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Object Detection (Analysis)
Haar, Integral Image, AdaBoost
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What is Object Detection?

* Itis clear that the images contain many objects of interest. The goal of the

object detection
systems is to find the location of these objects in the images (e.g. cars,

faces, pedestrians).

* For example, the vehicle detection systems are crucial for traffic analysis or
intelligent scheduling, the people detection systems can be useful for
automotive safety, and the face detection systems are a key part of face
recognition systems.

Radovan Fusek: Descriptors for Object Detection in Image Recognition, Philq%b;@iﬁi% Doctor Thesis, 2016
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What is Object Detection?

= Qutput?
= position of the objects
= scale of the objects

VSB TECHNICAL FACULTY OF ELECTRICAL DEPARTMENT
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Problems (Challenges)

= different views - different objects
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Problems (Challenges)

" |ow quality images
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Problems (Challenges)

= jllumination + low quality
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Image Features

* The objects of interest can be described using various image
information (e.g. shape, texture, colour). In the area of feature based
detectors the image features are the carries of this information.

* Many methods for extracting the image features that are able to
describe the appearance of objects were presented, especially, the
detectors that are based on the histograms of oriented gradients
(HOG), Haar features, or local binary patterns (LBP) are dominant and
they are considered as the state-of-the-art methods.

Radovan Fusek: Descriptors for Object Detection in Image Recognition, Philq%b;éiﬁi% Doctor Thesis, 2016



EVROPSKA UNIE NE
Evropské strusdurdind a investén| fondy N/ I
Operagni program Vyzkum, vyvoj a vzdélévani

— Object Detection/Recognition
= Haar
__ Traditional Approaches
= HOG
= |BP _
= S|FT, SURF } KeyPoints
= CNNs } Deep Learning Approach

" Practical examples using OpenCV + Dlib (nttps://opencv.org/, http://dlib.net/)
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https://opencv.org/
http://dlib.net/

Sliding Window - Main ldea

* In general, the sliding window technique represents the popular and
successful approach for object detection. The main idea of this
approach is that the input image is scanned by a rectangular window
at multiple scales. The result of the scanning process is a large
number of various sub-windows. A vector of features is extracted
from each sub-window. The vector is then used as an input for the
classifier (e.g. SVM classifer).

* During the classification process, some sub-windows are marked as
the objects. Using the sliding window approach, the multiple positive
detections may appear, especially around the objects of interest
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Sliding Window - Main ldea

* These detections are merged to the final bounding box that
represents the resulting detection.

e The classifer that determines each sub-window is trained over the
training set that consists of positive and negative images.

* The key point is to find what values (features) should be used to
effectively encode the image inside the sliding window.
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Sliding Window - Main ldea

Constantine Papageorgiou and Tomaso Poggio: A Trainable System for Object Detection.
Int. J. Comput. Vision 38, pp. 15-33. (2000)
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Detection Process

Feature Vector

(gradient, HOG, LBP, ...)

Constantine Papageorgiou and Tomaso Poggio: A Trainable System for Object Detection.
Int. J. Comput. Vision 38, pp. 15-33. (2000)
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Detection Process

Feature Vector

(gradient, HOG, LBP, ...)

4

Trainable Classifier

(SVM, ANNS, ...)

Constantine Papageorgiou and Tomaso Poggio: A Trainable System for Object Detection.
Int. J. Comput. Vision 38, pp. 15-33. (2000)
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Detection Process

* Typically, in the area of feature-based detectors, the detection
algorithms consist of two main parts. The extraction of image features
is the first part. The second part is created by the trainable
classifirs that handle a final classification (object/non-object).

* The extraction of relevant features has a significant influence on the
successfulness of detectors. The large number of features slows down
the training and detection phases; on the other hand a very small
number of features may not be able to describe the properties of
object of interest.

* The quality of training set is also equally important. _—
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Generating Training Set

" negative set - without the object of interest
= positive set

= rotation

" noise

® [[lumination

" scale
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http://mrl.cs.vsb.cz/eyedataset
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= Haar

__ Traditional Approaches
" HOG
= |BP

= CNNs Deep Learning Approach

= S|FT, SURF } KeyPoints
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Haar Wavelet-based Descriptors

* The main idea behind the Haar-like features is that the features can
encode the differences of mean intensities between the rectangular
areas. For instance, in the problem of face detection, the regions around
the eyes are lighter than the areas of the eyes; the regions bellow or on
top of eyes have different intensities that the eyes themselves.

* These specific characteristics can be simply encoded by one two-
rectangular feature, and the value of this feature can be calculated as the
difference between the sum of the intensities inside the rectangles.
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Haar Wavelet-based Descriptors

* The paper of Viola and Jones contributed to the popularity of Haar-like
features. The authors proposed the object detection framework based
on the image representation called the integral image combined with the
rectangular features, and the AdaBoost algorithm.

 With the use of integral image, the rectangular features are computed
very quickly. The AdaBoost algorithm helps to select the most important
features.

e The features are used to train classifers and the cascade of classifers is
used for reducing
the computational time.

EEEEEEEEEEEEE
‘‘‘‘‘‘‘‘‘‘‘‘‘‘



EVROPSKA UNIE NE
Evropské strusduraind a investién! fondy \ I
Operaéni program Vyzkum, vyvoj a vadélivani

Haar Wavelet-based Descriptors

= faces have similar properties
= eye regions are darker than the upper-cheeks
= the nose bridge region is brighter than the eyes

https://docs.opencv.org/3.4.1/d7/d8b/tutorial_py face detection.html
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Features
= Rectangular features

F Haar — E (Rwhite) - E (Rblack)

Rwhite Rblack
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Features

Different sets

=N 10 O

Basic Haar set

Haar-like features |

SV eve e

Extended Haar features

VSB
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Face Detection

24x24 sub-window aprox. 160,000 rectangular
features

How speed the computational speed?

decrease Memaory accesses
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Integral Image

1 1 ] L2 ] 3
1 1 ] 21416
1 1 I 3| 619

Original image (i) Integral image (ii)

EEEEEEEEEEEEEE



EVROPSKA UNIE I\K%
Evropské struscurdind a investénl fondy l
Operaéni program Vyzkum, vyvoj a vzdélivani

Integral Image

Integral image (ii)

ii, =sum(4)

ii, =sum(A4)+sum(B)

ii; =sum(A)+sum(C)

ii, = sum(A)+sum(B)+sum(C) +sum(D)

sum(D) = ii, + ii,—ii, —ii,
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Integral Image

Original image (/)

7

7 8

N (NN (N NN
© |||~ |~

8

m/IJ("‘
(ool Roy

34=194+42-T77-105

54

EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE
|| UNIVERSITY | ENGINEERING AND COMPUTER | OF COMPUTER
CCCCCCCCCCCCCCCCCCCCCCCC



EVROPSKA UNIE %
Evropské strusdurdind a investénl fondy | l
Operatni program Vyzkum, vyvoj a vadélavani

Feature Selection
| | t
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Cascade of Classifier

The idea of cascade classifier is reject the non-face region as soon as possible

' Stage 1 H Stage 2 H Stage 3 H Stage 4 }—‘

y y y y

Rejected Windows

VSB TECHNICAL FACULTY OF ELECTRICAL DEPARTMENT
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The idea of cascade

Cascade of ClasSifier s resionss s

non-face region as soon
as possible

Stage 1 H Stage 2 H Stage 3 H Stage 4 }—‘

y

y

Rejected Windows
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The idea of cascade

Cascade of ClasSifier s resionss s

non-face region as soon
Y = \ as possible

Stage 1 H Stage 2 H Stage 3 H Stage 4 }—‘

y

y

Rejected Windows
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The idea of cascade
- r- classifier is reject the
Cascade of ClassSITIer  qontace region as soor

A as possible

Rejected Windows
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The idea of cascade

Cascade of ClasSifier s resionss s

non-face region as soon
as possible

W —[ Stage 1 H Stage 2 H Stage 3 H Stage 4

y

y

Rejected Windows
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The idea of cascade

Cascade of ClasSifier s resionss s

non-face region as soon
as possible

Stage 1 H Stage 2 H Stage 3 H Stage 4 }—‘

y

y

Rejected Windows
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The idea of cascade

Cascade of ClasSifier s resionss s

non-face region as soon
as possible

Rejected Windows
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The idea of cascade

Cascade of ClasSifier s resionss s

non-face region as soon
as possible

Stage 1 H Stage 2 H Stage 3 H Stage 4 }—‘

y

y

Rejected Windows
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Feature Selection

 AdaBoost (Adaptive Boost) is an iterative learning
algorithm to construct a “strong” classifier as a linear
combination of weighted simple “weak” classifiers

* weak classifier - each single rectangle feature
(features as weak classifiers)

* during each iteration, each example/image receives a
weight determining its importance

EEEEEEEEEEEEE
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Feature Selection

O AdaBoost starts with a uniform
distribution of “weights” over training
examples.

Slide taken from a presentation by Qing Chen, Discover Lab, University of Ottawa
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Feat Selection

O AdaBoost starts with a uniform
distribution of “weights” over training
examples.

O Select the classifier with the lowest
weighted error (i.e. a “weak” classifier)

Slide taken from a presentation by Qing Chen, Discover Lab, University of Ottawa
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Feature Selection

O AdaBoost starts with a uniform
distribution of “weights” over training
examples.

O Select the classifier with the lowest
weighted error (i.e. a “weak” classifier)

O Increase the weights on the training
examples that were misclassified.

Slide taken from a presentation by Qing Chen, Discover Lab, University of Ottawa
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Feature Selection

0 AdaBoost starts with a uniform

distribution of “weights” over training

examples. |
P 0"

O Select the classifier with the lowest

weighted error (i.e. a “weak” classifier) ﬁ @ﬁ ﬁ 1!8.8

O Increase the weights on the training
examples that were misclassified. H@

Slide taken from a presentation by Qing Chen, Discover Lab, University of Ottawa
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Feature Selection

0 AdaBoost starts with a uniform

distribution of “weights” over training

examples. L
P P"

O Select the classifier with the lowest

O Increase the weights on the training
examples that were misclassified.

O (Repeat) BQ

weighted error (i.e. a “weak” classifier) ﬁ .@ﬁ ﬁ égp

Slide taken from a presentation by Qing Chen, Discover Lab, University of Ottawa o s | Ao S cres | oo




EVROPSKA UNIE NE
Evropské strudurdind a investicn| fondy VT
Operaéni program Vyzkum, vyvoj a vadélivani

Feature Selection

OO0 AdaBoost starts with a uniform
distribution of “weights” over training
examples.

O Select the classifier with the lowest
weighted error (i.e. a “weak” classifier)

O Increase the weights on the training
examples that were misclassified.

O (Repeat)

Slide taken from a presentation by Qing Chen, Discover Lab, University of Ottawa
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Feature Selection

0 AdaBoost starts with a uniform
distribution of “weights” over training 3
examples.

O Select the classifier with the lowest ﬁ ﬁ

P

w

weighted error (i.e. a “weak” classifier)

2

O Increase the weights on the
training examples that were =
misclassified. N

O (Repeat)

Slide taken from a presentation by Qing Chen, Discover Lab, University of Ottawa
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Feature Selection

OO0 AdaBoost starts with a uniform
distribution of “weights” over training
examples.

O Select the classifier with the lowest ﬁ
weighted error (i.e. a “weak” classifier) .9

O Increase the weights on the
training examples that were
misclassified.

O (Repeat)

Slide taken from a presentation by Qing Chen, Discover Lab, University of Ottawa
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Feature Selection

OO0 AdaBoost starts with a uniform
distribution of “weights” over training
examples.

O Select the classifier with the lowest
weighted error (i.e. a “weak” classifier)

O Increase the weights on the
training examples that were
misclassified.

O (Repeat)

Slide taken from a presentation by Qing Chen, Discover Lab, University of Ottawa
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Feature Selection

O AdaBoost starts with a uniform
distribution of “weights” over training
examples.

O Select the classifier with the lowest
weighted error (i.e. a “weak” classifier) @

O Increase the weights on the
training examples that were
misclassified.

O (Repeat)

Slide taken from a presentation by Qing Chen, Discover Lab, University of Ottawa
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Feature Selection

1 At the end, carefully make a linear

combination of the weak classifiers
obtained at all iterations.

Slide taken from a presentation by Qing Chen, Discover Lab, University of Ottawa

SCIENCE
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Feature Selection

1 At the end, carefully make a linear

combination of the weak classifiers
obtained at all iterations.

Slide taken from a presentation by Qing Chen, Discover Lab, University of Ottawa
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Haar Features

pe 203 (13
tum 1118

https://vimeo.com/12774628 VSB TECHNICAL | FACULTY OF ELECTRICAL DEPARTMENT
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Face Detection - Evaluation




Face Detection - Evaluation

TP = number of true positives
FP = number of false positives
FN = number of false negatives
TN = number of true negatives

precision = TP/(TP+FP)

sensitivity = TP/(TP+FN)

F1 score (harmonic mean of precision and sensitivity) = 2 x
precision x sensitivity/(precision + sensitivity)

EEEEEEEEEEEEE
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Face Detection - Evaluation

http://vis-www.cs.umass.edu/fddb/

Figure 8. Matching detections and annotations. In this image, the
ellipses specify the face annotations and the five rectangles denote
a face detector’s output. Note that the second face from left has
two detections overlapping with it. We require a valid matching
to accept only one of these detections as the true match, and to
consider the other detection as a false positive. Also, note that the
third face from the left has no detection overlapping with it, so no
detection should be matched with this face. The blue rectangles
denote the true positives and yellow rectangles denote the false
positives in the desired matching.

VSB IECHNLULAL | FAC
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* Since Viola and Jones popularized the Haar-like features for face detection, the
Haarlike features and their modifcations were used in many detection tasks
(e.g. pedestrian, eye, vehicle).

* Inthe area of pedestrian detection, in [1], the authors presented the
component-based person detector that is able to detect the occluded people
in clustered scenes in static images. The detector uses the Haar-like features to
describe the components of people (heads, legs, arms) combined with the SVM
classifer. The Viola and Jones detection framework was successfully extended
for moving-human detection in [2]. In [3], the authors proposed the method
for estimating the walking direction of pedestrian.

EEEEEEEEEEEEE



Haar Features

 The 3D Haar-like features for pedestrian detection were presented
in [4]. The authors extend the classical Haar-like features using the volume
flters in 3D space (instead of using rectangle flters in 2D space) to capture
motion information. The 3D features are then combined with the SVM classifer.
To compute the 3D Haar-like features using the integral image like the classical

2D features, the authors introduced Integral Volume that extends 2D integral
image to the three dimensions.

EEEEEEEEEEEEEE
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The modified version of Haar-like features that more
properly reflect the shape of the pedestrians than the
classical Haar-like features.
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Lienhart, R., Maydt, J.: An extended set of haar-like features for rapid o . )
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The modified version of Haar-like features that more
properly reflect the shape of the pedestrians than the
classical Haar-like features.

Hoang, V.D., Vavilin, A., Jo, K.H.: Pedestrian detection approach based on modified haar-like features and adaboost. In:
Control, Automation and Systems (ICCAS), 2012 12th International Conference on. pp. 614-618 (Oct 2012) o Thvensary | Enciueenine aub comruten | oF conpuren
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L B Haar Features
The modified version of Haar-like features that more
properly reflect the shape of the pedestrians than the

classical Haar-like features. ) .
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S. Zhang, C. Bauckhage, and A. B. Cremers. Informed haar-like features improve pedestrian detection. In CVPR, 2014.
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The modified version of Haar-like features that more
properly reflect the shape of the pedestrians than the
classical Haar-like features.

Original

Zheng, W., Liang, L.: Fast car detection using image strip features. In: Computer Vision and Pattern Recognition, 2009. CVPR 2009. IEEE
Conference on. pp. 2703-2710 (2009)
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* Fusek, R., Mozdfen, K., Surkala, M., Sojka, E.: AdaBoost for Parking Lot Occupation
Detection. Advances in Intelligent Systems and Computing, vol. 226, pp. 681-690
(2013)

http://mrl.cs.vsb.cz/
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= Haar

__ Traditional Approaches
" HOG
= |BP

= CNNs Deep Learning Approach

= S|FT, SURF } KeyPoints
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What is Object Detection?

* Itis clear that the images contain many objects of interest. The goal of the

object detection
systems is to find the location of these objects in the images (e.g. cars,
faces, pedestrians).

* For example, the vehicle detection systems are crucial for traffic analysis or
intelligent scheduling, the people detection systems can be useful for
automotive safety, and the face detection systems are a key part of face
recognition systems.

Radovan Fusek: Descriptors for Object Detection in Image Recognition, Philq%b;@iﬁi% Doctor Thesis, 2016
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What is Object Detection?

= Qutput?
= position of the objects
= scale of the objects

VSB TECHNICAL FACULTY OF ELECTRICAL DEPARTMENT
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Histograms of Oriented Gradients (HOG)

In recent years, the object detectors that are based on edge analysis that
provides valuable information about the objects of interest were used in
many detection tasks. In this area, the histograms of oriented gradients
(HOG) [1] are considered as the state-of-theart method.

In HOG, a sliding window is used for detection. The window is divided into
small connected cells in the process of obtaining HOG descriptors. The
histograms of gradient orientations are calculated in each cell. It is
desirable to normalize the histograms across a large block of image. As a
result, a vector of values is computed for each position of window. This
vector is then used for recognition, e.g. by the Support Vector Machine
classifier.
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Histograms of Oriented Gradients (HOG)

* Dalal and Trigs experimented with the size of detection window and they
suggested the rectangular window with the size 64 x 128 pixels. They also
tried to reduce the size of the window to 48 x 112 pixels. Nevertheless,
they obtained the best detection result with the size 64 x 128 pixels.
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Histograms of Oriented Gradients (HOG)

Input image
Basic StepS: «—— Detection
window
* In HOG, a sliding window is used for
detection. Normalise gamma

) ) .. ) Compute gradients
* The window is divided into small connected = ~

cells. Weighted vote in spatial X
& orientation cells
Block >
* The histograms of gradient orientations are
. Contrast normalise over
calculated in each cell. overlapping spatial cells Overlap :
of Blocks E
 Support Vector Machine (SVM) classifier. Collect HOGs over
detection window Feature vector f =
S
Linear SVM

http://host.robots.ox.ac.uk/pascal/VOC/voc2006/slides/dalal.ppt 50 veomucn, | acuyor uecrizon | ocparaenr
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* For gradient computation, the image without Gaussian smoothing is
filtered with the [1, O, -1] kernel to compute the horizontal and vertical

derivatives.
* Then the derivatives are used to compute the magnitude of the gradient

and orientation.

D,=[-1 0 1]and D,={ 0 ly =1%*Dy and I; =I%D,

magnitude of the gradient 1s ]G| =1 +1;
/

orientation of the gradient 1s given by: & = arctan 1—’
-

EEEEEEEEEEEEE
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In the next step, the image is divided into the cells and the cell histograms
are constructed. The histogram bins are spread over O to 180 degrees or 0
to 360 degrees. The corresponding histogram bin is found for each pixel
inside the cell. Each pixel contributes a weighted vote for its corresponding
bin. The pixel contribution can be the gradient magnitude.

Next step represents contrast normalization. For this purpose, the cells are
grouped into the large blocks (i.e. 2x2 cells are considered as blocks). The
histograms are normalized within the blocks (e.g. using L2-norm). In the
paper, the two main block geometries are presented; rectangular and
circular.

The final HOG descriptor is represented by histogram vectors of all blocks
within the detection window e
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Block 2
Block 1 T

Blocks, Cells: \

e 8x8cell
e 16 x 16 block —overlap

e normalization within the blocks

Cells

Final Vector: Collect HOG blocks into vector
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* The classical HOG descriptors suffer from the large number of features,
which causes that the training and detection phases can be time
consuming. The sufficient amount of training data is also needed to find
a separating hyperplane by the SVM classifier.

 Sometimes, it is desirable to use the methods for the dimensionality
reduction of feature vector. In addition the that, the classical HOG
descriptors are not rotation invariant.

 These shortcomings became the motivation for creating many variations
of HOG-based detectors. Many methods and applications based on HOG
were presented in recent years.

CCCCCCCCCCCCC
| UNIVERSITY
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In [1], the authors applied the principal component analysis (PCA) to the HOG
feature vector to obtain the PCA-HOG vector. This vector contains the subset
of HOG features and the vector is used as an input for the SVM classifier. Their
method was used for pedestrian detection with the satisfactory results.

Felzenszwalb et al. proposed the part-based detector that is based on HOG. In
this method, the objects are represented using the mixtures of deformable
HOG part models and these models are trained using a discriminative method
(see following image). This method obtained excellent performance for object
detection tasks [2, 3].

[1] Kobayashi, T., Hidaka, A., Kurita, T.: Neural information processing. chap. Selection of Histograms of Oriented Gradients
Features for Pedestrian Detection, pp. 598—607. Springer-Verlag, Berlin, Heidelberg (2008)

[2] Felzenszwalb, P.F., McAllester, D.A., Ramanan, D.: A discriminatively trained, multiscale, deformable part model. In: CVPR
(2008)

[3] Felzenszwalb, P., Girshick, R., McAllester, D., Ramanan, D.: Object detection with discriminatively trained part-based models.
Pattern Analysis and Machine Intelligence, IEEE Transactions on 32(9), 1627-1645 (2010)
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An example of person detection using a part model. The model is defined by the coarse global template that covers the entire
object and higher resolution part templates. The templates represent the histogram of oriented gradient [2].

[1] Kobayashi, T., Hidaka, A., Kurita, T.: Neural information processing. chap. Selection of Histograms of Oriented Gradients
Features for Pedestrian Detection, pp. 598—607. Springer-Verlag, Berlin, Heidelberg (2008)

[2] Felzenszwalb, P.F., McAllester, D.A., Ramanan, D.: A discriminatively trained, multiscale, deformable part model. In: CVPR
(2008)

[3] Felzenszwalb, P., Girshick, R., McAllester, D., Ramanan, D.: Object detection with discriminatively trained part-based models.
Pattern Analysis and Machine Intelligence, IEEE Transactions on 32(9), 1627-1645 (2010) G, | o e
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Practical Example — Detection + Recognition

Consider the following problem: Find and recognize two following lego kits
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Kn

o OpenCV 330

@ Open Source Computer Vision

Main Page l Related Pages I Modules | Namespaces v | Classes » | Files = ] Examples

Introduction

OpenCV (Open Source Computer Vision Library: http://opencv.org) is an open-source BSD-licensed library that includes several hundreds of computer vision
algorithms. The document describes the so-called OpenCV 2.x API, which is essentially a C++ API, as opposite to the C-based OpenCV 1.x API. The latter is
described in opencv1x.pdf.

OpenCV has a modular structure, which means that the package includes several shared or static libraries. The following modules are available:

Core functionality - a compact module defining basic data structures, including the dense multi-dimensional array Mat and basic functions used by all
other modules.

Image processing - an image processing module that includes linear and non-linear image filtering, geometrical image transformations (resize, affine
and perspective warping, generic table-based remapping), color space conversion, histograms, and so on.

video - a video analysis module that includes motion estimation, background subtraction, and object tracking algorithms.

calib3d - basic multiple-view geometry algorithms, single and stereo camera calibration, object pose estimation, stereo correspondence algorithms, and
elements of 3D reconstruction.

features2d - salient feature detectors, descriptors, and descriptor matchers.

objdetect - detection of objects and instances of the predefined classes (for example, faces, eyes, mugs, people, cars, and so on).

highgui - an easy-to-use interface to simple Ul capabilities.

Video /O - an easy-to-use interface to video capturing and video codecs.

gpu - GPU-accelerated algorithms from different OpenCV modules.

... some other helper modules, such as FLANN and Google test wrappers, Python bindings, and others.

The further chapters of the document describe functionality of each module. But first, make sure to get familiar with the common API concepts used
thoroughly in the library.

http://opencv.org/
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Do~ unpb wmKhpE
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n B

N, Detection step
HOG+SVM (OpenCV)

// Set up training data
int labels[4] = {1, -1, -1, -1};
Mat labelsMat(4, 1, CV_32SCl, labels);

float trainingData[4][2] = { {501, 1@}, {255, 1@}, {501, 255}, {10, 501} };
Mat trainingDataMat(4, 2, CV_32FC1l, trainingData);

// Set up SVM's parameters
SVM: :Params params;
params.svmType
params.kernelType
params.termCrit

SVM: :C_SVC;
SVM: :LINEAR;
TermCriteria(TermCriteria: :MAX_ITER, 108, le-6);

// Train the SVM
Ptr<SVM> svm = StatModel::train<SVM>(trainingDataMat, ROW_SAMPLE, labelsMat, params);

O
O O

i :
\\/ margQ

O O

Xy : X
https://docs.opencv.oré/?,.1.0/d1/d73/tutoria| introduction to svm.html

> >
L4 .~ >
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https://docs.opencv.org/3.1.0/d1/d73/tutorial_introduction_to_svm.html
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Negative Set

VSB TECHNICAL FACULTY OF ELECTRICAL DEPARTMENT
“ || UNIVERSITY | ENGINEERING AND COMPUTER | OF COMPUTER
1" oF osTrAvA | scTENCE SCIENCE



. Sliding Window
(detectMultiScale)

1 int blockSize = 16; e Block 2
2 int cellSize = 8; T
3 int strideSize = 8; \\

4 int winSize = 64;

5

6 //HOGDescriptor hog;

7 HOGDescriptor my_hog(

8 cv::Size(winSize,winSize), //winSize

9 cv::Size(blockSize,blockSize), //blocksize
10 cv::Size(strideSize,strideSize), //blockStride,
11 cv::Size(cellSize,cellSize), //cellSize, Cells
12 9, //nbins,
13 );
14
15 //SVM
16 Ptr<SVM> svm = StatModel::load<SVM>( classifierName ); cell histogram
17 std: :vector< float > hog_detector;
18 //get the support vectors A .
19 get_svm_detector( svm, hog_detector ); —
20 //set SVM
21 my_hog.setSVMDetector( hog_detector );

22

23 std::vector<Rect> positivesAll;

24 my_hog.detectMultiScale( frameGray, positivesAll, @, 123456789 00
25 Size(@,0), Size(@,0), 1.1, 4);

https://github.com/opencv/opencv/blob/master/samples/cpp/train HOG.cpp
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https://github.com/opencv/opencv/blob/master/samples/cpp/train_HOG.cpp
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Related Works

2006

l Ahonen at al.
(2006)
1300 cit. SCOPUS

. Zhang at al.
(2007)

Xiaohua at al.
(2009)

2009

Timo Ahonen, Student Member, IEEE, Abdenour Hadid,

and Mani Pietikiinen, Senior Member, IEEE

Face Detection Based on Multi-Block LBP
Representation
Lun Zhang. Rufeng Chu, Shiming Xiang, Shengeai Liao, Stan Z, Li
Center for Biometnes and Secunity Research & National Labomtory of Pattern Recognition

Institute of Automation, Chinese Academy of Sciences
95 Zhongguancun Donglu Beijing 100080, China

Face Description with Local Binary Patterns: |
Application to Face Recognition ,

8599 21 1({1]0
— 1 {Threshold ——
=54/ 54 86 > |
57112 13 1 00
Average gray-value
of Block: 7
:lﬁ»: -!r)l:r- -12%»- 0 0 |
o1 T Thresholding 1
r‘r“r' -r9r-1-tHr- 0 !
ot f-2a -} st 0 | |
[ | & i
Avernge MB-LBP: 00111100
gray-value

Face detection using simplified Gabor features and hierarchical regions

in a cascade of classifiers

Li Xiaohua*®, Kin-Man Lam"", Shen Lansun®, Zhou Jiliu®

* Department of Computer Scence, Schuan University, Chengifu 610064, Chine

"Centre for Signel Processing, Departinent of Electronie and fnformaetion Engineering The Hong Kong Polytechnic University, Hung Hom. Kowloon, Hoang Xong

 Sigrol and Information Processing Lab., Beifing Umversity of Technology, Beijing 100022, Chinn
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Object Detection (Analysis)
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LBP - Local Binary Patterns

 Were introduced by Ojala et al. for the texture analysis.

* The local binary patterns (LBP) were introduced by Ojala et al. [2, 3] for
the texture analysis. The main idea behind LBP is that the local image
structures (micro patterns such as lines, edges, spots, and flat areas)
can be effciently encoded by comparing every pixel with its neighboring
pixels. In the basic form, every pixel is compared with its neighbors in
the 3 x 3 region. The result of comparison is the 8-bit binary number
for each pixel; in the 8-bit binary number, the value 1 means that the
value of center pixel is greater than the neighbor and vice versa. The
histogram of these binary numbers (that are usually converted to
decimal) is then used to encode the appearance of region.

EEEEEEEEEEEEE
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LBP - Local Binary Patterns

The important properties of LBP are the resistance to the lighting changes
and a low computational complexity.

Duo to their properties, LBP were used in many detection tasks, especially
in facial image analysis [1, 4].

85 99 2ITh hold |
~ hresholc Binary: 11001011
= |54 54| 86 S E. - Decimal: 203

57| 12| 13 (10 O,;"
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LBP - Local Binary Patterns

[1] Ahonen, T., Hadid, A., Pietikainen, M.: Face description with local binary patterns: Application to face
recognition. Pattern Analysis and Machine Intelligence, IEEE Transactions on 28(12), 2037-2041 (2006)

[2] Ojala, T., Pietikainen, M., Harwood, D.: A comparative study of texture measures with classifcation based
on featured distributions. Pattern Recognition 29(1), 51-59 (Jan 1996), http://dx.doi.org/10.1016/0031-
3203(95)00067-4

[3] Ojala, T., Pietikainen, M., Maenpaa, T.: A generalized local binary pattern operator for multiresolution gray
scale and rotation invariant texture classifcation. In: Proceedings of the Second International Conference on
Advances in Pattern Recognition. pp. 397-406. ICAPR '01, Springer-Verlag, London, UK, UK (2001),
http://dl.acm.org/citation.cfm?id=646260.685274

[4] Ahonen, T., Hadid, A., Pietikainen, M.: Face recognition with local binary patterns. In: Pajdla, T., Matas, J.
(eds.) Computer Vision - ECCV 2004, Lecture Notes in Computer Science, vol. 3021, pp. 469—-481. Springer
Berlin Heidelberg (2004)
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LBP - Local Binary Patterns

* Robust to monotonic changes in illumination

https://docs.opencv.org/2.4/modules/contrib/doc/facerec/facerec_tutorial.html#local-binary-patterns-histograms
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LBP - Local Binary Patterns

example thresholded weights

II

LBP=1+16+t32+64+ 128= 241

Pattern= 11110001
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LBP - Local Binary Patterns

%
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P=8 R=1.0 P=12,R=25 P=16,R=4,0

Ojala T, Pietikdinen M & Maenpada T (2002) Multiresolution gray-scale and rotation invariant texture classification with
Local Binary Patterns. IEEE Transactions on Pattern Analysis and Machine Intelligence 24(7):971-987

VSB TE
H||| UNT
OF O




EVROPSKA UNIE f\/""?
Evropské strusdurdind a investén| fondy N/ I
Operagni program Vyzkum, vyvoj a vzdélévani

LBP - Local Binary Patterns

1. Sample 2. Difference 3. Threshold

1*1 + 1*2 + 1*4 + 1*8 + 0*16 + 0*32 + 0*64 + 0128 = .

Ojala T, Pietikdinen M & Maenpada T (2002) Multiresolution gray-scale and rotation invariant texture classification with
Local Binary Patterns. IEEE Transactions on Pattern Analysis and Machine Intelligence 24(7):971-987
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LBP - Local Binary Patterns

00 @9p¢ ‘Uniform’ patterns (P=8)
U=0 O O @ O
CpO @ g
000 0Ce 0®%¢ 0%¢ ©%°¢ 0%¢ 0%y
U=2 O @ O @ O @ O @ O @ © ®© @ @)
00 O0p0 00 0p0 O0p0 @0 @O
Examples of ‘nonuniform’ patterns (P=8)
el d'c 0 ®o o ®o
U=4 O O U=6 © O U=8 © O
OO OO O @O
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LBP - Local Binary Patterns

Spot/Flat  Line Edge Corner

https://docs.opencv.org/2.4/modules/contrib/doc/facerec/facerec_tutorial.html#local-binary-patterns-histograms
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LBP - Local Binary Patterns
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LBP - Local Binary Patterns

In [1], LBP were used for solving the face detection problem in low-resolution
images. In this approach, the 19 x 19 face images are divided into the 9
overlapping regions in which the LBP descriptors are computed. Additionally, the
LBP descriptors are extracted from the whole 19 x 19 image. The descriptors are
then used to create the feature vector, and the SVM classifer with a polynomial
kernel is used for the fnal classifcation.

[1] Hadid, A., Pietikainen, M., Ahonen, T.: A discriminative feature space for detecting and recognizing faces. In: Computer Vision and Pattern Recognition,
2004. CVPR 2004. Proceedings of the 2004 IEEE Computer Society Conference on. vol. 2, pp. 1I-797-11-804 Vol.2 (2004)
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LBP - Local Binary Patterns

S

Face image divided LEP histogram from Feature histogram LEF histogram from
into several blocks each block the whole imaee

>

[1] Hadid, A., Pietikainen, M., Ahonen, T.: A discriminative feature space for detecting and recognizing faces. In: Computer Vision and Pattern Recognition, 2004.

CVPR 2004. Proceedings of the 2004 IEEE Computer Society Conference on. vol. 2, pp. [I-797-11-804 Vol.2 (2004)
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LBP - Local Binary Patterns

Multi-block local binary patterns (MB-LBP) for face detection and recognition
were proposed in [1, 2]. In this method, the authors encode the rectangular
regions by the local binary pattern operator and the Gentle AdaBoost is used for
feature selection. Their results showed that MBLBP are more distinctive than the

Haar-like features and the original LBP features.

[1] Zhang, L., Chu, R., Xiang, S., Liao, S., Li, S.Z.: Face detection based on multi-block |bp representation. In: Proceedings of the
2007 international conference on Advances in Biometrics. pp. 11-18. ICB’07, Springer-Verlag, Berlin, Heidelberg (2007)

[2] Liao, S., Zhu, X,, Lei, Z., Zhang, L., Li, S.Z.: Learning multi-scale block local binary patterns for face recognition. In: ICB. pp.
828-837 (2007)
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[1] Zhang, L., Chu, R., Xiang, S., Liao, S., Li, S.Z.: Face detection based on multi-block |bp representation. In: Proceedings of the
2007 international conference on Advances in Biometrics. pp. 11-18. ICB’07, Springer-Verlag, Berlin, Heidelberg (2007)

[2] Liao, S., Zhu, X,, Lei, Z., Zhang, L., Li, S.Z.: Learning multi-scale block local binary patterns for face recognition. In: ICB. pp.
828-837 (2007)
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LBP - Local Binary Patterns

The paper of Tan and Triggs [2] proposed the face recognition method with
robust preprocessing based on the difference of Gaussian image filter combined
with LBP in which the binary LBP code is replaced by the ternary code to create
local ternary patterns (LTP).

LBP were also successfully used for the facial expression analysis. The coarse-
tofine classification scheme with LBP combined with the k-nearest neighbor
classifier that carries out the final classification was proposed in [1].

The comprehensive study of facial expression recognition using LBP was proposed
in [78], the survey of facial image analysis using LBP was presented in [38].

[1] Tan, X., Triggs, B.: Enhanced local texture feature sets for face recognition under diffcult lighting conditions. Image Processing, |IEEE Transactions on 19(6), 1635—-1650 (2010)

[2] Feng, X., Hadid, A., Pietikainen, M.: A coarse-to-fne classifcation scheme for facial expression recognition. In: Campilho, A., Kamel, M. (eds.) Image Analysis and Recognition. Lecture Notes
in Computer Science, vol. 3212, pp. 668—675. Springer Berlin Heidelberg (2004)

[3] Shan, C., Gong, S., McOwan, P.W.: Facial expression recognition based on local binary patterns: A comprehensive study. Image Vision Comput. 27(6), 803-816 (May 2009)

[4] Huang, D., Shan, C., Ardabilian, M., Wang, Y., Chen, L.: Local binary patterns and its application to facial image analysis: A survey. Systems, Man, and Cybernetics, Part C: Applications and
Reviews, IEEE Transactions on 41(6), 765-781 (Nov 2011) i vesszry
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"= Haar

__ Traditional Approaches
* HOG

= LBP

= SIFT, SURF } KeyPoints

= CNNs Deep Learning Approach
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KeyPoints

The most of the previously mentioned methods for object description were
based on the fact that the descriptors were extracted over the whole image
(sliding window) that was usually divided into the overlap or non-overlap
regions. Inside these regions, the descriptors were calculated and combined to
the final feature vector that was used as an input for the classifier.

In this lecture, we present the state-of-the-art descriptors that are based on

the fact that the regions (within which the descriptors are extracted) are
selected using the keypoint detectors.

EEEEEEEEEEEEE



KeyPoints - SIFT

One of the most popular descriptors based on the interest points was
proposed by David Lowe [1, 2, 3]. The method is called scale invariant feature
transform (SIFT).

The idea of the SIFT descriptor is that the interesting points (keypoints) of the
objects can be extracted to provide the key information about the objects. The
gradient magnitude and orientation are computed around the keypoint
location; the histograms are then summarized over subregions (see following
image). The keypoints are extracted from the reference image (that contains
the object of interest) and also from the target image (that possibly contains
the object of interest). The extracted keypoints are matched to find similarity
between the images.

VSB TECHNICAL
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Key Points - SIFT

~ :
t] 5[ T] 7 “I'N An example of SIFT
NEEEUEE Ewé keypoint descriptor in which
'4
4

the gradient orientation
and gradient magnitude

around each interest point
are used [3].
e ] ]l

Image gradients Keypoint descriptor

/
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[1] Brown, M., Lowe, D.: Invariant features from interest point groups. In: In British Machine Vision Conference. pp. 656—665
(2002)

[2] Lowe, D.: Object recognition from local scale-invariant features. In: Computer Vision, 1999. The Proceedings of the
Seventh IEEE International Conference on. vol. 2, pp. 1150-1157 vol.2 (1999)

[3] Lowe, D.G.: Distinctive image features from scale-invariant keypoints. Int. J. Comput. Vision 60(2), 91-110 (Nov 2004),
http://dx.doi.org/10.1023/B: VISI.0000029664.99615.94
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KeyPOII 1ts - SURF

The speeded up robust feature (SURF) descriptor by Bay et al. [1, 2] is also one
of the widely used keypoint descriptors. In this method, the Hessian matrix-
based measure is used to find the points of interest. The sum of the Haar-
wavelet responses within the neighborhood of interest point is calculated. The

authors also use the fast calculation via the integral image thanks to which
SURF is faster than SIFT.

[1] Bay, H., Tuytelaars, T., Gool, L.J.V.: Surf: Speeded up robust features. In: ECCV (1). pp. 404-417 (2006)

[2] Bay, H., Ess, A., Tuytelaars, T., Van Gool, L.: Speeded-up robust features (surf). Comput. Vis. Image Underst. 110(3), 346—
359 (Jun 2008)
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KeyPoints — BRIEF/ORB

A very fast method called binary robust independent elementary features
(BRIEF) was proposed by Calonder et al. [1]. The authors reported that the
method outperforms SURF in the term of speed, and the recognition rate in
many cases. In BRIEF, a binary string that contains the results of intensity
differences of pixels are used and the descriptor similarity is evaluated using
the Hamming distance. In [2], the authors proposed another binary descriptor
with rotation and noise invariant properties called oriented fast and rotated
BRIEF (ORB).

[1] Calonder, M., Lepetit, V., Strecha, C., Fua, P.: Brief: binary robust independent elementary features. In: Proceedings of
the 11th European conference on Computer vision: Part IV. pp. 778-792. ECCV’10, Springer-Verlag, Berlin, Heidelberg
(2010)

[2] Rublee, E., Rabaud, V., Konolige, K., Bradski, G.: Orb: An effcient alternative to sift or surf. In: Computer Vision (ICCV),
2011 IEEE International Conference on. pp. 2564-2571 (2011) =



KeyPoints — BRISK

Leutenegger et al. [1] proposed binary robust invariant scalable keypoints
(BRISK). The method provides both scale and rotation invariance. BRISK is a
binary descriptor like BRIEF and ORB, it means that the binary string that
represents a region around the keypoint is composed. In BRISK, a concentric
circle pattern of points near to the keypoint is used (see following image). In
this pattern, the blue circles represent the sampling locations and Gaussian
blurring is computed to be less sensitive to noise; the radius of red circles
denotes a standard deviation of blurring kernel. The standard deviation of the
Gaussian kernel is increased with the increasing distance from the feature
center to avoid aliasing effects. The final descriptor is determined by the
comparison of sample points.
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KeyPoints — BRISK

BRISK sampling pattern [1]

[1] Leutenegger, S., Chli, M., Siegwart, R.: Brisk: Binary robust invariant scalable keypoints. In: Computer Vision (ICCV), 2011
IEEE International Conference on. pp. 2548-2555 (2011)
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KeyPo Ints — FREAK

In [1], the authors proposed the fast retina keypoint (FREAK) descriptor that also
uses the binary strings. The method is biologically inspired by a human visual
system; more exactly by the retina. In this paper, the authors proposed a retinal
sampling pattern; The following image shows the topology of this pattern. The
pattern is divided into the areas (foveal, fovea, parafoveal, and perifoveal) similar
to the human retina. In this pattern, the pixels are overlapped and concentrated
near to the center. The binary strings is computed by comparing the point pairs of
image intensities within the pattern.

[1] Alahi, A., Ortiz, R., Vandergheynst, P.: FREAK: Fast Retina Keypoint. In: IEEE Conference on Computer Vision and Pattern
Recognition. IEEE Conference on Computer Vision and Pattern Recognition, leee, New York (2012) . .. |
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KeyPoints — FREAK

FREAK sampling pattern [1]

[1] Alahi, A., Ortiz, R., Vandergheynst, P.: FREAK: Fast Retina Keypoint. In: IEEE Conference on Computer Vision and Pattern
Recognition. IEEE Conference on Computer Vision and Pattern Recognition, leee, New York (2012)
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KeyPoints - Example

The goal is to find image KeyPoints that are invariant in the terms of scale,
orientation, position, illumination, partially occlusion.

TRICAL
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KeyPoints - Example

https://docs.opencv.org/3.1.0/d5/d6f/tutorial feature flann matcher.html VS5 TECHNICAL | FaCu!
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CNNs — Main Steps (LeNet)
1. Convolution
2. Non Linearity (ReLU)
3. Pooling or Sub Sampling

4. Classification (Fully Connected Layer)

Convolution . .
Poolin Convolution .
Input Image + RelU 8 Pooling Fully Connected
: + RelLU
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L cat (0.04)
¥ b 0.94
'D o;itrf:i (0.(;2)
m 1 .
- 0
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K 1. Convolution

Mask/Filter

Input Image
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https://ujjwalkarn.me/2016/08/11/intuitive-explanation-convnets/
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1. Convolution
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* Before training, we have many filters/kernels
e Filter values are randomized

e Depth of this conv. layer corresponds to the
number of filters we use for the convolution

operation

« The filters are learned during the training
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SRt OR 2. Non Linearity (RelLU)

 RelU is used after every Convolution operation
The goal of this step is to replace all negative pixels by zero in

the feature map
Rectified Feature Map

Input Feature Map
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( Subsampling or downsampling )

 The goal of this step is to reduce the dimensionality of
each feature map but preserve important informations

 QOperations: e.g. Sum, Average, Max

Convolution Pooling Convolution Pooling Fully Fully Output Predictions
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- e ML 3. Poolin g
( Subsampling or downsampling )

e Common way is a pooling layer with filters of size 2x2
applied with a stride of 2

Single depth slice
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max pool with 2x2 filters
and stride 2 6 | 8

 J
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( Subsampling or downsampling )

e Common way is a pooling layer with filters of size 2x2
applied with a stride of 2

| Pooling
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Rectified Feature Map
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e Convolution layers and Pooling layers can be repeated any number
of times in a single ConvNet.

RELU RELU RELU RELU RELU RELU
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O 4. Classification
| |

* Multi Layer Perceptron

* The number of filters, filter sizes, architecture of the network etc.
are fixed and do not change during training process.

* Only the values of the filter matrix and connection weights get

updated.
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LeNet (1990s)
AlexNet (2012)

ZF NET (2013)
GooglLeNet (2014)
VGGNet (2014)
ResNets (2015)

DenseNet (2016)

https://ujjwalkarn.me/2016/08/11/intuitive-explanation-convnets/

CovNet Architectures
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Phib C++ Library

Custom Search

Dlib http://dlib.net

The Library
Algorithms
AP1 Wrappers
Bayesian Nets
Compression
Containers
Graph Tools
Image Processing
Linear Algebra
Machine Leaming
Metaprogramming
Miscellaneous
Networking
Optimization
Parsing

Help/Info
Dlib Blog
#Examples: C++
®Examples: Python
FAQ
Home
How to compile
How to contribute
Index
Introduction
License
Python API

http://dlib.net

Machine Learning

Machine Learning Guide

Dlib contains a wide range of machine learning
algorithms. All designed to be highly modular, quick to
execute, and simple to use via a clean and modern C++
API. It is used in a wide range of applications including
robotics, embedded devices, mobile phones, and large
high performance computing environments. If you use
dlib in your research please cite:

Primarv Algorithms

Binary Classification
rvm_trainer
svm_c_ekm_trainer
svm_c_linear_dcd_trainer
svm_c_linear_trainer
svm_c_trainer
svm_nu_trainer
SVM_pegasos
train_probabilistic_decision_function

Multiclass Classification
one_vs_all_trainer
one_vs_one_trainer
svm_multiclass_linear_trainer

Regression
kris
krr_trainer
mip
rbf_network_trainer
ris
r_trainer
rvm_regression_trainer
svr_linear_trainer
svr_trainer
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Recognition step CNNs
| | (Dlib)
using net _type = loss multiclass log«<

fc<10,

relu<fc<84,

relu<fc<120,
max_pool<2,2,2,2,relu<con<16,5,5,1,1,
max_pool<2,2,2,2,relu<con<6,5,5,1,1,
input<matrix<unsigned char>>
55535533335

http://dlib.net/dnn introduction ex.cpp.html
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Recognition step CNNs
(Dlib)

using net _type = loss multiclass log<
fc<10,
relu<fc<84,
relu<fc<120,
max_pool<2,2,2,2,relu<con<16,5,5,1,1,
max_pool<2,2,2,2,relu<con<6,5,5,1,1,
input<matrix<unsigned char>>
13553 HS IS DA

Convolution Pooling Convolution

Input Image

+ RelLU + RelU Pooling  Fully Connected

dog (0.01)
cat (0.04)
boat (0.94)
bird (0.02)
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T e Recognition step CNNs
(Dlib)

using net_type = loss multiclass log<
fc<10,
relu<fc<84,
relu<fc<120,
max_pool<2,2,2,2,relu<con<16,5,5,1,1,
max pool<2,2,2,2,relu<con<6,5,5,1,1,

Input Image input<matrix<unsigned char>>
DO5>555555>>;
Convolution . .
Input Image Pooling Convolution

+ RelLU Pooling  Fully Connected

+ RelLU

dog (0.01)
cat (0.04)
boat (0.94)
bird (0.02)

_HtTo

http://dlib.net/dnn introduction ex.cpp.html
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using net _type = loss multiclass log«<

Input Image

ooling Convolution

Recognition step CNNs
(Dlib)

fc<10,

relu<fc<84,

relu<fc<120,
max_pool<2,2,2,2,relu<con<16,5,5,1,1,
max_pool<2,2,2,2,
input<matrix<unsigned char>>
SOIIEDION PG

Pooling Fully Connected

http://dlib.net/dnn introduction ex.cpp.html

+ RelLU
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dog (0.01)
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oat (0.
= im bird (0.02)
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using net _type = loss multiclass log<

Recognition step CNNs
(Dlib)

fc<10,
relu<fc<84,
relu<fc<120,
max pool<2,2,2,2,relu<con<16,5,5,1,1,

MAX POOLING max pool<2 25232 relu<con<6,5,5,1,1,

2x2 window input<matrix<unsigned char>>
Inout Image Convolution Pooling Convolution .
P g + RelLU Pooling Fully Connected

+ RelLU

dog (0.01)

cat (0.04)
boat (0.94)

b -

.00

http://dlib.net/dnn introduction ex.cpp.html
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(Dlib)

using net _type = loss multiclass log«<
fc<10,
relu<fc<84,
relu<fc<120,
max_pool«2,2,2,2,relu<con<6,5,5,1,1,
input<matrix<unsigned char>>

255 PSS D D0

Convolution
+ RelLU

Input Image Pooling

ooling Fully Connected

dog (0.01)

cat (0.04)

boat (0.94)
bird (0.02)

http://dlib.net/dnn introduction ex.cpp.html
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Bl =, Recognition step CNNs
(Dlib)

using net _type = loss multiclass log<
fc<10,
relu<fc<84,
relu<fc<120,
max pool<2 i 2 relu<con<16,5,5,1,1,
MAX POOLING max_pool<2,2,2,2,relu<con<6,5,5,1,1,
2x2 window input<matrix<unsigned char>>

2Xx2 stride SOHIBRIOIB PG

Convolution
+ RelLU

Pooling Convolution
+ RelU

Input Image

Pooling Fully Connected

dog (0.01)
cat (0.04)
boat (0.94)
bird (0.02)

b -

.00

http://dlib.net/dnn introduction ex.cpp.html
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Recognition step CNNs

using net_type = loss_multiclass log«< ([)Ilt))

max_pool<2,2,2,2,relu<con<16,5,5,1,1,
max_pool«2,2,2,2,relu<con<6,5,5,1,1,
input<matrix<unsigned char>>

255 PSS D D0

Convolution , :
Input Image Pooling Convolution .
+ RelLU + RelU Pooling
fO
-_ :-*.‘---
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B =, Recognition step CNNs
// network instance (Dl | b)

net_type net;

// mini-batch stochastic gradient descent

//dnn_trainer<net_type> trainer(net, sgd(), {0,1}); //{0,1} - will use two GPU
dnn_trainer<net_type> trainer(net);

trainer.set_learning_rate(0.01);

trainer.set_min_learning_rate(0.0001);

trainer.set_mini_batch_size(160);
trainer.set_iterations_without_progress_threshold(500);
trainer.set_max_num_epochs(100);

12 trainer.be_verbose();

W 00 ~1 O N B W N

(IR Y
= O

13 //train
14 trainer.train(train_images, train_labels);
15 // save

16  serialize("LeNet.dat") << net;

http://dlib.net/dnn introduction ex.cpp.html
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Bl =, Recognition step CNNs
(Dlib)

//Load image using OpenCV

Mat frame;

frame = imread( "my_img.png", 1);
cvtColor( frame, frame, COLOR_BGR2GRAY );
medianBlur(frame, frame, 5);

//OpenCV Mat to Dlib
cv_image<unsigned char> cimg(frame);
matrix<unsigned char> dlibFrame = dlib::mat(cimg);

W 00 ~ O U b W KN =

R
= O

//prediction using CNN
unsigned long predict_label = net(frame);

=
()

http://dlib.net/dnn introduction ex.cpp.html
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 LeNet (1990s)
 AlexNet (2012)
 ZF Net (2013)

* VGGNet (2014)
 GoogleNet (2014)
* ResNets (2015)

 DenseNet (2017)

https://ujjwalkarn.me/2016/08/11/intuitive-explanation-convnets/

CovNet Architectures


https://ujjwalkarn.me/2016/08/11/intuitive-explanation-convnets/

i e ST & :
B = CovNet Architectures

2012
* ImageNet Database and competition

 http://image-net.org/challenges/LSVRC/2012/

e http://Iwww.image-net.orqg/

: 0.28 | © ILSVRC 2010

 http://image-net.org/challenges/LSVRC/2012/ilsvrc2012.pdf

o

ILSVRC 2011 -~

07 0s o9

# Submissions

ILSVRC 2012

https://en.wikipedia.org/wiki/ImageNet

DEPARTMENT


http://image-net.org/challenges/LSVRC/2012/
http://www.image-net.org/
http://image-net.org/challenges/LSVRC/2012/ilsvrc2012.pdf
https://en.wikipedia.org/wiki/ImageNet

EVROPSKA UNIE f\\/%
Oporatnt peogram Vikumn.vfvo & vesbliod hedd
£l AlexNet - 2012
« similar architecture as LeNet but deeper (5 convolutional, 3 fully-connected)

» 1000 different classes (e.g. cats, dogs etc.)

ENy
P 3 LA ———-7 N\ 2
. 3 a
53 55 158 2048 2048 \dense
13 13
j{ ... B
J ]l g
= . 13 dense | |[dense
1000
192 192 128 Max | |
- _ Max pooling 2048 2048
pooling pooling

a8

Figure 2: An illustration of the architecture of our CNN, explicitly showing the delineation of responsibilities
between the two GPUs. One GPU runs the layer-parts at the top of the figure while the other runs the layer-parts
at the bottom. The GPUs communicate only at certain layers. The network’s input is 150,528-dimensional, and
the number of neurons in the network’s remaining layers is given by 253,440-186,624—64,896-64,896—43,264—
4096-4096-1000.

Krizhevsky, Alex & Sutskever, llya & Hinton, Geoffrey. (2012). ImageNet Classification with Deep Convolutional Neural Networks. Neural Information Processing Systems. 25.
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Sl AlexNet - 2012

* 5-6 days to train on two GTX 580 GPUs (90 epochs)
* Image augmentation (flip, color changes, ..)
* Dropout

227 3
CONV Overlapping Overlapping
11x11, Max POOL CONV Max POOL - CONV
stride=4, 96 3x3, o6/ =2 5x5.pad=2 3x3, 3x3,pad=1
96 kernels stride=2 256 kernels 4 stride=2 384 kernels
;| Ykl » » »
' | 27+2°2-5)/1 § 27-3)2 41 4 13+2°1-3)11
1 l (227-11)/4 +1 (55-3)2+1 § (ﬂ 127 ) (=13) e (,1 ’:13 )
:“11"* =55 =27 13
227
Overlapping O O
CONV <74 CONV Max POOL
3x3,pad=1 384 4 28 3x3 pad=1 — A 3x3, O
384 kernels ; 256 kernels stride=2
(13+2°1-3)1 (13+2°1-3)1 (13-3)/2 +1,44 / FC . FC . :
+1 =13 +1 =13 L =6 A - -
6 Q| O I©
6
i 9216 O O 1000
Softmax

4096 4096

https://www.learnopencv.com/understanding-alexnet/
https://medium.com/@RaghavPrabhu/cnn-architectures-lenet-alexnet-vgg-googlenet-and-resnet-7¢81c017b848
Krizhevsky, Alex & Sutskever, llya & Hinton, Geoffrey. (2012). ImageNet Classification with Deep Convolutional Neural Networks. Neural Information Processing Systems. 25.
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AlexNet - 2012

FC (1000)
t
FC (4096)
FC (4096)
3 x 3 MaxPool, stride 2
FC (10) 3 x 3 Conv (384), pad 1
FC (84) 3 x 3 Conv (384), pad 1
FC (120) 3 x 3 Conv (384), pad 1
2 x 2 AvgPool, stride 2 3 x 3 MaxPool, stride 2
5x 5 Conv (16) 5x 5 Conv (256), pad 2
i t
2 x 2 AvgPool, stride 2 3 x 3 MaxPool, stride 2
| t
5x 5 Conv (6), pad 2 11 x 11 Conv (96), stride 4
Image (28 x 28) Image (3 x 224 x 224)

http://d2l.ai/chapter convolutional-modern/alexnet.html

Krizhevsky, Alex & Sutskever, llya & Hinton, Geoffrey. (2012). ImageNet Classification with Deep Convolutional Neural Networks. Neural Information Processing Systems. 25.
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AlexNet - 2012

FC (1000)
t
FC (4096)
FC (4096)
3 x 3 MaxPool, stride 2
FC (10) 3 x 3 Conv (384), pad 1
fc<1eo, FC (84) 3 x 3 Conv (384), pad 1
relu<fc<84, FC (120) 3 x 3 Conv (384), pad 1
r‘elu(fc(lZ@, 2 x 2 AvgPoal, stride 2 3 % 3 MaxPool, stride 2
max_pool<2,2,2,2,relu<con<16,5,5,1,1,[  SxSConv(16) el Sy (e 2]
i 1
max_pool<2,2,2,2,relu<con<6,5,5,1,1, L= XZAVQP;’O" Al e Maxp:”" §iride 2
R . . 5x 5 Conv (6), pad 2 11 x 11 Conv (96), stride 4
input<matrix<unsigned char>> 1{ AL 1‘( )
Image (28 x 28) Image (3 x 224 x 224)

http://d2l.ai/chapter convolutional-modern/alexnet.html

Krizhevsky, Alex & Sutskever, llya & Hinton, Geoffrey. (2012). ImageNet Classification with Deep Convolutional Neural Networks. Neural Information Processing Systems. 25.
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FC (1000)
f
FC (4096)
f
FC (4096)
{
3 x 3 MaxPool, stride 2
f
FC (10) 3% 3 Conv (384), pad 1
fc<1o, t t
FC (84) 3 x 3 Conv (384), pad 1
relu<fc<g4, f i
FC (120) 3 x 3 Conv (384), pad 1
1 f
relu<fc<120, 2 x 2 AvgPool, stride 2 3 x 3 MaxPool, stride 2
t {
max_pool<2,2,2,2,relu<con<16,5,5,1,1, 5% 5 Conv (16) 5x 5 Conv (256), pad 2
t t
2 x 2 AvgPool, stride 2 3 x 3 MaxPool, stride 2
max_pool<2,2,2,2,relu<con<6,5,5,1,1, -~ T 7
5x 5 Conv (6), pad 2 11 x 11 Conv (96), stride 4
input<matrix<unsigned char>> f 7
Image (28 x 28) Image (3 x 224 x 224) input<matrix<unsigned char>>

http://d2l.ai/chapter_convolutional-modern/alexnet.html
Krizhevsky, Alex & Sutskever, llya & Hinton, Geoffrey. (2012). ImageNet Classification with Deep Convolutional Neural Networks. Neural Information Processing Systems. 25.
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FC (1000)
{
FC (4096)
.r
FC (4096)
{
3 x 3 MaxPool, stride 2
T
FC (10) 3 x 3 Conv (384), pad 1
fc<10, t t
FC (84) 3x 3 Conv (384), pad 1
relu<fc<g4, f i
FC (120) 3 % 3 Conv (384), pad 1
t {
relu<fc<120, 2 x 2 AvgPool, stride 2 3 x 3 MaxPool, stride 2
t {
max_pool<2,2,2,2,relu<con<16,5,5,1,1, 5% 5 Conv (16) 5x 5 Conv (256), pad 2
t
2 x 2 AvgPool, stride 2
max_pool<2,2,2,2,relu<con<6,5,5,1,1, z Vg;m s
5 %5 Conv (6], pad 2 11 11 Con (96), atride 4 max_pool<3,3,2,2,relu<con<96,11,11,4,4,
input<matrix<unsigned char>> f 7
Image (28 x 28) Image (3 x 224 x 224) input<matrix<unsigned char>>
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FC (1000)
{
FC (4096)
.r
FC (4096)
{
3 x 3 MaxPool, stride 2
{
FC (10) 3 x 3 Conv (384), pad 1
fc<10, t t
FC (84) 3 x 3 Conv (384), pad 1
relu<fc<g4, f i
FC (120) 3 % 3 Conv (384), pad 1
t
relu<fc<120, 2 x 2 AvgPool, stride 2
t
max_pool<2,2,2,2,relu<con<16,5,5,1,1, 5x 5 Conv (16) 5x 5 Conv (256), pad 2
t max_pool<3,3,2,2,relu<con<256,5,5,1,1,
2 x 2 AvgPool, stride 2
max_pool<2,2,2,2,relu<con<6,5,5,1,1, s :D’St"da
5 %5 Conv (6], pad 2 11 11 Con (96), atride 4 max_pool<3,3,2,2,relu<con<96,11,11,4,4,
input<matrix<unsigned char>> f .
Image (28 x 28) Image (3 x 224 x 224) input<matrix<unsigned char>>
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fc<10,

relu<fc<g4,

relu<fc<120,
max_pool<2,2,2,2,relu<con<16,5,5,1,1,
max_pool<2,2,2,2,relu<con<6,5,5,1,1,

input<matrix<unsigned char>>

http://d2l.ai/chapter convolutional-modern/alexnet.html

Krizhevsky, Alex & Sutskever, llya & Hinton, Geoffrey. (2012). ImageNet Classification with Deep Convolutional Neural Networks. Neural Information Processing Systems. 25.
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AlexNet - 2012

FC (1000)

t

FC (4096)

t

FC (4096)

FC (10) 3% 3 Conv (384), pad 1
t t

FC (84) 3% 3 Conv (384), pad 1
t

FC (120)

5x 5 Conv (16)

5 x 5 Conv (6), pad 2

t

Image (28 x 28)

Image (3 x 224 x 224)

relu<con<384,3,3,1,1,
max_pool<3,3,2,2,relu<con<256,5,5,1,1,
max_pool<3,3,2,2,relu<con<96,11,11,4,4,

input<matrix<unsigned char>>

FACULTY OF ELECTRICAL DEPARTMENT
ENGINEERING AND COMPUTER | OF COMPUTER
SCIENCE SCIENCE

VSB TECHNICAL
il || UNIVERSITY
1" oF osTRAVA



http://d2l.ai/chapter_convolutional-modern/alexnet.html

gmmmmlw ’Xﬁl'
D T O AlexNet - 2012

FC (1000)

t

FC (4096)

t

FC (4096)

FC (10) 3 x 3 Conv (384), pad 1
fc<10, t

FC (84)
relu<fc<g4, f

FC (120) relu<con<384,3,3,1,1,

relu<fc<120,

relu<con<384,3,3,1,1,

max_pool<2,2,2,2,relu<con<16,5,5,1,1, 5x 5 Conv (16)

max_pool<3,3,2,2,relu<con<256,5,5,1,1,

max_pool<2,2,2,2,relu<con<6,5,5,1,1,

5 x 5 Conv (6), pad 2 max_pool<3,3,2,2,relu<con<96,11,11,4,4,
input<matrix<unsigned char>> [
Image (28 x 28) Image (3 x 224 x 224) input<matrix<unsigned char>>

http://d2l.ai/chapter_convolutional-modern/alexnet.html
Krizhevsky, Alex & Sutskever, llya & Hinton, Geoffrey. (2012). ImageNet Classification with Deep Convolutional Neural Networks. Neural Information Processing Systems. 25.
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FC (1000)

t

FC (4096)

t

FC (4096)

FC (10)
fc<10 !
’ —— relu<con<384,3,3,1,1,
relu<fc<gs, f
FC (120 relu<con<384,3,3,1,1,

relu<fc<120,

relu<con<384,3,3,1,1,

max_pool<2,2,2,2,relu<con<16,5,5,1,1, 5x 5 Conv (16)

max_pool<3,3,2,2,relu<con<256,5,5,1,1,

max_pool<2,2,2,2,relu<con<6,5,5,1,1,

5 %5 Conv (6], pad 2 max_pool<3,3,2,2,relu<con<96,11,11,4,4,
input<matrix<unsigned char>> f
Image (28 x 28) Image (3 x 224 x 224) input<matrix<unsigned char>>
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FC (1000)

t

FC (4096)

t

FC (4096)

max_pool<3,3,2,2,

FC (10)
fc<10
R F.:;T(w relu<con<384,3,3,1,1,
relu<fc<gs, f
FC (120 relu<con<384,3,3,1,1,

relu<fc<120,

relu<con<384,3,3,1,1,

max_pool<2,2,2,2,relu<con<16,5,5,1,1, 5x 5 Conv (16)

max_pool<3,3,2,2,relu<con<256,5,5,1,1,

max_pool<2,2,2,2,relu<con<6,5,5,1,1,

5 %5 Conv (6], pad 2 max_pool<3,3,2,2,relu<con<96,11,11,4,4,
input<matrix<unsigned char>> f
Image (28 x 28) Image (3 x 224 x 224) input<matrix<unsigned char>>
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FC (1000)

t

FC (4096)

!

FC (4096)

dropout<relu<fc<4096,

max_pool<3,3,2,2,

FC (10)
fc<10
R F.:;T(w relu<con<384,3,3,1,1,
relu<fc<gs, f
FC (120 relu<con<384,3,3,1,1,

relu<fc<120,

relu<con<384,3,3,1,1,

max_pool<2,2,2,2,relu<con<16,5,5,1,1, 5x 5 Conv (16)

max_pool<3,3,2,2,relu<con<256,5,5,1,1,

max_pool<2,2,2,2,relu<con<6,5,5,1,1,

5 x 5 Conv (6), pad 2 max_pool<3,3,2,2,relu<con<96,11,11,4,4,
input<matrix<unsigned char>> [
Image (28 x 28) Image (3 x 224 x 224) input<matrix<unsigned char>>
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FC (1000)

f

FCﬁmm dropout<relu<fc<4096,
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http://d2l.ai/chapter_convolutional-modern/alexnet.html
Krizhevsky, Alex & Sutskever, llya & Hinton, Geoffrey. (2012). ImageNet Classification with Deep Convolutional Neural Networks. Neural Information Processing Systems. 25.
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DROPOUT

* in some situations, the model is larger than we need — the model can be modified manually or using dropout technigue
e drop out some neurons during training to avoid overfitting
* randomly dropping out neurons

* neuron is dropped from the network with a probability of 0.5

Before dropout After dropout

Geoffrey E. Hinton, Nitish Srivastava, Alex Krizhevsky, Ilya Sutskever, Ruslan Salakhutdinov: Improving neural networks by preventing co-adaptation of feature detectors. CoRR abs/1207.0580 (2012)
https://www.learnopencv.com/understanding-alexnet/

http://d2l.ai/chapter_multilayer-perceptrons/dropout.html#sec-dropout

Krizhevsky, Alex & Sutskever, llya & Hinton, Geoffrey. (2012). ImageNet Classification with Deep Convolutional Neural Networks. Neural Information Processing Systems. 25.
10.1145/3065386. I oniversary | 4
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https://www.learnopencv.com/understanding-alexnet/

http://d2l.ai/chapter_multilayer-perceptrons/dropout.html#sec-dropout
Krizhevsky, Alex & Sutskever, llya & Hinton, Geoffrey. (2012). ImageNet Classification with Deep Convolutional Neural Networks. Neural Information Processing Systems. 25.
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ReLU (Rectified Linear Unit)

AlexNet - 2012

Tanh RelU
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https://www.learnopencv.com/understanding-alexnet/

http://d2l.ai/chapter multilayer-perceptrons/dropout.html#sec-dropout
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Figure 1: A four-layer convolutional neural
network with ReLLUs (solid line) reaches a 25%
training error rate on CIFAR-10 six times faster
than an equivalent network with tanh neurons
(dashed line). The learning rates for each net-
work were chosen independently to make train-
ing as fast as possible. No regularization of
any kind was employed. The magnitude of the
effect demonstrated here varies with network
architecture, but networks with ReLUs consis-
tently learn several times faster than equivalents
with saturating neurons.

Krizhevsky, Alex & Sutskever, llya & Hinton, Geoffrey. (2012). ImageNet Classification with Deep Convolutional Neural Networks. Neural Information Processing Systems. 25.

10.1145/3065386.
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 LeNet (1990s)
* AlexNet (2012)
* ZF Net (2013)
* VGGNet (2014)
 GoogleNet (2014)
* ResNets (2015)

 DenseNet (2017)

CovNet Architectures
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* http://image-net.org/challenges/LSVRC/2013/

* http://www.image-net.org/challenges/LSVRC/2013/slides/ILSVRC2013 12 7 13 clsloc.pdf

ILSVRC over the years
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https://adeshpande3.github.io/The-9-Deep-Learning-Papers-You-Need-To-Know-About.html
Matthew D. Zeiler, Rob Fergus: Visualizing and Understanding Convolutional Networks ﬁﬁ s
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http://image-net.org/challenges/LSVRC/2013/
http://www.image-net.org/challenges/LSVRC/2013/slides/ILSVRC2013_12_7_13_clsloc.pdf
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e Similar architecture to AlexNet

e 11x11 vs. 7x7 filters in the first layer

* Number of filters is increasing

e Visualization of features - Deconvolutional Network

image size 224 110

filter size 7

istride 2

3x3 max pool
stride 2

~

Layer 1

Input Image

Figure 3. Architecture of our 8 layer convnet model. A 224 by 224 crop of an image (with 3 color planes) is presented as

ZFNet

- 13 . -
|
384 1 .\3.84 7\2‘56 M
3x3 max C
pool 4096| | 4096 class
stride 2 units| | units| [ softmax
: 256 || I
Layer 2 Layer 3 Layer 4 Layer 5 Layer6 Layer?7 Output

the input. This is convolved with 96 different 1st layer filters (red), each of size 7 by 7, using a stride of 2 in both x and y.

The resulting feature maps are then: (i) passed through a rectified linear function (not shown), (ii) pooled (max within
3x3 regions, using stride 2) and (iii) contrast normalized across feature maps to give 96 different 55 by 55 element feature

maps. Similar operations are repeated in layers 2,3,4,5. The last two layers are fully connected, taking features from

the top convolutional layer as input in vector form (6 - 6 - 256 = 9216 dimensions). The final layer is a C-way softmax

function, C' being the number of classes. All filters and feature maps are square in shape.

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

Matthew D. Zeiler, Rob Fergus: Visualizing and Understanding Convolutional Networks
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First Layers - low level feature detector (edge detector, circular features)

~w
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https://adeshpande3.github.io/The-9-Deep-Learning-Papers-You-Need-To-Know-About.html
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Deep Layers - higher level features such as dogs faces or flowers
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Deep Layers - higher level features such as dogs faces or flowers
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 LeNet (1990s)

* AlexNet (2012)
 ZF Net (2013)

* VGGNet (2014)
 GoogleNet (2014)
* ResNets (2015)

 DenseNet (2017)

CovNet Architectures
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* ImageNet Challenge http://www.image-net.org/challenges/LSVRC/2014/

* http://www.image-net.org/challenges/LSVRC/2014/results

* lIdea:
e stack the convolutional layers with increasing filter sizes
* 3 x 3 filter size stride of 1
* MaxPooling 2 x 2 stride of 2

VGG Block

Dropout, MaxPooling, RelLu

* On asystem equipped with four NVIDIA Titan Black GPUs, training a single net took 2—3 weeks depending on the architecture

http://d2l.ai/chapter_convolutional-modern/vgg.html https://arxiv.org/pdf/1409.1556v6.pdf
Simonyan, K., & Zisserman, A. (2014). Very deep convolutional networks for large-scale image recognition. arXiv preprint arXiv:1409.1556. VS8 TECHNICAL | FACU
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CONV = 3 x 3 filter, s=1, same MAX-POOL =2 x 2, s=2

v
P 224X 224X 64 - p 112x112x64 — P 112x112x128 — p 56 x56 % 128
[CONV 64] POOL [CONV 128] POOL
X2 X 2
224 X 224 x 3
| ! | '
P 56X56%X256 — P 28%x28%X 256 ——P 28X28X 512 ———Pp 14X 14 x 512
[CONV 256] POOL [CONV 512] POOL
X3 X3
——p 14x14%x512 ———Pp Tx7%512 ———p FC ——p FC ———p Softmax
[CONV 512] POOL 4096 4096 1000
X 3

http://datahacker.rs/deep-learning-vgg-16-vs-vgg-19/ N »
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VGG16

http://datahacker.rs/deep-learning-vgg-16-vs-vgg-19/

http://d2l.ai/chapter convolutional-modern/vgg.html

VGG19
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Simonyan, K., & Zisserman, A. (2014). Very deep convolutional networks for large-scale image recognition. arXiv preprint arXiv:1409.1556.
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Simonyan, K., & Zisserman, A. (2014). Very deep convolutional networks for large-scale image recognition. arXiv preprint arXiv:1409.1556.

VGG19

VGG - 2014
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3 % 3 conv, 256

3 X 3 conv, 256

S [p— e e e p— e e L — p— — — (—

3 x 3 conv, 256

et e e b e e e e ] e e R

Pool

3 X 3 conv,128

3 X 3 conv, 128

Pool

3 x 3 conv, 64

3 X 3 conv, 64

Tnput

i i S e L L e L S i S B e el

VGG16

http://datahacker.rs/deep-learning-vgg-16-vs-vgg-19/

http://d2l.ai/chapter convolutional-modern/vgg.html

Simonyan, K., & Zisserman, A. (2014). Very deep convolutional networks for large-scale image recognition. arXiv preprint arXiv:1409.1556.

VGG19

VGG - 2014

max_pool<2,2,2,2,
relu<con<128,3,3,1,1,
relu<con<128,3,3,1,1,
max_pool<2,2,2,2,
relu<con<é4,3,3,1,1,
relu<con<64,3,3,1,1,
input<matrix<unsigned char>>

VSB TECHNICAL
II || UNIVERSITY
11" oF osTrAVA

FACULTY OF ELECTRICAL
ENGINEERING AND COMPUTER
SCIENCE

DEPARTMENT
OF COMPUTER
SCIENCE


http://d2l.ai/chapter_convolutional-modern/vgg.html
http://datahacker.rs/deep-learning-vgg-16-vs-vgg-19/

EVROPSKA UNIE
Evropské strusdurdind a investiénl fondy
Operaéni program Vyzkum, vyvoj a vadélévani

fc8
fc7
fce

conv5-3
conv5s-2
conv5-1

conv4-3
conv4-2
convéd-1

conv3-2
conv3-1

conv2-2
conv2-1

convl-2
convl-1

Softmax |
FC 1000 ]
Softmax FC4096 |
FC 1000 FC 4096
FC 4096 Pool
FC 4096 3 X 3 conv, 512
Pool 3 X 3 conv,512

3 X 3 conwy,512

3 X 3 conv, 512

3 X3 cony, 512

3 X 3conv, 512

3 X 3 cony, 512

Pool

Pool

3 X 3 conv, 512

3 X 3 conv,512

3% 3 conv,512

3 %3 cony,512

3 % 3 conv,512

3 % 3 conv,512

T P P— T T Py

3 X 3 cony,512

et e e e Dl e ) e e ]

Pool

3 X 3 conv, 256

3 X 3 conv, 256

Pool

3 X 3 conv,128

3 X 3 conv, 128

Pool

3 x 3 conv, 64

3 X 3 conv, 64

Input

VGG16

http://datahacker.rs/deep-learning-vgg-16-vs-vgg-19/

http://d2l.ai/chapter convolutional-modern/vgg.html

VGG19

max_pool<2,2,2,2,
relu<con<256,3,3,1,1,
relu<con<256,3,3,1,1,
max_pool<2,2,2,2,
relu<con<128,3,3,1,1,
relu<con<128,3,3,1,1,
max_pool<2,2,2,2,
relu<con<é4,3,3,1,1,
relu<con<64,3,3,1,1,
input<matrix<unsigned char>>

Simonyan, K., & Zisserman, A. (2014). Very deep convolutional networks for large-scale image recognition. arXiv preprint arXiv:1409.1556.
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EVROPSKA UNIE
Evropské strusdurdind a investiénl fondy
Operaéni program Vyzkum, vyvoj a vzdélvani

fc8
fc7
fce

conv5-3
conv5s-2
conv5-1

conv4-3
conv4-2
convéd-1

conv3-2
conv3-1

conv2-2
conv2-1

convl-2
convl-1

[ Softmax ]

[ FC 1000 ]

Softmax [ FC 4096 |
FC 1000 | FC 4096 ]
FC 4096 | Pool ]
FC 4096 [ 3%x3conv, 512 |
Pool | 3x3cony,512 |

| |

3 X 3 conwy,512

3 X 3 conv, 512

3 X3 cony, 512

3 X 3 conv, 512

Pool

3 X 3 conv,512

3 %3 cony,512

3 % 3 conv,512

Pool

3 X 3 conv, 256

3 X 3 conv, 256

Pool

3 X 3conv, 128

3 X 3 conv, 128

Pool

3 x 3 conv, 64

3 X 3 conv, 64

Tnput

) ] ) R e ] e el b Rl e e e R L L ] ] L B R Red

VGG16

http://datahacker.rs/deep-learning-vgg-16-vs-vgg-19/

http://d2l.ai/chapter convolutional-modern/vgg.html

VGG19

| 3 X 3conv, 512 |

max_pool<2,2,2,2,
relu<con<512,3,3,1,1,
relu<con<512,3,3,1,1,
relu<con<512,3,3,1,1,
relu<con<512,3,3,1,1,
max_pool<2,2,2,2,
relu<con<256,3,3,1,1,
relu<con<256,3,3,1,1,
max_pool<2,2,2,2,
relu<con<128,3,3,1,1,
relu<con<128,3,3,1,1,
max_pool<2,2,2,2,
relu<con<é4,3,3,1,1,
relu<con<64,3,3,1,1,
input<matrix<unsigned char>>

Simonyan, K., & Zisserman, A. (2014). Very deep convolutional networks for large-scale image recognition. arXiv preprint arXiv:1409.1556.
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EVROPSKA UNIE
Evropské strusdurdind a investiénl fondy
Operaéni program Vyzkum, vyvoj a vzdélvani

fc8
fc7
fce

conv5-3
conv5s-2

conv5-1

conv4-3
conv4-2
convéd-1

conv3-2
conv3-1

conv2-2
conv2-1

convl-2
convl-1

[ Softmax ]
| FC 1000 |
Softmax [ FC 4096 |
FC 1000 L___Fcao9 |
FC 4096
FC 4096
Pool

3 X 3 conwy,512

3 X3 cony, 512

3 X 3 conv, 512

Pool

3 X 3 conv,512

3 %3 cony,512

3 % 3 conv,512

Pool

3 X 3 conv, 256

3 X 3 conv, 256

Pool

3 X 3conv, 128

3 X 3 conv, 128

Pool

3 x 3 conv, 64

3 X 3 conv, 64

Input
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VGG16

http://datahacker.rs/deep-learning-vgg-16-vs-vgg-19/

http://d2l.ai/chapter convolutional-modern/vgg.html

VGG19

max_pool<2,2,2,2,
relu<con<512,3,3,1,1,
relu<con<512,3,3,1,1,
relu<con<512,3,3,1,1,
relu<con<512,3,3,1,1,
max_pool<2,2,2,2,
relu<con<512,3,3,1,1,
relu<con<512,3,3,1,1,
relu<con<512,3,3,1,1,
relu<con<512,3,3,1,1,
max_pool<2,2,2,2,
relu<con<256,3,3,1,1,
relu<con<256,3,3,1,1,
max_pool<2,2,2,2,
relu<con<128,3,3,1,1,
relu<con<128,3,3,1,1,
max_pool<2,2,2,2,
relu<con<é4,3,3,1,1,
relu<con<64,3,3,1,1,
input<matrix<unsigned char>>

Simonyan, K., & Zisserman, A. (2014). Very deep convolutional networks for large-scale image recognition. arXiv preprint arXiv:1409.1556.
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EVROPSKA UNIE =
Ewomwmmmm

Operaéni program Vyzkum, vyvoj a vadélivani

fc8
fc7
fce

conv5-3
conv5s-2
conv5-1

conv4-3
conv4-2
convéd-1

conv3-2
conv3-1

conv2-2
conv2-1

convl-2
convl-1

Softmax

FC 1000

FC 4096

FC 4096

Pool

3 X 3 conv, 512

3 x 3 cony, 512

3 % 3 conv,512

Pool

3 X 3 conv,512

3 X3 conv, 512

3 % 3 conv, 512

Pool

3 X 3 conv, 256

3 X 3 conv, 256

Pool

3 X 3conv, 128

3 X 3 conv, 128

Pool

3 x 3 conv, 64

3 X 3 conv, 64

Input

VGG16

http://datahacker.rs/deep-learning-vgg-16-vs-vgg-19/

http://d2l.ai/chapter convolutional-modern/vgg.html

VGG19

fc<1000,
dropout<relu<fc<4096,
dropout<relu<fc<4096,
max_pool<2,2,2,2,
relu<con<512,3,3,1,1,
relu<con<512,3,3,1,1,
relu<con<512,3,3,1,1,
relu<con<512,3,3,1,1,
max_pool<2,2,2,2,
relu<con<512,3,3,1,1,
relu<con<512,3,3,1,1,
relu<con<512,3,3,1,1,
relu<con<512,3,3,1,1,
max_pool<2,2,2,2,
relu<con<256,3,3,1,1,
relu<con<256,3,3,1,1,
max_pool<2,2,2,2,
relu<con<128,3,3,1,1,
relu<con<128,3,3,1,1,
max_pool<2,2,2,2,
relu<con<é4,3,3,1,1,
relu<con<64,3,3,1,1,
input<matrix<unsigned char>>

Simonyan, K., & Zisserman, A. (2014). Very deep convolutional networks for large-scale image recognition. arXiv preprint arXiv:1409.1556.
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EVROPSKA UNIE f\@

Evropské strusduraind a investénl fondy | l

Operaini program Vizkum, vivoj a vad@lévani V < ( 2 O I 4
-

using net_type vgg = loss multiclass log«
fc<2,
dropout<relu<fc<4096,
dropout<relu<fc<4096,
max_pool<2,2,2,2,
relu<con<128,3,3,1,1,
relu<con<128;,3,3,1,1,
max_pool<2,2,2,2,
relu<con<64,3,3,1,1,
relu<con<64,3,3,1,1,
max. pool<2,2;2,2;
relu<con<32,3,3,1,1,
relu<con<32,3,3,1,1,
max_pool<2,2,2,2,
relu<con<1s,3,3,1,1,
relu<con<16,3,3,1,1,
max_pool<2,2,2,2,
relu<con<s,3,3,1,1,
relu<con<s,3,3,1,1,
input<matrix<unsigned char>>
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http://datahacker.rs/deep-learning-vgg-16-vs-vgg-19/

http://d2l.ai/chapter _convolutional-modern/vgg.html
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EVROPSKA UNIE NE,
Evropsié strusurdind a investiénl fondy \’rl
Operaéni program Vyzkum, vyvoj a vadélivani

AlexNet

FC (1000)

t

FC (4096)

t

FC (4096)

f

3 x 3 MaxPool, stride 2

t

3 x 3 Conv (384), pad 1

t

3 x 3 Conv (384), pad 1

f

3 x 3 Conv (384), pad 1

t

3 x 3 MaxPool, stride 2

t

5 x b Conv (256), pad 2

VGG - 2014

f

3 x 3 MaxPool, stride 2

t

11 x 11 Conv (96), stride 4

VGG
FC (1000)
i
FC (4096)
t
FC (4096)
[ ]
4
VGG block L T I
[ ’ ]
2 x 2 MaxPool, stride 2 f
3x 3 Conv, pad 1 1'
! | |
|
| |
f [}
3 x 3 Conv, pad 1 I 4 ]

http://datahacker.rs/deep-learning-vgg-16-vs-vgg-19/

http://d2l.ai/chapter convolutional-modern/vgg.html

Simonyan, K., & Zisserman, A. (2014). Very deep convolutional networks for large-scale image recognition. arXiv preprint arXiv:1409.1556.
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EVROPSKA UNIE I\l?

Evropské strusduraind a investién! fondy \ I

Operagni program Vyzkum, vyvoj a vzdélévani VG G 2 O 1 :l
-

template <typename SUBNET> using block 1
template <typename SUBNET> using block_2
template <typename SUBNET> using block 3
template <typename SUBNET> using block 4
template <typename SUBNET> using block_5

max_pool<2,2,2,2, relu<con<8,3,3,1,1, relu<con<8,3,3,1,1, SUBNET>>>>>;
max_pool<2,2,2,2, relu<con<16,3,3,1,1, relu<con<16,3,3,1,1, SUBNET>>>>>;
max_pool<2,2,2,2, relu<con<32,3,3,1,1, relu<con<32,3,3,1,1, SUBNET>>>>>;
max_pool<2,2,2,2, relu<con<64,3,3,1,1, relu<con<64,3,3,1,1, SUBNET>>>>>;
max_pool<2,2,2,2, relu<con<128,3,3,1,1, relu<con<128,3,3,1,1, SUBNET>>>>>;

VGG
FC (1000)
using net type vgg 3 = loss multiclass log< 1
fe<2, FC (4096)
dropout<relu<fc<4096, f
dropout<relu<fc<4096, FC (4096)
block_5< }
block 4< [ : ]
block 3< VGG block [ ; |
block_2< i
| |
block_1< 2 x 2 MaxPool, stride 2
input<matrix<unsigned char>> ] t
>335355355555; 3% 3 Conv, pad 1 1
t . |
4
.. | |
1 [}
http://dlib.net/dnn _introduction2 ex.cpp.html 3% 3 Conv, pad 1 : 4 |
http://datahacker.rs/deep-learning-vgg-16-vs-vgg-19/

http://d2l.ai/chapter _convolutional-modern/vgg.html
Simonyan, K., & Zisserman, A. (2014). Very deep convolutional networks for large-scale image recognition. arXiv preprint arXiv:1409.1556. VS8 TECHNICAL | FACULTY
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 LeNet (1990s)

* AlexNet (2012)
 ZF Net (2013)

* VGGNet (2014)
 GoogleNet (2014)
* ResNets (2015)

 DenseNet (2017)

CovNet Architectures



EVROPSKA UNIE [\,?
O e R i) Goo g | eNet - 2014
2014

* ImageNet Challenge http://www.image-net.org/challenges/LSVRC/2014/

* http://www.image-net.org/challenges/LSVRC/2014/results

* GoogleNet > Google/LeNet
e 1 x 1 convolution
e Network In Network

e Variously-sized kernels

* Inception Blocks

Szegedy, C., Liu, W,, lJia, Y., Sermanet, P., Reed, S., Anguelov, D., ... Rabinovich, A. (2015). Going deeper with convolutions.
Proceedings of the IEEE conference on computer vision and pattern recognition (pp. 1-9).
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http://www.image-net.org/challenges/LSVRC/2014/
http://www.image-net.org/challenges/LSVRC/2014/results

EVROPSKA UNIE NE
Evropské strusduraind a investién! fondy \’r |
Operaéni program Vyzkum, vyvoj a vzdlévani < O O g I e N et 2 O I 4

Potitek —3
E= ] Inception .
| ] SN

(dalsi nazvy)

Thriller / Mysteriézni / Akéni / Sci-Fi / Dobrodruzny
USA / Velka Britanie, 2010, 148 min

Rezie: Christopher Nolan

Scénar: Christopher Nolan

Kamera: Wally Pfister

vdechny plakaty (98) Hudba: Hans Zimmer

Hraji: Leonardo DiCaprio, Joseph Gordon-Levitt, Ellen Page, Tom Hardy, Ken Watanabe, Dileep
Rao, Cillian Murphy, Tom Berenger, Marion Cotillard, Pete Postlethwaite, Michael Caine, Lukas
Haas, Tai-Li Lee, Claire Geare, Taylor Geare, Johnathan Geare, Tohoru Masamune, Judzi Okumoto,
Earl Cameron, Ryan Hayward, Tim Kelleher, Talulah Riley, S... (vice)

(dalsi profese)

https://www.csfd.cz/film/254156-pocatek/prehled/



https://www.csfd.cz/film/254156-pocatek/prehled/

EVROPSKA UNIE NE

Evropské strusdurdind a investién! fondy NT |
G TR (5 O O g |— e N e t 2 O 1 4
|

GO g|e inception we need to go deeper B 4 Q

Q vsie

ea & Nakupy &) zpravy i Vice Nastaveni Nastroje

gif meme leonardo dicaprio di caprio neural networks leo dicaprio deep inception meme generator deep learning machine learning
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WE NEED TO GO,
o
DEEPER [ DEEPER WE HAVE TO GO DEEPER
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We Need To Go Deeper | Know Your Meme We Need To Go Deeper Inception GIFs | Tenor That's not enough We have to go deeper - Incep.. Beta inception we need to go deeper .. Create meme "We need to go deep. Inception - We need to ... we need to go deeper-|
knowyourme m guickmeme.com memegenerator.net N CO 9”_33; com memegenerator.net
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.
Al
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we-need-to-go-deeper-yoga-leonardo-di We Need To Go Deeper | . This conversation is ge Inception still slaps 10 ..

pin com knowyourmeme.com guickmeme.com VOX.COm

0 the Versions of the Inception Netw. go deeper - Imgflip We need to go deeper... | Inception | Know Y We need to go dee

imgflip.com knowycurmeme.com theshiznit.co.uk
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 Deep Network > overfitting
 What kernel sizes is right?
* 3x3(VGGNet)
* 5x5(LeNet)
* 7 x7 (ZFNet)

11 x 11 (AlexNet)

http://datahacker.rs/building-inception-network/
http://d2l.ai/chapter convolutional-modern/googlenet.html
https://towardsdatascience.com/a-simple-guide-to-the-versions-of-the-inception-network-7fc52b863202



https://towardsdatascience.com/a-simple-guide-to-the-versions-of-the-inception-network-7fc52b863202
http://d2l.ai/chapter_convolutional-modern/googlenet.html
http://datahacker.rs/building-inception-network/

EVROPSKA UNIE [\\4/?
Evropské strusduraind a investién! fondy | |
Operaéni program Viyzkum, vivoj a vadlévani < O O g I e N et - 2 O 14

* Multiple filter sizes in on the same level

* “Wider” rather than “Deeper”

http://datahacker.rs/building-inception-network/
http://d2l.ai/chapter convolutional-modern/googlenet.html
https://towardsdatascience.com/a-simple-guide-to-the-versions-of-the-inception-network-7fc52b863202 ‘”‘Tﬁ ORVERSETY | ENCINEERTNG AND COMPUTER | OF CompuTE

OF OSTRAVA | SCIE
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http://datahacker.rs/building-inception-network/

EVROPSKA UNIE [\\,%
Evropské strusduraind a investién! fondy | |
SR e GoogLeNet - 2014

e Multiple filter sizes in on the same level

* “Wider” rather than “Deeper” - 3 different filters

Filter
concatenation
/"N
1x1 convolutions Jx3 convolutions Bx5 convolutions 33 max pooling

Previous layer

(a) Inception module, naive version

http://datahacker.rs/building-inception-network/
http://d2l.ai/chapter_convolutional-modern/googlenet.html
https://towardsdatascience.com/a-simple-guide-to-the-versions-of-the-inception-network-7fc52b863202 ‘”‘Tﬁ UNIVERSETY | ENGINEERING AND COMPUTER | OF COMPUTER

OF OSTRAVA | SCIENCE SCIENCE
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http://datahacker.rs/building-inception-network/

EVROPSKA UNIE ’\\’%
gmm:u:xm':mamani R, GO Og LeNet — 2014

e 1 x 1 filters for dimension reduction

* “Wider” rather than “Deeper” - 3 different filters

Filter
concatenation

N

3x3 convolutions 5x5 convolutions 1x1 convolutions

1x1 convolutions » 4 )

ﬂjtions 1x1 convolutions 3x3 max pooling

Previous layer

(b) Inception module with dimension reductions

http://datahacker.rs/building-inception-network/
http://d2l.ai/chapter convolutional-modern/googlenet.html
https://towardsdatascience.com/a-simple-guide-to-the-versions-of-the-inception-network-7fc52b863202
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http://datahacker.rs/building-inception-network/

EVROPSKA UNIE [\\/%
Evropské strusduraind a investién! fondy | l
Operagni program Vyzkum, vyvoj a vzdélévani

e 1x1filtersin 2D

0186

n|co (W W || o

Col~Jn|fJ|= |
W | ~l|[W0 ||

Nl Ww
|~ |ln

Oy || W Wn

https://upscfever.com/upsc-fever/en/data/deeplearning4/15.html
http://datahacker.rs/building-inception-network/
http://d2l.ai/chapter_convolutional-modern/googlenet.html
https://towardsdatascience.com/a-simple-guide-to-the-versions-of-the-inception-network-7fc52b863202

GoogLeNet - 2014
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http://d2l.ai/chapter_convolutional-modern/googlenet.html
http://datahacker.rs/building-inception-network/
https://upscfever.com/upsc-fever/en/data/deeplearning4/15.html
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ST GooglLeNet - 2014

e 1 x 1 filtersin large number of channels - 192

64
https://upscfever.com/upsc-fever/en/data/deeplearning4/15.html
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R T GooglLeNet - 2014

e convolve 28 X 28 X 192 input feature maps with 5 X 5 X 32 filters.

* This will result in aprox. 120 Million operations

CONV
5 X5,

same,

32 28 x 28 x 32

28 X 28 x 192

https://upscfever.com/upsc-fever/en/data/deeplearning4/15.html
https://medium.com/analytics-vidhya/talented-mr-1x1-comprehensive-look-at-1x1-convolution-in-deep-learning-f6b355825578
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T e GoogLeNet - 2014

* Using 1 X 1 filters - aprox. 12 Million operations

» “Bottleneck layer”

_—» e
CONV CONVY
1x1, h X b,
16, 28 x 28 x 16 32,
> >
1x1x192 Hhx5Hx16 28 % 28 x 39

28 x 28 x 192

https://upscfever.com/upsc-fever/en/data/deeplearning4/15.html
https://medium.com/analytics-vidhya/talented-mr-1x1-comprehensive-look-at-1x1-convolution-in-deep-learning-f6b355825578
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T e GoogLeNet - 2014

* Inception Block

1x1

CONV
28 X 28 X 64

1x1
ONA

3 X3

CONV RH\HHH

28 X 28 X 128

5x5 [

28 X 28 X 256
16 CONV 28 X 28 X 32

MAXPOOL 1 %1 /
3X3,s=1

CONV 28 X 28 X 32

Pevious

Activation

1x1
28 X 28 X 192 CONV

same
28 X 28 X 192

32 filters,1 X 1 X 192

https://upscfever.com/upsc-fever/en/data/deeplearning4/15.html
https://medium.com/analytics-vidhya/talented-mr-1x1-comprehensive-look-at-1x1-convolution-in-deep-learning-f6b355825578
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T e GoogLeNet - 2014

Inception Module

https://towardsdatascience.com/review-inception-v4-evolved-from-googlenet-merged-with-resnet-idea-image-classification-5e8c339d18bc
http://datahacker.rs/building-inception-network/
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// Inception layer has some different convolutions inside. Here we define
// blocks as convolutions with different kernel size that we will use in

// inception layer block.

template <typename SUBNET> using block_al
template <typename SUBNET> using block_a2
template <typename SUBNET> using block_a3
template <typename SUBNET> using block_a4d

// Here is inception layer definition. It

reluc<con<1e,1l
relu<con<1@,3
= relu<con<12,5
reluccon<1@,l

sSUBNET>>;

’

» 11,
PEFR
PEFRS
)l)].!

,max_pool<3,3,1,1,SUBNET>>>;

uses different blocks to process input

// and returns combined output. Dlib includes a number of these inceptionN
// layer types which are themselves created using concat layers.

template <typename SUBNET> using incept_a

// Network can have inception layers of different structure. It will work Pevious

// properly so long as all the sub-blocks
// output tensors with the same number of
template <typename SUBNET> using block_bl
template <typename SUBNET> using block_b2
template <typename SUBNET> using block_b3
template <typename SUBNET> using incept_b

// Now we can define a simple network for

= inceptiond<block_al,block_a2,block_a3,block_ad4, SUBN

inside a particular inception block
rows and columns.

= relu<con<4,1,1,1,1,SUBNET>>;

= pelu<con<d,3,3,1,1,SUBNET>>;

= relu<con<4,1,1,1,1,max_pool<3,3,1,1,SUBNET>>>;
= inception3<block_bl,block_b2,block_b3,SUBNET>;

classifying MNIST digits. We will

// train and test this network in the code below.

using net_type = loss_multiclass_log¢
fecclo,
relu<fc<iz,
max_pool<2,2,2,2,incept_b«<
max_pool<2,2,2,2,incept_ac<
input<matrix<unsigned char>>
22539333,

http://dlib.net/dnn inception ex.cpp.html

http://datahacker.rs/building-inception-network/

http://d2l.ai/chapter convolutional-modern/googlenet.html

https://towardsdatascience.com/a-simple-guide-to-the-versions-of-the-inception-network-7fc52b863202

,relu<con<16,1,1,1,1,SUBNET>>>>;

1
1,relu<con<16,1,1,1,1,SUBNET>>>>;
1
1

Activation

28 X 28 x 192

MAXPOOL

3x3,s=1

28 x 28 x 192

GooglLeNet - 2014

28 X 28 X 64

28 x 28 x 128

\

28 X 28 X 256
28 x 28 X 32

/

CONV 28 x 28 x 32

32 filters,1 x 1 x 192
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 LeNet (1990s)

* AlexNet (2012)
 ZF Net (2013)

* VGGNet (2014)
 GoogleNet (2014)
* ResNets (2015)

 DenseNet (2017)

CovNet Architectures
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* ImageNet Challenge http://www.image-net.org/challenges/LSVRC/2015/

* http://www.image-net.org/challenges/LSVRC/2015/results

* http://image-net.org/challenges/talks/ILSVRC2015 12 17 15 clsloc.pdf

* Deep networks are hard to train - Vanishing gradient issue
* Residual Blocks

e 1 x1 convolutions

http://datahacker.rs/deep-learning-residual-networks/
He, Kaiming & Zhang, Xiangyu & Ren, Shaoqing & Sun, Jian. (2016). Deep Residual Learning for Image Recognition. 770-778. 10.1109/CVPR.2016.90.



http://www.image-net.org/challenges/LSVRC/2015/
http://www.image-net.org/challenges/LSVRC/2015/results
http://image-net.org/challenges/talks/ILSVRC2015_12_17_15_clsloc.pdf
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e ResNets - 2015

“Is learning better networks as easy as stacking more layers?”

3
3

20-layer

=

56-layer

training error (%)
test error (%)

20-layer

0

'} A A (} '\ A 'l
0 1 S 6 0 1 ) 6

iterf ( le4)4 iter.} (le4)J
Figure 1. Training error (left) and test error (right) on CIFAR-10
with 20-layer and 56-layer “plain™ networks. The deeper network
has higher training error, and thus test error. Similar phenomena
on ImageNet is presented in Fig. 4.

He, Kaiming & Zhang, Xiangyu & Ren, Shaoqing & Sun, Jian. (2016). Deep Residual Learning for Image Recognition. 770-778. 10.1109/CVPR.2016.90.
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e R ResNets - 2015
-

* in the classical way: the output of layer 1 is pass to layer 2
* in ResNet: information can go much deeper into the neural network

* information (gradient) from higher layer can directly pass to the
lower layer

* via shortcut or skip connection (identity connection, addition
operator)

e stacking a lot of residual blocks together, we can build much
deeper neural networks

“shortcut connections”

X |
4
weight layer
JF(x) & relu «
weight layer identity
F(x) +x

Figure 2. Residual learning: a building block.

He, Kaiming & Zhang, Xiangyu & Ren, Shaoqing & Sun, Jian. (2016). Deep Residual Learning for Image Recognition. 770-778. 10.1109/CVPR.2016.90. m TECHNICAL | FACULTY OF ELECTRICAL | DEPARTHENT
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“shortcut connections” “bottleneck”
| 256-d
X [ 1x1, 64
l relu
: | 3x3, 64 |
weight layer ] relu
relu [ 1x1,256
Fo) ] )
weight layer identity
f(x) +X Figure 5. A deeper residual function F for ImageNet. Left: a
building block (on 56 x56 feature maps) as in Fig. 3 for ResNet-
Figure 2. Residual learning: a building block. 34. Right: a “bottleneck” building block for ResNet-50/101/152.

He, Kaiming & Zhang, Xiangyu & Ren, Shaoqing & Sun, Jian. (2016). Deep Residual Learning for Image Recognition. 770-778. 10.1109/CVPR.2016.90.




e TR ResNets - 2015

VGG-19 34-layer plain 34-layer residual

error (%)
error (%)

~ResNet-18 YA AN AR AN
! ' ==ResNet-34 34-layer
2 10 20 30 40 50 o 10 20 30 40 50
iter. (1e4) iter. (1e4)

Figure 4. Training on ImageNet. Thin curves denote training error, and bold curves denote validation error of the center crops. Left: plain
networks of 18 and 34 layers. Right: ResNets of 18 and 34 layers. In this plot, the residual networks have no extra parameter compared to
their plain counterparts.

He, Kaiming & Zhang, Xiangyu & Ren, Shaoging & Sun, Jian. (2016). Deep Residual Learning for Image Recognition. 770-778. 10.1109/CVPR.2016.90. ') ONIVERSITY | ENGINEERTHG AND COMPUTER | OF COMPUTER
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ResNets - 2015

Table 2. Classification error (%) on the CIFAR-10 test set using different activation

functions.
case l Fig. | ResNet-110 | ResNet-164
original Residual Unit [1] | Fig. 4(a) 6.61 5.93
BN after addition Fig. 4(b) 8.17 6.50
ReLU before addition Fig. 4(c) 7.84 6.14
ReLU-only pre-activation | Fig. 4(d) 6.71 5.91
full pre-activation Fig. 4(e) 6.37 5.46
X; X; X; Xy Xy
; : 1 ~__ '
RelU BN
BN BN BN RelLU
RelLU RelLU RelLU BN
ReLU BN
BN addition BN Rell_U
addition BN RelLU BN
RelU RelLU @;@6 @;ﬁﬁ addition
th xl‘vl X1 Xiv1 X1
(b) BN after (c) ReLU before (d) ReLU-only

(a) original (e) full pre-activation

addition addition pre-activation

Figure 4. Various usages of activation in Table 2. All these units consist of the same
components — only the orders are different.

He, Kaiming & Zhang, Xiangyu & Ren, Shaoqing & Sun, Jian. (2016). Identity Mappings in Deep Residual Networks. 9908. 630-645. 10.1007/978-3-319-46493-0_38.
He, Kaiming & Zhang, Xiangyu & Ren, Shaoqing & Sun, Jian. (2016). Deep Residual Learning for Image Recognition. 770-778. 10.1109/CVPR.2016.90. VSE TECHNICAL | FACULTY OF ELECTRICAL | DEPARTHENT
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%

Inception-ResNet V1

Inception-ResNet-v2

ResNeXt - 1st Runner Up of ILSVRC classification task
* http://image-net.org/challenges/LSVRC/2016/results

Winner of ILSVRC 2015

Pre-Activation ResNet

1¥ Runner-Up of ILSVRC 2015 ——

Better Than Inception-v3 —

Inception-v4 + ResNet ————-—*"‘J

224 x224 320x320/ 299x%299
top-1 err|top-5 err|top-1 err| top-5 err

ResNet-101 [ 14] 22.0 6.0 - -

| ResNet-200 [ 15] 21.7 5.8 20.1 4.8
Inception-v3 [39 - - 21.2 5.6
Inception-v4 |37 - - 20.0 5.0
Inception-ResNet-v2 [37]] - - 19.9 4.9
ResNeXt-101 (64 x 4d) | 204 5.3 19.1 44

https://towardsdatascience.com/review-inception-v4-evolved-from-googlenet-merged-with-resnet-idea-image-classification-5e8c339d18bc

https://towardsdatascience.com/review-resnext-1st-runner-up-of-ilsvrc-2016-image-classification-15d 7f17b42ac

S. Xie, R. Girshick, P. Dollar, Z. Tu and K. He, "Aggregated Residual Transformations for Deep Neural Networks," 2017 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), Honolulu, HI, 2017, pp. 5987-5995, doi: 10.1109/CVPR.2017.634.

He, Kaiming & Zhang, Xiangyu & Ren, Shaoqing & Sun, Jian. (2016). Identity Mappings in Deep Residual Networks. 9908. 630-645. 10.1007/978-3-319-46493-0_38.
He, Kaiming & Zhang, Xiangyu & Ren, Shaoqing & Sun, Jian. (2016). Deep Residual Learning for Image Recognition. 770-778. 10.1109/CVPR.2016.90.
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 LeNet (1990s)

* AlexNet (2012)
 ZF Net (2013)

* VGGNet (2014)
 GoogleNet (2014)
* ResNets (2015)

 DenseNet (2017)

CovNet Architectures
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e connects all layers directly with each other

* handle vanishing gradients problem

e addition vs. concatenation (ResNet vs. DenseNet)

 dense blocks

Input - - -
Prediction
Dense Block 1 o Dense Block 2 o Dense Block 3
2| IS 2| |S S| |5 ;
S {2 S {2 > St»a | ‘horse
=l |8 Il gl |8
= | p=

uoKN|OAUOD)

Figure 2: A deep DenseNet with three dense blocks. The layers between two adjacent blocks are referred to as transition layers and change

feature-map sizes via convolution and pooling.
Huang, G., Liu, Z., Van Der Maaten, L., & Weinberger, K. Q. (2017). Densely connected convolutional networks. Proceedings of the IEEE conference on computer vision and

pattern recognition (pp. 4700—4708).
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I evismria X% :
s Region-Based CNNs (R-CNNSs)

* Classical way (how to localize/detect object) is based on sliding window technique
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S Region-Based CNNs (R-CNNSs)

e Disadvantages of sliding window with the use off very deep CNNs for object detection

* many different image regions

e each region is used as an input for CNNs

 computational cost — overlapping regions (stride parameters)

e duplicated operations

:> CNNs @
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R-CNN
* Girshick, R., Donahue, J., Darrell, T., & Malik, J. (2014). Rich feature hierarchies for accurate object detection
and semantic segmentation. Proceedings of the IEEE conference on computer vision and pattern
recognition (pp. 580-587).

Fast R-CNN

® Girshick, R. (2015). Fast r-cnn. Proceedings of the IEEE international conference on computer vision (pp. 1440—
14438).

Faster R-CNN
* Ren, S, He, K., Girshick, R., & Sun, J. (2015). Faster r-cnn: towards real-time object detection with region
proposal networks. Advances in neural information processing systems (pp. 91-99).

Mask R-CNN
* He, K., Gkioxari, G., Dollar, P., & Girshick, R. (2017). Mask r-cnn. Proceedings of the IEEE international conference
on computer vision (pp. 2961-2969).

EEEEEEEEEEEEE
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S o 3 Region-Based CNNs (R-CNNSs)

* R-CNN - 2014

* (1) takes an input image

aeroplane? no.

person? yes.

tvmonitor? no.

1. Input 2. Extract region 3. Compute 4. Classify
image  proposals (~2k) CNN features regions
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S Region-Based CNNs (R-CNNSs)

* R-CNN - 2014

* (1) takes an input image
* (2) extracts around 2000 bottom-up regions using selective search
* J. Uijlings, K. van de Sande, T. Gevers, and A. Smeulders. Selective search for object recognition. IJCV, 2013

aeroplane? no.

person? yes.

tvmonitor? no.

1. Input 2. Extract region 3. Compute 4. Classity
image  proposals (~2k) CNN features regions

TTTTTTTTTTTTTTTTTTTTTTTTTT
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R-CNN - 2014

* (1) takes an input image
* (2) extracts around 2000 bottom-up regions using selective search
* J. Uijlings, K. van de Sande, T. Gevers, and A. Smeulders. Selective search for object recognition. IJCV, 2013

2. Extract region
proposals (~2k)




I evismria X% :
s Region-Based CNNs (R-CNNSs)

R-CNN - 2014

(1) takes an input image
(2) extracts around 2000 bottom-up regions using selective search
* J. Uijlings, K. van de Sande, T. Gevers, and A. Smeulders. Selective search for object recognition. IJCV, 2013

(3) computes features for each region using a large convolutional neural network (CNN)
* AlexNet is used to compute the features

P aeroplane? no.

person? yes.

tvmonitor? no.

1. Input 2. Extract region 3. Compute 4. Classify
image proposals (~2k) CNN features regions

LLLLLLLLLLLLLLLLL
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S Region-Based CNNs (R-CNNSs)

R-CNN - 2014

(1) takes an input image
(2) extracts around 2000 bottom-up regions using selective search
* J. Uijlings, K. van de Sande, T. Gevers, and A. Smeulders. Selective search for object recognition. IJCV, 2013

(3) computes features for each region using a large convolutional neural network (CNN)
» AlexNet is used to compute the features (227x227 pixels)

P aeroplane? no.

=& person? yes.

tvmonitor? no.

1. Input 2. Extract region 3. Compute 4. Classify
image proposals (~2k) CNN features regions

LLLLLLLLLLLLLLLLL
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e Region-Based CNNs (R-CNNSs)

R-CNN - 2014

(1) takes an input image
(2) extracts around 2000 bottom-up regions using selective search
* J. Uijlings, K. van de Sande, T. Gevers, and A. Smeulders. Selective search for object recognition. 1JCV, 2013
(3) computes features for each region using a large convolutional neural network (CNN)
* AlexNet is used to compute the features (227x227 pixels)
(4) classifies each region using class-specific linear SVMs
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