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Partie I: Introduction

• Définition du problème de restauration.

• Quelques méthodes classiques de restauration.

• Introduction aux réseaux de neurones.

• Application aux problèmes de restauration:

• Débruitage.

• Super-résolution mono-image.
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Partie I: La restauration
• Une image est acquise par un appareil numérique.

• L’image idéale est ce qui serait obtenu par une camera obscura.

• L’image réellement obtenue diffère de l’image idéale pour plusieurs raisons:

• Flou

• Bruit

• Échantillonnage

Lentille:

Camera obscura Lentille système optique réel3



Bruit: Les raisons

• Dans une image numérique le bruit est principalement du a 
deux phénomènes:

• Bruit de grenaille (shot noise): du au caractère 
quantique. De puissance variable.

• Bruit thermique: De puissance constante sur l’image.
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Bruit: Shot noise
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Bruit: Bruit "constant"
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Bruit: À retenir

• Le modèle statistique du bruit est bien connu.

• On peut, avec une bonne précision, trouver la puissance 
du bruit qui affecte une image donnée.
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Flou: Raisons du flou

• Le flou a plusieurs raisons 
possibles:

• Défaut de mise au point.

• Bougé.

• Diffraction.

• Intégration pixelique.

Lentille:
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Flou: À retenir

• Le noyau de flou est souvent inconnu.

• Il est très difficile de retrouver le noyau de flou 
depuis l’image dégradée

Gaussien BougéOriginale
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Modélisation de la dégradation

• L’image parfaite est floutée, échantillonnée puis du 
bruit s’ajoute à la mesure. 

g = ⇧(f0 ? h) + b image acquise

f0 image parfaite

h noyau de flou

⇧ opérateur d’échantillonnage

b bruit
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Inversion du défaut?

A A�1
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Inversion du défaut?

A A�1

A�1Af + b

�b = 0.1
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A�1Af + b

�b = 0.1

Inversion du défaut?
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A�1Af + b

�b = 0.1

+Image 
model

Af + b

�b = 2 P(Af + b)

Inversion du défaut?
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Modèles: La régularisation

• On veut reconstruire une image qui:

• Explique l’observation

• Est régulière

• Pour se faire on recherche l’image comme minimiseur de: 

E(u) = kAu� gk2 + �R(u) R(u) =
RR

kruk2 Tychonov

R(u) =
RR

kruk (TV)
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Régularité Thyconov
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Régularité TV
17



Chemin suivi par le minimiseur lorsque 
λ varie entre l’infini et 0 

Modèles: La régularisation
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La solution s’approche puis s’éloigne de la vraie image.

Modèles: La régularisation
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Modèles: Statistiques

X v.a. 2 RN

P(X) ⇠ e�
1
2X

TC�1X

C = E(XTX) matrice de covariance déf. pos.

P(B) ⇠ e
� 1

2
kBk2

�2
b

Modèle Gaussien:

Y = AX +B
trouver

˜X = DY t.q.

E(k ˜X �Xk2) soit minimale

X̃ =
�
ATA+ �2

bC
�1

��1
AT

| {z }
D

Y

Problème: Solution:
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Modèles: Wiener

• Pour les images, une 
base de décomposition 
naturelle: Fourier

• La densité spectrale de 
puissance:

• On peut l’imposer 
comme a priori.

• Ou utiliser celle de 
l’image dégradée.

X̃ =
�
ATA+ �2

bC
�1

��1
AT

| {z }
D

Y

g = Af + b

f 2 RN2

: image de taille N ⇥N inconnue

g 2 RN2

: image de taille N ⇥N connue

A : matrice de convolution carrée de taille N2 ⇥N2

b 2 RN2

: réalisation d’un bruit gaussien

K : noyau de convolution Af=̂K ⇤ f

ˆ

˜f(!) = K̂(!)

|K̂(!)|2+
�2
b

�2
s(!)

ĝ(!)

! parcourt les fréquences de Fourier

�2
s(!) puiss. du signal à la fréq.!
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Modèles: Auto-similarité(NLM, 
BM3D)

Image denoising : NLMeans (2005)

• Observation
ũ = u + n

with n ⇠ N (0,�2), we want to reconstruct u.

• Non Local Means, Buades, Coll, Morel, [05]

8i 2 ⌦, NLu

i

=

P
j2⌦ w

i,j ũjP
j

w

i,j
.

with w

i,j weights measuring the similarity between patches centered at i
and j , typically

w

i,j = e

�kxũ
i

�x

ũ

j

k22/2h
2

.

Essayez vous-même
http://demo.ipol.im/demo/bcm_non_local_means_denoising/

http://demo.ipol.im/demo/l_bm3d/ 24
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CNN: Résumé

• Définir l’architecture

• Fonction objectif (fonction à minimiser, Loss)

• Comment procéder à l’apprentissage (comment minimiser la 
Loss)

• Études de quelques réseaux proposés pour la 
restauration 
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CNN: Architecture
• L’image est traitée par le CNN comme une fonction à 

valeurs vectorielles

• En entrée une image couleur (profondeur=3): Pour toute 
position on a un vecteur de R^3 (gris -> R^1)

• Puis cette image est transformée en une autre image, a 
priori, de même taille mais avec une profondeur 
différente.

• Chaque canal de la nouvelle image est obtenu par: 

I l+1
k = a(I l ⇤W l

k + bk)
I l image à l’étape l
W l

k filtre numéro k de la couche l
⇤ est l’opération de convolution où le produit est un produit scalaire

a est la fonction (scalaire) d’activation

bk est le biais
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CNN: Architecture
Les autres composantes

• ReLu: Rectified linear Unit. 

• C’est la non-linéarité d’activation la plus utilisée 
dans les CNN. 

• Par rapport à la sigmoïde ou tangente hyperbolique elle 
a l’avantage de ne pas saturer des deux cotés.

R(x) =

⇢
0 si x < 0

x sinon

Brief Introduction to Deep Neural Networks

What about the non-linearity ?
Used to be sigmoids-like functions long ago
Now most of the time is RELU variants (REctified Linear Unit)

x

h
i
(x

)
Rectifier

x

h
i
(x

)

Absolute value

x

h
i
(x

)

Quadratic

Description of Maxout layers: does compute t times more
convolutions every locations (t times more kernels), computes the

RELUs, and computes the max over t outputs. Picture from2

2Ian J Goodfellow et al. “Maxout networks.” In: ICML (3) 28 (2013),
pp. 1319–1327.
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CNN: Architecture
Graphe de calcul

    Wei Xu ◦ socialmedia-class.org 

Neural Network Toolkits

Source: http://tmmse.xyz/content/images/2016/02/theano-computation-graph.png

c = b+ a = (az) + a = ((x+ y)z) + (x+ y)

• On regarde l’activation de chaque neurone comme un 
scalaire.

• L’activation d’un neurone dépend de l’activation des 
autres via une fonction.

• Tout le réseaux peut être regardé comme un graphe orienté 
dont les noeuds sont les opérations et les arêtes sont les 
dépendances.
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CNN: Architecture
Les autres composantes

• MaxPool: Il s’agit de prendre le maximum d’une région 
comme valeur du nouveau neurone et dans le même temps de 
sous-échantillonner.

• Permet de réduire la taille du flux de données à 
travers le réseau…

• Tout en gardant la partie la plus significative.

• D’autres formes de sous-échantillonnage sont possibles.

• Rappel les filtres morphologiques et participe au 
comportement non linéaire.
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CNN: Exemples 
AlexNet
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CNN: Exemples
VGG-16

500Mo sur le disque dur
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CNN: Fonction objectif (loss)

• Suivant la tâche à accomplir on choisit la fonction 
objectif. 

• Le but de l’entraînement est de minimiser cette fonction 
objectif

• Pour la classification softmax_logit

• Pour la restauration L^2

32



L(I) = kI lk22

CNN: Fonction objectif (loss)
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• La base de données:

• L’architecture du réseau:

• La loss: 

(fn, gn = Afn + b)

C(g,W )

L(W ) =
X

n

kC(gn,W )� fnk2

Rappel du modèle statistique: argmin
P

E
�
kP(g)� fk2

�

CNN: Fonction objectif (loss)
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CNN: Fonction objectif (loss)
exemple en débruitage

• Si on veut construire un réseau qui débruite les images:

• On se donne une base de données d’images parfaites fn

• On ajoute du bruit et pour obtenir un image gn

• On veut retrouver les fn à partir des gn:

L(W ) =
X

n

kC(gn,W )� fnk2
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CNN: Fonction objectif (loss)
exemple en restauration

• Si on veut construire un réseau qui interpole les images:

• On se donne une base de données d’images parfaites fn

• Chaque image est sous-échantillonnée en une image gn

• On veut retrouver fn à partir de gn, par exemple:

L(W ) =
X

n

kC(gn,W )� fnk2
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CNN: Fonction objectif
• Comment la minimiser? On cherche à minimiser par morceaux 

(gradient stochastique): 

• mini-batch: Un sous ensemble de la base d’apprentissage 
donne une fonction.

• La somme de ces fonctions donne la fonction objectif 
(loss)

• Gradient stochastique: En minimisant alternativement 
chacune de ces fonctions on espère minimiser la somme (la 
fonction objectif)

L(W ) =
X

n

Fn(W ) =
X

m

FJm(W ), avec FJm =
X

n2Jm

Fn(W ) et [m Jm = [1, N ]
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CNN: Entraînement
Le gradient (rappels)

L(⇥+ d⇥) ⇡ L(⇥) +DL(⇥)(d⇥) = L(⇥)+ < rL|(d⇥) >

La direction dans laquelle L croît le plus vite est le gradient

argmaxv
|L(⇥+ tv)� L(⇥)|

t
= rL(⇥)

38



    Wei Xu ◦ socialmedia-class.org 

Neural Network Toolkits

Source: http://tmmse.xyz/content/images/2016/02/theano-computation-graph.png

c = b+ a = (az) + a = ((x+ y)z) + (x+ y)

�c = �b+�a

�b = �a.z +�z.a

�a = �x+�z

@c
@z = a

CNN: Entraînement
Rétropropagation (backprop)

• Backpropagation: On cherche à calculer 
les variations de la loss par rapport 
aux variables du réseau (gradient)

• La loss varie comme 1 fois elle-même.

• Elle envoie le message vous "je varie 
de tant en fonction de vous aux 
noeuds dont elle dépend".

• Arrivé à un noeud final, on a le 
gradient!
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    Wei Xu ◦ socialmedia-class.org 

Neural Network Toolkits

Source: http://tmmse.xyz/content/images/2016/02/theano-computation-graph.png

1
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    Wei Xu ◦ socialmedia-class.org 

Neural Network Toolkits

Source: http://tmmse.xyz/content/images/2016/02/theano-computation-graph.png

1

1

1
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    Wei Xu ◦ socialmedia-class.org 

Neural Network Toolkits

Source: http://tmmse.xyz/content/images/2016/02/theano-computation-graph.png

1

1

1.a

1+1.z
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    Wei Xu ◦ socialmedia-class.org 

Neural Network Toolkits

Source: http://tmmse.xyz/content/images/2016/02/theano-computation-graph.png

1

1

1.a

1+1.z1+1.z

1+1.z

@c

@z

= a = x+ y

@c

@x

= 1 + z

c = b+ a = (az) + a = ((x+ y)z) + (x+ y)
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Débruitage: rappel

• Si on veut construire un réseau qui débruite les images:

• On se donne une base de données d’images parfaites fn

• On ajoute du bruit et pour obtenir un image gn

• On veut retrouver les fn à partir des gn:

L(W ) =
X

n

kC(gn,W )� fnk2
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Débruitage: Points clés

• Dans le cas du débruitage on sait parfaitement 
synthétiser le bruit.

• On peut donc construire une base de données qui 
échantillonne bien la densité de probabilité du couple 
(f,g). (à condition de bien choisir les f) 
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Débruitage: DnCNN
4

TABLE I
THE EFFECTIVE PATCH SIZES OF DIFFERENT METHODS WITH NOISE LEVEL � = 25.

Methods BM3D [2] WNNM [13] EPLL [33] MLP [24] CSF [14] TNRD [16]
Effective Patch Size 49⇥ 49 361⇥ 361 36⇥ 36 47⇥ 47 61⇥ 61 61⇥ 61
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Fig. 1. The architecture of the proposed DnCNN network.

1) Deep Architecture: Given the DnCNN with depth D,
there are three types of layers, shown in Fig. 1 with three
different colors. (i) Conv+ReLU: for the first layer, 64 filters
of size 3 ⇥ 3 ⇥ c are used to generate 64 feature maps, and
rectified linear units (ReLU, max(0, ·)) are then utilized for
nonlinearity. Here c represents the number of image channels,
i.e., c = 1 for gray image and c = 3 for color image. (ii)
Conv+BN+ReLU: for layers 2 ⇠ (D � 1), 64 filters of size
3 ⇥ 3 ⇥ 64 are used, and batch normalization [21] is added
between convolution and ReLU. (iii) Conv: for the last layer,
c filters of size 3⇥ 3⇥ 64 are used to reconstruct the output.

To sum up, our DnCNN model has two main features: the
residual learning formulation is adopted to learn R(y), and
batch normalization is incorporated to speed up training as
well as boost the denoising performance. By incorporating
convolution with ReLU, DnCNN can gradually separate image
structure from the noisy observation through the hidden layers.
Such a mechanism is similar to the iterative noise removal
strategy adopted in methods such as EPLL and WNNM, but
our DnCNN is trained in an end-to-end fashion. Later we will
give more discussions on the rationale of combining residual
learning and batch normalization.

2) Reducing Boundary Artifacts: In many low level vision
applications, it usually requires that the output image size
should keep the same as the input one. This may lead to the
boundary artifacts. In MLP [24], boundary of the noisy input
image is symmetrically padded in the preprocessing stage,
whereas the same padding strategy is carried out before every
stage in CSF [14] and TNRD [16]. Different from the above
methods, we directly pad zeros before convolution to make
sure that each feature map of the middle layers has the same
size as the input image. We find that the simple zero padding
strategy does not result in any boundary artifacts. This good
property is probably attributed to the powerful ability of the
DnCNN.

C. Integration of Residual Learning and Batch Normalization

for Image Denoising

The network shown in Fig. 1 can be used to train either the
original mapping F(y) to predict x or the residual mapping

R(y) to predict v. According to [22], when the original map-
ping is more like an identity mapping, the residual mapping
will be much easier to be optimized. Note that the noisy
observation y is much more like the latent clean image x than
the residual image v (especially when the noise level is low).
Thus, F(y) would be more close to an identity mapping than
R(y), and the residual learning formulation is more suitable
for image denoising.

Fig. 2 shows the average PSNR values obtained using these
two learning formulations with/without batch normalization
under the same setting on gradient-based optimization algo-
rithms and network architecture. Note that two gradient-based
optimization algorithms are adopted: one is the stochastic
gradient descent algorithm with momentum (i.e., SGD) and the
other one is the Adam algorithm [30]. Firstly, we can observe
that the residual learning formulation can result in faster and
more stable convergence than the original mapping learning. In
the meanwhile, without batch normalization, simple residual
learning with conventional SGD cannot compete with the
state-of-the-art denoising methods such as TNRD (28.92dB).
We consider that the insufficient performance should be at-
tributed to the internal covariate shift [21] caused by the
changes in network parameters during training. Accordingly,
batch normalization is adopted to address it. Secondly, we ob-
serve that, with batch normalization, learning residual mapping
(the red line) converges faster and exhibits better denoising
performance than learning original mapping (the blue line). In
particular, both the SGD and Adam optimization algorithms
can enable the network with residual learning and batch
normalization to have the best results. In other words, it is
the integration of residual learning formulation and batch
normalization rather than the optimization algorithms (SGD
or Adam) that leads to the best denoising performance.

Actually, one can notice that in Gaussian denoising the
residual image and batch normalization are both associated
with the Gaussian distribution. It is very likely that residual
learning and batch normalization can benefit from each other
for Gaussian denoising1. This point can be further validated
by the following analyses.

1It should be pointed out that this does not mean that our DnCNN can not
handle other general denoising tasks well.

• Il y a une vingtaines de couches.

• On apprend non pas l’image restaurée mais le bruit.

• La batch normalisation (astuce de minimisation) est 
utilisée à toutes les couches internes.
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Débruitage: FFDNet (mêmes auteurs que DnCNN)

• Il y a une 15  couches.

• On reconstruit l’image et non pas le résidu.

• L’image est fournie comme 4 sous-images+estimations du 
bruit.

• La batch normalisation (astuce de minimisation) est 
utilisée à toutes les couches internes.

3

Fig. 1. The architecture of the proposed FFDNet for image denoising. The input image is reshaped to four sub-images, which are then input to the CNN
together with a noise level map. The final output is reconstructed by the four denoised sub-images.

(MLP) and CNNs have been adopted to learn such priors.
The use of CNN for image denoising can be traced back
to [19], where a five-layer network with sigmoid nonlinearity
was proposed. Subsequently, auto-encoder based methods have
been suggested for image denoising [30], [31]. However,
early MLP and CNN-based methods are limited in denoising
performance and cannot compete with the benchmark BM3D
method [11].

The first discriminative denoising method which achieves
comparable performance with BM3D is the plain MLP method
proposed by Burger et al. [18]. Benefitted from the advances in
deep CNN, Zhang et al. [20] proposed a plain denoising CNN
(DnCNN) method which achieves state-of-the-art denoising
performance. They showed that residual learning and batch
normalization [32] are particularly useful for the success of
denoising. For a better trade-off between accuracy and speed,
Zhang et al. [9] introduced a 7-layer denoising network with
dilated convolution [33] to expand the receptive field of CNN.
Mao et al. [34] proposed a very deep fully convolutional
encoding-decoding network with symmetric skip connection
for image denoising. Santhanam et al. [35] developed a recur-
sively branched deconvolutional network (RBDN) for image
denoising as well as generic image-to-image regression. Tai
et al. [36] proposed a very deep persistent memory network
(MemNet) by introducing a memory block to mine persistent
memory through an adaptive learning process.

Plain discriminative learning has shown better performance
than MAP inference guided discriminative learning; however,
existing discriminative learning methods have to learn multiple
models for handling images with different noise levels, and are
incapable to deal with spatially variant noise. To the best of
our knowledge, it remains an unaddressed issue to develop a
single discriminative denoising model which can handle noise
of different levels, even spatially variant noise, in a speed even
faster than BM3D.

III. PROPOSED FAST AND FLEXIBLE DISCRIMINATIVE
CNN DENOISER

We present a single discriminative CNN model, namely
FFDNet, to achieve the following three objectives:

• Fast speed: The denoiser is expected to be highly efficient
without sacrificing denoising performance.

• Flexibility: The denoiser is able to handle images with
different noise levels and even spatially variant noise.

• Robustness: The denoiser should introduce no visual arti-
facts in controlling the trade-off between noise reduction
and detail preservation.

In this work, we take a tunable noise level map M as input to
make the denoising model flexible to noise levels. To improve
the efficiency of the denoiser, a reversible downsampling oper-
ator is introduced to reshape the input image of size W⇥H⇥C
into four downsampled sub-images of size W

2 ⇥ H
2 ⇥4C. Here

C is the number of channels, i.e., C = 1 for grayscale image
and C = 3 for color image. In order to enable the noise level
map to robustly control the trade-off between noise reduction
and detail preservation by introducing no visual artifacts, we
adopt the orthogonal initialization method to the convolution
filters.

A. Network Architecture
Fig. 1 illustrates the architecture of FFDNet. The first layer

is a reversible downsampling operator which reshapes a noisy
image y into four downsampled sub-images. We further con-
catenate a tunable noise level map M with the downsampled
sub-images to form a tensor ỹ of size W

2 ⇥ H
2 ⇥ (4C + 1) as

the inputs to CNN. For spatially invariant AWGN with noise
level �, M is a uniform map with all elements being �.

With the tensor ỹ as input, the following CNN consists
of a series of 3 ⇥ 3 convolution layers. Each layer is
composed of three types of operations: Convolution (Conv),
Rectified Linear Units (ReLU) [37], and Batch Normalization
(BN) [32]. More specifically, “Conv+ReLU” is adopted for
the first convolution layer, “Conv+BN+ReLU” for the middle
layers, and “Conv” for the last convolution layer. Zero-padding
is employed to keep the size of feature maps unchanged
after each convolution. After the last convolution layer, an
upscaling operation is applied as the reverse operator of the
downsampling operator applied in the input stage to produce
the estimated clean image x̂ of size W ⇥ H ⇥ C. Different
from DnCNN, FFDNet does not predict the noise. The reason
is given in Sec. III-F. Since FFDNet operates on downsampled
sub-images, it is not necessary to employ the dilated convolu-
tion [33] to further increase the receptive field.

By considering the balance of complexity and performance,
we empirically set the number of convolution layers as 15 for
grayscale image and 12 for color image. As to the channels
of feature maps, we set 64 for grayscale image and 96 for
color image. The reason that we use different settings for
grayscale and color images is twofold. First, since there are
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Débruitage: Niveau de bruit

• A priori, il faut apprendre pour un niveau de bruit fixé.

• Dans une méthode variationnelle, l’inclusion du niveau de 
bruit est souvent simple.

• Dans FFDNet les auteurs incluent un pré-calcul du bruit 
comme entrée du réseau.

ˆ

˜f(!) = K̂(!)

|K̂(!)|2+
�2
b

�2
s(!)

ĝ(!)

! parcourt les fréquences de Fourier

�2
s(!) puiss. du signal à la fréq.!

Rappel Wiener:
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Super-résolution: rappel

• Si on veut construire un réseau qui interpole les images:

• On se donne une base de données d’images parfaites fn

• Chaque image est sous-échantillonnée en une image gn

• On veut retrouver fn à partir de gn, par exemple:

L(W ) =
X

n

kC(gn,W )� fnk2
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• Il y a une plus grande variabilité des dégradations 
(flou).

• Généralement un réseau de zoom s’adapte mal à un flou 
inconnu. 

Super-résolution: Points clés
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Super-résolution: SRCNN
Learning a Deep Convolutional Network for Image Super-Resolution 5

feature maps

 Patch extraction 
and representation

Non-linear mapping Reconstruction 

Low-resolution
image (input)

High-resolution
image (output)

of low-resolution image of high-resolution image 
feature maps

Fig. 2. Given a low-resolution image Y, the first convolutional layer of the SRCNN
extracts a set of feature maps. The second layer maps these feature maps nonlinearly to
high-resolution patch representations. The last layer combines the predictions within
a spatial neighbourhood to produce the final high-resolution image F (Y).

where W1 and B1 represent the filters and biases respectively. Here W1 is of a
size c⇥ f1 ⇥ f1 ⇥n1, where c is the number of channels in the input image, f1 is
the spatial size of a filter, and n1 is the number of filters. Intuitively, W1 applies
n1 convolutions on the image, and each convolution has a kernel size c⇥ f1⇥ f1.
The output is composed of n1 feature maps. B1 is an n1-dimensional vector,
whose each element is associated with a filter. We apply the Rectified Linear
Unit (ReLU, max(0, x)) [18] on the filter responses4.

Non-linear mapping. The first layer extracts an n1-dimensional feature for
each patch. In the second operation, we map each of these n1-dimensional vectors
into an n2-dimensional one. This is equivalent to applying n2 filters which have
a trivial spatial support 1⇥1. The operation of the second layer is:

F2(Y) = max (0,W2 ⇤ F1(Y) +B2) . (2)

Here W2 is of a size n1⇥1⇥1⇥n2, and B2 is n2-dimensional. Each of the output
n2-dimensional vectors is conceptually a representation of a high-resolution patch
that will be used for reconstruction.

It is possible to add more convolutional layers (whose spatial supports are 1⇥
1) to increase the non-linearity. But this can significantly increase the complexity
of the model, and thus demands more training data and time. In this paper, we
choose to use a single convolutional layer in this operation, because it has already
provided compelling quality.

4 The ReLU can be equivalently considered as a part of the second operation (Non-
linear mapping), and the first operation (Patch extraction and representation) be-
comes purely linear convolution.
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Fig. 3. An illustration of sparse-coding-based methods in the view of a convolutional
neural network.

Reconstruction. In the traditional methods, the predicted overlapping high-
resolution patches are often averaged to produce the final full image. The averag-
ing can be considered as a pre-defined filter on a set of feature maps (where each
position is the “flattened” vector form of a high-resolution patch). Motivated by
this, we define a convolutional layer to produce the final high-resolution image:

F (Y) = W3 ⇤ F2(Y) +B3. (3)

Here W3 is of a size n2 ⇥ f3 ⇥ f3 ⇥ c, and B3 is a c-dimensional vector.
If the representations of the high-resolution patches are in the image domain

(i.e., we can simply reshape each representation to form the patch), we expect
that the filters act like an averaging filter; if the representations of the high-
resolution patches are in some other domains (e.g., coe�cients in terms of some
bases), we expect that W3 behaves like first projecting the coe�cients onto the
image domain and then averaging. In either way, W3 is a set of linear filters.

Interestingly, although the above three operations are motivated by di↵erent
intuitions, they all lead to the same form as a convolutional layer. We put all
three operations together and form a convolutional neural network (Figure 2).
In this model, all the filtering weights and biases are to be optimized.

Despite the succinctness of the overall structure, our SRCNN model is care-
fully developed by drawing extensive experience resulted from significant pro-
gresses in super-resolution [25, 26]. We detail the relationship in the next section.

3.2 Relationship to Sparse-Coding-Based Methods

We show that the sparse-coding-based SR methods [25, 26] can be viewed as a
convolutional neural network. Figure 3 shows an illustration.

In the sparse-coding-based methods, let us consider that an f1 ⇥ f1 low-
resolution patch is extracted from the input image. This patch is subtracted
by its mean, and then is projected onto a (low-resolution) dictionary. If the

51



• C’est la plus simple application des CNN au problème du 
zoom.

• La profondeur réduite ne lui permet pas d’atteindre de 
grandes performances.

Super-résolution: SRCNN
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Super-résolution: DRCN

• Une couche récursive est apprise et répétée une vingtaine 
de fois. 

• Chaque étape de la récursion produit un résultat.

• Les 20 résultats sont agrégés suivant des poids appris 
(20 poids). 
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Figure 3: (a): Our final (advanced) model with recursive-supervision and skip-connection. The reconstruction network is shared for
recursive predictions. We use all predictions from the intermediate recursion to obtain the final output. (b): Applying deep-supervision
[16] to our basic model. Unlike in (a), the model in (b) uses different reconstruction networks for recursions and more parameters are used.
(c): An example of expanded structure of (a) without parameter sharing (no recursion). The number of weight parameters is proportional
to the depth squared.

3. Proposed Method

3.1. Basic Model

Our first model, outlined in Figure 1, consists of three
sub-networks: embedding, inference and reconstruction
networks. The embedding net is used to represent the given
image as feature maps ready for inference. Next, the infer-
ence net solves the task. Once inference is done, final fea-
ture maps in the inference net are fed into the reconstruction
net to generate the output image.

The embedding net takes the input image (grayscale or
RGB) and represents it as a set of feature maps. Intermedi-
ate representation used to pass information to the inference
net largely depends on how the inference net internally rep-
resent its feature maps in its hidden layers. Learning this
representation is done end-to-end altogether with learning
other sub-networks. Inference net is the main component
that solves the task of super-resolution. Analyzing a large
image region is done by a single recursive layer. Each re-
cursion applies the same convolution followed by a rectified
linear unit (Figure 2). With convolution filters larger than

1 ⇥ 1, the receptive field is widened with every recursion.
While feature maps from the final application of the recur-
sive layer represent the high-resolution image, transforming
them (multi-channel) back into the original image space (1
or 3-channel) is necessary. This is done by the reconstruc-
tion net.

We have a single hidden layer for each sub-net. Only the
layer for the inference net is recursive. Other sub-nets are
vastly similar to the standard mutilayer perceptrons (MLP)
with a single hidden layer. For MLP, full connection of F
neurons is equivalent to a convolution with 1⇥ 1⇥ F ⇥ F .
In our sub-nets, we use 3⇥3⇥F⇥F filters. For embedding
net, we use 3⇥3 filters because image gradients are more in-
formative than the raw intensities for super-resolution. For
inference net, 3 ⇥ 3 convolutions imply that hidden states
are passed to adjacent pixels only. Reconstruction net also
takes direct neighbors into account.

Mathematical Formulation The network takes an in-
terpolated input image (to the desired size) as input x and
predicts the target image y as in SRCNN [5]. Our goal is to
learn a model f that predicts values ŷ = f(x), where ŷ is its
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Super-résolution: DCSCN

• Son but est la légèreté:

• En particulier il prend en entrée l’image sous-
échantillonnée. 

• La récursion est remplacée par une agrégation des 
résultats intermédiaires. 

2 

SISR from low resolution (LR) images to high resolution (HR) images. We believe this 
is because deep learning can progressively grasp both local and global structures on the 
image at same time by cascading CNNs and nonlinear layers. However, with regards 
to power consumption and real-time processing, deeply and fully convolutional net-
works require large computation and a lengthy processing time. In this paper, we pro-
pose a lighter network by optimizing the network structure with recent deep-learning 
techniques, as shown in Figure 1. For example, recent state-of-the-art deep-learning 
based SISR models which we will introduce at section 2 have 20 to 30 CNN layers, 
while our proposed model (DCSCN) needs only 11 layers and the total computations 
of CNN filters are 10 to 100 times smaller than the others. 
 

 
Fig. 1. Our model (DCSCN) structure. The last CNN (dark blue) outputs the channels of the 
square of scale factor. Then it will be reshaped to a HR image. 

Feature Extraction In the previous Deep Learning-based methods, an up-sampled im-
age was often used as their input. In these models, the SISR networks can be pixel-wise 
and its implementation becomes easier. However, they have 20-30 CNN layers in total 
and heavy computation is required for each up-sampled pixel. Furthermore, extracting 
features of up-sampled pixel is redundant, especially in the case of a scale factor of 3 
or more. We use an original image as an input of our model so that the network can 
grasp the features efficiently. We also optimize the number of filters of each CNN layer 
and send those features directly to the image reconstruction network via skip connec-
tions.  
 
Image Detail Reconstruction In the case of data up-sampling, the transposed convo-
lutional layer (also known as a deconvolution layer) proposed by Matthew D. Zeiler [1] 
is typically used. The transposed convolutional layer can learn up-sampling kernels, 
however, the process is similar to the usual convolutional layer and the reconstruction 
ability is limited. To obtain a better reconstruction performance, the transposed convo-
lutional layers need to be stacked deeply, which means the process needs heavy com-
putation. So we propose a parallelized CNN structure like the Network in Network [2], 
which usually consists of one (or more) 1x1 CNN(s). Remarkably, the 1x1 CNN layer 
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Travaux Pratiques 

• Introduction à tensorflow.

• Test de modèles. 

• Un entraînement pour reverse-engineerer le noyau de 
floutage. 
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