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ABSTRACT 

 
The increasing complexity of clinical scenarios necessitates advanced biomedical imaging and sensing 
frameworks that address real-time challenges, such as multimodal data integration, noise suppression, and 
accurate decision support. Current solutions often fall short in adapting to diverse imaging environments, 
real-time constraints, and providing interpretable outputs, limiting their utility in dynamic clinical workflows. 
To address these limitations, we propose a novel, end-to-end system integrating multiple advanced methods 
for biomedical imaging and sensing process. Our Adaptive Multimodal Fusion Network (AMFN) combines 
multimodal imaging data (MRI, CT, Ultrasound, etc.), dynamically weighting modalities using an adaptive 
fusion module to generate enhanced composite images. Self-supervised learning further reconstructs missing 
modalities for robust diagnostic accuracy. For real-time insights, the Lightweight Dynamic Segmentation 
(LDS) module uses a transformer-based attention mechanism in a lightweight neural architecture to segment 
critical regions of interest with high precision, even on portable edge devices. Noise and artifact suppression 
are managed by the Contextual Noise Elimination Module (CNEM), which employs convolutional 
autoencoders and attention-guided filters to enhance image clarity without sacrificing key clinical details. 
The Predictive Augmented Imaging (PAI) module leverages generative adversarial networks to predict and 
augment low-quality or incomplete imaging data, ensuring comprehensive results. Finally, the Explainable 
Imaging Support System (EISS) delivers transparent, interpretable clinical predictions with saliency maps 
and uncertainty quantification to bolster clinician trust. This integrated framework improves diagnostic 
accuracy, supports real-time adaptability, and ensures robust usability in resource-limited settings, setting a 
new benchmark for biomedical imaging in real-world clinical applications 
Keywords: Adaptive Fusion, Biomedical Imaging, Predictive Augmentation, Noise Suppression, 

Explainable AI, Scenarios 
 
1. INTRODUCTION 
 
Advancements in biomedical imaging are pivotal 
to improving diagnostic precision and therapeutic 
decision-making. However, modern clinical 
workflows face significant challenges, including 
the integration of heterogeneous imaging 
modalities, noise and artifact interference, and the 

need for real-time insights on resource-
constrained devices & deployments. Current 
methodologies are often limited in their 
adaptability, struggling to manage diverse data 
modalities, incomplete datasets, and the 
computational demands of real-time operation. 
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Furthermore, the lack of explainability in AI-
driven tools undermines clinician trust and 
hinders regulatory acceptance sets. To address 
these critical challenges, this work introduces a 
comprehensive framework leveraging cutting-
edge innovations in imaging fusion, noise 
suppression, and explainable AI. The proposed 
Adaptive Multimodal Fusion Network (AMFN) 
dynamically integrates data from modalities such 
as MRI, CT, Ultrasound, and Optical Imaging, 
enhancing diagnostic accuracy by prioritizing 
clinical context and reconstructing missing 
modalities through self-supervised learning [22]. 
The Lightweight Dynamic Segmentation (LDS) 
module offers efficient and precise region-of-
interest detection, optimized for deployment on 
portable and edge devices. Noise and artifact 
suppression is achieved through the Contextual 
Noise Elimination Module (CNEM), which 
combines convolutional autoencoders with 
attention-guided optimization to preserve 
clinically significant features. The framework 
also incorporates Predictive Augmented Imaging 
(PAI) to reconstruct incomplete data using 
generative models, ensuring comprehensive and 
high-quality outputs. Finally, the Explainable 
Imaging Support System (EISS) enhances 
interpretability by providing transparent 
predictions with saliency mapping and confidence 
quantifications. This integrated approach 
addresses the critical limitations of existing 
systems, offering robust, real-time, and 
interpretable solutions tailored to dynamic clinical 
environments [21]. 

2. LITERATURE REVIEW 

Machine learning (ML) has emerged as a 
transformative tool in biomedical applications, 
with a broad range of advancements addressing 
critical challenges in imaging, diagnosis, and 
disease prediction. A review by Binson et al. [1] 
highlights the diverse ML algorithms deployed in 
biomedical contexts, emphasizing the need for 
optimized solutions to improve accuracy and 
interpretability. Turki et al. [2] introduced 
MeSH2Matrix, an innovative approach 
combining MeSH keywords and ML techniques 
for biomedical relation classification, 
demonstrating the potential of integrating 
domain-specific knowledge with ML for better 
data representations. Wu et al. [3] proposed a 
novel causal inference algorithm leveraging meta 
machine learning for personalized biomedical 
graph learning, addressing the complexity of 
causality in medical data samples. Hechkel and 
Helali [4] reviewed ML and imaging techniques 
for Alzheimer’s disease detection, underscoring 
the role of multimodal approaches for early 
diagnosis. Similarly, Wang et al. [5] examined the 
application of ML in dementia research, bridging 
gaps between computational scientists and 
clinicians. Alshardan et al. [6] developed deep 
learning (DL) solutions for inverse problems in 
biomedical imaging, offering robust methods for 
disease detection under constrained imaging 
scenarios.  

     
Table 1. Methodological Empirical Review Analysis 

 
Citation Authors Focus of Study Key Contribution 
[1] Binson et al. Review of ML algorithms for 

biomedical applications. 
Highlighted the need for optimized ML 
algorithms to improve accuracy and 
interpretability in biomedical contexts. 

[2] Turki et al. Integration of MeSH keywords 
with ML for relation 
classification in PubMed data 
samples. 

Introduced MeSH2Matrix to enhance 
data representation by combining 
domain-specific knowledge with ML 
techniques. 

[3] Wu et al. Development of a causal 
inference algorithm using meta 
ML for biomedical graph 
learning. 

Proposed a method addressing 
causality complexity in biomedical 
datasets, enabling personalized 
analysis. 

[4] Hechkel and 
Helali 

Review of ML and imaging 
techniques for Alzheimer’s 
disease detection. 

Emphasized the importance of 
multimodal approaches for early 
detection of Alzheimer’s disease. 

[5] Wang et al. ML applications in dementia 
research and clinical practice. 

Bridged gaps between computational 
scientists and clinicians, highlighting 
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ML’s utility in dementia diagnosis and 
management. 

[6] Alshardan et al. DL solutions for inverse 
problems in advanced 
biomedical imaging. 

Offered robust methods for disease 
detection under constrained imaging 
scenarios using DL techniques. 

[7] Qiu et al. Fuzzy twin support vector 
machine for biomedical 
classification. 

Enhanced classification in uncertain 
and imbalanced datasets using 
dissimilarity measures. 

[8] Kudus et al. ML applications in MR 
imaging of pediatric low-grade 
gliomas. 

Demonstrated ML’s potential to 
improve diagnostic outcomes in 
pediatric neuro-oncology. 

[9] Das and 
Goswami 

Hybrid DL and transfer 
learning approaches for MRI-
based brain tumor 
segmentation. 

Highlighted the synergy between DL 
and traditional learning paradigms for 
improved segmentation accuracy. 

[10] Warner et al. Multimodal ML in image-
based and clinical 
biomedicine. 

Advocated for integrated models 
combining imaging and clinical data 
for comprehensive analysis. 

[11] Yang et al. ML techniques for skin cancer 
classification.s 

Showcased significant advancements 
in clinical image analysis using ML for 
skin cancer diagnosis. 

[12] Renjini and 
Sankararaman 

Graph theory-based 
biomedical signal analysis. 

Demonstrated the utility of graph 
theory in understanding complex 
physiological relationships. 

[13] Vyas and 
Khadatkar 

Ensemble of DL and ML 
architectures for pneumonia 
classification using chest X-
rays. 

Achieved state-of-the-art performance 
by integrating strengths of multiple 
learning architectures. 

[14] Rajesh et al. ML-derived retinal pigment 
scoring for ophthalmic 
imaging sets. 

Decoupled biological and ethnic 
factors in imaging, addressing biases in 
biomedical research sets. 

[15] Kumari et al. Role of ML and DL in 
healthcare with big data 
analytics. 

Emphasized scalability and integration 
of ML/DL for handling big data in 
healthcare applications. 

Qiu et al. [7] presented a fuzzy twin support vector 
machine using dissimilarity measures, enhancing 
classification in uncertain and imbalanced 
biomedical datasets. Kudus et al. [8] explored ML 
applications in MR imaging for pediatric low-
grade gliomas, demonstrating the potential of ML 
in improving pediatric neuro-oncology outcomes. 
Das and Goswami [9] comprehensively reviewed 
hybrid DL and transfer learning approaches for 
MRI-based brain tumor segmentation, revealing 
the synergy between advanced DL models and 
traditional learning paradigms. Warner et al. [10] 
focused on multimodal ML in image-based 
biomedicine, advocating for integrated models 
capable of combining clinical and imaging data 
for holistic analysis. Yang et al. [11] explored ML 
applications in skin cancer classification, 
demonstrating significant advancements in 
clinical image analysis using ML models. Renjini 

and Sankararaman [12] highlighted graph theory-
based biomedical signal analysis, showcasing its 
applicability in understanding complex 
relationships in physiological signals. Vyas and 
Khadatkar [13] proposed an ensemble of deep 
learning and ML architectures for pneumonia 
classification using chest X-rays, achieving state-
of-the-art performance by combining the 
strengths of multiple models. Rajesh et al. [14] 
employed ML-derived retinal pigment scoring to 
decouple biological and ethnic factors in 
ophthalmic imaging, addressing critical biases in 
biomedical research. Finally, Kumari et al. [15] 
provided a structured analysis of ML and DL’s 
role in healthcare, with a specific focus on big data 
analytics, emphasizing the importance of 
scalability and integration in future biomedical 
applications. These studies collectively 
underscore the rapid evolution of ML in 
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addressing pressing biomedical challenges[27]. 
Building upon these insights, the proposed model 
integrates multimodal fusion, noise suppression 
[23], segmentation, augmentation, and 
explainability, offering a robust, real-time 

solution for clinical scenarios. By synthesizing 
methods from prior work, this study seeks to 
advance the state-of-the-art in adaptive and 
interpretable biomedical imaging process. 

 
3. PROPOSED MODEL 

The proposed model for adaptive multimodal 
biomedical imaging and sensing is designed as an 
end-to-end framework to address challenges of 
integration, noise suppression, segmentation, 
augmentation, and explainable clinical decision 
supports. The core design emphasizes adaptive 
processing, real-time efficiency [24], and robust 
interpretability, leveraging advanced 
mathematical constructs for optimization and 
contextual reasoning process. The Adaptive 
Multimodal Fusion Network (AMFN) employs a 
feature extraction backbone Fᵢ(x) for each 
modality xᵢ, where Fᵢ(x) maps input xᵢ to a high-
dimensional latent space sets. The fusion process 
is governed by a weighting mechanism wᵢ, 
determined dynamically by clinical context C, 
modeled via equation 1, 

𝑧 =  𝛴௜ୀଵ
ே  𝑤ᵢ(𝐶)𝐹ᵢ(𝑥) … (1) 

Where, z represents the fused representations. The 
weights wᵢ(C) are adaptively computed using a 
self-supervised learning loss LSel(𝑓) to 
reconstruct missing modalities, defined via 
equation 2, 

𝐿𝑆𝑒𝑙(𝑓) =  ൬
1

𝑛
൰ 𝛴௜ୀଵ

ே ห|𝑥ᵢ − 𝑥ො𝑖|ห
ଶ

… (2) 

Where, x̂i represents the reconstructed modality 
sets. This adaptive integration ensures robustness 
against missing or incomplete data samples. For 
noise and artifact suppression, the Contextual 

Noise Elimination Module (CNEM) minimizes an 
artifact loss LArt using a hybrid convolutional 
autoencoder process. The process is enhanced by 
context-aware attention, defined via equation 3, 

𝐿ₐᵣₜ =  නห|𝐴(𝑧) −  𝑧̃|ห
ଶ

𝑑𝛺 … (3) 

Where A(z) is the attention-enhanced output, z ̃is 
the ground-truth image, and Ω is the spatial 
domain for this process. Segmentation of regions 
of interest is performed by Lightweight Dynamic 
Segmentation (LDS) using a transformer-based 
attention mechanism process. The segmentation 
mask M is optimized via a weighted cross-entropy 
loss LSeg, expressed via equation 4, 

𝐿𝑆𝑒𝑔 =  − ෍ 𝑦𝑗 log൫𝑝(𝑗)൯  +  𝜆 ห|𝛻ଶ𝑀|ห … (4)

ெ

௝ୀଵ

 

Where, yj is the ground truth, p(j) is the predicted 
probability, and the second term enforces 
smoothness in M sets. To handle incomplete 
datasets, Predictive Augmented Imaging (PAI) 
employs a generative adversarial network (GAN) 
framework process. The generator G predicts 
missing regions, and the adversarial loss LAdv is 
defined via equation 5, 

𝐿𝐴𝑑𝑣 =  𝐸[𝑙𝑜𝑔 𝐷(𝑥)]

+  𝐸 ቂ𝑙𝑜𝑔 ቀ1 

−  𝐷൫𝐺(𝑥)൯ቁቃ … (5) 
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Figure 1. Model Architecture of the Proposed Analysis Process 

Where, D represents the discriminator and G(x) 
represents the augmented outputs. This ensures 
realistic and consistent predictions. The 
Explainable Imaging Support System (EISS) 
incorporates saliency mapping for interpretability, 
using a gradient-based technique to identify 
critical areas of decision-making process. The 
saliency S(x) is computed via equation 6, 

𝑆(𝑥) =  ቤ
𝜕𝑓(𝑥)

𝜕𝑥
ቤ … (6) 

Where, f(x) is the prediction function for this 
process. Uncertainty is quantified using Bayesian 
modeling, providing confidence intervals for 
predictions. This design was chosen to leverage 
the complementary strengths of individual 
components, with AMFN ensuring robust fusion, 
CNEM [25] enhancing clarity, LDS providing 
segmentation precision, PAI addressing data 
incompleteness, and EISS fostering 
interpretability sets. Together, these modules 
form a cohesive and efficient system, tailored for 
real-time clinical use while maintaining high 
diagnostic reliability sets[26]. 

4. COMPARATIVE RESULT ANALYSIS 

The evaluation of the proposed model was 
conducted on diverse biomedical imaging datasets 
representing various real-world clinical scenarios. 
The datasets included multimodal imaging 
sources such as MRI, CT, Ultrasound [28-30], and 
Optical Imaging, annotated with ground truth 
labels for segmentation, denoising, augmentation, 
and classification tasks. The experimental setup 
comprised standard clinical datasets like BraTS, 
ChestX-ray14, and a synthetic multimodal dataset 
created for missing data reconstruction. 
Evaluation metrics included Dice Similarity 
Coefficient (DSC), Peak Signal-to-Noise Ratio 
(PSNR), Structural Similarity Index Measure 
(SSIM), and runtime performance (FPS) to assess 
diagnostic accuracy, image quality, and real-time 
capabilities. The proposed model's performance 
was compared with three established methods: 
Method [3], Method [8], and Method [12] in 
process. The primary dataset, drawn from 
publicly available sources such as BraTS for brain 
tumor segmentation and ChestX-ray14 for lung 
disease detection, contained over 5,000 images 
across modalities. Each dataset was preprocessed 
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to ensure consistency in resolution and intensity 
normalization sets. For missing data 
reconstruction, a subset of multimodal imaging 
data with simulated missing modalities was used. 
Ground truth annotations included pixel-wise 
segmentation masks, noise-free reference images, 

and diagnostic labels. This table compares the 
accuracy of multimodal fusion for the proposed 
Adaptive Multimodal Fusion Network (AMFN) 
and competing methods using the BraTS dataset 
samples. 

Table 1: Multimodal Fusion Accuracy 

Metric AMFN (Proposed) Method [3] Method [8] Method [12] 

DSC (%) 94.3 87.8 89.2 88.5 

PSNR (dB) 32.1 28.9 30.3 29.7 

SSIM 0.912 0.872 0.885 0.881 

The proposed AMFN demonstrates superior 
fusion accuracy due to adaptive weighting and 
self-supervised reconstruction, outperforming 
competing methods in all metrics. Performance on 

the ChestX-ray14 dataset for artifact removal 
using the Contextual Noise Elimination Module 
(CNEM) sets. 

Table 2: Noise Suppression Results 

Metric CNEM (Proposed) Method [3] Method [8] Method [12] 

PSNR (dB) 38.7 34.5 36.2 35.4 

SSIM 0.926 0.894 0.907 0.902 

Runtime (ms) 21 45 33 29 

CNEM achieves the highest noise suppression efficiency while maintaining fast processing speeds, critical 
for real-time applications. Segmentation results on the BraTS dataset using the Lightweight Dynamic 

Segmentation (LDS) modules. 

Table 3: Segmentation Performance 

Metric LDS (Proposed) Method [3] Method [8] Method [12] 

DSC (%) 93.8 88.1 90.4 89.9 

Precision (%) 92.4 86.9 88.5 87.8 

Recall (%) 93.2 89.5 90.1 89.3 

The LDS module excels in segmenting critical 
regions of interest, demonstrating higher 
precision and recall than competing methods. 

Evaluation of Predictive Augmented Imaging 
(PAI) for missing modality reconstruction on the 
synthetic multimodal dataset samples. 
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Figure 2. Model’s Segmentation Performance Analysis 

Table 4: Reconstruction Performance 

Metric PAI (Proposed) Method [3] Method [8] Method [12] 

PSNR (dB) 34.5 31.2 32.7 31.9 

SSIM 0.898 0.861 0.876 0.867 

Completion (%) 96.7 89.3 91.2 90.5 

PAI effectively reconstructs missing data with 
high fidelity and completeness, demonstrating its 
robustness in challenging scenarios. Assessment 

of Explainable Imaging Support System (EISS) 
for saliency mapping and uncertainty 
quantifications. 

Table 5: Explainability Metrics 

Metric EISS (Proposed) Method [3] Method [8] Method [12] 

Saliency Accuracy (%) 91.5 85.4 87.6 86.7 

Uncertainty Coverage 98.3 91.8 93.5 92.6 

Runtime (ms) 28 56 41 37 

EISS delivers superior interpretability with 
accurate saliency maps and comprehensive 
uncertainty estimation sets. Real-time 

performance of the entire system on an edge 
device simulation process. 
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Figure 3. Model’s Explainability Metrics Analysis 

Table 6: Runtime Performance Across Modules 

Metric Proposed Model Method [3] Method [8] Method [12] 

FPS 22.3 12.7 15.9 14.3 

Latency (ms) 45 79 62 68 

The proposed model maintains real-time 
operability with significantly lower latency, 
making it ideal for edge-based clinical setups. The 
results demonstrate the proposed model's 
superiority across all evaluation metrics, 
validating its ability to address the limitations of 
existing methods and meet the demands of 
dynamic clinical scenarios. 

5. CONCLUSIONS & FUTURE SCOPES 

This study presents a comprehensive and adaptive 
framework for biomedical imaging and sensing, 
addressing critical challenges in real-time 
multimodal data integration, noise suppression, 
segmentation, augmentation, and explainable AI-
driven decision support. The proposed model 
demonstrates significant improvements across 
diverse clinical datasets, establishing its potential 
for advancing diagnostic accuracy and clinical 
workflows. The Adaptive Multimodal Fusion 
Network (AMFN) achieved a Dice Similarity 

Coefficient (DSC) of 94.3%, surpassing 
competing methods (Method [3]: 87.8%, Method 
[8]: 89.2%, Method [12]: 88.5%) by dynamically 
weighting modalities and reconstructing missing 
data samples. Similarly, the Contextual Noise 
Elimination Module (CNEM) produced a PSNR 
of 38.7 dB and SSIM of 0.926, outperforming 
alternatives (Method [3]: 34.5 dB, 0.894; Method 
[8]: 36.2 dB, 0.907; Method [12]: 35.4 dB, 0.902), 
showcasing its ability to enhance image clarity 
while preserving clinically significant features. 
For segmentation, the Lightweight Dynamic 
Segmentation (LDS) achieved a DSC of 93.8%, 
precision of 92.4%, and recall of 93.2%, 
significantly higher than competing methods. 
Reconstruction of missing data by the Predictive 
Augmented Imaging (PAI) module yielded a 
PSNR of 34.5 dB and a completion rate of 96.7%, 
indicating its robustness for incomplete datasets. 
The Explainable Imaging Support System (EISS) 
achieved a saliency accuracy of 91.5% and 
uncertainty coverage of 98.3%, further enhancing 
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clinician trust and model interpretability. 
Additionally, the integrated model demonstrated 
superior runtime performance, achieving 22.3 
FPS and a latency of 45 ms, ensuring real-time 
operation on resource-constrained devices & 
deployments. The results underscore the model’s 
ability to integrate and enhance diverse imaging 
modalities, adapt to clinical contexts, and provide 
interpretable predictions, setting a new 
benchmark for real-time biomedical imaging 
applications. These contributions not only 
improve diagnostic precision but also address 
regulatory concerns through transparent decision-
making processes. 

Future work will explore the scalability 
of the framework across additional imaging 
modalities, such as functional and molecular 
imaging, and expand its application to emerging 
diagnostic domains, including radiogenomics and 
personalized therapy planning. Enhancing the 
model’s robustness in handling extreme data 
sparsity and variability will be prioritized, 
leveraging advanced self-supervised and few-shot 
learning techniques. Additionally, real-time 
deployment in clinical settings will be further 
optimized by incorporating energy-efficient 
algorithms and hardware-specific optimizations 
for edge devices & deployments. To bridge the 
gap between model outputs and actionable 
clinical insights, future developments will focus 
on integrating multi-layered explainability 
mechanisms that align with diverse clinician 
expertise levels. Collaborative studies with 
healthcare providers will evaluate the model’s 
impact on clinical outcomes, paving the way for 
its adoption in regulatory-compliant systems. 
These advancements will extend the proposed 
framework’s utility, driving the next generation of 
adaptive and explainable biomedical imaging 
technologies. 
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