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Abstract

Computerized MR of brain image binarization for the uses of preprocessing of features extraction and brain abnormality
identification of brain has been described. Binarization is used as intermediate steps of many MR of brain normal and abnormal
tissues detection. One of the main problems of MRI binarization is that many pixels of brain part cannot be correctly binarized
due to the extensive black background or the large variation in contrast between background and foreground of MRI. Proposed
binarization determines a threshold value using mean, variance, standard deviation and entropy followed by a non-gamut
enhancement that can overcome the binarization problem. The proposed binarization technique is extensively tested with a
variety of MRI and generates good binarization with improved accuracy and reduced error.
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I. INTRODUCTION

Dependence of healthcare is gradually increasing not only on the major diagnostic technologies which are based on distinctive
image visualization and examination but also on information, knowledge, networking, image archiving and allotment,
instrumentation and treatment using physical energies. An extreme understanding of image information is essential and medical
image segmentation, predominantly binarization, performing a significant role. Segmented images are normally used in a
multitude of different applications, such as, diagnosis, treatment planning, localization of pathology, learning anatomical
organization, and computer incorporated surgery. Particularly binarization is a complex job due to the unpredictability of object
shapes, spatial intensity variation of different parts and the variation in image quality. In features extraction and abnormality
detection of the brain, binarization is an essential intermediate step. Most intensity based segmentation of white matter, gray
matter, and cerebrospinal fluid need binarization as preprocessing. It is also easy to detect brain abnormality if we process a
binarized image. Thus accurate abnormality selection and features extraction both highly depend on binarization.

Recently, image binarization techniques are widely used in several medical areas for image improvement to be used in
advance detection and treatment stages. The time factor is very important to find out the abnormality issues in target images,
especially in diverse cancer tumors such as lung cancer, breast cancer, brain tumor, etc. Thus to improve the time required for
abnormality detection we use a computerized method. Here an enhanced foreground region (brain part) of the object of interest is
used as a basic foundation of the first stage of binarization followed by threshold selection as the second stage. Binarization
using thresholding is one of the most powerful tools and a binarized image obtained from thresholding has the advantages of
smaller storage space, fast processing speed and ease in manipulation, compared with a gray level image which usually contains
256 levels. In the binary image where the two levels are assigned to pixels that are below or above the specified threshold value,
and it used as an obvious preprocessing steps in medical image analysis. However, the problem of MRI binarization is large
intensity differences between black background and the actual object. For this reason, some researchers use the external or
manual thresholding on generalized well-known methods for better binarization.

Il. LITERATURE REVIEWS

The threshold selection of binarization procedures can be broadly classified as global thresholding and local thresholding. Global
thresholding methods utilize a single intensity threshold value, and this value is determined on some heuristics or comprehensive
image features to classify image pixels into the foreground or background pixels of the image. The limitation of global
techniques is that they cannot adjust fine to irregular illumination and noise; hence a global method is not suitable for low-
resolution MR images. On the other hand, a local thresholding method can be used to calculate a threshold for every pixel in the
image on the origin of the substance in its locality [3].

As contrasting to global thresholding, local methods normally not performed well on MR images for binarization, this is due
to the dynamic characteristics of brain tissue intensity. Otsu selects threshold value by minimizing the weighted sum of within-
class variances [4]. Another method for automatic thresholding is the iterative Isodata method [10], which is an application of the
more general isodata clustering algorithm to the gray values of an image. Due to the fine intensity variation of brain tissue, it
fails to produce effective binarization on brain part as well as skull region of the MRI. Kapur [7] algorithm considers the image
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foreground and background as two independent signals so that as soon as the sum of the two class entropies maximizes the
image is said to be optimally binarized. Niblack thresholding [5] calculates local mean, variance and standard deviation to obtain
a threshold and use a shifting window. A heuristic based modification of Niblack’s formula which solves this problem has been
proposed by Sauvola and Pietikainen [6] and it helpful for degraded documents but does not produce any meaningful results.
Indicator kriging by Oh and Lindquist [11] fail to give any meaning full results for MRI of the brain in most of the cases, as the
high intense brain part act a foreground of the image. Kriging estimators build upon the linear combination in which the central
voxel not being included in the linear combination and median filtering is used in [12] to remove some noisy voxels.

Sund[13] uses a different thresholding criterion suitable for incremental update within the sliding window, and this algorithm
gives better results on difficult portal images than various publicly available adaptive thresholding routines. Sund binarization
method threshold is selected as an average brightness of the fragment gives very average results.

Yaniv Gal et al proposed a mutual information based [14] method from information theory has no underlying free parameters,
nor it requires training or calibration. The method is based on finding an optimal set of global thresholds, one for each image, by
maximizing the mutual information above the thresholds while minimizing the mutual information below the thresholds. It was
tested [15] on both synthetic and medical images from clinical practice and compared against three other thresholding methods:
the Conaire method, the popular Otsu thresholding method, and 2D entropy based binarization. Their result suggests that the
method [15] is less sensitive to such irregularities as it does not make assumptions about the distribution of intensities in the
images. Syed Emaan et al uses an iterative tri class [16] to take advantage of Otsu’s threshold by classifying images into three
tentative classes instead of two permanent classes in an iterative manner and almost parameter-free except the determination of
the stopping rule of the iteration process. Tested results verified the new method have better performance in challenging cases
but fails for many heterogeneous images. Image processing schemes and very fast image transmission take image binarization as
preprocessing. Since the binarization problem is difficult to define and evaluate, many methods are present in the literature on
the early stage of image processing and pattern recognition. However, how to select the corresponding threshold for each MR
image in different application cases is the problem, and we solve that problem by our proposed method. We have proposed a
binarization that calculates threshold by the combination of standard deviation and entropy followed by enhancement.

I1l. PROPOSED METHODOLOGY

The proposed method automatically converts MRI of brain images in a bi-level form in such way that the foreground information
brain part is represented by white pixels and the background of brain part by black pixels. This simple procedure has been proved
to be a very difficult task, especially in the case of MRI of the brain that very specialized variation in contrast problems.

Proposed method is divided into two phases; in the first phase we enhance our brain part, and in the second part we calculate
threshold value. In first phase foreground image contrast enhancement techniques involve scaling and shifting operations; the net
result of these operations on an image is that all its pixel values above a certain reference value, with respect to that particular
image, are pushed to a higher value while all the pixels with level below that point are pushed to lower gray values. Contrast
enhancement is performed only for those pixels where the difference between maximum and minimum of RGB component is
less than 128.

In the second phase, calculation of final threshold value for the binarization using entropy and standard deviation from the
gray MR image is performed. The proposed binarization method is a concatenated application of gamut less enhancement, mean,
variance, standard deviation and entropy calculation and proposed new binarization method also act as an intermediate of MR
image of the brain image. Some experiments are intended to demonstrate the effectiveness and robustness of proposed method
qualitatively as well as quantitatively. The results of the proposed technique on an MRI of brain dataset "Whole Brain Atlas" [1-
2] which consists of T1 weighted, T2 weighted, and proton density (PD) MRI has been discussed here. The result of proposed
method is reflected in Figure 1(c) followed by foreground image enhancement step shown in Figure 1 (b) for the input MRI
Figure 1(a). Observing in Figure 1(c), it is very clear that foreground of the brain part is assigned as white and background of
brain part is assign as black, and this result being utilized for features extraction and detection of a different type of brain
abnormality.

Most of the binarization algorithms do not treat background (black region) as a part of the brain image. It is important to
notice that due to the combination of standard deviation and entropy followed by gamut less enhancement method correctly
binarized the brain part that the object of interest. This could be verified from the binarization results of this experiment, where it
can also be observed that the proposed binarization technique leads to suitable results for all type of MR of brain images. The
result of Otsu method has been shown in Figure 1(d). In Figure 1(d) extremely few pixels are set as 0 in brain part, so many
unnecessary brain part area pixels are converted to 1 which bring about its limitation. In Isodata method so many wrong pixels
are converted into 0 or 1, as shown in Figure 1(e). Wrong pixels arrangement happens in the boundary area and different
intensity area, which leads to false detection for many portions of the brain image. Figure 1(f) is output using Kapur Method, in
Kapur method too many pixels of brain part are converted to 0, so many brain part area pixels are not converted into 1(white),
only high intense part of brain (e.g. abnormal part or some high intense part) are converted to 1(white). It can be useful for
detecting the brain tumor, edema, hemorrhage but fails to extract feature extraction and other diseases. Figure 1(g) shows the
result using Sund method, sometimes too many or very few white pixels leads to incorrect binarization.
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Figure 1: Different binarization results. Source image (a) taken from MRI dataset [5], enhance brain part (b) by proposed
method, binarized MR image(c) by proposed method, binarization by Otsu method (d), binarization by Isodata method (e),
binarization by Kapur method (f), and binarization by Sund method (g), (h) is the expected ground truth image by the expert.

The proposed method gives optimized results in almost every respect, but it may be biased without its performance evaluation.
The performance evaluation of image segmentation methods is a challenge for medical image analysis system because
truthfulness of preprocessing is an important factor for the post-processing technique of several automated systems as it grants to
the degree to which the preprocessing (binarization) results agree with the ground truth.

Manual segmentation normally gives the finest and most dependable outcome when recognizing structures for a meticulous
clinical job. Due to the shortcoming of computerized ground truth creation method, the quantitative estimation of a binarization
method is complicated to achieve. An alternative approach is to use manual-binarization results as the ground truth by a
specialist. The accuracy measures used to evaluate the performance of the proposed methods are the RE, KIl, JI, CD and FD [8-
9]. Here we use ground truth for the comparison with the automated methods and measures their performance with the help of
RE, KI, JI, CD, FD. Let AB and MB denote the areas of the automatically binarized (AB) and manually binarized (MB) pixels of
the MR brain images. TP, FP and FN stand for True Positive, False Positive and False Negative. ,

A higher value of correct detection ratio and lower value of false detection ratio means the good results. A method could be
better when JI and CD value is more and less value of FD so that the best method would be the maximum value of JI, and CD
and the minimum value of FD. Different performance metric (AB, MB, RE, TP, FP, FN, KI, JI, CD, FD) has been shown in
Table below for 15 images [5-6] for evaluation errors and accuracy of our results. In Table 1 segmented area with a manual and
proposed method with their intersection region are shown.

All rights reserved by www.journal4research.org 3



Image Binarization for the uses of Preprocessing to Detect Brain Abnormality Identification
(J4R/ Volume 04 / Issue 02 / 001)

Table - 4.1
Segmented Area & Evaluation Metric for MRI of Brain
Image AB MB TP FP FN
INumber

=

21216 | 21346 | 21123 | 0093 | 223
2 8580 | 8407 | 8440 | 0140 | 057
3 43059 | 42006 | 41956 | 1103 | 050
4 50061 | 50423 | 50396 | 0565 | 027
5 13737 | 13445 | 13107 | 0630 | 338

] 22071 | 22678 | 22587 [ 0384 | 091
7 27045 | 28000 | 27005 | 0040 | 104
8
0

25053 | 25848 | 25804 | 0149 | 044
L 23562 | 23156 | 23006 | 466 | 060
10 21975 | 21326 | 21067 | 0908 | 259
11 24568 | 24857 | 24547 | 0021 | 310
12 20757 | 20806 | 20724 | 0033 | 172
13 24678 | 24642 | 23784 | 0824 | 858
14 10756 | 20864 | 19704 [ 0052 | 1160
15 22749 | 22138 | 22135 | 0614 | 003

IVV. CONCLUSIONS

Binarize of the MR images has several applications towards brain abnormality detection and features extraction. The technique
performed in two steps has proved that the proposed method is capable of working in different MR of brain images and their
application domains. The comparisons verified that the proposed method for image binarization is performed better than other
well-known methods. It overcomes the problem of large intensity difference of foreground and background of MR images, and it
does not have any over binarization or under binarization problem for different kind of images. Results validate with different
accuracy estimation and error measurement metric that ensure proposed method generate good binarization results. In
abnormalities detection method binarization techniques used as intermediate steps. Proposed binarization technique is used as a
key intermediate of MS lesions segmentation.

REFERENCES

[1] Whole Brain Atlas: MR brain image [online (2013): http://www.med.harvad.edu/AANLIB/home.html].

[2] BrainWeb: Simulated Brain MR Brain image dataset [online (2013): http://brainweb.bic.mni.mcgill.ca/brainweb/].

[3] Mehmet Sezgin, Bu’lent Sankur, "Survey over image thresholding techniques and quantitative performance evaluation," Journal of Electronic Imaging,
volume 13, issue 1, pp. 146-165, 2004.

[4] N. Otsu, “A Threshold Selection Method from Gray Level Histograms”, IEEE Trans. on System, Man and Cybernetics SMC, volume 9, Number 1, pp. 62—
66, 1979.

[5] W. Niblack, “An Introduction to Digital Image Processing,” Prentice Hall, Eaglewood, Cliffs, pp. 115— 116, 1986.

[6] J. Sauvola, M. Pietikainen, “Adaptive document image binarization,” Pattern Recognition, volume 33, issue 2, 225-236, 2000.

[7] J. N. Kapur, P. K. Sahoo, A. K. C. Wong “A New Method for Gray-Level Picture Thresholding Using the Entropy of the Histogram,” Computer Vision,
Graphics, And Image Processing, volume 29, Issue 3, pp. 273-285, 1985.

[8] Soharab Hossain Shaikh, Asis Kumar Maiti, Nabendu Chaki, "A new image binarization method using iterative partitioning," Machine Vision and
Applications, volume 24, issue 2, pp. 337-350, 2013.

[9] Felicitas Perez-Ornelas, Olivia Mendoza , Patricia Melin, Juan R. Castro, Antonio Rodriguez-Diaz, Oscar Castillo, “Fuzzy Index to Evaluate Edge
Detection in Digital Images," PLOS ONE 10(6): €0131161. Doi: 10.1371/journal.pone.0131161, 2015.

[10] T.W. Ridler, S. Calvard, “Picture thresholding using an iterative selection method,” IEEE Trans. Systems, Man and Cybernetics, Vol. 8, No. 8, pp. 630—
632, 1978.

[11] W. Oh and B. Lindquist, “Image thresholding by indicator kriging,” IEEE Trans. Pattern Analysis Machine Intelligence, volume 21, number 7, pp. 590—
602, 1999.

[12] Tao Chen, Mikio Takagi, “Image Binarization by Back Propagation Algorithm,” Institute of Industrial Science, Univ. of Tokyo, pp.345-350 [online:
http://www.isprs.org/proceedings/XXIX/congress/part2/345_XXIX-part2.pdf].

[13] T Sund and K Eilertsen, “An Algorithm for Fast Adaptive Image Binarization With Applications in Radiotherapy Imaging,” IEEE Transactions On Medical
Imaging, volume 22, number 1, pp. 22 — 28, 2003.

[14] Yaniv Gal, Andrew Mehnert Stephen Rose, Stuart Crozier, “Mutual information based binarization of multiple images of an object: An application in
medical imaging,” IET Computer Vision, volume 7, number 3, pp. 3-24, 2013.

[15] Syed Emaan, A. Rajendra Babu, “An Efficient Segmentation for Medical Images Based on Iterative Tri Class Thresholding Technique,” NSETR, volume
04, Issue 16, Pages: 3052-3055, 2015.

[16] Y W. Woo, “Performance Evaluation of Binarizations of Scanned Insect Footprints,” Division of computer & Visual Engineering, College of Engineering,
Dongeui University, San 24, Gaya-Dong, Pusanjin-Gu, Pusan, Korea, pp. 614-714, 2016.

All rights reserved by www.journal4research.org 4



