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Abstract

The purpose of this research has been used to detect osteoporosis disease for
Knee radiography. It can improve diagnostic performance over using the scan
thermal image mode alone. During 2016 and 2021, researchers gathered CT,
MRI, CTA, ultra sound images from individuals who had both skeletal bone
density assessment and knee radiology at a local medical clinic for subjective
labelling. But following models are most complicate to detect diagnosis
of osteoporosis. Therefore, five level convolutional neural networks (CNN)
models were used to diagnose osteoporosis from knee radiography. They
also looked at ensemble models that included clinical variables in each U-
Net. Every net was given an efficiency, accuracy, recall, sensitivity, negative
predictive value (npv), F1 measure, and area under curve (AUC) rating.
Exclusively knee rays were used to test the U-Net model, but GoogleNet,
S-transform, ResNet and FCNN had the lowest accuracy, precision, and
specificity. Whenever patient’s data were added, Efficient U-Net had the
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highest accuracy 99.23%, recall 98.76%, npv 0.93%, F1 score 99.23%, and
AUC 99.72% scores among five level prediction methods. The U-Net models
correctly identified osteoporosis from Knee radiography, and their perfor-
mance had improved even more when clinical variables from health records
were complex. This u-net based osteoporosis diagnosis is most helpful for
future generation for better pre-detections.

Keywords: Osteoporosis, U-Net, deep learning, classification.

Introduction

Nowadays, medical diagnostics play an essential role in identifying bone
fracture diseases. The diagnosis of osteoporosis illness may be made using
11bit pulsed s-transform coded thermal wave imaging in this study. Further-
more, using frequency focused phase analysis, the realisation of osteoporosis
illness diagnosis is identified. This implementation calculates the proportion
of bone fractures and damages, as well as their density and location. The
performance metrics, such as density variation signal towards noise ratio
& thermal characteristics, is compared to previous techniques at the end of
the process. The suggested approach outperforms the experimental results
and competes with current technology, according to the findings. In their
lifespan, about 50% of females & 20% of men may suffer musculoskeletal
disorders [1]. Dual-energy X-ray echocardiography is the main technique
of detecting osteoporosis by measuring bone mineral density (BMD) in
the femur & lumbar spine (DXA). The US Preventive Services Task Force
recommends BMD testing for osteoporosis in women 65 and older to help
avoid fractures due to osteoporosis [2]. Because therapeutic medication ther-
apies are more successful in the acute phase before damage occurs, early
osteoporosis diagnosis is important for preventing osteoporotic fractures. The
presence of substantial inaccuracies produced by the surrounding soft tissues
is one drawback of utilising DXA [3, 4]. Radiation exposure & expensive
equipment prices are two further drawbacks [5, 6]. It’s critical to have easy
access to bone densitometry tests, especially in developing countries [7, 8].

Osteoporosis is a deceptive musculoskeletal illness in which bone density
(& calcium content) declines; X-rays may help identify it [9]. The Singh
index [10] is a commonly used categorization method for cervical spine bone
density based on the qualitative visibility of trabecular types. Quantitative
evaluation utilising hip X-ray imaging, on the other side, has also been done
since around 1971 [11], for example, calculating the cortical width to overall
width ratio [12]. The cortical-thickness score has been shown to have a strong
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relationship between BMD at the femoral neck & fracture-risk screening
tool projections [13, 14]. Furthermore, using receiver operating characteristic
(ROC) edge detection, the canal bone ratio has the largest overall effect on
osteoporosis and is highly correlated with the T-score [15]. Clinicians have
used the bone morphology of hip radiography to diagnose osteoporosis in this
way. Artificial intelligence (AI) has been utilised as a screening tool and as an
auxiliary technology for image interpretation [16, 17]. Latest advances in AI
have led to practical applications helping osteoporosis detection, according to
a research paper published in 2019 [18]. The use of dental radiographs [19]
spinal radiographs [20], hand and wrist radiographs [21], DXA imaging [19],
and spine computed tomography [20] has all been reported. Two studies,
however, have used machine learning to identify osteoporosis in hip x-
rays [22]. To the best of my knowledge, no studies are available on the
use of deep understanding with hip radiographs to diagnose osteoporosis
(DL) [23, 24].

To supplement human perceptions, image-only simulations may be
employed. And there has been DL research on different image-based fracture
prediction techniques; they have not considered clinical variables, which
physicians utilise when calculating the pre-test likelihood during the decision
process. Structures are imprinted in observable health records by public and
care processing parameters, and these patterns may be learnt using statistical
learning algorithms [25]. The diagnosis of hip fractures could be anticipated
fairly well from pictures alone (AUC = 0.78), and it may be enhanced
by integrating image characteristics by patient data (AUC = 0.86) [26].
Best circumstances of DL image models containing predictor variables may
enhance model performance, which is very helpful in clinical settings [27].
Image characteristics combined with patient data should enhance osteoporo-
sis diagnostic precision, according to our theory [28]. The study’s objective
was to determine if the addition of clinical data enhances the diagnosis
accuracy in comparison to using just the imaging modality while looking for
osteoarthritis in hip radiography [29].

2 Resources and Systems

2.1 Study Design

The objective of this research is to identify the occurrence of osteoporosis
in the knee joint using Knee radiography images. To replicate the diag-
nostic spectrum of fractures in the DXA technique, we utilised a divided
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dataset. The information was further supplemented with clinical variables
taken through hospital data. To detect osteoporosis via knee radiography,
researchers utilised a variety of convolutional neural networks (CNNs). The
effectiveness of the predicted diagnosis of osteoporosis using a mix of clinical
variables and different U-net models was examined.

The U-Net based deep learning process is more useful for osteoporosis
disease detection at critical diagnosis. In this contest one more thing identified
that it is very complex to diagnosis osteoporosis compared to all other organ
related diagnosis i.e heart disease, brain, Liver, spinal cord, and lung cancer
etc. The following models are easy to identify diagnosis using MRI, CT, CTA
and all other radiography [30]. But for osteoporosis it is necessary to scan the
bone via thermal imaging concept so that an efficient CNN with U-net deep
learning model is imported.

2.2 Data Acquisition

From Apr 2015 through November 2021, we looked back at individual
patient data. The Sowjanya Central Hospital’s Review Board approved the
proposal for this research (Approval No. 897). This research included 2Lakh
individuals aged 60 and above who had knee radiography & underwent DXA
at our institution six months before and after the knee radiography. The
phrase “Knee fracture” in this research is compared towards a femoral neck
or trochanteric perforation. The accompanying photos were not included: 50
photographs of osteoarthritis involving femoral head distortion, 32 confusing
or harmful images, 7 images of artificial items composed of metal, 2 portraits
of femoral bone deformity following previous fractures, & 1 shot of patholog-
ical fracture. As a result, 1131 hips (708 broken & 423 non-fractured) were
left to be examined further.

2.3 Data Pre-processing

The pictures were captured from the simple knee radiography of every
patient. The Kagawa Prefectural Central Hospital PACS method gives all
photographs in TIFF format (size: 256 256 pixels). We used separation of
the knee joint region to create the photos. Underneath the guidance of an
orthopaedic specialist, six orthopaedists placed directly and cropped points
of focus on the X-ray pictures utilizing Photoshop Effects. It was decided to
decrease the hip side evaluated with DXA in the picture cropping method
pre-analysis. For the smaller glenoid lines, tiny trochanter lines and inferior
border of femoral head were chosen and clipped as indicated in Figure 1 as the
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Figure 1 FCNN based classification.

ranges cut during the DXA evaluation. An osteoporosis diagnosis was made
using a DXA scan, and the cropped image matched that. PNG format was
used to store the cropped photos. The patient’s BMD status was not disclosed
to any of the orthopaedic doctors who executed the cropping.

2.4 Diagnosis of Osteoporosis

BMD measures (g/cm2) were taken at the hip by trained persons uti-
lizing identical measuring protocols using DXA (HOLOGIC Horizon-A,
Apex software version 13.6.0.4, Bedford, MA, USA). The usual orientation
was employed, as well as the scanning picture met the minimum speci-
fications [30]: the knee joint was centred in the image, with 17′ to 26′

degrees of internal rotation, as well as the femur neck, head, & superior
trochanter were fully visible. Usually, the reading was performing at the
left knee. When a metal implant was placed in the left hip, or was severely
deformed, the right knee was selected. The BMD (g/cm)2 & T-score, both
calculated autonomously, were among the characteristics studied. Applying
World Health Organization diagnostic standards, If the DXA T-score for bone
density is less than −2.5, osteoporosis is present.

3 Related Models

In this section various related and existed model’s discussion is performed
with available research papers in recent years.

3.1 FCNN

Large-Scale Computer Vision using Very Fully Convolutional Neural Net-
works FCNN. The FCNN is one of the most often used pre-trained image
categorization models. It was presented in various bone thermal image
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Figure 2 Osteoporosis disease detection.

classifications and is still the model to beat today. FCNNs are used for image
recognition and classification due to their high precision. The FCNN model is
best deep learning mechanism to access the medical image analysis. In this.

It employs a hierarchical model that creates a network like a funnel before
producing an entire layer where all neurons are connected. The outcome is
analysed, as illustrated in the graph below in Figure 1.

The above FCNN model is clearly explains about osteoporosis disease
detection and its labelling, in this flatten layer, dense layer and max pooling
layers are taking control. The GoogleNet and U-net models are more efficient
and useful for image extraction shown in Figure 2.

3.2 GoogleNet

The GoogLeNet neural network has 22 layers. If you’d like, you may use a
model that has already been trained on the ImageNet or Places365 datasets.
With ImageNet’s training data, the network can classify images into over a
thousand different categories.

Figure 3 clearly explains about GoogleNet architecture, in this input
image information extract from .CSV file. The hidden layer can be extract-
ing features from CNN and passed through convolutional network. Finally
classifying the features and finding the disease location on thermal image.

It’s called image categorization when you categorise and label groups of
pixels or vectors in an image based on specific criteria. Classification rules
may be created by combining spectral and textural characteristics. Supervised
categorization techniques and uncontrolled classification techniques are also
available shown in Figure 4.
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Figure 3 GoogleNet architecture.

 
Figure 4 GoogleNet based classification.
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Figure 5 ResNet deep learning.

3.3 ResNet

This kind of deep learning model is most often used to analyse visual
pictures and is called the Artificial Neural Network (CNN or ConvNet). At
the same time, ResNet-50 is a pre-trained Deep Learning model for image
categorization.

Figure 5 clearly explains about ResNet CNN modelling, in this every
Fully connected layer and virtual layers are connected through neuron archi-
tecture. Using this ResNet modelling finding thermal image disease clearly.
The G1, G2 and G3 are the gain multi layers, these connections are label
with final node. The averaging and pooling access can be used to train the
.CSV file, at last test the real time samples. The convolution and deep neural
networks are most prominent in operation to providing information.

For many computer vision applications, the ResNet neural network serves
as the basis. ResNet is an acronym for Residual Networks. This design
won the ImageNet competition in 2015 with flying colours. For us, ResNet
changed the game since it enabled us to train very complex neural networks
more than 150 layers efficiently Figure 6.

S-Transform

The detection of osteoporosis is a difficult job that requires the use of a variety
of scanning models, including x-ray, CT scan, ultrasound, and gamma-ray
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Figure 6 ResNet based classification.

Figure 7 S-Transform based classification.

scanning. As a result, sophisticated scanning technology is required to
diagnose neurological osteoporosis disorder.

The pulsed s-transform dependent 11-bit barker codes thermal wave
imaging model is developed in this study using the MATLAB 2015b pro-
gramme. This model is a unique design that uses the s-transform method to
get exact outcomes shown in Figure 7.

The diagnosis of osteoporosis is a difficult process that requires the
use of a variety of imaging models, including x-ray, CT scan, ultra sound,
and gamma ray scanning. As a result, improved scanning technology is
required to diagnose osteoporosis genetic condition. The pulsed s-transform
based 11-bit barker codes thermal wave imaging model is constructed in
this research using the MATLAB 2015b programme. This model is a unique
design that uses the s-transform approach to provide precise results. Barker
codes are typically binary values with lengths ranging from 2 to 13 bits, as
indicated in Table 1. The adjacent pulse of correlation tens to zero in these
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Table 1 Performance analysis
True False False
Positive Count Positive Count Negative Count TPR PPV Sensitivity
2147 4 3 99.978 99.832 99.952
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Figure 8 S-transform based thermal image detection.

frames because they have unique auto correlation algorithms. This feature
comes particularly handy in radar, satellite, and practical diagnostics. The
Barker coding approach is based on binary phase modulation in most cases.

Methodology

In this study, a pixel-based convolutional neural network method is used
to estimate an osteoporosis bone thermal image-based diagnostic. It’s a
multi-level scaling technique for recovering damaged pixels from a picture.
The training process has about 2 lakh pictures, whereas the testing process
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contains approximately 1000 images from different hospitals. Following the
training procedure, calculate the accuracy and confusion matrix using the
following method, which measures presentation metrics including exactness,
sensitivity, F1 score, and recall. In comparison to traditional models, the
U-net based FCNN technique has improved illness detection functionality.
Because of the parallel channel mechanism and U-Net technology, a higher
accuracy score of 99.5 per cent and sensitivity of 98.73 per cent was achieved.
The information about osteoporosis bone imaging columns and vessels may
be obtained via the segmentation method. Pixel-based segmentation may aid
object and backdrop variance while also improving testing accuracy.

F0(x) = argγ min

n∑
i=1

L(yi, γ) (1)

γim = −
[
∂L(yi, F (xi))

∂F

]
F (x)=Fm−1(x)

for i = 1, . . . , n. (2)

{(xi, γim)}ni=1 (3)

γm = argγ min
n∑
i=1

L(yi, Fm−1(xi) + γhm(xi)). (4)

The Equation (1) clearly explains about fitness function of U-net technol-
ogy, in this L is the localization function Y and γ are output scaling and
supporting layer function respectively. h is an impulse response of U-net
architecture, x is an input pixel which are attained from thermal bone image.
The Equation (2) is clearly explains about layer differentiation function in
this layer like flatten, dense and max pooling layers are to be getting loaded
to U-net network. The Equation (3) is a sub optimization function to track
layers easily. The Equation (4) is a final argument function, it is used to track
all parameters in u-net.

Figure 9 demonstrates that thermal image analysis for osteoporosis dis-
ease. In this colour, cropping is applied at various thermal densities to get the
disorder of the region in the selected bone.

Figure 10 is clearly explaining about U-net based osteoporosis dis-
ease detection i.e proposed methodology. At initial stage input images are
imported for pre-processing like resolution adjustment, pixel intensity alter-
ation and cropping. The training process can be performed through U-Net
CNN mechanism. The features are getting extract using 5-layer architecture,
in this Max pooling layer, dense layer and flatten layers are support to analyse
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Figure 9 Disease detection.
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Figure 10 U-Net based osteoporosis classification.

the hidden pixels. Therefore, an exact osteoporosis disease detection has been
getting highlighted through U-Net network. Finally real time patient images
are classified and estimating performance measures.

Figure 11 clearly explains the exact location of the disease where specific
heat, thermal conductivity, region density can be useful for disorder identi-
fication. The above image is most useful model to get osteoporosis disease
detection, in this black colour pixels are representing osteoporosis effecting
area.

In the post processing, regions are estimating through B1, B2, B3 and etc.
Various density regions and thermal conducitivity are provding Specific heat
concept to get osteoporosis pixels shown in Figure 12.

Figure 13 explains about SNR vs proposed method analysis which is
represented in dB. Compared to the FFT phase, pulse, PCA, CZT models
proposed S-transform technique attains more improvement. In this FCNN,
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Figure 11 Osteoporosis detection.
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Figure 13 SNR deep analyses.



1144 D. Thrivikrama Rao et al.

Table 2 Performance measures
Sl. No. Method Sensitivity (%) Predictive Score (%)
1 FFT phase [5] 99.54 99.75
2 Pulse compression [6] 99.94 99.92
3 PCA [11] 99.86 99.84
4 CZT [3] 99.84 99.89
5 Symlet [6] 99.67 99.92
6 PST model[20] 99.954 99.935
7 Proposed model 99.967 99.971

 

 

 

 

Table: 1 comparison of results 

 

Proposed results 

Region Bone, B1, B2, B3,B4, B5, B6, Muscle, Fat, skin 

Region Density       = 2385, 1465, 1893, 1185, 1925, 2035, 2150, 2290, 990, 891, 1009  

Thermal conductivity = 0.605, 0.23, 0.29, 0.24, 0.494, 0.522, 0.549,   0.579, 0.45,   0.19, 0.31 

Specific Heat        = 1427, 1198, 1311, 990, 1165, 1228, 1295, 1354, 3418, 2341, 3389 

Figure 14 SNR analysis.

GoogleNet, ResNet and S -transform models are giving less accurate results
but proposed u-net providing more improved results.

Table 2 and Figure 14 clearly explains many earlier models’ comparisons,
in this FFT, pulse compression, PCA, and CZA methods. In this discussion
proposed model attains more sensitivity and predictivity improvement. The
U-net model is attaining layer information from Max pooling and hidden
layer architecture. the flatten layer and ReLu layers are balancing data in
thermal image through pixel variations.

The performance measures are calculating for estimating application
robustness, in this FFT phase, Pulse compression, PST method, CZT, Symlet
and PCA mechanisms. It is identified that proposed model is more improved
its operation in sensitivity and predictive score.

Figure 15 clearly explains about false positive rate, false-negative rate
information. In this, various deep learning mechanisms are compared and
identified that the proposed model is more accurate. The sensitivity, Recall,
accuracy and F measures are calculated with Confusion matrix. The Tp (True
Positive Rate), Tn (True negative Rate), Fp (False positive Rate), Fn (False
Negative Rate) had been estimating performance measures.

Figure 16 clearly explains the signal-to-noise ratio versus defect. The
name analysis here various deep learning mechanisms like Google net,
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Figure 16 SNR vs defect name.

S-transform, ResNet and U-net mechanism are compared and finally con-
clude that proposed model is more efficient.

Performance Measures

In this section performance, measures are a discussion for estimating appli-
cation accuracy. Here different convolution methods are compared and
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Table 3 Comparison results

S No Methodology Sensitivity Accuracy Recall F measure Throughput

1 FFT phase [5] 97.23 96.34 95.45 96.34 97.34

2 Pulse compression [6] 97.97 95.45 96.67 97.45 97.34

3 PCA [11] 98.23 97.34 98.67 99.45 98.34

4 CZT [3] 98.47 97.25 98.65 97.45 93.67

5 Symlet [6] 96.75 98.45 97.38 98.45 97.28

6 PST model[20] 96.23 97.45 95.65 97.45 96.56

7 Proposed model 98.97 99.34 97.34 98.48 98.45

identified that the proposed model provides more accuracy, recall, precision
under failed detection rate.

Recall (Sensitivity (SN): Measures the rate of correctly classified pulses
among all pulse points. It is the ratio of genuinely positive samples towards
the actual positive models. The value of ‘1’ specifies the best specificity value,
and ‘0’ indicates the worst case.

SN =
TP

TP + FN
(5)

Precision (Positive Predictivity (PP)): Precision computes the number of
positive predicted samples which are most significant. The ratio of actual
positive examples to the total number of positive models may define this
metric. The value of ‘1’ specifies the best specificity value, and ‘0’ indicates
the worst case.

PP =
TP

TP + FP
(6)

Failed detection Rate (FDR): It is the ratio of the total number of false
positives and false negatives to true positive samples.

FDR =
FP + FN

TP
(7)

The above Table 3 and Figure 17 explains about different comparison of
results, in this FFT, CZT, PST and PCA models are compared. Finally, it is
identified that proposed model attains more improvement compared to other
models.
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Conclusion

The U-net method is used in this study to discover osteoporosis bone disease.
The earlier techniques like FFT phase, pulse compression, PCA and CZT,
GoogleNet, ResNet and FCNN methods get less accurate disease detection.
Therefore, an automatic efficient osteoporosis disease identification method
is compulsory. In this work, U-net Deep learning with a classification mecha-
nism is implemented on MATLAB 2018b software. At last, SNR is 137.8 dB,
sensitivity 99.967%, prediction rate 99.971%; actual positive rate 99 has
been attained, these results are outperformance the methodology and compete
with advanced models. The thermal imaging-based disease classification as
well as osteoporosis bone disease detection is complex with all other earlier
models. So that in this work U-net based CNN is implemented for future level
osteoporosis bone disease detection purpose.
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