Article type: Focus Article

Image Restoration 224 Peihua Qiu

School of Statistics, University of Minnesota

Keywords

Convolution, Deblurring, Denoising, Inverse problem, Jump surface estimation

Abstract

True images are usually degraded during image acquisition. Image restoration is for restoring true images from their observed but degraded versions; it is often used for preprocessing observed images so that subsequent image processing and analysis becomes more reliable. Among many different types of degradations, point degradations (or, noise) and spatial degradations (or, blurring) are most common in applications. This article introduces some fundamental image denoising and image deblurring methods. ——————————————–

Observed images generated by image acquisition devices are usually not exactly the same as the true images, but are instead degraded versions of their true images[10][19]. Degradations can occur in the entire process of image acquisition, and there are many different sources of degradation. For instance, in aerial reconnaissance, astronomy, and remote sensing, images are often degraded by atmospheric turbulence, aberrations of the optical system, or relative motion between the camera and the object. Image degradations can be classified into several categories, among which point degradations (or, noise) and spatial degradations (or, blurring) are most common in applications. Other types of degradations involve chromatic or temporal effects. For a detailed discussion about formation and description of various degradations, read [1].

Image restoration is a process to restore an original image f from its observed but degraded version Z. Since edges are important structures of the true image, they should be preserved during image restoration. In the literature, a commonly used model for describing the relationship between f and Z is

Z(x, y) = h ⊗ f(x, y) + ε(x, y), for (x, y) ∈ Ω, (1)

where h is a 2-D point spread function (psf) describing the spatial blur, ε(x, y) is a pointwise noise at (x, y), Ω is the design space, and h ⊗ f denotes the convolution between h and f. In model (1), the spatial blur is assumed to be linear and location invariant, and the pointwise noise is additive, which may not be true in certain applications. See [23] for related discussion. Generally speaking, edge-preserving image restoration is challenging, due mainly to the facts that spatial blur and pointwise noise often mix up, it is difficult to remove them simultaneously, and the edge structure is hidden in the observed image intensities. Next, we describe certain fundamental image denoising and image deblurring methods, and provide some concluding remarks at the end.

Image Denoising

When there is no blurring in the observed image, h ⊗ f(x, y) is simply f(x, y) and model (1) is a 2-dimensional nonparametric regression model. In such cases, our major goal is to estimate the true image f from its noisy version Z, or to do image denoising.

Image denoising is equivalent to estimating a jump surface from noisy data, because the true image can be regarded as a surface of the image intensity function f which has jumps at the outlines of image objects (or, at edges). To estimate f, conventional smoothing techniques would blur edges when removing noise. Recently, jump regression analysis (JRA)[19] is under rapid development, which provides smoothing methods that would preserve edges when estimating f. There are two types of such methods in the literature. By the first type, edges need to be detected before denoising. For instance, the three-stage procedure [17] works as follows. After edge detection, a principal component line is fitted through the center of detected edge pixels in a neighborhood of a given point, for approximating the underlying edge segment in the neighborhood. Then, observed image intensities on the same side of the principal component line, as the given point, are weighted averaged for estimating f at the given point. By the second type of methods, images can be restored properly without detecting edges explicitly (e.g., [5][8][15][18][22]). For instance, Gijbels et al. [8] define the edge-preserving estimator of f as follows. In a neighborhood N_n(x, y) of a given point (x, y), we consider the following local linear kernel smoothing procedure:

min_{a,b,c} n� i=1 {Z(x_i, y_j ) − [a + b(x_i − x) + c(y_j − y)]} K � x_i − x h_n , y_j − y h_n � , (2)

where K is a circularly symmetric density kernel function with unit circular support, and h_n is a bandwidth. The solution to a of (2), denoted as ^a_c(x, y), is the conventional local linear kernel (LLK) estimator of f(x, y), and the solution to (b, c)^′ is the LLK estimator, denoted as ^G(x, y), of the gradient G(x, y) = (f^′_x(x, y), f^′_y(x, y))^′. Then, N_n(x, y) is divided into two halves N^{(1)}n (x, y) and N^{(2)}n (x, y) by a line perpendicular to ^G(x, y), as demonstrated in Figure 1(a). Two one-sided surface estimators ^a_1(x, y) and ^a_2(x, y) are obtained, respectively, in the two halves of N_n(x, y), by local linear kernel smoothing. The final surface estimator is defined by

^f(x, y) = � � � � � ^a_c(x, y), if dif(x, y) ≤ u ^a_1(x, y), if dif(x, y) > u and WRMS_1(x, y) < WRMS_2(x, y) ^a_2(x, y), if dif(x, y) > u and WRMS_1(x, y) > WRMS_2(x, y)

ba_1(x,y)+ba_2(x,y)

2 , if dif(x, y) > u and WRMS_1(x, y) = WRMS_2(x, y), (3) where dif(x, y) = max{WRMS_c(x, y)−WRMS_1(x, y), WRMS_c(x, y)−WRMS_2(x, y)}, WRMS_c(x, y), WRMS_1(x, y), and WRMS_2(x, y) denote the weighted residual mean squares of the corresponding fitted local planes, and u is a threshold parameter. Figures 1(b) and 1(c) show a noisy image and its denoised image by (3). For a more complete discussion about jump surface estimation and its application in image restoration, see [20].

(a) (b) (c)

Figure 1: (a) Neighborhood N_n(x, y) of the point (x, y) is divided into two parts N^{(1)}_n (x, y) and N^{(2)}_n (x, y) by a line perpendicular to ^G(x, y); (b) a noisy image; (c) denoised image.

In the computer science literature, image restoration by Markov Random Field (MRF) modeling is an active research area, which can remove noise and deblur images when the psf is known. Geman and Geman [7] provide a general framework for this approach as follows. First, the true image is assumed to be a MRF, and the observed image intensities are assumed to have a given conditional distribution conditional on the true image. Then, the true image is estimated by maximizing a posteriori (MAP). Generalizations and modifications are discussed by many authors. See, e.g., [2][9]. Other popular denoising methods include local median filtering [13], adaptive smoothing filtering [25], bilateral filtering [26], diffusion filtering [14], wavelet filtering [16], among some others.

Image Deblurring

The image deblurring problem, described by model (1), is generally ill-posed in the sense that (i) there might be many different sets of h and f corresponding to the same observed image Z, and (ii) the inverse problem to estimate f from Z often involves some numerical singularities (see related discussion below). Therefore, it is difficult to estimate both h and f properly from Z alone, without using any extra information about either f or h or both.

Early image deblurring methods assume that h is known. In such cases, f can be estimated based on the relationship that

F{Z}(u, v) = F{h}(u, v)F{f}(u, v) + F{ε}(u, v), for (u, v) ∈ R^2, (4)

where F{f} denotes the Fourier transformation of f. In equation (4), if the noise term is ignored, then F{f} can be estimated easily by

F{f}(u, v) =

F{Z}(u, v) F{h}(u, v)

. (5)

Then, an estimator of f can be obtained accordingly, using an inverse Fourier transformation. However, the noise effect would dominate this estimator because F{h}(u, v) usually converges to zero rapidly, as u^2 + v^2 tends to infinity, but F{ε}(u, v), which is part of F{Z}(u, v), converges to zero much slower. Consequently, the image estimator by (5) would be numerically unstable. In the literature, many proposals have been suggested to overcome this difficulty, including some non-iterative methods, such as the inverse filtering, Wiener filtering, and constrained least squares filtering procedures (cf., Chapter 5, [10]), and some iterative methods, such as the Lucy-Richardson procedure, Landweber procedure, Tikhonov-Miller procedure, MAP procedure, maximum entropy procedure, procedures based on EM algorithm, and so forth (e.g., [6]).

In many applications, however, it is difficult to specify psf h completely, based on our prior knowledge about the image acquisition device. Image deblurring when h is unknown is often referred to as the blind image deblurring problem. In the literature, a number of procedures have been proposed for solving this problem, which can be grouped roughly into three categories. One type of such procedures assumes that h can be described by a parametric model with one or more unknown parameters, and then the parameters together with the true image are estimated by some algorithms (e.g., [3][11]). The second type of procedures does not make restrictive assumptions on h, but they assume that the true image has one or more regions with certain known edge structures (e.g., [12][21]). For instance, the method by Qiu [21] assumes that the true image has one or more regions in which line edges are surrounded by uniform backgrounds. From these regions, the psf h can be estimated. Then, the entire image can be deblurred using the estimated h. Figure 2(a) shows a blurred and noisy image of the words “LINE EDGE.” Figure 2(b) shows the deblurred image, using the estimated psf obtained from a small region surrounded the letter “I.” The third type of blind image deblurring procedures try to avoid restrictive assumptions on both f and h. Instead, they put certain regularization measures on f and h to make the “ill-posed” deblurring problem solvable. For instance, the total variation (TV) method [4][24] formulates the

Figure 2: (a) A blurred and noisy image; (b) deblurred image using the estimated psf obtained from a small region surrounded the letter “I”.

blind deblurring problem as

min_{ef,eh} � 1 2 � Ω � (~h ⊗ ~f)(x, y) − Z(x, y)

�_2 dxdy +

α_1 � Ω � � �▽ ~f(x, y) � � � dxdy + α2 � Ω � � �▽~h(x, y) � � � dxdy � , (6)

where α_1 and α_2 are two positive parameters, and |▽ ~f(x, y)| is the gradient magnitude of f(x, y). Then, solutions of (6) to ~f and ~h are used as estimators of f and h, respectively. Clearly, in (6), the first term measures the goodness-of-fit of the estimators, and the second and third terms regularize their total variations.

Conclusion

Although there have been some image restoration procedures proposed in the literature, this problem is far from being solved satisfactorily. For image denoising, most existing methods can preserve edges to certain degree. But some important edge structures, such as angles, corners, and places where edges have large curvature, would be blurred or rounded by them. So, edge-structure-preserving image denoising should be an interesting future research topic. For image deblurring, most existing methods assume that the psf is the same in the entire observed image, which may not be true in certain applications. Image deblurring with variable psf should be an important topic for future research, although it is technically challenging.

The current research on image restoration is often ad hoc in nature. People usually suggest their methods based on intuition and justify their methods by certain numerical comparisons with existing ones. In which situations would a suggested method work? Where in a given image would the method restore the true image well and where would it perform poorly? How should we choose the associated procedure parameters automatically based on observed data? We usually do not have answers to these important questions, which requires much future research effort.

References

[1] R.H.T. Bates, and M.J. McDonnell, Image Restoration and Reconstruction, Oxford: Clarendon Press, 1986.

[2] J. Besag, “On the statistical analysis of dirty pictures (with discussion),” Journal of the Royal Statistical Society (Series B), vol. 48, pp. 259-302, 1986.

[3] A.S. Carasso, “Direct blind deconvolution,” SIAM Journal on Applied Mathematics, vol. 61, pp. 1980-2007, 2001.

[4] T.F. Chan and A.V. Luminita, “Active contour without edges,” IEEE Transactions on Image Processing, vol. 10, pp. 266-277, 2001.

[5] C.-K. Chu, I.K. Glad, F. Godtliebsen and J.S. Marron, “Edge preserving smoothers for image processing (with discussion),” Journal of the American Statistical Association, vol. 93, pp. 526-556, 1998.

[6] M.A.T. Figueiredo and R.D. Nowak, “An EM algorithm for wavelet-based image restoration,” IEEE Transactions on Image Processing, vol. 12, 906-916, 2003.

[7] S. Geman and D. Geman, “Stochastic relaxation, Gibbs distributions and the Bayesian restoration of images,” IEEE Transactions on Pattern Analysis and Machine Intelligence, vol. 6, pp. 721-741, 1984.

[8] I. Gijbels, A. Lambert and P. Qiu, “Edge-preserving image denoising and estimation of discontinuous surfaces,” IEEE Transactions on Pattern Analysis and Machine Intelligence, vol. 28, 1075–1087, 2006.

[9] F. Godtliebsen and G. Sebastiani, “Statistical methods for noisy images with discontinuities,” Journal of Applied Statistics, vol. 21, pp. 459-477, 1994.

[10] R.C. Gonzalez and R.E. Woods, Digital Image Processing, New York: Addison- Wesley Publishing Company, 1992.

[11] P. Hall and P. Qiu, “Blind deconvolution and deblurring in image analysis,” Statistica Sinica, vol. 17, pp. 1483-1509, 2007.

[12] P. Hall and P. Qiu, “Nonparametric estimation of a point spread function in multivariate problems,” Annals of Statistics, vol. 35, pp. 1512-1534, 2007.

[13] T.S. Huang, ed. Two-Dimensional Digital Signal Processing, New York:

Springer-Verlag, 1981.

[14] P. Perona and J. Malik, “Scale space and edge detection using anisotropic diffusion,” IEEE Transactions on Pattern Analysis and Machine Intelligence, vol. 12, pp. 629-639, 1990.

[15] J. Polzehl and V.G. Spokoiny, “Adaptive weights smoothing with applications to image restoration,” Journal of the Royal Statistical Society, Vol. B-62, pp. 335-354, 2000.

[16] J. Portilla, V. Strela, M.J. Wainwright, E.P. Simoncelli, “Image denoising using scale mixtures of gaussians in the wavelet domain,” IEEE Transactions on Image Processing, vol. 12, pp. 1338-1351, 2003.

[17] P. Qiu, “Discontinuous regression surfaces fitting,” The Annals of Statistics, vol.

26, pp. 2218-2245, 1998.

[18] P. Qiu, “The local piecewisely linear kernel smoothing procedure for fitting jump regression surfaces,” Technometrics, vol. 46, pp. 87-98, 2004.

[19] P. Qiu, Image Processing and Jump Regression Analysis, New York: John Wiley & Sons, 2005.

[20] P. Qiu, “Jump surface estimation, edge detection, and image restoration,” Journal of the American Statistical Association, vol. 102, pp. 745-756, 2007.

[21] P. Qiu, “A nonparametric procedure for blind image deblurring,” Computational Statistics and Data Analysis, vol. 52, pp. 4828-4841, 2008.

[22] P. Qiu, “Jump-preserving surface reconstruction from noisy data,” Annals of the Institute of Statistical Mathematics, in press, 2009.

[23] A. Rosenfeld and A.C. Kak, Digital Picture Processing (2nd ed.), New York:

Academic Press, 1982.

[24] L.I. Rudin, S. Osher and E. Fatemi, “Nonlinear total variation based noise removal algorithms,” Physica D, vol. 60, pp. 259-268, 1992.

[25] P. Saint-Marc, J. Chen and G. Medioni, “Adaptive smoothing: a general tool for early vision,” IEEE Transactions on Pattern Analysis and Machine Intelligence, vol. 13, pp. 514-529, 1991.

[26] C. Tomasi and R. Manduchi, “Bilateral Filtering for Gray and Color Images,” Proceedings of the 1998 IEEE International Conference on Computer Vision, pp. 839-846, Bombay, India, 1998.

Cross-References

Computer vision, Image processing, Nonparametric regression