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Abstract

In disciplines like fluorescence microscopy and astronomical imaging, the imaging process is based on
detection of photons. Fluctuations in photon counting processes are described by Poisson statistics. In this
paper, a new combined method based on steerable pyramids is proposed for the estimation of the degradation
parameters (like noise and blur) and the restoration of photon-limited images. It consists of the following
steps: in the steerable pyramid domain, a noise suppression step is performed, followed by a blur estimation.
As a last step, the Richardson-Lucy deconvolution algorithm is applied. These steps are iterated. The only
free parameter in the algorithm is the number of iterations, but an empirical stopping rule is suggested in
terms of the blur estimation. Otherwise, this method is fully automatic and provides very nice restoration results.

Keywords: Richardson-Lucy deconvolution, wavelet shrinkage, Poisson noise, Anscombe transform,
automatic.

1 INTRODUCTION

Images are produced to record and visualize information. The available information is usually degraded
by the observation process, which consists of blurring due to a band limited imaging process (like an optical
system), as well as a noise process, which can be due to the recording process by some detector (like a PMT or
a CCD). Image degradation is usually modeled as:

g(z,y) = N ((h* f)(z,y))

with g(x,y) the blurred image, f(z,y) the unknown ideal image and h(z,y) the Point Spread Function (PSF).
The symbol * represents the convolution operator, and models the image blur. The function N(-) represents
the noise processes, caused by the quantum nature of the photon detection process.

The goal of image restoration is to recover f(x,y) as well as possible from a degraded observed image g(x, y).
When the degradation parameters (in particular the pPsr) are known, one has a classical image restoration
problem [1]. However, in some cases the degradation parameters are unknown, and one has two choices:
estimating the signal of interest and the degradation parameters simultaneously (blind restoration [2]), or
estimating the degradation parameters before starting the restoration process [3]. This paper follows the latter
approach.

In this paper, we present a combined method for degradation estimation and image restoration and that is
based on steerable pyramids [4,5]. To our knowledge, it is the first joint approach for degradation estimation
and regularization of deconvolution with steerable pyramids. Only the deconvolution itself isn’t calculated with
steerable pyramids. In the process some nontrivial problems had to be solved to integrate the different techniques
into one framework. Our combined method outperforms clearly normal Richardson-Lucy (RL deconvolution,
which is commonly used for restoration of photon-limited images.
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Figure 1. The flowchart of the algorithm. Steps in dark gray are executed in the steerable pyramid domain.

2 OUTLINE OF THE ALGORITHM

The algorithm starts with a steerable pyramid decomposition of the image, followed by noise reduction in
the transformed domain. From the noise-reduced subbands, the blur is estimated. After this step, the filtered
subbands of the steerable pyramid are recombined. Finally, a Richardson-Lucy deconvolution is applied on the
prefiltered image. These different steps are repeated for a number of times. The estimation of the blur is stable
after two iterations, and is used unaltered from then on in each deconvolution step. After this training process,
the iterations are restarted with the original degraded image, and the blur estimation is used to control the
number of iterations (see fig. 4 (d)): when the blur estimation converges, the iterations are stopped. Also,
regularization can be imposed every n iterations (# iter. mod n = 0), instead of imposing it every iteration.
We show results how often regularization is required in the process.

We will first focus on the steerable pyramid transform, followed by a more detailed explanation of the
different steps of the algorithm.

2.1 Introduction to steerable pyramids.

In computer vision, one often wants to analyse oriented image structures, like edges under a certain angle.
One could filter the image with a range of oriented kernels which cover the whole continuum of angles present
in the image. However, this would demand a high computational cost.

In literature, it is shown that one can restrict the computations to filter the image with a fixed set of basic
kernels, and interpolate the image filtered with a kernel under an arbitrary direction from the results of the
image filtered with the basic kernels [4,5]. Such a set of kernels is called a steerable filter set. The most
illustrative example [5] is a kernel computed as the first partial derivatives in z and y of the Gaussian function
Gla,y) = e~ @) — o=

The partial derivative in x is given by Glx(x,y) =2z ¢ and in y by G/y(:c, y) = —2y e~"”. The kernels
G;: and G;J can be interpreted as filters for horizontal and vertical image features respectively. Let I(x,y)) be
the original image and let the symbol * again be the convolution operator. Then R, (z,y) = (I * G,)(z,y) is
the image filtered for vertical features and Ry (x,y) = (I * G )(z,y) for horizontal features. These two kernels

form a steerable basis set: to compute a kernel G;(x, y) to analyse features under an arbitrary angle 8, one can
take a linear combination of the two basic kernels:

Gylz,y) = cos(0) G,(z,y) + sin(0) G, (z,y) (1)

To calculate Ry(z,y) for a large number of different values of 8 would be computationally expensive. However,
because convolution is a linear operation, it is sufficient to calculate Ry(x,y) as a linear combination of the
original image filtered with the two basic kernels:

Ro(z,y) = cos(9) Ry(x,y) + sin(d) Ry(z,y)

which is computationally far less expensive. In [4], the general conditions were given for a set of kernels to be
steerable. In [5], the steerable pyramid is described. This decomposition based on steerable filters is similar to
a wavelet decomposition, but has a much better orientation resolution.

To design the steerable pyramid, we based on the principles in [5] and the practical design on [6]. For this
design, the Fourier domain is divided into a set of transfer functions. We start with an initial highpass fraction
Hy and a lowpass fraction Lg. This fraction Lg is then divided in a bandpass fraction M1 and a second lowpass
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Figure 2. Transfer functions of steerable pyramid (left) and example of a basic kernel b; (right) (based on
Matcadfiles of Castleman [6])

L, (see top row of fig. 2). Each bandpass is subdivided in oriented bandpass fractions. In the example with
formula 1, only two bandpass fractions were used, which limits the orientation resolution. We use 4 oriented
subbands BP; to BP; (bottom row of figure 2). For the next level, Ly is again subdivided in a subband and
a lowpass fraction. Once the transfer functions are defined, the filter kernels are computed using the inverse
fourier transform and provide nearly perfect FIR filters (fig. 2, by).

2.2 Noise reduction

In photon-limited imaging, the major source of errors is Poisson noise due to the discrete nature of photon
detection. Unlike Gaussian noise, Poisson noise is signal dependent, which makes separating signal from noise
a very difficult task [7]. However, by applying the Anscombe transform [8], the Poisson data are transformed
to data with a Gaussian distribution with ¢ = 1. The Anscombe transform is given by:

3
with I(z,y) data determined by a Poisson process. This transformation allows to use well studied methods for
Gaussian noise on data with the much trickier Poisson noise. Then we applied the shrinkage method developed
for Gaussian data by Sendur [9], where a bivariate wavelet shrinkage function is proposed:

(ViR + 3 - )
ViR + 93(h)

A denoised coefficient w; (k) is calculated by using the corresponding noisy coefficient y; (k) and its parent yo(k),
the coefficient at the same spatial position as y;(k), but in the next coarser resolution scale. o2 denotes the
noise variance, and & denotes the marginal variance for the k" coefficient (see [9] for details). The operator
)  returns the result of the expression if it’s positive, or zero if the result is negative. This algorithm provides
a good noise reduction performance, and we adapted it for implementation with steerable pyramids. After
denoising, the inverse Anscombe transform was applied.

wy (k) =

2.3 Blur estimation

Our own method for blur estimation also operates in the steerable pyramid domain, and is based on es-
timating the sharpness of the sharpest edges in the image. To analyse edges in the image, we calculate the
evolution of the wavelet modulus maxima through scales. Mallat has shown in [10] that this evolution through
scales depends on three factors:

e the regularity of the original underlying signal (was it a step edge or a smooth transition?)
e the properties of the wavelet basis functions used in the transform

e the blur of the signal at position &k



This means that the blur can be estimated from the evolution of the wavelet coefficients through scales when
the other factors are known.

To achieve this, we located the modulus maxima of the coefficients of the steerable pyramid in the highest
resolution scale and followed the evolution of their magnitude through the different resolution scales. By fitting
a curve to each of these series of modulus maxima, we obtained a local measure for the blur in the image.
Assuming that the PSF is Gaussian, spatially independent and rotationally invariant, we averaged out the blur
measures for the different edge pixels to obtain a robust estimate for the variance of the PsF. This method also
works for parametric PSF’s other than the Gaussian. According to our knowledge, it’s the first time that the
evolution of wavelet coefficients through scales is used to estimate image blur.

2.4 Deconvolution step

As a deconvolution step, the Richardson-Lucy algorithm [11] was used. The origin of this algorithm was laid
by Dempster. It was first applied in image reconstruction by Shepp and Vardi. The algorithm is identical to
the algorithms independently obtained by Richardson and Lucy. More information and references can be found
in [11].

The algorithm can be derived in a Bayesian context by considering pure Poisson noise and taking a constant
as prior information. The Richardson-Lucy algorithm has an iterative scheme of the form:

R 7 * g g
Jr1 =[x {h h*f,j

where fk+1 indicates a new estimate of the image, g represents the observed, degraded data and h is the Point
Spread Function. This algorithm has following main properties [8]:

e Each estimation fk is guaranteed to contain only nonnegative pixels
e The sum of the intensities over the whole image is preserved during each iteration

e The log-likelihood of the solution is non-decreasing during the iterations, and converges to a maximum.
2.5 Stopping rule and how often to regularize.

In this section, we briefly discuss when to stop the iterations and how often regularization is required. We
noticed that the estimation of the blur is decreasing in function of the number of iterations (as expected), as the
likelihood of the solution is increasing (illustrated in fig. 4(d) with an experiment with the confocal image). As
an empirical rule, we stop the iterations when the ratio of the blur estimated during previous iteration opiyri—1
and iteration current ¢ is converging to 1, i.e., when \% — 1| < ¢, with € an empirical threshold chosen to
be 0.01. ’

The calculation of the steerable pyramid is computational intensive, so we would like to minimize the number
of transformations to and from the steerable pyramid domain. It is clear that the more often the solution is
regularized, the smoother the solution is. In fact, regularizing every iteration may oversmoothen the result,
therefore regularizing every two or three iterations was chosen.

2.6 Experimental results

We degraded a synthetic test image with a Gaussian PSF with a oy, of 3 pixels, followed by corrupting the
image with Poisson noise. In fig. 3(a), the test image is shown, fig. 3(b) shows the degraded image. Fig. 3(c)
gives the result of restoration using the classical Richardson-Lucy (RL) algorithm without any regularization. In
Fig. 3(d) slight postblurring after each iteration is applied (as used in some confocal image restoration packages).
For (c) and (d), the true PSF was used. Fig. 3(e) is the result of our own method, with regularization after every
iteration, (f) after every three iterations and (g) after every eight iterations. Notice that the noise is better
suppressed (less artefacts) and that the image is sharper after the same number of iterations with our method.
Also, regularization every three iterations shows to be sufficient.

In fig. 4, we apply our method on a real confocal microscope image of a human cell in mitose, treated with
a microtubuli stabilizing agent (the dividing nucleus is shown at the lower right). The arc-like structure is the
cytoskeleton. Here, fig. 4(a) is the raw image, fig. 4(b-c) is the result with classical RL (resp. without and
with postblurring) and fig. 4(d-f) are the results with our own method ((d) regularization every iteration, (e)
every 2 it. and (f) every 3 it.). Notice also here that noise is better suppressed (less artefacts) with our method
than with the classical algorithm. For this image, no PSF was available, so a synthetic PSF from the first blur
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Figure 3. Restoration of degraded synthetic test image.
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Figure 4. Restoration of a real confocal microscope image.

estimation was used. In fig. 4(d), we plot the blur estimation vs. the number of iterations. Regularization
every iteration here oversmoothens the image, so applying it every two iterations is better. When only applied
every three iterations, disturbing artefacts are visible.

3 CONCLUSIONS AND FUTURE WORK

In this paper, we present an integrated stable and automatic framework to restore degraded photon-limited
images. The estimation of the degradation parameters as well as the regularization of the deconvolution are
performed in the steerable pyramid domain. The blur estimation is used to formulate a stop criterion for the
iterations, thus making the restoration fully automatic. Regularization is also not required every iteration.

Future work will also include the deconvolution step in the steerable pyramid domain, as well as the esti-
mation of less symmetric PSF’s.
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