On Image Registration In Magnetic Resonance Imaging

Peihua Qiu School of Statistics, University of Minnesota 224 Church Street SE, Minneapolis, MN 55455, USA qiu@stat.umn.edu

Tram Nguyen Max Planck Institute for Biological Cybernetics, High-Field Magnetic Resonance Center Spemannstrasse 41, 72076 Tuebingen, Germany tram.nguyen@tuebingen.mpg.de

Abstract

Image registration is used in many fields for mapping one image to another. In magnetic resonance imaging (MRI) applications, one of the main uses is for correction of motioninduced artifacts so that subsequent image analysis would be more reliable. This paper gives an introduction to some image registration problems in MRI and functional MRI applications, describes certain commonly used image registration procedures, and discusses their major features. Two potential research topics for improving current image registration procedures are also discussed.

1. Introduction

Image registration aims to geometrically match up images or image volumes for structure localization and difference detection. It has been widely used in medical diagnostics, treatment planning and evaluation, disease and intervention monitoring, image-guided surgery and therapy, and so forth. A common application of this technique is to integrate useful information from different sources (e.g., CT, PET, SPECT, X-ray, ultrasound, and magnetic resonance images [1],[2]), or to register images obtained at different times [3]. In this paper, we introduce some commonly used image registration procedures and their applications in magnetic resonance imaging (MRI).

In MRI applications, one major purpose of image registration is to study image variations, ranging from intersubject anatomical comparisons of brain images [4],[5], intra-subject monitoring of pathological development [6], to matching an observed image with a reference template [4],[5]. In cases of intra-subject or temporal variation registration, observed images could be a time series acquired in a short period of time at one occasion, or a time series acquired at several occasions. In the first case, differences between the reference and consecutive images are mostly object-related, since noise patterns and other environment-related artifacts would be similar. However, this may not be true in the second case. For instance, noise patterns at different occasions could be different due to different acquisition settings. Such noise pattern variations have not been well-addressed in image registration applications. Thus, image registration methods could be fortified if such issues are handled properly.

In Section 2, a brief introduction about MRI, functional MRI (fMRI), and aquisition artifacts is given. An overview of some commonly used registration methods is presented in Section 3. Section 4 discusses two potential research topics for improving current image registration procedures

2. MRI, fMRI, and Aquisition Artifacts

MRI is a technique used mainly for assessing pathological or other physiological conditions in living tissues, by visualizing the inside of living organisms [7]. In simple terms, its methodological basis lies in: (i) different tissues have different compositions and physical properties, such as water molecule densities, from which the tissue type at a given position can be determined, and (ii) these differences, in water molecule density say, can be depicted as various image contrasts using the MRI technique.

When a part (e.g., head) of a body is placed in a uniform magnetic field of a given direction, say, the z direction, the hydrogen nuclei of water in that part would align themselves in parallel or anti-parallel with the field, creating a net magnetization, and rotate with the Larmor frequency of angular velocity w_0. The basis of MRI lies in manipulating the local magnetic field such that the local resonant frequency would differ at different locations, which is achieved by applying additional, small, linear magnetic field gradients. In a MR scanner system, three orthogonally positioned gradient coils would produce such magnetic fields that vary linearly along their respective axes (e.g., x, y, and z axes), and these small fields are added to the main magnetic field. Turning on the coils in any particular combination would produce a field gradient along any desired direction. After applying radiofrequency (RF) pulses transmitted by a separate RF coil, emitted radiation is absorbed by nuclei. Consequently, the net magnetization is tipped away from the main z axis; the nuclei continue their rotation, and as the excited nuclei relax back to the initial lower-energy alignment along the main field, RF signals are re-emitted and received by a RF receiver coil. Along the z direction, suppose a particular perpendicular slice of the body part at z = z_0 is to be imaged. Then, a RF pulse with frequency corresponding to that slice position would excite the nuclei in that plane. Considering only the proton density and spin relaxation, the received signal can be expressed by

S_{z0} (k_x, k_y) = ∫ ∫ Ω_{z0}

m(x, y, z_0) exp[i2π(k_xx+k_yy)]dxdy, (1) where Ω_{z0} denotes the 2-dimensional (2-D) region of the slice, m(x, y, z_0) is the density of hydrogen protons at (x, y), and k_x and k_y are the frequency change rates along the x and y directions of the local magnetic fields. Note that some constant multipliers have been ignored on the right-hand-side of (1) for simplicity. It can be seen that S_{z0} (k_x, k_y) is a Fourier transformation of m(x, y, z_0). Therefore, if we have signals S_{z0} (k_x, k_y) in frequency domain, for all k_x, k_y = 1, 2, . . . , n, then m(x, y, z_0) can be determined in spatial domain at n × n regularly spaced pixels by the discrete inverse Fourier transformation (see [8], Chapter 7), as demonstrated in Figure 1.

(a) (b)

Figure 1. (a) Signals in frequency domain. (b) Corresponding image obtained by the discrete inverse Fourier transformation of (a).

fMRI is a technique for measuring the hemodynamic response related to neural activity in the brain or spinal cord of humans or other animals. When neurons are activated, blood supply to active regions would increase and the supply of oxygenated hemoglobin to the regions would be greater than the local oxygen consumption, which would lead to local signal increases in active regions. By acquiring a time series of brain images during some activation tasks, such regional signal changes in the time series can be correlated with the activation tasks and the brain’s functional structure can hence be studied [9],[10].

Equation (1) is only a theoretical model for describing MRI image acquisition. In practice, there will be many different artifacts in the received signal due to various reasons, including hardware imperfections, signal dropouts caused by field inhomogeneity and susceptibility effects, movement of the imaged object, and so forth. Some of these artifacts are shown in Figure 2. In fMRI, brain activation accounts for an additional source of intensity changes, apart from pointwise noise and other artifacts. These activationrelated changes can be obscured by artifacts, and vice versa. It is reported that motion-related intensity shifts of onetenth of a voxel can amount to a 2% signal change, which is above the level of detected activation-related signal changes by most clinical magnetic resonance (MR) systems [11]. Therefore, if artifacts are not treated properly, then fMRI analysis could be misleading. On the other hand, activationrelated intensity changes can bias detection of artifacts, yielding erroneous correction of such artifacts [12]. These issues pose a challenge on MRI image registration.

(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 2. (a)-(d): Relatively clean images. (e)- (h): Their contaminated versions.

3. Image Registration

Assume that R(x, y) and M(x, y) are a reference image and an image to register with, respectively. Then, the major goal of image registration is to find a geometrical transformation T such that M(T (x, y)) is as close to R(x, y) as possible. Mathematically, the image registration problem can be formulated as the following maximization problem:

T_{opt} = arg max_{T ∈ΩT} S(R, M(T )), (2) where T_{opt} denotes the optimal transformation, S is a selected similarity metric, and Ω_T is the space of all possible transformations. In (2), if a dissimilarity metric is used, then “max” should be replaced by “min”.

In MR applications, a conventional registration process consists of some of the following five steps: 1) image preprocessing, 2) feature selection, 3) transformation specification, 4) selection of a similarity or dissimilarity metric, and 5) optimization. As mentioned earlier, observed MR images often contain various artifacts. Image pre-processing is mainly for deleting the artifacts so that image registration would be more reliable. See [8] for a detailed introduction about image pre-processing techniques.

One way to solve the maximization problem (2) is that N corresponding points are first selected in the two images and then an optimal transformation is searched to best match the two point sets in the two images. More specifically, let (x_i, y_i), i = 1, 2, . . . , N and (X_i, Y_i), i = 1, 2, . . . , N be two point sets in R(x, y) and M(x, y), respectively. Then, the task of mapping M to R becomes the problem of finding a transformation T (x, y) such that T (x_i, y_i) are close to (X_i, Y_i). This transformation T can be regarded as a coordinate transformation, which transforms the coordinates of the N points in the image R to the coordinates of the corresponding N points in the image M. Thus, it is often referred to as a coordinate transformation in the literature [13]. If it is required that T (x_i, y_i) = (X_i, Y_i), for i = 1, 2, . . . , N, then T is also called an interpolation transformation [14].

Feature selection is mainly for the direct matching algorithms mentioned above. It entails extracting characteristics to establish correspondence between two images to register. Landmarks or control points, which are often the preferred features, can be selected manually, or automatically by a computer [15]. Lines or curves are often detected through gradient-based methods. Regions, centroids or templates are usually determined by ways of thresholding and segmentation [16].

In certain applications, feature selection can be a very complicated and challenging process. In such cases, rather than selecting features to match, we can search a transformation such that R and M match each other the best in terms of a similarity metric defined by image intensities. This type of indirect registration procedures requires no prior knowledge of correspondence between two sets of selected features. Because of this flexibility, they have become popular within MR applications. However, computation involved in such intensity-based procedures would be relatively complex, compared to the feature-based matching procedures.

Transformations can be divided into parametric or nonparametric ones. In the context of motion detection in MR, they often operate with three different motion types: rigidbody, non-rigid body and affine models [17]. Rigid-body transformations assume a global motion in which distance between any two points on an object is unchanged during motion. This model deals with translation and rotation only, and hence has 3 parameters or degrees of freedom (2 for translations and 1 for in-plane rotation) in 2D, and 6 parameters in 3D (3 for translations and 3 for rotations). Non-rigid models are similarly defined, but on a local basis, see e.g., [17]. Affine transformations are sometimes considered as extended rigid-body transformations, but are more versatile in accounting for a larger extent of global deformation, by incorporating scaling and shearing in addition to translation and rotation, and by preserving line parallelism. A typical affine transformation has 12 degrees of freedom in 3D cases [4].

Parametric transformations, such as the rigid-body and affine motion models, generally include global motion assumptions. The widely used linear transformation in 2D is: { X = α(x cos Δϕ + y sin Δϕ) + Δx Y = α(−x sin Δϕ + y cos Δϕ) + Δy (3)

where (Δx, Δy, Δϕ) are three motion parameters and α is a parameter accounting for any scaling. Model (3) can be easily extended to 3D cases, and in the case of α = 1, it describes rigid-body motions. Such assumptions of global translation and rotation have been applied in both the feature-based direct matching algorithms, such as in the Principal Axes approach[18], and the intensity-based registration methods. Model (3) has been commonly used in applications [19]. A reason for this lies in the ease of implementation and computation. Another advantage of this transformation is its feature preservation property (e.g., a line maps to a line), and hence it does not introduce additional distortions to the related images. On the other hand, global motion assumptions are sometimes too restrictive to describe real complex deformations well, although it has been shown in the literature that model (3) can work well in many applications.

Non-parametric transformations do not assume specific parametric forms. Therefore, they are more flexible than their parametric counterparts. They are mainly used in general registration applications for directly matching known corresponding features. Instead of imposing and applying a pre-specified parametric transformation onto data, a non-parametric transformation is adaptive to data. To this end, both interpolation and approximation methods have been proposed for MR registration. Numerous interpolation techniques exist in the general field of image registration, spanning from thin-plate splines to multiquadric methods [20]. In the MR literature, spline-based procedures have been proposed for accommodating physical object deformation[4],[13]. Approximation methods are widely used for handling non-rigid motions. Many general registration techniques based on approximation have been applied to MR, including approaches such as the piecewise linear or cubic approximations [21], [15], weighted mean or weighted linear methods [21], and so forth. Instead of fitting a model globally using all data points, approximation methods are often performed over sub-regions defined by the data points. Compared to some interpolation-based procedures, they are usually easier to implement and more robust to noise and outliers. A drawback is that good accuracy is only obtained within the span of sub-regions.

No matter the choice of a registration method, its implementation is almost always closely linked to optimizing certain similarity (or, dissimilarity) measure for best match between two images. Finding a most suitable similarity measure has been and still is the subject of much research[22]. Numerous similarity metrics have been suggested in MR registration. Some commonly used ones can be categorized broadly into 3 groups, briefly discussed below.

The first group of similarity metrics requires that the reference image R(x, y) and the transformed image M(T (x, y)), obtained by transforming image M(x, y) using a proper transformation T , are as close to (or, correlated with) each other as possible. Among such metrics, the following least-squares metric is the classical and most widely employed one: min T ∈S_T N∑ i=1 [R(x_i, y_i) − M(T (x_i, y_i))]^2 , (4)

where {(x_i, y_i), i = 1, 2, . . . , N} are N points in R selected for matching the two images. This metric is implemented in many of the standard software packages used in MR today, such as packages AIR and SPM. Another metric is defined by the sample standard deviation of the ratios

r(x_i, y_i) =

M(T (x_i, y_i))

R(x_i, y_i)

, for i = 1, 2, . . . , N.

By this metric, a good transformation T should make this sample standard deviation small, or minimize the variability of the ratios defined above. More recent implementations also include a group of measures based on statistical correlations between R(x, y) and M(T (x, y)). A good transformation T should make such correlations large.

The second group of similarity metrics are entropybased. For a random variable ξ with a discrete distribution {p_j , j = 1, 2, . . . , k}, the entropy of this distribution, defined by H(ξ) = −

∑_k

j=1 p_j log p_j , provides a measure of uncertainty about ξ. So, intuitively, if T is a good transformation, then association between R(x, y) and M(T (x, y)) should be strong; consequently,

H(R) + H(M(T )) − H(R, M(T ))

should be large, where H(R, M(T )) denotes the entropy of the joint intensity distribution of (R, M(T )), because it can be checked that H(R) + H(M(T )) is the entropy of the joint intensity distribution of (R, M(T )) when R and M(T ) are assumed independent. In the literature, there are a number of different entropy-based similarity metrics. One such metric is H(R − M(T )), which is the entropy of R − M(T ). A good transformation T should make H(R − M(T )) small. See [1] and [23] for more related discussions.

The above two groups of similarity metrics are all quite sensitive to noise and other artifacts. This would influence the performance of registration and would even lead to misregistration in some cases. To overcome such limitations, various robust metrics have been proposed in the literature. A general robust measure can be described by N∑ i=1 ρ [R(x_i, y_i), M(T (x_i, y_i))] ,

where ρ is a loss function. In the literature, there are many robust ρ functions proposed. One seen in the registration literature is the Geman-McClure ρ, defined by

ρ(x, y) =

(x − y)^2 c^2 + (x − y)^2

where the scale parameter c controls its ability to diminish the possible effect of outliers. This function is commonly used in MR applications, since it has certain robustness to outliers, is relatively simple to compute and implement, and is found to be more efficient than some other robust metrics [2], [24]. Another popular robust metric is defined by (4) after replacing the summation by “median”, and the corresponding registration procedure is often referred to as the least median squares procedure [2], [25].

Robust metrics are useful in applications when outliers are a real issue. In fMRI applications, temporal image intensity variations due to measured brain activity can be generally considered as “outliers”; thus, robust metrics are particularly important in such applications.

4. Discussions

We have discussed some commonly used image registration methods in MR applications. When matching features are selected beforehand, existing methods either take a parametric approach by specifying a parametric form for the matching transformation, or search for a transformation by interpolation or approximation without specifying any parametric form. When matching features are not available, most existing methods take the parametric approach using all available image intensities, although some methods specify the transformation more flexibly based on certain physical models[29]. In some applications, it might be challenging to specify matching features, and parametric transformations may not describe differences among images well. In such cases, it would be good if we can propose some nonparametric registration methods, without specifying any parametric form on the transformation and without selecting matching features beforehand.

As discussed in Section 3, existing registration methods often pre-process images to minimize the effect of noise and other artifacts before matching images. In the literature, several image restoration procedures can be found for preprocessing purposes [26],[27]. See [28] for an overview. It should be noted that artifacts handled by these preprocessing procedures are usually within a same observed image, while artifacts and variations handled by most existing registration methods are between two or more images to register. Quite often, when noise and other artifacts are removed by a pre-processing procedure, some true image structures (e.g., small edges, roofs/valleys) would also be altered to a certain degree, making the subsequent image matching less efficient. Therefore, it might be interesting to combine image pre-processing and image matching in a single procedure, or to suggest some image registration methods which can accommodate artifacts within individual images.

References

[1] F. Maes, A. Collignon, D. Vandermeulen, G. Marchal and P. Suetens, “Multimodality Image Registration by Maximazation of Mutual Information,” IEEE Transactions on Medical Imaging, vol. 16, pp. 187- 198, 1997.

[2] C. Nikou, F. Heitz, J.-P. Armspach, I.-J. Namer and D. Grucker, “Registration of MR/MR and MR/SPECT Brain Images by Fast Stochastic Optimization of Robust Voxel Similarity Measures,” Neuroimage, vol. 8, 30-43, 1998.

[3] N. Ritter, R. Owens, J. Cooper, R.H. Eikelboom and P.P. Van Saarloos, “Registration of Stereo and Temporal Images of the Retina,” IEEE Transactions on Medical Imaging, vol. 18, 404-418, 1999.

[4] F.J.S. Castro, C. Pollo, R. Meuli, P. Maeder, O. Cuisenaire, M.B.

Cuadra, J.-G. Villemure and J.-P. Thiran, “A Cross Validation Study of Deep Brain Stimulation Targeting: From Experts to Atlas-Based, Segmentation-Based and Automatic Registration Algorithms,” IEEE Transactions on Medical Imaging, vol. 25, 1440-50, 2006.

[5] D.L. Collins, P. Neelin, T.M. Peters and A.C. Evans, “Automatic 3D Intersubject Registration of MR Volumetric Data in Standardized Talairach Space,” J Comput Assist Tomogr., vol. 18, 192-205, 1994.

[6] M. Takao, N. Sugano, T. Nishii, H. Miki, T. Koyama, J. Masumoto, Y. Sato, S. Tamura and H. Yoshikawa, “Application of 3D-MR Image Registration to Monitoring Diseases Around the Knee Joint,” J Magn Reson Imaging., vol. 22, 656-60, 2005.

[7] M.T. Vlaardingerbroek and J.A. den Boer, Magnetic Resonance Imaging (2nd ed.), ”New York: Springer-Verlag, 1999.

[8] P. Qiu, Image Processing and Jump Regression Analysis, New York:

John Wiley & Sons, 2005.

[9] J. Belliveau, D. Kennedy, R. McKinstry, B. Buchbinder, R. Weisskoff, M. Cohen, J. Vevea, T. Brady and B. Rosen, “Functional Mapping of the Human Visual Cortex by Magnetic Resonance Imaging,” Science, vol. 254, 716-719, 1991.

[10] S. Ogawa, D.W. Tank, R. Menon, J.M. Ellermann, S.-G. Kim, H.

Merkle and K. Ugurbil, “Intrinsic Signal Changes Accompanying Sensory Stimulation: Functional Brain Mapping with Magnetic Resonance Imaging,” Proceedings of National Acaddemy of Science in USA, vol. 89, 5951-5955, 1992.

[11] R.W. Cox and A. Jesmanowicz, “Real-Time 3D Image Registration for Functional MRI,” Magn Reson Med, vol. 42, pp. 1014-18, 1999.

[12] J.V. Hajnal, R. Myers, A. Oatridge, J.E. Schwieso, I.R. Young and G.M. Bydder, “Artifacts due to Stimulus Correlated Motion in Functional Imaging of the Brain,” Magn Reson Med, vol. 31, pp. 283-91, 1994.

[13] M.H. Davis, A. Khotanzad, D.P. Flamig and S.E. Harms, “A Physics- Based Coordinate Transformation for 3-D Image Matching,” IEEE Trans Med Imag, vol. 16, pp. 317-28, 1997.

[14] P.A.van den Elsen, E.-J.D. Pol and M.A. Viergever, “Medical Image Matching - A Review with Classification,” IEEE Eng. Med. Biol., vol. 12, pp. 384-96, 1993.

[15] G. Wu, F. Qi and D. Shen, “Learning-Based Deformable Registration of MR Brain Images,” IEEE Trans. Med. Imag., vol. 25, pp. 1145-57, 2006.

[16] N. Saeed, “Magnetic Resonance Image Segmentation Using Pattern Recognition, and Applied to Image Registration and Quantitation,” NMR Boimed., vol. 11, pp. 157-67, 1998.

[17] W.R. Crum, T. Hartkens and D.L. Hill, “Non-rigid Image Registration: Theory and Practice,” Br J Radiol., vol. 77, pp. 140-53, 2004.

[18] N. Alpert, J. Bradshaw, D. Kennedy and J. Correia, “The Principal Axes Transformation: A Method for Image Registration,” J Nucl Med., vol. 31, pp. 1717-22, 1990.

[19] E.R. Denton, L.I. Sonoda, D. Rueckert, S.C. Rankin, C. Hayes, M.O.

Leach, D.L. Hill and D.J. Hawkes, “Comparison and Evaluation of Rigid, Affine, and Nonrigid Registration of Breast MR Images,” J Comput Assist Tomogr., vol. 23, pp. 800-5, 1999.

[20] S.A. Reinsberg, S.J. Doran, E.M. Charles-Edwards and M.O. Leach, “A Complete Distortion Correction for MR Images: II. Rectification of Static-Field Inhomogeneities by Similarity-Based Profile Mapping,” Phys Med Biol., vol. 50, pp. 2651-61, 2005.

[21] L. Zagorchev and A. Goshtasby, “A Comparative Study of Transformation Functions for Nonrigid Image Registration,” IEEE Trans Image Process., vol. 15, pp. 529-38, Mar. 2006.

[22] L. Freire, A. Roche and J.-F. Mangin, “What is the Best Similarity Measure for Motion Correction in fMRI Times Series?,” IEEE Trans Med Imag., vol. 21, pp. 470-84, 2002.

[23] A. Roche, G. Malandain and N. Ayache, “Unifying Maximum Likelihood Approaches in Medical Image Registration,” Int. J. Imaging Syst Technol, vol. 11, 71-80, 2000.

[24] M.J. Black and A. Rangarajan, “On the Unification of Line Processes, Outlier Rejection, and Robust Statistics with Applications in Early Vision,” Int J Comput Vis., vol. 19, pp. 57-91, 1996.

[25] M.E. Alexander and R.L. Somorjai, “The Registration of MR Images Using Multiscale Robust Methods,” Magn Reson Imag, vol. 14, pp. 453-68, 1996.

[26] P. Qiu, “Discontinuous Regression Surfaces Fitting,” The Annals of Statistics, vol. 26, 2218-2245, 1998.

[27] 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.

[28] P. Qiu, “Jump Surface Estimation, Edge Detection, and Image Restoration,” Journal of the American Statistical Association, vol. 102, 745-756, 2007.

[29] Y. Wang and L.H. Staib, “Physical Model-Based Non-Rigid Registration Incorporating Statistical Shape Information,” Medical Image Analysis, vol. 4, 7-20, 2000.