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ABSTRACT

Aims. We aim to improve blind deconvolution applied to post-adaptive-optics (AO) data by taking into account one of their basic
characteristics, resulting from the necessarily partial AO correction: the Strehl ratio.
Methods. We apply a Strehl constraint in the framework of iterative blind deconvolution (IBD) of post-AO near-infrared images
simulated in a detailed end-to-end manner and considering a case that is as realistic as possible.
Results. The results obtained clearly show the advantage of using such a constraint, from the point of view of both performance
and stability, especially for poorly AO-corrected data. The proposed algorithm has been implemented in the freely-distributed and
CAOS-based Software Package AIRY.
Key words. methods: data analysis – methods: numerical – techniques: image processing

1. Introduction
Blind deconvolution is well suited for post-adaptive-optics
(AO) data when the associated point-spread function (PSF)
is poorly known, hence not permitting a satisfactory deconvolution and a subsequent optimal astrophysical interpretation
from the reconstructed object. To improve PSF reconstruction
(and hence the whole blind deconvolution process in order to
obtain better reconstructed objects), one possibility is to use
a priori information about the physical features of the PSF
(Bertero & Boccacci 1998). For this purpose we propose to simply consider one of the basic characteristic of modern optical
telescope data, which is the Strehl ratio (SR, Strehl 1902), as
a new constraint applied during PSF reconstruction. The SR is
nowadays used in optical astronomy in order to characterize the
image quality that is obtained after AO correction of the images
(the higher the SR, the closer to the ideal PSF), and an estimation of it is commonly delivered together with the data obtained
at suitably equipped telescopes.
In a previous paper (Desiderà et al. 2006), we developed iterative blind deconvolution (IBD) of multiple images with application to the Fizeau interferometer of the Large Binocular
Telescope (LBT). The corresponding code has also been integrated within the Software Package AIRY (Astronomical
Image Reconstruction in interferometrY, see Correia et al. 2002,
and http://www.airyproject.eu)1, which can be used
to reconstruct either Fizeau interferometric multiple images (Carbillet et al. 2002; Anconelli et al. 2005a,b, 2006a,b,
2007; La Camera et al. 2007) or standard mono-pupil data
(Habart et al. 2004; Domiciano et al. 2008).
1

Implemented within the CAOS (Code for Adaptive Optics Systems)
problem-solving environment (see Carbillet et al. 2004a, and http://
fizeau.unice.fr/caos).

In this paper, we propose a Strehl constraint to extend the
IBD algorithm and apply this method to the reconstruction
of 8m-class telescope images, which represents a current and
generic case. Nevertheless, and in order to consider data that is
as realistic as possible, we consider, as an example, the precise
case of LUCIFER (Lbt near-infrared spectroscopic Utility with
Camera and Integral-Field unit for Extragalactic Research) images, with a detailed end-to-end numerical simulation of the associated AO system.
The paper is organized as follows. In Sect. 2 we briefly describe the structure of the IBD used in our simulations and its
implementation. In Sect. 3 we describe the motivations behind
the introduction of the SR constraint and its integration within
the IBD algorithm. Then we give the results of our numerical
experiments, involving a detailed modeling of the AO system,
in Sect. 4. Finally Sect. 5 consists of a discussion of the method
proposed and the results obtained.

2. IBD structure and limitations
2.1. IBD structure

As described in Desiderà et al. (2006), the IBD method used in
this study restores the object and the PSF separately in an iterative form: within each global iteration, which we will call a
“cycle”, either the object or the PSF is kept fixed while the other
is updated. Therefore the output of each cycle updates both the
object (within the so-called object box) and the PSF (within the
PSF box), as provided by the previous one. Both in the object
box and in the PSF box we use the Richardson-Lucy (RL) algorithm to perform the reconstruction. To briefly formalize the
problem we use bold letters to denote N × N arrays, whose pixels
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are indexed by a multi-index n = {n1 , n2 }, and we consider the
following model of image formation (Snyder et al. 1993):
g(n) = (H ∗ f )(n) + b(n) + w(n),

(1)

where g is the detected image, H the corresponding PSF, f is
the object array, b is the background, and w represents the noise
term including read-out noise (RON). Moreover, we assume that
the PSF is normalized to unit volume. The data of the problem
are then g and b, and the goal is to obtain an estimate of both H
and f .
We introduce an index k characterizing the IBD global cycles. If {H(k−1) ; f (k−1) } is the output of the cycle k − 1 (or the initial estimate in the case k = 1), then for each cycle k the function
of both the PSF box and the object box consists of the application of the reconstruction algorithm to provide the updates f (k)
and H(k) of the object and the PSF, respectively.
Regarding the reconstruction algorithm, since the index k is
used to characterize the IDB cycle, a diﬀerent index, let us say
l, will be used for the iterations of RL internal to the object box
or the PSF box. Accordingly, the result of the lth iteration of RL
inside the cycle k will be denoted by f (k,l) and H(k,l) . Note that
the maximum number of iterations is a priori diﬀerent for the
object and the PSF reconstructions (lobj  lpsf ).
Inside the object box the processing step consists of the following instructions:
– For l = 0, ..., lobj − 1, given f (k,l) , compute:
f̃

(k,l+1)

c̃(k,l+1)

g
= f (k,l) [H(k−1) ]T ∗ (k−1)
,
H
∗ f (k,l) + b
 (k,l+1)
=
(n).
f̃

(2)

n

Fig. 1. General structure of the Strehl-constrained IBD.

3. The Strehl constraint
In particular, in order to circumvent the risk of choosing too high
a value for lpsf , we introduce a new constraint on the PSF reconstruction with the idea of taking into account the main physical
feature of the PSF to be reconstructed, namely its SR. We will
see that with this constraint the IBD is much less sensible to
the value of lpsf . The constraint is applied to the output of the
PSF box H(k) and essentially consists of blurring it when its SR
exceeds the estimated one s, in order to reach the desired SR.
The blurring process is performed in an iterative manner with a
Gaussian function G, with a small rms σ in order to make the
peak of the PSF lower by following a slower process. G being
normalized to the unit volume, the result of the convolution with
H(k) preserves the unit volume itself, while the band remains essentially the same. The processing steps to perform after the PSF
box are then:
– initialize with H(k) and compute its SR s̃:

– Set:
f (k,l+1) = f̃


c

(k,l+1)

c̃(k,l+1)

,

(3)

where c = n {g(n) − b(n)} represents the estimated flux of the
object and lobj is the number of RL iterations. The output of this
box is the array f (k) = f (k,lobj ) , part of the output of the global
cycle.
Analogously, for the PSF box we only need to exchange f
and H within the previous equations, with lpsf the number of RL
iterations, and where the normalization of the solution is calculated to obtain a PSF with a unit volume.
We use a pure IBD without any kind of additional constraint
but that on the SR, in order to study here the gain due to the
proposed method.
2.2. IBD limitations

IBD contains several parameters the choice of which can be critical for the final object reconstruction, such as the number of
iterations within the object and PSF boxes (lobj and lpsf respectively), and also the total number of IBD cycles to be performed
(kmax ). In particular, a bad choice for lobj or lpsf can compromise
the result of the deconvolution for both the object and the PSF.
For example, for what concerns lpsf , performing too many iterations can overfit the peak of the reconstructed PSF with respect
to that of the unknown one. On the other hand, choosing a too
small number of iterations could be insuﬃcient to improve the
reconstructed PSF.

s̃ =

max(H(k) )
;
max(Hideal )

(4)

– while s̃ ≥ s compute:
H̃

(k)

(k)

= G ∗ H̃ ;

(5)

(k)

s̃ =

max( H̃ )
max(Hideal )

(6)

– set:
H(k) = H̃

(k)

(7)

where the output of the PSF box is H(k) = H(k,lpsf ) , the update
of the PSF provided by the cycle k. A pictorial representation of
the general structure of the Strehl-constrained IBD is given in
Fig. 1.

4. Numerical experiments
In our numerical experiments we consider objects represented
by 256 × 256 pixels arrays and we assume that they are observed in H band (λ = 1.65 μm) with a pixel size of 15 mas.
Since we are interested in studying the behaviour of the IBD
introducing the SR constraint, we consider a set of diﬀerent AOcorrected PSFs with increasing SR. The five PSFs used here
(with SR from 0.17 to 0.68) have been obtained by means of the
Software Package CAOS (Carbillet et al. 2005), according to
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Fig. 2. Left: final error on the reconstruction of the PSF. Right: final error on the reconstruction of the object. Both plots are made as a function
of the SR of the image data and comparing the simple IBD (rhombuses) to the Strehl-constrained IBD (asterisks). A gain of up to a factor ∼10 is
achieved for the poorer SR.
Table 1. Main parameters describing the PSF simulation.
turbulent atmosphere
Fried parameter (at 500 nm)
ground layer velocity
ground layer turbulence profile ratio
high layer velocity
high layer turbulence profile ratio
wavefront outer-scale
telescope & AO system
telescope eﬀective diameter D
telescope obstruction ratio
AO guide star spectral type
AO guide star R-magnitude
number of actuators
number of modes reconstructed
time filter type
sensing central wavelength
sensing bandwidth
total sensing average transmission
number of equivalent sub-apertures
sensing exposure time [ms]
sensing RON [e− rms]
Fig. 3. Final error map (relative to the case of SR = 0.27) as a function of the iterations within the object box and the PSF box. Left: PSF
reconstruction. Right: object reconstruction. Top: simple IBD. Bottom:
Strehl-constrained IBD.

a precise model of the first-light AO system of LBT and the
near-infrared camera LUCIFER described in a previous paper
(Carbillet et al. 2004b). The main parameters associated with
these simulations are reported in Table 1.
For the object, we have chosen a binary system, since it represents the elementary object to be reconstructed. We assume
that the two components are of magnitude 12 and the angular
separation is 285 mas (19 pixels), i.e. ∼7 times larger than the
diﬀraction limit (∼40 mas). For each PSF, the images have been
simulated according to Eq. (1), using a time exposure of 1200 s,
with a total transmission of 0.3 and considering a CCD RON of
10 e− rms.
In order to test the performance of the Strehl constraint, we
have designed and run a large number of IBD simulations using a diﬀerent number of iterations to be used within the object
and PSF boxes. lobj and lpsf range from 1 to 30 while the total

15 cm
∼8 m/s
0.7
∼16.5 m/s
0.3
20 m
8.22 m
0.11
K5
12–16
672
up to 672
pure integration
750 nm
300 nm
0.41
10 × 10, 15 × 15
1.67–5
3.5–5.8

number of cycles remain the same, fixed to 100 iterations. In
this way, for each set of PSFs we computed 30 × 30 IBD projects
with and without application of the Strehl constraint. For each
project and for each PSF we then computed the error on the reconstructed PSF and on the collected flux (on 3 × 3 pixels which
roughly correspond to λ/D) of the two stars at each global iteration. Doing so, we can give the behaviour of the minimum error
achievable with respect to the asymmetry2 of the IBD.
Figure 2 shows the error on both the PSF reconstruction
and the object reconstruction as a function of the SR characterizing the data processed, with and without the Strehl constraint. The improvement is clear if we compare the behaviour of
the error in the two cases, behavior which becomes remarkably
low, and moreover flat, with the application of the Strehl constraint. Figure 3 also shows the corresponding maps as a function of the iterations within the object box and the PSF box. We
can observe here how it can be important to choose the right
number of iterations in order to avoid a high divergence in the
2
I.e. the fact that optimal values of lpsf and lobj will be a priori such
that lpsf  lobj .
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Fig. 4. From top to bottom and from left to right: observed image (SR =
0.27), reconstructed object with the simple IBD, reconstructed object
with the Strehl-constrained IBD, PSF corresponding to the observed
image, reconstructed PSF with the simple IBD, reconstructed PSF with
the Strehl-constrained IBD. A logarithmic scale is used.

reconstruction process, in the case of a standard IBD. On the
contrary, this limitation vanishes when considering the use of
the Strehl-constrained IBD. In addition, the errors remain contained in a smaller range, which is reassuring with respect to the
choice of the right iteration numbers for a given reconstruction.

5. Conclusions
In this paper, we introduced a new constraint on the reconstructed PSF in order to circumvent the well-know limitations of
an IBD algorithm. The constraint forces the reconstructed PSF to
fit the SR as much as possible, a feature which is strictly related
to the observation conditions.
IBD algorithms (such as the one described in this paper)
mainly suﬀer from the asymmetry between the iteration numbers
adopted in the two reconstruction boxes (the so-called PSF box
and object box). This limitation makes it diﬃcult to calibrate all
the parameters in order to obtain the best results. The application
of the Strehl constraint seems to regularize the blind algorithm
making it more robust, even in the case of a non-optimal choice
of the parameters. In addition, the solutions themselves are characterized by a smaller error with respect to the standard IBD.
The gain of the proposed method essentially concerns the
photometry of the object to be reconstructed, an example is given

in Fig. 4 in which both the reconstructed object and the reconstructed PSF, using the Strehl constraint or not, are shown. The
improvement obtained in the reconstructed PSF reflects an optimized reconstruction of the object, in which it is possible to
collect the flux closer to the real position of the two unknown
spots.
The mathematical application of the constraint, which can
be seen as a projection in the set of the admissible PSFs,
is easy to use. The constraint is applied before the reconstruction algorithm used to update the PSF, so that it
can be used together with others constraints (an example is
the constraint on the Fourier support of the PSF given in
Desiderà et al. 2006) and/or within diﬀerent kind of blind deconvolution algorithms (Jeﬀeries & Christou 1993; Ayers 1988;
Holmes 1992; Tsumuraya et al. 1994; Fisch et al. 1995; Biggs
& Andrews 1998).
The implementation of the proposed algorithm is included in
the ad hoc module CBD (Constrained Blind Deconvolution) of the
freely-distributed and CAOS-based Software Package AIRY.
Acknowledgements. The authors would like to thank Prof. Mario Bertero and
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