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Abstract. Reconstructing 3D bone images with 2D clinical ultrasound
image is one of the primary developmental trends of computer-assisted
orthopaedic surgery procedures, and real-time bone segmentation is re-
quired for such development. We previously presented a dynamic pro-
gramming method with local phase tensor extraction for bone structure
segmentation that could process one ultrasound frame with a true posi-
tive ratio of 71% in approximately 1 second. The present study aimed to
reduce the segmentation time to enable real-time computational capac-
ity for clinical application developments. A simplified bone probability
algorithm was optimised by systematically identifying and removing the
components which cost most computing resources. The segmentation re-
sults produced by the bone probability method were compared to the
local phase method, and manual segmentation carried out by clinical
experts. The proposed method had higher recall metric (0.67) than the
local phase method (0.61), while the computational time is reduced to
0.02 seconds per image. However, the bone probability method did not
perform as well as the local phase method in specificity and precision
metrics. In conclusion, the simplified version of the segmentation algo-
rithm improved computational speed and promised an advantage in fur-
ther real time application developments, but additional functions that
can improve accuracy and further extensive validations are still required
before further clinical application developments.
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1 Introduction

Reliable automatic segmentation of bone in ultrasound images has a variety
of potential applications within orthopaedics. Paired with a robust registration
algorithm [7] and an external localiser, auto-segmentation can be used to accu-
rately locate and track bony anatomy in 3D space.

The motion analysis with ultrasound system (CAT&MAUS) used in our work
is composed of 2D B-mode ultrasound (US) scanners and an optoelectronic mo-
tion analysis system to directly locate and track under-skin bony landmarks for
the purposes of measuring kinematics at joints. It has been previously applied to
track patella motion during knee flexion [10] and the greater trochanter during
gait [6, 8].

Although several methods exist, reliably and quickly segmenting the bone
structure in US images remains a crucial challenge for the development of clin-
ical systems. For example, US bone scans do not provide complete anatomical
boundaries and shape, and the bone structures give a strong acoustic response
and provide a shadowing effect below them [4]. An automatic bone segmen-
tation algorithm using local phase features and dynamic programming [5] was
developed to resolve the issue of strong acoustic response anatomical structures,
such as fascia and tendon, being incorrectly recognized as a bone. This method
reduced the need for manual segmentation and can be integrated with a mo-
tion capture system [9]. However, some limitations still need to be conquered to
achieve the ultimate goal, which is to combine automatically segmented bone
contours from 2D freehand US scans with positional information obtained from
the probe transducer and to transform the data into a 3D bone model at a
real-time pace. Although the automatic algorithm’s outcome quality has the po-
tential to enable this goal, the most critical issue to resolve is to reduce the long
processing time.

Ultrasound image processing methods based on machine learning have been
proposed for bone surfaces segmentation from ultrasound data. For example,
deep learning network architecture, termed U-net and convolutional neural net-
work [11, 12, 15, 14, 1]. A well-trained machine learning model could help with
the bone model reconstruction’s processing speed and promise wider applications
for clinical usage. A previous study reported that after 6 hours of training, the
machine learning programme based on the convolutional neural network (CNN)
has the potential to segment one image in 52 milliseconds [1]. Although the speed
seems promising, this method still requires a long local phase extraction proce-
dure. This is a limitation that our previous method shares [5]. The local phase
extraction was the most time-consuming processing step in the procedure. Con-
sidering the success of the machine learning methods is dependent on a number
of training images, anatomical variation present in the training data, and the
quality of the image. Manual labelling is still required in training data prepara-
tion. The proposed method in this paper can be used to reduce or remove this
requirement.

The current study proposes methods to reduce the computation time to seg-
ment and register bone surface from specific ultrasound images, which contains
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a high-intensity bone response profile, corresponding to the bone surface, fol-
lowed by shadow region. Our target was to perform segmentation for one frame
within 0.05 seconds in order to treat more than 20 frames per second, which is
the common acquisition sampling rate of most US probes. Our ultimate devel-
opmental focus is to improve segmentation speed for use as a step within rapid
reconstruction of bone position in 3D via registration. The secondary aim of the
current study was to explore a fast non-machine-learning segmentation method
that could offer acceptable accuracy and precision results with minimum human
input.

2 Methods

2.1 Simplified segmentation method with bone probability map

The simplified bone probability method is based on the previous method [5], but
some functions have been sacrificed to improve processing efficiency. For exam-
ple, the local phase extraction involving multidimensional inverse fast Fourier
transform was removed from bone probability method and saved ∼ 190 millisec-
onds. Additionally, some new functions were added to compensate for the accu-
racy lost due to the deletion. To maximise the performance efficiency, only six
amended steps were applied in the present method. Details of each function are
described as below (Fig 1):

Bone shadow Due to the high acoustic impedance difference between bone
and soft tissue, most US energy is reflected by the bone surface. The region
below the bone surface usually appears to be dark in a US image. In the original
algorithm [5], the shadow value of the pixel(a, b) was calculated by a Gaussian
weighted accumulation of the pixels below. However, considering the fact that the
variance (σ2 < 1) has been reduced by using a hardware pre-set, the calculation
can be simplified as follows:

exp

(
− (x− 1)2

2.σ2

)
'
{

1 si x = 1
0 sinon.

(1)

and the Bone shadow can then be generated:

Sum(r, c) =

R∑
i=r

I(i, c) (2)

Mask(r, c) = 1− Sum(r, c)−minr,c(Sum)

maxr,c(Sum)−minr,c(Sum)
(3)

Bone shadow = MaskPower (4)

Where r and c are the rows and column indexes in the US image, R is the
number of rows in the US image, and I is the pixel intensity matrix. The param-
eter Power needs to be adjusted and introduced to manage the Mask before
generating Bone shadow. Figure 2b demonstrates a bone shadow mask.
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Fig. 1: Flowchart of the method developed in this article

Enhance function An additional function Enhance() has been used to enhance
the US image before generating a bone probability map. This function calculated
the derivative of the echo intensity, which measured the sensitivity to the echo
intensity change. The output image has enhanced edges of the high intensity area,
where the soft tissue features were suppressed, and the intensity of bone edges
remains at the same level. Figure 2b is an example of the enhanced ultrasound
image, and Figure 2e demonstrates a selected column of the echo signal beam
(columnindex = 222). The peak of the signal (rowindex = 50) remains the same
level, and the density of reflective artefact (rowindex = 118) was reduced. ∀ c,
if r = 1 or r = R,

Enhanced US image(r, c) = 0 (5)

else,

Enhanced US image(r, c) = 1− (2 ∗ I(r,c) − I(r+1,c) − I(r−1,c)) (6)

Where c is the column index, R is the number of rows in the US image, and I
is the pixel intensity matrix.

Bone probability The final bone probability map was generated by multi-
plying the bone shadow map, the enhanced US image and the normalised US
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image. A threshold value was applied to eliminate pixels with low probabilities.
This parameter is adjustable to improve segmentation quality, and it may need
to be adjusted for specific acquisition protocols (depending on the probe and
acquisition mode). A higher threshold value can decrease the likelihood of la-
belling high intensity features, such as tendon, as bony areas; Therefore, with a
very high threshold value, the whole bone might remain undetected; and noisy
labels will be generated when applied with a very low threshold value. The ideal
way of setting the threshold value was to extract the echo intensity value from
a “boneless” region.

Segmentation According to the principle of ultrasound beam reflection, only
one pixel per column on the bone probability map (column c, row sc) is recog-
nised to initiate the segmentation (Eq. 7). The recognition was performed as
follows:

∀c,∃sc ∈ [0, R], s =

R∑
i=r

i ∗Bness(i, c) (7)

Where c is the column index, R is the number of rows in the US image, and
Bness is the bone probability map described above. After generating the bone
probability map, the segmentation can then be obtained as follows:

Segmentation′(r, c) =

{
1 if r = sc
0 else

(8)

Clean function A Clean() function has been created to improve the segmenta-
tion and remove parasite pixels. This step was based on user observation of the
preliminary segmentation label (Figure2f). Mislabelled pixels were usually iso-
lated from the main cluster of correct labels. Typically, the pixel density around
the false positives area was lower, and it can be examined by using the process
below:

Sum′(r, c) =

2.dist max∑
|j−c|=0

dist max∑
|i−r|=0

Segmentation′(i, j)

 (9)

Segmentation(r, c) =

{
1 if Sum′(r, c) > min nearest
0 else

(10)

The new method gave up the principle that was applied in the original
method, which is connecting up nearest neighbour segmented pixels into a con-
tinuous line, and the Clean() function considered the labels as a cluster of the
point cloud. Clusters with continuous shape were included, and the random
clusters were excluded. The user can monitor the performance and adjust two
parameters to control the level of cleaning. The result of the clean function is
demonstrated in Figure 2g.
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Fig. 2: An example of processing results. (a) US image; (b) Enhanced US image;
(c) Bone shadow; (d) Bone edge probability map; (e) Segmentation label before
clean; (f)Cleaned segmentation label; (g) An example for the Enhanced() func-
tion, where the y axis is depth of the US image (row index) and the y axis is
the intensity of selected column (c = 222). the grey line represents the original
image and the black line represents the enhanced US image
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2.2 Image acquisition and hardware pre-sets

A total of 1393 B-mode US images were collected using a hand-held portable
linear US scanner (L7, Clarius Mobile Health CO., Canada) with probe frequency
of 4-13 MHz from two young volunteers by sweeping the greater trochanter, the
medial femur epicondyle, the medial tibial surface and the radial tuberosity with
two hardware pre-sets of the scanner. Each US image was 458×480 pixels, and
the depth settings and image resolutions were 4 cm and 0.086 mm. Collected
images were independently reviewed, and two experienced practitioners manually
segmented the bone surfaces for validation purposes.

To maximise the performance for automatic bone edge recognition, several
manufacturer’s pre-sets were tested, and one set of parameters originally de-
signed for ocular examination was selected for the further experiments to test
the automatic segmentation method. A few mechanical indexes have been ad-
justed in comparison with the common b-mode settings (Table 1). For example,
the derated peak rarefactional pressure associated with the transmit pattern was
reduced from 2.66 to 0.487 megapascals; and the pulse repetition frequency was
reduced from 9600 to 4800 Hz. The ultrasound power of the selected mode was
also reduced from 9.33 to 0.153 milliwatts. Figure 3 demonstrates an example
of scanning the same anatomical feature with different hardware parameters.
Although scanning muscle and bones with the adjusted mode designated for
ocular examinations would suppress soft-tissue resolutions, it saved 50 millisec-
onds and produced a better accuracy of bone edge labelling in our preliminary
testing. Therefore, comprehensive quantitative comparisons between scanning
modes were performed in the current study.

2.3 Algorithm testing

The performance of the simplified bone probability method was compared against
the original local phase method [5] and the manual segmentation results. In order
to reduce the influence of human error, the average position in each column of
the image where both reviewers had labelled a pixel as the bone edge was defined
as ground truth data.

Experiments were carried out on a Mac computer with Intel Core i7 CPU,
16 gigabyte RAM, and AMD Radeon Pro 5300M graphic processor and the
testing environment was MATLAB (R2019b Update 4). A total of 1393 ultra-
sound images were independently processed by both the local phase method and
bone probability method segmentation algorithms on the same computer to deter-
mine the segmentation speed. The processing time of each image was timed and
recorded with MATLAB function tic, toc. Two-way ANOVA tests were applied
to examine the difference in mean processing times across total images between
methods and acquisition modes. The results of both methods were compared
with a manually labelled data set using sensitive and specific tests to evaluate
the performance. The Accuracy, Recall, Precision, Specificity and F1 score were
calculated to exam the performance. Sørensen–Dice coefficient between each au-
tomatic and manual label was computed to evaluate the similarity of the shape.
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Table 1: Acoustic output parameters comparison between pre-sets

Parameters Unit B-mode Adjusted mode

Mechanical Index

Pr3a MPa 2.66 0.487
Axial distance cm 1.90 0.90
Centre frequency MHz 7.04 6.79
Pulse duration µsec 0.180 0.183
Pulse repetition frequency Hz 9600 4800

Pr at PIImaxb MPa 4.21 0.601

The soft tissue thermal Index

Ultrasonic power mW 9.33 0.153
Active aperture dimensions cm 1.34 0.499
Centre frequency MHz 7.04 6.79
Focal length (parallel) cm 2 0.9
Focal length (vertical) cm 4 4
a.peak rarefactional pressure (in MPa) that has been
derated by 0.3 dB/MHz-cm

b.Peak rarefaction pressure at maximum pulse intensity
integral

(a) MSK mode image (c) MSK mode with label

(b) Adjusted mode image (d) Adjusted mode with label

Fig. 3: An example of comparison between hardware pre-sets. a)MSK mode,
b)Adjusted mode, c)labelled MSK image, d)labelled adjusted image (segmenta-
tion labels were generated with the local phase method [5])
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All performance metrics between methods and acquisition modes were compared
with two-way ANOVA.

2.4 Performance testing against a machine learning model

To explore the performance comparison against machine learning frameworks
for image segmentation, we compared the bone probability method with a 2D
U-Net model [11] trained with a separate set of 235 images. Among these im-
ages, 200 was used for training, and 35 was used for validation. Images were
normalised and resized to 256 × 256 pixels. The code was run in Python us-
ing TensorFlow with an Ubuntu 20.04 Operating System on an Nvidia GeForce
RTX3090 GPU with 24GB memory and Intel i9-10900K CPU. After training,
an independent set of 15 images was used for the performance test. The results
of bone probability method and 2D U-Net were compared with the contour masks
used in the training process. The same set of evaluation scores for assessing the
quality of the segmentation between methods were computed, and paired t-tests
were performed to exam the systematic difference. Segmentation times were not
compared because two methods were performed on different machines, and the
image size was adjusted to a smaller scale in this sub-experiment.

3 Results

3.1 Processing time

On average, the bone probability method took 17.6 ± 5.5 and 19.9 ± 8.1 millisec-
onds to segment one US image acquired with standard MSK mode and adjusted
mode, while the original local phase method needed 327.2 ± 14.1 and 335.4 ±
14.2 milliseconds to process the image. The bone probability method was signifi-
cantly quicker than the local phase method (p < 0.01). Both methods needed less
time to process images acquired with MSK mode (p < 0.01). The interaction be-
tween two factors (processing methods and acquisition methods) was significant
(p < 0.01)

3.2 Quantitative comparison between methods

The results from both automatic segmentation methods were compared to the
manual segmentation. Table 2 shows the results of the comparison with both
the local phase method and the bone probability method. All included images
contained bony anatomy; the segmentation results labelled no bone in the image
were considered “detection failure”. There was no detection failure reported
from this particular set of data. As can be seen from Table 1, despite the
difference being small, local phase method was statistically better than bone
probability method in Accuracy, Specificity, Precision, Dice and F1 Score (p <
0.01). Notably, bone probability method has higher recall metrics when labelling
images acquired with adjusted mode (p < 0.01).
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The comparison between common musculoskeletal mode and adjusted mode
can also be seen in Table 2. The ANOVA showed that both methods had better
performance in processing images acquired with the adjusted acquisition mode.

Table 2: Classification table comparing Local Phase method and Bone Probabil-
ity method against the manual segmentation(with the best performance scores
hightlighted in red).

Local Phase method Bone Probability method
AcqMode MSK Adjusted MSK Adjusted

Accuracy 0.9993(0.0005) 0.9993(0.0005) 0.9984(0.0007) 0.9985(0.0006)
Recall 0.6459(0.2297) 0.6139(0.2550) 0.4520(0.2591) 0.6663(0.2441)

Specificity 0.9998(0.0003) 0.9998(0.0003) 0.9991(0.0005) 0.9989(0.0004)
Precision 0.7885(0.2384) 0.8110(0.2758) 0.5539(0.2937) 0.6688(0.2533)

Dice 0.6675(0.2142) 0.6754(0.2510) 0.4205(0.2181) 0.5722(0.1960)
F1 0.7025(0.1868) 0.7180(0.2104) 0.5324(0.2171) 0.6580(0.2309)

values: mean (standard deviation)

3.3 Qualitative comparison between methods

The qualitative results of two tested methods are shown in Figure 4, where the
red pixels indicate bone labels produced by local phase method, while magenta
pixels indicate the labels by the bone probability method for the segmentation.
Bone segmentation results against experienced manual labels are presented side
by side in the figure. Two acquisition settings for B-mode US data were also
presented for comparison. First and second columns were the same image cap-
tured with standard MSK mode, and the third and fourth columns were images
captured with the adjusted acquisition mode.

Investigating the segmentation results, we can infer that when the images
were captured with the standard MSK settings, the proposed bone probability
method did not perform as well as the local phase method :

– the small gap from the manual labels
– missing bone boundaries
– false bone labels when strong reflection occurred on the sharp bony surface

Although the performance increased when the images were captured with the
adjusted mode, some false positive segmentation is still visible. On the other
hand, the original method using local phase feature categorisation performed
better with the adjusted acquisition mode. No false-positive segmentation was
observed, despite some false negative being observed. Qualitatively, the bone
probability method achieves similar performance for the data set that captured
with adjusted mode.
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Fig. 4: Bone labels obtained from the local phase method (red) and proposed
bone probability method (magenta) to manual segmentation (green).

3.4 Performance comparison with U-Net

The evaluation results of segmentation methods with and without machine learn-
ing were compared to the manual segmentation. Table 3 shows the numerical
results of the comparisons. The Bone probability method achieved a same level
of specificity(p = 0.65) with the 2D U-NET model, and a better recall metric
(p < 0.01). However, the performance of proposed method was slightly weaker
in Accuracy (p < 0.01), Precision (p < 0.01), Dice (p < 0.01) and F1 Score
(p = 0.02), despite the difference being small.

4 Discussion and Conclusion

In this study, we attempted to use a simplified bone probability method for bone
segmentation from US data. Our previous method [5] that incorporated local



12 S. J. Tu et al.

Table 3: Classification table comparing machine learning (2D U-NET) method
and Bone Probability method against the manual segmentation (with the better
score hightlighted in red).

Methods Accuracy Recall Specificity Precision Dice F1

BP method 0.9987 0.9843 0.9987 0.7846 0.7232 0.9161
2D U-NET 0.9995 0.9596 0.9996 0.9643 0.8843 0.9725

p value < 0.01 < 0.01 0.65 < 0.01 < 0.01 0.02

phase images in conjunction with B-mode US data achieved an acceptable level
in quality bone edge localisation. However, the processing time is a significant
barrier to the clinical application that we are currently developing. We have
investigated how to achieve a similar quality of bone labelling without combining
information from local phase images and B-mode US data since it is the most
time-consuming step. Our result demonstrates that the proposed bone probability
method successfully reduced the processing time from ∼ 335 ms to ∼ 19 ms per
image in the size of 458×480 pixels. This is due to the use of bone probability map
for effectively preventing the bone shadow region from being processed, while
the original local phase method had to process the entire image. This processing
speed enables us to perform ∼ 50 bone edge segmentation per second, which
promises real-time data processing while capturing the B-mode US data. This
was an essential improvement for the proposed kinematic assessment system
with ultrasound.

Although the computational time performance has been significantly im-
proved by giving up the local phase extraction, the qualitative performance
assessment was slightly unsatisfied. For our primary purpose of building an au-
tomatic 3D bone surface reconstruction method and kinematic assessments, the
most crucial performance metrics are specificity and precision. High specificity
means fewer false-negative labels that create ghost points when transforming 2D
points into the 3D coordinate system and require extra cleaning work. Similarly,
high precision means a greater number of true-positive labels, reducing the total
time required for scanning and building the completed surface. The original local
phase method has achieved an adequate level of specificity regardless of the ac-
quisition mode (mean 0.9998, SD:0.0003), and the bone probability method was
able to achieve a similar level at 0.9989 (SD: 0.0004) with the data set acquired
with adjusted mode. However, the bone probability method could not improve
Precision, although this method did have the best Recall metric across all the
conditions. Overall, the bone probability method did not perform better than the
local phase method quantitatively. These outcomes suggest that local phase ex-
traction may still be required to obtain the same level of accuracy, but a faster
alternative method is desired.

The high computational time required for the local phase image features
extraction is a noticeable drawback for real-time bone edge segmentation. Alsi-
nan et al. [1] reported that it takes 1 second on average to perform local phase
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extraction. Our original method was also bottlenecked by the same process, al-
though its execution time can be improved by using more powerful computing
hardware. Minimising computational bottleneck can also be achieved by paral-
lelisation. In particular, GPGPUs (general-purpose graphics processing units)
are highly suited to the computations commonly found in segmentation algo-
rithms [13]. For operations with low data dependency, such as bone shadow
estimation, US image enhancement and normalisation, the throughput may be
increased by a factor of 10. This can significantly decrease the time consumed
by these bottlenecks.

During this work, the manual segmentation was performed by expert ob-
servation and hand labelling. It is worth noting that the precision of manual
segmentation is highly dependent on a combination of experience and imaging
quality. Some may argue that the huge amount of the laborious task for labelling
image contours for machine learning frameworks cannot be a reason to avoid the
latest method for image segmentation. However, the most critical barrier for
this specific type of task remains to identify ground truth. Even though we can
always deploy quantitative metrics to evaluate the segmentation results, it does
not entirely represent the quantitative observations. Depending on the applica-
tion purpose, gold standard annotation is not always present, or not even a very
carefully constructed ground truth. A method that can produce a good-enough
segmentation, which identifies and validates bone tissue from ultrasound in the
absence of reliable ground truth, is still desired.

Although applying a learning free method has a few advantages, the robust-
ness of this type of algorithm remains a challenge. When comparing with the 2D
U-net model, the bone probability method was able to achieve a similar level of
specificity at 0.9987 (2D U-Net: 0.9996) and a better recall score at 0.9843 (2D
U-Net: 0.9596). However, the overall scores of the learning free method were not
better. Currently, researchers are still attempting different frameworks to achieve
a better performance, for example, deploying a two-stage design for U-Net [3],
or a novel generative adversarial network architecture [2]. the basic image preset
and adjustment mentioned in the present work may also be considered when
design a new machine learning framework.

The present study attempted to use the simplest steps to achieve a similar
level of segmentation tasks. The results should not be treated as the reason for
avoiding further machine learning framework or any advanced image processing
method in such tasks. A fast and robust method that can be deployed on a
consumable machine is required. Our future work will involve (1) extensive val-
idation of bone labelling against known geometry; (2) improving the accuracy
of the bone probability method by adding more functions or attempting to re-
duce the computational cost of local phase feature extraction, (3) replacing the
local phase extraction part by using the mask produced by our bone probability
method and combine with fusion network models proposed by Ronneberger et
al. [11] and Alsinan et al. [1].
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