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ABSTRACT 

Compressed Sensing (CS) is an innovative signal processing technique that exploits the sparsity of 
signals to reconstruct them from fewer measurements than traditionally required by the Nyquist-
Shannon theorem. Over the past decade, this method has gained significant traction in various fields, 
particularly in clinical disease diagnosis, where it has the potential to revolutionize imaging, signal 
processing, and data analysis. This review aims to provide a comprehensive overview of the current 
applications of CS in clinical settings, identify areas where further improvements are needed, and 
discuss future directions for research and development. 

KEYWORDS 

Compressed sensing; Clinical disease diagnosis; Medical imaging; Neural signal processing 

1. APPLICATION OF COMPRESSED SENSING IN MEDICAL IMAGING 

Medical imaging is one of the most prominent areas where CS has been applied, particularly in 

techniques such as Magnetic Resonance Imaging (MRI) and Computed Tomography (CT). 

Traditional imaging methods often require extensive data collection, leading to long acquisition times 

and, in the case of CT, significant radiation exposure. CS addresses these issues by enabling high-

quality image reconstruction from significantly fewer samples, thus reducing scan times and radiation 

doses. 

In MRI, CS has demonstrated the ability to accelerate image acquisition by factors of up to 8 while 

maintaining diagnostic quality [1]. This acceleration is particularly beneficial in clinical scenarios 

where rapid imaging is crucial, such as in emergency settings or when imaging uncooperative patients 

(e.g., children or patients with movement disorders). A study by Chen et al. [2] further confirmed that 

CS can achieve significant reductions in scan time without compromising image quality, making it a 

powerful tool in routine clinical practice. 

In CT imaging, the application of CS has primarily focused on reducing the radiation dose, a major 

concern in radiological diagnostics. Studies have shown that CS can achieve dose reductions of up to 

50% while still providing diagnostically accurate images [3] This reduction is crucial in protecting 

patients from the harmful effects of ionizing radiation, particularly in populations that require 

frequent imaging, such as cancer patients undergoing follow-up scans. The integration of CS into 

routine CT protocols has the potential to make high-quality imaging more accessible and safer for 

patients. 

However, despite these successes, challenges remain in fully realizing the potential of CS in medical 

imaging. One of the key issues is the robustness of CS algorithms in the presence of noise and artifacts, 

which can compromise image quality. Additionally, the computational complexity of these 
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algorithms can be a barrier to widespread clinical adoption, particularly in settings with limited 

computational resources [4]. Future research should focus on developing more efficient and robust 

algorithms that can deliver high-quality images under a wide range of clinical conditions. 

2. CS IN NEURAL SIGNAL PROCESSING 

Another significant application of CS is in neural signal processing, particularly in the analysis of 

Electroencephalography (EEG) and Functional Magnetic Resonance Imaging (fMRI) data. Neural 

signals are often characterized by large volumes of data, which can be challenging to acquire and 

process in real time. CS offers a solution by enabling the reconstruction of neural signals from a 

reduced set of measurements, thereby facilitating more efficient data acquisition and processing. 

In EEG, CS has been used to reduce the number of sensors required for accurate signal reconstruction, 

making the process less intrusive and more comfortable for patients. For example, Wang et al. [5] 

demonstrated that CS could effectively reconstruct high-quality EEG signals from as few as half of 

the originally required sensors. This reduction in the number of sensors not only decreases the setup 

time but also reduces patient discomfort, making it more feasible for long-term monitoring 

applications such as sleep studies or epilepsy monitoring. 

In the realm of fMRI, CS has been applied to accelerate the imaging process, allowing for faster 

acquisition of functional data while preserving spatial and temporal resolution. This is particularly 

valuable in studies that require high temporal resolution to capture rapid changes in brain activity, 

such as in task-based fMRI or resting-state connectivity analyses. A study by Zhu et al. [6] showed 

that CS could reduce fMRI acquisition times by up to 60% without significant loss of data quality, 

thereby improving the feasibility of fMRI studies in both clinical and research settings. 

Despite these advances, the application of CS in neural signal processing is not without its challenges. 

One major limitation is the potential for signal distortion or loss of critical information due to the 

aggressive data compression inherent in CS. Additionally, the development of algorithms that can 

handle the complexity and variability of neural signals in different brain regions and conditions 

remains an ongoing area of research [7]. Future work should focus on refining these algorithms to 

ensure that they can reliably capture the full complexity of neural signals while still providing the 

benefits of data reduction and accelerated processing. 

3. CS IN GENOMICS AND PERSONALIZED MEDICINE 

The field of genomics has also benefited from the application of CS, particularly in the analysis and 

interpretation of large-scale genomic data. The advent of high-throughput sequencing technologies 

has led to an explosion of genetic data, presenting significant challenges in terms of storage, 

processing, and analysis. CS offers a promising approach to compress and efficiently manage these 

large datasets, facilitating faster and more cost-effective genomic analysis. 

In genomic sequencing, CS has been applied to reduce the amount of data that needs to be stored and 

transmitted, making large-scale sequencing projects more feasible and affordable. Zhang et al. [8] 

demonstrated that CS could be used to compress genomic data by up to 80% without significant loss 

of information, thereby reducing the costs associated with data storage and transmission. This 

capability is particularly important in large-scale population studies, where the volume of data 

generated can be overwhelming. 

In the context of personalized medicine, CS has the potential to accelerate the integration of genomic 

data into clinical practice. By enabling the rapid and efficient analysis of genetic information, CS can 

help identify patient-specific genetic markers that are relevant to disease diagnosis, prognosis, and 

treatment. This could lead to more targeted and personalized therapies, improving patient outcomes 

and reducing healthcare costs. However, the application of CS in this field is still in its early stages, 
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and further research is needed to optimize its use and address challenges related to data accuracy and 

interpretation [9]. 

The integration of CS with other advanced technologies, such as machine learning and artificial 

intelligence (AI), represents a promising direction for future research. Machine learning models, 

particularly deep learning networks, can be trained to enhance the performance of CS by learning 

from large datasets. This integration could lead to more accurate and faster reconstructions, further 

reducing the time and data required for clinical diagnoses. Additionally, AI can assist in the automated 

analysis of CS-reconstructed data, providing clinicians with more accurate and timely information 

for decision-making. The combination of CS and AI holds the potential to revolutionize clinical 

diagnostics, offering new tools for the early detection and management of diseases. 

4. CHALLENGES AND FUTURE DIRECTIONS 

Despite the significant progress made in the application of CS in clinical disease diagnosis, several 

challenges remain. One of the primary issues is the robustness of CS algorithms in the presence of 

noise and artifacts, which can significantly affect the accuracy of signal reconstruction. This is 

particularly relevant in clinical environments, where data quality can be compromised by factors such 

as patient movement or inconsistent signal acquisition. Developing more robust CS algorithms that 

can handle these real-world challenges is essential for the broader adoption of this technology in 

clinical settings [10]. 

Another challenge is the computational complexity of CS algorithms. While CS offers significant 

benefits in terms of data reduction and faster processing, these advantages are often offset by the high 

computational demands of the reconstruction process. In many clinical settings, particularly in 

resource-limited environments, the availability of high-performance computing resources may be 

limited, which can impede the practical implementation of CS algorithms. To address this issue, there 

is a growing need for the development of more efficient algorithms that can deliver the benefits of 

CS without requiring extensive computational resources. Research into hardware acceleration 

techniques, such as the use of GPUs or FPGAs, as well as the development of optimized software 

implementations, could play a critical role in overcoming these challenges  

Furthermore, the clinical adoption of CS is also hindered by the need for rigorous validation and 

standardization. While numerous studies have demonstrated the potential of CS in various 

applications, there remains a lack of large-scale clinical trials that can definitively establish its 

efficacy and safety across different patient populations and clinical scenarios. Standardizing the use 

of CS across different imaging modalities and clinical settings is essential to ensure that the 

technology can be reliably used in practice. Collaboration between researchers, clinicians, and 

regulatory bodies will be necessary to develop guidelines and standards for the clinical 

implementation of CS, ensuring that its benefits can be realized in a safe and effective manner. 

Looking to the future, the integration of CS with other emerging technologies offers exciting 

possibilities for advancing clinical diagnostics. As mentioned earlier, the combination of CS with 

machine learning and AI could lead to significant improvements in the accuracy, speed, and 

efficiency of diagnostic procedures. Additionally, the application of CS in conjunction with other 

advanced imaging and sensing techniques, such as ultra-high-field MRI or multimodal imaging 

approaches, could further enhance its capabilities, allowing for even more detailed and 

comprehensive assessments of clinical conditions. 

Moreover, the ongoing development of hybrid CS techniques that combine the strengths of CS with 

other data compression and signal processing methods could lead to even greater reductions in data 

acquisition time and computational complexity. For example, the use of wavelet-based CS methods, 

which exploit the multi-scale nature of biological signals, has shown promise in improving the 

efficiency of CS algorithms while maintaining high reconstruction quality. 
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5. CONCLUSION 

In conclusion, compressed sensing has already demonstrated significant potential in revolutionizing 

clinical diagnostics, particularly in the fields of medical imaging, neural signal processing, and 

genomics. While challenges remain in terms of computational complexity, robustness, and clinical 

validation, the future of CS in clinical applications is bright. The ongoing integration of CS with 

machine learning, AI, and other advanced technologies, as well as the development of more efficient 

and robust algorithms, will likely drive further advancements in this field. As research continues to 

evolve, CS is expected to play an increasingly important role in improving patient outcomes, reducing 

healthcare costs, and enhancing the overall efficiency of clinical diagnostics. 
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