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Abstract: The genetic disorder of foetus leads to the formation of Down Syndrome (DS) which can be screened manually by screening

the first and second trimester ultra sonogram images. This can be fully automated with the help of computer-aided approaches proposed

in this paper. The DS can be screened by enhancing the foetus image using Adaptive histogram equalization technique. Then, Gabor

multi resolution transform is applied on the enhanced foetus image in order to convert the spatial domain foetus image into multi

resolution foetus image. The features as Effective Binary Pattern (EBP), Grey Level Occurrence Matrix (GLCM) and Local Derivative

Pattern (LDP) are extracted from the enhanced Gabor transformed foetus image and then these features are trained and classified using

Adaptive Neural Fuzzy Inference System (ANFIS) classifier, which classifies the foetus image into either normal or abnormal. Further,

morphological-based segmentation technique is applied on the abnormal classified foetus image to segment the nasal bone region. The

segmented nasal bone region is compared with clinical diagnosis results to detect DS in foetus image. The performance of the proposed

DS detection system is analyzed in terms of sensitivity, specificity, positive predictive value, negative predictive value and accuracy
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1 Introduction

Down syndrome (otherwise called as trisomy 21) is the
disorder of the foetus which can be identified by
examining the ultra sonogram images at first and second
trimester stages. This can be occurred at the ratio of 1:800
live births in world. The integration of extra chromosome
in 23 human chromosome leads to genetic disorder in
foetus, which is the main cause of DS. The maternal
duration and the morphological analysis of nuchal
translucency in foetus are determined by first and second
trimester stages Deivasigamani et al. [1]. The DS can be
screened by analyzing the trimester stage images
manually which achieves 85% of average detection rate
with 5% to 10% error rate with respect to different
radiologist.

The nasal bone (small bifid structure in foetus) forms
in the foetus after first trimester stage of the foetus. The
first trimester images can be obtained between 11 and 14
weeks of the foetus development. There is no nasal bone

formed in first trimester stage. The second trimester
images can be obtained between 15 and 20 weeks of the
foetus development with the growth of nasal bone. The
radiologist determines the length of the nasal bone at
second trimester stage for DS detection at an earlier stage.
Detection of DS through the nasal bone analysis produces
97% of detection rate with 5% error rate as stated in
Cicero et al. [2]. Cicero et al. [2] analyzed the impact of
nasal bone length on the DS detection process in first
trimester stage. The author found that there is no
significance difference between the normal foetus and DS
affected foetus.

Due to this limitation, the researchers concentrated
their research on impact of nasal bone length in second
trimester stages for an efficient detection of DS. The
length of the nasal bone in foetus at second trimester
determines DS at an earlier stage as defined in Nicolaides
et al. [3]. The nasal bone length varies with respect to
different population as indicated in many studies by
Cicero et al. [2]; Nicolaides et al. [3]; Rajanna et al. [4];
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Rafeek and Gunasundari [5]. Hence, the determination of
reference nasal bone length cannot be fixed due to its
variance with respect to different population.

The nasal region in foetus face consists of nasal bone
and nasal tip which can be separated by nasal skin as
shown in Figure 1. The nasal bone has thick tissues where
as the nasal tip has thin tissues. The length of nasal bone
should be between 1.1 mm to 1.9 mm at 11th week of
foetus stage and it varies between 1.1 mm to 2.5 mm at
12th week of foetus and it also varies between 1.5 mm
and 2.6 mm at 13th week of the foetus Chitkasaem et
al. [6]. The average nuchal translucency thickness is
around 1.2 mm as reported in Chitkasaem et al. [6].

Fig. 1: Illustration of nasal bone in ultra sonogram image

Section 2 discusses various conventional
methodologies for the detection of DS in foetus images
and Section 3 proposes an efficient methodology for DS
detection. Section 4 discusses the experimental results of
the proposed method with conventional methods.
Section 5 concludes the paper.

2 Literature Survey

Rajanna et al. [4] studied on Pinna length measurement
and its association with chromosomal disorders has been
made. The authors analyzed the linear relationship
between the pinna length and the gestational age. Rafeek
and Gunasundari [5] used hybrid despeckling filter to
detect and remove the noises in the ultra sound foetus
image. The authors applied Sobel edge detection method
on denoised foetus image to detect the edge variations in
foetus and then watershed segmentation technique was
applied to identify the region of interest for the abnormal
nasal bone in second trimester images. The authors also

used neural network classifier to detect and classify the
nasal bone in foetus images. Anjit and Rishidas [7]
applied Discrete Cosine Transform (DCT) transform on
ultra sonogram trimester images in order to extract the
texture features. The authors trained and classified these
features using feed forward back propagation neural
networks. Senat et al. [8] used interoperator variability
measurement procedure to screen the length of the nasal
bone in various foetus images to analyze its
abnormalities. The authors applied their diagnosis
procedure on foetus images ate 11 to 14 weeks period.
Sonek et al. [9] developed Down syndrome detection
procedure from ultra sonogram foetus images. The
authors applied various enhancement techniques to
enhance the internal view of the foetus at different stages
of foetus age. The authors achieved 67% of sensitivity
and 72% of specificity with respect to ground truth
sonogram images. Cicero et al. [2] analyzed the DS
detection process by determining the length of the nasal
bone in foetus from the week between 11 and 14. The
authors developed many screening techniques for the
earlier detection of DS in foetus at different trimester
stages of the foetus with respect to different population.

3 Proposed Methodology

In this article, ANFIS classification approach-based
foetus screening for DS detection is proposed. The
proposed method is applied to both foetus images with
first trimester and second trimester period. The foetus
image is enhanced in preprocessing stage in order to
highlight the internal parts of the foetus and then Gabor
transform is applied to produce the multi resolution
image. Further, features are extracted from
Gabor-transformed image and these extracted features are
classified using ANFIS classifier in order to classify the
foetus image into either normal or DS-affected foetus
image. The proposed flow of this article is illustrated in
Figure 2.

3.1 Preprocessing

In this paper, the foetus image is resized into 256×256 as
image width and height. Contrast-Limited Adaptive
Histogram Equalization (CLAHE) technique (Neethu et
al. 2013) is used for enhancement of foetus image for
better classification. This technique enhances the contrast
of the grey scale values of the pixels in resized foetus
image.

Step 1: The foetus image is split into 3 × 3 contextual
regions.

Step 2: Find the minimum intensity pixel (Imin) in 3× 3
contextual region.

Imin = Minimum(pixels in 3× 3 regions) (1)
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Fig. 2: Proposed down syndrome detection process

Step 3: Find the maximum intensity pixel (Imax) in 3× 3
contextual region.

Imax = Maximum(pixels in 3× 3 regions) (2)

Step 4: Determine the probability density function (IPDF )
of the corresponding contextual region.

Step 5: Find the enhanced pixel intensity using the
following equation,

IEnhance = (Imax − Imin)× IPDF (3)

Step 6: Repeat steps 2 to 5 for next 3×3 contextual regions
till the end of pixel in foetus image.

Figure 3 shows the preprocessed foetus image in first
trimester period.

Fig. 3: (a) Source foetus image (b) Preprocessed foetus image

3.2 Gabor Transform

Transformation is applied on the spatial domain image
which can be converted into frequency domain image. In
this article, multi-resolution transform is applied on the

foetus image which converts the spatial domain foetus
image into multi resolution domain image with respect to
different scale and orientations. The Gabor kernel can be
represented as Equation 5 the convolution of complex
sinusoidal carrier and 2D Gaussian shaped kernel
function.

G(x,y) = S(x,y)× g(x,y) (4)

where, S(x,y) is the pre-processed foetus image and g(x,y)
is the Gabor kernel. The 2D Gabor kernel can be given as,

G(x,y) =
k

ab
exp(− j2π(x0(µ − µ0)+ y0(ν −νo))+P)× exp

(

−π
(µ − µ0)

2

a2
+

(ν −ν0)
2

b2

)

(5)

where, the scale of the Gabor kernel is represented as k and
it varies from 1 to 5, the scales of the Gaussian envelope
is depicted as a and b. The coordinates of the Gaussian
envelope are x0 and y0. The polar form of coordinates for
the Gaussian envelope is noted as µ0 and ν0. P is the phase
of the sinusoidal carrier of the Gabor kernel. The average
Gaussian envelope is depicted as µ . The magnitude of the
Gabor kernel is,

|G(x,y)|=
k

ab
exp

(

−π
(µ − µ0)

2

a2
+

(ν −ν0)
2

b2

)

(6)

The phase of the Gabor kernel is,

G(x,y) =−2π(x0(µ − µ0)+ y0(ν −νo))+P (7)

This Gabor kernel is convolved with pre-processed foetus
image as depicted in equation,

GI = I(x,y)×G(x,y) (8)

The magnitude of the Gabor transformed foetus image is
given as,

|GI|=
√

(Real(GI)2 + Imaginary(GI)2) (9)

The magnitude of the Gabor transformed foetus image and
its orientation image is depicted in Figure 4.
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Fig. 4: (a) Magnitude of Gabor transformed image (b)

Orientation image

3.3 Feature Extraction

The DS affected foetus image is differentiated from
normal foetus image through feature extraction process.
In this article, GLCM, Effective Binary Pattern (EBP) and
LDP features are extracted from the Gabor transformed
foetus image.

3.4 EBP features

In this paper, EBP feature is extracted from the
pre-processed foetus image, which is the modification of
LBP features. In case of LBP feature extraction
procedure, the middle pixel value in 3× 3 sub window is
compared with surrounding eight pixel values. The
subtraction between middle pixel and the surrounding
pixel value is tested for forming LBP feature. The LBP
value becomes one if the subtraction value is positive and
the LBP value becomes zero if the subtraction value is
negative. In this way, these eight binary values are
converted into decimal value which lies between 0 and
255. In case of EBP, the decimal value is considered for
feature if and only it contains minimum of two transitions
in eight binary patterns. Otherwise, the feature is
considered as zero. Hence, the feature content in EBP
image is reduced as depicted in Figure 5.

The equation for EBP feature extraction process is
given as,

EBP =
P

∑
p=1

2pY (C− Sv) (10)

whereas, C is the centre pixel in 3× 3 sub window and
Sp is the surrounding pixels in 3× 3 sub window with P

number of surrounding pixels.

Fig. 5: LBP feature image

3.5 LDP

The extension of LBP is otherwise called as LDP which
can be computed based on its different orientation. In this
paper, second-order derivative at the orientations of 0◦,
45◦, 90◦, and 135◦ is used in order to compute LDP
feature set. The LDP pattern has four features for the
above four different orientation.

The LDP feature for a specific orientation is computed
in nth order which is given as,

LDR
(n−1)
φ (rc)|(φ=0◦,45◦,90◦,135◦) (11)

where, k represents the order of the feature and it is set to
2 in this paper. rc is the center pixel in 3× 3 sub window.
The nth order LDP feature is computed using the following
equation.

LDRk
φ (rc) =

P

∑
p=1

2(p−1)x f1(I
(k−1)
φ (rc), I

(k−1)
φ (rp))|p=8

(12)

where, f1(x,y) =

{

1, for rp and rc ≥ 0

0, otherwise

P represents the number of surrounding pixels and p

varies from 1 to 8. The extracted LDP feature is shown in
Figure 6. Figure 6(a) shows the LDP feature extracted
image at 0◦ orientation, Figure 6(b) shows the LDP
feature extracted image at 45◦ orientation, Figure 6(c)
shows the LDP feature extracted image at 90◦ orientation
and Figure 6(d) shows the LDP feature extracted image at
135◦ orientation.

3.6 GLCM Features

In this paper, GLCM features as contrast, energy, entropy
and correlation are extracted from the Gabor-transformed
image.
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Fig. 6: LDP feature images at (a) 0◦ orientation (b) 45◦

orientation (c) 90◦ orientation (d) 135◦ orientation

Energy feature Energy =
N−1

∑
i, j=0

P2
i j

Entropy feature Entropy =
N−1

∑
i, j=0

− ln(Pi j)Pi j

Contrast feature Contrast =
N−1

∑
i, j=0

Pi j(i− j)2

Correlation feature Correlation =
N−1

∑
i, j=0

Pi j

(i− µ)( j− µ)

σ2

where
Pi j = Element i, j of the normalized symmetrical

GLCM.
N = Number of gray levels in the image as specified by

Number of levels in under Quantizated on the
GLCM.

µ = the GLCM mean (being an estimate of the
intensity of all pixels in the relationships that
contributed to the GLCM), calculated as:
µ = ∑N−1

i, j=0 iPi j.

The GLCM matrix is constructed at the orientation of
pixels with 45◦.

3.7 Classification and segmentation

Classification of DS affected foetus or normal foetus is
important for improving the detection accuracy of the DS
detection system. SVM and Neural Networks are the
conventional methods for the automatic detection and
classification of DS affected foetus from normal foetus

images. The main limitation of these conventional
methods is its low detection and classification rate.
Hence, ANFIS classification approach is used in this
article for the automatic detection and classification of
foetus images into either DS affected foetus or not.
Initially, the features are extracted from normal foetus and
DS affected foetus and given to the training mode of this
classifier which produces trained pattern. Further, the
features are extracted from the test foetus image and it is
classified with respect to the trained patterns in
classification mode of this classifier. The classification
result is either zero or one. The zero classification result
leads to the detection of normal foetus image and
classification result ‘one’ leads to the detection of DS
affected foetus image. Figure 7(a) shows the normal
foetus images and Figure 7(b) shows the DS affected
foetus images.

Fig. 7: (a) Normal foetus images (b) DS affected foetus images

The nasal bone is segmented from the DS affected
foetus image for diagnosing the DS with respect to first
and second trimester stages.Morphological opening and
closing is applied on the classified foetus image. The
morphological closed image is subtracted from
morphological opened image in order to segment the
nasal bone in classified foetus image. The Region Of
Interest (ROI) of the nasal bone in classified image is
shown in Figure 8(a) and it is marked in Figure 8(b).

The morphological parameters as Area, Perimeter,
Width and Height are determined from the segmented
nasal bone region.Table 1 shows the morphological
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Fig. 8: (a) ROI extracted image (b) Nasal bone region segmented

image

analysis of segmented nasal bone in classified foetus
image. The clinical and experimental values of the
segmented nasal bone are shown in Table 1.

Table 1: Morphological analysis of segmented nasal bone in

classified foetus image

Segmented nasal bone

Morphological

parameters

Clinical values

(Cicero et al. 2001)

Experimental

results

Area (mm2) [310, 410] 393

Perimeter (mm) [81, 90] 84.97

Width (mm) [29, 31] 30.74

Height (mm) [17, 18] 17.37

Table 2: GLCM features for normal and abnormal foetus images

GLCM features

GLCM feature values

Normal image Abnormal image

Energy 2.24×10−5 2.13×10−5

Entropy 1.08×101 1.38×101

Homogeneity 3.46×10−2 3.95×10−2

Contrast 9.62×103 9.97×103

Correlation −5.3×10−2 1.14×10−1

4 Results and Discussion

In this article, MATLAB software is used to simulate the
proposed DS detection system and it takes 5 seconds per
foetus image classification. The proposed system is
analyzed with the parameter detection rate which is
defined as the ratio between the numbers of
correctly-detected DS affected foetus images and the total
number of foetus images used. In this article, the 20 DS
affected foetus sonographic image(no nasal bone) which

is obtained in first trimester (11–14 weeks) is tested with
the proposed Down syndrome detection stated in [10].

The proposed method incorporating EBP and LDP
features detects 17 foetus sonograhic images with no
nasal bone and achieves 85% detection rate for the first
trimester images. The proposed method incorporating
GLCM with EBP and LDP features detects 19 foetus
sonograhic images with no nasal bone and achieves 95%
detection rate for the first trimester images. Hence, the
impact of GLCM features is important for improving the
detection rate. Further, the proposed method is also
applied to 30 DS affected foetus images (which has
irregular nasal bone length) in second trimester (12–20
weeks) and achieves 96.6% of detection rate by
identifying 29 DS-affected foetus images. Hence, the
average detection rate of the proposed system is 95.8%.
Table 3 shows the comparisons of detection for the
proposed method with conventional methodologies.

Table 3: Comparisons of detection for the proposed method with

conventional methodologies

Methodology
Number of DS affected

foetus images

Detection

rate (%)

Proposed method 50 95.8

Chitkasaem et al. (2013) 50 91.7

O’Leary et al. (2006) 50 87.6

Cicero et al. (2001) 50 73

The performance of the proposed down syndrome
detection methodology is analyzed with respect to its
ground truth images in terms of sensitivity, specificity,
Positive Predictive Value, Negative Predictive Value and
accuracy. The ground truth images used in this article are
obtained from expert radiologist and physician. The
performance evaluation parameters of the proposed down
syndrome detection and diagnosis system are depicted in
the following equations.

Sensitivity (Se) =
T P

(T P+FN)
(13)

Specificity (Sp) =
TN

(T N +FP)
(14)

Positive
Predictive Value

(PPV ) =
TP

(T P+FP)
(15)

Negative
Predictive Value

(NPV ) =
T N

(T N +FN)
(16)

Accuracy (Acc) =
(T P+TN)

(T P+FN +TN +FP)
(17)

where, T P is True Positive which indicates the total
number of correctly-detected nasal bone pixels, TN is
True Negative which indicates the total number of
correctly-detected non-nasal bone pixels, FP is False
Positive which indicates the number of wrongly-detected
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nasal bone pixels and FN is False Negative which
indicates the number of wrongly detected non-nasal bone
pixels. These parameters are computed using ground truth
images and they vary between 0 and 255. The
performance evaluation of the proposed nasal bone
detection system is depicted in Table 4.

Table 4: Performance evaluation of proposed nasal bone

detection system

Performance analysis parameters Experimental results(%)

Sensitivity (Se) 82.66

Specificity (Sp) 99.94

Positive Predictive Value (PPV) 86.98

Negative Predictive Value (NPV) 99.92

Accuracy 99.97

Table 5 shows the performance comparisons of nasal
bone segmentation for the proposed method stated in this
paper with conventional methods as Chitkasaem et al. [6],
O’Leary et al. [11] and Cicero et al. [2]. The proposed
methodology achieves 82.66% of sensitivity, 99.94% of
specificity and 99.97% of accuracy, while the
conventional method Chitkasaem et al. [6] achieved
72.11% of sensitivity, 93.29% of specificity and 91.38%
of accuracy. O’Leary et al. [11] achieved 76.45% of
sensitivity, 94.34% of specificity and 93.72% of accuracy.
Cicero et al. [2] achieved 78.63% of sensitivity, 96.19%
of specificity and 95.57% of accuracy.

Table 5: Performance comparisons of nasal bone segmentation

Methodology Sensitivity Specificity Accuracy

(%) (%) (%)

Proposed method (this work) 82.66 99.94 99.97

Chitkasaem et al. (2013) 72.11 93.29 91.38

O’Leary et al. (2006) 76.45 94.34 93.72

Cicero et al. (2001) 78.63 96.19 95.57

5 Conclusion

This paper presents the computer-aided approach for the
detection of DS in foetus trimester ultra sound images.
The proposed system consists of preprocessing, Gabor
transform, feature extraction and classifications. The
foetus image is enhanced in preprocessing stage and then
the spatial domain foetus image is converted into
multi-resolution image using Gabor transform. Then, the
features are extracted from Gabor transformed foetus
image and these features are trained and classified using
ANFIS classifier. Further, morphological operations are
applied on the classified foetus image in order to segment
the nasal bone. The proposed method detects 19 foetus

ultra sonogram images with no nasal bone and achieves
95% detection rate for the first trimester images. Further,
the proposed method is also applied to 30 DS affected
foetus images (which has irregular nasal bone length) in
second trimester (12–20 weeks) and achieves 96.6% of
detection rate by identifying 29 DS affected foetus
images. The proposed methodology achieves 82.66% of
sensitivity, 99.94% of specificity and 99.97% of accuracy
for the segmentation of nasal bone with respect to ground
truth images. In future, this research work can be used to
detect the cancer in foetus images using ultra sonogram
images.
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