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	 This paper presents a thorough analysis of the application of convolutional neural 
networks (CNNs) for sophisticated X-ray fracture classification. Traditional fracture detection 
and classification methods frequently suffer from limited accuracy and effectiveness, 
necessitating the investigation of more sophisticated approaches. With their exceptional ability 
to automatically identify and acquire new characteristics from imaging data, CNNs have become 
a powerful tool in the field of medical diagnosis. This paper presents open-sourced datasets 
and their characteristics for bone fracture images, which play a crucial role in classification 
algorithms. Then, the paper showcases the most recent developments in CNN-based fracture 
classification, demonstrating gains in speed and accuracy of diagnosis. This work analyzes 
the resilience, accuracy, and performance of many CNN architectures used for X-ray fracture 
classification.  It is observed that ResNet and ensemble methods demonstrated superior 
performance relative to conventional CNNs and machine learning algorithms, attaining a 
maximum accuracy of 94%.  Nevertheless, these models are computationally demanding. 
A significant limitation is that the generalization of these models has not been thoroughly 
evaluated, which represents a major weakness. Finally, the potential benefits of CNN technology 
in clinical settings, emphasizing its potential to enhance patient care through faster and more 
precise diagnosis, have been discussed.
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	 In order to accurately diagnose diseases, 
computer-aided systems are crucial. These systems 
analyze different parts of the body.1 When it 
comes to detecting bone fractures, healthcare 
providers have a variety of imaging modalities at 
their disposal. While traditional X-ray imaging 
remains the first-line and most widely used 
technique, several alternative approaches can 

provide additional information or be useful in 
specific situations. Computed Tomography (CT) 
scans, for instance, can offer more detailed, cross-
sectional images of the bone, particularly helpful 
for evaluating fractures in complex anatomical 
structures like the spine or pelvis. Magnetic 
Resonance Imaging (MRI) can detect fractures 
that may not be visible on standard X-rays and 
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provide insights into potential soft tissue injuries. 
Ultrasound, a portable and relatively inexpensive 
option, can be valuable for assessing certain 
fractures close to the skin surface, such as those 
in the ribs or extremities. Bone scintigraphy, or 
bone scans, can help identify early-stage fractures 
not yet apparent on X-rays by detecting areas of 
increased bone metabolism.
	 There are various types of bone fractures. 
The most common is the wrist fracture, which 
occurs due to a fall on the outstretched hand. 
This causes a break in the radial part of the bone. 
Spine fracture is another type of bone fracture 
that affects the vertebrae of the spinal column. A 
dislocation and compression of bone also cause 
spine fractures. The break in the ankle joint is called 
an ankle fracture, and therefore, the patient cannot 
walk properly. Similarly, breaks in the hand part 
include a break in the finger bone or palm’s long 
bone. Lastly, a major bone fracture among all is a 
skull fracture, where bone structuring surrounding 
of brain breaks and causes head injury. Figure 1 
shows these all bone fracture’s sample images. 
	 Although these alternative imaging 
techniques have their merits, X-ray imaging 
remains the primary and most widely utilized 
method for detecting bone fractures. The ability 
of X-rays to visualize the dense, mineralized bone 
structure, along with their widespread availability, 
real-time evaluation capabilities, and relatively 
low cost, make them an indispensable tool in the 
assessment and management of skeletal injuries. 
The high-contrast imaging provided by X-rays 
allows healthcare providers to readily identify 
disruptions in bone continuity, accurately diagnose 
the type and extent of a fracture, and develop an 
appropriate treatment plan. While traditional X-ray 
imaging is the cornerstone of fracture detection, 
recent advancements in machine learning and 
convolutional neural networks (CNNs) have 
introduced new opportunities to enhance the 
accuracy and efficiency of this process. Figure 
2 shows the overall structure of bone fracture 
classification using machine learning and the 
CNN network. The dataset covers both fractured 
and non-fractured images of bones. Classifying 
this model using either machine learning or a 
CNN network requires a unified image size. So, 
image resizing is adopted as a pre-processing step. 
Then, data is split into training and test datasets, 

where train data is used to train the model and 
test data are the unknown set of images for the 
model. The test data is used to evaluate the model 
performance, measuring its classification accuracy. 
The machine learning model needs an additional 
step of feature extraction to discriminate or identify 
the fracture bone. The CNN network can work 
directly on images. Many literatures use manual 
feature extraction and its classification using CNN 
network. 
	 This paper studies advancements in 
bone fracture classification, emphasizing on 
CNN network’s recognition capability. First, it 
provides a comprehensive overview of existing 
datasets, critically analyzing their strengths and 
weaknesses, which serves as a foundational 
resource for researchers looking to select 
appropriate data for their studies. Second, the 
paper systematically discusses various machine 
learning and convolutional neural network (CNN) 
models, highlighting their respective advantages 
and limitations in the context of bone fracture 
classification. By comparing accuracy rates and 
methodological approaches, it elucidates the 
performance gaps in current models. Additionally, 
the review addresses emerging trends, such as 
wearable sensor-based approaches, exploring 
their potential to enhance diagnostic accuracy and 
patient monitoring. Finally, the paper emphasizes 
the challenges and limitations faced by existing 
methodologies, offering insights that can guide 
future research directions in this evolving field. 

Material and Methods

Data set
	 Recently, various domains of medical 
science have experienced swift advancements 
in automated methods for diagnosis, utilizing 
extensive datasets and sophisticated machine 
learning algorithms. This section presents some of 
the datasets which is available publicly and focus 
on fracture detection. 
	 MURA 2 is  a  compila t ion of  2D 
musculoskeletal radiographs comprising 14656 
images from various anatomical locations, 
including the finger, hand, shoulder, elbow, 
forearm, humerus, and wrist. The dataset has one 
or more images classified manually by radiologists 
as either normal or pathological. MedPix3 is an 
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online repository of 2D and 3D medical scans 
about various disorders for 12000 patients. The 
content is categorized by disease location (organ 
system), pathology kind, patient profiles, and image 
classification along with captions, and it has 59000 
images. This dataset covers X-ray, MRI, CT scan 
and ultrasound images of fracture. Mislabeled 
images, disorganized annotation, and spam images 
are some of the problems with the collection.
	 IIEST4 comprises a modest collection of 
2D X-ray pictures totaling 217, including 49 healthy 
scans, 99 broken scans, and 69 malignant bone 
scans. This valuable dataset remains inadequate 
for training deep learning models due to its limited 
size.
	 The MOST dataset5 comprises 4,446 
X-ray and MRI images that have been annotated 
utilizing the Kellgren-Lawrence (KL) grading 
system.  This method comprises five categories, 
from grade 0 to grade 4, with each category 
indicating a progressively severe image. A newly 
released dataset, GRAZPEDWRI-DX6, has 
20,327 annotated images for localization acquired 
from 6,091 individuals. A number of pediatric 
radiologists labeled the photos by using bounding 
boxes to delineate nine distinct classes. While the 
dataset is sufficiently vast, it is limited to wrist 
fractures and does not include any other human 
body part. Similarly, VinDr-CXR7 includes 18,000 
chest X-ray (CXR) images annotated by hand for 
localization. In this database, 28 distinct chest 
disorders and anomalies samples are available.  
This dataset is useful for detecting chest disorders, 
but it isn’t cut out for detecting bone fractures.
	 Many other prominent works used a 
private dataset for fracture region segmentation 
and classification. Thian et al8 used a dataset 
consisting of 7356 wrist-fractured images. 
Later, image augmentation was used to increase 
images. Similarly, 1102 fractured images and 
1156 non-fractured images based on a dataset 
were used.9 Each image was examined by hand, 
and a preexisting radiological report was then 
marked as either normal or a fracture. One major 
drawback of the current datasets is that they are 
either not annotated correctly or are only suitable 
for classification tasks.  Additionally, some of 
them have incorrect labels, making them unfit for 
use in machine learning applications due to poor 
maintenance or inadequate annotation quality. 

Many times, a presence of noise in X-ray images 
makes is challenging.10 
Machine learning and CNN for bone fracture 
detection
	 The precise categorization of bone 
fractures in medical imaging is essential for 
efficient treatment planning and patient supervision. 
X-ray imaging is one of the most commonly used 
diagnostic methods for identifying fractures, 
which necessitates accurate interpretation to 
guarantee appropriate medical care. Nevertheless, 
conventional fracture classification techniques, 
which significantly rely on radiologists’ knowledge 
and experience, can be arbitrary and inconsistent.

Results 

	 The steps of the suggested method 
for detecting bone fractures in x-ray pictures 
are shown in Figure 3. The preparation of the 
acquired data is essential because most real-life 
data is noisy, inconsistent, and incomplete. The 
first stage in achieving high picture accuracy is 
image preprocessing, which is followed by further 
procedures. Therefore, pretreatment techniques 
are required to eliminate these artifacts prior to 
additional investigation. Using preprocessing 
methods like red, green, blue (RGB) to grayscale 
conversion is the first stage. A Gaussian filter is 
then used to further remove noise. Figure 4 shows 
an example of applying noise removal and image 
smoothing on an x-ray image. Figure 5 indicates 
an example of applying adaptive histogram on an 
x-ray image. 
	 Precise categorization of bone fractures in 
medical imaging is essential for efficient treatment 
planning and patient supervision. X-ray imaging is 
one of the most commonly used diagnostic methods 
for identifying fractures, which necessitates 
accurate interpretation to guarantee appropriate 
medical care. Nevertheless, conventional fracture 
classification techniques, which significantly rely 
on radiologists’ knowledge and experience, can be 
arbitrary and inconsistent.
	 Convolutional Neural Networks (CNNs), 
which are tailored for processing visual input, 
are a significant breakthrough in the field of deep 
learning. CNNs are skilled in immediately learning 
hierarchical representations of features from raw 
pixel data, a technique inspired by the human visual 
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Fig. 1. Sample X-ray images presenting bone fracture across various anatomical regions

cortex. Convolutional layers, which use filters to 
extract local patterns like edges and textures, and 
pooling layers, which decrease spatial dimensions 
while preserving crucial information, are important 
parts of CNN architecture.11 To integrate collected 
characteristics for final classification or regression 
tasks, these networks also include fully linked 
layers.12 CNNs have transformed computer vision 
applications, paving the way for advances in 
medical imaging, object identification, and picture 
recognition. CNNs are essential in the healthcare 
industry for automating processes of correct 
identification and categorization of fractures from 
medical pictures in X-rays.13 Their capacity to 
extract complex patterns and characteristics from 
huge datasets has greatly improved the efficiency 
and accuracy of diagnosis in clinical settings. To 
further enhance CNNs’ performance in a variety 
of applications, ongoing research is investigating 
different architectures and training methods.14  

	 In  th is  sec t ion,  we explore  the 
performance, strengths, and limitations of various 
X-ray bone fracture classification approaches, 
including traditional machine learning techniques, 
convolutional neural networks (CNNs), residual 
neural networks (ResNets), Inception-based 
models, lightweight CNN models, ensemble 
methods, and semi-supervised/self-supervised 
learning. We discuss the specific fracture types each 
approach can detect, their accuracy levels, and the 
pros and cons of each method. 
	 Rashid et al15 fused long short-term 
memory (LSTM) and CNN to identify wrist 
fractures from X-ray pictures. To reduce the 
number of fractures that go undiagnosed, it 
provides medical professionals with an additional 
alternative for diagnosing wrist fractures using 
computer vision. The dataset from Mendeley 

includes 192 wrist X-ray images. Fracture 
detection and classification have seen a dramatic 
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Fig. 2. Block diagram of bone fracture classification

Fig. 3. X-ray picture of the bone fracture

Fig. 4. (a) original image, and (b) Gaussian filter.

change in direction with the introduction of 
artificial intelligence (AI) and machine learning 
(ML) technologies, especially convolutional 
neural networks (CNNs). A similar approach of 
integrating CNN and LSTM was presented.16 
Model evaluation on 10580 X-ray images showed 
97.33% accuracy. However, these approaches 
have large computational complexities and further 
optimization of this network is required.
	 Su et. al.17 developed a model to diagnose 
bone fractures from X-ray pictures using deep 
learning algorithms, which has shown considerable 
potential. The use of deep learning algorithms for 
various specialized tasks is just one of the hottest 
directions in bone fracture diagnosis. Another 
example is how deep learning algorithms have 
changed over time. They used to use simple 
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Table 1. Machine learning for bone fracture detection

Methodology	 Focus	 Results /Finding

LDA8 	 Feature extraction using Hough line 	 LDA achieved 88.67% accuracy compared 
	 detection and Harris corner detector 	 to other 12 machine learning classifier. 
SVM9	 Feature detection from X-ray images 	 SVM showed good performance in detecting 
		  fracture but require significant features 
		  extraction 
RF10	 Classification of bone fracture of 	 RF provided robust classification accuracy. 
	 pediatric patients 
KNN11	 Classification of fracture severity 	 KNN was effective for classifying severity 
		  of fracture but less accurate for subtle 
		  fractures detection. 
Decision tree12	 Image enhancement using unsharp 	 Accuracy is limited to 82%. 
	 masking and feature extraction using 
	 Harris corner detection. 

Table 2. A CNN models for fracture detection

Method	 Range of  	 Pros and Cons 
	 Accuracy

Traditional machine 	 70-85%	 Pros: Relatively simple to implement, interpretable model 
learning algorithms.13,14 		  Cons: require manual feature engineering, struggle with complex 
		  feature patterns, limited generalization 
CNNs.15,16,17	 85-95%	 Pros: automated feature extraction, high accuracy, 
		  ability to generalized to diverse feature types.
ResNets.18,19,20,21 	 88-94%	 Proc: deeper architecture, mitigate vanishing gradient, 
		  efficient and fast inference 
		  Cons: potentially more complex to train, still require 
		  substantial training 
Inception/Xception 	 87-93%	 Pros: capture multi-scale features, performed well with limited data. 
based model.22,23,24 		  Cons: Large computation compared to CNNs, it may 
		  require more tuning 
Lightweight CNNs 	 82-90%	 Pros: Efficient for deployment on mobile /edge computing devices, 
(i.e. MobileNet, 		  good balance between accuracy and speed. 
EfficientNet).25,26,27,28		  Cons: Slightly lower accuracy compared to CNNs
Ensemble 	 90-95%	 Pros: combine strength of multiple models, improved robustness 
approaches.29,30,31,32		  and accuracy 
		  Cons: increased complexity and it requires more 
		  computational resources. 

bounding boxes, but now they use semantically rich 
representations that focus on attention mechanisms 
and heat maps to show fractures in more detail. 
According to a review by Deo et al18 the use 
of artificial intelligence and image-processing 
techniques has produced impressive outcomes 
in the identification, categorization, and location 
of human bone fractures. An external force that 
is far greater than a bone’s tolerance might cause 

breakage or fissures in the bone, which can result 
in dislocation that needs intensive care. 
	 A method for diagnosing wrist fractures 
using deep learning was proposed,19 which employs 
anatomical landmark localization and image-
classification algorithms.  It achieved an average 
accuracy of 0.99. In order to classify orthopedic 
trauma radiographs, Jakub et al19 first used well-
known deep learning networks: BVLC Reference 
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Table 3. CNN model for fracture detection

Fracture type	 Method 	 Classification accuracy 

Various bone fractures46 	 CNN	 94%
Wrist fracture47	 CNN + Transfer learning 	 92%
Spine fracture48	 CNN-based ensemble learning 	 96%
Ankle fractures49	 CNN + Random Forest (RF)	 90%
Hand fractures50 	 ResNet50	 94.9%
Skull fractures51 	 CNN + Capsule Networks	 94%
Thigh bone fracture52 	 Vision transformer 	 87%
MURA dataset53	 Vision transformer + CNN	 88%

Fig. 5.  (a) original image, and (b) adaptive histogram.

VGG, CaffeNet, and Network-in-network. The 
results show that AI can do as well as humans. 
Mewada et al20 presented a quantum-based CNN 
network for bone fracture classification. They 
validated the model on a multi-region X-ray 
dataset, and their model received 96% classification 
rate. 

Discussion 

	 Table 1 provides a comparison of 
state-of-art using a machine learning algorithm.  
Linear Discriminant Analysis (LDA) achieved an 
accuracy of 88.67% using Hough line detection 
and Harris corner detection for feature extraction, 
outperforming 12 other classifiers. Support Vector 
Machine (SVM) demonstrated good performance 

in detecting fractures from X-ray images but 
requires extensive feature extraction. Random 
Forest (RF) provided robust classification accuracy 
for identifying bone fractures in pediatric patients. 
K-Nearest Neighbors (KNN) was effective in 
classifying fracture severity, although it was less 
accurate in detecting subtle fractures. Finally, the 
Decision Tree classifier utilized image enhancement 
techniques and Harris corner detection for feature 
extraction, achieving an accuracy limited to 82%.
	 Table 2 extends the comparison using 
CNN networks. The comparison highlights the 
significant progress made in the field of automated 
fracture detection and classification using deep 
learning techniques. The table compares and 
contrasts different machine learning algorithms 
for fracture identification based on their accuracy 
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ranges, benefits, and drawbacks. Traditional 
machine learning algorithms are relatively simple 
and fast. But these models may struggle in finding 
crucial features, and hence, they have limited 
generalization ability. In comparison, CNN 
networks outperformed the machine learning 
model with the largest classification accuracy of 
95%. However, this performance was achieved 
at the cost of large computational demand. In 
addition, tuning these models is a major challenge. 
	 Traditional machine learning approaches, 
while relatively simple to implement, struggle 
with complex fracture patterns and have limited 
generalization capabilities. The introduction of 
CNNs and their variants, such as ResNets and 
Inception-based models, has significantly improved 
the accuracy of fracture detection, with the ability 
to handle a wide range of fracture types, including 
simple and complex long bone, vertebral, and 
pelvic fractures.
	 One key advantage of the deep learning-
based approaches is their ability to automatically 
extract relevant features from the X-ray images, 
eliminating the need for manual feature engineering. 
This has led to improved performance and better 
generalization across diverse fracture patterns. 
However, these models typically require large 
labeled datasets for effective training, which can 
be a challenge in the medical imaging domain. 
Lightweight CNN models, such as MobileNet 
and EfficientNet, have shown promising results 
in terms of balancing accuracy and computational 
efficiency, making them suitable for deployment 
on mobile or embedded devices. Ensemble 
methods, which combine the strengths of multiple 
models, have demonstrated further improvements 
in accuracy and robustness. More recently, semi-
supervised and self-supervised learning techniques 
have emerged as a way to leverage unlabeled data 
and reduce the reliance on manual annotations, 
which can be time-consuming and expensive. 
These approaches have shown encouraging 
results, although they may not yet reach the peak 
performance of fully supervised methods.
	 CNNs have become a powerful tool 
for automating the categorization of fractures in 
medical pictures, particularly X-Rays. Radiologists’ 
manual evaluation, which can be laborious and 
inconsistent, has historically been the primary 
method for classifying fractures. By automatically 

identifying characteristics from X-ray pictures 
and categorizing fractures based on discovered 
patterns, CNNs provide a more effective and 
dependable substitute.33 With outstanding accuracy, 
these networks can discriminate between several 
fracture forms, including transverse, oblique, and 
comminuted fractures. Extensive collections of 
annotated medical pictures train CNNs, enabling 
them to identify subtle fracture patterns and 
abnormalities that may be difficult for humans 
to see on their own. This skill improves fracture 
classification consistency and expedites the 
diagnostic procedure, which benefits patient 
care and treatment planning. CNN technology is 
progressing with the integration of transfer learning 
and ensemble approaches, and it has great promise 
for improving fracture classification robustness and 
accuracy in clinical practice.34  
	 Extensive research on convolutional 
neural networks (CNN) for enhanced X-ray 
fracture classification produced important results 
about the resilience, accuracy, and performance 
of the model. The CNN models outperformed 
conventional approaches in terms of speed and 
precision exhibiting a high degree of accuracy 
in categorizing different types of bone fractures. 
Table 3 shows the different types of fractures 
and methods used. It provides a comprehensive 
overview of recent studies focusing on the 
classification of various types of bone fractures 
using advanced convolutional neural network 
(CNN) methodologies. 
	 The findings showed that CNNs are 
especially adept at spotting intricate fracture 
patterns that traditional approaches frequently 
overlook. The hybrid and ensemble models 
demonstrated commendable performance, 
achieving an identification accuracy of 94%.  
The identification of fractures in wrist bones is 
confined to 92% accuracy.  Conversely, fractures 
in other bone types were accurately recognized. 
The Vision Transformer (ViT) represents a recent 
advancement in convolutional neural networks 
(CNNs), leveraging the principles of transformer 
architecture to improve image classification tasks. 
In the context of thigh bone fracture classification, 
a study utilizing a ViT achieved an accuracy of 
87%, demonstrating its potential in effectively 
identifying fractures. Furthermore, when combined 
with traditional CNN techniques, the hybrid model 
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attained an even higher accuracy of 88% on the 
MURA dataset.  The improved performance 
was mostly due to CNN’s capacity to recognize 
and extract complex information from X-ray 
pictures. Additionally, the models demonstrated a 
high degree of resilience across several datasets, 
retaining accuracy in spite of changes in patient 
demographics and picture quality. When it comes 
to fracture classification, CNNs have several 
advantages, one of which is their ability to automate 
the detection process. This minimizes human error 
and reduces the burden on radiologists. Faster 
diagnosis is another benefit of the automated 
method, which is crucial in clinical situations when 
prompt treatment is required.54 The conversation 
also highlighted the essentiality of large, diverse 
datasets for training effective CNN models. We 
must include a range of fracture types, patient 
ages, and imaging conditions to ensure the models 
translate effectively to actual clinical situations.
	 Wearable technologies are the new 
advancement in capturing fracture recovery 
progression.55 North et al56 showed how wearable 
sensors can be used in predicting the fracture 
healing process. Machine learning models were 
trained using steps and extract matrices and 
evaluated with -fold cross-validation. They found 
a model accuracy range from 74% to 79%. A 
wearable sensor was utilized to examine the 
efficacy (ideal healing) and efficiency (cost) of 
a treatment during the actual healing of a bone 
fracture. The relevant data, including stress, 
deformation, conductivity, and acceleration, were 
recorded and transformed.  The author used three 
separate classification tests.  i.e., random forest, 
naive Bayes, and KNNs.  Among all the models, 
random forest fared the best.
	 In summary, the results highlight CNNs’ 
potential to transform medical imaging, especially 
in the area of classifying bone fractures. CNN’s 
sophisticated features not only improve diagnosis 
precision but also open the door to more dependable 
and effective healthcare delivery. Future research 
should focus on resolving highlighted issues, 
refining model designs, and investigating the 
integration of multimodal data to further enhance 
the efficacy of CNN-based fracture classification 
systems.
	 it is crucial to note that effective fracture 
healing and treatment are equally important in 

the clinical context. The integration of wearable 
technologies with CNN models offers promising 
avenues for monitoring recovery and optimizing 
treatment plans, yet this integration remains 
in demand and requires further study. While 
modern methods demand more computational 
resources and complexity in training, their superior 
performance benefits make them preferable for 
real-world applications. As technology continues 
to evolve, leveraging these advanced models will 
be crucial for improving diagnostic accuracy and 
efficiency in medical imaging, ultimately leading 
to better patient outcomes and enhanced care in 
fracture management

Conclusion

	 This thorough review highlights the 
substantial developments and promise of CNN 
in the field of X-ray fracture classification. 
The enhanced feature extraction and learning 
capabilities of CNNs significantly increase fracture 
detection efficiency and accuracy when compared 
to conventional techniques and machine learning 
algorithms. It is noted that machine learning 
models were limited to 85% classification rate. In 
contrast, advanced techniques like Convolutional 
Neural Networks (CNNs) and ResNets demonstrate 
significantly higher accuracy, with ranges of 
85-95% and 88-94%, respectively. Federated 
learning presents a promising approach for bone 
fracture classification, enabling the training of 
machine learning models across decentralized 
data sources while enhancing model performance 
and preserving patient privacy and data security. 
It enables the incorporation of diverse datasets 
from multiple institutions, thereby enhancing the 
model’s generalizability and robustness in real-
world clinical settings.
	 Through a thorough analysis of several 
CNN architectures and their uses in medical 
imaging, this paper emphasizes how crucial it 
is to optimize model training, hyperparameter 
tuning, and data preparation to achieve optimal 
performance. CNN integration into clinical practice 
has the potential to completely transform patient 
care by enhancing treatment results, allowing for 
rapid and accurate diagnosis. However, despite the 
encouraging results, we still need to overcome a 
number of obstacles to guarantee generalizability 
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across a range of patient populations. These 
obstacles include the requirement for sizable 
annotated datasets, the possibility of model 
overfitting, and the requirement for reliable 
validation techniques. Next studies need to focus 
on getting around these problems, looking into 
new CNN structures, and adding extra data types 
to make CNNs better at diagnosing fractures. 
The medical community may look forward to a 
future when AI-driven tools play a significant 
role in improving the accuracy, efficiency, and 
overall quality of patient care in orthopedic 
diagnostics by continuing to enhance and refine 
these technologies.
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