
Combining Magnetic Resonance Image Planes in the FourierDomain for Improved Spatial ResolutionMark A. Hasegawa-Johnson�mhj@icsl.ucla.eduUniversity of California at Los AngelesAbstractThis paper describes a method for combiningFourier transform data from multiple orthogo-nal image planes in order to create a uniformly-sampled, high-resolution three-dimensional image.A discussion of the problem is followed by a theo-retical presentation of the solution, and of its limi-tations. Results are presented from validation ex-periments, in which coronal and axial images ofthe mouth and throat are combined in order tocreate a three-dimensional image with better res-olution than either original image.1 Problem StatementThe research described in this paper grew out ofan ongoing speech production research program atUCLA [3]. In this research program, paid exper-imental subjects are asked to sustain particularspeech sounds while they are imaged in a stan-dard clinical magnetic resonance (MR) scanner.The �rst goal of the research is to reconstruct thethree-dimensional shape of the mouth and throatduring each speech sound using information fromthe MR images.Reconstruction of the three-dimensional shapeof an imaged object would be simplest if the objectwas imaged on a uniform Cartesian grid. For ex-ample, �gure 1 shows a grid in which tissue densityis measured in cubic voxels which measure 2mm oneach side; the subdivided cube shown in the �gurerepresents a block of 27 voxels. The grid shownin �gure 1 can easily be constructed using a stan-dard clinical MR scanner by gathering a stack ofimage slices, each with a slice thickness of 2mm,and each with an in-plane pixel size of 2� 2mm.Figure 2 shows an axial image of the mouth�Address from September, 1999: University of Illinoisat Urbana-Champaign.
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Figure 1: Three-dimensional reconstruction issimplest if the target is imaged using a uniformCartesian grid. For example, tissue density mightbe measured in cubic voxels which are 2mm on aside, as shown here.
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50Figure 2: Axial MR image of the mouth, measuredusing a 2mm slice thickness with a pixel size of0:9375� 1:875mm.1



measured in a standard clinical GE SIGNA scan-ner, with a 2mm slice thickness, and with an in-plane pixel size of approximately 1 � 2mm. Inthis image, teeth and air are black, while thetongue, cheeks, dental gingiva, and other soft tis-sue are gray or white. The black and white speck-les throughout this image are caused by thermalnoise. With this much thermal noise in the image,it is impossible to con�dently and accurately tracethe outlines of the visible soft tissue.Thermal noise in an MR image is caused byrandom 
uctuations in the magnetic dipoles ofall atoms in the bay of the scanner; thermalnoise is not dependent on the size of the imagingvoxel [5]. Since these 
uctuations add incoher-ently, the RMS strength of the imaging noise Nis proportional to the square root of imaging timeT : N / pT (1)The MR signal is obtained by causing the dipolesin a speci�ed imaging plane to precess with knownfrequency and phase, and then measuring the sig-nal they radiate. RMS signal strength S is pro-portional to the number of atoms per image voxel,and therefore to the volume V of the voxel; sincesignal adds coherently, signal strength is also pro-portional to imaging time: S / V T (2)20 log10(S=N) / 20 log10(VpT ) (3)As shown in equation 3, it is much easier to in-crease SNR by increasing V than by increasing T .For example, an extra 9dB of SNR can be obtainedby scaling V by a factor of three, or by scaling Tby a factor of nine.The standard clinical strategy for increasingSNR is shown in �gure 3. In this strategy, pixelsizes in the plane of the image are maintained,while the thickness of the plane is increased; in �g-ure 3, the 2mm slice thickness of �gure 1 has beenincreased to 6mm, with the result that the sizeof each individual voxel is increased from 8mm3(2 � 2 � 2mm) to 24mm3 (2 � 2 � 6mm). In thenormal jargon of medical imaging, the 3�3 squareshown in �gure 3 is a \projection" in the z direc-tion of the 3� 3� 3 grid shown in �gure 1:pz(x; y) = 3Xz=1 a(x; y; z) (4)where x; y; and z are discrete voxel indices in theleft-right, anterior-posterior, and superior-inferiordirections, respectively, a(x; y; z) is the original
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Figure 3: A strategy for imaging the same volumeas that shown in �gure 1, but with three timesthe volume per voxel. Pixels in the axial imageplane are still 2mm squares, but the slice thicknessperpendicular to the image plane is increased to6mm.uniformly-sampled volume image, and pz(x; y) isthe axial image \projection."Long thin voxels of the sort shown in �gure 3have a number of practical advantages. Radi-ologists like them, because they give a higher-resolution two-dimensional image slice. A smallin-plane pixel allows certain computational advan-tages, such as the use of large FFT sizes to com-pute the image. Finally, all else being equal, athicker image slice can be selected using a shorterRF pulse, and/or with a weaker static �eld gra-dient. For all of these reasons, it is very di�cultto obtain MR images from a clinical scanner usingany shape other than the long, thin shape shownin �gure 3.In order to reconstruct three-dimensional ob-jects using MR image data, therefore, it is neces-sary to compensate in some way for the long, thinshape of the image voxels produced by a standardclinical scanner.2 Proposed SolutionFigure 4 is a screen shot from a viewing, edit-ing, and reconstruction package called \mrcat" or\CTMRedit," which was developed as part of on-going speech production/biomedical imaging re-search at UCLA [1, 2]1. The user of this packageedits the outline of up to six di�erent-colored re-gions of interest in the main image (the large axialimage). Yellow \locator lines" (not visible in the1Available for download fromhttp://www.icsl.ucla.edu/~spapl/CTMRedit/index.html.



Figure 4: Region of interest editing tool \mrcat,"showing sagittal, axial, and coronal MR imagesmeasured with a 5mm slice thickness, and an in-plane pixel size of 0:9375� 1:875mm�gure) show the location of the main image planein each of two small locator images (sagittal andcoronal images in the �gure); the user can takeadvantage of information in the locator images tobetter identify structures visible in the main im-age.CTMRedit is easiest to use if high-resolution im-ages exist in all three orthogonal image planes.For this reason, all subjects imaged in our cur-rent research are imaged in at least two orthogonalplanes, and many subjects are imaged in all threeorthogonal planes. For example, �gure 4 showssagittal, coronal, and axial images of an experi-mental subject producing the sound /�r/ as in theword \bird." A total of 16 sagittal, 23 coronal,and 23 axial images were taken of the subject per-forming this task, with a 5mm slice thickness, andno gap between successive images in each stack.Images were collected in several breath-holds overa period of about ten minutes; the subject was nottold when the imaging plane changed from sagittalto coronal, or from coronal to axial.Recall from equation 4 that the sagittal, coro-nal, and axial images shown in �gure 4 can eachbe viewed as the projection of an underlying, uni-formly sampled image A(x; y; z). It is possibleto estimate a(x; y; z) by combining informationfrom the three projections using the projection-slice theorem [4]. If A(kx; ky; kz) is the three-dimensional Fourier transform of the uniformlysampled image a(x; y; z), and P (ky; kz) is the two-dimensional transform of a projection px(y; z) cre-ated by summing a(x; y; z) in the x direction, then

the projection-slice theorem states thatP (ky; kz) = A(0; ky ; kz) (5)Suppose, for example, that we are given threeorthogonal image planes, px(y; z), py(x; z), andpz(x; y), whose in-plane pixels are all squares witha side of 1 unit. The three planes have thick-nesses of N1, N2, and N3 units, in the x, y,and z directions respectively. The intersectionof these three planes is an N1 � N2 � N3 unitright hexahedron. Without loss of generality, sup-pose that the hexahedron has corners at the points(�N1=2;�N2=2;�N3=2) and (N1=2; N2=2; N3=2).Let Px(ky; kz) be the discrete Fourier transform ofthe N2 �N3 rectangle in px(y; z) centered at theorigin, and let Py(kx; kz) and Pz(kx; ky) be simi-larly de�ned. Then a volumetric image a(x; y; z)containing N1 �N2 �N3 unit-cube voxels can becreated by inverse Fourier transforming the follow-ing function:A(0; ky; kz) = Px(ky; kz) (6)A(kx; 0; kz) = Py(kx; kz) (7)A(kx; ky; 0) = Pz(kx; kz) (8)(9)In theory, the orthogonal plane measurementsPx(0; kz) and Py(0; kz) are both measurements ofA(0; 0; kz), so they should be equal. In practice,these values will be slightly di�erent, due to ther-mal noise. It is therefore possible to reduce imagenoise slightly by averaging:A(0; 0; kz) = Px(0; kz) + Py(0; kz)2 (10)Notice that the only speci�ed elements ofA(kx; ky; kz) are those for which either kx = 0,ky = 0, or kz = 0. Simultaneous variation inall three principal directions is not recovered, re-sulting in some orientation-dependent smoothingof the �nal image. In theory, the additional sam-ples of A(kx; ky; kz) could be obtained by collect-ing additional image planes with appropriate spa-tial orientations, but in practice the extra costmakes this approach infeasible. The best solutionto this problem, therefore, is to limit the num-ber of missing samples by limiting the size of theFourier transforms, either by limiting image planethickness to a maximum of two or three units, orby smoothing and downsampling the projectionimages before 3D reconstruction.
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30Figure 5: Axial image of the mouth, resampled toa uniform in-plane pixel size of 5=3�5=3mm. Slicethickness is 5mm.
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30Figure 6: Axial slice through a stack of sagittal im-ages. Voxel size is 5mm in the right-left direction,and 5/3mm in the anterior-posterior direction.
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30Figure 7: Axial slice through the reconstructeduniformly sampled image a(x,y,z). Voxels in thereconstructed image are cubes measuring 5/3mmon each side.3 Experimental ResultsThe sagittal, coronal, and axial image stacks in-troduced in �gure 4 were resampled so that everyvoxel measures 5=3� 5=3� 5mm. Figure 5 showsan axial image from this stack; pixels in the imageare squares measuring 5/3mm on each side (notethat the image has been interpolated again for dis-play in this �gure, so that the e�ect of resamplingmay not be obvious). Figure 6 shows an axial slicethrough the sagittal image stack. Pixels in this im-age are still 5=3mm in the anterior-posterior direc-tion, but they are 5mm in the right-left direction,resulting in the distortion visible in the image.The resampled sagittal, coronal, and axial im-age stacks aligned in three dimensions, and com-bined using the algorithm proposed in equations 6through 10. Each 3� 3� 3-voxel cube of a(x; y; z)was constructed by combining information froma 3 � 3 sagittal transform Px(ky; kz), a 3 � 3coronal transform Py(kx; kz), and a 3 � 3 axialtransform Pz(kx; ky). In this way, nineteen of thetwenty-seven values in the function A(kx; ky; kz)were speci�ed. The missing eight values were sim-ply zeroed out:A(kx; ky; kz) = 0 if kx 6= 0; ky 6= 0; kz 6= 0 (11)The function A(kx; ky; kz) was inverse transformedto obtain a uniformly sampled image a(x; y; z),with cubic voxels measuring 5=3mm on each side.Figure 7 shows an axial slice through a(x; y; z).Comparison with �gure 5 shows that the resolu-tion of the reconstructed image in the axial plane



Figure 8: mrcat editing tool, showing sagittal,coronal, and axial slices from the reconstructedimage stack a(x,y,z).is exactly the same as the resolution of the axialimage from which it was created. Notice, how-ever, that there are some small artifacts in �gure 7which do not exist in �gure 5, including for exam-ple the gray scalloped pattern on some of the edgesof the tongue. These artifacts may be orientation-dependent smoothing artifacts, caused by the ap-proximation de�ned in equation 11.Figure 8 shows sagittal, coronal, and axial slicesthrough a(x; y; z), displayed in the mrcat viewingwindow. The main window is zoomed in to show aclose up of the mouth area, and the locator imagesare also slightly zoomed. The images shown in�gure 8 have an e�ective slice thickness of only5=3mm, but there is no thermal noise visible inany of the images. In fact, with the exceptionof some possible orientation-dependent smoothingartifacts, the resolution of �gure 8 looks as goodas the resolution of the images with a 5mm slicethickness shown in �gure 4.4 ConclusionsThis article has demonstrated an algorithm whichcreates a uniformly-sampled volumetric image bycombining information from sagittal, coronal, andaxial MR image stacks. In the example shown, avolumetric image a(x; y; z) whose voxels are cubesmeasuring 5=3mm per side is created by combiningimage stacks with an original 5mm slice thickness.The level of thermal noise in the image a(x; y; z)is as low as or lower than the level of thermalnoise in any of the original image stacks. Unfortu-nately, information in the original image stacks is

not completely su�cient to specify a(x; y; z), andthe image a(x; y; z) may su�er minor, short-rangeorientation-dependent smoothing artifacts as a re-sult. The importance of these artifacts dependson the application.References[1] Mark Hasegawa-Johnson, Jul Setsu Cha, andKatherine Haker. CTMRedit: a matlab-basedtool for segmenting and interpolating MRI andCT images in three orthogonal planes. In 21stAnnual Int. Conf. of the IEEE/EMBS Society,Atlanta, GA, Oct. 1999.[2] Mark Hasegawa-Johnson, Jul Setsu Cha,Shamala Pizza, and Katherine Haker. MR-CAT: A case study in human-computer inter-face design. In Int. Conf. on Public Part. andInform. Tech., Lisbon, Oct. 1999.[3] Shrikanth S. Narayanan and Abeer A. Al-wan. A nonlinear dynamical systems analysisof fricative consonants. J. Acoust. Soc. Am.,97(4):2511{2524, 1995.[4] John M. Ollinger and Je�rey A. Fessler.Positron-emission tomography. Signal Process-ing Magazine, 14(1):43{55, January 1997.[5] G. A. Wright. Magnetic resonance imaging.Signal Processing Magazine, 14(1):56{66, Jan.1997.


