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Nucleus Segmentation Using Gaussian Mixture
based Shape Models

Hyun-Gyu Lee and Sang-Chul Lee

Abstract—We identify cells in microscopy images with
stained nuclei, using the following process: Candidate
seeds for nuclei are identified as extrema in a Laplacian-of-
Gaussian space, and weak candidates are eliminated from
clusters obtained by ellipse fitting; a region of interest for
each nucleus is then defined by combining local and global
thresholding; and these regions are repeatedly merged and
split by modeling the shape of a nucleus and measuring
the roughness of the shared boundaries connected nuclei.
This method showed superior abilities to detect the
nucleus regions and to split the boundaries of connected
nuclei. Our experiments show higher scores in comparison
with five other techniques in terms of eight evaluation
metrics.

Index Terms—Gaussian mixture model, nucleus segmen-
tation, reconstructed nuclei, ROl extraction, splitting nuclei.

[. INTRODUCTION

UTOMATIC methods of cell counting and tracking are
A important in cytometric analyses that classify cell types
or analyze cell structure. Different microscopy imaging tech-
niques and cell types require different segmentation methods,
and these can be challenging to design, due to the wide variety
of cell sizes and shapes, as well as noisy images of variable
brightness. In particular, the boundaries between adjacent cells
are sometimes ambiguous: even experts may be unable to decide
whether a questionable object is a single cell or two overlapping
cells.

Cells are typically detected using an intensity-based segmen-
tation, such as Otsu’s method [1] or a watershed transformation
[2]. Recently, these two methods have been combined [3], but
even when combined, these methods produce poor segmenta-
tions when there are local variations in contrast, noise, and a
high density of overlapping cells, which occurs in microscopy
images of stained nuclei. Energy minimization can yield better
results in such conditions. The active contour model (ACM)
[4] is the basis of two representative energy-minimization ap-
proaches: region-based [5] and edge-based [6] segmentation.
Both of these methods are influenced by the accuracy of the
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Fig. 1. Model parameters of nuclei identified by (a) merge and (b) split
of nucleus shapes fitted by Gaussian mixture models.

initial boundaries, but more advanced energy-minimization al-
gorithms, based on gradient flow tracking [7], [8], graph cut
[9], [10], level sets [11], as well as the graph-based modular
interactive nuclear segmentation (MINS) [12] method, produce
promising segmentation results without requiring accurate ini-
tialization.

Recently, machine learning has been applied to cell segmen-
tation, using various methods of feature selection and designs
of classifiers. Ilastik presented a method to use the features of
each pixel’s neighborhood in a learning step which builds a
random forest classifier [13]. Supervised learning [14] can split
touching cells in histopathological images using color-texture
features obtained by local Fourier transforms. Detecting cells
through binary classification by a support vector machine [15]
is applicable to a range of datasets, including histopathologi-
cal images of breast cancers, fluorescence images of HEK cells
and phase-contrast images of HeLa cells. Bayesian and Kalman
inference [16] also perform well in cell segmentation and track-
ing. Many learning-based approaches are satisfactory, but they
all require ground-truth images for training.

Despite these advances, it remains challenging to resolve am-
biguous boundaries between adjoining cells, and this also af-
fects the availability of ground truth for training. We propose
a new method for the segmentation of stained nuclei, based on
the merge and split of Gaussian mixture based shape model
(GMSM), as shown in Fig. 1. Based on nucleus blob detection
[9], [17], we find a point in each cell, and then split cells by us-
ing an expectation-maximization (EM) [18] clustering method
that identifies plausible boundaries. This method makes two
significant contributions to cell segmentation:

1) Reliable splitting of a region of interest (ROI), extracted
by seed-based integrated thresholding, using merge and
split of nucleus shapes fitted by GMSM, even when the
number of components in the mixture model fails to
match the number of actual nuclei.

2168-2194 © 2017 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.


https://orcid.org/0000-0002-6123-2556

236 IEEE JOURNAL OF BIOMEDICAL AND HEALTH INFORMATICS, VOL. 22, NO. 1, JANUARY 2018

2) Estimation of boundaries between adjoining nuclei,
which produces boundaries close to the ground truth ob-
tained by human inspection. This automated estimation
is based on differences in intensity between the recon-
structed nucleus and the original nucleus, and roughness
of the estimated boundaries.

The remainder of the paper deals with several topics. In
Section II we introduce our method of seed detection, which
combines two processes: 1) extrema detection by finding the
minima in a Laplacian-of-Gaussian (LoG) space; and 2) weak
seed suppression by ellipse fitting. In Section III we introduce
ROI extraction and show how it is integrated with global and
local thresholding. In Section IV we describe nucleus division
using three processes: 1) feature description based on the as-
cent of intensity gradients; 2) ROI clustering by GMSM; and 3)
the merge and split of these models. In Section V we present
experimental results from two microscopy image datasets, con-
taining 758 images and 48 images respectively, and compare
them with results from five other methods, using eight metrics.
In Section VI we conclude the paper and outline plans for future
work.

Il. SEED DETECTION
A. Extrema Detection in LoG Space

Nucleus segmentation begins with seed-points, and therefore
segmentation algorithms [9], [17] require reliable seed detec-
tion, because the seeds identify the approximate locations and
scales of the nuclei. Following previous work [9], [17], we use
a scale-normalized blob detector [19] in LoG space to find ex-
trema, which become candidate seeds. We define a candidate
seed X = (x,y) as the position of a minimum in the LoG space
LoG(x,y, o). This minimum is actually found in a discrete 3D
LoG space, in which the spatial x- and y-axes are discretized
into pixels of unit size; and the third axis is scale o, which is
discretized into increments of oyp. A candidate seed is located
at a voxel which has a lower value than its 26 neighbors. Values
of scale range from oy,i, tO Omax, and these limits are deter-
mined from the expected radius of a nucleus, such thatr = V2.
This blob detector can find candidate seeds close to the centers
of circular objects and can also determine their approximate
scales.

B. Weak Seed Suppression Using Ellipse Fitting

Many candidate seeds are typically found in an image, some
of which may lie in the same nucleus. We select the seed that
is closest to the center of a good representation of nucleus and
the scale of that nucleus, using weak seed suppression. This
eliminates seeds with larger LoG values from groups of seeds
with overlapping radii. The candidate seeds are selected by the
scale-normalized blob detector, on the basis that they are the
centers of circular objects; but the stained nuclei in microscopy
images are generally closer to ellipse shapes.

We estimate the parameters R, «, 3 of an ellipse by least-
squares fitting to the pixels in an object that may be a
cell, where R is a 2 x 2 rotation matrix that determines the

Algorithm 1: Iterative Ellipse Fitting.
procedure ELLIPSE FITTING(x, Ag)
Variable description and initialization:

Niter : the number of iterations

r!: radius \/20 for the scale of X

0. tolerance for termination

w: a weight for ellipse expansion
cosf sinf

R@O)=| |
—sinf cosf

Ellipse fitting on the extreme:
for k < 1, Niior do
xF = {x € As i ||x— |2 <7F}

X(]f = Xk - ikvxmyc S X?
ifk=1thena=1,0=1
Xlg c 7nx2 =
wa cos(f
x,y€x§:||xlc‘H< R(9) . (©) .0 =
wGsin(0)
tan! (g)}
wony YT
Cn><5 =
T2 TnYn Yo T Yn
la,b,c,d,e] = (nCTC) 13" | Cixs
0. = %tan‘l (Cfa
) cos> 0, sin’0, 0 0 Tra
a
. —cosf.sinb, cosb.sinf, 0 0 b
c
7 = sin’6, cos20, 0 0 c
, 0 0 cosb, sinf, d
e
0 0 —sinf, cosl. e

?2

F=1+%2 4
rh+l = ph 4 o>k — o1
if [a* — af~1| < 4. then exit for
end for
return {R.(6.), ", 5%}
end procedure

orientation of the ellipse, and « and /3 are the lengths of its
major and minor axes. This method of fitting an ellipse to an
object within a ROI is summarized as Algorithm 1. It grows a
circular disk with the radius of the initial scale obtained from
(1), up to the nucleus boundary, which is assumed to be an el-
liptical, and then finds the parameters of the ellipse which fits
that nucleus [Fig. 2(a) and (b)]. Ax is a set of positions of the
ROI near the candidate seed %, which is used as the foreground
for ellipse fitting. Determination of the ROI is described in
Section III. Using the ellipse parameters estimated by
Algorithm 1,we cluster candidate seeds which correspond to
overlapping ellipses. A cluster C' containing X; and X; is de-
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Fig. 2. Examples of (b) fitting an ellipse to an object from (a) an initial
scale; (c) two objects which appear to be disjoint when fitted by circles,
but (d) overlap when fitted by ellipses.

fined as follows:

C = {%;,%;|D(0:5) > [|%: — %Xjll2, i # j},
a; cos(0;;)

ﬁ'i sin(@;]— ) +

)

(D

oo

R a; cos(0;;)
" 8 sin(6;)

where D(6;;) > ||%; — X||2; 6;; is the angle between X; and
X; as tan™! Z'%@:j D(6;;) is the sum of the radii of the ith and
jth ellipses in the direction determined by 0;;.

If two candidate seeds are located in a single nucleus, their
ellipses may overlap [the blue area in Fig. 2(d)], and the seed
with the larger local minimum is discarded between the two
seeds in this case. Finally, we select the seed x with the minimum
value in LoG space among all the seeds in cluster C.

[Il. EXTRACTION OF THE REGIONS OF INTEREST

One of the characteristics of microscopy images with stained
nuclei is that there are many areas of black background that
contain no nuclei. Our ellipse fitting and nucleus division pro-
cesses need to be applied to nucleus area, and therefore we
have to extract a region of interest (ROI) corresponding to this
area. These ROIs have various intensity distributions depend-
ing on capture techniques and cell types. The intensity ranges
of the nuclei and background areas must be normalized be-
fore we identify the ROI of the nucleus regions. We use one of
two linear normalization processes, depending on the datasets:
1) normalization based on the maximum intensity of each im-
age (I(x) = I(x)/max(I)); or 2) average normalization based
on the average intensity of an image from which the back-
ground has been eliminated. The background can be identified
by the large difference between adjacent bars in the image his-
togram (see Algorithm 2). d; is threshold for difference between
frequencies of ith and (i — 1) categories. By this thresh-
old, we can find the intensity where histogram frequencies are
little changed from. Average normalization is effective for a
wide range of foreground intensities, even when these are close
to the background intensities.

After normalization, the ROI is separated from the image
by a combination of global thresholding and local thresholding
around the seeds, using Otsu’s method [1]. The binary images
of the global ROI W,i,},,1 and a local ROI Wy,., are produced
using global thresholding d,10141 and local thresholding 4,

Algorithm 2: Background-eliminated Normalization.

procedure AVERAGE_NORMALIZATION(J)
Variable description:
H : An intensity histogram with n bins for image I,
Nl xXn
H, : A histogram sorted by H descending, N'*”
is : An index vector of H, N1*
Foreground selection:
{Hs,is} = sort(H),
fori «— 1, ndo
D(i) = Hs(i) — Hs(i + 1),
end for
ir = min(4) s.t. D(i) <y,
Average normalization:

r— _Hs(iem)
H, = Yisi Hs(i)
T — I
I= HRENOEACTESY
return
end procedure

respectively, as follows:

L,if G(z,y,0) > dglobal

)

0, otherwise

\Ijgloba‘l(xay) = {

\I/local (1'7 y) = Z

i=1

- { 1aif9i($a%0) > 6& (2)

0, otherwise
S.t.f;‘ — T § X § fv +Ti>
Ui =i <y <gi+7i,9 € G, (&, 9) € X,

where dg10ha1 is the global threshold produced by applying
Otsu’s method to a Gaussian image G with a scale o. Each
local threshold d,, is produced by applying Otsu’s method to a
subset g; of a square image containing 477 pixels, centered on
X;, in the Gaussian image GG. The value of r; is determined from
by the scale of the ith seed.

We can obtain an approximate ROI from the whole image
by thresholding. However, parts of this ROI may actually be
background, due to the low contrast between the nuclei and
background. Thresholding using local contrast values can cor-
rect most of these errors. The final ROI resulting from both
global and local thresholding can be expressed as follows:

\Il( 1, if \I/blur (37, y) >0
xZ, = )
Y 0, otherwise 3)

\Ijblur = (\Ijlocal + \I/global) * B(O’),

where B(o) is the Gaussian kernel (B(c) ~ N(0, o)) that pro-
duces a smooth boundary, by a combination of local and global
thresholding [see Fig. 3 (d)]. The threshold § determines the
extent of the ROI. A high threshold produces a smaller ROL.
The set of pixels {(z,y) : U(z,y) = 1}, which we call A, is
the extent of the ROI. The candidate seed x is used for local
thresholding of W), to extract the ROI A for ellipse fitting; the
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Fig. 3. Stages in the determination of a ROI: (a) the original image with seeds (red), (b) the image after local thresholding, (c) the image after

global thresholding, (d) the combination of images (b) and (c), and (e) the final ROI with § of 0.25.

Fig.4. (a) An example of the gradient ascent method, and (b) examples
of a position x (blue) of a ROI and the position xy (red) of its local
maximum.

final seed % is used for ROI to be used for nucleus division. Since
the final seed x is not known during weak seed suppression,
X is only used in creating the ROI, which is then used for
suppression. This ROI produced by x is used to split the GMSM.
The stages in determining a ROI are shown in Fig. 3.

IV. NucLEUS DIVISION

The ROl is split into several nuclei based on the assumptions
that the shapes of stained nuclei follow a multivariate Gaussian
distribution, and that the shape of the ROI of the adjoining nuclei
follows a GMSM. In this section, we introduce the concept of
features in a GMSM, and the EM-based merge and split methods
that we use to find K plausible components of a GMSM.

A. Feature Description

We consider each pixel in an ROI A, which is created by %, to
be a feature of a GMSM. When this probability is obtained from
a GMSM, and a pixel is closer to the center of another nucleus
than that of its own nucleus, the probability that the pixel belongs
to the other nucleus may be higher than the probability that the
pixel belongs to its own nucleus. These some pixels may be
erroneously classified as belonging to the wrong nuclei.

We address this misclassification problem using the method
of gradient ascent shown in Fig. 4(a). Starting from each position
x in the ROI, the method ascends to a local maximum through
the pixels on a path expressed by x’€+1 = xF + D v G(xF),
where VG (x") is the gradient at x* in the Gau551an image G,
k is the index of the iteration, and r,e,, iS a radius obtained
from the scale of the seed nearest to the position of the initial x.
Ascent terminates when the Euclidean distance between x* and
x**1 converges within a tolerance the position xy of the local
maximum of x is obtained. We expect that xy will be closer

to the center of its own nucleus than a pixel x which is located
near to a boundary between nuclei. By moving each seed to the
center of its own nucleus, we can rectify the misclassification
that is otherwise caused by elliptical nuclei.

Fig. 4(b) shows how the xy pixels near boundaries are closer
to the nuclear centers than the pixels x. However, since the
positions of the xy pixels will be very different from the original
shape of the nucleus, the shape of the GMSM obtained using
Xy alone may be distorted by the positions of the nuclei in the
original image. To preserve the information in the original shape,
we combine each pixel x in an ROI and the corresponding local
maximum xy into a single feature ® = [x,xy]" of the GMSM.

B. Clustering by Gaussian Mixture Based Shape Models

We optimize ® for each segment of the ROI using the
expectation-maximization (EM) method [18], which repeat-
edly finds a maximum a posterior (MAP) distribution. Our EM
method involves initialization, followed by the E and the M
steps. During initialization, the number of components K in
the mixture model is changed by the merge and split processes.
Each feature @ is initially allocated to a class determined by
the K-means algorithm [20], in which the position of the final
seed x is used as the center of each of K clusters, as shown in
Fig. 5(a). The mean p and covariance X of the features in each
class can then be obtained, and these are used as the parameters
0 of the initial mixture model. The prior probability P(c) is the
proportion of all features that are in each class c.

In the E step, the expected MAP of all features in each class
is updated using the current estimated parameters 6, as follows:

P(c;) P(Pi]6;)
i1 Plen)P(®i]61)
where, we assume, the likelihood follows a multivariate Gaus-
sian distribution, i.e., P(®;]0;) ~ N(u, X). The class of each
feature is then updated to the most probable class.

In the M step, the values of P(c) and 6 are updated to maxi-
mize the expected MAP, as follows:

P(ej|®;) =

“)

P(c;) = E P(QI(I)) i Zl P(cj|®;)®; ’
21*1 S Plej ) SN P(cj|®;)
%, = Z P(”J‘(I))( MJ)T(Q?*M]')’

Z L Pcj[ @)
(5)
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Fig. 5.
and K = 3.

(@) (b) ©

Fig. 6. (a) An original nucleus, and (b) a nucleus reconstructed using
(7), and (c) a nucleus reconstructed using the normalized Gaussian
distribution.

where Ny is the total number of features, and K is the number
of classes, which is also the number of seeds.

C. Merge and Split of Gaussian Mixture Based Shape
Models

It is difficult to find the best seeds in small merged regions,
which contain many nuclei. If the result of seed detection is
incomplete and the number of seeds is used as the number of
the components K of the GMSM, then the parts of the GMSM
produced by the procedure described in Section IV.B will be
inaccurate. In this section, we solve this problem by merge
and split operations that find a more accurate value of K by
analysis of the similarity between the reconstructed nuclei and
the regions connected by the original nuclei.

During merge, GMSM with K components, from 1 to the
number of x seeds, are considered in the unlabeled local region.
When K is less than the number of seeds n extracted from the
local region, all combinations of the remaining seeds are used
as initial seeds. Therefore, we have >} _, WLA)' candidate
GMSMs in the ROI of the adjacent nuclei contain the n detected
seeds. To find the best value of & among the candidate GMSMs,
areconstructed nucleus V' is created for each model parameter
of the GMSM. We transform the intensity away from the center
of a reconstructed nucleus using a whitening transformation in
order to produce intensities, of the reconstructed nucleus, similar
to those on the surface of the original nucleus. The reconstructed
nucleus is more similar to the original nucleus than that produced
by the general Gaussian distribution, as shown in Fig. 6. We
define a cost function to express the error between the original
nucleus G and the reconstructed nucleus V' generated by the
parameter of the GMSM, as follows:

B =37V (5, 0) =Gl ) [+23 (v — f(u;, ).

V(x;,0) = max (V(Xi,ek)),ak €0,

0y

s.t.1<k<K<n, (6)

Clustering using (a) K-means, (b) partitioning of the Gaussian mixture model of (a), and (c) split of (b). Each color shows a different class

where V (x;,0) is the maximum intensity at each position in
k reconstructed nuclei, produced by model parameters © of
GMSM, G(x;,0) is an intensity of the Gaussian image pro-
duced from the original image at each position, under the con-
dition that P(x.|0) < t, and (3 is the coefficient set which fit
points of connected boundary. Hence, f is 3y + f1u + [Bou? as
a quadratic polynomial curve fitted by a least-squares proce-
dure. v and v are positions indicating the shared boundary of
two connected nuclei. A adjusts the weights between the first
term, and control the error between the original shape and the
reconstructed shape; and the second term controls the roughness
of the boundaries. By finding the value of K that minimizes (6),
we can determine a value of K that is close to the actual number
of nuclei.

The reconstructed nucleus V' (x;, 6) is the intensity obtained
by the normalized exponent corresponding to the distance
||x. W]|, as follows:

maxy, (QHX,WH) _ 2lxe W
maxy, (62\\x(.WH) — miny, (62\\xcw|‘)

s.t. P(x.]0) > 0y,

(X Pixelo)) =~

V(x,0) =

+62‘a

d; = argmin
0<t<1

,s.t. P(xc|0) < t,

(N

where P(x.|0) is a multivariate Gaussian distribution, ¢ are
the parameters of the GMSM separated from ROI A, and x.
is the distance in pixels between the given x and g in 6.
The term §; is the minimum probability of P(x.|¢) obtained
from v that determines the size of the reconstructed nucleus,
and W is a 2 x 2 whitening matrix used in the whitening
transformation.

In the split process, we assume that each of the K compo-
nents in a GMSM determined by the merge process is in a new
GMSM with K components. Each component of the original
GMSM produced by the merge process is split into between 1
and €/Q,,;, components, where (2 is the number of samples of
the component, and €),,;,, is the minimum size of a nucleus ob-
tained from the dataset to be used in our experiments. Finally, an
improved GMSM with K’ components is created as described
above.

These merge and split processes are implemented locally in
each segment that consists of several nuclei.
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V. EXPERIMENTAL RESULTS
A. Datasets

We evaluated our method of nuclei segmentation using two
datasets: BBBC0OO6v1 from the Broad Bioimage Benchmark
Collection [21] and hand-segmented U20S cells published in
ISBI 2009 [22].

The BBBC dataset consists of 768 microscopy images and
corresponding ground-truth images, produced by experts. The
resolution of each image has 696 x 520, and pixels are 16-bit
grayscale. In this dataset, the contrast between the background
and nuclei varies from image to image: in our image the nuclei
may have high intensity; in another their intensity might be low.
Ten images were excluded from our experiments because their
ground truth images did not contain any labeled nuclei.

The ISBI dataset consists of 48 microscopy images and their
ground-truth images segmented by hand. The resolution of each
image is 1349 x 1030 and pixels are 16-bit RGB. To allow these
two datasets to be analyzed in a similar way, the RGB data was
converted to grayscale, and the image size was reduced to 365 x
279. The sizes of nuclei in these reduced images were similar to
the sizes of nuclei in the BBBC dataset. In this IBSI dataset, the
contrast between background and nuclei varies between images,
like the BBBC data, but this second dataset is more challenging
because the nuclei tend to exhibit bumpy surface and irregular
intensities. Moreover, some nuclei have shapes which are neither
circular nor elliptical.

B. Algorithms Tested

We identify the stages in our method as follows: Local
and Global: using local and global thresholding respectively.
EM: splitting an unlabeled region into a number of components,
corresponding to the number of seeds, using the expectation-
maximization method. Merge: merging the components of the
GMSM. Split: splitting a component of the GMSM into more
than one component. Smoothing: using the error metric of (6). If
there is no smoothing in a method name, (6) is still used, except
for the second term, which relates to boundary roughness. The
scales of all Gaussian kernels in our method were set to 1.6. The
MATLAB source code of our method is available in the project
webpage.!

Our method was compared with five other methods: graph
cut-based segmentation (GC) [9], MINS [12], Otsu’s segmen-
tation [1], interactive learning and segmentation toolkit (ilastik)
[13], and segmentation using non-overlapping extremal regions
(ER) [15]. In the learning-based approaches such as ilastik and
ER, classifiers were trained for each dataset. The parameters re-
quired by these methods were manually selected using a subset
of the data, and their values are given in Table I. GC and Otsu’s
segmentation are fully automated. Using the ilastik method, the
mean, variance, and a histogram of the neighborhood of each
pixel were selected from the list provided with the method. The
ER method is a supervised learning approach, and its perfor-
mance was measured using 10-fold cross-validation. ER has a
lot of parameters, which we did not test; we used the values
recommended by its authors.

Uhttp://imageinfo.inha.ac.kr/software/nucleus_seg/

TABLE |
PARAMETER VALUES SET FOR THE METHODS BEING COMPARED

Methods Parameters Values
ilastik [13] o 3
Threshold 0.8
Neighborhood size 30
MINS [12] nucleus diameter 35 pixels
Image noise level ‘Hard’
Image smoothing kernel 1.2
Proposed O ,0%,0%,0 0.25,0.8,0.25, 100
o4 0.08
Omins Omax 7,20

0% is used for the ellipse fitting, and dx is used for the nucleus
division.

Our method was implemented in MATLAB, and all experi-
ments were performed on a PC with an Intel i7 CPU running at
3.40 GHz and with 16 GB of memory. In order to fairly measure
computation times, we compared our method with ER and Otsu
techniques that were implemented in MATLAB. Average com-
putation times, which include training process, of our method,
ER, and Otsu were 34.80, 37.53, and 0.03 sec. for each image
in BBBC and ISBI datasets, respectively.

C. Evaluation Metrics

We evaluated the results obtained from all twenty methods
using eight metrics that measure the effectiveness of clustering
and segmentation. The normalized sum of distances (NSD), the
Hausdorff metric (HM), and the Jaccard index (JI) followed
the criteria described by Coelho et al. [22]. The NSD measures
the distance between pixels in a segmented border and these in a
reference border, and ranges from 0 to 1. The HM measures the
shortest distance between a point on one boundary to another
boundary, at the point where that distance is a maximum. The
JI is the ratio of the number of identical members (pixels in this
case) in two sets to the number of different members (pixels).
The adjusted Rand index (AR) is the ratio of pair of identical
member (pixels) in two sets to the total number of possible pairs;
it ranges from O to 1, and is more practical to compute than the
Rand index [23]. These evaluation metrics consider the back-
ground area as a kind of segmented object. To assess the nuclei
alone, we eliminate the background region from the segmented
objects. We also used the error-counting metrics introduced by
Coelho et al. [22], which classify errors as split, merged, added,
or missed nuclei.

Since the labeling of the segmented nuclei cannot be related
to the labeling of the ground truth, and the evaluation subject is
area, we are not evaluating a classification process, and there-
fore, we did not use accuracy metrics such as precision and
recall, which specifically relate to classification.

D. Segmentation of the BBBC Dataset

In this experiment, the max normalization was applied to the
dataset, and A was set to 46.

1) Quantitative Performance Evaluation: Our method

(Local, Global, Merge, Split, and Smooth) outperformed the
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TABLE Il
RESULTS OF SEGMENTING THE BBBC DATASET

Methods NSD(L) HM(L) AR(H) JI(H) Average count Split Merged Added Missed
Local+EM 0.074 12.320 0.705 1.588 4.801 1.939 5.354 0.067 11.843
Local+Merge+Smooth 0.076 12.452 0.707 1.590 4.496 1.369 6.115 0.062 10.439
Local+Split+Smooth 0.069 12.056 0.697 1.581 4.578 2.976 3.393 0.098 11.843
Local+Merge+Split 0.108 11.999 0.646 1.519 5.284 7.691 2.834 0.170 10.439
Local+Merge+Split+Smooth 0.068 12.136 0.701 1.584 4213 2.488 3.835 0.091 10.439
Global+EM 0.107 12.461 0.466 1.167 2.654 1.751 6.573 0.092 2.202
Global+Merge+Smooth 0.105 12.443 0.469 1.171 2.349 1.220 6.861 0.109 1.206
Global+Split+Smooth 0.074 11.826 0.464 1.170 2.022 4.038 1.656 0.194 2.202
Global+Merge+Split 0.119 11.730 0.418 1.129 3.181 10.299 0.967 0.251 1.206
Global+Merge+Split+Smooth 0.072 11.809 0.466 1.174 1.698 3.555 1.815 0.215 1.206
Local+Global+EM 0.115 12.902 0.758 1.673 2.956 1.943 7.682 0.715 1.483
Local+Global+Merge+Smooth 0.116 12.977 0.761 1.678 2.730 1.123 8.330 0.854 0.612
Local+Global+Split+Smooth 0.069 12.111 0.762 1.685 2.117 3.672 2313 1.000 1.483
Local+Global+Merge+Split 0.103 11.948 0.706 1.615 3.019 9.071 1.078 1.317 0.612
Local+Global+Merge+Split+Smooth 0.068 12.151 0.766 1.691 1.826 2.927 2.617 1.145 0.612
OTSU [1] 0.290 14.920 0.413 1.143 12.252 2.094 5.145 0.181 4918
GC [9] 0.158 12.834 0.491 1.259 3.162 4235 1.898 5.625 0.889
MINS [12] 0.118 13.500 0.518 1.288 5.592 0.166 12.805 9.070 0.328
ilastik [13] 0.473 17.280 0.188 0.870 8.885 0.011 19.109 5.070 11.351
ER [15] 0.126 12.908 0.365 1.064 1.715 1.131 1.939 3.024 0.765

An appended L, in brackets, indicates that a lower value corresponds to a better segmentation result; an appended H indicates the opposite. The values

in red, blue, and green are the best, second-best, and third-best, respectively.
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Examples of segmentations of the BBBC dataset. (a) An original image and (b) the result of nuclei identified by the ground truth image;

results produced by (c) The Local+Global+Merge+Split+Smooth version of our method, (d) GC, (e) MINS, (f) OTSU, (g) ilastik, and (h) ER. Each
nucleus was randomly assigned a unique color and a number after segmentation.

four state-of-the-art methods and an Otsu-based segmentation
method in terms of NSD, AR, JI, as shown in Table II . Fur-
thermore, the average of the [22]’s four error counts was lower
for our method them for most of the other methods. These re-
sults suggest that ROIs were extracted similar to ground-truth
images without added background or missed foreground, and
nuclei were separated properly. The large number of errors clas-
sified as split can be related to ambiguous boundaries between
adjacent nuclei in the ground-truth images [see Fig. 7 (b)]. The
MINS, ilastik and ER methods could not separate adjacent nu-
clei and therefore yielded few errors classified incorrectly split
or merged nuclei.

When we compare different versions of our method, we find
that combining the methods with Merge, Split, Smooth pro-
cesses given the best results in terms of average error counts,

regardless of the type of thresholding. In particular, the rough-
ness score improves the method’s ability to separate nuclei cor-
rectly. Since Hausdorff metric is only computed within a ROI,
and increases as nuclei are added, versions with global thresh-
olding produce higher HMs than versions with combined thresh-
olding. However, the Local+Global+Merge+Split+Smooth pro-
cess with the max normalization yielded the best scores overall
in the condition with high contrast.

2) Qualitative Performance Evaluation: Fig. 7 compares
results from our method (Local+Global+Merge+Split+Smooth)
with results from five other methods, implemented by us. The
ROI detected by GC was similar to the ground truth, but the
boundaries identified yielded unexpected nuclei such as 18, 98,
131, and 153 in Fig. 7(d). MINS produced boundaries that were
closer to the ground truth, but some ROIs contained errors,
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TABLE Il
RESULTS OF SEGMENTING THE ISBI DATASET
Methods NSD(L) HM(L) AR(H) JI(H) Average count Split Merged Added Missed
Local+EM 0.092 12214 0398  1.207 2.198 0.250 1.083 0.458 7.000
Local+Merge+Smooth 0.098 12.383  0.401 1.209 1.943 0.083 1.479 0.458 5.750
Local+Split+Smooth 0.086 12.128 0401  1.210 2.135 0313 0771 0.458 7.000
Local+Merge+Split 0.209 12,127 0286  1.100 3.141 5.521 0.813 0.479 5.750
Local+Merge+Split+Smooth 0.089 12254 0405 1215 1.839 0.146  0.979 0.479 5.750
Global+EM 0.103 12341 0679  1.789 1.260 0.354 1.875 0.917 1.896
Global+Merge+Smooth 0.105 12245 0678  1.784 1.021 0.104  2.000 1.000 0.979
Global+Split+Smooth 0.083 12014 0679  1.788 1.167 0.688 1.104 0.979 1.896
Global+Merge+Split 0.216 11719 0483  1.496 2.620 7458 0938 1.104 0.979
Global+Merge+Split+Smooth 0.079 12014  0.680  1.788 0.865 0.375 1.021 1.083 0.979
Local+Global+EM 0.101 12519 0.697  1.854 1.406 0.292 1.813 0.833 2.688
Local+Global+Merge+Smooth 0.105 12381 0.687  1.836 1.161 0.083 1.958 0.896 1.708
Local+Global+Split+Smooth 0.081 12213 0.699  1.856 1.307 0.521 1.104 0.917 2.688
Local+Global+Merge+Split 0.196 11911 0515  1.565 2.448 6.208  0.854 1.021 1.708
Local+Global+Merge+Split+Smooth. 0.085 12022 0.687  1.836 1.047 0.375 1.146 0.958 1.708
OTSU [1] 0.389 11.814 0561  1.594 2.875 0.083  2.000 8.500 0.917
GC [9] 0.260 11276 0576 1616 3.276 9.458  0.854 2.125 0.667
MINS [12] 0.096 12.009  0.608  1.612 1.089 0917  0.688 1.646 1.104
ilastik [13] 0.274 12881 0204  1.181 2.188 0.021 3.979 0.208 4.542
ER [15] 0.080 12692 0711  2.146 2.385 0.000 1.688 0.000 7.854
Fig. 8. Examples of segmentations of the ISBI dataset. (a) Original image and (b) nuclei identified from the ground-truth image; results produced

by (c) our method (Local+Global+Merge+Split+Smooth), (d) GC, (e) MINS, (f) OTSU, (g) ilastik, and (h) ER. Each nucleus was randomly assigned

a unique color and a number after segmentation.

such as 55 in Fig. 7(c). Although Otsu method was published
some forty years ago, and it cannot separate adjoining nuclei,
it was better at detecting ROIs than most of the other meth-
ods. The ilastik split boundaries with the best accuracy. ER
was poor at ROI detection, but in general it split boundaries
well.

The ROIs produced by our method appeared more similar
to the ground-truth images than those produced by any of the
other five methods. Our method also yielded boundaries closer
to those intuitively inferred from the original image [Fig. 7(a)]
than other methods. However, the boundaries between some
adjacent nuclei in the ground-truth images (Fig. 7(b): 16, 41,
103, 104, 116, and 120] did not correspond to the boundaries in
the original image. The other methods frequently failed to split
such nuclei. The precise segmentation performed by our method
increased the number of split errors, and reduced the number of
split errors for the other methods.

E. Segmentation of the ISBI Dataset

Our method works well when there is high contrast between
background and foreground regions, and nuclei are, which is
the situation in the BBBC dataset. The ISBI dataset provides
more challenging conditions, with reduced contrast between
background and foreground regions, and nuclei with bumpier
surface. We tested our method against this dataset, using aver-
age normalization to address the large differences in intensity
between images, and low contrast between those nuclei and the
background. The value of A was set to 21.

1) Quantitative Performance Evaluation: The ER
method was performed best overall, although our method with
global thresholding did nearly as well as shown in Table III.
It had the lowest average of split, merged, added and missed
nuclei, a good ability to classify the boundaries between con-
nected nuclei. Although our reconstructed nucleus and the met-
ric evaluating error between the original nucleus and the recon-
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structed nucleus were proposed for segmentation of a nucleus
with smooth surfaces and a nucleus explicitly discriminated
from background, our method showed good performances for
identification of nuclei.

Among the variants of our method, the techniques using the
Merge, Split, and Smooth operations performed better in terms
of average error count, regardless of the type of threshold-
ing. Following the average normalization of this dataset, global
thresholding produced ROIs that were more similar to those
from the ground-truth image than the combination of local and
global thresholding. Combined thresholding of the cropped nu-
clei produced smaller ROIs than those found by global thresh-
olding. This is the main reason for the increased number of
missing nuclei. We therefore recommend the global threshold-
ing with average normalization in the condition with low con-
trast between background and some nuclei.

2) Qualitative Performance Evaluation: Fig. 8 shows
segmentations of data from the ISBI dataset produced by our
method and other methods. GC showed the some adequate abil-
ity to detect ROIs as it did with the BBBC dataset, but the
nucleus boundaries were again incorrect. MINS was unable to
detect some ROIs, but the ROIs that it found, were adequate.
The results produced by the Otsu’s method had holes due to the
bumpy surface of the nuclei. ilastik detected most of the nuclei,
but the corresponding regions were very small. Some of the
regions found by ER were incorrect, but in general, it showed
superior ability to detect ROIs and find boundaries.

Overall, GC, ER, and our method showed excellent per-
formance in terms of ROI detection. However, GC split
nuclei, such as 38, 20, and 10 in Fig. 8(b), were split by GC,
producing incorrect additional nuclei such as 41, 42; 39, 49; and
26, 51 in Fig. 8(d). ER failed to detect some nuclei, such as 20
in Fig. 8(b). Most of the nuclei were detected by our method, as
shown Fig. 8(c), and the resulting image is very similar to the
ground truth of Fig. 8(b).

VI. CONCLUSION

We have presented a new method of segmenting stained nu-
clei in microscopy images. Our seed detection reliably chose an
initial seed point and its scale by fitting ellipses. Local and global
thresholding were combined to overcome large differences in
intensity between nuclei in an image and to find a ROI similar
to the corresponding ground truth image. A reliable method of
generating seed points identifies nuclei, and their scale is deter-
mined by ellipse fitting. The number of components found by
Gaussian mixture models can be somewhat different from the
actual number of nuclei, but nucleus boundaries are well iden-
tified by merge and split of these models. Our method performs
best in the images with a contrasting foreground and nuclei of
smooth surface. However, it also worked well on low-contrast
images and nuclei with bumpy surface. Our method can es-
timate boundaries between adjoining nuclei, similar to those
recognized by a human observer, using differences of inten-
sity between the reconstructed nucleus and the original nucleus,
and the roughness of the estimated boundaries. Future work

will include finding ROIs in images with more complicated
backgrounds.
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