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Osteosarcoma (OS) is the most common and frequent primary bone cancer in children 
and adolescents. This type of bone cancer often developed at the long bones’ 
extremities close to the metaphyseal growth plates. To address these issues, OS 
quantitative analysis is performed using Magnetic Resonance Imaging (MRI) to plan 
surgical procedures and track the effectiveness of treatment. Fat suppression is 
commonly employed to eliminate the fat signal from T1-Weighted MRI sequence. The 
suppressed fat signal in T1-Weighted is important and often used to identify 
abnormalities in other MRI sequences. In clinical, MRI images must be interpreted by a 
radiologist. Manually outlining the tumour location is laborious and subjective. Image 
processing involves segmentation to separate information from the desired target 
region of the image. Active Contour (AC) is an algorithm often used in medical images 
for segmentation. Nevertheless, the process of mask initialization can be challenging 
and requires careful attention. This study proposes a method to define the mask 
initialization so that the AC has a starting point to extract fat in T1-Weighted for the 
purpose of fat suppression. From the results obtained, AC with the proposed mask 
initialization method successfully segmented the fat in T1-Weighted MRI images with 
accuracy, precision, recall and F1-score of 0.92, 0.86, 0.88 and 0.89 respectively. 
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1. Introduction 
1.1 Research Background 

 
OS is a primary malignant tumour of the skeleton that mostly affects the long bones where 

osteoid or immature bone tissue is formed by sarcoma cells [2]. The anatomical location of the lesion 
is frequently a factor in the diagnosis of bone tumours [3]. OS is no exception, with the metaphysis 
of the femur, tibia, or humerus being the typical site of traditional OS.  

Currently, OS quantitative analysis is carried out using non-invasive methods to schedule 
operations and monitor the efficacy of treatment. Magnetic Resonance Imaging (MRI) image is one 
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of the common imaging methods that are often used in the medical field for clinical analysis [4]. MRI 
is crucial for figuring out the tumour’s location within the bone and the size of any associated soft 
tissue mass. 

There are a few types of MRI image sequences that are often used in medical diagnosis, for 
example T1-Weighted, T2-Weighted and STIR sequence. T1-Weighted images are good in exhibiting 
fat tissue as the highest signal, suited to displaying anatomical structures. T2-Weighted imaging gives 
the highest signal in fluids which are the best indicator for lesions. While STIR sequence is the best in 
describing lesions that contain abnormal fluid in the MRI image [5].  

Fat suppression method is crucial for musculoskeletal imaging. This method eliminates the fat 
contribution from T1-Weighted with no impact on the water signal. The method used to distinguish 
high-signal-intensity structures on T1-Weighted which rule out the presence of fat in soft-tissue 
tumours and improve presentation of bone-marrow edema or lesions in T2-Weighted images [6]. 

Radiologists are specialized medical doctors who primarily utilize medical imaging techniques. 
The interpretation of MRI images can be very subjective, influenced by the level of experience of 
radiologists. Differentiation between fat and muscle can vary among radiologists based on their 
individual experiences in the medical field [6]. Manually defining the location of OS is a tedious and 
draining procedure especially when radiologists must evaluate each one of MRI image sequences for 
only a patient. More difficulties come from numerous pixel textures within the tumour itself and the 
tumorous tissues' uncanny resemblance to neighbouring healthy tissues [5]. 

Developing an automatic segmentation system for separating muscles and fats in T1-Weighted 
axial images of the long bone is a crucial step in medical imaging analysis. Accurate and efficient 
segmentation of muscles and fats can provide valuable information for various applications, such as 
monitoring muscle changes due to age, disease, or treatment, assessing body composition, and 
aiding in surgical planning [7]. 

Image segmentation is a technique to separate the original image into various parts and extracts 
the useful sections based on the many image characteristics [8]. Active Contour (AC) is a type of 
segmentation technique that uses energy forces and limitations to separate the pixels of interest 
from a picture for further processing and analysis [9]. AC is referred to as an active segmentation 
model. A contour is an array of points that have been interpolated. The interpolation process might 
be linear, spline-based, or polynomial, depending on the image's curve. AC are mostly used in image 
processing to define smooth shapes in images and create closed contours for certain regions [10]. In 
this context, AC algorithm is used in the medical field to separate fat and muscles in MRI images [11]. 
AC is good for segmentation when the mask placed on the long bone must include both fat and 
muscle regions with an appropriate number of iterations. However, the seed initialization often can 
be very difficult [12]. 
 
1.2 Literature Review  

 
AC, also known as snake model, is a type of image processing algorithm that locates edges by 

using boundaries. This segmentation algorithm uses energy forces and limits to separate the pixels 
of interest from an image for further processing and analysis [13]. The edges are detected by moving 
the boundaries along the images and it will stop the mask movement at the edges of the object. This 
method is commonly used to trace objects, particularly in medicine.  

Mustafa et al., [14] developed an automated system for detecting skin cancers through image 
processing, addressing issues such as image noise (e.g., shadows, hairs), low contrast, and specular 
reflection that can hinder accurate lesion detection. The AC algorithm was employed to identify 
abnormal skin lesions. Comparatively, the results obtained from the Gaussian filter-based maximum 
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entropy-based threshold and adaptive contour algorithm showed improvements over the image 
segmentations performed by expert dermatologists [14]. 

Huo et al., [15] conducted a research study focusing on the efficacy evaluation of ultrasound with 
an active contour model for haemodialysis in children with renal failure [15]. The aim of this study 
was to support haemodialysis procedures in paediatric patients with renal failure by investigating the 
effectiveness of the ultrasound combined with an AC model. The study employed a pulse coupled 
neural network (PCNN) to extract the initial shape of ultrasound images, followed by accurate 
segmentation using an AC model based on a cloud model. The error rate of the AC algorithm model 
was 11.01%, much lower than the error rate of the classical Snake model, which had a rate of 18.87% 
(P<0.05) [15]. 

Mewada et al., [16] proposed a semi-automatic model for addressing challenges related to 
significant variability in image modalities and limitations in instrument acquisition processes, with a 
focus on segmenting medical images. The results of the comparative analysis demonstrated the 
robustness of the proposed model against noise and its ability to successfully segment medical 
images from different modalities, achieving an average accuracy of 99.57% [16]. 

Another research which involves the use of AC is by Babu et al., [17]. In the study they highlight 
that manual assessment of an MRI images are too tedious and vexing for the doctors, therefore they 
conclude that the usage of computerise analysis is crucial. In the study, they determined the effective 
way to detect the brain tumour from the MRI images using AC segmentation technique. The study 
consists of the processes of inserting the image, processed the image to enhance the quality and 
removing any part which may disturb the segmentation such as the skull, threshold and segmenting 
using Chan-Vese (C-V) method and Level Set method (LSM). 

Ibrahim et al., proposed a new deformable AC based model using on fractional Wright function 
for tumour segmentation of volumetric MRI brain scans [18]. The proposed method generalised 
boundary tracking in AC segmentation by using fractional calculus as a minimization energy function 
to replace the usual gradient-descent method. The performance of the proposed method was tested 
using dice similarity index. The proposed method can perform better than the standard active 
contour with sensitivity score of 94.8%. 

Thresholding is the simplest technique for segmenting images in digital image processing. Otsu’s 
is one of the common techniques used for image thresholding to convert grayscale images to binary 
images [19]. Otsu's thresholding aims to automatically determine an optimal threshold value to 
separate an image into foreground and background regions based on the image's histogram. In Otsu's 
approach, the threshold between background and foreground is examined for every conceivable 
value. Otsu’s technique works effectively when the histogram has a bimodal distribution with a deep 
and acute valley between the two peaks.  However, Otsu’s technique is ineffective if there is the 
presence of noise, or greater intra-class than inter-class variance [20]. 

Multilevel thresholding divides an image with grey levels into a few separate sections. This 
method selects multiple thresholds for the target image and divides it into distinct brightness regions, 
each of which corresponds to a different background and different objects [21]. Su et al., [22] 
proposed a method based on multilevel thresholding image segmentation (MTIS) to improve the 
processing efficiency of COVID-19 chest films. They introduce horizontal and vertical search 
mechanisms from the original multi-verse optimizer to obtain higher quality segmentation results. 
The study provides an efficient segmentation technique to process COVID-19 chest radiography and 
subsequently assist medical professionals in diagnosing coronavirus pneumonia. 

Otsu's multi-level thresholding is an extension of Otsu's thresholding, which is a widely used 
method for image thresholding. There are some research works that use Otsu multi-level 
thresholding for image processing. Song et al., [23] explores the application of Otsu's multilevel 
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Threshold Algorithm. The researchers emphasized an enhanced approach to adjust the threshold 
bias in Otsu's algorithm, taking into consideration the observation that the algorithm tends to set the 
threshold closer to the class with the largest intraclass variation in cases where there are significant 
differences in intraclass variances between the foreground and background. The proposed method 
exhibited significantly reduced time consumption. 

The utilization of Otsu's multilevel threshold algorithm is also highlighted in a study conducted by 
Al-Rahlawee and Rahebi [24]. Even though they obtain high accuracy and efficiency in the study, 
these methods exhibit high computational complexity. This is because, as the number of thresholds 
used increases, their efficiency is compromised due to the associated increase in complexity and 
execution time [24]. 

Based on the review, it shows that multilevel thresholding could divide an image into several 
regions based on its histogram distribution. The method performs well for multi-modal histogram 
thresholding. On the other hand, AC algorithm has been widely used in medical image processing. 
The integration of multilevel thresholding and AC can produce a smooth and accurate segmentation; 
thus, it is the best method used to extract fat. However, the drawback of AC algorithm is its need 
initial contour as input parameters to begin the process of segmentation. The mask initialization 
placement is important, the accuracy of the algorithms hugely depends on the size and placement of 
the mask. Therefore, more study should be ventured on mask initialization for search process in the 
beginning process. The goal of this study is to propose a method to define an initialization mask so 
that the AC algorithm has an initial point to start the search process. With the initialization mask, the 
AC algorithm starts to contract or expand in the process of fat extraction. The fat extracted from T1-
Weighted can be used to eliminate the fat signal in other MRI sequences so that the visibility of 
abnormality can be improved. 

 
2. Methodology  

 
This study proposes a method for defining a mask initialization so that the AC algorithm has a 

starting point from which to begin its search phase. The methodology of this study consists of four 
main parts which are data acquisition, image pre-processing, define AC mask initialization for fat 
extraction and performance evaluation. Figure 1 shows the block diagram of the study. 

 

 
 

Fig. 1. Block diagram of the project 
 
2.1 Data Acquisition 

 
All 43 data collected were patients that were diagnosed with Osteosarcoma in the long bone 

(femur and tibia). MRI T1-Weighted images were collected from Hospital Universiti Sains Malaysia. 
This study has obtained an ethical approval from Jawatankuasa Etika Penyelidikan Manusia (JEPeM) 
with ethic number of USM/JEPeM/22060378. The T1-Weighted image modality is employed to 
highlight fat tissue, showcasing it as the highest signal. Generally, the fat layer in T1 images is depicted 
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with higher intensity. In this study, only the axial plane is used. Axial plane is the basic plane of an 
MRI image where the image is slice from bottom to top of human body. 

 
2.2 Image Pre-Processing 

 
Image pre-processing is a process to remove extraneous background noise. This process is 

important as the AC algorithm requires the application of region of interest (ROI) mask for image 
segmentation. To achieve improved segmentation results, the T1-Weighted image input undergoes 
cropping to enhance the process. This is to increase accuracy and reduce the complexity of 
segmentation in the next process. 

In this study, the ROI is the bone which is covered by fat and muscle. The outer region is fat that 
first needs to be extracted. Figure 2(a) shows the original T1-Weighted image from one of the data 
acquisitions. Figure 2(b) is the histogram of the T1-Weighted image. In the histogram there are three 
distinct regions observed which are background, muscle, and fat. Multi-level thresholding is used to 
segment a grayscale image into different regions. The process begins by binarizing the original image, 
segmenting the fat region as foreground and other as background into two distinct gradients (1 and 
0). Next, the objects that are connected to the border are then removed. 

 

  
(a) (b) 

 
Fig. 2. (a) Original T1-Weighted image (b) 
Histogram of T1-Weighted 

 
One of challenges in this process is inhomogeneity. Inhomogeneity refers to the presence of 

variations or irregularities in the intensity. Inhomogeneity happens because of edema or 
inflammation that contains abnormal fluids in the muscle which form irregular anatomical area to 
occur in the T1-Weighted MRI image. Because fluids cannot be displayed in T1-Weighted images; 
therefore, the fat cannot be fully covered in the images that have inhomogeneity. Morphological 
dilation is applied to cover the irregular fat region due to the inhomogeneity. The image is then filled 
and dilate till the image obtains the largest area to eliminate the inhomogeneity effect. Next, the 
bounding box of the ROI is defined. The background pixel is then assigned with zero to eliminate the 
background noise. 

 
2.3 Defining AC Mask Initialization for Fat Extraction 

 
AC is a segmentation technique that uses local energy force and limitation to separate objects. 

Contours are lines defining the area of interest in an image and are made up from a set of interpolated 
points. Eq. (1) is used to define the sum of the snake’s internal and external energy. 
 
𝐸∗"#$%& = ∫ 𝐸"#$%&$𝑉(𝑠))𝑑𝑠 == ∫ +𝐸'#(&)#$*$𝑉(𝑠)) + 𝐸'+$,&$𝑉(𝑠)) + 𝐸-.#$𝑉(𝑠))- 𝑑𝑠

/
0

/
0     (1) 
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Where 𝐸 ∗"#$%& is a simple elastic snake that defined by a set of n points	𝑉'  for i = 0,…, n -1,	𝐸"#$%& 
is the energy function of snake,  𝐸'#(&)#$*  is  the internal elastic energy, 𝐸'+$,&  is forces that combine 
external energy of forces caused by the image, and 𝐸-.# is the force caused by the image and the 
constraint force respectively.  

Figure 3 shows the process of AC segmentation algorithm defining the mask initialization based 
on the parameter obtained from the fat and muscle in the object. Basically, the process is continued 
from image pre-processing labelled A. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 3. The flowchart of AC mask initialization process 
 
In the figure, the mask initialization is based on a few parameters on fat and muscle namely 

bounding box, centroid and radius of centroid. Next, the process is to define a new bounding box by 
determining the areas of both fat and muscle, which are then averaged to establish a new bounding 
box size. This updated bounding box dimension is subsequently employed to ascertain the 
appropriate dimensions for the ROI mask. Then, by averaging the centroids of fat and muscle, a new 
centroid is derived. This new centroid aids in identifying the minimum point of the bounding box, 
ensuring precise placement of the ROI mask. Hence, a new mask initialization box is defined.  

The new defined bounding box is used as an initial curve for AC segmentation algorithm to extract 
the fat region in ROI. To optimize the segmentation, the size of the defined mask needs to be scaled 
down so that it will be placed between fat and muscle. The size of the average bounding box is 
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adjusted to specific values based on the characteristics of the image itself. Placing the bounding box 
directly on top of the thigh region simplifies the process of determining an appropriate value for 
achieving optimal segmentation. Next step is to select the number of iterations for AC algorithm. 500 
iterations are selected, due to the shape, object of ROI and the size of MRI. In this study, 500 
iterations can provide predictable movement pattern for the contour. 

Figure 4(a) shows the original T1-Weighted image. The mask initialization is shown in Figure 4(b) 
where the white rectangular mask initialization box is placed onto the object between fat and muscle 
of the image. The mask initialization box is based on the area, bounding box and centroid of the fat 
and muscle. 

 

 
(a) 

 
(b) 

 
(c) 

 
Fig. 4. (a) Original Image (b) Mask Initialization (c) Fat extraction 

 
Finally, fat is extracted based on the initialization mask. It can be obvious that the initialization 

mask is placed between the fat and the muscle region. Figure 4(c) shows the fat is extracted from T1-
Weighted when the initialization mask is defined correctly. 

 
2.4 Performance Evaluation 

 
To assess its overall performance, the values of True Positive (TP), True Negative (TN), False 

Positive (FP), and False Negative (FN) are determined: 
 

i. True positive (TP) is when fat is correctly predicted as fat by AC algorithm based on ground 
truth image.  

ii. True negative (TN) is when there is no fat and correctly predicted as no fat by AC algorithm 
based on ground truth image.  

iii. False positive (FP) is described when there is no fat but incorrectly predicted as fat by AC 
algorithm based on ground truth image.  

iv. False negative (FN) is when there is fat but incorrectly predicted as no fat.  
 
The confusion matrix is formed based on the TP, TN, FP, and FN. The parameters in confusion 

matrix are determined by comparing the algorithm's segmentation results with the ground truth 
image. Figure 5 shows the confusion matrix that is used to describe the classifier performance in 
image processing. The confusion matrix summarizes the counts or percentages of pixels falling into 
each of these categories. 
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Fig. 5. Confusion matrix 
 
The overall performance of the segmentation using the AC algorithm is evaluated by calculating 

metrics namely accuracy, precision, recall, and F1-Score, which can be derived from the obtained 
confusion matrix in Figure 5. Eq. (2), Eq. (3), Eq. (4) and Eq. (5) show the equation for the performance 
evaluation metrics. 
 
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 	 12314

12352314354
             (2) 

 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 	 12

12352
              (3) 

 
𝑅𝑒𝑐𝑎𝑙𝑙 = 	 12

12354
              (4) 

 
𝐹1	𝑠𝑐𝑜𝑟𝑒 = 6	×	2)&-'"'.#	×9&-$**	

2)&-'"'.#39&-$**
            (5) 

 
Accuracy, precision, recall and F1-score are important in determining the overall performance of 

the AC algorithm. Accuracy measures the overall correctness of a classification method by calculating 
the ratio of correctly predicted instances to the total number of instances. It provides a general 
assessment of how well the method performs across all classes. For precision, it quantifies the 
accuracy of the positive predictions. It is the ratio of true positive predictions to the total number of 
positive predictions made by the AC algorithm. Precision is useful in cases where false positives are 
costly or need to be minimized. Recall, also known as sensitivity or true positive rate, measures the 
ratio of true positive predictions to the total number of actual positive instances in the dataset. It 
quantifies the ability of the method to identify all positive instances correctly. Recall is important in 
scenarios where false negatives are costly or need to be minimized. Lastly, F1-score is a single metric 
that combines both precision and recall into a balanced measure of the method's performance. It is 
the harmonic means of precision and recall, providing a consolidated evaluation of the model's ability 
to balance between true positives and false negatives. F1-score gives equal importance to precision 
and recall, making it suitable for situations to find a balance between the two metrics. 

 
3. Results and Discussion  

 
In this study, all the experiments are run on a laptop with Intel Core i5-11400H 2.7Ghz processor 

and 16GB of RAM by using MATLAB software. 
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3.1 Image Pre-Processing 
 
In the image pre-processing stage, the ROI is the foreground that needs to be extracted. To obtain 

an accurate AC segmentation, the unnecessary background pixel and objects that are connected to 
the border are removed. Multi-level thresholding method is applied to extract the fat. Figure 6(a) 
shows the original T1-Weighted image. Figure 6(b) shows the output of the binarize image after the 
pre-processing process. Due to inhomogeneity, the fat of the object cannot be covered fully. 
Morphological dilation is used to dilate and fill the object so that the object becomes one object to 
eliminate the inhomogeneity effect as shown in Figure 6(c). Figure 6(c) shows the resultant ROI mask 
after morphological and filling process. 

 

   
(a) (b) (c) 

 
Fig. 6. (a) Original image (b) Binarize image (c) ROI mask 

 
The bounding box of the ROI mask is defined and used to crop the ROI of the image. Figure 7 

shows the output of the ROI. The background noise is then removed by assigning zero. 
 

 
 

Fig. 7. ROI of the image 
 

3.2 Automated Active Contour Segmentation 
 
To execute the AC algorithm, the new defined initialization mask is placed onto the ROI. Due to 

the object shape and image size, 500 is set for the number of iterations for the AC segmentation. 
However, the average values obtained from the bounding boxes of the fat and muscle layers were 
not entirely precise. This is primarily because placing the mask on the entire muscle layer would result 
in over-segmentation. Figure 8(a) shows an example of oversized mask and Figure 8(b) shows an 
example of over-segmentation. 
 

 
 

Fig. 8. (a) Oversized mask (b) Over-segmentation 

inhomogeneity 
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To accurately place the mask, it is necessary to have a smaller bounding box for the muscle layer. 
However, determining the size of the bounding box can be subjective, as it depends on the size of 
the object and the quality of the MRI image produced by the machine. When the bounding box of 
the muscle layer is too small, the AC algorithm may not segment the object effectively, resulting in 
under-segmentation. Figure 9(a) shows an example of a small-sized mask and Figure 9(b) shows an 
example of under-segmentation. 
 

 
 

Fig. 9. (a) Smaller mask (b) Under-segmentation 
 
The accurate segmentation of the muscle and fat in the MRI thigh anatomical structure is 

achieved by using an appropriately sized mask. This eliminates the need for manual adjustment of 
the mask size to find the optimal placement. Figure 10(a) illustrates an example of precise mask 
placement and Figure 10(b) shows a successful segmentation of MRI thigh image. This mask size is 
the optimal placement for most of the images. 
 

 
 

Fig. 10. (a) Accurate mask (b) Accurate segmentation 
 
Figure 11 shows image outputs of the proposed mask initialization method for AC segmentation. 

Figure 11 shows that the mask initialization is succeeded by placing the mask onto the ROI. The initial 
mask is defined based on the average values of areas between fat and muscle. Based on the 
observation, the perfect mask initialization is when the mask is placed in between fat and muscle. 
The anatomy for image 1 and 2 in Figure 11 showed that the object had a thin fat layer. The mask is 
placed onto the ROI intercepting fat and muscle layers. Hence the segmentation process is done 
correctly by using Active Contour algorithm. The results of accuracy, precision, recall and F1-score for 
images 1 and 2 are shown in Table 1 with a score higher than 0.8.  

Image 3 in Figure 11 showed that fat layers are thicker than images 1 and 2 had. The mask 
placement of image 3 is smaller due to the smaller size of muscle layers as shown in Figure 11. The 
accuracy, precision, recall and F1 score for image 3 are 0.955925, 0.910012, 0.979848 and 0.943640 
respectively. Image 4 in Figure 11 shows that due the uneven magnetic distribution, the image is blur 
at the right top area. Image 5 in Figure 11 shows that the image is affected by inhomogeneity. In both 
cases, the mask initialization is difficult to define because the area of fat layers that intercepted with 
the mask was very small. 
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Fig. 11. The output of automated Active Contour (AC) segmentation 
 

Table 1 shows the performance evaluation of the image outputs. However, the proposed mask 
initialization method for AC segmentation can define the initial mask for segmentation with results 
above 0.9 for accuracy, precision, recall and F1-score as shown in Table 1.  
 

Table 1 
Performance evaluation of images 

Image Accuracy Precision Recall F1 Score 
1 0.943104 0.980612 0.818364 0.892172 
2 0.957607 0.994169 0.816730 0.896757 
3 0.955925 0.910012 0.979848 0.943640 
4 0.974600 0.919208 0.946621 0.932713 
5 0.968007 0.988443 0.843121 0.910017 

 
Table 2 shows the overall performance of 43 images. The values obtained for the accuracy, 

precision, recall and F1-score are all above 0.8. It signifies that the output produced using AC 
algorithm are similar with the ground truth image. It can be concluded that the mask initialization of 
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AC is performing well with the average values for accuracy, precision, recall and F1-score for all 
images are 0.92, 0.86, 0.88 and 0.89 respectively. 

 
Table 2 
Performance evaluation of 43 images 
Image Accuracy Precision Recall F1-Score 
C5S13 0.942397 0.981614 0.814991 0.890576 
C5S14 0.965386 0.841647 0.945912 0.890738 
C5S15 0.933381 0.731630 0.944809 0.824665 
C5S16 0.956377 0.831682 0.885410 0.857705 
C5S17 0.956956 0.993086 0.778099 0.872545 
C5S18 0.934163 0.799649 0.853581 0.825735 
C5S19 0.952242 0.935673 0.704523 0.803810 
C5S20 0.892009 0.520946 0.884595 0.655728 
C5S21 0.964936 0.690167 0.911920 0.785697 
C5S22 0.957836 0.666543 0.856916 0.749835 
C5S23 0.982591 0.949907 0.840186 0.891684 
C5S24 0.956747 0.995001 0.812206 0.894359 
C9S10 0.960303 0.978463 0.940824 0.959275 
C9S11 0.929810 0.996577 0.866892 0.927222 
C9S12 0.939061 0.899674 0.972140 0.934504 
C9S13 0.953964 0.996069 0.898924 0.945007 
C9S14 0.962341 0.978129 0.925983 0.951342 
C9S15 0.915182 0.837801 0.954958 0.892551 
C9S16 0.904695 0.794296 0.977799 0.876546 
C9S17 0.970630 0.967499 0.942422 0.954796 
C9S18 0.983375 0.955696 0.986751 0.970975 
C9S19 0.957576 0.996117 0.874238 0.931207 
C9S20 0.948878 0.977261 0.874847 0.923223 
C9S21 0.964648 0.927429 0.974916 0.950580 
C9S22 0.974493 0.985823 0.947629 0.966349 
C9S23 0.951671 0.972403 0.910613 0.940494 
C9S24 0.943737 0.880848 0.983644 0.929412 
C14S10 0.812785 0.425731 0.979757 0.593549 
C14S11 0.962267 0.923899 0.924609 0.924254 
C14S12 0.889515 0.689745 0.950378 0.799353 
C14S13 0.933444 0.822558 0.914451 0.866074 
C14S14 0.900313 0.774067 0.921671 0.841445 
C14S15 0.867381 0.706620 0.920432 0.799477 
C14S16 0.955091 0.860447 0.935472 0.896393 
C14S17 0.945557 0.907977 0.847933 0.876928 
C14S18 0.939802 0.907627 0.829187 0.866636 
C14S19 0.925821 0.992300 0.694995 0.817455 
C14S20 0.945497 0.995529 0.737708 0.847442 
C14S21 0.945386 0.995330 0.762664 0.863600 
C14S22 0.963263 0.994997 0.812621 0.894609 
C14S23 0.970253 0.994291 0.829062 0.904190 
C14S24 0.966670 0.980799 0.804269 0.883805 
C14S25 0.948083 0.825683 0.835220 0.830424 
Average 0.92 0.86 0.88 0.89 

 
4. Conclusions 

 
A mask initialization method for AC algorithm is successfully defined. Based on the defined mask 

initialization, a segmentation system based on AC algorithm was developed. The system effectively 
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extracts fats in T1-Weighted images of long bone for OS patients. This study effectively extracted fat 
in MRI T1-Weighted sequence.  By utilizing this algorithm, this study can be used to detect and isolate 
lesions associated with OS patients. Besides, it can be used to extract the abnormalities in other MRI 
sequences. Overall, this research contributes to the development of fat extraction systems for 
medical image analysis, specifically focusing on the long bone which is femur and tibia for MRI T1-
Weighted sequence. The proposed mask initialization method for AC algorithm can be a great 
opportunity to extend to other bones for image analysis. The outcomes of this study have the 
potential to enhance clinical decision-making and improve the accuracy of diagnoses in the field of 
radiology. 
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