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Abstract

This chapter introduces a spatiotemporal statistical shape model (stSSM) using brain MR 
image which will represent not only the statistical variability of shape but also a temporal 
change of the statistical variance with time. The proposed method applies expectation-
maximization (EM)-based weighted principal component analysis (WPCA) using a tem-
poral weight function, where E-step estimates Eigenvalues of every data using temporal 
Eigenvectors, and M-step updates Eigenvectors to maximize the variance. The method 
constructs stSSM whose Eigenvectors change with time. By assigning a predefined 
weight parameter for each subject according to subjects’ age, it calculates the weighted 
variance for time-specific stSSM. To validate the method, this study employed 105 adult 
subjects (age: 30–84 years old with mean ± SD = 60.61 ± 16.97) from OASIS database. 
stSSM constructed for time point 40–80 with a step of 2. The proposed method allows 
the characterization of typical deformation patterns and subject-specific shape changes 
in repeated time-series observations of several subjects where the modeling performance 
was observed by optimizing variance.

Keywords: stSSM, brain, MRI, shape analysis, age, prediction

1. Introduction

Quantifying cortical morphological dynamics of brain deformation will help neuroscien-

tists identifying and characterizing brain deformation disorders. To be precise, if physicians 

could learn to predict the normal cortical shape evolution for healthy adults, they can predict 
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abnormal or early deformation of brain with time as well. The shape variability from sta-

tistical shape models has been successfully utilized to perform various deformation-based 

researches in the field of image analysis in both two-dimensional (2D) and three-dimensional 
(3D) images. In specific cases, their application for image segmentation in the context of sta-

tistical shape models has been well acknowledged. To constract those statistical models, a set 

of segmentations of the shape of interest is required. At the same time, a set of feature vectors 

are also needed which can be decidedly defined in each sample shape. There are a number 
of researchers who have used statistical models containing shape information as initials for 

segmentation via deformable models [1–3], deformable registration [4], or shape analysis 

[5]. Meanwhile, the fundamental problem faced at the time of constructing these models is 

the reality that they need the determination of point correspondences between the different 
shapes as the manual identification of such correspondences is a time-consuming and tire-

some work. It is specially applicable in 3D where the number of feature vectors required to 
describe the shape accurately rises dramatically compared to 2D applications. An easy but 
efficient way of handling this issue for the construction of statistical shape models is the use 
of distance transformations which has been proposed by a number of authors [2, 6, 7]. For 

example, in [2], the authors proposed an approach in which the statistical analysis is carried 

out directly on the signed distance maps of a set of aligned shapes.

However, learning predictive models to trace forth the evolution trajectories of adult corti-

cal shapes remains challenging. There are some studies to analyze the brain deformation 

in adults. For example, they are studying nonrigid brain shape registration with respect to 

baseline distribution, brain region segmentation based on fuzzy object model, sulcal curves 

extraction on the outer cortex, etc. In [8], authors described an automated way in which 

correspondences between the surfaces of different shapes are established via a nonrigid 
registration algorithm [9]. A similar approach has been proposed by [10]: there, a modified 
iterative closest point algorithm [11] is used to calculate correspondences between geometric 

surface features of the shapes such as crest lines. The difficulty of analyzing the adult brain 
shape points to the critical selection of parameter optimization.

Recently, Durrleman et al. [12] have proposed the construction method of spatiotemporal 

statistical shape model but the study is confined to longitudinal data. To fill this critical gap, 
we propose spatiotemporal statistical shape model (stSSM) for temporal 3D shape change 
analysis of the adult brain. We are performing a dimensionality reduction analysis directly on 

a parametric representation of the feature vector calculated from training sample. To match 

different anatomies, all subjects are aligned using anterior-commissure (AC), posterior- 
commissure (PC), and mid-plane for location and orientation alignment with a reference of 

AC as origin. This enables the construction of average models of the brain shape and their 

statistical variability across a population of subjects. Our approach is closely related to the 
statistical shape models first proposed by [13, 14], but differs in an important aspect. Rather 
than performing a classic principal component analysis (PCA) directly, we are creating an 

stSSM for temporal 3D shape change analysis of the adult brain with respect to cortical sur-

faces using an expectation-maximization (EM)-based weighted PCA (WPCA) learning frame-

work where the weight function is defined as a Gaussian function, whose center is time point, 
and variance is a predefined parameter.
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2. Preliminary

Basically, SSM construction is a method of extracting the average shape and a number of 

modes of variation from a collection of training samples. The methods are strongly dependent 

on the chosen shape of representation. A vital necessity for building shape models with sta-

tistical variability is that the features of all training samples need to be located at correspond-

ing positions and sharing same origin. With an assumption of a one-to-one correspondence 

of anatomical structures across subjects, the alignment of images between different subjects 
with chamfer distance calculation provides a dense set of correspondences. In this study, we 
performed an expectation-maximization algorithm-based wPCA on a compact parameteriza-

tion of the feature vector which is required to construct our proposed model. In the following 
subsections, we will describe the proposed approach in detail.

2.1. Distance mask calculation

For distance mask calculation, level sets were introduced by [15] and made popular for com-

puter vision and image analysis by [16]. They basically feature an implicit shape representa-

tion and can be utilized with regional or edge-based features. The authors of [17] presented a 

method of embedding the distance maps into the linear space, which could solve the model-

ing problems and Cremers et al. [18] have given an overview of statistical approaches to level 

set segmentation including prior shape knowledge.

In order to construct stSSM, firstly, brain region was segmented from MR images. The seg-

mentation is done automatically using FSL [19]. In the next step, chamfer distances were 
calculated to extract shape features through a level set algorithm where negative values are 

assigned inside the brain region and positive value outside the brain region.

2.2. Dimensionality reduction

After calculation of chamfer distance, the next step is to reduce the dimensionality of the 

training set, that is, to find a small set of modes that best describes the observed variation. 
This is usually accomplished using principal component analysis (PCA) [20]. PCA is a very 

powerful tool to analyze data by creating a custom set of “principal component” eigenvectors 

that are optimized to describe the most data variance with the fewest number of components. 

Theoretically, the steps are simple: the principal components {Φ
k
} of a dataset are simply the 

eigenvectors of the covariance of that dataset, sorted by their descending eigenvalues which 

results to a new observation, C = μ + ∑ᴪ
k
 Φ

k
 where μ is the mean of the initial dataset and ᴪ

i
 is 

the reconstruction coefficient for eigenvector Φ
i
 [21]. One of the limitation of classic PCA is 

that it does not distinguish between variance due to measurement noise vs. variance due to 

genuine underlying signal variations. Even when an estimation of the measurement variance 

is available, this information is not included while constructing the eigenvectors [22]. In order 
to overcome this problem, Bailey [22] introduces PCA based on EM-PCA.

In our method, we used weighted PCA with EM-PCA. EM is an iterative technique for solv-

ing parameters to maximize a likelihood function for models with unknown latent variables 
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which basically consists of E-step and M-step. E-step estimates eigenvalues of every data using 

temporal eigenvectors, and M-step updates eigenvectors so that it maximizes the variance. E- 

and M-steps are iterated until convergence of updating vectors. The detail is described below.

[E-step] Let the current eigenvector be   Φ 
→

   . Principal component (PC) score of data j is calcu-

lated by:

   c  
j
   =   →  x  

j
    ⋅  Φ 

→

    (1)

where    →  x  
j
     is the feature vector of data j.

[M-Step] Update the eigenvector by maximizing the weighted variance of PC score. It is cal-
culated by:

   Φ 
→

   =  ∑  
j
    w  
j
    c  
j
    →  x  
j
     (2)

The eigenvectors are normalized after each M-step. E- and M-steps are iterated till the updated 

value of eigenvector is converged.

3. Method

To construct stSSM, firstly, brain region was segmented from MR images, and chamfer dis-

tances were calculated to extract shape features as shown in Figure 1.

Figure 1. Preprocessing steps of brain MR image for feature extraction. (a) Raw MR image, (b) Segmented image, and 

(c) Signed distance.
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After that, weighted PCA is applied to the shape features. The proposed method assigns a weight 

parameter for each subject according to subjects’ age, and calculates the weighted variance. Let 

t
i
 be a time point, and the method can construct SSM at the time point. The weight function was 

defined as a Gaussian function, whose center is t
i
, and variance is a predefined parameter.

   w  
j
   = exp  (−   

  (t −  t  
j
  )    2 
 _____ 

 σ   2 
  )   (3)

The shape of temporal weight function is illustrated in Figure 2. That is, subjects near t
i
 are 

dominant to decide the Eigenvectors. By shifting the t
i
 at a short interval from the minimum to 

the maximum age, the method constructs the stSSM whose eigenvectors change with growing 

or aging. Preliminarily, the eigenvector at the first time point is initialized randomly. Then, 
the obtained eigenvectors are used at the stSSM construction.

4. Experimental results

For evaluation purpose, the proposed method has been applied on both artificial and image 
data.

4.1. Result of artificial data

In order to numerically evaluate the method, weighted PCA has been applied to point distri-
bution model. Assumed a point of an organ, and the statistical distribution changes tempo-

rally. Figure 3 shows the artificially generated 2D data where the points located one direction 
shown at the first time point (a), and rotates anticlockwise with 10-degree every time point. 
The time period was 20. Because, conventional SSM evaluates all data simultaneously without 
time, as shown in Figure 3(c). It cannot be statistical variation of shape.

Figure 4 shows the angle between x-axis and the first (second) principal axis obtained by the 
proposed method. The full-width-half-maximum (FWHM) of the weight Gaussian function 
was 3. The first principal axis rotates anticlockwise with 10-degree every time point. Results 
show that the proposed method can extract the statistical variability of point distribution in 

time. Note that the result around t = 1 has errors because the data existed only in the positive 
side of Gaussian function.

Figure 2. Temporal weight function.
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Figure 3. Temporal change point distribution. (a) t = 1, (b) t = 5, and (c) all data.

4.2. Image data

To train and test the proposed model with respect to weighted variance optimization, we 

used 105 adult subjects (age: 30–84 years old with mean ± SD = 60.61 ± 16.97) from publicly 
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available imaging database called OASIS [23]. These subjects were selected from a larger 

database of individuals who had participated in MRI studies at Washington University, were 
all right-handed, and older adults had a recent clinical evaluation. The representative MR 

imaging acquisition parameters were repetition time (TR) of 9.7 ms, echo time (TE) of 4.0 ms, 
image resolution (voxel) of 256 by 256, flip angle (FA) of 10°.

4.3. Results

The method was applied to the adult brain MR image. We first segmented the brain region 
from MR images, and calculated the signed distance map to extract shape features. The pro-

posed method assigns a weight parameter for each subject according to subjects’ age, and 

calculates the weighted variance. Let t
i
 be a time point, and the method can construct SSM at 

the time point. According to the weight function defined in Eq. (3), the center is t
i
, and vari-

ance is a predefined parameter.

From Figure 2, we can understand the shape of temporal weight function which implies that 

subjects near t
i
 are dominant to decide the Eigenvectors. By shifting the t

i
 at a short interval 

from the minimum to the maximum age, the method constructs the stSSM whose eigenvec-

tors change with aging. Preliminarily, the eigenvector at the first time point is initialized 
randomly (usual PCA can be applied to obtain the initial eigenvector). Then, the obtained 

eigenvectors are used at the following stSSM construction. Figure 5 shows the mean shape of 

constructed model between age range of 40–80 years old. Figure 6 illustrates stSSM of brain of 

adult subject at 60 years. The brain shape changes along with temporal domain with reference 
to variance (σ) can be seen.

Next, the stSSM of adult brain between 52 and 58 years and temporal difference with chang-

ing variance is shown in Figure 7. While generating stSSM for an age range of 40–80, Gaussian 
function’s weight parameter has been varied between a range of 5–35.

Figure 8 illustrates stSSM of adult subject brain shape at age of 60 years old, where the indi-
vidual brain shape variety is synthesized within a range of −1σ to +1σ at the first eigenvector 

Figure 4. Temporal change of principal axes.
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(horizontal) and −0.5σ to +0.5σ at the second eigenvector (vertical) with a step of 0.50. σ is 

the standard deviation (SD) in the training data along each eigenvector. Full-width-half-
maximum (FWHM) of the Gaussian weight function used in this case was 15.

5. Discussion

The 3D SSM and stSSM in the medical imaging field are almost exclusively based on imaging 
modalities such as CT, MRI, that is, the original data representation of the training shapes is 
not a mesh but rather a segmented volume. Therefore, each shape of the training set must be 

annotated by features, each designating the same anatomical locus along the set. The set is 

considered as a collection of shape vectors which after alignment raises a covariance matrix. 

Figures 1 and 2 show these phases of our model from which we created feature vector matrix 

from 105 training samples.

For dimensionality reduction phase, we introduced weighted EM-PCA where every aligned 

training shape is described by the feature vector matrix. The mean shape has been formed by 

simply averaging over all samples with corresponding weight parameter where weight has 

been assigned by subject’s age. From age range of 40–80 years with a step of 2, stSSM model in 
3D has been constructed. An eigen decomposition on covariance matrix gives principal modes 
of variation (eigenvectors) and their respective variances (eigen values). Figure 5 visualizes the 

mean shape of 40, 50, 60, 70, and 80 years. From the computational point of view, this method 
is used due to higher numerical stability. The resulting modes of variation are ordered by their 

variances. In a next step, the model approximated every valid shape by a linear combination of 
the chosen accumulated variance which presented the shape variation with FWHM Gaussian 
distribution function. The shape variation at a specific time point is visualized in Figure 6. The 

horizontal and vertical axes are the first and the second principal axes.

Difference between temporal deformations of all parameters has been shown in Figure 7. 

We calculated the temporal deformation change between two time points and evaluated the 

corresponding difference. Positive value has been assigned inside, while negative represents 
outside with a view that higher temporal deformation difference will show high contrast. Our 

Figure 5. stSSM mean shape (a) 40 years (b) 50 years (c) 60 years (d) 70 years, and (e) 80 years.
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study shows that when FWHM of Gaussian function is set to a value smaller than 15, it shows 
larger difference in comparison with FWHM higher than 15 where it is not represented. This 
observation leads to an optimum value of weight parameter between 10 and 15. Constructed 
stSSM for specific age is shown in Figure 8.

The proposed method was evaluated by generalization ability according to leave-one-out cross 

validation (LOOCV) procedure. Generalization ability evaluates the performance of representing 

Figure 6. Spatiotemporal statistical shape model of adult brain. The horizontal and vertical axes are the first and the 
second principal axes.

Figure 7. Temporal difference with changing variance.
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new acceptable models. First, data of the evaluation subject were projected into stSSM of the 

evaluation subject’s age. Next, brain shape of evaluation data was reconstructed, and compared 

with the original data. Evaluation criteria used in this study was Jaccard Index (J.I.). To restrict 
the allowed variation to plausible shapes, weight parameter is assigned to a certain interval. 

Mean ± standard deviation of generalization ability with different Gaussian distribution func-

tion has also calculated. Overall, FWHM value 15 achieves the best prediction result which 
closely follows observation-based optimum value of weight parameter between 10 and 15.

6. Conclusion

Nowadays, statistical shape models have become an exciting robust tool for shape represen-

tation of medical images. The use of both 2D and 3D models appeared into the scenario in 
recent years. In this chapter, we introduced a 3D stSSM for brain MRI data. The presented 
method allows the characterization of typical deformation patterns and subject-specific shape 
changes in repeated time-series observations of several subjects. The modeling performance 

was observed by optimizing variance. This study can be seen as an extension of the usual 

statistical shape model of scalar measurements to high-dimensional shape or image data. 

From the analysis of difference between all parameters of temporal deformation, we can draw 
a conclusion toward optimum value of FWHM.

We believe that the discussed method of this chapter enables the automatic construction 

of statistical models in 3D and is not limited to the brain but can be applied to other ana-

tomical structures such as the heart or liver. The spatiotemporal statistical shape model 

has a wide number of possible applications primarily in segmentation and morphometry. 

Another potential application of this method lies in the use of statistical modes of varia-

tion as a priori knowledge for image registration. We are currently working on this idea 

which uses the modes of variation from predefined weight parameter to provide a more 

Figure 8. Spatiotemporal statistical shape model of adult brain. The horizontal and vertical axes are the first and 
the second eigenvectors. The individual brain shape variety is synthesized within a range of −1σ to +1σ at the first 
eigenvector (horizontal) and −0.50σ to +0.50σ at the second eigenvector (vertical) with a step of 0.50. σ is the standard 

deviation in the training data along each eigenvector.
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compact parameterization of stSSMs. This may be specifically useful for intersubject analy-

sis tasks where these modes of variation can be learnt from a sample population of subjects 

as shown in this chapter.

Another potential scope is the morphometric comparison of differences between groups 
of subjects. Currently available morphometric methods can be classified into voxel-based 
[24, 25] or deformation-based methods [26, 27]. Mostly, voxel-based methods depend on a 

global registration between subjects followed by a statistical analysis of tissue differences 
to differentiate between groups of subjects. On the other hand, deformation-based meth-

ods use the information encoded in the deformation to describe the anatomical variability 

between groups. Future work will include investigation whether statistical shape models 

can be used as a deformation-based morphometric tool to characterize shape differences 
between groups of normal and AD subjects.

Ethical approval

All applicable international, national, and/or institutional guidelines for the care and use of 

animals were followed. This study does not contain uninformed patient data.

Acknowledgements

This work was supported in part by JSPS Grant-in-Aid for Scientific Research on Innovative 
Areas (Multidisciplinary Computational Anatomy) JSPS KAKENHI Grant Number 17H05304.

Conflict of interest

The authors of this chapter declare that they have no conflict of interest.

Author details

Saadia Binte Alam* and Syoji Kobashi

*Address all correspondence to: saadiabinte@iee.org and kobashi@eng.u-hyogo.ac.jp

Graduate School of Engineering, University of Hyogo, Japan

References

[1] Kelemen A, Székely G, Gerig G. Elastic model-based segmentation of 3-D neurological 
data sets. IEEE Transactions on Medical Imaging. 1999;18:828-839

Spatiotemporal Statistical Shape Model Construction for the Observation of Temporal Change…
http://dx.doi.org/10.5772/intechopen.80592

39



[2] Leventon ME, Grimson WEL, Faugeras O. Statistical shape influence in geodesic active 
contours. In: Proceedings of Conference on Computer Vision Pattern Recognition. 2000. 
pp. 316-323

[3] Cremers D, Schnörr C, Weickert J. Diffusion-snakes combining statistical shape knowl-
edge and image information in a variational framework. In: Proceedings on IEEE 
Workshop Variational Level Set Methods. 2001. pp. 137-144

[4] Wang Y, Staib LH. Elastic model based nonrigid registration incorporating statistical 

shape information. In: Proceedings of 1st Conference on Medical Image Computing and 
Computer-Assisted Intervention (MICCAI’98). 1998. pp. 1162-1173

[5] Styner M, Gerig G. Medical models incorporating object variability for 3-D shape analy-

sis. In: Proceedings of 17th International Conference on Information Processing Medical 
Imaging. 2001. pp. 502-516

[6] Golland P, Grimson WEL, Shenton ME, Kikinis R. Small sample size learning for shape 
analysis of anatomical structures. In: Proceedings of 3rd International Conference on 

Medical Image Computing Computer-Assisted Intervention. 2000. pp. 72-82

[7] Davis CA. Deformation analysis for shape based classification. In: Proceedings of 17th 
International Conference on Information Processing Medical Imaging. 2001. pp. 517-530

[8] Frangi AF, Rueckert D, Schnabel JA, Niessen WJ. Automatic construction of multiple-
object three-dimensional statistical shape models: Application to cardiac modeling. IEEE 
Transactions on Medical Imaging. 2002;21:1151-1166

[9] Rueckert D, Sonoda LI, Hayes C, Hill DLG, Leach MO, Hawkes DJ. Non-rigid registra-

tion using free-form deformations: Application to breast MR images. IEEE Transactions 
on Medical Imaging. 1999;18:712-721

[10] Subsol G, Thirion JP, Ayache N. A scheme for automatically building three-dimensional 
morphometric anatomical atlases: Application to a skull atlas. Medical Image Analysis. 
1998;2(1):37-60

[11] Besl PJ, McKay ND. A method for registration of 3-D shapes. IEEE Transactions on 
Pattern Analysis and Machine Intelligence. 1992;14:239-256

[12] Durrleman S, Pennec X, Trouvé A, Braga J, Gerig G, Ayache N. Toward a comprehen-

sive framework for the spatiotemporal statistical analysis of longitudinal shape data. 

International Journal of Computer Vision. 2013;103(1):22-59

[13] Joshi SC. Large Deformation Diffeomorphisms and Gaussian Random Fields for Stati-
stical Characterization of Brain Sub-Manifolds [Ph.D.]. St. Louis, MO: Department of 
Electrical and Systems Engineering, Washington Univ.; 1998

[14] Gee JC, Bajcsy RK. Elastic matching: Continuum mechnanical and probabilistic analysis. 
In: Brain Warping. 1998;2:183-197

Non-Invasive Diagnostic Methods - Image Processing40



[15] Osher S, Sethian JA. Fronts propagating with curvature-dependent speed: Algorithms 
based on Hamilton–Jacobi formulation. Journal of Computational Physics. 1988; 
79(1):12-49

[16] Malladi R, Sethian J, Vemuri B. Shape modeling with front propagation: A level set 
approach. IEEE Transactions on Pattern Analysis and Machine Intelligence. 1995; 
17(2):158-174

[17] Pohl KM, Fisher J, Shenton M, McCarley RW, Grimson WEL, Kikinis R, Wells WM. 
Logarithm odds maps for shape representation. In: Proceedings of International 
Conference on Medical Image Computing and Computer-Assisted Intervention. 2006. 
pp. 955-963

[18] Cremers D, Rousson M, Deriche R. A review of statistical approaches to level set segmen-

tation: Integrating color, texture, motion and shape. International Journal of Computer 
Vision. 2007;72(2):195-215

[19] Andersson JLR, Jenkinson M, Smith S. Non-Linear Registration, Aka Spatial Normali-

sation, FMRIB Technical Report TR07JA22007. pp. 1-21

[20] Heimann T, Meinzer HP. Statistical shape models for 3D medical image segmentation: 
A review. Medical Image Analysis. 2009;19(4):543-563

[21] Alam SB, Nakano R, Kobashi S. Brain age estimation using multiple regression analysis 

in brain MR image. International Journal of Innovative Computing, Information and 
Control. 2016;12(4):1385-1396

[22] Bailey S. Principal component analysis with noisy and/or missing data. Astronomical 

Society of the Pacific. 2012;124:919

[23] http://www.oasis-brains.org/

[24] Ashburner J, Friston KJ. Voxel-based morphometry—The methods. NeuroImage. 2000; 
11(6):805-821

[25] Bookstein FL. ‘Voxel-based morphometry’ should not be used with imperfectly regis-

tered images. NeuroImage. 2001;14(6):1452-1462

[26] Ashburner J, Hutton C, Frackowiak R, Johnsrude I, Price C, Friston K. Identifying global 
anatomical differences: Deformation-based morphometry. Human Brain Mapping. 1998;6: 
638-657

[27] Chung MK, Worsley KJ, Paus T, Cherif DLCC, Giedd JN, et al. A unified statistical 
approach to deformation-based morphometry. NeuroImage. 2001;14(3):595-606

Spatiotemporal Statistical Shape Model Construction for the Observation of Temporal Change…
http://dx.doi.org/10.5772/intechopen.80592

41




