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ABSTRACT. In this work, an improved SLIC (simple linear iterative clustering) super-
pizel segmentation algorithm for MRI images, std_SLIC, is proposed to deal with the
effects of intensity inhomogeneity and boundary blurring exists in MRI images. Firstly,
the original image was reconstructed by the three-dimensional histogram reconstruction
model and enhanced by the v correction; then, the image was segmented by std_SLIC
superpizel segmentation algorithm, and the algorithm used a new cluster center updating
rule which only used the pizels whose gray difference with present center is less than the
standard deviation of the image to calculate the new center. Finally, undersegmentation
error and boundary match were used to evaluate the efficiency of the algorithm. The
experimental result shows that the proposed algorithm can improve the segmental effect
at the fuzzy boundary, meanwhile, reduce the misclassification rate of pizels and improve
the accuracy of segmentation, and the segmentation result is superior to the traditional
SLIC superpizel segmentation.

Keywords: Superpixel segmentation, std_SLIC, Three-dimensional histogram recon-
struction, Image enhancement

1. Introduction. As the basis of various medical image applications, medical image
segmentation technology shows important clinical value in the field of medical research
and practice such as computer aided diagnosis (CAD), imaging guided surgery (IGS) and
operative radiation therapy (ORT). Magnetic resonance imaging (MRI) has been widely
used in medical imaging because it is good at soft tissue imaging. However, MRI has a
long scanning time, and there exist intensity inhomogeneity and boundary blurring due
to the limitation of imaging mechanism which has a great impact on accurate extraction
of the target area and affects clinical diagnosis and treatment, so improving the accuracy
of MRI image segmentation has attracted many scholars’ attention [1,2].

With the development of imaging technology, traditional pixel-based segmentation
method does not fully consider the spatial relationship between pixels, and has low cal-
culation efficiency, so the segment result is difficult to meet the demand. Ren and Malik
[3] proposed the superpixel to solve this problem [4,5]. Superpixel assembles pixels with
similar characteristics, which is helpful to express the local and structural features of the
image, and the number of superpixels is much smaller than the number of pixels, which
improves the efficiency of subsequent operation. Therefore, superpixel segmentation as a
preprocessing operation has become an important part of image segmentation in many
fields [6-8]. However, for medical images, widely used superpixel segmentation methods
such as normalized cuts [9], quick shift [10], and TurboPixels [11], are either complicated
or time-consuming, which do not meet the requirements for accuracy and timeliness of
medical image segmentation SLIC proposed in [12] can form regular superpixels simply

69



70 Q. QI, X. SHEN, H. CHEN AND X. LI

and fast, which are suitable for medical image segmentation. In order to obtain more
accurate medical image superpixels, an improved SLIC is proposed in this paper.

The rest of this paper is structured as follows. Section 2 describes the improved
std_SLIC superpixel segmentation algorithm for MRI images; in Section 3, experimen-
tal results and analysis are presented; finally, conclusions are drawn in Section 4.

2. std_SLIC Superpixel Segmentation. As the preprocessing of medical image seg-
mentation, the accuracy of superpixel segment result is highly required because the result
will affect the subsequent processing of the image and affect the clinical application.
In order to improve the accuracy of medical superpixel segmentation and overcome the
problems existing in medical images, we proposed the std_SLIC superpixel segmentation
algorithm.

2.1. Segmentation scheme. In the std_SLIC superpixel segmentation algorithm firstly,
three-dimensional histogram reconstruction model and v correction are used to reconstruct
and enhance gray medical images, and then std_SLIC is used for superpixel segmentation.
Experiments show that this algorithm can achieve better superpixel segmentation results.
Figure 1 shows the framework of the algorithm.

reconstruct enhance std SLIC

F1GURE 1. The framework of the proposed algorithm

2.2. Three-dimensional histogram reconstruction. Because of the long scanning
time of MRI, the movement of sports organs and the patients during the imaging process
makes intensity inhomogeneity exist in images, which affect the clinical diagnosis and
treatment, so reconstructing intensity distribution of medical images is necessary.

In this paper, the three-dimensional histogram reconstruction model proposed in [13] is
used to reconstruct the image. This model uses a three-dimensional histogram to represent
the image; the three axes represent the gray value f(z,y) of the pixel, the mean g(x,y)
and the median h(z,y) in 3 x 3 neighborhood, respectively. For an intensity homogeneity
image, the triplet (f(z,v), g(x,y), h(z,y)) should be distributed along the diagonal of the
three-dimensional histogram (see Figure 2). For intensity inhomogeneity image, as shown

h(x,y)

f(x,y)

F1GURE 2. Three-dimensional rebuilding model
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in Figure 2, the reconstruction model divides the three-dimensional histogram into eight
regions:

(1) Region 0 and Region 1: The points in these two regions are normal distribution;
there is no need to correct.

(2) Region 2 and Region 3: For points in these two regions, the gray value is corrected
by the mean of the mean value and the median value:

fr=1(g+n)/2 (1)
(3) Region 4 and Region 5: For points in these two regions, the mean value is corrected
by the mean of the gray value and the median value:

g =(f+h)/2 (2)
(4) Region 6 and Region 7: For points in these two regions, the gray value and the
mean value are corrected by the median value:

In the reconstructed three-dimensional histogram, the pixels are distributed near the
diagonal, and the medical image after reconstruction can be obtained by (4).

fla,y)=(f"+g" +h")/3 (4)

2.3. v correction. Due to the limitation of the imaging mechanism, the target tissue
in the MRI image will be dark, especially at the edge. The low contrast will affect the
accuracy of image segmentation, so it is necessary to perform the enhancement processing
before superpixel segmentation to highlight the edge of the target area. In this paper, we
use the v correction proposed in [14] to enhance the image.

Figure 3 shows the v exponential equation where the range of the variable is [0, 1], and
v is set to be 0.4, 0.5, 0.6, 0.8, 1.0.

The enhancement formula for MRI images in the experiment is:
D(z,y) ) !

D’ =255 ———=

where D(z,y) is the original image, and D’(x,y) is the enhanced image.
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It can be seen from Figure 3 and (5) that the v correction has a large response output
to the smaller input value, whereas the response output for the larger input value is
very small [14]. Therefore, selecting the appropriate v value will result in a significant
enhancement of the target area.

2.4. std_SLIC superpixel segmentation. SLIC (simple linear iterative clustering) su-
perpixel segmentation algorithm is an improved k-means clustering algorithm that reduces
the search range to efficiently form superpixels [15]. Compared with other superpixel seg-
mentation algorithms, the SLIC algorithm is simple, its computation time is fast and
the computational complexity is low, and these advantages make the performance of im-
age segmentation improved. So, SLIC superpixel segmentation algorithm is suitable for
medical images.

SLIC clusters the pixels according to the color similarity and spatial distance. For gray
images, SLIC superpixel segmentation is as follows.

Step 1. Initialize K clustering centers C) by sampling pixels at regular grid steps
S = \/N/K, where N is the number of pixels in the image and K is the desired number
of approximately equally sized superpixels set by oneself. Set label [(i) = —1 and distance
d(i1) = oo for each pixel i.

Step 2. For each pixel i in a 25 x 25 region around Cy, use (6), (7), (8) to calculate
the distance D between ('}, and i:

de =/ (lo, — 1)’ (6)

de =\ (we, — * + (yo, —ui)* ™)

o- (€)' (5)

where d, is the gray distance and [;, [, are the intensity of ¢ and Cj, ds is the spatial
distance between C}, and i, N, is the maximum gray distance and the value is 255, N; is
the maximum space within the class distance, Ny = S = \/N/K. If D < d(i), then set
d(i) = D, (i) = k.

Step 3. Update the cluster center. SLIC uses the following formula to calculate the
new cluster center:

1
CO; =+ CO: (9)
7 jeq;
1
J i€G

where G represents pixels set center on C}, and N; is the number of pixels in G;. CO;;,
S; are the pixel color mean and distance mean of G, respectively.

Step 2 and Step 3 are iteratively executed until the preset number of iterations is
reached. In general, 10 iterations are enough.

SLIC is an iterative clustering process. [16] pointed out that in the SLIC process of
color images, there will be some pixels misclassified after the first iteration. Because
all the pixels within the class will be used to update new cluster centers, after several
iterations, the error will be amplified and affect the final superpixel segmentation results.
In this paper, only the pixels whose intensity is close to the original clustering center are
used to update the clustering center. (9) and (10) in the original SLIC algorithm are
changed into Equations (11)-(14) in the std_SLIC algorithm:

-5 | ] (1)

7 ieq;
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CO, = N, Z COo; (12)
JEQ;
1
ZEQj

where std is the standard deviation of the image gray scale calculated by (15):

1

std = (nil Z(zi_zf) (15)

=1

where [; represents the intensity of point ¢, [ is the mean intensity of the image.

3. Experimental Results and Analysis. This experiment was implemented in MAT-
LAB on a 3.40GHz quad core CPU running Windows XP with 2 GB RAM. Experiments
were carried out on multiple MRI brain images and the segment results were compared
with traditional SLIC and reconstructed enhanced SLIC. The images were taken from
http://www.med.harvard.edu/aanlib/home.html.

Figure 4 shows the experimental results of MRI images. In Figure 4, after reconstruc-
tion and enhancement, most of the unrecognized target area parts whose intensities are
close to the background are segmented, and the result of the segmentation is more accu-
rate. Because of the complexity of medical image, the superpixels in the segment results
are cluttered, and it is difficult to see the superiority of the algorithm. Therefore, un-
dersegmentation error and boundary match are used to evaluate the experimental results
[17].

(1) Undersegmentation Error

Undersegmentation error [11] is used to measure the “overflow” parts of the superpixels
that have overlap with groundtruth. Assuming the superpixel segmentation algorithm
divides the image into sq, so, . . ., s, superpixels, undersegmentation error is defined as the
proportion of the outside parts to the entire target area, expressed as Formula (16):

D (silsing0) Si] -9

g
The groundtruth target area g is used to normalize the value of “overflow”. The value
of UE is between [0, 1]. The smaller the UE value is, the more accurate the segment is.
Table 1 shows the contrast of UE values between the images in Figure 4.

UE = (16)

TABLE 1. UE comparison of three algorithms

reconstructed

SLIC enhanced SLIC std_SLIC
(a) | 0.5422 0.4068 0.3791
(b) | 0.6239 0.5691 0.4843
(c) | 0.6334 0.6239 0.5190
(d) | 0.4121 0.3763 0.3314
(e) [ 0.3328 0.2545 0.2306
(f) | 0.2621 0.2189 0.1851
(g) | 0.3564 0.2465 0.2210
(h) | 0.3199 0.2284 0.2115
(i) |0.2841 0.2568 0.2141
(j) 10.3324 0.2717 0.2229
(k) | 0.4971 0.4258 0.3911
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FIiGURE 4. Experimental results of three methods

It can be seen from Table 1 that after reconstruction and enhancement, the image
segment error was significantly reduced. After using std_SLIC algorithm, the intensity
of the pixel in the superpixel is more consistent, and the edge of the superpixel is more
affixed because the clustering center is updated with the pixels whose gray differences
with present center are less than the standard deviation of the image. The “overflow”
part is smaller, and the segment results are more ideal for medical images.

(2) Boundary Match

Boundary match is used to measure the boundary overlap ratio of the superpixel and
groundtruth of the target area; it can be expressed as follows:

SP(img) N GT(img)
SP(img)

BM = (17)

where SP(img) is the boundary of superpixels, and GT'(img) is the target region boundary
marked in the groundtruth. The range of BM is [0, 1]. The larger the value of BM is, the
more accurate the segmentation result is.

Table 2 shows the contrast of BM values between the images in Figure 4 in different
methods.

It can be seen from Table 2 that after reconstruction, enhancement and std_SLIC, the
BM values of segmentation results were significantly increased compared with traditional
SLIC. It means that after the proposed algorithm, the edge of the superpixel has more
overlaps part with target area in groundtruth because of the new update strategy of
std_SLIC, which reduces the possibility of misclassification and increase the accuracy of
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TABLE 2. BM comparisons of three algorithms

reconstructed

SLIC enhanced SLIC std_SLIC
a . . 0.6471
(a) [ 0.5783 0.6333 7
(b) | 0.5741 0.6412 0.6568
(c) | 0.6571 0.6898 0.7051
(d) | 0.6367 0.6969 0.7196
(e) | 0.6667 0.7014 0.7163
(f) | 0.7158 0.7349 0.7430
(g) | 0.6934 0.7075 0.7415
(h) | 0.7018 0.7224 0.7439
(i) | 0.7216 0.7376 0.7568
(j) 10.7230 0.7168 0.7589
(k) | 0.6889 0.6732 0.6999

superpixel segmentation, and the accurate segment boundary makes the segment results
more helpful for clinical diagnosis and treatment.

4. Conclusions. To overcome intensity inhomogeneity and boundary blurring in MRI
images and misclassification exists in traditional SLIC, this paper presents a superpixel
segmentation algorithm of MRI images based on std_SLIC. Firstly, the three-dimensional
histogram reconstruction model is used to eliminate the phenomenon of intensity inho-
mogeneity, and then enhances the image in v correction; secondly, for the timeliness and
accuracy requirements, the std_SLIC algorithm that limits the intensity of pixels used to
update clustering center is applied to improving the clustering center update process for
MRI images superpixel segmentation. Undersegmentation error and boundary match are
used to measure the segmentation result. The experimental results show that the pro-
posed algorithm has more accurate segmentation result, and the superpixel preprocessing
result for the subsequent processing and application of the medical image is of great help.
In future work we aim to further improve the accuracy of SLIC superpixel segmentation
and incorporate more image features like texture into SLIC.
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