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Abstract— Spatial intensity inhomogeneities (bias fields) caused fusing the resulting pair of data to improve the SNR of the
by effects such as signal attenuation and intensity saturation reconstruction.
make the segmentation of confocal image data particularly — There are several other factors that cause bias fields such

challenging. In nuclei-stained images of tissue sections, cells often_ . isiti fact 8 it £ illumiroati
reside on surface manifolds (ducts, vasculature) and contribute as image acquisition factors [8], variations of illumiruati

yet another source of inhomogeneity due to inhomogeneous€Xposure rate and spatially uneven distribution of dye [9].
penetration of fluorescent dyes through the biological specimen. Thus, it is very challenging to develop a correction methd t

Here we propose a mathematical model for correcting the s directly linked to the sources of heterogeneity. In thisrky
bias field that takes the location and local packing density of we correct inhomogeneity caused by the anisotropic packing

nuclei into account. The benefits of this bias estimation method . S . o
are illustrated using data taken from mouse tumor micro- density of cells in tissue matrices. Dense packing is olegserv

environment studies. Ground truth data, manually generated by Near salient structures (ducts, vasculature) or in diss@des
domain experts, are used to compare the proposed bias estimationsuch as cancer. These regions affect dye-penetrationntgadi
in combination with a state-of-the-art segmentation method. to relatively high stain concentrations. During acquisitithe
instrument point spread function (PSF) causes intensiiy- sa
ration to occur in these regions leading to bias fields. leas
. INTRODUCTION refer to Figure 1(a), especially the area marked within the

In experimental studies such as those involving the tumegtd circle. We observe that certain regions with high pagkin
micro-environment, interactions between cellular cdnstits have relatively higher intensity values recorded. Furtiue,
during signalling, normal development or disease paﬂ}omg’le contrast between nuclei and background is significantly
are important. Confocal laser scanning microscopy (CLSMjminished leading to poor signal-noise ratios (SNR).
is an essential and widely used tool for the three-dimemsion Vovk et al. [10] review the extensive literature on inhomo-
imaging method in these experiments. TH2 Bnages with geneity correction for MR datasets. Most methods are retro-
specific stains allows the delineation of cells and fine stmes SPective - completely based on the acquired image and some
such as ducts, vasculature and tissue layers. The proces®'is information about the imaged object. They are clasdifi
acquisition involves staining (or tagging) an entity-nferest into four categories - filtering, surface-fitting, segméiota
with histochemical and/or immunohistochemical markees thand histogram based. Of these, segmentation based comrecti
give a characteristic emission spectrum upon excitatiora bystrategies are the most prevalent owing to their dependamce
laser source. However, spatial intensity inhomogeneitieso image quality [11], [12]. Our approach can be categorized as
referred to as intensity bias fields, are observed in thecttl @ retrospective and segmentation based technique. Hawever
3D images. we work with confocal microscopy datasets, utilize a nusleu

A well-known manifestation of bias fields is observed aktensity model and packing distributions and do not avaa t
depth-dependent signal attenuation. Light transportutjino Use of anatomic atlases. In Section Ill, we compare our tesul
a specimen is fraught with photon absorption, refractioMith the EMSegmentlgorithm for MR image segmentation
scattering as well as spherical aberration effects [1].dgen that available in the NAMICSlicer3toolkit [12].
photon intensities exponentially decrease as image plarees Here we propose an image formation model that models
farther removed from the surface until a point is reachedrevhethe bias field in confocal images depending on the presence
the signal-noise ratio is abysmally low. The imaging degth Pf nuclei and their local packing density. The foregroungpma
therefore limited by this phenomenon. Several technigaes h @nd density estimates are integrated into a mathematiadéimo
been presented in literature that address axial intensity. | Of the imaging process which accounts for saturated regions
These techniques propose multiplicative correction factoand areas with poor contrast. Details are presented inosecti
for each image plane based on either a filtering [2]-[4] dF Nuclei foreground maps are estimated by correlatingrire
geometric approach [5], [6]. Caat al.[7] proposed a practical age data with a template that models the intensity distobut

solution by imaging the sample from opposite views anl@' @ nucleus which is stained with a fluorescent dye. 2-point
correlation functions (cfg are used as efficient estimators
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Fig. 1. (a) A confocal image plane drawn from a mouse mammary gliasdet section showing cellular arrangement near a duct. dasy to see the
saturation region and poor contrast in the dense regiond AiSualization of the raw dataset using a heat-map transfeetion is shown (b) before and (c)
after correcting for bias fields.

the microstructure phases in a heterogeneous substrate arthe following sections explain how the foreground mé&ps
have been applied to microscopy image segmentation [ldhd the packing densitp can be estimated directly from the
The results, presented in section 1l illustrate the panfince given image data. The estimation of the paramedeasd 3 is
of the method on real data. The discussion also includedased on the minimization of the coefficient of joint vadati
validation of the results. as outlined in Section 1.

[l. IMAGING MODEL A. Nuclei Foreground Maps

The key idea of our approach is the formulation of a Low contrast and saturation due to dye penetration pose
mathematical model that describes how low contrast due ke the segmentation of this data particularly challeggin
large support of the point spread function and saturatiom d&tandard methods as for example thresholding (see Fig-
to dye-penetration affect the image formation processi Let ure 4(a,b,c)), level-sets, or watershed algorithm typjceb
be the original intensity image that we wish to recover ared thnot lead to stable segmentations. Given the complexity of
observed intensity image Béx). The image formation model the given data sets that contain a large number of densely
is given as: packed nuclei it is difficult to apply standard mixture-mbde

based clustering approaches suchkameans or Expectation
R Maximization.
| = (e @F(1-DiX) +BD(x) In order to make use dai-priori knowledge of the approx-
= [=(1—BD(x))eFX1-DX) (1) imate shape, size and appearance of the nuclei we propose to
correlate the data with a suitable template. This procesdsle
where the functions and D are continuous with rangeto a probabilistic mapF for the foreground. Owing to the
[0,1]. The functionF is an indicator function for foreground point-spread function (PSF) of the confocal microscopey th
voxels. The packing density of nuclei at the locatienis are imaged as diffuse objects ifD3with intensity maxima
modeled using the functio. This model integrates two at the center. At the boundaries, intensity values graguall
key concepts: saturation in areas of high nuclei density atgher and merge with the background. In dense clusters, it
low contrast between nuclei and background in areas of law quite difficult to delineate boundaries of adjacent nucle
packing density. Parametecs and 3 are free parameters of owing to partial voluming of signal intensities. Our coreséd
the model and need to be learnt using training data. involves modeling intensity values of a salient nucleushwit
a) Saturation:: In regions of high nuclei density, satu-a Gaussian kernel centered at a mean pixel location and with
ration effects are observed in the image. Saturation in@mega specificZ. The proposed nucleus model is checked at each
refers to the collective shifting of image intensities itigher individual pixel in the observed image for correlation teld
ranges. Hence it can be modeled as an additive term dependingrobabilistic map.
on the nuclei density. This is caused by the scattering of Distribution model: Let C; represent a typical nucleus in
excitation and emitted light as well as the rapid variatiothe imagd . Each cell may be attributed by its location € 1),
in refractive indices locally. Regions of high saturatiore a its domain (or extent of support®{j and the corresponding in-
observed to have higher intensities recorded. tensity distributiorfé; (x) : & (x) — |. Therefore, the nucleus
b) Low contrast:: Poor contrast between nuclei ands represented by the triplgy;, &,%"). Assuming that nucleus
background regions are caused by the large support of th&ensity values fit a Gaussian function of pixel locatiows,
point-spread function of the microscope. At background pixvrite: C; = (&,N(pi, Zi)) whereg; is the peak intensity value.
els, integration of light intensities from neighboring feic The following equations describe the reconstructed imiage
pixels leads to poor contrast regions. under our model.



Fig. 2. (a) Nuclei foreground map computed on the image in Figure 1(a). Each nuclei is assumedvi® ¢@nstant area with different anisotropic
orientations. (b) The -pcf evaluated on the nuclei foreground with= 10 pixel units and (ck = 15 pixel units.

model. We recommend perusing [13] for full mathematical
. _ definitions, properties and references.
G = ZH%TZi\% expl—3 (x— p)Z~H(x—p)T] ) Let the background and nuclei foreground in th2 iBnage
|A(X)=2i‘5i(x) 3) I be represented as phase 0 and 1 respectively. Consider
placing a line segment with edge lendtim I. The probability
Parameter Estimation: Ideally, we would like to auto- that both the vertices lie in phase 0 is defined as a 2-point
matically determine the parameteps and %; for all nuclei correlation function (Zcf), D}‘liz, wherei; =ip = 0. The
in a given imagel. We assume that nuclei have fairly consubscripts denote the material phase at the vertices ofrtae |
stant volumes (say) albeit with different eccentricities and segment irl. We now provide some insight into the probability
orientations. Therefore, we impose the following constraimeasures captured by these functions. Consider the simple
|5i| = 2 for each nucleusi. At any given pixel locatiorp, case of a Jpcf, sayDo. It represents the probability that a point
we compute the correlatio) of the image intensities with a p is in phase 0. This quantity measures the volume fraction of
normalized Gaussian kernidlwith parametersyf, ¥). While p  phase 0 in the image. Similarly, is the volume fraction of
remains fixed during evaluation, the optinilis determined phase 1 and we hau®y+D; = 1. A 2-pcf is the probability
by a gradient-descent optimization strategy. The coiglat of a straight line segment of lengthrandomly placed in
coefficient functionF(p) is determined in a neighborhoodsuch that one end is in phasge {0,1} and the other end
6(p) such that 95% of the Gaussian template energy ligsin phasei, € {0,1}. For an image containing two phases,
within. This arrangement ensures that neighboring nudei, there are four possible-gcfs namelyDf,, DY;, DX, and D;:
present, do not influence the calculation of the corgect

; Dk = 1
F(p) =max;s p(H(p,Z),1)s(p) (4) i,je{0,1}
Zp=argmaxs p(H(p,Z),1)s(p) 5) D5y = Dio
Figure 2(a) shows the foreground mEgp) computed on Dgo+D6 = fo
the image plane earlier shown in Figure 1(a). It is easy to Difo‘*‘ Dlil = fy (6)
see that centers of nuclei have a high correlation valuds wit )

the optimal Gaussian kernel. The correlation values tend to

. . . . Parameterd and f; represent the volume fractions of the
drop at boundaries since the intensity values do not Iocal|||¥dividual hases. Note that each salient region in an image
fit a Gaussian distribution. Please note tifgip) € [—1,1] P : 9 9

. . . with unique packing densities will provide a charactetisti
and is appropriately scaled when used as a probability m . .
. X . . . -pcf feature measure for a certain value of the separation
in later sections. We now combine nuclei maps with Me

. X . . ) distancek. The presentation of these characteristic values make
point correlation functions, that are described next, toresge . T e .
. . regions to be easily identified. To estimate thpc we resort
packing densities. . ; : o .
to using Monte-Carlo sampling using a sliding window of
) ] . dimensionsQ. To evaluate the -pcf at pixel locationp, we
B. 2-Point Correlation Functions place a numberS) of randomly oriented and positioned line
One of the requirements in our imaging model was theegments of lengtk in its neighborhood. A large number of
selective identification of nuclei dense regions to enhansamplesS= 500 is chosen so as to increase the confidence in
contrast and eliminate saturation. In this context, theoi2#p the computed resulk is chosen so that it denotes the average
correlation functions (Pcf9 serve to estimate cellular packingnuclei separation found in the images. Based on manual
densities and prevalent spatial distributions. We progdme measurements, we determin&d= 15 pixel units. Window
background before explaining the use of these functionsiin meighborhoods with dimensions 9f= [2k, 2k] = [30,30] were



used. We then count the probabilistic fraction of line segtse
that have verticesv{,v») in phasesi(j) to give an estimate of
the 2pcf D,“J Using Equation 4, the probabilities of a vertex

to be densely packed regions with saturation and showing low
contrast thereby signifying the effectiveness of our stygtin
those regions.

lying in the background (phase 0) and foreground (phase 1) isThe inhomogeneity of the image can also been evaluated

given byF (v) andF (v) = (1—F(v)) respectively. The function
D‘{l allows us to selectively identify nuclei dense regions
conjunction with the foreground map, both of which are
used in the imaging model described in Section Il

Dbo(p) = iiF(vl)F(vz);

Dii(p) = i:iF(vl)ﬁ(vz);

Diy(p) = igsiﬁ(vl)ﬁ(vz); 8)
IIl. RESULTS

by measuring the intensity variation in the foreground and
ibackground. The coefficient of joint variatiorlCJV) was
introduced in [15] as a method to compare bias-field cor-
rection methods for MRI datasets and has been extensively
used for validation in MR literature [10[CJV is defined as
CJIV(C1,Cy) = % where o(C) and u(C) are the
standard deviation and mean, respectively, of the objestscl

C. We evaluated th€JV for 8 sets of segmented images.
Figure 4 shows that th€JV's for the corrected images
are consistently better. Please note that we set parameters
o = 0.8 and = 0.05 in our experiments. These values were
chosen such that th@JV value with respect to the manually
segmented images was minimized.

IV. CONCLUSION

Our method was applied orD3confocal datasets generated

from a tumor micro-environment study in a mouse mode
Each dataset was stained using Drag5 to highlight nuc

and had image dimensions of 5%512x 100. The dataset
had a rich presence of cellular structures such as ducts
vasculature causing anisotropic packing densities tat.elis
tumor regions, there was rapid proliferation of cells leadi

once again to dense regions. Earlier, in Figure 1, we showd

L The focus of this work is to correct spatial intensity in-
Iéqmogeneities that exist inCBconfocal acquisitions due to
anisotropic dye-penetration and saturation effects. Tiwe p
ol ed mathematical model directly models the bias cooecti
depending on the estimated nuclei foreground and the local
nuclei packing density. Our results demonstrate that oudaho
8nificantly improves the performance of state of the art

3D visualizations of a example raw and bias corrected datasitdmentation methods. Manually segmented images were used

Similar transfer functions were set in both cases to promidea

s ground truth to calculate a quantitative comparisons of

gualitative evaluation of the performance. We observed tre{fferent methods.
nuclei intensities did not suffer from spatial bias and had a

good contrast with the background as indicated by the color

map.

In order to evaluate the proposed bias correction technique

we use it in conjunction wittEMSegmentan EM segmen-
tation algorithm that is part of NAMICSlicer3 toolkit [12].

EMSegmentperforms an optional bias segmentation step3]
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Fig. 3. Plots of sensitivity and specificity usingEM Segment. We adopt three strategies for segmentationE{l)Segmentvith no bias correction involved
(circle markers), (i)EMSegmentvith in-built bias correction [12] (upright markers) andi)(iEMSegmenwith our bias correction (inverted markers). Note
that we achieve the best results in terms of improved sengitivid comparable specificities in all the 8 datasets.
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Fig. 4. Comparing segmentations using CJVHere the coefficient of joint variation is used to compare thpdct of the proposed bias correction method
in combination with theEMSegmenalgorithm. (a) no bias correction. (HMSegmenin combination with proposed bias correction method. (c) Cidry
for the three segmentation approaches on eight differemt sietis. Note that the proposed bias estimation method significaproves the segmentation
results.
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