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Abstract: Femur length (FL) is a biometric measurement of ultrasound images used to identify the growth
patterns and abnormalities of the foetus. Automatic segmentation of FL can improve the efficiency and
convenience of inexperienced users. The femur region in a low-cost ultrasound image is a small area with low
contrast intensity compared with the non-femur region. This study proposed a fully automated framework for
segmenting and measuring the FL in a portable ultrasound image. We utilized statistical modeling, employing
Gaussian mixture functions for thresholding to extract the femur area from the background. We also used the
localizing region-based active contour method to segment the femur region accurately. We also proposed a
refinement step in this framework to obtain a more accurate femur area in the ultrasound image. Because the
length and position of the femur are the main factors affecting foetal biometric measurement accuracy, we not
only evaluated segmentation results using region-based methods, such as sensitivity, specificity, and dice
similarity. We also applied the FL. measurement approach to evaluate the angle and length accuracy relative to
the ground truth. In terms of region-based segmentation performance, the proposed method provided the best
average performance with a sensitivity of 0.78, specificity of 0.87, and dice similarity of 0.81. For FL
measurement performance, the proposed framework achieved an average angle accuracy of 0.99, distance
accuracy of 0.88, and length accuracy of 0.93.

Keywords: image segmentation; thresholding; ultrasound image; FL; gaussian mixture function

1. Introduction

Ultrasonography is a noninvasive imaging modality that is used for routine prenatal care and
for providing essential information that enables doctors or midwives to ensure foetal development
and a possible diagnosis of the problem. Emerging advances have introduced portable ultrasound
devices that are small and inexpensive [1-4]. Mobile ultrasound devices are a helpful modality,
especially in developing countries. Nevertheless, this device has many shortcomings, particularly
with regard to the image quality. However, the development of research in the medical image
diagnostic field has enabled more accessible and accurate analysis techniques for portable ultrasound
images.

Femur length (FL) is a biometric measure used to estimate foetal weight. FL is an essential
alternative when other biometric measurements such as biparietal diameter and abdominal
circumference cannot be obtained. FL can be combined with different biometric sizes or used alone
[5,6]. Automatic biometric analysis of the foetus can improve efficiency, reduce the time required,
and provide convenience to inexperienced users [7-9]. In general, the automatic FL. segmentation
method consists of four main steps: pre-processing, femur region extraction, segmentation of femur
bones, and post-processing. One of the essential steps is to extract the femur area, which is aimed at
separating the femur area from the background.

The thresholding approach is often implemented in the femur-extraction step. Thresholding
techniques have been proposed for femur segmentation. [10] proposed entropy-based thresholding
to obtain an intensity value with the maximum number of entropies from two distribution classes,
that is, the object class and background class. However, the entropy-based method does not always

© 2023 by the author(s). Distributed under a Creative Commons CC BY license.
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produce good accuracy and thus [10] provided an alternative way to increase the intensity and
sharpness of the region features. [11] also proposed an entropy function for image segmentation. In
multilevel Otsu thresholding, which applies the principle of the Otsu technique to separate the object
from the background, the image is divided into more than two levels, with an ordered threshold
value [12,13]. [12] implemented 4-level image thresholding and then selected a threshold value for
binary segmentation. The weakness of multilevel Otsu thresholding is that we have to precisely
determine the thresholding levels to obtain the greyscale range of the region of interest. [14] proposed
a multilevel set approach that was based the Likelihood Region to segment bone in a lumbar
ultrasound image. The multilevel thresholding also implemented for segmentation purpose in the
other modality such as MRI [15]. In the statistical thresholding technique, [16] used the threshold
value calculated based on the mean and standard deviation of the intensities in a specific image area.
The particular area was a sub-image in the top middle of the half-size image. The result of the femur
extraction using the statistical thresholding technique was influenced by the average contrast of the
input ultrasound image. If the average contrast is too low, the region of interest will merge with other
areas.

Such machine learning and deep learning approaches were applied for ultrasound image
segmentation. [17] compared two hybrid learning approaches, the SegNet network and random
forest regression model. As stated in the study, SegNet is more promising for overcoming the
problem of bright structural interference, similar to the femoral region. [18] trained eight
segmentation architecture in deep learning using EffientNetB0 network to segment the fetal head
biometric. U-Net architecture model was used for fetal head segmentation by [19]. However, the deep
learning approaches require sufficient training data. In addition, research [20] shows that the
traditional segmentation approach is more precise than the deep learning segmentation approach.

The femur ultrasound image captured by portable ultrasound has low contrast and brightness,
as shown in Figure 1(a). The distribution of the intensity histogram was unimodal and tended to
accumulate in the low-intensity areas (Figure 1(b)). Therefore, the problem is how to extract the femur
region with a small area and intensity that is not significantly different from the background area.

x 10

1

Femur region

0 50 100 150 200 250

(a) (b)

Figure 1. (a) An example of a femoral ultrasound image obtained from a portable scanner and (b) its

histogram.

According to [21], traditional thresholding methods such as the Otsu thresholding method
makes it difficult to extract objects from their background on a unimodal histogram distribution,
especially for small regions with low contrast against the background area. A statistical modeling
approach that uses the probability distribution of intensity values is efficient and adaptable for
separating objects from the background. One that applies this approach is the Gaussian mixture
model method that implements the expectation maximization (EM) method to estimate the number
of modes of the histogram [21]. The disadvantage of this approach, however, is that the computation
time is large and sometimes does not fit the data used.

Therefore, we propose a new approach to image thresholding based on a statistical modeling
approach to extract a small area in the ultrasound image, in this case, for FL segmentation. In this
approach, we assume that the histogram is bimodal. The first and second distribution models are
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measured using a Gaussian mixture function. The threshold value is determined by the intensity
value, which gives the local minimum of the mixture model’s weight. The proposed approach
searches for the threshold value around a predefined initial value or traces a local optimum to reduce
the computational time.

Despite many femur segmentation studies, this paper provides a comprehensive automatic FL
measurement framework that includes steps to remove speckle noise and refinement steps that result
in the best segmentation performance. Moreover, we propose a line measurement technique to
evaluate FL segmentation performance. We applied a hybrid denoising approach [22] to reduce
speckle noise. In the second step, we extracted the femur region using the proposed thresholding
method. Femur object candidates were selected based on some characteristics of the femur, such as
its location and size. Next, the pixel in the selected femur object with the highest intensity was chosen
as the starting point of the localizing region-based active contour (LRAC) segmentation method
implemented in [23]. Segmentation results using the LRAC method sometimes exceed the region of
interest. Hence, we proposed a refinement step for merging distinct subregions on a straight line. The
remainder of this paper is organized as follows. Section 2 describes the data used in the experiment
and explains the proposed method and its implementation in automatic FL segmentation. This
section describes automatic femur segmentation, statistical model-based thresholding, object
selection, femur segmentation, FL. measurement method, and evaluation performance. Section 3
discusses the experimental results obtained by comparing the proposed and existing techniques.
Section 4 presents the conclusions of the experiment.

2. Materials and Methods

2.1. Data

Ultrasound images used for automatic FL segmentation and measurement were collected from
pregnant women with gestational ages of 15-36 weeks. The image sizes employed in this study
varied. The data of 31 femur images were recorded using a Sonostar™ Ubox-10 ultrasound scanner
by a midwife in Indonesia. The ultrasound images example used in the segmentation experiment are
shown in Figure 2, with properties that presented in Table 1. All sample ultrasound images have a
low quality and a small region of interest. The femur area indicated by the red circle in each image
has a varying position and orientation. In all cases in Table 1, the femur exhibits an inclination that
forms a diagonal line.

--
--

Figure 2. Example of femur ultrasound images for segmentation experiment.
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Table 1. Properties of The Ultrasound Image Examples in Figure 2.

Image Id Image Size Femur Orientation

FL-15-01 670x537  negative slope approaching horizontal

FL-21-01 677x529 positive slope approaching horizontal

FL-21-02 681x527 positive slope approaching horizontal

FL-23-02 687x532 positive slope approaching vertical

FL-32-01 687x531 positive slope approaching horizontal

FL-41-02 674x524  positive slope approaching horizontal

2.2. Proposed Femur Segmentation Framework

The framework of the automatic femur segmentation is shown in Figure 3. First, the
preprocessing step aims to remove speckle noise from the foetal ultrasound image. We implemented
a hybrid speckle noise-reducing method that integrates anisotropic diffusion and multiresolution
bilateral filtering. The second step is femur region extraction which has two sub-steps: thresholding
and object selection. We applied the proposed statistical model-based thresholding approach to
obtain the femur area. The next step is object selection, which aims to remove objects that are too
small or too large, and eliminate the curvilinear-shaped beam on the top of each image and the
acoustic artefacts located at the bottom of the image. The pixel with the highest intensity value was
selected from the remaining object. The pixel becomes the starting point for the femur area when
using the localising region-based active contour method. If the segmentation results exceed the region
of interest, then we refine the area using two sub-steps: object thresholding and sub-region
connecting. Suppose object thresholding results in more than one object, and the sub-objects on the
straight line are merged. The last stage of the segmentation process smoothens the outline boundaries
of an object. After the femur was obtained, FL was measured based on the maximum distance of the
points at both ends of the femur.
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Figure 3. Block diagram of the automatic femur segmentation method.



Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 14 December 2023

2.3. Image Thresholding

The proposed image thresholding, named the Localizing Gaussian Mixture Model (LGMM)
method aims to segment an image with a small object with low contrast from the background based
on the Gaussian mixture model function. The principle of the thresholding method is to obtain the
minimum local value of the Gaussian mixture model function of the pixel intensity distribution.
Unlike the thresholding method based on the Gaussian mixture model proposed in [21], the proposed
technique does not apply the EM algorithm to estimate the Gaussian mixture value and its
parameters.

The proposed thresholding method uses the conditional density principle p(y | x) which refers to
the probability distribution of the pixel intensity for a given class of x (e.g. background or object). The
density is often modelled as a normal distribution, as in the following equation 1 [24]:

POYIx) = ———exp [— S M")z]
\2mo, 20
where px and ox refer to the mean and standard deviation of pixel intensity in class x

For the problem of two-class segmentation (object and background), a Gaussian mixture model,
h(y), adjusts variable y to meet the best fit, as in the following equation 2 [24]:

)

2
1 (y - ﬂobj) 1 (y - .uback)2
h(y) = ——=exp|— + exp|l————— 2
1[27'[0'017]' Zo-ozbj 1IZTl'O'back 2O-tlzack
The threshold T is achieved using the following equation 3:
T = Xpin = arg min_h(x) (3)

where ScG represents the intensity levels of an image.

Because the value of p(y!x) shows the probability of a y-pixel in the x-class, the smaller the p-
value, the farther the y-pixel from the x-class distribution; and vice versa, the greater the p-value, the
closer the y-pixel is to the x-class distribution. Suppose that there is a histogram, as in Figure 4,
depicting the distribution of the pixel values in an image; then, the optimal threshold, T, which
separates the two classes, that is, the object (R1) and the background (R:), is the minimum value of
the Gaussian mixture model function, k(7).

R2 RL

. L L L I
0 50 100 150 200 250 300

Figure 4. Image histogram with object and background split.

The main step used in the proposed thresholding algorithm is shown in Figure 5, where the T-
value is obtained from the local minimum value of h(T) in its histogram distribution. Because the h(T)
calculation for each grey value requires considerable computation time, an initial value T is given to
accelerate the process of finding the smallest value of #(T). The search for the lowest value of h(T) is
performed around T by comparing h(T) with h(T-1) and h(T+1). If h(T) is the smallest of the two
values, then T'is the selected threshold value. If the cost of 1(T-1) or h(T+1) is lower, the search is done
by shifting T to the left (T = T-1) or right (T=T +1).
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Figure 5. Flowchart of proposed thresholding algorithm.

2.4. Femur Selection

To obtain the actual femur area, it is necessary to select an object that matches the characteristics
of the femur. The femur has a long and thin shape. [10] proposed an object density and height-to-
width ratio of objects to determine the femur region. The ratio was measured using a bounding box
around the object. Density measurements require intact and connected areas that are strongly
influenced by the quality of the ultrasound image input. Based on [10], the density d of an object can
be formulated as follows 4:

_ LT bw(i))

d P, if bw (i) = 1 4)

where M and N are the bounding-box dimensions of each candidate region. The region image, bw, is
a black-white image that has a grey level of 1 for object pixels and 0 for backgrounds. If the candidate
object is horizontal, where N > M, then the femur region is chosen to satisfy the following equation 5:

d o) AX s 2aynd> (05 5
5> B=0DAL>R2a)Ad > (05) ®)

If the candidate object is almost vertical, indicated by M > N, the equation is modified as follows
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M N
5> 2ang > (B-0) Ad > (0.5) (6)

N

Where ¢, and yare determined based on the values given in research [10].

2.5. Femur Segmentation

From the obtained femur area, the object was segmented using the localising region-based active
contour method [23]. This process begins by determining a starting point which is then expanded
using the active contour technique, until the convergent conditions are met. The starting point was
chosen based on the most significant intensity value in the femur region.

2.6. Segmentation Refinement

If the segmentation result has more than one object, the femur region lies on a straight line, and
the object selection and the region merging process are required. Areas smaller than 60 pixels are
removed.

To investigate the regions lying on a straight line, we applied a linear regression approach, as
shown in Figure 6. Suppose there are N regions that are Ri, Ro, ... Ry; first, there are two different
consecutive regions, for example, Ri consisting of n1 pixels and Rz containing n2 pixels. If (xu, yu) €
Ry, i=12, ..,m and (xzj, y2) € Rz, j =1,2, ...,n2, then (xx, yx) € (R1UR2) where k=1,2,...,(n1+ n2). A line
equation formed from these (xx, yx) points is expressed as 7:

@)

where g is the gradient of the line and b is a constant. Using equation 7, the values of y1' and ' are

y=gx+b

determined for each x1 and x2 value. If y1' € y1 and y2' € y2, then regions R1 and Rz are merged. If y1' €
y1and y2' ¢ 12, then region Ri is selected and R is discarded, and vice versa; if 12’ € y2 and 11" & y,
then region Ro is selected and Ri is removed. Therefore, the number of N regions is reduced by one
compared to the N-1 regions. The checking and merging processes were repeated until a single region
remained.
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Figure 6. The plot of regression between (a) two linear regions (b) two less linear regions.

2.7. FL Measurement

After the femur region was extracted, the line detection and measurement techniques were
executed, as shown in Figure 7. The bold line indicates the bounding box. The cross lines represent
intersection points. The thin lines represent the distances between the intersection points. First, a
bounding box was created automatically around the femur region. Subsequently, the points which
are the intersection results between the points along the femur boundary and the points on the minor
side of the box were specified. The FL was measured by the maximum distance between the
intersection points on both minor sides. The maximum distance value is chosen as the FL for foetal
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weight prediction because the segmented femur area is not precisely square and the femur width is
relatively small.

Figure 7. [llustration of the FL. measurement.

2.8. Quantitative Performance

Two measurements, that is, region-based measurement, such as precision, sensitivity,
specificity, and Dice similarity [25,26] and line-based measurement [27] are used to quantify the
performance of the proposed method. The region-based metric evaluates the precision and accuracy
segmentation results compared to the manual segmentation result as the ground truth. Assuming
that Ro is the detected region and Rc is the ground truth region, the precision (P) in 8, sensitivity or
true positive (TP) in 9, specificity or true negative (TN) in 10, and dice similarity (D) in 11 are defined
by the following equations respectively [28].

=|RDnRG| ®)
|Rp U Rg|
_ |Rp N Rg| )
|Rg|
R, UR
TN=—| Ll ol (10)
|Rq|
2*|RpNR
_2+IRp Nyl )
|Rp| + |Rg|

The line-based metric measures the accuracy of a detected FL line compared with manual
measurements. Three matching criteria, that is, the angle between two lines, line-to-line distance, and
FL distance, are defined as shown in Figure 8. Suppose that the line segment L =(x1, y1, x2, 12)
connected two-point (x1, y1) and (x2, y2) has a centroid point, m = (x, y), the orientation of the L-line is
determined as 12:

ly2 — w1l

(L) = tan™?!
@ 2z — xq]

(12)

dmax

d(LG,LD)
N 7 .
N ey

GQE\ _jt’_/jm

Figure 8. Line based metric of the FL. measurement.

Figure 8 shows that the horizontal line in the middle of the object, the Lc-line, is the FL obtained
manually or the ground truth and a horizontal line above it, the Lp-line, is the detected line. The angle
between the Lc-line and the Lp-line is defined as 13 [27].
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9
16(Le) —O0(Lp)l,  if16(Lg) — O(Lp)| < 90°
Lg Lp) = G oIl =
@(Le,Lo) {180 —16(Le) — 6(Lp)l, otherwise (13)
The angle accuracy of two lines is expressed as 14.
(Lo Ly) = { 10(Le) = 0(Lp)l,  if10(Lg) — O(Lp)| < 90°
G =D 180 — |6(Lg) — O(Lp)|, otherwise (14)
_ a(Lg,Lp)
180°
The line-to-line distance is defined by the equation 15 [27].
d(mp,Lg) +pd(mg, L
d(LG, LD) — b (mD G) p (mG D) (15)

2

where Lp is the detected line, Lc is the ground truth line, mp is the centroid point of the identified line
(Lp), pd(mp, Lc) is the point-line distance between the mp-point and the ground truth line (Lc), and
pd(mc, Lp) is the point line distance between the mc-point and the detected line (Lp). The point-line
distance between the m-point of the first line and second L-line is defined as 16:

|z = %) *y — (V2 = 1) * X —| (V1 X2 — ¥2X1)

pd(m,L) = 16
VO —x1)2 + (y2 — y1)? (16)

The line distance accuracy is computed by the equation 17.

L _ACelo) | dlleLo)

-—— .,

acc = dmax dmax (17)
0 , otherwise

where dmaxis the minor-axis length of the femur region, as shown in Figure 8. FL was measured using
the Euclidean distance between the two endpoints of the line segment. The accuracy of the FL was
determined using the equation 18:

e = Lol

1 (18)

lLG

where ¢ is the length of the ground truth line and o is the length of the detected line.

3. Results and Discussion

We conducted two experiments and compared them with several methods to test the proposed
methods. The first experiment will use images commonly employed in image thresholding research
to assess the strengths and weaknesses of each applied approach. The second experiment will use
ultrasound images, followed by automatic extraction of the femur area.

3.1. Performance Evaluation on General Images

In this evaluation, we used four general images, namely Coins, Blocks, Potatoes, and Hand X-
ray images, with various modal histograms: bimodal, nearly bimodal, unimodal, and multimodal.
We implemented a thresholding method to segment these images into two values (binary image)
with the proposed method LGMM and the thresholding method in the state of the art, which includes
multilevel Otsu threshold [12,13] with k=2, the entropy-based [10], and statistical-based thresholding
method [16].

The segmentation results on the Coins image (first row of Figure 9) displaying a bimodal
histogram showed a similarity between the proposed and multilevel Otsu methods. Both methods'
threshold values effectively separated the bimodal distribution into two components, as depicted in
Figure 10(a). However, the threshold values derived from the statistical-based method tended to
skew towards the right, excluding numerous intensity values belonging to the coins' object.
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Conversely, the threshold values from the entropy-based process leaned towards the left, favoring
lower-intensity regions and capturing more parts of the object.

(b) (©

Figure 9. Comparison of thresholding results in (a) Coins, Blocks, Potatoes, and Hand X-ray images,

respectively using (b) proposed thresholding method (c) Otsu multilevel thresholding method with
k=2 (d) statistical-based method (e) entropy-based method.
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Figure 10. Histograms and threshold values of the general images, respectively, from top left to
bottom right: (a) Coins (b) Blocks (c) Potatoes (d) Hand X-ray.

The segmentation outcomes on the Blocks image (second row of Figure 9) exhibiting a multi-
modal histogram revealed a close resemblance between the proposed and statistical-based methods.
The threshold values derived from both methods effectively divided between the second and third
modes, characterized by higher intensities, as depicted in Figure 10(b). In contrast, the threshold
values generated by the multilevel Otsu method are divided between the first and second modes,
including numerous intensity values belonging to the Blocks object. Conversely, the threshold values
from the entropy-based method tended to lean towards the left of the boundary between the second
and third modes, causing a portion of the second mode to be captured as part of the object along with
the third mode.

Different segmentation outcomes are depicted in the Potatoes image (third row of Figure 9),
showcasing a bimodal histogram (Figure 10 (c)) where the first mode is significantly more dominant
than the second mode. The proposed method yielded small object segments within the second mode.
In contrast, both the multilevel Otsu and statistical-based methods tended to divide the first mode
into two sections. However, the entropy-based method, somewhat surprisingly, produced a
threshold above the second mode, resulting in fewer segments captured from the object.

The histogram shape of the Hand X-ray image is nearly bimodal (Figure 10 (d)). Both the
proposed and entropy-based methods successfully segmented it into two parts at the boundary
between modes one and two. Conversely, the other two methods provided threshold values that
leaned toward the left and right sides of the histogram distribution.

The proposed method demonstrated its strengths across various images. In the Coins image, it
aligned closely with the multilevel Otsu method, effectively segmenting the bimodal histogram into
distinct components. While the statistical-based method tended to exclude crucial intensity values by
skewing towards the right and the entropy-based method captured more object details leaning to the
left, the proposed method maintained a balanced approach, effectively capturing both intensity
regions. In the Blocks image, it behaved similarly to the statistical-based method, effectively
distinguishing between higher intensity modes. This contrasts the multilevel Otsu method, which
included undesired intensities from the first mode, and the entropy-based method, which
unintentionally included the second mode within the object boundary. Moreover, in the Potatoes
image, the proposed method delineated smaller object segments within the dominant first mode,
showecasing its ability to capture nuanced details.

3.2. Femur Region Extraction

In the proposed thresholding method, the threshold values are initially determined by the rules
of the global thresholding algorithm, where the initial threshold value determination depends
heavily on the image histogram distribution used [29]. If the background area and the object area of
comparison are almost identical, a good initial value for T is the average grey level of the image. If
the object area is small compared to the background area or vice versa, the one-pixel group dominates
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the histogram; therefore, the middle value between the maximum and minimum grey levels is a good
initial choice for T.

Figure 11(a) shows a unimodal histogram of an image that the bins tend to accumulate on the
low intensity and only a few bins are on the right. The femur object lies on the right bins of the
histogram. The dashed line is the GMM function, h(y), as written in equation 2. The threshold value
is equal to the smallest amount of /(y) or on the local minima. The initial threshold is derived from
the distribution of intensities at the midpoint. The search for the threshold values starts from the
initial threshold to the right until the local minimum is found. Figure 11(b) is another example of the
image histogram that has the intensity distribution of two regions, objects and backgrounds, close to
normal distribution. The shape of the histogram is bimodal. In the second example, the local minima
are located on the initial threshold.
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Figure 11. (a) Example of the unimodal histogram and its Gaussian mixture function (b) Example of
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the bimodal histogram and its Gaussian mixture function.

To evaluate the proposed threshold method, we compared it with other thresholding techniques
implemented to segment femur ultrasound images, that is, the entropy-based [10], multilevel Otsu
threshold [12,13], and statistical-based thresholding method [16]. The ultrasound images used in
the segmentation experiment are shown in Figure 2. A comparison of the thresholding results is
shown in Figure 12. The circle indicates the location of the femur. From the figure, it is known that
the proposed thresholding method is not only suitable for images with a unimodal histogram
distribution with small objects and low contrast to the background, but is also more suitable for
recognising the femur region. The entropy-based method shown in Figure 12(a) results in a small
area and can hardly be observed. Conversely, the multilevel approach provides a broader region,
which makes it challenging to identify the region of interest, as shown in Figure 12(b). The
segmentation result of the statistical method was smaller than that of the multilevel Otsu method.
Nevertheless, some regions are incorporated into undesirable areas. Figure 13 shows the position of
the threshold value of the histogram where the multilevel thresholding method has the smallest
threshold value, followed by the statistical-based approach, the proposed method (LGMM), and the
entropy-based method.
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Figure 12. Comparison of thresholding results using (a) entropy-based method (b) Otsu multilevel
thresholding method (c) statistical-based method (d) proposed thresholding method.
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Figure 13. Histograms and threshold values of the example images.

3.3. Region Selection, Segmentation and Refinement

As already shown in the discussion of thresholding, low-quality input images cannot provide a
complete femur segmentation result, therefore, density measurement will cause errors in the selection
of femur objects. To solve this problem, we implemented a selection technique to choose an object
that is not too large or too small and not attached to the top or bottom edge. Based on both empirical
data and the specific needs of our tasks, we carried out a meticulous iterative process to achieve the
best possible parameters, the lowest limit, and the highest limit of the candidate femur area. Regions
containing pixels amounting to less than 0.03% or more than 1,4% of the image size are removed.
Objects that are bright and connected to the top or bottom edges are indicated as artefacts owing to
improper scanner positioning. The candidate femur area is also determined by the ratio between the
length and width as well as the size of the density that defines a long and thin region. An example of
the femur object selection result for a low-quality ultrasound image is shown in Figure 14.

(b)

Figure 14. (a) Before object selection (b) After object selection.
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From the area remaining after the object selection process, the object is segmented using the
localising region-based active contour (LAC) method with the most significant intensity value as the
initial iteration point. The LAC method proposed by [30] implements an active contour method using
local image statistics. A small ball is used to divide the area along the contour into interior and
exterior areas, and the shape is determined by local statistical information regarding the interior and
exterior areas. The internal energy was measured by the specific strength proposed by [31] which is
referred to as the uniform modeling energy. The primary step of this method consists of two parts:
initialisation and updates. Initialisation was implemented to minimise the energy in the local region.
Based on this specified point, we set a mask with 1-intensity in the area of 2 x 2 pixels around the
selected location and set other pixel locations with the 0-value. The signed distance map function is
updated by subtracting the intensity value of each pixel and the bins of a histogram in the interior
region; then, the subtraction result is added to the same bin of the histogram in the exterior region.
Both the initialisation and updating steps were performed as a given number of iterations. Figure 15
shows the areas based on the active contour process for the initial iteration (Figure 15(a)) and after
350 iterations (Figure 15(b)).

(@) (b)

Figure 15. Example of localizing region-based active contour process at (a) initial iteration using the
most significant intensity value (b) after 350 iterations.

Femur segmentation results are not always exact in the area of interest. Segmentation of the
femur region which has a weak edge, provides an over-segmenting result, as shown in Figure 16.
Hence, the thresholding technique is applied once more to obtain the actual femur in an over-
segmentation area. The ratio of the minor axis length to the major axis length was computed to
distinguish the over-segmentation area from the others. Ratios greater than 0.2 are used to identify
the long and slim object and to determine the over-segmentation region.

Figure 16. Examples of over-segmentation femur region.

If the segmentation result has more than one object, as shown in Figure 17, in which the femur
region lies on a straight line, then object selection and region merging are required. Regions
containing pixels amounting to 0.02% of the image size are removed, as shown in Figure 17(b).
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(b)

Figure 17. Thresholding result of the over-segmentation area (a) before removing the object (b) after
removing the object.

The merging process is performed by determining the shortest path that connects the boundary
pixels of the first and second regions, as shown in Figure 18(a). The gap is filled with a small circular
blob that has a radius equal to one-third of the minor-axis average of the regions to connect the
separate objects. The gap-filling step is illustrated in Figure 18(b) — Figure 18(e). The final result of
object merging is shown in Figure 18(f).

The final step is the object boundary smoothing process using the Savitzky-Golay sliding
polynomial filter which is commonly used to smooth noisy signals [32], as shown in Figure 19. Figure
20 shows the results of the oversegmentation approach for the example images in Figure 16.

(a) (b) (c)

(d) (e) (®)
Figure 18. The region merging process: (a) the shortest path between two boundaries, (b)-(e) the gap
filling stage, and (f) the merging result.

(@) (c)

Figure 19. The process of boundary smoothing: (a) before refinement, (b) after refinement, and (c)

smoothing result.

— |/

Figure 20. Final result of the object segmentation.
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3.4. FL Measurement and Performance Comparison

Using the dataset in this research, the performance of the proposed thresholding method is
compared with the approaches proposed in previous studies, with some modifications in the object
selection stage. In particular, for the entropy-based thresholding method which produces a small
object, we do not utilise the object selection step. For the multilevel Otsu thresholding method and
the statistical-based thresholding method, large objects with areas larger than 1,4% of image size
pixels are not cut out because the thresholding results tend to be broader objects. However, the objects
attached to the edge of the image were removed. Figure 21 shows the outcome of the segmentation
and measurement of the FL for each image in Figure 2. After the region was obtained, FL was
measured based on the line length.

T
=

/ g —

Figure 21. The result of the automatic FL segmentation and measurement where the white region is

a femur area, the red line is ground truth of FL, and the yellow line is the detected FL.

Some femur detection failures of other methods are shown in Figure 22. Failure of the entropy
method occurs because the threshold result is only a few pixels and is in the upper boundary area of
the image. Thus, the point is detected as the starting point of the segmentation of the femur object, as
shown in Figure 22(a). The error of the Otsu multilevel method, as shown in Figure 22(b), is due to
the broader thresholding results from the top to the lower end. Therefore, at the object selection stage,
the area was discarded because the femur was not indicated, and the object of the femur was a smaller
object. In statistical-based methods, femur errors occur at a gestational age of approximately 15
weeks, when the size of the femur is small, and an ultrasound probe still exposes the foetal sac. The
outer area of the sac had an intensity value higher than that of the femur bone, so that the region was
recognised as a femur object, as shown in Figure 22(c).

e
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Figure 22. Failures result of (a) entropy-based method, (b) multilevel Otsu method, (c) statistical-
based method, where the dash line is the ground truth, and the straight line is a detected FL.

Table 2 presents a comparative analysis of region-based segmentation performance metrics
across various thresholding methods. The table includes mean values and standard deviations for
precision, sensitivity, specificity, and Dice similarity for each method. The Entropy-Based and
Multilevel Otsu methods exhibit lower mean values across all metrics, suggesting comparatively
poorer segmentation performance with higher variability, as indicated by relatively higher standard
deviations. In contrast, the Statistical Based method demonstrates higher mean values, signifying
better overall performance and relatively lower variability. However, the Proposed Thresholding
Method surpasses all other methods, showcasing the highest mean values for precision, sensitivity,
specificity, and Dice similarity, coupled with notably lower standard deviations. This implies
superior segmentation accuracy and consistency, positioning the proposed method as an optimal
choice for reliable region-based segmentation in this context.

Table 3 displays the line-based performance averages of FL detection and measurement across
different thresholding methods. The table includes metrics for angle accuracy, distance accuracy, and
length accuracy. The angle, distance, and length accuracies were measured using equation 14,
equation 17 dan equation 18. The Entropy-Based and Multilevel Otsu methods exhibit moderate
performance across all metrics, with higher standard deviations implying variability in FL
measurement accuracy. The Statistical Based method demonstrates relatively higher mean values
across all metrics, indicating better overall FL. measurement accuracy with moderate variability.
Notably, the Proposed Thresholding Method outperforms all other methods, showecasing
significantly higher mean values for angle accuracy, distance accuracy, and length accuracy, coupled
with notably lower standard deviations. This suggests superior accuracy and consistency in FL
measurements, positioning the proposed method as highly precise and reliable for FL assessment in
this context.

Collectively, both tables underscore the superiority of the Proposed Thresholding Method,
showecasing its exceptional performance in both segmentation accuracy and FL measurement
precision across various evaluation metrics.

Table 2. Mean and standard deviation of region-based segmentation performance.

Thresholding Method Precision Sensitivity Specificity Dice Similarity
Entropy-Based [10] 0,40+0,35  0,47+0,42 0,62+0,41 0,47+0,42
Multilevel Otsu [12,13] 0,35£0,37  0,41+0,43 0,59+0,41 0,41+0,43
Statistical Based [16] 0,58+0,28  0,67+0,33 0,78+0,28 0,69+0,32
Proposed Thresholding method 0,68+0,07  0,78+0,12 0,87+0,13 0,81+0,05

Table 3. Mean and standard deviation of FL. measurement performance.

Thresholding Method Angle Accuracy Distance Accuracy Length Accuracy
Entropy-Based [10] 0,89+0,14 0,52 +0,46 0,80 +0,27
Multilevel Otsu [12,13] 0,69 +0,43 0,45 + 0,47 0,50 + 0,47

Statistical Based [16] 0,95 +0,08 0,73+0,36 0,79+0,33
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Proposed Thresholding method 0,99 + 0,01 0,88 £0,10 0,93 £0,07

4. Conclusion

Localizing Gaussian mixture modeling-based thresholding is proposed to segment the femur
area in the ultrasound image, especially for images of low-cost portable ultrasound devices that have
low brightness and contrast. In general images experiment, the proposed method consistently
demonstrated a balanced segmentation approach, effectively capturing relevant intensity values
across diverse histogram shapes compared to other methods that exhibited biases or limitations
towards specific intensity regions. From the experiments of FL segmentation and measurement, this
proposed thresholding method provides the best quantitative performance when compared to the
multilevel Otsu thresholding method, entropy-based thresholding method, and statistical-based
thresholding method. This technique is also robust in recognising FL at various gestational ages and
positions of the ultrasound probe. In this study, an automatic FL segmentation and measurement
technique is proposed for ultrasound images. The entire process consists of the speckle noise
reduction step, the thresholding stage, the object selection stage, the region segmentation stage, and
the stage that is applied to overcome over-segmenting and to smooth the region boundary curve.
This approach will be developed to segment the femoral area in 3D ultrasound images.
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