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Computer vision/imagining applications of
deep learning



Al-based Image super
resolution

(enlarging an image with best possible

guality/sharpness)













Data Curation for Super Resolution

s Goal

Train a NN that takes as input a lowesolution image and outputs a higfresolution

Image (no blur, fine details).

s Iraining Dataset
s 120,000 images
s Ground truth? High resolution images

5 Input images? low resolution images produced from ground truth




Starting point (CVPR 2016)

Real-Time Single Image and Video Super-Resolution Using an Efficient

Sub-Pixel Convolutional Neural Network

Wenzhe Shi', Jose Caballero', Ferenc Huszar!, Johannes Totz!, Andrew P. Aitken',
Rob Bishop!, Daniel Rueckert?, Zehan Wang!
'Magic Pony Technology “Imperial College London
'{wenzhe, jose, ferenc, johannes, andy, rob, zehan}@magicpony.technology

2D.Rueckert@imperial.ac.uk




Linear & Bicubic interpolation
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Super-resolution network architecture
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A JPEG imagesAdditional preprocessing network for ddocking
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Another non-linearity: Leaky RelLU

Leaky RelLU: y=0.01x

Parametric RelLU: y=ax




Python code for x4 network

def net subpixel (input_ shape, r=4, activation='sigmolid', num channels=3, **kwargs):
input = Input (shape=input_ shape, name='input')
1l = Conv2D (64, (5, 5),
strides=(1, 1),
padding="sam="',
activation=None,
name='"convl') (input)
1l = LeakyRelLU(0.2) (11)
12 = Conv2D (64, (5, 5),
strides=(1, 1),
padding="sams"',
activation=lione, name='conv2') (1l1)
12 = LeakyRelU(0.2) (12)
13 = Conv2D(int (num channels * r * r), (5, 5), activation=lione, padding='same',
name="'"subp3"') (12)

out = Activation(activation, name='gesn out') (13)

# if activation == 'relu':
# out = Lambda (lambda clip) (out)
out = Lambda (reshape_ subpixel, arguments={'r': r, 'num channels': num channels}) (out)

model = Model (inputs=input, outputs=out)
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Pre-trained VGG Net (2015)
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Style Transfer
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Starting point (CVPR 2016)

Image Style Transfer Using Convolutional Neural Networks

Leon A. Gatys
Centre for Integrative Neuroscience, University of Tiibingen, Germany
Bernstein Center for Computational Neuroscience, Tiibingen, Germany
Graduate School of Neural Information Processing, University of Tiibingen, Germany
leon.gatys@bethgelab.org

Alexander S. Ecker
Centre for Integrative Neuroscience, University of Tiibingen, Germany
Bernstein Center for Computational Neuroscience, Tiibingen, Germany
Max Planck Institute for Biological Cybernetics, Tiibingen, Germany

Baylor College of Medicine, Houston, TX, USA

Matthias Bethge
Centre for Integrative Neuroscience, University of Tiibingen, Germany
Bernstein Center for Computational Neuroscience, Tiibingen, Germany
Max Planck Institute for Biological Cybernetics, Tiibingen, Germany




Style Transfer Architecture
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Fast near-real time style transfer

AFor an input content imagey, initialiﬁo) = Y
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Al-based portrait

segmentation




5 Apr 2023

200-300 masks
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! project lead

valid mask

o U

cat with
black ears

segmentation prompt

Eric Mintun?
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Nikhila Ravi®?  Hanzi Mao?

Alexander C. Berg Wan-Yen Lo

Zjoint first author 3equal contribution

Meta Al Research, FAIR
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Portrait segmentation - Examples




Portrait segmentation - Examples




Data Curation for Portrait segmentation

Manual  Ground t fcwwdsdurcisgekglasigners at I o n
Training set- 30,000 manually segmented portraits

Testing set? 2,000
Quality metric- loU (Intersection / Union) of ground truth & segmentation




This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the version available on IEEE Xplore.

Pyramid Scene Parsing Network

Hengshuang Zhao' Jianping Shi*>  Xiaojuan Qi'  Xiaogang Wang' Jiaya Jia'
'The Chinese University of Hong Kong  ?SenseTime Group Limited

{hszhao, xjgi, leojia}@cse.cuhk.edu.hk, xgwang@ee.cuhk.edu.hk, shijianping@sensetime.com

Abstract

Scene parsing is challenging for unrestricted open vo-
cabulary and diverse scenes. In this paper, we exploit the
capability of global context information by different-region-
based context aggregation through our pyramid pooling
module together with the proposed pyramid scene parsing
network (PSPNet). Our global prior representation is ef-
Sective to produce good quality results on the scene parsing
task, while PSPNet provides a superior framework for pixel-
level prediction. The proposed approach achieves state-of-
the-art performance on various datasets. It came first in Im-
ageNet scene parsing challenge 2016, PASCAL VOC 2012
benchmark and Cityscapes benchmark. A single PSPNet
vields the new record of mloU accuracy 85.4% on PASCAL
VOC 2012 and accuracy 80.2% on Cityscapes. (a) Image (b) Ground Truth

Figure 1. Hlustration of complex scenes in ADE20K dataset.




Portrait segmentation pipeline

{a) Input (b) Portrait
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The Pyramid Scene Parsing Network
(PSPNet)
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Loss functions for segmentation

Let p=(p...., Pn) be the ground truth labels of the segmentation. This means that p, € {0,1} .
Let p=(p...., jﬁvn) be an approximation (e.g., as generated through a deep learning network) of

the segmentation, with 0 < p, <1. One can ensure that the network outputs ‘probability pixels’

by applying at the last layer at each pixel the logistic function

o(f)=——.

|

Negative log-likelihood as a loss for image segmentation

We can define a loss per image

_Z Pi logf),ﬁ +(l_ pz.)lﬂg(l— ﬁ;)
i=1
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Jaccard loss for segmentation

It 1s clear that in unbalanced cases, where there are more ground truth background pixels than
ground truth object pixels, the standard negative log-likelihood loss is potentially biased.

One would like to train a DL segmentation network and measure/maximize performance using
Intersection Over Union (IoU) loss, which 1s also called the Jaccard loss

0< <lI.

AU

The Jaccard index 1n our special 1s

#li:p,=landp, 20.5}

J D)=
(p.p) #li p =lorp, 205!

34



Since the Jaccard index 1s not differentiable, we look for a surrogate. First note that

[4NB]_ |4NB|
[AUB| |4|+|B|-|4NB|’

Let
(paﬁ>:§pfﬁi= |p|1:Z_1:pf’ |f3|1:z_1:ﬁf'

We define a differentiable ‘loss’ function that we wish to maximize

T (P.P)
J(p, . -
(7.2) ||, +|P|, =(p. P)
Note that in the special case where p, € {0,1}, i=1,...,n, we get

J(p.p)=J(p.P)-

The log-likelihood and Jaccard are typically combined with a weight.
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Phase Retrieval

(example for a machine learning approach to

Inverse problems)




The Fourier transform

N

A The Fourier transform is an invertible transform to a frequen
representation

AContinuous form  (f)(w)= Hw): 1. (y) ™ dy w R"
0

N-1 Nt =
ADiscrete univariate form for input{ fj} ,-: £= a fe ™

ANote that the coefficients are complex, even if the samples are real
AEuler form of a complexz=ré?, rl R, is the magnitude.



Phase Retrieval: problem formulation

78 N

"~  _/ Y

AonN a  where (0 5'Q ,5 magnitude and phaseof
Fourier transform

APR is an #bosed inverse problem: recoveyfrom 5



How critical is the phase?

Fig. 1. Most information about the image is contained in the phase, which can be
demonstrated by exchanging the phase with a random phase. For comparison we also
exchange the magnitude with a random magnitude. Original image x, original magni-
tude w, random phase ¢, image obtained by combining the original magnitude and the
random phase xg, original phase ¢, random magnitude &, image obtained by combining
the original phase and the random magnitude xg.



Use cases in imaging

Electremicroscopy images Fast MRI

xray

sample source
mask

diffraction #
pattern




Alternating projectiorbased algorithm

AO -DFTmatrix0 0 ,0 -zeropadding matrig\ 0 )for N E
Alnput: DFT magnitudé ,OAT AH i E @BAII 4 U
Loop

Aw="00

A Compute current phase =

A Replace magnitude by ground truth magnitudle "O 5 26 , wherezis the
elementwise product

A Enforce known constraints on solution = & . For example, projection onto real
non-negative values

AQal



PRDAD Finding a sparse encoding space of the
image class

AOur algorithm is based on finding good sparse representations for the
given image class.

ASparsity of a representatiornT(X) :{“j(x)}, H T )9H|1 :a ‘ T( >)‘
A¢ KIS V2 N d LILINE E A-2eto éléniessts. § K S

Aln our work we show two options/architectures for : fixed
transform, trained encoder




PRDAD I: Phase Retrieval Usingsuperviseddaar
wavelet packet transform

AEncoding space coefficients of dixed(!) wavelet packet transform.
AWe assume the image classparse(!)n this representation.

AProjections onto representation are linear.

AThe decoder is then the inverse wavelet packet transfégnplugged
as a component of the PR network.
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PRDAD II: Phase Retrieval Using Deep-Betder

AEncodecRSO2 RSNJ | NOKAUSOUGdzZNBE FTANBRG af SI N
existing ground truth images.

AWe use augmentation or add synthetic data if not enough ground
truth images are available.

AEncoding spaceover-sampled representation composed lofv
resolutioncomponents.

AWetrain(!) the encoding representation to be sparse.

AProjections onto representation aren linearusing an NN
encoder.

AThe decoder is then then plugged as part of the PR netw 3




PRDAD II: Phase Retrieval Using Deep-Betder
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Phase Retrieval network
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Fully connected block PReLU, (x) _ex x20,

A Linear transform with bia®w +B v :ax X< 0

A 2D Batch normalization PReLU, (x) = ReLU()

A Non linear activationPReLU

MLP(Multi Layer Perceptrorn) ConvNet:

A Fully connected block 1#scale factor X A Double Conv block #1
A Fully connected block 2#scale factor X A Double Conv block #2

A Fully connected block 3#output flatten features map size A Double Conv block #3



MNISTencoderfeatures




EMNIST

28x28 gray scale 131K images , 47 classes, train: 112.8 K, test: 18.8K

EMNIST Balanced:
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KMNIST

KuzushigMNIST is a drop replacement for the MNIST dataset 28x28 grayscale, 70,000 images 10 classes,

based onKuzushiji Datasetreated by National Institute of Japanese Literature
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http://codh.rois.ac.jp/char-shape/

Fashion MNIST
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https://jobs.zalando.com/tech/

PRDAD: data preparation

AMNIST datasetsip-scaling to 32x32

ACekbAfacial images:
A centre cropping tal20x120
A Up scaling4x64
A Map from RGB to Grayscale

ANormalization to rangeQ 1]

ARandom Augmentation, prob i0.25, 0.5):

A Geometric transforms
A Vertical/Horizontal flipping
A Free Rotation in rangé —h—
A Scaling

A Colortransforms:
A Sharpness
A Gaussian Blur
A Gamma Transform




BEhcoderdecodeross functions

AL2loss rotation 180 invariant
A L1 parsityof encoded representation

|Orig — Recon|, + A|Features|;



PRDAD: Loss functions



