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OPEN A concept for fully automated

segmentation of bone in
ultrasound imaging

Ananth Hari Ramakrishnan?!, Muthaiah Rajappal, Kannan Krithivasan?,
Nachiappan Chockalingam?, Panagiotis E. Chatzistergos** & Rengarajan Amirtharajan3"*

This study proposes a novel concept for the automated and computerised segmentation of ultrasound
images of bone based on motion information. Force is applied on the heel region using the ultrasound
probe and then removed while recording the video of the bone using ultrasound. The interface
between the bone and surrounding tissues is the region that moves with maximum speed. This
concept is utilised to determine a map of movement, where speed is the criterion used for the bone
segmentation from the surrounding tissues. To achieve that, the image is subdivided into regions

of uniform sizes, followed by tracking individual regions in the successive frames of the video using
an optical flow algorithm. The average movement speed is calculated for the regions. Then, the
regions with the higher speed are identified as bone surfaces. It is given as the initial contour for the
Chan-Vese algorithm to achieve smoother bone surfaces. Then, the final output from the Chan-Vese
is post-processed using a boundary tracing algorithm to get the last automated bone segmented
output. The segmented outcomes are compared against the manuvally segmented images from the
experts to determine the accuracy. Bhattacharyya distances are used to calculate the accuracy of the
algorithmic and manual output. The quantitative results from Bhattacharyya distances indicated an
excellent overlap between algorithmic and manual works (average + STDEV Bhattacharyya distance:
0.06285 +0.002051). The bone-segmented output from the optical flow algorithm is compared with
the model output and the texture-based segmentation method’s output. The work from the motion
estimation methods has better segmentation accuracy than the model and texture segmentation
methods. The results of this study suggest that this method is the first attempt to segment the heel
bone from the ultrasound image using motion information.
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Bones, as the essential components of the skeletal system, work alongside tendons, ligaments, and muscles to
form the musculoskeletal tissues. Bones are protective shields for internal organs and are crucial in safeguarding
red and white blood cells. Common imaging modalities for bone include CT, MRI, and ultrasound. CT
is typically used in pre-operative care and intervention planning' but comes with the drawback of ionising
radiation, limiting its frequent use. MRI offers a high-resolution alternative for fracture investigation but is
expensive and lacks portability. Ultrasound, favoured for its low cost, real-time imaging, and non-invasive
nature, is increasingly preferred over other imaging modalities due to its non-ionising radiation and portability.
However, low contrast, noise, artifacts, and high inter- and intra-observer variability make manual ultrasound
image analysis tedious and unreliable, underscoring the need for robust automated segmentation methods?.
Ultrasound is particularly beneficial for bone imaging because of its radiation-free?, real-time capabilities,
and use in guiding non-surgical procedures like epidural anaesthesia and spinal blocks®. Despite its advantages,
speckle noise and imaging artifacts have limited its application as a standalone tool for intraoperative imaging. To
enhance image guidance in orthopaedic procedures, registering ultrasound images with MRI/CT is critical, with
bone segmentation from ultrasound images being a key preliminary step. When ultrasound signals encounter
the region between two tissue interfaces, the resulting image features high-intensity pixels due to impedance
mismatches. Bone, having the highest impedance among tissues, appears as a high-intensity region, followed by
a low-intensity “shadow” region characterised by artifacts, as the interior of the bone is not imaged. This study
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focuses on the calcaneus (heel bone) of the hindfoot. In ultrasound analysis of this region, the high-intensity
bone boundary is observed adjacent to the macrochamber layer, a globular fat layer in close contact with the
bone.

In contrast, the superficial microchamber layer lies just above it. Segmenting the heel bone from ultrasound
images enables the analysis of the calcaneus’s mechanical properties, offering valuable insights for predicting
diabetic foot ulcers®. Additionally, calcaneus segmentation is utilised to diagnose and predict conditions such
as plantar fasciitis, arthritis®’, and osteoporosis®. The non-ionising nature of ultrasound makes segmentation
particularly beneficial for evaluating bone health in children®.

Automated bone segmentation serves as a complementary tool for radiologists, assisting in diagnostic
tasks and facilitating visualisation. Accurate bone segmentation aids in pathology localisation and treatment
planning. This research aims to enhance the computerised segmentation of hard tissues by promoting further
exploration of movement mapping techniques. For the first time, this study demonstrates that hard tissues can
be accurately segmented using movement-based information. Ultrasonography has shown high diagnostic
accuracy in detecting upper and lower limb bone fractures in adults, particularly in foot and ankle fractures,
where bone segmentation is a crucial initial step. Further studies involving a larger number of participants
and other anatomical regions are necessary to validate and strengthen the quality of existing evidence before
recommending ultrasound as a primary imaging modality for peri-operative applications.

The most common methodology used in bone segmentation is Snake models®~!2, Geodesic active contours'?,
Log-Gabor wavelets'*~!8, Random Forest!®, locally statistical level set methods?, fully convolutional networks?!,
Convolutional neural networks**-2*, BoneNet CNN*>%6, dual-task ultrasound transverse vertebrae seg-mentation
network?”. Even though these methods are unique, they all depend on the same type of input information and
try to distinguish the region of interest based on an analysis of intensity, texture, and shape features. However,
in the case of ultrasound imaging of bone, such information might not be sufficient to delineate the hard tissue
accurately. In such cases, the movement pattern could help with boundary perception and accurately segment
bone.

Motion information was incorporated earlier for the computerised segmentation of ultrasound images of
connective tissues (soft tissues)*. Observing how the image changes with probe movement is key for detecting
tissues of interest®!?. In?’, the force is applied to the soft tissue to enhance the bone boundary in the power
doppler images. The difference in acoustic properties between bone and soft tissues in power Doppler imaging
aids in distinguishing the bone from surrounding tissues, even in the presence of noise. Hence, this work®
helps enhance bone surfaces and facilitate bone segmentation. From the literature on bone segmentation from
ultrasound images®®, no automated segmentation method performs segmentation using motion information.
Hence, this concept can be used for the automated segmentation of bone from B-mode Ultrasound Images.

The proposed method introduces a novel algorithmic framework for automated segmentation based on
motion information. To create a movement pattern, force is applied to the heel pad using the ultrasound probe,
and then force is removed while recording the ultrasound video.

The highlights of this work are

« Motion (optical flow) based heel bone segmentation from the ultrasound image is done

« Different regions in the image are tracked in the successive frame using an optical flow algorithm, and the
centroid of the regions is saved. Strain and average movement speed is calculated from the centroid values.

o Out of these two methods, average movement speed better differentiates the bone from the surrounding
tissues.

« From the highest average movement speed values from each box segment, the bone region coordinates, which
move at a higher speed than surrounding tissues, are extracted and given as initial contour to the Chan—Vese
segmentation.

o The final segmented output is compared with the manually segmented image to compute the segmentation
accuracy. Bhattacharyya distance is used for accuracy computation.

« The Bhattacharyya distance between the manual and algorithmic output is 0.0643 for participant 1 (almost
close to 0) and 0.0614 for participant 2, showing good quantitative agreement between the two outcomes. The
lower the Bhattacharyya distances, the higher the accuracy between the outputs.

o These results were compared with the existing model and texture-based methods. The Bhattacharyya dis-
tances for model and texture-based methods are 1.0927 and 5.3961 for Participant 1 and 1.5233 and 0.55807
for Participant 2. The comparison results indicate that Bhattacharyya distances are lower for our proposed
approach.

o The time complexity of the overall algorithm is O[(K + F) N], where K is the number of frames, F is the fea-
tures, and N is the quantity of pixels on the frame.

In this context, this paper proposes a concept of bone segmentation based on motion information. A brief
presentation of existing methods previously used for bone has been presented, and then existing motion tracking
algorithms are presented in Section “Related works”. The optical flow will be employed to track different regions
in bone, and then the average movement speed will be calculated based on the displacement of the regions. Since
bone moves at a higher speed than the surrounding regions, the bone region is differentiated from the rest of
the regions and finally segmented. Section “Concept demonstration” describes the optical flow algorithm for
tracking and strain VS average movement speed. Section “Proposed methodolog” describes detailed procedures
and parameters regarding the optical flow and the appropriate figures. In Section “Results”, results from the bone
segmentation are described qualitatively and quantitively by comparison against the manual segmentation. The
work’s advantages, drawbacks, and future directions are discussed in Section “Discussion”.
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Related works

Existing segmentation methodologies in Bone segmentation

A structured review of the literature on the segmentation of bone using PubMed revealed twenty-four papers.
Existing algorithms for bone segmentation from ultrasound images are as follows. Segmentation of long bones in
infants® uses the thresholding method. This involves two steps: outer skin contour extraction, followed by inner
bone segmentation. In skin contour extraction, thresholding is done in an iterative process until a good contour
is obtained. Bone surface extraction is also done by thresholding, where threshold selection is the solution to the
depreciation of |gz(t) — Sz|, where gz(t) is the histogram of the zone, and Sz is the surface estimation. The iterative
skin contour extraction makes the whole process semi-automated.

Segmentation of Calcaneus bone’, ulna, clavicle, humerus!’, metacarpal and phalanges bone'®, and synovial
boundaries*! are done using the snake contour method?®!. In calcaneus bone segmentation, parametrisation of
an initial contour based on the Fourier descriptor to rectify the initial contour initialisation drawback in the
snake model should be as close as possible to the region of interest. Fourier descriptors are calculated from
manually segmented calcaneus images, making the segmentation process semi-automated’. The femoral head
and acetabulum are segmented using Geodesic active contours?®, where energy minimisation is based on gray
level and geometric features. The geometric features are obtained from Shape-priors, making it a semi-automated
method*.

The lamina detection from an ultrasound image using Log-Gabor filters extracts the image’s phase features
(ridge structures). The ultrasound image is cross-correlated with the lamina template using Pearson cross-
correlation. Then, the points of highest cross-correlation are marked, and the area around the point is zero.
There are three laminas present between the skin and ligamentum flavum. Hence, the 2nd and 3rd highest
correlation points are computed!. The above segmentation process is also done semi-automated. Random forest
classifier, which comes under the machine learning method, classifies and extracts the spinous process bone
surface from the shadow feature, thus classifying it as bone and non-bone pixel’®. Segmentation of cartilage
thickness is computed using Locally Statistical Level Set methods®*** (LSLSM).

The energy function in LSLSM comprises global similarity, local statistical, and penalty terms. The local
statistical term overcomes the inhomogeneity problem by constructing circular regions around the pixel and
calculating average pixel filtering, which is transferred into a new image domain. The global similarity term
minimises the Bhattacharyya coefficient between the probability distribution function of intensities inside and
outside the contour. The penalty term is added to maintain the signed distance property of the contour at the zero-
level set. This method may fail if the background intensity distribution is similar to the foreground. Radius and
tibia bones are segmented from ultrasound images using BoneNet CNN (Modified U-net) architecture?>. Bones
in synovial joints is segmented from ultrasound images using a Convolutional neural network?!. Transverse
vertebrae segmentation from ultrasound images is achieved using a dual-task ultrasound transverse vertebrae
segmentation network?”. Here, two separate U-net streams are used for semantic and boundary segmentation.

As mentioned earlier, the algorithms used for bone image segmentation are mainly semi-automated. Our
ultimate aim of this work is to develop a fully automated method for the segmentation of bone. Also, there are
other drawbacks to the existing methods. The active contour/snake contour method uses gradient information
for contour deformation, which is unreliable in ultrasound images due to speckle noise and image artifacts*. In
the Random Forest!classifier, the presence of many trees makes the algorithm slow. Generally, these algorithms
are quick to train but take a long time to predict. Also, machine learning and deep learning-based approaches
require training in manually segmented images in large numbers***’, which is difficult due to speckle noise and
low contrast in ultrasound images®. Also, it is challenging to create a dataset comprising all physiological and
anatomical variabilities among different subjects, which is a complicated and tedious task™®.

This research article is the first to implement a tracking algorithm for automated bone segmentation,
utilising motion information from different regions of the image tracked across video frames to distinguish
the bone region from the surrounding tissue. This study combines existing semi-automated segmentation
methods to develop a fully automated segmentation approach that complements model-based and texture-based
segmentation techniques.

This paper proposes incorporating motion information to automate the segmentation process for accurate
bone identification. The method involves tracking uniform-sized regions in the images using an optical flow
algorithm and calculating strain and average movement speed. The bone is distinguished from surrounding
regions based on its higher movement speed relative to the surrounding areas in the video.

Different regions in the video frames are tracked using a motion estimation algorithm. Selecting a motion
estimation algorithm that can reliably track the other regions in ultrasound images is essential. The movement of
structures can be estimated by finding the spatial correspondences between frames. Initially, motion estimation
is accomplished using a traditional image registration algorithm, where the spatial transformation is done
by aligning the successive frame (i.e., the frame that has moved) with the initial stationary frame. The spatial
transformation used in this method is affine transformation, which maps the points from one frame to another.
This transformation can map scaling, shear and rotations in the image plane. Tracking algorithms must be fast
and consistent for fast-moving videos and videos of large time intervals. Lucas and Kanade*® calculated the
match between two blocks in successive frames using an image registration technique that deploys the spatial
intensity gradient of the image. It employs fewer and potential matches between the images and can handle
rotation, scaling and shearing. When generalising the one-dimensional technique to higher dimensions, linear
approximations are used, which introduces errors, which is the drawback of this method.

Motion estimation methods
The motion estimation methods can be broadly classified into intensity and feature-based methods*. In
intensity-based methods, the spatial transformation of the pixels in the successive frame is based on the pixel
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intensity, which is optimised by iterative methods to improve the similarity criterion. In feature-based methods,
features based on edge, texture or shape are extracted from the image, and spatial correspondences are found in
the successive frame. Our application aims to segment the bone region based on displacement; hence, feature-
based methods are unsuitable for our application. Various techniques to compute the displacement between
two frames are the sum of absolute differences*!, the sum of squared differences*’, correlation coefficient®?,
normalised cross-correlation**, and optical flow algorithm*.

There are deep learning-based methods for motion estimation. They can be classified into supervised
convolutional neural networks*¢~*® and Unsupervised convolutional neural networks*’.

Bohs and Trahey*! tracked the speckle patterns in moving blood. Non-overlapping kernel regions are tracked
in successive images using the sum of absolute differences algorithm (SAD), which uses non-normalised absolute
error for pattern matching. The method requires one absolute difference operation.

Paramkusam and Reddy*? tracked video sequences using the sum of squared differences. Here, the similarity
measure is based on the intensity differences between the images, which is assumed to follow a Gaussian
distribution (additive noise)*®. However, ultrasound images are characterised by speckle noise (multiplicative
noise). Hence, the sum of squared differences is unsuitable for tracking the ultrasound images.

Golemati et al.** tracked the carotid artery wall motion in ultrasound video sequences using correlation
coefficient as a matching criterion. This block-matching technique can compensate for the local variations in the
mean and standard deviation of the signals. The region of interest (ROI) size affects the motion tracking. Hence,
optimal ROI size is selected to accurately monitor the region of interest. The higher computational cost is the
drawback of this method.

Chernak and Thelen* tracked the tendon region in an ultrasound video using normalised cross-correlation.
The kernel window is initialised in the first frame and a search window of size greater than the kernel window
is initialised around the same neighbourhood in the second frame. When normalised cross-correlation is
calculated between kernel and search windows, the point at which maximum correlation occurs is the highest
probability of occurrence of kernel window. This is where the kernel window is displaced in the subsequent
frame. Thus, normalised cross-correlation can help compute the motion of tendon tissues in subsequent frames
under loading conditions. Normalised cross-correlation is most commonly used in ultrasound elastography
applications®~>3. Speckle noise variations affect the tracking results, which is the drawback of this approach™.
Korstanje et al.>! proposed a multi-kernel block-matching system to overcome this drawback. The reference
block is divided into several sub-blocks, then block-matching is computed for each subblock to find the closest
match. The matching results are consolidated to arrive at the overall results. Normalised cross-correlation is the
block-matching method used here. However, the drawback of this approach is poor performance if the tracking
target’s motion is minimal®*. The optical flow algorithm estimates the motion vectors of pixels between frames.
In contrast, the rest of the techniques (sum of absolute differences, the sum of squared differences, correlation
coefficient and normalised cross-correlation) generate a similarity score representing how close the regions/
pixels are to each other. Optical flow can effectively handle scaling, rotation, and non-rigid transformations,
whereas the different techniques cannot accommodate these changes.

The optical flow algorithm is used to track the motion of the needle head™, left ventricle>*and muscle aspect
ratio in the rectus femoris (RF) muscle®. Optical flow estimates the spatiotemporal change in pixel intensities
between the frames to calculate the velocity of the pixels'®. The optical flow algorithm assumes that the pixel
intensity is constant between the frames. Displacement is not adequately estimated if the motion is too large,
which is the drawback of this method>®. This drawback is rectified by using image pyramids®.

The architectures employed for supervised convolutional neural networks include the Siamese tracker
(SiamFC), FlowNet2, and Cascaded One-shot Deformable Convolutional Neural Network (OSD-CNN). As
supervised methods, they require training on labelled datasets, which depend on large collections of manually
segmented images that are currently unavailable.

MaskFlownet-based unsupervised convolutional neural network (MF-UCNN) is commonly used for
unsupervised convolutional neural networks. MF-UCNN relies on loss functions to guide network training,
utilising image similarity and the smoothness of axial and lateral displacement as loss metrics in ultrasound
imaging. However, ultrasound images are inherently noisy, and loss functions based on image similarity often
fail to account for these noises, resulting in inaccurate motion estimation®%¢!,

Drazan et al.*® tracked the muscle fascicle in the successive frames of the ultrasound video using an optical
flow algorithm. In this approach, the Kanade-Lucas-Tomasi (KLT) algorithm®4>62 is used to determine the
object movement between the frames. This algorithm uses image pyramids® to handle the large displacement
of pixels between the frames efficiently. Affine transform is obtained using optical flow, which tracks the regions
in successive frames. Optical flow performs displacement computation at multiple levels of resolution in image
pyramids, where each level is reduced by a factor of two. The tracker starts from the lowest resolution level and
continues tracking to the higher resolution levels till convergence.

The commonly used methodologies for bone segmentation in ultrasound images are model-based, machine-
learning and deep learning-based methods®*~%%. Though these methods are unique, they all depend on texture®’,
shape’® and intensity information”! to differentiate the zone of interest from the background. However, in
the case of ultrasound imaging of bone, such information is not enough to accurately segment hard tissue’s
boundaries’®73, In such scenarios, video analytics, where motion patterns are considered, could improve the
analysis and result in accurate segmentation.

Concept demonstration

The Bone segmentation algorithm was implemented in the heel region of the foot. Two videos were collected
from two human participants. These two videos were collected as a part of a bigger project. Relevant guidelines
and regulations are carried out in all methods. Ethical approval was secured from the Staffordshire University
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Ethics committee, Stoke-on-Trent, England. All participants provided written informed consent before any data
was collected.

The anatomical structure of the calcaneus bone, as visualised in ultrasound imaging at the apex of the heel,
is organised as follows. The region above the calcaneus bone comprises the fat pad and the skin. The fat pad has
two distinct layers: a superficial microchamber layer (stiffer in nature) closer to the skin and a deeper macro
chamber layer (more deformable) above the calcaneus bone’. The primary function of the fat pad is to absorb
and distribute shock during locomotion by deforming under pressure. The mechanical behaviour of the fat pad
differs under compression, with the microchamber layer being ten times stiffer than the macrochamber layer.
As a result, when the fat pad is compressed, the macro chamber layer deforms more significantly, providing the
cushioning effect of the heel pad’®. This deformation creates relative movement between the bone and the skin,
which is captured while recording the ultrasound video of the bone.

The external force to the plantar soft tissue is applied using an ultrasound probe’®. The dynamic indentation
test was performed using a motorised ultrasound indentation device consisting of a linear array ultrasound
probe series with a load cell. The device performs linear movement in one direction using an actuator and
controller. The indentation device records the applied force and displacement, while the clinical ultrasound unit
records B-mode images in the frontal plane. The external force is applied to the plantar soft tissue to quantify the
heel pad’s mechanical properties, which helps analyse diabetic foot ulceration>””. In the testing set-up used to
collect the images, the heel bone is practically fixed in space and remains undeformable. Because the probe is the
only component moving during testing, bone appears to be the fastest-moving object relative to the probe’”. This
concept can segment the fastest-moving bone from the slower-moving surrounding tissues in the ultrasound
video. Hence, at the start of the video, the distance between the calcaneus and bone is more incredible, while
in the compressed stage, the distance between the calcaneus and skin is less. Heel bone segmentation from
ultrasound video is done in an automated way using the following steps.

Thirty load/unload cycles were performed in the dynamic indentation test, targeting a subject-specific force
with a displacement rate of 21 mm/s. This process was conducted during three independent trials, each involving
the participant standing still for 10 s””. Two videos were recorded by two participants, with image dimensions
of 652 pixels in height and 800 pixels in width. The frame rate for the first participant’s video was 28 frames per
second, while the frame rate for the second participant’s video was 25 frames per second.

The block diagram for the overall work is given in Fig. 1. The classical method for bone delineation relies on
manual segmentation, which is time-consuming, labour-intensive, and subjective. To address these limitations,
computerised segmentation from static ultrasound images has been introduced to accelerate the process.
However, detecting bone boundaries in static images is challenging due to the similarity between bone and
surrounding tissues. To overcome this, motion information is utilised for bone segmentation. The image is
divided into distinct regions, and each region is tracked using an optical flow-based motion estimation algorithm
to calculate the centroid in each frame. The average movement speed across each column is then computed, and
the column with the maximum speed is identified as corresponding to the bone region. The bone centroid pixels
are connected to delineate the bone region, which is subsequently refined using the Chan-Vese segmentation
algorithm.

Proposed methodology

Optical flow-based region tracking

To automate the bone segmentation process in ultrasound, this work proposes to include motion information in
the segmentation of bone. Instead of analysing a single image, motion-based segmentation analyses a series of
video images to segment the region of interest from the background. The following steps have been carried out
to accomplish the task.

Step 1: A Box segment is drawn vertically in the right corner of the image, covering the bone and skin region.

Step 2: The rectangular boxes (to be tracked) are automatically filled all over the image based on the height,
width, horizontal and vertical overlap.

Step 3: The tracking process is accomplished using the pointTracker function in MATLAB. The movement of
interest points between two frames in a video is determined using an optical flow algorithm.

Step 4: Tracking of KAZE (Box tracking between consecutive video frames is performed using the
sparse optical flow algorithm called Lucas-Kanade method.) interest points and calculation of 2D geometric
transformation matrix between two frames are selected by trial-and-error method and kept constant throughout
the analysis. In Sparse optical flow, features’ characterising the box are tracked rather than the individual pixels
(dense optical flow method). The box’s features can include corners, edges, blobs, multiscale blobs, or regions of
uniform intensity. This work uses the multi-scale blob, known as KAZE interest features, to characterise the box.
The Lucas-Kanade method tracks These KAZE features between consecutive frames in the video.

Step 4.1: This function incorporates the KLT algorithm to compute a regions optical flow and assess the
movement of the region of interest between a pair of frames.

Step 4.2: The hyperparameters used in this function are (1) Block size (2) Number of levels in image pyramids
(3) Maximal bidirectional error & (4) iterations needed to obtain the optimum solution. Block size, number
of levels in the image pyramid, maximal bidirectional error and maximum number of iterations were set to
5 mm x5 mm, 9, 3 mm and 40 throughout the experiment.

Step 4.3: This function output gives the new location of KAZE interest points in the successive frame. The
number of octaves in optical flow-based tracking should be an integer greater than 1 to enable multiscale analysis.

Step 4.4: More features could be detected when the number of octaves is more significant. Similarly, the
number of scale levels is an integer in the range!*'®, and smooth scale changes could be achieved if number of
scale levels is high.
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Fig. 1. Block diagram of overall work.

Step 5: MATLAB determines translation, rotation, scaling, and distortion of the region of interest using the
estimateGeometricTransfrom2D function.

Step 5.1: This is done by inlier mapping present in the KAZE interest points of the first frame to the KAZE
interest points of the successive tracked frame.

Step 6: The box’s position in the next frame is found by applying the affine matrix given by the
estimateGeometricTransform2D function.

Step 7: After tracking the first frame, the tracked frame becomes the reference frame for the successive frame,
and then the process is repeated for all the frames in the video.

The boxes are tracked, and the centroid of the boxes successfully tracked in all frames is stored in Excel sheets.
Each column represents the box coordinates in successive frames of the video. The successive Box segments
are stored in separate Excel sheets. The displacement of the boxes between successive frames, referred to as
individual box speed, is determined by calculating the difference between the current and previous columns. The
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average displacement is obtained by taking the mean of the individual displacements across successive frames in
the video. The average movement speed is then computed as the ratio of the average displacement to time. Since
the time interval between successive video frames is constant and equal to 1, the average movement speed equals
the average displacement of the boxes. Since bone moves with the highest speed compared to the surrounding
tissues, coordinates corresponding to the highest value from the average movement speed give the bone region
approximately. To obtain the smooth surface of the bone, the coordinates are given as the initial contour for
Chan-Vese segmentation”s.

Strain versus average movement speed calculation for bone segmentation

The Box segment is constructed to cover both the bone and skin regions, and boxes are generated automatically
for one Box segment alone based on user inputs such as height, width, and overlap of the boxes horizontally
and vertically, as shown in Fig. 2. The boxes are tracked automatically using an optical flow tracking algorithm,
and the x and y coordinates of the centroid values are stored in sheet 1 of Excel sheet (y-coordinates -Box1-
26 files, x-coordinates X1-26 files, present in Supplementary material B). From the centroid values, we aim
to differentiate the coordinates of the bone from the surrounding regions. The bone moves vertically in the
ultrasound video. Hence, bone moves on the y-axis, and there is no change in bone movement along the x-axis.
Therefore, the y-coordinate of the centroids is processed for further analysis. Two parameters are calculated to
differentiate the bone from surrounding regions: Strain and average movement speed. The force is applied at the
heel region through the ultrasound probe; skin regions get deformed throughout the video of the bone, whereas
bone regions are un-deformed throughout the video of the bone. Hence, strain is calculated for springs (Box
segment between the centroid of two boxes in a Box segment; if n boxes are present, n-1 springs are generated)
between the last frame and first frame of the video using the formula (final deformed length - original deformed
length / original deformed length).

The plotted strain between springs and strain is shown in Fig. 3 for Participants 1 and 2. The average
movement speed is the average displacement of the boxes tracked between the frames divided by the time. In
the ultrasound video of the bone, the bone moves at the highest speed compared to the surrounding regions.
Hence, the box with the highest average movement speed corresponds to the bone region, as shown in Fig. 4.
In Fig. 3, the difference between the bone and the surrounding region is unclear, whereas in Fig. 4, there is a
clear-cut difference between the bone and skin regions. Hence, the average movement speed is deployed to
differentiate the bone from the skin regions. The boxes are generated for all the box segments in the image, and
then the bone centroid from each box segment is extracted using the highest average movement speed. Then,
the bone centroids are joined together to get the approximate bone region, which acts as an initial contour to the
Chan-Vese segmentation for smoother bone extraction in the next step.

Average movement speed-based bone characterisation from ultrasound images

From Section “Strain versus average movement speed calculation for bone segmentation’, it is concluded that
average movement speed is better for characterisation from bone. In this section, we will deploy the average
movement speed for bone segmentation.

In Step 1, a Box segment is drawn at the right end of the image. Then, the user gives the width and height
values of the box along with horizontal and vertical overlap. Based on these inputs, the boxes are automatically
filled in the image. The width and height of the boxes are given as 30 and 10 pixels based on the trial-and-error
method (the lowest possible size of the box that can be accurately tracked). The Box segment initialisation and
box initialisation are shown in Fig. 5.

In step 2, the boxes are tracked in successive video frames using the KLT algorithm. The centroid of the boxes
tracked in all the video frames is stored in Excel sheets, and the remaining boxes lost before reaching the last

Fig. 2. Box segment covering bone and skin region.
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Fig. 3. Strain map between spring number and strain for (a) Participant 1 and (b) Participant 2.
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Fig. 4. Average Movement Speed between Box number and Average movement Speed for (a) Participant 1 and
(b) Participant 2.
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Fig. 5. Box segment Initialisation and automated box generation.
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AVERAGE MOVEMENT SPEED

frame are ignored. The centroid values in a column correspond to the displacement values in successive video
frames, and the next column refers to the next box in the box segment. Each box segment value is stored in
separate Excel sheets. The number of Excel sheets available at the end of the tracking refers to the number of box
segments in the image.

Then, in step 3, from the centroid values computed, the individual displacement of boxes over time is
calculated in the first step. Then, the average value of displacement, also called average movement speed, is
calculated. This is repeated for all the box segments in the image, and then the average movement speed is
computed for each box segment.

The bone moves with the highest speed in the ultrasound video of the heel since the probe is pressed against
the skin, and then the force is removed. The graph plot for average movement speed is calculated with the box
number on the x-axis and average movement speed on the y-axis. This plot is calculated for all the box segments
in the image.

When a box segment is drawn at the right corner of the image, boxes are automatically constructed along
consecutive box segments across the entire image. Figure 7 corresponds to a box segment containing the bone
region, represented by 33 boxes. The leftmost boxes (1-10) in the graph denote the bone region. The subsequent
boxes (11 onward) represent the macro-chamber region, which eventually transitions to the micro-chamber
region (boxes 29-33). The boxes in the stiffer micro-chamber region exhibit minimal movement, resulting in
near-zero average movement speed. The macro-chamber region shows moderate movement, while the bone
region, the fastest-moving structure relative to the probe, has the highest speed. A distinct difference is observed
in Fig. 7 of the revised manuscript, where the highest peak indicates the bone region and zero movements
indicate the micro-chamber layer. In contrast, this clear distinction is absent in Fig. 6, as it corresponds to a box
segment where the bone region is absent.

Some of the box segments in the image do not have bone regions, as shown clearly in the plot (Fig. 6); those
plots do not have a clear transition from the bone to non-bone areas. At the same time, the box segments with
bone regions have a clear transition from bone to the non-bone areas (skin region -nearly zero speed and bone
region — high speed.), as shown in Fig. 7. This concept is utilised to extract the bone from the surrounding
tissues. The highest value from the average movement speed gives the bone region.

Chan-Vese segmentation

Chan-Vese segmentation belongs to the model-based segmentation class, where the contour evolution is based
on region information. Here, the initial unknown curve deforms and fits exactly on the region-of-interest
thereby segmenting it. The process in Chan-Vese method is given by the Eq. (1).

GCV (hiyha 9) =G (hy + ha,¥) 4+ pL (0) ([ |Sm — ha|> H (9) dx dy
Q

(1)
+ [ Sm —ho|* (1= H (9) dxdy) + [ [Vg| dx dy
Q Q

where GT'T represents the external energy of the curve C. h1, h are constants, and o is a curve undefined,
H (¥) is the Heaviside function, and Vy is the Dirac one-dimensional function. L and f are the regularisation
or penalty function associated with the level set function ) and range of fixed parameter less than 1. The input
image is represented by .S,,, and the particular image coordinate is given by S, (z,y) .V denotes the gradient
operator and GCV (h14+h2,19) represents the Chan—Vese function. The Chan—Vese method comes under the
class of deformable models that deform under the influence of internal and external forces for delineating the
region of interest. In the first step, a close curve is initialised within the region of interest. Internal forces maintain
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Fig. 6. Plot of average movement speed in non-bone regions.
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Fig. 7. Plot of average movement speed in bone regions.

Fig. 8. Approximate bone region from the average movement speed.

the smoothness of the curve during deformation and are computed within the curve. External forces drive the
curve towards the region to be segmented and are computed from the image. In edge-based deformable models
(Snake models), the force generated for deformation towards the structure to be segmented is based on gradient
information. In region-based deformable models (Chan-Vese method), force generated for deformation towards
the structure to be segmented is based on region information. The advantage of the Chan-Vese method is less
sensitive to noise and can segment the weaker boundaries in a better manner.

Chan-Vese method”®” is the extension of the traditional active contour algorithm®, which comes under the
class of model-based segmentation. The drawback of the active contour method is that the initial contour should
be as close as possible to the region of interest, and the edge information leads to the detection of false edges in
ultrasound imaging®?. It is susceptible to noise. Chan-Vese segmentation uses region information for contour
deformation and deforms the undefined curve even in noisy conditions. The initial contour obtained from the
average movement speed values is segmented using the Chan—Vese algorithm, which is post-processed to get
the final bone surface.

Results

The average movement speed is calculated for all the box segments in the image. From the maximum value
computed, find the maximum value from the computed maximum average speed value, termed ‘@. To identify
the bone region from the box segments, it is essential to remove the non-bone regions. Hence, apply thresholding
i.e., remove the speed values lying 25% of the @. Compute the box coordinates corresponding to the maximum
speed values and join them, as shown in Fig. 8. Then, traverse 30 pixels below each coordinate and join all
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the coordinates to form the closed curve, as shown in Fig. 9a. This curve is given as an initial contour for
the Chan-Vese method. The segmented output from the Chan-Vese method is shown in Fig. 9b. Then, this
output is post-processed with blob extraction (obtaining the largest area) and boundary tracing to get the final
segmented bone surface, as shown in Fig. 9c. The accuracy of the segmented output from the algorithm is
validated by comparison against the manually delineated bone image from the experts. Visual comparison
between the algorithmic output and manually segmented output is shown 9d, which shows good agreement for
bone boundary (yellow colour — manually segmented curve, green colour - algorithmic output).

Bhattacharyya distance was computed between algorithmic and manual segmentation to show the
quantitative agreement between manual and algorithmic output. The Bhattacharyya distance between the
manual and algorithmic output is 0.0643 for participant 1 (almost close to 0) and 0.0614 for participant 2,
showing good quantitative agreement between the two outputs. Bhattacharyya distance measures the amount of
overlap/similarity between two probability distributions. To this end, each contour is considered as a probability
distribution. The Bhattacharyya distance is defined by Eq. (2). The closer the Bhattacharyya distance is to zero,
the higher the level of agreement between contours.

1 1 0'2 0',,271 1 uy) — (Bm 2
DB (I,m) = 7In (4 (0; + o2 +2>> +7 (((’ ;)IQ +(;%L)) ) )

th

1t distribution

where 6%, 6, 2 is the variance of 1M and m™ distribution respectively, H, H, the mean of the ™ and m
respectively, and 1, m are two contour distributions.

In addition to the Bhattacharyya distance, the correlation coefficient between computerised and manual
segmentation is computed. The correlation coefficient tells the linear relationship between two-line segments.

The following Egs. (3-6) have estimated all three correlation parameters.

(b)

© (@

Fig. 9. Participant 1: (a) Contour initialisation in input image (b) output from Chan-Vese method (c) output
after post-processing (d) overlaying of algorithmic output over manual segmentation for qualitative analysis.
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where  xy—Gray  level  values of  two adjacent  pixels, N—Total  number  of

pixels,yzy — Cross correlation of two pixels.

The correlation coefficient value should be close to 1 for a good correlation between two-line segments.
The computed value between manual and computerised segmentation is 0.9911 for Participant 1 and 0.9970
for Participant 2, which is close to 1, indicating a good correlation between them. The segmented output for
Participant 2 is shown in Fig. 10.

The overall process for the bone segmentation algorithm is shown in Supplementary material C.

(a) (b)

(c) (d)

Fig. 10. Participant 2: (a) Contour initialisation in input image (b) output from Chan-Vese method (c) output
after post-processing (d) overlaying of algorithmic output over manual segmentation for qualitative analysis.
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In addition to the Bhattacharyya distance and correlation co-efficient, the Hausdorff distance has been
chosen to prove the strength of the proposed algorithm.
The Hausdorff distance between two curves T and S is given by Eq. (7)

dH (T, S) = max {tETsupseSinfd (t> S) ) SESSUPtETinfd(t7 S)} (7)

The Hausdorff distance calculates the largest minimum distance from points from one curve to the nearest point
in another curve. The sets T & S contain 11 points each. The largest minimum Euclidean distance is calculated
between any two points from one set to another. Upon conducting this experimentation for this proposed work,
the Hausdorff distance was calculated as 11.5916 pixels for the first test sample and 24.0674 for the second video
sample, respectively. Observing this shows that the largest minimum distance itself is significantly less, which
ensures the efficacy of the fully automated segmentation process.

Discussion

The optical flow algorithm is used to track the movement of interest points (inside the box) between two frames,
and then the centroid value of the box is computed. Each box’s average movement speed values are calculated
from the computed centroid values. The box value with the highest average movement speed from the box
segment corresponds to the bone region since bone moves faster than surrounding tissues in the ultrasound
video. This work is the first attempt to use a tracking algorithm to segment the bone. While recording the
ultrasound video of the bone, force is applied to the bone’s heel region, enabling the bone’s differentiation from
the surrounding areas. The application of force while recording ultrasound videos of bones and using a tracking
algorithm for bone segmentation is the novelty of this work.

The quantitative results between the algorithmic and manual segmentation are obtained using the
Bhattacharyya distances and Correlation coefficient, respectively, for Participant 1 and Participant 2. The
Bhattacharyya distance quantifies the degree of dissimilarity between two probability distributions. A value
close to zero indicates that the two distributions overlap highly. The correlation coeflicient quantifies the linear
relationship between two data sets, with its value ranging from —1 to 1. A value close to one indicates that
the two curves are well-correlated and represent a strong positive correlation. The Bhattacharyya distances for
Participant 1 & Participant 2 are 0.0643 and 0.0614, respectively, almost close to 0. The correlation coefficient
values for Participant 1 & Participant 2 are 0.9911 and 0.9970, respectively, almost close to 1. From the above
results, it is evident that the computerised segmentation of bone for Participant 1 & Participant 2 has a high
correlation with the manual segmentation, which shows the efficacy of the proposed algorithm. These results
were compared with the segmentation results from the model’! and texture®! based methods, as shown in Table
1. The level set-based segmentation was used to segment the heelbone from the single frame of an ultrasound
image. The level set-based methods come under the class of geometric deformable models, where a contour is
initialised inside the image to be segmented. Based on the curve evolution, the initial contour fits precisely in the
region of interest, thereby segmenting the heel bone. Unlike the traditional snake contour, which fails to handle
the topological changes, the geometric deformable model handles the topological changes efficiently. To segment
the heel bone, an initial contour is initialised to cover the heel bone region. The level set method fits the curve in
the bone region based on curve evolution. The segmented outputs are compared with the manually segmented
results from the experts, and accuracy is computed using Bhattacharyya distances.

The Bhattacharyya distances from the model-based segmentation are 1.0927 and 1.5233 for participant 1
and participant 2. The texture features are extracted from the heel bone using Gabor filters in texture-based
segmentation. The extracted texture features are given to the K-means clustering algorithm to get the final
segmented bone region. The segmented outputs are compared with the manually segmented results from the
experts, and accuracy is computed using Bhattacharyya distances. The Bhattacharyya distances from the texture-
based segmentation are 5.3961 and 0.5581 for participant 1 and participant 2. The closer the Bhattacharyya
distances to zero, the higher the segmentation accuracy. The Bhattacharyya distances from the model and
texture-based segmentation are very high compared to the proposed optical flow-based segmentation, as shown
in Table 1. This indicates that the proposed optical flow-based segmentation has higher accuracy than the model
and texture-based segmentation. The output results of texture and model-based segmentation methods for
participant 1 and participant 2 are shown in Figs. 11 and 12.

To analyse the time complexity of the overall algorithm, the time complexity of automatic box construction,
tracking of KAZE interest points and Chan-Vese segmentation algorithm are analysed. The automatic box
construction takes the time complexity of O[KN], where K is the total number of frames tracked and N is the
number of pixels in the frame. The tracking of KAZE interest points takes the time complexity of O[FN]®2, where

Segmentation
accuracy
from
Proposed optical flow-based | Segmentation accuracy from texture-based
S. no. | Participant | segmentation accuracy model-based segmentation segmentation
Participant 1 | 0.0643 1.0927 5.3961
2 Participant 2 | 0.0614 1.5233 0.55807

Table 1. Comparison of proposed optical flow-based segmentation with model and texture-based
segmentation.
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(a) (b)

Fig. 11. (a) Model based segmentation of Participant 1 (b) Texture based segmentation of Participant 1.

(@) (b)

Fig. 12. (a) Model-based segmentation of Participant 2 (b) Texture-based segmentation of Participant 2.

F is the features and N is the quantity of pixels on the frame. The Chan-Vese segmentation algorithm takes a
time complexity of O[N]®2. Thus, our proposed approach’s total time complexity is O[(K+ F)N].

This paper presents a concept which, for the first time, opens the way for the fully automated segmentation
of bone based on movement. To this end, this work showcases that bones can be segmented based on motion
information for the first time, complimenting model and texture-based segmentation. This proof-of-concept
paper proposes a new algorithmic framework for movement-based bone segmentation. Due to limited resources,
we could not analyse more cases. However, this study will be extended to include more videos in future research.

This proposed work has the use cases for the following targets:

o The development of the proposed method facilitates the automatic segmentation of the tendon from 2D ultra-
sound images. By interpolating a series of these 2D segmented images over time, a 3D geometry of the tendon
can be reconstructed. This 3D geometry under varying loading conditions aids in analysing the tendon’s
regional adaptation to different exercise programs and design exercise rehabilitation strategies.

« The proposed algorithm can be explored in tissues exhibiting more complex movements and interactions
with surrounding structures.

+ Motion-based segmentation analyses frames of ultrasound images, and hence, it processes lot of images of
cohorts, reducing the processing time to minutes. Therefore, this approach applies to clinics.

« Radiologists determine the tissue and it’s boundary by analysing the frames of the video and by twisting &
turning the probe of the ultrasound®* #>. This work aims to mimic the work of radiologists by using motion
information for segmentation.

Scientific Reports |

(2025) 15:8124 | https://doi.org/10.1038/s41598-025-92380-3 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Conclusion

This study presents an automated method for segmenting the heel bone from ultrasound images, marking
the first attempt to achieve bone segmentation using motion information. The process begins with a single
box segment drawn at the right edge of the image, followed by automated box construction based on defined
sizes, overlaps, and thresholds on average movement speed. These parameters enable accurate segmentation by
isolating bone regions while eliminating non-bone regions, though further research is needed to generalise these
parameters for other videos. The Bhattacharyya distances for Participant 1 (0.0643) and Participant 2 (0.0614)
demonstrate the method’s precision. The proposed optical flow approach outperforms model-based (1.0927 and
1.5233 for Participants 1 and 2) and texture-based (5.3961 and 0.55807 for Participants 1 and 2) segmentation
methods, achieving better accuracy with a time complexity of O[(K+F)N]. The segmentation leverages the
displacement differences between the bone and the microchamber layer, arising from skin deformation and
release, to differentiate bone from surrounding tissues. However, the current algorithm cannot detect the
presence or absence of bone, as it relies on speed differentials. Future improvements should incorporate bone
and shadow features to enhance the algorithms ability to confirm bone presence in ultrasound videos.

Data availability

The video used in this study can be found in Supplementary Material A. The X and Y coordinates of the tracked
centroid pixels are given in Supplementary Material B. The overall flowchart for Heel bone segmentation is given
in Supplementary Material C. The datasets analysed during the current study are available from the correspond-
ing author on reasonable request.

Code availability

Available upon request.
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