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ABSTRACT In this paper, we propose a colon biopsy classification al-
orithm based on spatial analysis of hyperspectral image data
ken from colon biopsy samples. First, a single spectral band
an algorithm for texture-based classification of colon tissué> selecteq frp m all the avallablg spectral bands. Thgn, spa-
)p_al analysis is performed on this spectral band. Using cir-

patterns. In this method, a single band is selected fromits h lar local bi it CLBP) algorith it in th
perspectral cube and spatial analysis is performed using ciE—u ar local binary pattern ( ) algorithm, patterns in the

cular local binary pattern (CLBP) features. A novel method lopsy sar_nples are represented by a fegture vector. A fea-
fyre selection algorithm is employed on this feature vector to

set without actually running the classifier. Classification reSave the computational cost and to discard any redundancy

sults using Gaussian kernel SVM, with an accuracgash, in the data. Classification is achieved using subspace pro-

demonstrate that texture analysis based on CLBP featurestsCtion r_nethogls such as p_rincipal component analysis (PCA),
able to distinguish the benign and malignant patterns. Imear.dlscrlmmant an_aIyS|s (LDA) as well as S}Jpport vectgr
machines (SVM). A side advantage of performing the spatial

Index Terms— Histopathology, Computer-Aided Diag- analysis on a single band is to investigate whether comparable
nosis (CAD), Colon Biopsy Classification, Hyperspectralperformance can be achieved with carefully selected spectral
Imaging band to those machines which use full 3D hyperspectral data

[3, 4, 5]. If so, additional acquisition, storage, and compu-
1. INTRODUCTION tational cost on a hyperspectral or multispectral data can be
safely avoided.
Colon cancer is one of the leading causes of death from can- The remainder of this paper is organized as follows. Sec-
cer in the Western and industrialised world [1]. Early diagno+ion 2 describes the hyperspectral data. Textural analysis and
sis of colon cancer can lead to an effective treatment. RoYeature selection algorithm are described in Secti@nd4,
tine screening, however, means an increased workload for th@spectively. In Sectio, experimental results are presented.

pathologists, and hence the need for development of robuginally, conclusions are drawn from this study in Section
automated techniques to assist the manual diagnosis [2]. Au-

tomated techniques are also necessary because there is a sig-

Computer aided diagnosis (CAD) is aimed at supportin%g
the pathologists in their diagnosis. In this paper, we prese

nificant difference in the diagnosis by pathologists — due to 2. THE DATASET
subjectivity, fatigue or tiredness — which can potentially re-
sult in different treatment plans. Our experimental dataset consists of carefully selected spec-

In a computer-assisted colon biopsy diagnosis setting, th&al band from the hyperspectral cubes of colon biopsy sam-
task of the computer algorithm is to label a colon biopsy slideoles on a tissue micro-array. Biopsy samples are taken from
as normal or malignant. The approach in [3] uses hyperspe82 different patients and are stained with Hematoxylin &
tral images of colon biopsy slides, whereby the classificaEosin ({&E). Hyperspectral imaging setup consists of tuned
tion algorithm is based on spectral analysis to discriminatéight source based on a digital mirror device which transmits
between normal and cancerous biopsies of the colon tissu@ny combination of light frequencies [6]. Tuned light source
Tissue segmentation is supervised, in the sense that differegeénerates 128 wavelengths within the visual range of 440-
points in a biopsy image are labelled manually. The algo700nmwith a resolution of Zim Nikon Biophot microscope
rithm automatically assigns a class to each labelled locatiowith a CCD camera is used for 40X magnification. Hyper-
by using Laplacian eigenmaps. Each biopsy slide has 40 to 6fpectral pictures of tissues obtained with the CCD camera are
gland nuclei after the segmentation. If a pre-determined fracsaptured by a computer and a single data cube is collected
tion of nuclei is malignant, then the slide is classified as canfor each biopsy. Each image cube has a spatial resolution of
cerous. However, with a diagnostic efficiency8apb there is 491 x 652 x 128 pixels.
room for improvement before such a system can be deployed Fig. 1(a) shows the spectral responses of nuclei, glandu-
in a clinical screening. lar cytoplasm and lamina propria of a benign tissue for all the



Huclei
E \ == Cel Cytoplsm an
\ " Larina Propria

50

Spectral Fiesponse

0 L L L L
00 200 450 500 550 600 650 700
Wavelengith in fim

(a) Benign tissue components (b) Nuclei (benign and malignant tissue)

Fig. 1. Spectral response of hyperspectral images

available 128 spectral bands, while responses of benign armd clusters formed by a set of features [9],

malignant nuclei are presented in Fig. 1(b). The spread of the m

benign and malignant nuclei is almost identical but benign C, = ijo'j (1)
nuclei have higher peak than malignant nuclei. It can be said =

that hyperspectral data is able to discriminate between dif- . o . .
ferent tissue parts but the spectral response of the two nuclé/'herepj Is the probability ofj-th class,o; is the standard

[ .
is not distinguishable. This motivates us to perform spatia eviation ofj-th class andn denotes the number of clusters,
analysis on this data for achieving reasonable classificati

OWVO in our case. We scale the values(gf betweer) and1,
results with 1 representing the most compact clustering, as follows,

C =e % )
3. CIRCULAR LBP FEATURES whereq is a positive constant.

) Second, Rand index is a measure of similarity between

In our earlier work [7],70th spectral band (588m) showed  q different clusters [10], and it ranges from zero when the
relatively high classification accuracy than other spectralq clusters are not similar to one when the clusters are ex-
bands. The same band is selected and CLBP features algyy the same. The adjusted Rand index provides a standard-
computed on the band. The feature selection algorithm qteq measure such that its expected value is zero when the
Section 4 helps us select the best features. partitions are selected at random and one, when the partitions

The basic LBP operator is a gray scale invariant patterinaich completely. Suppose there are two partitions of the
measure complementing the texture in images [8]. In LBR;gme data witlt, andG, havingg, andgs clusters, respec-
method, texture is defined using local patterns on a pixel 'eve{ively. The Rand index computes the proportionioby 2

Each pixel is labelled with the code of the texture primitive gpiects, 1, being the total number of points, that belong to
that best matches the local neighbourhood. First, center pixglyih the partitions. It is defined as follows,

value is taken as a threshold amdeighbours of the pixel are )

selected. Each neighbouring pixel is given a weight based on g1 g2 19 | e 18[9 2
its position and these weights are multiplied by the threshold (3 + Z Z ny =5 Z Z nij| —5 Z [Z nij]
values to generate basic LBP code. In circular LBP (whichis_ i=1 j=1 i=1 |j=1 j=1 Li=1
used in our algorithm), symmetric neighbours in a circle areR - (g)
used for a particular radius. The reader is referred to [8] for ()
more details of this method. wheren;; is the number of points in clustéf G that also
belong to clustey of Gs.
4. FEATURE SELECTION Third, silhouette index is a measure for each point in the

clustering as to how similar that point is to points in its own

Our feature selection algorithm is based on three measures f@uster and to the points in other clusters [11]. Its value ranges
lated to the quality of clustering. These measures determirfgetween -1 to 1. Itis defined as follows;

the separability and compactness of the clusters. First, Clas- , min[Dy (i, k)] — Do (7)
sification Scatter Index (CS{), is a measure of compactness S() = max[ Dy (i), min[Dy (i, k)]]

(4)



whereD,, (i) is the average distance from th#h point to the  uses only one principal component for projection of the data
other points in its own cluster, whil®, (i, k) is the average samples. This results in decreased performance of LDA as
distance from the-th point to points in another clustér(itis = compared to PCA. To avoid this, we have used modular LDA
the minimum average dissimilarity between thih element approach[12]. The idea is to virtually increase the number
and any other cluster not containing the element). The silhowf classes and introduce sub-classes in the training set. This
ette coefficientS is the average of the coefficients for all  is possible only if within-class scatter is large and there are
the points. enough training samples, which holds in our case. Hence, we
Taking the three indices described above, we compute divide our two main classes into four sub-classes. First two
composite index as the weighted average 6f, R andS.  sub-classes are from benign samples and remaining two are
The weights are calculated based on correlation coefficienfer malignant samples. For SVM, Gaussian kernel is used
of the indices with the clustering accuracy achievediby and its kernel bandwidth is tuned. Once a kernel has been
means algorithm. Composite index determines the basis fauned at the time of training, the same kernel parameters are

best feature selection and is defined as follows, used in the testing stage.
Table 1 presents various classification performance mea-
I'=r.C+rR+rsS (®)  sures for these classifiers using the two best CLBP feature

wherer,, r. andr, are correlation coefficients faf, & and sets. The performance measures can be expressed in terms

S respectively. CLBP, b) features are computed fog dif- ~ Of total numbers of true positiveg'), false positivesk'P),
ferent combinations of radiusand number of neighbouts ~ [TU€ negatives(N), false negativesi(N), positives £) and
with 7 € {2,3...,12} andb € {8,12,16}. Fig. 2 shows negatives V). Accuracy (Acc), Sensitivity (Sen) or Recall,

the surface obtained fdr after sweeping through the ranges and Specificity {pec) are defined as follows,

of r andb. We pick the bgst.fea.ltures sets that give the twoA _ TP+TN e — TP See TN
highest values of composite indices, namely CILBB) and cc = PIN en = TP FN’ pec = TN + FP°
CLBP(5,12). (6)

Positive Predictive ValueKPV) or Precision and Negative
Predictive value §¥ PV') are defined as follows,

TP TN

PPV=——__ NPV=—"__.
v TP+ FP’ v TN+ FN

)
The final measure, F-measurg ¢ meas), is the weighted
harmonic mean between Recall and Precision. It is given by,
2
F-measure= T - (8)

Precision + Recall

Cornposite Indes (1)

From Table 1, we observe that SVM yields best overall
performance in case of CLBP, 12) whereas PCA leads the
table in case of CLB®, 8) with SVM closely behind. It

e () Heigrsours ) can also be observed that the highest sensitivi500),
F-measure 90.3%) and NPV 88.2%) values are achieved
Fig. 2. Composite indeX for various values of andb by SVM with CLBP(5,8). Specificity and PPV are highest

(100%) for PCA using the same feature set. These results are
in close agreement with our feature selection method, which
5. RESULTS AND DISCUSSION returns CLBR5, 8) as the best feature set. The power of non-
linear classifier SVM is harnessed in case of CILBR2),
Our dataset consists @2 hyperspectral images of colon our second best feature set, whereas PCA and SVM per-
biopsy samples, taken from uniquely different patients, oform equally well in terms of the overall accuracy in case of
which 24 samples are used for training and the remairing CLBP(5, 8) due to PCA using a relatively large number of
samples comprise the testing set. Four-fold cross-validatiooomponents and employing the best feature set.
is performed by repeating this process four times varying the Receiver operating characteristic (ROC) curves for both
composition of training and test datasets each time. feature sets with SVM are presented in Fig. 3, which also
Experiments are conducted using three classifiers: PCAgives area under convex hull (AUCH) of the ROC curves in
LDA and SVM. Twenty principal components for PCA are both cases. The curves are obtained by varying margin of sup-
selected empirically to yield the best classification accuport vectors from the decision boundary. A reasonably high
racy. As there are only two classes in our problem, LDAAUCH value of 0.9 is achieved by SVM with CLRP, 8).



CLBP(5,12
Classifier n k || Acc | Sen | Spec | PPV | NPV | F-meas | Ave
PCA 135| 20| 781 68.7| 875 | 84.6 | 73.7 75.8 78.1
LDA 135| 3 || 81.4|68.7| 93.7 | 91.7 | 75 78.5 81.5

SVM 135 | - 875| 81.3| 93.7 | 928 | 83.3 86.7 87.6
CLBP(5,38)

PCA 59 | 20| 90.6 | 81.2 | 100 100 | 84.2 89.6 90.9

LDA 59 | 3 844 81.2| 875 | 86.6 | 82.3 86.6 84.3

SVM 59 - 90.6 | 87.5| 93.7 | 93.3 | 88.2 90.3 90.6

Table 1. Performance measures (%) using the two best CLBP fetauresseted k denote number of features and eigen
components, respectively.
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