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 The clavicle is a long bone that tends to be frequently fractured in the 

midshaft region. The plate and screw fixing method is mainly applied to 

address this issue. This study aims to construct a clavicle bone implant 

design with a consideration to achieve a high accuracy and high-quality 

surface between the plate and the clavicle surface. The computational 

tomography scanning (CT-scan) image series data were processed using a 

convolutional neural network (CNN) to classify the clavicle image. The 

CNN outcomes were gathered as three-dimensional (3D) volume data of 

clavicle bone. This 3D model was then proposed for the plate design. The 

CNN testing results of 97.4% for the image clavicle bones classification, 

whereas the prints of the 3D model from clavicle bone and its plate and 

screw design reveal compatibility between the bone surface and the plate 

surface. Overall, the CNN application to the series of CT images could ease 

the classification of clavicle bone images that would precisely construct the 

3D model of clavicle bone and its suitable clavicle bone plate design. This 

study could contribute as a guideline for other bone plate areas that need to 

fit the patient’s bone geometry. 
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1. INTRODUCTION 

The clavicle, also known as the collarbone, is a long bone which connects the axial and appendicular 

skeleton to the scapula. It has a sigmoid-shaped and convex surface from a cephalad position [1]. The 

clavicle is a supporting bone that functions for lateral fixation of the arm so it can move freely. The clavicle 

is reported to be the most often fractured bone. From 2001 to 2020, a total of 17.089 clavicle fracture 

operations were done in Australia [2]. There are three types of clavicle fractures: midshaft, lateral, and 

medial fractures. Midshaft fractures were the most prevalent, accounting for 69% to 82% of all cases. The 

terminology of midshaft clavicular fractur is referred to an area on the middle third of the clavicle. This area 

is most prone to acute injury because the thinnest section of the clavicle and lacks reinforcing support from 

muscle and ligamentous attachments [3]. This condition should be fixed quickly to restore the upper 

extremity function while avoiding impairment [4]. There are three possibilities for midshaft clavicular fractur 
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treatment: non-surgical treatment, intramedullary nailing (IMN), and plate and screw fixation. Nonsurgical 

treatment has a high chance of failure for clavicular fractures with prominent displacement and significant 

comminution [5]. Although IMN looked to have fewer wound problems, plate and screw fixation were found 

to be more effective than IMN in preventing malunion. Plate and screw fixation were more suggested for 

malunion prevention [6]. 

Plate design plays a pivotal role in preventing fixation failure [7]. Specific morphologies of bones 

and fracture types require specific designs of plates [8]. The fitness between plate design and bone 

morphology can be obtained using the reverse engineering (RE) method. This method was used to construct 

the three-dimensional (3D) model of bone [9]. Furthermore, the obtained 3D bone model could be functioned 

to generate a new plate shape [10]. 3D bone model acquisition can be done using computed tomography scan 

(CT-scan) which produces many slices of images. Creating individualized osteo-clavicular implant planning 

from CT-scan images is a time-consuming on region of interest (ROI) segmentation procedure [11]. Based on 

several literatures, the application of artificial intelligence, particularly using convolutional neural network 

(CNN) could ease the selection of the ROI. Particular researches have detected the ROI, particularly the tooth 

image from dental panoramic radiography (DPR) and nine different total hip replacement (THR) implant 

designs [12], suspected a failure [13], from 402 plain image radiography using CNN, combined with 

additional techniques [14]. In their conclusions, both totally agree that CNN produced high speed and high 

accuracy to detect the interest of their studies. Moreover, a surgical procedure in China has employed CNN 

to prepare the segmentation process from plenty digital imaging and communications in medicine (DICOM) 

images, which if it is done manually by radiologist will take more than two days [15]. The final segmentation 

process took only one minute to separate the tumor region from the whole surround area in the lower 

abdomen CT-scan image. It then could assist further plans for a customized implant design for a real case of 

pelvic tumor patient. Overall, CNN is a very promising technique to advance many medical conditions and 

solutions, including the personal request for reaching a higher success rate during operation. 

This study aims to employ the CNN approach to perform autonomous classification of slice which 

conduct bone target. Although there are already CNN applications for many types of implant design. 

However, to the best of our knowledge, this research is a novel work that attempts to design a clavicle bone 

implant design using CNN with a target of a high accuracy that could mimic the surface on the patient’s 

clavicle bone.  

 

 

2. METHOD  

In this research, DICOM data which consist of 1,394 slices of CT-scan images of the male thorax. 

The data was acquired from Saiful Anwar General Hospital. This study consisted of five main stages: data 

pre-processing, the clavicle image classification, the clavicle image segmentation, the clavicle image 

reconstruction and refinement, and the clavicular plate design stage. 

 

2.1.  Pre-processing CT-scan data 

First, the obtained CT-scan data was processed to improve the image quality by obtaining pixel 

image data from DICOM data and translate it to Hounsfield Units (HU). HU has a normalized X-ray 

attenuation index in DICOM data that is based on a scale of 21,000 for air and 0 for water at standard 

pressure and temperature [16]. The conversion consists of 40 to 80 HU for soft tissue and 800 to 1,500 for 

hard tissue. To enhance the figure of the bone image, it employed dilatation morphology and changed the 

gray image to a binary image of 512×512 pixels. Figure 1 shows the pre-processing from the original data to 

the bone image. 

 

2.2.  Clavicle image classification 

The purpose of image classification is to separate the images that contain only clavicle bone. The 

following step was data augmentation, which included rescaling pixel sizes, rotating images, mirroring 

images, zooming images, and creating data batches of four image files each. These parameters are delivered 

in Table 1. After that, the training configuration was started. The dataset was labeled with two labels: 

clavicula and non-clavicula. Each label's data was split into 75% for training and 25% for testing. This 

division provided 975 data for training and 419 for testing. After splitting the data, the pixel size was rescaled 

to 256×256 to minimize the computing complexity in the classification process [17]. 

The classification process was carried out using CNN. The CNN network design, shown in Figure 2, 

was made up of 19 layers: convolutional layers, max pooling layers, flattening layers, dense layers, and 

dropout layers. The convolutional layer's filter is 3×3 with a two-stride shift [18]. Max pooling functions to 

reduce by half the pixel size every time a new layer is entered. The architecture's dropout was set at 0.25. 

Afterwards, the Adam optimizer was implemented to optimize the training process on the CNN architecture. 

In architecture, the loss function matrix employs binary cross-entropy. In this study, configuring the 
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hyperparameters implies determining the batch size, learning rate, step size, and epoch, delivered in the 

Table 2. The result from CNN expects to separate the figure in folders based on their categories, those are 

clavicle and non-clavicle. 

 

 

 
 

Figure 1. A series of pre-processing data from the original CT-scan image to the separated bone image 

 

 

Table 1. Data augmentation parameters 
Rescaling Rotating Mirroring Zooming Fill mode Batch size 

1/255 60° Vertical & Horizontal 0.2 nearest 4 

 

 

 
 

Figure 2. CNN architecture 

 

 

Table 2. Hyperparameter tunning 
Optimizer Learning rate Step size Batch size Epoch 

Adam optimizer 1 𝑥 10−5 338 4 50 

 

 

CNN architecture evaluation made in this study is to use accuracy and confusion matrix 

calculations. Calculation of accuracy by calculating the number of y_true (original target) that is equal to 

y_pred (predicted result) divided by the data used in the architectural training process. The formulation of the 

accuracy calculation is as in (1). The confusion matrix in this architecture is precision, recall, and 

F1-Score. Precision is the percentage of correct predictions of a class among all predictions for that class. 

Recall is the proportion of correct predictions from a class and the total number of occurrences of that class. 

F1-Socre is a combination of precision and recall. 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
∑ 𝑦𝑡𝑟𝑢𝑒==𝑦𝑝𝑟𝑒𝑑 

𝑛
𝑖=1

𝑛
 (1) 
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2.3.  Clavicle image segmentation 

The input data for the clavicle image segmentation step was collected from the classified picture 

folder that was included in the “clavicle” class in DICOM format. This step employed MATLAB and the tool 

of “image segmenter” function to execute the image segmentation. After loading the data, it was transformed 

into a 512×512 pixel matrix using the uint8 data type. The intensity value in the grayscale image was then 

mapped to produce a new value of this data. Lastly, the “graph cut” tool was used to determine the 

foreground and background sections of the image. The segmentation procedure in image data processing is 

used to separate or identify various regions of an image [19]. The segmentation procedure was employed in 

this work to distinguish the clavicle from the thorax. To identify the item, gather the pixels that comprise the 

clavicle and segregate the non-clavicular from the thorax [20]. 

After that, the images were masked with per-slice image data and proceeded with thresholding to get 

the final segmentation result, which was binary image data. The threshold level was employed as the 

threshold method. The graythresh function would be used to calculate the threshold value, with the normal 

value range being [0.1]. Figure 3 shows clavicle image segmentation stages from foreground and background 

determination. 

 

 

 
 

Figure 3. Clavicle image segmentation consists of determining the foreground and background (left image) 

and the determination of clavicle bone with yellow color (right image) 

 

 

2.4.  Clavicle image reconstruction and refinement 

The segmented image from each slice was collected into a single folder and then visualized in 3D. 

This 3D visualization approach used the rendering method and involved transformation and interaction with 

multi-dimensional biomedical image data sets. There was no requirement for surface discretization on 

rendering volumes, hence image data integrity was well preserved. Despite the lengthy computing time, this 

approach could provide a high-quality image presentation. Image data from segmentation findings would be 

represented in 3D volume data using the ImageJ application and loaded in the 3D viewer software. After that, 

since the data still has some trash around the clavicle bone, the image refinement using Autodesk 

PowerShape Student Licensed was employed. Figure 4 shows the clavicle bone image that has been 

reconstructed but still requires refinement. 

 

2.5.  Clavicular plate design 

The clavicle used was the left clavicle, with the implant plan placed on the superior side. Fusion 360 

computer-aided design (CAD) software was used to create this design. The first step was to take the clavicle 

bone's midplane. This phase was completed by using the extrude feature to remove the clavicle bone ends. 

The last step was to create a plate using the surface contour in the superior region. This was accomplished by 

applying the loft feature to the clavicle bone's surface. It was then sliced in half to create a plate pattern that 

matched the surface shape of the clavicle bone. Figure 5 shows all processes in bone plate design, consisting 

of clavicle bone reconstruction in Figure 5(a), clavicle bone removal in Figure 5(b) and surface contouring 

for customized plate designs in Figure 5(c).  

The next step was to create the screw holes. On the inside surface of the plate, a circle with an 

outside diameter of 10 mm and an internal diameter of 4 mm was sketched. Then, use the rectangular pattern 

feature to make four holes 24 mm apart. After that, an intersecting pattern circle was created with the body 

plate to form a hole that conforms to the contour of the plate surface. The following step was to use the fillet 

function to round the edges of the body plate. The bone screw design was referred to ISO 5835:1991, the 
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thread size is 4 mm, and the screw head thickness is 2.4 mm. It is ISO-approved for metal bone screws with a 

hexagonal drive joint; the bottom face of the head is spherical with an asymmetrical thread [21]. Figure 6 

shows the screw holes design process, consists of constructing the rectangular pattern for preparing the hole 

designs in Figure 6(a), composing other holes using an intersecting pattern circle in Figure 6(b) and building 

the plate surface contour in Figure 6(c). 

 

 

 
 

Figure 4. Clavicle image reconstruction requires a refinement process 

 

 

 

 
 

Figure 5. Clavicle plate design process: (a) the midplane of the clavicle bone construction using the extrude 

feature, (b) the clavicle bone removal, and (c) producing a plate using the surface contour  

in the superior region 

 

 

 
 

Figure 6. The process of designing screw holes by creating hole with an outside and an internal diameter: 

(a) employing the rectangular pattern feature to make six holes, (b) and lastly composing an intersecting 

pattern circle with the body plate to form a hole, and (c) conforms to the contour of the plate surface 

 

 

3. RESULTS AND DISCUSSION 

The clavicle image pre-processing was done to strengthen the bone image from all over the obtained 

CT-scan data. Besides improving the image quality, the pre-processing could remove noise or interference, 

and alter the image to meet the requirements of a specific analysis or application [22]. The final result from 

the image pre-processing step is binary images, presented in Figure 7.  

The clavicle image classification steps employed a CNN architecture with a variant of the U-Net 

CNN architecture. The U-Net architecture has been taught to perform equivalent, if not better, multi-class 

clavicle segmentation. To train all tissues, there are two approaches: single-class (train tissue to segment into 

only one organ, requiring all DICOM data to segment the clavicle) and multi-class (train networks on 

DICOM data to segment the clavicle) [23]. 
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At each layer of the CNN architecture, a ReLU activation function is applied. It attempts to 

introduce non-linearity throughout the network. During the convolution process, the image's size will steadily 

decrease while the number of filters or features detected will increase [24]. In the convolutional layer, dense 

layer 16, ReLU activation was employed. Since the CNN architecture was utilized to identify only two 

labels, clavicle and non-clavicle, the activation function in dense layer one used sigmoid activation [25], [26]. 

Overall, the training part took 44.65 minutes for the processing of the data duration, whereas the 

testing took only 30 seconds. By computing the (1), the results of 75%, or 975 training data show it has good 

accuracy, with a loss value is 0.0857. As a result, using a trained network, the classification results can 

determine the class of clavicle with an average accuracy of 95.37%. Next, the CNN architecture is used to 

test the rest of the 25% or 419 testing data. The test results show an accuracy of up to 97.4%. Figure 8(a) 

showed the training and validation losses have significantly dropped for epochs under 10, which means the 

model could start to understand the dataset that was used during training and validation. It is in opposition to 

Figure 8(b) for the training and validation accuracy picture, where the line has been rapidly increasing for 

epochs less than 10. It implies that the accuracy would rise as a result of the model's ability to comprehend 

the dataset. Based on Table 3, the accuracy for training is 95.3% while for testing is 97.4%. 

 

 

 
 

Figure 7. Clavicle image pre-processing results in binary data 
 

 

  
(a) (b) 

 

Figure 1. The results of the prediction model training and validation loss process: (a) the results of the 

prediction model training and (b) validation accuracy process 
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Table 3. Confusion matrix 
 

 
Precision Recall F1-Score 

Training Clavicula 0.860 0.933 0.895 
 Non Clavicula 0.991 0.980 0.985 

 Accuracy   0.953 

Testing Clavicula 0.925 0.956 0.940 
 Non Clavicula 0.975 0.974 0.975 

 Accuracy   0.974 

 

 

The clavicle image segmentation has been successfully conducted by obtaining clavicle-labeled 

images via CNN to produce the collarbone images. Figure 9(a) shows the clavicle bone image segmentation 

on one slice. In the clavicle image reconstruction, the 3D clavicle bone model is performed to build an 

accurate and realistic model from DICOM thorax data [27]. Objects discovered by the clavicle during the 

previous segmentation phase can now be turned into a more complicated 3D model by merging the numerous 

sides and components identified by the clavicle. This technique is like triangulation in that it combines pixels 

to form a nice geometric shape [28]. 

The volume rendering method was employed in this 3D visualization procedure, which comprises 

transformation and interaction with multi-dimensional biomedical picture data sets. Although there is no 

requirement for discretization from the surface in volume rendering, the image data's integrity is preserved. 

Even though it is time demanding, this process may provide high-quality image displays. Image data from 

segmentation was processed in this study utilizing a 3-dimensional visualization using the ImageJ tool, the 

results of which are shown in Figure 9(b). Overall, the clavicle images have been refined to smoothen the 

surface, close all appeared holes and removing the trash surround the 3D model. The refinement process 

result is shown in Figure 9(c). 

 

 

 
(a) (b) (c) 

 

Figure 9. Result after the segmentation process: (a) in one slice, (b) in all slices, and (c) result after 

refinement  

 

 

The validation stage was carried out by comparing the dimensions of the segmented clavicle bone to 

the CT scan data. Autodesk Fusion 360 software was used to measure clavicular dimensions. The 

morphological parameters measured were lateral-to-medial length (CL), the position of the conoid tubercles 

was measured from the lateral end of the clavicle (dCT), half of the clavicle's apparent length (h50%), apparent 

half-length of maximal clavicle on superior view (dbow_sup) and half the apparent width of the clavicle (w50%) 

[29]. The measurement technique is carried out in the anterior and posterior views, as shown in Figure 10. 

 

 

 
 

Figure 10. Measurement of the dimensions of the clavicle bone in the anterior view and superior view 
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The final refinement 3D clavicle bone was validated by comparing the segmented 3D clavicle bones 

using a software of 3D Slicer. Based on dimensional measurements, it can be determined that the results of 

3D clavicle bone model performed with CNN are almost similar from those produced by segmentation 

performed with a 3D Slicer as shown in Table 4. There is a deviation between CT-Scan and CNN-based 

segmentation, about 0.01 to 0.02 cm. The previous study showed that the length of clavicle is around  

152 to 156 mm for male and 105-117 mm for female, while the mid-shaft circumference was around  

4 to 6 mm for male left clavicle [30]. 

The 3D geometry of the clavicle bone, obtained through CNN-based segmentation, was utilized in 

fabricating a clavicle plate implant. The left clavicle was selected for this purpose, with the implant plan 

intended for the superior side. Figure 11 illustrates the design of the clavicle plate based on the segmentation 

results of the clavicle bone using CNN. In the figure, there are three designs with holes numbered 4, 5, and 6. 

For the plate with 4 holes in Figure 11(a), the plate measures 34 mm in length, 3.5 mm in thickness, and has a 

screw hole diameter of 4mm. For the plate with hole 5 in Figure 11(b), the plate measures 45 mm in length, 

3.5 mm in thickness, and also has a screw hole diameter of 4 mm. Lastly, for the plate with hole 6 in  

Figure 11(c), the plate measures 50 mm in length, 4 mm in thickness, and maintains a screw hole diameter of 

4 mm. 

 

 

Table 4. Comparison of dimension measurement 
Parameter Data CT-Scan (using 3D Slicer) CNN-based segmentation Deviation 

CL 15.31 cm 15.30 cm 0,01 

h50% 1.15 cm 1.15 cm 0 

dCT 3.97 cm 3.99 cm 0.02 
dbow_sup 7.50 cm 7.50 cm 0 

 

 

   
(a) (b) (c) 

 

Figure 11. Clavicle plate designs: (a) with 4 holes, (b) with 5 holes, and (c) with 6 holes 

 

 

Plate design validation was accomplished by simulating plate installation with CNN-based bone 

segmentation data. PLA filament from a 3D printer is used to create plates, screws, and bones. Implant 

placement in the clavicle bone requires special care because the installation must be in the position on the 

portion used when creating the previous implant design so that the position of the implant that is installed is 

in accordance with the axis. Following the clavicle, 3D printing is used to create implants and screws, which 

are then implanted on the clavicle. To screw the implant in, the clavicle is first drilled. Figure 12 depicts how 

the implant appears when it is joined to the clavicle bone with 4 holes in Figure 12(a), 5 holes in Figure 12(b) 

and 6 holes in Figure 12(c). The experimental test was carried out successfully, as the size and design results 

of the clavicle implant components are in compliance with the patient's clavicle bone. Screw sizes 18, 

18, 18, 16, 16, and 18 mm (beginning from the lateral side) are used for clavicle mounting. 

The length of the screw used can vary depending on the location of the implant in a clavicle fracture 

because it has to adjust the thickness of the clavicle bone, which varies from the lateral to the medial end. If 

the screw length exceeds 16 mm, the surgeon must pay attention to the screw trajectory and the degree of 

protrusion of the screw over the clavicle to ensure that the screw remains in a secure area [31]. The clavicle's 
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anatomical distinctive features require modifications in screw length selection as an aspect in determining 

drilling depth. According to Qin et al. [32] the acromioclavicular joint to the center of the clavicle has a risky 

drilling angle that will interfere with the subclavian neurovascular, thus this part should be confined to 

drilling with a maximum depth of 17 mm. 

 

 

 
 

Figure 12. Simulation of the clavicle plate implantation with its screws: (a) for 4 holes, (b) for 5 holes, and 

(c) for 6 holes 

 

 

This paper is focused on designing personalized clavicle implants based on the individual patient's 

clavicle bone surface. In the actual manufacturing process, the industrial company employs advanced 

fabrication techniques such as CNC machining or 3D printing to create these custom implants [33]. The 

convolutional neural network method that used in this study is successful in providing the CNN test results of 

97.4% for the classification of clavicle bone images. Compared with other research that has carried out the 

CNN algorithm, such as to classify pneumonia detection on chest X-rays with a final accuracy percentage of 

88.14% [34] and research on a new algorithm called improved dial’s loading algorithm (IDLA) using a CNN 

model that combines digital CT image processing and machine learning to identify cancer cells through 

IDLA automatically with minimum iterations with an accuracy percentage of 92.81% [35], this research 

improves the results. 

In the selection of materials for clavicle bone plate manufacturing, titanium alloy, stainless steel 

alloy, and cobalt alloy are commonly utilized due to their excellent biocompatibility properties. This paper 

serves as a valuable resource for recommending suitable materials and design considerations before the 

fabrication process. Figure 13 illustrates our manufactured clavicle bone plate, highlighting the alignment 

between the clavicle bone surface and the inner surface of the designed bone plate. 

 

 

 
 

Figure 13. The manufactured clavicle bone plate with metal material selection. The red line emphasizes the 

match between the clavicle bone surface and the inner surface of the designed bone plate 

 

 

4. CONCLUSION  

The present study demonstrates the implementation of CNN classification in the case of clavicle 

plate implant design. The clavicle bone has been successfully constructed with assistance using CNN and 

results in an accuracy of up to 97.4%. As clavicular plate is needed for clavicular fracture treatment on the 

clavicle bone, the bone plate design in this study has been manufactured and proved to fit in perfectly on the 

patient’s bone contour. CNN classification in this study presents a good, high-speed performance to detect 

the clavicle bone with high accuracy. 
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