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Abstract: The Large Binocular Telescope (LBT) will require routinely the use of multiple-
image deconvolution methods.We present the methods and software we have developed for this
data reduction problem.
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1 Introduction

The Large Binocular Telescope (LBT) will consist of two 8.4m mirrors on a common mount, with a spacing
of 14.4m between the centres of the two mirrors, so that a maximum baseline of 22.8m will be available.
LBT will be equipped with a Fizeau interferometer, denoted as LINC/NIRVANA, (LN) which will be the
result of a German-Italian collaboration. First light of LBT is scheduled for September 2004, second light
for November 2005, and the first LN light is foreseen for July 2006.

The interferometric technique used in LN will provide direct imaging with the resolution of a 22.8m telescope
in the direction of the baseline and of a 8.4m telescope in the orthogonal direction. Since resolution is not
uniform over the field, several images of the same scientific object must be acquired with different orientations
of the baseline and they must be suitably processed in order to get a unique image with a uniform resolution
over the field. Therefore imaging by LN will require routinely the use of multiple-images deconvolution
methods if the goal is a unique image with the resolution of a 22.8m telescope.

According to our experience and taking into account the features of astronomical images which can contain
objects with different angular scales, very different magnitudes and therefore also very different local SNR,
we think that two different classes of deconvolution methods will be required for LN imaging.

• General purpose methods, computationally efficient as far as possible, to be used just after observation,
in order to identify the main features of the observed object. The accelerated version of OSEM we have
developed could be used for this task.

• Dedicated methods, developed for particular classes of objects with particular features. Obviously each
astronomer can use his own method for the kind of objects he is investigating. However, due to the
novelty of LN imaging, it could be useful to develop specific methods at least for a few important classes
of astronomical objects, such as objects with very high dynamic range, faint objects and unresolved
stellar objects, with angular separations not much smaller than the diffraction limit.

2 The mathematical approach

In a series of recent papers Lanteri et al. [4, 5] proposed a general approach to the design of iterative methods
for the minimization of functionals of the following type:

Jµ(f ;g) = J0(f ;g) + µ JR(f) (1)
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with the additional constraints of non negativity and flux conservation. In this equations J0(f ;g) is the
functional measuring the discrepancy between the computed images associated to f and the detected images
g and JR(f) is a regularization functional while µ is the regularization parameter.

The basic idea in the approach of Lanteri et al. relies on the following decomposition of the gradient of the
functional Jµ(f):

−∇Jµ(f ;g) = Uµ(f ;g) − Vµ(f ;g) , (2)

where Uµ(f ;g) and Vµ(f ;g) are positive arrays depending on f . Then the algorithm is as follows:

f (k+1) = f (k) U0(f
(k);g) + µUR(f (k))

V0(f (k);g) + µVR(f (k))
(3)

where the very simple dependence of the algorithm on the regularization parameter µ is shown.

If we assume to have p images acquired with LBT, then the functional J0(f ;gj) is given by:

J0(f ;gj) =

p
∑

j=1

N−1
∑

m,n=0

{

gj(m, n) ln
gj(m, n)

(Ajf)(m, n) + bj

+ [(Ajf)(m, n) + bj − gj(m, n)]

}

; (4)

In the case of µ=0, one re-obtains from Eq. 3 the multiple-image Richardson-Lucy method. In the case of a
regularization functional with UR(f) = 0, we get:

f (k+1) =
1

p

f (k)

1 + µVR(f (k))

p
∑

j=1

AT
j

gj

Ajf (k) + bj

. (5)

We implemented accelerated version of these algorithms, based on the approach of OSEM.

3 Results

We performed several simulations about the reconstruction of a diffuse object and of a high-dynamic one
that shown in Fig. 2. We used a set of ideal PSF and different sets of AO-corrected PSF.

3.1 Reconstruction of diffuse objects

We tested RLM with the image of a Spirograph nebulae (see Fig. 1) with differents magnitude (14, 15,
16); we compute the RMS and the optimal number of iterations and we noticed that increasing the SNR
the reconstruction error slows down while the number of iteration increases. For example with m=14 the
minimum of the reconstruction error is 6.6% in 544 iterations and for m=16 we reached a 12.5% in 198
iterations.

Fig. 1. Spirograph nebulae. Left box: the object; central box: one of the images; right box: reconstructed
image
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Fig. 2. Representation of the ring by means of level curves. The values corresponding to the plotted curves are
given in the text. Upper-left panel: the object; upper-right: the reconstruction provided by RLM; lower-left:
reconstruction with convex regularization; lower-right: reconstruction with non-convex regularization.

3.2 Reconstruction of images with high dynamic range

The accurate reconstruction of objects such as that shown in Fig. 2 is a difficult problem [8]. In this case the
important feature is that there is a large gap between the intensity of bright (109 photons) and faint objects
(4000 photons) and that these different objects are located in different image domains. We have tested the
algorithms above on the object of Fig. 2 using a regularization functional such as:

JR(f) =

N−1
∑

m,n=0

η2f2(m, n)

η2 + f2(m, n)
(6)

where η is a thresholding parameter. To give a more precise idea of the accuracy of the reconstructions of
the ring provided by the different methods, in Fig. 3 we represent the ring in term of level curves. Finally,
all the functionals provide a good reconstruction of the binary, with an error in magnitude of about 0.5 %.
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