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Computer vision/imagining  applications of 
deep learning
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AI-based image super 
resolution

(enlarging an image with best possible 

quality/sharpness) 









ǒ Goal

Train a NN that takes as input a low-resolution image and outputs a high-resolution 

image (no blur, fine details).

ǒ Training Dataset 

ǒ 120,000 images

ǒ Ground truth ² High resolution images

ǒ Input images ² low resolution images produced from ground truth 

Data Curation for Super Resolution



Starting point (CVPR 2016)



Linear & Bicubic interpolation
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Super-resolution network architecture
ÅKey architectural concept ς ŀŘǾŀƴŎŜŘ ƴƻƴƭƛƴŜŀǊ ΨƛƴǘŜǊǇƻƭŀǘƛƻƴΩ ǘƘǊƻǳƎƘ 

learning. 
ÅLoss function ς ŎƻƳōƛƴŀǘƛƻƴ ƻŦ ΨǇƛȄŜƭ-to-ǇƛȄŜƭΩ a{9 ƭƻǎǎ ϧ  AI-ōŀǎŜŘ άǾƛǎǳŀƭ 
ƭƻǎǎέ 

ÅJPEG images ς Additional preprocessing network for de-blocking 



Another non-linearity: Leaky ReLU
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Python code for x4 network



Pre-trained VGG Net (2015) 
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VGG content Loss
Å{ŜƭŜŎǘ ŀ ƭŀȅŜǊ     όŜΦƎΦ          ύΦ Lǘ Ƙŀǎ ŀ ΨŦŜŀǘǳǊŜ ƳŀǇΩ ƻŦ ŘƛƳŜƴǎƛƻƴ 

Å[Ŝǘ              ōŜ ǘƘŜ ΨŦŜŀǘǳǊŜ ƳŀǇΩ ŀŎǘƛǾŀǘƛƻƴ ƻŦ ŀƴȅ ƛƴǇǳǘ ƛƳŀƎŜ  

ÅThe content loss uses pre-determined shallow layers 
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Style Transfer
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Starting point (CVPR 2016)
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Style Transfer Architecture

Pre-trained VGG network
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VGG Style Loss
Å{ŜƭŜŎǘ ŀ ƭŀȅŜǊ     όŜΦƎΦ          ύΦ Lǘ Ƙŀǎ ŀ ΨŦŜŀǘǳǊŜ ƳŀǇΩ ƻŦ ŘƛƳŜƴǎƛƻƴ 

Å[Ŝǘ              ōŜ ǘƘŜ ΨŦŜŀǘǳǊŜ ƳŀǇΩ ŀŎǘƛǾŀǘƛƻƴ ƻŦ ŀƴȅ ƛƴǇǳǘ ƛƳŀƎŜ  

ÅWe compute the Gram matrix of the feature pairs 

ÅThe style loss function with a reference style image      is then 
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Fast near-real time style transfer

ÅFor an input content image      , initialize  

Åwǳƴ ŀ ŦŜǿ ΨǳƴŎƻƴǘǊƻƭƭŀōƭŜΩ ƛǘŜǊŀǘƛƻƴǎ ǘƻǿŀǊŘǎ ƳƛƴƛƳƛȊŀǘƛƻƴ ƻŦ ǎǘȅƭŜ 
loss.
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AI-based portrait  
segmentation
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Portrait segmentation - Examples



Portrait segmentation - Examples



ǒ Manual ¯Ground truth° segmentation - crowdsourcing & designers

ǒ Training set - 30,000 manually segmented portraits 

ǒ Testing set ² 2,000

ǒ Quality metric - IoU (Intersection / Union) of ground truth & segmentation 

Data Curation for Portrait segmentation
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Portrait segmentation pipeline 

Segmentation
 network
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The Pyramid Scene Parsing Network 
(PSPNet) 
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Loss functions for segmentation
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Jaccard loss for segmentation
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Auto - correction



BEFORE 
(go to next slide for after)



AFTER



Phase Retrieval
(example for a machine learning approach to 

inverse problems)

* S. Dekel and L. Gugel, PR-DAD: Phase Retrieval Using Deep Auto-Decoders, 7th 

International Conference on Frontiers of Signal Processing (ICFSP), 2022, pp. 165-172



The Fourier transform 

Å The Fourier transform is an invertible transform to a frequency 
representation

ÅContinuous form 

ÅDiscrete univariate form for input  

ÅNote that the coefficients are complex, even if the samples are real

ÅEuler form of a complex ,                 is the magnitude.  
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Phase Retrieval: problem formulation

Å ὼ ɴ ᴙ  ,  where ꞈ ὼ ʖ Ὡ , ʖ  magnitude and • phase of 
Fourier transform

ÅPR is an ill-posed inverse problem: recover ὼ from ʖ 

ꞈ

ʖὼ



How critical is the phase? 



Use cases in imaging
Electro-microscopy images Fast MRI



Alternating projection-based algorithm

ÅὊ  - DFT matrix (ὓ ὓ  , ὖ  - zero padding matrix (N ὓ) for ὼɴ ᴇ  
ÅInput: DFT magnitude ʖ, ÒÁÎÄÏÍ ÉÎÉÔÉÁÌÉÚÁÔÉÏÎ ÏÆ ὼ
Loop 
Åὼ= Ὂ  ὖ  ὼ

ÅCompute current phase ό   

ÅReplace magnitude by ground truth magnitude ᾀ Ὂ  ʖ όʐ ,  where ʐ  is the 
element-wise product
ÅEnforce known constraints on solution ὼ ꞊ ᾀ . For example, projection onto real 

non-negative values
ÅὭ= Ὥ+1



PR-DAD ς Finding a sparse encoding space of the 
image class

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

ÅSparsity of a representation ς 

Å¢ƘŜ     ƴƻǊƳ άŀǇǇǊƻȄƛƳŀǘŜǎέ ǘƘŜ     ǘƘŀǘ Ŏƻǳƴǘǎ ƴƻƴ-zero elements. 

ÅIn our work we show two options/architectures for    : fixed 
transform, trained encoder
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PR-DAD I: Phase Retrieval Using un-supervised Haar 
wavelet packet transform  

ÅEncoding space ς coefficients of a fixed(!) wavelet packet transform.

ÅWe assume the image class is sparse(!) in this representation.

ÅProjections onto representation are linear. 

ÅThe decoder is then the  inverse wavelet packet transform  Ą plugged 
as a component of the PR network.



PR-DAD II: Phase Retrieval Using Deep Auto-Decoder

ÅEncoder ς ŘŜŎƻŘŜǊ ŀǊŎƘƛǘŜŎǘǳǊŜ ŦƛǊǎǘ άƭŜŀǊƴǎέ ǘƘŜ ƛƳŀƎŜ Ŏƭŀǎǎ ŦǊƻƳ 
existing ground truth images.

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

ÅEncoding space ς over-sampled representation composed of low 
resolution components.

ÅWe train(!) the encoding representation to be sparse.  

ÅProjections onto representation are non linear using an NN 
encoder.

ÅThe decoder is then then plugged as part of the PR network. 



64x8x8

DecoderEncoder

Encoder:
Å DownConvBlock  #1
Å DownConvBlock  #2 
Å DownConvBlock  #3

Å DownConvBlock:
Å ConvDoubleBlock
Å Average Pooling:  kernel=2x2

Å ConvDoubleBlock
Å Conv2D: kernel=3x3, stride=1, 

padding=replicate/zeros
Å 2DBatchNormalization
Å Non-linear activation: 

ReLu/Prelu
ÅΧǊŜǇŜŀǘ ƻƴŎŜ ƳƻǊŜ

Å UpConvBlock:
Å UpSampling:  bilinear interpolation, 

scale x2
Å ConvDoubleBlock

Decoder:
Å UpConvBlock  #1
Å UpConvBlock  #2 
Å UpConvBlock  #3

PR-DAD II: Phase Retrieval Using Deep Auto-Decoder



Phase Retrieval network

Conv
1

Conv
2

Conv
3

MLP: magnitude Ą rep
Decoder

ConvNet: rep enhance

MLP (Multi Layer Perceptron):
Å Fully connected block  #1: scale factor  x2
Å Fully connected block  #2: scale factor  x2
Å Fully connected block  #3: output flatten features map size

FC FC FC FC

Fully connected block:
Å Linear transform with bias
Å 2D Batch normalization
Å Non linear activation: PReLU

ὃὼ +B

ConvNet:
Å Double Conv block  #1
Å Double Conv block #2
Å Double Conv block #3
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MNIST encoder features



EMNIST 
EMNIST Balanced: 

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



KMNIST 

Kuzushiji-MNIST is a drop-in replacement for the MNIST dataset 28x28 grayscale, 70,000 images 10 classes,  
based on Kuzushiji Dataset created by National Institute of Japanese Literature

http://codh.rois.ac.jp/char-shape/


Fashion MNIST
Dataset ofZalando's article 27x27 grayscale imagesτconsisting of a training set of 60K and a test set of 
10K.

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


PR-DAD: data preparation

ÅMNIST datasets: up-scaling  to 32x32
ÅCelebA facial images: 
Åcentre cropping to 120x120 
ÅUp scaling 64x64
ÅMap from RGB to Grayscale

ÅNormalization to range [0, 1]
ÅRandom Augmentation, prob in (0.25, 0.5):
ÅGeometric transforms
ÅVertical/Horizontal flipping
ÅFree Rotation in range —ȟ—
ÅScaling

ÅColor transforms:
ÅSharpness
ÅGaussian Blur
ÅGamma Transform



Encoder-decoder loss functions

ÅL2 loss, rotation 180 invariant

Å L1 sparsity of encoded representation



PR-DAD: Loss functions


