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Abstract: This paper aims to develop a fully automatic Magnetic Resonance Imaging Brain tumor segmentation
and detection to tackle the problem of manual segmentation, which is an error-prone, sensitive, and time-absorbing
process. We enhance our previous framework [1] for optical scanning holography to detect abnormal tissue
regions in Magnetic Resonance Imaging in terms of acquisition speed, precision, and data size. The proposed
method combines the in-line holography setup, performed by a heterodyne fringe pattern, and a Magnetic
Resonance Imaging display assured by a spatial light modulator. The extraction of the maximum peaks In-phase
component of the scanned current gives a reliable precision to the tumor's position. Simultaneously, this position
is applied in an Active Contour Model to perform a fast segmentation of the region corresponding to the tumors.
Various images of brain tumors from the BRATS database, which have different contrast and shape, are used to
test the proposed method. The suggested method achieves high accurate detection of tumor tissue by returned
parameters (L,c) by the Generalized Optical Scanning Holography method. In addition, compared to active
contour-based methods, the proposed method offers faster and more reliable performance with very short average
computation time per image.

Keywords: Optical scanning holography, Brain tumor detection, Active contour, Segmentation, In-phase
component.

1. Introduction

Optical biomedical imaging has emerged these last
years as an important area of research and
development in diagnostic medicine driven by the
need for safe, affordable, non-invasive modalities to
detect and diagnose cellular abnormalities in the
human body. The optical image processing field has
undergone tremendous development and has found
various applications ranging from optical image
encryption [2], ophthalmological cancer detection [3],
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brain tumor detection and Magnetic Resonance
Imaging (MRI), image segmentation [4], to biometric
applications [5]. Its high-speed parallel processing
makes it promising for the next generation of image
processing techniques, replacing traditional numerical
algorithms. There are four main aspects of optical
image processing systems tackled; image pre-
processing techniques to filter out noise and extracting
specific regions of interest through new segmentation
techniques, object feature extraction and detection
techniques for locating areas of interest or altering
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scene conditions, image processing applications that
create intelligent instrumentation systems, and image
encryption techniques to ensure security and safety of
data communication [6].

The segmentation is the final process after having
images of the biological agent through medical
imaging modalities as optical imaging, radionuclide
imaging, and MRI. For example, optical imaging is a
scattering light-based technique. In this type of
technique, the base methods can be classified into two
modalities; one is a direct observation of the light rays
passing through the structure tissue, and the other uses
fluorescent contrast agents [7]. In addition, the new
automatic segmentation methods for identifying and
measuring volumetric structures with magnetic
resonance imaging (MRI) [8, 9], Computed
Tomography (CT) dose optimization [10], automatic
reconstruction and segmentation for structural
characterization of scanning electron microscopy
images [11], and image-guided radiation therapy [12].
The proposed method solves the segmentation task in
a way adapted to current needs, including in surface
analysis like skin diseases [13], tumor localization in
the human breast [14], eye diseases [15] and dosimetry
planning in brain radiotherapy [16]. Radiotherapy
aims to provide a curative and precise dose of radiation
delivered to the target volume, i.e., the brain tumor,
whilst sparing the surrounding risk organs. Given the
problem's sensitivity, tumor segmentation is usually
manually performed by neuroradiologists or using
methods characterized by a lack of entirely automatic
detection. The main disadvantage of these limitations
directly affects the expected results in terms of
accuracy and time-consuming.

Segmentation of the "brain" area of interest is a
common  preprocessing of MRI  images.
Unfortunately, this technique isolates the "brain"
component from the initial data volume to limit the
work areas during subsequent segmentation and thus
improve the quality of the results obtained and reduce
the computational complexity (in time and space) [3,
5, 15]. Recently, optical methods opened a new field
to tackle this technological challenge due to the
specificities of the constraints of different natures.
This paper proposes a new architecture that extracts
phase information corresponding to the tumor position
by the enhanced optical scanning holography (OSH).
Concurrently, an active contour model (ACM) is
applied to this position to perform a faster
segmentation of the region corresponding to the
tumors in each slice. The underlying physics of this
automatic extraction is driven by the In-phase
component of the image scan current, which can also
facilitate the calculation of the active contour energy
terms and therefore alleviate the segmentation of the
tumor tissue by rendering the segmentation as an
energy minimization problem.

Optical scanning holography is a Realtime
Holographic ~ Recording  technique  wherein
holographic information about a 3D three-dimensional
object is collected using a single active optical scan in
two dimensions. Implementations of this technique
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include optical scanning microscopy, 3D holographic
display, pattern recognition, and optical remote
sensing [17-20]. Following our previous work [1], we
explored the use of OSH in automatizing tumor tissue
detection in MRI. This paper proposes an enhanced
framework for optical scanning holography (OSH) to
detect abnormal tissue regions. The proposed method
combines the in-line digital holography setup, a
heterodyne fringe pattern, and an MR image display
assured by a spatial light modulator (SLM). We
improve [1] in terms of acquisition speed, accuracy,
and data size. In addition, This technique the
Generalized Optical Scanning Holography (GOSH) of
recording holographic information is advantageous as
two on-axis holograms are acquired simultaneously,
unlike standard phase-shifting holography where their
holograms are acquired sequentially. Hence, we can
construct a complex hologram that does not create a
double image in reconstruction from the two on-axis
holograms [21-26].

2. Method

This section presents the scanning image process
used, based on a typically two-pupil optical
heterodyne. Since we consider that the automatic
tumor detection is based on the In-phase component of
the scanned current, we require to use a system to
preserve this In-phase component throughout the data
acquisition. From our investigation, the practical
solution to this problem is using optical heterodyning.

For example, switching the laser beam frequency
can be achieved through acousto-optic modulators
[27]. The dual laser beams are combined with a beam
splitter (BS) and projected by the x-y scanner towards
a 3D object at a distance z + zy from the back focal
plane of the L1 lens. We set the object in a spatial light
modulator. An amplitude transmittance T(x,y,z)
represents each slice of the object.

The SLM displays the brain tumor image, I(x,y,z),
located at a distance z + zy away from the back focal
plane of the lens L1, Furthermore, the first attempts to
develop SLMs suffer from a diffraction efficiency
problem arising from phase shift loss. In this case, as
the MRI image is a binary image, the SLM used can
achieve an offset range approaching 2w, which results
in excellent diffraction efficiency. Besides, the SLM is
a recent device allowing modulating the blazing
functions to achieve maximum grating efficiency and
high diffraction performance.

We place the object in front of the lens L, of the
Fourier transform. The amplitude distributions of the
two laser beams before the object slice at the z + zo
position is mathematically given by:

P(x,y,z+ zy)
kox k )
= le+zo( ’ Ly) elt

kf ’kf
X y .
+ Pzz-l-zo <%: %) e]((u+1/})t’

)

where
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Equation 3 is the Fourier transform of P; (x, y),
where in ks and k, designate the spatial frequencies
associated with the variables x and y, accordingly, in
equation 1.

h(x,y,z+ zy)

= e~ Jko(z+20) —]ko 32(_214{{;0)()62*'3/2) “
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Equation 4 is the free space spatial impulse
response in Fourier optics [20], where in ko is the wave
number of the laser beam; the field right after the
object is:

iy(t) =Re (f [PZZ+Z, (", yDT(x"+x,y'
+y,2')dx']
X J[lejzl(x’,y’) T*(x" (5
+x,y"
+y,z")dx" dy" dz"]ejwt),

where x = x(t) and y = y(t) representing the current 2D
Position of the object in terms of the distribution of the
light amplitude. This field propagates across the lens
L2 of the Fourier transform and reaches the mask,
M(X, y), located in the back focal plane of the lens Lo.
The distribution of the field coming out of the mask,
from all slices of the object T(x, y, z), is as follows:

A(x'y;xM!YM) .
o {Plyz, (x', ¥ el "
+ PZZ+ZO (x/,yr)ej(wﬂp)t}T(xr + X,y'

+yz)
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where xy and yu are the coordinates in the mask plane,
and z is the distance to the slice of the object that is
located at SLM, measured from the front focal plane
of the lens L,. Following the integration on z
represents the volumetric e_ect due to the 3D object.
Finally, the photodetector (PD), which is sensitive to
the intensity, yields the output current i(t) through
spatial integration of the intensity:

it f AGey; 2 ) Pdzdyy (D)

i(t) is composed of a base-band current and a
heterodyne current at the frequency y. After several
manipulations, the current heterodyne i(t), coming out
of the bandpass filter (see Fig. 1), is yielded by [23]:

Iy (X, ¥, 2 + 2p)
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Afterward, we are able to define the optical
transfer function (OTF) of the system by:
OTFlp(kx, ky,z + ZO)

_ F{L’wQ(x,y,z+zo)} €
B F{|0(x»J’:Z + ZO)lz}

As aresult, we obtain the following equations:

i.(x,y) = Re {f FTY{F{|0(x,y,z

(10)
+20)|2}. OTFy} dz}

is(x,y) =Im {f F Y{F{|0(x,y,z

(1D
+ 29)|2}. OTFy) dz}
These two currents are respectively representing
the In-phase component i (X, y) and the quadrature
component is (X, y) of the extracted heterodyne current
from the scanned MR image. the temporal frequency
shift is inserted between the two pupils by assuming
Pl420 (%, y) = 1 and P%z420(%, y) =3(x, y) Thus,
the optical transfer function becomes:

OTFlp(kx, ky,z + ZO)
—j(z +zp)
exp [TOO (k> (12)
+ kyz)]

and the two streams become:

(xy)
= J-{|O(x,y,z + 7¢)|? (13)
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The proposed approach's basic idea is to use the In-
phase component ic(x,y) for detecting abnormal tissue
in MR images. The optical system in Fig. 1 gives an
output that shows the distribution of the In-phase
component of the heterodyne current. Maximum
values characterize this output called the In-phase
component peaks. Fig. 2 shows examples of the
In-phase component peaks given by the GOSH
method.
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Therefore, determining the brain tumor's position
by searching the peaks given by the maximum values
of the In-phase component distribution. With the
peaks position of the In-phase component, as shown in
Fig. 3, we extract the initial contour C; of the tumor
segmentation within the tumor tissue. The proposed
method can be adapted to detect multimodal tumors by
detecting the two maxima's two positions of the In-
phase component peaks.
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Fig. 1. Generalized two-pupil heterodyne scanning image processing system
for the In-phase component extraction of brain tumor.

Fig. 2. In-phase component peaks at the tumor position according to the proposed method GOSH: BRATS 2012
and BRATS 2013 database images.

Fig. 3. Principle of extracting the initial contour C; within the tumor tissue, by GOSH method
based on In-phase component peaks.
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In a digital system, the OSH optical process results
are used for extracting the following parameters: ¢ the
center of the tumor, L the amplitude of the In-phase
component peak, and C; the initial contour formed
using the principal in Fig. 3. The suggested method
detects tumor tissue and facilitates the energy
calculation of active contours. Using the initially
detected contour C;, we calculate the averages of the
image I (x, y) inside C; and outside C; to define the
active contour model:

Ei,j = . Ci,]' + B |I - Mi,j|2

2 (15)
+Y|I - mi_]-| B

where: o = f =y = 1 are fixed parameters. Cj; is the
initial contour detected by the proposed method. mi,j
is the average of the input RM image I(x,y) inside the
initial contour C;;j . M;j is the average of the input RM
image I(x,y) outside the initial contour C;; . Besides,
the evolution of the initial contour detected by the
GOSH system is realized through the programming of
the proposed active contour pattern, based on finite
differences obtained after linearization and

discretization of Eq's energy 15. The lecturer can find
more details about applying the active contour model
proposed in our previous work in[16]. Fig. 4 shows
examples of tumor segmentation through the proposed
GOSH method.

Fig. 4. Segmentation results collected from the BRATS 2012 and 2013 databases. m : Initial contours detected
through the GOSH method, m : Definitive contours after the GOSH method evolution.

3. Experimental Results

In this part, we first evaluate the performance of
the proposed method concerning brain tumor
detection. For that, we assess the two-parameter
returned by the GOSH: the center of tumor ¢ and the
maximum peak value of the In-phase component L.
Two databases, BRATS 2012 and BRATS 2013
(https://www.smir.ch/BRATS/Start2016), were used
for all the tests due to ground truths' availability [28].
In order to evaluate the methods used, four similarity
criteria were considered: the Sensitivity Sen, the Dice
coefficient D, the Hausdorff distance Hg, and the
Specificity Spe calculated as below:

TP

0 < Sen TP+FN_1 (16)
0<D TP <1

= = TDh T o = 17
TP+FP-|2—FN 17)

TN
< = < 18
0 < Sep TN+FP_1' (18)

where in TP is the true positive (pixels correctly
classified as a tumor tissue), TN is the true negative

(pixels correctly classified as healthy tissue), FP is the
false positive (normal tissue incorrectly classified as
tumor region), and FN is the false negative (undetected
tumor tissue).

H4(G, S =max{maxmin a
d( ) aeG bes ”

(19)
—b|l, maxmin|lb — a||},
beS aeG

where G is the ground truth or gold standard and S is
the automatically obtained result. The perfect
correspondence is obtained when the metrics Sen, D,
and Spe are equal to 1 and the ideal value of Ha(G, S)
is 0.

3.1. Brain Tumor Detection

Research in the area of dosimetry planning and
radiotherapy is progressing at a staggering pace. Since
the first surveys, it has been widely used to inject a
curative and precise dose of radiation, mainly through
automatic detection and segmentation methods. Such
methods are unfortunately limited in real life as they
suffer a lack of full automaticity in terms of tumor
detection. Our method solved this limitation by using
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the maximum peaks of In-phase components extracted
by the GOSH process.

As the decision of the existence of a brain tumor
on an MR image is based on the parameter L, we have
studied L values for MR images of healthy and tumor
brains. Fig. 5 represents the statistical distribution of
the L parameter in the two cases mentioned. Evidently,
in the case of the tumor, L values are large compared
to the healthy brain. In the images of healthy brains,
the average L in the images used was 110, and in the
images of brain tumors was 325. It should be noted
that the maximum peaks of In-phase components
given by the GOSH process, which localized the
tumors, were within the margin of [300; 350]. This
margin increases to over 255 due to the multiplication
of the MRI images in equation 10. Moreover, due to
the uniform distribution of pixel intensity in images of
the healthy brain, all of the maximum peaks of the In-
phase component in cases of healthy brains being
within [100 120]. Therefore, the parameter L given by
the GOSH process is a reliable parameter to decide the
existence of a tumor in the MR images.

400 T 1

=

2

the In-phase componant
peaks maximum L

0 20 a0 B0 BO 100 120 140 160 180 200
Images of Healthy Brains Images of Brain Tumors

Fig. 5. Distribution of the L parameter in the healthy
and tumorous brain images.

Similarly, the brain tumor position's decision is
based on the parameter ¢ given by the GOSH.
Therefore, we have estimated the precision of the
proposed method regarding the detection of ¢ inside of
the tumor tissue. As a comparison, we have also
calculated the percentage rate of the potential field
segmentation (PFS) algorithm [29] regarding tumor
centers' detection. This approach is founded on
potential field analogy in detecting brain tumors by
assuming the intensity of a pixel as a mass, creating a
potential field.

It should be pointed out that the center used is
obtained from the maximum peaks of the In-phase
component. Table 1 reveals the high accuracy of
detecting the center of the tumor tissue by the
proposed method. In 98.5% of the patients (from both
databases), the maximum peaks of In-phase
components given by the proposed method are located
in the tumor tissue center. In the remaining 1.5%, the
GOSH returned parameter ¢ to the border of this
tumor. Two principal reasons explain these results;
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firstly, owing to the modalities used in MR images to
separate tumors from healthier tissue, contrast
provides an almost unique signature for each type of
tissue, particularly the type of tumor, which appears in
most cases with the white color. Secondly, the high
value of the maximum peaks of the In-phase
component in tumoral regions. Therefore, the
proposed method is a promising technique for
detecting anomalous tissue in MR images, comparing
with recently published methods. The proposed
method is more accurate and quicker. It should be
noted that the center used is determined by the
maximum peak of the In-phase component.

Table 1. Percentage of the proposed method in terms
of the ¢ parameter return within the tumor tissue
and the meantime, comparing to the method of [29].

Accuracy (%) Time
Method average
Inside Edge | Outside © ¢
tumor | tumor | tumor
Potential N 0
Field [29] 95 % 0 5% 38.1643
Proposed N o o
method 98.5 % 1.5% 0% 0.2009

3.2. Brain Tumor Segmentation

Once the GOSH technique has automatically and
quickly detected the tumor tissue, we can discuss
OSH's advantages in part devoted to segmentation. For
this purpose, we have investigated several active
contour models (ACM) based on the GOSH. All the
ACM processes have been initialized with the
proposed GOSH's initial contours for relevant
comparison.

To test the proposed method in a very demanding
way and link it to clinical imaging applications, we
have used 20 images of patients with the most
challenging segmentation conditions. These images
contain different shapes, sizes, and contrasts of
tumors, Tables 2 - 3 compare the performance reported
from these 20 images and reached by the GOSH
method with the Geodesic Active Contour model
(GAC) [30], the Localized Active Contour (LAC)
[31], the Active Contours by Cuckoo Search (ACCS)
[32] and our previous work OSH-ACM [1]. Compared
to other ACMs, the proposed method performs better
in terms of Sen, D, H, and Spe parameters. For
evidence, the sensitivity value of 0.9961 reached by
the proposed method was the highest obtained, and its
Hausdorff distance of 2.0000 was the lowest. Besides,
its highest average specificity value of Spe = 1:0000
indicates that it can correctly classify healthy tissue
more than other ACM-based methods. It should be
noted that the highly efficient performance of all
methods in terms of the Spe parameter is explained by
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the fact that all the initial contours detected by the
proposed GOSH technique are located inside the
tumor tissue. Following these methods' development,
the optimal segmentation contours remain inside the

tumor tissue, making the FP parameter very close to
zero. Also, it can be observed from Tables 2 and 3 that
the proposed method reduces the calculation time (in
seconds).

Table 2. Sensitivity, Dice, Hausdorff distance, Specificity, and elapsed time rates obtained from the optimal contour of the
BRATS 2012 database images reached by using the Geodesic Active Contour (GAC), the Localized Active Contour (LAC),
the Active Contour driven by Cuckoo Search (ACCS), our previous work (OSH-ACM) and the proposed method (Proposed).

D
Patients Method Sen (AVGxSDx10 Ha Spe Time(s)
&4
)

GAC 0.7194 £1.2 0.7650+6.3 4.1200 £2.6 0.9945+0.0 14.9945+1.2

Patient 1 LAC 0.9016 £2.6 0.9482+3.3 2.7488 £2.6 0.9975+2.3 14.2406+1.9
(BRATS ACCS 0.9502 £7.5 0.949549.0 2.6488 £5.2 0.9980+1.0 48.1200£2.0

2012) OSH-ACM 0.9772 £0.5 0.9838+0.3 2.0458 +0.0 0.9987+4.5 0.2937+3.1
Proposed 0.9809 +0.7 0.9896+0.1 2.0402+0.1 0.9989+2.5 0.2463+2.1

GAC 0.7844 +0.0 0.7377 +4.2 4.3589 +6.1 0.9903 +4.5 26.1737 £2.5

Patient 2 LAC 0.8250 5.4 0.9041 +4.8 4.0010 £2.0 0.9957 £2.8 17.1943 £9.5

(BRATS ACCS 0.9347 £1.5 0.9605 +0.8 3.0050 £2.5 0.9989 +1.1 46.9430 £9.0
2012) OSH-ACM 0.9752 +0.2 0.9753 0.1 2.1623 +£0.0 0.9980 +0.0 0.3540 £7.2
Proposed 0.9879+0.4 0.9802 +0.6 2.1597+0.2 | 0.9987 +0.1 0.3232 8.2

GAC 0.6804 +6.3 0.7489 £5.6 57823 +2.4 0.9902 £0.3 27.7494 £2.8

Patient 3 LAC 0.6715+2.3 0.8417 +£5.3 4.8990 +7.5 0.9914 0.0 17.3898 £7.0

(BRATS ACCS 0.9274 £3.8 0.9410 +4.1 3.5560 £7.1 0.9992 +0.9 59.2705 £2.7
2012) OSH-ACM 0.9898 +0.1 0.9897 +0.1 2.0623 £1.0 1.0000 £0.1 0.2530 +£3.8
Proposed 0.9899+ 0.0 0.9898 +0.0 2.0596+3.0 | 1.0000+0.1 0.2498 +2.4

GAC 0.5751 £3.7 0.6456 +0.1 4.1231 £8.7 0.9976 +£1.7 37.9528 £8.7

Patient 4 LAC 0.6346 £2.0 0.7765 £1.0 4.3589 £5.7 0.9950 +4.6 17.6072 £8.0

(BRATS ACCS 0.8892 £3.9 0.9395 +1.0 3.3940+3.3 0.9989 £7.4 25.7492 £5.4
2012) OSH-ACM 0.9867 £0.1 0.9834 +0.1 2.0056 1.0 0.9997 £0.7 0.2212 +1.5
Proposed 0.9884 +0.0 0.9905 +0.6 2.0024 £5.0 0.9999 +0.2 0.2200+1.0

GAC 0.7247 £3.4 0.6902 +2.8 5.7958 +£3.9 0.9906 £5.5 22.1867 £9.6

Patient 5 LAC 0.7678 £2.0 0.7243 £0.0 4.0001 1.0 0.9907 £0.5 16.6965 +0.8

(BRATS ACCS 0.9192 £2.1 0.9380 +0.2 3.5437 £1.0 0.9984 +6.6 18.4792 £0.8
2012) OSH-ACM 0.9894 +0.2 0.9757 0.1 2.5826 1.0 0.9997 +4.4 0.2165 £2.6
Proposed 0.9899 +0.1 0.9864 +0.2 2.459 £3.0 0.9997 +0.3 0.2130 0.6
GAC 0.7800 £5.4 0.8096 +1.7 3.0010 £2.0 0.9950 £2.2 9.3899 +7.4

Patient 6 LAC 0.7473 +£0.3 0.7181 +0.1 3.0000 +0.0 0.9975£7.9 10.5313 +0.9

(BRATS ACCS 0.9247 £2.0 0.9400 +2.3 2.8947 9.7 0.9998 +£2.3 15.3692 +£5.0
2012) OSH-ACM 0.9898 +1.7 0.9887 £1.2 2.0620 +0.0 0.9995 £3.8 0.1730 £2.6
Proposed 0.9902 +0.8 0.9942 +5.8 2.0329+0.5 | 0.9998+9.7 0.1710 £+4.6

GAC 0.5154 +0.4 0.6069 £0.4 5.3852 +0.0 0.9963 £2.7 26.4020 £4.0

Patient 7 LAC 0.6850 0.4 0.6436 £0.2 4.9904 +0.3 0.9975 £7.0 14.1543 £6.6

(BRATS ACCS 0.8995 £1.2 0.9364 £5.6 2.9634 +2.3 0.9986 +0.9 28.3751+£5.9
2012) OSH-ACM 0.9789 £1.5 0.9871 +1.1 2.0458 £0.0 0.9997 +0.0 0.1356 +1.8
Proposed 0.9808 £5.6 0.9894 +6.2 2.0389+1.0 0.9996 +0.0 0.1310+2.9

GAC 0.5471 £0.4 0.5565+0.3 5.8990 £1.0 0.9904 +0.5 249600 £1.3

Patient 8 LAC 0.7693 +0.6 0.7895 +0.5 4.3852+1.0 0.9985 +2.8 16.8878 £1.0

(BRATS ACCS 0.9599 +0.6 0.9601 4.0 2.7945 +£0.0 0.9950+£3.3 36.7810 £1.8
2012) OSH-ACM 0.9886 £2.4 0.9749 £1.0 2.0827 +1.1 0.9987 +4.6 0.1321 £3.6
Proposed 0.9888 +1.4 0.9780 +2.0 2.0684 2.5 0.9996 +2.4 0.1329 +4.7

GAC 0.6878 £0.2 0.6558 £0.0 5.0915 +0.2 0.9967 £0.0 15.7585 +4.5
Patient 9 LAC 0.8095 +0.0 0.8947 +0.1 3.1623 £2.0 0.9974 £7.7 8.5422 £8.9

(BRATS ACCS 0.9097 £3.0 0.8997 +£0.4 3.159745.3 0.9988 £9.6 17.1467 £2.4
2012) OSH-ACM 0.9877 +1.4 0.9782 +£0.5 2.1284 +0.0 0.9996 +0.8 0.1879 +£0.3
Proposed 0.9899 +0.9 0.9842 +0.2 2.0084 +0.2 | 0.9997 +1.5 0.1479£1.9

GAC 0.5499 +0.3 0.4998 +0.1 6.7823 +0.0 0.9945 £9.1 20.8182 £6.2
Patient 10 LAC 0.6867 0.3 0.6577 £0.1 5.1644 £0.1 0.9959 £2.2 8.0357 £9.8

(BRATS ACCS 0.9002 +4.2 0.9147 +£2.5 2.9846 +7.3 0.9979 +0.4 18.7666 £0.0
2012) OSH-ACM 0.9868 £1.0 0.9786 +0.2 2.0628 £1.0 0.9997 £2.0 0.2429 +4.7
Proposed 0.9961 +6.0 0.9882 +4.2 2.0304 £9.0 0.9997 +0.0 0.2099 8.2
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Table 3. Sensitivity, Dice, Hausdorff distance, Specificity, and elapsed time rates obtained from the optimal contour of the
BRATS 2013 database images reached by using the Geodesic Active Contour (GAC), the Localized Active Contour (LAC),
the Active Contour driven by Cuckoo Search (ACCS), our previous work (OSH-ACM) and the proposed method (Proposed).

Patients Method Sen (AVG inglo"‘) Ha Spe Times(s)
GAC 0.7607 £0.2 0.7185 +0.0 3.1623 0.1 0.9933 £1.8 | 12.3015+8.9
Patient 11 LAC 0.8068 £0.1 0.8931 1.8 2.8361 £0.6 0.9964 £2.8 | 8.2133 +8.7
(BRATS 2013) ACCS 0.9547 £0.0 0.9328 +4.4 2.5138 £9.7 0.9973 £0.7 | 22.852043.3
OSH-ACM | 0.9876 +1.5 0.9882 +0.8 2.1166 +1.0 0.9987 £1.0 | 0.2820+4.3
Proposed | 0.9896+0.0 0.9893 +0.2 2.1040 +0.0 0.9989+0.0 | 0.2095+7.2
GAC 0.6573 0.4 0.6718 0.5 6.4721 £2.0 0.9934+6.3 | 37.0503 £5.1
Patient 12 LAC 0.7185 +4.0 0.7832 +0.3 3.7417 £0.0 0.9967+4.9 | 6.2981 £8.1
(BRATS 2013) ACCS 0.9009 +3.7 0.9343 2.4 2.9987 £0.0 0.9972 £0.4 | 19.7351 +0.8
OSH-ACM | 0.9898+0.1 | 0.9847 +0.0 2.0495 0.0 0.9989 £5.5 | 0.1013 £1.5
Proposed 0.9900+9.0 | 0.9904 +5.2 2.0398 +5.0 0.9997 +4.2 | 0.1010+2.9
GAC 0.5080 +0.3 0.5443 £0.2 5.7446 +£0.5 0.9930 £2.0 | 36.8782 +4.7
Patient 13 LAC 0.6304 £0.5 0.6307 £0.4 4.4721 +£0.0 0.9911+0.9 | 8.6424 +1.3
(BRATS 2013) ACCS 0.8975 £0.7 0.9051 +6.6 3.3001 £3.3 0.9970 £1.0 | 28.4568 +9.6
OSH-ACM | 0.9887 +0.1 0.9865 +0.1 2.1417 £1.0 0.9987 £2.2 | 0.1468 +0.2
Proposed | 0.9890+2.0 0.9894 +£1.2 2.1314+9.0 0.9996+3.1 | 0.1316+8.1
GAC 0.7040 £0.3 0.7755 £0.7 3.4495 0.0 0.9900 £3.2 | 10.4806 +6.4
Patient 14 LAC 0.8897 £0.1 0.8825 £0.0 3.1200 £1.12 | 0.9956 £7.9 | 3.9965 +8.0
(BRATS 2013) ACCS 0.9110+£3.3 0.8997 £2.2 3.2546 £6.9 0.9967 £0.7 | 44.3490 +3.7
OSH-ACM | 0.9769 +1.4 0.9769 +1.2 2.0000 +0.0 0.9987+2.3 | 0.2164 1.3
Proposed | 0.9802+5.6 0.9890+3.2 2.0000+0.0 0.9996 +8.4 | 0.2030+5.2
GAC 0.6699 +0.3 0.5401 +0.0 4.2426 +0.5 0.9963 £2.7 | 20.9238 £7.3
Patient 15 LAC 0.6436 +0.1 0.7043 +0.0 3.4641 +0.0 0.9977 £2.7 | 3.4695 +0.2
(BRATS 2013) ACCS 0.9567 £0.0 0.9476 £1.2 2.7640 £2.8 0.9976 £2.4 | 30.2648 +4.5
OSH-ACM | 0.9887 +0.1 0.9887 £1.0 2.0458 1.1 0.9997 £0.0 | 0.1357 0.7
Proposed | 0.9899 +2.5 0.9904 +£9.0 2.0053+9.1 0.9997 +0.0 | 0.1300+0.9
GAC 0.6917 £0.4 0.6517 £0.2 5.6569 £5.5 0.9955 +4.8 | 36.9248 +7.2
Patient 16 LAC 0.8937 £0.1 0.8850 +0.0 3.6904 £1.0 0.9971 £3.8 | 6.0861 +8.3
(BRATS 2013) ACCS 0.9379 £9.8 0.9471 £2.7 2.8000 0.0 0.9989 +4.4 | 34.7982 +0.8
OSH-ACM | 0.9886 +0.2 0.9891 +0.1 2.1056 £1.0 0.9990 £0.0 | 0.2294 +3.8
Proposed | 0.9902+8.1 0.9900 £5.2 2.1009 £9.0 0.9996 +0.0 | 0.2064 5.2
GAC 0.5269 +0.4 0.5252 £0.3 6.4807 £0.0 0.9945+1.4 | 38.9236 +8.6
Patient 17 LAC 0.6864 £0.4 0.7052 £0.3 3.7417 £0.0 0.9958 £2.2 | 13.6119 +0.8
(BRATS 2013) ACCS 0.9007 £2.1 09111 +£2.8 3.5781£5.5 0.9973 £2.2 | 34.2876 +2.2
OSH-ACM | 0.9839 +0.1 0.9712 0.0 2.1024 +1.0 0.9987 £0.7 | 0.2165+2.4
Proposed | 0.9902 +4.2 0.9890 +0.8 2.1000 £3.0 0.9997 £1.9 | 0.1990 +8.7
GAC 0.5748 £2.3 0.5180 +£7.5 6.7727 £2.0 0.9910+4.5 | 44.1824+5.9
Patient 18 LAC 0.8753 +£0.0 0.8935 +1.7 3.9990 +0.1 0.9928 £6.3 | 15.1849+7.4
(BRATS 2013) ACCS 0.9018 £3.7 0.9124 £8.6 3.3179+2.4 0.9979 £5.8 | 38.7530+0.2
OSH-ACM | 0.9850 +0.1 0.9760 +0.0 2.0361 £0.0 0.9987 £2.4 | 0.1834 +0.5
Proposed | 0.9902 +4.2 0.9801 £2.0 2.0254 0.0 0.9996 £2.0 | 0.1664 +0.1
GAC 0.7629 £0.0 0.7655 +0.1 3.2361 £1.0 0.9986 £6.7 | 20.4650 +0.4
Patient 19 LAC 0.7279 £0.2 0.6910 +0.0 4.8759 +0.2 0.9984 £0.8 | 6.3258 +8.4
(BRATS 2013) ACCS 0.8974 +4.7 0.9046 +2.7 3.7000 0.0 0.9990 £0.2 | 33.4758 +0.4
OSH-ACM | 0.9815+1.3 | 0.9720+0.4 2.0730 £1.0 1.0000 £0.0 | 0.2100 £0.0
Proposed | 0.9900 +8.0 0.9924 +8.1 2.0345+5.0 1.0000+0.0 | 0.1600 +0.0
GAC 0.8193 £0.0 0.9007 £0.0 3.6458 £1.0 0.9980£3.4 | 11.2779 +4.9
Patient 20 LAC 0.8467 £0.0 0.9170 £0.0 3.0458 £1.6 0.9985+9.7 | 3.2656 +5.3
(BRATS 2013) ACCS 0.9544 £2.4 0.9590 +2.4 3.0001 £9.7 0.9995+2.4 | 27.2486 +0.4
OSH-ACM | 0.9779 +£1.0 0.9823 +0.4 2.0475 +£0.2 0.9997 £3.1 | 0.1547 £3.2
Proposed | 0.9800+2.0 0.989192 +8.2 2.0362 +4.1 0.9997 +0.0 | 0.1377 +8.2

The proposed GOSH method detects the initial
contour inside the tumor in real-time, making it
possible to calculate the time required for the active
contour to evolve. Therefore, the proposed method is
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the quickest approach. Overall, the proposed GOSH-
AC method is a technique for automatic detection and
fast segmentation of brain tumors. It solves the manual
segmentation of tumors performed by experts and
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error-prone, sensitive, and time-absorbing process.
The GOSH process is a fully automatic process
offering an accuracy of 100 % in detecting all tumor
types. Besides, its returned parameter L is a
trustworthy parameter for deciding the MR images
tumor position. Moreover, the proposed method is
more efficient in terms of segmentation.

4. Conclusions

In this paper, we enhance our previous research
[1, 33] in terms of acquisition speed, precision, and
data size. The proposed method detects the brain
tumor's position using two parameters (L, ¢) returned
by the GOSH technique. The underlying physics
behind the obtained results (Tables 2 and 3) is the fast
computation of the extraction of In-phase components'
peaks maximums in the MR image. Besides, this
approach's main advantage is the short computation
time, the automaticity, and the reliable precision of
segmentation. Hence, we have reached a principal aim
to move the active contour theory from semi-
automatic to automatic status by the reliable detection
of Brain tumors by the Generalized Optical Scanning
Holography (GOSH).
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