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Abstract—One fourth of the cancer detected in
women worldwide is breast cancer which leads this as
a major threat for women. There are many methods of
detecting cancer among which ultra-sound strain
imaging is one of the promising techniques. However,
in strain sequence, not all the frames show clear tumor
visibility. Consequently, in this paper we tested some
well-defined algorithms to find only those frames
where the tumor is comparatively clearly visible. We
have used Mean Pixel Difference (MPD) and GrayLevel Co-occurrence Matrix (GLCM) to find the
frames with better tumor visibility. We have tested
our methods in several real-life cases and the results
have been examined by a professional doctor. The
MPD has an accuracy of 96.2% and the GLCM.
Contrast has that of 55.55%.
Index Terms—B Mode image, Computer Aided Diagnosis
(CAD), Contrast, Elastography, GLCM, Strain Image.

I. INTRODUCTION

B

REAST cancer is the most frequent form of
cancer in women worldwide, with about 25%
of all cancer diagnosed in women being breast
cancer [1]. Around one in every eight women in the
United States will suffer from breast cancer over the
course of her lifetime. It is also the second major
cause of death among women worldwide [2] [3] [4],
claiming 500,000 lives every year [5]. Early detection
and treatment are pre-eminent in reducing the death toll
due to the disease [6-8]. Due to its cost- effectiveness
and preclusion of needles and radiation,
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ultrasonography presents itself as an auspicious
cancer diagnosis tool [9-11]. Ultrasonography carries
with its no known risk of exacerbating cancer and the
process can be carried out on the patient with little to
no prior preparation. Fully automated Computer
Aided Diagnosis (CAD) is difficult to achieve
because of the challenges posed by the breast tissue
density, the location of the tumor, and speckle/noise
intrinsic to the ultrasound image [12]. As such, a
semi-automatic diagnosis methodology is proposed in
this paper which would compare the frames found from
the sequences and will give the most clearly visible
frames from it. For simplicity, we have shown the best
3 of those in the tables of the result section.
US transducers initially convert electrical signals
into pressure waves. Reflection and scattering are
caused by the differences in tissue density and speed
of sound of the transmit pulses, and it reflects a
portion of the sound waves towards the transducer.
They are then converted into a receive electrical
signal which is composed of multiple reflections. This
received signal is commonly known as RF data. Passing
the RF signal through an envelope detector yields ‘A
mode’ images. Multiple ‘A mode’ images are then
converted into a 2D grayscale image known as a ‘B
mode’ image. As malignant tumors have no specific
shape and cannot be easily differentiated from the
surrounding breast tissue, ‘B mode’ images are
sometimes insufficient to facilitate their detection.
Applying pressure over the area of interest results in the
formation of strain images, which are likely to present
a better view of the tumor in cases where ‘B mode’
images prove ineffective [9]. When tissue is pressed,
Ultrasonic strain imaging mimics manual palpation to
feel the alterations in hardness. US strain imaging
demonstrates great sensitivity for breast tumor
differentiation unlike said manual palpation [27].
The nature of tissues subjected to mechanical
forces is the basis of elastography [13-14]. While
taking pre- and post-compression echo signals, the
tissue displacements are measured from the time
delays between them [15-16]. Strain is then calculated
from the estimated displacement maps. They are
developed from the tissue displacement information
form pre- and post-compression RF data [17]. Applied
pressure does not result in the shape of the tumor
changing much owing to its higher density relative to
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surrounding tissue. The strain images show the
surrounding tissue changing on a higher scale than the
tumor, thereby making the tumor more visible. The
strain images are obtained in the form of an image
sequence where not every frame offers well tumor
visibility. Poor visibility in certain frames may result
from noise introduced during the strain estimation. It
follows that only frames with good tumor visibility be
considered during diagnosis.
In this paper, two image processing methods (MPD
& GLCM) have been used to detect the clearly visible
frames among those image sequences produced from
strain sequences. We have used these methods
because these have not been used in this context
before and we have got a very promising result. In the
first step, we have extracted the frames from the strain
image sequence and then the frames have been
preprocessed and enhanced to reduce speckles and
noises in the second step. The frames have been
sorted based on tumor visibility as described by Mean
Pixel Difference (MPD) and Gray-Level Cooccurrence Matrix also known as GLCM (contrast)
[18] in the third step. The GLCM features
homogeneity, energy and contrast of healthy and
malignant cells that are noticeably distinct from one
another [19].
The choice of these methods is for their promising
results, algorithmic simplicity, and pioneer use in this
context. Manual sorting of a lot of frames consumes
time and energy. A doctor/radiologist can easily sort
them out using an efficient algorithm. Insufficient
research in this area motivated us to work on this.

(a)

(b)

Fig. 1. Pre-processing steps: (a) before processing, (b) After
processing Ultrasound taken at 10.0 MHz frequency and 5.0 cm
depth.

C. Using MPD for Clearly Visible Frame Selection
The tumor lesions have much lower pixel values in
the ultrasound images than the surrounding tissue,
owing to their higher density. This means that tumors
appear dark while the surrounding tissue appears
whitish. Thus, it follows that the average pixel value of
the whole frame be lower than the region to which the
tumor is confined, i.e., the region with the tumor in it
exhibits high mean pixel density. If the tumor is poorly
visualized then a large mean pixel difference will not be
observed for that particular frame.
This is where the semi-automated CAD comes in.
The whole frame and roughly the region with the
tumor in it are selected manually. Based on a single
viewing of the strain image sequence, an area of interest
where the tumor may be located can be assumed. The
mathematical mean of the pixel values within the whole
frame and the area of interest are found using the
following equation:

II. METHODOLOGY
A. Frame Extraction
The strain image sequence is formed from pre- and
post-compression ultrasound RF data. The frames are
extracted from the sequence and stored in the hard
drive for processing.

B. Pre-processing Frames
Pre-processing reduces speckles and lowers the
noise level. Running each frame through a Hybrid
Filter, consisting of a median filter and Gaussian filter
for seven times considerably reduces the noise level
and makes it easier to process [20]. It also reduces the
speckles. The demonstration of employing and
restraint of such filters in biomedical image
processing has been done in [21-22]. For convenience
the frame shown in Fig. 1 has an SNR of 10.12 dB in
the pre-processed case and 12.67 dB in the postprocessed case.

Where N = Number of pixels within the area
The tumor may not retain its position during the
period of the ultrasonography and may move around
as a result of the application of pressure. To account
for this change, the area of interest is moved
downward, upward, to the left, to the right, upward
and to the right, upward and to the left, downward and
to the right and downward and to the left. The
minimum pixel average from each of these nine
positions is taken as the tumor will have lower pixel
values. Thus, if the tumor moves from its initial
position while collecting the RF data, it can be
compensated.
After calculating the mean pixel values of both the
entire frame and the area of interest, their difference is
found and stored for each frame. This difference is the
Mean Pixel Difference (MPD). Frames are then sorted
by MPD, with higher values of MPD corresponding to
better tumor visibility. This process is applied to
various strain image sequences which yielded
auspicious results.
Green University Press
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required frames are found in this manner.

(a)

(b)
(a)

Fig. 2. Some output frames from strain videos using
MPD method
(a) - Ultrasound taken at 10.0 MHz frequency and
5.0 cm depth.
(b) - Ultrasound taken at 6.6 MHz frequency and
5.0 cm depth.
D. Using GLCM.Contrast for Clearly Visible Frame
Selection
The other method of selecting the clearly visible
frames uses their GLCM properties as image
descriptors. GLCM characterizes the texture profile of
a given image. The Gray level co-occurrence matrix
(GLCM) is a function that can compute the probability
density function (pdf) of an image f(a,b) for all pair of
pixels (x) and (y) in distance (d) where the angular
displacement is (θ) = 0, 45, 90 and 135 degree [20][23].
The contrast statistic of the GLCM defers the
calculation of the intensity contrast linking pixel and its
neighbor over the whole image. For a constant image,
the value of contrast is 0. While measuring contrast,
exponential increase of weight takes place (0,1,4,9)
as persists from the diagonal [18][24].

Equation (2) is used to calculate contrast from the
Gray Level Co-Occurrence Matrix of a grayscale
image. Contrast is known as the difference in
luminance (color) from which we can distinguish an
object. Contrast is regulated by the difference in the
color and brightness between the main object and other
objects within the same field of view in the real world.
We can define a contrast as the difference between the
light and dark parts of an image [25]. An idea of the
intensity contrast between a pixel and its neighbor
(over the entire image) can be obtained from
GLCM.Contrast. A uniform and visible tumor will
result in a low value. If the tumor is obscured by noise,
there is no uniformly distributed tumor region and the
GLCM.Contrast value is relatively high. It follows that
frames with high GLCM.Contrast values exhibit higher
tumor visibility, making the tumor more
distinguishable from the surrounding tissue in such
frames.
Following the process, GLCM.Contrast is
calculated for each of the frames which are then
sorted in ascending order of GLCM.Contrast. The
10

Green University Press

(b)

Fig. 3. Some output frames from strain videos
using MPD method
(a) - Ultrasound taken at 10.0 MHz frequency
and 5.0 cm depth.
(b) - Ultrasound taken at 6.6 MHz frequency
and 5.0 cm depth.

III. RESULTS
Videos are compiled using the proposed algorithm
via MATLAB R2017a running on a personal
computer. The in vivo breast data that we are using in
these tests are chosen from a database of 7 cases (age
group: 20 to 75 years). These data were obtained by
using a sonix sP500 scanner integrated with a l14–
5/38 probe operating at 10 MHz (nominal) at the
University of Vermont Medical center.
Now, these images are mostly unclear as they are
comprised of a lot of noises, and hence these methods
are implemented to select which of the frames give
better tumor visibility. Then these frames are marked
(which is obviously by computer programming) based
on their clear visibility which happens automatically.
After that, these frames are sorted based on the
markings. Thus, the top 10 best frames are selected.
Now some of the best images that our systems
detected from 7 different sequences are given below:

(a1)

(a2)

(b1)

(b2)
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of the manually selected frame then the frame is taken
as selected automatically otherwise not selected. Here
each frame number indicates the location of the frame
in the particular frame sequence.
(a3)

(b3)

(a4)

(b4)

TABLE I
ERROR COMPARISON BETWEEN MPD AND GLCM METHODS.
Video Manually Selected
Selected by No. of missing
no.
selected
by MPD
GLCM.
frames
Contrast
MPD
GLCM
(Frame
(Frame
(Frame
(out of (out of
Number) Number) Number)
3)
3)
1
43
43
44
0
2

2

(a5)

(b5)
3

4

(a6)

(b6)

5

(a7)

(b7)

6

Fig. 4. Some best output frames obtained using MPD
method (a1-a7) and GLCM. Contrast method (b1-b7)
for 7 different strain image sequences.
7

In case of the strain image sequence of frames (a2)
and (b2) in Fig. 4, the range of value of MPD is from
4.8766 to 55.79 and the value of the most clearly
visible three frame obtained through this method are
55.79, 52.846 and 51.5195. Again, the range of the
values of GLCM.Contrast is from 5.9047 to 15.47079
and the value of the most clearly visible three frames
obtained through the method are 5.9047, 5.9806 and
5.9825.
To understand how effective the system is, a
standard is chosen where manually frames with best
tumor visibility are selected by the doctor and
radiologist (Dr. Rosy Parveen, Associate Professor
(c.c.) & Head of the Dept. [Radiology and Imaging],
Medical College for women & Hospital, Uttara,
Dhaka). Then, the frames that are given by the system
are compared with the manually selected frames. If
the system selected frame falls within 3 close frames
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TABLE II
PERCENTAGE (%) OF ERROR COMPARISON BETWEEN MPD AND
GLCM METHODS.
Video no.
Percentage (%)
Percentage (%) of
of error by MPD
error by GLCM
1
0
66.67
2

0

3

0

33.33
0

4

0

33.33

5

0

33.33

6

33.33

33.33

7

0

33.33
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TABLE IV

Predicted Values

CONFUSION MATRIX OF GLCM.CONTRAST

REFERENCES

Actual Values
Positive (1)

Negative (0)

Positive (1)

15

0

Negative (0)

12

0

While using MPD, the average pixel value is
calculated to find out the clearly visible frames. But in
GLCM.Contrast method, we calculate the pixel-topixel variation which is greatly affected by the noise
level of the frame. This makes the GLCM.Contrast
method more prone to error. We form confusion
matrices for both cases and find out that the MPD has
an accuracy of 96.2% and the GLCM.Contrast has an
accuracy of 55.55%.

IV. CONCLUSION
Ultrasonography has gained traction in recent years
and consequently elastography has seen widespread
use among clinicians [26]. Two methods of using
ultrasound imaging have been proposed in this paper
that results in a better detection of breast frames that
have very good tumor visibility. Generally, doctors or
radiologists go through the whole strain image
sequence and find out the clearly visible frames
manually. This is time consuming and prone to human
error. Our tested methods can significantly reduce the
required time. Significant improvements can be made
to the proposed method by using better pre-processing
techniques and developing the means to adapt to the
movement of the tumor. Using a more suitable filter
can reduce the noise level which can improve the
accuracy of GLCM.Contrast method. Also, the
selection of ROI (Region of Interest) can be made
automated. Moreover, Machine Learning can be
implemented on these output frames from where a
decision on the tumor being benign or malignant or the
probability of being cancerous can be drawn.
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