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Osteoporosis manifests in people as a painful bone disease which causes weakness because of 

reduced bone density and breakdown. A predictive diagnosis of osteoporosis and fragility 

fractures becomes possible during the first years of menopause. Two different types of bone 

loss in women develop osteoporosis through both menopause-related sources and external 

factors. DEXA diagnostic tools fail to demonstrate the intricate bone structural changes that 

occur in tissues effectively. This document proposes the implementation of OSIS-NET which 

detects and classifies osteoporosis conditions using deep learning principles. A collection of 

MRI images originates from the OASIS-3 Datasets followed by noise reduction using adaptive 

gaussian trilateral filter for artifact removal. The Sobel edge detector receives the images which 

underwent denoising to produce specific and detailed edges in dual images. The next stage 

applies deep learning (DL) based Dilated leaky ShuffleNet to process images for extracting 

textural and shape features from them. The selected ST features undergo an evaluation process 

using ML models which includes SVM, KNN, DT, and RF for detecting normal and abnormal 

patterns. The system reaches an excellent accuracy level that exceeds 99.76% for normal cases 

and 99.89% for abnormal cases. The model achieves 0.86% superior accuracy when compared 

to GoogleNet alongside 0.54% and 0.16% and 1.07% superior results than ShuffleNet, AlexNet 

and MobileNet respectively. 

Keywords: Osteoporosis detection, Dilated leaky ShuffleNet, Adaptive Gaussian Trilateral 

Filter, SVM. 

INTRODUCTION 

Osteoporosis remains a medical condition that disorders bone tissues making them lose mass, and declining their 

architecture [1]. This is an important reason as well as frequent ailments of the skeletal system that might have a 

metabolic cause, and characterized by the increased risk of fractures [2]. One of the potential hazards that cause 

osteoporosis in women after some age is menopause. Post-menopausal women are acknowledged to lose about 2% , 

5% of cortical , trabecular bone per year during the 1
st 

five to eight years of their menopause [3]. Bone loss in women 

is of two sorts which causes osteoporosis: It can be said that it is menopause related or it depends on menopause 

[4]. Most severe cases also lead to diseases that increase the likelihood of dying. Osteoporosis affects millions of 

people every year, and this menace rises in the global population due to the aging population caused by the increase 

in life 
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span as observed recently [5]. The primary type of osteoporosis usually impacts the people over the age of 65. The 

survey of the nationwide and multicentre showed that the prevalence of osteoporosis in people over 50 years was 

6.46% for man and 29.13% for woman in China [6]. Osteopenia is another factor in fragility fractures and the 

condition comes before osteoporosis. In various researches that focused on osteopenia findings have shown that the 

most affected girls were those that have fractured in fragility [7]. At the same time, most of osteopenia and 

osteoporosis are untapped until the patient has a fracture, therefore increases the risk of complications and 

mortality [8]. However, osteoporosis begins and often does no show symptoms in the early stage hence it can easily 

go unnoticed [9]. 

DXA is considered to be a reliable technique for establishing the prevalence of osteoporosis in particular and for 

determining BMD in general [10]. DXA scans are another type of inspecting form that are not suitable for general 

use due to their costly nature [11]. The US Preventive Task Force of Osteoporosis fracture prevention has endorsed 

BMD screening [12]. Several treatments aimed at using therapeutic drugs are more effective before the fractures set 

.Although DEXA scan can be routinely used for BMD assessment, they are two-dimensional scans which might not 

assess the structural or morphological changes in the third dimension or the quality of the bones, which is very 

important in figuring out the high risk fractures [14, 15]. This might result in lack of diagnosis in first stages of 

osteoporosis, or rating of similar patients who have the same bone mass density but different bone fragility. In 

addition, some of the sources of error include differences in the equipment used in taking images, how the patient is 

positioned and the experience of the person operating the equipment among others. Given this a new OSIS-NET for 

accurate detection and classification of osteoporosis has been developed by adopting deep learning methods. 

His/Her research contribution can be highlighted as follows: 

● Initially, the MRI images are gathered from the publicly available SpineWeb Datasets and pre-processed

using adaptive gaussian trilateral filter to denoise the noisy artifacts.

● The noise-free images are fed into the Sobel edge detector to generated the specific and fined edges in the

dual images.

● Then the images are fed into deep learning (DL) based Dilated leaky ShuffleNet for extracting the textural

features and generated edges for extracting the shape features.

● Finally, the selected ST features are evaluated using several machine learning (ML) models, including SVM,

KNN, DT and RF for classifying the normal and abnormal cases.

This following are the research's sections organized as follows: Section II provides into further detail about the 

literature review. Section III provides the suggested course of action. The result is shown within Section IV, V 

provides details of the conclusion. 

LITERATURE SURVEY 

This section presents osteoporosis detection and classification based on DL and ML image analysis. 

It was suggested in 2020 by Aliaga, I., et al [16] an automatic technique to identify specific marks and lines on 

panoramic radiographs of teeth. Therefore, it is attempted to find out relevant mandibular indices for thinning and 

decay of mandibular bone. The validity of the suggested technique was confirmed based on the statistical research 

with bone structure deterioration analysis with different levels of osteoporosis and qualitatively evaluated against 

the standard of skilled dentists. The advantage of this approach is that it is sufficiently resilient in that all indices 

are calculated for two flexible size and location regions of interest. 

A U-NET based enhanced osteoporosis detection algorithm was developed by Liu, J., et al [17], 2020. After that, 

each segmented images is extracted and the diagnostic result is obtained. The experimental results show that the 

enhanced U-net is capable of accurately tackling the effect of picture interference during the bone mineral density 

measuring process. The U-net automatic diagnosis approach outperforms other comparable methods in terms of 

diagnosis effect and recognition rate, with a rate above 81%. 

Recently, in 2021, Fang, Y., et al [18] proposed a fully automated method for BMD analysis and vertebral body 

segmentation from CT with DCNNs. Type of convolutional neural network used to evaluate the BMD was a 

DenseNet- 

121. The values obtained from the quantitative computed tomography (QCT) post processing were determined to be
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the standards for analysis. Deep learning techniques can be applied to achieve fully automatic diagnosis of normal 

bone mineral density, osteopenia and osteoporosis from CT images. 

Tang, C., et al. [19] suggested in 2021 that CNN based approach mainly consists of two functional modules, which 

analyze the diagnostic 2D CT slice to accomplish the qualitative BMD detection. As a result, based on network 

findings, the radiologists provide preliminary qualitative results for BMD diagnosis. Finally, the suggested MS-Net 

is able to guarantee both computation and memory efficiencies thus allowing us to keep the morphology of various 

lumbar vertebrae. The suggested BMDC-Net was 76.65% accurate and it had the receiver operating characteristic 

area of 0.9167. 

For an example, in 2022, Wang, Y., proposed [20] proposing that the multi modal semantic consistency network 

based on the semantic consistency properties of CT could work well in classifying X ray OVFs. In this regard, 

different from the previous approaches, the domain soft labels are provided by a feature level mix up module that 

reduces the domain offset for network between X-ray and CT. In order to help learning of the high level semantic 

invariant properties in the X-ray and CT domains, the neural network employs a self rotation training task as a 

pretext to its training. The best AUC value is raised from 86.32 to 92.16% according to the final results using this 

strategy. 

Widyaningrum, R., et al [21] developed an automated trabecular bone segmentation technique in 2024 that used 

60 training datasets and 120 areas of interests in periapical radiographs to split into 42 testing datasets. Machine 

learning and color histogram are applied for the diagnosis of osteoporosis. In order to diagnose osteoporosis, BMD 

is measured by using the dual X-ray absorptiometry techniques. It particularly improves the field of osteoporosis 

diagnosis based on medical image analysis and can be further refined for use in the field of dentistry. 

D.H. Hwang, et al [22] presented a multi-view CT network (MVCTNet) in 2024 in which two images from the

original CT images are used to automatically classify osteopenia and osteoporosis. It consists of a classification

challenge on detecting osteoporosis or osteopenia from CT images. Both the quantitative and qualitative

evaluations conclude that the recommended approach increases the performance of each trial.

PROPOSED METHOD: 

This study develops a new OSIS-NET system to detect and sort osteoporosis cases using deep learning methods. 

The research team obtains MRI images from OASIS-3 Data Sets as public records before applying an adaptive 

gaussian trilateral filter for denoising unwanted image artifacts. The cleaned images enter the Sobel edge detector 

software to produce accurate edge definition across both images. The system sends MRI images to Dilated leaky 

ShuffleNet to generate textural and feature outlines from them. After gathering significant ST features the next step 

involves analyzing them with multiple ML methods including SVM, KNN, DT and RF to separate normal from 

abnormal cases. The figure 1 presents the design of our OSIS-NET system. 

Figure 1: Proposed OSIS-NET method. 

Adaptive Gaussian Trilateral Filter: 

The Adaptive Gaussian trilateral filter is used during preprocessing to eliminate noise artifacts from the input 

medical images. It implements the bilateral filter's fundamental values into practice. The following pixels are 

averaged using weights determined by their distances from the original pixel in order to perform the Gaussian 

filtering procedure. A single way to characterize the complete procedure is: 
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ℎ𝑑(𝑎, 𝑏) = 
∑(𝑗,𝑘)∈ℵ​ 𝑉𝑑(𝑗, 𝑘)ℎ(𝑗, 𝑘) 

∑
(𝑗,𝑘)∈ℵ​

𝑉𝑑(𝑗, 𝑘)
(1) 

If low-pass filtering is complete, the Gaussian filter's output can be used as the bilateral filter's input as 

mentioned previously. 

𝑉𝑑𝑚𝑛ℎ (𝑗, 𝑘) =𝑒𝑥𝑝 𝑒𝑥𝑝 (− 𝑆𝐷(𝑎,𝑏,𝑗,𝑘)2) 𝑒𝑥𝑝 𝑒𝑥𝑝 (− |ℎ(𝑎,𝑏)−ℎ𝑑(𝑗,𝑘)|2)​ (2) 
​

2𝜏2​ 2𝜏2

A trilateral filter under tilting can solve the problem of high-gradient zones being ineffectively filtered by bilateral 

filters. The tilting aspect 𝐸𝛩 of a trilateral filter can be obtained by implementing a bilateral filter to the image data. 

This is because, given 𝐸𝛩 at the target pixel, y must reject dissimilar pixels and average highly related surrounding 

pixels. 

𝐸 (𝑧) = 1 ∑​ 𝑧 ∑​ 𝑥𝑙 𝑎(𝑧, 𝑥)ℎ(𝑙 , 𝑙 )​ (3) 

𝛩​ 𝑀𝛩 
𝑥​ 𝑧  𝑥 

𝐸𝛩 = ∑​ 𝑧 ∑​ 𝑥 𝑎(𝑧, 𝑥)ℎ(𝑙𝑧, 𝑙𝑥)​ (4) 

The trilateral filter's 𝑎 (𝑧) and ℎ (𝑥) functions become non-orthogonal when the kernel is tilted. Each Pixel at this 

plane has a value that is determined by 

𝐵(𝑧, 𝑥) = 𝑙(𝑧) + 𝐸𝛩. (||𝑧 − 𝑥||)​ (5) 

where the intensity can be represented by 𝑙(𝑧), at a target pixel, the tilting angle is 𝐸𝛩, and the dimensional 

separation between 𝑧 and 𝑥 is denoted by ||𝑧 − 𝑥||. The trilateral filter may smooth down high gradient zones more 

effectively 

when the filter is tilted. It is insufficient since only tilting in areas with significant gradient changes will result in 

trilateral filter failure. 

Dilated Leaky Shuffle Net: 

Dilated Leaky ShuffleNet is a mobile-based DL architecture that is highly effective. In order to achieve more 

accuracy at lower computational costs, it utilized the pre-trained ShuffleNet model known as shufflenetv1 that was 

built using our hardware resources. The architecture consists of 172 layers in total: a softmax layer, 49 BN layers, a 

classification layer, 4 average pooling levels, 33 ReLU layers, and one layer for maximum pooling. To reduce the 

total computing complexity, the system makes use of four pooling layers. 

Figure 2:Architecture of Dilated Leaky Shuffle Net 

The input layer, which serves as the main layer of our model processes 224 × 224 input images such as a chest 

radiograph. The characteristics map that convolutional layers generate is computed as 

𝑝(𝑎, 𝑏) = (𝐿 × 𝑅)(𝑎, 𝑏) = ∑ 
𝑚 

∑​ 𝐴(𝑛, 𝑚)𝑅(𝑎 − 𝑛, 𝑏 − 𝑚)​ (6) 
𝑛 

The input imagine is denoted by the letter 𝐿, the output feature map by 𝑝 and the convolutional layer's kernel by 𝑅. 

The output with size 𝑂 = ((𝑎 − 𝑟) + 2𝑘)/(𝑝 + 1) is obtained when the input image is subjected to convolution 
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processes. In this section 𝑎 denotes input, 𝑘 denotes padding, 𝑟 denotes kernel size, and 𝑝 denotes steps. In the first 

pointwise group convolution, the ReLU activation function, BN, and channel shuffle operation take place. Due of its 

simplicity and effectiveness, The Leaky ReLU has been switched on. Relu functions in the manner described 

follows: 

𝑓(𝑦) = {0, 𝑦 < 0 𝑦, 𝑦 ≤ 0​ (7) 

Leaky ReLU employs values that are positive to turn on neural networks to turn off (set to 0) neurons. BN performs 

the following two and three convolution operations 2 × 3 depthwise convolution and the pointwise group 

convolution of size 1 x 1. The ShuffleNet units in the model are sixteen in a row. The model consists of fifty layers 

that provide trainable feature maps. Furthermore, characteristics are extracted by these layers. The final 

classification layer receives these feature maps from FC and utilizes Soft-max registration to calculate the 

classification probability. The FC layer's operation is represented by equation (8). 

𝑖𝑎 = ∑𝑛×𝑚−1​ 𝑣𝑎,𝑏 × 𝑦𝑎 + 𝑗𝑎​ (8) 

where the values for 𝑚, 𝑛 𝑎𝑛𝑑 𝑔 and 𝑗 represent the output of the FC layer, respectively, and 𝑗 stands for the output 

index. Additionally, the variables b and w denote the weights and bias. It focused on two, three, four, and five 

classes in our research, despite the fact that classification probability of the Soft-max layer can produce up to 1000 

distinct classes. Functions 𝑟 and 𝑓 specified on the integer set X produce the i-dilated convolution provided by 

(𝑟 ∗𝑖 𝑓 )(ℎ) = ∑∞ 𝑟(𝑛)𝑑(ℎ − 𝑡𝑚)​ (9) 

The operator ∗𝑖 stands for the 𝑖-dilated convolution operator. CNNs and RNNs meet at the middle with the dilated 

convolution. This convolution uses short-distance gradient propagation to increase receptive fields exponentially 

without sacrificing resolution or coverage. This makes them highly suitable for applications that prioritize the cost- 

effective integration of knowledge about a broader context. Although the kernel window in conventional 

convolutions consists of neighboring input, in dilated convolutions the distance (convolution with holes) between 

values in the kernel window is specified. The kernel window of size 𝑟, starting at position 𝑗, and the dilation 𝑔 is 

described as follows: 

[𝑦𝑗 𝑦𝑗+𝑔 𝑦𝑗+2𝑔 𝑦𝑗+(𝑟−1)𝑔]​ (10) 

Dilated convolutions have enormous receptive fields with few back-propagation steps because convolutional layer 

stacking with increasingly dilated values allows for an exponential rise in the receptive field. 

Classification: 

SVM: Support vector machines (SVMs) are used to resolve classification and regression issues; they are referred to 

as support vector classifiers (SVC) and support vector regressions (SVR) in these two distinct contexts. SVMs can be 

classified into two categories: linear and non-linear SVM based on whether higher dimensions are required for the 

data. There are two subgroups of linear SVMs: separable and non-separable situations. For the purpose of 

classifying all training data points with no previous misclassification errors can construct a linear separable 

hyperplane. In contrast, the latter case results in the existence of a linear separable hyperplane at the cost of certain 

training errors. 

The linearly separable and non-separable data are connected by a kernel feature. Some of the most crucial 

components of the kernel are. 

Linear Kernel: 𝐾(𝑧𝑎, 𝑧𝑏) = (𝑧𝑅𝑧 ), 

RBF Kernal: 𝐾(𝑧𝑎, 𝑧𝑏) = 𝑒𝑥𝑝 [|𝑧𝑎 − 𝑧𝑏||2], where 𝛿 is referred to as the sigma/gamma parameter, 

Sigmoid Kernel: 𝐾(𝑧𝑎, 𝑧𝑏) = 𝑡𝑎𝑛ℎ [(𝑧𝑅𝑧 ) + 𝑝], where p is the parameter and 

Polynomial kernel: 𝐾(𝑧𝑎, 𝑧𝑏) = [𝛿(𝑧𝑅𝑧 ) + 1]𝑑,where ℎ and 𝛿 are the degree and scale parameters, respectively. 

The parameter 𝛿 in the reach of a training point is determined in polynomial and RBF kernels. When 𝛿 is high, the 

training points nearest to the boundary will be used to calculate the SVM decision boundary, while the training 

points farther away will be ignored. 

KNN: One popular categorization method for organizing provided the KNN data divide into predefined classes (k). 

The straightforward process of the KNN algorithm is figuring out the Euclidean distance function between each 

variable sample and the pre-established classes. Based on the closest k neighbors, the samples are categorized. 

There 
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are several variations in the distance function between the samples. The Euclidean distance, which is represented by 

Eq. () is the most often utilized. 

𝑔 = √∑𝑚​ (𝑌1𝑓 − 𝑌2𝑓)2​ (11) 

where 𝑌1,𝑌2 are the input samples and 𝑓 is the number of values in each sample vector. When the number of 

neighbors drops, the classifier's accuracy increases. 

Random Forest: The RF technique was developed by to address regression and classification issues is an 

ensemble learning technique. Using several models to address a single problem, ensemble learning is a machine 

learning technique that increases accuracy. Specifically, ensemble classification uses several classifiers to get 

findings that are more accurate than those of a single classifier. In simpler terms, combining several classifiers 

reduces variation and can lead to more dependable outcomes, particularly when dealing with unstable classifiers. 

After this, a voting scenario is created to give unlabelled samples a label. A popular voting strategy is majority 

voting, which gives each unlabelled sample the label that receives the greatest number of votes from different 

classifiers. The majority voting method's simplicity and efficacy are the reasons behind its popularity. 

Decision Tree: Many algorithms for building decision trees have been proposed. This experiment uses a 

supervised learning method called Decision Tree Classifier. It may be used to create both regression and 

classification trees, and it is based on CART. The majority of the concepts in the CART model are implemented by 

the R programming package rpart. GINI index and information gain were applied to create several classification 

models. 

RESULT AND DISCUSSION: 

This section analyzes performance in terms of several evaluation criteria and looks at the assessment outcomes of 

the osteoporosis detection. This osteoporosis detection and classification is found using the Python programming 

language and libraries (Sci-Kit-Learn, TensorFlow, Keras, Numpy, HDF5, etc.) on an Intel Core i7 processor 

running Windows with 16 GB of RAM. 

Dataset Description 

OsteoLaus Dataset [27]: OsteoLaus Dataset is a comprehensive and meticulously curated dataset derived from 

research on osteoporosis and bone health conducted in the Lausanne cohort. This dataset comprises imaging, 

clinical, and demographic information for the research of bone mineral density (BMD) and associated disorders. It 

is a subset of the OsteoLaus cohort that focuses on how menopause affects bone health, especially when it comes to 

osteoporosis. 

Performance Analysis: 

Evaluation measures were employed to verify the efficacy and characteristics of the proposed approach. True 

Positive (𝑇𝑟𝑢𝑒+
), True Negative (𝑇𝑟𝑢𝑒−

), False Positive (𝐹𝑎𝑙𝑠𝑒+
), and False Negative (𝐹𝑎𝑙𝑠𝑒−

) are the four basic 

metrics that are commonly used to assess performance. Accuracy refers to the detecting system's ability to 

osteoporosis detection. The following expression was used to calculate the accuracy. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =​ 𝑇𝑟𝑢𝑒++𝑇𝑟𝑢𝑒− 

𝑇𝑟𝑢𝑒++𝑇𝑟𝑢𝑒−+𝐹𝑎𝑙𝑠𝑒++𝐹𝑎𝑙𝑠𝑒− 

(12) 

Precision, which describes the accurate way a model can categorize a positive outcome, is another name for positive 

predictive ability 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =​ 𝑇𝑟𝑢𝑒+ 

𝑇𝑟𝑢𝑒++𝐹𝑎𝑙𝑠𝑒+ 

(13) 

The recall measure indicates how well the system finds outcomes. Another other word for sensitivity is recall 

𝑅𝑒𝑐𝑎𝑙𝑙 =​ 𝑇𝑟𝑢𝑒+ 

𝑇𝑟𝑢𝑒++𝐹𝑎𝑙𝑠𝑒− 

(14) 

The harmonic means of recall and precision, or F1-Score, can be obtained using the following formula: 

𝐹1 𝑆𝑐𝑜𝑟𝑒 =​ 2 
(​ )+(​ ) 

(15)
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Whereas 𝐹𝑎𝑙𝑠𝑒+ and 𝐹𝑎𝑙𝑠𝑒− indicate false positives and negatives. 𝑇𝑟𝑢𝑒+ and 𝑇𝑟𝑢𝑒− indicate real positives and 

negatives. The following table demonstrates the proposed method for detecting and classifying the osteoporosis. 

Clas 

ses 

Accu 

racy 

Preci 

sion 

Recall F1- 

Sco

r e 

Norm 

al 

99.76 

% 

97.43 

% 

98.18% 97.98 

% 

Abn

o 

rmal 

99.8 

9% 

96.81 

% 

98.42% 96.8 

5% 

Table 1 presents an evaluation criteria of the proposed approach for classifying the osteoporosis classes. The 

proposed OSIS-NET method is evaluated using accuracy, precision, recall, and F1-Score, each of which has an 

overall value of 99.83%, 97.12%, 98.30%, and 97.42% respectively. 

Figure 3: Performance of the Proposed Method. 

Figure 3 displays the performance of the proposed OSIS-NET method. The proposed method achieves an accuracy 

rate of 99.76% in the normal and 99.89% in the abnormal classes. It attain an overall accuracy rate of 99.83%. 

Figure 4: Accuracy graph of the proposed OSIS-NET method. 
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Figure 5: Loss graph of the Proposed OSIS-NET method. 

Figure 4 illustrate the excellent accuracy attained by the proposed model in both training and testing while figure 5 

illustrate the loss. The accuracy of the proposed OSIS-NET Method is 99.83%. 

Comparative Analysis: 

This section illustrates that the proposed OSIS-NET approach compares effectively to the current neural networks. 

The effectiveness of the proposed approach was evaluated using accuracy, precision, recall and F1-Score measures. 

Table 2: Comparison with other Neural Network. 

Network Accuracy Precision Recall F1-Score 

GoogleNet 

[23] 

98.97% 95.84% 96.46% 96.26% 

ShuffleNet 

[24] 

99.29% 94.64% 97.15% 95.84% 

AlexNet [25] 99.67% 96.88% 96.54% 96.62% 

MobileNet 

[26] 

98.76% 95.28% 95.78% 94.90% 

Dilated 

Leaky 

Shuffle Net 

(Proposed) 

99.83% 97.12% 98.30% 97.42% 

Table 2 shows the comparison of another traditional deep neural network with the proposed Dilated Leaky Shuffle 

Net. The proposed Dilated Leaky Shuffle Net outperform highest accuracy rate than another traditional network. It 

improves the overall accuracy by 0.86%, 0.54%, 0.16% and 1.07% better than the GoogleNet, ShuffleNet, AlexNet 

and MobileNet respectively. 

Ablation Study: 

An ablation study was made to asses the efficiency of the Dilated leaky Shuffle Net and Standard Shuffle 

Net utilized in selecting the most relevant features. The classification accuracy for Normal and Abnormal 

osteoporosis detection and classification in this experiment is shown in Table 3. 

Table 3: Ablation Study for Standard Leaky shuffle Net and Dilated Leaky Shuffle Net. 

Classes Without 

Standard 

Leaky 

Shuffle Net 

With Standard 

Leaky Shuffle 

Net 

Without Dilated 

Leaky Shuffle Net 

With Dilated Leaky 

Shuffle Net 

Accuracy 98.46% 99.15% 99.31% 99.83% 

Precision 95. 85% 96.84% 97.03% 97.12% 

Recall 97.28% 97.64% 97.94% 98.30% 

F1-Score 96.13% 96.87% 96.86% 97.42% 
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Standard Leaky shuffle Net and Dilated Leaky shuffle Net are well-known technology in feature extraction process. 

In this ablation study the Dilated Leaky Shuffle Net attains highest accuracy, Precision and Recall and F1 -Score 

values. 

Table 4: Comparison of proposed with Existing Method 

Author Technique Accuracy 

Liu, J., et al [16] U-Net 98.65% 

Fang, Y., et al [17] DCNN 97.97% 

Hwang, D.H., et al [22] MVCTNet 98.52% 

Proposed OSIS-NET 99.83% 

According to table 4 : the proposed OSIS-NET improves the overall truth by 1.18%, 1.86% and 1.31% better than U- 

NET, DCNN and MVCTNet respectively. Based on the above comparison the proposed OSIS-NET model is more 

accurate than the existing methods. 

CONCLUSION 

This research proposes OSIS-NET as a tool to identify and sort osteoporosis cases through deep learning 

procedures. We obtain MRI scans from OASIS-3 Data and apply adaptive gaussian trilateral filter before processing 

to remove noise. The input images go through the Sobel edge detector for creating precise and fine edge details in 

both images. DL-based Dilated leaky ShuffleNet receives the input images to capture both textural and shape 

features from these inputs. The picked ST attributes undergo evaluation through different machine learning 

solutions including SVM, KNN, DT and RF to distinguish healthy from damaged situations. The system generates 

99.76% correct results for normal images and 99.89% accuracy for medical image defects. Because of its design the 

method boosts accuracy levels more extensively than GoogleNet (0.86%), ShuffleNet (0.54%), AlexNet (0.16%) and 

MobileNet (1.07%). 
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