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ABSTRACT  

Lung cancer remains the leading cause of cancer-related mortality worldwide, primarily due to delayed diagnosis and 

limited access to early screening tools. Conventional diagnostic modalities, such as CT, PET, and X-ray imaging, involve 

radiation exposure, high costs, and limited availability. Microwave imaging (MWI) has emerged as a promising non-

invasive, non-ionizing, and cost-effective alternative for lung cancer detection. By exploiting dielectric property contrasts 

between healthy and malignant lung tissues, MWI enables real-time detection, structural mapping, and functional 

assessment of pulmonary abnormalities. This review provides a comprehensive analysis of microwave imaging modalities 

including microwave tomography (MWT), microwave radar imaging (MR), hybrid microwave-ultrasound systems, and 

machine-learning-enhanced microwave diagnostics. The study evaluates their principles, clinical applicability, 

reconstruction algorithms, image processing techniques, and comparative diagnostic performance. Current limitations, 

computational challenges, and future technological advancements are also discussed. The findings demonstrate that 

microwave imaging offers significant potential for safe, portable, and scalable lung cancer screening, especially in low-

resource settings. 
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INTRODUCTION 

Lung cancer accounts for approximately one-quarter of 

global cancer deaths, largely due to late-stage detection. 

Early and accurate diagnosis dramatically improves 

treatment outcomes. While CT and PET remain clinical 

gold standards, they present major limitations including 

high costs, radiation exposure, and lack of accessibility in 

rural and resource-constrained environments. Therefore, 

there is a pressing need for a safe, economical, and easily 

deployable screening alternative. Microwave imaging 

(MWI) utilizes low-power electromagnetic waves in the 1-

10 GHz range to probe tissue dielectric properties. 

Malignant tissues typically exhibit higher water content and 

ionic conductivity, enabling strong contrast differentiation 

under microwave excitation.  These attributes make MWI a  

promising candidate for low-risk and portable cancer 

detection systems. Over the past decade, advances in 

antenna design, signal processing algorithms, image 

reconstruction methods, and computational modeling have 

significantly enhanced the reliability of MWI for thoracic 

imaging. This paper reviews major developments in non-

invasive microwave imaging modalities, their principles, 

clinical potential, and technical challenges associated with 

lung cancer detection. Microwave imaging has been 

extensively studied in breast cancer detection; however, its 

application in lung cancer is comparatively recent. Early 

works focused on modeling dielectric properties of thoracic 

tissues to determine feasibility. Studies by Lazebnik et al. 

reported significant permittivity differences between 

malignant and healthy lung tissues, validating the 
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underlying physics of MWI. Subsequent research explored 

radar-based microwave imaging for tumor localization. 

Several prototypes have already demonstrated tumor 

detection for lesions ≥ 1 cm with promising sensitivity 

levels. Although clinical trials remain limited, simulation 

and phantom studies consistently support the potential of 

MWI as a non-ionizing alternative. 

Recent survey articles summarize the rapid progress in 

microwave imaging (MWI) for biomedical applications, 

highlighting both theoretical advances and prototype 

systems. Ahmed and Rahman (2020) provide a broad 

review of MWI modalities, signal processing, and 

biomedical use-cases, emphasizing the modality’s non-

ionizing nature and potential for low-cost screening. 

Nikolova (2011) and Wu and Fang (2018) offer 

foundational overviews of the physics and principal 

imaging approaches, while Tognola et al. (2020) discuss 

electromagnetic detection strategies and translational 

challenges. These reviews collectively frame MWI as an 

emergent diagnostic option that requires convergence of 

hardware, algorithms, and clinical validation (Ahmed & 

Rahman, 2020; Nikolova, 2011; Tognola et al., 2020; Wu 

& Fang, 2018). 

Understanding dielectric contrasts between healthy and 

pathological tissues is central to MWI. Seminal dielectric 

property catalogs and measurements (Gabriel, Lau, & 

Gabriel, 1996) underpin simulation and interpretation of 

microwave scattering. Later studies specific to cancer and 

thoracic tissues—Lazebnik et al. (2007) and Sarafianou et 

al. (2022)—quantify permittivity and conductivity 

differences that enable tumor detectability. These empirical 

characterizations demonstrate that malignant tissues often 

exhibit elevated permittivity and conductivity relative to 

surrounding healthy tissues, providing the physical basis 

for contrast in both tomographic and radar-based 

approaches (Gabriel et al., 1996; Lazebnik et al., 2007; 

Sarafianou et al., 2022). Microwave tomography 

reconstructs spatial maps of dielectric properties via inverse 

scattering and has been extensively studied as a quantitative 

imaging tool. Nikolova (2011) and Chen and Wang (2016) 

review linearized and nonlinear inversion strategies applied 

to MWT, and Meaney et al. (2019) report on early clinical 

evaluations of tomography systems. MWT offers high 

dielectric sensitivity and 2D/3D reconstruction capability 

but faces challenges in convergence, computational cost, 

and robustness to model mismatch—issues that many 

groups continue to address through algorithmic and 

computational advances (Chen & Wang, 2016; Meaney et 

al., 2019; Nikolova, 2011). 

Radar and UWB pulse methods use time-of-flight and 

backscatter information to detect localized scatterers 

(tumors). Bourqui and Fear (2017), Shea et al. (2017), and 

Craddock (2018) document system designs and signal-

processing approaches for radar-based thoracic imaging. 

Radar imaging tends to be faster and hardware-simpler than 

full tomography, making it particularly attractive for 

screening and real-time applications, though it typically 

yields lower quantitative resolution and can struggle with 

deep or highly heterogeneous thoracic structures (Bourqui 

& Fear, 2017; Craddock, 2018; Shea et al., 2017). Antenna 

design critically determines penetration, SNR, and spatial 

sampling. Reviews and experimental studies (Porter et al., 

2016; O’Loughlin et al., 2020; Golnabi et al., 2020) 

examine Vivaldi, patch, monopole, and conformal antennas 

and focus on bandwidth, radiation pattern, mutual coupling, 

and specific absorption rate (SAR) safety. For thoracic 

imaging, conformal arrays and wideband designs (e.g., 

Vivaldi and tapered slot antennas) are favored to maximize 

coupling into the chest while maintaining acceptable safety 

margins and minimizing rib-induced shadowing (Golnabi et 

al., 2020; O’Loughlin et al., 2020; Porter et al., 2016). 

The inverse scattering problem in MWI is inherently 

nonlinear and ill-posed. Linear approximations (Born, 

Rytov) are useful for low-contrast cases, but lung imaging 

often requires nonlinear iterative solvers such as Gauss-

Newton and contrast source inversion to recover accurate 

dielectric distributions (Chen & Wang, 2016; Nikolova, 

2011). Time-domain beamforming and delay-and-sum 

methods are commonly used in radar systems for fast 

localization (Shea et al., 2017). More recently, deep 

learning and hybrid physics-data methods have been 

applied to either accelerate inversion or to learn direct 

mappings from measurements to images, offering 

robustness to noise and model mismatch at the cost of 

requiring representative training data (Dabrowski et al., 

2019; Wu & Fang, 2018). 

Machine learning (ML) techniques have been 

incorporated at multiple stages: denoising raw signals, 

improving image reconstructions, and directly classifying 

lesions from measurement signatures. Dabrowski et al. 

(2019) survey ML approaches in microwave imaging for 

cancer detection, showing promising improvements in 

classification accuracy and reconstruction speed, especially 

when combined with physics-based preprocessing. 

However, ML performance depends strongly on the quality 

and diversity of training datasets and on validation with 

realistic thoracic phantoms or clinical data (Dabrowski et 

al., 2019). Hybridization combining microwave sensing 

with modalities such as ultrasound improves localization 

and reduces false positives. Hartinger and Kurrant (2021) 

analyze microwave-ultrasound hybrids that leverage 

ultrasound for structural guidance while microwave signals 

provide dielectric contrast, resulting in improved 

segmentation and detection performance. Hybrid systems 

can trade off added hardware complexity for enhanced 

clinical utility (Hartinger & Kurrant, 2021). 

Simulation and phantom studies form the backbone of 

early MWI experiments for the thorax. Porter et al. (2016) 

and Golnabi et al. (2020) discuss realistic thoracic 

modeling and phantom construction for algorithm testing, 

while several studies use gelatin- or oil-based lung 

phantoms to emulate air–tissue mixtures and rib effects. 

These controlled experiments help to quantify resolution, 

contrast-to-noise ratio, and algorithmic robustness before 

clinical translation (Golnabi et al., 2020; Porter et al., 

2016). There is growing interest in portable and point-of-
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care MWI devices. O’Loughlin et al. (2020) and Bourqui 

and Fear (2017) describe compact systems and practical 

design considerations (including antenna packing, wearable 

form factors, and low-power electronics) aimed at 

community screening or bedside monitoring. Portability 

promises broader reach but raises additional issues such as 

motion compensation, respiration artifacts, and simplified 

user workflows (Bourqui & Fear, 2017; O’Loughlin et al., 

2020). 

MATERIALS AND METHODS 

A comprehensive methodological framework was 

developed to categorize existing microwave imaging 

(MWI) modalities used for thoracic and lung cancer 

diagnostics. The classification was based on operational 

principles, signal acquisition strategies, and reconstruction 

techniques. Four major modalities were identified: 

microwave tomography (MWT), microwave radar or ultra-

wideband (UWB) imaging, hybrid microwave–ultrasound 

systems, and machine-learning-assisted MWI. Each 

modality was evaluated in terms of imaging depth, spatial 

resolution, dielectric contrast sensitivity, hardware 

complexity, and suitability for thoracic applications. This 

structured categorization enabled a systematic comparison 

of diagnostic performance across the literature. 

A detailed evaluation of antenna technologies used in 

MWI systems was also conducted. The review analyzed 

various antenna types including monopole, Vivaldi, patch, 

slot, dielectric resonator antennas, and miniaturized 

conformal antennas designed for wearable thoracic 

imaging. Performance parameters such as operating 

frequency (1–10 GHz), bandwidth, return loss, gain, 

radiation characteristics, SAR compliance, near-field 

penetration, array configurations, and methods for 

suppressing mutual coupling were compared. More than 70 

published studies were reviewed, and the electromagnetic 

simulation tools commonly used in antenna design such as 

CST, HFSS, and COMSOL were assessed for their 

modeling accuracy. This evaluation was essential to 

identify antenna configurations with optimal penetration 

and adaptability for lung imaging, given the high air 

content of pulmonary tissues. 

 

 

 

 

Figure 1. Conceptual Microwave Imaging System. 

 

Computational reconstruction algorithms were 

systematically analyzed due to the intrinsically nonlinear 

and ill-posed nature of the inverse scattering problem in 

MWI. The review examined linearized methods such as the 

Born and Rytov approximations, as well as nonlinear 

iterative algorithms including Gauss–Newton, Newton–

Kantorovich, and Contrast Source Inversion (CSI). Criteria 

such as convergence rate, robustness against noise, 

computational cost, and accuracy in detecting tumor 

boundaries were used to assess each method. Time-domain 

reconstruction algorithms such as delay-and-sum, confocal 

beamforming, and frequency-domain migration—were 

examined for radar-based imaging. Machine-learning-based 

reconstruction approaches were also reviewed, including 
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CNN, U-Net, transformer-based architectures, super-

resolution methods, and synthetic phantom generation 

strategies used for training data augmentation. 

To synthesize performance across studies, key detection 

metrics including sensitivity, specificity, spatial and 

temporal resolution, contrast-to-noise ratio (CNR), 

penetration depth, and computational efficiency were 

extracted and compared. Additionally, the review analyzed 

the types of phantoms used for validation, including 

gelatin, oil-in-gel, and lung-mimicking materials, along 

with pre-clinical and limited clinical trials reported in the 

literature. 

RESULTS AND DISCUSSION 

The review of microwave imaging modalities reveals 

substantial diagnostic potential for thoracic and lung cancer 

detection. Microwave tomography demonstrated high 

sensitivity to dielectric contrast and the ability to 

reconstruct detailed 2D and 3D dielectric maps, although 

its performance was constrained by high computational 

complexity and sensitivity to noise. In contrast, UWB radar 

imaging offered faster acquisition and simpler hardware but 

faced challenges in achieving adequate resolution for deep 

lung structures. Hybrid microwave–ultrasound systems 

provided complementary structural and dielectric 

information, reducing false positives and improving tumor 

localization accuracy. Machine-learning-assisted MWI 

exhibited strong promise, with deep learning models 

achieving improved noise tolerance, faster reconstruction, 

and enhanced classification of malignant versus healthy 

tissues. Across the compiled studies, MWI systems 

consistently demonstrated the ability to detect tumors 

measuring ≥1–1.5 cm, supported by dielectric contrast 

ratios ranging from 2:1 to 5:1 between malignant and 

normal lung tissues. These findings underscore the 

advantages of MWI over conventional imaging modalities, 

particularly its non-ionizing nature, low cost, portability, 

and potential for real-time imaging at the point of care. 

However, several technical challenges remain. Penetration 

depth is significantly affected by the complex thoracic 

environment, including rib shadowing and the highly 

aerated structure of lung tissue. Reconstruction algorithms 

remain computationally intensive, limiting real-time 

applicability in clinical settings. Furthermore, rib artefacts, 

mutual coupling between antennas, and low dielectric 

contrast in certain pathological conditions introduce 

reconstruction inaccuracies. 

Despite these limitations, the literature highlights strong 

opportunities for clinical integration of MWI. The 

technology shows promise as a pre-screening tool for lung 

abnormalities before CT imaging, as a non-invasive 

monitoring method for high-risk populations, and as a 

portable bedside diagnostic platform in low-resource 

hospitals. Ongoing advancements in antenna design, 

computational modeling, and machine-learning-based 

reconstruction are expected to further improve diagnostic 

accuracy and enable broader clinical adoption. 

CONCLUSION 

Microwave imaging offers a promising non-invasive and 

radiation-free alternative for lung cancer diagnosis and 

screening. Its ability to differentiate tissues based on 

dielectric properties enables early detection of pulmonary 

abnormalities with high sensitivity. While current systems 

face technical and computational challenges, rapid 

advancements in antenna design, signal processing, and 

integration with machine learning are significantly 

enhancing performance. With further clinical validation, 

microwave imaging has the potential to become an 

accessible, cost-effective, and real-time diagnostic tool, 

particularly for underserved populations. 
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