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ABSTRACT

Image degradation is a frequently encountered problem in different imaging systems, like microscopy, astronomy,
digital photography, etc. The degradation is usually modeled as a convolution with a blurring kernel (or Point
Spread Function, psf) followed by noise addition. Based on the combined knowledge about the image degradation
and the statistical features of the original images, one is able to compensate at least partially for the degradation
using so-called image restoration algorithms and thus retrieve information hidden for the observer. One problem
is that often this blurring kernel is unknown, and has to be estimated before actual image restoration can be
performed. In this work, we assume that the psf can be modeled by a function with a single parameter, and we
estimate the value of this parameter. As an example of such a single-parametric psf, we have used a Gaussian.
However, the method is generic and can be applied to account for more realistic degradations, like optical defocus,
etc.

1. INTRODUCTION

Images represent a snapshot of the state of an object for later investigation, or to use automatic processing on
the image. A problem often encountered here is image degradation, i.e., blurring and noise. This degradation
often hinders visual interpretation of the images, as well as automatic processing of the images by image analysis
software.

Therefore, it is desirable to compensate at least partly for this image degradation. The degradation is modeled
as follows:

g(x, y) = N ((h ∗ f) (x, y))

where g(x, y) is the observed, degraded image. f(x, y) represents the unknown, ideal image we wish to recover
and h(x, y) is the blurring kernel (or Point Spread Function, psf, i.e, the image of a single ideal point by the
imaging system). N(·) represents the noise processes that influence the imaging process. Often, noise is modeled
to be additive, and independent of the underlying signal. In that case, we can rewrite the previous equation as:

g(x, y) = (h ∗ f) (x, y) + n(x, y)

where n(x, y) is the additive noise (in this work we assume i.i.d. Gaussian noise of known variance; when its
variance is unknown however, it is relatively easy to estimate [1, 2]).

A problem in image restoration is that the blurring kernel h(x, y) is often unknown, or only partially known.
In this case, h(x, y) has to be estimated. This estimation can be performed prior to the restoration process
(which we will refer to as blur estimation), or simultaneously during the restoration process (which we will refer
to as blind deconvolution). A good review of the latter kind of methods can be found in [3,4]. In this class, there
are also a few methods that alternatively estimate the image and the blurring kernel [5–8]. Blind deconvolution
algorithms usually are complex, and have a heavy computational load.
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Figure 1. Physical versus numerical focus effect on the cross-section of an edge.

We will now give a summary of common methods for blur estimation (loosely inspired on [9], who considered
blur estimation for image analysis). A first approach is based on the analysis of the zero patterns in the Fourier
spectrum [10–12]. This approach is particularly useful in estimating motion blur and out-of-focus blur, since
those produce characteristic zero patterns in the Fourier spectrum. On the other hand, it is not suitable for
Gaussian psf’s. Another approach assumes an autoregressive (ar) model for the underlying image, while the
blur is modeled by a moving average (ma) process. The blur estimation is then transformed into the estimation
of the parameters of the ar-ma model. In [13, 14] a maximum likelihood method is proposed to estimate the
blur parameters is proposed. In [15, 16], the estimation of the parameters relies on the method of Generalized
Cross-Validation (gcv). Another approach is described in [17], which is in fact not a parametric blur estimation
method, but a method to decide which of a set of given blurring kernels is the best for restoration (even if those
kernels are not of some parametric form). This method minimizes the spectral difference between the image
restored with the different candidate kernels, and the spectrum which should be found when the degraded is
restored with the most likely kernel according to a prior model on the spectral distributions of typical images.

Our paper is organized as follows: in section 2, we discuss the principle behind our method. In section 3,
we discuss experimental evaluation and comparison of our method. We have chosen [17] to compare our results
with because it has some intrinsic similarities with our method. Finally in section 4, we draw some conclusions.

2. OUR METHOD

The approach followed in this work has been to use a standard fast non-blind regularized deconvolution technique
(we have used a simple Wiener implementation) to obtain image estimations for a wide range of values of the
psf parameter (the σblur of an isotropic 2D Gaussian function, in this case). Observing the features of those
estimations, we search for a criterion that tells us when the image is “in focus”. “In focus” here has a different
meaning than in a physical focusing system: in a physical focusing system, it is sufficient to judge when the image
reaches maximal sharpness (e.g., has maximal high frequency energy content). However, when applying digital
deconvolution, over-correction of the psf effect in the presence of noise gives raise to overshoot and ringing of
the image edges (see Figure 1).

In this paper, we propose a wavelet-based criterion for choosing the optimal psf parameter. For signals having
strong localized discontinuities (such as edges, corners, etc., in images), the wavelet representations are powerful
decorrelating tools. On the other hand, in the last decade, it has been widely studied how a mixing linear
transformation (the psf convolution, in our case) increases the mutual information between the mixed elements,
and how applying Principal Component Analysis (pca) to the mixed observations is not enough for recovering the
original (unmixed) elements. That can be achieved, under certain conditions, by searching for the inverse linear
transform that minimizes the mutual information of the transformed observations (Independent Component

Proc. of SPIE Vol. 5607     27



Analysis, ica). In practice, to achieve strictly that minimization is challenging, so several simpler approximated
criteria have been proposed [18–21]. In the case of images, it has been observed that wavelet coefficients are very
“sparse” [22–24], that is, the significant features are concentrated in relatively few coefficients (in this work we
have used an à trous Haar wavelet, which is the simplest decorrelating multiscale transform). Loosely speaking,
in this context a high sparseness of the wavelet coefficients is a sign of relatively low mutual information between
them. Or, in other words, by maximizing a measurement of sparseness we decrease the mutual information.

Using the previous background, this work is based on the two following observations:

1. blurring, as a local linear mixing, most often decreases the sparseness of the wavelet subbands;

2. overcompensating for the blur (that is, trying to invert a blur stronger than the actual blur) typically has
a similar effect of reducing the sparseness of the wavelet responses.

This effect can be understood by applying a derivative filter (a similar effect to that of the wavelet) to the
recovered edge of Figure 1: the response is maximally concentrated when the image is “in focus”. As a means to
characterize the sparseness we have used the kurtosis of each wavelet subband (e.g., [18,20,24]). We have tested
empirically that when an image is not degraded, its wavelet subbands have typically maximal kurtosis, compared
to the ones obtained with the same image convolved with a slight low-pass filter or its inverse (high-pass). Thus,
the wavelet subbands of under- or oversharpened images have typically lower kurtosis values.

We would like to use as a reference the highest frequency subbands that are still relatively noise-free. The
reason for preferring the high-frequency subbands instead of the low frequency subbands is that we want to
use wavelet subbands as much affected by the image blur as possible. We have found empirically that a good
compromise is to choose the subbands around the frequency fref for which the observed signal power spectral
density is 4.5 dB above the noise level (Figure 2). We denote the finest of these two scales by HB and the
coarsest by LB; their maximal bandpass frequencies fall respectively at fHB and fLB . Then we checked which
values of the psf parameter maximized the kurtosis in these two neighboring scales after Wiener restoration with
this candidate psf. To calculate the kurtosis for a certain scale, the wavelet subbands with the horizontal and
vertical detail coefficients were merged into one vector (the diagonal wavelet subband was discarded):

σmax,HB = arg max
σblur

kurtosis(coefficients HB (Wienerfilter(g(x, y), σblur, σnoise)))

σmax,LB = arg max
σblur

kurtosis(coefficients LB (Wienerfilter(g(x, y), σblur, σnoise)))

Then we took a weighted average of these psf parameter values, giving more weight when fref is closer to
the maximum of the bandpass of a wavelet scale. The difference in frequency dL is the difference in frequency
between fLB and fref , while dH is the difference in frequency between fHB and fref ,

dL = fref − fLB

dH = fHB − fref

so the weighted average becomes

σblurest =
σmax,LB dH + σmax,HB dL

fHB − fLB

3. EVALUATION AND COMPARISON

We have evaluated the method using several natural images degraded with different amounts of blur and noise.
As mentioned before, we used a simple Wiener implementation to obtain image estimations for each value of the
psf parameter, which we swept through the interval σblur = 0.4 to σblur = 6.0 with discrete steps of ∆σblur = 0.2.
The range of noise values considered in our experiments was σnoise = 0.1 to σnoise = 10.0. The method provided
satisfactory results for this range of blur and noise levels.
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Figure 2. Reference frequency in the Fourier spectrum and choice of wavelet subbands to monitor for sparseness maxi-
mization.

As a method for comparison, we implemented Savakis’ method [17]. This method determines which psf from
a set of given candidates minimizes the difference between the spectrum of the image restored with the candidate
psf and the spectrum as it is supposed to be after Wiener restoration, under a prior model for the image power
spectral density. In other words, this method minimizes the difference between QRi

(u, v), which is the residual
spectrum after Wiener restoration with this hi(x, y), and QEi

(u, v), which is the residual spectrum we expect
after Wiener restoration with the “right” psf. Savakis considered amongst others the Chi square test :

χ2 =
∑

u,v

|SE(u, v) − SRi
(u, v)|2

SE(u, v)

where SE(u, v) and SRi
(u, v) are the respectively normalized spectra QE(u, v) and QRi

(u, v).

In the set of graphs in Figure 3 we show the average estimated blur values obtained for our set of five test
images (Airplane, Peppers, House, Flintstones and Lake). The top row shows the results obtained with Savakis’
method, while the bottom row shows the results obtained with our method. The left column shows the results of
both methods without any compensation, while the right column shows the results compensated to minimize the
overall error. Savakis’ method tends to underestimate the blur for all blur and noise levels, which can partially
be corrected by adding 0.5 to σblur (when comparing Figure 3 (a) and (c), the compensated curves are closer to
the real values). However, the errors in Savakis’ method depend both on the blur and the noise level, and are
therefore very difficult to compensate completely. On the other hand, our method tends to overestimate the blur
systematically for higher noise levels (the reason why is still not clear, and has to be investigated further). Since
we assumed the noise level to be known, we can compensate accordingly. We have hand-optimized the following
heuristic expression to compensate for this overestimation:

σblur,compensated = σblur + 0.0011σ2
noise − 0.0397σnoise − 0.1594

Compared to Savakis’ method, we have almost completely removed the estimation bias. This is an important
advantage, which doesn’t translate in a much lower mse value, however.
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(a) Savakis’ method without compensation. (b) Our method without compensation

(c) Savakis’ method with compensation. (d) Our method with compensation.

Figure 3. Summaries of blur estimation results for our method and Savakis’ method, both uncompensated and compen-
sated. In each graph, a horizontal line represents the estimations for 4 different blur levels for a range of noise levels. The
error bars correspond to (µ+σ, µ−σ), with µ the sample mean and σ the sample standard deviation over the test set. In
each of the 4 subfigures (a-d), the horizontal curves correspond with σblur,real = 1 (bottom curve) to σblur,real = 4 (top
curve).

To give an example of the robustness of the restoration result for small errors in σblur, we restored the Lake.
The real degradation parameters were σblur,real = 2.0, σnoise = 10.0. We restored the degraded image with a
Wiener filter using the real σnoise, but swept σblur between 0.6 and 4.0. This way, we obtained a curve for the
psnr in function of σblur (Figure 4). It shows a slow rise of the psnr when σblur increases towards σblur,real.
When σblur is close to σblur,real, the psnr is more or less stable, which means that the restoration result is
relatively insensitive for small errors of σblur in that region. When σblur is increased even further, the value of
the psnr drops steeply. In Figure 5, we show some restoration results on the Lake image using the estimated
blur values, for two extreme situations (first: low blur, high noise level; second: high blur, low noise). Note how
the psnr values are close to the ones obtained using the real blur values.
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Figure 4. An example of the psnr as a function of σblur. We artificially degraded the Lake image with σblur,real = 2.0
and σnoise = 10.0. Then, the image was deconvolved with the Wiener filter using a range of candidate psf’s for which
σblur was swept between 0.6 and 4.0 with stepsize 0.2 (but using the real value for σnoise). For each candidate σblur, the
psnr of the restoration result was computed.

4. CONCLUSION

We have used a simple and robust criterion for estimating a single-parameter psf function from a single obser-
vation of a degraded image. Using the kurtosis of a set of selected subbands as the criterion to be maximized,
we have obtained satisfactory results for several examples of natural images and for a wide range of blur and
noise levels. The method is robust, provides a reasonably small variance, and a very small bias (in contrast
with previous methods (e.g., [17]). As a by-product, this method provides a semi-blind Wiener estimation of the
original image, which, obviously, could be greatly improved by using the estimated psf with a more powerful
restoration method.
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