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ABSTRACT

We present a novel method for joint estimation of the degradation and restoration of photon-limited images.
Our method will be demonstrated on confocal microscope images, since confocal microscopy is an important tool
in many academic (fundamental biology, ...) and industrial (material science, pharmaceutical industry, ...)
applications. However, the observed images are usually degraded, which hinders analysis and interpretation of
the images. Degradation in this kind of images is due to two sources: first, we have blurring due to the band-
limited nature of the optical system; second, Poisson noise contaminates the observations due to the discrete
nature of the photon detection process.

The proposed method iterates noise reduction and blur estimation using the steerable pyramid transform
(which is a variant of the wavelet transform) and deconvolution in the signal domain. These steps are applied
in two phases, a training phase and a restoration phase. In the first phase, these three steps are iterated until
the blur estimation converges. The second phase is the actual restoration phase.

During the iterations the blur estimation serves as a sharpness measure for the restored image, and is used to
controls the number of iterations. So, our integrated method provides a completely automatic algorithm where
no prior information about the image degradation is required. Our integrated technique was compared with
other common restoration techniques for these kind of images, and provided the best restoration results, with
least artifacts.

Keywords: Richardson-Lucy deconvolution, anisotropic blur estimation, bivariate wavelet shrinkage, Poisson
noise, Anscombe transform, steerable pyramid

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 (Photo
Multiplier Tube) or a CCD). Image degradation is usually modeled as:

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

with g(z,y) the blurred image, f(x,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(z,y) as well as possible from a degraded observed image g(z,y).
When the degradation parameters (in particular the PSF) 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.
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Figure 1. The flowchart of the algorithm. Steps in dark gray are executed in the steerable pyramid domain.

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 clearly outperforms normal Richardson-Lucy (RL deconvolution,
which is commonly used for restoration of photon-limited images.

The paper is organized as follows: in section 2, our algorithm is discussed, which consists of the following
subsections. In subsection 2.1 we give some background on the variant of the wavelet transform, namely the
steerable pyramid decomposition and how it is implemented. In subsection 2.2, the noise reduction is discussed,
in subsection 2.3, the estimation of the image blur is explained and in subsection 2.4, the deblurring step is
explained . In subsection 2.5, a stopping criterium is formulated. In section 3, some experimental results are
shown and discussed. Finally, a conclusion is given in section 4.

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 iterated. 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. 6): when the blur estimation converges, the iterations are stopped.

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 analyze 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 « and y of the Gaussian function
G(z,y) = e () = 7

The partial derivative in z is given by G;(x,y) = 27 ¢ and in y by G;I(m,y) = 2y e~". The kernels
G;, and G; can be interpreted as filters for horizontal and vertical image features respectively. Let I(x,y)) be
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Figure 2. The implementation of the pyramid.

the original image and let the symbol * again be the convolution operator. Then R, (x,y) = (I G, )(x,y) is the
image filtered for vertical features and R, (z,y) = (I * G;)(m, y) for horizontal features. These two kernels form
a steerable basis set: to compute a kernel G'g (z,y) to analyze features under an arbitrary angle 6, one can take
a linear combination of the two basic kernels:

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

To calculate Ry(x,y) for a large number of different values of 6 would be computationally expensive. However,
because convolution is a linear operation, it is sufficient to calculate Rg(z,y) as a linear combination of the
original image filtered with the two basic kernels:

Ro(z,y) = cos(0) Ry(z,y) + sin(0) Ry(z,y)

which is computationally far less expensive. In [4], the general conditions were given for a set of kernels to form
a steerable basis set. 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 implement the steerable pyramid, we based on the principles in [5] and the practical design on [6]. For this
implementation, the image is transformed to the Fourier domain and multiplied with a set of transfer functions
in a filterbank structure (see figure 2). Each bandpass is then again transformed into the spatial domain. We
start with an initial highpass band Hy and a lowpass band Ly. This band Lg is then subdivided in oriented
bandpass fractions By and a residual lowpass band L. In example 1, only two bandpass fractions were used,
which limits the orientation resolution. For the results in this paper, we used 4 oriented subbands per resolution
scale.

For the next resolution scale, L is subsampled and again subdivided in oriented subbands and a lowpass
fraction. In figure 2, the part in light grey is recursively applied in the dark square of the bottom subband. A
schematic illustration of the transfer functions is given in fig. 2, in which the center of each square corresponds
with the DC frequency.

The transfer functions are defined as follows (r and 6 are polar coordinates in the Fourier domain):

cos (Flogy (&) T <r<3
L(r) = 1 r<7% (2)
0 r > g



cos (glogQ (277")) T<r<g3
H(r)={ 1 r>z (4)
0 r<3
Gr(0) = & {2 cos (9 _ @)]K_l (5)
g KR2(K _ 1) K

For the initial decomposition into Ly and Hy, the formulae are given below:
Lo(r) = L (5) Ax(r,6) = H (5) Gr(9) (6)
where the Ax’s form oriented bandpasses of Hy.

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 unit standard deviation. 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 B0 - L) |
V2 k) + 3 (K)

(k) =

with (x) = maz{z,0}.

A denoised coefficient 1 (k) is calculated by using the corresponding noisy coefficient y; (k) and its parent
y2(k), the coefficient at the same spatial position as y; (k), but in the next coarser resolution scale. o2 denotes
the noise variance, and 0%(k) denotes the marginal variance for the k' coefficient (see [9] for details). This
algorithm is simple to implement, has a low computational cost and yet provides a state-of-the-art noise reduc-
tion performance, and we adapted it for implementation with steerable pyramids. After denoising, the inverse
Anscombe transform was applied.

2.3. Blur estimation

Our own developed method for blur estimation also operates in the steerable pyramid domain, and is based on
estimating the sharpness of the sharpest edges in the image. To analyze edges in the image, we calculate the
evolution of the wavelet modulus maxima across 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 &
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Figure 3. Evolution of wavelet coefficients across scales in function of the variance o of the Gaussian PSF

This means that the blur can be estimated from the evolution of the wavelet coefficients through scales when
the other factors are known. For a step edge blurred with a Gaussian PSF with different variances, the evolution
of the wavelet coefficients across scales is given for different amounts of blur in figure 2.3.

Practically, we located the modulus maxima of the coefficients of the steerable pyramid in the highest resolu-
tion scale and followed the evolution of their magnitude through the different resolution scales. By fitting a curve
of the form y = aexp(bx) to each of these series of modulus maxima, we obtained a local measure for the blur in
the image. Empirically, we saw that the value b is directly related to the variance of the Gaussian PSF. This was
done independently for the four orientations in the pyramid. Assuming that the PSF is Gaussian and spatially
independent, we averaged out the blur measures for the different edge pixels for each of the four orientations to
obtain a robust estimate for the projection variance of the PSF in the direction perpendicular to the orientation
of the subband. This way, we obtain oy, k& € [0, K — 1], where o} represents the variance projected under k7.
We know that for a certain o}

07 = E/(cos(0)x +sin(d)y)’ (
= cos?(0)E(x?) +sin®(0) E(y?) + 2 cos(0) sin(0) E(xy) (

[N
— —

When E(x) and E(y) are zero, we can write:

o5 = cos’(0)ol + sin2(9)U§ + 2 cos(0) sin(6) o4y (10)
1 1
Jiso = 5‘79% + 503 + Oy (11)
1
ol = 50925 + 503 — Oay (12)
(13)

From these equations, the PSF can be reconstructed using

BX) = g exw (500 - )T 0) (14)

where X is the vector containing the spatial coordinates, = 0 and

03 Oxy
Y= ( — (15)

2
Y



This method also works for parametric PSF’s other than the Gaussian (e.g., out-of-focus blur, where the PSF is
a uniform disc, and the radius has to be estimated).

2.4. Deconvolution step

As a deconvolution step, the Richardson-Lucy (RL) algorithm was used. The origin of the so called Expectation
Maximization (EM) algorithm was laid by Dempster [11]. It was first applied in image reconstruction by Shepp
and Vardi [12]. The algorithm was identical to the algorithms independently obtained by Richardson [13] and
Lucy [14]. More background information and references can be found in [15].

Let g again be the observed, degraded data and f the ideal image, then the RL algorithm maximizes the
likelihood P(g|f) in case of pure Poisson noise. It has an iterative scheme of the form:

fk+1($ay) = fk(xvy) : [(h(—x, —y) * <%>> (337?/)]

where kar] indicates a new estimate of the image, g represents again the observed, degraded data, h is the Point
Spread Function and * is the convolution operator. The multiplication and the division are point by point.

This algorithm has following main properties [1]:

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. 6 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 opjyri—1
and current iteration ¢ is converging to 1, i.e., when |% — 1| < ¢, with € an empirical threshold chosen to
be 0.001.

The calculation of the steerable pyramid is computational intensive, so we would like to minimize the number
oftransformations 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 only every two or three iterations was chosen.

3. EXPERIMENTAL RESULTS

We nicknamed our algorithm SPERRIL (Steerable Pyramid-based Estimation and Regularization of Richardson-
Lucy restoration. In fig. 4, we apply SPERRIL on a synthetic image. Here, we show the negatives of the images,
to emphasize small intensity fluctuations in the background. Here, fig. 4(a) is the ideal image, fig. 4(b) is a
simulated degraded image, where a Gaussian PSF was used, and Poisson noise was applied. In fig. 4(c) the
result with classical RL(with Gaussian postblurring) is shown. In fig. 4(d), the result of RL combined with
regularization as proposed by Conchello in [16]. Fig. 4(e) is the result of WaRD, a deconvolution approach for
with simple wavelet-based regularization [17]. This method doesn’t perform optimally here, since it was designed
for Gaussian noise. Fig. 4(f) is the result with our own method, Notice also here that noise is better suppressed
(less artifacts) with our method than with the other algorithms. For this image, the PSF was available and was
used in all algorithms except in SPERRIL, where our own PSF estimation was used. For this experiment, also
the ideal image was available, so we could also compare SPERRIL quantitatively with some other methods by
calculating the PSNR (expressed in dB), defined by

PSNR = 20log, 0(255/RM SE)
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Figure 4. Comparison of different methods for restoration of a synthetic image

with
RMSE = \/%i(fi — g)?
for restoration of this synthetic test image is

image | degraded | Conchello | Gaussian reg. | WaRD | SPERRIL
PSNR | 21.62 22.2 22.87 22.7 27.55

In fig. 5, we apply SPERRIL on a real confocal microscope image of a human cell in mitosis, treated
with Taxol, a microtubuli stabilizing agent (the dividing nucleus is shown at the lower right). The arc-like
structure is the cytoskeleton. Here, fig. 5(a) is the raw image, fig. 5(b) is the result with classical RL (with
applying slight gaussian blur after each iteration). In fig. 5(c), the result of RL combined with regularization
as proposed by Conchello in [16]. Fig. 5(d) is the result with our own method. Notice also here that noise is
better suppressed (less artifacts) with our method than with the other algorithms. For this image, no PSF was
available, so a synthetic PSF generated from the first blur estimation was used as input for comparison with the
other algorithms. In fig. 6, we plot the image sharpness estimation vs. the number of iterations.

4. 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 sharpness estimation is used to formulate a stop criterion for
the iterations, thus making the restoration fully automatic.

Future work will also include the deconvolution step in the steerable pyramid domain.
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Figure 5. Comparison of different methods for restoration of a confocal image
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