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The lymphatic system is the immune system of the human body, and includes networks of vessels spread
over the body, lymph nodes, and lymph fluid. The lymph nodes are considered as purification units that
collect the lymph fluid from the lymph vessels. Since the lymph nodes collect the cancer cells that escape
from a malignant tumor and try to spread to the rest of the body, the lymph node analysis is important
for staging many types skin and breast cancers. In this paper, we propose a Computer Aided Diagnosis
(CAD) method that segments the lymph nodes and melanoma regions in a biopsy image and measure
the proliferation index. The proposed method contains two stages. First, an automated technique is used
to segment the lymph nodes in a biopsy image based on histogram and high frequency features. In the
second stage, the proliferation index for the melanoma regions is calculated by comparing the number
of active and passive nuclei. Experimental results on 76 different lymph node images show that the
proposed segmentation technique can robustly segment the lymph nodes with more than 90% accuracy.
The proposed proliferation index calculation has low complexity and has an average error rate of less
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than 1.5%.
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1. Introduction

Melanoma is a dangerous type of skin cancer, spread around
the world, though it is less common compared to other can-
cer types such as Lung, Prostate, Breast cancer (American Cancer
Society, 2018; International Agency for Research on Cancer, 2014).
Melanoma is caused by the aggressive growth of melanocytes typi-
cally found around the epidermis-dermis junction. Due to excessive
exposure to ultraviolet radiation, the nucleus DNA of melanocytes
may be damaged causing abnormal growth. Melanoma shows
aggressive and unpredictable behaviour which can spread to any
part of the body. As per a recent statistic, about 96,480 people would
be diagnosed with invasive melanoma, and about 7230 would die
from it in the United states alone in 2019 (Siegel et al., 2019).
Once melanoma is diagnosed by analysing skin epidermis/dermis
layer, the doctors typically do a lymph node biopsy to determine if
melanoma has invaded the lymph node system (Xu and Mandal,
2015; Xu et al.,, 2017). The melanoma passes to lymph nodes
through the lymph vessels, after invading the epidermis/dermis
layers. It is important to diagnose and grade the melanoma in Sen-
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tinel Lymph Nodes (SLN), because it is the stage where melanoma
can spread to different organs in the body through the lymph ves-
sels (Balch et al., 2010). The diagnosis is done by removing an SLN
biopsy (SLNB) (Giuliano et al., 1994; Nawaz et al., 2016). The SLNB is
sliced into very thin layers that are placed on a glass slide with his-
tology stains for examination under a microscope by pathologists
(see Fig.1). Traditionally, the pathologists examine an SLNB slide
under a microscope and a diagnosis is made based on their per-
sonal experience and knowledge, which are sometimes subjective
and is prone to intra- and inter-observer variability (Ismail et al.,
1989; Petushi et al., 2006). With technological advances in digital
imaging and computer hardware, the biopsy image can be digi-
tized and analyzed using automated image analysis techniques. The
automated computer-aided image analysis can provide fast diag-
nosis, and reliable and reproducible objective results (Wang et al.,
2009). However, computer aided analysis of biopsy images faces
many challenges such as the blurry appearance due the slicing pro-
cess of the tissue, the low contrast for some parts of the tissue and
sectioning artifacts (e.g., missing and folding in some parts of the
tissue) (Wu et al., 2019; Kothari et al., 2013).

To the author’s knowledge, no technique has appeared in the lit-
erature for automated lymph node segmentation of biopsy image.
However, a few techniques have been proposed in the literature,
for SLN segmentation in the Computed Tomography (CT) and ultra-
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Fig. 1. A sentinel lymph node (SLN) biopsy with S-100 staining. The three lymph
nodes are shown with green contour.

sound for breast cancer. These images have different characteristic
compared to lymph node biopsy for detecting the skin cancer.
Stegeretal.(2011) proposed alymph node segmentation technique
in CT slices using gradient, intensity and shape information. Zhang
et al. (2016) proposed a lymph node segmentation technique in
ultrasound image by using a convolutional neural network.

The proliferation index (PI) is an important diagnostic and
prognostic factor for cancer diagnosis. The proliferation index is
measured by estimating the ratio of the numbers of active nuclei
and all nuclei (Hanahan and Weinberg, 2011). It is known that Ki-
67 protein is present during all active phases of a cell cycle (G4, S,
G,, and mitosis), but is absent in resting passive phase (Gg) (Bruno
and Darzynkiewicz, 1992). A special Ki-67 stain is typically used to
stain this protein and identify the active nuclei (Bankfalvi, 2000). In
a Ki-67 stained image, the nuclei appear with two colors: the active
nuclei appear dark brown and passive nuclei appear blue.

Mungle et al. (Mungle and Tewary, 2017) proposed a technique
to measure the PI in a Ki-67 stained breast biopsy image. In this
technique, a pathologist manually identifies a few windows of
tumor regions with high concentration of active nuclei. A Fuzzy C-
means (FCM) based thresholding technique is used to separate the
nuclei from the background. K-means clustering technique is then
used to classify the active and passive nuclei pixels. By comparing
the areas of active and passive nuclei, the Pl value is calculated. This
technique requires input from a pathologist to identify the dense
active nuclei regions. The FCM-based thresholding and K-means
clustering, being iterative, have high computational complexity. In
addition, the unsupervised K-means clustering technique may not
perform well to classify the active and passive nuclei.

In this paper, we propose a fully automated technique to seg-
ment the lymph node tissues and measure the PI in biopsy images.
The biopsy images may be stained with different histology stains
such as Hematoxylin and Eosin (H&E), MART-1, S-100, CD-45
and Ki-67 stains (Alturkistani et al., 2016). For lymph node seg-
mentation, the proposed technique segments lymph nodes using
histogram and high-frequency local features. For PI calculation, it
is assumed that a lymph node biopsy is stained with both MART-
1 and Ki-67. The MART-1 stain is used to identify the melanoma
regions by detecting a special protein called MART-1 that exists on
the surface of melanocytes and the Ki-67 stain is used to detect

the proliferative activity of the lymph node nuclei. In the proposed
technique, the melanoma regions obtained from MART-1 images
are mapped onto the corresponding Ki-67 image to automatically
identify the melanoma regions in the Ki-67 image. Active and pas-
sive nuclei in the melanoma regions are then detected using Otsu
thresholding and SVM classification. By comparing the number of
active and passive nuclei, the PI value is calculated.

The organization of the paper is as follows. Section 2 describes
the dataset; Section 3 describes the lymph node segmentation tech-
nique in detail, followed by the PI calculation in Section 4. The
conclusion is presented in Section 5.

2. Data description

In this study, all lymph node histopathological images are col-
lected from the Cross Cancer Institute, University of Alberta in
accordance with the protocol for the examination of specimens
with skin melanoma. The histological sections of lymph node tis-
sues are about 4 pm thick and are stained with different stains such
as H&E, MART-1, S100, CD-45 and Ki-67 stain. The digital images
were captured under 40X magnification on Aperio Scanscope CS
scanning system (0.25 pwm/pixel resolution) with default calibra-
tion and illuminance settings (based on Aperio service notes). In
this study, 39 WSI from nine patients are used to evaluate the pro-
posed technique. Each of the nine patients has one MART-1, one
H&E, one Ki-67 (total 27) stained WSI. Five patients have one CD-
45 WSI each, and seven patients have one S100 WSI each. In other
words, 39 WSIs include 9 H&E, 9 MART-1, 9 KI-67, 5 CD-45, and 7
S-100 images. Each WSIs in the dataset contain 2-4 lymph nodes.
In this data set, there are 17 unique lymph nodes, and after staining
with different stains there are 69 lymph nodes. The ground truth
(segmented LN) images were obtained by manual segmentation by
doctors. Fig. 1 shows a WSI stained with S-100 and the lymph nodes
are shown using a green contour.

3. Lymph node segmentation

The schematic of lymph node and melanoma segmentation is
shown in Fig.2, which consists of three modules: Coarse Segmen-
tation, Features Extraction, and Fine Segmentation. The details of
each module are presented in the following.

3.1. Coarse segmentation

Most SLNB images consist of four regions (see Fig. 1): melanoma
metastasis (dark brown pixels), lymph node tissues (pixels within
green line), other tissues (e.g. remains of dermis, fat, parts of other
lymph tissues, etc) and white background (which is not part of
the actual biopsy slice). In this module, a coarse segmentation is
performed using the histogram of the gray intensity image. This
module calculates the required thresholds to classify the image into
four classes: Class 1 (Melanoma), Class 2 (Lymph node tissue), Class
3 (Other tissue) and Class 4 (Background). The thresholds are deter-
mined based on the local minimum values of the smoothed image
histogram (see Fig.3). The classified image pixels I (x, y), I<x<M

Coarse
Segmentation

Input
Image

Y

Features Fine
Extraction

— Segmented

Segmentation Image

Fig. 2. Schematic of the proposed segmentation technique.
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Fig. 3. Histogram smoothing. a) original image histogram (normalized). b)
smoothed histogram. MN: Melanoma, LN: Lymph node, OT: other tissue and BG:
Background.

(rows), 1< y <N (columns) using thresholding into four classes as
follows:

Class1 if 0<I(x,y)<T1q

Class2 if 11 <I(x,y) < T
o(x,y) = . M
Class3 if 15 <I(x,¥) <13

Class4 if 13 <I(x,y) <255

Note that the pixel values of these four classes, typically vary
between [0-100], [70-160], [120-200], and [190-255]. Fig. 3 (b)
shows the smoothed histogram corresponding to the image shown
in Fig. 1, with 7; = 80, 75 = 168 and t3 = 203. Fig. 4 shows the
coarse classified ¢ obtained after thresholding.

3.2. Features extraction

In this module, the features are extracted from the coarse clas-
sified image ¢, which will be used for fine segmentation in section
C. A circular neighbourhood Gy,y with radius r is defined for each
classified pixel at coordinate (x, y). The neighbourhood Gy y includes
2712 pixels. Let the number of pixels belonging to Class 1, Class 2,
Class 3 and Class 4 within the neighbourhood Gy, be denoted by vy,
Vv, V3 and vy, respectively. The normalized frequency count vector
v corresponding to the pixel at (x, ¥) is defined as follows:

Melanoma

Fig. 4. Coarse pixel classification using thresholding. Light blue, yellow, green and
dark blue pixels represent Class 1, Class 2, Class 3 and Class 4, respectively.

O Other tissue regions
<:> Lymph node tissue regions

Background regions

Fig.5. Examples of neighbourhood G, , in a classified image. a) neighbourhood with
concentrated LN nuclei, b) neighbourhood with scattered LN neclei.

V(x,y)= [Vl,n» V2.ns V3,n, V4,n] (2)

v
wherev; ,, = ﬁ i=1, .., 4.

Note that the feature vector v does not represent the spreading
pattern in the neighborhood Gy,j.

In Fig. 5 (a), the Class 2 pixels are clustered together, and hence
is more likely to be a lymph node tissue compared to Fig. 5 (b),
where the Class 2 pixels are scattered. Therefore, we consider using
a High Frequency Measure (HFM) for Gy,y and use it as a feature to
distinguish the degree of scattering. The proposed frequency fea-
ture is also important to detect the other tissue regions, which are
filled with holes and few parts of lymph node tissue. The following
steps are used to calculate the HFM for each coarse classified pixel
at coordinate (x, ¥):

1 Consider the pixel (x,y) as the origin of its neighborhood Gy y. For
simplicity we denote Gy,y as G.

2 Unfold the G matrix by converting it from polar coordinates into
Cartesian coordinates by arranging p radial lines (of length 2r +1)
of G matrix which passes through the origin with angle ms/p, 0
<mx<p-1.
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Fig. 6. Schematic to calculate the HFM.

Fig. 7. The HFM p for the classified image ¢ shown in Fig. 4.

Arrange these radial lines as 2-D rectangular matrix G of size
px(2r+1), as follows:

G(1,1) G(1,2r+1)

o
Il

G(p, 1) G(p,2r+1)

3 Calculate the 2-D- Discrete Fourier Transform (DFT) of G.

p 2r+1 —j2rqm —1) —j2ak(n—1)
G'(q, k)= ZZC(m, n)e p e 2r+1 3)
m=1n=1
1<qg<p, 1<k<2r+1
4 Calculate the HFM p as follows:
3p 3(2r+1)
4 7
uee =33 ||ota. k| (4)
a=f k="4"
where | |G/| is the magnitude of G’, and the indices [§ : 37’3, % :

W ] are considered to represent the high frequency coefficients.
Repeat steps 1-4 for all pixels in the image ¢ and calculate . Fig. 6
shows the overall schematic of the w calculation. Fig. 7 shows the
HFM ucorresponding to the image ¢ shown in Fig. 4. The HFM
shows three contrast regions: black, gray and white, representing
background, lymph nodes regions and other tissue regions, respec-
tively.

The HFM w is not directly used in the proposed method. Instead,
a threshold is applied on 4 to generate a binary HFM image u? as
follows:

b 0 l.f/L(X, Y) = Totsu
wo(x,y) ={ (3)

1 if u(x,y) > Tosu
where 7qy, is the Otsu threshold calculated from the pdf of u.

d

Fig. 8. Images obtained by applying morphological operations on the image shown

in Fig.4. (a) ubobtained using Otsu threshold, (b) ;/;f obtained after filling the holes,
(c) Initial estimate of lymph node H and (d) estimated lymph node area.

Fig. 8 (a) shows the binary HFM P obtained by thresholding
the image shown in Fig. 7. Note that the white pixels correspond
to the other tissue (OT) regions whereas the black pixels denote
the LN as well as the background. It would be helpful to distinguish
the LN from the background region. The binary HFM also includes
many small noisy (white) regions. Therefore, we propose to gen-
erate another binary HFM feature which will coarse segment the
HFM image into LN and non-LN regions. This is obtained using the
following steps.

(i) Note that the LNs appear as holes in the white background (con-
sisting of OT regions). In the first step, we estimate the entire
hole regions (i.e., all dark pixels surrounded by white pixels) in
the image. In order to do this, the holes in . are filled by dilation
using the following iterative equation.

wg =l esn(~uh) k=1,2,3,4, . (6)

where the initial hole-filled image W _ b, Note that uhf is the
hole-filled image after k-th iteration. The initial dilation Wlth the
structuring element Sy starts inside the black holes, and the itera-

tion is terminated when /sz = ,uk at k = £ (the last iteration). In
this paper, we have used the followmg structuring element. Fig. 8
(b) is an example of the hole-filled image.

010
S;=111 1
010
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(c)

Fig. 9. Masks generated from the image in Fig.4. (a) Ground truth mask (b) Mask
generated by the proposed technique and (c) comparison of ground truth and seg-
mented mask.

e The hole regions filled up by Eq. (6) is calculated as:

H=py —ub (7)
Note that the hole filling might fill some background regions.
Fig. 8 (c) shows H obtained from Fig. 8 (b).

e Itisobserved that H contains many noisy areas. An 8-connectivity
analysis is applied on H to determine the number and the size
of the disconnected regions. We remove the regions with small
areas that satisfies the following criterion:

area(R) < Tareq * Am (8)

where R is a disconnected region, Ap, is the largest size of the dis-
connected areas in H, and tg4req is a predetermined area thresholds
parameter. The set of disconnected regions satisfying Eq. (8) is our
initial estimate of the LN obtained from the HFM. Let these dis-
connected regions be denoted by L, and the number of regions be
denoted by Nj.

The final feature vector for each pixel (x, y) in the input image I,
is obtained by combining the three features as follows:

f = {U(X7 y)» H’b(x’ y)7 L(X, y)} (9)

where v represents the frequency count, u? is the binary HFM value
and L(x, y) = 1 if the pixel is inside the L region, otherwise it is zero.

3.3. Fine segmentation

In this section, the feature vector f (with dimension 6) for each
pixel in the image ¢ is classified (into LN and non-LN classes) using
a Support Vector Machine (SVM). Let us assume that there are k
training feature vectors {fi, fo, -+, fi } corresponding to k pixels
which are randomly selected from the training images. The SVM
model is trained using these selected k feature vectors and the
corresponding labels {y1, Vo, ooy yk}. Note that, theses labels are
obtained from the ground truth information where each feature

Ground truth mask ‘

= Proposed technique

MART-1

(b)

Fig. 10. Lymph nodes with different stains (a) MART-1, (b) S-100, (c) H&E (d) Ki-67.

vector is labelled as (1) for lymph node tissue or (-1) for non-lymph
node tissue. The SVM estimates the best hyperplane P to sepa-
rate these labelled feature vectors. The hyperplane P is defined by
wTu + b = 0, where uis a point on the hyperplane P. During training,
optimal values of w and b are obtained by minimizing a cost func-
tion (Ben-Hur et al.,2001; Bishop, 2006). Note that an SVM classifier
can also handle un-separable data by increasing the dimensional-
ity with different kernels. During testing, the SVM model is used to
generate the LN mask § as follows:

1 for LN jssue

3%.Y) = {5 or non = LNgseee

3.4. Segmentation performance

The proposed technique is evaluated with 39 WSI images
described in Section 2. Three WSIs (one MART-1, one Ki-67 and
one H&E) are used as the training images to train the SVM model.
The remaining 36 WSIs are used as the testing set for segmentation
performance evaluation. Various parameter values used to evalu-
ate the proposed technique are shown in Table 1. The following
objective measures are used to compare the performance:

Sensitivity = x 100%

TP + FN

Precision = x 100%

TP + FP
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Fig. 11. Segmentation performance of the proposed technique for different image (a) Sensitivity, (b) Precision, (c) Specificity (d) Accuracy.

Table 1
Lymph Node Segmentation Parameters.

Down sampling factor 8

Neighborhood radius r 10 pixels
No. of radial lines, p 10
Area threshold (Eq. 8),%areq 600 pixels

Table 2
Performance of the proposed technique using different SVM kernels.
Kernels Sensitivity Precision Specificity Accuracy
Linear 90.67 84.53 91.61 93.25
polynomial 89.34 88.22 93.03 93.89
Gaussian 94.81 90.98 93.15 95.55
P N
Specificity = ———— x 100%
pecficity = 5= pp °
TP + TN
Accuracy = ————————— x 100%
Y= TP TP+ ENTIN °

where TP, TN, FN and FP denote the number of true positives, true
negatives, false negatives and false positives, respectively.

Table 2 shows the performance comparison for three SVM ker-
nels: linear, polynomial, and Gaussian. It is observed that the
Gaussian kernel provides the best performance in terms of sensitiv-
ity, precision, specificity and accuracy. Therefore, all the subsequent
results are obtained using the Gaussian kernel. Fig. 9 compares the
segmented LN mask ¢ obtained by the proposed technique and
the ground truth mask. Fig. 9(c) shows the obtained segmentation
results overlapped with ground truth. Overall, it is observed that
the LNs obtained by the proposed technique are very close to that
of the ground truth. There is a thin layer of false positives around
the LN contour, which is primarily caused due to the low values of
HFM o and high values of vy , v, in these regions.

Fig. 10 shows examples of segmented Lymph nodes slides with
different stains along with their ground truth masks. It is observed
the segmented lymph nodes obtained by proposed technique are
very close to the ground truth mask. Fig. 11 shows the sensitiv-
ity, precision, specificity and accuracy for each of the 36 images
in the testing dataset. It is observed that the proposed technique
provides an average sensitivity, precision, specificity, and accuracy
0f 94.55%, 90.98%, 93.15% and 95.55%, respectively. In other words,
the LN segmentation performance is very good for most images.
There are a few images where the sensitivity is somewhat low. For
example, Fig. 10 shows that the WSI with indices 21, 24 and 33 have
sensitivity around (80%). Visual inspection reveals that the low sen-
sitivity for these images mainly arises because of the WSI artifacts
such as tissue folding, slide imperfections, lighting inconsistencies,
and improper calibration of imaging equipment.

4. Proliferation index calculation

In this paper, the Proliferation Index (PI) is calculated as follows:

NA

Pl= P Na

x 100% (10)
where NA and NP are the number of the active and passive nuclei,
respectively. In this paper, the following three types of Pl values are
calculated:

(i) The average PI value for the entire melanoma region.
(ii) The average PI value for each individual region.
(iii) The PIvalues for a given number (e.g., 3) of windows with size
around (0.15 x 0.1) mm?2.

For Pl calculation in a Ki-67 stained image of lymph node, MART-
1 stained image is used to detect the melanoma regions which
appear with brown color. Fig. 12 shows the schematic to calculate
the PI values for the melanoma regions. It is observed that, there
are four modules for PI calculations, which are detailed below.
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Segmented Image
MART-1  ——f J\wIelanc.)ma > Thresholding
Ki-67 — Mapping
PI SVM
PI Values «—— : N Classifier
Calculations

Fig. 12. Schematic of the proliferation index PI calculation.

4.1. Melanoma mapping

This module takes the segmented LN images corresponding to
MART-1 and Ki-67 stained images (obtained using the technique
proposed in section 3) as inputs. The melanoma regions of MART-1
stained image are mapped into affine transformed Ki-67 stained
image using the following two steps.

Step-1 Ki-67 Transformation: Let the MART-1 and Ki-67 stained
images be denoted by Iy, and Ik, respectively. Let the binary LN
masks of I; and I be denoted by ¢y and ¢y, respectively. Fig. 10(a)
shows a MART-1 image Ij; and its LN mask ¢y (blue contour). On
the other hand, Fig. 10 (d) shows Ki-67 image Iy; and its LN mask ¢y
(blue contour). In this step, we first register the LN masks ¢y and ¢y
where the mask ¢ is kept fixed and the mask ¢y is transformed.
The registration is achieved by finding the best transformation t’
that will align the lymph node masks ¢); with ¢ in the same
coordinate system. The transformation t’ is obtained by solving the
following equation.

t' = arg max A (X). (X)) (1)

where A(.) is the mutual information and t(x) is the affine trans-
formation of the coordinate x. The mutual information of the two
masks ¢ and ¢y is calculated as follows

Mom, k) = e(dm) + e(Pk) — e(dm, k) (12)

where e(¢y ) and e(¢y ) are the entropies of mask ¢ and ¢y, respec-
tively, and e(¢y, @k ) is the joint entropy.

The entropies are calculated based on the probability density
function (PDF) of the pixel values [0,1] of the entire 2D images ¢y
and ¢y, and the joint entropy is calculated based on the joint PDF
of ¢y and ¢i. Fig. 13 (a) shows the overlapped masks of ¢, (white
and purple regions) and ¢k (t'(X)) (white and green regions). After
obtaining the optimal t’, the affine transformation t'(X) is applied
on I as follows.

I'x = Ik (t'(X)) (13)

where I’y is the affine transformed Ki-67 stained image (see Fig. 13
(b)). The lymph nodes regions in I’y masked by ¢y is calculated
below:

'y =T'g. %Py (14)

where ["k is LN regions in the affine transformed Ki-67 stained
image I’k as shown in Fig. 13 (c). Note that I"”x corresponds to the
LNs of Ki-67 image that is also registered with the corresponding
MART-1 image.

Step-2 Melanoma Mask: In order to calculate the PI, we also need
a mask for the melanoma regions. In this work, the melanoma
region mask ¢ is generated (for MART-1 only) as follows:

5x.y) = 1 for MNtissue
Y=o for non — MNtissue

(15)

where § is the Class 1 pixels obtained from coarse segmentation
model (see Eq. (1)). Fig. 14 (a) shows the MN regions § (with green

(a) (b)

Fig.13. Image registration for MART-1 and Ki-67 stained images for the same lymph
nodes. (a) overlapped masks ¢y and ¢k after registration, (b) image I'x, and (c) image
I”K.

Fig. 14. Melanoma mapping process (a) Melanoma mask § of MART-1, (b) § contour
melanomaregions (green color)inI”x image, (c) 8’ contour melanoma regions (green
color) in I’k image, (d) The magnified image of yellow square in &, (e) §” contour
melanoma regions (green color) in I”x image and (f) The final melanoma mask.

contour) obtained for MART-1 image Ij;. Fig. 14 (b) shows the mask
& superimposed on [".

It is observed that some noisy melanoma areas (false detec-
tions) are outside the lymph nodes. These outside noisy areas are
removed using the LN mask ¢, and the de-noised mask is shown
in Fig. 14(c). Amagnified version of the yellow square in Fig. 14(c) is
shown in Fig.14(d). It is observed that there are small disconnected
MN regions inside the LN regions. The following steps are applied
to connect these small regions and refine the MN mask §:
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1 An Active Contour Model (ACM) is applied on the melanoma
contour to merge the small disconnected regions and make the
melanoma mask smoother. The refinement of melanoma contour
is driven by two forces: an internal force that keeps the contour
smooth, and an external force that pushes it towards the object
contour. The active contour model based on a gradient vector
flow (Xu and Prince, 1998) is used in the proposed system for
melanoma contour refinement. The melanoma contour, denoted
by X(s), is obtained by minimizing E as defined below:

1
E= /[Eint(x(s))+Eext(x(5))]d5 (16)
0

where, x(s) = [x(s), ¥(s)], s € (0, 1). The internal energy E;, is cal-
culated as follows:

Eun (K(5)) = 2 [ax6)|” + B[x(5)]] (17)

where X/(s) and X”(s) are the first and second derivatives of x(s),
respectively, and o and 3 are weighting parameters. The external
energy Eeyx: of the contour is calculated as follows:

Eext = //[y(u,% w02+ 02)+ | VF| [k = VI | dxdy (18)

where k = (u(x, y), v(x,y)) is the gradient vector flow, fis the gra-
dient of the smoothed image Ik as the edge map, {ux, Uy, Vx, vy}
are the partial derivatives with respect to x and y. Fig. 14 (e) shows
the melanoma regions after applying the ACM. Let the obtained
melanoma mask be denoted by &, and the disconnected region in
&' be denoted by R; (i =1, 2, .., Npg) where Npg is the number of
disconnected candidate melanoma regions. It is observed in Fig. 14
(c) that there is a large number of R; (in this example, Npg =116).

2 The mask &' is a smooth version of the mask §, but there are a few
regions of melanoma that expand on lymph melanoma regions
due to the ACM. In this step, §' is refined by removing regions
that are not melanoma. This is done as follows: Convert the color
image Iy into a gray intensity image Igy. Map & onto Igy, and
calculate the mean intensity of each of the Npg melanomaregions
in Igy. Note that the melanoma regions are typically brown and
have a low mean intensity. Hence, a region R; is removed from &’
if the corresponding mean intensity satisfies the following.

Mean Intensity(R;) > T (19)

where 7 is a threshold. Let the final melanoma mask be denoted
by 8”, and let the number of remaining disconnected regions be
denoted by N'pg. It is observed in Fig. 14 (f) that there are three
final melanoma regions (i.e., N'pgr = 3). The magnified version of
these regions is shown in Fig. 15 (a).

4.2. Thresholding

Fig. 15 (a) shows the melanoma regions in I, denoted by %; (i =
1, 2, .., N'pgr). We now want to segment the pixels in these regions
into two classes: nuclei (Class-1) and background (Class-2). In this
module, Otsu thresholding is used to perform the segmentation. A
pixel located at (x,y) in region %; is classified as follows:

Ni(x,y) if  gray(fi(x,y)) < A
R(x, y) = ) (20)
0 if gray(®i(x,y)) > A

where %7 is the nuclei image, gray(3;(x, y)) is the gray intensity of

the color pixel %;(x, y), and A; is the Otsu threshold for gray(%;).
Note that in Eq. (20), the background pixels with gray value

greater than 2; in 9% has been set to zero. Fig. 15 (b) shows the

Region#1

Region#2

Region#3

Region#1

Region#2

Region#3

(b)

Region#1

Region#2

Region#3

A

Pl =17.02 %

Fig. 15. Active and passive nuclei detection. (a) The melanoma regions in Ki-67
image (obtained from Fig.14(f)), (b) Nuclei mask using Otsu thresholding, (c) classi-
fied nuclei in Ki-67 image.

nuclei image for melanoma regions, where the background appears
in black (i.e., zero intensity).

4.3. SVM classifier

In this module, an SVM model with linear kernel is trained to
segment the nuclei regions 9t} into active nuclei (dark brown pixels)



S. Alheejawi, H. Xu, R. Berendt, et al. / Computerized Medical Imaging and Graphics 73 (2019) 19-29 27

and passive nuclei (blue pixels). The RGB values of a pixel are used
as features, and the ground truth classification labels (i.e., active or
passive) are manually obtained for each color pixel in %. The SVM
model is trained using feature vector and classified label of pixels in
the training images. The SVM model estimates the best hyperplane
that separates the nuclei into active and passive nuclei. Let the SVM
hyperplane parameters be denoted by w and b. The classification
of a nuclei pixel (j) is done as follows.

Active if (wlfi+b) >0
pixel(j) = (21)
Passive  if (wlfi+b) <0

where f; is the feature vector corresponding to pixel j.

Fig. 15(c) shows an example of SVM classification results, where
the active and passive nuclei are shown in yellow and purple col-
ors, respectively. The SVM model presents a good performance for
nuclei classification due to the strong difference between the brown
and blue colors in RGB representation.

4.4. Proliferations index calculation

In current practice, pathologists typically calculate the PI val-
ues in a few small windows where there is a high concentration
of active nuclei. This is primarily because of the difficulty of PI cal-
culation using manual method. In this work, as the PI is calculated
automatically, the following three types of PI values are calculated
to give more information to the pathologists:

(i) One PI for each individual melanoma region ;. Let the Pl value
of region %; be denoted by PI;.
(ii) The average PI value for the entire melanoma region of a lymph
node. Let this PI be denoted by PIg.
(iii) The PI values for a few windows with largest concentration of
active nuclei. If K windows are selected, let the PI be denoted
by Ply ik, k=1,2,...,K.

We first calculate the PI; values for all individual melanoma
regions %; using Eq. (10). Fig. 15 (c) shows the PI; value for each
of the three individual melanoma regions.

For the entire melanoma region, the Pl value is calculated as
follows:

NAa

=Ml 100% (22)
NPgy + NAgy

PIg
where NA,; and NP, are the numbers of the active and passive
nuclei, respectively, in the entire melanoma regions. For the lymph
node in Fig. 15 (c), the PIg value is obtained as 19.82%.

The Ply, k=1,2,...,K, values are calculated for the dense
active nuclei window automatically as follows:

(i) Consider an active nucleus located at (x,y). Calculate the PI
value of the window (size: m x n), centred at (x, y). Let the PI
value be denoted by py,y.

(ii) Calculate py.y for each active nucleus in the melanoma region.
The highest K values of px y are then selected, and are denoted
by Ply ., k=1,2,...,K (typically K=3) with Py, ; being the
highest value.

Fig. 16 shows three windows in red contour with high PI values:
Ply,1 = 22.59%, Ply 2 = 19.98%, Plyy 3 = 24.83%.

4.5. Performance evaluation

In this section, we evaluate the performance of the nuclei seg-
mentation and PI calculation with parameters shown in Table 3.

Fig. 16. The PI values for three windows (in black contour) for melanoma regions.
The third image does not have a region with high PI value. Note that each of the
three windows is of size around 0.15 x 0.1 mm?.

Table 3

PI calculation Parameters.
Window size 0.15 x 0.1 mm?
7 (the normalized melanoma threshold ind’) 0.5
K (number of the windows) 3
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Fig. 17. The proposed nuclei segmentation (a) The Ki-67 stained image (b) Otsu
mask, (c) the nuclei mask and (d) the segmentation results using SVM, where the
active and passive nuclei are shown in red and blue, respectively.

To evaluate the PI calculation performance, we generate 14
subimages (each with 1920 x 2500 pixels) from 9 Ki-67 WSIs,
which are manually labelled by doctors. Two of these 14 subim-
ages are used to train the SVM (for classifying the nuclei pixels into
passive and active pixels). The remaining 12 subimages are used as
the testing dataset for the performance evaluation.

Fig. 17(a) shows a selected window of a Ki-67 image of a lymph
node. The thresholded image is shown in Fig. 17(b) where the
white pixels represent nuclei and black pixels represent the back-
ground. The nuclei pixels (both active and passive), obtained using
Eq. 21, are shown in Fig. 17(c). The classified nuclei, obtained
using the SVM model, are shown in Fig. 17(d), where the active
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Fig. 18. Performance comparison of the proposed technique (in green bars) and the
FCM +KM (Mungle and Tewary, 2017) technique (in yellow bars). The Ground Truth
is shown in blue bars.

Table 4
PI calculation performance of proposed, and FCM + KM techniques.

Technique RMSE MAE Execution time (in s)
FCM +KM (Mungle and Tewary, 2017)  4.20 3.76  298.20
Proposed PI 1.25 0.89 1574

and passive nuclei are represented by red, and blue color (the
background pixels are shown in green). It is observed that the
active and passive nuclei are efficiently classified to obtain the PI
values.

The performance of the proposed technique is compared with
the FCM +KM technique proposed by Mungle et al. (Mungle and
Tewary, 2017). The FCM and K-means functions available in the
MATLAB toolbox, with two clusters, were used to evaluate the
FCM + KM technique. For FCM, a threshold of 0.5 was used for the
nuclei segmentation. After K-means clustering, all active nuclei
candidates with an area less than 600 pixels (physical area: 0.125
pm?) were considered as noisy areas and not used for PI cal-
culation. The PI calculation is performed using a window size of
1920 x 2500 pixels (physical dimension: 0.238 x 0.310mm?) on a
Ki-67 image scanned with 20X magnification. Fig. 18 shows the
PI values of 12 image windows, obtained by using the FCM + KM
and the proposed techniques, along with the ground truth PI val-
ues. Table 4 compares the Root Mean Square Error (RMSE), Mean
absolute Error (MAE) of the obtained PI values (compared to the
ground truth). It is observed that the proposed technique provides
a superior performance compared to the FCM +KM technique. A
possible reason for the superior performance is that the proposed
technique uses supervised SVM classifier whereas the FCM + KM
technique uses the unsupervised K-means method, which may not
be very effective.

Table 4 also compares the execution time (on a Windows 10
computer with Intel i7-4790 CPU and 12 GB RAM with MATLAB
R2018a) for the proposed technique and the FCM + KM technique.
Itis observed that the proposed Pl technique is about 20 times faster
compared to the FCM + KM technique.

5. Conclusion

This paper proposes a fully automated technique for lymph node
segmentation and proliferative index calculation in lymph node
histopathological images. The technique uses local frequency fea-
tures and SVM classifier for lymph node segmentation in biopsy
images stained with H&E, Ki-67, Mart-1, S-100, and CD-45. The

technique then identifies the melanoma region in Ki-67 image
based on the Mart-1 image characteristics of the same lymph node.
Thresholding and SVM classification are then used to determine
active and passive nuclei. The technique then calculates PI value of
the entire melanoma region, individual melanoma region as well
as for a few windows with high concentration of active nuclei.
Experimental results show that the technique provides an excel-
lent performance in terms of both lymph node segmentation and
PI calculation.
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