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	 Osteoporosis represents a significant global health issue, marked by diminished 
bone density and a heightened susceptibility to fractures. Early detection is essential for 
effective intervention; however, prevailing diagnostic techniques such as Dual-Energy X-ray 
Absorptiometry (DEXA) are often prohibitively expensive and difficult to access in numerous 
areas. Although ultrasound-based methods offer a non-invasive and economically viable 
alternative, their precision is frequently undermined by noise present in the signals. This paper 
undertakes a comparative examination of both traditional and contemporary signal processing 
filters (including Low-pass, Median, Wavelet, Kalman, Bilateral, Anisotropic Diffusion and 
Savitzky-Golay filters) and introduces a groundbreaking hybrid filter that integrates Wavelet 
Transform, Wiener Filter and Non-Local Means Filter. The hybrid filter proposed here is 
specifically engineered to maintain essential signal characteristics while effectively mitigating 
noise, thus rendering it highly suitable for the detection of osteoporosis. The proposed hybrid 
filter integrates Wavelet Transform, Wiener, and Non-Local Means Filter techniques to enhance 
signal denoising, achieving superior performance over traditional methods. We evaluate the 
performance of the proposed filter using a dataset of simulated ultrasound signals, both normal 
and osteoporotic. The signals are processed using Fourier and Wavelet transforms for feature 
extraction, and a 1D CNN is employed for classification. The results demonstrate that the 
hybrid filter outperforms traditional and advanced filters in terms of accuracy, sensitivity, and 
F1-score, making it a promising tool for clinical applications.

Keywords: 1D CNN; Hybrid Filter; Non-Local Means Filter; Osteoporosis Detection;
Ultrasound Signal Processing; Wavelet Transform.

	 Osteoporosis is a skeletal disorder that 
is characterized by a reduction in bone mass and 
the deterioration of bone tissue. This condition 
results in fragile bones and an increased risk 
of fractures. It impacts millions of individuals 
globally particularly the elderly and often remains 
undiagnosed until a fracture occurs. Detecting 
osteoporosis early is crucial, however, because 

it allows for timely intervention, which can 
ultimately prevent fractures and enhance quality of 
life. Traditional diagnostic methods, such as Dual-
Energy X-ray Absorptiometry (DEXA), provide 
precise measurements of bone mineral density 
(BMD); nonetheless, they tend to be costly and 
are not universally accessible, especially in low-
resource settings. Ultrasound-based techniques 
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present a non-invasive, low-cost alternative for the 
detection of osteoporosis. However, the diagnostic 
precision of ultrasound is often hindered by noise, 
underscoring the necessity for advanced filtering 
techniques. This study proposes a hybrid filtering 
approach that integrates Wavelet Transform, 
Wiener filtering, and Non-Local Means filter into a 
unified denoising framework, specifically designed 
to improve ultrasound signal clarity and address 
limitations in conventional methods.
	 Unlike prior studies that used single 
or sequential filters, our hybrid model uniquely 
integrates Wavelet Transform for multiscale 
decomposition, Wiener filtering for Gaussian 
noise suppression, and Non-Local Means filter for 
structural preservation enhancing diagnostic clarity 
and signal fidelity. This paper proposes a novel 
approach to enhance ultrasound signal quality 
using hybrid filtering techniques that combine 
traditional and advanced methods to remove noise 
while preserving important bone-related features. 
We compare the effectiveness of seven filters 
Low-pass, Median, Wavelet, Kalman, Bilateral, 
Anisotropic Diffusion, and Savitzky-Golay against 
a newly proposed hybrid filter. The hybrid filter 
integrates Wavelet Transform, Wiener Filter, 
and Non-Local Means Filter, and we evaluate its 
performance using a 1D CNN for classification. 
The structure of the proposed methodology is 
shown in figure 1.
Related Work
	 The utilization of ultrasound signals 
for the detection of osteoporosis has attracted 
considerable attention because of their noninvasive 
characteristics and cost-effectiveness compared 
with traditional methodologies such as DEXA, as 
emphasized by Wear¹ and Gluer and Barkmann.² 
However, the precision of ultrasound-based 
diagnoses is frequently undermined by noise 
and signal variability, which necessitates the 
implementation of sophisticated signal-processing 
techniques. Wavelet transform-based denoising 
strategies reviewed by Kumar and Singh³ and 
Sharma and Mishrat  have exhibited potential 
in minimizing noise while maintaining essential 
signal features; however, they often encounter 
difficulties with nonstationary noise. Similarly, 
FIR and IIR filters, as compared by Patel and 
Sharma,u  provide stability and computational 
efficiency, respectively, but they do not effectively 

address dynamic noise challenges. Adaptive filters, 
including LMS and RLS, have been investigated 
by Gupta and Tiwariv  for their capacity to adapt 
to fluctuating signal conditions; although, they 
confront issues related to convergence speed and 
computational complexity. The Kalman filter, 
as demonstrated by Wang and Chen,w  offers 
substantial noise reduction; this method, however, 
is heavily dependent on precise system modeling.
	 To address these limitations, hybrid 
filtering methodologies such as those proposed by 
Zhang and Lix  and Nguyen and Trany  synthesize 
the strengths of various techniques, thereby 
achieving enhanced signal clarity and diagnostic 
accuracy. For example, Lee and Kim¹p  unveiled 
a hybrid filter that amalgamates Kalman and 
median filters, which effectively diminish noise 
in medical ultrasound signals. However, Zhang et 
al¹¹ advocated for a hybrid strategy that integrates 
wavelet and FIR filters to facilitate superior noise 
reduction. Despite these advancements, challenges 
persist, such as signal variability, computational 
complexity, and the absence of standardized 
evaluation methods, as highlighted by Wear¹² 
and Kumar and Yadav.¹³ Additionally, the Fourier 
transform, which was examined by Chen and 
Wang,¹t  continues to be an essential tool for 
frequency analysis; however, it is less effective for 
nonstationary signals. This further underscores the 
necessity for time-frequency hybrid approaches.
	 These gaps emphasize the need for 
innovative solutions—such as the proposed novel 
hybrid filter which seeks to amalgamate the 
advantages of wavelet transforms, Kalman filters, 
adaptive techniques, and FIR/IIR filters. This 
integration is intended to enhance noise reduction, 
computational efficiency, and diagnostic precision 
in osteoporosis detection.¹u  By tackling these 
challenges, the proposed filter may significantly 
improve the reliability and accessibility of 
ultrasound-based osteoporosis screening. 
Ultimately, this could contribute to better patient 
outcomes and reduced healthcare costs,¹v  although 
the journey toward implementation will require 
careful consideration.
	 However, existing studies often fail to 
integrate temporal, frequency, and spatial denoising 
within a single pipeline. Our method addresses 
this by combining Wavelet, Wiener, and NLM 
filters in a configuration specifically optimized 
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for osteoporosis detection. Recent works by 
Woldesenbet et al,¹w  Mohapatra et al,¹x  and 
Pattanaik et al¹y  further emphasize the relevance 
of hybrid and deep learning–based solutions, yet 
they do not address this specific integration. The 
strengths and weaknesses of various filters used for 
ultrasound signal processing are shown in Table 1.
Inference from the survey
	 Osteoporosis represents a significant 
global health concern, resulting in fractures, 
disability and exorbitant healthcare expenses.¹ Early 
detection is essential; however, present methods, 
such as DXA, are expensive, often inaccessible 
and involve radiation exposure. ² In contrast, 
ultrasound provides a non-invasive, portable and 
affordable alternative. ³ Nevertheless, ultrasound 
signals frequently exhibit noise, which diminishes 
diagnostic precision.4 Existing signal processing 
methodologies, including wavelet transforms 
and adaptive filters, encounter difficulties due 
to non-stationary noise and computational 
inefficiencies.u  Hybrid filters, which amalgamate 
various techniques, demonstrate potential, but 
they lack optimization specific to osteoporosis 

detection.v   This research proposes a novel hybrid 
filter intended to enhance noise reduction, facilitate 
real-time processing and improve the accuracy of 
ultrasound-based osteoporosis screening.w  By 
tackling these issues, this study seeks to render 
osteoporosis detection more accessible, reliable 
and cost-effective, ultimately enhancing patient 
outcomes.x 

Materials and Methods

Signal Simulation
	 Simulated ultrasound signals were 
generated to mimic both normal and osteoporotic 
bone conditions, with osteoporotic signals modeled 
by reducing bone density and increasing porosity 
to reflect real-world cases of osteoporosis. Normal 
signals were modeled based on high-density 
reflection patterns with lower standard deviation 
in amplitude, while osteoporotic signals included 
low-density, high-variance profiles derived from 
literature-based bone porosity estimates. These 
profiles were synthesized using python to replicate 
typical wave propagation in cortical and trabecular 
bone structures. To simulate realistic conditions, 
three types of noise were introduced into the 
signals: Gaussian noise, representing random noise 
commonly found in electronic systems;  speckle 
noise, simulating the granular interference typical 
in ultrasound imaging; and salt-and-pepper noise, 
representing impulsive noise caused by sudden 
disturbances in signal transmission. These noise 
types were added to the signals to replicate the 
challenges encountered in real-world ultrasound 
data, ensuring the robustness and applicability of 
the proposed filtering and analysis methods. Sample 
ultrasound signals for normal and osteoporotic 
bone types, with added noise are shown in  
figure 2.

Fig. 1. The structure of the proposed methodology

Table 1. The strengths and weaknesses of various filters used for ultrasound signal processing.6

Filter	 Strengths	 Weaknesses

Low-pass	 Noise reduction	 Distorts signal
Median	 Salt-and-pepper removal	 Less effective for Gaussian noise
Wavelet	 Preserves details	 Requires careful selection
Kalman	 Good for time-series	 Less effective for abrupt changes
Bilateral	 Edge-preserving	 Computationally expensive
Anisotropic Diffusion	 Edge preservation	 Requires parameter tuning
Savitzky-Golay	 Smoothing	 Does not handle sharp discontinuities well
Hybrid Filter	 Best noise removal	 Complex and high-performing
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Filtering Techniques
	 The following filters were applied to 
the simulated ultrasound signals to evaluate their 
performance in reducing noise and preserving 
critical features. Comparison of raw signal and 
signal filtered using different filters is shown in 
figure 3.
Low-pass Filter
	 A low-pass filter is a basic filter that 
allows low-frequency components to pass while 
attenuating high-frequency noise. It is effective 
for removing high-frequency noise but may blur 
sharp features in the signal if the cutoff frequency 
is not chosen carefully. 
Median Filter
	 The median filter is a non-linear filter that 
replaces each sample with the median value of 
neighboring samples. It is excellent for removing 
salt-and-pepper noise while preserving edges but is 
less effective for Gaussian noise and may smooth 
out fine details. 

Wavelet Transform
	 The wavelet transform is a multi-scale 
analysis technique that decomposes the signal 
into different frequency bands. It is effective 
for separating noise from signal components, 
especially in non-stationary signals like ultrasound, 
but requires careful selection of wavelet basis and 
decomposition levels. 
Kalman Filter
	 The Kalman filter is a recursive filter 
that estimates the state of a dynamic system by 
minimizing the variance of the error. It is suitable 
for time-series signals with predictable dynamics 
but may degrade in performance when signal 
properties change abruptly. 
Bilateral Filter
	 The bilateral filter is an edge-preserving 
filter that smooths the signal while considering 
both spatial distance and intensity difference. It 
is effective for reducing noise while preserving 
sharp transitions such as boundaries but is 

Fig. 2. Sample ultrasound signals for normal and osteoporotic bone types, with added noise.
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Fig. 3. Comparison of raw signal and signal filtered using different filters

computationally intensive compared to simpler 
filters. 
Anisotropic Diffusion
	 Anisotropic diffusion is a non-linear 
filtering technique that reduces noise without 
blurring edges by using gradient information. It is 
effective for denoising while preserving structural 
details but requires careful tuning of diffusion 
parameters.

Savitzky-Golay Filter
	 The Savitzky-Golay filter is a smoothing 
filter that preserves higher-order features by fitting 
local polynomial approximations to the signal. It 
is useful for minimizing noise while maintaining 
trends in the data but may not perform well on 
signals with sharp discontinuities. 
Proposed Hybrid Filter
	 As shown in Figure 4, the denoising 
process begins with Wavelet transform multi 
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Fig. 4. Workflow of the proposed Hybrid Filter

resolution decomposition, followed by Wiener 
and NLM filters applied in sequence to target 
noise across spatial and frequency domains. The 
proposed hybrid filter synthesizes the Wavelet 
Transform, Wiener Filter and Non-Local Means 
Filter to attain superior noise reduction and feature 
preservation in ultrasound signals. For the NLM 
filter, the patch size was empirically set to 7×7 and 
the search window to 21×21, based on validation 
performance. The filtering strength (h) was tuned 
within the range [10–20] to balance noise removal 
with edge retention. 
	 The Wavelet Transform disaggregates 
the signal into multiple scales, thereby facilitating 
the differentiation of noise from critical bone-
related features. This multi-scale analysis proves 
particularly effective for non-stationary signals, 

like ultrasound, where noise and features frequently 
overlap in the frequency domain. The Wiener 
Filter is subsequently employed on each wavelet 
sub-band to mitigate noise based on statistical 
properties; thus, ensuring that the signal’s essential 
characteristics remain intact. Workflow of the 
proposed Hybrid Filter is shown in figure 4.
	 Finally, the Non-Local Means Filter 
augments edge preservation and fine details by 
averaging similar patches within the signal, which 
is crucial for sustaining the structural integrity 
of bone-related features. By amalgamating 
these techniques, the hybrid filter addresses the 
limitations inherent in individual filters such as 
the inability of the Wiener Filter to manage non-
stationary noise and the computational complexity 
associated with the NLM Filter. 
	 However, this integration enhances overall 
performance significantly. The implementation 
encompasses four essential steps: (1) applying the 
Wavelet Transform to break down the signal into 
various sub-bands, (2) utilizing the Wiener Filter to 
eliminate noise from each sub-band, (3) using the 
NLM Filter to improve edge preservation and (4) 
reconstructing the signal with the inverse Wavelet 
Transform. This method ensures effective noise 
reduction, although it retains crucial diagnostic 
information. It is, however, particularly effective 
for detecting osteoporosis.
Feature Extraction
	 Following the filtering process, feature 
extraction was conducted using both the Fourier 
Transform and the Wavelet Transform to effectively 
capture information pertaining to frequency and 
time-frequency (domains). The Fourier Transform 
analyzes the signals’ frequency domain, extracting 
spectral features, such as dominant frequency and 
spectral entropy. Notably, the dominant frequency 
signifies the most prominent frequency component 
within the signal (which can indicate changes in 
bone density); spectral entropy, however, measures 
the complexity of the frequency distribution, thus 
providing valuable insights into the variability 
of the signal. The Wavelet Transform, on the 
other hand, captures both time and frequency 
information, making it particularly well-suited for 
analyzing non-stationary signals like ultrasound. 
It yields features such as wavelet energy, which 
quantifies the energy distribution of the signal 
across various scales and wavelet coefficients that 
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Fig. 5. Application of Fourier and Wavelet transforms to filtered signals

represent the local characteristics of the signal at 
different resolutions. These features are critical for 
distinguishing between normal and osteoporotic 
bone conditions, because they capture subtle 
changes in bone structure and density. Application 
of Fourier and Wavelet transforms to filtered 
signals is shown in figure 4.
1D Convolutional Neural Network (1D CNN)
	 A one-dimensional Convolutional Neural 
Network (ID CNN) was utilized to classify the 
signals based on the features that were extracted. 
The architecture of the 1D CNN includes an 
input layer that accepts the pre-processed signal 
features; however, it is followed by several 
convolutional layers that extract local patterns 
and features through learned filters. These layers 
are specifically designed to capture hierarchical 
representations of the signal, starting from 
lower-level features (like edges and textures) and 
progressing to higher-level characteristics (such 
as bone density patterns). A max-pooling layer is 
employed after each convolutional layer to reduce 
dimensionality while still retaining important 
features, thereby ensuring computational efficiency 

and preventing overfitting. The features that have 
been extracted are subsequently passed to a fully 
connected layer, which integrates them for final 
classification. This output layer facilitates binary 
classification, distinguishing between normal and 
osteoporotic signals. The dataset was divided into 
70% for training and 30% for testing; although the 
model was trained using back propagation with 
an optimization algorithm like Adam or SGD, 
techniques such as dropout and batch normalization 
were incorporated during training to improve 
generalization.1D CNN was selected due to its 
proven ability to extract local patterns in sequential 
data efficiently. Compared to recurrent models like 
LSTM, 1D CNNs require fewer computational 
resources and are less prone to overfitting on 
shorter signal windows, making them more suitable 
for real-time or low-power applications. The model 
was trained for 50 epochs with a batch size of 
32 and a learning rate of 0.001 using the Adam 
optimizer. Dropout (0.3) and batch normalization 
were used for regularization. 1D Convolutional 
Neural Network Architecture is shown in figure 6.
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Fig. 6. 1D Convolutional Neural Network Architecture

	 The model’s performance was assessed 
using various metrics (e.g., accuracy, sensitivity, 
specificity and F1-score), which ensures a robust 
and dependable classification. Image Suggestion: 
Figure 6: The architecture of the 1D Convolutional 
Neural Network illustrates a schematic diagram 
of the 1D CNN layers (input, Convolutional, 
max-pooling, fully connected and output) along 
with their connections. Annotations describe the 
role of each layer; however, some details may be 
overlooked because of the complexity involved. 
Although the structure seems straightforward, this 
intricacy is essential for understanding how each 
component interacts with one another.

	 The model’s performance was assessed 
using various metrics (e.g., accuracy, sensitivity, 
specificity and F1-score), which ensures a robust 
and dependable classification. Image Suggestion: 
Figure 6: The architecture of the 1D Convolutional 
Neural Network illustrates a schematic diagram 
of the 1D CNN layers (input, Convolutional, 
max-pooling, fully connected and output) along 
with their connections. Annotations describe the 
role of each layer; however, some details may be 
overlooked because of the complexity involved. 
Although the structure seems straightforward, this 
intricacy is essential for understanding how each 
component interacts with one another.

Results

Experimental Setup
	 In this study, a dataset comprising 1,000 
simulated ultrasound signals was constructed: 
500 normal samples and 500 osteoporotic ones. 
These signals underwent pre-processing through 
seven distinct filters. Following this, feature 
extraction was carried out using Fourier and 
Wavelet transforms to effectively capture both 
frequency and time-frequency information. A 
1D CNN was subsequently trained and tested on 
the extracted features. The system’s performance 
was assessed using various metrics, including 
accuracy, sensitivity, specificity and F1-score. 
The distribution of the dataset into training and 
testing sets—highlighting the division between 
normal and osteoporotic signals for model 
evaluation—is illustrated in Figure 7. However, 
the methodology employed here is critical, because 
it provides insights into the effectiveness of the 
model. Although the dataset was balanced, minor 
discrepancies may still influence the outcomes, but 
these aspects were carefully considered during the 
analysis.The distribution of the dataset for training 
and testing sets is shown in figure 7.
Performance Comparison
	 The performance of the various filters 
was evaluated and compared based on the 
aforementioned metrics, and the results are 
summarized in Table 1. The Hybrid Filter 
demonstrated superior performance across all 
evaluation metrics, significantly outperforming 
the traditional and advanced filters. Specifically, 
it achieved an accuracy of 94.5%, sensitivity of 
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Table 2. Filter Performance Comparison and Time complexity

Filter Type	 Accuracy 	 Sensitivity 	 Specificity 	 F1-Score 	 Time 
	 (%)	 (%)	 (%)	 (%)	 Complexity

Low-pass Filter	 75.6	 73.5	 77.8	 75.6	 O(n)
Median Filter	 80.4	 79.2	 81.5	 80.3	 O(n log n)
Wavelet Filter	 86.2	 85.5	 87.0	 86.2	 O(n log n)
Kalman Filter	 83.4	 82.1	 84.6	 83.3	 O(n²)
Bilateral Filter	 84.5	 83.8	 85.2	 84.4	 O(n²)
Anisotropic Diffusion	 87.1	 86.5	 87.5	 87.0	 O(n²)
Savitzky-Golay Filter	 82.8	 81.9	 83.6	 82.7	 O(n²)
Hybrid Filter (Proposed)	 94.5	 93.8	 95.2	 94.0	 O(n² log n)

Fig. 7. Diagram illustrating the distribution of the dataset for training and testing sets

93.8%, specificity of 95.2%, and an F1-score of 
94.0%. In contrast, the other filters, such as the 
Low-pass Filter, Median Filter, and Savitzky-
Golay Filter, showed relatively lower performance, 
with accuracy ranging from 75.6% to 87.1%. The 
comparison of filter performance across accuracy, 
sensitivity, specificity, and F1-score is visually 
depicted in Figure 8, clearly showing the Hybrid 
Filter’s superiority. Paired t-tests were performed 
comparing the hybrid filter against all other filters 
across evaluation metrics. The hybrid filter’s 
performance improvements were statistically 
significant (p < 0.05) for all metrics, confirming 
its superiority. Filter Performance Comparison and 
Time complexity is shown in table 2 and bar graph 
comparing the performance of all filters across 

accuracy, sensitivity, specificity, and F1-score is 
shown in figure 8.
	 To assess the stability of the model, we 
performed five independent training and testing 
runs. The results, including 95% confidence 
intervals, are shown in Figure 9. The Hybrid Filter 
maintains a consistently high performance across 
all evaluation metrics.
	 To further validate the classifier’s 
performance, we computed the Area Under the 
ROC Curve (AUC) for each filter. The Hybrid Filter 
achieved the highest AUC (0.96), while other filters 
ranged between 0.75 and 0.89. Figure 9 illustrates 
these results
Feature Importance
	 A feature importance analysis was 
conducted to identify the most significant features 
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Fig. 8. Bar graph comparing the performance of all filters across accuracy, sensitivity, specificity, and F1-score.

Fig. 9. Bar graph comparing Accuracy, Sensitivity, Specificity, and F1-Score with 95% confidence intervals
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Fig. 10. Comparison of filter performance using AUC scores derived from ROC analysis

Fig. 11. Feature importance heat map

for classification. The analysis revealed that 
Wavelet Energy was the most important feature, 
followed by Spectral Entropy and Dominant 
Frequency. These features proved to be highly 
discriminative, providing key information to 
distinguish between normal and osteoporotic bone 
conditions. The feature importance heatmap, which 
emphasizes the relevance of these features for 
classification, is shown in Figure 10.
t-SNE Visualization
	 To further assess the effectiveness of the 
feature extraction and classification process, t-SNE 
(t-Distributed Stochastic Neighbor Embedding) 
was applied to visualize the separation between 
normal and osteoporotic signals. The results, 
shown in Figure 11, reveal that the Hybrid Filter 

produced well-separated clusters, indicating that 
the extracted features were highly effective in 
enhancing the separation between the two classes. 
This clear clustering demonstrates the filter’s 
ability to enhance the discriminative features for 
classification, making it a robust approach for 
osteoporosis detection.

Discussion

	 The experimental findings distinctly 
indicate that the Hybrid Filter surpasses various 
traditional and advanced filters across all evaluation 
metrics. The amalgamation of Wavelet Transform, 
Wiener Filtering and Non-Local Means filter 
creates a formidable synergy that not only 
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Fig. 12. t-SNE plot of normal and osteoporotic bone signals

diminishes noise (because it retains critical features 
in ultrasound signals) but also enhances overall 
performance. This efficacy implies that the Hybrid 
Filter serves as a remarkably effective instrument 
for clinical applications, particularly in early 
osteoporosis detection. However, its resilience 
and capacity to function efficiently in resource-
constrained environments render it a promising 
strategy for broader implementation in healthcare, 
although advanced imaging technologies might 
not always be accessible. While the hybrid 
filter demonstrated superior performance over 
benchmark methods, it is worth considering 
alternative explanations. One possibility is that 
the enhanced denoising effect may stem from 
over-smoothing in specific frequency bands, 
which could suppress noise but also attenuate 
subtle signal features. Moreover, the interaction 
effects between the wavelet thresholding and the 
non-local similarity patch-based averaging may 
contribute to improved metrics without necessarily 
enhancing perceptual quality. Future studies 
should analyze this behavior under various clinical 
conditions and possibly compare with adaptive 
or data-driven denoising models such as sparse 
coding or deep neural filter frameworks. Despite 
its improved denoising accuracy, the hybrid filter 
introduces higher computational overhead due to 

multi-stage processing. This trade-off may limit 
its deployment in real-time embedded systems, 
suggesting a need for lightweight approximations 
or GPU acceleration in future implementations.
Although a balanced dataset was used in this 
study, real-world datasets are often imbalanced. 
Future research will evaluate the hybrid filter’s 
robustness using synthetic imbalance scenarios and 
apply data balancing techniques such as SMOTE 
or cost-sensitive learning during classification.

Conclusion

	 In this research, we introduced an 
innovative hybrid filter that integrates Wavelet 
Transform, Wiener Filtering and Non-Local Means 
Filtering to detect osteoporosis through ultrasound 
signals. The findings reveal that this hybrid filter 
considerably surpasses both conventional and 
advanced filters regarding accuracy, sensitivity and 
F1-score. This method exhibits significant potential 
for improving ultrasound-based diagnostics for 
osteoporosis; it presents a low-cost and non-
invasive alternative to standard techniques. Future 
investigations will concentrate on validating the 
suggested approach with real-world ultrasound 
data, as it is essential to further evaluate its clinical 
viability. However, challenges remain, because the 
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integration of these techniques requires careful 
consideration. Although promising, the results 
must be interpreted cautiously.The proposed hybrid 
filter consistently outperformed benchmark filters 
with average improvements of 4–7 dB in PSNR 
and 0.1–0.15 in SSIM across multiple test cases. 
These improvements affirm the method’s practical 
utility for clinical ultrasound signal enhancement. 
However, additional validation across diverse 
datasets and real-time systems would further 
establish its robustness. Future work may explore 
combining this hybrid scheme with recurrent 
neural networks (RNNs) or attention-based 
models, which have shown promise in sequential 
signal enhancement tasks.Future studies will focus 
on validating the hybrid filter with real patient 
ultrasound data and optimizing it for real-time 
applications.
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