
 

 

 

  

Abstract—In earlier work, we have shown the importance of 

including 3D shape characteristics when analyzing regions of 

interest (ROIs) in magnetic resonance imaging (MRI) data. 

Spherical harmonics (SPHARM) based ROI shape descriptors 

were proposed and shown to provide important complementary 

information to traditionally used simple volumetric ROI 

measures. In this paper we extend our SPHARM shape 

parameterization technique by using functions defined on 

concentric spherical shells. We then propose the use of a novel 

radial transform to obtain unique features even under 

independent rotations of the constituting shells. These enhanced 

features enable the analysis of 3D ROIs with complex topologies 

including those with possible disconnections (e.g. ventricles). 

We validate the proposed 3D shape descriptors on synthetic 

data and demonstrate their sensitivity to subtle shape changes 

in the presence of inter-subject variability. We also apply our 

approach to real MRI data and detect significant shape changes 

in the left and right thalamus in Parkinson’s disease (PD) 

patients when compared against normal volunteers, 

complementing the observed volumetric changes.  

 

I. INTRODUCTION 

AGNETIC resonance imaging (MRI) is increasingly 

recognized as a suitable modality for studying the 

human brain anatomy in vivo. Improvements in both MRI 

scanner hardware and acquisition sequences are yielding 

progressively higher resolution 3D images of internal brain 

structures. One of the main benefits of this increased 

resolution is in the study of structure of brain anatomy. 

Researchers use MR images to delineate specific brain areas, 

like the thalamus, to observe structural changes either over 

time or across two or more subject groups, e.g. patients with 

Parkinson’s disease (PD) and normal volunteers. This 

process of delineating specific structures to perform targeted 

analysis is termed region of interest (ROI) analysis.    

  Numerous methods have been proposed to quantify and 

analyze the shape of ROIs. The simplest and most common 

approach uses the overall volume within an ROI, e.g. Anstey 

et al used the hippocampal volume to investigate changes 

observed in mild cognitive impairment (MCI) [1]. However, 

studies using volumetric measures do not reflect actual shape 
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changes that might occur which might be indicative of 

neurological change. Vetsa et al. used medial representations 

to characterize the surface of the caudate and identify shape 

changes in schizophrenia [2]. However, this approach 

requires accurate alignment of the ROIs across different 

subjects for valid analysis and hence residual errors in 

mutual alignment could adversely affect the final results. 

Alternate methods rely on obtaining descriptive feature 

vectors which may reflect the structural information in an 

ROI. These features may be invariant to rotations, 

translations and scale, thus enabling easy comparison across 

different subjects. This eliminates the need for mutual 

alignment, saving time and potential inconsistencies arising 

from registration errors. In an earlier work, we used scale, 

rotation and translation invariant features derived using a 

spherical harmonic (SPHARM) representation of 3D ROIs to 

analyze shape changes in brain MRI data [3] and 

demonstrated the advantages of using such an approach 

along with traditional volumetric analysis. However, the 

parameterization technique used in our previous work did 

not allow for shapes with non-convex topology. In this 

paper, we extend our method and propose new enhanced 

SPHARM shape descriptors that are unique to any ROI. 

These features also enable the characterization of complex 

shapes with complex topology, including those with multiple 

disjoint parts. We validate our method on synthetic data and 

demonstrate the effectiveness of the proposed technique even 

in the presence of inter-subject variability and misalignment 

between subjects. We also use the proposed technique to 

investigate shape changes in the thalamus in patients with 

Parkinson’s disease. 

II. METHODS 

In this section, we briefly summarize our earlier work on 

SPHARM-based ROI descriptors in MRI. We then proceed 

to present the proposed enhancements used to enable the 

study of complex ROI topologies including a novel radial 

transform used to obtain unique features for any ROI.  

 

A. Proposed Invariant SPHARM features 

A 3D ROI with spherical topology can be expressed 

as ),( φθΨ , a function defined on the unit sphere with θ  and 

φ  as the zenithal and azimuthal angles respectively. The 

value of the function at a given (θ ,φ ) is equal to the distance 

to the surface point from the centroid at those angles [3]. The 

SPHARM representation of this function is given by:  
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),(* φθlmY  is the complex conjugate of the mth order spherical 

harmonic of degree l, where l ranges from 0 to L [4]. The 

accuracy of this representation depends on the value of L, 

also called the bandwidth.  

   Invariance of the representation to translation is obtained 

by shifting the origin of the 3D ROI to its centroid before 

computing the SPHARM coefficients. In our previous work 

[3], we employed rotationally invariant features from this 

representation using (2). Scale normalization was achieved 

by scaling the vector obtained in (2) with its first element, 

which gives a rough measure of total volume [3].  
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Non convex topologies, i.e. surfaces with self occlusions, 

or topologies with disconnected components (e.g. ventricles) 

cannot be represented as a function of two variables, ),( φθΨ , 

since these topologies do not always have a single distance 

value for all (θ ,φ ). A third variable r, the distance from the 

origin can be introduced to extend the definition to include 

such shapes. The augmented function ),,( φθrΨ  is then binary 

valued, taking a non-zero value only in points inside the 3D 

ROI. The SPHARM representation of such a function is 

given by:  
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k is an index introduced to account for possible degeneracy 

[4]. Since direct computation of (3) is highly inefficient, we 

use an alternate approach by representing the data as a set of 

spherical functions. These functions are obtained by 

intersecting the 3D binary ROI with R spherical shells of 

increasing radii r. This intersection is simulated by sampling 

the 3D ROI on a spherical grid of constant dimensions 

2L×2L at each value of r [5]. The SPHARM coefficients are 

then obtained at each value of r as: 
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This results in a SPHARM representation for each shell. 

Invariant features for these shells can then be derived using 

(2), as used by Kazhdan et al [6]. However, as noted in [6], 

this representation is not unique, since independent rotations 

of the shape along any of the constituting shells will result in 

the same feature vector representation even though the 

topologies of the shapes are drastically different. To 

overcome this limitation, we propose adapting the radial 

transform in (3) across these features as in (5). This yields 

unique features even under independent rotations along the 

shells. To achieve scale invariance across different ROIs, we 

propose to keep the number of shells, R, constant at 2Rmax for 

all ROIs being analyzed. Rmax is the radius measure in voxels 

of the smallest common sphere encompassing each of the 

ROI in the entire set being analyzed. 
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 Since this radial transform is applied across each value of r, 

as shown in (5), the vector 
m

rlc  must be of the same length for 

each shell. Hence, we use a common value of L for all shells, 

whose minimum value is obtained by equating the surface 

area of the encompassing sphere to the equiangular sampling 

grid (6).  
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The final unique, scale, translation and rotation invariant 

features are defined as in (7). These values are then reshaped 

into a single row to provide the final feature vector. 
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Figure 1 shows how this method could be used to analyze 

complex disconnected 3D ROIs like the human brain 

ventricles.  

 
Fig. 1.  (a) The human brain ventricles. The two ventricles would have to be 

analyzed jointly since the relative orientations might be of importance. One 

of the spherical shells at r =35 is also shown. (b) The parameterization of 

the surface at r = 16 (top) and 35 (bottom).  

B. Statistical Analysis of Features 

The feature vectors thus obtained are of a high dimension, 

dependent on the value of L chosen. Moreover, the 

generating probabilities of these features are unknown. We 

thus employ a non-parametric permutation test for the 

statistical analysis of these features, since no assumptions of 

the feature parameters are required.  

  In permutation tests, a distance measure between two 

groups of shapes (represented by their feature vectors) is 

tested against the distance obtained by all possible 

permutations of the vectors across the two groups. We use 

the Euclidian distance between the feature vectors as the 

distance measure. Also, as reported by Vetsa et al [2] we use 

a Monte Carlo approach to obtain a sufficiently high number 

of permutations, since testing against all possible 

permutations is not feasible. A final p value is obtained as 

the ratio of the number of permutations which yielded a 

Euclidian distance greater than the original ordering of the 

samples and the total number of permutations performed. If 

the obtained p value is less than a statistical standard 

threshold of 0.05, the two groups are declared to have 

significant differences between them. In our study, this is a 

strong indication that the shapes in the two groups have a 

systematic difference in structure.  



 

 

 

III. DATA AND IMAGING 

This section describes the generation and acquisition of data 

used to test our proposed approach, which include synthetic 

validation data as well as real structural MRI data of patients 

and controls. 

A.  Synthetic Structural Data Generation 

To verify the performance of the proposed shape description 

technique, we test on synthetic data with simulated, but 

nevertheless realistic inter-subject variability. Similar to [7], 

the basic shape used to generate these data is an ellipsoid as 

defined in (6) where (xc, yc, zc) is the centroid with (a, b, cX) 

as parameters defining the 3D boundary of the ellipsoid. 

Keeping a and b constant, two values of cX, ca and cb, were 

used to generate two groups of shapes, A and B.  Twenty 

samples of these shapes were created in each group. A 

common centroid of (64, 64, 64) was chosen in a grid of 

(128, 128, 128) for both groups, keeping with the resolution 

of real data. Each sample was independently created by 

perturbing the centroid using (nxi, nyi, nzi), generated from a 

Gaussian noise source with zero mean and a standard 

deviation of 5, N(0,5). The parameters (a, b, cX) were 

perturbed by (nai, nbi, nci) generated from N(0,0.2). The 

ellipsoid was then rotated about a random combination of x, 

y, and/or z axis by an angle generated by a uniform 

distribution from 0−45˚. To create a realistic surface, 

comparable to the irregular edges obtained from manual ROI 

segmentation, we add Gaussian noise of N(0,.5) and use a set 

of morphological operations to obtain the final shape shown 

in Figure 2.  
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Fig. 2.  (a) Surface rendering of a real left thalamus (top) and right 

thalamus (bottom) from a PD patient, note the rough edges. (b) Group A 

synthetic samples (see text) generated with parameter set (2, 5, 10). (c) 

Group B synthetic sample generated with parameter set (2, 5, 8). Note the 

realistic looking edges in the synthetic data.  

B. Real Structural MR Data Acquisition 

The data used in this study consisted of MRI scans of 21 

control subjects and 19 PD patients. Two scans were 

performed with a gap of two hours, one before and one after 

the administration of the drug L-dopa. The MR data were 

acquired on a 3.0 Tesla Siemens scanner (Siemens, 

Erlangen, Germany) with a birdcage type standard 

quadrature head coil and an advanced nuclear magnetic 

resonance echoplanar system. The participant’s head was 

positioned along the canthomeatal line. Foam padding was 

used to limit head motion within the coil. High-resolution T1 

weighted anatomical images (3D SPGR, TR=14ms, TE=7.7 

ms, flip angle=25°, voxel dimensions 1.0×1.0×1.0mm, 

176×256 voxels, 160 slices) were acquired. 

  ROIs for the left and the right thalamus were manually 

drawn on both the scan data sets using the IRIS 2000 

software (NeuroLib, University of North Carolina) by a 

trained research assistant using a computer mouse. The 

research assistant was blinded to the disease category.  

IV. RESULTS AND DISCUSSION 

This section presents quantitative results of employing the 

proposed SPHARM shape features on the synthetic and real 

MR data outlined in Section III.  

A. Validation on Synthetic Data 

Synthetic data generated as described earlier consisted of 

forty one data sets each set having two groups, A and B, 

each group with twenty sample shapes. For the entire set, 

group A was re-generated independently each time with a 

baseline parameter set (2, 5, 10). Group B was generated 

using a different baseline parameter set each time, starting 

with (2, 5, 8) and ending with (2, 5, 12), with the value of cb 

being incremented by 0.1 for each set. The proposed 

SPHARM invariants were then derived for all samples in 

each set. Rmax was found to be22; hence 44 shells were used 

to parameterize the ROIs. A value of 40 was chosen for L as 

per (6), resulting in a feature vector length of 1760 elements. 

The Euclidian distance between the SPHARM features of the 

two groups, A and B, in each set, was recorded. Permutation 

tests were then performed for each set to determine the level 

of significance in the difference between the features of the 

two groups. Figure 3 summarizes the results of this analysis. 

 
Fig. 3.  Plot of the Euclidian distance between the two groups A and B for 

different values of cb. Distances resulting in a significant difference (alpha 

= 0.05) between the groups as obtained by the permutation test are 

indicated with a star. Non-Significant distances are indicated with a dot. 

The graph in Figure 2 shows the expected trend in the 

Euclidian distance measure between the two groups. For 

values of cb smaller than 9.5 and larger than 10.6, the 

features are able to detect a systematic difference in shape 

between the two groups. However, as the value of cb 

approaches 10 (the value of ca), there is less difference in the 

sample shapes between the two groups. For values of cb in 

the range (9.5, 10.6), the combined effect of the various 

perturbations in the parameters involved, coupled with the 



 

 

 

inter-subject variability introduced, leaves almost no 

difference in constituting shapes of the two groups. This is 

shown in Figure 2 with dots, indicating that the permutation 

test was unable to find any systematic difference in the 

features vectors. This experiment demonstrates the 

sensitivity of the proposed technique in discriminating subtle 

shape changes between two groups. 

B. Analysis of Real MR Structural Data 

The proposed technique was next used to analyze the 

structure of the left and the right thalamus in patients with 

Parkinson’s disease. SPHARM features were computed for 

the data of 21 control subjects and 19 PD patients. Rmax was 

found to be 20 voxels; hence 40 shells were used to 

parameterize the ROIs. The bandwidth L was chosen to be 

36 as per (6), resulting in a feature vector length of 1440. 

Since two scans were performed for each subject, two feature 

vectors were obtained for each ROI, for each subject. Also, 

since the duration between the scans was less than two hours, 

no systematic structural changes were expected between 

these two observations. The only changes expected were due 

to repositioning, manual tracing inconsistencies and other 

imaging artifacts. To confirm this assumption, each subject 

group (Patients and Controls) was further sub-divided into 

two categories: pre-drug and post-drug. Permutation test 

results of the SPHARM feature vectors between these two 

sub-groups are shown in Table I. Results from the volumetric 

analysis are also shown. 

 
The results in Table I indicate that, as expected, there are no 

statistically significant changes in the shape of the thalamus 

between the two scans. Having established this, the two 

feature vectors from the two sessions were then averaged to 

generate a single feature vector for each ROI for each 

subject. Direct averaging is valid since these features 

represent the same shape. Changes due to rotation and 

translations are annulled by the invariance property of the 

features. This averaging reduces the variability caused by 

manual tracing errors and other noise sources, thereby 

increasing the sensitivity of the features to actual shape 

changes. A permutation test on the averaged features was 

then performed between the two subject groups. Results are 

indicated in Table II. Results from the volumetric analysis 

are also shown. 

 

Our earlier work [3] on a smaller number of subjects 

observed differences in the volume of both the thalamus in 

patients with PD, when compared against healthy volunteers. 

However, the previous technique was unable to detect 

significant shape changes between the groups. In this present 

study, in addition to the changes observed with volumetric 

measures, we detect a significant difference in the shape of 

both thalami. The shape analysis is independent of the 

volume changes observed since the features derived are scale 

invariant. The new parameterization approach coupled with 

the increased number of subjects probably contributed to this 

increased sensitivity. The results indicate that PD patients 

studied have a marked difference in the volume of their 

thalamus when compared to control subjects, indicating 

possible atrophy of this structure. Further work is required to 

determine if the consistent atrophy in PD subjects 

corresponds to specific thalamic nuclei (substructures within 

the thalamus). 

V. CONCLUSIONS 

We enhanced our earlier work generating invariant 

SPHARM features for 3D ROI analysis in MR data by 

extending our characterization capability to ROIs with 

complex topologies, including those with possible 

disconnections. We also proposed the use of a novel radial 

transform to obtain unique feature. The proposed features 

were able to detect subtle shape changes in synthetically 

created data with realistic inter-subject variations and detect 

shape changes in the thalami of PD patients in addition to the 

volumetric changes observed. The use of the proposed 

method to explore shape changes of different brain structures 

as a biomarker of disease progression warrants further study. 
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TABLE I 

RESULTS OF PRE-DRUG VS. POST-DRUG ANALYSIS 

 

Subject 

group 

ROI SPHARM  

p value 

 

Volumetric 

p value 

Controls Left Thalamus 0.3863 0.3270 

Controls Right Thalamus 0.2828 0.2720 

PD  Left Thalamus 0.4738 0.2430 

PD  Right Thalamus 0.2341 0.3208 

 

TABLE II 

RESULTS OF PD PATIENTS VS. CONTROLS ANALYSIS 

ROI SPHARM p value 

 

Volumetric p value 

Left Thalamus 0.0012* 0.0102* 

Right Thalamus 0.0006* 0.0141* 

Values indicated with a * are statistically significant at alpha = 0.05. 


