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Video, multiview
reconstruction, medical
imaging...
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Funding projects, patents and relevant papers

Industrial activity

o We have a permanent technology transfer contract, renewed every year since
2006 with the company DxO, one of the world leaders in image processing, whose
image processing chains equips currently more than 300 millions cameraphones.

o We have also been cooperating with CNES (Centre National d’Etudes Spatiales)
for over one decade, where the team contributed the image restoration chain of
the Earth observation satellites SPOT5 and the recently launched Pléiades.

Funding projects

@ Spanish project: Restauracién y andlisis de imagenes digitales, Ministerio de
Ciencia e Innovacién (TIN2011-27539), renewed every three years since 1998.

o CNES: permanent association funded since 2007 by renewable research contracts.
@ DxO: permanent contract since 2007.

o European project Eurostars: High Resolution Waferlevel reflowable EDoF Camera
Module (E! 4303-WAFLE). Pathners: DxO labs, Heptagon, UIB. Coordinator:
DxO Labs. Period: 2008-2010.
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o A. Buades, B. Coll, J.-M. Morel, “Procédé traitement des données d'image, par
réduction de bruit d'image, et caméra intégrant de moyens de mise en oeuvre du
procédé”’. Ref PCT/FR2005/000897. Licensing agreements negotiated with:
DxO (French company), LIM (Czech company), Cognitech (US company).

@ F. Cao, F. Guichard, N. Azzabou, A. Buades, B. Coll, J.-M. Morel, “Procedé de
traitement d'objet numerique et systeme associé”, DxO company, Ref.
EP2174289 A2, FR2919943-A1; W02009022083-A2.

o G. Blanchet, A. Buades, B. Coll, J.M. Morel, B. Rougé. “Procedimiento de
establecimiento de correspondencia entre una primer imagen digital y una segunda
imagen digital de una misma escena para la obtencién de disparidades”, Spanish
patent Ref. P25155ES00, Ref. PCT/ES2010/070813. Owner: UIB-CNES.

o L.I. Rudin, J.L. Lisani, J.-M. Morel, P. Yu. “Video demultiplexing based on
meaningful modes extraction”, EEUU Patent Ref. 7328533. Owner: Cognitec,
2010.

o L.I. Rudin, J.L. Lisani, P. Monasse, J.-M. Morel. “Object recognition based on 2D
images and 3D models”, EEUU Patent Ref. 7587082. Owner: Cognitec, 2010.
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elevant journal papers

J. Duran, A. Buades, B. Coll, C. Sbert. A nonlocal variational model for pansharpening image fusion. SIAM
J. Imaging Sci., 7(2):761-796, 2014.

M. Lebrun, A. Buades, J.-M. Morel. A Non-local Bayesian image denoising algorithm. SIAM J. Imaging Sci.,
6(3):1665-1688, 2013.

A. Buades, J.-M. Morel, J.L. Lisani. How to explore the patch space. Inverse Problems in Imaging,
7(3):813-838, 2013.

J.V. Manjén, P. Coupé, A. Buades, L. Collins, M. Robles. DT/ denoising using overcomplete Local PCA
decomposition. Plos One, 2013.

J.-M. Morel, A.B. Petro, C. Sbert. Fourier implementation of Poisson image editing. Pattern Recognition
Letters, 33: 342-348, 2012.

J.V. Manjén, P. Coupé, A. Buades, L. Collins, M. Robles. New methods for MRI Denoising based on
Sparseness and Self-Similarity. Medical Image Analysis, 16(1):18727, 2012.

L. Zhang, X. Wu, A. Buades, X. Li. Color demosaicking by local directional interpolation and non-local
enhancement with adaptive sparse representation. J. Electronic Imaging, 20(2), 2011.

A. Buades, J.L. Lisani, J.-M. Morel. The dimensionality of color space in natural images. Journal of Optical
Society of America, 28(2): 203-209, 2011.

G. Blanchet, A. Buades, B. Coll, J.-M. Morel, B. Rougé. Fattening free correlation. J. Math. Imaging and
Vision, 41(1):109-121, 2011.

J.-M. Morel, A.B. Petro, C. Sbert. A PDE formalization of retinex theory. |IEEE Trans. Image Process.,
19(11):2825-2837, 2010.

A. Buades, B. Coll, J.-M. Morel, C. Sbert. Self similarity driven demosaicking. |IEEE Trans. Image Process.,
18(6):1192-1202, 2009.

J. Delon, A. Desolneux, J.L. Lisani, A.B. Petro. A non-parametric approach for histogram segmentation.
IEEE Trans. Image Process., 16(1): 253-261, 2007.

A. Buades, B. Coll, J.-M. Morel. The staircasing effect in neighborhood filters and its solution. |EEE Trans.
Image Process., 15(6):1499-1505, 2006.

A. Buades, B. Coll, J.-M. Morel. A review of image denoising methods, with a new one. SIAM Multiscale
Model. and Simulation, 4(2):490-530, 2005.
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In memory of Professor

Vicent Caselles Costa
August 10, 1960 - August 14, 2013
Gata, Alacant, Spain
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Prof. at the University of Balearic Islands (1991-1999) where he co-founded the
TAMI group together with Prof. Jean-Michel Morel and Bartomeu Coll.

Research interests: image segmentation, restoration, interpolation and
inpainting, color image processing, optical flow computation, logo detection and
shape recognition, the development of image processing tools for the media
industry including the development of efficient methods for depth computation,
3D reconstruction and free-viewpoint video visualization of a 3D scene using a
calibrated multi-camera set-up.

Life’s work: he is the author of three books and more than 120 papers published
in peer-reviewed journals with more than 15.000 mentions (he is the most
mentioned spanish mathematician).

Prizes: third national Prize for the degree in Mathematics (1983), PhD prize of
University of Valencia (1985), Distincié de la Generalitat de Catalunya per a la
recerca (2002), Ferran Sunyer i Balaguer Prize, SIAM Outstanding Paper Prize
2008, ICREA Académia Prize for excellence in research of the Generalitat de
Catalunya (2006), “Test of Time” Award 2011 at the International Conference on
Computer Vision, and SIAM Activity Group on Imaging Science Prize (2012).

He received the European Research Council Advanced Grant for “Inpainting
Tools for Video Post-production. Variational theory and fast algorithms”.

A. Buades, B.Coll, J.Duran, C.Sbert e-Contributions to the Mathematical Image Processing Field
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Vicent Caselles’ legacy

o Geodesic snakes: a novel mathematical theory to visualize tumors from medical
imaging and, thus, allowing doctors to observe and measure how they grow.

DICE = 0.81 DICE = 0.86
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Vicent Caselles’ legacy

o Image inpainting: a novel mathematical theory to reconstruct lost or deteriorated
parts of images and videos.

A. Buades, B.Coll C.Sbert Contributions to the Mathematical Image Processing Field
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The general minimization problem

Inverse problem — recover u from f = Au+n — ill-posed problem.

Regularization — find the minimizer in X = RV XN of the discrete functional

J(u)

> eUVuish+ 3ldu-sI%

1<i,j<N

N—
— data-fidelity term
regularization term

@ A — linear operator modeling the degradation of w.
@ ¢ — nonsmooth nonconvex potential function.

@ )\ — positive trade-off parameter.

Theorem (Existence of minimizer)

Let ¢ : [0,4+00) — [0,400) be a continuous and increasing function s.t. ¢(0) = 0. If
ker(A) N ker(V) = {0}, then there exists U € X s.t. J(U) = minyex J(u).

A. Buades, B.Coll, J.Duran, C.Sbert e-Contri
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Assumptions on the potential function

Euler-Lagrange equations for a formal minimizer u of J:

—div( (IVul) )—O—AA*(Au—f):O,

[Vul

1 /
A*Au — X (%UT’T + ¢”(|Vu|)uNN) = A*f.

(A1) ¢:[0,400) — [0, +00) strictly increases on (0, +o00) with ¢(0) = 0.

(A2) ¢ is twice continuously differentiable on (0, +0c0).

(A3) ¢’ strictly decreases on (0, +00).

(A4) llm @' (t) =
)

(A5 Jim ¢ (t) = M, with 0 < M < +o0.

A. Buades, B.Coll, J.Duran, C.Sbert e-Contributions to the Mathematical Image Processing Field
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The basic dual theorem

Key — introduce a dual variable, with closed expression, which detects edges.

Theorem (Half-linear regularization)

Let ¢ satisfy requirements (A1)-(A5) and let M be the real value given in (A5).
i) There exists a strictly decreasing and strictly convex function 1 such that

t) = i t 2
(t) s (wt +9P(w))
ii) For each t > 0, the above minimum is unique and given by & = ¢'(t).

Under conditions (A1)-(A5), the primal functional can be written as

Jw)=min _J"(u,w)=J" (u,¢'(Vu)),
we(0,MN?

where the dual energy is explicitly given by

T (uww) = > (wijl(Vu)iy

1<4,j<N

A
+ P(wiz)) + §||AU - fli%-

A. Buades, B.Coll, J.Duran, C.Sbert e-Contributions to the Mathematical Image Processing Field
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BN
=
£
=
=
£

()= | (1-w?)
Pa(t) = 1%_,5 W 1 (1- \/5)2
¢3(t) =In(1+1) %-i—t 1 w—Ilnw-1
o]

Jiie A
$a() = (1467 -1,0<y<1 | grh= | 7 w—1+(1—y)(g)”*1

Table : Examples of potential functions satisfying (A1)-(A5).
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05 //,//'/77’A>7777

1 2 3 4 5 1 2 3 4 ;

o(t) vs t =|Vu W=¢'(t) vs t=|Vu

Figure : Plots of ¢ (solid line), ¢ (large dashed line), ¢3 (short dashed line) and ¢4 (thick line).
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Properties of the minimizers

o Nonconvexity gives better results than convexity for edge-preservation.

o Claim — fully segmented solutions of arbitrary linear inverse problems can be
found by minimizing an objective functional where the regularization term is
nonsmooth and nonconvex.

ion: (1) i ; i @)
o Assumption: (A6) “3~ strictly increases on (0, +o0) and hr& 2 = —oo.
tl0

Theorem (Properties of minimizers)

If ker(A) N ker(V) = {0} and (A1)-(A6) hold, then any minimizer @ € X of the primal
energy J satisfies

either |(Vu); ;| =0 or [(Vu);;| >0, V1<i,j<N,

where 0 < 0 < +oo is the unique real value, independent of u, that solves the implicit
equation ¢" () = —Aub?| f||%, with p being a constant such that yu > 1.

A. Buades, B.Coll, J.Duran, C.Sbert ontributions to the Mathematical Image Processing Field
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Half-linear regularization for nonconvex image restoration
The proposed dual algorithm

o Proposed dual algorithm:
Wt = argmin,, J* (u™,w) = ¢’ (|Vu™|)
un*l = argmin, J* (u,w™*1) — solve WTV-equation
o Convergence analysis:
- If M(u) = argmin, J* (v, ¢'(|Vul)), then untt € M(u™).
-IfS={ue X:uecM(u)}, then u €S < uis a stationary point of J.

Theorem (Convergence of the algorithm)

i) {J(u™) = J*(u™, w" )} decreases and converges to J (), where i € S.

i) {u™} has convergent subsequences and their limits are stationary points of J.
iii) Either {u™} converges to a stationary point of J or its limit points form a continuum in S.
iv) If all the stationary points of J are isolated, then {u"} converges to a stationary point of .J.
v) There exists a sequence {u"} C S such that lim,,_,« ||[u”™ —@"||x = 0.

vi) Let U be any isolated stationary point of J. If U is a strong local minimizer of J, then there
exists an open neighbourhood B of @ such that {u™} converges to @ for any u® € B.

A. Buades, B.Coll, J Contributions to the Mathematical Image Processing Fit



ral minimization problem
Assumptions on the potential function
The basic dual theorem
Properties of the minimizers
The proposed dual algorithm
Experimental results

Half-linear regularization for nonconvex image restoration

Half-linear regularization for nonconvex image restoration

Experimental results

Noisy image @ related to ¢
Figure : The role of the dual variable w as edge detector
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Ground truth Blurred image

¢ o3 ¢a(y =0.5)

Figure : Deconvolution of a piecewise constant image convolved with Gaussian kernel of s.d. o =5
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Figure : Deconvolution of a non-constant image convolved with Gaussian kernel of s.d. o = 3.
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Figure : Set of grayscale images used for state-of-the-art TV-based image denoising algorithms
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Properties of the minimizers
The proposed dual algorithm
Experimental results

Image Noisy image Chambolle Split Bregman Half-quadratic Half-linear
RMSE PSNR RMSE PSNR RMSE PSNR RMSE PSNR RMSE PSNR
1 17.38 24.65 7.21 31.50 8.09 30.44 7.76 31.06 6.99 31.88
2 17.03 24.82 10.50 28.38 11.23 27.79 10.34 28.73 9.57 29.28
3 16.81 24.91 9.00 29.64 10.04 28.68 8.92 29.91 8.26 30.46
4 16.47 25.03 8.80 29.98 9.95 28.93 8.62 30.27 7.88 30.96
5 14.24 26.41 7.20 32.33 9.22 30.03 5.77 34.21 5.29 35.31
6 16.89 24.85 9.80 29.26 10.85 28.30 9.31 29.68 8.27 30.62
Avg. 16.47 25.11 8.75 30.18 9.90 29.03 8.45 30.64 7.71 31.42

For each image, the averages of both the RMSE and the PSNR over all s.d. are displayed.

- Noisy image Chambolle Split Bregman Half-quadratic Half-linear
RMSE PSNR RMSE PSNR RMSE PSNR RMSE PSNR RMSE PSNR

5 4.85 34.45 3.59 37.27 4.25 35.66 3.36 37.91 3.11 38.80

10 9.60 28.51 5.94 32.79 6.69 31.69 5.48 33.56 5.13 34.22

15 14.31 25.04 8.01 30.16 8.91 29.18 7.43 30.90 6.98 31.43
20 18.88 22.63 9.90 28.31 11.06 27.31 9.39 28.81 8.71 29.47
25 23.40 20.77 11.65 26.90 13.14 25.83 11.45 27.08 10.36 27.93
30 27.77 19.28 13.42 25.67 15.33 24.50 13.59 25.59 11.97 26.66
Avg. 16.47 25.11 8.75 30.18 9.90 29.03 8.45 30.64 7.71 31.42

For each s.d., the averages of both the RMSE and the PSNR over all images are displayed.

A. Buades, B.Coll, J Contributions to the Mathematical Image Processing Fi
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Ground truth Noisy image Chambolle

Split Bregman Half-quadratic Half-linear

Figure : Denoising of piecewise constant image corrupted with Gaussian noise of s.d. o = 30
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Split Bregman Half-linear

Figure : Denoising of a color non-constant image corrupted with Gaussian noise of s.d. o = 15
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A nonlocal variational model for pansharpening image fusion

The pansharpening problem

high-resolution panchromatic image (PAN),

o Satellite data . R .
{ low-resolution multispectral image (MS).
@ Sensor design — inverse relation between spectral and spatial resolutions.

o Applications — remote sensing (detection and classification), astronomy, military
tasks, soil measure content, improving geometric correction, enhancing features...
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Low-resolution
image

Panchromatic image Pansharpened image
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Truth image
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A nonlocal variational model for pansharpening image fusion

IHS pansharpened image
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A nonlocal variational model for pansharpening image fusion

The proposed nonlocal functional

Notations:
e Q C RY open and bounded domain.
o S C Q sampling grid (low-resolution pixels).
o PAN image: P: Q — R.
o MSimage: @5 = (uf,...,u3;), us, : S — R, M spectral bands.

o Pansharpened image: @ = (u1,...,un), um : Q@ — R.

Goal — Obtain @ from P and @ as the minimizer of a functional.

A. Buades, B.Coll, Contributions to the Mathematical Image Processing Fi
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Discrete detai
Experimental results

‘ Panchromatic matching term ‘

@ Assumption: PAN is a linear combination of multispectral channels.

o Constraint:

M
P(z) = Z amum(x), Ve Q,
m=1

intensity of @
where am, >0 and 3 o = 1.

o Energy term:

2

M
/ Z amum(z) — P(z) | dz
Q m=1

A. Buades, B.Coll C.Sbert Contributions to the Mathematical Image Processing Field
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mental results

‘ Spectral correlation preserving term

o Assumption: Low-resolution pixels formed from high-resolution ones by low-pass
filtering followed by subsampling.

e Constraint: u3,(z) = km *um(z), Vx €S, V1I<m<M.

o Energy term:

M o 5
mXZ:I o Ils - (km * U (T) — um(z)> dx

km — kernel of a convolution operator mapping L2(Q) into C(Q).

2 arbitrary continuous extension of u3, from S to Q.

i
Il = Z(i,j)es d(i,5y — Dirac’s comb defined by sampling grid S.
s(t) X LW (t) _ ()

A. Buades, B.Coll, J Contributions to the Mathematical Image Processing Fi
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A nonlocal variational model for pansharpening image fusion Theoretic lysis of the functional

Disc
Experimental results

Nonlocal geometry enforcing term

Key — Introduce the geometry of PAN into MS using neighborhood filters
o Distances computed on PAN.
o Weights:

1 dp(P(2).P(w) _ dp(P(@),P(y)
w(z,y) = @@ h2 , Cx) = /Qe h2 dy,

normalizing factor

dp (P(x), P(y)) = /g Golt) IPla+1) = Ply+ 1)t

st. 0 <w(z,y) <1land [ow(z,y)dy =1V e Q.
o Weights are non-symmetric due to C(x).

o Energy term:

M
2
mZ:1/Q /Q (um (@) — um () “w(z, y)dody.

A. Buades, B.Coll, J.Duran, C.Sbert e-Contributions to the Mathematical Image Processing Field
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The proposed nonlocal functional
A nonlocal variational model for pansharpening image fusion Theoretical analysis of the functional

ete details
Experimental

We propose to study the following nonlocal energy functional
1M )
g@ = 33 [ [ (@)~ unw) (e )dedy
mo1/eJa

A\ M 2
+ f/ Z amum(z) — P(z) | dz
2 Q m=1

M
+ Lad Z / Ilg - (k’m * U (T) — u%(a})fda},
2 m=1"%

where A\, u > 0 are trade-off parameters experimentally fixed.

A. Buades, B. , uran, C.Sbert Contributions to the Mathematical Image Processing Field



The pansharpening problem
The proposed nonlocal functional
A nonlocal variational model for pansharpening image fusion Theoretical analysis of the functional
i e details
erimental results

A nonlocal variational model for pansharpening image fusion

Theoretical analysis of the functional

o Assume P € L2(Q) and uf, € L2(Q) V1 <m < M.

o Is it um € L2(Q) enough? — nonlocal gradient depending on w:
/ / (um(z) — um(y))Qw(x,y)dzdy < 400, V1<m <M.
oo
o Nonlocal domain — Q= QUT, T c RN \ Q surrounding Q s.t. |T'| # 0.

@ Solution space — Weighted L2 space:

L (QxQ) = {f OXQ SRS measurable./{_2 /Q If(z, 9)Pw(z, y)dedy < +<>o}

Theorem (Existence and uniqueness of minimizer)

If§=(g1,---,9n:m), with gm € L%(T), then 3 @* € A s.t. J(@*) = infgec 4 J(@).

A. Buades, B.Coll, J , C. e-Contributions to the Mathematical Image Processing Field
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A nonlocal variational model for pansharpening image fusion

Discrete details

@ The algorithm consists in applying the gradient descent method to solve the
Euler-Lagrange equation:

M
/ﬁ (u(z) — uk (y)) (W, y) + w(y, 2))dy + Aok (Z amum(z) — P(ff))

m=1

+ pk] * [Hs . (kk *up(z) — u?(x))] =0, VzeQ

o Discrete weights restricted to pixels at certain distance (support zone):

1 2
e hZ Ete/\/‘o [[P(p+t)—P(a+t)l , if ”p_ qH S L,

wp,q) =49 C(p)
0, otherwise,

where N is an I x I window centered at (0,0) (comparison window).
o Normalizing factor:
cp)= Y o~ 7z Sreny 1P+ —Pat)l*

{a:llp—ql|<L}

e-Contributions to the Mathematical Image Processing Field
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A nonlocal variational model for pansharpening image fusion

Experimental results

Comparison on natural images

A. Buades, B.Coll, J.Duran, C.Sbert e-Contributions to the Mathematical Image Processing Field



The pansharpening problem
The proposed nonlocal functional
A nonlocal variational model for pansharpening image fusion Theoretical analysis of the functional

Discr details
Experimental results

s = s =
IHS | Brovey | Waves | P+XS NL IHS | Brovey | Waves | P+XS NL
1.23 1.10 2.23 1.36 0.87 | 2.00 1.84 2.62 1.95 1.41
1.40 1.39 3.46 1.72 091 | 2.74 2.71 4.01 2.68 1.44
1.27 1.25 2.46 1.51 0.92 | 2.08 2.04 2.90 2.10 1.45
1.09 1.05 2.35 1.35 0.92 | 1.95 1.85 2.77 1.96 1.32
2.11 2.09 3.80 2.16 1.37 | 3.43 3.40 4.45 3.41 2.40
1.83 1.79 3.29 2.30 1.25 | 2.89 2.80 3.72 3.01 2.23
1.10 1.09 1.88 1.27 0.88 | 1.66 1.63 2.26 1.70 1.30
1.03 1.00 1.99 1.29 0.82 | 1.66 1.62 2.37 1.74 1.27
2.05 2.06 4.19 2.67 1.55 | 3.70 3.70 4.91 3.95 2.50
2.27 2.22 5.77 2.60 1.50 | 4.51 4.43 6.62 4.41 2.55
3.87 3.38 7.33 3.72 1.65 | 6.59 5.93 8.37 5.95 3.81
3.50 3.44 6.86 4.58 2.03 | 6.38 6.31 7.91 6.93 4.65
0.93 0.93 1.69 1.03 0.78 | 1.47 1.46 2.07 1.49 1.15
1.16 1.14 2.33 1.49 0.97 | 2.07 2.05 2.79 2.17 1.47
2.05 1.87 4.12 1.99 144 | 3.25 3.06 4.65 3.04 2.10
2.77 2.57 5.33 3.41 1.48 | 4.80 4.54 6.10 4.91 3.03
1.85 1.77 3.69 2.15 1.21 | 3.20 3.09 4.28 3.21 2.13

A. Buades, B.Coll, J.Duran, C.Sbert e-Contributions to the Mathematical Image Processing Field
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A nonlocal variational model for pansharpening image fusion

Experimental results

IHS pansharpened image

A. Buades, B.Coll, J.Duran, C.Sbert e-Contributions to the Mathematical Image Processing Field




A nonlocal variational model for pansharpening image fusion

Experimental results

Brovey pansharpened image
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A nonlocal variational model for pansharpening image fusion

Experimental results

Wavelets-based pansharpened image
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A nonlocal variational model for pansharpening image fusion

Experimental results

P+XS pansharpened image
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A nonlocal variational model for pansharpening image fusion

Experimental results

Nonlocal pansharpened image

A. Buades, B.Coll, J.Duran, C.Sbert Contributions to the Mathematical Image Processing Field




The pansharpening problem
The proposed nonlocal functional

A nonlocal variational model for pansharpening image fusion Theoretical analysis of the functional
Discrete details
Experimental results

A. Buades, B.Coll, J.Duran, C.Sbert e-Contributions to the Mathematical Image Processing Field
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The proposed nonlocal functional
A nonlocal variational model for pansharpening image fusion Tk sis of the functional

details
ental results

s=2 s=4
IHS | Brovey | Waves | P+XS NL IHS | Brovey | Waves | P+XS NL
1.16 1.14 1.80 1.54 1.05 | 1.93 1.91 2.26 2.15 1.60
1.42 1.40 2.58 1.97 1.37 | 2.23 2.21 2.96 2.64 1.83
1.03 0.99 1.90 1.43 0.87 | 1.72 1.68 2.17 1.94 1.34
2.08 2.07 2.71 1.92 1.68 | 2.62 2.62 2.89 2.54 2.26
2.43 2.43 3.21 2.24 2.10 | 3.02 3.02 3.44 2.86 2.52
1.42 1.41 1.96 1.26 1.18 | 1.83 1.82 2.11 1.70 1.49
1.75 1.74 2.92 2.46 1.45 | 3.04 3.03 3.68 3.47 2.29
0.99 0.98 1.46 0.88 0.82 | 1.33 1.32 1.59 1.22 1.04
1.27 1.25 2.36 1.95 1.14 | 2.21 2.20 2.86 2.60 1.63
1.51 1.49 2.32 1.74 1.30 | 2.21 2.20 2.66 2.35 1.78

A. Buades, B.Coll, J.Duran, C.Sbert e-Contributions to the Mathematical Image Processing Field
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A nonlocal variational model for pansharpening image fusion
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A nonlocal variational model for pansharpening image fusion

The pansharpening problem
The proposed nonlocal functional
sis of the functional

details
ental results

s=2 s=4
IHS | Brovey | Waves | PXS | Ours | IHS | Brovey | Waves | PXS | Ours
2.31 2.38 3.99 3.24 | 1.64 | 4.01 4.04 4.87 4.53 | 2.90
3.78 3.81 6.35 511 | 2.53 | 6.45 6.45 7.49 7.07 | 4.96
1.41 1.55 2.08 1.97 | 1.05 | 2.34 2.42 2.70 2.69 | 1.79
2.93 2.99 4.94 3.71 | 1.99 | 4.96 4.99 5.80 5.27 | 3.80
1.50 1.59 2.45 2.09 | 1.35 | 2.49 2.53 3.03 2.86 | 1.96
1.62 1.74 2.65 2.31 | 1.47 | 2.78 2.85 3.37 3.21 | 2.18
2.90 2.94 5.08 4.04 | 1.91 | 5.12 5.11 6.09 5.65 | 3.69
0.89 1.11 1.30 1.30 | 0.75 | 1.40 1.55 1.66 1.68 | 1.15
1.14 1.31 1.73 1.57 | 1.05 | 1.84 1.94 2.20 2.10 | 1.48
2.05 2.16 3.40 2.82 | 1.53 | 3.49 3.54 4.13 3.90 | 2.66

A. Buades, B.Coll, J.Duran, C.Sbert
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A nonlocal variational model for pansharpening image fusion

Experimental results

Wavelets-based pansharpened image
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The pansharpening problem
The proposed nonlocal functional

A nonlocal variational model for pansharpening image fusion Theoretical analysis of the functional
Discrete details
Experimental results

nlocal pansharpened false color image
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demosaicking

o The demosaicking problem.

o State-of-the-art demosaicking
techniques.

o Local directional interpolation with a
posteriori decision.

o Nonlocal filtering of channel
differences.

o Experimental results.
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Self-similarity and spectral correlation adaptive image demosaicking Nonlocal filtering of channel differences
Experimental results

Self-similarity and spectral correlation adaptive image demosaicking

The demosaicking problem

@ Most common cameras use CCD sensor devices measuring a single color per pixel.
o Demosaicking — interpolate the two missing values from the neighboring ones.

o CFA — Bayer color filter array

o Subsampling of factor 4 for red and blue, and of factor 2 for green.

o Equal horizontal and vertical sampling frequency for each color.

A. Buades, B. , C.. ibuti to the Mathematical Image Processing Field
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Experimental results

Self-similarity and spectral correlation adaptive image demosaicking

Mosaicked image
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Self-similarity and spectral correlation adaptive image demosaicking

State-of-the-art demosaicking techniques

o Interpolation of green channel — easier reconstruction of geometry and texture:
- Local estimation of the most suitable direction of interpolation
- Take a decision a priori or a posteriori.
- Combine different directional estimations.

o Interpolation of red and blue channels — estimate the ratios G — R and G — B
due to channel inter-correlation.

o lterative algorithms — starting with an initial condition, iteratively force the
three color channels to have the same high frequencies or to have low cost-energy.

Databases:

- Kodak — fewer color saturated regions and large inter-channel correlation.

- IMAX — many more saturated colors and edges separating colored regions
and lower inter-channel correlation.

A. Buades, B. , C.. Contributions to the Mathematical Image Processing Field



The demosaicking problem

State-of-the-art demosaicking techniques

Local directional interpolation with a posteriori decision
Self-similarity and spectral correlation adaptive image demosaicking Nonlocal filtering of channel differences

Experimental

Self-similarity and spectral correlation adaptive image demosaicking

Local directional interpolation with a posteriori decision

i) Interpolate the green channel along four directions:
= B
Gilj=0Cij+di;=GCij1+ 7 (Cij—Cij-2),

where 0 < 8 < 1 balances the assumption on chromatic regularity.

ii) Estimate red and blue channels by bilinear interpolation of the differences:
CGY; = Ciy — BGY; — CFy = TGy + BGY;.

iii) Weight the four fully color images in terms of the chromatic variances in the YUV

space:
R = W'R"+w’R’+ w®R®+wvRY
G = W"G"+ WG+ WG+ WwYGY
B = Ww'B"+w'B%+w*B®+wYBY

The channel correlation parameter § is computed empirically

A. Buades, B.Coll, J.| n, C.Sbert -Contributions to the Mathematical Image Processing Field
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State-of-the-art demosaicking techniques
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Experimental results

Self-similarity and spectral correlation adaptive image demosaicking

Nonlocal filtering of channel differences

@ Local regularity of the image — color artifacts and erroneous interpolations.
o Exploit the image self-similarity to correct them.

@ The weight distribution is computed on the initial interpolated image:

1 _ d(ug(=),ug(y)) _ d(ug(=),ug(y))
“ey) = grme e @)= e

yeN

@ Apply nonlocal regularity to channel differences at unknown pixels.

i) Green filtering:

G(z) = Y w(z,y) (Goly) — BCo(y)) + BCo(x), = ¢ Qq.

yeQ

ii) Red and Blue filtering taking advanced of already filled green:

C(z) = wlx,y) (Coly) — BG(Y)) + BG(z), = ¢ Q.

yeN

A. Buades, B.Coll, J , C. e-Contributions to the Mathematical Image Processing Field
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Self-similarity and spectral correlation adaptive image demosaicking

Experimental results

Kodak database
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The demosaicking problem
rt demosaicking techniques
erpolation v posteriori decision

Self-similarity and spectral correlation adaptive image demosaicking Nonlocal filtering of channel differences
Experimental results

HA DLMMSE | SSD | LDNAT CS Ours

1 5.14 2.63 4.17 4.36 2.36 | 2.30
2 2.41 1.86 2.00 2.02 1.79 | 1.71
3 4.50 2.33 3.56 4.03 2.51 | 2.30
4 2.34 1.99 2.14 2.15 1.97 | 2.04
5 4.31 2.59 3.56 4.03 2.45 | 2.45
6 2.08 1.77 2.04 1.99 1.84 | 1.85
7 2.44 1.79 2.19 2.37 1.87 | 1.73
8 2.96 2.00 2.62 2.80 2.15 | 1.99
9 3.41 2.19 2.96 3.26 2.40 | 2.12
Avg | 3.29 2.13 2.80 3.00 2.15 | 2.05

Table : RMSE of images in Kodak database

A. Buades, B.Coll, J.Duran, C.Sbert e-Contributions to the Mathematical Image Processing Field



The demosaicking problem
rt demosaicking techniques
erpolation v posteriori decision

Self-similarity and spectral correlation adaptive image demosaicking Nonlocal filtering of channel differences
Experimental results

HA DLMMSE | SSD | LDNAT CcS Ours

1 9.22 10.34 9.36 7.69 7.72 7.89
2 9.19 10.52 9.61 8.02 8.52 | 8.01
3 5.88 6.95 5.91 4.58 4.80 4.77
4 6.34 7.33 6.55 5.17 6.05 5.32
5 5.38 6.88 5.31 4.37 4.29 | 4.42
6 5.90 7.16 5.96 4.76 5.38 5.07
7 4.37 5.22 4.32 3.62 4.01 3.86
8 5.21 5.90 5.26 4.43 5.25 4.54
9 4.77 4.91 4.65 4.26 4.66 4.55
Avg | 6.25 7.25 6.33 5.21 5.63 5.38

Table : RMSE of images in IMAX database
HA DLMMSE | SSD | LDNAT CS Ours
Avg | 4.77 4.69 4.57 4.11 3.89 | 3.72

Table : RMSE average of images in Kodak and IMAX databases

A. Buades, B.Coll, J.Duran, C.Sbert e-Contributions to the Mathematical Image Processing Field



The demosaicking problem
rt demosaicking techniques
erpolation v posteriori decision

Self-similarity and spectral correlation adaptive image demosaicking Nonlocal filtering of channel differences
Experimental results

HA DLMMSE | SSD | LDNAT CS Ours

1 1.77 1.50 1.79 1.75 1.56 1.62
2 7.35 4.67 5.91 6.56 4.65 | 4.22
3 3.21 2.09 2.61 2.81 2.15 | 2.01
4 3.90 3.45 3.58 3.64 3.36 | 3.42
5 4.64 2.46 3.48 3.96 2.49 | 2.23
6 7.43 4.29 5.35 6.66 3.60 | 3.42
7 3.91 2.31 3.15 3.75 2.07 | 2.02
8 6.16 3.35 4.34 5.34 3.80 | 2.48
9 4.65 2.95 3.60 4.38 2.81 | 2.61
Avg | 4.78 3.01 3.76 4.32 2.94 | 2.67

Table : RMSE of images in digital photographs collection
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State-of-the-art demosaicking techniques

Local directional interpolation with a posteriori decision
Nonlocal filtering of channel differences

Experimental results

Self-similarity and spectral correlation adaptive image demosaicking

DLMMSE demosaicked image

A. Buades, B.Coll, J.Duran, C.Sbert e-Contributions to the Mathematical Image Processing Field



The demosaicking problem

State-of-the-art demosaicking techniques

Local directional interpolation with a posteriori decision
Nonlocal filtering of channel differences

Experimental results

Self-similarity and spectral correlation adaptive image demosaicking
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The demosaicking problem

State-of-the-art demosaicking techniques

Local directional interpolation with a posteriori decision
Nonlocal filtering of channel differences

Experimental results

Self-similarity and spectral correlation adaptive image demosaicking
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The demosaicking problem

State-of-the-art demosaicking techniques

Local directional interpolation with a posteriori decision
Nonlocal filtering of channel differences

Experimental results

Self-similarity and spectral correlation adaptive image demosaicking

Our demosaicked image
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Future work
o Adapt nonlocal pansharpening algorithm to Pléiades images.
o Improve demosaicking algorithm.
@ Texture synthesis and texture segmentation.

@ Video and multiview reconstruction.
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