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Abstract. Establishment of structural and functional correspondences across 
different brains is one of the most fundamental issues in the human brain map-
ping field. Recently, several multimodal DTI/fMRI studies have demonstrated 
that consistent white matter fiber connection patterns can predict brain function 
and represent common brain architectures across individuals and populations, 
and along this direction, several approaches have been proposed to discover 
large-scale cortical landmarks with common structural connection profiles. 
However, an important limitation of previous approaches is that the rich ana-
tomical information such as gyral/sulcal folding patterns has not been incorpo-
rated into the landmark discovery procedure yet. In this paper, we present a 
novel anatomy-guided discovery framework that defines and optimizes a dense 
map of cortical landmarks that possess group-wise consistent anatomical and 
fiber connectional profiles. This framework effectively integrates reliable and 
rich anatomical, morphological, and fiber connectional information for land-
mark initialization, optimization and prediction, which are formulated and 
solved as an energy minimization problem. Validation results based on fMRI 
data demonstrate that the identified 555 cortical landmarks are producible,  
predictable and exhibit accurate structural and functional correspondences 
across individuals and populations, offering a universal and individualized brain 
reference system for neuroimaging research. 
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1 Introduction 

Establishment of structural and functional correspondences across different brains is 
one of the most fundamentally important issues in the brain imaging field. Current 
popular approaches to establishing the correspondences of brains regions across indi-
viduals can be broadly classified into three categories: image registration algorithms 
[1-3], cortical parcellation [4, 5], and manual/semi-automatic regions of interests 
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(ROI) analysis [6, 7]. Although these methods have their own advantages and have 
been successfully applied in different scenarios [1-7], they are limited due to the lack 
of quantitative representation of the regularity and variability of brain structure and 
function. In recognition of this limitation, recent literature studies have proposed to 
automatically define and discover common and consistent brain ROIs/landmarks with 
intrinsic structural/functional correspondences in a group of subjects or populations 
[8-11]. The underlying neuroscience basis is that consistent white matter fiber con-
nection patterns can be used as common landmarks to predict brain function [8-12]. 
However, those approaches [8-11] also have limitations in that they do not consider 
rich and meaningful anatomic information of human brains and the accuracy of the 
discovered brain landmarks can be significantly improved. 

In response to the above challenges, in this paper, we propose a novel framework 
for large-scale consistent connectivity-based cortical landmark discovery that defines 
and optimizes landmarks via integrating reliable and rich anatomical, morphological, 
and connectional information. These meaningful constraints have been used for land-
mark initialization, optimization and prediction based on multimodal DTI/fMRI data-
sets. The major novelty of our framework is that based on the predefined gyral/sulcal 
folding pattern homology, our landmark optimization and prediction simultaneously 
consider structural connection pattern similarity and homogeneity, and landmark spa-
tial constraint, all of which are computationally formulated into a unified energy mi-
nimization problem. The proposed framework discovers 555 cortical landmarks that 
are consistent, reproducible, and predictable across individuals and populations, as 
demonstrated by extensive validations. Our results suggest that this set of 555 cortical 
landmarks effectively represents common cortical architectures and potentially pro-
vides opportunities for numerous applications in brain sciences. 

2 Materials and Methods 

2.1 Overview 

The framework includes three major 
steps as shown in the red boxes in 
Fig.1. We perform landmark initia-
lization and optimization under the 
guidance of four constraints (green 
boxes) for model brains, and con-
duct landmark prediction for testing 
brains. Details will be presented in 
the following sections. 

2.2 Multimodal Data Acquisition, Preprocessing and Landmark Initialization 

Two multimodal DTI/fMRI datasets were acquired and used in this work. In brief, 
dataset 1 includes DTI and four task-based fMRI scans (semantic decision making, 
emotion, empathy and fear networks) of eleven healthy young adults. Dataset 2  

 

Fig. 1. The flowchart of the discovery of large-
scale consistent cortical landmarks 
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includes DTI and working memory task-based fMRI scans of twenty three healthy 
adult students. Imaging parameters and preprocessing steps of these datasets are re-
ferred to [10]. We randomly selected ten subjects from dataset 2 as the model brains. 
The other brains in datasets 1 and 2 were used as testing brains.  

The landmark initialization procedure is as follows. First, we randomly selected 
one of the ten model brains as the template and other model brains were linearly reg-
istered to it via FSL FLIRT so that their global shape differences are removed and 
their cortical surfaces are in the same space for comparison. Second, for each corres-
ponding major clearly identifiable gyrus/sulcus of each model brain according to the 
brain template used in the BrainVoyager Brain Tutor (http://www.brainvoyager.com), 
a certain number (ranging from 3-20) of landmarks were interactively labeled at cor-
tical surface mesh vertices that are roughly distributed evenly along the gyral 
ridge/sulcal valley, and are 
sufficiently dense to ensure 
the full coverage of the whole 
gyral ridge/sulcal valley. In 
total, we manually labeled 
594 landmarks for each model 
brain. It should be noted that 
during the following optimi-
zation step, the neighboring 
initialized landmarks that 
satisfy specific criteria are 
merged (Section 2.4). In this 
way, the number of initial 
landmarks (594) is not a critical issue. Since the variability of folding pattern across 
subjects is huge, the manually initialization and homology determination of the 594 
roughly corresponding cortical landmarks in the ten model brains based on the gyr-
al/sulcal folding patterns effectively enforces the first anatomy constraint for land-
mark optimization. That is, corresponding cortical landmarks in different brains 
should be located on the same clearly identifiable gyrus or sulcus in order to preserve 
the same anatomical identity. 

2.3 Structural Connection Pattern Similarity and Homogeneity Constraints 

The second constraint for landmark optimization is that corresponding landmarks 
across ten model brains should possess similar structural connection patterns, which is 
represented by the DTI-derived fiber bundles emanating from the landmark. For each 
initialized landmark with extracted fiber bundles emanating around its neighbour-
hood, we used the trace-map model in [8], which is represented as a 144-dimenional 
vector, to quantitatively describe the structural connection pattern. Thus, the problem 
of quantitatively comparing the similarities across connections is converted to com-
paring the similarities across 144-dimenional trace-map vectors. 

The third constraint for landmark optimization is that the corresponding landmarks 
across ten model brains should move toward to the location with local maximum of 

 
Fig. 2. The 594 manually labeled landmarks on the 
model brains. (a)-(b) show landmarks on the gyri/sulci 
of one model brain’s right hemisphere, respectively. 
The landmarks and corresponding gyrus/sulcus are 
highlighted in the same color. (c) shows the 594 
landmarks on two example model brains. 
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structural connection pattern homogeneity, which is not considered in previous works 
[8-11]. The homogeneity is defined as the similarity between the trace-map represen-
tations of fiber bundles connected to the current ROI and its outside neighbouring 
ROIs, and calculated by the Kendall’s coefficient of concordance [13]. Prior studies 
have demonstrated that the structural connection profile of a cortical ROI can be high-
ly nonlinear, that is, a slight change to the location, size or shape to the ROI could 
significantly alters its fiber connection patterns [8, 11]. Therefore, this high nonlinear-
ity can cause uncertainties and instabilities in the optimization and discovery of con-
sistent and reproducible cortical 
landmarks. In this paper, we 
examined the nonlinearity of 
the entire cortex of the ten 
model brains, and found that 
there are cortical areas with 
substantially less nonlinearity, 
or more homogeneity. By mea-
suring the fiber pattern similari-
ty via the trace-map model as 
mentioned above, we found that 
the fiber patterns extracted from 
the local maximum of homo-
geneity (red bubbles) across 
corresponding landmarks in ten model brains have higher similarity than those  
extracted from the vertices in outside neighbourhoods, such as those in the 1-ring,  
3-ring, and 5-ring surface mesh neighbourhood (yellow, green and purple bubbles). 
Fig. 3 suggests that there are cortical regions with homogeneity peaks on the cortex, 
and importantly, these peaks exhibit quite consistent fiber connection patterns. Thus, 
the initialized landmarks across ten model brains should move toward to the cortical 
regions with homogeneity peaks within a neighborhood. The fourth constraint for 
landmark optimization is that the landmark should move within a neighborhood of the 
initial location with a predefined size. 

2.4 Landmark Optimization 

With the availability of initialized cortical landmarks in Section 2.2 and four  
meaningful constraints in Sections 2.2-2.3, we performed landmark optimization by 
searching all possible combinations of candidate landmark locations within their local 
morphological neighbourhoods in different model brains, and to seek the optimal 
solution with the optimal group-wise consistency and homogeneity. In this paper, we 
formulated and solved the landmark optimization problem by jointly modeling the 
four constraints. The goal is to minimize the group-wise variance of these jointly 
modeled profiles. Assume that there are M brains (i is i-th brain) and j is the current 
landmark that to be optimized. k෨ ୧୨  is the initial location of j in brain i, and k୧୨  is  

the candidate location in its neighborhood C୩෩౟ౠ (k୧୨ Ԗ C୩෩౟ౠ ). The maximum principal 

 

Fig. 3. Structural connection pattern homogeneity. 
(a)-(b): one corresponding landmark in two model 
brains. (c)-(d): Cortical regions are plotted by homo-
geneity values. The color bar is in the bottom right. 
Local maximum of homogeneity and example ver-
tices in its 1-ring, 3-ring and 5-ring neighborhood 
are shown in red, yellow, green and purple bubbles, 
respectively. The fiber shape patterns of the colored 
bubbles in the left panel are shown in the right panel. 
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curvature of ݇௜௝ is represented by ݌௞೔ೕ ൜൒ 0, ൏ݏݑݎݕ݃ 0,  and it is used as the anatomical ݏݑ݈ܿݑݏ

constraint in the following energy function. Mathematically, the group-wise variance 
is modeled as the energy ܧ that we want to minimize as follows. ܧ ሺ݆ሻ ൌ ௌሺ݆ሻܧଵߣ ൅ ுሺ݆ሻܧଶߣ ൅ ஽(j), ݇௜௝ܧଷߣ Ԗ C௞෨ ೔ೕ  and ݌௞೔ೕ ൜൒ 0, ൏ݏݑݎݕ݃ 0, (1)  ݏݑ݈ܿݑݏ

where ܧௌ is the structural connection pattern similarity constraint, ܧு is the structur-
al connection pattern homogeneity constraint, and ܧ஽  is the landmark movement 
constraint. Here, we have weights ߣଵ ൅ ଶߣ ൅ ଷߣ ൌ 1 (0 ൑ ,ଵߣ , ଶߣ ଷߣ  ൑ 1). 

First, ܧௌሺ݆ሻ is defined to ensure that the corresponding landmark j across M brains 
have similar fiber bundle shape patterns as mentioned in Section 2.3.  ܧௌሺ݆ሻ ൌ ,൫݇ଵ௝൯ݎݐ൫൛ݎܽݒ  ,൫݇ଶ௝൯ݎݐ … , ൫݇௜௝൯ൟ൯ (2)ݎݐ

where ݎݐሺ݇௜௝ሻ is a 144-dimension trace-map vector of ݇௜௝. var(·) is the variance. 
Second, ܧுሺ݆ሻ is defined to ensure that the corresponding landmark j across M 

brains should move toward to the location with local maximum of homogeneity with-
in C௞෨ ೔ೕ . We assume there are Q vertices in the candidate vertex’s neighborhood C௞෨ ೔ೕ  
and they are regarded as the objects to be ranked. Each of 144 dimensions of trace-
map is considered as a judge [13] and the number of judges is denoted by P. Define 
object q is given the rank ݎ௤,௣ by judge p, tk is the number of tied ranks in k-th of m 
groups of ties. The Kendall’s coefficient of concordance [13] of landmark ݆ of brain ݅ is defined as 

௜ܹ௝൫ݎݐሺ݇௜௝ሻ൯ ൌ 12 ∑ ൫∑ ௤,௣௉௣ୀଵݎ ൯ଶ െ 3ܲଶܳሺܳ ൅ 1ሻଶொ௤ୀଵܲଶሺܳଷ െ ܳሻ െ ܲ ∑ ሺݐ௞ଷ െ ௞ሻ௠௞ୀଵݐ  (3)

ுሺ݆ሻܧ ൌ ෍ ቀ1 െ ௜ܹ௝൫ݎݐሺ݇௜௝ሻ൯ቁெ
௜ୀଵ  (4)

Third, ܧ஽ሺ݆ሻ  is defined to ensure the landmark j moves within C௞෨ ೔ೕ  where ݌௞೔ೕ ൜൒ 0, ൏ݏݑݎݕ݃ 0,  .during the optimization procedure ݏݑ݈ܿݑݏ

஽ሺ݆ሻܧ ൌ ෍ ,൫݇௜௝ݐݏ݅݀ ෨݇௜௝൯ெ
௜ୀଵ  (5)

where distሺ·ሻ is the Euclidean distance between ݇௜௝ ܽ݊݀ ෨݇௜௝ on the cortical surface. 
The energy minimization is solved as follows. For each iteration, by searching the 

whole-space of landmarks candidate locations in different model brains for one cor-
responding landmark, we can find an optimal combination of landmark locations that 
minimizes E (Eq. (1)). The convergence criterion is that the distance of landmark 
locations between two consecutive iterations is less than ε (ε = 2 mm, since the dis-
tance between two adjacent surface mesh vertices is about 2 mm). Notably, for each 
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iteration, if the distance between two neighboring landmarks to be optimized is less 
than or equal to a threshold td (td =2 mm, since the distance between two adjacent 
surface mesh vertices is about 2 mm) across p% (here p=80) of all model subjects, we 
label these two landmarks as ‘merged’ and only optimize one of them in the next 
iteration. In our implementation, we considered about 30 candidate locations (3-ring 
neighborhood) for each landmark. We tested different combinations of ߣଵ,   ଷߣ ଶ andߣ
in Eq. (1) and chose the ones with best optimization results (for gyri, λଵ ൌ 0.5, λଶ ൌ0.4 and λଷ ൌ 0.1  and for sulci, λଵ ൌ 0.6, λଶ ൌ 0.3 and λଷ ൌ 0.1 ). Other efficient 
approaches for energy minimization may be considered in the future.   

2.5 Landmark Determination and Prediction 

To examine and ensure the reproducibility of the discovered cortical landmarks, we 
divided the ten model brains into two groups and performed landmark optimization 
separately. As a result, two independent groups of optimized cortical landmarks were 
obtained. Then, for each optimized landmark in all of the ten brains in two groups, we 
evaluated the consistency of landmarks using both quantitative (trace-map similarity 
[8]) and qualitative (visual inspection) methods the same as in [10]. In brief, for each 
corresponding landmark, we calculated its mean trace-map distance [8], which meas-
ures the similarity of fiber shape patterns, between two groups and adopted the same 
criterion in [10] to verify if the landmark was similar across groups of brains [8, 10]. 
Furthermore, we used in-house batch visualization tool [10] to visually check the fiber 
patterns in all model brains of two groups. If the landmark in any of the ten model 
brains has substantially different trace-map distance value, and is confirmed to have 
different fiber shape patterns by visual inspection, this landmark is discarded. Finally, 
we retained 555 landmarks which exhibit consistent fiber connection patterns across 
all ten model brains. 

Based on the 555 landmarks in the ten model brains, we predicted them in other 
testing brains (Section 2.2). Given a testing brain, we first mapped the 555 landmarks 
of one model brain to the testing brain via linear image registration (FSL FLIRT) to 
have rough locations. Then we optimized the locations of the 555 landmarks on the 
testing brain by minimizing the energy E (Eq. (1)) across ten model brains and the 
testing brain. The landmark prediction procedure is fast and efficient (about 15 mi-
nutes for one testing brain on a typical PC). 

3 Experimental Results 

3.1 Reproducibility and Predictability of 555 Cortical Landmarks 

Figs. 4a-4b show the 555 landmarks (yellow bubbles) in three model brains and three 
testing brains, respectively. As an example, we randomly selected 5 landmarks and 
visualized their fiber connectional patterns in the three model and three testing brains 
in the left and right panel of Fig. 4, respectively. Quantitatively, the average trace-
map distances of the corresponding landmarks across model and testing brains are 
2.08, 2.18, 2.15, 2.20 and 2.24, respectively, which are considered as quite low [8, 
10]. By visual inspection, there is also no much difference among the fiber patterns of  
 



 Anatomy-Guided Discovery of Large-Scale Consistent Cortical Landmarks 623 

 

 

Fig. 4. The 555 landmarks (yellow bubbles) in (a) three model brains and (b) three testing 
brains, respectively. Five landmarks are randomly selected and their fiber connectional patterns 
in the model and testing brains are shown in the left and right panel, respectively. 

the same corresponding landmark in all model and testing brains. Importantly, all of 
these 555 landmarks have been confirmed to possess the above-mentioned characte-
ristics in all ten model brains and testing brains, indicating that the 555 landmarks 
represent a common structural brain architecture that is reproducible and predicable 
across different subjects. 

3.2 Functional Annotation of Landmarks 

We adopted the two fMRI datasets including five task-based scans in Section 2.2 to 
examine the functional roles and correspondences of the 555 DTI-derived cortical 
landmarks. The benchmark fMRI 
activation peaks were detected 
and selected using FSL FEAT as 
the functional locations. In total, 
we identified 69 functional loca-
tions from the five functional 
networks. For each functional 
location, we first identified five 
closest (Euclidean distance) cor-
tical landmarks within each mod-
el brain as the candidates. Then, 
the cortical landmark with the 
most votes as the closest to the 
functional location across all ten 
model brains was annotated by 
the functional location. In total, 
46 cortical landmarks were anno-
tated. The same cortical landmark 
is truly in the specific functional 
network across all subjects,  

 

Fig. 5. Functional annotation of the cortical land-
marks by fMRI-derived functional locations in 
five networks shown on one model brain. (a) 
semantic decision making; (b) emotion; (c) empa-
thy; (d) fear; (e) working memory; In each sub 
figure, the functional locations are highlighted by 
white bubbles and the annotated landmarks are 
highlighted by other color bubbles. The mean 
distance and standard deviation between each pair 
of functional location and landmark are shown in 
the histogram. (f) all functionally annotated land-
marks. The mean distance and standard deviation 
between each pair of functional location and 
landmark within each of five networks are illus-
trated in the histogram. 
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suggesting that these landmarks specifically align with regions of task-related 
processing. The mean distances for the five functional networks are 6.27 mm 5.68 
mm, 6.38 mm, 5.91 mm and 6.33 mm, respectively. On average, the distance is 6.11 
mm. The results in Fig. 5 demonstrate the corresponding structural connectivity-based 
landmarks are consistently co-localized with the same functional regions, and reflect 
the common structural/functional cortical architectures that are reproducible across 
subjects. It should be noted that more cortical landmarks may be functionally anno-
tated if more specific, large-scale fMRI tasks can be designed and performed in the 
future for the purpose of functional annotation of landmarks. 

3.3 Comparisons with Image Registration Algorithms 

Finally, we compared the functional annotation accuracies by our 555 landmarks and 
those by four different linear/nonlinear image registration algorithms (linear: FSL 
FLIRT; nonlinear: FSL FNIRT, ANTS, and HAMMER). The working memory func-
tional locations in Fig. 5 were used as benchmarks. The average annotation errors by 
the five methods (our landmarks, FSL FLIRT, FSL FNIRT, ANTS and HAMMER) 
are 6.33 mm, 7.76 mm, 8.01 mm, 7.74 mm, and 7.73 mm respectively, indicating that 
our landmarks have superior functional annotation accuracy than those four image 
registration algorithms. 

4 Conclusion 

In this paper, we presented a novel anatomy-guided discovery framework to define 
and optimize a dense map of cortical landmarks that possess group-wise consistent 
anatomical/connectional profiles. Extensive experiments demonstrated its reproduci-
bility and predictability. Furthermore, a validation study via task-based fMRI was 
provided for a subset of the discovered landmarks, suggesting the accurate structural 
and functional correspondences of these landmarks across individuals and popula-
tions. In the future, we will compare our 555 landmarks with the available DICCCOL 
system [10]. Other possible future studies will apply this dense map of 555 landmarks 
as a universal and individualized brain reference system on clinical datasets for con-
nectivity analysis and mapping human brain connectomes. 
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