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ABSTRACT 

 
We propose a novel fluid image registration strategy based on an 
information-theoretic measure, the Jensen-Rényi Divergence 
(JRD) of two images.  We modified the definition of JRD, which is 
based on the joint histogram of two images, to develop a 
variational approach in which driving forces are applied 
throughout the deforming image to maximize the JRD between it 
and the target image. A viscous fluid regularizer was applied to 
guarantee diffeomorphic (i.e., smooth, one-to-one) deformation 
mappings. The resulting partial differential equation (PDE) was 
solved iteratively by convolving the applied force field with the 
Green’s function of the linear differential operator [1].  The fluid 
JRD method provided accurate, robust correspondences for 
registrations requiring large deformations in 2D and 3D. Finally, 
we applied our algorithm to tensor-based morphometry (i.e. shape 
analysis) of 3D brain MRIs from 26 HIV/AIDS patients and 14 
matched healthy control subjects, showing that the algorithm can 
help identify subtle and clinically significant differences in brain 
structure. Detected white matter changes were correlated with 
cognitive impairment in AIDS. These techniques may help 
measure and visualize disease burden in drug trials and in 
morphometric studies of degenerative brain disease. 
 

1. INTRODUCTION 
 
Image registration, or the alignment of one image with another, is 
often guided by quantitative measures of image similarity based on 
the statistical dependence of the voxel intensities. The mutual 
information (MI) [2] method has proved highly effective, and 
assumes that MI is maximal when the images are optimally 
aligned.  The parameters of the alignment transformation are 
typically tuned to maximize the MI.  The MI method has been 
successfully applied to rigid [2], non-rigid [3], and cross-modality 
registrations (e.g., MRI to PET or histologic images) [4].  
Hermosillo et al. [5] developed a variational formulation to 
maximize MI using a regularization functional borrowed from 
linear elasticity theory. This was further extended [6] to deal with 
large local deformations while maintaining one-to-one topology [7] 
using a viscous fluid model.  
    He et al. [8] were the first to apply the Jensen-Rényi divergence 
(JRD) to image registration. The concept of MI was generalized in 
a framework derived from Rényi’s α−entropy that allows an extra 
degree of freedom (α) in which MI (α = 1) is a special case.  They 
showed that it was more robust than MI for 2D inverse synthetic 
aperture radar (ISAR) image registrations involving translations, 
rotations and scaling.  

    In this paper, we modify the original definition of JRD to drive 
nonlinear image registration. JRD has been applied before to rigid 
registration by Pluim et al. [9] but the nonlinear case has not been 
studied.  We iteratively determine the driving force at each voxel 
such that the JRD between the deforming source and target images 
is maximized under the viscous fluid regularization [7].  We test 
how our algorithm performs on 2D and 3D images with different 
noise and intensity distributions. In a clinical application, we apply 
the JRD method to shape analysis of brain morphological changes 
in HIV/AIDS patients and normal controls. Tensor-based 
morphometry is used to map group differences and detect 
associations with clinical measures (cognitive impairment).     
 

2. METHOD 
 
2.1. Jensen-Rényi divergence 
 
If I  is a real-valued (continuous or discrete) random variable 
defined on a region of n

R , !"n , with probability density 
function )()( ii == IPp , the Rényi α−entropy is defined as [8] 
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which is exactly the mutual information as in [5] and [6]. 
 
2.2. Viscous fluid deformation and force field definition 
 
We followed the method of Christensen et al. [7], where the 
deforming template image was treated as embedded in a 
compressible viscous fluid governed by the Navier-Stokes equation 
for conservation of momentum, simplified to a linear PDE:  

  

! 

Lv = µ"2
v + (# + µ)"(" $ v) = F(x,u) . (4) 

Here v is the deformation velocity, and µ and! are the viscosity 
constants, set to 0.9 and 6.0 in all of the following experiments. A 
relatively high setting for !  is useful to penalize extreme volume 
distortions in the deforming template, and to keep any such 
distortions spatially smooth.  The velocity field vwas computed 
iteratively by convolving the force field with a filter kernel of size 
D, which is the Green’s function represented in terms of the 
eigenfunctions of the linear operator L [1].  A Fast Fourier 
transform was adopted to do this computationally expensive 
convolution. The deformationuwas obtained from v by Euler 
integration over time, and the deformed template image was 
regridded when the Jacobian determinant of the deformation 
mapping at any point in ux ! was smaller than 0.5.  We refer 
readers to [7] for details.        
    We adopted variational calculus methods [5][6] to define a force 
field ),( uxF such that )(u!D

 is maximized, and used 
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 The joint probability density function ),( 21 iip
u

was estimated by 

the Parzen window method [5]. We chose a Gaussian function with 
variance h2 as the Parzen kernel: 
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Inserting Eq (6) into (5) and rearranging as in [5] and [6], gives 
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3. RESULTS 

 
3.1. Parameter optimization   
 
We used simple Circle to “C” experiments, using geometrical 
shapes in 2D, to optimize the α value, using the Hausdorff distance 
(HD) between the isointensity contours as a measure of registration 
error between the deformed source and the target [10].  Given two 
point sets A and B, the Hausdorff distance H(A, B) ≡ max (h(A, B), 
h(B, A)), where 

! 

h(A,B) =max
a"A

min
b"B

|| a # b ||, and |||| ! represents 

Euclidean norm.  The Parzen parameter h was determined by the 
pseudo-likelihood method [2]. The maximum number of iterations 
was set to 350.  Convergence was declared when JRD was no 
longer monotonically increasing. Fig. 1 shows the HD at different 
α’s.  The source and the target used are shown in the middle row 
of Fig. 2.  When α ≥ 0.5, the HD with the JRD method is about 
equal to that (3 pixels) obtained by minimizing the sum of the 
squared differences (SSD). The best boundary correspondence 
occurs when !"  [0.85, 0.95]. The optimal α may differ for image 
pairs with more complex joint PDFs, but this experiment shows 
that values other than 1 (corresponding to mutual information) may 
be optimal even for simple images.  
 
3.2. Large deformation capability   
 
Fig. 2 shows how a 2D 256x256 image of a circle was registered to 
a “C” shape by maximizing the JRD.  Although this example is not 
designed to represent the deformation magnitude in a real case, the 
grids confirm that very large deformation of the source image is 
allowed by viscous fluid regularization (as in [7]). These fields 
were confirmed to be non-singular (i.e. no folding; Jacobian 
positive everywhere). Although the matching here could be 
realized by an infinite number of possible matching fields, and by 
cost functions other than JRD, the experiment shows that large 
deformations are within the “capture range” of the algorithm, and 
boundary correspondences are correctly achieved.  With the same 
parameters, our method yielded excellent registration accuracy in 
images with only black and white pixels (i.e., four nonzero points 
in the joint histogram), with multiple gray-levels, and in the 
presence of noise (HD = 4 pixels, compared to 6.3 pixels using 
SSD) (Fig. 2).  
 
3.3. 3D mapping and tensor-based morphometry 
 
We applied the JRD method to register 3D MRI brain images in a 
tensor-based morphometry application (TBM; see [11][12][13] for 
related work). We showed that subtle and distributed patterns of 
atrophy in HIV/AIDS could be detected and quantified 
automatically. Briefly, we applied the JRD-fluid method to 
compute a set of deformation tensor maps [14] to map profiles of 



atrophy in disease relative to normal healthy controls. 26 AIDS 
patients (age: 47.2±9.8 years; 25M/1F; CD4+ T-cell count: 
325.0±233.5 per µl; log10 viral load: 2.57±1.28 RNA copies per ml 
of blood plasma) and 14 HIV-seronegative controls (age: 
37.6±12.2 years; 8M/6F) underwent 3D spoiled gradient recovery 
(SPGR) anatomical brain MRI scans (256x256x124 matrix, 
TR=25, TE=5, slice thickness 1.5mm) as part of a comprehensive 
neurobehavioral evaluation. All patients met Center for Disease 
Control criteria for AIDS, and were designated as having no, mild, 
or moderate neuropsychological impairment based on a factor 
analysis of a broad inventory of motor and cognitive tests 
performed by a neuropsychologist (J.T.B.; see [15] for details). No 
patient had HIV-associated dementia. The MRI brain scan of each 
subject was co-registered, without scaling, to the ICBM53 average 
brain template, after removal of extracerebral tissues (e.g. scalp, 
meninges, brainstem and cerebellum). To save computation time 
and memory requirements, the source and the target images were 
filtered with a Hann-windowed sinc kernel, isotropically 
downsampled by a factor of 2, and registered to a typical control 
subject’s image by maximizing the JRD. (As in [11], we preferred 
registration to a typical control image versus a multi-subject 
average intensity atlas as it had sharper features; template 
optimization for TBM is the subject of further on-going study). 
The resulting deformation field was trilinearly interpolated to drive 
the source image towards the target at the original resolution to 
obtain the warped image.  Fig. 3 shows an example 3D mapping.  
The shape of gyri, corpus callosum, and ventricles are well 
matched.  The Jacobian determinant of the deformation field was 
used as a local index of tissue expansion (Jacobian > 1) or 
shrinkage (Jacobian < 1) relative to the target [14].  Each voxel 
was assigned a Student’s t statistic value (Fig. 4, upper row) to 
visualize the tissue atrophy (negative values), based on the 
difference between the mean log(Jacobian) of the AIDS and the 
control group (with 37 degrees of freedom).  We chose 
log(Jacobian) because its null distribution is closer to Normal than 
that of the Jacobian determinant, which is skewed and bounded 
below by zero [16][17]. The corresponding probability map (Fig. 
4, bottom row) was obtained using analysis of covariance 
(ANCOVA) voxelwise, with subjects’ age as an additional 
covariate. Spearman’s rank test was applied at each voxel to 
identify regions where white matter atrophy correlated with 
neuropsychological impairment (coded with a three-valued 
variable corresponding to no (0), mild (1), or moderate (2) 
impairment).  Overall significance was assessed by permutation 
methods [18] to correct for multiple comparisons.  Statistical 
testing was performed on each random permutation of subjects’ 
labels (“disease” or “control” in ANCOVA, or impairment severity 
in the correlation test) to construct a null distribution for the 
number of voxels more significant than a fixed primary threshold 
(set to 0.01).  The omnibus probability was determined by 
comparing the number of suprathreshold voxels in the true labeling 
to the permutation distribution. We detected significant brain tissue 
atrophy (P < 0.039; permutation test) bilaterally in the basal 
ganglia, thalamus, in white matter innervating primary 
sensorimotor areas, and in basal and medial frontal lobes (Fig. 4). 
Fig. 5 visualizes regions where white matter atrophy correlated 
with cognitive impairment (P = 0.033; permutation test).  These 
pathological changes may underlie early cognitive dysfunction in 
AIDS patients, and may precede the development of AIDS 
dementia complex. 
 
 

4. CONCLUSIONS 
 

The JRD method shows considerable promise for fluid image 
registration in terms of boundary correspondence, robustness to 
noise, and utility for clinical studies.  Our algorithm is applicable 
to various 2D and 3D geometric shapes and real MRI images as 
shown here by mapping abnormal brain morphology in HIV/AIDS 
patients relative to normal controls.  In future, we will evaluate our 
method with registrations of multi-modal clinical images, and 
perform more detailed validations systematically comparing JRD 
and MI on MRI and PET data. 
 
 

 
Fig. 1. Hausdorff distance between isointensity contours of the 
deformed source and the target (same as those in the middle row of 
Fig. 2), for different values of α in the cost functional (Jensen-
Rényi divergence) used to align the images.  Hausdorff distances 
before deformation (black line) and after transformation by 
minimizing the summed squared intensity differences (SSD; green 
line) are plotted for reference. (SSD is a simpler cost functional, 
often used in linear and nonlinear image registration.)  
 

 
Fig. 2. Circle to “C” experiments using JRD with α = 0.85.  From 
left to right: source, target, source deformed to match target, the 
deformation applied to a rectangular grid with or without the 
deformed source.  Top row: binary images.  Middle: gray-level 
images with intensity of the central layer set equal to 255 and 
reduced by 15 layer by layer.   Bottom: test images same as the 
middle row showing good performance with Gaussian noise added 
to the source image (SNR = 1.92 dB).   
 



 
Fig. 3.  3D registration by the JRD method, showing that the shape 
of gyri, corpus callosum, and ventricles are well matched.  To 
better visualize the 3D deformation field, a colored grid was 
superimposed on the registered image – red and blue colors 
represent deformation orthogonal to the midsagittal plane of the 
brain (out of the page). 
 

Fig. 4.  Visualization of brain tissue loss in HIV/AIDS.  Negative 
t values (upper row) indicate bilateral local atrophy in the basal 
ganglia, thalamus (a and c), in white matter innervating primary 
sensorimotor areas, and in basal and medial frontal lobes (b).  To 
detrend the confounding effect of subjects’ age, ANCOVA – with 
age and diagnosis as test variables - was used to obtain the 
significance map (bottom row).  
 

 
Fig. 5. Greater white matter atrophy is associated with greater 
cognitive impairment, in (a) posterior cingulate, medial and basal 
frontal lobes, and (b) primary and association sensorimotor areas, 
tested by Spearman’s (non-parametric) rank correlation. This 
analysis was performed within the HIV/AIDS patient group only.  
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