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ABSTRACT
Carpal Tunnel Syndrome (CST) is a form of peripheral neuropathy that
affects a significant number of people. It is triggered by the compres-
sion of the median nerve in the wrist. CTS has recently been diagnosed
using ultrasonography. This article presents a method that employs an
edge-morphology detection approach to extract the structural feature of
the median nerve from ultrasound images to permit automated segmenta-
tion of the median nerve. Pre-processing is applied to reduce the associated
noise to boost the sensitivity and increase the accuracy of the model in seg-
menting the median nerve in ultrasound images. When tried on the test
images, the suggested model performed well, with average precision, recall,
F-score, and Jaccard similarity values of 0.87, 0.93, 0.76, and 0.93, respec-
tively. Furthermore, a strong correlation of Cross-Sectional Area (CSA)
between the ground truth and the segmented image of 0.962 is observed,
allowing this model to serve as a useful initial screening tool to expedite
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the detection, diagnosis, and assessment of CTS in clinical practice.
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1. INTRODUCTION

Carpal tunnel syndrome (CTS) is the most com-
mon kind of peripheral compression neuropathy, de-
fined by entrapment of the median nerve at the wrist,
resulting in median nerve dysfunction [1, 2]. The
most important local symptoms CTS are that it in-
creases the stiffness of the flexor retinaculum, causes
inflammation of the flexor tendon sheath and anatom-
ical variants of the nerve, especially with concomitant
additional arteries and in the presence of anomalous
muscles. Furthermore, systemic morbidities includ-
ing obesity, diabetes, hypothyroidism, arthritis, or
even physiological circumstances like menopause or
pregnancy are established risk factors for CTS [3, 4].

The CTS condition affects 99 out of every 100,000
persons in the general population. Globally the
prevalence rates range from 7% to 19% [5]. Although
CTS is common to all age groups, people older than
40 are the most common age group who are likely
to suffer from CTS and women account for about
65-75% of cases [6]. This is because women’s carpal
tunnels are smaller in comparison to those of a man.
Women are also 3 to 5 times more likely than men to
get Rheumatoid Arthritis, because many women go

through pregnancy [7]. It affects the working popu-
lation, with a focus on manual labour, but it also af-
fects occupations that need sophisticated hand move-
ments, such as musicians and dentists [8].

Lately, high-frequency ultrasound (US) imaging
has been extensively adopted in various medical fields
for the early diagnosis of the internal health of the hu-
man body. One such application is for tissue charac-
terization, such as the assessment of musculoskeletal
and neuromuscular diseases [9, 10], as well as periph-
eral nerve pathologies [11]. It has gained popularity
because can present the nerve morphology. The re-
sults of many CTS patients were used to compare
and verify the morphology of the median nerve using
ultrasonography with other Nerve Condition Stud-
ies (NCSs) and clinical evaluation in [12, 13]. Ultra-
sound imaging has a sensitivity and specificity of up
to 94% and 98%, respectively [14]. Despite numerous
good results in earlier attempts to characterize, seg-
ment, and detect median nerves from US-based imag-
ing, one drawback of US nerve imaging techniques
is that it has significant variability, both across pa-
tients and in scanning parameters [15]. Tracking me-
dian nerve areas of interest with ultrasonic imaging
is difficult [1] and challenging as it requires a very
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experienced and skilled operator to detect the CTS
from the US images. [16] investigated the segmenta-
tion of median nerves using the Greedy Active Con-
tour detection (GACD) method. The reference con-
tour remains a factor in contour computation. Con-
tour segmentation may produce an incorrect result
due to a defective contour in the reference image.
Thus, understanding the deviation and displacement
of the median nerve during diverse hand movements
is therefore highly reliant on nerve segmentation and
localization from the US images. To overcome such
challenges, pre-processing and signal processing tech-
niques should be applied. In this study, to get a
better result compared to [16], additional signal pro-
cessing feature extraction processing such as math-
ematical morphology operations and edge detection
on top of contour features is adopted. Additionally,
pre-processing for segmentation and detection of the
median nerve is applied to aid in the automated ex-
traction of shape attributes for the median nerve.

The following is a breakdown of how this arti-
cle is structured. Section 2 of the article discusses
the related theory pertaining to the study. Section
3 presents how data was collected and the overall
methodology adopted to segment the median nerve in
ultrasound images. Furthermore, the influence of sig-
nal processing techniques in segmenting the median
nerve in an ultrasound image is presented in Section
4, which contains the experimental results and a dis-
cussion on test ultrasound image datasets. Finally,
the conclusion in Section 5 presents the summary of
the performance of the model on the test data and
its assistance in the initial screening tool to expedite
the detection, diagnosis, and assessment of CTS in
clinical practice and also discusses some of the limi-
tations.

2. RELATED THEORY
2.1 Image Denoising

Speckle noise is the predominant multiplicative
noise that deteriorates the quality of ultrasound im-
ages [17]. The constructive and destructive coherent
interference of backscattered echoes from scatterers
that are often considerably smaller than the spatial
resolution of medical ultrasonography systems cre-
ate speckle in US B-scans, which appear as a gran-
ular texture [18]. Speckle lowers contrast and im-
pairs target delectability in B-scan images, affecting
a human’s ability to distinguish between normal and
diseased tissue. It also slows down and distorts ultra-
sonic image processing operations like segmentation
and registration. Many methods have been proposed
to despeckle the noise [19]. Traditional filters such as
lee, Kaun, frost, median, and hybrid filters, as well as
wavelet filters, are used in the speckle noise reduction
approaches.

The most difficult aspect of image denoising is
preserving data with structures, such as edges and

surfaces, to achieve rich visual quality while improv-
ing the Signal-to-Noise Ratio (SNR). Image denois-
ing with edge protection in the medical image is cru-
cial as edges define the important characteristics be-
tween normal features and abnormalities in medical
images. This study used a bilateral filter [20] which
is a non-linear image smoothing filter that preserves
edges while lowering noise. It uses a weighted average
of intensity data from surrounding pixels to replace
the intensity of each pixel. The weights and radio-
metric discrepancies influence the pixel’s Euclidean
distance. Mathematically the bilateral filter is de-
fined by (1).

1 I(zs)Gr (| I(zs)—1(2)])-
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F'[]]p Wp ZGS (CCZ—I‘)

z; €S

W, is a normalization factor that controls the
smoothness of the image. W), is defined by (2).

BFI], is the filtered image. I(x;) is the original ul-
trasound input image. x is the current pixel coordi-
nate of the image to be filtered. S defines the window
centered for x. G5 and G, are the kernel range for
smoothing images in intensities and spatial kernel for
smoothing different coordinates, respectively.

The input median nerve ultrasound image used in
this work was filtered using kernel values (S, G, G,)
= (9, 18, 85) as the optimal values. A value of G5 and
G, lower than 18 has a small effect and values greater
than 85 make the image too smooth and blurs some
edges of the median nerve structure. Furthermore, a
kernel value or window size S less than 9 makes little
impact on noise removal.

Fig. 1 shows the comparison of different filters in
removing the noise from an ultrasound image. There
are 5 images including the original image, the thresh-
old image, and the filtered images from 3 different
types of filtering.
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Fig.1:  Image Filtering (a) Original Image (b)
Threshold Input Image (¢) Gaussian Filter (d) Me-
dian Filter (e) Bilateral Filter.

Fig.1(a) and (b) represent the original image and
the corresponding threshold image. The threshold
image (Fig. 1(b)) shows that along with the major
median nerve structure, there are tiny segments of
noise speckle that surround them, making the anal-
ysis difficult. To minimize noise, Gaussian (Fig.1(c))
and Median (Fig.1(d)) filters are used. Although
these filters may reduce noise by a certain propor-
tion, they also fade the median nerve’s edges, which
is crucial for analysis. In comparison to other filters
such as the Gaussian filter (Fig.1(c)) and the Median
filter (Fig.1(d)), the bilateral filter not only reduces
noise but also keeps and preserves the fine borders of
the median nerve structure (Fig.1(e)). This demon-
strates the advantage of the bilateral filter in reducing
speckle-noise while preserving fine edges as compared
to the other filters (Gaussian and median).

2.2 Contrast Enhancement

Contrast enhancement is a crucial part of image
processing for both human and machine vision. It
is commonly used in medical image processing, as
well as speech recognition, texture synthesis, and
a variety of video processing applications as a pre-
processing step. Due to the intrinsic properties of
medical images, such as poor contrast, speckle noise,
signal dropouts, and complicated anatomical struc-
tures, medical image analysis is a particularly tough
challenge to solve. As a result, before further process-
ing and analysis, it is critical to improve the contrast
of such images. The primary reason for this is that
if the input image is of poor quality and contrast,
further processing processes such as image segmenta-
tion, feature extraction, and image classification will
fail. The performance of pre-processing procedures
such as image enhancement, for example, will have a
direct influence on any subsequent processing. As a
result, high-performance image-enhancing algorithms
can improve total system performance dramatically.
Histogram equalization (HE) is a frequently used

technique for increasing visual contrast. Its core con-
cept is to map gray levels using the probability dis-
tribution of the input gray levels. Suppose an input
image g(z,y) is composed of discrete gray levels in
the dynamic range of [0, L-1]. The transformation
mapping C,;y of HE is given by (3).
k k
ng

s =C(ry) = P(r;) = — 3
=P =2 %O
0<sy<landk=0,1,2,...,L—1. n; represents the
number of pixels having a gray level ;. n is the total
number of pixels in the input image. P(r;) represents
the Probability Density Function (PDF) of the input
gray level ;. Based on the PDF, the Cumulative Den-
sity Function (CDF) is defined as C(rx). This map-
ping in (3) is called Global Histogram Equalization
(GHE) or Histogram Linearization. This approach
uses the image histogram to spread out the gray lev-
els in a picture and reassigns the brightness value of
pixels. The Global histogram equalization (GHE) ap-
proach works best when the original image has little
contrast to begin with. Otherwise, histogram equal-
ization may compromise image quality. If the image
has certain gray levels with high frequencies, they
can dominate the low-frequency gray levels. GHE
remaps the gray levels in this situation so that con-
trast stretching is limited in some dominating gray
levels with larger image histogram components, while
significant contrast loss occurs in others. In other
words,it yields either too dark or too bright regions in
the image. The contrast limited adaptive histogram
(CLAHE) method is another technique to enhance
the contrast of the image which overcomes the dis-
advantage of GHE. It is a hybrid of HE and adap-
tive histogram equalization in which the histogram is
adaptively equalized in blocks with a predetermined
clip limit. CLAHE does not function on the entire
image. Instead, it operates on tiny areas of the im-
age known as tiles. It works the same way on each
tile as regular Histogram Equalization (HE) [21, 22].

2.3 Mathematical Morphology

Mathematical morphology is a nonlinear image
processing approach based on an object’s geometric
structure or form. It uses set theory to modify an
image’s geometric structure. It is widely used for
noise reduction, feature extraction, edge detection,
image segmentation, form identification, image com-
parison, and texture analysis [23]. The mathematical
morphology algorithm is a representation of the inter-
action between a set of objects and their structural
components. The structuring element which is also
referred to as the kernel window plays an important
part in the morphology operation. The structuring
element is shifted across the length and width of the
image to perform the morphology operation. Dila-
tion, erosion, opening, and closure are the four main
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operations of mathematical morphology. They have
distinct characteristics in binary and grayscale im-
ages. Based on these fundamental procedures, sev-
eral useful mathematical morphology methods might
be constructed and integrated for different applica-
tions. The basic operation of dilation and erosion is
given by equations (4) and (5).

Dilation operation: dilation of binary image A by
structuring element B (A & B) which is mathemati-
cally shown in (4).

AoB=]J4 (4)
beB

Erosion operation: erosion of binary image A by
structuring element B (A © B) which is mathemati-
cally represented by (5).

AeB= ()4, (5)

beB

Dilation is an expanding procedure that expands
the target while contracting the hole, allowing the
user to merge background points surrounding the im-
age and link two neighbouring items. Erosion, on the
other hand, is a contractive process that causes the
target to contract and the hole to enlarge to remove
unnecessary points and separate two small, related
objects.

3. METHODOLOGY

This section discusses the segmentation framework
to detect the median nerve from the ultrasound im-
ages using the signal processing techniques frame-
work. Fig.2 shows the overall methodology adapted
for the study.

Overall, there are two stages involved in the seg-
mentation of the median nerve on ultrasound images:
namely the pre-processing, and the signal processing
stages. The pre-processing stage includes the ROI
selection, image denoising, image contrast enhance-
ment, and thresholding. The signal processing stage
extracts the feature of the input image. The tech-
niques used in this stage are edge detection, morphol-
ogy operation, and contouring.

3.1 Data Collection

As shown in Fig.2, the input images are from the
ultrasound images obtained as secondary data from
a hospital in Phitsanulok province, Thailand. In the
data collecting procedure, however, no physical ex-
periment of the patient or individual was involved.
The ultrasound images of wrists that had already
been experimented with in previous years and stored
in the ultrasound machine’s database were collected
for study purposes. The experiments were carryout
by a trained specialist (a medical doctor). The exam-
ination was examined using SONIMAGE HS1, Kon-
ica Minolta, a portable ultrasound machine. In total,

Input Image

Data Pre-processing

oROI Selection
eBilateral Filter (noise removal)
eHistogram Equalization (contrast enhancement)
eThresholding
) I

Signal Processing Technique

Canny Edge Mathematical Morphology
Detection (Dilation and Erosion)
¥
Contour
(Convex Hull)
) I
Segmented
Image

Fig.2: Architecture of Median Nerve Segmentation
using Signal Processing Algorithm.

-

35 ultrasound hand wrist images of distal type were
collected. The size of each image is 864 x648 pixels.

3.2 Pre-processing and Segmentation Phase

To illustrate in detail of the pre-processing and sig-
nal processing shown in Fig.2, the flow chart of these
two stages is given in Fig.3. For the pre-processing
stage, the input image in gray scale is fed to the sys-
tem. Such an image is filtered by a bilateral filter
using (1) and (2). The input image ROI is then se-
lected. The image contrast is modified using CLAHE
by (3). At the end of this satge, the image is changed
from a gray-scale image to a binary image using Otsu.
The result from applying these pre-processing tech-
niques is given next.

Pre-processing is applied to minimize the complex-
ity, to improve the accuracy of the applied algorithm,
and remove the noise. It also increases the sensitivity
of segmenting the median nerve in ultrasound images.
The pre-processing techniques adopted in this study
are image denoising, ROI selection, contrast enhance-
ment, and thresholding. An input gray-scale image
with a size of 864x648 pixels is first passed through
a bilateral filter to smooth the image. Such filtering
preserves edges while lowering noise and is applied to
minimize the speckle noise which is the predominant
multiplicative noise in ultrasound images.

A square ROI with a size of 432x432 pixels from
the canter of the 864 x648 pixels in the original image
is selected. The center of the image is the most cred-
ible and provides an optimal spot to avoid any dis-
torting effects in ultrasound wave patterns as shown
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v
Append the Contour to
Input Image

Segmented Median Nerve

Fig.3: Flow Chart of the Proposed Method.

in Fig.4. Furthermore, using an ROI to extract fea-
tures from a subset of an image rather than the entire
image minimizes the computing time.

(a)
Fig.4: ROI Selection.

From Fig.4(a), it can be seen that from the original
input image with a size of 864x648 pixels, there is
an area where most of the pixels are in black (lower
portion of the image) while in some area the values
of the pixels seems to be randomly combined pixels
ranging between black and white (upper portion of
the image). From an Information Theory point of

view, the upper portion of the image contains more
information than the lower portion. Thus, in the ROI
selection process, the upper part of the image should
be selected. This is shown in Fig.4(b). Thus, using
an ROI to extract features from a subset of an image
rather than the entire image will lower the computing
time and power required.

The contrast limited adaptive histogram (CLAHE)
method is then applied to enhance the contrast of
the image. CLAHE remaps the contrast of the im-
age adaptively because the histogram is adaptively
equalized in blocks with a predetermined clip limit.
CLAHE does not function on the entire image. In-
stead, it operates on tiny areas of the image known
as tiles. Fig.5 shows the effects of GHE and CLAHE
on image enhancement.

Fig.5(b) shows that the GHE equalization
stretches the contrast of an image so regions of it
are either too dark or too bright. Fig.5(c) depicts the
effects of CLAHE equalization in which the contrast
of the image is stretched adaptively. Fig.6 shows the
histogram of the original and the CLAHE equalized
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Fig.5: (a) Original Image (b) Global Histogram
Equalization (¢) Adaptive or Local Histogram Equal-
ization.

image. As shown in the diagram, the histogram of
the original image (Fig.6(a)) is more skewed towards
0 to 155 compared to the CLAHE equalized image
(Fig.6(b)) whose histogram intensity is almost uni-
formly distributed across 0 to 255. After CLAHE,
the image can be binarized using Otsu thresholding
[24].
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(b)
Fig.6: (a) Histogram of Original Image (b) His-
togram of CLAHE Equalized Image.

For the signal processing stage, the canny operator
is used as the edge detection method to determine the
structure of the median nerve in an ultrasound image
to divide the region. This well-known edge identifi-
cation approach helps to simplify image analysis by
dramatically lowering the quantity of data that must
be processed while keeping important structural in-
formation about median nerve borders.

The output of binary images from the edge detec-
tion procedure appeared to cause a serious difficulty
when the system was initially run. Unexpectedly, as
shown in Fig.6, the edge detected output contains
several edge lines that do not represent the median
nerve.

Edges

100

150

200

250

100 150 200 250 300 350 0

(a) (b)
Fig.7: Effect of Edge Detection: (a) Input Image
and (b) Edge-Detected Image.

50 100 150 200 250 300 350

Because there are so many edges along with the
genuine median nerve edges, as seen in Fig.7(b), it
would be extremely difficult to produce the true me-
dian nerve shape. The issue arose because the canny
edge detector was unable to filter the image’s minor
marginal differences in gray color, making it impossi-
ble to determine the canny edge detector’s upper and
lower threshold values. It takes longer to choose the
threshold value using the trial-and-error technique.

To solve this problem, the Euler number approach
[25] was used before the edge identification procedure.
The Euler number is utilized to extract the median
nerve area in an ultrasound image with this proce-
dure. The strategy relies on the ultrasound image’s
connectedness and holes. The Euler number, F, is
the basic relationship between the number of linked
object components, C, and the number of holes (H)
in an image given by (6).

E=C-H (6)

The Euler number approach is used to link the pix-
els in the median nerve region, isolating them from
the undesirable surrounding area known as the ob-
ject holes. Edge detection after applying the Eu-
ler number approach is shown in Fig.8. When com-
pared to the result of Canny edge detection, it demon-
strates that the edges are more meaningful with def-
inite distinction between the median nerve structure
and other non-media structure components. It can
be used to distinctly distinguish the median nerve.

Once the edge has been detected, a mathematical
morphological method called dilation is used to ex-
tend the edge such that it encompasses the anatom-
ical region of interest. To ensure that the growth
process does not continue beyond the interest region,
an appropriate dilation value is computed by repeti-
tive iteration. Any undesired growth regions will be
removed as a precautionary approach.

As a result, dilation reunites the disjointed dotted
edge lines, particularly those that make up the me-
dian area shape. The erosion then eliminates the un-
necessary edge line that connects the specified region.
After the median nerve region’s edge has been pro-
duced as a closed rounded line, the close operation is
performed to close the rounded boundary. The region
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Fig.8: FEdge Detection after Applying for FEuler
Number Approach.

area is filled to create a region of interest (ROI). The
ROI is significant since it will be used as the image
mask for another detection task shortly after. The
removal operation is performed to separate each ROI
from its adjacent region, which may contain other un-
desirable areas, particularly those tiny portions next
to the median nerve area. The result is a single object
(As shown in Fig.9). A convex hull is used to define
the contour to join some small disjoint parts in the
segmented median nerve boundaries.

3.3 Evaluation Matrix

Evaluation indices such as the Jaccard similarity
coefficient (JC), recall (R), precision (P), and F1
score are used as the performance evaluation metrics
in the median nerve segmentation task. They are
evaluated by comparing the ground truths to the au-
tomated segmentation outputs using the spatial over-
lap percentage between two binary images as a met-
ric. The score might range from 0 to 1, with 0 indi-
cating no overlap and 1 indicating a perfect match.
Mathematically, these indices can be represented by
the equations (7) to (10).

_ |ANnB|
JO*|AUB| (M)
TP
R_TP+FP (8)
TP
p=_ " _
TP+ FP )
FlScore=2><R><P (10)

R+ P

The TP, TN, FP, and FN represent the pixel num-
bers of true positive, true negative, false positive,
and false negative, respectively. A represents the
ground truth of the median nerve annotated man-
ually by the sonographer. B denotes the predicted or
automatically segmented median nerve region by the
proposed algorithm. Furthermore, the cross-sectional
area (CSA) of the segmented median nerve is calcu-
lated to check the presence of CTS.

Fig.9: ROI Mask after Morphology Operation.

4. EXPERIMENT RESULTS AND DISCUS-
SION

4.1 Experiment Setup

The experimental setup is presented in Table 1
with values. The test images were obtained from
the hospital as secondary images. The segmenta-
tion of the median nerve was implemented using
the OpenCV image processing library and the open
source python language. Each of the 35 test images
has a varied image quality and contrast, and has a dif-
ferent structure or form of the median nerve. Fig. 10
shows a sample test image. Figures in Fig.10(a) de-
pict a condition in which the input ultrasound image
cannot distinguish between the median nerve struc-
ture and its surroundings, and no identifiable border
between the median nerve structure and its surround-
ings can be seen.

Table 1: FEzxperimental Setup Environment.

| System [ Name |

Lenovo, 16GB RAM,
Personal Intel Core i7-9750H
Hardware Laptop CPU @ 2.60GHz -
5.00GHz, GPU @
NVIDIA Quadro T2000
Programming Python 37
Language
Editor VS Code 1.58
Test Tmage Ultrasound 35 test images with a
image size of 864 x 648 pixels
Library Open CV 4.5.4

Fig.10: Sample of Test Image.
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4.2 Experiment Result

A qualitative evaluation was performed by visually
inspecting how well the segmented results were fitted
to the true boundary of the median nerve. Fig.11
compares the manually segmented median done by
experts with the median nerve segmented by the pro-
posed study.

Fig.11(a) shows the initial wrist ultrasound scan,
which shows the median nerve’s structural informa-
tion. Fig.11(b) shows the image segmented manually
by an experienced sonographer, whereas (Fig.11(c))
which is contoured with red contour shows the image
segmented using the proposed edge-morphology (sig-
nal processing) approach. In comparison to the man-
ually segmented picture (Fig. 11(b)), the suggested
method’s segmented output (Fig. 11(c)) shows that
the generated median nerve contours overlaid onto
the genuine border of the median nerve. It can be
seen in (Fig.11(b)) that a section of the real median
nerve border is left unsegmented, as indicated by the
little red rectangle. As can be seen, the suggested
segmented image shows a superior level of precision
and accuracy in the median nerve segmentation.

In addition to the qualitative evaluation, the accu-
racy of the model was further confirmed by compar-
ing the automatic findings to the ground truth which
was manually segmented by the sonographer. Indices
shown by (7) to (10) were used to measure the per-
formance of the proposed method.

The algorithm was tested on 35 ultrasound images
and obtained precision, recall, F1-score, and Jaccard
similarity of 0.87,0.93, 0.76, and 0.93 respectively,
which shows that there is a higher degree of over-
lap between the segmented and ground truth image.
The ground truth is achieved by conducting man-
ual area tracing on the median nerve using GIMP
2.10.28 (GNU Image Manipulation Program), a free
and open-source raster graphic tool, on the manually
marked ultrasound image by the expert sonographer.
When the tracing was completed, the selected region
was highlighted and changed to a binary image (fore-
ground as white and background as black).

Fig.12(a) to 12(f) illustrate some of the median
nerve segmentation findings utilizing the suggested
technique. The image without a contour is the test
image or input image, while the image marked with
a red contour is the corresponding segmented image
from the proposed method. The real boundary of the
median nerve is precisely segmented, as can be seen
in the result images.

Fig.12(a) and 12(b) represent the segmentation re-
sult when the input image is highly clean, with a de-
fined border between the actual median nerve struc-
ture and the surroundings. The segmented images
can be easily obtained. Fig.12(c) and 12(d) repre-
sent the segmentation result from the second scenario
when the contrast of an input image is not equally
distributed and the true border between the genuine

median nerve is noisy. With the proposed method,
the input images can also be segmented. Fig.12(e)
and 12(f) show the segmentation result from the pro-
posed system in the worst-case situation when the
input ultrasound image cannot discriminate between
the median nerve structure and its surroundings, and
there is no discernible border between the structure
of the median nerve and its surroundings. Interest-
ingly, the proposed method can do the segmentation
work, as well. The resilience and the robustness of
the suggested model in segmenting the median nerve
efficiently in ultrasound images despite higher vari-
ability in the input image is demonstrated by these
different case outcomes.

4.3 Discussion

With no manual intervention, the edge-morphology
approach was able to properly localize and segment
the median nerve. The cross-sectional area (CSA) of
the segmented median nerve was calculated and com-
pared to the CSA of ground truth (GT) to ascertain
the effectiveness of the algorithm. The cross-sectional
area (CSA) of the median nerve (MN) is the most of-
ten used parameter to measure and quantify the CTS,
with cut-off values diagnostic for MN pathology de-
fined from 9 mm? to 14 mm? in various analytical
settings [19]. However, the value of 9 mm? for the
median nerve area is the most trusted cut-off value
for MN pathology during CTS as shown by NCSs in-
vestigations.

Fig.13 compares the cross-sectional area (CSA)
of the median nerve between the original image or
ground truth (GT) and the segmented median nerve
from the proposed algorithm. The green dashed line
represents the CSA value calculated by the expert
and the blue solid line illustrates the CSA value of
the median nerve calculated using the proposed al-
gorithm. It is evident from the figure that there is
a significant correlation of CSA between the original
image and the segmented image with a close resem-
blance of over 90%. This promising result proves that
the proposed algorithm can be used in clinical prac-
tice to aid in diagnosing CTS in ultrasound images.
The average and standard deviation from these two
cases are determined and shown in Table 2.

Table 2 shows the average CSA value of ground
truth and the mean value determined using the pro-
posed method. The ground truth and proposed meth-
ods yielded average CSA values of 12.8 mm? + 4.384
mm? and 11.95 mm? £ 3.909 mm?, respectively.
The table shows that the average CSA value ac-
quired using the proposed method is nearly identical
to the value determined by the professional sonog-
rapher. Furthermore, the standard deviation deter-
mined from the proposed method is also equivalent to
the ground truth. This demonstrates that the model
performs in the same way as the ground truth. It
indicates that the proposed approach is uniform and
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Fig.11: Median Nerve Segmented (a) Original Input Image, (b) Ground Truth (GT) Segmented by A Sono-
grapher, and (c) Automatic Median Nerve Segmented by the Proposed Algorithm.
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Fig.12: Segmentation Result of Median Nerve Ultrasound Images using Proposed Method. The images
with red contour shows the automatically segmented image using the proposed method and the images without
contour are the test images.
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resilient in the segmentation of the median nerve. It
also concludes that the proposed model is stable and
effective. As a result, it can be concluded that suit-
able data pre-processing introduced before the feature
extraction model produces a high accurate result in
the segmentation of median nerve in ultrasound im-
ages. Additionally, it does not demand the sonog-
rapher to manually detect and identify the median
nerve to diagnose carpal tunnel syndrome (CTS),
which requires a lot of experience and time. As a
result, the proposed approach can be employed to
segment the median nerve in an ultrasound machine
to diagnose CTS.

Table 2: The Mean and Standard Deviation of
Cross-Sectional Area (CSA) Value from Original Im-
age (or Ground Truth) and Proposed Algorithm.

Original Image
(Ground Truth) 12.8 + 4.384
Proposed Algorithm 11.95 £ 3.909

However, the model has estimated the CSA of the
median nerve as false positive (represented by the red
circle marked in Fig.13) in some situations, even when
the expert or sonographer evaluated it as true posi-
tive. Image numbers 6 and 17 in Fig.13 are classed
as normal (i.e., the 13.9 mm?2 and 13.8 mm?2 are CSA
of the segmented image, and 17.32 mm2 and 16 mm?2
are the CSA calculated by the expert sonographer, re-
spectively). Additionally, for image number 29, from
the proposed algorithm, it has been determined as
abnormal with the CSA value of 9.2 mm2 while this
has been assigned as a normal case by the expert.
This may be the outcome of excessive erosion and di-
latation during the morphological procedure. These
issues could be further analyzed and might be solved
by using more precise techniques like artificial intel-
ligence and deep learning.

To show the degree of similarities in greater detail,
statistical analysis is performed using Microsoft Ex-
cel (Microsoft 365). The correlation coefficient (also
known as Pearson’s product-moment “r”) is used to
determine the strength of the CSA’s linear relation-
ship with the ground truth and segmented image. In
the examination of 35 test images, the CSA values
from ground truth and the segmented image had a
correlation coefficient of 0.962. These results sug-
gest that the two CSAs (calculated and ground truth)
have a strong association and again confirm that the
proposed algorithm is a promising method for seg-
menting the median nerve.

To further present the usefulness of the proposed
algorithm, some key performance indicators obtained
from the proposed algorithm and work done previ-
ously are compared as shown in Table 3.

Table 3 shows the comparison of the proposed al-

Table 3: Comparison of Proposed Algorithm with
other Method based on Signal Processing Algorithm.

Wang’s
work [16] 85 91 75 -
Proposed
Algorithm 87 9 76 93

gorithm with the work done by Wang [16] based on
the signal processing techniques to detect the median
nerve in ultrasound images. In Wang’s work [16],
a greedy active contour-based detection framework
was used to detect the median nerve in ultrasound
images. When tested on the test image, it obtained
mean precision, recall, and F-1 score values of 85%,
91%, and 75%, respectively. The reference contour
remains a factor in contour computation. Contour
segmentation may produce an incorrect result due to
a defective contour in the reference image. The pro-
posed algorithm obtained mean precision, recall, and
F-1 score values of 87%, 93%, and 76%, respectively.
These are 2%, 2%, and 1% higher than [16]. Note that
there is no information about Jaccard Similarity pro-
vided by [16]. The obtained improvement is from the
pre-processing and additional signal processing tech-
niques used in the proposed algorithm. This demon-
strates that the proposed method is more dependable
and consistent in median nerve segmentation.

5. CONCLUSION

This study found that signal processing techniques
can be used to segment the median nerve in ultra-
sound images to calculate the characteristics of the
median nerve. Data pre-processing aids the segmen-
tation process by removing unwanted noise which
adds complication to detecting the median nerve.
Applying the proposed signal processing method,
the median nerve can be segmented, and the cross-
sectional area can be determined. It has been shown
that the segmented area and the cross-sectional area
of the proposed method are almost identical to those
done by professional sonographers. In practice, the
methodology can help establish a reliable technique
to diagnose CTS in ultrasound images. This approach
will also assist in the prediction of CTS treatment re-
sults. It will also lessen reliance on an experienced
sonographer to recognize the median nerve in an ul-
trasound image, allowing it to be used as a predictive
model notifying both the physician and the patient
about the likelihood of success, easing their collabo-
rative decision-making process.
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