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Abstract

We propose a novel inpainting process for color images. Our algorithm is based on the graph-based wavelet regu-
larization and the non-local mean approach. At each step damaged structures are estimated by computing a graph
of patches and applying a regularization model using a wavelet transform on graphs. Our approach uses color infor-
mation of the image to reconstruct missing data according to local geometry. We show that the graph can be used to
model geometry information in the frame of inpainting and to merge candidate pixels from a graph-based wavelet reg-
ularization. We provide details on numerical approaches and the results highlight an improvement of the geometrical
information reconstruction of color images.
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1. Introduction

Image inpainting is an interpolation problem which
consists in filling-in image information in a perceptu-
ally plausible way. It can be used for reversing de-
terioration, film restoration, scratch, element removal,5

etc. For example, [1] proposed a de-interlacing algo-
rithm for videos acquired with interlaced broadcast tele-
vision formats. In the frame of the image compression,
[2] proposed to decode images in recovering the non-
exemplar regions with an edge-based image inpainting10

method. [3] used vector quantization and image inpaint-
ing to hide data in an compressed image. Recently, [4]
proposed a lossy compression scheme for encrypted im-
age. They obtained good image reconstruction results
due to a total variation–based inpainting. As for [5],15

they suggested to reconstruct compressed flow fields in
using edge-aware homogeneous diffusion inpainting.

There are a lot of works on image inpainting. Here
we are interesting in the recovering of a large removed
area in a color image. Despite the influence of the deep20

learning in image processing, we focus on graph-based
modelling of color textured information.

In [6] Bertalmio proposed a propagated diffusion
method based on a Partial Derivative Equations (PDE)
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scheme to propagate information from the outside of a25

missing area along isophotes. A variational inpainting
model is proposed by Chan and Shen using Euler La-
grange equations [7]. On the basis of realizing connec-
tivity principle, they proposed a Curvature Driven Dif-
fusion process [8]. While these methods are efficient30

to inpaint small, non-textured image regions, they are
also tend to introduce blur in larger and/or textured re-
gions thus can not maintain reasonable visual percep-
tion in the restored image. Criminisi then proposed an
exemplar-based method [9] by employing a texture syn-35

thesis technique to remove a large object from an im-
age. That consists on reconstructing missing regions
from patches of an image which provide a dictionary.
Recently [10] propose a Gaussian-weighted non-local
texture similarity measure to give multiple candidate40

patches for each target patch. This method combines the
multiple good candidate patches using the α-trimmed
mean filter to inpaint the target patch.

To have a complete view of inpainting works, the
reader can refer to the complete state of art, written by45

Guillemot and Le Meur [11].

However, many researchers recently work on inpaint-
ing methods using deep learning [12, 13, 14, 15, 16].
These approaches are based on model training to re-
cover a clear image. [12] proposed to learn and predict50

structures in natural images using convolutional neural
networks (CNNs). [17] shows that an inpainting inverse
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problem can be resolved by a randomly-initialized neu-
ral network and the proposed deep image prior is suffi-
cient to inpaint large regions.55

[14] predict information in large missing regions
from a trained generative model using a semantic image
inpainting in deep generative modelling framework.
[13] developped an on-demand learning algorithm for
training image models for training deep convolutional60

neural networks. On the other hand, DeMeshNet is
based on a feature oriented blind face inpainting [15] to
clear meshes on identity photos.

Thus our approach is based on non-local information65

analysis of the damaged image. The aim is to argue
the influence of the geometry modelling in color image
inpainting processing.

Indeed, previous works have shown that the graph
framework is more flexible to unify both geometry and70

texture based approaches. In [18] a general variational
framework for image inpainting is proposed where the
graph is weighted by mixing spatial and non-local infor-
mation. An iteration of heat flow is then applied in order
to reduce visual dissimilarities. In the next step a graph75

based regularization [19] is used to diffuse non-local in-
formation into the gaps. The final result is given through
the repetition of the procedure. In [20] an algorithm for
image and video inpainting based on a p-Laplace regu-
larization on graph is proposed. Weights are computed80

taking into account local and non-local features accord-
ing to the topology of the graph. The regularization pro-
cess is applied iteratively on each node. This approach
has shown the efficiency of the algorithm in reproducing
a variable homogeneity in a complex image and the in-85

painting yields very good results. However these meth-
ods tend to produce blurred estimates when the removed
area is very large.

While wavelet transform and patch similarity are
well-known tools with a prominent place in the field of90

image processing but they are rarely associated within
the same scheme. In this study, we have taken an in-
terest in resolving the missing area recovery problem as
an optimization problem. Thus we propose a scheme
of non-local graph wavelet regularization by using the95

coefficients of the Spectral Graph Wavelet transform
(SGWT) [21, 22] and the non-local graph.

Graph computation thereby allows to take into ac-
count color similarities in an image and have a real rep-
resentation of the geometry according to color informa-100

tion. Candidate pixels are thus be merged to give the
missing pixels from a graph-based wavelet regulariza-
tion.

Note that [23] highlighted the fact that color

representation in a graph structure improves image105

restoration. Results of wavelet-on-graphs-based in-
painting show that the proposed approach diffuses color
information into missing regions. [24] proposed a sig-
nal inpainting on graphs from minimization problems
and tested proposed algorithms on real-world datasets110

but not on color images.

In details we propose:

• a patch graph construction on known areas of the
damaged image,115

• a propagation of the texture through the graph con-
struction,

• a graph-based wavelet regularization to update the
missing color pixels.

We present in section 2 the graph-based representa-120

tion of a color image and the principle tools of signal
processing on graphs. In section 3, we present the prin-
ciples of patch graph -based wavelet inpainting and we
propose in section 4 to take advantage of non-local con-
straints in proposing an information propagation algo-125

rithm. Numerical results are given to demonstrate the
efficiency of our approach in low resolution to observe
the pixel value attribution.

2. Graph definition on color images

We present our notations and definitions on graphs130

[25, 26]. The signal on graphs and graph wavelet trans-
form are then introduced.

2.1. Definition of a weighted graph

Any discrete domain can be represented by a
weighted graph. Let G = (V, E,w) be a loopless, undi-135

rected and weighted graph with V a finite set of vertices
and E subset of edges V × V . An edge (m, n) ∈ E con-
nects two vertices m and n.

The weight w(m, n) of an edge (m, n) is defined by the
following function:140

w : V × V −→ R+ (1)

w(m, n) =

{
wmn if (m, n) ∈ E

0 otherwise. (2)

Common methods are essentially based on local and
non-local comparisons of features [27] and the weight
function is represented by a decreasing function [28].
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Let A be the weighted adjacency matrix of size N ×
N with N the number of vertices. Adjacency matrix is145

defined as follow:

Am,n =

{
w(m, n) if (m, n) ∈ E
0 otherwise. (3)

The degree of a vertex m is defined as the sum of the
weights of all adjacent vertices to m in the graph. We
also define degree matrix D as a diagonal matrix of the
vertex degrees.150

2.2. Graph construction from color information
Let f be a signal on graph. xm denotes the embedding

of graph G of the image on a 2-dimensional Euclidean
space and fm are the embedding of G on a color RGB
space for vertex m.155

The graph connects corresponding pixels with the
same color similarities. Each pixel also corresponds to
a vertex. Therefore the graph is obtained by computing
the k-Nearest Neighbour algorithm according to simi-
larity measures between the color of vertex pairs. The160

correspondence between two vertices m and n can be
evaluated through a similarity measure ρm,n. However, a
color similarity measure can be introduced in the graph
building by defining a color-based structure.

We propose to compute data-driven weights wm,n be-
tween vertex pairs (m, n) which depend on color similar-
ity measures ρm,n between fm and fn [29]. The weights
are given by:

wm,n = exp

−ρ2
m,n

2σ2
f

 , (4)

where σ f adjusts the influence of color information dur-165

ing similarity computation.

2.3. Spectral graph wavelet transform
We focus on regularization in the graph-wavelet do-

main by using the Spectral Graph Wavelet Transform
(SGWT) proposed by Hammond et al in [21]. Aside170

from the flexibility and easy implementation of the
SGWT, graph construction can drive the analysis and
reconstruction process depending on connections.

The Laplacian graph of G is denoted by:

L = D − A, (5)

where A and D denote respectively the adjacency matrix
and the degree matrix. By analogy, the eigenvectors of
L noted by χl with l = 0, · · · ,N−1 form an orthonormal
basis for the graph spectral domain. We have:

Lχl = Λlχl, (6)

where Λl is a non negative eigenvalue, Λ0 = 0 ≤ Λ1 ≤

· · · ≤ ΛN−1.175

The graph Fourier transform of f is defined by:

f̂ = XT f, (7)

with X a matrix whose columns are the eigenvectors
of the graph Laplacian L. The graph wavelet opera-
tor at a given scale t is defined by T t

g = g(tL). The
wavelet kernel g(x) is considered as a band pass func-
tion. The wavelet coefficient W f of spectral plane fλ· at
wavelength λ and scale t is defined as follows:

Wf(t, n) = (g (tL) f) (n) =
∑

l

g(tλl)f̂(l)χl(n), (8)

and the scaling function coefficient S f :

S f(n) = (h (L) f) (n) =
∑

l

h(λl)f̂(l)χl(n), (9)

with h(x) a low pass function satisfying h(0) > 0 and
limx→∞ h(x) = 0.

Mathematical properties and the numerical imple-
mentation of the SGWT are detailed in [21].

3. Patch graph based wavelet inpainting180

We propose an inpainting procedure where informa-
tion deterred from a graph of patches is merged to-
gether with a sparse regularization scheme, and im-
proved through a numerical diffusion process.

3.1. Sparse regularization scheme for wavelet inpaint-185

ing
In this part we present in a general way an approach

for inpainting by sparse regularization [30].
Let r ∈ RN be the observed color signal of size N and

f = Φr + n the signal with missing pixels at locationsΦ
with n ∈ RN an additive noise. By definition, r is sparse
in the dictionaryΨ∗ (synthesis operator) and is obtained
through a linear combination r = Ψ∗a. We compute a
sparse set of coefficients a in a frame Ψ = (ψm):

ã = argmin
a

1
2
‖f −ΦΨ∗a‖22 + γ R(a), (10)

where R(a) =
∑

n |an| is the `1-sparsity regularizer and
γ ∈ R a noise-dependent value.190

The optimization problem defined in Eq. 10 is known
as an ill-posed inverse problem. In [30] it is solved
with an iterative soft thresholding operator T S

γ
1, with

1Soft thresholding is defined by: T S
γ (dl,k) = sign

(
dl,k

) (
|dl,k | − γ

)
+

and if a < 0 then (a)+ = 0 else (a)+ = a.
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threshold γ ∈ R. The numerical scheme is presented
in Algo. 1. A robust estimate of γ can be the median195

absolute deviation on the first scale of the wavelet de-
composition [31].

Algorithm 1: WInpainting(): Wavelet Inpaint-
ing process.

Input: f, Ψ, Φ, ε
Result: r
begin

y0 ← f;
k ← 0;
repeat

yk+1 ← yk +Φ
[
Ψ∗T S

α Ψyk − yk

]
;

k ← k + 1;
until

∑
(yk+1 − yk)2 < ε;

r← yk+1;

Figure 1: Iterative process: squared error between two consecutive
images.

Fig 1 illustrates the error convergence during the iter-
ative process. So we set the error threshold ε = 5×10−4.

In this Algo. 1 we can use a classical discrete wavelet200

transform or a graph-based wavelet transform with
wavelet function obtained from the graph Laplacian ma-
trix.

3.2. Patch graph construction
Buades et al developed the concept of non-local205

means for image denoising [27]. They assume that the
image contains an extensive amount of self-similarity
and extensive amount of redundancy which can then
be exploited to remove noise in the image. They in-
tegrate a non-locality factor into a variational problem.210

The graph framework can also design to easily integrate
such a constraint. Davov et al proposed the BM3D, a
collaborative filtering based on the grouping of similar
patches in a 3D block and a denoising process [32].

We propose to adopt the non-local concept in graph
computation in [18]. We use the input image to compute
the non-local graph. The weight of two given vertices m
and n is computed by considering two square patches Γm

and Γn of size a × a centered on the spatial coordinates
of m and n; a is odd. We compute weights ρm,n using all
similarity measures between patch pairs:

ρm,n =

√√√ a2∑
i=1

d(fm+i, fn+i). (11)

where d is the Euclidean distance. [23] suggested differ-215

ent similarty measures to construct the graph in particu-
lar a perceptual distance and the Euclidean distance. We
choose these last one because of the low computational
cost.

Although the non-local graph is an interesting mod-220

elling tool, it requires a computationally efficient algo-
rithm. In Algo. 2, we compute similarity measures in a
restricted patch neighbourhood Bm of size b×b. Known
patches in the region Bm are so connected to vertex m.

Algorithm 2: WeightComputation(): Weight
computation on region Θ.

Input: Θ, a, b
Result: A
begin

for m ∈ Θ do
Define patch Γm of size a × a;
Define windows Bm;
for n ∈ Bm do

Define patch Γn of size a × a;
Compute ρm,n with Eq. 11;
Compute ωm,n with Eq. 4;
Am,n ← ωm,n;

3.3. Inpainting results225

We consider a color image f with a damaged area Φ
and denote Am,n the weights between vertices m and n.

Starting the inpainting process, we compute the graph
of patches using non-missing pixels of the image.
Therefore we propose to estimate pixel adjacencies of230

damaged area subsets before regularizing.
Note that despite applying the regularization process

on each color plane, our approach is not marginal. In-
deed, color information is modelled within a graph.

We evaluate the recovering process on a 64 × 64 im-235

age with a 28 × 28 damaged zone (see Fig. 2(a)) with
following wavelet-based inpainting:
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• a discrete wavelet transform with a relaxed or-
thogonality constraint, namely the Undecimated
Wavelet Transform (UWT) Daubechies D8 (see240

Fig. 2(b)),

• a graph wavelet approach (see Fig. 2(c)). The
graph are computed with 4-nearest neighbors
(Cartesian grid).

• a patch-based graph wavelet approach (see245

Fig. 2(c)), where wavelet transform is computed
with Algo. 2. The missing region is considerate as
a Cartesian grid in the graph computation.

To threshold the undecimated wavelet coefficients,
we empirically use a linear decreasing function from250

500 to 1 on 500 iterations. From the graph-based
wavelet approach, we compute the graph Laplacian and
then wavelet filters.

(a) Damaged image. (b) UWT D8.

(c) Graph-based wavelet. (d) Graph patch-based
wavelet with b = 21 and
a = 15.

Figure 2: Wavelet-based recovering processes on an edge.

Fig. 2(b) shows that UWT-based image recon-
struction does not reconstruct geometric information.255

Fig. 2(c) highlights the same smoothing effect. The
regularization process mixes color pixels values with
weights which correspond to the similarity values; false
colors thus appear.

To reconstruct a missing data with a graph wavelet260

transform, the graph should take into account texture in-
formation. Thus we propose to connect vertices which
are centered on a similar texture and to compute the
similarity measurement between patches. Moreover we

propose a solution to compute the graph inside a miss-265

ing region during the regularization process.

4. Propagation of geometrical information

4.1. Principle

Exemplar-based approaches promote Gaussian pyra-
mids to recover large damaged areas [9]. Here we want270

to show that color information can be propagated into
the graph structure as shown Fig. 3. The global process
is illustrated on Fig. 4.

(a) Initial graph (b) Iteration 1

(c) Iteration 2 (d) Iteration 3

Figure 3: Information propagation principle through the graph con-
struction.

The main idea is also to synthesize iteratively a set
of pixels Ei of the damaged area Φ before regularizing.275

This method is effective to infer the missing data.
Let Ci be a set of pixels. The union of K sets Ci has

to form the damaged zone Φ =
⋃K

i=1 Ci. A numerical
solution is to define the set C1 as a inner contour of the
damaged zone and to define the others by contraction.280

We denote Ei =
⋃i

k=1 Ck as the set of processed pixels
at iteration i (see Fig. 5). At each iteration, we update
the graph of patches by adding the non-local structure
associated to set Ci.

For the first contour we have E1 = C1. We estimate
the missing structure by using the non-local graph com-
putation, other vertices of the damaged area are not con-
nected. We initialize the missing coefficients of vertex
m of the signal on graph f by the pixel value centered on
the most similar patch Ω∗m that can be written as follow-
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Patch graph 
construction of 
the known area

Patch graph 
construction of 

the inner 
contour

Graph based 
wavelet 

regularization

Missing 
area ? yes

no

Damaged image

Inpainted image

Update graph 

Figure 4: Global scheme of the inpainting process.

Figure 5: Definition of processed pixel sets.

ing:

Ω∗m = arg min
Ωn∈Bm

ρm,n (12)

f ·m = Ω∗m

(⌈
a2

2

⌉)
(13)

with d·e the ceiling function. Algorithm 3 illustrates the285

process for a set Ci of missing pixels.
The graph-based wavelet regularization is then ap-

plied and regularized E1 is now considered as known

Algorithm 3: PixelInit(): Initialization of miss-
ing pixels.

Input: f, Ci, a, b
Result: f
begin

for m ∈ Ci do
Ω∗m ← arg minΩn∈Bm ρm,n ;
f ·m ← Ω∗m

(⌈
a2

2

⌉)
;

data. Wavelet transform are calculated on 4 scales.
We process the next iteration and set E2 is defined by290

E2 = C1 ∪ C2 and we apply the same processing (see
Fig. 5).

In each step, data on contour Ci = Ci−1 ∪ Ei is re-
constructed by regularizing the processed area Ei (see
Algo. 4). Pixels on missing contour Ci have finally295

new color information, we compute the new vertex pair
weights and the graph adjacency matrix is thus updated.

Note that the total number of iterations depends on
the size of Φ and that recovered pixel values change
when the processing iterates.300

This procedure iterates several times until the missing
area becomes empty.

Missing areas here are rectangular and contour ex-
tractions and contractions are based on the classical bi-
nary mathematical morphology operators. Note that the305

damaged area can take any shape. The choice of patch
size is an important consideration. It must be large
enough in order to get a relevant comparison of features.
The success is insured by the regularity measured in the
spectral graph wavelet domain.310

4.2. Results and discussion

4.2.1. Evaluation of the color inpainting process
We evaluate the performance of the proposed inpaint-

ing processing. We compare the proposed recovering
process with exemplar-based inpainting [9] and gen-315

erative image inpainting [16] (deep learning based ap-
proach). Both methods are considered as references in
the literature. We compute two quality indices between
the reconstructed regions and the original ones:

• the statistical measure Signal-to-Noise Ratio320

(SNR),

• the structural similarity indices (SSIM) [33].

We generate 50 damaged areas Φ of size 28 by 28
pixels at random positions on the following color im-
ages: Barbara (see Fig. 6(a)) , Lenna (see Fig. 6(b)),325
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Algorithm 4: PGWinpaiting(): Patch graph
based wavelet inpainting algorithm with mask
redefinition.

Input: f , Φ, niter
Result: r
begin

// Adjacencies for known pixels
A1 ← WeightComputation( f −Φ, a, b);
// Extraction of the first contour
Extract contour C of on mask Φ;
E ← {∅};
while C , {∅} do

Concatenate C into E;
// Adjacency computation for missing

pixels
A2 ← WeightComputation(C, a, b);
Compute L from A1 + A2;
Compute wavelet filters from L;
f ←PixelInit (f, C, a, b);
// Graph wavelet regularization
for λ← {R,G, B} do

fλ· ← WInpainting(fλ· , Ψ, E, niter)
;

// New adjacency computation for the set
of updated pixels

A2 ← WeightComputation(E, a, b);
A1 ← A1 + A2;
Contract Φ;
Extract contour c of on mask Φ;

r← f;

Peppers (see Fig. 6(c)), Peppers (see Fig. 6(d)) and Girl
(see Fig. 6(e)) of size 512 by 512 pixels.

(a) Barbara. (b) Lenna. (c) Peppers.

(d) Boats. (e) Girl.

Figure 6: Images.

We fix parameter b of research region Bm to 15 and a
of patch to 7. Results of quality evaluations are given in
Tab. 1.330

Tab. 1 proves the significant improvement of our in-
painting approach. The generative inpainting method
gives best Signal-Noise Ratios. However, our Patch
Graph Wavelet Inpainting has best results in terms of
Structural SIMilarity index (SSIM)[33]. Exemplar-335

based method gets worse snr results unlike our inpaint-
ing method bur SSIM indices are closed to our pro-
posed method. Indeed the missing region size is not
enough high to benefit the exemplar-based method per-
formance.340

Following illustrations will explain the difference be-
tween SNR and SSIM indices for the generative inpaint-
ing.

4.2.2. Influence of graph construction
To evaluate the inpainting processing, we choose to345

observe the modification of color pixel values on limited
zones.

We fix parameter b of research zone Bm to 29 for all
the following processes. For this experimentation, the
size of patch a is equal to 7.350

The computed color value of a missing pixel is ob-
tained by a diffusion of color information according to
vertices. The final value is a mix of color information
of said connected vertices.

Parameter σ f influences graph construction. When355

σ f increases, weight wm,n between two vertices in-
creases (up to 1). In such a case color information has
a lesser influence on the discrimination of patch pairs.
Patches can be considered as close, therefore the reg-
ularization process will merge color information. We360

observe this artefact on Fig. 7(f) with false colors ap-
pearance.

If σ f is low, vertices of similar patches will be con-
nected and color information of other patches tend to
diffuse into the damaged area. For a lower value of365

σ f = 0.1, there is a little diffusion (see Fig. 7(d)).
Better results are given with σ f = 0.25 (see

Fig. 7(e)).

4.2.3. Influence of patches
Now the missing area is placed on ruptures between370

a strongly textured zone and a homogeneous one (see
Fig. 7(a)). We compare reconstructions using two patch
sizes: a = 7 and 11. A value equal to 11 is high enough
to discriminate two textures in our test image.

Fig. 8(c) shows a result without regularizing. Hav-375

ing a graph of patches, we regularize it with a simple
SGWT-based regularization (see Fig. 8(a)). We observe
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Barbara Lenna
Criminisi Generative PGWI Criminisi Generative PGWI

SNR
Mean 15,38 15,66 16,04 14,99 17.53 16,15
SD 6.83 5.97 6,43 4,55 3.47 4,60

Median 12,83 14.86 13,38 13,98 17.28 16,89

SSIM
Mean 0,88 0.50 0,90 0,80 0.64 0,82
SD 0,10 0.25 0,10 0,05 0.15 0,09

Median 0,91 0.41 0,92 0,80 0.66 0,84

Peppers Girl
Criminisi Generative PGWI Criminisi Generative PGWI

SNR
Mean 14,09 17.676 15,12 12,90 13.82 13,44
SD 2,3 3.27 2,27 3,02 9.77 2,90

Median 15,39 17.64 16,70 12,14 13.45 13,17

SSIM
Mean 0,80 0.68 0,81 0,91 0.43 0,92
SD 0,04 0.15 0,03 0,08 0.24 0,08

Median 0,78 0.65 0,82 0,95 0.40 0,97

Table 1: Signal-to-noise ratios (SNR) ans structural similarity indices (SSIM) of reconstructed areas: Criminisi[9], generative inmpainting[16],
Patch Graph Wavelet Inpainting (PGWI)

a block artefact appearance because of mask edges.
A smoothing effect on homogeneous areas is also ob-
served.380

Propagating and updating missing pixels by graph
wavelet regularization allow a better reconstruction (see
Fig. 8(d) and 8(f)). We also observe the appearance of
false colors on edges on Fig. 8(f) while geometric infor-
mation is better reconstructed.385

On Fig. 8(b), we observe that the generative image in-
painting reconstructs the missing area with a smoothing
effect.

4.2.4. Illustrations on the process in other cases
In Fig. 9(a), a missing area is placed on an edge (see390

Fig. 9(b)). In this case we see on Fig. 9(e) an error of
estimation of the initial pixel which propagates in the
next steps. The regularization on graphs that we see on
Fig. 9(f) demonstrates a good structure coherence. On
Fig. 9(d), the generative inpainting [16] reconstructs the395

principal contour without others details.
The missing area is placed on a rupture between a

strongly textured zone and a red one (see Fig. 10(b)).
The red zone is composed of homogeneous zones with
close colors. The regularization allows to obtain a more400

realistic reconstruction (see Fig. 10(f)). On Fig. 10(d),
the reconstructed red zones have hard edges and grey
lines appear because of faulty pixel value initialization.
On Fig. 10(e), the generative inpainting [16] does not
reconstruct textures and add false colors (blue) in the405

zebra texture.

The results on Fig. 11 show performance of graph-
based wavelet inpainting on image Bungee [6]. The
propagation process corrects missing color pixel val-
ues; we improve the color texture recovering. Graph410

construction allows to propagate color information
according to geometrical structures. The patch size
has to be chosen to discriminate texture information.
The exemplar-based inpainting gives a good result but
we observe on Fig. 11(b) that the house is separated415

in two parts. As for the generative inpainting[16] on
Fig. 11(c), the roof of the house is correctly recon-
structed but with a smoothing effect on textured zones.

The disadvantage of our approach lies in the need to420

calculate an Eigendecomposition of a large Laplacian
matrix. Indeed an image of size 128×128 needs a Lapla-
cian matrix of size 128∗128×128∗128 or 2 Gigabytes in
double-precision floating-point format. The Laplacian
matrix for an image of size 256× 256 needs also 32 Gi-425

gabytes in memory. Thus the computation time for the
inpainting of an image of size 128 × 128 and a missing
which is closed to 5 minutes on a laptop with Matlab, a
Linux OS and an Intel(R) Core(TM) i7-7560U CPU at
2.40 GHz without processing on GPU.430

5. Conclusion

In this article, we presented a novel wavelet-based al-
gorithm for color image inpainting by modelling images
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(a) Original image. (b) Damaged image.

(c) Exemplar-based inpaint-
ing

(d) σ f = 0.1.

(e) σ f = 0.25. (f) σ f = 0.4.

Figure 7: Influence of graph computation on image Barbara by patch
graph wavelet inpainting with patches of size 7 × 7.

on graphs. We have tested global wavelet-based inpaint-
ing methods and we have illustrated their smoothing ef-435

fects in the texture reconstruction. We have proposed to
use a non-local approach and a propagation of color in-
formation. We estimate the global geometry of missing
data by computing a graph of patches.

We take into account color and geometrical informa-440

tion to infer the damaged area through the graph wavelet
regularization. During a propagation process, missing
color pixels are calculated and patch graphs are up-
dated. Associating graph-based wavelet regularization
with structure propagation allows to give good inpaint-445

ing results. We have shown that it can correct missing
pixel values to improve color texture perception.

Despite the memory cost of our approach, experimen-
tal results focus on the assignment of missing color pix-
els, we locally observe significant improvements; dis-450

continuities between color and textured regions are well
reconstructed and the resulting images are visually co-

(a) SGWT based regulariza-
tion on figure 8(c).

(b) Generative image in-
painting

(c) Our method without reg-
ularization, with a patch of
size 7 × 7.

(d) Proposed method with
patches of size 7 × 7.

(e) Our method without reg-
ularization, with a patch of
size 11 × 11.

(f) Proposed method with
patches of size 11 × 11.

Figure 8: Influence of the patch size on image Barbara.

herent.
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