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INTRODUCTION RESULTS AND DISCUSSION
Super-resolution reconstruction is typically an ill-posed
problem, which means a small perturbation of input would
produce a huge unexpected disturbance in the reconstructed
image. A variety of regularization techniques have been
proposed, such as half-quadratic regularization (HQR) [1],
directional regularization [2] and adaptive regularization [3].
Nevertheless, Tikhonov regularization (TR) is still one of the
most commonly used methods to solve the ill-posed problem
because of easy implementation and high efficiency. However,
although it has advantages in implementation, the resulting
image is recovered at the expense of edges and possibly
affected by a global smoothness and even ringing artifacts. To
overcome the shortage, we configure both the regularization
matrix and parameter adaptively and build the gradient vector
field of the preliminary high resolution (HR) image to provide
local information.

Simulated experiment tests a reconstruction using the
regularization and demonstrates its performance on edge
preservation and noise suppression. It provides comparisons
with Tikhonov regularization and HQR methods with regard to 
mean square error and time consumption. Reconstructed
images are shown in Fig. 1. The 128th row of original HR
image, Fig. 1a, 1b and 1c are used to draw Fig. 1d.

Figure 1: Images in simulation experiment. Shown are the
synthetic HR image (a), preliminary image (b) and 
reconstructed HR image (c). (d) is the 128th row of synthetic
image and reconstructed images.

METHODS
It shows clearly the regularization preserves edges as correctly
as HQR. Corresponding numerical results are listed in Tab. 1.

In medical image processing applications, a true image can be 
related to degraded data through a linear model form

Table 1: Experimental results.
where H is the system matrix and n denotes noise. The
problem is to determine f from the observation y with the
knowledge of H and hence it is a typical ill-posed inverse 
problem. The regularization should be used to stabilize the
inversion of ill-posed problem. Through the regularization, the
problem (1) is replaced by the one seeking an estimate f to
minimize the Lagrangian: The regularization reconstructs the best HR image with the

least MSE. Though the time it spends is more than that of TR,
our proposed regularization takes the time much less than 
HQR.A preliminary image comprised of four low resolution images

is used to calculate the gradient vector field. Sobel masks
perform the 2-D spatial gradient measurement on the
preliminary image, and emphasize discontinuities
corresponding to edges with a high spatial gradient. Then,
according to the direction of the gradient vectors, pixels are
separated into five categories and regularization matrices are 
designed for classified pixels.

CONCLUSIONS
In the paper, we propose the regularization based on gradient
vector field and examine its performance on the
super-resolution reconstruction of images. The outstanding
performance can be explained by good utilization of the
gradient vector field. It contains the information of local
dominant orientation and intensity difference of the
preliminary high resolution image. The assignment regularizes
individual pixel according to neighboring pixels. 

To restore edges accurately, moreover, the regularization
parameter is also chosen based on the gradient vector field to
control the degree of regularization on certain edges. Unlike
the uniform regularization parameter in Tikhonov
regularization and HQR, here the parameter is a vector and the
i th element weights the regularization on i f , the i th element
in f . Its configuration is related to the magnitude of the
gradient vector field and estimated by the expression:
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where stands for the magnitude of gradient vector at f

i , k controls the rate of exponential decrease, and min and max

are the minimal and maximal values of the parameter.
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