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Abstract. Groupwise registration has been recently introduced for simultaneous 
registration of a group of images with the goal of constructing an unbiased at-
las. To this end, direct application of information-theoretic entropy measures on 
image intensity has achieved various successes. However, simplistic voxelwise 
utilization of image intensity often neglects important contextual information, 
which can be provided by more comprehensive geometric and statistical fea-
tures. In this paper, we employ attribute vectors, instead of image intensities, to 
guide groupwise registration. In particular, for each voxel, the attribute vector is 
computed from its multiple-scale neighborhoods to capture geometric informa-
tion at different scales. Moreover, the probability density function (PDF) of 
each attribute in the vector is then estimated from the local neighborhood, pro-
viding a statistical summary of the underlying anatomical structure. For the 
purpose of registration, Jensen-Shannon (JS) divergence is used to measure the 
PDF dissimilarity of each attribute at corresponding locations of different indi-
vidual images. By minimizing the overall JS divergence in the whole image 
space and estimating the deformation field of each image simultaneously, we 
can eventually register all images and build an unbiased atlas. Experimental re-
sults indicate that our method yields better registration quality, compared with a 
popular groupwise registration method. 

1   Introduction 

Image registration has been one of the focuses in medical imaging research for dec-
ades. It is a key step for many medical image analysis based applications, since inter-
subject comparison cannot be performed without first normalizing all images onto a 
common space. To this end, though a lot of methods have been reported, most of 
them are, however, pairwise in nature, where a floating image is warped to the space 
of a fixed image. When pairwise approaches are directly applied to a population of 
images, one subject needs to be selected in advance as the fixed image, to which all 
other images can be registered. This manual determination inevitably biases the regis-
tration and also subsequent analysis. In light of this, recently proposed groupwise 
registration algorithms consider the image population as a whole, by simultaneously 
deforming all individual images impartially, with the final goal of constructing an 
atlas which describes the population in an unbiased manner [1][2]. Inferences drawn 
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using an unbiased atlas can be expected to be more objective, and reflect more accu-
rately the population characteristics.  

Several groupwise registration methods have been proposed in literature. Joshi et 
al. [3] extends a large deformation diffeomorphic mapping algorithm [4] to work in a 
groupwise manner for unbiased atlas construction. A congealing framework [5] based 
groupwise registration scheme is proposed in [6], where intensity based entropy 
drives a gradient-based stochastic optimizer and pushes each image to the population 
center simultaneously. This method, which originally works for affine transformation 
only, is further extended by Balci et al. [7] to incorporate B-Splines to model non-
rigid deformation. The objective function, called stack entropy in [6] and [7], meas-
ures the compactness of the intensity distribution for a certain voxel location across 
different subjects. Similar to the popular entropy based metrics used in pairwise regis-
tration (e.g., mutual information [8][9]), the current formulation of stack entropy 
considers image intensity as the only feature, and discards local contextual informa-
tion that can be provided by the voxel neighborhood. Moreover, each voxel contrib-
utes equally to the metric, regardless of its anatomical properties.  

In this paper, we propose a novel groupwise registration algorithm, which utilizes 
multi-scale attribute vectors, rather than only image intensities, as feature descriptors. 
To better capture the variability of each attribute in the attribute vector, its probability 
density function (PDF) is further estimated from the neighborhood. Then, the registra-
tion algorithm aims to minimize the overall PDF divergence of attribute vectors at 
each corresponding location across different images. Finally, all the images are 
groupwisely registered onto a common group mean. Experimental results indicate that 
our method yields better registration quality and outperforms Balci’s method [7]. 

2   Method 

Multi-scale attribute vectors are used as voxel anatomical signatures to guide group-
wise registration. For a given voxel location, the probability density function (PDF) of 
each attribute in the vector is estimated from the neighborhood of the voxel. The ob-
jective of our groupwise registration is then to minimize the overall PDF divergence 
of the whole attribute vector, across different subjects, and for each voxel location. 
The final result is the registration of all images onto a common space defined by the 
estimated atlas. We will describe our method in more details in the following sections. 

2.1   Attribute Vectors and Their Statistical Descriptions 

In medical image analysis, it is important to build anatomical models that take into 
account the underlying anatomy, rather than only the similarity of image intensities. 
Moreover, brain images have intrinsically high anatomical variation, and hence more 
complex descriptors are needed to fully exploit the structural information. This moti-
vates the utilization of more descriptive features, which take into consideration the 
different shapes and sizes of anatomical details. 

Attribute vectors can capture rich anatomical information, and have been success-
fully applied to achieve accurate pairwise registration [10]. The composition of the  
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Fig. 1. Attribute vectors at the voxel location. Attribute vectors at the same corresponding 
location across all subjects form an attribute stack. PDF vectors and PDF stacks are further 
produced, providing statistical descriptions of attributes in the neighborhood of voxel. 

attribute vector is quite flexible and can be easily fine-tuned to cater for different 

applications. As shown in Fig. 1, we formulate an attribute vector at voxel location  

of the -th image as , where D denotes the number of attributes 
in the vector. Each attribute  is a scalar and describes a specific feature, which 
can constitute the voxel intensity, and also more contextual features such as gradient 
and directional derivatives. It is, however, worth noting that if the attribute is derived 
from only a single voxel, the attribute vector can be susceptible to imaging noise and 
anatomical ambiguity. A better approach is to include attributes which describe con-
textual information of each voxel by considering its neighborhood. Attributes as such 
are more robust to imaging noise and can be expected to improve the robustness of 
the registration. Attributes at the same location across all the subjects then form an 
attribute stack (as shown in Fig. 1), and we note here that the attribute vectors are 
always compared stack-wise.  

The optimal composition of attribute vectors is related to the specific application. 
Though complicated features could bring potential benefits to groupwise registration, 
simple attributes can greatly save computational time, which is critical to groupwise 
registration where many images need to be handled simultaneously. Therefore, in our 
study here, only intensities and gradients (calculated in multiple-scale neighborhoods) 
are used to form the attribute vector, though more complex attributes (i.e., moments 
[10]) can be incorporated in future. It is demonstrated in the following experiments 
that sufficiently good performance can be achieved via simple attribute vectors. 

To increase the robustness of groupwise registration, a statistical description, in the 
form of PDF, is estimated for each voxel by considering its neighborhood. And for 
each attribute vector, we define its corresponding PDF vector. A simple but effective 
means of estimating PDF ,  where   is a random variable, for the attribute 

, is by evaluating the histograms of neighboring attribute values around the voxel 
location . A Gaussian kernel is then used to smooth the histogram. With the PDFs 
estimated for all attributes in the attribute vector, we can define the PDF vector as 

,  elements of which now replace roles of scalar attributes 
 in the groupwise registration. 
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2.2   Jensen-Shannon Divergence and PDF Stack Divergence 

Jensen-Shannon (JS) divergence [11] is an information-theoretic quantity for measur-
ing the dissimilarity or the distance of two probability distributions. JS divergence 
was later adopted in [12] for groupwise registration of different point sets. The  
approach taken was based on the global PDF of each point set. We take a different 
approach by applying JS divergence on local PDFs, instead on a single global distri-
bution. Noting that the PDF stack for the j-th attribute at the location  of N different 
images is ,  then, the local JS divergence for the PDF stack, or 
PDF stack divergence, can be written as: 

 

(1) 

where   is the Shannon entropy with respect to random variable , and each 
individual image is weighted with equal prior (ͳ ܰ⁄ ). By rewriting (1) as: ܵܬ௝௫ ൌ ͳܰ ෍න݄௝௜ǡ௫ሺݒሻ ڄ ��� ݄௝௜ǡ௫ሺݒሻ∑ ݄௝௦ǡ௫ሺݒሻ ܰ⁄ே௦ୀଵ ேݒ݀

௜ୀଵ  

(2) 

we can observe that the local JS divergence for a specific PDF stack measures the 

variation of the PDFs from the mean PDF, obtained by averaging the PDFs across  
different subjects.  

2.3   Overall JS Divergence 

We then formulate the overall JS divergence based on all local PDF stack diver-
gences. It is worth noting that different attributes in the vector are usually orthogonal 
(e.g. different directional derivatives) or statistically independent (e.g. intensity and 
gradient). To ensure measurements of local PDF stack divergences at different loca-
tions are minimally correlated, the locations for consideration are randomly and 
sparsely sampled from the image space. Therefore, the overall JS divergence, as the 
objective function of our groupwise registration algorithm, can be represented by the 
linear combination of PDF stack divergences of all attributes and all voxel locations 
in the image volume, that is: 

 
(3) 

where  is the empirically determined weighting factor for the j-th attribute and 
complies to ∑ ௝௝ݓ ൌ ͳ. Suppose   represents the new location transformed from  
for the i-th image ( ), groupwise registration is achieved by minimizing 
the overall JS divergence in (3) through a gradient based optimization approach, fol-
lowing: 

 
(4) 
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Generally, the optimization framework similar to [7] can be adopted. The B-Spline 
deformation model is employed in our method to represent the spatial deformation 

fields . The optimizer will simultaneously estimate individual transformations for 
all images, through minimizing Equation (3). The mean identity transformation con-
straint is enforced to solve the global drift issue. To avoid local minima, which are quite 
prone to happen in a high degrees-of-freedom (DOF) optimization problem, a multi-
resolution strategy is employed. The attribute vectors and their corresponding PDF 
vectors are computed at different scales. At a coarser level, the optimization problem is 
effectively reduced to a lower DOF version, and many local minima can be avoided. 
The registration is progressively refined as the finer resolutions are considered. 

3   Experimental Results 

We have employed the NA0 Database [13] to demonstrate the capability of our 
method. In the dataset, there are 16 individual brain MR images, each of which has 32 
manual anatomical labels. Balci’s method [7] is used as a benchmark since it is open-
source and is freely available in ITK. Also, it is worth mentioning that our method is 
implemented by modifying Balci’s method in ITK, so that the improvement yielded 
by the utilization of attribute vectors can be quantified. For fair comparison, we use 
the same multi-resolution registration strategy (three resolutions) and the same con-
figuration (DOF of transformations and number of iterations) for both Balci’s method 
and our method. After groupwise registration, all aligned images are averaged vox-
elwise to form the group mean which defines a common space.  

To quantify the performance, we calculate the intensity residual errors between 16 
aligned images and their group mean. Then, an averaged standard deviation volume for 
the 16 images is produced. In Fig. 2 (a) and (b), same slices of the residual error volumes 
are shown at different resolutions for visual comparison. Results yielded by our method 
are generally darker, especially in areas marked by the ovals, implying lower residual 
errors. It is worth noting that higher residual errors are more likely to happen near the 
cortical region, where the inter-subject anatomical variability is generally higher. Lower 
residual errors usually mean that images are better aligned, and imply higher registration 
accuracy. The distributions of the residual errors are also shown in Fig. 2 (c). Unsurpris-
ingly, our method yields a distribution with peaks moved closer to zero. In fact, the aver-
age of residual errors provided by our method is 3.56% lower than that of Balci’s method. 
Given that the same number of iterations and similar computation time is used, the im-
provement brought about by our method in terms of residual errors is attractive. 

The ability to establish correspondences of the same anatomical structures from 
different brains is essential for consistent groupwise registration. We can quantita-
tively measure this by utilizing the estimated transformation for each image to warp 
the manually delineated anatomical labels to the common space, and then compare the 
overlap rates of these labels. The overlap rate utilized here is the Jaccard coefficient, 
which is defined as the ratio between the size of the region of intersection to the size 
of the regional union of a registered image and the mean image. In Fig. 3, we provide 
the average overlap rates for all 32 labels, produced via Balci’s method and our 
method, respectively. Our method shows improvement in all 32 labels, with an aver-
age of 2.45% increase, implying that more consistent correspondence matching can be 
achieved using our method. 
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Fig. 2. Comparison of residual errors after groupwise registration via two different methods. (a) 
and (b): Our method (blue) produces lower errors than Balci’s method (red), (c): The distribu-
tions of residual errors yielded by the two methods. 
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Fig. 3. Our method produces higher overlap rates than Balci’s method in all 32 labels. The 
green bars represent the percentage of improvement by our method, relative to Balci’s method. 
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Fig. 4. Corresponding slices are selected from the images registered via Balci’s method (a) and 
our method (b), respectively. Ventricles in row (b) are more similar to each other than those in 
row (a), especially for the locations indicated by arrows. 

Furthermore, our method could better align anatomical structures in groupwise reg-
istration. For example, as shown in Fig. 4, we provide the same slices of 6 images 
selected from previously registered 16 images. The rows of (a) and (b) in Fig. 4 show 
the results produced via Balci’s method and our method, respectively. As indicated by 
arrows, images registered by our method are much consistent than those yielded by 
Balci’s method. In particular, ventricles in row (b) are more similar to each other than 
those in row (a). 

4   Conclusion 

In this paper, we have presented a novel groupwise registration method. Our method 
employs attribute vectors as anatomical signatures of voxels. We then estimate the 
PDF of each attribute at a certain voxel location from its neighborhood. Across differ-
ent images, the dissimilarity of the PDF stack is further measured by the JS diver-
gence. We can finally achieve groupwise registration by minimizing the overall JS 
divergence in a multi-resolution manner. Experimental results indicate that our 
method can yield better registration results than Balci’s method, using the same im-
plementation freely available in ITK. 

 
Acknowledgments. This work is supported by NIH grants 1R01EB006733 and 
1R01EB009634. 

References 

1. Zitová, B., Flusser, J.: Image Registration Methods: A Survey. Image and Vision Comput-
ing 21, 977–1000 (2003) 

2. Crum, W.R., Hartkens, T., Hill, D.L.G.: Non-rigid Image Registration: Theory and Prac-
tice. The British Journal of Radiology 77, S140–S153 (2004) 



 Attribute Vector Guided Groupwise Registration 663 

 

3. Joshi, S., Davis, B., Jomier, M., Gerig, G.: Unbiased Diffeomorphic Atlas Construction for 
Computational Anatomy. NeruoImage 23, S151–S160 (2004) 

4. Miller, M.I., Younes, L.: Group Actions, Homeomorphisms, and Matching: A General 
Framework. International Journal of Computer Vision 41, 61–84 (2001) 

5. Learned-Miller, E.G.: Data Driven Image Models through Continuous Joint Alignment. 
IEEE Trans. Pattern Analysis and Machine Intelligence 28, 236–250 (2006) 

6. Zöllei, L., Learned-Miller, E., Grimson, E., Wells, W.: Efficient Population Registration of 
3D Data. In: Liu, Y., Jiang, T.-Z., Zhang, C. (eds.) CVBIA 2005. LNCS, vol. 3765, pp. 
291–301. Springer, Heidelberg (2005) 

7. Balci, S.K., Golland, P., Wells, W.M.: Non-rigid Groupwise Registration using B-Spline 
Deformation Model. In: Workshop on Open-Source and Open-Data for 10th MICCAI, pp. 
105–121 (2007) 

8. Maes, F., Collignon, A., Vandermeulen, D., Marchal, G., Suetens, P.: Multi-modality Im-
age Registration by Maximization of Mutual Information. IEEE Trans. Medical Imag-
ing 16, 187–198 (1997) 

9. Wells, W.M., Viola, P., Atsumi, H., Nakajima, S., Kikinis, R.: Multi-modal Volume Reg-
istration by Maximization of Mutual Information. Medical Image Analysis 1, 35–51 
(1996) 

10. Shen, D., Davatzikos, C.: HAMMER: Hierarchical Attribute Matching Mechanism for 
Elastic Registration. IEEE Trans. Medical Imaging 21, 1421–1439 (2002) 

11. Lin, J.: Divergence Measures Based on the Shannon Entropy. IEEE Trans. Information 
Theory 37, 145–151 (1991) 

12. Wang, F., Vemuri, B.C., Rangarajan, A., Eisenschenk, S.J.: Simultaneous Nonrigid Regis-
tration of Multiple Point-Sets and Atlas Construction. IEEE Trans. Pattern Analysis and 
Machine Intelligence 30, 2011–2022 (2008) 

13. Christensen, G.E., Geng, X., Kuhl, J.G., Bruss, J., Grabowski, T.J., Pirwani, I.A., Vannier, 
M.W., Allen, J.S., Damasio, H.: Introduction to the Non-rigid Image Registration Evalua-
tion Project (NIREP). In: Pluim, J.P.W., Likar, B., Gerritsen, F.A. (eds.) WBIR 2006. 
LNCS, vol. 4057, pp. 128–135. Springer, Heidelberg (2006) 

 


	Attribute Vector Guided Groupwise Registration
	Introduction
	Method
	Attribute Vectors and Their Statistical Descriptions
	Jensen-Shannon Divergence and PDF Stack Divergence
	Overall JS Divergence

	Experimental Results
	Conclusion
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 600
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice




