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Abstract

risk stratification is the examination of hematoxylin
and eosin (H&E) stained tissue section(s) and
performing histological grading [1]. Histological
grading is based on the average count of centroblasts
(CBs), large malignant cells, in ten random standard
high power fields representing follicular regions.
However, this is a highly subjective process and the
results show well-documented inter- and intra-observer
variability for the various grades of FL even among
expert pathologists [2, 3].

The gold standard in follicular lymphoma (FL)
diagnosis and prognosis is histopathological
examination of tumor tissue samples. However, the
qualitative manual evaluation is tedious and subject to
considerable inter- and intra-reader variations. In this
study, we propose an image analysis system for
quantitative evaluation of digitized FL tissue slides.
The developed system uses a robust feature space
analysis method, namely the mean shift algorithm
followed by a hierarchical grouping to segment a given
tissue image into basic cytological components. We
then apply further morphological operations to achieve
the segmentation of individual cells. Finally, we
generate a likelihood measure to detect candidate
cancer cells using a set of clinically driven features.
The proposed approach has been evaluated on a
dataset consisting of 100 region of interest (ROI)
images and achieves a promising 89% average
accuracy in detecting target malignant cells.

The proposed image analysis system segments and
classifies individual cells in digitized microscopic
images of H&E-stained FL tissues samples. For the
initial segmentation, we use a robust feature space
analysis algorithm, namely the mean shift algorithm to
estimate the clusters associated with the modes of the
underlying density distribution spanned by the color
vector of each pixel. The resulting clusters identified
by the mean shift procedure are further pruned to
obtain the distributions associated with each subcellular component. Further morphological operations
are applied to deal with complex sub-cellular
composition of individual cells, enforce morphological
and spatial constrains and split touching cells. Finally,
we construct a feature vector for each segmented cell
and detect candidate CBs using the morphology and
texture based likelihood functions.

1. Introduction
Recent developments in high-throughput wholeslide digital scanners have accelerated the research on
computer-aided
diagnosis
and
prognosis
in
histopathology. This has the potential to improve the
precision and accuracy of the qualitative visual
inspection, and assist pathologists in their decisionmaking mechanism; hence improve the clinical
outcomes. In this study, we propose an image analysis
approach for histopathological evaluation of follicular
lymphoma (FL) tissue samples. FL is a tumor of lymph
system and the second most common lymphoid
malignancy in the western world [1]. Currently, in
clinical and laboratory practice, the gold standard in FL
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2. Segmentation of individual cells
In order to segment individual cells, we first
partition the tissue into basic cytological components,
e.g., cell nuclei and cytoplasm, extra cellular material
(ECM), red blood cells (RBC) and background. In
H&E-stained tissue samples, nuclear and cytoplasm
regions have blue-purple color and darker intensity
while colors associated with ECM and RBCs are
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usually in the hues of pink and red. Conventionally,
feature space clustering algorithms such as expectation
maximization and k-means are widely used for
segmentation in histopathology applications [4, 5].
However, these algorithms rely on the prior knowledge
of the number of clusters and the implicit assumptions
on the shape (mostly elliptical) of these clusters. In
fact, especially in histopathology imagery, these
assumptions may not comply well with the data due to
considerable staining variations between tissue
samples; hence the distribution associated with each
sub-cellular component should be discerned solely
from the image being processed.

mode estimation process is the radius of the hypersphere. We set its value as h=3.5, which is determined
experimentally by visually observing the results for a
range of values (i.e., [2-10]). In our application of
segmenting H&E-stained tissue images, after applying
the means shift procedure, the resulting number of
clusters ranges from 50 to 100, depending on the
variations within the image. However, most of these
clusters have only a few data samples associated with
them, which correspond to insignificant regions mostly
due to the imaging artifacts. Therefore, we first
eliminated any cluster if the number of data points
associated with it corresponds to less than 2% of the
total number of data points. The remaining clusters are
hierarchically grouped based on similarities in the
L*u*v* color space and the spatial transitions between
samples in each cluster. The change in intensity and
color between nuclei, cytoplasm and ECM can be quite
gradual; hence precise segmentation may not be
achieved using only the color information. While the
color similarity tends to group clusters with similar
color vectors, spatial transition probabilities favor to
group clusters that are frequently neighboring each
other in the spatial domain. Based on the fact that the
nuclei component is usually surrounded by the
cytoplasm component, and the cytoplasm component is
usually surrounded by the ECM component in the
spatial domain, the spatial transition probabilities
between clusters ensure additional spatial constraints
for a more precise segmentation. Accordingly, the pairwise similarities between the remaining clusters are
constructed as follows:
⎞
⎛
(2)
S ij = ci − c j ⋅ ⎜ 1 ⎟
t
⎝ ij ⎠
where ci, cj are the ith and jth clusters, and tij is the
spatial transition probability between ith and jth clusters.
The tij measures the frequency of the samples of ith and
jth clusters neighboring each other in the spatial domain
and it is calculated as follows:

In order to achieve an adaptive and robust feature
space analysis, we use a non-parametric method,
namely the mean-shift algorithm, a procedure for
estimating the modes (i.e., stationary points of the
density) of a density function given the data sampled
from that function [6, 7]. The mean shift algorithm
does not require prior knowledge on the number of
clusters, and does not constrain the shape of the
clusters. Briefly, the mean-shift procedure operates as
follows: Let xi be a set of n points in the d-dimensional
Euclidean space Rd that defines the feature space where
i=1,…,n. Also let Sh(x) define a hyper-sphere of radius
h centered on x, containing nx data points. Then, it can
be shown [6] that the sample mean shift vector is:

M h ( x) =

1
nx

∑x

i

xi ∈S h ( x )

−x≅

ˆ f ( x)
∇
,
fˆ ( x)

(1)

where fˆ ( x ) is the estimate of the local density and
ˆ f ( x) is the estimate of the local density gradient. In
∇
other words, Eq. 1 states that the mean shift vector
always points towards the direction of the maximum
increase in the density allowing the local estimate of
the normalized gradient to be computed using the
sample mean. We recursively compute the mean shift
vector and update the hyper-sphere by the mean shift
vector until it converges to a local density maximum,
which is also referred to as the mode of the density. In
order to identify all the modes, this procedure is
repeated for all the points. Assigning each data point to
the mode to which the local density is converged, the
underlying clusters with arbitrary shapes in the feature
space are identified.

t ij = ∀(x, y) | I(x, y) = i,IN (x,y ) (r,c) = j (3)
where i and j are cluster indices and (x, y) are the
image coordinates. The IN(x,y) corresponds to the
immediate 8-neighborhood of the pixel denoted by (x,
y), and |.| denotes cardinality. Figure 1(a) and (b) show
a sample image region and the corresponding color
coded segmentation labels after hierarchical grouping,
where cell nuclei, cytoplasm, ECM and background are
represented in blue, cyan, yellow and white colors,
respectively. Figure 1(c) shows the pair-wise
similarities between the remaining clusters after the
initial pruning step. Figure 1(d) shows the result of
hierarchical grouping as a dendrogram plot, where the
leaf nodes shown in same colors indicate the grouping.

In our application, we construct the feature space
by transforming the image from the RGB into the
L*u*v* color space, which defines a perceptually
uniform color space; therefore we can use the
Euclidean distance. Then, we identify the modes of this
feature space by applying the mean shift procedure as
described above. The only parameter in the mean shift
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Figure 1. (a) A sample image region and (b)
its segmentation result; (c) and (d) show
pair-wise similarities and the dendrodram
plot of hierarchical grouping.
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Figure 2. (a) Sample image region, (b-c)
steps of the cell segmentation, and (d) the
final result, where each cell is labeled in
different colors.
Typically, there exist relatively fewer number of CB
cells as opposed to centrocytes; hence traditional
classification approaches do not yield good results due
to underrepresentation of CB samples. Therefore, using
a set of features based on prior clinical knowledge, we
first constructed a CB likelihood measure. Then, for
each image, we adaptively computed a threshold value
from the distribution of CB likelihood and generated
the candidate CB cells.

In order to identify individual cells after the initial
segmentation, we used both nuclei and cytoplasm
components. The initial cell likelihood map, φinit, is
generated by assigning weights to the nuclear and
cytoplasm components and applying a Gaussian
smoothing that ensures spatial coherence. This is
followed by a morphological reconstruction using a
top-hat filter to enhance the likelihood image as
follows:

ϕ init = (0.7 * Inuc + 0.3* Icyt )⊗ Gσ = 2
ϕ enh = ϕ init − ρD (ϕ init )

b

(4)

The feature vector constructed for each segmented
cell includes area, nuclear to cytoplasm ratio, extent of
nuclear regions (i.e., the proportion of the pixels in the
bounding box that are also in the region) and, mean
and standard deviation of the intensity range within the
cell. Basically, these features capture morphological
characteristics such as size, sub-cellular composition
and nuclear shape irregularity, as well as textural
characteristics of cells for further detection of CBs.
Using prior information based on clinical and
biological knowledge and a small set of training
samples, we constructed CB likelihood functions for
each feature. Figure 3 shows the constructed likelihood
functions for the area, nuclear to cytoplasm ratio and
extent features. Assuming independence between these
features, the final CB likelihood, ΛCB, is calculated as
follows:
(5)
Λ CB = ∏ λi

where Inuc and Icyt denote the nuclei and cytoplasm
components, ⊗ denotes the convolution operation, Gσ=2
is a 7×7 Gaussian mask with a standard deviation σ=2,
and ρS indicates a morphological top-hat filter with a
disk structuring element. Finally, we applied a marker
controlled watershed transformation using the
enhanced cell likelihood image, φenh, to identify the
borders between individual cells. Figure 2 shows the
results of the post-processing step. As can be seen in
Figure 3(d), the segmentation is successful for the vast
majority of cells.

3. Classifying CB cells
There are several types of cells in FL tissue (e.g.,
centrocytes, CBs, macrophages, etc.). The majority of
them are centrocytes characterized by compact cells
with coarse chromatin and scant cytoplasm. CBs, on
the other hand, are characterized by larger size,
vesicular chromatin, and multiple prominent nucleoli
that are frequently associated with nuclear membrane.

∀λi

where λi is the CB likelihood of the ith feature measure.
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Figure 4. (a) CB likelihood, CB, of the
sample image given in Figure 2, and (b)
detected CBs after adaptive thresholding.
Green and red circles indicate ground-truth
provided by two pathologists.

Figure 3. CB likelihood functions of the area,
nuclear to cytoplasm ratio and extent
f

4. Experimental results and evaluation

5. Conclusions

For the computerized CB detection, we applied an
adaptive threshold to the generated CB likelihood ΛCB.
The threshold value, τ, is computed as follows:
(6)
τ = arg max CMFΛ CB ( x) < 0.95

We developed an image analysis approach for
automated detection of CB cells from digitized H&Estained FL tissue samples. The proposed segmentation
approach segments individual cells and detects CBs
with high accuracy. Although, the current false positive
rate is relatively high, this is an initial detection system
designed to have high detection sensitivity (for both
CBs and non-CBs). In our future studies, we will
address reducing the number of false positive
detections by analyzing additional features to
differentiate CB cells.

x

where CMFΛCB is the cumulative mass function of ΛCB.
The value 0.95 is determined empirically based on the
fact that there is limited number of CB cells as opposed
to the large number of non-CB cells in the FL tissue
samples. Figure 4(a) shows the CB likelihood
computed for the sample image region shown in Figure
2. Figure 4(b) shows the CB detection results after
applying the adaptive thresholding. As can be seen in
this sample ROI image, all of the CBs are detected
with a few false positive detections.
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We validated and evaluated the proposed approach
over a dataset of 100 region of interest (ROI) images
captured from ten whole-slide tissue samples digitized
at 40× magnification using an Aperio Scope XT
scanner (Aperio, San Diego, CA, USA). The resolution
of each ROI image is 1353×2168 pixels, approximately
including 2200 cells. The ground-truth information
consists of the locations of individual CB cells in each
ROI image generated by two expert board-certified
hematopathologists. The accuracy of the proposed
system is computed by comparing the centroid
locations of detected CB cells with the ground-truth
CB locations. Table 1 shows the evaluation results,
where we report the average percentage of correctly
identified CBs and the false positive detection rate as
well as the percentage of correctly identified non-CB
cells. Due to the agreement between different readers,
we provided the detection accuracies among CB cells
identified by only one or both readers.
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Table 1. Evaluation of the proposed approach
over 100 ROI images.

Accuracy

single
pathologist
81.4%

both
pathologists
89.0%

NonCB
95.0%

b

Falsepositive
106 cells
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