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ABSTRACT

Mammography is a widespread imaging technique to early detect breast cancer. It can detect
micro scale calcium deposits (microcalcification) known as early signs of breast cancer. The
detection of microcalcifications on mammograms, computer-aided diagnosis (CAD) systems
is commonly used. The first step of CAD system is cleaning noises on mammography images.
In order to clean or decrease noise on images, several filters are used. The purpose of this
study is denoising mammogram images that include microcalcification with different filters
and comparing of filter results. For this, firstly 50 mammogram images are obtained from
Digital Database for Screening Mammography (DDSM). Microcalcification located areas
which stated in their data file on mammograms are cropped at 512x512 pixels. Each image
matrices are filtered by median and moving average filter in spatial domain as well as high
pass and low pass filter in frequency domain. The filtered images are compared by mean
square error (MSE) and peak signal-noise ratio (PSNR) after frequency domain filters contrast
adjustment. As a result the optimal filter will be determined for cleaning mammograms

without an effect on single or clustered microcalcification.

Keywords: Mammogram, Microcalcification, Filtering on frequency domain, Filtering on

spatial domain, Denoising.

Mamogram imgeleri Uzerinde Farkh Siizgeclerin Etkilerinin incelenmesi

OZET

Mamaografi meme kanserinin erken teshisi i¢in kullanilan yaygin bir goriintiileme teknigidir

ve meme kanserinin baslangi¢c asamasi olarak kabul edilen kiigiik kalsiyum birikintilerini
55

* Sorumlu yazar/Corresponding author

E-mail/e-ileti: ayse.yurdusev@amasya.edu.tr



Yurdusev, A.A. Oral, C., & Hekim, M.

(mikrokalsifikasyonlar) goriintiileyebilme 6zelligine sahiptir. Mikrokalsifikasyonlarin
mamografi iizerindeki tespitleri icin bilgisayar destekli tespit (BDT) sistemleri siklikla
kullanilmaktadir. BDT sistemlerin ilk basamagi mamografi ilizerinde olusan giiriiltiileri
temizlemektir. Giirtiltli temizleme veya azaltma islemi i¢in ¢esitli siizgecler kullanilmaktadir.
Bu c¢alismada mikrokalsifikasyon igeren mamografi goriintiilerin ¢esitli siizgeclerle
temizlenmesi ve sonuglarinin karsilastirilmasi hedeflenmektedir. Bunun i¢in 6ncelikle Digital
Database for Screening Mammography (DDSM) veritabanindaki mamografilerden
mikrokalsifikasyon igeren 50 adet mamografi imgesi se¢ilmistir. Alinan mamografilerden
mikrokalsifikasyon igeren kisimlar1 vertabaninda verilen koordnatlar ile 512x512 piksel
boyutunda kesilmistir. Her bir goriintii matrisi uzamsal bolgede ortanca ve ortalama
stizgecten, frekans bolgesinde ise algak gegiren ve yiiksek geciren silizgeclerden gegirilerek
kontrast ayarlanmig goriintii sonuclar1 ortalama hata karesi ve doruk isaret-giiriiltii orani ile
karsilastirilmistir. Calisma sonucunda tek mikrokalsifikasyonlara ve mikrokalsifikasyon
gruplarina etki etmeden, mamografilerde giiriiltii temizlemek i¢in en uygun siizgecinin hangisi

oldugu tespit edilecektir.

Anahtar kelimeler: Mamaografi, Mikrokalsifikasyon, Frekans Bolgesinde Siizme, Uzamsal

Bolgede Sitizme, Siizgeg.
1. INTRODUCTION

Breast cancer is one of the most fatal cancer types, due to its proximity to vital organs
such as lymph. According to statistics, approximately 40000 women will die caused by breast
cancer or breast cancer-related symptoms in each year (Murthy et al., 2016). Hence, early
detection of breast cancer is most predictive factors to inhibit deaths related to breast cancer.
Mammography is a most significant method for screening and detection of breast cancer
(Memis, 2002; Avdan, 2013; Akbay, 2015; Redman et al., 2015). It can detect micro scale
calcifications, termed as microcalcification, on the breast. Microcalcifications are assumed as
very first sign of breast cancer. The existence of microcalcifications is vital to perceive breast
cancer in early detection (Memis, 2002). Hence, interpretation of mammograms has critical

importance.

Computer-aided diagnosis (CAD) system can help to improve the proportions of
success about cancer detection. Because even experienced radiologists may miss signs of
microcalcification due to their dimensions and locations. Incorrectly labeled mammograms

may cause undetected severe cancer. On the other hand, unnecessary biopsies and further
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medical examinations may cause to purchase redundant healthcare sources as well as may
place a great burden on patients (Qian et al., 2015). In the literature, there are numerous
studies and algorithms of CAD systems (Shen et al., 1994; Kim et al., 1997; Kim and Park,
1999; Soltanian-Zadeh et al., 2004; Fu et al., 2005; Kurt and Nabiyev, 2010; Pak et al., 2015).
In order to achieve higher true labelling proportion on mammograms, preprocessing of
mammogram images is necessary. Since each mammogram images have the uncertain and
unpredictable amount of noise that most of them occur by quantum noise (Romualdo et al.,
2009). Quantum noise, especially affects the visibility of microcalcifications on
mammograms, as microcalcifications are tiny particles that are sized about 100um to 500pum
(Romualdo et al., 2009).

Kumar et al. conducted a study with 10 mammogram images from MIAS database.
They cropped images 128x128 pixels and applied Adaptive Histogram Equalization (AHE),
Median filter, Frost filter, Butterworth filter and Wavelet denoising filter. Each image was
evaluated by mean square error (MSE), peak-signal to noise ratio (PSNR), Mean Structure
Similarity Index (MSSIM), Maximum difference (MD), Normalized Absolute Error (NAE)
and Structural Content (SC). According to their study results, most preferable filters are
determined as median filter and wavelet denoising filter (Kumar et al., 2016). Vijikala et al.
analyzed 5 different filter algorithms, namely Hybrid Median Filter (HMF), Linear Minimum
Mean Square Error (LMMSE) Filter, Oriented Rician Noise Reduction Anisotropic Diffusion
(ORNRAD) Filter, Higher Order Filter (HOF), Non-Local Means (NLM) Filter on noiseless
and Rician noise added mammogram images. Filtered images are compared with MSE,
PNSR, Contrast to Noise Ratio (CNR), Quality Index (IQI) and Mean Absolute Error (MAE)
values. The results show that ORNRAD filter results have higher ratio to succeed (Vijikala et
al.) Nagaiah et al. conducted a study to determine best enhancement method for mammogram
analysis. They computed 30 mammogram images from MIAS database. Firstly, they add
some noise on mammograms such as salt and pepper, Gaussian, Speckle and Poisson noise.
After that noise added images filtered by Inverse T/F filter known as low-pass filter, Median
Filter, and Bileteral filter. The results are examined by MSE and PNSR values. According to

their study Inverse T/F filter achieved better enhancement than others (Nagaiah et al., 2016).

The aim of this study, evaluation of effects of filters on microcalcifications. The study
is performed on 50 mammogram images from DDSM database. Each mammogram images
are cropped in the region of interest. Then salt & pepper noise and Gaussian noise are added

to original images. Noise-free images and noisy images are filtered by median filter, moving
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average filter, low-pass filter and high-pass filter. The performance of the filtering processes
is evaluated by MSE and PNSR.

2. MATERIAL AND METHOD

DDSM database one of the well-known mammographic images database. It has 2620
cases, each case has four mamogram images; specifically, right mediolateral-oblique (MLO),
right Cranial-Caudal (CC), left MLO, left CC views. Each of them labelled with patients’
condition such as cancer, benign and normal. Moreover, abnormal tissues are demonstrated
with a chain code. Mammogram images have a resolution of 42 microns to 50 microns and
12-16 bit depth depended on their scanner brand and they have different dimensions (Heath et
al., 2001).

In this study, 50 cancer cases with microcalcification are chosen from DDSM
database. 50 percent of them are selected by MLO view and others taken by CC view. All
selected mammograms are obtained by HOWTEK scanner mammograms with 43.5 microns
resolution and 12-bit depth. Mammogram images are cropped by based on given chain codes

at 512x512 pixels that is the approximately 2x2cm? area.

Figure 1. A 1258 1.RIGHT_MLO view mammogram.

Figure 2. A_1258 1.RIGHT_MLO cropped microcalcification region
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Figure 1. demonstrates that an original mammogram view. Size of the image is
6871x3541 pixels. Microcalcifications areas are illustrated with a blue rectangle. Figure 2.
shows only microcalcification region, the region of interest (ROI), from mammogram with

the dimension of 512x512 pixels. Microcalcification cluster can be seen from it.

Figure 3. indicates proposed block diagram. Firstly, prepared mammogram images are
added with salt & pepper and Gaussian noises. Then original and noisy mammogram images
are filtered by spatial domain filters and frequency domain filters. Their results are compared
with MSE and PNSR values.

Cropped | —» | Filter |_,| Evaluation
Image

Noise

Figure 3. Algorithm of the study

3. TYPE OF IMAGE NOISES

On digital mammograms, noise is one of the most challenging issues. Noise can
change pixel intensities and can cause to misinterpretation (Romualdo et al., 2009; Veldkamp
and Karssemeijer, 2000; Gonzalez et al., 2014). Because deciding most preferable filter,
mammogram images may be degenerated with same types of noises. Then they filtered by

filters and the result are compared (Vijikala et al.; Nagaiah et al., 2016).
3.1. Salt and Pepper Noise

On an image, salt and pepper noise changes some pixels with minimum or maximum
intensities randomly. Also, it is known as impulse noise. This type of noise can be seen in
digital imagining systems converting of scanner data to image is quicker (Gonzalez et al.,
2014).

Figure 4. shows the selected mammogram which has additive salt and pepper noise
that minimum (0 intensities, black pixels named as peppers) and maximum (1 intensities,

white pixels named as salt) pixels are added to the image.
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Figure 4. Mammogram with Salt&Pepper Noise

3.2. Gaussian Noise

Gaussian noise is widely used for image processing. The distribution of it is normal
(Gonzalez et al., 2014; Starck and Murtagh, 2006). The formula of the probability density
function of gauss noise is given by equation 1. Where z is pixel intensity and ¢ is variance.

1 e_(z_7)2 1262

p(z) = e O

The image is added Gaussian noise can be seen in Figure 5. Image has gray-level

contamination all its around, that creates a fuzzier image.

Figure 5. Mammogram with Gaussian Noise

4. TYPE OF IMAGE FILTERS

Image filters are used to make images clearer, sharpener or less noisy. The filter
concept is based on suppressing some content to enhance others (Gonzalez et al., 2014).
Fundamentally there are 2 types of image filtering. Firstly, spatial domain filtering that is
directly applied pixel values. Frequency domain filtering is applied to image in frequency
domain and then image is recreated in spatial domain. Figure 6. shows the image filtering

concept.
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Figure 6. Image filtering concept

4.1. Median Filter

Median filter computes a center pixel and its neighborhoods relationship. It lists a
kernel values in order and replaces middle value to center pixel. Hence, the differentiation
between pixels is declined. Therefore the image become more smooth and clearer.

Table 1. Example Image matrix

100 150 200

150 110

200 150 150

As an example, Table 1. indicates an image matrix. When the 3x3 median filter is
adapted to the matrix, the middle pixel which has a a value of 250 became 150. Hence, values

of the matrix are sorted respectively:

100 110 150 150 150 150 200 200 250

The middle value is 150, it replaces to center pixel.
4.2. Moving Average Filter

Moving window filter (MWF), is a moving average filter (MAF) for 2-dimension,
replaces the value of the center pixel of the kernel with an an average value of kernel. Where
f(i,j) is image pixel and g(i,j) is center pixel of kernel, for (2m+1)x(2m+1) filter sized the
formulation of MAF is (Gonzalez et al., 2014; Glasbey and Horgan, 1995). :
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1 m m
9, =— Z Z fi+k,j+| (2

MM "=,
Table 1. center pixel becomes 162.22
4.3. Low-Pass Filter

Low-pass filter on frequency domain, suppress higher frequency components than cut-
off of the signal while passes lower frequency (Gonzalez et al., 2014). Where Dy is cut-off
frequency, D(u,v) is the proximity of (u,v) pixel location to frequency rectangle. H(u,v) is
Gaussian low-pass filter (GLPF) (et al., 2014) :

_Dz(u,v)
oD.2
H(uv)=e *> 3)

Despite there is an ideal low-pass filter, GLPF can be interpreted due to less ringing

effect than an ideal low-pass filter.
4.4. High-Pass Filter

On frequency domain, a high-pass filter attenuates lower that cut-off frequency
components and passes high frequencies. It is the complement of the low-pass filter. Hence

Gaussian high-pass filter (GHPF) can be introduced as (Gonzalez et al., 2014). :

HHP(U'V):l_HLP(u’V) (4)

Hence GHPF transfer function is;

_D*(uv)

Hu,v)=1-e 2> (5)

In general, the noise component of an image is assumed as high frequency. A high
pass filter suppresses low frequencies and passes high frequencies. Hence high pass filters
may allow for the presence of noise components. However, high pass filter can emphasize
details on the image.
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5. EXPERIMENTAL RESULTS

Preprocessed mammograms, firstly, are contaminated with salt and pepper noise and
Gaussian noise. After that, original mammograms, salt and pepper noisy mammograms,
Gaussian noisy mammograms and both salt and pepper and Gaussian noise affected
mammogram are filtered by median filter, MAF, GLPF and GHPF. Filtered mammograms

and original mammograms are compared with MSE and PNSR.

Median Moving Average Gaussian Low-Pass Gaussian High-Pass
Filter Filter Filter Filter

SP and Gaussian Noise Salt and Pepper Noise Original

Gaussian Noise

Figure 7. Mammogram ROI with additive noises and applied filters

Original mammograms, noise added mammograms and filtered images can be seen in
Figure 7. Top row indicates the applied filter and left line demonstrates additive noises. The
noisy images and less noisy images can be seen with naked eyes. Median filter, MAF, and
GLPF can enhance the image, however, GHPF emphasizes the expression of noise. Despite
it’s the impracticality of the reduction of noise level, GHPF is studied in this paper. Because it

can be contributed to the study to understand of filters.

The performance of the filters is based on MSE and PNSR values. Basically, MSE
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computes the similarity between two images. In this study, noisy images are denoised by

different filters, the filtered image should be similar to the the original image.

In literature, MSE is often used for image evaluation. The mathematical formulation of
MSE is (Singh et al., 2008). :

MSE:iii(l =1 )P (6)
MN Z 4 @i,§) @i,§)

i=1 j=1
Where for MxN pixels sized image I is the intensity of original image pixel at ij
coordinate, 1 is filtered image value.

PNSR, is peak noise-to-signal ratio, it measures peak error of between two images
(Singh et al., 2008).

|
PSNR = 20*Iog[ \/I\F;I_SKEJ (7

Where lpeak is the possible maximum intensity of the image. That depends on the data

type of images, for instance, 8 bits integer’s maximum value is 255.

For two identical images, MSE value will be zero and PSNR value will be infinite.

Hence, in this study, smaller MSE values and higher PSNR values are the best.

The distribution of PNSR values can be seen in Figure 8. PNSR and MSE values are
calculated for 16 iterations, 4 types of noise and 4 types of filter, for each mammogram. For
instance, noise free mammograms filtered by median filter and their PSNR values are
between 52dB to 46dB with an average value of 49dB.

According to Figure 8., the worst values are related to GHPF, as expected. Because,
Figure 7, also, shows that between original mammogram and GHFP mammograms have high
dissimilarity. Noisy mammograms, without filtering, have lower PNSR values about 25-

30dB. It is meaning that all filters are effective except GHPF.

On salt & pepper noise added mammograms, median filter gives the more attractive
results, which are the same with original images values. For the Gaussian noised image, most
improvement is occurred by GLPF. When both salt & pepper noise and Gaussian noise are
added to mammograms, Median filter and GLPF show similar PNSR values about 36dB.

However, using both median filter and GLPF for salt & pepper and Gaussian noise added
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mammogram presents a slight enhancement of PNSR values.

Type of Noises
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Figure 8. The distribution of PNSR

The MSE evaluation of filters on mammograms can be seen in Figure 9. for MSE
values, mammograms that are filtered by GHPFs and original mammograms do not include
the chart, due to their significantly higher MSE value.
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Figure 9. The distribution of MSE
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It can be seen in Figure 9. the best results obtained by median filter and GLPF. For no

noise added mammograms, median filter and GLPF decrease to the value of 1x10™.

For all noise types, MAF has slightly higher MSE values than Median filter and
GLPF. However, it shows better results than unfiltered ones.

6. RESULTS AND DISCUSSION

The most important aim of this study to investigate filtering effects on mammograms
keep microcalcification. Therefore, denoised images are evaluated by MSE and PNSR. The
evaluation values show that mammograms still have close similarity after denoising

algorithm.

In this study, different filters effects are investigated for mammograms. According to
implementation results, using both median filter and GLPF have more successful similarity
rates than others. As a result, using these two filters together can reduce the noise level

without changing the characteristic of microcalsifications clusters on digital mammograms.
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