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Abstract—It is increasingly appreciated that the tumor stroma
is an integral part of cancer initiation, growth, and progression.
Recently it has been shown that the stromal elements of tumors
hold prognostic as well as response-predictive information. This
work proposes a multi-scale image analysis and machine learning
pipeline for epithelial versus stromal tissue identification in
images of H&E stained breast cancer specimens. Unlike many
studies that perform pixel or block-based epithelium-stroma classification, this pipeline includes an explicit image segmentation
module. We first partition the H&E stain images into coherent
partitions/superpixels, then extract a number of regional color
and texture features from these partitions, and finally use support
vector machine classifiers to classify them into epithelium and
stroma classes. We propose a multi-scale hierarchical fuzzy cmeans (HFCM) approach for segmentation of the images. We also
investigate multi-scale feature extraction and descriptors. Our
experimental results on Stanford Tissue Microarray Database
show that multi-scale regional feature descriptors outperform
single-scale feature descriptors. Experimental results also show
that when the same set of regional features are used, classification
of HFCM-based partitions outperforms classification of both
regular blocks and SLIC superpixels.

I.

I NTRODUCTION

It is increasingly appreciated that the tumor stroma is an
integral part of cancer initiation, growth, and progression.
Recently, through gene expression and histopathology image
analysis, it has been shown that the stromal elements of tumors
hold prognostic, as well as response-predictive information
[1]–[7] Stroma tissue surrounding cancer cells plays an important role in tumor development and behavior [4]. It is
widely recognized that tumor progression and metastasis are
intimately linked to tissue remodeling resulting from tumor cell
interactions with the host tissue stroma [5]. On HaematoxylinEosin (H&E) stained histopathology images, the impact of
stroma on patient outcome is mostly studied through tumorstroma area ratio. In [4] Kruijf et al. showed that tumorstroma ratio is a prognostic factor for relapse-free period.
Dekker et. al. [6] observed that tumor-stroma ratio was associated with disease-free survival. For both studies, tumorstroma ratio was determined by visual estimation. In a more
comprehensive study [1], automated analysis of H&E slides
has revealed that the stromal regions of breast tumors contain
more prognostic information than the epithelial regions. This
was the first study to combine more than 6600 image derived
morphometric features with image classification and machine
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learning techniques. Very recently other groups started to
investigate similar approaches [8]. Current determination of
optimal treatment of cancer is solely based on characteristics
of the tumor cells themselves [6]. Study of stromal features
can have major implications in therapeutic design for identification of individuals at increased risk of recurrence, who may
then be selected for aggressive systemic therapy [2]; or for
potential targeting opportunities for the development of drugs
aimed at the tumor stroma [3], [5]. Computational analysis of
histopathology images can help with the quantification of the
features that pathologists already assess qualitatively; therefore
decreasing expert variability and subjectivity. Computational
analysis of histopathology images may also enable discovery
of new features with implications in new treatment strategies.
In this paper, we present our image processing and machine
learning pipeline for stromal versus epithelial tissue identification from images of H&E stained specimens. This is the first
step of a broader study to analyze morphological features of
solid cancers and their surrounding stroma in order to investigate predictive and prognostic value of these features regarding
disease specific survival in breast cancer patients. We propose
a four step pipeline consisting of preprocessing, segmentation,
feature extraction, and classification modules as described in
Section II. While some recent works on epithelium-stroma
classification operate on pixels or blocks [8], [9], our pipeline
includes an explicit segmentation module. We first partition
the image into coherent partitions/superpixels, then perform
the epithelium-stroma classification on these partitions. This
approach has two benefits; partitions provide larger support
regions for features used in classification, and reduce blending
problem when neighborhood around a pixel contains both
epithelial and stromal regions. We also investigate the effects
of multi-scale processing for segmentation, feature extraction,
and description modules. Our experimental results on Stanford
Tissue Microarray Database [10] are given in Section III.
Section IV concludes the paper and gives future directions.
II.

M ETHODOLOGY

Our image processing and machine learning pipeline developed for stromal versus epithelial tissue identification consists of four major modules as described below; preprocessing, segmentation, feature extraction, and classification. Our
histopathology image analysis system also includes a nucleus
segmentation module that has been already described in [11].

A. Image Transforms and Feature Extraction
This module performs image enhancement (morphological reconstruction, normalization, bilateral filtering etc.) and
computes the pixel features. Among the features computed
are color transforms, texture features computed within a small
region around each pixel including local binary patterns (LBP)
[12], first and second order derivatives, and derived features
(i.e. shape-index, normalized curvature-index [13], [14]).
B. Tissue Structure Segmentation
While some recent works on stroma-epithelium classification operate on pixels or blocks [8], [9], our pipeline
includes an explicit segmentation module. We first segment the
images into some partitions/superpixels then perform stromaepithelium classification on these partitions. This approach has
two benefits: (1) partitions provide larger support region for
features used in classification and (2) they reduce the blending
problem that occurs when a neighborhood contains both epithelial and stromal regions. We have tested two segmentation
approaches: SLIC superpixels [15], and HFCM segmentation
developed by our group and described below. HFCM outperforms both rectangular blocks and SLIC superpixels [15], [16].
1) Hierarchical Fuzzy C-means with Spatial Constraint
(HFCM): This work extends our works in [11], [17], [18].
The classical Fuzzy C-means (FCM) algorithm minimizes an
objective function defined by the sum of similarity measures.
It is an iterative process that minimizes the distance between
each point and the prototypes. It does not incorporate any
spatial information. Spatial correlation and multiresolution
bring robustness and efficiency to the fuzzy c-means algorithm
[18]. HFCM extends FCM by incorporating spatial information
to its objective function:
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where X = {x1 , x2 , ..., xN } denotes data (pixel feature vectors). V = {v1 , v2 , ..., vC } represents the prototypes (clusters
(n−1)
centers). Ω is a set of neighbors (k 6= j). fi
(xj ) is the
point xj ’s ancestor membership function to the ith cluster in
lower layer (n − 1) . Parameters α and β control the influence
of the associated terms. α is multiplied by scale factor ( n2 )
to reduce the effect of spatial constraint at lower levels. The
HFCM objective function (1) contains three terms. The first
term is the same as in regular FCM. The second term is a
spatial penalty that forces neighboring pixels to belong to the
same class. It reaches a minimum when the membership value
of neighbors for a particular cluster is large. The third term
incorporates the relationship between classes of elements at
different resolutions for more feature consistency. Optimization
of (1) with respect to U is done in a classical way by a
Lagrange multiplier technique.
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After taking the derivative of Eq. 2 versus uij , solving for uij ,
and solving for λj with respect to the constraint eventually
leads to the following membership update equation:
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As in (3), uij , the membership value of a point j to cluster i,
depends on membership values of its neighbors and ancestor in
the pyramidal representation. Regularization is controlled by
weights α and β. The prototype update equation is the same
as in standard FCM, since the second component of (1) does
not depend on vi . Centroids update obeys the equation:
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C. Stromal vs. Epithelial Tissue Classification
Partitions obtained through the segmentation module described above are classified as stroma or epithelium using a
two-class support vector machine (SVM) classifier (Figure 1).
Classifier is trained with features extracted from expert labeled
images. For each partition in the training set, class labels are
extracted from corresponding expert labeled images. For reliable training, small partitions and partitions with mixed classes
are removed from the training set. Following sections describe
regional features used in stroma-epithelium classification.
1) Regional Features: We rely on a set of complementary
features accounting for color/intensity and texture. Features in
our system can be grouped as: (1) color features: RGB image
and different color transforms such as CIE Lab; (2) first-order
derivatives: gradient magnitude and gradient orientation; (3)
second-order derivatives: features derived from Hessian matrix
such as Laplacian, eigenvalues, and eigenvectors; and (4) other
texture features such as local binary pattern (LBP) operator
[12]. Some of these features have been successfully used in our
earlier cell classification studies [14], [19], [20]. These features
account for various properties of texture: coarseness, contrast,
directionality, line-likeliness, regularity, and roughness. These
raw pixel features are aggregated over partitions using regional
histograms, mean, and standard deviation operators to form
regional feature vectors. For orientation features (i.e. gradient
orientation and eigenvector orientation) instead of regular histograms, magnitude-weighted histograms are used. Classification incorporates multi-scale features to increase classification
accuracy. First-derivative and second-derivative features are
computed for multiple scales by convolving the images with
multiple derivative of Gaussian filters with varying σ values.
2) Training Data Generation: One major issue regarding
the supervised methods (i.e. SVM classifiers) is the need for
annotated training data. Annotation is often done by manually
drawn contours on the image by an expert pathologist. Identification of various regions through this process is tedious
and subjective as different pathologists may draw different
boundaries because of the variance either in judgment or in
dexterity. We have developed a visualization and annotation
tool named KolamGT [21] that couples automated tissue

segmentation and classification described above with an efficient user interface for editing/corrections. Once partitions are
obtained KolamGT’s one-click user interface enables regional
label assignment and modification. This dramatically reduces
the required expert efforts for fast and reliable training data
generation. KolamGT also enables fast validation and correction of the automated results.

Size

1128 ×720

564 ×360

376 ×240

TABLE I:

Fold
1
2
3
4
5
Avg.
1
2
3
4
5
Avg.
1
2
3
4
5
Avg.

Regular
Block=80
78.33
78.43
77.07
78.71
75.89
77.68
74.67
74.53
71.21
73.67
75.49
73.91
70.54
73.58
70.42
71.46
73.14
71.83

Blocks
Block=20
77.91
76.42
75.31
77.58
75.60
76.56
81.10
78.80
77.24
78.38
79.06
78.92
79.66
79.22
74.75
76.70
79.65
78.00

Super Pixels
L=80
S=20
84.41
76.53
82.92
74.68
81.22
73.65
83.93
77.51
83.18
72.84
83.13
75.04
81.61
77.59
82.66
75.79
77.83
72.73
81.16
74.55
83.30
73.96
81.31
74.92
81.90
65.34
81.39
71.07
77.10
65.14
81.27
71.88
80.39
74.39
80.41
69.56

HFCM
83.05
79.89
80.39
82.54
76.52
80.48
84.71
85.32
82.89
83.48
85.59
84.40
88.76
87.51
85.52
87.66
88.74
87.64

Stroma-epithelium classification accuracy on Stanford TMA

dataset [10].

Fig. 1:

multi-scale feature computation and analysis in tissue class
estimation. The created image analysis pipeline along with our
visualization and annotation tool [21] constitutes the first step
of a broader multidisciplinary study to analyze morphological
features of solid cancers and their surrounding stroma in order
to investigate predictive and prognostic value of these features
regarding disease specific survival in breast cancer patients.

Stroma versus Epithelium identification pipeline.

III.

E XPERIMENTAL R ESULTS

We have tested our stroma-epithelium identification
pipeline on Stanford Tissue Microarray Database [10]. Figure 2 shows some raw pixel features used in the pipeline.
These pixel features are aggregated over partitions and used
for stroma-epithelium classification. While color features are
adequate for some tissue samples (Figure 2 Row-1), texture
features are needed for others (Figure 2 Row-2). Figure 3
shows sample segmentation results. The results correspond
to proposed HFCM partitions and SLIC superpixels [15].Two
different block size parameters are used for SLIC superpixels:
80 × 80 and 20 × 20. The segmentation is applied for both
full and low resolution images. Because of its hierarchical
nature, HFCM produces coherent partitions with less mixed
class regions, which in turn translate to better classification
accuracy (Table. I). Some results can be seen in Figure 4.
Table I shows stroma-epithelium classification accuracy on
Stanford TMA dataset [10]. We have tested three image
resolutions (one original and two lower resolutions), and three
different segmentation methods: rectangular blocks, SLIC superpixels [15], and the proposed hierarchical fuzzy c-means
clustering (HFCM). For all the cases, same set of regional
features is extracted from the obtained blocks, superpixels,
or partitions. An SVM classifier is trained and tested on the
extracted features by using 5-fold cross validation. HFCM
outperforms regular blocks by 8.7% and superpixels by 4.5%.
IV.

C ONCLUSION AND F UTURE W ORK

We have presented an image analysis and machine learning
pipeline for epithelial versus stromal tissue identification in
H&E stained histopathology images of breast cancer. We
have shown that segmenting the images prior to classifying
the tissue into epithelium versus stroma classes improves the
classification performance. We have also shown the role of
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[3] K. Pietras and A. Östman. Hallmarks of cancer: Interactions with the
tumor stroma. Exp. Cell Res., 316(8):1324–1331, 2010.
[4] E. de Kruijf, J. van Nes, C. van de Velde, H. Putter, V. Smit, G. Liefers,
P. Kuppen, R. Tollenaar, and W. Mesker. Tumor-Stroma Ratio within the
Primary Tumor Is a Prognostic Factor in Early Breast Cancer Patients,
Especially in Triple-Negative-Carcinoma Patients. Cancer Res., 69(24
Supplement):3049–3049, 2009.
[5] A. Planche, M. Bacac, P. Provero, C. Fusco, M. Delorenzi, J.C. Stehle,
and I. Stamenkovic. Identification of prognostic molecular features in
the reactive stroma of human breast and prostate cancer. PLoS One,
6(5), 2011.
[6] TJ. Dekker, CJH. Van De Velde, GW. Van Pelt, JR. Kroep, JP. Julien,
V. Smit, R. Tollenaar, and WE. Mesker. Prognostic significance of the
tumor-stroma ratio: Validation study in node-negative premenopausal
breast cancer patients from the EORTC perioperative chemotherapy
(POP) trial (10854). Breast Cancer Res. Treat., 139(2):371–379, 2013.
[7] J.M. Chen, A.P. Qu, L.W. Wang, J.P. Yuan, F. Yang, Q.M. Xiang,
N. Maskey, G.F. Yang, J. Liu, and Y. Li. New breast cancer prognostic
factors identified by computer-aided image analysis of he stained
histopathology images. Scientific Reports, 5, 2015.
[8] A. Qu, J. Chen, L. Wang, J. Yuan, F. Yang, Q. Xiang, N. Maskey,
G. Yang, J. Liu, and Y. Li. Two-step segmentation of hematoxylin-eosin
stained histopathological images for prognosis of breast cancer. In IEEE
Int. Conf. Bioinformatics and Biomedicine, pages 218–223, 2014.
[9] N. Linder, J. Konsti, R. Turkki, E. Rahtu, M. Lundin, S. Nordling,
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