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Abstract

Microcalcifications (MCCs) are reliable early signs of breast cancer. However, the
small size of calcifications and low radiation factors used in digital mammograms
cause low and poor quality mammogram images in detecting MCCs. This paper
presents an image enhancement technique called Fuzzy Anisotropic Diffusion
Histogram Equalization Contrast Adaptive Limited (FADHECAL) to enhance the
details of MCCs in mammogram images by reducing the image noise while conserving
contrast and brightness. A total of 23 mammogram images with MCCs were retrieved
from the Mammographic Image Analysis Society’s database. The enhancement
performance of FADHECAL was compared with Recursive Mean-Separate Histogram
Equalization, Histogram Equalization and Fuzzy Clipped Contrast-Limited Adaptive
Histogram Equalization. Image quality measurement tools of absolute mean brightness
error (AMBE), structural similarity index measure (SSIM) and peak signal-to-noise
ratio (PSNR) were used. The results showed that FADHECAL had the most superior
results among other enhancement techniques, with 6.302 of AMBE, 20.453 of PSNR
and 0.851 of SSIM. The proposed FADHECAL exhibited a high accuracy of 91.30%
for the detection of MCCs. Hence, FADHECAL can be used as an ideal tool for
identifying MCCs in early-stage breast cancer.

Keywords: breast imaging, fuzzy inference system, image analysis, mammography,
medical image processing

1. Introduction

Breast cancer is one of the top causes of death in women worldwide (Nounou
et al., 2015; Suppaya et al., 2020; Ravi and Ismail, 2021). Based on the 2020
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Global Cancer Statistics, 11.7% of breast cancer cases were diagnosed, with
approximately 19.3 million new cases (Sung et al., 2021). According to the
American Cancer Society, a total of 276,480 new cases of breast cancer were
expected to be diagnosed in 2020 among women in the United States, with an
estimated death rate of 15% (Viale, 2020). One of the main contributions is
inappropriate imaging tools used for early detection or during breast screening
examination (Suradi et al., 2021a). Besides, poor quality mammogram images
will reduce the early detection rate of breast cancer and the patient’s chances
of survival (Mohd Hashim et al., 2020).

Breast cancer can be classified by the size of lesions and their growth rate
(Bonfiglio et al., 2018; Suradi et al., 2021b). The breast lesions may manifest
as carcinoma in situ in the mammary lobules or the intermediate ducts. The
lesions may also have a great potential to spread the cancer cells to their
surroundings. Microcalcifications (MCCs) are a reliable early sign of breast
cancer (Mordang et al., 2018; Mahmood et al., 2021). These MCCs consist of
small grains or calcium deposits with diameters between 0.1 and 1 mm (Albiol
etal., 2017). MCCs can be seen as white dots, which are usually overlying the
breast tissues in the mammogram images. Therefore, the detection of MCCs
in mammogram images is complex, especially due to the variant of size,
diameter, or shape (Ur Rehman et al., 2021). Based on the Breast Imaging
Reporting and Data System (BI-RADS), MCC is categorized by the
description of the morphology and its distribution. The categories include
benign, intermediate concern and malignant (Rao et al., 2016). The
morphology of MCC is the most crucial factor in the differentiation between
benign and malignant. The intermediate concern term is used to identify the
MCC in the form of amorphous or coarse heterogeneous, which is not fully
ready to identify as benign or malignant (Yu et al., 2011). In BI-RADS, the
distribution of MCC can be categorized as scattered, regional, cluster and
segmental (Bent et al., 2012).

Digital mammograms are one of the radiological examinations to investigate
any abnormalities within the breast tissues. It can be used as the initial step or
first-line screening method to identify the early stages of breast cancer lesions
(Rodriguez-Ruiz et al., 2019). Digital mammograms use low-exposure
protocols to ensure minimum radiation dose for the patients. However, the use
of low-exposure protocols has led to low contrast performance of
mammogram images, especially when detecting the MCCs. During image
acquisition, impulse noise can distort mammogram images (Rajaguru et al.,
2020). Consequently, numerous image enhancement techniques have been
evolved and introduced in digital mammograms. Image enhancement is the
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most common image processing technique used in digital images that involve
image manipulation to improve or maintain the image features and reduce
image noise appearances (Suradi and Abdullah, 2021b). The image
enhancement techniques involve modifying the intensity and contrast
appearances to highlight the fine details or any suspected abnormalities
(Quintanilla-Dominguez et al., 2011).

The main factor to detect breast cancer at an early stage is the proper process
of acquisition of mammogram images (Almalki et al., 2022). Over the past
years, image enhancement techniques in mammogram images have been
discussed, such as Histogram Equalization (HE) (Gonzalez et al., 2009),
Contrast Limited Adaptive Histogram Equalization (CLAHE) (Pisano et al.,
1998; Sondele and Saini, 2013), Recursive Mean-Separate Histogram
Equalization (RMSHE) (Akila et al., 2015), Fourier transform (Senthilkumar
and Umamaheswari, 2015), nonlinear unsharp masking (Panetta et al., 2011)
and fuzzy logic-based enhancement (Sondele and Saini, 2013; Jenifer et al.,
2016; Suradi and Abdullah, 2021a).

However, the aforesaid image enhancement techniques still have limitations
(Singh and Kaur, 2017). For example, the HE technique can only stretch the
histogram pixels, which causes the change in level saturation but is not able
to properly enhance the images (Sengee and Choi, 2008). Although it is the
frequently used technique for enhancing contrast in mammogram images
(Rahmati et al., 2010; Moradmand et al., 2012; Majeed and lIsa, 2020),
CLAHE enhancement has a major disadvantage — the manual setting up of the
clip-limit value for the enhancement process. As a result, CLAHE cannot
improve the details because of high noise appearances in the homogeneous
regions (Lee et al., 2019). Therefore, a combination of two or more image
enhancement methods has been proposed.

Jenifer et al. (2016) developed a technique using the combination of fuzzy and
histogram-based algorithm called the Fuzzy Clipped Contrast-Limited
Adaptive Histogram Equalization (FC-CLAHE) algorithm, which has shown
positive results with better enhancement of breast lesions. Suradi et al. (2021a)
developed image enhancement techniques for mammogram images based on
the combination of fuzzy-based algorithm, filter algorithm and histogram
algorithm technique of image enhancement to improve the structure of breast
masses details while reducing the image noise in the mammogram images.
However, the study is limited to breast masses only. Microcalcifications are
early signs of developing breast cancer. Breast masses or tumors are usually
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larger and brighter compared with MCCs that are physically smaller and
scattered around the breast tissue (Mustra et al., 2012). The presence of MCCs
in low-contrast mammogram images may lead to delayed detection of breast
cancer. Therefore, continuous improvement is still needed to further enhance
and reduce noise in mammogram images, especially for the detection of
MCCs as an early stage of breast cancer.

The proposed image enhancement technique for mammogram images by
Suradi et al. (2022), the FADHECAL, was used in this study to further
enhance the details of breast cancer lesions in mammogram images, especially
in the region of interest (ROI) of MCCs. This FADHECAL can minimize the
noise in the mammogram images while conserving the contrast and brightness,
especially enhancing the presence of MCCs.

2. Methodology
2.1 Source of Mammogram Images

A total of 322 mammogram images containing ground truth were retrieved
from the Mammographic Image Analysis Society’s (MIAS) database (Clark,
2012). Of these, 207 cases were normal, 64 were benign, and 51 were
malignant. These mammogram images were then filtered to only include the
mammogram images with MCCs. Finally, only 23 of those mammogram
images contained MCCs with various background tissues and abnormalities.

2.2 Image Enhancement Technique for Mammogram Images

The FADHECAL is a hybrid image enhancement technique that combines
fuzzy-based and histogram-based enhancement techniques (Suradi et al.,
2022). A Fuzzy Clipped Inference System (FCIS) is employed in the
FADHECAL technique to automate the clip-limit selection for the
enhancement procedure. The prior approach of manually selecting the clip
limit can be replaced by this automatic option. An anisotropic diffusion filter
(ADF) is embedded in this technique to minimize the impulse noise that
occurs during image acquisition while conserving the details of mammogram
images. The steps of this FADHECAL technique are shown in Figure 1.
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evaluation and membership function
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1

Perform image quality analysis
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Good Output enhanced
mammogram
images

Figure 1. The FADHECAL image enhancement technique adopted from
Suradi et al. (2022)

The ADF model, which was previously proposed by Perona and Malik (1990),
works by increasing the diffusion in the homogeneous areas and reducing the
nearly strong gradient corresponding to the edges. Equation 1 represents the
ADF model (Suradi et al., 2022).

al(xy)
o

div(g(IVICx, DVICx, 1) 1)

where div(.) and V represent the divergence and the gradient operators,
respectively, while g(|VI(x, y)|) is a decreasing function that plays a crucial
role in controlling the diffusion process.

The FCIS is designed with two input measures: contrast (C) and entropy (E).
The fuzzy sets of C are low (C1), medium (C>), and high (Cs), while the fuzzy
sets of E are small (E1) and big (E2). The Fuzzy Histogram Clipped Limit
(FHCL) is the FCIS output metric. Contrast and entropy were used to detect
any abnormalities. The contrast and entropy of the digital mammogram
images can be calculated using Equations 2 and 3, respectively (Suradi et al.,
2022).

PR
_ 2
Contrast, C = oy _[; Y (w, h) 2

where H and W represent the height and width of the image, respectively,
while Y(w, h) is the pixel of the image grey level at (w, h).
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N-1

Entropy, E = z PG, j)—InP(, j)) (3)
ij=0

The probability of a possible outcome is represented by P(i, j). The summation
range i, j = 0 to N — 1 essentially means that each cell in the matrix should be
measured.

The triangular membership function was utilized to construct the rules of FCIS
and classify the FHCL into low clip limit (CL1) and high clip limit (CL>).
Table 1 shows the rules of automatic selection for clipping enhancement
parameters using FCIS rules (Suradi et al., 2022). For the overall FCIS output,
the output of each rule was combined into a single fuzzy set. Figure 2 shows
the overall result of FCIS with the aggregation of rule consequences (Suradi
etal., 2022). The FCIS had a defuzzification result of 0.0185. As a result, with
the provided values of C = 0.325 and E = 0.444, the FHCL was 0. 0185. The
FADHECAL enhancement technique used Equation 4 to calculate the new
clip limit that depended on the C and E of the input mammogram images
(Suradi et al., 2022).

Table 1. The rules of automatic selection for clipping enhancement parameters
using FCIS rules

Rules Description
1 If contrast (low) and entropy (Small), FHCL (high)
2 If contrast (medium) and entropy (small), FHCL (high)
3 If contrast (low) and entropy (big), FHCL (high)
4 If contrast (high) and entropy (small), FHCL (low)
5 If contrast (medium) and entropy (big), FHCL (low)
6 If contrast (high) and entropy (big), FHCL (low)
FapHECAL =[5 + [FrcL. (o [55])| 4)

where FHCL is for fuzzy histogram clip limit, which ranged from 0 to 0.1; [.]
stands for truncating value to the nearest integer; and ¢ is the result of dividing
the block size by the total number of blocks. The pixel intensity range was 0
to 255, as indicated by the 256 values.
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Figure 2. Fuzzy clipped inference system
2.3 Image Quality Analysis

The effectiveness of the FADHECAL enhancement technique on the ROI of
MCCs in mammogram images was evaluated using image quality analysis.
The following parameters were used: (i) absolute mean brightness error
(AMBE); (ii) peak signal noise ratio (PSNR) and (iii) structural similarity
index measure (SSIM).

2.3.1 AMBE

The absolute difference in brightness between the original and enhanced
mammogram images is known as the AMBE. This value indicates the amount
of image brightness that has been disrupted. AMBE can be calculated using
Equation 5.

AMBE (x,y) = |[E(y) - E(X)| 5)

where E(y) is the mean grey level of the enhanced mammogram image while
E(x) indicates the mean grey level of the original mammogram image.

2.3.2 PSNR

The PSNR is a performance metric that can be used to evaluate the image
quality of the enhanced mammogram image. The values of PSNR represent
the ratio between the maximum possible power of the signal and the power of
distorting noise that affects the quality of its representation. Equation 6 defines
the PSNR.
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RZ
PSNR =10 lOg[OM_SE (6)

where R represents the highest pixel values and MSE defines the mean squared
error.

2.3.3SSIM

The SSIM, which can be defined using Equation 7, is an image quality
evaluation that can be used to assess the similarity between original and
enhanced mammogram images.

QCup, + Cp) (204, + C3)

SSIM (x, y) =(/“x2 +ﬂy2+ C) (o2 + 0'},2 +C) (7)

Let x and y as the original mammogram image and the enhanced mammogram
image, respectively; x indicates the mean of the image intensity; and ¢ and C
are the standard deviation and the constant, respectively.

2.4 Image Quality Assessment for Detecting Microcalcifications in Enhanced
Mammogram Images

Accuracy assessment for enhanced mammogram image quality is a crucial
step to defining the accuracy of detecting MMCs in enhanced mammogram
images. The detection of MMCs in enhanced mammogram images was
verified with ground truth from the MIAS database. The accuracy percentage
of the proposed technique was measured using Equation 8. After applying the
proposed image enhancement technique to all the selected mammogram
images, quantitative analysis was carried out by employing the accuracy of
the proposed image enhancement technique to detect MMCs as follows:

Detected true positive MMCs in the enhanced mammogram images
Accuracy % = - x100% (8)
Total of mammogram images

3. Results and Discussion
The resulting enhanced mammogram images were analyzed qualitatively and

quantitatively. The performance of FADHECAL was tested on the selected
mammogram images containing only MCCs that were extracted from the
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MIAS database. The results were compared with three image enhancement
techniques, namely HE, RMSHE and FC-CLAHE.

3.1 Performance of Mammographic Image Enhancement Techniques

The visual quality or qualitative analysis is always subjective and depends on
human perception. In this study, qualitative analysis was included to assess
the performance of enhancement techniques in addition to quantitative
analysis. The red circles in Figure 3 represent the location of the MCCs in the
mammogram images. Figure 4 shows the magnification of the ROI of MCCs
from Figure 3 in detail and clear manner. Figure 3a shows an example of the
original mammogram image. The image is presented in low contrast and
smoothed textures. Thus, the details of dense tissue and suspected breast
lesions cannot be observed. Figure 3b shows an overly enhanced image by
using the HE technique. The dense tissue is too bright because the HE
redistributes the histogram and normalizes the brightness of the whole image.
Consequently, the MCCs in Figure 4b cannot be demonstrated appropriately.

Figure 3. Mammogram images with ROl of MCCs in the red circle: original
mammogram image (a) and enhanced mammogram images — HE (b), FC-
CLAHE (c), RMSHE (d) and proposed technique (FADHECAL) (e)

Figure 3c shows the enhanced image produced by FC-CLAHE. The results
showed an improvement when preserving the details and local information
although there was an increase in brightness and contrast. However, the
saturation region is seen near the suspected MCCs (also seen in Figure 4c) and

89



S. H. Suradi et al. / Mindanao Journal of Science and Technology Vol. 21 (1) (2023) 81-95

thus, may lead to misinterpretation. The RMSHE may decrease the image
quality of enhancement for mammogram images, particularly around the
mass. Figure 4d shows the resulting image of unclear MCCs in the ROI. The
image then grows dark and fades (Figure 3d).

@ (b) © (@ ©

Figure 4. Magnification of the ROI of MCCs from Figure 3: original mammogram
image (a), HE (b), FC-CLAHE (c), RMSHE (d) and proposed technique
(FADHECAL) (e)

Figures 3e and 4e show the most superior results of FADHECAL among other
enhancement techniques. The edges of the MCCs’ cluster are more apparent
than in the original image. The overall brightness is improved by processing
the image based on the FHCL. The fuzzy clipped inference system manages
the conflicting requirement of histogram clipped limit to increase the
brightness appropriately and without blurry effect.

3.2 Image Quality

For quantitative analysis, three measures of image quality analysis were used
to support the qualitative performance. Table 2 shows the average results of
image quality analysis for images with MCCs. The enhanced images using
FADHECAL showed the lowest AMBE values (6.302) than HE, FC-CLAHE
and RMSHE. The low values of AMBE indicated a high-quality image while
preserving the brightness. The FADHECAL also obtained the highest PSNR
values (20.453) than other enhancement techniques. These values indicated
that the resulting images produced had good quality with no amplification of
noise during the process. The values of SSIM showed the presence of the real
image. Among other enhancement techniques, FADHECAL had shown the
highest SSIM values (0.851). Figure 5 shows the comparison results of image
quality analysis for mammogram image enhancement techniques.

90



S. H. Suradi et al. / Mindanao Journal of Science and Technology Vol. 21 (1) (2023) 81-95

Table 2. Average results of the image quality analysis

Mammographic image enhancement techniques Image quality analysis (average)

AMBE PSNR SSIM

HE 25.192 16.963 0.681

FC-CLAHE 12.504 14.360 0.421

RMSHE 17.987 18.625 0.722

Proposed technique (FADHECAL) 6.302 20.453 0.851

3.3 Accuracy of Image Quality Assessment for Detecting Microcalcifications
in Enhanced Mammogram Images

The results showed the proposed image enhancement technique had obtained
a good performance for the detection of MMCs with 91.30% of accuracy. All
the results were validated with the ground truth from the MIAS database.
Morphology and distribution of MMCs in mammogram images are crucial
indicators in breast cancer screening at an early stage. Of the 23 selected
mammogram images, only two mammogram images with MCCs were not
detected by the proposed image enhancement technique due to the dense
breast tissue. Figure 5 shows the comparison of mammogram images with the
ROI of MCCs after image enhancement process using FADHECAL in red
circle.

(b)

Figure 5. Detectable (a) and undetectable (b) mammogram
images with the ROl of MCCs after image
enhancement process using FADHECAL
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4. Conclusion and Recommendation

The proposed image enhancement technique (FADHECAL) improved the
detection of breast cancers, especially MCCs. It can highlight the MCCs
clusters than background dense tissue sufficiently. Also, the resulting images
of FADHECAL showed the most superior performance of image
enhancement with the least noise production compared with other previous
techniques. Its accuracy in detecting the presence of MCCs showed an
excellent result (91.30%). In essence, FADHECAL can be used as an ideal
platform for identifying the characteristics of MCCs at an early stage of breast
cancer. To further improve the accuracy of FADHECAL, a case study needs
to be carried out in the future using a higher number of mammogram images
with MCCs from a local database.

5. References

Akila, K., Jayashree, L.S., & Vasuki, A. (2015). Mammographic image enhancement
using indirect contrast enhancement techniques — A comparative study. Procedia
Computer Science, 47(C), 255-261. https://doi.org/10.1016/j.procs.2015.03.205

Albiol, A., Corbi, A., & Albiol, F. (2017). Automatic intensity windowing of
mammographic images based on a perceptual metric. Medical Physics, 44(4), 1369-
1378. https://doi.org/10.1002/mp.12144

Almalki, Y.E., Soomro, T.A., Irfan, M., Alduraibi, S.K., & Ali, A. (2022).
Computerized analysis of mammogram images for early detection of breast cancer.
Healthcare (Switzerland), 10(5), 1-20. https://doi.org/10.3390/healthcare10050801

Bent, C.K., Bassett, L.W., D’Orsi, C.J., & Sayre, J.W. (2012). The positive predictive
value of BI-RADS microcalcification descriptors and final assessment categories.
American Journal of Roentgenology, 194(5), 1378-1383. https://doi.org/10.2214/AJR.
09.3423

Bonfiglio, R., Scimeca, M., Urbano, N., Bonanno, E., & Schillaci, O. (2018). Breast
microcalcifications: Biological and diagnostic perspectives. Future Oncology, 14(30),
3097-3099. https://doi.org/10.2217/fon-2018-0624

Clark, A.F. (2012). The mini-MIAS database of mammograms. Retrieved from http://
peipa.essex.ac.uk/info/mias.html

Gonzalez, R.C., Woods, R.E., & Masters, B.R. (2009). Book review: Digital image

processing, third edition. Journal of Biomedical Optics, 14(2), 029901. https://doi.org
/10.1117/1.31153 62

92


https://doi.org/10.2214/AJR

S. H. Suradi et al. / Mindanao Journal of Science and Technology Vol. 21 (1) (2023) 81-95

Jenifer, S., Parasuraman, S., & Kadirvelu, A. (2016). Contrast enhancement and
brightness preserving of digital mammograms using fuzzy clipped contrast-limited
adaptive histogram equalization algorithm. Applied Soft Computing Journal, 42, 167-
177. https://doi.org/10.1016/j.as0c.2016.01.039

Lee, S., Jin Park, S., Jeon, J.M., Lee, M.H., Ryu, D.Y., Lee, E.,, Kang, S.H., & Lee, Y.
(2019). Noise removal in medical mammography images using fast non-local means
denoising algorithm for early breast cancer detection: A phantom study. Optik, 180,
569-575. https://doi.org/10.1016/j.ijle0.2018.11.167

Mahmood, T., Li, J., Pei, Y., Akhtar, F., Imran, A., & Yaqub, M. (2021). An automatic
detection and localization of mammographic microcalcifications ROI with multi-scale
features using the radiomics analysis approach. Cancers, 13(23), 5916. https://doi.org/
10.3390/CANCERS13235916

Majeed, S.H., & Isa, N.A.M. (2020). Iterated adaptive entropy-clip limit histogram
equalization for poor contrast images. IEEE Access, 8, 144218-144245. https://doi.org/
10.1109/ACCESS.2020.3014453

Mohd Hashim, N.N., Nasir, F.M., & Mohamed, N.S. (2020). Study on different
anode/filter combinations and tube voltage values on image quality in mammography.
Asian Journal of Medicine and Biomedicine, 4(S1), 74-78. https://doi.org/10.37231/3j
mb.2020.4.S1 1.404

Moradmand, H., Setayeshi, S., Karimian, A.R., Sirous, M., & Akbari, M.E. (2012).
Comparing the performance of image enhancement methods to detect
microcalcification clusters in digital mammography. Iranian Journal of Cancer
Prevention, 5(2), 61-68.

Mordang, J.J., Gubern-Mérida, A., Bria, A., Tortorella, F., Mann, R.M., Broeders, M.
J.M., den Heeten, G.J., & Karssemeijer, N. (2018). The importance of early detection
of calcifications associated with breast cancer in screening. Breast Cancer Research
and Treatment, 167(2), 451-458. https://doi.org/10.1007/s10549-017-4527-7

Mustra, M., Grgic, M., & Delac, K. (2012). Enhancement of microcalcifications in
digital mammograms. Proceedings of the 19" International Conference on Systems,
Signals and Image Processing, Vienna, Austria.

Nounou, M.I., Elamrawy, F., Ahmed, N., Abdelraouf, K., Goda, S., & Syed-Sha-
Qhattal, H. (2015). Breast cancer: Conventional diagnosis and treatment modalities
and recent patents and technologies supplementary issue: Targeted therapies in breast
cancer treatment. Breast Cancer: Basic and Clinical Research, 9(2), 17-34. https://doi.
0rg/10.4137/BCBCR.S29420

Panetta, K., Yicong Zhou, Agaian, S., & Jia, H. (2011). Nonlinear unsharp masking
for mammogram enhancement. IEEE Transactions on Information Technology in
Biomedicine, 15(6), 918-928. https://doi.org/10.1109/T1TB.2011.2164 259

Perona, P., & Malik, J. (1990). Scale-space and edge detection using anisotropic

diffusion. IEEE Transactions on Pattern Analysis and Machine Intelligence, 12(7),
629-639. https://doi.org/10.1109/34.56205

93


https://doi.org/
https://doi.org/
https://doi.org/10.37231/aj
https://doi/
https://doi.org/10.1109/TITB.2011.2164

S. H. Suradi et al. / Mindanao Journal of Science and Technology Vol. 21 (1) (2023) 81-95

Pisano, E.D., Zong, S., Hemminger, B.M., DeLuca, M., Johnston, R.E., Muller, K.,
Braeuning, M.P., & Pizer, S.M. (1998). Contrast limited adaptive histogram
equalization image processing to improve the detection of simulated speculations in
dense mammograms. Journal of Digital Imaging, 11(4), 193-200. https://doi.org/10.10
07/BF03178082

Quintanilla-Dominguez, J., Ojeda-Magaf, B., Cortina-Januchs, M.G., Ruelas, R.,
Vega-Corona, A., & Andina, D. (2011). Image segmentation by fuzzy and possibilistic
clustering algorithms for the identification of microcalcifications. Scientia Iranica,
18(3D), 580-589. https://doi.org/10.1016/j.scient.2011.04.009

Rahmati, P., Hamarneh, G., Nussbaum, D., & Adler, A. (2010). A new preprocessing
filter for digital mammograms. Proceedings of the International Conference on Image
and Signal Processing, Québec, Canada, 585-592.

Rajaguru, H., & Sannasi Chakravarthy, S.R. (2020). Efficient denoising framework for
mammogram images with a new impulse detector and non-local means. Asian Pacific
Journal of Cancer Prevention, 21(1), 179-183. https://doi.org/10.31557/APJCP.2020.
21.1.179

Rao, A.A., Feneis, J., Lalonde, C., & Ojeda-Fournier, H. (2016). A pictorial review of
changes in the BI-RADS fifth edition. Radiographics, 36(3), 623-639.
https://doi.org/10.1148/rg.2016150178

Ravi, D.A., & Ismail, N.F. (2021). Knowledge and awareness of breast cancer and
mammography among women in klang, selangor. Malaysian Journal of Applied
Sciences, 6(1), 15-20. https://doi.org/10.37231/myjas.2021.6.1.265

Rodriguez-Ruiz, A., Krupinski, E., Mordang, J.J., Schilling, K., Heywang-Kébrunner,
S.H., Sechopoulos, I., & Mann, R.M. (2019). Detection of breast cancer with
mammography: Effect of an artificial intelligence support system. Radiology, 290(3),
1-10. https://doi.org/10.1148/radiol.2018181371

Sengee, N., & Choi, H.K. (2008). Brightness preserving weight clustering histogram
equalization. IEEE Transactions on Consumer Electronics, 54(3), 1329-1337. https://
doi.org/10.1109/TCE.2008.4637624

Senthilkumar, B., & Umamaheswari, G. (2015). Breast cancer detection using
combined curvelet based enhancement and a novel segmentation method. Biomedical
Papers, 159(1), 83-86. https://doi.org/10.5507/bp.2013.097

Singh, B., & Kaur, M. (2017). An approach for enhancement of microcalcifications in
mammograms. Journal of Medical and Biological Engineering, 37(4), 567-579.
https://doi.org/10.1007/s40846-017-0276-7

Sondele, S., & Saini, I. (2013). Classification of mammograms using bidimensional
empirical mode decomposition based features and artificial neural network.
International Journal of Bio-Science and Bio-Technology, 5(6), 171-180. https://doi.
0rg/10.14257/ijbsbt.2013.5.6.18

94


https://doi.org/10.10
https://doi.org/10.31557/APJCP.2020.%2021.1
https://doi.org/10.31557/APJCP.2020.%2021.1
https://doi/

S. H. Suradi et al. / Mindanao Journal of Science and Technology Vol. 21 (1) (2023) 81-95

Sung, H., Ferlay, J., Siegel, R.L., Laversanne, M., Soerjomataram, I., Jemal, A., &
Bray, F. (2021). Global cancer statistics 2020: GLOBOCAN estimates of incidence
and mortality worldwide for 36 cancers in 185 countries. CA: A Cancer Journal for
Clinicians, 71, 209-249. https://doi.org/10.3322/caac.21660

Suppaya, K., Nasir, F.M., & Ghani, A.A. (2020). Variations of Bi-Rads 5 in
mammography by age, ethnicity, and breast density: A retrospective study in
University Malaya Medical Centre. Asian Journal of Medicine and Biomedicine,
4(SI1), 11-16. https://doi.org/10.37231/ajmb.2020.4.S1 1.394

Suradi, S.H., & Abdullah, K.A. (2021a). Using FC-CLAHE-ADF to enhance digital
mammograms for detecting breast lesions. IOP Conference Series: Materials Science
and Engineering, 1173(1), 012065. https://doi.org/10.1088/1757-899x/1173/1/012065

Suradi, S.H., & Abdullah, K.A. (2021b). Digital mammograms with image
enhancement techniques for breast cancer detection: A systematic review. Current
Medical Imaging, 17(9), 1078-1084. https://doi.org/10.2174/15734056176662101271
01101

Suradi, S.H., Abdullah, K.A., & Isa, N.A.M. (2021a). Automated classification of
breast cancer lesions for digitised mammograms via computer-aided diagnosis system.
Journal of Applied Science and Process Engineering, 8(2), 892-902. https://doi.org/
10.33736/jaspe.3517.2021

Suradi, S.H., Abdullah, K.A., & Isa, N.A.M. (2021b). i-DetectBC: Intelligence
detection of breast cancer. Journal of Physics: Conference Series, 1997, 012009.
https://doi.org/10.1088/1742-6596/1997/1/012009

Suradi, S.H., Abdullah, KA., & Isa, N.A.M. (2022). Improvement of image
enhancement for mammogram images using Fuzzy Anisotropic Diffusion Histogram
Equalisation Contrast Adaptive Limited (FADHECAL). Computer Methods in
Biomechanics and Biomedical Engineering: Imaging & Visualization, 10(1), 67-75.
https://doi.org/10.1080/21681163.2021.1972344

Ur Rehman, K., Li, J., Pei, Y., Yasin, A, Ali, S., & Mahmood, T. (2021). Computer
vision-based microcalcification detection in digital mammograms using fully
connected depthwise separable convolutional neural network. Sensors, 21(14).
https://doi.org/10.3390/S21144854

Viale, P.H. (2020). The American Cancer Society’s facts and figures: 2020 edition.
Journal of the Advanced Practitioner in Oncology, 11(2), 135. https://doi.org/10.6004/J
ADPRO.2020.11.2.1

Yu, P.C, Lee, Y.W., Chou, F.F., Wu, S.C., Huang, C.C., Ng, S.H., Sheen-Chen, S.M.,
& Ko, S.F. (2011). Clustered microcalcifications of intermediate concern detected on
digital mammography: Ultrasound assessment. The Breast, 20(6), 495-500. https://doi.
0rg/10.1016/J.BREAST.2011.05.003

95


https://doi.org/10.2174/15734056176662101271
https://doi.org/
https://doi.org/
https://doi.org/10.6004/J
https://doi/

