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ABSTRACT
Pathology has become increasingly more reliant on digital imaging
as a means for viewing, sharing, and archiving slides, and as an
essential first step for the application of advanced image analysis
to support cancer diagnostics. In H&E stained tissue, cell nuclei
are especially prominent, and their shapes, staining attributes, and
distributions within the tissue serve as important diagnostic and
prognostic features. Therefore, the ability to accurately identify and
segment nuclei from other tissue structures is paramount toward
developing a reliable analytical tool. We developed an algorithm
that rapidly identifies candidate nuclei and segments them in a
manner that retains much of the shape information and location
precision. The algorithm uses color analysis, template matching
based on shape, and clump splitting to demarcate individual nuclei
and to segregate overlapping nuclei. Given its speed and relative
simplicity, this method is especially amenable to processing large
image regions at high magnification, making high throughput and
on-demand analysis realizable.
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1.

INTRODUCTION

Hematoxylin and Eosin (H&E) staining serves as the centerpiece
for cancer diagnostics from surgically resected tissue and biopsy
material. Among its main characteristics is the color contrast that
it provides between cell nuclei and other biological structures, providing an attractive approach for pathologists to evaluate tissue
microstructure when assessing the attributes of tumors which ultimately guide diagnosis, prognosis, and treatment. A number of
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studies have demonstrated that certain shape characteristics of
nuclei, including area [1–5], aspect ratio [6], and circularity [7]
provide important diagnostic information to pathologists. Additional variables that include the staining patterns within nuclei
and the distribution patterns of nuclei in the formation of higher
order structures [8, 9] also serve as important cues to assist in the
diagnostic workup of patients.
The advent of digital imaging in pathology has introduced advanced computational tools into the pathology workflow, enabling
H&E stained tissue to be objectively evaluated in a manner that
overcomes interpretation bias, subjectivity, reliance on pathologist
training, and fundamental limitations of the human brain in processing large multidimensional data sets in parallel. As a result, the
role of the pathologist in cancer diagnostics has begun to transform as computer-assisted diagnostic tools have matured. Many
pathology laboratories routinely acquire high magnification (40x)
images of slides in their entirety using whole slide scanners, producing large images that often exceed 5 billion pixels in size. Given
the data processing requirements associated with large images, a
number of existing image processing algorithms operate either on
reduced resolution versions of the image, with a focus on coarse
scale architectural information, or may restrict fine scale analysis
to a small region within the image [10].
Given the important role that nuclear attributes play in cancer
diagnostics, it is therefore of great interest to accurately demarcate
cell nuclei in digital images and incorporate this information in
computer vision models that characterize tumors. It is also of interest to do so in a manner that is computationally efficient in order
to enable the high throughput processing of high magnification
images without discarding available information. We developed a
method to identify and segment cell nuclei that retains much of
this information, even when information is lost due to staining
variability or the presence of overlapping nuclei. Importantly, the
algorithm we present is not computationally expensive and therefore has the potential to be applied to whole slide images. This work
represents a step toward enabling the utilization of all available
image data with the goal of improving cancer diagnostics.

2. METHODS
2.1 Case Selection and Data
We performed nuclear segmentation on 58 images from a publicly
available breast cancer image set [11], which we refer to in this
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Figure 1. A) An H&E-stained image of a breast tumor specimen. B) Computed nucleus likelihood map. The color bar defines
the likelihood of a pixel being a nucleus. Blue is low likelihood and red is high likelihood.
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paper as the UCSB data set. This data set was accompanied by
manual annotations that delineated nuclei in a selected region of
each image. We used these annotations to test the accuracy of the
algorithm by evaluating the segmentation results within annotated
regions.
The segmentation algorithm we describe relies on two key parameters that we derived from a training data set, which we refer
to in this paper as the Drexel data set. First, color classification,
described in a previous report [12], was based on a set of 44 images
from the Drexel University breast cancer database. Cell nuclei, cytoplasm, stroma, and lumen/white space were manually identified
in this set to serve as the basis for the color classifiers. Second,
we measured nuclear statistics in the same set of 44 images as an
essential first step of our segmentation algorithm. These statistics
are derived from the same ground truth data used to perform the
color classification. Importantly, the data set used to derive these
parameters was independent from the data set on which we tested
and evaluated the segmentation algorithm we present here.

2.2

Nuclear Image Statistics for Template
Matching

Central to the technique we report here is the notion that we can
estimate a nuclear location in an image by matching a template to
the image. We defined the template based on the image statistics
derived from the Drexel data set. We measured the area, aspect ratio,
and circularity (4πA/P 2 , where A is the area and P is the perimeter)
of non-overlapping nuclei. We excluded spurious pixels that were
artifacts of thresholding. We also excluded objects with an aspect
ratio less than 0.3, most likely corresponding to fibroblasts which
were not of interest to our study. Finally, we discarded objects with
circularity less than 0.5, as nuclei are expected to exhibit a degree
of roundness. Low circularity suggests an object that represents an
incomplete nucleus often due to failure to pick up the stain, and
may resemble a crescent, “donut,” or a shape with significant invaginations. Of the remaining objects, we measured the median area A
and used a circle with this value as a representative âĂĲnucleusâĂİ
for the template matching procedure described in Section 2.4.

Candidate Nuclear Pixels

Given an input image, we used color analysis to identify the pixels
most likely to belong to nuclei using a method we described previously [12]. Briefly, we computed the likelihood of a pixel belonging
to a cell nucleus by applying 44 color classifiers derived from 44
manually annotated training images. Each classifier partitioned
HSV space into compartments corresponding to nuclei, cytoplasm,
stroma, and lumen/white space, and was built using support vector
machine learning [13] embedded within a decision tree. As a result,
each pixel of a test image was transformed from three RGB channels
to a four channel structure-centric representation, whereby each
channel denoted the relative likelihood of the pixel belonging to
nuclear, cytoplasmic, stromal, or “blank” tissue structures. For the
purposes of this study, we used only the nuclear channel of each
test image, which we refer to as the nuclear map.

2.4

Template Matching

We performed template matching to determine potential locations
of nuclei based on the nuclear map as well as the nuclear area statistics measured in the Drexel data set. We convolved a binary circular
kernel with area A = 50µm 2 with the nuclear map. 50µm 2 is the
median area of the nuclei isolated in the Drexel data set. To identify
candidate nuclei, we masked this convolution map by an estimate
of the image skeleton. In this way, the binary image skeleton was
modulated by the corresponding value of the convolution map,
indicating the likelihood that a pixel in the skeleton represents a
nuclear center. To compute the image skeleton, we applied Otsu
thresholding [14] to the nuclear map to create a binary image, and
performed a morphological closing to generate an object map. The
2
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Figure 2. Outline of segmentation algorithm.
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skeleton resulted from stripping away as many boundary pixels as
possible from the object map while preserving the Euler number.
We iteratively extracted circles of area A from the skeletonmasked convolution map in a rank-ordered fashion, replacing each
extracted circle with a circle of zeros, essentially preventing the
same location and any location within its immediate vicinity from
being resampled in a future iteration. This iterative process was
allowed to continue until all values in the masked convolution map
were less than a threshold T . This threshold was computed by multiplying the sum of the convolution kernel k by a sensitivity factor,
as shown in Eq. 1.
X
T = (1 − s) k
(1)
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Figure 3. A) Scatter plot of circularity and aspect ratio of the
nuclei in the training set images.
B) Histogram of areas of the nuclei in the training set images.

Nuclear Boundary Estimation

To associate regions in the image with putative nuclear centers,
we performed morphological reconstruction on the nuclear map,
selecting markers as circles of area A with magnitudes equal to the
Otsu threshold, centered on each putative nuclear center position.
Markers were allowed to expand until they filled a mask defined
by the nuclear map. Each filled region was then designated as a
nucleus. Abutting nuclei that would otherwise occupy the same
region if they were allowed to expand in isolation often defined
a boundary proportional to the distance to the putative centers.
This procedure, analogous to Watershed segmentation but with
greater immunity to oversegmentation, used the centers derived in
the previous step to “fill in” regions defined by the nuclear map.

3.
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We used a sensitivity value s of 0.8, but we note that improved
sensitivity can be achieved by increasing this value. As a result of
this template matching procedure, a rank-ordered series of putative
nuclear centers was collected according to 1) the likelihood of
an objectâĂŹs pixels belonging to a nucleus; 2) the shape of an
object being circular and approximating the size of a representative
nucleus; and 3) the prevention of excessive overlap between nuclei.
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[12]. In Figure 1B, we depict an example of this transformation on
the sample image shown in Figure 1A, demonstrating the effectiveness of reducing an image with complex color characteristics
in three RGB channels to a single-channel map representing cell
nuclei. The likelihood of being a nucleus is computed for each pixel,
which is then color-coded with blue being low likelihood and red
being high. The nuclear map serves as the basis for all subsequent
processing steps.
We performed template matching to extract putative nuclear center positions from images. To define the template matching kernel,
we first measured the shape statistics of nuclei in a training data set
from Drexel. To compute these shape statistics, we first discarded
excessively elongated nuclei and nuclei with low circularity, which
most likely belonged to fibroblasts (which are beyond the scope or
intent of this report), incompletely stained nuclei, or artifacts. Often,
low aspect ratio and low circularity were correlated, as shown in
Figure 3A. Our exclusion criteria were derived from this figure, as
we elected to discard nuclei with aspect ratios lower than 0.3 and

RESULTS

We performed nuclear segmentation on a set of 58 publicly available
breast cancer images from UCSB and compared the results to manual annotations provided with the data set. We used the algorithm
outlined in Figure 2 as the basis for this analysis. Essential to this algorithm is the initial transformation of H&E images to a scalar map
representing the likelihood of a pixel belonging to a nucleus based
on its color properties, a procedure we have previously described
3

A

B

C

Figure 4. A) An H&E-stained image of a breast tumor specimen. B) Corresponding convolution map.
C) Skeletons (black lines) derived from the nuclear map.
we acquired from the Drexel data set. We found that the medians
were not significantly different from those of the Drexel data set
(UCSB: 44.75µm 2 vs. Drexel: 51µm2 , p=0.16, Wilcoxon Sign Rank
test). Overlapping nuclei, on the other hand, were typically represented at this stage by a single connected region, or “clump”, that
contained multiple nucleus centers. We segmented overlapping
nuclei from each other by applying morphological reconstruction
to the nuclear map using the putative nuclear centers as seeds that
effectively expanded until a mask defined by the nuclear map became filled. In Figure 6 we show an example of the output of this
step.
To test the performance of the algorithm, we compared the output of the segmentation algorithm with the manual annotations
that accompany the UCSB data set. We measured their concordance
using sensitivity and specificity metrics, in which sensitivity represented the ability to correctly identify pixels that belonged to
nuclei and specificity measured the proportion of pixels that were
correctly characterized as nuclei by the algorithm. We found a mean
sensitivity of 0.79 (std. dev. = 0.08) and mean specificity of 0.82 (std.
dev. = 0.09) for the 58 test images from UCSB.

Figure 5. Red dots mark candidate nucleus centers.
circularity values of 0.5 or less. The median area of the nuclei that
remained was 51µm 2 (Figure 3B).
Based on these measurements, we applied template matching
to the UCSB data set using a circular kernel with a radius of 4µm;
a sample H&E image is shown in Figure 4A with corresponding
convolution map in Figure 4B. This map represents the strength of
the template match and indicates the potential locations in which
an object resembling a template nucleus may reside in the image.
After rank-ordered sampling from the convolution map, with a
constraint placed by the skeleton of the image shown by the black
pixels in Figure 4C, a set of candidate nucleus centers was derived
(Figure 5).
For non-overlapping nuclei, the procedure described thus far is
sufficient to identify a nucleus and segment it from other biological
structures in the tissue such as cytoplasm or stroma. In our sample,
58.7% of the putative nuclear centers were non-overlapping. To
confirm that regions with a single putative center corresponded to
single nuclei, we compared nuclear area measurements to those that

4.

DISCUSSION

We describe a novel technique to rapidly and accurately segment
cell nuclei in H&E images. The segmentation results provided in the
paper only required about one minute of CPU time on a MacBook
Air when processing images with a pixel resolution of 1500 × 1500.
This work demonstrates a method with performance characteristics
comparable to or better than existing techniques [15–20], with
an added advantage of computational simplicity that improves
computing time and algorithm generalizability to new data sets.
This is particularly useful for applications that require segmentation
of cell nuclei throughout whole-slide images in their entirety, a
task frequently encountered in pathology diagnostics. Importantly,
the results we report are based on a test data set that is entirely
independent from the data set we used to derive the color and shape
classifiers.
The general framework of the algorithm presented involves a
three-step analysis procedure, some of which has been previously
4

Figure 6. A) Segmentation results from applying a morphological reconstruction on multi-nuclei clumps.
B) A nucleus is missed because of weak staining. It is highlighted with a black arrow.
reported. 1) Color analysis identifies candidate pixels likely belonging to cell nuclei; 2) nuclear statistics-driven shape analysis
effectively aggregates candidate pixels into candidate nuclei in a
rapid manner using convolution; 3) morphological reconstruction
utilizes the information gained from the first two steps to segregate
overlapping nuclei using the H&E staining attributes of the tissue.
The nuclear statistics we derived from the Drexel data set are
consistent with those obtained after applying the segmentation
routine. However, we did note slightly higher median area for the
Drexel set. This may be due to the fact that tumor nuclei found
in invasive breast carcinoma specimens are generally larger than
benign nuclei [21, 22]. The Drexel data set consisted almost entirely
of malignant tumors, whereas the UCSB data set was comprised of
a mixture of malignant and benign specimens.
The sensitivity and specificity metric provided a direct measure
of the ability to detect nuclei and their boundaries, and to accurately represent their shapes. However, since the UCSB annotations
consisted of filled regions, we believe this negatively impacted
the specificity values we report. Also, we noted that some nuclei
were not detected due to weak staining (e.g. arrow in Figure 6B),
suggesting a failure of the color transformation step or inaccurate thresholding. We have observed improvements in picking up
weakly stained nuclei by choosing a higher sensitivity factor; however, high sensitivity may result in spurious pixels picked up as
belonging to nuclei. We believe that further investigations may be
warranted to weigh this tradeoff and identify optimal sensitivity
values, which may be dependent on tissue type.
The key free parameters and model constants were computed
ahead of time from a training data set, requiring only simple linear transforms in real-time, making this an efficient method for
segmentation. Specifically, the color analysis stage is performed
using the dot product between the HSV representation (in Cartesian space) of the image and a set of SVM hyperplane coefficients

previously computed. The template matching stage is entirely analogous to low pass filtering using a circular kernel. We did not test
the impact of using a conventional Gaussian kernel on algorithm
performance. We suggest that given the appropriate selection of
σ , this may provide additional enhancement in performance and
the convenience of using conventional low-pass filtering software.
The most time-consuming step of the algorithm involves performing morphological reconstruction, although established tools to
perform similar functions can be implemented. Further research is
necessary to evaluate any potential loss in accuracy by using such
tools as approximations.

5.

CONCLUSIONS

We developed an algorithm that rapidly identifies candidate nuclei
in H&E images, and segments them in a manner that retains much
of the shape information and location precision. The algorithm uses
color analysis, template matching based on shape, and clump splitting to demarcate individual nuclei and to segregate overlapping
nuclei. We performed nuclear segmentation on a set of 58 publicly
available breast cancer images from UCSB and compared the results
to manual annotations provided with the data set. We have shown
that our approach has performance characteristics comparable to
or better than existing techniques. Given its speed and relative
simplicity, our method is especially amenable to processing large
image regions at high magnification, making high throughput and
on-demand analysis realizable.
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