Comparison of Different 3D Edge Detection Methods to Define Landmarks for Point - Based Warping in Autor a diographic Brain Imaging

Rainer Pielot 1 , Michael Scholz 2 , Klaus Obermayer 2 , Eckart D. Gundelfinger 1 and

Andreas Hess 1,3

1 Leibniz Institute for Neurobi ology, Brenneckestr. 6, D - 39118 Magdeburg, Germany

2 TU Berlin, Department of Computer Science, Sekr. FR 2 - 1, Franklinstr. 28/29,

D - 10587 Berlin, Germany

3 Institute for Pharmacologyand Toxicology, Fahrstrasse 17, D - 91054 Erlangen, Germany email:{pielot , gundelfinger, hess}@ifn - magdeburg.de, {idefix, oby}@cs.tu - berlin.de

Abstract. Warping can be used to reduce interindividual structural vari a tions of 3D image datasets of brains bygenerating a standard brain and subsequent matching of individual dataset s to this reference system. Point - based warping uses structural information (landmarks) to construct the sp a tial correspondence between the datasets . For this we compare the perfor m ance of three landmark detection algorithms. The first two approaches use a threshold - based definition of landmarks, the third spatial derivations of voxels. The warping is b a sed on a distance - weighted method with an exponential weighting fun c tion. All methods tested are able to r e duce structural variations, best results are o bt ained bythe derivation a p proach.

1 Introduction

The analysis of image datasets obtained from differen t animals requires the reduction of interindividual variations. Nonlinear geometric transformations, so called warping

[1], can be used to reduce these vari ations bytransforming the individual datasets to a reference system, e.g. a "standard brain". The warping process consists of two main steps: First, the spatial correspondence between the datasets and the reference system has to be determined. Second, usi ng this correspondence information the individual datasets are transformed to the reference system. According to the dete r mination of the spatial correspondence, warping algorithms can be divided in two classes: Inte nsity - based warping methods maximize loc al grayvalue distribution to match the source dataset to the target [2]. Model - based warping approaches use high - level i n form a tion such as surfaces of anatomical structures [3] or single points [4] on prominent morphological sites. In datasets, which are obtained byfunctional ima ging tec h niques, the different spatial grayvalue distribution is of biolog i cal or medical inte r est. Therefore, the spatial grayvalue distribution cannot be used to construct the spatial correspondence between these datasets. In this study, the datasets were o btained byfunctional labeling of gerbil brains, so that we investigate model - based warping strategies, i.e. point - based warping. For point - based warping methods at first corresponding points (=landmarks) between all the data sets have to be defined.

Se t ting of a small number of landmarks between 2D images can be done byhand, but definition of a greater number of landmarks between large 3D image datasets bya human expert is highlytime - consuming and subjective. Consequently, we developed automatic procedures for landmark definition. Furthermore, we tryto adjust a l ready published lan d mark detection methods to our datasets.

2 Image Preprocessing

Six gerbils ( Meriones unguiculatus ) were acousticallystimulated after injecting the radioactive 2 - fluoro - deoxyglucose (2FDG). This method visualizes brain activityby accumulation of the non - metabolisable sugar 2FDG in certain brain areas propo rtional to their electrical activity. After 45 min exposure time the animals were scar ified and the brains were removed. The brains were sectioned and the si n gle slices were exposed on an X - rayfilm. After exposure, the films were developed and the autoradiographed slices were digit i zed with a camera (768 * 512 * 49 slices, 256 grayvalues).

In order to reconstruct the original 3D object, each slice is aligned bymeans of translating and rotating. We used a fullyautomatic computational method of princ ipal axes alignment followed bya cross - correlation method. The last step is to align the 3D datasets to each other.

3 Landmark detection

The first 3D landmark detection method uses Monte - Carlo techniques to realize the search of edges within the dataset. Initiallya multiscale 3D grid is placed on each dataset to define non - overlapping subvolumes. Next edg es are searched with random movements of a single point within each of subvolume. An edge is d e fined if the search point detects a grayvalue difference between two neighboring voxel, which exceeds a constant threshold. If an edge is detected, the procedur e stops within this subvolume and the position of the search point is stored. This procedure is ite r ated for all subvolumes and for all grid - scaling levels in all datasets. To get a reliable spatial definition the whole process is repeated 10 times. The fi nal position of each selected point (1 per subvolume) is the average across these repetitions. Onlyif an edge in a given subvolume is found in all datasets, this individual point is taken as a landmark [5].

In the second approach the searching points move along rays, which have the origins at the centers of gravityof substructures. These origins are defined in one brain for the whole group. To ensure correspondence, the origins have ident i cal locations in all datasets and the angles between the rays are s imilar in all datasets.

The points move along the rays and stop if an edge is found. As in the first a p proach, an edge is defined as a grayvalue transition, which is greater than a given thres h old.

If on the corresponding rayof all datasets an edge is fo und the pos i tion of the searc hing point for each dataset defines the lan d mark.

The third approach uses 3D differential operators e.g. the quotient of the dete rm i nant and the trace of a matrix of first partial derivatives of image values around a given pos ition [6]. The 3D reference points are defined bysearching for local maxima of operator values, which are greater than a preset threshold value. To e nsure correct correspondence of the reference points again a 3D grid approach is used, as in the case of t he Monte - Carlo method. Onlyif a sub - volume contains a reference point in all datasets, these reference points are determined as landmarks [7].

The correct correspondence of the found landmarks has not been verified, since our approach was to compare the d ifferent landmark generators regarding the quality of the subsequent warping. Anatomical verifications of the found landmarks were not taken into account.

4 Warping

Th e standard brain, i.e. the reference template for warping, is generated byavera ging the po sitions of the corresponding individual landmarks across the datasets. The warping method used here is based on a distance - weighted method [8]. The di splacement is determined bythe weighted sum of all displacement vectors. The exp onential weighting functi on consists of a global weighting factor and the distance of a giv en voxel to a certain landmark.

5 Results

The Monte - Carlo method found 360 landmarks in approx. 39,000 s (SGI Origin

200). The ray - based method found 1,285 landmarks in 120 s and the 3D - operat or approach found 180 landmarks in approx. 10,800 s. Fig. 1 illustrates as an example a surface viewof a manuallysegmented gerbil brain dataset together with the lan dma rks found with each method. The left figure shows the landmarks, which are det ermined bythe Monte - Carlo method, in the middle the landmarks obtained bythe raymethod and the right figure the landmarks obtained bythe 3D oper a tor method.

a b c

Fig. 1 S urface views of a 3D brain dataset together with the generated landmarks. The outer surface of the brain and four structures were segmented manuallyand then surface rendered by the visualiz a tion software Amira (Indeed GmbH). a) Landmarks after application of

Monte - Carlo method, b) after application of the raymethod and c) after application of the 3D operator approach. SE septum, ST striatum, TH thalamus, HF hippocampal formation.

The qualityof w arping is quantified byapplying 2 similarityfunctions befo re and after warping (linear cross - correlation coefficient, cc ; volume overlap index, oi ).

Fo l lowing average values were obtained (increase after warping): Monte - Carlo method: cc : +1.29 %, oi : +1.67 %; ray - based method: cc : +1.79 %, oi : +3.00 %; and

3D ope rator a p proach: cc : +2.25 %, oi : +2.27 %.

6 Discussion

In this study, we investigated 3 different, fullyautomatic procedures to detect lan dmarks for distance - weighted warping. The landmarks are successfullyused for ge nera t ing a referen ce template and the s imilarityof the individual datasets increases after warping in all cases tested. The qualityof warping, as indicated bythe simila rityfunctions used, varies between the different landmark generators. The best cross - correlation coefficient is achieved by the 3D operator approach, whereas application of the ray - based method results in the best volume overlap index. The reason for this is that the ray - based method generates relativelymore landmarks at the outer brain co n tour as compared to the other method s. Consequently, the outer edges are regi stered with a higher precision. For biological questions demanding quant i tative evaluation of grayvalues, the cross - correlation coefficient gives more information about the qualityof the warping procedure than pur e geometric overlap indices.

Therefore, the 3D operator method proved to be the most suitable tool in this studyto make co m plex biological structures inter - individuallybetter comparable and ther efore facilitat e a quantitative group comparison in function al autoradi o graphic brain imaging studies.

7 References

1. Toga, A.W., Brain Warping. 1999, San Diego London:Academic Press

2. Christensen, G.E., Rabbitt, R.D. and Miller, M.I. 1996. Deformable templates using large deformation kinematics. IEEE Transactions on I mage Processing. 5(10):1435 - 1447

3. Thompson, P.M. and Toga, A.W. 1996. Asurface - based technique for warping three - dimensional of the brain. IEEE Transactions on Medical Imaging. 15(4):1 - 16.

4. Bookstein, F.L. 1989. Principal warps:Thin - plate splines and the decomposition of d eformations. IEEE Transactions on pattern analysis and machine intelligence. 11:567 - 585

5. Pielot, R., Scholz, M., Obermayer, K., Gundelfinger, E.D. and Hess, A. 2000. Anew a p proach to define landmarks for point - based warping in brain imag ing. Bildverarbe i tung für die Medizin 2000, München, pp. 28 - 32

6. Rohr, K. 1997. On 3D differential operators for detecting point landmarks. Image and

Vision Computing, 1997, 15(3):pp. 219 - 233

7. Pielot, R., Scholz, M., Obermayer, K., Gundelfinger, E.D. and He ss, A. 2001. 3D edge detection to define landmarks for point - based warping in brain imaging. International

Conference on Image Processing 2001. IEEE Computer Society, Thessaloniki, pp. 343 - 346

8. Shepard, D. 1968. Atwo - dimensional interpolation function for irregularly - spaced data.

In:1968 ACM National Conference. pp. 517 - 524