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Abstract
Osteoporosis is a clinical sickness wherein the bones end up brittle and volatile because of tissue loss,
which is usually caused by hormonal changes or a calcium or vitamin D de�ciency. Osteoporosis has
neither clinical signs nor symptoms, until some fracture occur. The aim of our project is to predict bone
brittleness in order to detect osteoporosis using Image processing techniques. The objective
measurement of bone mineral density (BMD),  is presently accepted as the best indicator of osteoporosis
fractures. For measuring and assessing biomaterials, thermal wave imaging is a potential , non-invasive,
non-contact and safe imaging method.. Thermal wave imaging has the unique ability to measure
physiological changes. The thermal images of bone are taken and removal of noise is carried out and
undergone stationary wavelets transform process to improve the resolution of edges. The result shows
that Arti�cial Neural Network is capable of predicting the brittleness of the bone using Regression in
Machine Learning.

I. Introduction
Osteoporosis (OP) is a bone disorder that in�uences both men and women. Smoking, Alcoholism and
lifestyle is linked with increased cases of osteoporosis [12]. Millions of fractures occur due to
osteoporosis which reduces bone strength and bone mass density [2]. In Latin osteoporosis means
"porous bones”. The inside of a normal bone has small gaps like a honeycomb, and hence bone mass
decreases [10]. Osteoporosis widens these holes, causing the bone's strength and density to degrade [4].
The exterior of the bone also weakens and thins. OP may strike anyone at any age, but it is more
prevalent in older adults, especially women. People with osteoporosis are at risk of fractures or bone
breaks when undertaking everyday tasks such as standing or walking. The most commonly a�icted
bones are the elbows, ribs, and bones in the wrists and back. [3].

In this system, we proposed the method of detection of osteoporosis using thermal wave imaging
technique. First step is to prepare the bone. We have used the bone of a goat instead of human bone as it
is large enough to evaluate orthopedic implants [14]. The normal bone is converted into osteoporosis
bone by bone sanding technique as it reduces the thickness of the bone. Then, the thermal RGB images
are captured using Thermal Camera and software named SmartView is used to view the captured thermal
images.

Denoising and generating smoothened images is the next step. The Butterworth Low Pass Filter is used
in this case. Butterworth �lter have a frequency response that is �at across the pass-band �eld. Low Pass
Filter gives a constant response from DC up to cutoff frequency and attenuates all signals over cutoff
frequency. The thermal RGB images are converted into Grayscale images to reduce the color complexity
and magnitude and phase spectrum is obtained. The implementation of Non-decimated wavelet
transform algorithm intended to improve the resolution of the edges by �ltering the noise to make it better
for further operations.
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Finally, regression in machine learning is done. Regression is a supervised learning method for
determining variable correlations and forecasting a continuous output variable utilizing single / more
predictor variables. As a result, bone brittleness is expected.

Ii. Related Works
Methods for evaluating already obtained Computed Tomography (CT) images to determine a DXA-
equivalent BMD at the hip and a �nite element analysis-derived femoral strength are now available. [1, 9].
Osteoporosis causes a series of more complex bone changes, which affect the microstructure and
composition of bones. Simple Radiographs or X-ray of bone can be used to �nd variation in bone
density[11].An overview of the bone changes associated with osteoporosis, and the most common
random imaging technique used to study this osteoporosis in clinics that specialize in micro-CT [5, 6].
This is because of its excellent image resolution and accuracy. The morphometric measurement and
better highlight the changes in bone structure caused by osteoporosis. In addition, Micro-CT can use
micro-�nite element methods for optical density measurement and analysis, which can be used to predict
fracture risk and future diagnosis of OP [6]. MRI is also used in detecting osteoporosis where changes in
bone marrow due to increased fat content and reduced cellularity are used for diagnosis [7].
Unfortunately, advancements in technology are indeed required to decrease radiation exposure and scan
duration., which currently limits the use of micro-CT in operating rooms [6]. The diagnosis has not yet
been completed.

Iii. Proposed Methodology
The overall block diagram of the proposed method is shown in Fig. 1. Bone sanding technique is used to
convert the normal bone into osteoporosis bone. To execute image denoising, the acquired RGB image is
turned into grayscale image to minimize colour complexity. Butterworth low-pass �lter is used to remove
the unwanted signals and noise to produce smoothened image as it attenuates the high frequency and
eliminates the low frequency. Regression in machine learning is used to compare the estimated value
between the normal bone and osteoporosis bone. Thus the osteoporosis brittleness of the bone is
predicted.

A. BONE SANDING

Sanding method is used to smoothed or polish the surface with sandpaper or mechanical sander. Here,
we used this method to reduce the bone thickness thereby converting the normal bone into osteoporosis
bone.

B. THERMAL RGB IMAGE

After bone sanding, thermal RGB images of normal bone and osteoporosis bone are captured using
thermal camera and viewed using thermal Smart View software which is shown in Fig. 2 and Fig.
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3Thermal imaging might potentially be used to improve visibility of things in low-light situations by
detecting infrared and generating a picture based on that data.

C. BUTTERWORTH LOWPASS FILTERING

Butterworth low-pass �lter is used to remove noise, as low-pass �lter attenuates high frequency by
eliminating low frequency to create the blurred or smoothened image. For image processing application,
processing of colored image makes it complicated. So, RGB image is converted into Grayscale image to
reduce color complexity and simplify mathematics. The magnitude spectrum shows variation in pixel
values and tells you how powerful the harmonics are in an image. The phase spectrum depicts the
location of this harmonic in space as well as variation in intensity.

In Fourier spectrum the transform's origin is shifted to the middle of the frequency rectangle.

NON-DECIMATED WAVELET TRANSFORM

Non decimated wavelet transform algorithm is used to improve the resolution of the edges to make it
better for further operations. The wavelet transform permits extracting data of stationary and non-
stationary signal variations in time and frequency [8] i.e., distinctive their frequency of occurrence,
localization in time, and creating a reliable approximation of magnitude of this variation. It is possible to
present an original grey image, a noisy image, a denoised image based on wavelet, and a denoised image
based on stationary wavelet..

D. REGRESSION IN MACHINE LEARNING

Regression is the task of predicting continuous quantity. The analysis is carried out on the proposed
Simulink supported ANN. For training the neural network we had Five hidden layers and one output layer.
Various factors like gradient, Mu, epochs, time, performance and validation checks are used to proceed.
Training state, Performance, error histogram, and regression are all included in the plot section.

The algorithms used are:

a. Random (Data division)

b. Levenberg-Marquardt (Training)
c. Mean Square Error (Performance)
d. MEX (Calculations)

A sample snapshot of neural network training displaying various parameters is shown in Fig. 4.

E. RESULT AND DISCUSSION

The best validation performance is 5.8971e-09 at epoch 350 as shown in Fig. 5 and 0.0086931 at epoch
82 is shown in Fig. 6 for normal & OP bones respectively. The performance is mse against number of



Page 5/16

epochs. The graph depicts train, validation, and test trends.

The respective values of gradient, Mu and validation check at epoch 413 are 4.4649e-07, 1e-07 and 0 for
normal bone shown in Fig. 7 and at epoch 88 are 0.00016411, 1e-08 and 6 for OP bone respectively is
shown in Fig. 8. The plot is number of epochs against training state parameters.

The error histogram plot is errors against instances. The error is nothing but outputs subtracted from
targets. Here, the error histogram is represented with 20 bins. Bin is the number of vertical bar observed in
the graph. The plot shown in Fig. 9 and Fig. 10 shows trends of training, validation, test and zero error.

For normal bone, zero error is obtained at the 16th bin at -5.9e-05 and for OP bone, the zero error is
obtained in the 12th bin at 0.01227.

The regression plots for training, validating and testing along with combination of their three plots (all)
are shown in the Fig. 11 & 12. The plot displays the output with respect to targets of training, validating
and testing. In normal bone regression plot, the data (pixels) is perfectly �tted along the dash line, where
the output is equal to the target. The plots are plotted with value of R equal to 1 obtained by comparing
the normal bone with normal bone. This case is same when OP bone is compared with OP bone. From
this it is clear that the regression plot does not vary and �t perfectly in the dash line when same type of
bone is trained.

But in OP bone, for perfect �t the data should fall along the dash line of 45 degree. The plots are plotted
with value of R greater than 0.87027 i.e. <1 obtained by comparing normal bone with OP bone indicating
that the bone is brittle. When the value of R obtained is less than 1, it means that the bone is bone is
brittle and thus the disease osteoporosis can be detected.

Iv. Conclusion
In this, we demonstrated the use of linear frequency modulated thermal wave imaging technique that
could detect osteoporosis. From the regression plot, it is clear that, when comparing the normal bone
image with the OP bone the pixels are arranged in the form of curve and the value is R=0.87. When the
value of R obtained is less than 1, it means that the bone is bone is brittle and thus the disease
osteoporosis can be detected. Even though there are numerous methods for the detection of
osteoporosis, this method helps to provide the accurate result of the bone brittleness prediction. This
thermal wave imaging generation has created extra green and more secure technique of measurement.

Declarations
Ethics approval and consent to participate: Not applicable.

Funding: Not applicable.

Con�ict of interests: The authors declare that they have no con�ict of interests.



Page 6/16

Informed Consent: Not applicable

Authors' contributions: All authors discussed the results and implications and commented on the
manuscript at all stages. All authors read and approved the �nal manuscript for publication.

References
1. Adams L et al (2018) )'Osteoporosis and hip fracture risk from routine computed tomography scans:

the fracture, osteoporosis, and CT utilization study (FOCUS)'. J Bone Miner Res 33(7):1291–1301

2. Anshul Sharma R, Mulaveesala G, Dua V, Arora, Kumar N (2020), 'Digitized Frequency Modulated
Thermal Wave Imaging for Detection and Estimation of Osteoporosis', IEEE Sensors Journal, pp
(99):1–1

3. Anshul, Sharma, Ravibabu Mulaveesala and Vanita Arora (2020), 'Novel Analytical Approach for
Estimation of Thermal Diffusivity and Effusivity for Detection of Osteoporosis', IEEE Sensors
Journal, vol: 20, Issue: 11, pp- 6046 -6054

4. Dua G, Mulaveesala R (2017) 'Infrared thermography for detection and evaluation of bone density
variations by non-stationary thermal wave imaging’. Biomedical Physical Engineering Express
3(1):017006

5. Giulia Molino G, Montalbano C, Pontremoli, Sonia Fiorilli and Chiara Vitale-Brovarone (2020),'Imaging
Techniques for the Assessment of the Bone Osteoporosis- Induced Variations with Particular Focus
on Micro-CT Potential', Applied Sciences10(24):8939

�. Leung KS, Siu WS, Cheung NM, Lui PY, Chow DHK, James A, Qin L (2001), 'Goats as an Osteopenic
Animal Model', Journal of bone and mineral research 16, Number 12

7. Maha M, Saad AT, Ahmed, Khaled E, Mohamed, Mohamed R, Habba (2019),'Role of lumbar spine
signal intensity measurement by MRI in the diagnosis of osteoporosis in post-menopausal women’,
Egyptian Journal of Radiology and Nuclear Medicine volume 50, Article number: 35

�. Karlton Wirsing (November 18th (2020) Time Frequency Analysis of Wavelet and Fourier Transform,
Wavelet Theory, Somayeh Mohammady, IntechOpen, DOI: 10.5772/intechopen.94521

9. Perry J, Pickhardt B, Dustin Pooler T, Lauder, Alejandro Munoz del Rio, RJ, Bruce, Neil Binkley (2013),'
ct, Ann Intern Med. 158(8):588-595

10. Tian Z, Meaney PM, Pallone MJ, Geimer S, Paulsen KD, “Microwave Tomographic Imaging for
Osteoporosis Screening: a Pilot Clinical Study”, Conf. Proc. IEEE Eng. Med. Biol. Soc. 2010,
pp. 1218– 1221

11. Sikander, Khan, Tariq Rahim Soomro & M. Mansoor Alam (2020),'Application of Image Processing in
Detection of Bone Diseases Using X-rays', Pattern Recognition and Image Analysis vol 30, pp97–107

12. Simon Turner A (2001) 'Animal models of osteoporosis - Necessity and limitations'. European Cells
Materials 1:66–81



Page 7/16

Figures

Figure 1

System Flow Diagram

Figure 2

Thermal RGB image of normal bone
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Figure 3

Thermal RGB image of osteoporosis bone
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Figure 4

Neural network training tool showing various parameters
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Figure 5

No.of epochs vs. mse for normal bone

Figure 6

No. of epochs vs. mse for OP bone
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Figure 7

Number of epochs vs. training state parameters for normal bone.
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Figure 8

Number of epochs vs. training state parameters for OP bone
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Figure 9

Error vs. Instances for normal bone
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Figure 10

Error vs. Instances for OP bone
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Figure 11

Regression plot for normal bone
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Figure 12

Regression plot for OP bone


