 0 [ 3846010 3042535 43407016 200800184 0
4 /rworkspace/train//Type_1/102jpg 1 1202353 0 [ 0 61668144 0 [ 3846010 3042535 43407016 200800184 0 E
5 _/rworkspace/train//Type_1/1024pg 1 1202353 0 0 0 61668144 0 0 3846010 3042535 43407016 200809184 0 t UCk
6 /rworkspace/train//Type_1/1027.jpg 1 1202353 0 0 0 61668144 0 0 3846010 3042535 43407016 200809184 0
7 ./rworkspace/train//Type_1/1033jpg 1 1202353 0 0 0 61668144 0 0 3846010 3042535 43407016 200809184 0 m L3 LN ol =
8 ./rworkspace/train//Type_1/1040,jpg 1 1202353 0 [} 0 61668144 0 0 3846010 3042535 43407016 200899184 0 h M u It I -c I a S I I ca d o r a'rplane
9 /rworkspace/train//Type_1/1056.pg 1 1202353 0 0 0 61668144 0 0 3846010 3042535 43407016 200809184 0
10 _/rworkspace/train//Type_1/1050jpg 1 1202353 0 0 0 61668144 0 0 3846010 3042535 43407016 200809184 0 : =
11 _/rworkspace/train//Type_1/1061 jpg 1 1202353 0 0 0 61668144 0 0 3846010 3042535 43407016 200809184 0 H sh|p
12 ./rworkspace/train//Type_1/1070,jpg 1 1202353 0 0 0 61668144 0 0 3846010 3042535 43407016 200809184 0
13 ./rworkspace/train//Type_1/1071.jpg 1 1202353 0 0 0 61668144 0 0 3846010 3042535 43407016 200809184 0 m
14 ./rworkspace/train//Type_1/1077.jpg 1 1202353 0 0 0 61668144 0 0 3846010 3042535 43407016 200809184 0 m horse
15 ./rworkspace/train//Type_1/1079pg 1 1202353 0 0 0 61668144 0 0 3846010 3042535 43407016 200809184 0
16 ./rworkspace/train//Type_1/100jpg 1 1202353 0 0 0 61668144 0 0 3846010 3042535 43407016 200809184 0 m
17 ./rworkspace/train//Type_1/1100pg 1 1202353 0 0 0 61668144 0 0 3846010 3042535 43407016 200809184 0




MXNET (3.1,3.2.3.3 3.4, 3.5)

MXNET
http://mxnet.io/tutorials/index.html#r

model$symbol$get.internals(): Obtener features (https://github.com/dmlc/mxnet/issues/2785)

Ejemplo en Python:

https://github.com/dmlc/mxnet-notebooks/blob/master/python/how to/predict.ipynb (Extract features)




