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Abstract—Breast Cancer is a common type of cancer
diagnosed and it is a leading cause of death amongst the female
population worldwide. Ultrasound imaging is the preferred
method used by hospitals for detection of breast cancer, due to
the fact that it is much safer that other imaging modalities.
However, Ultrasound images are contaminated with noise that
is non-Gaussian and multiplicative referred to as speckles.
Currently, medical technicians and physicians do diagnosis of
breast cancer by manually inspecting the ultrasound images,
which makes the process time consuming and costly. This may
be considered as an issue which prevents the early detection of
breast cancer. Hence, an early diagnosis of breast cancer can be
beneficial in not only prescribing medical procedure that
inhibits the cancer from spreading but also in minimizing the
fatality rate. Due to the Speckles (noise) in ultrasound,
automatic detection and diagnosis is an extremely difficult task.
In this paper, a Convolutional Neural Network (CNN) has been
proposed for Despeckling (Denoising) the ultrasound images
and afterwards another CNN model is proposed for the
classification of the ultrasound images into benign and
malignant classes. The proposed models are tested on a
Mendeley Breast Ultrasound dataset. Experimental results
indicate that a classification accuracy of 99.89% is achieved
through the proposed model and that the proposed model(s)
outperform other methods in proposed in recent studies.
Keywords—Image Despeckling, Ultrasound Noise Removal,
Breast Cancer Classification, CNN

I. INTRODUCTION
Cancer is considered to be one of the most fatal ailments
and a recent statistical study conducted in United States [1]
has rated cancer as the second major cause of death. The cells
of human body naturally age, die and get replaced by new
cells. In some cases, the cells tend to grow abnormally and
form a mass generally referred as tumor. The breast cancer
tumors can be classified into two types; cancerous (malignant)
and non-cancerous (benign). The non-cancerous tumors do
not affect nearby organs and tissues, whereas the cancerous
tumors are capable to spread out into various organs and
tissues. The common organs for origination of cancer include
breasts, lungs, skin, etc. A global statistical report of cancer
affected cases from 185 countries has been presented by
International Agency for Research [2]. It shows that among
various types of cancers, female breast cancer is one of the
commonly diagnosed cancers with 11.6% cases out of total
observations and is also the leading cause of death in females.
Hence, in order to reduce the mortality rate due to breast

cancer, it is of prime importance to acquire an early and
accurate diagnosis accompanied with immediate medical
treatment.
The advances in medical imaging have aided in
developing non-invasive imaging techniques for detection of
various ailments. In [3], the authors have explained commonly
used medical imaging schemes including Mammography (Xrays), Ultrasound (sonography), Magnetic Resonance Image
(MRI), etc. Amongst the different available imaging
techniques Ultrasound is the most widely used imaging
modality for medical diagnostic purposes. Ultrasound is
preferred over other techniques because it uses non-ionization
based sound waves which are considered to be medically safe.
The ultrasound transducer contains a piezoelectric crystal
which sends pulses of sound waves and the echoes reflected
from internal body tissues are utilized to generate an
ultrasound image. Conventional ultrasound systems utilize
sound frequencies ranging from 2 to 15 MHz. However, in a
recent study relating to breast cancer biopsy procedures [4],
the frequency range of 30 to 60 MHz has been used for better
spatial resolution. A key consideration in using an ultrasound
device is that overexposure and imprudent usage of device can
cause tissue heating or create small pockets of gas. In contrast,
exposure to ionization based medical imaging techniques (Xrays) can lead to more serious health concerns such as cancer,
fainting, etc. Hence, Ultrasound imaging is preferable if it
provides fair degree of clinical information. The health care
providers are required to follow the principle of As Low As
Reasonably Achievable (ALARA) in all types of medical
diagnostic imaging modalities [5].
Ultrasound images tend to incorporate noise from various
sources including the equipment used for acquisition and
presence of different organs/tissues within the imagery area.
The nature of noise in ultrasound images is non-Gaussian and
multiplicative, usually referred as speckles [6]. Eliminating
this type of noise is a relatively difficult task, as the intensity
of noise varies with respect to the image intensity. The
resolution and contrast of ultrasound image degrades seriously
due to speckles, consequently making the medical diagnostic
process difficult. Therefore, the despeckling of Ultrasound
images holds a pivotal role and many research studies have
been conducted in order to improve image quality either by
decomposition schemes or noise by noise filtering algorithms.
The rest of the paper is organized as follows: Section II
contains the literature review and section III explains the
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developing an ultrasound signal model and quality
measurement parameters of ultrasound images. Section IV
presents steps of proposed method for suppressing speckle
noise, and classification of breast cancer ultrasound images.
Section V includes the results for both real and simulated
ultrasound images. Section VI presents the conclusion.
II. LITERATURE REVIEW
The inherent issue of speckles present in ultrasound
images limits the accuracy of medical diagnosis. Hence, the
filtering of speckles is of prime importance, and in recent
years several studies have been undertaken to address this
serious issue [7-8]. The techniques of despeckling can be
divided into spatial domain and frequency domain. The
traditional spatial domain linear filtering methods were
proposed by Frost, Schur, Kuan, and Lee [9-10]. These
filtering techniques tend to update the image pixel value by
taking a weighted average of neighboring pixels, which
reduces the speckles but also degrades the image quality. In
[11], a modified spatial domain technique based on
Anisotropic Diffusion Filters (ADF) with probabilistic
memory mechanism has been presented that tends to minimize
the issue of over-filtering. However, in this case the outcomes
have a high dependency on parameter number of iterations.
The frequency domain despeckling is based on wavelet
transforms that converts the continuous-time signal into
different frequency components (wavelets), essentially
converting the speckles into additive noise and performing
despeckling in the frequency domain [12]. The mother
wavelet is used to generate the daughter wavelets by using a
biased scaling coefficient. Various factors tend to put
constraint on the performance of wavelet transforms including
scaling, thresholding and artifacts generation due to the
mother wavelet [13].
Non-local means (NLM) filtering techniques have been
presented in [14] that consider a weighted averaging of
window for evaluating the concerned pixel value. In this case,
the degree of despeckling is improved but procedure is
computationally expensive. In [15], a statistical model has
been used in conjunction with NLM that performs despeckling
based on statistical characteristics of speckles at the
preprocessing stage. A fuzzy logic based approach is used in
conjunction with NLM in [16] to eliminate the Rician noise
but this technique is inefficient in preserving the edge details
in image. A technique based on probabilistic NLM [17] has
highlighted the defects of weight function used in traditional
NLM [14], and has shown better despeckling performance.
Techniques based on quantum inspired adaptive threshold
functions are presented in [18] that dissociate the speckles by
using a spectrum equalization procedure. In [19], a projection
based despeckling method has been proposed by using the
Orthogonal decomposition and creating overlapping segments
to evaluate orthonormal vectors. The selection of orthonormal
vectors is user dependent and it is the key parameter affecting
despeckling performance of proposed scheme.
In the recent years, several machine learning based
methodologies including the Convolutional Neural Networks
(CNNs) have also been incorporated in medical image
analysis [20-21]. These techniques tend to address various
issues including the despeckling, segmentation, classification,
quality assessment, etc. pertaining to ultrasound images with
a higher degree of performance. The CNN models perform
prediction for each pixel and the accuracy of prediction
increases by utilizing the prior predicted values in next CNN

model [22]. In [23], a conventional approach to use 2-D
handheld ultrasound images of breast is presented, which
tends be a time-consuming and operator dependent procedure.
An automated whole breast ultrasound (ABUS) technique has
been presented in [24] with capability to perform the whole
breast scanning automatically, and showed improved
accuracy in the breast cancer detection.
III. ULTRASOUND IMAGE MODEL LITERATURE REVIEW
A generalized noisy image model can be described by,
𝐼𝑥𝑦 = 𝐴𝑥𝑦 𝑆𝑥𝑦 + 𝐺𝑥𝑦
(1)
where 𝐼𝑥𝑦 and 𝐴𝑥𝑦 represent noise incorporated image
and noise-free image respectively, 𝑆𝑥𝑦 and 𝐺𝑥𝑦 represent
speckles and additive white Gaussian noise (AWGN)
respectively, 𝑥 and 𝑦 represent the axial and lateral indices of
image.
Speckles are the most dominant form of noise present in
ultrasound images, hence the equation 1 can be simplified by
eliminating the AWGN part.
𝐼𝑥𝑦 = 𝐴𝑥𝑦 𝑆𝑥𝑦
(2)
The parameters including Resolution (𝛼), Edge Detection
(𝛽), Signal-to-Noise Ratio (𝑆𝑁𝑅), Mean Square Error (𝑀𝑆𝐸),
Correlation Coefficient ( 𝐶𝐶 ), Peak Signal-to-Noise Ratio
(𝑃𝑆𝑁𝑅) are usually evaluated for assessment of the ultrasound
image quality. 𝛼 shall be low for better image resolution. 𝛽
shall be closer to 1 to retain the sharpness details of edges.
SNR, PSNR and CNR shall attain a high value for maximizing
the actual signal value, whereas S-SNR shall attain a lower
value. MSE is a measure of quality between the original and
despeckled image. The Correlation Coefficient (CC) shall
attain a value closer to 1, denoting a strong relationship
between original and despeckled image. A detailed
explanation of aforementioned parameters is provided in [3].
IV. ANTICIPATED METHOD
The methodology adopted in this paper comprises of
utilizing two CNN models in conjunction. The first CNN
model performs despeckling, whereas the next CNN model
performs classification of ultrasound images into two classes
namely the benign and malignant. The performance
assessment of proposed technique has been performed in
comparison to various techniques available in literature
including Random Forest, Support Vector Machine,
Multilayer Perceptron and Naïve Bayes models.
A. Dataset Details
This paper uses the Mendeley Breast Ultrasound dataset
[25] comprising of 250 images. There are 100 benign images
and 150 malignant images. Fig. 1 displays samples of
ultrasound benign images and malignant images. First column
displays the benign images and the second column displays
the malignant sample images. The images have a low
resolution and are having a significant contamination of
speckles. Hence, a CNN based technique will be formulated
and applied on this dataset in order to perform despeckling and
the effectiveness of proposed scheme will also be evaluated
by observing the classification accuracy of devised scheme.
B. CNN for Despeckling
The objective of any despeckling scheme is to eliminate or
minimize the adverse effects of noise, while preserving the
key features. The deep learning based CNNs tend to learn
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features details from noisy image and perform an estimation
of original image based on the extracted features information.
CNNs have proven to be an effective tool for the image
despeckling. In this work, a feed forward CNN is proposed
while incorporating the Batch Normalization (BN) as well as
the Rectifier Linear Unit (ReLU). The images of dataset have
been denoised by employing a 20 layered CNN [26]. Speckles
estimation is done by performing the residual mapping (𝑅𝑥𝑦 )
i.e. an accurate estimation of speckles (𝑅𝑥𝑦 ≈ 𝑆𝑥𝑦 ) .
Afterwards, the estimation of original image is performed.
𝐴𝑥𝑦 =

𝐼𝑥𝑦

(3)

𝑅𝑥𝑦
1

2
𝐴𝑖 )‖𝐹

𝐿(𝜑) = 𝑁 ∑𝑁
(4)
𝑖=1‖𝑅(𝐼𝑖 ; 𝜑) − (𝐼𝑖 −
2
The average MSE between residual image and estimated
noise can be depicted in terms of a loss function (𝐿). The deep
net’s training parameter (𝜑) can be learned by using the loss
function. N is the set comprising of pairs of clean and noisy
images. Enhancements in stabilizing the CNN training
performance are achieved through BN. A CNN model of 20
layers is being using for denoising the ultrasound images
before classification.
Benign Ultrasound Sample
Images

Malignant Ultrasound Sample
Images

image. In order to perform detection of same features at all the
possible locations of the input image, all the units in a single
features map must share the same set of weights and biases.
Consequently, each features map tries to perform detection of
different local features. The role of PLs is to present the
information at output of HCLs in a condensed and simplified
form. The fully connected OL is responsible for generating
outcomes of the classification procedures.
The hierarchy of proposed model includes an IL (28X28
size), HCL-1 (20X24X24 size), PL-1 (20X12X12 size), HCL2 (100x8x8 size), PL-2 (100X4X4 size) and OL respectively.
Weights are updated by using an optimization scheme based
on stochastic gradient descent, during the training phase [27].
𝜕𝐸 𝑚 (𝑊)

𝑊𝑘 = 𝑊𝑘−1 − 𝜂
(5)
𝜕𝑊
where 𝐸(𝑊) is cost function, 𝑚 is the sample size and 𝜂
is the step size. In order to deal with issue of overfitting, a
dropping out scheme has been used [28] which tends to ignore
the randomly selected neurons while training. This technique
leads to generalization of CNNs, by aiding in learning
multiple internal representations. Furthermore, to counter the
issue pertaining to overflow, a minor weight penalty is
incorporated during training. The classification CNN model
consists of 39 CNN layers including the input layer of size
100x100 ultrasound image while the output dense layer
contains two classes either malignant or benign.
V. EXPIREMENTAL RESULTS
The experiments are performed using unprocessed as well
as denoised ultrasound benign and malignant images. Table 1
contains the experimental results for the classification of the
ultrasound breast cancer images into either benign or
malignant. For both validation and testing, the experiments
were performed on epochs sizes of 30, 60, 90, 120, 150, and
180. For unprocessed data, the best accuracy was achieved for
the epoch size 180 with an accuracy of 84.02% same as the
test validation accuracy achieved 100% as shown in Table 1.
For processed data using CNN despeckling, accuracy
increased to 88.00% for the same epoch size, which is almost
4% increase in accuracy. This is an excellent achieved and the
accuracy results exceed those found in previous literature. The
effect of despekling ultrasound images using neural networks
is apparent in results.
TABLE I.
EXPERIMENTAL RESULTS FOR CLASSIFICATION OF
ULTRASOUND BREAST CANCER IMAGES INTO BENIGN AND MALIGNANT
Data
Results

Fig. 1. Samples of Ultrasound Images. First column shows the benign and
second column shows malignant samples

C. CNN for Classification
In this section, a CNN model has been proposed for the
automatic classification of breast ultrasound images to either
benign or malignant. The proposed model is composed of an
Input Layer (IL) having a size of 28X28, two Hidden
Convolutional Layers (HCLs) having a window size of 5X5,
Pooling Layers (PLs) with 2X2 pooling capability and an
Output Layer (OL). The HCLs have multiple features map and
utilize variable weights. They are responsible for the
extraction of various features from each portion of input

Unprocessed
Data

CNN
Denoised
Data

Test Validation Results

Testing Results

Epochs

Loss

Accuracy

Loss

Accuracy

30

0.2130

77.90%

3.3592

62.67%

60

8.3e-6

100%

0.9682

69.33%

90

1.1e-5

100%

1.0071

76.00%

120

2.9e-5

100%

1.0247

80.10%

150

6.2e-5

100%

0.8373

82.67%

180

1.2e-4

100%

0.7413

84.02%

30

0.2130

88.75%

1.5486

66.67%

60

8.3e-6

100%

0.6438

76.00%
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90

1.1e-5

100%

0.6353

77.33%

120

2.9e-5

100%

0.4850

82.67%

150

6.2e-5

100%

0.4842

86.67%

180

1.2e-4

100%

0.4629

88.00%

In Table 2, the justification for the use of CNN for
despeckling ultrasound images of breast cancer is apparent.
An experiment was performed for testing using five different
classifiers; CNN, Support Vector Machines (SVM), Random
Forest (RF), Multilayer Perceptron (MLP), and Naïve Bayes.
Table 2 shows the classification accuracy of all five classifiers
on both unprocessed data and CNN Denoised data. Note that
since RF, SVM, MLP, and Naïve Bayes all require feature
extraction; Discrete Wavelet Transform (DWT) is utilized for
feature extraction for these classifiers. The CNN classifier
achieved the best results for both unprocessed and CNN
Denoised data with a classification accuracy of 84.02% and
88.00% respectively.
All results displayed in this paper indicate that the
proposed CNN method for despeckling Ultrasound images
along with the use of CNN as a classifier achieve results that
exceed those reported in previous literature.
TABLE II.
EXPERIMENTAL RESULTS FOR CLASSIFICATION OF
ULTRASOUND BREAST CANCER IMAGES INTO BENIGN AND MALIGNANT
Classifier

Unprocessed
Data

CNN Denoised
Data

CNN

84.02%

88.00%

Random Forest

72.97%

81.20%

Support Vector Machine

64.75%

65.73%

Multilayer Perceptron

72.34%

74.46%

Naïve Bayes

61.70%

62.00%
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VI. CONCLUSION
The early diagnosis of Breast Cancer and its classification
is an extremely important task. With early diagnosis for any
cancer including breast cancer, doctor may perform
procedures and medication that might prove to be life saving
for the patients. In this research paper, A CNN models has
been proposed for the despeckling of the Breast Ultrasound
Images and another CNN model is being proposed for
classification of breast cancers into either benign or malignant.
The proposed models were tested on the Mendeley Breast
Ultrasound dataset. It has been observed that using CNN
despeckler and the CNN classifier a 88.00% classification
accuracy has been achieved which is higher in comparison to
the accuracies of other schemes available in the literature.
Future work will include identifying despeckling techniques
that will work on various images with various distortions and
developing deep learning architectures that will achieve the
highest accuracy for any image quality. In addition, the
segmentation of breast cancer will be investigated in future
studies.

[15]

[16]

[17]

[18]

[19]

[20]

[21]

REFERENCES
[1]

Siegel, Rebecca L., Kimberly D. Miller, and Ahmedin Jemal. "Cancer
statistics, 2016." CA: A cancer journal for clinicians 66, no. 1 (2016):
7-30.

[22]

Bray, Freddie, Jacques Ferlay, Isabelle Soerjomataram, Rebecca L.
Siegel, Lindsey A. Torre, and Ahmedin Jemal. "Global cancer statistics
2018: GLOBOCAN estimates of incidence and mortality worldwide
for 36 cancers in 185 countries." CA: a cancer journal for clinicians 68,
no. 6 (2018): 394-424.
Ikeda, Debra, and Kanae Kawai Miyake. Breast Imaging: The
Requisites E-Book. Elsevier Health Sciences, 2016.
Cummins, Thomas, Payam Eliahoo, and K. Kirk Shung. "High
Frequency Ultrasound Array Designed for Ultrasound Guided Breast
Biopsy." development 26 (2016): 27.
Flint, Katelyn, Nick Bottenus, Will Long, David Bradway, Patricia
McNally, Sarah Ellestad, and Gregg Trahey. "Implementation and
Clinical Evaluation of a Fetal ALARA Ultrasound System." In 2018
IEEE International Ultrasonics Symposium (IUS), pp. 1-4. IEEE, 2018.
Hiremath, P. S., Prema T. Akkasaligar, and Sharan Badiger. "Speckle
noise reduction in medical ultrasound images." In Advancements and
breakthroughs in ultrasound imaging. Intechopen, 2013.
B. Peng, Y. Xian and J. Jiang, "A Convolution Neural Network-Based
Speckle Tracking Method for Ultrasound Elastography," 2018 IEEE
International Ultrasonics Symposium (IUS), Kobe, 2018, pp. 206-212.
Jeng, Geng-Shi, Maria Zontak, Nripesh Parajuli, Allen Lu, Kevinminh
Ta, Albert J. Sinusas, James S. Duncan, and Matthew O’Donnell.
"Efficient Two-Pass 3-D Speckle Tracking for Ultrasound Imaging."
IEEE Access 6 (2018): 17415-17428.
Al-Asad, Jawad F., et al. "QR based Despeckling Approach for
Medical Ultrasound Images." Current Medical Imaging 15.7 (2019):
679-688.
J.-S. Lee, “Digital Image Enhancement and Noise Filtering by Use of
Local Statistics,” IEEE Transactions on Pattern Analysis and Machine
Intelligence, vol. 2, no. 2, pp. 165–168, 1980.
G. Ramos-Llordén, G. Vegas-Sánchez-Ferrero, M. Martin-Fernandez,
C. Alberola-López and S. Aja-Fernández, "Anisotropic Diffusion Filter
With Memory Based on Speckle Statistics for Ultrasound Images," in
IEEE Transactions on Image Processing, vol. 24, no. 1, pp. 345-358,
Jan. 2015.
Gai, Shan, Boyu Zhang, Cihui Yang, and Lei Yu. "Speckle noise
reduction in medical ultrasound image using monogenic wavelet and
Laplace mixture distribution." Digital Signal Processing 72 (2018):
192-207.
Joel, T., and R. Sivakumar. "An extensive review on Despeckling of
medical ultrasound images using various transformation techniques."
Applied Acoustics 138 (2018): 18-27.
Buades, A., Coll, B. and Morel, J.M., (2005), “A non-local algo-rithm
for image denoising”, In Computer Vision and Pattern Recognition,
2005. CVPR 2005. IEEE Computer Society Conference on (Vol. 2, pp.
60-65). IEEE.
J. Yang, J. Fan, D. Ai, X. Wang, Y. Zheng, S. Tang, and Y. Wang,
“Local statistics and non-local mean filter for speckle noise reduction
in medical ultrasound image,” Neurocomputing, vol. 195, pp. 88–95,
2016.
Sharif, M., Hussain, A., Jaffar, M.A. and Choi, T.S., (2015), “Fuzzy
similarity based non local means filter for rician noise removal”,
Multimedia tools and applications, 74(15), pp.5533-5556.
Y. Wu, B. Tracey, P. Natarajan, and J. P. Noonan, “Probabilistic NonLocal Means,” IEEE Signal Processing Letters, vol. 20, no. 8, pp. 763–
766, 2013.
X.-W. Fu, M.-Y. Ding, and C. Cai, “Despeckling of medical ultrasound
images based on quantum-inspired adaptive threshold,” Electronics
Letters, vol. 46, no. 13, p. 889, 2010.
Khan, Adil H., Jawad F. Al-Asad, and G. Latif, "Speckle suppression
in medical ultrasound images through Schur decomposition." IET
Image Processing 12.3 (2017): 307-313.
Liu, Shengfeng, Yi Wang, Xin Yang, Baiying Lei, Li Liu, Shawn
Xiang Li, Dong Ni, and Tianfu Wang. "Deep learning in medical
ultrasound analysis: a review." Engineering (2019).
Latif, G., Iskandar, D. A., Alghazo, J., Butt, M., & Khan, A. H. (2018).
Deep CNN based MR image denoising for tumor segmentation using
watershed transform. International Journal of Engineering &
Technology, 7(2.3), 37-42.
Pinheiro, P. and Collobert, R., (2014), “Recurrent convolutional neural
networks for scene labeling”, In International Conference on Machine
Learning, pp. 82-90.

Authorized licensed use limited to: Prince Mohammad Bin Fahd University. Downloaded on August 13,2020 at 12:44:01 UTC from IEEE Xplore. Restrictions apply.

[23] T. M. Kolb, J. Lichy, J. H. Newhouse, "Comparison of the performance
of screening mammography physical examination and breast US and
evaluation of factors that influence them: An analysis of 27825 patient
evaluations", Radiology, vol. 225, no. 1, pp. 165-175, Oct. 2002.
[24] Chiang, Tsung-Chen, Yao-Sian Huang, Rong-Tai Chen, Chiun-Sheng
Huang, and Ruey-Feng Chang. "Tumor detection in automated breast
ultrasound using 3-D CNN and prioritized candidate aggregation."
IEEE transactions on medical imaging 38, no. 1 (2018): 240-249.
[25] Mendeley
Breast
Ultrasound
Dataset
(2017),
DOI:
http://dx.doi.org/10.17632/wmy84gzngw.1#file-fa206ab0-b2af-453ab8d0-1e6e89230377

[26] Zhang, K., Zuo, W., Chen, Y., Meng, D., & Zhang, L., (2017), “Beyond
a gaussian denoiser: Residual learning of deep cnn for image
denoising”, IEEE Transactions on Image Processing.
[27] X`, Ghazanfar, Jaafar Alghazo, Loay Alzubaidi, M. Muzzamal Naseer,
and Yazan Alghazo. "Deep Convolutional Neural Network for
Recognition of Unified Multi-Language Handwritten Numerals." In
2018 IEEE 2nd International Workshop on Arabic and Derived Script
Analysis and Recognition (ASAR), pp. 90-95. IEEE, 2018.
[28] Srivastava, N., Hinton, G. E., Krizhevsky, A., Sutskever, I., &
Salakhutdinov, R. (2014). Dropout: a simple way to prevent neural
networks from overfitting. Journal of Machine Learning Research,
15(1), 1929-1958.

Authorized licensed use limited to: Prince Mohammad Bin Fahd University. Downloaded on August 13,2020 at 12:44:01 UTC from IEEE Xplore. Restrictions apply.

