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Abstract. A technique for automating the detection of lymphocytes in
histopathological images is presented. The proposed system takes Hema-
toxylin and Eosin (H&E) stained digital color images as input to identify
lymphocytes. The process involves segmentation of cells from extracellu-
lar matrix, feature extraction, classification and overlap resolution. Ex-
tracellular matrix segmentation is a two step process carried out on the
HSV-equivalent of the image, using mean shift based clustering for color
approximation followed by thresholding in the HSV space. Texture fea-
tures extracted from the cells are used to train a SVM classifier that
is used to classify lymphocytes and non-lymphocytes. A contour based
overlap resolution technique is used to resolve overlapping lymphocytes.
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1 Introduction

A lymphocyte is a type of blood cell in the immune system. Lymphocyte count
is carried out to help diagnose many ailments. The infiltration of lymphocyte
has been correlated with the disease outcome in cases of breast and ovarian can-
cer, leukemia, acquired immuno deficiency syndrome, viral infection, etc [10].
The ability to automatically detect and quantify extent of lymphocyte infiltra-
tion on histopathology imagery could potentially result in the development of a
computer assisted diagnosis tool for Her2+ and ovarian cancer [9].

A study showed that the Lymphocytic Infiltration is relevant prognostic in-
dicators and might be used as markers for an appropriate treatment strategy
in patients with stage I carcinomas [13]. Another study claims to find strong
correlations between the infiltration of lymphocytes and occurence of cancer[5].

Early detection of breast cancer is the key for its prognosis. Mammography
has been one of the most reliable method of detection of breast cancers. However,
enormous sizes of mammogram data had made it is difficult to manually detect
breast cancer [2]. Qualitative pathological examination of the images leads to
inexact classification of the cells and is subject to observer variation and vari-
ability based on the spatial focus of observation rendering the derived high level
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information subjective. Computer assisted diagnosis can provide objective de-
scription of the cells and assist pathologists for finding disorders associated with
lymphocyte count.

Visual inspection of the histology slides does not allow one to distinguish
between lymphocyte nuclei and cancer nuclei (see figure 1). Other challenges as-
sociated with automation of lymphocyte detection are the ability of the method
to accommodate variability in staining procedures, differing scales of image dig-
itization, varying illumination conditions and high occurrence of overlapping
objects.

This paper describes a clinically relevant classification scheme of Hematoxylin
and Eosin (H&E) stained histology slides to detect lymphocytes. The scheme is
based on automated image processing, supervised learning of texture features
and contour based overlap resolution. This work was done as part of a contest
titled “Pattern Recognition in Histopathological images” held during Interna-
tional Conference on Pattern Recognition, 2010. There were a total of 10 images
comprising lymphocytic infiltration that were H&E stained and digitized at 20 X
resolution. 6 images were used as the training set and the other 4 were used as
testing images for the results obtained in this paper. The images also came with
expert annotations of representative lymphocytes. The expert annotations pro-
vided the approximate locations of centers of the lymphocytes (see figure 2(b)),
and a few boundary anotations were also provided to get an idea of the shapes
of lymphocytes.

Figure 2(a) shows one such histology image. Figure 2(b) and 2(c) shows
the annotated centers and boundaries respectively, provided by the organizers.
While the annotation of lymphocyte centers was complete, only five lymphocyte
boundary annotations were provided per image.

(a) Lympho-
cyte by Ground
Truth

(b) Non-
Lymphocyte
by Ground Truth

Fig. 1. Visual inspection of the histology slides does not allow one to distinguish be-
tween lymphocyte nuclei and cancer nuclei.

2 Related Work

Various techniques have been proposed to detect lymphocytes based on color,
texture and shape features. Hybrid segmentation methods have been used to
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(a) (b) (c)

Fig. 2. Contest Dataset

detect nuclei from images of histology slides stained under different conditions
[12, 16].

The watershed transformation is one of the most powerful tools for segment-
ing images [6] but the problem with watershed segmentation is that noisy and
textured images have many minima, most of them being irrelevant for segmenta-
tion. Using the watershed on a gray tone image without any preparation leads to
a strong over segmentation. The best solution to this problem consists in initially
determining markers for each region of interest, including the background of the
image. This makes it semi automated with subjectivity creeping in because of
the choice of markers.

Active contour based models for lymphocyte segmentation have also been
proposed [7], but the choice of seed points affects its segmentation performance.
Bikhet et al [1] have used hierarchical thresholding to localize white blood cells,
followed by extraction of gray level and morphological features to train a su-
pervised classifier. Thresholding works well on a given set of images but fails
with variability in the image set. Ongun et al [14] have used morphological pre-
processing to segment the cells followed by fuzzy patch labeling.

3 Proposed Classification Scheme

The main stages of the proposed classification scheme are: 1) Extracellular ma-
trix (ECM) segmentation, 2) Morphological pre processing, 3) Contour based
overlap resolution, 4) Feature extraction, 5) Classification using a trained SVM
classifier. MATLAB was used for prototyping of the scheme designed for this con-
test. Figure 3 shows the overview diagram of the proposed classification scheme.

3.1 ECM Segmentation

The H&E stain dyes DNA-rich cell nuclei blue and collagen-rich extracellular
matrix (ECM) pink, allowing differentiation of cell from the surrounding ECM
based on color [19]. Two steps are involved in the ECM segmentation. 1) Mean
Shift Clustering, 2) HSV Based Thresholding.
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Fig. 3. Overview Diagram

Mean Shift based Clustering for Color Approximation Mean Shift Clus-
tering is a non parametric clustering technique based on density estimation for
analysis of complex feature space. Dense regions in feature space correspond to
local maxima of the probability density function, i.e to the modes of the un-
known density [4, 8]. Clustering was used to approximate the colors present (see
figure 4) in the image to reduce computational efforts.

For example there are 4061 distinct colors present in figure 4(a). After mean
shift based clustering, the number of distinct colors reduced to 172.

As an unintended consequence, it also lead to some structures being repre-
sented by similar colors which could then be easily segmented using a threshold-
ing in HSV space.

(a) Before Colour
Approximation

(b) After Colour
Approximation

Fig. 4. Colour Approximation using Mean Shift Clustering

HSV Based Thresholding The HSV color space corresponds closely to the
human perception of color and it has been proven more accurate and effective
in distinguishing colored objects. The values of the thresholding to separate
pink hue from blue hue, were obtained by 3D visualization of the distribution of
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these colors (as shown in figure 5) using an open source software ImageJ [15].
Extracellular matrix was segmented from the cells using equation 1. Where M
represents the binary mask which is being formed after thresholding.

M(i, j) = 1 , if 0.6667 ≤ hue( i , j ) ≤ 0.7292
0 , otherwise (1)

(a) (b)

Fig. 5. 3D Visualization of HSV Colour Space

3.2 Morphological Pre-Processing

Connected components analysis (CCA) labels the the blobs in a binary image, as
per its connectivity. The labels thus formed were used to iterate through each of
the blobs thus formed, to extract the blob features. Overlap resolution is applied
to blobs which satisfy some threshold on area and perimeter as discussed in
section 3.3.

3.3 Contour Based Overlap Resolution

A novel contribution of this paper is in resolving cell overlaps. The importance
of resolving overlaps in lymphocyte detection and grading is discussed in [7].
Overlaping of lymphocytes, sometimes makes it difficult to segment them.

Here we have used a contour based heuristic for revolving the overlap among
the lymphocytes. Contours are defined by those pixels that are at an equal dis-
tance from the detected cell boundary. Further, those closed contours which
cover an area that approximates to the area of an average lymphocyte are re-
tained while ignoring other contours. Figure 6 shows an example to illustrate
the overlap resolution.
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(a) (b)

Fig. 6. Overlap Resolution

3.4 Feature Extraction

The mask obtained from the previous steps represented lymphocytes as digital
number 1 and other areas as digital number 0. This mask was multiplied with
the histogram equalized grayscale image of the RGB image shown in figure 2(a).
Histogram equalization was performed to normalize varying illumination con-
ditions. Eighteen texture features were extracted for every detected cell region
[17, 18, 3]. These are – Autocorrelation, Contrast, Correlation, Cluster Promi-
nence, Cluster Shade, Dissimilarity, Energy, Entropy, Homogeneity, Maximum
probability, Variance, Sum average, Sum variance, Sum entropy, Difference vari-
ance, Difference entropy, Information measure of correlation, Normalized inverse
difference moment [17, 18, 3]. These features were derived from the gray level co-
occurence matrix for four values of offset and four values of direction. Average
of these eight values was used as feature value in classification.

3.5 Supervised Classification

Supervised classification was performed to classify the cells into two classes –
lymphocytes and non-lymphocytes. For training the classifier, the labels for every
feature pattern were obtained from the annotated dataset and a training dataset
was constructed that consisted of 80 patterns for lymphocytes and 98 patterns
for non lymphocytes. A support vector machine classifier was trained using this
training dataset [11].

4 Results

The classification scheme described in section 3 was applied on 4 testing images
that had 94 lymphocytes and 74 non lymphocytes as per expert annotation. A
correct detection of lymphocyte in the confusion matrix tabulated in table 1
meant that a lymphocyte centre marked by the expert existed in the region
classified as lymphocyte by the proposed scheme.
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Table 1. Confusion Matrix

Ground Truth
Lymphocytes Non-Lymphocytes

Classifier
Lymphocytes 161 25

Non-Lymphocytes 55 133

It can be observed from the confusion matrix that the proposed classification
scheme is able to achieve a classification accuracy of 78% at a false positive
rate of 14.7%. Figure 7(a) shows the lymphocytes detected by the proposed
classification scheme as cells that are delineated with a red boundary. Figure
7(b) shows the lymphocytes annotated by the expert that were delineated with
the help of given lymphocyte centers. Visual inspection of the results shows that
there is good agreement between the derived results and the ground truth. The
results sent by us were also evaluated by the organizers using two region based
measures and two boundary based measures.

(a) Classifier Result (b) Expert Anno-
tated

Fig. 7. Comparison between Classifier Results and Ground Truth

The region based measures are defined as follow
1) Dice coefficient DICE = 2×|A(S)∩A(G)|

|A(S)|+|A(G)|

2) Sensitivity SN = |A(S)∩A(G)|
|A(G)|

The boundary based performance measures are defined as follow
1) Hausdorff distance

HD = maxw[ minx||cw − cx|| ](cw ∈ S, cx ∈ G)

2) Mean absolute distance

MAD =
∑M

w=1 ||cw − cx||
M

Where C is the total number of pixels in the image and |s| represents cardinal-
ity of any set s. A(s) and A(G) is the area of the close boundary of segmentation
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results and manual delineation. For boundary based measures S and G are closed
boundaries of segmentation results and manual delineations. M is the number of
pixels on the closed boundaries of segmentation results.

Table 2. Performance Comparison

Group DICE SN HD MAD

1 0.73 0.57 4.58 0.77
2 0.74 0.58 3.63 0.65
3 0.37 0.23 21.95 9.14
4 0.83 0.71 3.73 0.41
5 0.74 0.59 3.51 0.62

Table 2 shows the results summarized by the organizers using the above
mentioned metrics. The results of group 2 correspond to the results obtained
from the work mentioned in this paper. DICE coefficient is a measure of similarity
of images. Our method gives 74% means that, the actual result is 74% similar
to the output provided by our method. Our sensitivity is 58% means that 58%
of the positives are correctly identified. It can be observed that DICE coefficient
is only 0.9 less than the best reported result. There is a scope for improvement
in sensitivity by the introduction of newer features related to shape and color.

5 Conclusions

We have developed a classification scheme for automatically detecting lympho-
cytes from H&E stained histopathology slides. However, the proposed scheme
needs extensive testing on different images that are truly representative of the
various scenarios in the real world. Such a dataset will also help to build a good
knowledge base for supervised classification of images. Without such an exten-
sive evaluation, a prognosis tool for lymphocyte count related disorders cannot
be developed especially when the risk associated with misclassification is high.

6 Future Work

As of now, the system does not require user interaction or parameter tuning and
produces classification results that are better than most methods used in the
contest. The size of the lymphocytes can be determined automatically for use
with overlap resolution given the scale at which the image was acquired.

Classification results are largely based on the training of the classifier and
thus there is a scope of using incremental learning to keep the knowledge base
updated. A dimensionality reduction exercise can help find those features that
aid in classification. Further, use of relatively higher resolution images than those
used in this contest can lead to a better quantification of the texture features
and it is our belief that this will further increase the ability of the classifier to
distinguish between lymphocytes and non lymphocytes.
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