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Abstract. The most frequent drug-resistant epilepsy is temporal lobe epilepsy 
(TLE) related to hippocampal atrophy. In addition, TLE is associated with 
atypical hippocampal morphologies. Automatic hippocampal segmentations 
have generally provided unsatisfactory results in this condition. We propose a 
novel segmentation method (SurfMulti) to statistically estimate locoregional 
texture and shape using a surface-based approach that guarantees shape-
inherent point-wise correspondences. To account for inter-subject variability, 
including shape variants, we used a multi-template library derived from a large 
database of controls and patients. SurfMulti outperformed state-of-the-art 
volume-based single- and multi-template approaches, with performances 
comparable to controls (Dice index: 86.1 vs. 87.5%). Furthermore, the 
sensitivity of SurfMulti to detect atrophy was similar to that of manual 
volumetry. Given that the presence of hippocampal atrophy in TLE predicts a 
favorable seizure outcome after surgery, the proposed automated algorithm 
assures to be a robust surrogate tool in the presurgical evaluation for the time-
demanding manual procedure. 

Keywords: multi-template, segmentation, surface-based texture, SPHARM-
PDM, template library, hippocampus, MRI, epilepsy. 

1   Introduction 

The most frequent form of drug-resistant epilepsy is temporal lobe epilepsy (TLE) 
related to hippocampal sclerosis, which generally appears as atrophy on MRI. 
Detecting hippocampal atrophy is clinically relevant as it allows lateralizing the side 
of seizure focus and defining the surgical target. The removal of this pathology is the 
only effective treatment, offering seizure freedom in 80% of cases [1].  

Manual labeling is considered the gold standard to measure hippocampal volume, 
as it is accurate, reproducible, and sensitive. High time requirement, rater-bias, and 
the demand to study large cohorts of healthy and diseased populations, however, have 
motivated the automation of hippocampal volumetry. 
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2.1   Template Library Construction 

2.1.1  Surface Extraction from Manual Labels 
Labels of the hippocampus obtained from manual segmentation were converted into 
surface meshes using the spherical harmonics parameterization and point distribution 
models (SPHARM-PDM), an area-preserving, distortion-minimizing spherical 
mapping that ensures shape-inherent point-wise correspondence through an 
icosahedron subdivision of the spherical harmonic parameterization [9].  

2.1.2   Regional Texture Models 
Each surface was mapped to its corresponding image to estimate regional textures. 
For each hippocampal vertex, a spherical neighborhood with various radii (3mm, 
5mm, 7mm) was defined. The “inner region” (IR) and “outer region” (OR) of these 
local neighborhoods were determined with respect to the surface boundary. The 
following texture features were then computed at each vertex vi. 

i. Normalized intensity (NI) to capture regional tissue homogeneity. Let μIR, i / μOR, i 

be the mean of intensities within IR or OR at vi and SDIR, i / SDOR, j be the 
standard deviation. We defined NIIR, i = μIR, i / SDIR, i and NIOR, i = μOR, j / SDOR, i. 

ii. Relative intensity (RI) to assess the contrast between IR and OR voxels. RI was 
defined as RI i = 2ⅹ(μOR, i - μIR i) / (μOR, i + μIR, i). 

iii. Gabor energy (GE) to capture image texture through a multi-channel filtering 
strategy [10]. Mimicking human visual perception, this feature portrays the 
complexity, directionality and repetition of the intensity distribution. Let x,y,z be 
the spatial coordinates and Rθ a 3x3 rotation matrix whose 3D Euler angle θ 
defines the orientation of the normal to the parallel stripes of a Gabor function. 
The Gabor filter [10] was defined by: 

 
(1)

γ is the aspect constant, φ is the phase offset and the ratio σ/λ describes the 
bandwidth, namely the filter size b according to: 

 (2)

At voxel I(x,y,z), the Gabor energy was given by GE θ, λ, σ, γ, φ (x,y,z) = || gθ, λ, σ, γ, φ 
(x,y,z) * I(x,y,z) ||, where * is the convolution operator. In this work, we calculated the 
Gabor energy of the immediate surroundings only along the surface normal θ.  We 
fixed φ as 0 (no offset) and γ as 1 (same amount of information horizontally and 
vertically). Multiscale texture analysis was performed by varying the bandwidth b = 
{0.5, 1, 2}.  

iv.  Intensity gradient (IG): to capture edge information. Gradients along x, y, z 
direction were computed and interpolated on the vertices. 
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2.1.3   Regional Shape Models 
The following features constrained the deformable model evolution within the range 
of the anatomical variability in the template. 

i. Distance between adjacent vertices: to prevent irregular vertex topology.  
ii. Gaussian curvature: to constrain local convexity/concavity.  
iii. Local orientation: manual tracing in regions where anatomical boundaries are not 

visible often rely on arbitrary oblique lines as geometric landmarks (e.g., the 
inferomedial border separating CA1 from the subiculum) [11]. To model this 
feature, we projected the surface normals to the xy, yz and zx planes and 
computed their angles with respect to their orthogonal axis x, y and z-axis. 

 
For each subject, texture and shape features were normalized across vertices using a 
z-transform and combined at each vertex vi into a vector .  

2.2   Automatic Segmentation of the Hippocampus 

2.2.1   Automatic Selection of an Optimal Shape and Feature Template 
Let Sj = [v1, v2 … vi …, vL] be a SPHARM-PDM surface of the template library, 
which is initially mapped on its own MR image. Let  be the true features, i.e. the 
set of features computed at vi. Given a test image, we mapped the templates S1, S2 … 
Sj … SN, to the test image and computed a set of estimated features . For each 
mapping, we computed a similarity measure as: 

 (3)

Equation (3) represents a normalized similarity between the j-th true features and 
estimated features. Thus, it enables the selection of the closest template surface. Two 
approaches were investigated: 

a) Traditional approach: Given a test image, we selected the n most similar 
templates (surfaces and their corresponding features) [4-5]. We then computed 
the average surface from these ‘n’ surfaces (Sopt 1, Sopt 2, … , Sopt n) to generate an 
initial shape for the later segmentation process. Best results were obtained 
experimentally with n=10 templates.  

b) Advanced adaptive approach: Recently, Coupe et al. [12] proposed a weighted 
averaging of the volume labels in the selected subset according to their similarity 
measure. Here, we adapted this technique by optimally weighting surfaces and 
vertex-wise features separately. Let wS and wF be nⅹ1 weight vectors for optimal 
surfaces and features, respectively. We defined the new average surface as: 
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(4)

Similarly, we defined the weighted mean and SD of features at vertex vi by: 

 (5)

We then redefined the similarity function based on the n-top ranked subset as: 

 (6)

 is the estimated feature-set computed on the surface  mapped on the test image. 

Finally, both weights were determined by maximizing the similarity between the 
current template-subset and the test image.  

(7)

We initially set all the components of w as 1/n. We then iteratively perturbed every wj 
by ±δ·1/n and updated it if the similarity function (7) increased. The step-size 
parameter δ was initialized to 1 and decreased at each iteration by 0.1. 

2.2.2   Automatic Segmentation: Evolution and Objective Function 
The final segmentation was obtained as follows. We first linearly mapped the 
template computed in the previous section to the test image. Then, we locally 
deformed the surface at each vertex along the surface normal based on a multi-level 
b-spline interpolation. Analogous to Eq. (6), the cost function was defined at iteration 
k as: 

 
(8)

 is a deformed surface at iteration k and is its estimated feature vector. We 

maximized Ok using the gradient descendent approach.  

3   Experiments and Results 

3.1   Experiments  

Our training-set included 40 healthy controls (18 males; mean age 33±12 yrs) and 144 
TLE patients (61 males; mean age 36±11 yrs). TLE diagnosis and lateralization of the 
seizure focus into left TLE (LTLE; n=73) and right TLE (RTLE; n=71) were 
determined by a comprehensive evaluation including video-EEG recordings and MRI 
evaluation. Our ethics committee approved the study. MR images were acquired on a 
1.5T scanner, with 1mm-isotropic voxels. All images underwent automated correction 
for intensity non-uniformity, intensity standardization, and were linearly registered 
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into a stereotaxic space [13]. The hippocampus was manually segmented by an expert 
in all subjects. Using z-score normalization based on the distribution of healthy 
controls, we identified 91 (63%) patients with hippocampal atrophy (i.e. z<-2) 
ipsilateral to the seizure focus. 

3.1.1   Evaluation of Template Selection Approaches 
We evaluated the proposed surface-based multi-template methods (SurfMulti) 
through a leave-one out strategy. For each test data, we selected optimal subsets and 
built the initial shapes and feature models using both the traditional approach and the 
adaptive approach. The segmentations resulting from each initialization were 
compared using Dice index and paired t-test. 

3.1.2   Comparison with Volume-Based Single- and Multi-template Approaches 
We obtained hippocampal segmentation using FreeSurfer, a volume-based single- 
template approach [6], and a multi-template approach [4-5] (that we named 
VolMulti). For VolMulti, we used ANIMAL as the nonlinear registration method [13] 
and chose the optimal subset of 11 as suggested by [4]. 

We evaluated the performance of each automated segmentation algorithm against 
the manual label using the Dice index. We compared Dice indices between automated 
methods in controls and each patient group (i.e. hippocampi ipsilateral / contralateral 
to the seizure focus) using Student's t-tests. 

In a separate analysis, we assessed the sensitivity of each algorithm to detect 
atrophy in TLE relative to controls by computing Cohen's d = (mean volume controls 
– mean volume TLE ) / pooled SD, indicating the effect size of a ‘between group’ 
difference. We computed the significance of the observed effect using t-tests. 

Significances of all statistical tests were adjusted for multiple comparisons using 
Bonferroni-correction. 

3.2   Results 

The adaptive template selection approach outperformed the traditional strategy (all 
groups: p<0.02, Table 1). We therefore took as reference the adaptive approach. 

In all groups, performance of SurfMulti was superior to the two volume-based 
approaches (vs. FreeSurfer: p<10e-15; vs. VolMulti: p<0.0004). Moreover, our 
algorithm performed equally well in TLE patients and controls (p>0.1), whereas 
volume-based approaches segmented poorly hippocampi in patients (FreeSurfer: 
p<10e-6, VolMulti: p=0.02).  

Group-wise comparisons identified hippocampal atrophy ipsilateral to the seizure 
focus in TLE patients irrespective of the method, i.e. manual or automated (p<0.05, 
Table 2). However, the effect t size of atrophy detected using SurfMulti was closest to 
manual labeling (Cohen's d: Manual=1.71, t=7.6; SurfMulti=1.60, t=7.0; 
VolMulti=1.38, t=6.1; FreeSurfer=0.91, t=3.9).  

For each test data, we computed vertex-wise displacements between the SPHARM-
PDM surfaces of ground truth and SurfMulti segmentations. Fig. 2-A illustrates the 
mean and SD of the normal displacement across subjects (n=184). This surface-based 
analysis showed that SurfMulti yielded results with sub-voxel error (absolute mean 
error<0.51mm; mean SD=0.9mm). 
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seizure outcome after surgery, the proposed technique assures to be a robust surrogate 
tool for the time-demanding manual procedure in the presurgical evaluation. 

To segment brain structures, multi-template algorithms use either mutual 
information [4] or entropy [5] as a measure of intensity similarity between the target 
and template. In these methods, if intensity distributions of the two images are 
different, segmentation may fail. Our features, on the contrary, capture intrinsic image 
characteristics by computing higher order semantic features from a given image, i.e. 
image homogeneity, contrast, gradient and texture. Moreover, features are weighted 
according to both mean and SD of the optimal subset.  

Although the volume-based multi-atlas method performed globally better than the 
single-template approach, its agreement with manual segmentation was significantly 
lower in patients than controls. On the other hand, our method outperformed both 
state-of-the-art algorithms in both controls and patients and sensitivity in detecting 
atrophy. This likely results from the integration of: i) surface-based shape-inherent 
point-wise correspondences guaranteed by SPHARM-PDM; ii) vertex-wise sampling 
scheme with respect to the surface boundary, allowing for a better characterization of 
locoregional texture and shape of structures neighboring the hippocampus; and iii) 
multi-template library derived from a large cohort of healthy controls and patients, 
that accounts for inter-subject variability, in particular shape variants.  
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