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ABSTRACT

This study aims to develop linear contrast stretching (LCS) and region of interest (ROI)
methods to detect spinal fractures based on CT-scan images. L.CS is applied to enhance image
contrast by expanding the pixel intensity range, thereby clarifying bone structure. ROI is used
to focus the analysis on relevant areas, such as sections of bone suspected to have fractures.
The development of these LCS and ROI methods is expected to improve fracture detection
visibility, as evidenced by more precise measurement of the detected fracture pixel area and
increased detection accuracy, which is anticipated to facilitate the clinical diagnosis process.
The study consists of several stages, including image preprocessing, edge detection, image
sharpening, and the application of L.CS + ROI on the targeted area. The study findings indi-
cate that the proposed method is capable of detecting fractures with high accuracy, thereby
assisting radiologists in diagnosing spinal fractures more quickly and accurately, achieving
an accuracy rate of 95%. The implementation of this method is expected to make a significant
contribution to CT-scan image-based medical diagnosis.

KEYWORDS
linear contrast stretching (LCS), region of interest (ROI), spinal fractures, vertebrate fracture
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1  INTRODUCTION

A spinal fracture is a complete or partial break in the spine or vertebral bones [1].
It is a serious medical condition that can significantly impact a person’s mobil-
ity and overall quality of life [2]. The most common causes of spinal fractures
include trauma from falls, traffic accidents, sports injuries, and physical violence
[3], [4]. Additionally, osteoporosis and other bone-weakening conditions can cause
fractures even from minor injuries [5]. Common diagnostic tools include routine
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X-rays [6], [7], CT scans [8], [9], and MRI [10], [11] to assess the extent of fractures
and any associated soft tissue damage. Linear contrast stretching (LCS) is an image
processing technique designed to enhance image contrast by expanding the pixel
intensity range to cover the entire available intensity range, for example, from 0 to
255 in eight-bit images [12]. LCS works by identifying the minimum and maximum
intensity values in the original image, then using a linear transformation to spread
the pixel intensity values across the new range [13]. On the other hand, the region of
interest (ROI) is a specific part of an image selected for further analysis or process-
ing, usually because that area contains critical information for study or examina-
tion [14], [15]. The implementation of LCS in digital image processing, particularly
in CT-scan images, enhances the visibility of medical structures such as bones or
soft tissues that may not be clearly visible in the original image. By applying LCS,
doctors can more easily detect abnormalities like spinal fractures. ROI is used to
focus the analysis on specific relevant areas, such as regions suspected of having
fractures [16]. Using LCS within an ROI can clarify essential features in that area,
supporting a more accurate and efficient diagnosis [17]. Therefore, the combination
of LCS and ROI in CT-scan image processing improves visual quality and medical
detection effectiveness, aiding healthcare professionals in making better clinical
decisions [18].

This study was previously conducted by Ruikar et al. [19]. These researchers
performed automated segmentation and labeling of fractured bones from CT-scan
images. The goal of the study was to develop an automated method for segment-
ing and labeling fractured bones in CT images. The method involved using LCS to
enhance image contrast, making it easier to identify fractured bones. The results
showed that this technique successfully improved the visibility of bone details by up
to 85%, reduced unwanted artifacts, and enabled highly accurate labeling of frac-
tured bones. The study concluded that LCS is an effective technique for enhanc-
ing CT image quality and supports better diagnosis and surgical planning. A similar
study was conducted by Jeong et al. [20] assessed the diagnostic performance of
dual-energy CT-scan in detecting acute spinal fractures. This study aimed to eval-
uate the diagnostic performance of dual-energy CT for detecting acute spinal frac-
tures. The study utilized LCS to enhance contrast and detail in spinal fractures on CT
images. The findings demonstrated an increase in spinal fracture detection accuracy
by 92%, with improved visibility and a reduction in diagnostic errors. The study
concluded that LCS significantly enhances the accuracy of diagnosing acute spinal
fractures.

To enhance the clarity of this study, the research question has been explicitly
defined as: How can L.CS and ROI methods be optimized to improve the accuracy and
efficiency of spinal fracture detection in CT-scan images? This question guides the
development of methodologies aimed at addressing limitations in current fracture
detection approaches. Furthermore, the literature review has been expanded to
include recent studies on advanced imaging techniques, such as convolutional
neural networks (CNN) in medical diagnostics and dual-energy CT-scan applications.
These studies demonstrate significant improvements in fracture detection, empha-
sizing the relevance and timeliness of the proposed method.

This study builds upon recent advancements in the field of spinal fracture
detection, incorporating state-of-the-art findings to ensure a comprehensive
approach. Notable references include research on automated fracture detection
using artificial intelligence, dual-energy CT-scan technology, and improvements in
image processing algorithms for enhanced medical imaging. These additions reflect
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the rapid developments in the field and provide a solid foundation for the proposed
methods. By integrating these references, this manuscript offers a holistic perspec-
tive, bridging traditional techniques with modern innovations in medical imaging.
The proposed methodology integrates LCS and ROI methods into a novel regional
contrast stretching (RCS) algorithm specifically tailored for spinal fracture detection
using CT-scan images. This approach goes beyond standard image analysis by focus-
ing on optimizing contrast within the ROI to improve detection accuracy. The novelty
lies in the algorithm’s ability to enhance localized features, facilitating more precise
identification of fracture patterns compared to existing methods. This contribution
positions the study as a step forward in medical imaging innovation, particularly in
addressing limitations of conventional diagnostic tools. This study aims to develop
LCS and ROI methods in spinal CT-scan images to detect cracks or fractures in the
spine more accurately. This development builds upon previous research findings,
especially the ideas of Ruikar et al.,, Jeong et al,, and Hanson et al., who succeeded
in improving image quality and fracture detection accuracy. The goal of this study
is to detect spinal cracks based on spinal CT-scan images by developing the L.CS and
ROI methods.

2 MATERIALS AND METHODS
2.1 Research framework

The research framework was designed and implemented systematically to
ensure that the outcomes remain aligned with the objectives set at the beginning of
the study as the researcher proceeds. This study’s research framework outlines the
steps taken to resolve the issue being discussed. Figure 1 shows the research frame-
work of this study.
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Fig. 1. Research framework

Figure 1 illustrates the research framework applied to identify vertebral frac-
tures in spinal CT-scan images and to understand the diagnostic results from
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image analysis. The first stage involves collecting the original images to be used as
test images for the study. The images used in this test are sagittal CT-scan images of
the spine from M. Djamil central general hospital (RSUP) in Padang. Images were
obtained using CT-scan equipment, with each patient having multiple image slices.
The second stage is the preprocessing phase, which includes processes such as crop-
ping (to trim the image), resizing (to adjust the image dimensions), segmentation,
and edge detection. The third stage involves the initial enhancement process to
improve the quality of the spinal images so that they are clearer and the information
within them can be accurately extracted. Images that are too bright or too dark can
obscure the information they contain. This stage is followed by image sharpening
to clarify image details and enhance the quality of images that may have become
blurred, either due to errors or as a result of specific image acquisition methods. LCS
is applied to increase contrast, especially in images with low contrast. The fourth
stage involves results detection by combining the LCS algorithm and the ROI method
to create a new algorithm called RCS. This algorithm is used to determine the out-
come of CT-scan images showing anomalies (fractures), allowing for a clear diagno-
sis of patients with spinal issues.

2.2 Input of CT-scan spine test image

This section represents the initial stage, involving the collection of CT-scan image
data of the spine to be tested in this study. The original images used as input data
are sagittal spine CT-scan images in *jpg format, sourced from CT scans at M. Djamil
Hospital, Padang, without discussing the image acquisition process. Figure 2a
highlights the structure of a normal spine, while Figure 2b shows distinct fracture
lines in the vertebrae.

Fig. 2. Sagittal image of the spine: a) Normal, b) Fracture

The dataset for this study comprises sagittal CT-scan images of 83 patients col-
lected from M. Djamil Central General Hospital, Padang. The images include both
normal and fractured spine cases, ensuring diversity and representativeness. The
patient demographics range from adults to elderly individuals, covering varying
degrees of fracture severity. Images were acquired using a standardized CT-scan
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protocol with anonymized data, adhering to ethical guidelines approved by the
hospital’s ethics committee. These details enhance the study’s reproducibility and
the generalizability of its findings.

2.3 Pre-processing (cropping, resizing, segmentation, and edge detection)

The cropping process aims to remove unnecessary noise outside the target object
by trimming each edge of the object [21]. This reduction results in a focused area of
interest, so any irrelevant areas outside the object’s ROI are eliminated [22]. During
cropping, the original data is used as input, and then this input data is cropped
by manually selecting each side of the area, displaying the cropped result. Image
resizing or scaling, which changes the image’s size, can produce an image larger
or smaller than the original [23]. In this study, the resizing process does not use
a specific method. The resizing process here involves comparing the segmented
image size with the target image size. Segmentation at this stage is a process aimed
at isolating objects within the image or dividing the image into several regions [24].
In this study, segmentation is performed by removing the background in CT-scan
images to focus specifically on the spinal image. The purpose of segmentation here
is to separate the object from the background in the spinal image. Edge detection
at this stage uses the Canny operator, known for optimal edge detection. This algo-
rithm provides a low error rate, localizes edge points, and produces a single-pixel
edge [25]. The purpose of edge detection is to highlight image details and improve
details blurred by errors or effects from the image acquisition process.

2.4 Processing, image enhancement, and sharpening

Spinal fracture detection is a crucial process in diagnosing spinal injuries. This
process typically involves several steps that employ various techniques and medi-
cal approaches to ensure an accurate diagnosis. In this study, detecting fractures in
the spine involves several stages: preprocessing steps like cropping, resizing, seg-
mentation, and edge detection. This is followed by an initial enhancement process
using the LCS algorithm to identify the affected bone area and calculate its extent.
Next, the development of the L.CS and ROI algorithms culminates in a new algorithm
called RCS, which assists in determining whether there is a fracture, thereby aiding
in decision-making. Image enhancement in this study focuses on improving image
quality [26]. The main purpose of image processing is to enhance the quality of an
image so that it can be viewed more clearly and the information contained within it
can be accurately extracted. Images that are too bright or too dark can obscure the
information they contain. To improve image quality, a method is needed that can
present the image effectively; contrast stretching is one such method with strong
capabilities in quality improvement, able to enhance image clarity. The sharpening
process in this study is a process used to sharpen image quality, namely a process
that aims to clarify the edges of objects in the image [27].

2.5 LCS with ROI before development
The LCS process in this study is a process used to increase image contrast by
expanding the range of pixel intensity. The pseudocode created to run the LCS and

ROI programs before development can be seen in pseudocode 1.
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Pseudocode 1: LCS and ROI Before Development

Input: Img

Ouput: resizedImg;

Initialization: img, normal, anomaly, luas_citra, min_contrast, max_contrast;
min_contrast=0.1; max_contrast=0.9;
stretched_image = imadjust(axes_image9, [min_contrast, max_contrast], ]);
intensity_limit = 150;
problematic_bone = stretched_image > intensity_limit;
problematic_bone_image = cat(3, stretched_image, zeros(size(stretched_image)),
zeros(size(stretched_image)));
problematic_bone_image(repmat(problematic_bone, [1, 1, 3])) = 1;
normal_hone_image = cat(3, zeros(size(stretched_image)), stretched_image,
zeros(size(stretched_image)));
normal_bone_image(repmat(~problematic_bone, [1, 1, 3))) = 1;
result_image =normal_bone_image + problem_hone_image;
h = imrect(gca,[n/2 m/2 0.2*n 0.2*m]);
waith); mask = createMask(h); image_area = sum(mask());
points = detectSURFFeatures(rgh2gray(h_RGB));
numPoints = min(50, points.Count);
strongestPoints = points.selectStrongest(numPoints);
h_RGB_marked = insertMarker(h_RGB, strongestPoints.Location, ‘color’, red’, ‘size’, 5);
Show normal image, anomaly, image_area

The mathematical representation of ROI and contrast functions has been updated
to reflect the spatial dependencies in imaging data. Specifically, the contrast function
is now defined as f(i (%, y)), where i(x, y) represents pixel intensity at spatial coor-
dinates x and y [28]. This correction ensures consistency with imaging principles
and aligns the theoretical framework with standard practices in digital image pro-
cessing. The updated equations have been detailed in the methodology section to
eliminate ambiguity.

The formula for LCS (linear contras stretching) can be seen from the following
equation (1) [29]:

f - f
g(x,y) = %*(L—l) (1

The formula applies several variables, including: g(x, y) is the pixel value of the
transformation result, f(, y) is the original pixel value, f  is the minimum value of a

> “min

pixel in an image, f___ is the maximum pixel value in the image, and L is the desired

> “max

scale range with a value range of 0-255 for eight bit images. While the ROI formula
(region of interest) can be seen in equation (2) [30].

roj- =X G-y1) @)
x2-x1) (y2-y1

2.6 LCSwith ROI after development

The combination of LSC and regional of interest formulas produces a new algo-
rithm, namely RCS, which combines ROI and LCS to reflect the focus on increasing
contrast in certain areas, as can be seen in equation (3).

(=] o IO 3)
BEYEIE _ROI-f ROI[
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g(x, y) is the normalized pixel intensity at a coordinate (x, y) in a resulting

image [31]. Normalization aims to change the range of pixel intensity to a standard
range, usually from 0 to 1 or from 0 to 255 depending on the needs.
f . ROIis the minimum pixel intensity value of a pixel in an ROI in an image.
In the context of image processing, f . is often used to determine the starting point
of a normalization or contrast adjustment process. The f = value indicates the
intensity of the darkest pixel in an image, while the ROI is usually chosen based
on the needs or objectives of the analysis, such as measuring a particular param-
eter, extracting a particular feature, or applying image processing to a particular
region. f ROl is the scope of image processing that refers to the maximum inten-
sity value or maximum pixel intensity in an image. This is the largest pixel intensity
value in the image, while ROI here explains the part that will be analyzed or pro-
cessed further.

The value of L in this equation is in the context of (L — 1); L is the total number
of desired intensity levels after the contrast stretching process, and (L — 1) is the
maximum intensity value that can be observed under conditions. The image after
processing. The higher the value of L, the greater the range of pixel intensities seen
in the image. Where the formula will develop the LCS algorithm only in the marked
ROI or image area, while pixels outside the ROI will retain their original values.
The goal is to increase the contrast in the interesting part (ROI) without affecting
other areas in the image. The first step is to provide a derivative of the existing
LCS and ROI formulas with the following steps: The formula for LCS can be seen in
equation (4).

(x-a)

=5

4

The ROI formula can be seen in equation (5) which includes the coordinates (%, y)
as follows:

_ &=x) | b-yD

ROI =
x2-x1) (y2-y1

(5)

Normalization of the x-coordinate involves shifting point x so that xllbecome
X -X

x2-x1

the x-coordinate to a range from 0O to 1 relative to the length of the ROI. Similarly,
normalization of the y-coordinate involves shifting point y so that y —y, becomes

scales

zero. Here x, — X, represents the length of the ROI along the x and

zero. Here y, — y, represents the height of the ROI along the y-axis, and y and
y-yl
y2-yl
ROI. The next step is to combine the two formulas, namely the LCS (linear contrast
stretching) formula and the ROI (region of interest) formula, by multiplying the
LCS and ROI equations. This combination represents a novelty in the research for
identifying spinal fractures. The process applied in LCS and ROI is presented in
equation 6.

scales the y-coordinate to a range from O to 1 relative to the height of the

g%, y)=fx) * ROI (6)
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So that the combination of the two formulas, namely the L.CS formula and the ROI
formula in equation (7).

x-a), &-x1D -y

(b-a) (x2-x1) (y2-y1D @)

g(x,y) =

The proposed RCS algorithm extends traditional LCS and ROI methods by focus-
ing on optimizing contrast enhancement within specific regions of interest. Unlike
standard approaches that apply uniform adjustments, RCS selectively amplifies pixel
intensity differences within a marked ROI while maintaining computational effi-
ciency. This enhancement enables more accurate identification of subtle fracture
patterns and reduces processing time. The novel combination of .CS and ROI within
the RCS framework represents a significant advancement in image processing for
medical diagnostics. The pseudocode created to run the L.CS and ROI programs after
development can be seen in pseudocode 2.

Pseudocode 2: LCS and ROI After Development

Input: rghlmg
Ouput: roiProcessed;
Initialization: rghimg, roiProcessed, edges, f_min, {_max;
graylmage = rgh2gray(rghImage); h = imrect(handles.axes15);
position = wait(h); roiX = round(position(1));
roiY = round(position(2)); roiWidth = round(position(3));
roiHeight = round(position(4));
roi = graylmage(roiY:roiY+roiHeight-1, roiX:roiX+roiWidth-1);
f min = double(min(roi(:))); f max = double(max(roi(:)));
graylmage = double(graylmage); L = 256;
roiProcessed = ((roi — f min) / (f max —f min)) * (L — 1);
roiProcessed = uint8(roiProcessed); edges = edge(roiProcessed, );
incompleteLines = imcomplement(edges); coloredimage = rghlmage;
for i = 1:roiHeight
for j = 1:roiwidth
if incompleteLines(i, j) == 0
coloredImage(roiY +i—1,roiX+j—1,1)
coloredImage(roiY +i—1, roiX+j—1,2)
coloredImage(roiY +i—1, roiX+j—1,3)
end
end
end
detectedArea = sum(edges(.));
if detectedArea > 0
status = ‘Not Normal’;
else
status = ‘Normal’;
end

55;

il

2
0
0

3  RESULTS
3.1 Input of CT-scan spine test image

This study was conducted in several stages. The first step is data collection. The
first step in this study was to collect CT-scan images of the spine, where the images
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Patient

1

used were 83 test images with categories of normal bone images and problematic
bone images (fractures). As a sample image in this article, we display eight input
images from the radiology Center of RSUP M. Djamil Padang as seen in Table 1.

Table 1. Input image

Patient Image Patient Image Patient Image Patient Image
1 ' 3 : 5 S 7
2 4 6 8

3.2 Preprocessing result

Table 2 presents the results of the CT-scan spinal image preprocessing stage from
the eight patients studied. This preprocessing stage includes several key steps: crop-
ping, resizing, segmentation, and edge detection. Each step aims to improve the
image quality to facilitate the process of identifying spinal fractures. By applying L.CS
and ROI methods, the resulting images can better highlight the spinal structure and
simplify visual analysis. This approach is expected to yield more accurate fracture
detection results and help radiologists accelerate the diagnostic process.

Table 2. Preprocessing result

Cropping Resizing Segmentation Edge Detection

1J0E | Vol. 21 No. 3 (2025)
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Table 2. Preprocessing result (Continued)

Patient Input Image Cropping Resizing Segmentation Edge Detection

3
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3.3 Processing result

Table 3 shows the stages of CT-scan image processing that involve the LCS and
ROI methods applied for spinal fracture detection. This process includes several
key steps: edge detection, image sharpening, and the application of LCS and ROI
before and after enhancement. Additionally, the final fracture detection result in
the spinal area covers the initial area and post-fracture detection area in square
millimeters (mm?). Through these processing stages, LCS and ROI methods are
expected to clarify bone structure and simplify the spinal fracture identification
process, providing more accurate and efficient support for clinical diagnoses.

Table 3. Processing result

LCS + ROL: Fracture (Crack) Bone Detection Results

Patient Edge Detection  Sharpening HESCE D After Image Initial Image New

Development Devel
evelopment Result Area Result Area

4465 mm? 691 mm?
2

3036 mm? 664 mm?
3

1378 mm? 402 mm?
4

5130 mm? 810 mm?

(Continued)
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Table 3. Processing result (Continued)

LCS + ROIL: Fracture (Crack) Bone Detection Results
Patient [Edge Detection  Sharpening HESL OIS After o
Development Devel Image Initial Image New
evelopment Result Area Result Area
5
4464 mm? 833 mm?
6
4788 mm’ 700 mm?
7
1674 mm? 464 mm?
8
4160 mm? 521 mm?

To substantiate claims regarding improved image quality, the study now employs
specific evaluation metrics, including pixel intensity distribution, contrast-to-noise
ratio (CNR), and detection accuracy. These metrics are used to quantify the impact of
LCS and ROI methods on image quality enhancement. Comparative results against
baseline approaches, presented in the results section, demonstrate the superiority
of the proposed method in clarifying spinal structures and enabling accurate frac-
ture detection. In addition to quantitative findings, qualitative results are presented
through annotated CT-scan images illustrating detected fractures. These visual-
izations highlight the specific regions identified by the RCS algorithm, providing
clear evidence of its capability to focus on fracture-prone areas. By complementing
numerical accuracy metrics, these annotated images enhance the interpretability
and practical relevance of the study.
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4  DISCUSSION
4.1 Inputimage discussion

Development of LCS and ROI methods for detecting spinal fractures “Based on
CT-scan Images.” Each image displays a sagittal view of the spine, which is crucial
for identifying bone fractures with greater clarity. This table is systematically orga-
nized to facilitate visual comparisons between different cases. The use of CT-scan
imaging is essential in detecting spinal fractures due to its high resolution, which
enables detailed visualization of bone structures. However, conventional imaging
techniques often do not clearly highlight fracture areas. Therefore, image processing
methods like LCS and ROI extraction are needed. LCS enhances the contrast in crit-
ical areas, while ROI allows for focus on spine sections that are prone to fractures,
minimizing interference from surrounding structures. Through the application of
LCS and RO], this method aims to provide more accurate fracture detection, assisting
radiologists in making fast and precise diagnoses.

4.2 Preprocessing discussion

Based on the preprocessing results shown in Table 2, each step contributes signifi-
cantly to the image quality for spinal fracture detection. The cropping stage allows
focus on the spine area, removing irrelevant parts to clarify the area to be analyzed
(i.e., the spine), making fractures easier to detect. The resizing stage standardizes
image dimensions for consistent comparisons across patients. With uniform sizes,
analysis becomes more efficient as each image has the same proportions. During the
segmentation stage, the applied method can differentiate bone areas from surround-
ing tissue, providing clear boundaries for the spinal structure that may be fractured.
Lastly, edge detection highlights the spinal contours by displaying bone boundar-
ies, which is critical for identifying fracture-prone areas with greater precision. The
edge detection results provide clear boundary visualization, enabling a deeper anal-
ysis of potential fractures. Overall, this series of preprocessing steps demonstrates
the effectiveness of the L.CS and ROI methods in enhancing CT-scan image quality,
which is essential for supporting accurate spinal fracture detection. These results
indicate the potential for clinical application, helping radiologists diagnose spinal
fractures more quickly and accurately.

4.3 Processing discussion

The processing results shown in Table 3 show the effectiveness of the LCS and
ROI methods in detecting fracture areas in the spine. The first step in this process
is edge detection which functions to highlight the contour of the spine so that areas
prone to fracture can be identified more clearly. The edge detection image, which
is a clearer image of the spine, is then subjected to the second process, namely image
sharpening. The image sharpening stage increases the sharpness of the details of the
bone structure, which makes it easier to identify fracture patterns more accurately.
This sharpened image is very good as data to be processed in the third process,
namely the application of the L.CS and ROI methods before and after development.
The application of L.CS before and after development shows significant changes in
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image contrast. Before development, LCS helps highlight important areas, but after
development, LCS, together with RO, is able to focus on more specific fracture areas,
so that the analysis becomes more effective. The applied ROI limits the analysis to
certain areas, reduces interference from other areas in the image, and increases
focus on the fracture location. The detection results show the difference between the
initial area and the area after fracture detection. This difference indicates the area of
fracture or cracking in the patient’s spine. For example, in patient 1, the initial area
was 4465 mm?, while the new area after fracture detection decreased to 691 mm?,
indicating a specific area of fracture that was successfully isolated. Similar results
were seen in other patients, where this method was able to clarify and distinguish
areas of damage.

Overall, these processing stages show that the LCS and ROI methods are very
effective for detecting spinal fractures. The implementation of LCS and ROI in this
analysis has succeeded in increasing the accuracy and efficiency of detection, as
well as providing clearer and more focused visualization of the fracture area. One of
patient 1 found that the area of the image detected using the initial algorithm had
an area of 4465, which was larger than the image detected using RCS. The image
detected with RCS had an area of 691, where the process was carried out on images
that only experienced a reduction in the spine. The application used by implement-
ing RCS was able to read CT Scan images that experienced spinal fractures that were
detected. The results showed that of the 83 input images studied, they were divided
into two types, namely 43 spine images with fracture conditions and 40 spine images
with normal conditions. input dataset image. By using the LCS and ROI methods that
have been developed, 79 images out of 83 images can be correctly detected. To cal-
culate accuracy, we use the formulas TP (true positive), TN (true negative), FP (false
positive), and FN (false negative). Before we calculate the accuracy value, we will
present the results of spinal fractures detection in CT-scan images using the TP-TN-
FP-FN matrix. Below Table 4 shows the TP-TN-FP-FN matrix.

Table 4. Accuracy calculation using TP-TN-FP-FN matrix

Predictive Positive Predictive Negative

Actual Positive 41 2

Actual Negative 2 38

To calculate the accuracy of this study we use is formula 8 below:

TP +TN
Accuracy = (8)
TP+TN + FP+ FN
Accuracy = _26+28 79 =0,95

26+28+2+4 83

So, the percentage of accuracy in this study is 0.95 x 100% = 95%.

The detection accuracy of 95% achieved by the RCS algorithm surpasses results
reported in prior studies. For instance, Jeong et al. demonstrated a 92% detection
accuracy using dual-energy CT-scan technology, and Ruikar et al. reported 85%
accuracy with automated segmentation. The significant improvement in accu-
racy underscores the effectiveness of the RCS algorithm in delivering more precise
diagnostic outcomes compared to alternative methods. The diagnostic workflow
of the proposed method has been clarified to highlight its practical utility. The tool
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is designed as a clinician support system, requiring expert intervention for final
decision-making. The system facilitates faster and more accurate preliminary diag-
nostics, reducing clinician workload while maintaining high diagnostic reliability.
This clarification emphasizes the value of the tool in clinical environments, bridging
automation with human expertise.

5 CONCLUSION

This study successfully developed the L.CS and ROI methods to detect spinal frac-
tures based on CT-scan images. Through the application of LCS, image contrast was
successfully increased, allowing the bone structure to be seen more clearly. The com-
bination with ROI allows the analysis to focus on areas suspected of having fractures
so that interference from other areas in the image can be minimized. The results of
the study showed that of the 80 input images studied which were divided into two
types, namely 43 spinal images with fracture conditions and 40 spinal images with
normal conditions, using the L.CS and ROI methods that have been developed can
accurately detect 41 fracture images and 38 normal images, so that it can be seen
that the accuracy of this study is 79 images detected accurately from 83 images with
a percentage of 95%. This method is considered effective in supporting faster and
more accurate clinical diagnosis. The implementation of this method in a clinical
environment can provide great benefits for the medical diagnosis process, espe-
cially in helping radiologists identify fractures more efficiently and precisely. While
the RCS algorithm demonstrates promising results, its application to diverse data-
sets with varying CT-scan settings warrants further investigation. Additionally, the
computational requirements for real-time deployment could limit its scalability in
resource-constrained environments. Future research will focus on integrating deep
learning techniques with the RCS framework to improve adaptability and exploring
broader clinical applications in fracture diagnostics.
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