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Resumen

El reconocimiento de imagenes es utilizado para realizar una gran cantidad de tareas,
en las cuales el objetivo es encontrar contenido o patrones en las imagenes. Los
algoritmos de aprendizaje profundo realizan los mejores resultados para este tipo de
problemas. La red neuronal convolucional, CNN por sus siglas en inglés, es lo taltimo
en tareas de clasificacién. Sin embargo, a veces requieren de mucho tiempo para
obtener un buen rendimiento, especialmente con una gran cantidad de datos. En este
caso, la paralelizacion es la mejor soluciéon para disminuir el tiempo utilizado durante
la etapa de entrenamiento. Este trabajo evalua diferentes tecnologias de aprendizaje
profundo con el mismo conjunto de datos para comparar el tiempo de entrenamiento
y la precision. Las tecnologias evaluadas son: i) MATLAB: Maquinas de vectores
de soporte (SVM) Naive-Bayes y algoritmos de aprendizaje profundo (AlexNet y
GoogLeNet, arquitecturas CNN). ii) IBM Cloud, Visual Recognition. iii) Keras, en
modo secuencial y paralelo. Los mejores resultados son fueron obtenidos por IBM
Cloud, GoogLeNet y AlexNet con una precision superior al 90%, donde el més rapido
fue AlexNet. La version paralela con Keras mejora significativamente el tiempo de

entrenamiento.
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Abstract

Image recognition is used to perform a large number of task with the objective to find
content or patterns in images. Deep learning algorithms performs the best results for
this kind of problems. Convolutional Neural Network (CNN) is the state-of-the-art
on classification tasks. But sometimes it requires so much time for getting a good
performance especially with a huge amount of data. In this case parallelization is the
best solution to decrease the time used during the training stage. This work evaluates
different deep learning technologies on the same dataset in order to compare the
training time and accuracy. The technologies evaluated are: i) MATLAB: Support
Vector Machines (SVM) Naive-Bayes and deep learning algorithms (AlexNet and
GoogLeNet, CNN architectures). ii) IBM Cloud, Visual Recognition. iii) Keras, in
sequential and parallel modes. The best results are from IBM Cloud, GoogLeNet
and AlexNet with an accuracy above 90%, where the fastest is AlexNet. The parallel

version with Keras improves significantly the training time.
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Abstract. Image recognition is used to perform a large number of task
with the objective to find content or patterns in images. Deep learning
algorithms performs the best results for this kind of problems. Convo-
lutional Neural Network (CNN) is the state-of-the-art on classification
tasks. But sometimes it requires so much time for getting a good perfor-
mance especially with a huge amount of data. In this case parallelization
is the best solution to decrease the time used during the training stage.
This work evaluates different deep learning technologies on the same
dataset in order to compare the training time and accuracy. The tech-
nologies evaluated are: i) MATLAB: Support Vector Machines (SVM)
Naive-Bayes and deep learning algorithms (AlexNet and GoogLeNet,
CNN architectures). ii) IBM Cloud, Visual Recognition. iii) Keras, in
sequential and parallel modes. The best results are from IBM Cloud,
GooglLeNet and AlexNet with an accuracy above 90%, where the fastest
is AlexNet. The parallel version with Keras improves significantly the
training time.

Keywords: cnn, parallelization, keras, machine learning

1 Introduction

The industry has evolved since the first industrial revolution in England (1760-
1870), which was lead by mechanical production — mainly steam engines. The
second industrial revolution (1870-1970) was driven by electric power and oil.
The third industrial revolution, started in the mid-twentieth century, is charac-
terized by electronics and computers. Nowadays, we are living the fourth indus-
trial revolution, known as Industry 4.0.

This new industry concept was introduced by Germany, and there are recent
technological advances: i) Big Data and Data Analysis, ii) Cloud Computing, iii)
Cybersecurity, iv) Robotics, v) Internet of Things, vi) Simulation of computer
processes, vii) Augmented Reality, viii) Autonomous robots and ix) 3D Print
Process integration.

The main objective of Industry 4.0 is to build an “intelligent factory”, where
intelligent machines exchange information with each other and adapt themselves.
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Consequently, the experts expect to obtain a rapid increase in productivity and
significant energy and material savings. That is why automation is an important
concept in Industry 4.0.

The automotive industry is the one with the most growth in automation
[17]. This industry continues to be a sector that faces challenges such as re-
gionalization, saturation of some markets, globalization, technological advances,
new competitors and its continuous restructuring. The main uses of automation
occur during production processes, especially in areas such as welding, painting,
chassis engraving and car body measurements.

Among the benefits of automation are the improvement of quality processes,
standardization in manufacturing, reduction of material waste, cost reduction,
increased production and security what leads companies to invest large amounts
annually in computer science.

Computer science has contributed in an essential way to the automation of
processes, whose main objective is to improve the efficiency of the company
in relation to the expectations of the clients. In an automation process, the
computer is the fundamental tool, and should be enhanced with the appropriate
platform, all in line with the vision and corporate strategy at the computer
level. Essentially the disciplines of computer science as big data, cybernetics,
artificial intelligence, expert systems, augmented reality and mechatronics among
others have been used to achieve the automation and all the benefits mentioned
previously.

One of the areas of great interest for companies is the Artificial Intelligence
(AI), which can be defined as the integration of electronic circuits and computer
programs in order to emulate the functioning of the human brain and perform
motor activities without human intervention. A well-planned and implemented
AT generates great profits for the company. An example is the production lines,
where the parts of the car are assembled through a band with sensors, which
detect when the chassis has reached a certain point, a timer keeps the band
stopped for a certain time, while the robot assemble or paint the piece. This
type of automation allows companies to achieve production levels that would
not be possible if the work were done by an employee. Also, reduce the margin
of error that could have the employee for any reason, call fatigue, distraction,
lack of training, etc.

A recent trend is to automate the inspection of products to comply with
total quality processes, which preserve and reinforce the policies and organiza-
tional culture that the production systems that have been implemented for years
in the automotive industry. One of the fields with a lot of opportunity in this
line of research is the AI Vision. This field through the use of appropriate tech-
niques, allows obtaining, processing and analysis any kind of special information
obtained through digital images. Typical objectives of artificial vision include:

— The detection, segmentation, location and recognition of certain objects in
images (for example, human faces).
— The evaluation of the results (for example, segmentation, registration).
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Registering different images of the same scene or object, that is, matching
the same object in different images.

Following an object in a sequence of images.

Mapping of a scene to generate a three-dimensional model of the scene; This
model could be used by a robot to navigate the scene.

Estimation of three-dimensional human postures.

Search digital images for their content.

It is in this field where the most important advances of the Al are being car-
ried out. In practical terms, machine learning is the science that is responsible for
making computers perform actions without the need for explicit programming.
The main idea here is that you can provide data to the machine learning algo-
rithms and then use them to know how to make predictions or guide decisions
[13,16].

Using machine learning can improve some automotive fields like advanced
driving assistance systems, autonomous driving and others fields related with
sales and after sales processes, creating applications with a high potential. Ma-
chine learning is used for process all the information obtained from sensors,
cameras, etc., and it has been proven as a capable tool for detecting patterns in
data and deriving predictions. But within machine learning a new technique has
emerged, deep learning [10].

Deep learning refers to a set of machine learning algorithms that utilize large
neural networks with many hidden layers for tasks, such as image classification,
speech recognition and language understanding as examples [9]. Deep learning
can help to organize data and improve the data collection process from visual
inspection in manufacturing process. In social media analytics, deep learning
can assist and improve data collection and analysis. In case of robots and smart
machines, enables self-learning robots to become more intelligent over their life-
time.

BMW IT Research Center has been working in three AI applications in the
automotive industry, the areas in which they have worked are: visual inspection
of vehicles and parts (Visual Inspection), the automated detection of bar code
labels on boxes to optimize the goods received process (Deep Logistics) and the
detection of the trailer ID on trucks in the trailer yard (Deep Yard Management)
[9,10].

Two approaches have been studied for the Visual Inspection problem:

— Clemson University with BMW IT Research Center considers the problem
of helping a human user setting up an automated Visual Inspection Sys-
tem (VIS). The VIS is intended to assist the human inspector in checking
whether a part has been installed or not, or if there are different types of
parts, to check if the correct part has been installed. This research focus on
image similarity metrics such as i) specific average difference weighted nor-
malized cross correlation and ii) cumulative difference weighted normalized
cross correlation. Also they use a Gaussian Blur filter and the Sobel oper-
ator to extract the edges to help similarity metrics. The VIS system is not
totally automatic since the operator must select manually where the parts
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are located. For the test cases, some metrics work fine and others do not.
They also reported that VIS is sensible to rotation, translation and scaling
[15].

— Another research work on visual inspection, they mention the need to classify
large number of images collected from hundreds of cameras in the plant in
a central location. So far exist a dataset in the BMW Spartanburg plant,
South Caroline USA, this dataset contains images from 4 vehicle types and
25 camera perspectives. It currently consists of 82,011 images. They employ
pre-trained neural networks: GoogLeNet, AlexNet, and Inception. These nets
were trained with ImageNet dataset [8]. They reported that the accuracy
varies depending on category between 44% and 97%, and 81% is the average
accuracy [9].

The contribution of this paper is the measurement of the performance from
different machine learning algorithms for visual recognition through three differ-
ent technologies: Deep Learning from MATLAB®, IBM Cloud® — AI — Visual
Recognition and The Python Deep Learning Library known as Keras?, running
sequentially and in parallel.

The first part of this paper explain the dataset construction used in all the
experiments. The second part show the methodology for each technology. And
the last part of this paper presents the obtained results from our experiments.

2 Dataset

To build our dataset, we employ the Cars dataset [7] as a basis, and we do a
new selection of these images and categorize them into new classes. The original
dataset contains 16,185 images of 196 classes of cars, split in 8,144 images for
training and 8,041 for testing. The problem was only the training images were
labeled, so we can only work with the training set. So if we divide 8,144 im-
ages among 196 classes, then we have only 41 images for training and testing.
Therefore, this number of images per class is insufficient to carry out a good
experiment. That was the reason to reorganize the images into color classes. We
group the images in 5 classes: black, blue, gray, red and white as shown in Figure
1. Each class has 300 images: 250 for training and 50 for testing (83.3% training
- 16.7% testing) as shown in Table 1. This new dataset we call it Color Cars.

3 Methodology

To evaluate the performance of different Machine Learning algorithms as Naive
Bayes [12] [5], SVM [4], and Convolutional Neural Networks (CNN) we used three
different tools: MATLAB, IBM Cloud — AI- Visual Recognition and Keras.

! https://www.ibm.com/cloud/
2 https://keras.io/
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Fig. 1. Color Cars dataset

Table 1. Dataset

class |# training|# testing
blue 250 50
white 250 50
gray 250 50
black 250 50
red 250 50

3.1 MATLAB

MATLAB was used to test SVM [4], Naive Bayes [12] [5], AlexNet [8] and
GoogLeNet [3] as CNN, using as the technique Transfer Learning. Transfer learn-
ing is a machine learning technique where a model developed for a past task is
reused as a starting point to train a new model. One of the benefits of this tech-
nique is the performance increases training only the last layer or the selected
layers of the pre-trained model with the new model information.

TRAINING FROM SCRATCH

CARv
a CONYOUUTONA NEURA NETWOS (80 RUCK x
[] ] E

BICYCLE X

TRANSFER LEARNING

CARv
TRUCK X

NEW DATA

Fig. 2. Transfer Learning [11]
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3.2 IBM Cloud — AI- Visual Recognition

In Visual Recognition IBM Watson we evaluate the performance of the ser-
vice.Visual Recognition use deep learning algorithms to analyze images for scenes,
objects, faces and other content. The experiment was carried out through IBM
Academic Initiative [6] and agreement between IBM and schools, in this case
with the Autonomous University of San Luis Potosi (UASLP). This initiative
makes available to the university community a large amount of resources asso-
ciated with IBM software, such as licenses for more than 1,200 IBM products.
That implies knowing IBM services without a cost. Being a no-cost agreement
has some disadvantages in terms of available resources. For example, in Visual
Recognition service you can create only one custom model and each class has a
limit of 250 images for training. This is the reason we limit our dataset to that
amount of images. Once the model was trained with visual tool you can test it
with the same tool or connect your application to the web service and process the
information obtained to the desired format (Image 3). We developed a python
application where user can select and image and test it with the trained model.
The result will show the name of the class with higher result and its value.

IBM Watson Visual
Recognition

Request Response

Python app

Fig. 3. Visual Recognition - IBM Watson
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3.3 Keras

The main objective to execute some experiments using Keras framework was
the possibility to implement parallelism and reduce the training time of a CNN
from scratch, see Figure 4. The computer where parallelism was implemented
has a Nvida GK110 GPU. This GPU has 2880 cores and the base clock run to
875 MHz. The complete specifications can be consulted in the following link [1].
We implemented a basic CNN and compare the training time using parallelism
and running in sequential mode. Furthermore, to improve the performance of
the model, we implemented data augmentation and compared the results.

#initialize the cnn

classifier = Sequential()

#stepl convolution

#classifier.add(Convolution2D(32, (3,3), 1input_shape = (64,64,3), activation='relu'))
classifier.add(Convolution2D(32,(3,3), input_shape = (64,64,3), activation='relu'))
#pooling

classifier.add(MaxPooling2D(pool_size = (2,2)))

#step2 conv

classifier.add(Convolution2D(128, (3,3), activation='relu'))
#pooling

classifier.add(MaxPooling2D(pool_size = (2,2)))

#step3 conv

classifier.add(Convolution2D(256, (3,3), activation='relu'))
#pooling

classifier.add(MaxPooling2D(pool_size = (2,2)))

#step3 conv

classifier.add(Convolution2D(512,(3,3), activation='relu'))
#pooling

classifier.add(MaxPooling2D(pool_size = (2,2)))

#flattening

classifier.add(Flatten())

#full connection

classifier.add(Dense(units = 128, activation = 'relu'))
#activation function softmax

classifier.add(Dense(units=5, activation = 'softmax'))

Fig. 4. CNN from scratch. Architecture used as baseline.

4 Results

Four experiments were performed using MATLAB, one for each algorithm: SVM,
Naive Bayes, AlexNet and GoogLeNet. The dataset used is as described at §2.
All experiments were done on the same computer to measure the computing
time accurately. The computer specifications are CPU Xeon E5-2695 v2, 16 GB
RAM non-ecc DDR3 with a mother board: Asus ROG rampage IV black.
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The first experiment was performed with SVM. It took approximately 80
seconds to train. The matrix confusion is in Table 2. The accuracy measures the
percentage of correctly classified images on test images.

Table 2. SVM - Accuracy = 66%

BLACK BLUE GRAY RED WHITE

BLACK 33 0 1 1 0
BLUE 3 24 18 0 2
GRAY 8 23 24 7 1
RED 6 3 7 40 3
WHITE 0 0 0 2 44

In the second experiment, Naive Bayes was used. The training time was
2,634.03 seconds and the accuracy is 62.8%, see the confusion matrix in Table 3.

Table 3. Naive Bayes - Accuracy = 62.8%

BLACK BLUE GRAY RED WHITE
BLACK 30 0 4 3 0

BLUE 3 27 12 1 4
GRAY 7 18 29 7 1
RED 10 5 5 35 9
WHITE 0 0 0 4 36

AlexNet was the third experiment, and it lasts 91 seconds on average during
training, and the accuracy is 90.32% — see confusion matrix in Table 4.

Table 4. AlexNet - Accuracy = 90.32%

BLACK BLUE GRAY RED WHITE
BLACK 50 3 2 0 0
BLUE 0 45 0 0 0
GRAY 0 1 37 0 2
RED 0 0 1 50 0
WHITE 0 1 10 0 48

GoogLeNet was the fourth experiment, and it took 6 minutes and 30 seconds
on average during training. The accuracy is 92% — see confusion matrix in Table 5
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Table 5. GoogLeNet - Accuracy = 92%

BLACK BLUE GRAY RED WHITE

BLACK 50 2 3 0 0
BLUE 0 44 1 0 0
GRAY 0 3 41 0 4
RED 0 0 1 50 0
WHITE 0 1 4 0 46

For Visual Recognition from IBM Cloud, we uploaded five zip files to train
our custom model (one zip file per class). Once the zip files had been uploaded
correctly, the training phase started and took 57 minutes. The training is per-
formed on the servers of IBM Cloud. The testing is made by sending an image
to the custom model and the IBM Cloud returns a number between 0 and 1,
a confidence value. Then we need to define a threshold to decide what class is
accepted. Therefore, four experiments were carried out with different threshold
value (0.9, 0.8, 06 and 0.5). The goal was to evaluate the accuracy for each
threshold. A confusion matrix for each execution were generated, see Tables 6
to 9.

Table 6. Threshold 0.9 - Accuracy = 79.6%

BLACK BLUE GRAY RED WHITE LOST

BLACK 48 1 0 0 0 1
BLUE 0 39 0 0 1 10
GRAY 1 0 14 0 2 33
RED 0 0 0 50 0 0
WHITE 0 0 0 0 48 2

Table 7. Threshold 0.8 - Accuracy = 86.8%

BLACK BLUE GRAY RED WHITE LOST

BLACK 48 1 0 0 0 1
BLUE 0 43 1 0 1 5
GRAY 2 1 26 0 7 14
RED 0 0 0 50 0 0
WHITE 0 0 0 0 50 0

The 6" column in Tables 6-9 contains the number of images that were not
evaluated (positive value) or that were doubly evaluated (negative value). It
depends of the assigned threshold. For example, when one image is evaluated
with 0.5 in black and 0.7 in blue it will be doubly evaluated; in case the image
get 0.6 as a highest result and the threshold for testing is set in 0.8, then it will

11
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Table 8. Threshold 0.6 - Accuracy = 90.8%

BLACK BLUE GRAY RED WHITE LOST

BLACK 49 1 0 0 0 0
BLUE 1 45 2 0 2 0
GRAY 4 1 33 0 13 -1
RED 0 0 0 50 0 0
WHITE 0 0 0 0 50 0

Table 9. Threshold 0.5 - Accuracy = 92.4%

BLACK BLUE GRAY RED WHITE LOST

BLACK 49 1 0 0 0 0
BLUE 2 45 2 0 2 -1
GRAY 5 1 37 0 14 -7
RED 0 0 0 50 0 0
WHITE 0 0 0 0 50 0

not pass the evaluation. To understand the previous explanation and check our
theory, we made an image by image test with 0.5 threshold. From Tables 6-9
we can see that the best results were obtained with the threshold set to 0.5. In
fact, this value is the recommended by IBM Cloud documentation. The testing
time on IBM Cloud is 237 seconds equivalent to 3.95 minutes. The best accuracy
obtained was 92.4%.

Regarding the results from the Keras framework, we performed several ex-
periments to evaluate the best performance against the number of epochs, see
Figure 5. As the plot shows the best result was 44 epochs for this CNN, see
§3.3. The solid line represents training accuracy and the dotted line the testing
accuracy:

Another experiment carried out, it was to measure the training time by
using Keras in sequential mode. It took 2879.9627 seconds, approximately 47.99
minutes. Compared with IBM Cloud — Visual Recognition service, it took 10
minutes less. The confusion matrix in sequential mode is in Table 10, and the
accuracy is 86.8%.

Table 10. Keras sequential mode - Accuracy = %86.8

BLACK BLUE GRAY RED WHITE

BLACK 35 5 5 2 4
BLUE 2 45 2 0 2
GRAY 5 1 37 0 14
RED 0 0 0 50 0
WHITE 0 0 0 0 50

12
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Fig. 5. Sequential performance of CNN with Keras. Number of epochs versus Accuracy.

The running time on Keras and IBM Cloud is time consuming, therefore a
parallel approach is straightforward. Our next experiment that was carried out
is to find the optimal number of workers to run in parallel by using Keras. We
evaluate from 5 to 100 workers, where 15 workers was the optimal number, see
Figure 6.

The confusion matrix and accuracy with 15 workers is shown in Table 11. As
we can see, the accuracy does not differ so much with the accuracy obtained in
sequential mode, see 10. The small difference is due the random initial weights
of CNN.

Table 11. Keras parallel mode - Accuracy = %81.6

BLACK BLUE GRAY RED WHITE
BLACK 32 8 8 0 2
BLUE 0 47 1 0 2
GRAY 1 1 28 0 20
RED 0 0 0 48 2
WHITE 0 0 1 0 49

It is important to emphasize that the results shown in Table 11, data aug-
mentation was implemented to generate the dataset during training. However
when we remove data augmentation the results radically decreases, see Figure
8.
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Fig. 6. Comparison of training time with different numbers of workers
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Fig. 7. Parallel execution with 15 workers and data augmentation

Finally, the Table 12 shows the summary results from all experiments, we
compare the accuracy and the training time. The testing time on all technologies
is similar.
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Fig. 8. Parallel execution with 15 workers without data augmentation.

Table 12. Comparison: Accuracy and training time

Methods Accuracy(%)|Training time
SVM 66 80 s

Naive Bayes 62.8 43.9 min
AlexNet 90.32 91 s
GoogLeNet 92 6 min 30 s
Visual Recognition IBM Cloud 92.4 57 min

Keras (Sequential) 86.8 47.99 min
Keras (Parallel-Data augmentation)  [81.6 5.28 min

Keras (Parallel-No data augmentation)|20 5.27 min

5 Conclusions and Future work

In this research we studied the image recognition problem. Companies are forced
to invest in more efficient visual inspection systems, capable of detecting even
the smallest failure during the production cycle, therefore computer vision tech-
niques are so important in the detection process. For example, a computer vision
system for the automatic detection of a correct positioning of doors and windows
in a production process in a real environment is used [2].

There are several datasets for image recognition. In this paper, we employed
our own dataset Color Cars, which was obtained from the dataset Cars, see §2.

We compared different machine learning algorithms with different technolo-
gies.The technologies evaluated are: i) MATLAB: Support Vector Machines
(SVM) Naive-Bayes and deep learning algorithms (AlexNet and GoogLeNet,
CNN architectures). ii) IBM Cloud, Visual Recognition. iii) Keras, in sequential
and parallel modes.
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The best results are from IBM Cloud, GoogLeNet and AlexNet with an
accuracy above 90%, where the fastest is AlexNet. Nevertheless, GoogLeNet and
AlexNet are pretrained with ImageNet and data augmentation, and training time
is not taking in account. On the other hand, IBM Cloud is a blind architecture,
since one does not know the hyper-parameters that were used. We conclude that
they use some kind of CNN and data augmentation.

The parallel version with Keras improves significantly the training time. But
more knowledge on machine learning to set up your model is required.

A problem was presented with the experiments developed with Keras frame-
work. The accuracy decreases when data augmentation was eliminated due the
small amount of images used for training. Even though same dataset was used
on other frameworks (MATLAB and Visual Recognition IBM Watson) good ac-
curacy was achieved on these frameworks, which leads us to think that possibly
some image pre-processing is done internally.

Another big problem that CNNs has is that if they were never trained with ro-
tations or translations on their training images, they have problems for correctly
classify in the test stage. To solve this problem, researchers use the technique
called data augmentation. This technique is used by the main CNN architec-
tures, and it was introduced by AlexNet in a successful way, and it increases
the dataset artificially by using different transformations, while maintaining the
same label.

Despite the power of the CNN, as they work within supervised learning it
means a disadvantage. To get a right learning require a large amount of data
labeled by humans, which can be difficult to achieve in a real-world application.
The more input data in the network, the better the output will be.

We know that CNN are the state-of-the-art of classification task due to the
superior precision they offer over other methods of machine learning. However,
these models require around 10° or 109 labeled data to achieve this good per-
formance [14]. There are several datasets to train the systems, but when the
application is delicate or too new, the existing datasets are useless and creating
a new specialized dataset for our problem can be too expensive and we must
take into account that it is not fast.

Therefore, transfer learning is a good option when the size of the dataset
is very small. It helps not to have to train from scratch, which increases the
chances of obtaining better results.

As a further research, we would like to analyze more datasets to detect not
only colors but also borders, tiny objects and complex structures. We also pro-
pose to create our own DNN from scratch by using Keras and its parallel mode,
so we can obtain similar results to IBM Cloud, GoogLeNet and AlexNet.
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Industry 4.0

* Rapid increase in productivity and significant
energy and material savings.

* The automotive industry faces challenges such
as regionalization, saturation, globalization,
technological advances, new competitors and its
continuous restructuring.

* The benefits are the improvement of quality
processes, standardization in manufacturing,
reduction of material waste, cost reduction,
increased production and security.

Intelligent Factory

Problem

BMW IT Research Center has been working in three Al applications:
* Visual inspection of vehicles and parts (Visual Inspection)

* Automated detection of bar code labels on boxes to optimize the
goods received process (Deep Logistics)

* Detection of the trailer ID on trucks in trailer yard (Deep Yard
Management).
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Problem <2>

Clemson University with BMW IT Research Center:

* Assist the human inspector checking whether a part has been
installed or not.

* Need to classify large number of images collected from hundreds
of cameras in the plant in a central location.

P

K

ISUM
g o

Objective

To measure of the performance from different
machine learning algorithms for visual recognition
through three different technologies: MATLAB, IBM
Cloud - Visual Recognition and Keras library.
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Dataset

16,185 images of 196 classes:

*CARS } * 8144 training images

* 8041 testing images

41 images

e e o e
T o
o gt =z

L
|t
==

*Jonathan Krause, Michael Stark, Jia Deng, and Li Fei-Fei. 3d object representations for fine-grained categorization. In 4th International IEEE Workshop on 3D Representation and Recognition
(3dRR-13) , Sydney, Australia, 2013. o

Dataset <2> ISUM

10

Class # training # testing

Color Cars
Blue 250 50

5 classes and 300 images per class: Black 750 =

* 250 for training and 50 for testing Gray 250 50
(83.3% training - 16.7% testing)

Red 250 50

White 250 50
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P

Methodology ISUM

io”

« MATLAB 4\ TRAINING FROM SCRATCH

MATLAB
CARv

TRUCK X

* SVM (Support Vector Machines) (& e
* Naive Bayes BICYCLE X

* AlexNet TRANSFER LEARNING

* GoogleNet
J_D CARv
H TRUCK X

Methodology <2> O'J«

g

- Visual Recognition [l e
— IBM CLOUD

Visual Rec ogvtov
RequestT lResponse
Academic Initiative

Licenses for more than 1,200 IBM products

* Only one custom model
* 250 images per class

Python app
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Methodology <3>

Overview Test

Implementation

Filter

X Clear results

Threshold 053
—e

Class

[] black

[] blue

[ eray

[ red
[] white

01950,jpg

*KERAS [

#initialize the cnn
classifier = Sequential()
#stepl convolution

classifier.add(Convolution2D(32,(3,3), input_shape = (64,64,3), activation="relu'))

#pooling
classifier.add(MaxPooling2D(pool_size
#step2 conv
classifier.add(Convolution2D(128, (3,3)
#pooling
classifier.add(MaxPooling2D(pool_size
#step3 conv
classifier.add(Convolution2D(256, (3,3)
#pooling
classifier.add(MaxPooling2D(pool_size
#step3 conv
classifier.add(Convolution2D(512, (3,3)
#pooling
classifier.add(MaxPooling2D(pool_size
#flatteni,

classifier.add(Flatten())

#full connection

(2,2)))
activation="relu'))
(2,2)))
activation='relu'))
(2,2)))
activation="relu'))

(2,2)))

classifier.add(Dense(units = 128, activation = 'relu'))

#activation function softmax

classifier.add(Dense(units=5, activation

= "softmax'))
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Demo Visual Recognition

DEMO
VISUAL RECOGNITION:

Send image

RESULTS:

red
0.905

[
Series
Release Date
Board Model

GPU Model
Architecture
Fabrication Process.
Die Size
Transistors Count
Transistors Density
CUDA Cores
SMMs
GPCs
TMUs
ROPS

Base Clock
Boost Clock
Memory Clock

Effective Memory Clock

M 23

E N MECO

NVIDIA
GeForce 700
February 18th, 2014
NVIDIA P2083

Unit.
GK110-430 (GK110)
Kepler
28 nm
551 mm?
718
12.9M TRAN/ o
2880

15
5
240
48

889 MHz

980 MHz

1750 MHz
7000 Mbps

Memory Configuratio

Memory Size
Memory Type
Memory Bus Width
Memory Bandwidth

6144 MB
GDDRS
384-bit

336.0 GB/s

CPU Xeon E5-2695 v2, 16 GB RAM non-ecc DDR3 with a

mother board: Asus ROG rampage IV black

11
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Results <MATLAB>

SVM Naive Bayes

BLACK BLUE GRAY RED WHITE BLACK BLUE GRAY RED WHITE
BLACK 33 0 1 1 0 BLACK 30 0 4 3 0
BLUE 3 24 18 0 2 BLUE 3 27 12 1 4
GRAY 8 23 24 7 1 GRAY 7 18 29 7 1
RED 6 3 7 40 3 RED 10 5 5 35 9
WHITE 0 0 0 2 1 WHITE 0 0 0 4 36

66% Accuracy and 80s training 62.8% Accuracy and 43.9min training

Results <MATLAB - 2>

AlexNet GooglLeNet

BLACK BLUE GRAY RED WHITE BLACK BLUE GRAY RED WHITE
BLACK 50 3 2 0 0 BLACK 50 2 3 0 0
BLUE 45 0 0 0 BLUE 0 44 1 0 0
GRAY 1 37 0 2 GRAY 0 3 41 0 4
RED 0 1 50 0 RED 0 0 1 50 0
WHITE 1 10 0 48 WHITE 0 1 4 0 46

90.32% Accuracy and 91s training 92% Accuracy and 6min 30s training
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Results <Visual Recognition — IBM Cloud>

Training time: 57s
Testing time: 237 seconds equivalent to 3.95 minutes.

Threshold 0.9 Threshold 0.8

BLACK BLUE GRAY RED WHITE LOST BLACK BLUE GRAY RED WHITE LOST
BLACK 48 1 0 0 0 1 BLACK 48 1 0 0 0 1
BLUE 0 39 0 0 1 10 BLUE 0 43 1 0 5

*RAY 1 0 14 0 2 33 GRAY 2 1 26 0 14
RED 0 0 0 50 0 0 RED 0 0 0 50 0
WHITE 0 0 0 0 48 2 WHITE 0 0 0 0

79.6% Accuracy 86.8% Accuracy

Results <Visual Recognition — IBM Cloud>

Training time: 57s
Testing time: 237 seconds equivalent to 3.95 minutes.

Threshold 0.6 Threshold 0.5

BLACK BLUE GRAY RED WHITE LOST BLACK BLUE GRAY RED WHITE LOST
BLACK 49 1 0 0 0 BLACK 49 1 0
BLUE 1 45 y 2 BLUE 2 45 0 2
GRAY 4 1 : 13 GRAY 5 1 7 0 14
RED 0 0 : 0 RED 0 0 50 0
WHITE 0 0 50 WHITE 0 0 0 50

90.8% Accuracy 92.4% Accuracy
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Results <Keras — Sequential>

Training time: 2879.9627s, equivalent to 2 g cincy
47.99min

BLACK BLUE GRAY RED WHITE
BLACK 35 5 5 2 4
BLUE : 45 : 0 2
GRAY 1 37 0 14
RED 0 50 0
WHITE 0 0 50

86.8% Accuracy

10 20 30 40
Epachs

Sequential performance of CNN with
Keras

Comparison of training time with
different numbers of workers

Training time
& 2
2 2

a
&
3

L L
40 &0
Number of workers
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Results <Keras — Parallel>

Training time: 5.28min o

o0
*,

BLACK BLUE GRAY RED WHITE
BLACK 32
BLUE
GRAY
RED

81.6% Accuracy

30 40
Epachs

Parallel execution with 15 workers and
data augmentation

Results <Keras — Parallel>

03
—#—training accuracy

Training time: 5.28min - esting e

BLACK BLUE GRAY RED WHITE
BLACK 0 0 50
BLUE 0 50
GRAY 0 50

0
0

RED 50
WHITE 50

20% Accuracy 0 ‘ 20 ) m

Epochs

Parallel execution with 15 workers
ithout data augmentation
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Comparison: Accuracy and
training time

METHODS ACCURACY(%) TRAINING TIME

SVM
Naive Bayes
AlexNet
GoogleNet

66
62.8
90.32
92

80s
43.9 min
91s
6min30s

Visual Recognition IBM Cloud 92.4 57 min

Keras (Sequential) 86.8 47.99 min

Keras (Parallel-Data augmentation) 81.6 5.28 min

Keras (Parallel-No data augmentation) 20 5.27 min

Conclusions and Future work

* The best results are from IBM Cloud, GoogleNet <« Analyze more datasets to
and AlexNet with an accuracy above 90%, where detect not only colors but
the fastest is AlexNet. also borders, tiny objects

* GoogleNet and AlexNet are pretrained with and complex structures.
ImageNet and data augmentation, and training time  * Create our own DNN from
is not taking in account. scratch by using Keras and

. . . . its parallel mode, so we can
IBM Cloud is a blind architecture. obtain similar results to IBM

* Keras improves significantly the training time but Cloud, GoogleNet and
more knowledge on machine learning is needed. AlexNet.

* |IBM Cloud and MATLAB are frameworks with cost vs
Keras is free.

* Keras enable to make parallelism with GPUs
(cIu.E.)tIel('js with MPI) vs IBM Cloud and MATLAB is not
enabled.

21



CHAPTER 4. PRESENTATION 29

THANK YOU

> A

s

% USUFEE

1




Appendix A

Theorical Framework

A.1 Artificial intelligence

Artificial Intelligence (Al) is one of the areas of great interest for companies. It can
be defined as the ability of a computer program or machine to learn and think. Al
is a branch of computer science which aims to understand the essence of intelligence

and reproduce it on a machine which responds similarly to human intelligence.

Artificial Intelligence, officially emerges from the works published in the 1940s
that did not have great importance or impact. But from the significant work in
1950 by Alan Turing, an English mathematician, a new discipline of information
science emerge. However, the term was first coined until 1956 by John McCarthy,
Marvin Minsky and Claude Shannon during Dartmouth conference as “the science and
ingenuity of making intelligent machines, especially intelligent calculation programs”.

Some Al problems that were proposed at this conference were:

e Automatic Computers

e How can a computer be programmed to use language?
e Neural Networks

e Theory of the calculation dimension

30
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e Self-improvement
e Abstractions

e Randomness and Creativity

These scientists pointed out that society would be surrounded by intelligent ma-
chines in less than ten years. The truth is that it was not so, and that is, this
technology developed timidly until the 1990s, when the golden age of Al really be-
gins.

As of 1990, most of the big technology companies start making huge investments
in this area. Due they realized that needed to improve the processing and analysis
capacity of the enormous amount of data that was coming. Research in this area
includes machine learning, natural language processing, expert systems, vision, speech

recognition, planning and robotics.

A.2 Machine learning

Machine learning (ML) area is a computer science field that is responsible for learning
given a set of data. In other words, it is responsible for representing the structure
and generalizing behaviors of the given data. It generally focuses on analyzing data
for patterns and relationships.

A computer program learns from experience E with respect to a task T and some
measure of performance P. The above is true if the performance in task T, measured
by P, improves with experience E. [6].

ML is the field where the most important advances of the AI are being carried
out. In practical terms, machine learning is the science that is responsible for making
computers perform actions without the need for explicit programming. The main
idea here is you can provide data to the machine learning algorithms and then use
them to know how to make predictions or guide decisions [4].

Some examples of machine learning algorithms include the following: decision

trees, clustering algorithms, genetic algorithms, Bayesian networks and deep learning.
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Using machine learning can improve some automotive fields like advanced driving
assistance systems, autonomous driving and others fields related with sales and after
sales processes, creating applications with a high potential. Machine learning is used
for process all the information obtained from sensors, cameras, etc., and it has been
proven as a capable tool for detecting patterns in data and deriving predictions.

There are two types of machine learning:

e Supervised: This branch of the ML takes care of the problems that bring data
with labels. These types of algorithms seek to generalize and predict based on

the information provided.

e Not supervised: In the absence of a more creative name, this branch of ML
takes care of the rest of the problems, that is, those that do not bring the data
with labels. For example, given a group of users of a social network, group
them (clustering) into communities. These types of algorithms seek to extract

structure and find patterns from the information provided.

A.3 Deep learning

Deep learning (DL) refers to a set of machine learning algorithms that utilize large
neural networks with many hidden layers for tasks, such as image classification, speech
recognition and language understanding as examples [3]. Deep learning can help to
organize data and improve data collection process from visual inspection in manufac-
turing process. In social media analytics, deep learning can assist and improve data
collection and analysis. In case of robots and smart machines, enables self-learning
robots to become more intelligent over their lifetime.

In figure A.1 a deep learning model is shown, showing the layers that are used in
this process.

The first layer is called the visible layer or input layer because it contains the
values that are possible to observe, in this case the image of a person is shown as a

collection of pixel values, which is not easy to understand for a computer. The hidden
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Output
(object identity)

3rd hidden layer
(object parts)

2nd hidden layer
(corners and
contours)

1st hidden layer

(edges)

Visible layer
(input pixels)

Figure A.1: Deep learning layers [2]

layers are responsible for extracting increasingly abstract characteristics. They are
named in that way because their values are not given in the data, therefore the model
must determine which concepts are useful to explain the relationships between the
observed data. Given the pixels at the entrance, the first hidden layer can easily
identify the edges by comparing the brightness of the neighboring pixels, then the
second hidden layer identifies corners and contours that are collections of borders.
The third hidden layer identifies parts integers of specific objects finding collections
of contours and corners. Finally the image is classified in the category that belongs
to.

The function of mapping from a set of pixels to an object identity is complicated.
Learning or evaluating this mapping seems insurmountable whether addressed di-
rectly. Deep learning solves this difficulty by dividing complicated mapping into a
series of simple nested mappings, each described by a different layer. [2].

One of the most common vision problem solved by deep learning technique is image
classification. In this kind of problem the algorithm try to assign an input image one
label from a fixed set of categories. The image classification process consists of the

following three steps:

e Input: Set of N images labeled with K different classes (training set).
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e Learning: Consists of taking the training set to learn each one of the different

classes, it means learning a model or training a classifier.

e Evaluation: It consists in evaluating the quality of the trained classifier with a
new set of images, so that it predicts the class to which a test image belongs. In
addition, the actual labels of those images are compared with those predicted

by the classifier.

For the computer an image is represented as a three-dimensional array of numbers.
For example, the cat image A.3 is 248 pixels wide, 400 pixels high and has 3 color
channels, red, green and blue (RGB). Therefore, the image consists of 248 x 400 x 3
numbers, or a total of 297,600 numbers. Each number is an integer that ranges from
0 (black) to 255 (white). Our task is to turn this quarter of a million numbers into a

single label, such as “cat”.

82% cat

" 15% dog
2% hat
1% mug

image classification

Figure A.2: Cat image classification [1]

It is trivial for a person to classify an object, for a computer vision algorithm it

is more complicated, therefore it presents several challenges, among them are:

e Viewpoint variation. A single instance of an object can be oriented in many

ways with respect to the camera.

e Scale variation. Visual classes often exhibit variation in their size (size in the

real world, not only in terms of their extent in the image).
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e Deformation. Many objects of interest are not rigid bodies and can be deformed

in extreme ways.

e Occlusion. The objects of interest can be occluded. Sometimes only a small

portion of an object (as little as few pixels) could be visible.

e [llumination conditions. The effects of illumination are drastic on the pixel

level.

e Background clutter. The objects of interest may blend into their environment,

making them hard to identify.

e Intra-class variation. The classes of interest can often be relatively broad, such
as chair. There are many different types of these objects, each with their own

appearance.

A.4 Neural network

A neural network is a representation inspired by the functioning of the human brain.
It is formed by processing units called neurons and they have connections between

them. They are also organized in the following layers:

e Input layer: Data is entered depending on the task to be performed.

e Hidden layers: Data processing is carried out and is positioned between the

input layer and the output layer.

e Output layer: It is responsible for representing the values of the class to which

the image belongs in classification tasks.

Neural networks are modeled as neurons collections contained in an acyclic graph,
it means outputs of some neurons become inputs of others. These networks are orga-
nized into different layers of neurons, the most common is the completely connected,

in which the neurons between two adjacent layers are connected and the neurons that
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belong to a layer do not share connections. It should be noted that exists many archi-
tectures to represent neural networks like perceptron, Boltzmann machine, Kohonen
network, Hopfield network and so on. The next picture represents a basic Convolu-

tional Neural Network. This network was used in Keras framework evaluation.

| B - .

[1 | o ]

O] O -

- | - |

Lo : : :

Convolutional + Max Pooling Flatten Dense Dense
(ReLU) (ReLU) (Softmax)

|
Hidden Layers (x4)

Figure A.3: CNN for Keras framework [1]

Some applications of neural networks are [9]:
e (lassification of email.

e Speech recognition.

e Character recognition.

e Face Recognition

A.4.1 Data augmentation

Deep networks need a large amount of data to get good results, if you have a small
set of images, data augmentation is a good technique to achieve good performance
in training images. There are several ways to increase the data and among them are

different transformations like:
e Flip

e Crop

B

Output
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e Color fluctuation

Scaling
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Translation
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Figure A.4: Example of data augmentation [8|

A.4.2 Network initialization

Before the network is trained, the parameters have to be initialized and there are

different ways to do it:

e Zero initialization: Assumes with data normalization approximately half of the

weights will be positive and the other will be negative.

e Initialization with small random numbers: Technique in which weights are ini-
tialized with small random numbers, close to zero. It is known as symmetry

breaking.
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A.5 Convolutional Neural Network

In recent years, Deep learning models have exploited multiple layers of non-linear
information processing, for feature extraction and transformation, as well as pattern
analysis and classification, have been shown to overcome all these challenges. Among
them, CNNs have become the leading architecture for most image recognition, clas-
sification and detection tasks ImageNet Large Scale Visual Recognition Challenge
(ILSVRC) is a benchmarking in classification of object categories and detection of
hundreds of objects and millions of images. The challenge has been made annually
since 2010, attracting the participation of more than 50 institutions. It consists of

two components:
e Data set available to the public
e Annual competition

This data allows development and comparison of object category recognition al-
gorithms and competition provides a way to track progress and discuss the lessons
learned from the most successful and innovators algorithms every year. This data
set contains a training set of hand-tagged images. A set of test images with manual
annotations retained. Participants train their algorithms using the training set and
then automatically label the test images. Predicted tagging is sent to the evaluation
server [5]. Deep convolutional neural networks have dominated classification tasks.
In fact, they have won at each event since 2012 A.5

ConvNet (Convolutional Network) or CNN (Convolutional Neural Networks) are
feedforward networks, in which information flows in only one direction, from inputs
to outputs. The CNN architecture has many variants but in general, they consist of
convolutional layers and pooling, which are grouped into modules. Followed by one
or more fully connected layers, as in common feedforward neural networks A.6. The

modules are stacked on top of each other to form a deep model 7]
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Number General

Year Team of Layers Contribution Position References

2010 NEC Shallow Fast feature extraction, First Lin et al., 2011
data compression, SVM
classifier

2011 XRCE Shallow High-dimensional image  First Perronnin et al.,
signatures, data 2010; Sanchez
compression, SVM & Perronnin,
classifier 2011

2012 SuperVision 8 Efficient GPU-based First Krizhevsky
DCNN, with Dropout etal., 2012
and several other
innovations

2013 Clarifai 8 DCNN architecture based  First Zeiler & Fergus,
on deconvolutional 2014; Zeiler
visualization technique etal., 2011

2014 GooglLeNet 22 DCNN architectural First Szegedy,
design based on Vanhoucke
Hebbian principle and etal., 2015
multiscale ideas

2014 VGG 19 Improvements to DCNN  Second  Simonyan &
convolutional layers, Zisserman,
increased network depth 2014

2015 MSRA 152 Introduction of deep First He et al., 2015b

residual learning for
ultra DCNNs

Figure A.5: ImageNet results [7]

3

7
v,
>N
i
7
7
24

TSN | 7
YO O Op |

S

=
() =30
NS:

7

Output class

f_H
| cur |

Figure A.6: Convolutional Neural Network - CNN 7]

A.5.1 Layers

Convolutional Layer

39

The convolution layer receives the image as input and then applies on it a filter or

kernel that returns a map of the characteristics of the original image, in this way the

size of the parameters is reduced. The convolution takes advantage of three ideas

that help improve any machine learning system and are:

e Dispersed interactions: By applying a smaller filter on the original input, the

amount of parameters and calculations is significantly reduced.

e Shared parameters: They are those that refer to sharing the parameters between
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the different types of filters, this helps the efficiency of the system.

e Equivalent representation: They indicate that if the inputs change then the

outputs will change in a similar way.

On the other hand, convolution provides a means to work with variable size inputs.

Pooling layer

Pooling layer is located after the convolutional layer. Its objective is to reduce the
spatial dimensions of the input volume for the next convolutional layer without affect-
ing the depth. The operation that is performed in this layer is also called sampling
reduction due to the reduction in size and the loss of information is favorable because
of the decrease in size that leads to a lower overload in the calculation in the next
layers, in addition to May decrease overfitting. A layer in a convolutional network
consists of three stages, in the first stage it represents convolutions in parallel to pro-
duce a set of linear activations, in the second stage each linear activation is executed
through a non-linear activation function, in the third stage a pooling function is used
to modify the output of the layer. In all cases the pooling layer helps to make an ap-
proximate representation invariant to small translations of the entrance. Invariant to
translations means that if the input moves a little, the values of the grouped outputs

do not change.

Fully connected layer

It is used at the end of the convolutional and pooling layers, in this layer each pixel
is considered as a separate neuron as in a neural network. This layer is responsible
for classifying and will have a number of neurons that corresponds to the number of

classes to predict.
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Register to IBM Cloud and Promo
Code

Go to the IBM Cloud https://console.bluemix.net /registration/ to create a free ac-
count and fill the required information Fig 1. The email address you submit will
become your IBM ID check. You should receive your confirmation email in a few

minutes. Click the provided link to confirm your registration.

Emailt

si Mid andcreate your 18M cloud account
Build on IBM Cloud for free with
no time restrictions

rrrrrrrrrr

mmmmmm

sssssssss

Figure B.1: Web site registration

Next, to obtain a free promo code from Academic Initiative IBM you should enter
in https://ibm.onthehub.com, the same email you specified during registration for

IBM Cloud.

41
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Account Verification > Verify Email Address

Only the students and faculty of participating schools are eligible to place orders on
this WebStore. The quickest way to verify your academic status is to enter your
schoolssued emall below.

Organization-Issued Emall Address*

Can I register any other way?

Figure B.2: Promo code

Once your account is verified, you could finish your registration filling the required

information.

Account Registration

FirstName®

Username*

Last Name"

Email Address*
adsome._ts@alumnos.uasiedu.mx adsome.ts@alumnos.uaslp.ecumx

Your usemame. You

Choose a Password” ‘Confirm Password"

Passuord must b atleast s characiers long.
Proof of Eligibility

Your Organization® ‘Organization ssuied Emal Address™

T [ T

‘Group of which you are a member™

Pt K

You wil e lable for the full price of any products you have ordered ifyou are unable to
‘supply proof of your elgibilty upon request

Figure B.3: Account verification

After that, you will have access to select the promo code. If you are a Teacher or
Instructor you can request the promo code for 12 Months, if not, click on “; Es usted
elegible?” link to see the options you can get. These options will appear with a green

check mark. In case you are a student you can apply for 6 Months promo code.
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Descripcion {Es usted elegible?

° No puede afadir este produdto a su caffo.

° Debe ser miembro de uno de los grupos siguientes:
Q) ProfesoradoPersonal

IBM Cloud Promo Code - 12 Month Trial No es elegible o su verficacion ha vencido. Si desea obtener mds info
° S6la se le permite pedi 1 de los productos sigulentes:
Fabricante [ pmemc ntatie Gratis Q) 134 Coud Promo
N g
() 1BMCloud Disponible para:  ProfesoradoPersonal Qv

Qs
Qs
Qv
Qv

1BM
Descripcion (Es usted elegible? | g
1BM

(©) o puee aodr este producto a su caro ) 18M Cloud Fromo Code - & Month Trial- Cloud

Figure B.4: Selecting promo code

Then you completed the previous steps, you will receive an email with your code.
This code will be used later. As next step, log in IBM Cloud and go to Manage-Billing
and usage-Billing. In Feature (Promo) Codes select Apply code and introduce the
received code. Alternatively, you can apply the IBM Cloud Promo Code through:

Manage — Account — Account Settings — Feature Codes — Apply Code.

service allowances, and you'll be RSN

Profile for paid services that you use.
. Bilingandusage > Billing
Platform Notifications P e—
UsageDashboard  RRRRS R
Billing

Cloud Foundry Ores
Feature (Promo) Codes

Formerly known as promo codes, feature codes unlock additional 18M credit, and account extensions.
One time use only per each feature code.

Apply code

FEATURE CODE DESCRIPTION STATUS  CREATION DATE

Resource Groups,

14B77848-B819-97F9-9ACB-E0DECCDDCETS Codes Distributed Through OTH Aoplied  2018-2-26

EU Supported: Off
= Tfyou select the EU Supported option, the most common support issues will be

Figure B.5: Promo code activation

Once you have finished all the steps you can go to https://dataplatform.cloud.ibm.com/
and start using the services of IBM Cloud.
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IBM Cloud: Watson Visual

Recognition

As first step log in https://dataplatform.cloud.ibm.com/ with the same account of
IBM Cloud.

IBM Watson

:

Figure C.1: Data platform website

As you can see, there are not Watson services activated yet. Click on New Service

and in the next list click Add in Visual Recognition option.

44
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Watson services

oy
i)

No Watson services to show
You don't have any Watson services yet.

New service

Figure C.2: Active Watson services

~— . Knowledge Studio - Language Translator Machine Learning
tive search and content = Teach Watson the language of your B¢/ Translate text, documents, and websites @ IBM Watson Machine Lear
1gine to applications. domain. from one language to another. Create smarter decisions, solve t
industry or region- and improve user o
Add Add Add
anguage Classifier Natural Language Understanding . Personality Insights Speech to Text

guage Classifier performs Analyze text to extract meta-data from The Watson Personality Insights derives Low-latency, streaming tr

suage classification on question content such as concepts, entities, insights from transactional and social
2rwoulc emotion, relations, media data to ident
Add Add Add
seech Tone Analyzer - Visual Recognition ‘Watson Assistant (fort
s natural-sounding speech from Tone Analyzer uses linguistic analysis to ﬂ Find meaningin visual content! Analyze Add a natural language inti
detect three types of tones from images for scenes, objects, faces, and application to automate in
communications: el other content. Che your end users. Col
Add Add Add

Figure C.3: Selection visual recognition option

Then select Lite Plan and create the service. After that a confirm message will

appear, if all it is fine click in Confirm.

Pricing Plan: Monthly Process shown above reflect the: United States

PLAN FEATURES PRICING

1,000 Events per month towards: CO nfi rm Creation

Pre-trained model classification (General, Face, Food, Explicit) (images)
Custom Model classification (images)

® it Custom Model training (images) Free Plan
2 Custom Models
1 Lite Plan instance per IBM Cloud Organization
Free Exports to Core ML

Resauce group
e

The Lite Plan gets you started with 1,000 events (images) per month and the ability to train two Custom Models. Users wishing to use more premium features or increase usage must

upgrade to a Standard Plan or a Subscription Plan.

Service name
Image Tagging Events Pay per Use $0.002 USD/General Tagging e ——
Face Detection Events Pay per Use $0.004 USD/FaceRecognition
P Training Events Pay per Use $0.1USD/Training

Figure C.4: Service creation
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As you can see the service created watson-vision-combined-kv now is listed in the

Visual Recognition services created. The next step will be click on Launch tool.

~ Visual Recognition (3)

NAME TOOL ACTIONS

Launch tool E
Launch tool E
Launch tool E

Visual Recognition-nb
watson-vision-combined-j-watson-vis-1523338971055

watson-vision-combined-kv

Figure C.5: Launching Watson service

This tool offers the next model options. Custom model is which we are interested
in. Here is where you can create a custom model loading your own classes which will
be identified in the test images. So click in Create Model and provide a name to the

project.

Overview Credentials

Custom

Create custom, unique
visual classifiers. Use the
service to recognize custom
visual concepts that are not
available with general
model.

Create Model @

Food zem

Copymodel 1D B

Utilize a specialized
vocabulary of over 2000
foods to identify meals, food
items, and dishes with
enhanced accuracy.

General

Copy model ID &

Generate class keywords
that describe the image. Use
your own images, or extract
relevant image URLs from
publicly accessible
webpages for analysis.

Explicit s=7

Copy model 1D &

Assess whether animage
contains objectionable or
adult content that may be
unsuitable for general
audiences.

Faces

Copymodel ID &

Detect human faces in the
image. This service also
provides a general indication
of age range and gender of
faces.

Text PRIVATE BET:

Automatically detect and
extract recognized words
within natural scene images.

Figure C.6: Custom model creation
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The warning message indicates there are not Watson service instance selected to
the project. So click on here link in the message and then in Watson Studio option
click Try it for free and select Lite option. After that, create and confirm the creation
of the Watson service instance. Finally click on refresh link in the warning message.
Define a name project and select the Watson service instance that have the same

name of Watson Recognition Service created.

4, Tocreate aWatson Visual Recognition project, you need aWatson Studio service instance. Provision an instance here and refresh.
Define project details Storage
Name
cloud-object-storage-dsx
100

Description

Choose project options

Restrict who can be a collaborator @
Project willinclude integration with Cloud Object Storage for storing project assets.

Additional tools and services can be added in Project Settings after project creation.

Figure C.7: Custom model settings

Watson Studio

Figure C.8: Selecting Watson service instance

Confirm Creation

Pricing Plan: Monthly Process shown above reflect the: United States Plan
e v

PLAN FEATURES PRICING f Resource group
Detaut v
1authorized user
i 50 capacity unit-hours monthly imit o Servicename

® it Free oc data-science-experience-f]
1 free small compute environment with 1vCPU and 4 GB RAM (does not cie
require capacity unit-hours)

The Lite plan for Watson Studio offers to become a better, or domain expertin acollaborative environment.

Figure C.9: Selecting lite plan

Once you finished all the steps, and click on Create the tool is ready to upload the
zip files with maximum 250 images per zip. After all the needed zip files are loaded

your model is ready to train it.
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Define project details

Name

Project example|

Description

Storage
cloud-object-storage-dsx
Define Watson Visual Recognition

@ Watson Visual Recoghition service instance

watson-vision-combined-kv

Figure C.10: Defining name project

Default Custom Model -

Associated Service : watson-vision-combined-kv

My classes (1) Allimages (0)

Dragand drop zip files from your project.
1class | Oincomplete classes | O unclassified images

Use the negative class to
train the model on images

@ that do not depict the
visual subject of any of

the positive classes.

Create a class Negative (recommended)
Oimages

& Modelis notyet ready to train. Learn why.

®

New training data size: 0.0/250 MB

Figure C.11: Custom model tool
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After that, click on Browse to select or drag the zip files containing the images

(jpeg or png extension) to use to training the model.

B Vs Srccc I e 950 ) San

Name

jel | @ Recent

£} Home
cc | D) Documenss & blackzip
© Downloads & blue
3 music (& bluezip
@& Pictures = gray
B videos & grayzp
5 red
+ otmertocations | g redzp
gy [ white
@ whitezip
:J:' Allfiles =

Cancel

227MB

339MB

206MB

237MB

229MB

275ep
135ep
275ep
135ep
275ep
135ep
275ep
135ep
275ep

Open

Modified

that do ot depict the visual
subject of any of the
positive classes.

legative (0)

his class is recommended but not
squired

° 1. Upload to proje

Toadd files toyc
drop.jpeg, .png, «
here o

2. Add from proje
Drag jpeg, .png or .zip1
project to the training al
to your model.
0selected

blue.zip

—
Uploading file... 77 % €

blackzip

Figure C.12: Selecting zip files

Once the files are uploaded to your cloud object storage select the zip files and

add them to the model. When all the added classes had a green circle, means all the

images were added. To confirm, you can select the class to view the images in that
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class. Now your model is ready to train, as indicated on the label. When your ready
train the model. In this case, after 57 minutes of training, this model was ready to

test.

© 1 Upload o project

Default Custom Model oz
Assoitedsenvice s vatson viso-combine-v

My classes (6) Allimages (1000) @ Ready to train
Dragand drop s fromyour proect o

6classes | Oincomplete classes | O unclassified images New training data size: 135.1/250 M8

.
o e
7 P el
= N blackzip
o

Create a class black o blue O oo z0ia c0s07om

Figure C.13: Model ready to train

When the training is complete, use the link to view and test the model.

Myclasses(®  Alimages (1000 © Tnined
Dragand drop s fom your prect, o

FHE BLEE S 2. Add from project
6 classes | Oincomplete classes |0 unclassified images Newtraining data size: 0.0/250MB ora

7 EEpe e
S - K

Createaclass black (200) blue (200)

Figure C.14: Model trained

The overview tab includes a summary and a list of the classes.

Overview Test Implementation
Summary
Model ID CarsColorsCustomModel_808565986 B
Status Ready
Explanation This model is ready for use.
Created on 10/31/2018, 2:55:37 PM
Retrained on 10/31/2018, 6:26:29 PM
Number of classes 5
Number of images 1000

Figure C.15: Model overview

On the test tab you can you can add images to analyze.
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Cars Colors Custom Model

Associated Service : watson-vision-combined-cc

Overview Implementation
Filter
Threshold 0.0
@ 1

Class

Figure C.16: Test model tool

And here are the results of showing the matching classes and the confidence score

for that match. On the implementations tab, you will find the code snippets to use

this model in your applications.

Overview Test Implementation
Filter
X Clear results
Threshold 0.53 01950.jpg
o
0 _. 1

Class
black
blue
gray
red
white

gray 0.88
white 0.12
black 0.03
blue 0.00
red 0.00

Figure C.17: Example of testing

The next image is an example of a python application using this model. In this
application, you select and analyze one image per time. You can find source code

here: https://github.com/Adrinems/VisualRecognition|BMApp.

DEMO DEMO
VISUAL RE! TION:| 1z 'VISUAL RECOGNITION:|

Selectan image
™ . & ' : Send image

Directory

£ _pycacne_
1 Maiinertace
[0] VisualRecogniionAPLpy

File pame:

Figure C.18: Python application
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IBM Cloud: Watson Machine

Learning

Create a new project

My Projects ONw O H O

(-}

@ New project

All projects v
NAME ROLE COLLABORATORS CREATOR DATE CREATED v ACTIONS
Cars Colors Admin ® Adriana Soriano 180ct 2018
TestML Admin ® Adriana Soriano 30 Aug 2018

Figure D.1: New project Machine Learning Watson

Select Deep Learning type project

o o o o

Choose the project type for your work. with Lite plans You can add other assets and
services later.

Standard Data Science

Work with any type of asset. Add services Analyze data to discover insights and

for analytical assets as you need them. share your findings with others.

AssETS AssETs

Al Data - Notebooks

Watson Tools Deep Learning

Tagand classify content using Watson Build neural networks and deploy deep

services. leaming models.

hssers nssers @

Data - Visualrecogpition model Data - Modeler flow - Model  Experiment

Figure D.2: Deep Learning project selection
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Select the corresponding region, in my case is US South.

Select a region for Machine Learning
Select an IBM Cloud region to create this service in.

If an instance already exists in the selected region, an additional service will not be
provisioned.

‘ US South -

Figure D.3: Region configuration

Define the name and description (optional) of the project.

Define project details

Name

Cars Colors Machine Learning

Description

Figure D.4: Name configuration

Below, select the storage service. When a machine learning service is created,
its name is gotten by default. If you have not created you will have to add a new
service instance. Then, an image like Figure C.5 (right side) will appear to finish

configuration step. After that, click on create button.

Define storage

Define storage @ Select storage service

Target Cloud Object Storage Instance

@ Sselect storage service
cloud-object-storage-dsx v

Target Cloud Object Storage Instance

cloud-object-storage-dsx v Define Watson Machine Learning

. . @ Watson Machine Learning service instance
Watson Machine Learning

Add

machine-learning01

Figure D.5: Storage configuration
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Now in Assets option create a new Model.

Overview Assets Environments Bookmarks Deplmymerﬂ”

~ Data assets

CREATED BY LAST
NAME ~ TYPE  SERVICE ACTIONS
~ MODIFIED

‘You don't have any Data assets yet.

~ Models

Watson Machine Learning

lew Watson Machine Learning model
models

LAST MODIFIED
NAME  STATUS TYPE  RUNTIME ACTIONS

You don't have any Watson Machine Learning models yet. @

Figure D.6: Creating new model

Insert the name of the model and select the machine learning service to use.

Define model details

Name
Wine Model

90

Description

Machine Learning Service

machine-learning01

Cancel

Figure D.7: Name model configuration

53

Select Model builder in model type. Select your runtime environment. In case

you have not created yet, will be shown on screen to add one. Click the card labeled

Manual (This will cause model builder to manually select an algorithm to implement

machine learning technique.)
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Select model type

@ Modelbuilder (3 Fromfile () Fromsample

Select runtime
Only Spark environments supporting Scala kernels can be used for medel builder creation.

Default Spark Scala 2.11 v

The selected runtime uses one driver with 1 vCPU and 4 GB RAM, and 2 executors each with 1 vCPU and 4 GB
RAM. This runtime consumes 1.5 capacity units per hour.

. Your Spark runtime will be automatically stopped when you save your model, or after 3 hours of inactivity.
To avoid consuming extra capacity unit hours delete your model builder instance or stop your runtime when
you are finished with it.

Learn more about capacity unit hours and Watson Studio pricing plans.

Manual
Let me prepare my data and select which

Automatic
Prepare my data and create a model

automatically models to train

Need something more flexible? Create a notebook or design a Modeler flow

Figure D.8: Model type selection

Open a new window in data platform and click in Community option. For this

example we will use Wine Recognition, so search wine and select this dataset.

7 Allfilters L wine

Popular filters:  spark Deep Learning Brunel

Search results (3

DATA SET DATA SET DATA SET

UCI: Red wine quality UCL: White wine quality UCL: Wine recognition

1BM Sep 25, 2017 1BM Sep 25,2017 18M Sep 22,2017

Leisure Leisure Science & Technology

Figure D.9: Dataset searching

Click in add button in dataset and add to the project we are working in.

Add to Project

Cars Colors Machine Learning v

Cancel Add

Figure D.10: Upload dataset to project
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Return to the previous page where the model was created. If dataset was corrected

added, it will appear in Select data asset step. Select it and click next.

—— Select data asset @ AddData

The model builder currently supports CSV files and IBM Db2 Warehouse on Assets
Cloud dataassets.

NAME TYPE SERVICE

® ( UCI Wine recognition.csv Data Asset Project

Close Next

Figure D.11: Dataset selection in model

After this step, it will be explained roughly how the dataset is constructed. It is
constructed in base of the results of a chemical analysis of wines grown in the same
region in Italy, but derived from three different cultivars. The analysis determined
the quantities of 13 constituents found in each of the three types of wines The 13

attributes included in dataset are:

1. Alcohol

2. Malic acid

3. Ash

4. Alcalinity of ash

5. Magnesium

6. Total phenols

7. Flavanoids

8. Nonflavanoid phenols
9. Proanthocyanins

10. Color intensity
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11. Hue

12. OD280/0D315 of diluted wines

13. Proline

As you can see, this is a classification problem.

In model builder, you can create three kinds of machine learning model:

e Binary classifier: Classifies data into two categories

e Multiclass classifier: Classifies data into multiple categories

e Regression: Predict a value from a continuous set of values

Builder suggest to use Multiclass classifier model because it is a classification

problem and we have 3 categories. For each kind of model, you can choose from

multiple algorithms or estimators to implement the technique. It will appear in the

right side.

Select Data

| Train

Select a technique

Column value to predict (Label Col)

(® Add Estimators

Configured estimators

COLUMNL. (String) v
Feature columns
All (default) v

@ suggested technique.

Binary
Classification

)

Classify new data into defined
categories based on existing
data. Choose if your label
column contains twe distinct
categories.

Validation Split

Multiclass

i

Classification

Classify new data into defined
categories based on existing
data. Cheose if your label
column centains a discrete
number of categories.

Train: 80

s Regression

Predict values from a
continuous set of values.
Choose if your label column
contains a large number of
values.

o ©

Test: 10 Holdout: 10

Figure D.12: Configuring model builder
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Now select all the estimators you can use to train your model. In bottom page,

configure the validation split (image D.12). Select the percentage of train, test and

holdout for the model.

Select estimator(s)

9}

Decision Tree Classifier

Maps observations about an item
(represented in the branches) to
conelusions about the item's target value

&

Random Forest Classifier
Constructs multiple decision trees to
produce the label that is a mode of each
decision tree. It supports both binary and

(9]

Naive Bayes

Classifies features based on Bayes'
theorem, which assumes that the
presence of a particular feature in a class

(represented in.

Select a technique

‘You cannot change label column, feature columns, model type, or validation split after adding an estimator.

s unrelat

Figure D.13: Estimators

‘You must first delete all estimators in order to make changes to these attributes.

Column value to predict (Label Col)

COLUMNI (String)

Feature columns

All (default)

@ Suggested technique.

= Binary
Classification

Classify new data into defined
categories based on existing
data. Choose if your label
column contains two distinct
categories.

Figure D.14:

=, Multiclass
Classification

Classify new cata intc defined
categories based on existing
data. Choose If your label
column contains a discrete
number of categories

Next step is to train your model.

+ Regression

Predict values from a
continuous set of values.
Choose If your Label column
contains a large number of
values.

(¥ Add Estimators
Configured estimators

Naive Bayes [
Not Yet Trained

I i

Decision Tree o
Classifier
Not Yet Trained

‘I‘|I

Random Forest o
Classifier
Not Yet Trained

*y

Selecting estimators

In image D.15 the training is being executed.

You have to wait until the model finish. In this case took 15 seconds to train Decision

tree, 35 seconds for Naives Bayes and 24 seconds for Random forest.

Select Data
Train

Evaluate

°
0]
O

Select model

ESTIMATOR TYPE sTaTUS
NaiveBayes  Training.
DecisionTreeClassifier ™ Queued.
RandomForestClassifier ™ Queued.

WEIGHTED
TRUE
POSITVE
RATE

PERFORMANCE

WEIGHTED
FALSE
POSITVE
RATE

WEIGHTED
WEIGHTED

5
PRECISION
MEASURE

WEIGHTED  LAST
RECALL  EVALUA

Figure D.15: Training model

Once training has finish, select the estimators which you wants to

continue for

testing. For this example we choose Random forest because it was with best results.
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Select model

WEGHTEDTRUE  WEIGHTEDFALSE  WEIGHTED  WEIGHTEDF  WEIGHTED

ESTIMATOR TYPE status PERFORMANCE AcTIoNs
POSTIVERATE  POSTIVERATE  PRECISION  MEASURE RECALL EVALUATION
Good 0.86667 0.06377 0.89667 0.86395 0.86667
0.76667 0.07694 0.80667 0.77582 0.76667
11:46 AM
8Nov2018
Poor 05 017391 0.6719 051798 05

11:47 AM

Figure D.16: Finished model training

The next image shows an resume of the training step with the selected estimator.

Wine Model &

Overview Evaluation Deployments. Lineage
Summary
Machine learning service machine-learning01
Model Type wml-1.1
Runtime environment spark-2.3
Training date & MNov 2018, 11:50 AM
Label column COLUMN1
Latest version 79e8dca6-03ad-42b0-93{4-5{c77cBb19ea
Model builder details View
Input Schema
COLUMN TYPE
FotMN e =

Figure D.17: Resume training model

® Model Builder Details

Input data set UCI Wine recognition.csv

Problem type multiclass

Training / validation data split Train: 80%, Test: 10%, Holdout: 10%
Transformers Auto Data Preparation

Selected estimator RandomForestClassifier

. DecisionTreeClassifier
Other trained estimators )
NaiveBayes

Figure D.18: Model builder details
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Wine Model &

Qverview Evaluation Deployments Lineage

Last Evaluation Result

Version 79eBdca6-03ad-42b0-93f4-5fc77c8bl%ea
Phase setup
Accuracy 0.867
WeightedPrecision 0.897
WeightedRecall 0.867
WeightedFMeasure 0.864
WeightedFalsePositiveRate 0.064
WeightedTruePositiveRate 0.867

Figure D.19: Model Evaluation

Select Deployments tab and add a new deployment.

Wine Model

Overview Evaluation Deployments Lineage

(#) Add Deployment
NAME STATUS DEPLOYMENT TYPE ACTIONS

‘Your medel is not deployed.

Figure D.20: Create model deployment

Define a name, a description and deployment type and save it.

Define deployment details

Name

Wine Deployment

Description

Deployment type
@ Web service

Cancel

Figure D.21: Define deployment details

59
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When deployment has been correctly added you can select it or click on Actions

menu and click on view and start your testing.

Wine Model &

Overview Evaluation Deployments Lineage

() Add Deployment
NAME STATUS DEPLOYMENT TYPE ACTIONS
Wine Deployment DEPLOY_SUCCESS Web Service E

Delete

Figure D.22: Start deployment

For testing is necessary to introduce the values for the 13 categories which will be

evaluated. After that you click on test and wait for results.

Wine Deployment

Overview  Implementation  Test
p = lal
Enter input data E O
EEMTTEE Predicted value for COLUMNL 1.00
4.5
20%  40% 60% 80%  100%
COLUMN12 1 52.68%
LT 3 33.67%
2 12.96%
COLUMNLS Alcohol | 0.69%
3.52
COLUMN14
770

~

Figure D.23: Results testing machine learning with random forest algorithm
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