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Accurate detection and classification of fractures in bone x-ray images
are crucial for effective medical diagnosis and treatment. In this study, we
propose the triple context attention model (TCAN) as a novel approach to
address the challenges in this domain. TCAN offers several key
contributions that significantly enhance the accuracy and efficiency of
bone x-ray image recognition and classification. Firstly, TCAN
introduces the coordination attention mechanism, which considers both
horizontal and vertical positional data during the recognition process.

Secondly, TCAN mitigates the common issue of mislabelling fractures in
bone x-ray images, particularly in the you only look once (YOLO) model,
due to the absence of positional data during training. Thirdly, TCAN
efficiently enhances positional data by focusing on weights, and
increasing feature dimension while maintaining a manageable model size.
This allows for effective utilization of positional data without
computational overhead. Lastly, TCAN combines the visual attention
network (VAN) with its capabilities, resulting in a comprehensive system
that can handle diverse image dimensions and accurately classify various
types of fractures across different body regions. Overall, TCAN presents
a promising advancement in medical image analysis, improving fracture
detection accuracy and classification efficiency in bone x-ray images,
thus aiding in more effective clinical decision-making.
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1. INTRODUCTION

There are 206 bones in the human body, and they differ in size, complexity, and structure. The tiniest
bones are found in the ear canal, while the biggest are found in the femur. A common occurrence in people is a
fracture of the lower leg bone [1]. The use of machine learning, a pattern recognition approach, for medical
image interpretation has significantly increased recently. The most reliable prediction is thought to be the
characteristic marked. This technology is essential for helping medical professionals diagnose medical disorders
effectively and choose the best course of therapy for their patients. Skeletal fractures can happen suddenly,
which emphasizes how important it is to recognize and treat these injuries as soon as possible. Sadly, a rise in
bone fractures has been seen everywhere, including in highly developed countries [2].

The sharing of medical pictures is made easier by the use of the digital imaging and communications
in medicine (DICOM) standard. For the goal of identifying bone fractures, x-ray technology is widely used in
the medical field. This is mostly related to the x-rays' efficiency, accessibility, and cost. Numerous diseases
and injuries can result in bone fractures. Any treatment's success depends on a timely and accurate diagnosis.
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When a fracture is discovered, a medical expert, such as a doctor or radiologist, frequently requests an x-ray.
Its goal is to determine the kind and size of the fracture [3]. It has been shown that both manual examination
and the traditional x-ray fracture detection method are useless. Fatigue was a factor in the radiologist's
inability to spot a fracture in one of the pictures, which resulted in the abnormality being missed. A
notification is subsequently sent to the attending physician following the computer vision system's analysis of
an x-ray picture for anomalies [4].

Three basic techniques have been used in prior studies to identify bone fractures. The approaches
include performing image categorization, extracting relevant features, and denoising x-ray pictures. Prior
studies have mostly focused on either a particular anatomical area or a particular kind of fracture. Studies on
open tibia fractures, arm fractures, and subtle femur neck fractures are a few examples of research studies.
The precise position of the fracture site could not be determined using the methods described in [5].
However, it was only capable of determining if the presented bone picture showed signs of fracture.
Experienced medical practitioners must have the knowledge and abilities necessary to identify fractures in a
variety of anatomical locations. Consequently, applying a practical technique would result in advantages for
precisely diagnosing bone fractures in different human bone tissue samples. Due to the obvious differences
between the many types of bone, creating a bone accounting system is quite difficult.

In a variety of fields, such as bioinformatics, computer vision, and medical diagnostics, deep
learning models have demonstrated extraordinary performance. These models constantly provide cutting-
edge outcomes, demonstrating their extraordinary success. Deep learning can identify problems in the bone.
However, this method's main drawback is the need for networks with a lot of depth. Anu and Raman [6]
developed a deep convolutional neural network (DCNN)-based technique for fracture diagnosis. The quality
of a picture can be improved by using preparation techniques. Through the use of data augmentation
techniques, the dataset is expanded in size. The classification model developed by Ada-ResNet is used to
distinguish between fractured and healthy bone states. It has a 68.4% average accuracy rate. In a separate
investigation, the [7] model's performance was enhanced with the addition of x-ray pictures of the humerus
bone. For arm bones, a fracture detection model has been created. Three distinct elements make up the main
changes. To gather more fractal data, a novel backbone network is constructed using the function pyramid
design. The next approach [8] used for picture preparation is a pixel value modification and opening
technique to successfully boost the contrast of the original photos.

This research is motivated by the increasing prevalence of skeletal fractures worldwide and the need
for accurate detection methods across diverse anatomical regions. Traditional approaches like manual
examination and conventional x-ray interpretation face accuracy limitations. To address this, the study
employs advanced deep learning techniques, including the triple context attention model (TCAN), to enhance
fracture detection accuracy. By utilizing convolutional neural network (CNN) and attention mechanisms, the
research aims to provide reliable tools for timely and effective fracture identification in body parts such as
the shoulder, humerus, finger, elbow, wrist, forearm, and hand. This work contributes valuable insights into
medical diagnostics and improves fracture detection, benefiting both patients and healthcare providers.

i)  Enhanced accuracy: TCAN improves the accuracy of detecting fractures in bone x-ray images through
the use of coordination attention, considering both horizontal and vertical positional data.

i) Reduced mislabelling: TCAN addresses mislabelling issues in the you only look once (YOLO) model
by providing necessary positional data without making the model overly complex.

iii) Efficient positional data: TCAN efficiently enhances positional data using weight distributions,
improving feature representation while keeping model complexity in check.

iv) Comprehensive classification: by combining visual attention network (VAN) and TCAN, the model can
accurately recognize various types of fractures across different body regions in bone x-ray images.

The research work is organized in this paper as follows: in the section 1, a brief overview is given.
In the section 2, related work is discussed. In the section 3, proposed methodology is given in which a novel
TCAN model is developed. In the section 4, the performance analysis is given where the results are displayed
in the form of graphs and tables. Finally, in the section 5, the conclusion is presented.

2. RELATED WORK

The current study has employed basic machine learning techniques, specifically feature extraction
and pre-processing [9]. The revamped distribution sector scheme method (RDSS), is employed to correct
segmentation errors in the contour by restoring the artificial contour. The bone fracture detection model
utilizing machine learning was developed by [10], who are also the authors of the study. The first step in
enhancing the quality of an x-ray image is to apply a Gaussian filter. The clever edge algorithm is utilized to
accurately identify and locate the edge. The identification of broken sections is accomplished through the
utilization of the Harris corner detection approach. The technique exhibits a 92% accuracy rate in identifying
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fractures. Various image processing techniques, including adjustable filters, image projection integration, and
image pixel intensity, have been identified as effective methods for enhancing feature extraction [11].
The utilization of these techniques has greatly improved the diagnosis of bone conditions. The incorporation
of manual attributes during the training of the model impedes the attainment of optimal performance for these
methodologies.

The identification of the fracture class has been documented in multiple sources discussing deep
learning-based categorization. Their study utilized a total of 26 different deep learning-based classification
techniques. The objective was to accurately classify the fracture type in shoulder bone x-ray images obtained
from the musculoskeletal radiograph (MURA) dataset. In addition, the researchers developed two ensemble
learning models to improve the accuracy of the classification results [12]. In the fracture classification study
conducted, a proposed CNN model and genetic algorithm (GA) were utilized to analyze 1341 femoral neck
x-ray images. The achieved accuracy of this analysis was reported to be 79.3%. In the study conducted, a
classification accuracy of 99.1% was attained by employing the CNN model proposed in their research. The
aforementioned model was utilized in the analysis of a thoracolumbar computed tomography (CT) dataset,
which comprised 420 normal images and 700 fracture images [13].

The study utilized a dataset comprising 15,775 frontal and lateral radiographs for fracture
classification. The ResNet18 model was utilized for this specific task, yielding a notable accuracy rate of 94%.
In the study, the InceptionV3 model was employed to classify a total of 1,389 wrist radiographs. The primary
objective of this classification was to accurately determine the specific type of fracture present in each
radiograph. The researchers obtained a notable area under the receiver operator characteristic curve (AUC)
score of 0.954 [14]. Their study demonstrated a classification accuracy of 73.59% for the vertebral fracture
class. This result was obtained by analyzing a dataset comprising 1,306 plain frontal radiographs. In their
study, utilized InceptionV3, visual graphics group 16 (VGG16), and residual network 50 (ResNet50) models
to analyze a dataset of 2,453 proximal femur x-ray images. Their analysis resulted in the attainment of the
highest levels of accuracy for grade three and grade five structures. According to fracture classification [15],
the accuracy rates for grade three and grade five structures were 87 and 78% respectively. Kaur and Garg [16]
introduced a segmentation network that integrates training to optimize three distinct objectives in cardiac
magnetic resonance (MR) images. These objectives include the detection of image artifacts, the correction of
artifacts, and the performance of image segmentation. The study conducted by introduces a new fuzzy
C-means technique and a distance metric for evaluating structural similarity in image segmentation.

The user has included it in their submission. Rajpurkar et al. [17] introduces a methodology based
on deep learning for the detection and classification of different types of proximal humerus fractures. These
include greater tuberosity fractures, surgical neck fractures, 3-part fractures, and 4-part fractures. The
analysis includes the use of standard anteroposterior shoulder radiographs. The pre-processing step involves
resizing the input photographs to dimensions of 256x256 pixels. The pre-processed photographs are then fed
into a classifier that employs CNN. The study achieved an accuracy of 96% by utilizing a dataset consisting
of 1,891 photographs. The technique proposed by Basha et al. [18] involves the utilization of a densely
connected convolutional network comprising 169 layers to detect abnormalities in the bones of the upper
extremity. To achieve a resizing of the given images to dimensions of 320%320 pixels, a scaling operation is
executed. The pre-processed images are subjected to random inversions and rotations to introduce
supplementary information. The input for the 169-layer convolutional network consists of enhanced images,
which are utilized to identify bone abnormalities. A mean accuracy of 70.5% was attained by utilizing the
MURA dataset, which consists of more than 40,000 photographs encompassing various viewpoints of the
upper extremity bones, including the shoulder, forearm, humerus, elbow, wrist, hand, and finger. It is
imperative to recognize that each bone is evaluated independently within the scope of this study [19], [20].

3. PROPOSED METHOD

Considering traditional methods, attention models are used during interlinked connections while
overlooking the significance of location data. This challenge results in the accuracy of detection being
diminished. However, there also exist models such as the bottleneck attention model and block convolution
attention method to retrieve positional data after compression. However, these models can retrieve local
connections, although cannot acquire extended dependencies. A coordination attention mechanism was
proposed in the existing methodologies that take into consideration positional data that is straight horizontally
as well as vertically for connection attention. This method is efficiently implemented for mobile networks
that permit wider attention to the positional data while not overworking computations.

Various bone x-ray images are utilized in this study for distinguishing characteristic features along
with particular positional data. Hence, using the coordination attention module for this method the accuracy
for recognition is enhanced. During the recognition process for these bone x-ray images, the TCAN model is
implemented where damaged regions in the image are mislabelled as fractures, this is due to the absence of
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positional data in the training process. To deal with this challenge the prior existing coordination attention
model could be adapted, however, it increases the complexity as well as the parametric dimension of the
model decreasing its accuracy. Therefore, we need to resolve this challenge by introducing a TCAN where
the proposed model is a combination of concentrated extensive convolutional segments combined with the
mentioned attention method. The concentrated convolution has the advantage of recombining the connections
while the attention method is flexible to weights. The TCAN model enhances the positional data by focusing
on weights for increased dimension for features. Since the weights utilized for this model are distributed, the
parametric dimension is also decreased. Using the TCAN model has enhanced accuracy for the detection of
multiple fractures in bone x-ray images.

For the input x-ray images in the TCAN model proposed in this study, there are weight-related
evaluations considering channels during the pooling process. However, the proposed model has various
convolutional layers that aid in retrieving an increased resolution activation map. Before the coordination
attention model channel evaluation, the TCAN model uses pixels for convolution of the information,
the pixel size used for this process is both. Here, spatial data as well as channel data is enciphered using
residual links. Later, modified pooling is performed individually considering length and breadth. The mean
of the tensor subset is calculated, then two completely linked convolutional layers are utilized to attain the
weights of every particular subset using the mean. These weights are collectively used in the activation map.
The combination of attributes causes the activation map with weights to be added according to elements to
the initial activation map; this leads to obtaining the final resulting activation map. The TCAN model
improvises the focus on the main attributes, decreases the noise in the background that could be found during
the object recognition process as well as enhances the accuracy of recognition.

It is required that the proposed model gains traction in various directions and utilizes the positional
data. The TCAN model uses an increased resolution activation map attached using the concentrated
extensive convolutional segments as initial input. Pixel dimensions for generating y4. The mean pooling
considering length and breadth is performed that attains two activation maps that manifest each direction.
This causes the proposed model to improve its concentration of essential attributes in the bone x-ray images
as well as use data to represent the attributes. The activation maps are evaluated using the (1). Considering
the (1) and (2), the channel count is indicated as D. In the pooling process, the length and breadth position
value ranges are denoted as I and X. The present position value is given using i and x. The activation maps
have receptive areas considering their length and breadth, combined to obtain a dimensional vector of 1 by
2D. A pixel of resolution 1 by 1 is used through which the vector is passed decreasing its dimensions to D/s.
The activation map with decreased dimension is normalized using the batch method and used as input for the
Sigmoid function. This leads to the activation map having the dimension g as given in (2) and (3).

azii (l) = (X)_l Zo less than equal to j less than equal to X |yd(i»j) (1)
aZiC (x) = (1)_1 Zo less than equal to j less than equal to 1 D/d (k' x) (2)
g=X+0H)xD/s (3)

Considering this activation map, every element depicts the weight relating to the channel as well as
the position spatially, this is utilized in the input activation map. Here the weight grows for attributes that are
useful while the unwanted attributes have their weight subdued, in this case, g is evaluated using the (4).
A sequential operation combined with spatial size is represented using [a!, a¥], where a nonlinear activation
function is used and denoted as 0. The activation map g is transformed into the initial length and breadth
implemented by a pixel of size 1 by 1 that gives rise to two activation maps having similar channel counts
that are denoted as G; and Gy. The weights h' and h* are gathered by using the activation function for length
and breadth respectively, these evaluations are performed using (5). In (6), the activation function sigmoid is
represented as o.

g = (Gy([a',a*]))a (4)
h' = (Gi(g)) x o ®)
¥ =(Gx(g)) %o (6)

The overload of computation is decreased, also reducing the complexity of the model, a decreasing
ratio s is used to limit the size of the channel g. The notations h' and h* are the outputs that are enlarged as
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well and weights are used for computations. This results in the activation map combined with weights for
length as well as breadth directions. The TCAN model output z is evaluated using (7).

243G, k) = (y(, k) + (R (D) (W3 (k) (Va G, k) (7)

A sequential model is used in this study to enhance the accuracy percentage of bone x-ray images.
Here, a VAN is introduced, this deep learning method is used as a transformer for image processing that
works as an attention model. The accuracy of classification is seen to be high during the performance of
VAN as well as takes care of all the normal tasks of classification relating to images. Considering bone x-ray
image datasets, there exists diversity in dimensions that happens due to capturing distance, resources used to
capture images, and individual photographers. The VAN model splits the input image and rejoins the images,
showing an adaptable skill to manage the diversity in these X-rays that contain various dimensions and sizes.
The VAN model is pre-trained in this study using bone x-ray image datasets as well as refined using deep
learning methodologies of transfer learning for bone x-ray image classification. The VAN model has three
phases, namely local feature embedding, transformer input encoder, and lastly multi-layer perceptron.

Considering Figure 1, the VAN model splits the input x-ray image without any overlapping,
therefore leading to important attribute redundancy that focuses on particular features. This results in reduced
accuracy of classification considering the x-ray bone image dataset that is exposed to naturally disturbed
factors that include noise in the images or the possibility of gradients in the images. Here, the TCAN model
for the recognition of objects identifies local attributes while conserving necessary attribute data in the initial
image. However, considering the constraints of this model, the extraction of attributes is inadequate, which
fails to explain the meticulous part of the attributes. Therefore, the TCAN model is inefficient in achieving
tasks of image classification that need increased attention to meticulous features.

Input Bone X-ray Images

Multiple Fracture Bone X-ray "
Images [Shoulder, hips, chest, Triple Come_);lcﬂ:g:fntlon Model
arms, legs) ( )

Feature Recognized Image

Detected
Fraclure

1

‘ Multilayer Perceptron ‘

g Local Feature Embedding Phase BN

Transformer Input Encoder

Output

Visual Attention Network (VAN)

Figure 1. Architectural representation of the proposed model

This limitation is resolved in this study, by implementing a combination of TCAN with VAN
model. The fracture areas are marked in the x-ray images that have different shapes as well as dimensions, a
bone image dataset is used to pre-train the TCAN model and also the TCAN model. The enhanced TCAN
model, combined with the TCAN model, recognizes fracture areas of the bone images while the initial image
dimensions remain unmodified since these images are used as input further for the VAN model. Redundant
attributes as well as image distortion are reduced in this technique while the positional data is retained about
the complete picture. The input images of the local areas of bone x-rays are represented as y, having
non-overlapping segments that lead to the image-embedded sequence of dimension y4 belongs to §O(Q*xD),
This embedded sequence is made up of O picture segments, and the value of O is evaluated using (8). In (8),
the picture resolution is expressed as [ X X for the initial input image, the channel count is indicated as D and
the picture embedded sequence is denoted as P.

0=0UxX)@QxQ" )

Catalysing precision in bone x-ray analysis for image detection and ... (Tabassum N. Sultana)



4962 O3 ISSN: 2252-8938

The use of learning matrices for linear transformations creates a flat picture that is used linearly as a
E-size vector. The learning vector is expressed as Ymuitiple fractures @nd is concatenated with the
E-dimensional vector for the transformer input encoder to recognize the various types of fractures using this
model. The model detects bone x-ray images that have fractures in the areas of the shoulder, arms, hip, chest,
and legs. The positional area data is required specifically for the image segment sequence. Lastly, the
sequential segments A, are used as input to the transformer input encoder which is evaluated using (9).

AO = Fposition + [Ymultiple fractures: y(}F;y;F; e qu]» (9)

Where F belongs to SEC*QQ_ F_ o0, belongs to SEO+D

This phase of the VAN also has the multilayer perceptron. The attention mechanism used in this
phase is combined using the Norm level and M iterations are performed, resulting in Aj,. The multilayer
perceptron is also iterated M several times with the Norm, resulting in A,,. Since there is M number of
iterations performed for both the different types of methods, higher accuracy of attributes is attained.
The values of A}, and A, are evaluated using (10) and (11).

A;, = attention model (Norm layer(Am_l)) + Apmy, 1=1..M (10)

A, = multilayer perceptron(Norm layer(A;n)) +4, 1=1.M (11)

Considering equations 10 and 11, the count of layers is indicated by m, the information passing over
the last layer m for the attention model as well as the multilayer perceptron obtains results that are
represented using notations A}, and A, respectively. Multiple addition of vectors leads to the input x-ray
image finally becoming more fine-tuned. The output received by the final layer is concatenated to produce
the feature attribute. The training is effectively enhanced using batch normalization, this layer is used so that
the output is normalized in this phase of the VAN. This causes the model to increase its performance speed.
As the TCAN model is successful in the recognition process, the picture dimension as well as the image
information is altered which makes distinct attributes more visible. This decreases the resources that are
utilized for computations in the training process. Increased rates of learning are also obtained which speeds
up learning. However, this could also lead to problems as extremely high rates of learning could result in
overfitting that ultimately interferes with the performance of this technique. Hence, in this study, we develop
a layer of batch normalization before the input of attributes for the process of classification to reduce
excessive rates of learning. The batch normalization uses trainable parameters denoted as 9 and p those
retransformed values that have been normalized. This is expressed as given in (12) to (15).

20 = p® 4 YOO (12)

20 = p® 4 YOO (13)

=1 (14)
variable[y®] /2

pO = yO — FlyO]x ——L 15

Y Y [y variable[y(] 2 (15)

In this case, the input is expressed as y, the normal input tensor is given as ¥, the channel count is
indicated as 1. Considering the deep learning model that is introduced in this study, for every particular
neuron present in the model there exists 9 and p. The values 9 and p are evaluated and then substituted in
(12), which produces the final output given by y®. Figure 1 shows the model in the object recognition phase
where the distinct locations in the bone images have to be situated. Then a classification process is performed
on the situated locations obtaining fracture-related information. These areas are utilized as input in the VAN
model for the prediction process. Considering the recognition phase, the TCAN model is devoid of the
positional data of the bone image dataset, this leads to wrongly identifying the fractured region of the bone in
the images. Once the VAN and TCAN models are introduced in the technique, attribute data is provided to
the model. This enhances the accuracy of the model to recognize multiple fractures, therefore efficiently
performing the tasks of recognition as well as classification. Hence, increasing the accuracy and efficiency of
the proposed model with an enhanced recognition system to detect multiple fractures of various regions in the
human body.
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4. PERFORMANCE EVALUATION

The TCAN model's performance is assessed using established state-of-the-art techniques present in
the MURA database. This evaluation encompasses a thorough analysis of body parts, including the shoulder,
humerus, finger, elbow, wrist, forearm, and hand. The findings obtained from this evaluation process are
presented comprehensively through both graphical representations and tables.

4.1. Dataset details

To prepare for and administer tests, the MURA database [17] is used. The dataset is regarded as one
of the most complete public archives of radiographic pictures in general and is largely accepted as the largest
publicly available collection of bone anomalies. The dataset comprises 5,915 abnormal and 9,067 normal
upper extremity MURA images. The shoulder, humerus, elbow, forearm, wrist, hand, and finger are
explicitly included in the scans along with other anatomical parts. Multiple pictures of the bone are included
in each research investigation. An extensive collection of 40,561 multi-view x-ray pictures may be found in
the MURA database. Three separate sets make up the system. Training, validation, and testing are the three
separate divisions of the dataset. There are 11,255 patients, 13,565 studies, and 37,111 photographs in the
training category overall. A total of 788 patients, 1,208 trials, and 3,225 photos make up the validation
category. A total of 208 patients, 209 trials, and 559 photographs make up the testing category.

4.2. Results

Table 1 and Figure 2 summarize the performance of several deep learning models in the tasks of
shoulder detection and shoulder classification. These tasks are crucial in computer vision applications where
precise identification and categorization of shoulders within images are essential. The table showcases the
accuracy achieved by each model in both tasks. Notable models such as Inception, InceptionResNetV2,
MobileNet, and DenseNet201 demonstrate high accuracy in both shoulder detection and classification,
making them strong contenders for applications that involve shoulder analysis. Additionally, the TCAN
model stands out with exceptional accuracy in shoulder detection and shoulder classification.

Table 1. Comparison of shoulder detection and classification

Model Shoulder-detection  Shoulder-classification
Inception [21] 79 99.82
ResNetV2-101 [22] 77 99.29
InceptionResNetV2 [23] 80 99.82
MobileNet [24] 79 100
DenseNet201 [25] 78 100
NASNETMobile [26] 73 99.47
Xception [27] 81 99.82
TCAN model 87 99.9

s shoulder-detection

120 # shoulder-classification
VS | B ﬁ -
v ﬁ -
Q\\ Qf’\ Q”’\ O o> O Q?\
_\\Qo N 6\4" V ﬁo& \Q\ 5(.)\\6 R &
\\(&Q @\4\/ \ng’% @50 > §%$ z:\’ %Q'}@ 4:'@\
Q}‘j &QT\\Q Q %?'%

Methodology

Figure 2. Comparison of shoulder detection and classification

To prepare for and administer tests, the MURA database [17] is used. Table 2 and Figure 3 present a
comprehensive evaluation of various deep learning models in the context of two critical tasks: humerus
detection and humerus classification. These tasks are fundamental in computer vision applications,
particularly in medical imaging and orthopedics, where accurate identification and categorization of the
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humerus bone within images are essential. The table reveals the accuracy percentages achieved by each
model in both tasks. Notable models such as TCAN and InceptionResNetV2 demonstrate outstanding
performance, excelling in both humerus detection and classification. MobileNet exhibits impressive accuracy
in humerus classification, while Xception stands out in classification but with comparatively lower detection
accuracy. These results provide valuable insights for selecting the most appropriate model depending on the
specific requirements of applications involving humerus analysis, considering the trade-offs between
detection and classification accuracy.

Table 2. Comparison of humerus detection and classification

Model Humerus-detection ~ Humerus-classification
Inception [21] 80.38 90.63
ResNetV2-101 [22] 82.99 90.28
InceptionResNetV2 [23] 84.72 92.01
MobileNet [24] 73.61 94.44
DenseNet201 [25] 80.9 89.58
NASNETMobile [26] 75 92.71
Xception [27] 56.6 92.01
TCAN model 89.72 96.6

¥ humerus-detection

120 % humerus-classification
I R RN ﬁ
40 7 / : / /
ni i %
20 o= Z o 7 7
& @ & & &
SR S
\&& R e\\\ V %z} 50\\ F 24%6 Q{} K\ "
< & A
Methodology

Figure 3. Comparison of humerus detection and classification

Table 3 and Figure 4 provide a detailed analysis of several deep learning models in the context of
finger-related tasks, encompassing finger detection and finger classification. Notable observations include the
TCAN model and Xception consistently achieving high accuracy in both tasks, making them strong choices
for applications involving finger analysis. In finger detection, TCAN leads with 74.5% accuracy, followed
closely by Xception at 69.74%, while other models demonstrate moderate performance. In finger
classification, Xception and TCAN once again excel with accuracy percentages of 97.18 and 97.84%,
respectively. Inception and InceptionResNetV2 also achieve noteworthy accuracy in classification,
surpassing 95%. However, DenseNet201 lags in classification, highlighting potential limitations in its ability
to accurately classify detected fingers.

Table 3. Comparison of finger detection and classification

Model Finger-detection  Finger-classification
Inception [21] 60.32 96.53
ResNetV2-101 [22] 66.01 92.19
InceptionResNetV2 [23] 64.25 95.45
MobileNet [24] 64.25 95.45
DenseNet201 [25] 61.18 72.02
NASNETMobile [26] 60.09 94.36
Xception [27] 69.74 97.18
TCAN model 74.5 97.84
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Figure 4. Comparison of finger detection and classification

In Table 4 and Figure 5, various deep learning models are evaluated for their performance in elbow-
related tasks, encompassing both elbow detection and elbow classification. Notable findings include the
TCAN model and Xception consistently demonstrating remarkable accuracy in both tasks. In elbow detection,
the TCAN model leads with an impressive accuracy of 85.76%, closely followed by Xception at 78.45%,
while other models exhibit moderate performance. In elbow classification, TCAN again excels with an
accuracy of 99.57%, closely accompanied by Xception at 98.5%. InceptionResNetV2 also achieves high
accuracy in elbow classification, surpassing 98%. While MobileNet demonstrates substantial accuracy in both
detection and classification, NASNETMobile lags in detection but maintains strong accuracy in classification.

Table 4. Elbow detection and classification

Model Elbow-detection  Elbow-classification
Inception [21] 82.97 97.63
ResNetV2-101 [22] 72.84 96.56
InceptionResNetV2 [23] 73.92 98.28
MobileNet [24] 77 97.2
DenseNet201 [25] 73.92 94.41
NASNETMobile [26] 62.5 97.36
Xception [27] 78.45 98.5
TCAN model 85.76 99.57

“elbow-detection
& elbow-classification

Accuracy

Methodology

Figure 5. Elbow detection and classification

Table 5 and Figure 6 present an extensive evaluation of various deep learning models for wrist-related
tasks, encompassing wrist detection and wrist classification. Notable outcomes include the TCAN model
emerging as a standout performer in both tasks, with an exceptional accuracy of 91.46% in wrist detection and
99.86% in wrist classification. Xception also exhibits strong performance in both detection and classification,
with an accuracy of 75 and 98.18%, respectively. DenseNet201 demonstrates notable accuracy in wrist
classification, surpassing 97%. However, NASNETMobile significantly lags in wrist classification with an
accuracy of 0.1%, indicating limitations in its performance. These results provide valuable guidance for
selecting the most suitable model for wrist-related applications, with the TCAN model and Xception being top
contenders due to their consistently high accuracy in both detection and classification tasks.
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Table 5. Comparison of wrist detection and classification

Model Wrist detection ~ Wrist-classification
Inception [21] 71.09 98.79
ResNetV2-101 [22] 68.75 97.27
InceptionResNetV2 [23] 73.63 97.88
MobileNet [24] 74.7 98.03
DenseNet201 [25] 78.35 97.42
NASNETMobile [26] 84.15 0.1
Xception [27] 75 98.18
TCAN model 91.46 99.86

& wrist detection

# wrist-classification

Methodology

Figure 6. Comparison of wrist detection and classification

Table 6 and Figure 7 provide an in-depth evaluation of various deep learning models in the context
of forearm-related tasks, including forearm detection and forearm classification. Notable findings include the
TCAN model consistently demonstrating superior performance in both tasks, with an impressive accuracy of
89.46% in forearm detection and 94.56% in forearm classification. MobileNet also exhibits strong accuracy
in both detection and classification, with percentages exceeding 76 and 87%, respectively. In contrast,
models like ResNetV2-101 and DenseNet201 lag in accuracy for both tasks, indicating potential limitations
in their suitability for forearm-related applications. NASNETMobile performs well in both tasks, with
accuracy percentages surpassing 81% in detection and 88% in classification.

Table 6. Comparison of forearm detection and classification

Model Forearm-detection  Forearm-classification
Inception [21] 65.61 82.39
ResNetV2-101 [22] 57.77 72.76
InceptionResNetV2 [23] 70.27 72.76
MobileNet [24] 76.35 87.04
DenseNet201 [25] 70.61 7.64
NASNETMobile [26] 81.42 88.37
Xception [27] 68.58 86.05
TCAN model 89.46 94.56
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Figure 7. Comparison of forearm detection and classification
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Table 7 and Figure 8 offer a comprehensive assessment of various deep learning models in the
context of hand-related tasks, including hand detection and hand classification. Key findings reveal the
TCAN model as a standout performer in both tasks, achieving exceptional accuracy percentages of 92.86% in
hand detection and an impressive 99.72% in hand classification. Xception also demonstrates strong
performance in both detection and classification, with accuracy exceeding 79 and 98%, respectively.
MobileNet and Inception also exhibit notable accuracy in both tasks, with percentages surpassing 84 and
95%. In contrast, DenseNet201 lags in hand classification with an accuracy of 0.87%, indicating limitations
in its performance.

Table 7. Comparison of hand detection and classification

Model Hand-detection  Hand-classification
Inception [21] 88.16 95.22
ResNetV2-101 [22] 76.54 98.26
InceptionResNetV2 [23] 75.66 98.26
MobileNet [24] 84.65 96.52
DenseNet201 [25] 74.12 0.87
NASNETMobile [26] 75.07 96.3
Xception [27] 79.61 98.7
TCAN model 92.86 99.72
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Figure 8. Comparison of hand detection and classification

Table 8 and Figure 9 provide an overview of the average accuracy results for various deep learning
models across two key tasks: detection and classification. The TCAN model consistently emerges as a top
performer, with an average accuracy of 85.76% in detection and an impressive 97.86% in classification.
Among the other models, Inception, InceptionResNetV2, NASNETMobile, and MobileNet also demonstrate
strong average accuracy in both tasks, with percentages ranging from 74.82 to 75.65%. ResNetV2-101
exhibits noteworthy accuracy in classification, with an average of 91.68%. DenseNet201 and Xception, while
still competitive, achieve slightly lower average accuracy in both detection and classification.

Table 8. Comparison of average accuracy-detection and classification

CNN Average accuracy-detection  Average accuracy-classification
DenseNet201 [25] 73.87 65.99
ResNetV2-101 [22] 72.39 91.68
Inception [21] 75.36 94.43
InceptionResNetV2 [23] 75.61 95.29
NASNETMobile [26] 74.82 95.33
MobileNet [24] 75.65 95.53
Xception [27] 72.71 95.78
TCAN model 85.76 97.86
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Figure 9. Comparison of average accuracy-detection and classification

4.3. Comparative analysis

The comparative analysis provides accurate data indicating the model's proficiency in enhancing the
recognition and classification of bone-related issues in medical images. Specifically, TCAN achieves high
accuracy, notably in tasks related to shoulder, humerus, and finger detection and classification, with
percentages exceeding 95%. This underscores TCAN's capability to effectively utilize positional data and
attention mechanisms to improve precision in identifying specific bone-related conditions. Table 9 shows the
comparison of an existing system with the proposed system and its improvisation.

Table 9. Comparison of the existing system with the proposed system and its improvisation

Body part ES- ES- PS- PS- Improvisation- Improvisation-
detection  classification  detection  classification detection (%) classification (%)
shoulder 81 99.82 87 99.9 7.14286 0.0801122
humerus 56.6 92.01 89.72 96.6 45.2706 4.86719
finger 69.74 97.18 74.5 97.84 6.60011 0.676854
elbow 78.45 98.5 85.76 99.57 8.90323 1.08043
wrist 75 98.18 91.46 99.86 19.7765 1.69663
forearm 68.58 86.05 89.46 94.56 26.4237 9.42362
hand 79.61 98.7 92.86 99.72 15.365 1.02812
Average accuracy 72.71 95.78 85.76 97.86 16.47 2.14832

5. CONCLUSION

In this paper, we introduced the TCAN model as a novel solution for improving the accuracy and
efficiency of bone x-ray image recognition and classification. TCAN utilizes coordination attention and
advanced techniques for enhancing positional data, addressing the challenges associated with identifying and
categorizing bone-related issues. The results showcase TCAN's effectiveness, particularly in the precise
detection and classification of bone-related conditions in categories such as the shoulder, humerus, and
finger, where accuracy consistently exceeded 95%. While TCAN excels in most areas, it faces challenges in
tasks labeled as "Improvisation," pointing to potential areas for future optimization. Overall, TCAN emerges
as a promising tool for enhancing medical image analysis, with the potential to improve clinical decision-
making and patient care in the realm of bone x-ray image interpretation.
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