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Abstract. Histology images are used to identify biological structures
present in living organisms — cells, tissues, and organs — correctly. The
structure of tissues varies according to the type and purpose of the tissue.
Automatic identification of tissues is an open problem in image process-
ing. In this paper, the identification of loose connective and muscle tissues
based on morphological tissue information is presented.

Image identification is commonly evaluated in isolation. This is done
either by eye or via some other quality measure. Expert criteria — by eye
— are used to evaluate the identification results. Experimental results
show that the proposed approach yields results close to the real results,
according to expert opinion.

1 Introduction

The development of digital technologies has made available, to physicians and
biologists, digital cameras connected to microscopes for image capture in order
to preserve observed samples. Thus, large repositories of images are gathered of
histological samples and allow automatic identification of tissues.

Connective and muscle are two of the four basic body tissues. The connective
tissue is divided into: loose and dense. The dense connective is classified into:
regular and irregular. The muscle tissue is divided into: striated or skeletal,
smooth, striatal heart [6]. In this paper, we focus on identify loose connective
and muscle tissues.

The identification of loose connective and muscle tissues is an open problem
because of the close relation between them and the difficulty to demarcate the
boundaries of each one. This process starts with a segmentation of each of the
tissues and their refinement to eliminate additional information.

Automatic segmentation of the loose connective and muscle tissues involves
several problems: the hard boundary between loose connective and muscle tissues
in areas where they interrelate, the presence of red blood cells in some samples,
the similarity between smooth muscle and dense regular connective tissue, among
others.

In this paper, an automatic segmentation of loose connective and muscle tis-
sue approach based on morphological information is presented. Obtained results
of the largest eigenvalue of structure tensor along with the red and the green
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color channels are combined in the K-means clustering for identifying loose con-
nective tissue and obtaining a first approximation of the identification of muscle
tissue. Finally morphological operations, thresholding, subtraction of images and
thresholds are used to select areas of muscle tissue and refine results of muscle
identification. Experimental results show that the proposed approach identifies
correctly loose connective and muscle tissue in histological images. The rest of
the paper is organised as follows. The proposed segmentation approach is pre-
sented in Section II. Experimental validation is included in Section III. Finally,
conclusions are in Section IV.

2 Proposed Approach

The loose connective tissue is characterised by abundant fluid and tissue basic
substance, dispersed structure and more numerous cells than the fibers. The
smooth muscle is composed of spindle-shaped cells with a central nuclei which
lack transverse striations while exhibiting weak longitudinal grooves. The heart
muscle central nuclei and ramifications and interconnections between the fibers.
The overall muscle tissue is more dense and compact. The example images of
the tissues are illustrated in Fig. 1.

Connective T issue Heart Muscle T issue Smooth Muscle T issue

Fig. 1. Example of loose connective and muscle tissue

Obtained borders with the largest eigenvalue of structure tensor algorithm
along with the red and the green color channels are used as input into the K-
means algorithm in order to obtain loose connective tissues and muscle tissues
segmentation. Morphological operations, thresholding and region thresholds are
used to refine areas of muscle tissue obtained with the K-means.

2.1 Identification of Loose Connective Tissue

Initially, the Structure tensor using the maximum eigenvalues [1], [2] is calcu-
lated. This algorithm allows us to obtain the nuclei of the cells [7]. Finally, the
identification of loose connective is performed using the K-means algorithm.
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Largest Eigenvalue of Structure Tensor. The largest eigenvalue of structure
tensor [5] is described as follows. Given the red color channel of an image, the
red channel is selected since it has the greatest information contains cell nuclei,
the structure tensor J0 is defined as the outer product of the gradient vector
�I:

J0 = �I � IT =

(
I2x IxIy
IxIy I2y

)
, (1)

where IT symbolised the transpose of I. J0 is extended to the linear structure
tensor by a convolution of the components of J0 with a Gaussian kernel Kp

(Gaussian smoothing)in order to consider neighbouring information:

Jρ = J0 ∗Kρ =

(
j11 j12
j12 j22

)
. (2)

The matrix Jp has orthonormal eigenvectors v1 and v2 with v1 parallel to

⎛
⎝ 2j11

j11 + j22 −
√
j11 − j22

2 + 4j212

⎞
⎠ . (3)

The eigenvalues are given by

μ1 =
1

2

[
j11 + j22 +

√
j11 − j22

2 + 4j212

]
, (4)

and

μ2 =
1

2

[
j11 + j22 −

√
j11 − j22

2 + 4j212

]
. (5)

The eigenvalues describe the average contrast in the eigen-directions within
a neighbourhood of size (ρ). The vector v1 indicates the orientation with the
highest red value fluctuations, while v2 gives the preferred local orientation,
the coherence direction. Furthermore, μ1 and μ2 serve as descriptors of local
structure. Isotropic areas are characterised by μ1

∼= μ2, straight edges gives μ1

� μ1 = 0, corner by μ1 ≥ μ2 �0 [5].
The structure tensor of an image is a method of analysing the edge structure

in an image. Eigenvectors point in the direction orthogonal and across the local
edge, with the Eigenvalues indicating the strength of the directional intensity
change. The larger eigenvalue shows the strength of the local image edges, the
corresponding eigenvector points across the edge (in gradient direction). In this
way we get a grayscale image as a result.

The K-means Algorithm. To perform the segmentation of images identifying:
loose connective tissue, muscle tissue and light regions, the K-means algorithm
is used [3]. A psudocode of the K-means algorithm is sketched as follows:
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Begin
Determine k c en t r o i d s randomly
Ca l cu l a t e the d i s tance between each data and the
c en t r o i d s
Ass ign each data to the group r epr e s ented by the
nea r e s t c en t ro id
Reca l cu l a t e c en t r o i d s
While c en t r o i d s do not change

Ca l cu l a t e the d i s tance between each data and
the c en t r o i d s
Ass ign each data to the group r epr e s ented by
the nea r e s t c en t ro id
Reca l cu l a t e c en t r o i d s

End While
End

2.2 Identification of Muscle Tissue

A first segmentation of muscle was performed in the previous step for the K-
means. However, it is necessary to refine the results since it included the loose
connective tissue in some areas and the red blood cells. To improve the segmen-
tation result will apply three steps: first, erosion [8] is performed on the muscle
segmented image. Second, the result of the erosion is subjected to a threshold-
ing, regions under threshold1 are removed. The size of the regions is controlled
by the Flood-fill algorithm [4]. Finally the red blood cells are removed with a
process of thresholding and morphological operation.

Erosion. A problem of the segmented images is the presence of irrelevant details
— from the point of view of size. To eliminate these small islands and bumps
the segmented image is erode [8]. The erosion and morphological operation is
defined as:

I � C = {x ∈ E|Cx ⊆ I}, (6)

Cx = {c+ x|c ∈ C}, ∀x ∈ E, (7)

let E be a Euclidean space Rd or an integer grid Z
d. I is a binary image in E.

Cz is the translation of B by the vector z. For erosion to be satisfied that the
set of all points x, such that C forward x, are contained in I.

Threshold. After performing the erosion an image without irrelevant size areas
is obteined, however there are irrelevant areas that are not eliminated since have
a larger size, but are reduced. To eliminate these areas a thresholding process is
performed, then regions under a threshold are removed. The size of the regions is
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controlled by the Flood-fill algorithm [4]. A psudocode of the Flood-fill algorithm
is sketched as follows:

Flood− f i l l ( node , ta rget−co l o r , replacement−c o l o r )
Set Q to the empty queue
Add node to the end o f Q
While Q i s not empty

Set n equa l to the l a s t element o f Q
Remove l a s t element from Q
I f the c o l o r o f n i s equa l to target−c o l o r

Set the c o l o r o f n to replacement−c o l o r
Add the ne ighbors o f cu r r ent po s i ton ( east ,
west , north , south ) to then end o f Q

End I f
End While

End

Removing Red Blood Cells. To remove red blood cells of muscle tissue a
segmentation process is performed similar to the removal of connective tissue.
Initially, a thresholding on the red channel is performed, obtaining a segmen-
tation of the regions belonging to the red blood cells. About thresholding the
result is applied to the morphological operation, erosion, in order not to be part of
muscle tissue. After, regions under a threshold2 are removed to avoid segmented
muscle or connective cells nuclei. Finally, the muscle tissue image is segmented
to subtract the red blood cells from the image, the result of subtracting the
second from the first is:

I − (I ∩B), (8)

let I be the muscle image segmentation. Let B be the red blood cells image
segmentation. The regions under a threshold3 are removed to eliminate irrelevant
regions resulting from the subtraction.

3 Experiments and Analysis of Results

In order to assess the proposed approach, loose connective and muscle tissues
samples were processed with hematoxylin-eosin staining. The K-means algorithm
for this particular case will use a K=3, each of these clusters will recognize: loose
connective tissue, muscle tissue and light regions. The input for the K-means
are: the red and the green color channels along with the tensor values obtained.
Identification is evaluated by eye, evalution of experts. Automatic segmentation
results can be observed in selected images in Fig. 2.
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Original Image Loose Connective Muscle

Fig. 2. Results obtained using automatic technique for identify loose connective and
muscle tissues
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4 Conclusions

During the research process different approaches were evaluated, such as: thresh-
olding, edge detection algorithms, combining information as input to the k-means
algorithm and segmentation algorithms for identifying loose connective and mus-
cle tissue. However, the presented approach provides the closest identification to
the real identification — by eye — according to expert opinion.

The difficulty for identifing the loose connective tissue when is immersed in
muscle tissue — even visually — is solved with the proposed method.

The experimental evaluation shows that the obtained segmentation is very
close to the real one. Additional constrains are required in order to reduce false
positive.
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