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Abstract 

India has more than 3,000 accidents every day, according to a global data analysis 

released by the World Health Organization. Because the bones are rigid, they provide 

protection for the vital organs of the human body, such as the heart, brain, lungs, and other 

internal organs. Treating people who have broken bones requires locating the fractures in their 

bones. Fragility fractures, which result from weakening bones, are linked to a reduction in 

quality of life and a loss of independence. One of the most popular methods for identifying 

problems with the human body's organs and bones is to get X-ray Images. Furthermore, more 

recent methods like magnetic resonance imaging (MRI), microwave imaging (MWI), and 

computer tomography (CT) are studied. It is the goal of this review paper to educate the 

research community about the different kinds of image processing techniques available for 

bone fracture detection and the facilities that hospitals have available for accurate diagnosis. It 

also serves as a guide for future researchers to understand the procedures needed for the 

detection of bone fracture. 

Keywords: Image Processing, Signal Processing, Health, Safety, Artificial Intelligence, 

Communication, Biomedical, Electronics, Machine Learning 
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1. Introduction 

The key organs of the human body, including the heart, brain, lungs, and other internal 

organs, are protected by the structural pillars of the body—the bones—because of their 

stiffness. A human body has 206 different types of bones that vary greatly in size, shape, and 

artifact. In humans, fractures of the bones happen rather often. According to the WHO study, 

a large number of severe injuries result in death or long-term impairment. It is often quite 

important for accident situations in many locations where there are few orthopedics accessible. 

In addition to taking a lot of time, the manual fracture identification method has a high mistake 

rate. Nowadays, there is a rising tendency in all industries for computer-based methods of 

defect identification. AI is being used in radiology for a wide range of activities, such as 

automated illness identification, segmentation, classification, quantification, and many more. 

Studies reveal that among the many subsets of artificial intelligence (AI), deep learning (DL) 

is able to identify illnesses from medical images with greater accuracy than doctors. Medical 

professionals may now provide prompt therapies by evaluating medical images quickly, thanks 

to developments in computer-aided diagnostic technologies over the last several decades. Bone 

fractures can be classified based on various factors, including the cause of the fracture, the 

location of the fracture, the pattern of the break, and the stability of the surrounding structures. 

1.1. Types of Bone Fractures 

1. Open (compound) Fracture: The bone breaks through the skin, exposing the 

fracture site to the external environment. This type of fracture carries an increased 

risk of infection. 

2. Closed (simple) Fracture: The skin is intact, but the bone is fractured. The 

fracture site is not exposed to the environment. 

3. Greenstick Fracture: Often occurs in children when a bone partially fractures 

and bends. similar to breaking a green twig. 

4. Transverse Fracture: The long axis of the bone is parallel to the horizontal 

fracture line. 

5. Oblique Fracture: The fracture line is slanted or diagonal across the bone. 

6. Spiral Fracture: The fracture line encircles the bone and is frequently caused by 

a twisting force. 
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7. Comminuted Fracture: A bone with at least two fractures is referred to as 

having a comminuted fracture. Serious injuries such as auto accidents might 

result in comminuted fractures.  

8. Impacted Fracture: A break when the ends are forced into one another is known 

as an impacted fracture, often referred to as a buckle fracture. 

9. Compression Fracture: A particular kind of fracture called a compression 

fracture has the potential to shorten your vertebrae by causing them to collapse.  

10. Avulsion Fracture: happens when a little piece of bone that is linked to a 

ligament or tendon separates from the main portion of the bone. The most 

prevalent places for avulsion fractures in young athletes are the hip, elbow, and 

ankle. 

11. Stress Fracture: are minute fissures in a bone. They are brought on by repetitive 

force, frequently from overuse, such as when you run long distances or jump up 

and down a lot. Normal use of a bone that has been compromised by an illness 

like osteoporosis can also result in stress fractures. 

12. Pathological Fracture: bone fracture brought on by a reduction in the bone's 

mechanical resistance to typical mechanical loads due to structural weakness. 

13. Segmental Fracture: They occur when a bone is fractured in at least two 

locations, resulting in a section of the bone that is completely divided by the 

fractures. You can get these fractures in any long bone in your body. 

14. Intra-articular Fracture: The fracture affects how the bones articulate because 

it spreads into the joint surface. 

15. Longitudinal Fracture: The fracture line is aligned with the bone's longitudinal 

axis. 

Treatment strategy and anticipated healing time may vary depending on the particular 

kind of fracture. Physicians diagnose and categorize fractures with accuracy using a variety of 

imaging modalities, including CT, MRI, and X-rays.  

2. Diagnosis Methods 

Imaging investigations, physical examinations, and medical histories are often used to 

diagnose bone fractures. The following are some standard techniques for identifying bone 

fractures: These are a few typical techniques for identifying bone fractures depicted in Table 

1. 
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Table 1. Diagnosis Methods 

Method Principle Advantages Limitations Specificity 

X-rays Ionizing radiation 

penetrates tissues; 

detects bone density 

changes 

Quick, readily 

available, cost-

effective 

Limited soft 

tissue visibility; 

not ideal for 

subtle fractures 

High specificity for 

bone-related 

abnormalities 

CT Scan X-ray technology; 

provides detailed 3D 

images of bones and 

tissues 

Excellent for 

complex fractures, 

detailed imaging 

Involves ionizing 

radiation; higher 

cost and longer 

time than X-rays 

High specificity for 

detailed assessment 

of bony structures 

MRI Uses magnetic fields 

and radio waves to 

produce detailed 

images 

Excellent soft 

tissue 

visualization; no 

radiation exposure 

Expensive, time-

consuming; 

limited 

availability in 

some settings 

High specificity for 

soft tissue and 

bone-related 

abnormalities 

Ultrasound Uses sound waves to 

create images of 

internal structures 

Non-invasive, no 

radiation 

exposure; useful 

for paediatric 

cases 

Operator-

dependent; 

limited use in 

some fracture 

types 

Low to moderate 

specificity; limited 

by operator 

expertise 

Microwave 

Imaging 

Uses microwave 

signals to create 

images of tissues 

Non-ionizing, 

potential for real-

time imaging 

Limited 

penetration; 

experimental, not 

widely available 

Limited data; 

evolving 

technology 

Bone 

Scintigraphy 

Radioactive tracer 

accumulates in areas 

of increased bone 

activity 

Sensitive for 

detecting bone 

abnormalities 

Low specificity; 

exposes patient to 

radiation 

Moderate 

specificity; useful 

for identifying 

various bone 

conditions 
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Nuclear 

Medicine 

Uses small amounts 

of radioactive 

materials for 

diagnostic purposes 

Detects bone 

abnormalities, 

particularly 

metabolic activity 

Radiation 

exposure; limited 

spatial resolution 

Moderate 

specificity; useful 

for certain bone 

disorders 

Bone 

Densitometry 

Measures bone 

mineral density 

using X-rays 

Assess bone 

density; useful for 

osteoporosis 

evaluation 

Limited to 

assessing bone 

density; not ideal 

for fracture 

detection 

High specificity for 

assessing bone 

mineral density 

 

The age of the patient, the suspected nature and location of the fracture, and the 

accessibility of imaging equipment all influence the diagnostic approach that is used. A 

thorough knowledge of the fracture may often be attained by combining a number of 

techniques. 

56.2 million individuals worldwide and 10.2 million Americans suffer from 

osteoporosis, a chronic, progressive bone disease linked to loss of bone density and quality. 

Physicians must use patient data, especially medical imaging like computed tomography (CT) 

pictures, to plan therapy and establish diagnoses. This data, together with that of other patients, 

is very important. Physicians can quickly assess pelvic CT scans and determine the extent of 

damage with the use of automated fracture diagnosis from segmented bones in traumatic pelvic 

injuries [1 – 5]. 

With dedicated extremity coils (knee coil, head coil, or flexible surface coils), MR 

exams were conducted on a 1.0 T machine. The Salter-Harris classification system was used 

to categorize the fractures that the MRI indicated. Numerous simulated and real-world MRI 

bone images have been processed using the SFCM method. The SFCM method performs better 

at image segmentation when compared to some of the FCM-based algorithms, according to a 

comparison of these inquiry outcomes [6–8]. 

This study examines the viability of utilizing microwave imaging (MWI) using a simple 

and useful setup to identify fractures in superficial bones such as the tibia. In the 8.3–11.1 GHz 

frequency band, a single Vivaldi antenna is used to capture the dispersed fields by linearly 

scanning the bone.  The Kirchhoff migration technique is used to recreate the image. To 

eliminate background and skin artifacts, the singular value decomposition (SVD) technique is 

used. The general concept involves detecting the bone permittivity discontinuity at the fracture 
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using a scanning microwave monostatic radar device. Nonionizing methods such as microwave 

imaging (MWI) are becoming more and more popular and show encouraging outcomes [9–10]. 

Bone X-ray imaging data sets from several publicly accessible research sources, 

including The Cancer Imaging Archive (TCIA) and the Indian Institute of Engineering Science 

and Technology, Shibpur, were used for the experiment. The Jupiter laptop running Windows 

10 with 8 GB of RAM and an i7 CPU was used for the experiment. Python 3.8 and Anaconda 

3 were also used. Bone fracture detection has been feasible with the use of X-ray pictures in 

developing artificial intelligence approaches, particularly the deep learning method. The deep 

learning approach proposed in this research study uses X-ray pictures to identify various types 

of bone fractures and to diagnose bone problems early. In this work, a deep learning-enabled 

fracture diagnosis method based on X-ray images is developed. To determine which CNN 

mode is the most accurate, many factors are taken into account [10–15]. 

The goals of bone fracture detection are: minimizing patient discomfort, making 

informed decisions, minimizing radiation exposure, accurately diagnosing the condition to 

guide appropriate interventions, precisely localizing the injury for surgical planning, assessing 

the severity for individualized care, identifying related injuries, tracking the healing process, 

preventing complications, customizing rehabilitation programs, and minimizing early 

identification for prompt treatment. 

This review study aims to do the following, principally: 

• Analyze the four unique image processing methods that are used to diagnose and 

identify bone fractures. 

• Determine the advantages and disadvantages of the articles, focusing on ways to make 

them better. This will serve as a useful manual for researchers studying the use of 

contemporary instruments for the detection of bone fractures. Assess and compile the 

results of the examined publications. 

A range of criteria were used to choose the research papers on bone fracture detection, 

with a focus on cutting-edge image processing techniques and algorithms. Keywords pertaining 

to artificial intelligence and machine learning were used in conjunction with terms such as 

"bone fracture + MRI scan," "bone fracture + CT scan," "bone fracture + MWI," "bone fracture 

+ X-ray," and others while discussing non-invasive screening techniques. Nearly every paper 

was chosen from journals published by IEEE Xplore, MDPI, and Springer in recent years, 

spanning from 2021 to 2023, which is testament to the high caliber of the works. 
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3. Methodology 

This section covers the use of different software processing algorithms in four non-

invasive image processing approaches for the diagnosis of bone fractures. To make the articles 

simpler to understand, rank, and use in future research, they are organized based on image 

processing and scanning techniques. 

 3.1 Bone Fracture Detection using Computer Tomography (CT) 

Accurate bone fracture detection with CT scans requires the following: the ability to 

visualize high-resolution details; the ability to scan quickly to minimize motion artifacts; 

sophisticated reconstruction algorithms for 3D rendering; appropriate patient positioning and 

immobilization; the best possible contrast administration when necessary; and competent 

radiological interpretation. Furthermore, to get accurate diagnostic data for efficient fracture 

diagnosis and treatment planning, a dependable CT scanner with cutting-edge technology and 

attention to safety procedures is essential. Physicians can quickly assess pelvic CT scans and 

determine the extent of injuries with the major assistance of automated fracture identification 

from segmented bones. This article suggests an automated hierarchical approach for bone 

fracture identification in pelvic CT scans [1] by combining anatomical information with 

adaptive windowing, boundary tracing, and wavelet transform.228 CT images were used for 

training, 56 for validation, and 408 for testing a method that included two convolutional neural 

networks (U-Net and ResNet) [2]. In this article, researchers suggest an automated method for 

identifying cervical spine fractures in CT axial images: a deep convolutional neural network 

(DCNN) with a bidirectional long-short term memory (BiLSTM) layer. When comparing 

normal and fractured pictures from CT scans of the cervical spine, there is a significant 

imbalance. The BiLSTM model has N axial images and 128 layers, as shown in Figure 1, for 

the purpose of detecting bone fractures [4]. 

 

Figure 1. BLSTM Model-based Bone Fracture Detection [1]. 
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 3.2 Bone Fracture Detection using Magnetic Resonance Imaging (MRI) 

A high-field-strength MRI machine with specialized musculoskeletal sequences that 

provide comprehensive imaging is essential for diagnosing bone fractures using MRI 

effectively. For motion artifacts to be avoided, patients must be positioned correctly and 

immobilized. Experts in musculoskeletal imaging must interpret radiological data with skill. A 

prospective MRI examination was conducted on twenty-four children with acute joint injuries 

(ten girls and fourteen boys; mean age, 10.7 years; age range, 3–15 years). The Salter-Harris 

classification system was used to categorize fractures that the MRI showed [6]. The steps 

needed to detect a bone fracture using MRI are shown in a simple block diagram in Figure 2. 

 

Figure 2. Detection of Bone Fracture using MRI [6]. 

 3.3 Bone Fracture Detection using Microwave Imaging (MWI) 

A nonionizing method that is gaining popularity and showing progressively 

encouraging outcomes is microwave imaging (MWI). Specialized equipment with the right 

frequency ranges for bone penetration is needed for the efficient use of microwave imaging in 

the identification of bone fractures. Accurate data capture depends on an imaging system with 

well-designed antennas and sensors. The Accuracy of diagnosis is improved by signal 

processing algorithms that can distinguish between bone structures that are broken and those 

that are healthy. This work investigates, utilizing a simple and useful setup, the viability of 

microwave imaging (MWI) for fracture diagnosis in superficial bones such as the tibia. Using 

a single Vivaldi antenna, the scattered fields are gathered by linearly scanning the bone in the 

8.3–11.1 GHz frequency range. A hardware device configuration used to detect bone fractures 

is shown in Figure 3. The Kirchhoff migration technique is used to recreate the image. To 

eliminate background and skin artifacts, the singular value decomposition (SVD) technique is 

used [9–10]. 
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Figure 3. Microwave Imaging Hardware Setup for Detection of Bone Fracture [9]. 

 3.4 Bone Fracture Detection X-ray 

A top-notch X-ray machine that produces detailed pictures, proper patient placement 

for best visibility, and consistent exposure settings are necessary for accurate bone fracture 

identification utilizing X-rays. It is essential to have knowledgeable radiologists with 

experience in musculoskeletal imaging evaluate radiological data. Three separate sources were 

utilized to obtain the X-ray images. X-ray images from Vidhya Imaging Center, Gwalior, are 

used to construct the dataset. The biomedical laboratory at the Electrical Engineering 

Department of MITS, Gwalior, has a few portable digital X-ray machines that are used to 

capture a few images. An image collection of around 2000 X-ray images has been gathered 

using the Medpix repository [12]. The techniques for a CAD system used in this research 

allows for automated fracture diagnosis inside the segmented areas as well as automatic long 

bone segmentation from X-ray images [15]. 

 

Figure 4. X-ray based Bone Fracture Detection using CNN [15]. 
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4. Analysis of the Articles Reviewed 

This section provides an in-depth analysis of the complete outcomes of four different 

scanning and image processing-based approaches for detecting bone fractures. As an 

alternative, they are summed based on the dataset, precision, and inaccuracy of the software 

techniques used to diagnose bone fractures. 

 4.1 Bone Fracture Detection using Computer Tomography (CT) 

The dataset was collected from the Virginia Commonwealth University Medical 

Center. Twelve individuals with severe pelvic injuries have had their data gathered. A total of 

45 to 75 images are obtained for every subject. A Registered Active Shape Model (RASM) is 

used in fracture diagnosis to evaluate the results of prior pelvic bone segmentation [1]. CT 

scans from 222, 56, and 408 scans were used to train, evaluate, and test an algorithm that 

included two convolutional neural networks (U-Net and ResNet). In the detection and 

classification of mandibular fractures on CT, CNNs demonstrated similar reliability and 

accuracy [2]. Using CT scans of the chest, belly, and pelvis, a deep neural network model has 

been developed in this research to identify OVFs. This model performed well on many 

evaluations, in line with the results of radiologists in practice who were using our test set. The 

best-performing OVF detection approach combined an RNN sequence classifier with a CNN-

based neural network to extract features from each CT slice and produce a diagnosis based on 

the entire CT scan [3–4]. The research using computer tomography to identify bone fractures 

is summarized in Table 2. 

Table 2. Parameters for Detection of Bone Fracture using Computer Tomography. 

Cited Work / 

Parameters 
[1] [2] [3] [4] 

Dataset 

Virginia 

Commonwealth 

University 

Medical Center 

Peking 

University 

School and 

University of 

Stomatology 

Dartmouth-

Hitchcock 

Medical 

Center, 

Lebanon and 

Montage 

Healthcare 

Cervical 

Spine CT 

scans from 

Kaggle 
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solutions, 

Philadelphia 

Accuracy (%) 91.98 93.87 89.2 80.01 

Error rate (%) 8.02 6.13 10.8 20 

Sensitivity (%) 93.33 95.95 85.2 77.3 

Specificity (%) 89.26 91.40 95.8 80.06 

Number of Epochs NA 30 400 50 

Batch size NA 32 192 16 

Optimizer NA Adam Adam Adam 

Learning Rate NA 10-3 10-5 10-3 

Hardware employed - 
16-Slice CT 

scanner 

Nvidia Titan 

Xp GPU Card 
- 

Algorithms / Software 

req. 
RASM UNet, ResNet 

LSTM, CNN, 

RNN, 

ResNet34 

BLSTM, 

ResNet50 

 

 

Figure 5. Comparison of the Hyperparameters in the Articles based on Computer 

Tomography 

In the comparison of the cited works from Figure 5 for bone fracture detection based 

on computer tomography, several key hyperparameters were considered, including accuracy, 

specificity, sensitivity, batch size, and the number of epochs. Notably, [2] achieved the highest 

accuracy (93.87%) and demonstrated strong performance in both sensitivity (95.95%) and 

0

100

200

300

400

500

Accuracy (%) Sensitivity (%) Specificity (%) Epoch size (N) Batch Size (N)

Computer tomography based bone 

fracture detection

[1] [2] [3] [4]
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specificity (91.40%). The combination of these metrics indicates a well-balanced model with 

the ability to effectively identify both positive and negative cases. [3], despite having a lower 

accuracy (89.2%), stands out with the highest specificity (95.8%), suggesting a lower rate of 

false positives. On the other hand, [4] exhibits the lowest accuracy (80.01%) and sensitivity 

(77.3%), which might indicate challenges in identifying positive cases. Regarding training 

parameters, [3] employed a substantial number of epochs (400) and a large batch size (192), 

potentially contributing to its higher specificity. However, the choice of the "best" method 

depends on the specific goals of the application. If a balance between sensitivity and specificity 

is crucial, [2] might be preferred, while [3] could be chosen for scenarios where minimizing 

false positives is a top priority. It's essential to consider the trade-offs between these metrics 

based on the specific requirements of the intended use case. 

The compared models exhibit varying limitations in sensitivity, overfitting concerns, 

low accuracy, and small batch sizes. [4] shows suboptimal sensitivity (77.3%) and low 

accuracy (80.01%), suggesting challenges in identifying fractures. [3] raises overfitting 

concerns with 400 epochs. [4] utilizes a small batch size (16), potentially limiting training 

efficiency. Solutions include fine-tuning for enhanced sensitivity, regularization for overfitting, 

exploring advanced architectures for accuracy improvement, and experimenting with larger 

batch sizes for efficiency in [4]. 

 4.2 Bone Fracture Detection using Magnetic Resonance Imaging (MRI) 

The Salter-Harris classification system was used to categorize fractures that the MRI 

indicated. Using specialized extremity coils, MR exams were conducted on a 1.0 T machine 

[6]. There are 200 non-fractured bone images and 300 fractured images out of the 500 total 

images. Similar to how 200 normal images are utilized for testing and 130 for training [8], 

Table 3 displays the studies conducted so far on computer tomography-assisted bone fracture 

diagnosis. 
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Table 3. Parameters for Detection of Bone Fracture using Magnetic Resonance 

Imaging. 

Cited Work / 

Parameters 
[7] [8] 

Dataset Kaggle 
Omni Hospitals, 

Visakhapatnam 

Accuracy (%) 78 85 

Error rate (%) 22 15 

Sensitivity (%) NA 87 

Specificity (%) NA 86 

Algorithms / Software 

req. 

SCFM, ANN, 

DWT 

Harris Corner 

detection, MLP, 

SURF+BPNN 

 

 4.3  Bone Fracture Detection using Microwave Imaging (MWI) 

This study examines the viability of utilizing microwave imaging (MWI) using a simple 

and useful setup to identify fractures in superficial bones such as the tibia. In the 8.3–11.1 GHz 

frequency band, a single Vivaldi antenna is used to capture the dispersed fields by linearly 

scanning the bone. Impedance-matching immersion liquids are not necessary since the system 

may be operated in air. Kirchhoff migration is the method used to rebuild the image [9]. The 

prior inverse scattering approach, which included just 2D measurement data obtained in a 

single linear scan, has to be generalized for 3D geometry. Table 4 outlines the requirements for 

using magnetic resonance imaging (MRI) to detect bone fractures. 

Table 4. Parameters for Detection of Bone Fracture using Microwave Imaging 

Cited Work / 

Parameters 
[9] [10] 

Accuracy (%) 85 87 

Error rate (%) 15 13 

Hardware employed Vivaldi Antenna Vivaldi Antenna 

SCR 3.48dB 6.4dB 

Permittivity (εr) 16 24 
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In comparing models [9] and [10], both utilizing Vivaldi Antenna hardware, [10] 

achieves a slightly higher accuracy (87%) but with a marginally elevated error rate (13%). [9], 

in contrast, strikes a balance with an accuracy of 85% and a lower error rate of 15%. Notably, 

[10] demonstrates a superior signal-to-clutter ratio (SCR) of 6.4dB while [9] lags with an SCR 

of 3.48dB. Additionally, [10] exhibits a higher permittivity (εr) of 24, surpassing [9]'s 16. 

Solutions involve optimizing the accuracy-error rate trade-off, enhancing SCR through 

improved antenna design, and aligning material properties [9]. 

 4.4  Bone Fracture Detection using X-ray 

Python 3.8 and Anaconda 3 were used in the experiment, along with a Jupiter notebook 

on Windows 10 with an i7 CPU and 8 GB of RAM. 10% of the samples were used for testing 

after the deep CNN was trained using 90% of the samples. For 100 epochs, a batch size of 40 

was used using the activation function softmax. After that, the activation function Adam was 

utilized for 100 epochs with a batch size of 40. [11]. A collection of X-ray images has been 

gathered from the Medpix database, with over 2000 images total. Subsequently, several 

attempts have been made to develop a trustworthy identification model with the use of deep 

learning techniques. This has been accomplished using six CNN models [13]. The findings 

from studies that used X-rays to identify bone fractures are shown in Table 5. 

Table 5. Parameters for Detection of Bone Fracture using X-ray 

Cited Work / 

Parameters 
[11] [12] [13] [14] 

Dataset 

Cancer 

Imaging 

Archive, 

IIEST - 

Shibpur 

Kaggle 

Vidhya 

Imaging 

Centre, 

Gwalior 

Kaggle 

Accuracy (%) 92.4 95.4 89.90 99.5 

Error rate (%) 7.6 4.6 10.10* 1* 

Sensitivity (%) NA 90 87 NA 

Specificity (%) NA 88 89 NA 
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Number of Epochs 100 NA 20 10 

Batch size 40 NA 32 NA 

Optimizer Adam NA Adam NA 

Learning Rate NA NA 10-3 10-3 

Hardware employed - - - - 

Algorithms / Software 

req. 
DNN 

CNN, 

Xception, 

Inception V3 

CNN 

CNN, 

CrackNet, 

Faster R-

CNN 

 

 

                     Figure 6. Comparison of the Hyperparameters in the Articles based on X-ray. 

A range of significant hyperparameters, including batch size, the number of epochs, 

accuracy, specificity, and sensitivity, were considered when comparing the cited research for 

the X-ray-based bone fracture diagnosis depicted in Figure 6. The technique with the greatest 

accuracy (99.5%) and the lowest error rate (1%), [14], suggests a reliable and accurate fracture 

diagnosis model. Furthermore, [12] has the best-balanced performance, exhibiting the greatest 

specificity (88%) and sensitivity (90%) rates. Notably, [13] made use of the biggest batch size 

(32), which could have improved training computational efficiency. [11] demonstrated 

competitive accuracy for a large number of epochs (100). Selecting the most effective approach 

is contingent upon the particular needs of the application. When it comes to overall precision 

and low mistake rates, [14] is a clear winner. But if striking a balance between detail and 

sensitivity is important, [12] stands out as a good choice. The decision must ultimately be in 

line with the particular objectives and factors of the X-ray-based bone fracture detection 

application. 
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The limitations of the comparison models lie in their varying performance metrics. 

While [14] achieves exceptional accuracy, its lack of reported sensitivity and specificity limits 

a comprehensive evaluation. [11] and [13] use relatively higher numbers of epochs, potentially 

raising concerns about overfitting. A solution involves carefully tuning hyperparameters to 

prevent overfitting and comprehensive reporting of sensitivity and specificity to enhance model 

evaluation and comparison. 

5. Discussions 

The benefits and drawbacks of the explored approaches across various technologies 

employed in bone fracture diagnosis are briefly and critically examined in this part, as seen in 

Table 6. 

Table 6. Benefits and Drawbacks of the Studied Methodologies. 

Number Methodology  Advantages 
Disadvantages / 

Limitations 

1 CT Scan 

Given that they provide 

multiplanar, high-

resolution images, CT 

scans are excellent in 

detecting bone fractures. 

Particularly in cases of 

complicated fractures, its 

rapidity facilitates prompt 

diagnostic and treatment 

choices. Planning surgery 

might benefit from the 

thorough visualization. 

The use of ionizing 

radiation during CT scans 

raises questions about health 

notwithstanding its 

advantages. In addition to 

accessibility issues, the 

expense is greater. 

However, there are 

limitations that should be 

carefully considered in 

clinical application, 

including limited soft tissue 

contrast and probable metal 

artifacts. 

2 MRI 

Since MRI scans provide 

great soft tissue contrast 

without ionizing radiation, 

MRI scans, on the other 

hand, are more costly and 

take longer. Compared to 
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they are useful for 

detecting bone fractures. 

In order to help with 

precise diagnosis and 

treatment planning, they 

provide comprehensive 

pictures that are helpful 

for evaluating 

complicated fractures and 

related soft tissue injuries. 

other imaging modalities, 

they may not be as 

accessible. Some factors to 

take into account include 

limited supply in emergency 

situations and sensitivity to 

metallic artifacts. 

3 MWI 

Non-ionizing and perhaps 

portable, microwave 

imaging may be used to 

diagnose bone fractures. 

With the ability to quickly 

and affordably evaluate 

fractures, especially in 

field applications, it 

provides the benefit of 

real-time imaging. 

The shallow penetration 

depth of microwave 

imaging, however, may 

limit its applicability to 

deeper anatomical areas or 

certain types of fractures. 

To maximize both its 

specificity and sensitivity 

for broad clinical use, 

further investigation and 

advancement are required. 

4 X-ray 

The speed, accessibility, 

and affordability of X-

rays make them a popular 

tool for detecting bone 

fractures. They provide 

rapid and efficient 

fracture visualization, 

facilitating timely 

diagnostic and treatment 

choices. 

There is a posing risk since 

X-rays use ionizing 

radiation. Comparatively 

speaking to more 

sophisticated imaging 

techniques, they provide 

less comprehensive 

information and may not be 

as sensitive for certain 

fractures, particularly those 

affecting soft tissues. 
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The kind of fracture, the clinical setting, and the resources at hand all influence the 

choice of imaging modalities, each of which has advantages and disadvantages. MRIs and CT 

scans provide more extensive information, but X-rays are often the first-line imaging method 

because of their accessibility and rapidity. Though it needs further investigation, microwave 

imaging offers promise. 

Table 7. Evaluation and Diagnosis of different Imaging Modalities for Detection of 

Bone Fracture 

Imaging 

Modality 

Diagnosis and Accuracy 

for Bone Fracture 

Detection 

Evaluation 

X-ray 
Rapid, cost-effective, 

widely accessible. 

Excellent for initial assessment; limited detail on 

soft tissues. Concerns with ionizing radiation. 

MRI 

Excellent soft tissue 

contrast, no ionizing 

radiation. 

Superior for complex fractures and soft tissue 

evaluation; slower and more expensive; limited 

availability in certain settings. 

Microwave 

Imaging 

Potential for real-time, non-

ionizing imaging. 

Promising for quick assessment, especially in field 

applications; limited penetration depth and 

ongoing research required. 

CT Scan 
High-resolution, multiplanar 

imaging. 

Superior for detailed visualization of complex 

fractures; rapid; concerns with ionizing radiation; 

higher cost. 

 

5.1 Current Trends and Future Perspectives of Bone Fracture Detection 

5.1.1 Current Trends 

1. Artificial Intelligence (AI) and Machine Learning: Integration of AI algorithms for 

automated fracture detection and classification, aiding radiologists in interpreting 

images and improving diagnostic accuracy. 

2. Advanced Imaging Modalities: A rise in the thorough evaluation of fractures using 

modern imaging modalities like MRIs and CT scans, which provide insightful 

information in complicated situations. 



                                                                                                                                            Sanjay S Tippannavar, Yashwanth S D, Gayathri S, Eshwari A Madappa 

Journal of Artificial Intelligence and Capsule Networks, December 2023, Volume 5, Issue 4 517 

 

3. Portable Imaging Solutions: The advancement of transportable and handheld imaging 

instruments for point-of-care evaluations, enabling speedier judgments about diagnosis 

and treatment, particularly in emergency situations. 

4. Telemedicine in Fracture Management: An increasing number of doctors are using 

telemedicine platforms to conduct remote consultations and provide advice on fracture 

care without the requirement for in-person attendance. 

5. 3D Printing for Surgical Planning: Anatomical models are produced using 3D 

printing technology and used to improve surgical planning accuracy for intricate 

fracture repair treatments. 

5.1.2 Future Perspectives 

1. Microwave Imaging Advancements: On-going studies to enhance the sensitivity and 

penetration depth of microwave imaging in order to identify bone fractures. 

2. Smart Implants and Wearable Devices: Investigation of wearable technology and 

smart implants that include sensors to follow the healing process, diagnose fractures 

early, and continuously monitor bone health. 

3. Molecular Imaging Techniques: Research on molecular imaging methods to evaluate 

the health of bones at the cellular or molecular level, offering information on bone 

metabolism and early warning signals of fractures. 

4. Precision Medicine in Fracture Care: individualized fracture diagnosis and treatment 

plans based on lifestyle and genetic variables for each patient in order to maximize 

results. 

5. Regenerative Medicine Approaches: Developments in tissue engineering and stem 

cell therapy, which have the potential to improve long-term results by promoting bone 

regeneration and repair. 

6. Integration of Augmented Reality (AR) and Virtual Reality (VR): AR and VR 

technology will be used for training and improved vision during surgery, increasing 

accuracy in fracture care. 

7. Big Data Analytics in Fracture Research: Using big data to analyze fracture data 

thoroughly, improving fracture prediction models and providing a clearer picture of 

epidemiological patterns. 
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6. Conclusion 

As a result of the many imaging techniques, each with its own advantages and 

disadvantages, the field of bone fracture diagnosis has made great strides. Given its speed and 

convenience, X-ray imaging is still a vital tool for the preliminary evaluation of fractures, 

especially when it comes to making an immediate diagnosis in an emergency. High-resolution, 

detailed pictures are what CT scans are best at producing, enabling accurate diagnosis of 

complicated fractures and directing surgical procedures. Magnetic resonance imaging (MRI) 

provides a comprehensive view and is especially helpful in evaluating complex fractures and 

associated soft tissue injuries because of its superior soft tissue contrast and non-ionizing 

radiation nature. While further research is required to optimize the penetration depth and 

sensitivity of microwave imaging for widespread clinical application, this non-ionizing, 

potentially portable, real-time modality shows promise.Excitement surrounds the future of 

bone fracture detection: developments in microwave imaging technologies, the incorporation 

of wearables and smart implants for ongoing surveillance, and the investigation of molecular 

imaging methods. Artificial intelligence is likely to enable faster interpretation times, better 

diagnostic precision, and automation of fracture detection processes. Precision fracture 

treatment strategies that take into account each patient's unique genetics and lifestyle are 

expected as the field progresses toward customized medicine. Finally, a more sophisticated, 

effective, and patient-specific approach to bone fracture identification is promised by the 

combination of various imaging modalities with cutting-edge technology, with the goal of 

enhancing the overall quality of treatment, lowering radiation exposure, and improving 

outcomes. 
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