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Abstract

Accurate gestational age (GA) estimation in the second and third trimesters is crucial for
effective prenatal care. It is typically determined by measuring fetal femur length (FL) in
ultrasound (US) images. However, manual FL measurements are time-consuming and
require expertise, leading to the need for automation. This study aims to develop an
automated multi-step approach to improve FL measurement accuracy while addressing
common US challenges such as speckle noise, shadows, and low signal-to-noise ratio
(SNR). The proposed method includes image acquisition, preprocessing for contrast en-
hancement, speckle noise reduction using a bilateral filter, k-means clustering for initial
femur segmentation, and morphological analysis to isolate the femur for precise FL mea-
surement.The method had a Dice similarity coefficient of 93.18 4+ -9.54% and a mean
difference of measurement of 0.062 cm with a 95% limits of agreement ranging between -
1.06 cm and 1.19 cm, which confirms the method as accurate and clinically reliable. These
findings show that the suggested approach will improve the accuracy of the FL measure-
ments, decrease the number of staff members who have to perform their tasks manually,
and increase the accuracy of the GA estimates, thus becoming a useful instrument in pre-
natal care.

*Correspondence author email address: muhammad.danish@pucit.edu.pk
DOI: 10.21015/vtcs.v13i1.2101

In obstetrics, ultrasound (US) imaging has a wide range of clinical uses because it has many benefits compared
to other imaging techniques such as computed tomography (CT), x-rays, and magnetic resonance imaging (MRI)
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[1]. Prenatal care is popular in the US because it is radiology free, safe, painless, economical, and portable and
can be carried everywhere [2, 3]. Also, it provides real-time imaging, which supports dynamic evaluation of fetal
development and maternal wellbeing. Nevertheless, US imaging is not without its drawbacks, which can be clas-
sified as speckle noise, attenuation, low signal-noise ratio (SNR), signal dropout, boundary ambiguities, artifacts,
and low penetration, among other factors, as presented in the literature [4]. These difficulties may impede the
proper diagnosis, and the experience of competent clinicians is required to interpret images successfully and
reduce errors to a minimum mistake [5].

Prenatal care can also be characterized as accurate fetal growth estimation, growth pattern monitoring, iden-
tification of abnormalities, and evaluation of pathological and physiological conditions [6]. To do this, the most
important biometric measurements like Abdominal Circumference (AC), Head Circumference (HC), Bi-parietal Di-
ameter (BPD), and Femur Length (FL) are commonly taken by the obstetricians as the metrics of fetal size, weight,
and gestational age (GA) [7, 8]. The measurements are also performed conventionally by manual procedures that
the experienced radiologists mark the endpoints of the femur or draw an ellipse around the HC to derive the
measurements accurately [9]. Nonetheless, manual measurements are prone to low SNR, operator effects, and
variations in sonographer expertise which may affect the reliability and diagnostic accuracy[10]. Moreover, man-
ual evaluation will add a larger workload and can result in more inconsistencies especially in resource-constrained
or rural settings where they lack trained professionals [11].

To address these limitations a number of automated and semi-automated methods of segmentation and
measuring the femur have been investigated. The classical methods are thresholding when using various levels of
intensity and thresholding when using binary masks fixedly [12]. Such techniques are however limited by certain
grayscale intensity settings which may result in inconsistency between imaging machines. Deep-learning models
have demonstrated potential on semantic segmentation in measurement of the femur over recent years but are
impeded by the requirement of massive amounts of training data and the scarcity of open repositories [13]. With
these drawbacks in mind, the need to have robust and traditional segmentation methods that can meet these
data difficulties and offer credible outputs is still imminent. Fully automating these measurements with state-of-
the-art image processing methods has potential to improve efficiency and reduce observer variability and also
provide more reliable fetus assessments.

Automating these measurements through advanced image processing techniques holds promise for improv-
ing efficiency, reducing observer variability, and ensuring more consistent fetal evaluations.

To this end, our study provides a fetal femur segmentation and length measurement algorithm in US images
which is an automated algorithm that is specifically developed to enhance the accuracy and consistency of GA
estimation. The approach will solve typical imaging issues, minimize the use of manual measurements by certified
radiologists, and simplify the clinical process, which will eventually enable obstetricians to use GA evaluation as a
reliable tool.

Our study makes the following key contributions:

+ We come up with a multi-step algorithm to improve the segmentation and measurement of the femur in US
images. Our method combines image pre-processing, bilateral filtering-based speckle noise reduction, and
k-means based clustering, and morphological analysis to enhance the accuracy of segmentation.

+ We select a new data collection of 100 images of a woman in the US over a 22-38 gestation period. Both
pictures are carefully annotated by two trained obstetricians, which means that they provide solid ground
truth to test algorithms against.

« We test our algorithm as rigorously as possible against the state-of-the-art algorithms on the basis of region-
based and distance-based evaluation measures, proving its high level of approval and precision of fetal
biometrics analysis.
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The remainder of this paper is organized as follows: Section 2 reviews related work on femur segmentation;
Section 3 details the proposed segmentation and measurement algorithm; Section 4 discusses experimental re-
sults, and Section 5 concludes with our findings and suggests future research directions.

2 Related Works

In US image segmentation, numerous studies have investigated automated and semi-automated approaches,
broadly categorizing these into traditional computer vision algorithms and deep learning methods, as extensively
reviewed by Nobel et al. [14] and Meiburger et al. [15]. Traditional segmentation techniques include edge de-
tection, active contour models, k-means clustering, and thresholding, all of which rely on predefined rules and
mathematical operations to delineate structures within US images. For femur segmentation and length mea-
surement, Wang et al. [16] introduced two automated methods for GA estimation. Their first approach used
entropy-based segmentation to identify femur candidates in preprocessed US images, followed by morphology-
based object detection. Where this technique did not turn out, a second technique used was edge detection and
morphological operations to locate and measure FL. Testing on a dataset of 90 scans [5] of the US gave a Dice
similarity coefficient of 73.95 + 14.56% which indicates moderate segmentation accuracy.

Ponomarev et al. [12] suggested an automated profile of the femoral segmentation technique on the basis
of an intensity thresholding in several levels. They used the technique of varying intensity cutoffs and shape
descriptors to cluster and choose femur objects and they got a Dice similarity coefficient of 77.40+15.35% on the
same dataset [5]. Although their approach proved the efficiency of the intensity-based segmentation in regulating
the image variability in the US, it also had significant shortcomings. The method was very sensitive to differences
in intensities hence it was not strong to speckle noise, artifacts, and shadowing as seen in US imaging. Also, the
use of fixed intensity thresholds also decreased the ability to adapt to various imaging settings, and thus its ability
to generalize across various datasets.

The article by Hermawati et al. [17] presents a semi-automatic method of femur segmentation based on lo-
calizing region-based active contour (LRAC). Their approach combined speckle noise reduction and refinement to
increase the detection of their femur regions with an average FL error of 4.61% per cent on a small dataset of only
11 USimages. Although it was good at raising the accuracy of segmentation, it had its limitations in generalizability
because it used a manual initialization and had a constrained dataset. On the same note, morphological opera-
tors and fixed thresholding were used by Thomas et al. to refine the shape of the femur and eliminate noise in the
femur shape refinement process [18]. Even though this conventional method enhanced the precision of the seg-
mentation, it had disadvantages of long processing time and sensitivity to changes in intensity, which disqualified
it in real-time applications.

In more recent activities, Zhu et al. [13] tried a comparative analysis of both traditional machine learning and
deep learning methods with the implementation of SegNet to perform femur segmentation. They have shown in
their research not only the high accuracy potential of deep learning models but also indicated that large amounts
of annotated training data are required, especially in obstetrics and gynecology. Despite the promising results of
deep learning methods, the scarcity of annotated datasets in this area contributes to the further development
and refinement of conventional methods of segmentation, and the reported accuracies of segmentation in the
literature usually fall within the 73-78% range.

To address the limitations in the earlier researches, our study is aimed at coming up with a fully automated and
adaptive femur segmentation method that would increase the level of accuracy and robustness in the US imaging.
Our method is based on a combination of advanced image processing techniques to enhance the reliability of
segmentation under various imaging scenarios as compared to the traditional methods that depend on a set of
predetermined intensity thresholds or manual initiation.
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3 Proposed Algorithm
Our proposed methodology is presented in this section. All the steps are summarized in Fig.1 and the methods
described in details in the further parts.

- Coarse Segmentation — = Femur Length Measurement
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Figure 1. Steps of the proposed femur segmentation and length measurement algorithm. (a) Image acquisition and
pre-processing, (b) Speckle noise reduction, (c) Coarse Segmentation, (d) Longest object selection, (e) Femur length (FL)
measurement, and (f) Final segmented femur output.

3.1 Image Acquisition and Pre-processing

The first format that the US scans are stored under is the Digital Imaging and communications in medicine (DI-
COM). The DICOM images at this point are obtained in the US machine and then converted to Portable Network
graphics (PNG) format. PNG is chosen due to the fact that it does not degrade image quality which can be used to
view, process, and annotate US images. The processed image shown in Fig. 1 (a) in flowchart is the pre-processed
image which is used as input in the next processing stages.

3.2 Speckle Noise Reduction

The next process is bilateral filtering that is used to smooth the US image effectively by removing noise, as sug-
gested in the literature [19]. It uses a straightforward but powerful non-linear method which combines spatial and
range filtering to improve the denoising process. The intelligent balance of noise reduction and edge preservation
makes it a very efficient tool to remove the noise one would want to and keep the structure relevant, important
details intact, so that the fine edges are not blurred. The bilateral filtering of an image, denoted by the letter |, and
dimension of an image / with dimensions M x N, is mathematically expressed through the use of the following
equation:Eq. (1).

k k
= Wi i
BF(/)i,j = Zm——k Zn——k ijm,n " li+m,j+n "

k k
2 m=—k 2on=-k Wi,j.m.n
where BF(/);; is the filtered value at pixel position (i, ), W;;m  represents bilateral weights for spacial offset (m, n)
at pixel location (i, ), and /i j+n is value of the neighboring pixel at offset (m, n). W;; m, » is the product of spatial
weight S;; m» and range weight R;; ,, , defined in Eq. (2).

Wi,j,m,n = Si,j,m,n : Ri,j,m,n (2)
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(a) (b) (d)

Figure 2. Fetal femur image in 4 clusters. (a) Cluster 1 with centroid value 68, (b) Cluster 2 with centroid value 128, (c) Cluster
3 with centroid value 178, and (d) Cluster 4 with centroid value 218.

where S;jmn and R;; ,m » measure proximity and intensity similarity between the pixels respectively by using the
Gaussian functions defined in Egs. (3) and (4).

_m%+n?
L = 202
5/,j,m,n =e % 3)
_Uiam jen "i,j)2
_ T .2
Rijmn=e 27 (4)

A larger or value smoothes the image aggressively, while a smaller value preserves subtle intensity variations.
A larger o5 produces more global smoothing, while a smaller value produces stronger local smoothing. We have
determined the optimal values of o = 0.1 and o5 = 9 through rigorous experimentation, as elaborated in the
upcoming section. The obtained denoised US image is depicted in Fig. 1 (b).

3.3 Coarse Segmentation

K-means clustering [20] is adopted for coarse segmentation. It is an iterative machine-learning algorithm used
for partitioning n observations into K clusters by using Eq. (5), where ¢; is the j cluster and 14 is the centroid of
the cluster ;.

k
J=Y00 k- yl? (5)

=1 e
An overview of how K-means clustering is applied:

1. Pick K cluster centers randomly from the denoised US image shown in Fig. 1 (b), and our experimental results
show that K = 4 provides us with the best segmentation scores.

Assign each pixel to a cluster that minimizes the distance between cluster center and pixel value.

Compute centroids again by averaging all of the pixels in the cluster.

Repeat steps 2 and 3 until no pixels change clusters. The fetal femur in 4 clusters is displayed in Fig. 2.

The fetal femur is the brightest region in the US image [18]. Therefore, we selected the cluster with the
highest intensity centroid, as depicted in Fig. 1 (c).

ukh wnN

3.4 Longest Object Selection
A contour detection algorithm is executed to find all the contours in the binary image obtained in the previous
step, displayed in Fig. 1 (c). After that, the perimeter of each contour is calculated, and the results are sorted in
descending order. The most extended object as a femur [21] is selected from the top of the sorted contour list
displayed in Fig. 1 (d). Let O = {0y, ....., 0n} be the list of all contours; then the most extended object c¢* selection is
formulated as Eq. (6).

C* = Cj=g € SortDesc(O) (6)
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3.5 Femur Length Measurement

It is observed that the length of the femur is approximately equal to the diagonal of the bounding rectangle.
Therefore, a very simple Eq. (7) is applied to estimate FL, where h is the height and w is the width of the bounding
rectangle. Fig. 1 (e) displays the bounding rectangle surrounding the segmented fetal femur and the correspond-

ing FL measured in centimeters (cm).
FL=h2 +w? (7)

3.6 Final Segmented Femur Output

Finally, the segmented femur object is represented on the original US image, as shown in Fig. 1 (f). Our newly
devised algorithm autonomously calculates the FL at 3.57cm, closely matching the manually determined FL mea-
surements of 3.59cm conducted by medical professionals.

3.7 Gestational Age Estimation
For estimating GA, we employed the equation proposed by Honarvar et al. [22], as shown in Eq. 8. In this formula,
the FL measured in centimeters, predicted by our proposed pipeline, is used to calculate GA in weeks.

GA (weeks) = 0.262 « FL (cm) + 2« FL (cm)+ 11.5 (8)

4 Experiments and Results

4.1 Evaluation Dataset

The study was approved by the Ethical Committee of The University of Lahore Teaching Hospital, Lahore, Pak-
istan (Reg. No. ERC/108/23/08). All human volunteers participated in accordance with the 2008 Helsinki ethical
standards, with their personal information kept confidential and informed written consent obtained from each
volunteer. US images were acquired by a skilled obstetrician using a Canon Aplio 300 US machine equipped with a
PVT-375BT convex probe operating at a center frequency of 3.5 MHz. A total of 100 mid-sagittal fetal femur planes
spanning GA from 22 to 38 weeks were collected in DICOM format, each image sized at 900 x 600. The values of
grayscale lie between 0 and 255. Two radiologists were hired in two separate stages in the process of annotation
where they formed part of the team of more than 10 years of experience. The initial stage was a training session
that was aimed at introducing the sonographers to the GIMP 2.10.34 annotation tool and the need to make the
marking process consistent. The sonographers were asked to outline the region of the femur separately without
any idea of what the other sonographers had noted. During the second stage, they conducted a micro-reviewing
of the documents and compared the annotations of each other.

4.2 Evaluation Metrics

To assess the quality of segmentation and measurements, three evaluation standards are considered. Firstly,
region-based metrics evaluate precision, sensitivity, specificity, and Dice similarity. Secondly, distance-based met-
rics assess local variability between the algorithm'’s results and expert annotations. Thirdly, Bland-Altman plots
analyze the difference between automatically measured FL and expert-provided measurements.

4.2.1 Region-based metrics

In the following region-based metrics [23], let Ogg denote the auto segmentation result and Ogr be the expert's
provided ground truth. The precision measures the proportion of identifications made by the correct segmenta-
tion model, as expressed in Eq. (9). A higher value indicates a lower false detection rate.

Precision = M (9)
|Osgl
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Sensitivity measures the true positive (TP) rate defined in Eq. (10), while specificity measures the true negative
(TN) rate computed by using Eq. (11). Both sensitivity and specificity are typically reported as decimal values
ranging from 0 to 1. Higher values indicate better performance of segmentation.

|OgT N Osp|

Sensitivity = (10)
|06t
ipe . |(OGT U OSR)C|
Specificity = —2—2""— 11
peciicity I(OG7)° v

Dice similarity represents the mutual overlap between Osz and Ogr, defined in Eq. (12). Its value ranges
between 0 to 1, where 0 indicates no overlap, and 1 indicates a perfect match or complete similarity between Ogg
and Ogr.

2067 N Osp

Dice =
|Og7| + [Osp|

(12)
4.2.2 Distance-based metrics

The distance-based metrics, as explained in [24], are incorporated into the evaluation to compare errors between
contours of Osg and Ogr, denoted as C(Osg) and C(Ogr) respectively. co,, represents a contour element of C(Osp)
and cop,, a contour element of C(Og7). The Euclidean distance of a pixel p to o, is computed by using Eq. (13).

de (p, C(O = i - 13
£ (p. C(OgT) COGTVQ'CF(‘OGT)HP Cogrl (13)

The Maximum Symmetric Contour Distance (MSD) can then be defined as Eq. (14). It quantifies the maxi-
mum distance from a point in one set to the closest point in the other set. Its higher value indicates the greater
dissimilarity or separation between the two sets being analyzed.

MSD (O¢g7, O = d ,C(O
(Ogr. OsR) maX(COGTrggé)GT) E(COGT (SR))

max )dE (COSR, C(OGT))) (14)

COSR GC(OSR

The Average Symmetric Contour Distance (ASD) is the average of all distances between Osz and Ogr and can
be computed by using Eq. (15). An ideal segmentation would yield a contour distance of 0 mm.

1
C(O6r)I +IC (Osg)] ( 2 dE(COGT’C(OSR))

Cogr €C(0cr)

+ Y de(cog € (Oer))) (15)

Cogp €C(Osp)

ASD (OGTI OSR) =

The Root Mean Square Symmetric Contour Distance (RMSD) is similar to ASD as defined in Eq. (16). The lower
RMSD value indicates a better match between the contours.

1
RMSD (O¢7, O =
*0 (Ogr. Ose) \/|C(OGT)|+|C(OSR)|

x\l( 3 dE(cOGT,C(OSR))+ 3 dE<COSRrC(OGT))> (16)

Cog; €C(067) Cogr €C(Osp)
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4.2.3 Bland-Altman plots

Bland-Altman plots [25] are a widely used graphical method for evaluating the agreement between two measure-
ment techniques. They are especially effective when comparing methods that aim to measure the same variable.
In these plots, the differences between the two measurements are plotted on the y-axis, while the x-axis repre-
sents the average of the measurements from both methods. This approach helps to visually assess the level of
agreement and detect any systematic bias or trends in the measurements, providing a clear understanding of
how well the two methods align.

4.3 Adjustable Parameter Configurations

In an effort to optimize the parameters that were under control, several experiments were run on our test data.
We first used our segmentation algorithm to the unfiltered images of the US. Various values of K were experi-
mented with respect to coarse segmentation and K = 4 showed higher results in region based measurements
and K = 5 better results in distance based measurements. The results of the performance without denoising are
in Table 1.

Table 1. Segmentation results of our algorithm without using bilateral filtered denoised images.

. K-means Clustering
Metric
K=3 K=4 K=5

Precision (%) | 53.23 +£35.51 | 79.94 + 17.89 | 70.21 +18.43
Sensitivity (%) | 65.50 +43.66 | 83.40 +17.62 | 70.71 £ 18.68
Specificity (%) | 99.48 £00.30 | 99.76 £ 00.31 | 99.92 + 00.12
Dice (%) 59.04 +39.36 | 84.01 +£17.80 | 78.71+17.38
MSD (mm) 8.19 £ 11.47 3.70 £7.98 3.30 £7.49
ASD (mm) 4.90 £+ 09.94 1.23+4.51 1.04 + 3.81
RMSD (mm) 4.37 +07.03 0.87 £3.19 0.74 + 2.70

The next step involved denoising of our dataset before the algorithm implementation using values with o
ranging from 3 to 15 ao, values from 0.01 to 0.16.This method led to better performance than where there was
no denoising. Table 1, (table 2) shows that the highest Dice similarity of 93.18% was obtained, using with o5 = 9
and or = 0.10 as the mean of sigma r in denoising and coarse segmentation with K = 4, respectively.

4.4 Performance Evaluation

Our algorithm used optimal values of the parameters used to denoise the dataset: the values of both parameters
were set of o = 0.1 and o5 = 9. We then performed a comparative analysis with the annotations of medical
professionals and also the auto-segmented results of the results of the segmentation using various values of K.
Fig. 3 denotes the best five results of the femur segmentation, with successful segmentations being noticed. Also,
Fig.4 to show the two poorest results in which the femur gets wrongly attached to brighter muscular regions that
do not belong to the anatomical part of the femur, causing segmentation results to be mistaken.

Summarization of the evaluation of our proposed technique is in Table 3. At K = 4, the model gave a preci-
sion of 90.15 + 13.72%, sensitivity of 93.18 + 9.64%, and a dice of 93.18 + 9.54% which were all better than the
denoising results. Specificity was found to be 99.87 + 0.19%, favorably (19) /100, which is a little less than that
of the specificity with K = 5. Furthermore, the distance-based metrics in the proposed approach improved, with
the MSD of 1.19 4+ 3.15 mm, ASD of 0.18 + 1.40 mm, and RMSD of 0.12 4+ 0.99 mm.However, it is noteworthy
that specificity is higher for both the noised and denoised datasets when K = 5. Based on these findings, we can
conclude that reducing speckle noise before applying K-means clustering significantly impacts the results. Mean
and standard deviation comparisons of precision, sensitivity, specificity, and Dice similarity are presented in Fig. 5.
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Table 2. Mean Dice (%) comparison with different values of controllable parameters.

os = os = os=17 os = os =12 os =15
or = 0.01 47.76 46.22 49.85 51.64 49.87 51.64
or =0.04 | 45.27 48.34 49.85 51.64 49.93 49.13
™ | o,=0.07 | 57.63 57.65 58.67 59.73 59.75 57.01
¥ | 0,=0.10 | 60.45 60.79 61.82 63.80 61.53 60.70

or=0.13 | 60.04 60.56 61.89 62.48 61.43 60.04
or=0.16 | 50.21 49.69 52.33 50.23 48.34 46.78
or =0.01 81.61 79.63 86.65 83.63 81.61 84.58
or =0.04 | 8261 84.63 86.65 83.63 80.61 79.58
‘"" or =0.07 | 87.61 87.65 88.70 89.73 89.75 87.71
¥ | o, =010 | 89.75 89.79 91.82 93.18 91.83 90.80
or=0.13 | 89.80 89.82 91.17 92.18 91.13 90.07

or=0.16 | 90.09 89.39 92.41 90.11 88.72 87.34
or =0.01 67.92 66.45 74.29 72.87 69.45 74.62
or=0.04 | 68.24 68.49 74.29 72.87 69.46 68.75
v | o, =0.07 | 78.83 76.88 77.42 78.94 78.98 76.85
¥ | 0,=0.10 | 79.12 79.76 80.09 82.72 81.39 79.69
or=0.13 | 78.70 78.87 80.08 81.61 81.04 79.69
or=0.16 | 80.26 78.69 81.88 79.87 77.13 76.36

Figure 3. The best segmentation results of our algorithm executed on a denoised dataset with different values of k clusters.
(a) Doctor's marked, (b) k =3, (c) k =5, and (d) k = 4 (Our proposed).
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Figure 4. Two examples of poor femur segmentation. (a) Doctor’'s marked, (b) k =3, (c) k =5, and (d) k = 4 (our proposed).

From the figure, it is evident that denoising consistently improves all evaluation metrics. The highest values for
precision, sensitivity, and Dice score, along with the smallest standard deviation range, are observed when K = 4.

Table 3. Segmentation results of our algorithm using bilateral filtered denoised images.

Metric K-means Clustering
K=3 K=4 K=5

Precision(%) 58.56 +36.28 | 90.15 4+ 13.72 | 75.50 +17.27
Sensitivity(%) | 68.48 &+ 41.08 | 93.18 4 9.64 76.17 £17.39
Specificity (%) | 99.57 & 00.38 | 99.87 4+ 00.19 | 99.92 4+ 00.12
Dice(%) 63.80 4+ 38.28 | 93.18 + 9.54 82.72 £ 15.16
MSD (mm) 8.13 + 10.69 119 £ 3.15 2.26 + 4.87
ASD (mm) 0.74 + 02.69 0.18 + 1.40 0.63 +3.07
RMSD (mm) 3.15 + 06.58 0.12 + 0.99 0.44 +2.17

4.5 Performance Comparison

We compared the performance of our proposed segmentation method with existing femur segmentation tech-
niques, including those by [16], [12], and [13]. The results demonstrate that our algorithm outperformed the
others, achieving a precision of 90.15%, a specificity of 99.87%, and a Dice similarity of 93.18%. The region-based
and distance-based evaluation metrics are summarized in Table 4, with the best results highlighted in bold. Al-
though the Zhu method [13] achieved a higher sensitivity, its precision, specificity, and Dice similarity were lower
compared to ours. Additionally, our method outperformed the others in terms of MSD and RMSD (distance-based
metrics), except for the ASD score, where the Zhu method had a better ASD score than all others. A comparative
analysis of the mean and standard deviation of our results is also presented in Fig. 6 using bar charts. From
this figure, it is evident that our method achieved the highest precision and Dice similarity. However, in terms of
specificity, Zhu et al. [13] reported the highest value.

Indeed, directly comparing these methodologies may not be entirely equitable or fair due to differences in the
datasets used. The variability in dataset composition highlights the challenge posed by the scarcity of publicly avail-
able repositories containing fetal femur US images, which hinders researchers’ access to standardized datasets
for consistent evaluation and benchmarking. Moreover, unlike the semi-automatic methods commonly found in
the literature, our fully automated approach is specifically designed to support obstetricians in accurate femur
segmentation and length measurement. The proposed algorithm offers consistent, accurate, and reliable GA es-
timation, making it especially valuable in resource-limited settings where experienced radiologists are scarce. By
reducing dependence on specialist expertise, this solution has the potential to improve prenatal care accessibility,
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Figure 5. The mean and standard deviation comparison with the K-means clustering algorithm in terms of (a) Precision, (b)
Sensitivity, (c) Specificity, and (d) Dice Similarity.

m [ [ ] l
|
I
@ l
@ ‘ ‘ ‘
o
™ iang at &
Pancmares st al
Zhu o
- curs

Fracision Seritiv ity specllilclty Dice 6u:mlarlts'

Percantage [36)

Figure 6. The mean and standard deviation comparison with existing work regarding Precision, Sensitivity, Specificity, and
Dice.

promote early detection of fetal growth issues, and contribute to better maternal and fetal health outcomes in
communities where resources are limited or in rural areas.

4.6 Femur Length Measurement Evaluation

We conducted a Bland-Altman analysis [25] by calculating the difference and average between the automatically
computed FL and the manually measured FL provided by doctors. The scatter plot of the difference against
the average revealed a mean difference of 0.062 cm, indicating a slight bias towards one of the methods. The
comprehensive assessment of our agreement, depicted in Fig. 7, showed that only 2 measurements fall beyond
the 95% agreement limits, with the majority falling between an upper limit of 1.19 cm and a lower limit of -1.06cm.
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Table 4. Femur segmentation performance comparison with existing work.

Metric Method

Wang et al. [16] Ponomarev et al. [12] Zhuetal. [13] Ours
Precision (%) 60.56 + 15.88 65.44 + 19.98 86.06 + 08.73 90.15 4 13.72
Sensitivity (%) 69.84 + 20.36 72.79 £ 19.40 99.86 1 00.13 93.18 + 09.64
Specificity (%) 99.66 + 00.37 99.70 + 00.39 92.11 £ 07.03 99.87 £ 00.19
Dice (%) 73.95 £+ 14.56 77.40 £ 15.35 92.20 + 06.71 93.18 £ 09.54
MSD (mm) 6.02 +7.29 6.39 +9.53 1.97 £1.03 1.19 4+ 3.15
ASD (mm) 1.04 +1.29 1.23 £ 2.30 0.05 + 0.12 0.18 +£1.40
RMSD (mm) 1.77 £ 2.41 2.04 £+ 3.76 0.19 £ 0.21 0.12 + 0.99
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Figure 7. Bland-Altman Plot between differences and average measurements.

4.7 Computational Complexity Analysis

The proposed algorithm is implemented in Python and is available upon request from the corresponding author.
All experiments were conducted on a system equipped with an Intel Core i5 processor, 8GB RAM, and a 64-bit
Windows 11 operating system. Our execution time analysis revealed that, on average, our method takes approxi-
mately 8.45 seconds to segment and measure the length of the femur. In comparison, the [16] and [12] methods
require an average of 2.28 seconds and 24.2 seconds, respectively.

5 Conclusion

This paper introduces an automated technique for segmenting fetal femurs and measuring their length using US
images. Our method consists of several key steps, including speckle noise reduction via a bilateral filter, coarse
segmentation using k-means clustering, selection of the longest object, and precise measurement of FL. Evalu-
ation on a dataset containing 100 mid-sagittal femur planes, spanning GA from 22 to 38 weeks, demonstrated
exceptional results with 90.15% precision, 93.18% sensitivity, 99.87% specificity, and 93.18% Dice similarity. These
outcomes, coupled with comparisons against existing techniques, underscore the effectiveness of our approach.
Given the limited ratio of obstetricians to the population, our method serves as a valuable tool for radiologists,
enabling efficient femur segmentation and accurate length measurements. Moreover, it supports obstetricians in
diagnostic and clinical decision-making processes. Future work will extend beyond FL estimation in obstetrics by
incorporating larger datasets with more cases. Additionally, deep learning-based techniques will be explored to
automate the estimation of other parameters, such as biparietal diameter (BPD), AC, and HC, thereby improving
GA calculation.
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