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« Recalls on Convolutional Neural Networks (CNN
or ConvNets) and Deep-Learning

* Transfer Learning

 Beyond Image Classification: DETECTION OF
OBJECTS

« Instance segmentation with DeepLearning

DL for Human pose inference and depth
estimation

« Semantic segmentation with DeepLearning
 Interest and use of simulations / synthetic videos
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A psix DEEP-LEARNING APPROACHES
N for visual objects categorization

Since ~2012, Deep-Learning has brought very
significant improvement over State-of-the-Art in
Pattern Recognition and Image Semantic Analysis

152 layers |
A
I I 19 Iayers | 22Iavers I

7/
shallow | | 8 Iayers | 8 Iayers I I 3.57

ILSRVC'0  ILSRVC'1 |LSRVC'12 ILSRVC3 ILSRVC4 | sRvca  ILSRVC'15
AlexNet VGG GoogleNet  ResNet

ImageNet Classification top-5 error (%)

* won many vision pattern recognition competitions (OCR,
TSR, object categorization, facial expression,...)

» deployed in photo-tagging by Facebook, Google,Baidu,...
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AT psLx ILSRVC challenges

Par l\Tech

ImageNet Large Scale Visual Recognition Challenge

* Public dataset and benchmark
 Worldwide research competition on image classification
and visual objects detection & recognition/categorization

PASCAL VOC 2012 || ILSVRC 2013

Number of object classes 20 200

Num images 5717 395909
Training

Num objects 13609 345854

Num images 5823 20121
Validation

Num objects 13841 55502

Num images 10991 40152
Testing

Num objects --- ---

Dramatic scale increase in image challenges in 2013
Challenge won by Deep-Learning methods every year since 2012
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fj PSL*% ImageNet dataset

I’nl\Tech

Huge dataset of labelled images:
1000 classes of objects
e >1 m|II|on Iabelled examples

O i in kl (the number of i
synsets

* ImageNet 2011 Fall Release (32326)
plant, flora, plant life (4486)
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£ natural object (1112)
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- artifact, artefact (10504)
- fungus (308)
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included. All images shown are thumbnails. Images may be subject to copyright.
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&F  psix . Importance of « features »
in classical Machine-Learning

|lil\Tecl’l
Traditional
Input |— Feature —»| Features > ML —| Output
Extractor .
Algorithm

Traditional Machine Learning Flow

Examples of hand-crafted features
Control-points features

Haar features

Current cell with the 4
normalization blocks

16 cells

Gradient Vector

H G con stis i a,j I
H- t g : i S ] ] Steck Sioce Gk Biock
EIkS = 8x8 pixels 9 b )
( Is og ram Input Image Cell Histogram Genera tion e .- F::?fvz:g)e
Hi
of Gradients) cSrmsiars, | rstosram] .,
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fj PSL% Deep-Learning (DL)
general principle

MINES

Par l\Tech
Input (raw)
Input (raw)
Learnt low-level
features
Handcrafted
features Learnt intermediate level
features

Learnt high-level
(~abstract) features

Learnt
transformation
Learnt transformation

Output Output
Shallow ML using DL: jointly learn

handcrafted features | classification and features
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7 psLx Convolutional Neural Networks
Pl (CNN, or ConvNet)

Feature maps

f.
Image d'entrée e

| I Couches
Convolutions Sous-échantillonnage Convolutions Pooling  totalement
(+ non-inéarité) (pooling) (+ non-linéarité) connectées

(PMC)

* For inputs with correlated dims (2D image, 1D signal,...)

« Succession of Convolutions and « pooling » layers

Low-Level LY Mid-Level| |High-Level Lt Trainable
Feature Feature Feature Classifier
4 »

ri

[Proposed in 1998 by

g Yann LeCun (French prof.
“ @NVYU, now Al research

\| director of Facebook)]
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24 .
AT | psL¥ Convolution layers

ParisTech
activation maps One “activation map”
/ 2 for each convolution filter
28
Convolution Layer
32 28
3

# of filters

A Convolution layer applies several 3D filters to
input image (or to input set of activation maps from previous layer)
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4T psix Convolution: sliding a 3D filter

over a multi-channel image
Input: _ o t:
WXHXCg"d/ / “Activ:ttiﬂlrjl Map”
LxLxC trainable
H filter

ﬂt>® N "

At sliding position i,j
Optional non-linear
w . W’ activation function
o(i,j)=b+W. x_l]) 1' o(i,j) = f(o(i. ),
with x;;: LxL patch of C channels with f= tanh, ReLU, ...

- vector of dimension= L2xC,
= W of same dimension

o

For each filter, a grid of W’xH’ neurons with shared weigths W
(each neuron applies same filter at a different sliding position in input)

See illustrative animation at: http://cs231n.github.io/convolutional-networks/
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fj PSL* Pooling layers

Par n\Tech

224x224x64

112x112x64
pool

—

T ‘ Pooling ~ Downsampling

~ N 112
224 downsampling
112

224

A pooling layer aggregates over space for:
 Dimension reduction
* Noise reduction
« Small translation and scaling invariance

The pooling operation typically uses average
or max on sets of 2x2 (or pxp) pixels u H

Average pooling Max pooling
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2 psix Final classification layer:
oo often classical fully-connected MLP

Layer 3
256(@6x6

Layer 4
Layer |

ay 256(@1x1
, 64x75x75  Layer2 = @
fnput 64@l4x14 r
83x83

Output
101

9x9 10x10 pooling,

convolution 5x5 subsampling (4096 kernels) H
(64 kernels) 4x4 subsamp

6x6 pooling

AlexNet

55 — —
27
[ 13 13 13

[\\
11 ]
N 5 o s | RN 3 =l - 4 3 -—-‘:'—’ - >
2;1 i . M |-~ I - B |13 Nz - - 13 SQ: - g% |3 ense | |dense|
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00(
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77

T

55
Max L
poolihg 409¢ 4096

Max Max

Stride\| 4 | PO°ling pooling
224
of 4
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;z/f , | PsSL* Global architecture of a convNet

ParisTech

Succession of Convolution

(+ optional activation) layers and *

Pooling layers, which extract the Convolution
hierarchy of features, followed by ("‘i‘ct“’_atf“)
dense (fu_IIy connept_ed)_layer(s) Convolution
for final classification (+Activation)
/ 32 / 28 / 24 Pooling
Convolution
ReLU ReLy (+Activation)
eg.6 e.g. 10
5x5 5x5 .
L‘(A filte:g 5 28 fi|te§ 1_0A Pooling

NB: each convolution layer processes
FULL DEPTH of previous set of activation maps

Output
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;f/f PSLx

2 ConvNet training

ParisTech

All successive layers of a convNet forms a Deep neural
network (with weigh-sharing inside each conv. Layer, and
specific pooling layers).

Training = optimizing values of weights&biases
Method used = gradient descent -

=» Stochastic Gradient Descent (SGD),

using back-propagation:
— Input 1 (or a few) random training sample(s)
— Propagate
— Calculate error (loss)
— Back-propagate through all layers from end to input,
to compute gradient
— Update convolution filter weights
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AT psix

e . convNets and GPU

ParisTech

Good convNets are very big (millions of parameters!)
Training generally performed on BIG datasets

=> Training can be extremely computer-intensive

= More manageable using GPU (Graphical
Processing Unit) acceleration for ultra-parallel
processing

How GPU Acceleration Works

Application Code

Rest of Sequential
C

PU Code

£
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A7 | psLx Some ConvNet training « tricks »

MINES
Pai 1\Tech*

* Importance of input normalization
(zero mean, unit variance)

* Importance of weights initialization
random but SMALL and prop. to 1/sgrt(nbilnputs)

* Decreasing (or adaptive) learning rate

* Importance of training set size
ConvNets often have a LARGE number of free parameters
=» train them with a sufficiently large training-set !

« Avoid overfitting by:
— Use of L1 or L2 reqularization (after some epochs)
— Use « Dropout » regularization (esp. on large FC layers)
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=z . Avoid overfitting using
Mo | PSL* L1/L2 reqularization

(« weight decay »)

Trying to fit too many

)% free parameters with

not enough information
can lead to overfitting

X
Regularization = penalizing too complex models
Often done by adding a special term to cost function

For neural network, the regularization term is just the
L2- or L1- norm L2 of the vector of all weights:

K =X (loss(Y,,D,)) + B X; [W;|°  with p=2 (L2) or p=1 (L1)
- name “Weight decay”
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¥ psLx  DropOut Regularization for
il " convNet training

a) Standard Neural Net (b) After applying dropout.

At each training stage, individual nodes can be temporarily
"dropped out" of the net with probability p (usually ~0.5),
or re-installed with last values of weights
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g N ImageNet dataset and
}M; » | PSL% state-of-the-art convNets

ParisTech

« The most performant ConvNets have millions of trainable
weights, so they must be trained on very large datasets

« Training on ImageNet, was an essential factor of their
recognition performances

Basic block

]

uuuuuu

Addition

| Inception module

ILSVRC 2014 winner (6.7% top 5 error) (ImageNet’2015 winner) -
T

« Every year, a new ImageNet challenge winner, with better
acuracy using new ConvNet architecture & algo

« Those general-purpose pre-trained image classifiers (AlexNet,
GoogleNet_Inception, ResNet, etc...) are publicly available
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| psLx Examples of successful
_)‘M]NES‘ Y -
ParisTech Co nVN ets

* LeNet: 15t successful applications of ConvNets, by Yann LeCun in 1990’s.
Used to read zip codes, digits, etc.

« AlexNet: Beginning of ConvNet “buzz”: largely outperformed competitors
in ImageNet ILSVRC2012 challenge. Developped by Alex Krizhevsky et
al., architecture similar to LeNet (but deeper+larger, and some chained
ConvLayers before Pooling). 60 M parameters !

 GooglLeNet: ILSVRC 2014 winner, developed by Google. Introduced
an Inception Module, + AveragePooling instead of FullyConnected layer at
output. Dramatic reduction of number of parameters (4M, compared to
AlexNet with 60M).

* VGGNet: Runner-up in ILSVRC 2014. Very deep (16 CONV/FC layers)

- 140M parameters !!

* ResNet: ILSVRC 2015, “Residual Network” introducing “skip” connections.
Currently ~ SoA in convNet. Very long training but fast execution.
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2 psix LeNet, for digits/letters

MINES

ParisTech recog n ition

[LeCun et al, 7998]
Input: 32x32 image

C3:. . maps 16@10x10

INPUT C1: faature maps S4: f. maps 18@5x5
JI2x32 6@28:28 S2:f maps C5:1
A : layer i
B@14x14 150 o i

r
M-

T

I
‘ ‘ FU"COI"IIJIECtiOI‘I | Gaussian connections

Convolutions Subsampling Corvolutions  Subsampling Full connection

Conv filters were 5x5, applied at stride 1
Subsampling (Pooling) layers were 2x2 applied at stride 2
i.e. architecture is [CONV-POOL-CONV-POOL-CONV-FC]

Deep_Learning for visual Scene Analysis (for IV), Pr. Fabien MOUTARDE, Center for Robotics, MINES ParisTech, PSL, Sept.2019 22




A psLx AlexNet, for image

MINES

ParisTech Categorisation

[Krizhevsky et al. 2012]
Input: 224x224x3 image

55 - -
27
b, 13 13 13
1 L 1
N -~ .
S 5 - o | = 3 = - 3 o - >
1 I s < - r = 13 ~TU iz 3} =4 13 dense | |dense|
224 5 -~ 27 3 4+ 3 3 & -
100¢

55 384 384 256

Max

256 : L__| L
i _— pooling 3036 4036

Stride\| 4, | Po°ling pooling
of 4

224

60 million parameters !...
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}/)z/f ' PSL* GoogleNet
railcn X " [Szegedy et al., 2014]

Filter

4
(B [ e Inception module
\ |
e ILSVRC 2014 winner (6.7% top 5 error)
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¥ psLx  ResNet (Residual Net), by
R " Microsoft [He et al., 2015]

 ILSVRC 2015 /arge winner in 5 main tracks
(3.6% top 5 error)

* 152 layers!!!
* But novelty = "skip"” connections

* Residual net

X
Y
weight layer
F(x) Jrelu identity
weight layer X

Hx)=F(x)+x
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24
;j* PSL* ResNet global architecture

ParisTech
Basic block
Input
| Convolvution I
| RelU |
¥ .
Dropout I
2 N A
I Convolution |
|
-F‘ﬁ i
Addition 1
£2 _____:
| RelU | i
v !
| ===

+ 2-3 weeks of training on 8 GPU machine !! |
« However, at runtime faster than a VGGNet!

Avg Pool 2x2

(even though it has 8x more layers) =
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ff PSL* Summary of recent

MINES

ConvNet history

152 layers
Iy
I I 19 Iayers | zzlavers [

7/
shallow | | 8 layers | 8 Iayers I . 3.57

ILSRVC0  ILSRVC"1 |LSRvC2 ILSRVC'13 ILSRVC'14 | sRvC'i4 ILSRVC'15
AlexNet VGG GoogleNet ResNet
ImageNet Classification top-5 error (%)

But most important is the choice of
ARCHITECTURAL STRUCTURE

+ More and more modified architectures
for tasks other than just imaqge classification
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/Zf psLx Performance comparisons of

MINES

common pre-trained convNets

Inception-v4
80 - -
Inception-v3 ‘ AE ResNet-152
;s |ResNet-50 o o VGG-16 VGG-19
] ResNet-101
. ResNet-34
=
£ 70 ﬂ ResNet-18
=
@ GuogLeNet
§ ENet
o 65 1
:2; o BN-NIN
™6 5M 35M 65M 95M 125M  155M
BM-AlexMNet
55 AlexNet
50 : : . : : : : -
0 5 10 15 20 25 30 35 40

Operations [G-Ops]
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fj ‘psL« Programming environments for

MINES

P, Deep-Learning

e TensorFlow

« KERAS

Python front-end APls mapped either
on Tensor-Flow or Theano back-end

 PyTorch

« Caffe

C++ library, hooks from Python - notebooks
 Theano
 Lasagne

lightweight library to build+train neural nets in Theano

All of them handle transparent use of GPU,
and most of them are used in Python code/notebook
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4T psix  Example of convNet code

MINES

Pnn\Tech i n Ke ras

model = Sequential ()

# 1 set of (Convolution+Pooling) layers, with Dropout
model .add (Convolution2D (conv_depth 1, kernel size, kernel size,

border mode='valid', input_ shape—(depth helght width)))
model. add ( MaxPoollngZD(pool size=(pooling size, pooling size)) )
model.add (Activation('relu'))
model . add (Dropout (drop_prob))

# Now flatten to 1D, and apply 1 Fully Connected layer
model.add (Flatten())

model.add (Dense (hidden_sizel, init='lecun uniform'))
model .add (Activation('sigmoid'))

# Finally add a Softmax output layer, with 1 neuron per class
model .add (Dense (num_classes, init='lecun_uniform'))
model. add(Actlvatlon( softmax'))

# Training "session

sgd = SGD(lr=learning rate, momentum=0.8) # Optimizer

model.compile (loss='categorical crossentropy', optimizer=sgd)

model.fit (X train, Y train, batch _size=32, nb _epoch=2, verbose=1,
validation_split=valid proportion)

# Evaluate the trained model on the test set
model .evaluate (X _test, Y test, verbose=1l)
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24 i .
;j* ' PSL* Outline

* Recalls on Convolutional Neural Networks (CNN
or ConvNets) and Deep-Learning

 Transfer Learning

 Beyond Image Classification: DETECTION OF
OBJECTS

« Instance segmentation with DeepLearning

DL for Human pose inference and depth
estimation

« Semantic segmentation with DeepLearning
 Interest and use of simulations / synthetic videos
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A7 | psLx Generality of learnt representation
paniNEon % | + Transfer learning

Laaved
N

Olulrzal

aver 5
HI9N)
- NG R Output.

By removing last layer(s) (those for classification) of a convNet
trained on ImageNet, one obtains a fransformation of any
input image into a semi-abstract representation, which can be
used for learning SOMETHING ELSE (« transfer learning »):

— either by just using learnt representation as features

— or by creating new convNet output and perform learning
of new output layers + fine-tuning of re-used layers
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/ ]
;j* PSL* Transfer learning

ParisTech

* SoA convNets winning ImageNet are image CLASSIFIERS
for one object per image

 Many object categories can be irrelevant (e.g. boat when
onboard a car)

=>» For each particular application, models are usually
obtained from state-of-the-art ConvNets pre-trained on

ImageNet (winners of yearly challenge, eg: AlexNet, VGG,
Inception, ResNet, etc...)

o
<, Backprop |

. . I
I

7

o
3 Frozen >

= Adaptation is performed by Transfer Learning, ie
modification+training of last layers and/or fine-tuning of
pre-trained weights of lower layers
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Z .
}M/.%Z* PSL* Transfer Learning
and fine-tuning

« Using a CNN pre-trained on a large dataset,

possible to adapt it to another task, using only
a SMALL training set!

@Network first 75
trained on 70
ImageNet. 65

60

i\ ast layer § 28T
chopped off g so
fLast layer trained = e
on Caltech 256, 40 gy ‘
BB o sl s SRR e T TR P P PRET —e— Our Model|-----------+
@litirst layers N-1 S e s T e —Boetal | |
kept fixed. Sohn etal

20
Training Images per—class

Acc % Acc % Acc % Acc %
Sohn et al. [16] |35.1 42.1 45.7 47.9

ilistate of the art
accuracy with only
6 training
samples/class

3: [Bo, Ren, Fox. CVPR, 2013] 16: [Sohn, Jung, Lee, Hero ICCV 2011]

Deep_Learning for visual Scene Analysis (for IV), Pr. Fabien MOUTARDE, Center for Robotics, MINES ParisTech, PSL, Sept.2019 34




2% .
ﬁ* psLx EXamples of transfer-learning
Parisch applications

 Learning on simulated synthetic images
+ fine-tuning on real-world images

* Recognition/classification for OTHER categories
or classes

« Training an objects detector (or a semantic
segmenter)

* Precise localization (position+bearing) = PoseNet
« End-to-end driving (imitation Learning)
« 3D informations (depth map) from monovision!
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24 .
}/Z/* PSL% Transfer-Learning for
6-DOF Camera Relocalization

TS \

Convolutional
Neural Network . 6'DOE
(GoogLeNet) amera Pose

Input RGB
Image

[A. Kendall, M. Grimes & R. Cipolla, "PoseNet: A Convolutional Network
for Real-Time 6-DOF Camera Relocalization« , ICCV’2015, pp. 2938-2946]

King’s College
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fj PSL* End-to-end driving!

I’nl\Tech

Recorded
steering
wheel angle

Adjust for shift Desired steering command
and rotation '

Network

Left camera }7 computed
| [ steering n
c Random shift CN command
1 e e -
Centercamera > 20d roaton N =)

S
- B ry

Right camera }
N —

Back propagation Error
weight adjustment

 End-to-end driving by « imitation Learning »
(nVidia, Valeo)

Network .
computed Driving Cmrol
steering
command . S
{Center camera}—b CNN L T - Dr_|ve by wire
interface
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}jj” psLx Transfer Learning code example
in Keras

from keras.applications.inception_v3 import InceptionV3
from keras.preprocessing import image
from keras.models import Model
from keras.layers import Dense, GlobalAveragePooling2D
from keras import backend as K
# create the base pre-trained model base_model = InceptionV3(weights="'imagenet",
include_top=False)
# add a global spatial average pooling Layer
X = base_model.output x = GlobalAveragePooling2D()(x)
# let's add a fully-connected Layer
x = Dense(1024, activation='relu')(x)
# and a logistic Llayer -- let's say we have 200 classes
predictions = Dense(200, activation='softmax')(x)
# this 1s the model we will train
model = Model(input=base_model.input, output=predictions)
# first: train only the top Llayers (which were randomly initialized)
# 1.e. freeze all convolutional InceptionV3 Llayers
for layer in base_model.layers:
layer.trainable = False
# compile the model (should be done *after* setting layers to non-trainable)
model.compile(optimizer="rmsprop', loss='categorical_crossentropy")
# train the model on the new data for a few epochs
model.fit_generator(...)
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24 ) .
;j* ' PSL% Outline

* Recalls on Convolutional Neural Networks (CNN
or ConvNets) and Deep-Learning

* Transfer Learning

« Beyond Imaqge Classification: DETECTION OF
OBJECTS

« Instance segmentation with DeepLearning

DL for Human pose inference and depth
estimation

« Semantic segmentation with DeepLearning
 Interest and use of simulations / synthetic videos
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24
}/Z/ , | PSL% Classification vs Detection

ParisTech

Classification Object Detection
+ Localization

Classification
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2%
;j* PSLx First simple idea: R-CNN

aeroplane? no.

person? yes.

tvmonitor? no.
Input Extract region _ Compute CNN Classify and refine
image proposals (~2k / image) features on regions
e.g., selective search regions

[van de Sande, Uijlings et al.]

Very slow + rather approximate bounding-boxes
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24
yo g ' PSL* Better: Fast R-CNN

MINES
PurisTeCh*

Outputs: beX
softmax regressor
Rol EC
pooling
layer [
conv5 'i Rol feature
feature map vector

For each Rol

Learn a bounding-box regressor together with
the class estimation (combination of 2 losses)
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24
AT | psLx Faster R-CNN

MINES
I’.n‘i\TeCh*

Fitted

T y — - Regression |Bounding
’ ‘ . |boxes
2 _ | Spatial '
NN I " | pooling
: —— | Dog 0.03
}: * Classifier | Cat0.01
e [: e ‘ < l Duck 0.2
Region Proposal \ Pregtlicc’ar;al l——‘ Proposed l l M |
Network (RPN) Layer ; \7Regtons B IS
f: —
- ; Faster R-CNN object detection pipeline
_| Anchor ’
Boxes
CV-Tricks.com

Learn also a « Region Proposal Network »
-> objects’ bounding-boxes.
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24
A7 pstx  Training of Faster RCNN

ParisTech

p.c-::-usa‘.s/" /
£ v
Region Proposal Network

Combining 4 losses!
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pod PSL* R-CNN family

MINES
Pai 1\Tech*

* History
* R-CNN: Selective search — Cropped Image — CNN
» Fast R-CNN: Selective search — Crop feature map of CNN
» Faster R-CNN: CNN — Region-Proposal Network
— Crop feature map of CNN

* Best performances, but longest run-time
 End-to-end, multi-task loss
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24
}/Z/* ' PSL% R-FCN

top-left  top-center bottom-right

3,
y /
& i

A
P K(C+1)d
conv 47 vote softmax
——
\ —
pd C+1
4 ot
feature
maps v
C+1
-
position-sensif tive
K(C+1) e map

 Addresses translation-variance in detection
+ Position-sensitive ROI-pooling

 Good balance between speed & performance
« 2.5 -20x faster than Faster R-CNN
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AT psLx FRCNN vs RFCN

Par l\Tech
40 800 40 800
35 700 35 700
Inception Resnet i

30 600 30 - 600

25 500 25 500
o a
< ] < %)
= E E v =
— _ jon
3 20 400; T 20 \ncepti® 400 ;
: & ¢ &
o o

15 300 15 wobilenet 300

10 s siaedmn e R LtE R HE o5y 10 200

5 el et s e LN 5 MK LB B A | S 100
0 0 0 0
10 20 50 100 300 10 20 50 100 300
Box Proposals Box Proposals
(a) FRCNN (b) RFCN

Image from: https://arxiv.org/pdf/1611.10012.pdf
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ff psLx Example video of objects visual

MINES

simultaneous detection and
categorization with R-CNN
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24
;j . | PSLx  Detection without proposal

ParisTech

Solve detection as a regression problem
(“single-shot” detection)

YOU ONLY LOOK ONCE(YOLO) SINGLE SHOT MULTIBOX DETECTOR(SSD)

Extra Feature Layers
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24
//7* PSL* YOLO

You Only Look Once

k)
T | A
BE 56
4 —_—
443 3[_| a8 sh- —
224 f "a 7 7 7
e 5 ‘ >< ><:
pil J| |
| " / 7 7
3 44 192 256 51 0z4 124 loza 4095
Conv, Layer Conv. Layer Conv, Loyers Conv, Layers  Conv. Layers Conv. Layers Conv. Laysr Conn. Layst  Conn, Layer
TX7x64-5:2 3x3x192-5:2 1%1x128 1x1x128 Ix1x2567 4 Ix1x512 Ix3x 1024 Detection Layer
3xAx256-+2 Ix3x256 3x3x512 IxIx1024 3Ix3x1024
1x1x128 Ix1x256 Ixdx1024

3x3x512-52  3x3x1024.52  3x3x1024--2

* Modified GoogleNet/Inception

« Super fast (21~155 fps)

 Finds objects in image grids in parallel

* Only slightly worse performance than Faster R-CNN
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fj PSL* YOLO principle

Par leech

» All BBox, All classes
1) Image = S x S grids

2) grid cell Smmm
— B: BBoxes an Confldence score S x S grid on input

Class probability map

|x, y, w, hlconfidenceft— PI(Oh]ect ...IOU:;LS(I

Figure 2: The Model. Our system models detection as a regres-
sion problem. It divides the image into an S' x S grid and for each
grid cell predicts B bounding boxes, confidence for those boxes,

= C: CIaSS prObabllltleS w.r.t #CIaSSQS and C class probabilities. These predictions are encoded as an

c : S x 8 x (B 5+ C) tensor.
Pr(Class; |Object) x §x( ) tensor.

Slide from: https://www slideshare.net/TaegyunJeon1/pri2-you-only-look-once-yolo-unified-realtime-object-detection
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fj PSL* YOLO limitations
and v2 improvements

Groups of small objects
Unusual aspect ratios
* Localization error of bounding boxes

= YOLOv2: Many improvements
+ Custom architecture — Darknet
(instead InceptionNet for YOLO)
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fj PSL% YOLO versions

P. :uTech

YOLO (darknet) - https:/pjreddie.com/darknet/yolov1/ (C++)

YOLO v2 (darknet) - https://pjreddie.com/darknet/yolov2/ (C++)
- Better and faster - 91 fps for 288 x 288

YOLO v3 (darknet) - https://pjreddie.com/darknet/yolo/ (C++)

YOLO (caffe) - https://qgithub.com/xingwangsfu/caffe-yolo

YOLO (tensorflow) - hitps://qithub.com/thtrieu/darkflow

Deep_Learning for visual Scene Analysis (for IV), Pr. Fabien MOUTARDE, Center for Robotics, MINES ParisTech, PSL, Sept.2019 53

fj PSLx SSD (Single Shot Detector)

P. :uTech

Architecture

Extra Feature Layers
VGG-16 ( A \

= Classifier : Conv: 3x3x(4x(Classes+4))

N

\ N < S Classifier : Conv: 3x3x(6x(Classes+4))
S .,_,_“_:1 _hﬁ\>| j

300

74.3mAP
59FPS

19 19

SSD
§

Conv4_3 Convé

(FC8)

3§
{

Con 3x3x u x(Classes+4)) | @

| Detections:8732 per Class |
| Non-Maximum Suppression |

g2

[—— L")
Conv: 3x3x1024 Conv: 1x1x 1024 Corlv 1x1x256 Conv: 1x1x 128 Conv: 1 1 128 Con x1x128
Conv: 3x3x512-s2 Conv: 3x3x256-s2 Conv: 33256-1Conv33x256-1

Slower but more accurate than YOLO
Faster but less accurate than Faster_R-CNN
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fj PSL*

SSD versions

SSD (caffe) - https://github.com/weiliu89/caffe/tree/ssd

SSD (tensorflow) - https://github.com/balancap/SSD-Tensorflow

SSD (pytorch) - https://github.com/amdeqgroot/ssd.pytorch
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/Zf PSL % Recent comparison of

MINES 1 i
convNets for object detection
40
Faster R-CNN w/ResNet, Hi Meta Architecture
Res, 50 Proposals @ Faster RCNN B RFCN @ SSD
35 scnw s T e e
o, j, L0900 /
SR ‘) ~ @ D. Faster R-CNN w/Inception
% &5 Qe % o o Propasals,Stida &
g
= 25 F Ade.
§ @

Feature Extractor
Inception Resnet V2
Inception V2
Inception V3
MobileNet
Resnet 101
VGG

0 200 400 600 800
GPU Time

o
20
YOLOV2 I

(different impl.;
not 100%
comparable) 15

SSD w/Inception V2, Lo Res
SSD w/MobileNet, Lo Res

N NoN N N@

1000

Slide from Ross Girshick’s CVPR 2017 Tutorial, Original Figure from Huang et al
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;//f PSLx

MINES
I’.n‘i\TeCh*

Training sets for
Visual objects detection

* Training a visual objects detector requires a
training set containg images WITH BOUNDING-
BOXES (or even mask) ANNOTATION

 Two main « reference » training sets of this type:

— Pascal VOC (Visual Object Class)
http://host.robots.ox.ac.uk/pascal/VvoC/

— Coco (Common Objects in Context)

[more classes + MASK annotations]
http://cocodataset.org/
w0
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AT psLx VOC and COCO categories

Paristoch X
VOC Cateqorles COCO Cateqorles
aeroplane person backpack Apple microwave
bicycle bicycle umbrella Sandwich oven
bird car handbag Orange toaster
Ir motorbike tie broccoli sink
boat aeroplane suitcase carrot refrigerator
bottle bus frisbee hot dog book
bus train skis pizza clock
truck snowboard donut vase
car boat sports ball cake scissors
cat traffic light Kite chair teddy bear
chair fire hydrant baseball bat Sofa hair drier
cow stop sign baseball glove pottedplant toothbrush
dininatabl parking skateboard bed
Iningtable meter surfboard diningtable
dog bench tennis racket toilet
horse bird Bottle Tvmonitor
motorbike Bat wine glass laptop
og cup mouse
person horse fork remote
pottedplant sheep knife keyboard
sheep Cow spoon cell phone
sofa elephant bowl
train bear banana
) zebra
tvmonitor giraffe
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5 | psLx __Summary on Visual object
pariteen ~ DETECTION with Deep-Learning

 If very fast inference is essential, better choose
latest version of YOLO (or even MobileNet)

 If quality of detections (precision and recall) is
more important, better choose Faster RCNN

 For a compromise, SSD can be considered

 Pre-trained ConvNet detectors are available for
many pre-defined categories (those of VOC or
COCO)
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24 . .
}/Z/* ' PSL* Outline

* Recalls on Convolutional Neural Networks (CNN
or ConvNets) and Deep-Learning

« Transfer Learning

 Beyond Image Classification: DETECTION OF
OBJECTS

 Instance segmentation with DeeplLearning

DL for Human pose inference and depth
estimation

« Semantic segmentation with DeepLearning
 Interest and use of simulations / synthetic videos
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2 psLx Beyond bounding-boxes:
parieen etting detailed contours of

 objects of a given category

|

v

IIJ

Instance Segmentation

?

[

Deep_Learning for visual Scene Analysis (for IV), Pr. Fabien MOUTARDE, Center for Robotics, MINES ParisTech, PSL, Sept.2019 61

24
AT Ipsiw Mask R-CNN principle

ParisTech

Mask R-CNN = Faster R-CNN with FCN on Rols
Faster R-CNN

/l 1 ¢.ei.,,f7 i", ! Wi"

// A //
. RolAlign| 1
Hconv™

14

A\ J

'
FCN on Rol

Mask R-CNN architecture extract detailed contours and
shape of objects instead of just bounding-boxes
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24
AT psL*  Mask R-CNN architecture

ParisTech

Mask R-CNN

bax
ragra ks ion

fully connected
layers

classificat ion

. feature nap

e cOmvolutional backbane
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24 B .
;j , | PSL* Outline

* Recalls on Convolutional Neural Networks (CNN
or ConvNets) and Deep-Learning

« Transfer Learning

 Beyond Image Classification: DETECTION OF
OBJECTS

« Instance segmentation with DeepLearning

« DL for Human pose inference and depth
estimation

« Semantic segmentation with DeepLearning
 Interest and use of simulations / synthetic videos
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A7 | ps.x Now possible to estimate Human

MINES ¢

poses from RGB images!

W

[ 4

Real-time estimation of Human poses oh RGéideo

[Realtime Multi-Person 2D Pose Estimation using Part Affinity Field,
Cao et al., CVPR’2017 [CMU]
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/ e
/’Qf . | PSL® OpenPose on streets

ParisTech
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s Human Pose estimation
il by DL methods

 OpenPose = 2D pose, bottom-up
(localize joints, then assemble them into
skeletons)

 AlphaPose = 2D pose, top-down, slower
and less robuts

« HMR (Human Mesh Recovery) = 3D pose +
estimate body SURFACE as a mesh
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0y PSL Inference of 3D (depth)

pIINES, from monocular vision

N

Unsupervised monocular depth estimation with left-right consistency
C Godard, O Mac Aodha, GJ Brostow - CVPR’2017 [UCL]
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=% ) .
Zj*  PSLx Outline

* Recalls on Convolutional Neural Networks (CNN
or ConvNets) and Deep-Learning

* Transfer Learning

 Beyond Image Classification: DETECTION OF
OBJECTS

« Instance segmentation with DeepLearning

DL for Human pose inference and depth
estimation

- Semantic segmentation with DeepLearning
 Interest and use of simulations / synthetic videos
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o g Drawbacks of
e | PSLX object detections approach

i iy -

* Problem for objects without sharp boundaries
(trees, ...) or very dense group of objects (crowd
of pedestrians, ...)

 Only « compact » objects are categorized
(what about « road », « sidewalk », « building », ...?)
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s Advantage of
ranioon ™ ____Semantic (full) segmentation

* One single semantic segmenter - all interesting
object categories (cars, pedestrians, signs, etc...)
and categorization of whole image

« Can also categorize non-compact areas (road,
sky, buildings, trees, traffic lanes...)
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AT | psLx What is image SEGMENTATION?

ParisTech

Identify groups of contiguous pixels (connex sets)
that « go together »
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A psLx Many # approaches

MINES

for image segmentation

* Clustering (K-means, GMM, MeanShift, ...)
« Graph-based (graph-cuts)

— Node (vertex) for every pixel
— Edge between pairs of pixels, (p,q)
— Affinity weight w, for each edge

* Wpq measures similarity

+ Similarity is inversely proportional to difference
(in color’and position...)

« Mathematical Morphology (watershed, etc...)
* Energy minimization (Conditional Random Fields)
* Deep-Learning
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2 psix What is SEMANTIC

MINES

Image Segmentation?

SEMANTIC segmentation:
« go together » = same « type of object »
# from just grouping pixels with similar colors or texture

Objects detection Semantic Segmentation Instance Segmentation
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ff psLx  Video example of semantic

MINES

segmentation with category labels

[C. Farabet, C. Couprie, L. Najman & Yann LeCun:
Learning Hierarchical Features for Scene Labeling,
IEEE Trans. PAMI, Aug.2013.
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ff PSL% Semantic segmentation
BEFORE Deep-Learning

* Relying on Conditional Random Field (CRF)
Operating on pixels or superpixels
* Interactions between label assignments

. E clustering and
B+l assignment
go* _
input image filter bank texton map
(colors < texton indices)

Deep_Learning for visual Scene Analysis (for IV), Pr. Fabien MOUTARDE, Center for Robotics, MINES ParisTech, PSL, Sept.2019 76




A psLx Deep-Learning approach

MINES ¢

for semantic segmentation

forward /inference

<€

backward /learning

b‘oqﬁ) b.ng 21
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¥ ps .« Fully Convolutional Network
paridlecn X | (FCN)

“tabby cat”

N ol © .00 o0 | ‘
S o S R Lo1ebly

convolutionalization

tabby cat heatma

90200°
£ob 19hnc0 8078040

'f)b 256-6x6  4096-1x1
4096-1x1 If input is 451x451, output is 8x8 of 1000ch

S\

« Fully Convolutional Networks for Semantic Segmentation »,
Evan Shelhamer, Jonathan Long, and Trevor Darrell, [Berkeley, 2015]
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fj PSL* FCN principle

Par l\Tech

image convl pooll  conv2  pool2 convy pool3 convd poald oonvd

5 poold  convh-T
283! T bessssddy
2332 !
S3essseetl | | fbdedeebet 1| et
3358
ssssseeesl | | bbbt InE

..... +44 - - ,

..... 44

+H ——t—t

interp + sum
\ 2x convT
‘ " ;)l l — T |
hl ,/O ~ —
o, / —
Z
So _
s B interp + sum
—— . }@/- ix um'
end-to-end, joint learning S %x pot
of semantics and location 3
- T T 1
TT— -> —
Slide credit: Jonathan Long dense output

Trick = some connections
skipping directly to « fuse layers »
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AT psLx FCN + CRF

&
Bl BB

Image/G.T. DCNN output ~ CRF Iteration I  CRF Iteration 2  CREF Iteration 10

Output from FCN rather blurry and inaccurate,
but can be improved by CRF post-processing

nahimt .
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/ - [ ]
ﬁ , |PSLx Convolutional Encoder-Decoder

ParisTech

Convolutional Encoder-Decoder

Output

Pooling Indices
RGB Image B conv + Batch Normalisation + ReLU Segme ntation
I Pooling M Upsampling Softmax

224x224 224x224

11Px112 112x11

Convolution network Deconvolution network
56x56 56x56
28x28 2828

14x14 7x7 7x7 14x14

| o |

Xing Unpooling
s TR, 51 SO, e Unpooling
5% e T el Unpooling

Unpooling
—u
~npooling

Feature extractor Shape generator

la =
pooling ...+
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“ . | PSL* Deconvolution??

224%224

MINES <
0 Deconvolution network 11211
7 5656
28x28
///l”l x 55 14x14
f ‘ III', &
| I i Unpooling
Pt _ \‘Uﬂpoolwng g :
- npooling
; D Unpooling

ParisTech
1ax
puf)l..«lg e e

~~Unpooling

pooled

\m_a‘p’

input

unpooled
map

switch .
variables o o \S/‘g’r'lt ;gles
input_— g

Convolution Deconvolution

Pooling Unpooling
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MINES
PLII‘ibTGCh*

AT | psLx SegNet

64 features per layer
4 layers
TXT convolution filter

saved pool indices

“SegNet: A Deep Convolutional Encoder-Decoder Architecture for
ImageSegmentation”, Vijay Badrinarayanan, Alex Kendall, Roberto
Cipolla [Cambridge (UK), 2015]
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/ S
/’Qf* PSL* SegNet example results

ParisTech

Deep_Learning for visual Scene Analysis (for IV), Pr. Fabien MOUTARDE, Center for Robotics, MINES ParisTech, PSL, Sept.2019 84




fj PSL% ICnet

MINES
Par i\Tech

[CONVS] [DILATED CONVS]
sy

[REDUCE CONV]

\ SRy K\ K\ N
- H o l | - e Vil .
\ (1732) (1/32) (1732)
)

| (1716)

== oy

(1/8)
¥ 7
<4 ) [CONVS]
1, N

induj :)ﬂl?llil] apeoase)

4 » Train only
(1/4) (1/4) » Testonly

(178) (1/8)

[UPSAMPLE X2] [CONV CLASSIFIER] [UPSAMPLE X4]! D — Train & Test

« ICNet for Real-Time Semantic Segmentation on High-Resolution Images »,
Zhao, Hengshuang & Qi, Xiaojuan & Shen, Xiaoyong & Shi, Jianping & Jia, Jiaya.
Chinese University of Hong-Kong (2017).
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}MZ/ PSL*  And many other competitors!

Par i\Tech

« 2015: U-Net (Keras) - https://github.com/zhixuhao/unet

* RefineNet (2016)
 DeeplLab (Caffe) - https://github.com/Robotertechnik/Deep-
Lab

 DeepLabv3 (Tensorflow) -
https://github.com/NanqingD/DeepLabV3-Tensorflow
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=% ) -
Zj* ' PSL* Outline

* Recalls on Convolutional Neural Networks (CNN
or ConvNets) and Deep-Learning

* Transfer Learning

 Beyond Image Classification: DETECTION OF
OBJECTS

« Instance segmentation with DeepLearning

DL for Human pose inference and depth
estimation

« Semantic segmentation with DeepLearning
* Interest and use of simulations / synthetic videos
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7
2z . | PSL% Synthetic images

ParisTech

More and more realistic

Pedestrian |
Cyclist ’

Example from SYNTHIA
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A psLx Interest of synthetic images for

O MINES e

Machine-Learning in IV applications

* Possible to generate as many as needed at
nearly no cost (in particular compared to
recording while driving)

- Easy to generate controlled variability in
environment, luminosity conditions, scenarii, etc
+ also images « dangerous situations »

« NO NEED FOR MANUAL LABELLING: ground
truth (ie target value) for classifiers, localizers,
and semantic segmentation provided
automatically
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5 psLx Simulators dedicated to

piER X Autonomous Vehicles

Séenario-buiding with Silmulatlon of a V|rtual scenario
CarCraft by Google/Waymo in XView by Google/Waymo

Deep_Learning for visual Scene Analysis (for IV), Pr. Fabien MOUTARDE, Center for Robotics, MINES ParisTech, PSL, Sept.2019 90




2 psLx CARLA open-source

MINES ¢

urban driving simulator

- Still few driving simulators adapted for DL and
RL, and best ones not totally mature

Simulateur | GTA DeepDrive.io  AirSim |CARLA[1]
Flexibilité | — — ++ ++ e
Variété | +-+ =i - o
Complexité/Réalisme | ++ S ” =
Objets mobiles | +-+ siss =
Vitesse éxecution | — — +- i
Multi-agent | — -

+ +

> Choice of CARLA

[1] A. Dosovitskiy: CARLA: An Open Urban Driving Simulator (2017)
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=%
AT | psL¥ CARLA simulator

ParisTech

Speed; 15 km/h
Gear 1

Speed Limt. 30 km/h
Traffic Light. Red

Location (327, -2, 38) -
Orientation. (-0.99, 0.11., -0.00)
Acceleration: (0.30, 0.24, -0.02)
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A psLx Synthetic images use
in ML/DL for IV

« Initial training of a classifier / segmenter /
controller only on simulated images / videos /
scenarios

* Possible to then adaptation to real-world by
fine-tuning on REAL images/video datasets

« Cheaper / more extensive testing than on real-
world videos

 REINFORCEMENT LEARNING in simulation !
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¥ ps_x Examples of autonomous driving
e ____obtained by DRL in CARLA

TownO02: Single Lane, EU
Weather: Heavy rain

Traffic Light: Red

Network input

Current Order: Left

Current Speed: 1.8 km/h

Work by my PhD student Marin Toromanoff (Valeo/MINES).

Ranked 1st (vision-only track) on
CARLA "Autonomous Driving challenge" !!
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