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ABSTRACT as a measure of how well a given intensity distribution matches
a template distribution. We model the presence of unwanted
intensity variation a§) = F'I + n whereO is the observed
image,F’ is a multiplicative intensity corruptiom, is acqui-
sition noise and is the desired “correct” image. For our
purposesy: is considered to be of a high spatial frequency
relative toF" and of low magnitude relative tb. We there-
fore neglect the effect of. Our desired result is therefore
I ~ F~'0. We necessarily constrain our estimateg-of!
to be of low spatial frequency. This provides a solution that
improves the clustering of global image statistics while pre-
serving the local contrast that defines the anatomical bound-
&ries of interest and avoiding amplifying noise.

We solve for a field of intensity adjustment parameters
F~! such that the Kullback-Leibler divergence between the
adjusted source and target data sets is minimized:

We describe a novel algorithm for altering global in-
tensity statistics of magnetic resonance images (MRI) to
fit a model distribution while preserving local feature con-
trast. Our algorithm estimates a multiplicative correction
field that alters the intensity statistics of an image or set of
images to best match those of a model. This is achieved
by minimizing the Kullback-Leibler divergence between the
observed and desired intensity distributions. This proce-
dure is effective for the discovery and removal of unde-
sirable intra-individual and inter-individual signal intensity
changes caused by developmental processes, disease pr
cesses or MR scanner intensity artifacts. Ultimately our
goal is to improve the quality of segmentations obtained
by classification of tissues on the basis of signal intensi-
ties by removing undesirable signal differences both within
a subject, where tissue of the same composition may ap-
pear differently in different parts of the acquisition volume, arg min Zpklogg (Pr/qx) (1)
and between subjects in cases where both inter-subject and e
inter-acquisition variability are confounds. Validation ex-
periments with synthetic data indicate the algorithm can suc-Wherepy, is the probability of occurrence of signal intensity
cessfully remove typical signal intensity inhomogeneities, Statek in the corrected imagé’'O andgy, is the proba-
and illustrative results demonstrate successful intensity nor-bility of occurrence of signal intensity statein the target
malization applied to a segmentation problem. model M.

1. INTRODUCTION 2. METHODS

MR signal intensity properties depend strongly upon the
underlying tissue type, but also upon developmental pro-
cesses, disease progression and scanner-related intensity g§ecause no closed—form solution fBr ! exists, we use an
tifacts. These effects, combined with subject-related varia- jterative solution. Since we constraii! to be smoothly
tions, serve to confound segmentation procedures by blur-arying, we can solve for a sub-sampled version of the field,
ring the boundaries between tissue classes. F1. We extend an iterative solver, described below, with
We have developed a novel method fmrmalizingthe 3 multi-resolution framework in order to increase perfor-
intensities within an image to best match those of a modelmance and stabmty, while he|p|ng to enforce the smooth-
distribution. The Kullback-Leibler diVergence (KLD) is used ness constraint. We p|Ck a Subject whose intensity charac-

*This investigation was supported by a grant from the Whitaker Foun- teristics are appropriate for our application and generate the

dation and NIH grants R21 MH67054, R01 LM007861, P41 RR13218 and histogram of this subject's images as a model to which other
P01 CA671665. subjects will be matched.

2.1. Overview
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2.2. lterative Optimization a; =

We use an iterative scheme in order to solve for our correc-
tion field. A typical 256 x 256 x 110 voxel brain image
data set with typical voxel size (0.9375 mm, 0.9375 mm
1.5 mm) will result in a final subsampled correction field
F that is30 x 30 x 21 values. Because of the large num-
ber of parameters being optimized, and because the objec
tive function is reasonably expensive to calculate, we have
chosen the Simultaneous Perturbation Stochastic Approxi-
mation (SPSA) method for optimization [1, 2]. SPSA cal-
culates an approximation of the objective function gradi-
ent at each iteration and then adjusts the current solution .

wherec; controls the distance over which the gradient esti-
mate is made and; controls the size of the resulting step
' taken. A is an added parameter that allows for a more ag-
gressive value ofi, while avoiding instability during early
iterations. The decay parametetisand-~y, are set to 0.602
and 0.101, which was the starting point recommended in
[2].

After each iteration, the estimate of the solution param-
eter field7! is updated as:

-1 SN—1 ~
estimate according to the gradient estimate. Finite differ- Fo"=F;" —ag 5)
ences are used in generating the gradient estimate and the
SPSA method incorporates two “gain” sequences that serve 3 RESULTS

to shrink, as the iterations progress, the distance over which
thg finite differences are calculated as well as the size of theg 1 Segmentation of a cohort of subjects using a single
adjustment step taken. N model subject

Spall notes [1] that, under proper conditions, SPSA per-
forms with equivalent statistical accuracy to Keifer-Wolfowitz Our primary goal is to enable more efficient segmentation
[3] FDSA finite-difference approximation, but requires only of brain images. To illustrate the effect of normalization on
two evaluations of the objective function, regardless of the the segmentation process, we took a pool of seven subjects,
number of parameters being optimized. Keifer-Wolfowitz chose a single model subject, and normalized the other six
or Robbins-Munro methods generally require two evalua- subjects to the joint intensity characteristics of this model.
tions for eachparameter being optimized, so the computa- We used a fastNN classification algorithm [4], without any
tional cost savings of SPSA can be substantial. Spall alsoother filtering or removal of extra-cerebral structures, and
shows that with the proper choice of the perturbations uti- segmented the images into four tissue classes: background,
lized, this method is guaranteed to at least converge to agrey matter, white matter, and cerebrospinal fluid (csf). We
local minimum and can be modified to guarantee a global trained thekNN classification algorithm using data from the

minimum. model subject.
SPSA generates a gradient estim@gteat each iteration Figure 1 shows the result of this process. The left im-
i, as follows: age shows the derived classification when the technique is
applied, without per-subject training, to each of our six test
u(]?‘*l Faay) - u(ﬁ*l A scans. Due to the intensity differences between subjects,
gi(f‘;l) = s 17 s 1= 2) and between locations within a subject’s scan, the segmen-

2CiAi

hereu is the objective function. In our case(F; ') =
D(p(F;10) || p(M)) wherep(F;10) is the histogram of
the adjusted image (the original ima@emultiplied by our
current estimate of the adjustment figig'), p(M) is the
model histogram to which we are matching, abds the
K-L divergence.

tation is quite poor. The image on the right shows more ex-
pected results when the technique is applied, again without
per-subject training, to images that have been normalized to
the model subject.

3.2. Correction of intensity artifact using joint intensity
information

The gradient estimate is made across a perturbation of

the parameter fieIoﬁ;1 by +c¢;A;. Itis the nature ofA;

Figure 2 shows a plot of joint and marginal densities from

that guarantees convergence over a number of iterations. I$0mMe of our neonatal data. The joint histogram on the left

[2], Spall suggests that sampling the element&gffrom
a Bernoulli+1 distribution with+1 and—1 equally likely
and we have used this here;A; is therefore a vector of
ici.

The gain sequences are defined as follows:

c/i? ©)

c; =

shows the initial state of a dataset that suffered from a severe
intensity artifact within the SPGR channel. The histogram
in the middle shows the result after successfully normaliz-
ing the image to the subject model shown at right. Graphing
of specific features within the images showed that the inten-
sity artifact was removed from the SPGR channel and the
T2 channel was also modified, slightly, to better agree with
the model distribution. Additionally, we normalized syn-
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Fig. 1. Segmentation of axial PD MR images, from six different subjects, into tissue classes. Left is the result without per-
subject training of the classifier. Right is the corresponding images resulting from single-subject training of the classifier and
normalization of the remaining images to the single model subject.
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Fig. 2. joint (scatter) and marginal histograms (line). left: initial subject data; middle: corrected subject data; right: model
data

thetic images with added defects and found good agreemention, in our experience, given a model of the proper distri-
between the derived correction and the applied defect. bution. In our case, model generation is quite easy as it
simply requires collection of statistics from suitable images
and then the model can be reused. Our goal for this work,
however, is to allow for the generation of representative data
Viola first proposed the use of entropy of image intensities for a _g_iven subject population and then to train a statistical
in order to correct RF field inhomogeneity artifacts in MR lassifier on that model data. As we have shown, subsequent
images in [5]. Viola observes that the corrupting artifact subjects from a similar population could then be corrected,

serves to increase pixel entropy and this can be seen in théJSing our methoq, and segmented by a statistical classifier
histogram as a blurring together of the peaks from distinct that has been trained solely on the model data.

tissue classes. Mangin presented an entropy-minimization

method that uses a rapid simulated- annealing approach tq; 1 - Relationship to Other Works and Conclusion

solve for a correction field [6]. This seems to work quite

well for the removal of smoothly varying intensity artifacts Several authors have proposed methods for normalizing or
in single-band (e.g. single pulse-sequence MR) data. standardizing MR intensity values. Nlyand Udupa pro-

We have extended the idea of using entropy as an in-posed a method for generating a piecewise linear transfor-
trinsic measure to characterize a corrupting spread in inten-mation of intensities across images [7]. This method re-
sity distribution. The Kullback-Leibler divergence provides quires choices regarding the shape of the expected histogram,
a measure ofelative entropy and we exploit this to allow however the authors note that in practice only one or two
matching to a model intensity distribution. In the case of shapes occur. In a later publication, Madabhushi and Udupa
field-inhomogeneity artifact correction in single band data, provide evidence that correcting field inhomogeneity arti-
our method appears to work as well as entropy minimiza- facts should be done prior to intensity normalization [8].

4. DISCUSSION
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