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Super-resolution video restoration
� Given a noisy, under-sampled low-resolution image

sequence, restore a “super-resolved” sequence

� Use information frommultiple images for restoration

� Sub-pixel motion contributes additional constraints

� Usea-priori knowledge

� Super-resolution = bandwidth extrapolation

– Optical system diffraction limit

– Imaging system band limit



Existing approaches
� Multi-input, single output



Proposed approach
� Multi-input, multi-output



Proposed approach
� Given observed image sequence,simultaneouslysolve

for all restored images

� Allows incorporation oftemporalconstraints in

addition to spatial constraints

� Include confidence parameters for sub-pixel motion

estimates



Summary of the problem

Given: A short video sequence

p observed LR frames
N1 rows byN2 columns

Find: p corresponding super-resolved images

qN1 rows byqN2 columns,q 2 N

Approach: Linear inverse problem observation model

Stochastic regularization (ill-posedness)

Bayesian MAP estimate with MRF prior



Observation model
� Relate observed LR sequence to unknown SR sequence

� Utilize linear model=) linear inverse problem

� Observation model must include effects of:

– motion

– imaging degradation

� Identify two observation modes

– temporally coincident

– temporally non-coincident



Temporally coincident observation
� Observe LR framey(l) from SR framez(l)

� AssumeknownSVPSF degradationA(l;l)
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Temporally coincident observation
� Additive noise (measurement errors / errors inA(l;l))

y(l) = A(l;l)z(l) + n(l;l) ; l 2 P;

where,

P = f1; 2; : : : ; pg

y(l);n(l) 2 R
N1N2�1

z(l) 2 R
q2N1N2�1

A(l;l) 2 R
N1N2�q
2N1N2



Temporally coincident observation
� Noise model — IID Gaussian, zero mean, per-pixel
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� Observation noise assumed independent overfy(l)gp1



Temporally non-coincident observation
� Motion compensated observation — more constraints

� Relatefz(k)gp1 to temporally non-coincident LR frame

� Find: motion compensatingobservation matrixA(l;k)

and vectorn(l;k) s.t.
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Combined observation model

z(k)
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y = A(�;k)z(k) + n(�;k)



Simultaneous multi-frame observation

Simultaneous observation model forfz(k)gp1

y(l) = A(l;k)z(k) + n(l;k) ; l; k 2 P2
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This may be expressed in the classic form:

Y = AZ+N



Combined noise model
PN(N) =
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� K (diagonal) representsa-priori knowledge concerning

observations and accuracy of motion information



Bayesian estimation of SR images

Maximize the a-posteriori probability:
^ZMAP = argmax

Z

fP (ZjY)g

= argmax
Z

�
P (YjZ)P (Z)

P (Y)

�

= argmax
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flogP (YjZ) + logP (Z)g

P (YjZ) — Likelihood function

P (Z) — Prior



The likelihood function
� Determined by noise pdf:

P (YjZ) = PN(Y�AZ)
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� ChooseK according to confidence in observations

– noise variance (temporally coincident)

– motion estimator MAD measure (non-coincident)



Image prior model
� Markov random field (MRF)

� Local interaction() global pdf

� Pdf is Gibbsian (Hammersley-Clifford)
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� Spatio-temporal smoothness

� Convex nonlinear activity penalization function��(�)



Huber penalty function
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Spatio-temporal clique structure



Spatio-temporal clique structure

Spatial activity measure — spatial derivatives
@1z
(k)= z
(k)

n1�1;n2

� 2z
(k)

n1;n2 + z
(k)

n1+1;n2

@2z
(k)= z
(k)

n1;n2�1

� 2z
(k)

n1;n2 + z
(k)

n1;n2+1

@3z
(k)= 1

2

z
(k)

n1+1;n2�1
� z
(k)

n1;n2 + 1
2

z
(k)

n1�1;n2+1

@4z
(k)= 1

2

z
(k)

n1�1;n2�1
� z
(k)

n1;n2 + 1
2

z
(k)

n1+1;n2+1

Temporal smoothness — time derivative along motion
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Objective function
� Combine likelihood and prior terms
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Optimization
� Convex prior ensures convexity

� =) Existence, uniqueness

� Convex, non-quadratic optimization

� Gradient descent optimization applicable

� Tractable even though dimensions are high



Original low resolution frames



Zero order hold



Cubic spline interpolation



Super-resolution restoration



Super-resolution vs cubic spline



Summary and extensions
� Summary

– Simultaneous multi-frame approach enables

inclusion of temporal smoothness constraints

– Utilize covariance matrixK to represent confidence

in observations and motion estimates

� Extensions

– Generalize to arbitrary length sequences

– Arbitrary positive definiteK



Temporally coincident observation
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Temporally non-coincident observation
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