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ABSTRACT

We present GeoSP, a parallel method that creates a par-

cellation of the cortical mesh based on a geodesic distance, in

order to consider gyri and sulci topology. The method repres-

ents the mesh with a graph and performs a K-means clustering

in parallel. It has two modes of use, by default, it performs

the geodesic cortical parcellation based on the boundaries

of the anatomical parcels provided by the Desikan-Killiany

atlas. The other mode performs the complete parcellation of

the cortex. Results for both modes and with different val-

ues for the total number of sub-parcels show homogeneous

sub-parcels. Furthermore, the execution time is 82 s for the

whole cortex mode and 18 s for the Desikan-Killiany atlas

subdivision, for a parcellation into 350 sub-parcels. The pro-

posed method will be available to the community to perform

the evaluation of data-driven cortical parcellations. As an

example, we compared GeoSP parcellation with Desikan-

Killiany and Destrieux atlases in 50 subjects, obtaining more

homogeneous parcels for GeoSP and minor differences in

structural connectivity reproducibility across subjects.

1. INTRODUCTION

Magnetic Resonance Imaging (MRI) allows the study of the

brain in a non-invasive and in-vivo way. In particular, struc-

tural MRI (sMRI) gives an anatomical differentiation of main

brain tissues, enabling the automatic segmentation of them.

The cortical surface can be extracted by softwares like Free-

Surfer1 [1, 2] or BrainVISA2 [3].
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A cortex parcellation, i. e. a subdivision of the cortex

into several parcels or regions [4], can be performed based on

different criteria, mostly based on anatomical, functional or

diffusion-based information. This is a very complicated task

due to the restrictions of each modality and the high inter-

subject variability that exists, in particular, in white matter

(WM) and gray matter (GM).

When studying the human connectome, brain region

definition takes an important role in the study of brain con-

nectivity and function [5]. Anatomical parcellation methods

take into account the macroscopical anatomy, like the gyri

and sulci [6, 7]. For example, Cachia et al. used a geodesic

distance to label the cortex mesh vertices, using two nested

Voronoı̈ diagrams and labeled sulci [7]. Other method uses a

statistical surface-based atlas, which includes information of

the cortex curvature and the manual labeling of 35 regions of

interest (ROIs) per hemisphere [8].

In order to evaluate diffusion-based [9] or functional-

based [10] parcellations of the cortical surface, these can be

compared to a geodesic parcellation which is based on the

geodesical properties of the mesh. However, this calculation

can be time-consuming. Therefore, in this work, we pro-

pose a parallel method for the complete parcellation of the

cortical surface, based on the geodesic distance. The goal is

to create a fast individual cortical parcellation, available to

the community for parcellation comparisons. The algorithm

can be applied to subdivide each anatomical parcel given by

Desikan-Killiany (DK) atlas, or to perform the cortical par-

cellation of the entire brain, depending on the method to be

evaluated.

2. MATERIALS AND METHODS

2.1. Database and tractography datasets

We took from the ARCHI database [11] 50 subjects for the ex-

periments. It was acquired with a 3T MRI scanner (Siemens,

Erlangen). The MRI protocol used an MPRAGE sequence

http://arxiv.org/abs/2103.14579v1


(160 slices; matrix=256x240; voxel size=1x1x1.1 mm), in-

cluding the acquisition of a T1-weighted dataset. BrainVISA

software was used to pre-process the images. Then, FreeSur-

fer was applied to calculate the cortical mesh and to obtain

the automatical labeling of the cortical regions, according to

DK atlas. The database also contains deterministic tracto-

graphy datasets, based on a SS-EPI single-shell HARDI ac-

quisition along 60 optimized DW directions, b=1500 s/mm2

(70 slices, matrix=128x128, voxel size=1.7x1.7x1.7mm).

The experimental procedures involving human subjects

described in this paper were approved by the Local Eth-

ical Committee, “Comité de Protection des Personnes Ile-

de-France VII”, with codes CPP100002/CPP10002, and all

subjects signed an informed consent before inclusion.

2.2. GeoSP: geodesic cortical surface parcellation

The method implemented is called GeoSP, and performs the

cortical parcellation based on a geodesic distance over the

surface. The algorithm has two different modes. The default

mode is based on the DK atlas to delimit the anatomical par-

cels and performs a geodesic subdivision of each anatomical

parcel. Note that other atlases could also be used. The second

mode creates a cortical parcellation for the entire brain. For

the first mode, the method receives for each anatomical parcel

(35 in total) a value k, used to divide each anatomical parcel

into the specified k sub-parcels (for both hemispheres), i.e.

an anatomical parcel with k = 2 will be divided into two

sub-parcels. On the other hand, the second mode receives

a unique k value, which will be used to divide each brain

hemisphere into k sub-parcels, based on a geodesic distance,

without using any other cortical parcellation. The method can

be subdivided into two main steps: (1) a pre-processing that

creates a graph representation of the mesh, and (2) K-means

clustering based on geodesic distance over the mesh [12].

1) Pre-processing

Each anatomical parcel (for default mode) or each hemi-

sphere (for the second mode) is represented with an undir-

ected graph. The graph G = (V,E) directly represents the

mesh structure, formed by the vertices V and the edges E
that join them. For the default mode, that performs the sub-

division of each anatomical parcel given by the DK atlas, the

labels of each region are used to identify each parcel. Finally,

Euclidean distance (dE) is calculated between each pair of

vertices to create weighted graphs.

2) K-means clustering

To subdivide an anatomical parcel or a hemisphere into k
sub-parcels, a K-means clustering is applied. The algorithm

consists of the following sub-steps: (a) initializing centroids,

(b) (re)calculating groups and (c) (re)computing centroids.

The algorithm uses a parallel implementation and its pseudo-

Fig. 1. Euclidean distance versus geodesic distance. By using

the Euclidean distance between two points, a straight line is

obtained (orange path). While the geodesic distance considers

the shortest path across the gyri and sulci of the mesh (blue

path).

code is shown in Algorithm 1. For default mode, the method

launches the K-means algorithm in parallel for each anatom-

ical parcel given by DK atlas, while for the second mode,

it launches a single thread per hemisphere. To exploit the

capabilities of parallelism, it is launched in the sub-step of

(re)computing centroids.

(a) Initializing centroids. To perform this sub-step, K-

means++ algorithm [13] is used to select the initial

centroids. It has a low time complexity of O(logk).
First, the method receives k, the number of sub-parcels

(clusters) to divide each anatomical parcel (or each

hemisphere). For each anatomical parcel, there may be

different k. Also, k can be randomly set. Although the

selection of starting centroids takes additional time, by

using K-means++ the convergence of K-means occurs

quickly with reduced computation time. This leads to

initial centroids better distributed than random selec-

tion across the anatomical parcels.

(b) (Re)Calculating groups. In this sub-step, clusters are

(re)calculated by assigning each vertex to the closest

centroid. To achieve this, the single-source shortest

path problem (SSSP ) is used, which looks for the

shortest path from a vertex v (centroid) to the rest of

the vertices of the graph G. To calculate the distance

between vertices, instead of the Euclidean distance,

the geodesic distance is used. Then, based on an

implementation of the Dijkstra algorithm with Fibon-

acci heaps [14], the SSSP is calculated for all the

centroids, that is, the shortest path from each centroid

to all other vertices. This algorithm runs with low

complexity (O(|E| + |V |log|V |)). Finally, for each



Fig. 2. Parcellation of the cortical mesh obtained in one subject for modes based on DK atlas and for the entire cortex. Right

sagittal, coronal, axial and left sagittal views. First and second rows: parcellation based on DK atlas subdivided into 140

(first row) and 350 (second row) sub-parcels, with execution times of 42.9s and 18.1s respectively. Third and fourth rows:

parcellation for the entire cortex into 140 (first row) and 350 (second row) sub-parcels, with execution times of 75.4s and

82.25s, respectively.

graph vertex, the distances obtained to the different

centroids are compared, and each vertex is assigned to

the centroid with the smallest geodesic distance. Fig-

ure 1 illustrates the Euclidean and geodesic distances

for two vertices over the mesh. The path between two

points for Euclidean distance is a straight line while

the path for the geodesic distance is a route along the

surface of the mesh, taking into account the gyri and

the sulci.

(c) (Re)Computing centroids. This is the last sub-step

of the algorithm, in which the centroids of the clusters

must be (re)calculated. First, the all-pairs shortest

paths problem has to be solved, that is, for each pair of

vertices, the shortest path has to be calculated. This is



Fig. 3. Brain connectivity analysis scheme. First, the tractography of each subject in T1 space is intersected with the cortical

mesh, which is parcellated based on an atlas. Then, a connectivity matrix is created containing for each cell, corresponding to

a pair of sub-parcels, the total number of connections between them. The matrix is then binarized, indicating with a 1 if the

sub-parcels are connected and with a 0 if there is no connectivity between them. The connectivity matrix is finally converted to

a network graph to analyze network metrics as the Dice coefficient.

done with the Floyd–Warshall algorithm [15], which

runs in O(|V |3). Although the temporal complexity of

this step is high, it is still a polynomial running time

(cubic) depending on the size of the input. The result

obtained is a new centroid, which is the vertex closest

to all other vertices in the cluster.

Sub-steps (b) and (c) are executed until the convergence

criterion is reached. For this, the centroids of the current it-

eration are compared with the previous one. The algorithm

stops if the distance is less than 2 mm or a maximum of 20

iterations is reached.

3. RESULTS

The experiments were performed on a computer with an Intel

Core i7-8700K 6-core 3.70 GHz CPU, 32 GB of RAM and 12

MB of shared L3 cache. The programming language used is

Python 3.6 and the operating system is Ubuntu 18.04.2 LTS

with kernel 4.15.0-74. The code is freely accessible at ht-

tps://github.com/andvazva/GeoSP.

First, Figure 2 displays the results for one subject with

140 sub-parcels and 350 sub-parcels, for both modes of the

method. To obtain 140 sub-parcels using the DK atlas, we di-

vide each anatomical parcel into k = 2 sub-parcels. Since DK

atlas has 35 anatomical parcels per hemisphere, with k = 2,

we obtain 70 sub-parcels per hemisphere, leading to a total of

140 sub-parcels for the whole brain. Following the same pro-

cedure, to obtain 350 sub-parcels we divide each anatomical

parcel into 5 sub-parcels, which generates 175 sub-parcels

per hemisphere. It can be seen that the method generates ho-

mogeneous parcels both for the entire cortex and for the DK

atlas-based parcellation.

Then, to illustrate an example of use, we calculated the

reproducibility of structural connectivity across subjects for

three different parcellations: GeoSP, DK and Destrieux. Fig-

ure 3 displays the scheme of processing performed to obtain

the reproducibility analysis for a parcellation. For each sub-

ject, we used the tractography dataset in T1 space to calcu-

late the structural connectivity matrix, based on each parcel-

lation. To construct a matrix, the intersection of the fibers

with the cortical mesh is determined and the labels of the pair

of parcels connected by each fiber are used to add a count

in the corresponding cell of the matrix. Next, the matrx is

binarized and converted into a graph to use network metrics.

One of these metrics is the Dice coefficient and was calcu-

lated between each pair of subjects, for each method. Figure 4

shows a boxplot of the reproducibility among the 50 subjects

between GeoSP and the other anatomical atlases. The repro-

ducibility is slightly higher for GeoSP in both cases, with a

difference of 0.024 between GeoSP and DK (70 parcels) and

of 0.043 for GeoSP and Destrieux (150 parcels).

Finally, the execution time for both modes was compared.



Algorithm 1 Parallel kmeans

1: groups ← [] {list of sub-parcels containing the indexes

of the vertices}
2: if k > 1 then {number of clusters}
3: centers← initialize() {initializing centroids}
4: centers old← centers
5: converge← FALSE
6: i← 0
7: while i ≤ nIter and !converge {iterations and cri-

terion for convergence}
8: groups← calc groups() {calculating groups}
9: centers ← comp centroids() {computing

centroids}
10: converge← stop critery()
11: centers old← centers
12: i← i+ 1
13: end while

14: else

15: groups ← [all indices] {all the indices for one ana-

tomic parcel}
16: end if

17: return groups {returns the list whose elements are the

sub-parcel groups(indices))}

Figure 5 displays the execution times according to the number

of sub-parcels in which the cortex is subdivided. For mode

one, based on DK parcellation, the execution time decreases

with the number of parcels. This is because the greater the

number of sub-parcels, and being delimited by the anatomical

parcels of the atlas, the algorithm has to perform fewer com-

putations when recomputing the centroids. On the other hand,

for the entire cortex, with a greater number of sub-parcels,

more time is needed to subdivide the cortex. This is due to

the size of the graphs (one for each hemisphere), where the

recalculation of centroids becomes very expensive since it is

necessary to recalculate all the shortest paths between all the

pairs.

4. CONCLUSIONS

We propose a parallel method to perform a parcellation of

the cortical surface mesh based on geodesic distance. The

algorithm was tested in 50 subjects. Results show homo-

geneous sub-parcels for both modes and different number of

sub-parcels. Structural connectivity reproducibility between

GeoSP and two anatomical atlases is very similar and slightly

higher for GeoSP. This may be due to the higher homogeneity

of the parcels with GeoSP. Moreover, the greater the number

of parcels, the less reproducibility will be obtained. Hence,

this test shows that special attention should be given to the in-

dices to be used in comparisons between parcellations. In any

case, we provide a fast and configurable parcellation method

based on geodesic distance, available to the community, to

Fig. 4. Comparison of the structural connectivity reproducib-

ility between GeoSP and the two atlases, with equal number

of parcels. X-axis shows the different atlases used. Y-axis

contains the Dice coefficient, the closer to one, the greater

the reproducibility. The rhombus indicates the mean and the

black line the median for each atlas. Results show a difference

of 0.024 between GeoSP and DK atlas, and 0.043 between

GeoSP and Destrieux atlas.

Fig. 5. Execution time (seconds) for each mode, depending

on the number of sub-parcels. As expected, the subdivision

into sub-parcels according to the delimitation given by the

Desikan-Killiany atlas is less expensive than subdividing the

entire cortex.

perform the comparison and evaluation of data-driven parcel-

lations, like those based on diffusion or functional MRI.
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