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Abstract—In this paper, we investigate the use ofN—Point
correlation functions from material science literature, for medicd
image segmentation, and introduce a classifier suitable for use
with these functions. The N—point correlation functions serve as
good estimators of component material distributions and their
packing in a multi-phase heterogeneous media. We represent
these multi-phase properties with tensor structures and employ
these functions as features in our tensor decomposition based
classification algorithm. We use a variant of Higher Order Fig. 1.  Volume rendering of interface between spongiotrdst and
Singular Value Decomposition (HOSVD) to extract the multi— labyrinth. On the left is a mutant the right is wild type
linear properties of the tensor feature space and reduce the
dimensionality with respect to several modes. The preliminary

results of segmenting a placenta image with these functions and . )
classifier, are very promising. The use of many popular classifiers and clustering algo-

rithms [2] were explored for the problem at hand. Bayesian,
k-means, andv M-based mixture modeling algorithms were
|. INTRODUCTION deployed for segmentation. In our previous work, our first

Robust segmentation of images requires the proper senect%‘o'c‘? for a feature set included color and gradient histog _
of features and classifier. There has been a systemic eff§iterial counts (red blood cells, vacuoles). We also exadhin
towards the construction of sophisticated classifiers whie the use of coefficients from the Gabor transform. However, in
often ensembles of several classifiers themselves. Tha-oftf1e case of the placenta the resulting segmentation anéhgnsu
held premise is that classifiers with deep innate learnipg.ca Measurements were far from satisfactory.
bilities can successfully analyze images. For large miampg ~ Tissue segmentation of large color histology slides poses
data (16000x16000x900) the computational cost of these clfany challenges. It should be noted that a tissue region is
sifiers is prohibitively expensive and the training overhém essentially a heterogeneous material composed of separate
often very high. For many large-scale phenotyping studi€@mponents: nuclei, red blood cells, cytoplasm and extrasie
micro-tomed and stained histological slices when digitizevhite space. These components are distributed within each
with a light microscope scanner result in at le80 RGB tissue region in a non-uniform manner. Seeking a pattern is
color images of resolution 16000x16000. therefore elusive and intractable. Instead, the packilgtive

This paper's example requires histological reviews of plélensities and gross ensemble properties of each component
centa in both normal and mutant mice. The aim of this woigiscriminates each of the various regions. We believe that b
is to seek and even suggest feature descriptors that wik wdfeating tissue as a heterogeneous material it will be possi
best even with simple classifiers. The intent is to detect aht¢ to employ techniques of material science to charaeeriz
measure the structural changes in the placenta caused bynfti@roscopic structure.
mutation of the retinoblastoma genb—. It is suspected that The work of Torquato [3] is of special relevance to &:
observed miscarriages and cancer [1] are a result of thimint correlation functions N-pcf) are used to characterize
genetic change. Consider the images in Figure 1. The imagles distribution of component materials in a heterogeneous
depict 3D renderings of placentas of wild and mutant miceubstrate. In this work, we propose the useNofpoint cor-
Note the irregular interface between the labyrinth (bo)tommelation functions for tissue segmentation, with an HOSVD
and the spongiotrophoblast (top) leading one to believe thzased tensor decomposition based classification algoifilnm
the underlying hypothesis is possibly correct. segmentation. Higher order tensor representatiofVv gioint

These images were created after each individual slide imagw@relation features, is very suitable for the problem aers
was segmented, the entire stack registered and then reindergy the ability to represent multi-phase propertiesNofpcf,
It should be noted that 3D renderings are not enough. Am different modes. Our segmentation algorithm is esskntia
important measure of phenotyping is an estimate of surfafir—stage. A color-space segmentation is first completed t
area and fractal dimensionality (characterizing roughreesd determine various material components. In the second ,stage
irregularity) of the interface. Robust image segmentaiidn we evaluate for the entire imag2point functions of the
needed for both rendering and measurements. component classification. In the third stage, we build a 5—




mode tensor representation of the feature space and desemporrelation function, for phasé. Cross material correla-
the space with Higher Order Singular Value Decompositidions can be glven 2/ mixing indicator functions such as
J)

(HOSVD), to extract multi-linear properties of the spades. < Ii(x;)I7(x5) (z1,22). The N-point correlation
the last stage, we project a set of the features onto thertensmctions can be thought of as the probability of afl
space to do classification. points of a randomly placed line or n-polygon landing in

It should be noted thafV-point correlation functions are the material components specified in the superscript of the
similar to the co-occurrence matrices of Haralick [4]. Téherfunction. These functions provide a description of the omiet
exist the following differenceqi) the computation of théV- and separation of the components in a system. This paper will
pcfs and path functions are randomized and does not expkiplore the cases whepé = 2. The complexity of the system
the pixel grid structure(ji) these functions are used to computés reduced by treating the systems as invariant in bothiootat
other physical properties of the tissue substrate (e.gasty, and translation. Using this assumption reduces the twot poin
etc.iii) it is not required to find the appropriate number ofunction Si(x1,z3) to Si(d) whered = ||zz — z1|. In the
gray-levels so essential for the functioning of the Hakaliccase ofN = 3 case the points are constrained to be the corners
approach, andiv) the functions capture both the geometrpf an equilateral triangle. This reducé$(z1, xo, z3) to S(a)
and statistical nature of textural regions. In [5] the amhowherea is the area of the triangle.
use an extended Haralick feature set to locate sub-cellular
patterns in fluorescence microscopy images. Given theemherA. Feature Extraction Algorithm

generality of theseV-pcfs, we explore their use in segmenting |n this section, we will describe our methods and algorithms
light microscopy images. to compute theV-point correlation functions. Given the large
There exist examples of their use as features in material sgize of the images and size of the regions needed to retrieve
ence literature. In [6] the-point, and the3-point functions are proper spatial information, Monte Carlo methods were used.
used to classif2-phase metal substrate images using suppdw estimate the functions, sample and region sizes must be
vector machines (SVM) in a heirarchical fashion. It shoulgpecified. The minimum region size is proportional to the
be noted that there exist other reported segmentation methmaximum distance that the functions will be evaluated for,
for histological images. In [7] a comprehensive image anaind the sample size is chosen to keep the variance of the
ysis system was developed for prostate tissue analysi$ E@feasured result to a desired range.
material component was treated separately and a comhinatioTo evaluate the two point correlation function for sepanati
of various classifiers and segmenters. In [8] microstr&stur] and materials: andb in a region, place a number of randomly
were segmented by a hybrid method that combines optinilented and positioned lines of lengthCount the number
adaptive thresholding with local morphological openingl arof lines that have an end point in materiabnd the other in
closing operations. Similarly in [9], a robust method basegd Dividing the number of lines matching the above criteria
on Markov random fields was used towards segmenting nudigi the number of samples sent out gives the value of the two

in confocal images of cervical tissue. point correlation function for andb at separatior.
In the following section we define th&-point correlation
functions. In the following section, we describe the tensor [1l. TENSORMATH

math and our HOSVD based classifier. Later, we describe ourTensor is a general name for multi-linear mappings over a

segmentation methodology, and the methodologies used wgtt of vector spaces, i.e. a vector i$-anode tensor, a matrix

standard texture features. Finally we present and distss is a 2-mode tensor. The tens@r ¢ Rd1*xd2xds...dn g gn

results. N mode tensor where the dimensionality of the mede d;.

In the same way as a matrix can be pre—-multiplied (mode—

1 multiplication) or post-multiplied (mode—2 multipli¢an)

with another matrix, a matrix can be multiplied with a higher
Correlation functions describe the spatial distributiafs order tensor with respect to different modes. The mode—

materials in a multiple material system. Each class definesamultiplication of a matrix M »*? with a tensor7 e

unique phase or material component. Torquato [3] providgg:>dz2xds....d~ is denoted a§ x,, M and results in a tensor

a formal definition for N-point correlation functions, but azy ¢ RdrxdzX...In-....dn with the same number of modes. The

cursory introduction will be given here. Given a realizatio elements of the tens@¥ is computed in the following way:

out of an ensembl€) of random multiple phase media, one

can define an indicator function of the forft) (p;w) where: Udy.ocd i thl dy X M dy, @)

N | if point p is in phase i

I (psw) = 0 otherwise

TN A. Tensor Decomposition
The average over all realizationsin the ensemblé?, and o , . ) i
this will reveal thel-point probability function. Principal Component Analysis (PCA) is a version of Sin-

S0)(z) =< I'(z) >= P(I'(z) = 1) gular Value Decomposition (SVD) which is a 2-mode tool,
dcommonly used in signal processing to reduce the dimension-
ality of the space and reduce noise. SVD decomposes a matrix
into three other matrices, such that:

II. N-POINT CORRELATION FUNCTIONS

Similarly, the N-point probability function can be define
as:

SN @1, wowy) = (IO (@) D (25).. 1D (2,)) . The
N-point probability function is referred to as th&-point A=USVT (2)



where the matrixJ spans the row space of, the matrixVV  the distances used and fourth and fifth mode for correlation

spans the column space df and S is a diagonal matrix of matrices.

singular values. The column eigenvectors vectors of medric We then decompose this tensor as:

U (likewise for V) are orthonormal to each other, describing

a new orthonormal coordinate system for the space spanned ol inst det ol oo

by matrix A. A=8x1Ugxc %2 UNEN X3 Upxkp X2 Uhy x5 ULy (4)
N-mode SVD or Higher Order SVD (HOSVD) [10] is & this decompositions is the core tensor analogous to the

generalization of the matrix SVD to tensors. It decomposesSF-|1]gu|ar value matrix in SVD. Although in standard SVD the

tensor7Z, by orthogonolazing its modes, yielding a core tens%ringular value matrix is a diagonal matrix, in HOS\® is

and matrices spanning the vector spaces in each mode of hgense tensor. The Frobenious-norm of the sub—tensors of

tensor, i.e: S gives the variance of the corresponding part of the origina
T=8x1U1 %2 Upeee. X5 Un (3)  data. The row vectors df¢, ., are the coefficients describing

The tensorsS is called the core tensor and is analogous ®ACh class and they are the features to be used in classificati
the diagonal singular value matrix in the traditional SvD, L€t us first show how to reconstruct an original training
However, for HOSVD, the tensat is not a diagonal tensor butNStance from class coefﬂ_uen_ts. Letbe a feature set of size
coordinates the interaction of matrices to produce theirmalg P < 4 x 4 from one training instance. Then by rearranging
tensor. Matricesl; are again orthonormal and the columd=quation 4, we get:
vectors of U; spans the space of tens@r, flattened with dst erl ) inst_(: o (s
' - a=(Sx3U x4 UGly x5 UGS Xau 1)) X1 u

respect to mode The row vectors of/; are the coefficient sets (83 Ubip Xa Uty X5 Uiiia X2 (i) xa “C((‘é))
describing each dimension in modeThese coefficients can 1 N ) .
be thought as the coefficients extracted from PCA but the\é’lvgh erg %XCU ) 'S. the royngea}ture vectol/j; g(row = j)

. . : scribing classj and «}%(¢) is the row vector of the
are different sets of coefficients for each mode in HOSVD ctance matrix [7imst

. _ 1% (row = i), describing the space of
analysis. Please refer to [11] for details. instance i in the training data.

For an unseen test instance, the goal is to find the class space
B. Dimensionality Reduction coefficients that will minimize the reconstruction erroorfr

After decomposing the original data tensor to yield thée lower dimensional mode—coefficients space to the aigin
core tensor and mode matrices, we are able to reduce #&ce. The aim in this analysis is to extract the represeatat
dimensionality with respect to the mode we want, unlikg!@ss vector: ¢ for an unseen test instang 4x4, So that
PCA where the dimensionality reduction is only based on tr? S dst erl er2 inst (.

. ) . . . = (Sx3U; XaUF x5 USTo% Xou 1)) X1 6
variances. By reducing the number of dimensions in one mode (§x3Upp x4 Ui xs Uiia xeuiin () x11xc (6)
and keeping the other intact, we can have more control overL et us call
the noise reduction, classification accuracies and contplex det o o inst o
of the problem. M™ = (Sx3Upp xaUiia xsUiaxouitn (i) Vn=1:N

The dimensionality reduction is achieved by deleting the . ()
last m—column vectors from the desired mode matrix arf® tNatZpxaxa = M™ Xy Tixc
deleting the corresponding: hyper—planes from the core 10 get the best class coefficients.c for Zpxaxa, we
tensor. The error after dimensionality reduction is bouhddave to minimize the following objective function:
by the Frobenius—norm of the hyper—planes deleted from t n n
cgre tensor. yPere G 2D (Zir = (Q_ Miyy xaf))® ¥a=1:N

Unlike PCA and SVD, HOSVD does not produce the opti- R : (8)
mum vectors spaces after dimensionality reduction and &pos The solution to this optimization problem turns out to be
processing step is necessary to optimize and orthogortakze the solution to the linear system:
eigenvectors. In this work, we follow the approach in [114 fo
this purpose. Az =b"

where
C. Classification

In this section, we will describe our classification algamit
considering our experimental setup. l@Etbe the number of Apg = ZZZ(MZ“% X Mauige) pg=1:C (9)
classesN be the number of training samples for each class, Lk
D the number of distances used in the computation of tléd
N-Point correlation functions. As described in the followin
sections, for each distance used in the 2—pt compi?;tion, by = ZZZ(MLLMM X Zjr) p=1:C
we extract a4 x 4 correlation matrix from each region. We LIk
pack all these features, into a 5-mode tendomwhere A € The best coefficient set; «¢ is obtained by finding the error
REXNxDx4x4 The first mode in the tensor is for classes, thiar each instance n and picking the feature set minimizirg th
second mode for training instances for each class, thirdemagtror.

(10)



either correlation functions. The final classification ttrieve
tissue layers is then implemented on the spatial features.
Classification was done by tiles of 20x20 pixels.

The first level of segmentation was to segment the tissue
o _ _ ' components. These were identified and segmented from the
el e e e e g g IPUL image by modeling each component as a Gaussian
spongiotropoblast marked as white, and glycogen demarcategialy distribution in RGB color space. The modeling was performed

by using the pixel data which was gathered by the method

described above, and generating a 3 by 3 covariance matrix
V. TiIsSSUECLASSIFICATION AND FEATURE ComMPARISON for each component class. During the classification step eac
A. The Dataset pixel was assigned to the class it had the maximum likelihood
of occurring in based on these Gaussian distributions

The histological slides used for this work are from a mou_se The features were then generated, by evaluating two point
placenta, which was harvested after 13 days of gestatiQyejation functions. The functions were evaluated at dis

It was prepared using a standard protocol. After humanet hces ranging from 1 to 25, with a 51 by 51 region, and a

freeing the placenta from the mother, it was mounted I hie size of 1000. The correlation functions were evatliat

paraffin, and cut into slices pm thick with a microtome. The , neasre the auto correlation and correlation betweeh eac
slices were stained with hematoxylin and eosth-{ F), and possible material

were digitiz_e(_j at ZQO times magnifi_cation, with a commelgial In the training phase, 50 regions for each class, are used
available digital microscope. The images were then shronktb build the tensor and the rest is used for testing, yielding

half the original size, and cropped to only include the ragiocensor of dimensionst3<50x25x4x4 After projecting the test
instances onto the tensor eigenspace, k-Nearest Neidhbor(

of interest.

| tl)\/lqusf:a placentas {;I]reblcomposid b?f fourddisltinct_ﬁlqayerﬁh) classification algorithm, with k=1, is used to obtain the
abyrinth, spongiotrophoblast, trophoblast, and glycogene o matching class coefficients. The number of dimens®ns i

regearf:h this work was develop_ed in conjuncti_on with W8Bduced in the instances mode and the distances mode from
primarily concgrned bl thg Iabyn_nth a_n-d spongiotroplasb 50 to 5 and 25 to 5 ,respectively, to observe the behaviour
These two regions can be visually identified by the amount afd the sensitivity of the system for the information in thes

distribution of nuclei, red blood cells, cytoplasm, and &mp
space in them. The labyrinth is characterized by a large eumb To validate and test the performance of our classifier, we
of densely packed, and a moderate amount of _red blood ce o used k—nn (with k=1 again) directly in the feature space
and frequent small patches of background which correspod g classification. We compared our results with k—nn to

to drained blood vessels. The spongiotrophoblast Iaye'ahafﬁbserve the strengths and weaknesses of our classifier.
higher percentage of cytoplasm and larger well spaced nucle

V. RESULTS

B. Labeled Data

Labeled data of tissue layers was needed for training and
testing purposes. The image was to be classified in 20x20
pixel patches, and labeled data for the tissue classificatss A
generated by splitting the images into tiles of the same size
and labeling these tiles as either labyrinth, spongiototydst
9r baCkground' A total of 2209 regions were Sele(,:ted from O'Q% 3. Segmentation via two point correlation function. Pogray-labyrinth,
image slide as 800 for labyrinth, 800 for spongiotrophablagedium gray-glycogen, light gray-spongiotrophoblast.
and 600 for the background. 150 of these regions were used
in training (50 for each region) and the rest is used for igsti

The features introduced in this paper required an extra
layer of classification to identify the components which ar@. k-Nearest Neighbor
to be analyzed. To gather the data required for this step g et us first show the confusion matrix of the k-Nearest
randomized approach was taken. For each image 500 randQgighbor algorithm.
pixels were chosen. Each pixel was then assigned to one of

: . ; labyrinth | spongio| background| %
:)he liolloww(]jg classes: red blood cells, nuclei, cytoplasmd @Byrinth 8 6 0 91 2%
ackground. spongio 24 726 0 96.8%
background 0 0 550 100%
C. Classification with Spatial Measures k—nn achieves perfect accuracy for the background with

To employ the features introduced in here requires twd point correlation functions. The classification accuréy
stages of classification. The first stage classifies pixdls irabove 90% in both of the other region. k-nn performs very
the component classes of the tissues. After these classesvéll in Spongio regions and achieves a classification acgura
the image are identified, spatial features are generatedibg u of 96.8%.



B. HOSVD

With no dimensionality reduction, HOSVD vyields the fol-

lowing confusion matrix:

labyrinth | spongio| background| %
labyrinth 705 45 0 94%
spongio 46 704 0 93.9%
background 0 0 550 100%

Even with no dimensionality reduction, HOSVD classifie
performs as good as k-nn. HOSVD improves the results
94% in the labyrinth region but the accuracy decreases
93.9% for spongio. The classification accuracy is still 100¢

for the background.

C. HOSVD results after dimensionality reduction
We reduced the number of dimension with respect to the

instance mode and distance mode, both separately and cem-s.
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When we reduce the dimensionality in the distance mode,
the classification accuracy for the Labyrinth almost moneto
ically decreases, whereas spongio doesn’t seem to beezffect
by this change.

The power of this technique is the ability to control the
dimensions to improve the classification that we are intetes
in. A choice that does not discriminate in between the region
would be to reduce the dimensionality by 30 in instances mode
and by 2 in distance mode. This setup produces the following
confusion matrix:

labyrinth | spongio| background| %
labyrinth 692 58 0 92.3%
spongio 35 715 0 95.3%
background 0 0 550 100%

VI. SUMMARY

In this paper we described thé-point correlation functions
and proposed a new classifier to be used with these functions

The recognition rate peaks up for labyrinth when we usel N€ Preliminary results in segmenting tissue regions @emi
about 35 examples per class, for labyrinth. On the other hafdPlacenta, are promising. THe-point correlation functions
spongio wants to have less samples and it peaks up when3(@ powerful texture descriptors and HOSVD classifier gives
reduce the dimensionality to 9. These numbers indicate tifatich more control to the user.
the variance of features describing spongio is mostly due to

the noise, whereas the variance for the labyrinth is duedo th
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labyrinth | spongio| background %
labyrinth 717 33 0 95.6%
spongio 53 697 0 92.93%
background 0 0 550 100%
labyrinth | spongio | background| %
labyrinth 617 133 0 82.3%
spongio 30 720 0 96.3%
background 0 0 550 100%

When we repeat the analysis for the distance mode, W

obtain the following plot:
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