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ABSTRACT

FMCW Radar Applications for Automotive and Biomedical

Applications

Vijith Varma Kotte

Frequency Modulated Continuous Wave (FMCW) radar has emerged as a

powerful sensing modality in both automotive and biomedical applications due

to its ability to provide precise range, velocity, and Doppler measurements. This

dissertation investigates novel methodologies to enhance FMCW radar’s effec-

tiveness in two critical domains: (1) forward-looking Synthetic Aperture Radar

(SAR) imaging for automotive applications, and (2) biomedical monitoring for

non-contact vital sign estimation and dehydration assessment. The proposed ap-

proaches leverage advanced signal processing, deep learning, and MIMO radar

techniques to improve spatial resolution, classification accuracy, and robustness

in real-world scenarios.

In the automotive domain, the research focuses on improving the azimuthal

resolution of forward-looking SAR imaging by incorporating MIMO radar and

deep learning-based reconstruction methods. Two key methodologies are pro-

posed to address the resolution limitations of conventional SAR imaging tech-

niques. The first approach employs an unsupervised Deep Basis Pursuit (DBP)

framework, which enhances resolution through sparse recovery, significantly im-

proving target scene clarity. The second approach utilizes a Convolutional De-

coder for forward-looking MIMO SAR imaging, enabling high fidelity scene re-

construction in low measurement scenarios. These deep learning-based methods

effectively mitigate the challenges associated with limited aperture size and me-

chanical scanning constraints, making them highly suitable for automotive radar

applications, such as autonomous navigation and obstacle detection.



3

In the biomedical domain, this dissertation explores two critical applications:

heart rate and breathing rate estimation from FMCW radar and non-invasive

dehydration status monitoring. A novel joint estimation algorithm for high am-

plitude difference Doppler frequencies is introduced to accurately extract cardiac

and respiratory signals from radar data, overcoming limitations posed by ampli-

tude disparities in physiological motion. Additionally, a dehydration classifica-

tion framework is developed using 77 GHz FMCW radar, combined with Wavelet

Scattering Transform (WST) for feature extraction and machine learning classi-

fiers for dehydration state identification. A custom fasting dataset is utilized for

validation, demonstrating the feasibility of radar based hydration monitoring for

continuous and remote healthcare applications.

The methodologies proposed in this dissertation are rigorously validated through

extensive simulations and real-world experiments, showcasing their effectiveness

in enhancing FMCW radar’s performance for both automotive and biomedical ap-

plications. The findings contribute to the advancement of high-resolution radar

imaging, physiological monitoring, and intelligent sensing technologies, paving

the way for next generation autonomous systems and healthcare solutions.
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Chapter 1

Introduction

1.1 Background and Motivation

Radar (Radio Detection and Ranging) is a remote sensing technology that utilizes

electromagnetic waves to detect, locate, and classify objects in various environ-

ments [1]. Originally developed for military applications, radar technology has

evolved signi�cantly and is now widely used in automotive safety, surveillance,

weather forecasting, environmental monitoring, and biomedical applications [2].

The fundamental working principle of radar involves transmitting radio waves,

receiving re
ected signals from targets, and processing the received signals to

extract meaningful information such as range, velocity, and object classi�cation

[3]. Radar systems are broadly classi�ed into di�erent types based on their op-

erating principles. Pulse Radar, transmits short pulses and measures the time

delay of returned signals to determine target distance. Continuous Wave (CW)

Radar, continuously transmits a signal and detects Doppler shifts to measure ve-

locity. Frequency Modulated Continuous Wave (FMCW) Radar, uses frequency

variation over time to extract both range and velocity, making it ideal for high-

resolution applications. Among the various radar types, FMCW radar has gained

signi�cant attention for its compact design, real-time processing, and robustness

in diverse environmental conditions. FMCW radar enables precise range, velocity,

and Doppler estimation, making it a crucial technology for advanced applications

[4, 5, 6, 7, 8].
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1.2 Role of FMCW Radar in Modern Applications

1. Automotive and Transportation: FMCW radar is widely used in ad-

vanced driver assistance systems (ADAS) for object detection and speed

estimation. It helps in maintaining safe distances between vehicles and de-

tecting obstacles in low visibility conditions such as fog or rain. Key appli-

cations include adaptive cruise control, collision avoidance, and blind-spot

detection, enhancing vehicular safety and automation.

2. Aerospace and Defense: In military applications, FMCW radar enables

real time tracking of aircraft, drones, and missiles. Its ability to operate

in all weather conditions makes it invaluable for reconnaissance and threat

detection. Key applications include Target tracking, missile guidance, and

surveillance.

3. Environmental Monitoring: While pulse and Doppler radars are tra-

ditionally used in weather prediction and storm tracking, FMCW radar is

primarily employed in ground-based remote sensing applications. It is par-

ticularly useful for measuring ice thickness, monitoring glaciers, and detect-

ing changes in sea levels, playing a crucial role in climate change studies.

Key applications include snow and ice measurement, glacier monitoring,

and sea level monitoring.

4. Biomedical and Healthcare: Non contact physiological monitoring using

FMCW radar is gaining traction in medical applications. It allows real-time

tracking of vital signs, making it suitable for home based patient care and

intensive care units. Key applications include Heart rate and breathing rate

monitoring, dehydration assessment, and sleep monitoring.

5. Industrial and Security Surveillance: FMCW radar is widely deployed

in perimeter security systems to detect unauthorized movement in restricted

areas. In industrial automation, it is used to monitor machinery, ensure
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worker safety, and enable smart factory automation by detecting objects

in hazardous zones. Key applications include Perimeter security, intrusion

detection, and machine monitoring.

6. Unmanned Aerial Vehicles (UAVs) and Robotics: FMCW radar

is integrated into autonomous drones, ground robots, and UAVs to assist

in terrain mapping, object detection, and navigation in complex environ-

ments. It allows for safe maneuvering in low-light and visually degraded

conditions. Key applications include obstacle avoidance, terrain mapping,

and autonomous navigation.

FMCW radar's adaptability across multiple domains underscores its signi�cance

in modern technology, where precision sensing, environmental robustness, and

real-time processing are essential. As traditional imaging and sensing methods

often struggle with environmental constraints such as darkness, fog, or rain, radar

technology has become increasingly vital in modern applications. This disserta-

tion explores two major applications of FMCW radar: forward-looking radar

imaging for automotive systems and physiological monitoring in biomedical con-

texts, demonstrating its versatility and reliability in diverse real world scenarios.

In subsequent chapters, each application area will be explored in depth, detail-

ing the methods, data acquisition strategies, and experimental evaluations used

to improve FMCW radar performance for these domains.

1.3 Research Objectives

The growing demand for high resolution radar imaging and non-contact biomed-

ical monitoring has driven signi�cant advancements in MIMO radar and deep

learning-based signal processing. Traditional radar solutions in automotive and

biomedical applications often face challenges related to resolution, accuracy, and

real-time feasibility. To address these limitations, innovative approaches that

enhance radar performance and reliability are essential.
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This dissertation focuses on two critical domains where radar technology plays

a pivotal role: automotive and biomedical applications.

1.3.1 Automotive Applications

The rapid advancement of autonomous driving and advanced driver-assistance

systems (ADAS) has increased the need for high-resolution forward-looking radar

imaging to improve object detection, tracking, and navigation. However, conven-

tional radar systems are constrained by limited angular resolution, which a�ects

scene reconstruction and target discrimination in complex urban environments.

To overcome this, MIMO radar combined with Forward-Looking Synthetic Aper-

ture Radar (FL-SAR) techniques has been explored to enhance azimuthal reso-

lution. Despite their potential, existing FL-SAR imaging approaches su�er from

hardware limitations, computational ine�ciencies, and low-resolution outputs.

This dissertation proposes two deep learning-based approaches to address

these challenges:

ˆ Unsupervised Deep Basis Pursuit for Forward-Looking MIMO-

SAR Imaging: A novel deep learning framework designed to improve the

resolution and clarity of forward-looking MIMO-SAR images while main-

taining computational e�ciency.

ˆ Convolutional Decoder for Forward-Looking MIMO-SAR Imag-

ing: A neural network-based reconstruction method that generates high-

�delity radar images from sparse or under-sampled data, enabling real-time

applications in autonomous vehicles.

1.3.2 Biomedical Applications

Radar-based physiological monitoring has gained increasing attention for con-

tactless health assessment, particularly in the monitoring of heart rate, respira-

tion rate, and hydration status. Traditional biomedical sensors require physical

contact, which can be intrusive, uncomfortable, and impractical for continuous
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long-term monitoring. FMCW radar, with its ability to detect micro-movements,

o�ers a non-invasive alternative for physiological signal extraction.

This dissertation introduces two radar-based biomedical monitoring techniques:

ˆ Joint Estimation of Heart and Respiration Rate: A novel signal pro-

cessing algorithm designed to simultaneously estimate heart and respiratory

activity, addressing challenges posed by high-amplitude Doppler variations.

ˆ Dehydration Status Monitoring: A machine learning-based approach

leveraging Wavelet Scattering Transform (WST) to detect hydration status

from radar-re
ected signals, enabling remote health monitoring applica-

tions.

1.4 Organization of the Thesis

This dissertation is structured to provide a comprehensive understanding of FMCW

radar applications in automotive and biomedical domains. The thesis is organized

as follows: Chapter 2 lays the theoretical foundation, covering the principles of

FMCW radar, and signal processing techniques. Chapter 3 delves into the au-

tomotive applications of radar, speci�cally FL-MIMO SAR imaging, while in-

troducing deep basis pursuit and convolutional decoder methods for resolution

enhancement. Chapter 4 shifts focus to biomedical applications, investigating

contactless monitoring of heart rate and breathing rate estimation and dehy-

dration status monitoring using FMCW radar and machine learning techniques.

Chapter 5 presents a comparative analysis of simulated and experimental results,

evaluating the performance of deep learning-based radar processing methods. Fi-

nally, Chapter 6 concludes the dissertation by summarizing key contributions,

discussing challenges, and outlining future research directions. This structure en-

sures a logical progression from theoretical concepts to experimental validation,

providing insights into FMCW radar advancements in automotive and biomedical

applications.



Chapter 2

Fundamentals of FMCW Radar

2.1 Principles of FMCW Radar

FMCW radar is a widely used radar technique that continuously transmits a

frequency modulated signal rather than short pulses. This allows for precise range

and velocity estimation, making it highly suitable for automotive perception,

biomedical monitoring, military application and environmental sensing.

The fundamental principle of FMCW radar is based on transmitting a con-

tinuous wave signal that is linearly frequency modulated over time. The received

echo signal is compared with the transmitted signal to extract a beat frequency,

which is directly proportional to the range of the target. The key advantages of

FMCW radar include:

ˆ High range resolution due to its wideband frequency operation.

ˆ Continuous operation without blind spots, unlike pulsed radar.

ˆ Easy integration and low computation complexity.

ˆ Capability to use a lower transmitted power to achieve the same detection

range in comparison with classic pulse radar due to its average-to-peak

power ratio.

ˆ Robustness to environmental conditions, making it ideal for autonomous

driving and biomedical sensing.

Mathematically, the transmitted signal of an FMCW radar is represented as

sT x (t) = exp
�
j 2�f ct + j�kt 2

�
(2.1)
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wheref c is the carrier frequency, chirp rate (k) is de�ned as the ratio of transmit-

ted bandwidth B and pulse repetition interval (PRI) T, and t is fast time index

within the PRI, (0 < t < T ). The transmitted signal re
ects from the target and

is picked up by the receive antenna. The received signal can be written as

sRx (t) = sT x (t � � ) = ~� exp
�
j 2�f c(t � � ) + j�k (t � � )2

�
(2.2)

where ~� is the attenuation factor, � = 2R
c is the round trip delay, R is the distance

at time t and c is speed of light. The received signal in (2.2) is demodulated by

multiplying it with the transmitted chirp signal and passes through the low pass

�lter. Mathematically, the demodulated received signal in complex form can be

written as

x(t) = s�
Rx (t) � sT x (t) = ~�e j 2�f c � ej 2� ( B�

2T )t (2.3)

Substituting � in (2.3), the demodulated received signal can be written as

x(t) = ~�e j 4�f c R
c ej 2� ( BR

cT )t ; 0 � t � T (2.4)

where the �rst term, ej 4�f c R
c , is a constant factor, while the second term,ej 2� ( BR

cT )t ,

is a complex sinusoidal signal of frequencyf b = BR
cT , known as beat frequency.

This allows FMCW radar to determine the distance of multiple targets simulta-

neously with high precision.

2.2 Range, Doppler, and Angle Estimation in FMCW

Radar

FMCW radar simultaneously estimates three fundamental parameters of a target:

Range (distance from the radar), Doppler velocity (speed of the target), and Angle

of arrival (direction of the target).

Lets consider a scenario where target exhibits slow movement i.e., doppler
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shift. Consider chirp signal of durationT is transmitted Nc times in a frame and

nR receiving antennas. Each chirp is repeated after a time interval called pulse-

repetition-interval denoted asTPRI (� T). It is important to acknowledge that

the beat frequency comprises both the Doppler and range components, posing a

challenge for individual component estimation. For example, consider a FMCW

radar that functions at a carrier frequency of 24 GHz and a bandwidth of 250

MHz, while employing a pulse duration of 300� s. If there is a slow-moving target

at a distance of 3m and a velocity of 1 m/sec, the resulting Doppler frequency

will be 0.16 kHz, while the range component of the beat frequency will be 8.33

kHz. Consequently, we can ignore the contribution of the Doppler frequency to

the beat frequency, and approximate it asf b � BR
cT .

To estimate the Doppler shift of the target, the range of the target at the

onset of thei th chirp can be expressed as

Ri = R0 + ivmTPRI ; i = 0; 1:::; Nc � 1: (2.5)

Substituting (2.5) in (2.4), the demodulated received signal after chirpi can be

written as

x(t; i ) = ~�e j 4�f c ( R 0+ iv m TPRI )
c ej 2�f bt ;

= ~�e j 4�R 0
� ej 2�f d iT PRI ej 2�f bt : (2.6)

The utilization of (2.5) in (2.6) introduces a Doppler shift term,ej 2�f d iT PRI , in the

received signal. The phase of this term changes with respect to the chirp index

i . The Doppler frequency can be estimated by analyzing multiple chirps.

Let's consider uniform linear array with nR receiving antennas to estimate

the target's angular location. The distance between any two adjacent receive

antennas is�
2 . The demodulated received signal afteri th chirp at the mth antenna
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can be written as

xm (t; i ) = �e j� sin( � 0 )( m� 1)ej 2�f d iT PRI ej 2�f bt ; (2.7)

where� = ~�e j 4�R 0
� , � 0 denotes the target direction. In (2.7), we have an additional

spatial frequency term given byej� sin( � 0 )( m� 1), whose phase changes with respect

to antenna numberm. If after the transmission of i th chirp, the demodulated

continuous signal is sampled at frequencyFs, the demodulated signal'snth sample

can be written as

xm (n; i ) = �e j� sin( � 0 )( m� 1)ej 2�f d iT PRI ej 2�f bn : (2.8)

Since the sampling timeTs = 1
Fs

is much lower thanTPRI , the samples indexed

by n are called fast time samples, and the samples indexed byi are called slow

time samples. We collectNs = T
Ts

samples after the transmission of a chirp

pulse. It can be observed in (2.8) that there are three complex frequency terms

ej� sin( � 0 )m , ej 2�f d iT PRI , andej 2�f bn . The frequencies of these terms can be estimated

by applying FFT in the corresponding dimension.

2.2.1 Range Estimation

As discussed earlier, the beat frequency extracted from the received signal deter-

mines the range. Modern FMCW radar systems employ Fast Fourier Transform

(FFT) processing to extract multiple beat frequencies, corresponding to di�er-

ent targets at di�erent ranges. TheNr range bin FFT of the fast-time samples

corresponding to demodulated received signal (2.4) can be written as

X m (k; i ) =
N s � 1X

n=0

�e j 2�f d iT PRI ej� sin( � 0 )( m� 1)ej 2�f bne� j 2�kn
N r ; (2.9)

wherek = 0; 1; : : : ; Nr � 1. In (2.9), the phase of the �rst term depends on the

index i , the phase of the second term on indexm, and the third term on index
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n. It can be observed in the above equation, applying FFT does not a�ect terms

depending on indicesi and m. Therefore, (2.9) can be written as

X m (k; i ) = �e j 2�f d iT PRI P(k)ej� sin( � 0 )( m� 1); (2.10)

where P(k) =
P N s � 1

n=0 ej 2�f bne� j 2�kn
N r . In (2.9), whenever k

N r
� BR o

cT for k =

0; 1; : : : ; Nr � 1, P(k) will yield a peak to represent the presence of a target at

index k and corresponding range can be easily found. For example, ifP(k = � )

yields a peak value, the range of the corresponding target can be found as

R0 =
cT �
Nr B

: (2.11)

The range of targets can be determined using the FFT on fast-time samples,

commonly known as range FFT. It is worth noting that the FFT samples corre-

sponding to any antenna and chirp can be selected for this purpose. To achieve

higher range resolution, a wider transmit signal bandwidth is essential.

2.2.2 Doppler Estimation

The Doppler e�ect causes a frequency shift in the received signal due to the

motion of the target. For an FMCW radar, Doppler estimation is achieved by

transmitting multiple chirps and analyzing the phase di�erence between consec-

utive chirps. The Doppler shift is given byf d = 2f cv
c . From (2.7), ej 2�f d iT PRI ,

is a complex sinusoidal signal of frequencyf d. The doppler frequency can be

e�ciently estimated by applying the FFT to the received signal along slow-time

index [9, 10, 11]. However, these methods su�er from suboptimal resolution and

exhibit high side-lobe levels that can obscure weak targets. To overcome these

limitations, super-resolution techniques, such as MUSIC and Yule-Walker autore-

gressive (Yule-AR), have been employed to achieve improved Doppler frequency

resolution [12, 13, 14, 15, 16].



21

2.2.3 Angle Estimation

FMCW radar can also estimate the angle of arrival (AoA) of a target using

Multiple-Input Multiple-Output (MIMO) con�gurations. By employing multi-

ple receiving antennas, radar can form a aperture that enhances angular res-

olution. From (2.7), ej� sin( � 0 )( m� 1), is a complex sinusoidal signal consist of

information about AoA. FFT along m index estimates AoA. However, these

methods su�er from suboptimal resolution. Practical limitations arise regard-

ing physical size when incorporating more antennas. Therefore, AoA is accu-

rately estimated using technique such as amplitude and phase estimation (APES),

Capon, MUltiple SIgnal Classi�cation (MUSIC), and Estimation of Signal Pa-

rameters via Rotational Invariance Techniques (ESPRIT) have been explored

[12, 13, 14, 16, 17, 18, 19, 20, 21].



Chapter 3

FMCW Radar for Automotive Applications

3.1 Introduction

Over the past few years, automotive radar has been getting a lot of attention

in the context of self-driving cars and advanced driver assistance systems [22].

Optical sensors (e.g., lidar and camera) are mostly used for target scene imaging

in most applications. However, in severe weather conditions, (e.g., fog, rain, etc.),

imaging capability of the optical sensors is signi�cantly reduced. The penetra-

tion capability of radar (operating at high frequencies), even in severe weather

conditions, can provide substantial scene sensing. Therefore, radar is a decent

option to choose for imaging along with subsequent tasks such as detection, clas-

si�cation, height estimation, etc. Autonomous driving application requires a few

kilometers of range, thus, scene imaging is not problematic with radar [22]. One

major challenge for automotive-radar imaging is range resolution and angular res-

olution. Range resolution primarily depends on transmit signal bandwidth and

can be improved by increasing the bandwidth. Angular resolution depends on the

physical aperture size of the radar antenna. In general physical aperture size de-

pends on physical constraints and cannot be changed arbitrarily. We can mitigate

this problem with two approaches. The �rst approach consists of using synthetic

aperture radar and the second approach consists of using MIMO processing. In

synthetic aperture radar, the radar illuminates a target scene at multiple loca-

tions, and re
ections are combined coherently to induce a long synthetic aperture

[23], [24], [25]. In general, a side looking SAR (SL-SA R) o�ers high gains of the

synthetic aperture because the look angle (LA) is normal to the axis of radar
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platform motion. Mostly, automotive-radar functionality is similar to a forward

looking SAR i.e., the look angle is in the direction of the axis of radar plat-

form motion. This reduces the e�ective aperture. Thus, it is di�cult to achieve

high angular resolution. Further, the high spatial resolution capabilities of SAR

sensors are insu�cient to reach the demanding goals with a limited number of

antennas, especially in the forward looking direction. A signi�cant amount of

research has been carried out to improve the angular resolution of FL-SAR with

single antenna [25, 26, 27, 28]. However, these methods encounter problems with

mechanical (or electrical) scanning for slow speed, high cost, and high complexity

to achieve enhanced spatial resolution. To overcome these problems and to im-

prove the azimuth resolution (AR), researchers have turned to MIMO system. In

MIMO processing, the radar either transmits the same signal over all transmit an-

tennas in a time division multiplexing mode or transmits orthogonal signals over

all transmit antennas. The target scene is extracted by combining all the return

signals from all the receive antennas [29, 30, 31, 32]. MIMO radar received much

attention in di�erent applications due to its promising performance e.g., provid-

ing higher spatial resolution, degrees-of-freedom, etc. Considering limited spatial

resolution and slow mechanical scanning in FL-SAR, combining MIMO and FL-

SAR in automotive-radar imaging can provide promising results. In this work,

we propose to replace the single antenna with MIMO antennas in FL-SAR. We

call this process forward looking MIMO SAR (FL-MIMO-SAR). In this work, we

demonstrate how FL-MIMO-SAR methodology improves the angular resolution.

Unlike optical images, the images acquired by MIMO-SAR (or SAR) mecha-

nism su�er from many uncertainties due to clutter, and speckled noise. Therefore,

reconstruction of high resolution images in MIMO-SAR (or SAR) is quite chal-

lenging.

Recent work in machine learning shows that deep neural networks can be used

to solve a wide variety of inverse problems arising in computational radar imag-

ing i.e., depicting the received radar echoes to extract meaningful information.
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The high-resolution image reconstruction from small number of measurements is

naturally an ill-posed inverse problem i.e., the number of unknowns can be much

larger than the number of available measurements. By using some regularization

techniques, it is possible to solve such ill-posed problems. In general, di�erent

regularized least-squares with various constraints are used to get the exact so-

lution. The ill-posed inverse problem can be regularized with the help of some

signal priors to extract the true solution [33, 34, 35, 36, 37, 38, 39]. However, it

is impossible to come up with a suitable prior that makes the solution invincible.

However, a possible approach is to use deep learning methods such as deep neutral

networks and convolutional neural networks [40]. In recent years, the deep learn-

ing based approaches have shown promising results for inverse problems related

to the �elds of image processing [41, 42, 43], natural language processing [44],

and direction-of-arrival estimation [45], [46], etc. Unlike the analytical methods,

deep neural networks use large datasets to �nd optimal representation and learn

solution to the inverse problems. It has shown better performance compared with

analytical de-convolution methods for various problems such as those in biomed-

ical image processing, and compressive sensing domains. So, it is promising to

employ deep neural networks to achieve the target information in radar process-

ing [47, 48, 49]. This promising potential has been supported by recent research

�ndings, indicating that CNN-based methods are capable of e�ectively handling

radar signals [50], [51], [52].

In [53], a super-resolution convolutional neural network (SRCNN) is employed

to enhance low-quality radar images and mitigate the e�ects of sidelobe/grating

lobe artifacts. Similarly, authors of [54] proposes a deep learning approach for

three-dimensional (3-D) reconstruction and imaging using millimeter-wave radar.

This method generates two-dimensional (2-D) depth maps from the original data

and subsequently reconstructs a 3-D point cloud.

Unlike the real-valued optical images, pixels in the radar image typically have

complex values i.e., radar imaging is related to the processing of complex-valued



25

signals. To accommodate this complexity, the �rst layer of the neural network

is extended to two channels, representing the real and imaginary parts of the

radar image. This allows the network to e�ectively enhance radar images. De-

spite the challenges associated with research into complex-valued neural networks

(CVNN), signi�cant progress has been made in the �eld of radar imaging in recent

years [51], [55], [56], [57]. Notably, the author of [55], proposes a complex-valued

fully convolutional neural network (CVFCNN) with a generalized form of com-

plex parametric recti�ed linear unit (CPReLU) activation function speci�cally

designed for MMW 3-D imaging.

However, for radar image processing with deep learning, the major challenge

is the availability of labeled data (or ground truth). Unlike computer vision,

acquiring a huge set of labeled training data in a radar imaging setup is generally

impractical. A standard training dataset for this work does not exist. However,

for the considered case of FL-MIMO-SAR, a signi�cant number of measurements

of the target scene can be acquired due to the forward motion of the radar.

Therefore, we use this setup in our lab to acquire measurements of two targets

by moving a MIMO radar towards the target scene. We consider the stop-and-

go principle (i.e., we collect the measurements when the radar is stationary)

while collecting the measurements to keep the model simple. In this work, due

to the unavailability of labeled training data, we use unsupervised learning. In

unsupervised learning, the underlying neural network weights are updated in an

end-to-end fashion by minimizing the average loss function in the measurement

domain.

3.2 Contributions

In this work, we consider FL-MIMO-SAR and propose deep learning and back

projection techniques to enhance angular resolution of an automotive radar in

order to form a two-dimensional (2D) radar image. We use FMCW MIMO radar

working at 77 GHz frequency. MIMO radar scans the target scene and then
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moves forward to the next scanning position/step along the aperture. We verify

the proposed approach for FL-MIMO-SAR methodology via simulation as well

as real-data experiments in suitable conditions. The important features of the

chapter are highlighted below.

� We propose an FL-MIMO-SAR methodology. We use automotive radar as

our primary application. However, the FL-MIMO-SAR methodology can

be extended to other forward looking scenarios.

� We present a mathematical analysis for the composite antenna pattern gen-

erated by FL-MIMO-SAR. We show how FL-MIMO-SAR methodology con-

tributes to an improvement in the e�ective aperture that results in the AR

enhancement.

� We present a computationally e�cient deep basis pursuit method and con-

volutional decoder method to estimate noise free images. Due to unavail-

ability of ground truth data, we present unsupervised learning in the mea-

surement domain during training. After estimating the noise free images,

we present modi�ed back projection (MBP) algorithm to reconstruct the

�nal target image.

� We present experimental results to verify the proposed methodology and

algorithm using both simulations and real measurements. We compare the

performance of our approach with state-of-the-art compressed sensing (CS)

based back projection algorithm.

3.3 MIMO SIGNAL MODEL

Consider time division multiple access (i.e., alternately transmitting the same

signal from each transmit antenna) based MIMO system consisting ofNT transmit

(Tx) elements andNR receive (Rx) elements. Without loss of generality, let the

transmitting and the receiving arrays be parallel and co-located so that they

see targets at the same directions. Considering far-�eld targets, the transmitter
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Figure 3.1: MIMO array schematic.

steering vector,aT x (� ), and receiver steering vector,aRx (� ), can be represented

as

aT x (� ) = [ 1 exp(j 2� dt sin �
� ) � � � exp(j 2� (NT � 1)dt sin �

� )] (3.1)

aRx (� ) = [ 1 exp(j 2� dr sin �
� ) � � � exp(j 2� (NR � 1)dr sin �

� )] (3.2)

heredt and dr are the inter-antenna distances for transmitter and receiver arrays

(shown in Fig. 3.1), respectively.dv is inter-element distance of virtual antenna

array. Further, � is the wavelength and� denotes the target direction.

For a MIMO radar with NT transmit elements andNR receive elements, there

will be NT NR distinct propagation channels from the Tx array to the Rx array.

The transmitting source (Tx channel) of the received signals at the Rx array will

generateNv = NT NR virtual array. The virtual array a(� ) is de�ned as

a(� ) = aT x (� ) 
 aRx (� ) (3.3)

where
 denotes the Kronecker product.

FMCW chirp signal is transmitted from each MIMO Tx array elements. The

chirp signal transmitted on transmit elements is expressed as:

sT x (t) = exp
�
j 2�f ct + j�kt 2

�
(3.4)
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wheref c is the carrier frequency, chirp rate (k) is de�ned as the ratio of transmit-

ted bandwidth B and pulse repetition interval (PRI) T, and t is fast time index

within the PRI, (0 < t < T ). For the ease of explanation, here we refer to virtual

elements only (refer to Fig. 3.1). By assuming the far �eld condition, the return

delay, � j (u), at j th virtual element for uth scatterer is de�ned as

� j (u) =
2Ru

c
+

vj sin� u

c
(3.5)

where c is the speed of light andvj is displacement of thej th virtual element.

Further, � u and Ru are respectively the angle w.r.t. broad side and the range of

the uth scatterer.

The received signal at virtual array elementvj for U scatterers is expressed as

sRx
j (t) =

UX

u=1

� usT x (t � � j (u)) (3.6)

where � u is the re
ectivity coe�cient. The received signal (3.6) is deramped

followed by low-pass �ltering, The resulting signal is expressed as

~sj (t) =
UX

u=1

� u exp(j 2�k� j (u)t) exp(j 2�f c� j (u)) exp(� j�k� 2
j (u)) (3.7)

The exp(j 2�k� j (u)t) term in equation (3.7) contains the targets range information

which can be obtained by applying Fourier analysis along with the following linear

transform.

f j = k� j (u) �
2kRu

c
(3.8)

Considering far-�eld conditions, � j is dominated by 2Ru
c . Therefore, it has a

constant value along all the virtual channels. The phase termf j 2�f c� j (u)g in

equation (3.7) gives information about the arrival angle of re
ected echos by

beamforming with appropriate steering vectors. j�k� 2
j (u) is unwanted phase

term (nearly constant for all the virtual channels), which can be removed via the
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deskewing process [58]. The processed signal after deskewing can be written as

sj (t) =
UX

u=1

� u exp(j 2�k� j (u)t + j 2�f c� j (u)) (3.9)

Let us de�ne  = 2�f c� j (u) as the phase term. It contains a linear component

2�f c� j , which re
ects the arrival angle information of the echo. Speci�cally, using

(3.5)

 = 2�f c� j = 2�f c
vj sin�

c
+ 2�f c

2R
c

(3.10)

= 2�
vj sin�

�
+ C (3.11)

From (3.10), phase term is the sum of a phase component dependent on the

element coordinates and a constant dependent on the scatterer range. Phase

term  can be related to general steering vector of a MIMO virtual array. The

steering vector can be used to extract the information along azimuth direction.

The peaks in the corresponding range-azimuth target scene are obtained from

FFT in fast time and beam forming in angular domain.

Applying Fourier transform to sj (t) followed by linear transformation in the range

pro�le, i.e.,

yj (r ) = F t f sj (t)gjr = fc
2k

whereF t (:) is Fourier transform operator w.r.t the time domaint, f is frequency

and r is range variable with linear transformationr = fc
2k .

The received signal forr th range bin across all virtual antennas can be written

as

y =
�

y1(r ) y2(r ) � � � yN v (r )

� T

(3.12)

Neglecting the Doppler e�ect, in the presence of noise, the MIMO signal model

for single aperture step can be written as

y = Ax + n (3.13)
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whereA 2 CN v � n � is the steering matrix, de�ned asA =
�

a(� 1) a(� 2) � � � a(� n � )

�
,

x 2 Cn � � 1 is the target scene re
ectivity vector, n is complex-valued Gaussian

noise and,n� and nr are the number of angle bins and range bins, respectively.

The FL-MIMO-SAR, collects the information from equidistant aperture positions

Figure 3.2: FL-MIMO-SAR schematic.

and processes the received information to reconstruct high resolution target scene.

FL-MIMO-SAR schematic is shown in Fig. 3.2. From (3.13), signal model for

i th aperture step/position of the radar is

y (i ) = Ax (i ) + n (i ) (3.14)

In this model, MIMO radar is moving along the x-axis. Thus, steering matrix (A )

does not change for di�erent aperture steps. However, that does not limit our

proposed methodology. Since forward model operatorA is a wide matrix, i.e.,

Nv << n � , recoveringx (i ) from the observationsy (i ) is an an ill-posed problem.

The general solution for such problems is given by the regularized least-squares

optimization problem, i.e.,

x̂ = arg min
x

kAx � yk2
2 + � 0R(x) (3.15)

where R(x) is a regularization term which is small for noise free data and high

for noisy data, and� 0 is the strength of regularization.
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3.4 FL-MIMO-SAR METHODOLOGY

Most of the times automotive radar functionality is similar to FL-SAR. There-

fore, AR enhancement of an automotive radar with FL-SAR mechanism has very

limited gains. The virtual array from MIMO helps in improving the angular res-

olution. Our main goal is to use MIMO and SAR concepts jointly to improve

the angular resolution of an automotive radar. The FL-MIMO-SAR methodology

impacts SAR capabilities with changing look angle. In this section, we show how

FL-MIMO-SAR methodology can contribute to angular resolution enhancement.

3.4.1 FL-MIMO-SAR Antenna Pattern

The synthetic aperture is similar to the phased antenna array except that all

the antenna elements are not active simultaneously. The synthetic array output

is computed by adding the individual contributions of each element. The syn-

thetic aperture consists of overall synthetic array. In FL-SAR, the look angle

of the radar is along radar platform motion, unlike SL-SAR, where look angle

is normal to radar platform motion. Thus, in FL-SAR, the e�ective aperture

decreases proportionally to the look angle. The single antenna element in FL-

SAR is replaced with MIMO array to form FL-MIMO-SAR. Similar to FL-SAR,

FL-MIMO-SAR look angle is not normal to the radar platform motion. There-

fore, FL-MIMO-SAR e�ective aperture varies with respect to the LA. Fig. 3.3

shows the schematic of FL-MIMO-SAR, where� L is the LA, N l is the number

of aperture steps, anddl is the spacing between consecutive aperture steps. In

order to explain FL-MIMO-SAR, let a continuous signals(t) = exp( j 2�f ct) be

transmitted from nvth MIMO virtual array element for, nv = 1; 2; :::; Nv from

nl th aperture element, for,nl = 1; 2; :::; Nl (whereN l is total number of aperture

antenna elements). Considering a single target scatterer at distanceru and angle
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Figure 3.3: FL-MIMO-SAR :Synthetic antenna array for a LA.

(a) (b)

Figure 3.4: Composite antenna pattern (Normalized) for di�erent Look Angles.

� u, the composite received signal of the synthetic antenna array is

R� L (t) =
X

n l

X

nv

expf j 2�f c(t �
2ru

c
+2 ( nv � 1) dv cos� L sin� u=c+

2 (nl � 1) dl sin� L sin� u=c)g

(3.16)

The received signal (3.16) depicts a 2-Dimensional (planar) antenna array, where

one dimension is covered by the MIMO virtual array elements and the second

dimension is covered by the synthetic array elements (refer to section 6.10 of
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Figure 3.5: Composite antenna pattern (Normalized) for di�erent number of
MIMO virtual elements.

[59]). we can rewrite (3.16) as

R� L (t) = I u

X

nv

expf j 4�
f c

c
(nv � 1) dv cos� L sin� ug

X

n l

expf j 4�
f c

c
(nl � 1) dl sin� L sin� ug

(3.17)

where I u
�= expf j 2�f c(t � 2r u

c )g. Using standard exponential sum formula, we

can write (3.17) as

R� L (t) = I u
sin (2Nv �d v cos� L sin� u=� )
Nv sin (2�d v cos� L sin� u=� )

sin (2N l �d l sin� L sin� u=� )
N l sin (2�d l sin� L sin� u=� )

(3.18)

By substituting K = 2�=� , we can re-write (3.18) as

R� L (t) = I u
sin (KN vdv cos� L sin� u)
Nv sin (Kd v cos� L sin� u)

sin (KN ldl sin� L sin� u)
N l sin (Kd l sin� L sin� u)

(3.19)

By using the approximation sin� � � (i.e., for small � ), we can obtain the follow-

ing equation,

R� L (t) � I usinc (KN vdv cos� L sin� u) sinc (KN ldl sin� L sin� u) (3.20)
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By �nding the angle at which the function (3.20) produces �rst null determines

the angular resolution [59]. The �rst null is located at

KN vdv cos� L sin� u = � � (3.21a)

KN ldl sin� L sin� u = � � (3.21b)

solving (3.21a) and (3.21b) jointly reduces to

sin� u =
�

2 (Nvdv cos� L + N ldl sin� L )
(3.22)

and AR can be calculated as

� AR =
ru �

2 (Nvdv cos� L + N ldl sin� L )
(3.23)

From (3.23), we can see that the e�ective aperture increases by increasing look

angle till particular break look angle,� b, and further increase in look angle de-

creases the e�ective aperture. By �nding the look angle at which denominator

in (3.23) (i.e., Nvdv cos� L + N ldl sin� L ) produces maximum value gives the best

angular resolution (or maximum e�ective aperture). The maximum denominator

value is located at

Nvdv cos� L + N ldl sin� L =
p

(Nvdv)2 + ( N ldl )2 (3.24)

solving (3.24) determines the break look angle i.e.,

� L = � b = �= 2 � tan� 1

�
Nvdv

N ldl

�
(3.25)

Note, � b depends on number of SAR elements (N l ), number of MIMO virtual ele-

ments (Nv), inter virtual antennas distance (dv) and inter SAR element distance

(dl ). From (3.23), we can see that angular resolution depends on MIMO virtual

aperture (LV = Nvdv), synthetic aperture (LS = N ldl ) and look angle (� L ).
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To elaborate the e�ect of � L , we consider a MIMO radar with two transmit

antennas and four receive antennas. We consider a continuous signal expj 2�f ct

with carrier frequency(f c) 77 GHz, bandwidth 2 GHz and other parametersN l =

6, dl = �= 2, Nv = 8, dv = �= 4. From Fig. 3.4a, we can see that increase in

look angle reduces the beamwidth of the antenna pattern till break look angle

� b = 56:3� , after that increase in look angle increases the beamwidth which is

shown in Fig. 3.4b.

To elaborate the e�ect of MIMO virtual elements, we consider previous sim-

ulation setup with � L = 5 � and varying number of virtual elements (Nv) from

4 to 10. From Fig. 3.5, we can see that an increase in MIMO virtual elements

reduces the beamwidth of antenna pattern i.e., increasing the angular resolution.

In addition, we can see that the break look angle (� b) varies accordingly i.e.,

� b = 71:56� ; 63:43� ; 56:3� ; 50:12� for Nv = 4; 6; 8; 10, respectively. To analyse the

e�ect of SAR elements, we consider previous simulation setup and vary the num-

ber of SAR elements (N l ) from 4 to 10. We can observe that the break look angle

(� b) varies accordingly i.e.,� b = 45� ; 56:31� ; 63:43� ; 68:19� for N l = 4; 6; 8; 10 and

beamwidth of antenna pattern decreases i.e., increasing the angular resolution.

From the above observations, we can see the improvement in angular resolution

till � L = � b, further increase in look angle decreases the angular resolution. These

variations are based on SAR and MIMO.

3.5 Proposed Un-supervised Methodology

In this section, we propose a method that is used to implement FL-MIMO-SAR.

We explore two deep learning methodologies for enhancing the azimuthal res-

olution of FL-MIMO SAR imaging: Deep Basis Pursuit (DBP) algorithm and

Convolutional Decoder (ConvDecoder) algorithm. Both methods leverage data

driven priors and iterative optimization to reconstruct high quality SAR images

while addressing challenges related to noise, and limited measurements.
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3.5.1 Deep Basis Pursuit

Figure 3.6: Proposed Structure for FL-MIMO-SAR Imaging

The structure of the proposed method is shown in Fig. 3.8. The proposed

structure mainly consists of two blocks. First block represents the deep basis

pursuit network, which helps in solving the ill-posed inverse problem. Second

block represents the modi�ed back projection step, which is used to generate the

target image from per aperture reconstructed images [26]. In the following, we

discuss the important aspects of the proposed methodology. Speci�cally, we will

present the details about:

ˆ Deep basis pursuit model,

ˆ Training the network in unsupervised fashion, and

ˆ Modi�ed back projection algorithm.

Figure 3.7: DBP Architecture for estimatingx (i ) .

The �rst step of the proposed method is deep basis pursuit which is an unrolled

network based on basis pursuit denoising. As presented earlier in (3.14), DBP is

used to recoverx (i ) from the observationsy (i ) , which is an an ill-posed problem

[60]. The general solution for such problems can be obtained via regularized
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least-squares (3.15). By considering model error due to noise, rearranging (3.15)

to a constrained problem gives

arg min
x

R(x)

subject to ky � Ax k2 � � (3.26)

where � is a function of noise power in the measurements. Combining the data

consistency constraint of basis pursuit denoising (3.26) with thè2-norm incor-

porating a CNN, the DBP formulation for the ill-posed problem is given by

arg min
x

1
2

kNw (x)k2
2

subject to ky � Ax k2 � � (3.27)

where Nw (x) � x � D w (x) represents the noise and aliasing inx [61],[62]. Dw

is a CNN designed to predict the denoised version ofx and is parameterized by

weights w. By allowing expected data inconsistency due to noise, the cleanest

representation ofx is learnt. � is a function of noise variance (� 2). It is assumed

that the measurement noise statistics (� ) are known to self regularize the solution.

To solve (3.27), the following alternating minimization is used in an iterative

manner [62].

r n = Dw (xn� 1); (3.28a)

xn = arg min
x

1
2

kx � r nk2
2 s.t ky � Ax k2 � � (3.28b)

where n is the iteration index. Subproblem (3.28a) is a forward pass through

CNN which is discussed the following subsection. As this CNN outputs a denoised

version of x, we also name it the CNN-based denoiser. Subproblem (3.28b) is a

convex optimization problem which can be solved by alternating direction method

of multipliers (ADMM) [60, 63].

The process of DBP alternates between two blocks namely, CNN layers (3.28a)



38

and data consistency (DC) layers (3.28b) as shown in the block diagram of Fig.

3.7. In this way, the target re
ectivity corresponding to the i th aperture is

estimated. Alternatively, the iterative architecture of DBP can be realized as

an unrolled network where the two blocks are repeated a number of times equal

to the number of iterations. Thus, the overall architecture contains the same

number of DC layers and CNN layers in the unrolled network. The copies of

CNN share the same weights in unrolled iterations.

Unsupervised Learning

In general, supervised learning methods estimate the inverse operator by mapping

measurementsy to the corresponding ground truth datax. In traditional super-

vised learning, we have the knowledge about input
�

y (i ) ; A (i ) ; �
	 N l

i =1
and ground

truth
�

x (i )
	 N l

i =1
. Thus, network weights are updated in an end-to-end fashion as

min
w

1
N l

N lX

i =1

L (x̂ (i )
w ; x (i )) (3.29)

where x̂w is the network output, L is the loss function andw is a vector of

network weights.

In our case, ground truth data is not available. Therefore, we resort to un-

supervised learning to update the network weights. In unsupervised learning,

the loss functionL̂ is computed in the measurement domain. Thus, the network

weights are updated as

min
w

1
N l

N lX

i =1

L̂ (A x̂ (i )
w ; y (i )) (3.30)

The noisy measurementsy contain information about the ground-truth imagex.

Thus, in the absence of ground truth data the measurement loss can act as a good

substitute for the true loss [64], [65]. Therefore, the CNN weights are shared and

trained in an unsupervised fashion in the measurement domain in our proposed

methodology.

The proposed architecture of the CNN-based denoiser is shown in Fig. 5.1.
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We use two separate input channels for real and imaginary components as the

data is complex in nature. As shown in Fig. 5.1, we adopt ResNet architecture

consisting of three convolutional layers. Each convolutional layer (except the last

layer) is followed by a batch normalization layer and a nonlinear activation layer

using recti�ed linear unit (ReLU) as the activation function. The �nal layer is

just a convolutional layer. The convolutional layers extract the information of

the targets from the received signals. The batch normalization layer is employed

to improve the performance and stability of the deep neural network. This set of

layers is repeated in the �nal architecture of DBP where the number of repetitions

equals the number of unrolled iterations we choose to select.

Modi�ed Back Projection

The MBP upsamples the outputs of DBP (i.e.,x̂ (i )) and projects them back to

the target location. Thus, estimates corresponding to the target location are

combined coherently to reconstruct �nal estimate of the enhanced FL-MIMO-

SAR image.

The DBP reconstructs image in the polar domain. Therefore, we obtain extra

information from the angular domain besides range domain. Thus, we can do

interpolation in both the domains, while applying MBP. The outputs of DBP

(i.e., x̂ (i )), after upsampling (in both range and angular domain) denoted as

[" k;k (x̂ (i ))], where " k;k (:) represents an upsampling function that upsamples a

matrix by an order k along its rows and columns.

The reconstructed image from MBP can be written as

x f inal
mn =

X

i

[" k;k (x̂ (i ))]C� mn ;Cr mn
(3.31)

whereCr mn is the column index corresponding to rangermn =
p

(xm � i )2 + y2
n

and C� mn is the row index corresponding to angle� mn = arctan (( xm � i )=yn ) in

" k;k (x̂ (i )). Accumulation of backscattered energy over the apertures results in
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enhanced AR and better radar image reconstruction. Combining DBP-based re-

construction output with SAR processing guarantees enhanced angular resolution

and better �nal radar image.

3.5.2 Convolutional Decoder

In this work, we use convolutional decoder[66] (i.e., Un-trained neural network)

for solving an ill-posed inverse problem followed by modi�ed back projection

to reconstruct the radar image [26]. Fig. 3.8 shows the basic structure of the

proposed method, i.e, to recover images,x (i ) from measurements,y (i ) , an un-

trained network i.e., convolutional decoder (ConvDecoder) is used in the context

of image priors [66].

Figure 3.8: Proposed Structure.

The un-trained neural networks can be viewed as convolutional image priors

which provide mapping from parameter space to the image space, i.e.,D : Rp !

Rch� w� h, where ch denotes the number of channels of the output image, andw

and h are width and height of the image. Note,ch, w and h would change in the

context of radar images (as mentioned in the next section). The ConvDecoder

is an image model where the input of the network is �xed. The weights of the

network are the parameters of the model, and the output of the model is an

image. We can estimate an image from the measurementsy by minimizing the

mean-squared loss function

L (w) =
X

i

1
2

ky (i ) � A D (i )(w)k2 (3.32)

whereD(w) (i.e., D (i )(w) = x̂ (i )) is the reconstructed image for aperture steps.
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We obtain a good estimate ofw, by minimizing the loss function (L ). Here, we use

one generator to produce multiple images at the same time. Therefore,D (i )(w) is

the reconstructed image associated with thei th aperture step measurementy (i ) .

The outputs of the ConvDecoder (i.e.,̂x (i )) fed to MBP , which upsamples the

x̂ (i ) and project them back to the target location. The �nal estimate of enhanced

FL-MIMO-SAR image is obtained by combining the estimates corresponding to

their target locations.



Chapter 4

FMCW Radar of Bio-Medical Applications

The COVID-19 pandemic and the growing aging population have signi�cantly

increased the demand for non-invasive and contactless sensing technologies in

healthcare monitoring within hospitals and nursing homes [67, 68, 69]. These

advanced sensing methods are crucial for continuous health monitoring, reduc-

ing the risk of infection transmission, and improving patient comfort and care.

Non-contact sensing technologies are being leveraged for a variety of critical ap-

plications, including vital sign estimation, gesture recognition, road user classi-

�cations, emotion recognition, speech recognition and sleep monitoring, etc. To

our knowledge, the primary non-contact sensing technologies are radio frequency-

based sensing, vision-based sensing, and acoustic-based sensing [70]. Radio fre-

quency signals for contactless sensing include WiFi, ultra-wideband (UWB), and

millimeter-wave (mmWave) technologies. Vision-based technologies are based on

visible light and infrared (IR), while acoustic methods typically involve the use

of audio devices for signal acquisition or extraction. These non-contact sens-

ing modalities o�er unique advantages and have been integrated into various

healthcare and non-healthcare applications, demonstrating their versatility and

e�ectiveness.

This chapter presents radar-based physiological monitoring techniques, struc-

tured into two main sections. The �rst section introduces a signal model and

a novel processing framework for jointly estimating Doppler frequencies related

heart rate and breathing rate while mitigating motion artifacts. The second part

discusses a non contact dehydration monitoring approach, detailing the signal

modeling process and a machine learning driven classi�cation method for hydra-
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tion assessment.

4.1 Heart Rate and Breathing Rate Estimation

4.1.1 Introduction

Development of patient monitoring systems, leverages radar technology to en-

able non-invasive and probeless monitoring of vital signs. These systems o�er

a promising approach to address the challenges posed by traditional monitoring

methods, as they can accurately measure vital signs and track patient location

without the need for sensors or probes to be attached to the patient. Moreover,

the non-contact nature of radar-based systems makes them an attractive option

for patients who may experience discomfort when wearing sensors or probes for

extended periods, su�er from skin allergies, or �nd it di�cult to sleep with at-

tached devices.

This work addresses the challenges involved in Doppler frequency estimation

in FMCW radar when multiple targets are present at di�erent locations, and each

target introduces two distinct Doppler shifts with substantial di�erence in their

signal amplitudes. Such situations commonly arise in radar-based vital sign mon-

itoring applications. Due to the proximity of the heart and lungs within the same

range bin [71, 72], combined with their substantial size di�erence, leads to poten-

tial signal masking where the re
ected signal from the heart may be overshadowed

by the dominant lung signal [73]. Consequently, extracting information related

to heart rate becomes a challenging task. In this application, initially, targets

present at di�erent ranges and angular locations are localized [74]. Subsequently,

Doppler frequencies corresponding to each target are estimated. The Doppler

frequencies are directly proportional to the movement of the heart and chest and

can be exploited to estimate heart and breathing rates.

A similar situation can also arise in detecting and classifying road users [75],

where Doppler frequencies generated by a road user serve as valuable cues for

its classi�cation. For instance, when observing a pedestrian, Doppler frequencies



44

emerge from the motion of their torso, hands, and legs. Likewise, a cyclist's

Dopplers result from the movement of the bicycle and the rotation of its wheels.

Meanwhile, in the case of a car, Doppler frequencies originate from the vehicle's

body movements and the rotation of its wheels. It is important to note that each

road user introduces distinct Doppler frequencies with di�erent signal amplitudes.

These applications involve a two-step process. The �rst step revolves around

precise target localization, which necessitates improved range and angular resolu-

tion. Enhancing range resolution requires wide transmit signal bandwidth while

augmenting angular resolution often entails additional antennas. However, prac-

tical limitations arise regarding physical size when incorporating more antennas.

Consequently, extensive research has been conducted in recent years to achieve

accurate estimation of the direction-of-arrival (DOA) of targets. Various algo-

rithms such as amplitude and phase estimation (APES), Capon, MUltiple SIgnal

Classi�cation (MUSIC), and Estimation of Signal Parameters via Rotational In-

variance Techniques (ESPRIT) have been explored [17, 18, 19, 20, 21, 12, 13, 14].

In this paper, we propose the utilization of the Capon method to enhance DOA

estimation resolution.

The second step involves the accurate estimation of target Doppler frequen-

cies. Conventional methods often rely on the utilization of FFT for the estimation

of Doppler frequencies [9, 10, 11]. However, these methods su�er from subopti-

mal resolution and exhibit high side-lobe levels that can obscure weak targets.

To overcome these limitations, super-resolution techniques, such as MUSIC and

Yule-Walker autoregressive (Yule-AR), have been employed to achieve improved

Doppler frequency resolution. Nevertheless, the performance of MUSIC and Yule-

AR can deteriorate in the presence of noise, particularly under low signal-to-noise

ratio (SNR) conditions[12, 13, 14, 15].
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4.1.2 Contributions

This work proposes novel methods for the estimation of high-resolution targets'

location and Doppler frequencies using FMCW radar. The proposed approach

formulates the problem in a manner that enables the application of the Capon

algorithm to estimate the angular locations of the targets. Furthermore, we

introduce a Capon-like algorithm to estimate high-resolution Doppler frequencies.

By employing these methods, we aim to enhance the accuracy and precision of

target localization and Doppler frequency estimation.

The main contributions of our work are as follows:

� We have formulated a signal model for the purpose of localizing multiple

targets, with each target contributing two Doppler shifts in the re
ected

signal. This model holds potential utility in mapping Doppler shifts result-

ing from the movement of the heart and chest, as well as in applications

related to road user classi�cation.

� By restructuring the received samples into a speci�c format, we are able

to apply high angular and Doppler resolution algorithms such as APES

and Capon. However, for the purpose of our study, we employ the Capon

and Capon-like algorithms to estimate the target's angular location and

Doppler frequencies respectively while leaving the utilization of APES for

future research.

� Finally, we propose an innovative approach for target localization and the

estimation of two Doppler frequencies introduced by each moving target.

The proposed algorithm is designed to exhibit negligible sidelobe levels,

high-frequency resolution, and resilience against individual target radar

cross-sections and frequency di�erences. Notably, this approach yields a

mirror solution, which o�ers its own unique set of bene�ts.
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4.1.3 Signal Model

We leverage an FMCW radar system equipped with a single transmitting antenna

and nR receiving antennas [76, 77]. Both the transmit and receive antennas are

positioned in close proximity, arranged in a uniform linear array con�guration.

The targets interact with the transmitted signals, causing re
ections that are

subsequently captured by the receiving antennas. The basic system model of the

considered system is depicted in Figure 4.1. In an FMCW radar, a chirp signal of

duration T is transmitted Nc times in a frame. Each chirp is repeated after a time

interval called pulse-repetition-interval denoted asTPRI (� T). The total duration

of Nc chirps is called coherent-processing-interval (CPI) i.e.,TCPI = NcTPRI . The

transmitted i th chirp signal in complex form can be expressed as

s(t) = ej 2� (f c+ Bt
2T )t ; (4.1)

whereiTPRI � t � iTPRI + T for i = 0; : : : ; Nc � 1, while B and f c are bandwidth

and carrier frequency of the transmitted signal, respectively. The transmitted

signal re
ects from the target of interest and is picked up by the receive antenna.

Considering L targets in the �eld-of-view of radar, the received signal can be

written as

r (t) = ~�e j 2� ((f c+ f d )+ Bt
2T )(t � � ) + �v(t) (4.2)

where ~� is the attenuation factor, � = 2R(t)
c is the round trip delay, R(t) is

the distance at time t, v is the speed, andf d = 2f cv
c is the Doppler frequency

corresponding to the target of interest. The term �v(t) includes the noise and

interferences from other targets and it can be written as

�v(t) =
L � 1X

l=1

~� le
j 2� ((f c+ f dl )+ Bt

2T )(t � � l ) + n(t); (4.3)

where n(t) � N (0; � 2) is noise. The received signal in (4.2) is demodulated by

multiplying it with the transmitted chirp signal and passes through the low pass
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Figure 4.1: System model of the considered FMCW radar.

�lter. Mathematically, the demodulated received signal in complex form can be

written as

x(t) = r � (t)s(t);

= ~�e � j 2� ((f c+ f d )+ Bt
2T )(t � � )ej 2� (f c+ Bt

2T )t + v(t);

= ~�e j 2�f c � ej 2� (� f d + B�
2T )t + v(t); (4.4)

wherev(t) = �v� (t)ej 2� (f c+ Bt
2T )t . Substituting � in (4.4), the demodulated received

signal can be written as

x(t) = ~�e j 4�f c R 0
c ej 2� ( BR 0

cT � f d)t + v(t); 0 � t � T (4.5)

the �rst term, ej 4�f c R 0
c , is a constant factor, while the second term,ej 2� ( BR 0

cT � f d)t ,

is a complex sinusoidal signal of frequencyf b = BR 0
cT � f d, known as beat fre-

quency. The beat frequency can be e�ciently estimated by applying the FFT

to the received signal in (4.5). It is important to acknowledge that the beat fre-

quency comprises both the Doppler and range components, posing a challenge

for individual component estimation. However, in scenarios where targets exhibit

slow movement, it can be mathematically demonstrated thatf d � BR 0
cT , which

enables the estimation of the range component of the beat frequency. For ex-

ample, consider a FMCW radar that functions at a carrier frequency of 24 GHz

and a bandwidth of 250 MHz, while employing a pulse duration of 300� s. If
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there is a slow-moving target at a distance of 3m and a velocity of 1 m/sec, the

resulting Doppler frequency will be 0.16 kHz, while the range component of the

beat frequency will be 8.33 kHz. Consequently, we can ignore the contribution of

the Doppler frequency to the beat frequency, and approximate it asf b � BR 0
cT .

To estimate the Doppler shift of the target, the range of the target at the

onset of thei th chirp can be expressed as

Ri
0 = R0 + ivmTPRI ; i = 0; 1:::; Nc � 1: (4.6)

Substituting (4.6) in (4.5), the demodulated received signal after chirpi can be

written as

x(t; i ) = ~�e j 4�f c ( R 0+ iv m TPRI )
c ej 2�f bt + v(t; i );

= ~�e j 4�R 0
� ej 2�f d iT PRI ej 2�f bt + v(t; i ): (4.7)

The utilization of (4.6) in (4.7) introduces a Doppler shift term,ej 2�f d iT PRI , in the

received signal. The phase of this term changes with respect to the chirp index

i . Unlike (4.5), the Doppler frequency is not coupled with any other frequency

component and can be estimated by analyzing multiple chirps.

We considernR receiving antennas to estimate the target's angular location.

The distance between any two adjacent receive antennas is�
2 . The demodulated

received signal afteri th chirp at the mth antenna can be written as

xm (t; i ) = �e j� sin( � 0 )( m� 1)ej 2�f d iT PRI ej 2�f bt + vm (t; i ); (4.8)

where � = ~�e j 4�R 0
� , � 0 denotes the target direction, andvm (t; i ) represents the

contribution of noise and interference. In (4.8), we have an additional spatial fre-

quency term given byej� sin( � 0 )( m� 1), whose phase changes with respect to antenna

number m. If after the transmission of i th chirp, the demodulated continuous

signal is sampled at frequencyFs, the demodulated signal'snth sample can be
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written as

xm (n; i ) = �e j� sin( � 0 )( m� 1)ej 2�f d iT PRI ej 2�f bn + vm (n; i ): (4.9)

Since the sampling timeTs = 1
Fs

is much lower thanTPRI , the samples indexed

by n are called fast time samples, and the samples indexed byi are called slow

time samples. We collectNs = T
Ts

samples after the transmission of a chirp

pulse. It can be observed in (4.9) that there are three complex frequency terms

ej� sin( � 0 )m , ej 2�f d iT PRI , andej 2�f bn . The frequencies of these terms can be estimated

by applying FFT in the corresponding dimension.

In contrast to the above conventional signal model, our work considers a

problem where a target from a unique location introduces two Doppler shifts

in the re
ected signal. For such application, the modi�ed signal model can be

written as

xm (n; i ) = ej� sin( � 0 )( m� 1)

�
� 1ej 2�f d1 iT PRI ej 2�f b1 n+ � 2ej 2�f d2 iT PRI ej 2�f b2 n

�
+ vm (n; i );

(4.10)

where � 1 and � 2 are attenuation factors whilef dl1 and f dl2 are Doppler shifts

introduced by the single target. It should be noted that for most of the practical

scenariosf dp � BR 0
cT , for p = 1; 2. Therefore, Doppler frequency contribution

to the beat frequency can be ignored which allows us to writef b = BR 0
cT and

f b1 � f b2 . Using this assumption, the modi�ed signal model in (4.10) can be

written as

xm (n; i ) =
�

� 1ej 2�f d1 iT PRI + � 2ej 2�f d2 iT PRI

�
ej� sin( � 0 )( m� 1)ej 2�f bn + vm (n; i );

(4.11)

where f b = f bp , for p = 1; 2. In contrast to (4.5), the signal model in (4.11)

shows two Doppler frequency terms with di�erent amplitudes. The lower am-
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plitude Doppler frequency component can be masked if the di�erence between

the amplitudes (� 1 and � 2) is high. Moreover, if the two frequencies are close

to each other, it becomes challenging to resolve them using simple FFT-based

algorithms. For such problems, high-resolution algorithms such as Capon and

APES can be used [21]. In the following section, we will show that applying

high-resolution algorithms for jointly estimating angular location and Doppler

shifts is also challenging.

4.1.4 Proposed Methodology

This section proposes a three-step method to estimate the target's location and

Doppler frequencies. The �rst step estimates the targets' ranges, the second step

estimates the targets' angular locations and the �nal step estimates the Doppler

frequencies corresponding to each target. Fig. 4.2, describes the overall procedure

in the block diagram.

Figure 4.2: Proposed methodology.

Range Estimation and Selection:

The FFT can be applied to the demodulated received samples to estimate the

ranges of di�erent targets. The Nr range bin FFT of the fast-time samples

corresponding toi th chirp signal at the mth antenna in (4.11) can be written

as

X m (k; i ) =
N s � 1X

n=0

�
� 1ej 2�f d1 iT PRI + � 2ej 2�f d2 iT PRI

�
ej� sin( � 0 )( m� 1)ej 2�f bne� j 2�kn

N r

+ Vm (k; i ); (4.12)
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wherek = 0; 1; : : : ; Nr � 1. In (4.12), the phase of the �rst term depends on the

index i , the phase of the second term on indexm, and the third term on index

n. It can be observed in the above equation, applying FFT does not a�ect terms

depending on indicesi and m. Therefore, (4.12) can be written as

X m (k; i ) =
�

� 1ej 2�f d1 iT PRI + � 2ej 2�f d2 iT PRI

�
P(k)ej� sin( � 0 )( m� 1) + Vm (k; i ); (4.13)

where P(k) =
P N s � 1

n=0 ej 2�f bne� j 2�kn
N r . In (4.12), whenever k

N r
� BR o

cT for k =

0; 1; : : : ; Nr � 1, P(k) will yield a peak to represent the presence of a target at

index k and corresponding range can be easily found. For example, ifP(k = � )

yields a peak value, the range of the corresponding target can be found as

R0 =
cT �
Nr B

: (4.14)

The range of targets can be determined using the FFT on fast-time samples,

commonly known as range FFT. It is worth noting that the FFT samples cor-

responding to any antenna and chirp can be selected for this purpose. In our

proposed algorithm, we utilize the �rst antenna to obtainNs samples for the �rst

chirp. Subsequently, we apply FFT to these samples and identify the peak val-

ues that indicate the ranges of multiple targets, thereby enabling us to estimate

their respective ranges. Next, we determine the corresponding index for each tar-

get and collect samples with the same index from all antennas to estimate their

angular location.
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High-Resolution DOA Estimation:

To estimate the angular location of the target that corresponds tok = � , we can

represent the sample from the corresponding antennam as follows

Ym (�; i ) =
�

� 1ej 2�f d1 iT PRI + � 2ej 2�f d2 iT PRI

�
P(� )ej� sin( � 0 )( m� 1) + Vm (�; i );

m = 1; 2; : : : ; nR

For a �xed value of i = I , if we collect samples from all antennas at indexk = � ,

the sampled signal vector can be written as

y(� ) = a(� 0)
�

� 1ej 2�f d1 iT PRI + � 2ej 2�f d2 iT PRI

�
P(� ) + v(�; i ); (4.15)

wherey(� ) =
�

Y1(�; i ) Y2(�; i ) � � � YnR (�; i )

� T

and

a(� ) =
�

1 ej� sin( � ) � � � ej� (nR � 1) sin( � )

� T

. Applying the FFT to (4.15) enables

estimation of the target's angular location. However, the angular resolution is

dependent on the number of receive antennas used. To enhance the angular

resolution, one can cascade the vectors in (4.15) fori = 0 to i = Nc � 1, creating

a matrix Y (� ) of dimensionnR � Nc. This matrix can be represented as

Y (� ) = a(� 0)
�

� 1aT (f d1 ) + � 2aT (f d2 )
�

P(� ) + V (� ) (4.16)

where a(f dp ) =
�

1 ej 2�f dp � � � ej 2� (N c � 1)f dp

� T

for p = 1; 2. Similarly, incor-

porating matrices for all range bins a data cube matrix can be formed as shown

in Fig. 4.3. Setting � 1 = � 1P(� ) and � 2 = � 2P(� ), (4.16) can be re-written in

more compact form as

Y (� ) = a(� 0)
�

� 1aT (f d1 ) + � 2aT (f d2 )
�

+ V (� ): (4.17)

Expressing the received samples in the format presented in (4.17) enables us to
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Figure 4.3: Datacube representation of FMCW Intermediate Frequency (IF) sig-
nal with array dimension nR , and slow-time samplesNs.

formulate a weight vector similar to Capon's method, which e�ectively suppresses

noise and interference while preserving the signal component. The weight vector,

denoted asw, can be obtained by solving the following optimization problem

with constraints, as proposed in [21]

min
w

wH E
�

Y (� )Y H (� )
	

w subject to wH a(� ) = 1 :

The solution to this problem leads to the derivation of a weight vector that o�ers

superior angular resolution and can be expressed as follows

w =
R � 1a(� )

aH (� )R � 1a(� )
; (4.18)

where R = E
�

Y (� )Y H (� )
	

and � is a sweep angle. Whenever� = � 0 the

spectrum of wH E
�

Y (� )Y H (� )
	

w yields a clear peak value that satis�es the

constraint wH a(� 0) = 1.

In the signal model, we have assumed that there is only one target at the given

range. However, in practice, multiple targets with di�erent angular locations can

be present at the same range. We are interested only in moving targets, therefore

stationary targets can be eliminated by taking the mean along each row and

subtracting it from each column entry along that row.
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To estimate the values of� p for p = 1; 2, the following cost-function can be

de�ned

min
� p

�
�
�wH Y (� ) �

�
� 1aT (f 1) + � 2aT (f 2)

� �
�
�
2
;

which yields

�̂ 1 =
wH Y (� )a� (f 1)

aH (f 1)a(f 1)
� � 2

aT (f 2)a� (f 1)
aH (f 1)a(f 1)

; (4.19)

�̂ 2 =
wH Y (� )a� (f 2)

aH (f 2)a(f 2)
� � 1

aT (f 1)a� (f 2)
aH (f 2)a(f 2)

; (4.20)

where f 1 and f 2 are sweep frequencies. To further analyze the above equations,

we �nd

wH Y (� ) = � 1aT (f d1 ) + � 2aT (f d2 ) + wH V (� ):

Inserting wH Y (� ) in (4.19) and (4.20), we can have three cases to discuss.

Case 1: f 1 = f d1 and f 2 = f d2

Inserting these values in (4.19) and (4.20) yields

�̂ 1 = � 1 + � 1:

�̂ 2 = � 2 + � 2:

Here, we de�ne� 1 as the ratio ofwH V (� )aT (f d1 ) to aH (f d1 )a(f d1 ), and � 2 as the

ratio of wH V (� )aT (f d2 ) to aH (f d2 )a(f d2 ). As the Capon beamformer is designed

to suppress noise and interference signals, and sinceaH (f dp )a(f dp ) = Nc for p =

1; 2, we can expect the values of� 1 and � 2 to be extremely small.

Case 2: f 1 = f d1 and f 2 6= f d2

Inserting these values in (4.19) and (4.20) yields

�̂ 1 = � 1 + � 2
(aT (f d2 )� aT (f 2 ))a� (f d1 )

aH (f d1 )a(f d1 ) + � 1; (4.21)

�̂ 2 = � 2
(aT (f d2 )a� (f 2 ))

aH (f 2 )f 2 ) + � 2: (4.22)
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In this case, it can be observed in (4.21) that̂� 1 can be measured accurately i�

f 2 = f d2 . Here, depending on the di�erence between the true and assumed value

of f d2 , the second term in (4.21) contributes to the value of� 1. This also suggests

a wide lobe along thef 2 axis for a �xed value of f 1. Similarly, as expected when

f 2 6= f d2 , the value of � 2 cannot be estimated accurately.

Case 3: f 1 6= f d1 and f 2 = f d2

Similar to Case 2, we can expect the same results for Case 3. Both Case 2 and

Case 3 reveal that the width of the estimation lobes of� p's will be wide along

the Doppler axis.

Based on the results obtained from the aforementioned cases, it can be con-

cluded that using this technique enables achieving good resolution for estimating

� (the angle of the target), but it may not provide the same level of resolution

for estimating Doppler shifts. Another issue that arises using the conventional

algorithms for this and the similar other problem is if the di�erence between

the amplitudes of both frequencies is high, the low-frequency component can be

masked. To overcome such challenges, our novel proposed technique, reformulate

the problem given in (4.17) and couples� 1 and � 2 to estimate both quantities

jointly. Therefore, our technique not only enhances the resolution of the Doppler

frequencies but also overcomes the high amplitude di�erence problem as described

in the next section.

High-Resolution Doppler Frequencies Estimation:

This section proposes a Capon-like algorithm to estimate the Doppler frequencies.

Unlike the Capon algorithm, our proposed algorithm applies constraints on two

terms. We reformulate the model given in (4.12) for high-resolution Doppler
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frequency estimation as

Y t (� ) = Y T (� ) =
�

� 1a(f d1 ) + � 2a(f d2 )
�

aT (� 0) + V t (� );

=
�

a(f d1 ) a(f d2 )

�
2

6
4

� 1

� 2

3

7
5 aT (� 0) + V t (� ); (4.23)

whereY t (� ) 2 CN c � nR . Similar to the previous case, the Capon-like weight vector,

w, to maximize the SINR for the estimation of� p can be derived by solving the

following constrained optimization problem

min
w

�
wH E

�
Y tY H

t

	
w

�

subject to wH

�

a(f 1) a(f 2)

�
=

�

1 1

�
: (4.24)

The solution to the constrained optimization problem in (4.24) can be derived by

minimizing the cost function

J = wH R tw +
�

wH

�

a(f 1) a(f 2)

�
�

�

1 1

��
��;

which yields

w = R � 1
t

�

a(f 1) a(f 2)

�
H � 1

2

6
4

1

1

3

7
5 ; (4.25)

wheref 1 and f 2 are sweep Doppler frequencies,

R t = E
�

Y t (� )Y H
t (� )

	
;

and H =

2

6
4

aH (f 1)

aH (f 2)

3

7
5 R � 1

t

�

a(f 1) a(f 2)

�
:
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Applying the derived beamformer on (4.23), whenf 1 and f 2 in weight vector w

are true quantities, we get

wH Y t (� ) = wH

�

a(f d1 ) a(f d2 )

�
2

6
4

� 1

� 2

3

7
5 aT (� 0) + wH V t ;

= ( � 1 + � 2) aT (� 0) + wH V t :

The above equation allows us to estimate� 1 and � 2 jointly, and to estimate the

joint quantity the corresponding problem can be set up as

� = min
~�

�
�
�wH Y t � ~� aT (� 0)

�
�
�
2
;

where� = � 1 + � 2. The solution to the above minimization problem yields

�̂ =
wH Y ta� (�̂ )

aH (�̂ )a(�̂ )
: (4.26)

To see the e�ectiveness of the proposed algorithm, we conduct a further anal-

ysis of previously mentioned equation. By substituting (4.25) into the expression

wH Y t (� ), we can express it as

w H Y t (� ) =
�

1 1

�
0

B
@

2

6
4

aH (f 1)

aH (f 2)

3

7
5 R � 1

t

�

a(f 1) a(f 2)

�
1

C
A

� 1 2

6
4

aH (f 1)

aH (f 2)

3

7
5 R � 1

t

�
�

a(f d1 ) a(f d2 )

�
2

6
4

� 1

� 2

3

7
5 aT (� l ) + w H V t

(4.27)

Assuming� p;q = aH (f p)R � 1
t a(f q), (4.27) can be written in compact form as

wH Y t = wH V t +
�

1 1

�
2

6
4

� 1;1 � 1;2

� 2;1 � 2;2

3

7
5

� 1 2

6
4

� 1;d1 � 1;d2

� 2;d1 � 2;d2

3

7
5

2

6
4

� 1

� 2

3

7
5 aT (� l ):

Therefore, the estimated value of̂� using (4.26) and� q;p = � �
p;q can be written
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as

�̂ = [1 1]

2

6
4

� 1;1 � 1;2

� �
1;2 � 2;2

3

7
5

� 1 2

6
4

� 1;d1 � 1;d2

� 2;d1 � 2;d2

3

7
5

2

6
4

� 1

� 2

3

7
5 + � 3: (4.28)

where� 3 = w H V t a� (� t )
nR

is a small quantity as mentioned earlier and will be ignored

in the following derivations. Now we will analyze the estimated value of� for

di�erent values of sweep Doppler frequencies.

Case 1: When f 1 = f d1 and f 2 = f d2 , the value of � comes out to be

�̂ =
�

1 1

�
2

6
4

� d1 ;d1 � d1 ;d2

� d2 ;d1 � d2 ;d2

3

7
5

� 1 2

6
4

� d1 ;d1 � d1 ;d2

� d2 ;d1 � d2 ;d2

3

7
5

2

6
4

� 1

� 2

3

7
5 ;

=
�

1 1

�
2

6
4

� 1

� 2

3

7
5 ;

= � 1 + � 2:

It is evident from the preceding scenario that precise estimation of the value of�

can be achieved when the test values match the actual values of the Doppler fre-

quencies. It is important to note that in scenarios where� 1 = � � 2, the proposed

method will not be applicable. This is because the individual terms of� can po-

tentially cancel each other. However, it's crucial to emphasize that encountering

this speci�c scenario is exceptionally rare.

Case 2: When f 1 = f d1 and f 2 6= f d2 , the estimated value of� using (4.28) can

be written as

�̂ = [1 1]

2

6
4

� d1 ;d1 � d1 ;2

� �
d1 ;2 � 2;2

3

7
5

� 1 2

6
4

� d1 ;d1 � d1 ;d2

� 2;d1 � 2;d2

3

7
5

2

6
4

� 1

� 2

3

7
5 : (4.29)

Upon further analysis of (4.29), it becomes apparent that the value of� can be

expressed as

�̂ = � 1 + �� 2 � 0; (4.30)
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where� � � � 1=� 2. Detailed proof of this relationship can be found in Appendix

A.

Case 3: When f 1 6= f d1 and f 2 = f d2 , the estimated value of� again becomes

zero and can be expressed as

�̂ = �� 1 + � 2 � 0: (4.31)

where � � � � 2=� 1, which results in �̂ = 0. To prove this case, one can follow

the steps similar to outlined in Appendix A. This �nding further con�rms the

e�ectiveness of the proposed technique.

Case 4:. When f 1 6= f d1 and f 2 6= f d2 . In this case,�̂ can be written as

�̂ � 0

Detailed proof for this case can be found in Appendix B. The steps of the overall

algorithm are summarized in algorithm 1.

Algorithm 1 Proposed Algorithm

1. Range Estimation and Selection: R0

2. DOA Estimation:
R = YY H

N c

w = R � 1a(� 0 )
aH (� 0 )R � 1a(� 0 )

�̂ = arg max� wH E
�

YY H
	

w
3. Doppler frequency Estimation:

Y t = Y T

R t = Y t Y H
t

NR

H =
�

aH (f 1)
aH (f 2)

�
R � 1

t

�
a(f 1) a(f 2)

�

w = R � 1
t

�
a(f 1) a(f 2)

�
H � 1

�
1
1

�

�̂ = w H Y t a� ( �̂ )
aH ( �̂ )a( �̂ )

f̂ d = arg maxf d
wH E

�
Y tY H

t

	
w
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4.2 Non-Contact Dehydration Status Monitoring

4.2.1 Introduction

Beyond monitoring vital signs, falling detection, and depression, monitoring de-

hydration levels is crucial in healthcare. Dehydration occurs when the body loses

more 
uid than it takes in, a�ecting normal function. It can happen on hot

days with excessive sweating or from not drinking enough water. Dehydration

is a serious health issue, especially for vulnerable groups like the elderly, infants,

and those with chronic illnesses. Early detection and continuous monitoring are

essential to prevent severe complications and ensure timely treatment. E�ective

monitoring of dehydration in healthcare care can signi�cantly improve patient

care, reduce hospital admissions, and improve overall health outcomes. Tradi-

tional methods of measuring dehydration include assessing physical signs such as

dry mouth, rapid heartbeat, and low blood pressure. Blood tests can measure

electrolyte levels, blood urea nitrogen (BUN), and serum osmolality, o�ering pre-

cise insights into a patient's hydration status. Urine analysis involves monitoring

urine output and speci�c gravity, which also indicate hydration levels. However,

these methods are invasive, uncomfortable, and not ideal for continuous monitor-

ing.

Non-invasive dehydration monitoring methods often use wearable sensors,

such as oximeters, smartwatches, and wristbands to capture photoplethysmog-

raphy (PPG) and electro-dermal activity (EDA) signals, which are then analyzed

using ML algorithms. For example, [78] used EDA and PPG data from 17 sub-

jects to detect mild dehydration through autonomic responses to cognitive stress,

achieving notable results. The authors in [79] used EDA data from 16 subjects

in di�erent postures to classify hydration levels with a hybrid Bi-LSTM neural

network. The work in [80] used PPG data from 17 dehydrated patients in an

emergency setting, achieving 91% precision with an SVM classi�er. Similarly,

the work in [81] combined data on EDA, skin temperature, heart rate, and BMI
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of 16 participants during physical activity to quantify 
uid loss. A real-time

Android tool was developed using EDA data in [82], achieving an accuracy of

84. 5%. Similarly, [83] used EDA data from �ve subjects in di�erent activities

and achieved 91.3% accuracy with a random forest classi�er. In another study,

[84] reported an accuracy of 78% for the detection of dehydration using a k-NN

classi�er with EDA data. Finally, [85] took a di�erent approach using data from

the leg skin microbiome of 63 female subjects to predict skin hydration levels and

other biomarkers.

Integrating non-contact monitoring technologies into healthcare systems has

the potential to revolutionize dehydration management. These technologies pro-

vide continuous and accurate monitoring, improving patient comfort and compli-

ance. They can be easily incorporated into existing healthcare settings, such as

hospitals, nursing homes and remote patient monitoring systems, o�ering com-

prehensive and e�cient care. As the demand for advanced healthcare solutions

grows, developing and implementing non-contact dehydration monitoring tech-

nologies is a signi�cant step forward. This work aims to explore radar-based

dehydration monitoring.

However, for radar-based applications that use machine learning and deep

learning, a major challenge is the availability of labeled data. Purchasing a large

set of labeled training data for radar applications is generally impractical. Due

to the lack of publicly available labeled radar data sets suitable for assessing

dehydration, we developed custom data sets for this work. We collected data set

under controlled conditions: from fasting individuals, called the Fasting data set.

These data sets provide the necessary ground truth for training and validating

our radar-based dehydration monitoring system.

4.2.2 Contributions

In this work, we consider ML methods and introduce wavelet scattering transform

to extract features to improve the accuracy of non-invasive and non-contact based
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dehydration classi�cation. We use FMCW radar working at 77 GHz frequency

with 2 GHz bandwidth. Radar scans the target scene and collect re
ections from

target which contains the information related to dehydration. We have collected

measurements from multiple subjects and labelled them under suitable conditions

and verify the proposed methodology. The important contributions of the paper

are highlighted as follows:

� We introduce an innovative non-invasive approach to dehydration classi�-

cation using FMCW radar.

� Due to the lack of labeled data for radar-based dehydration monitoring,

we develop and label two distinct datasets under controlled conditions.

The Sports Dataset includes measurements from athletes, and The Fast-

ing Dataset contains data from individuals observing fasting.

� We propose a pre-processing technique to isolates the target of interest

(TOI) from the received signals, ensuring that the features used for classi�-

cation accurately re
ect the subject's dehydration status. This step is cru-

cial for improving the reliability and performance of our proposed method-

ology.

� We proposed wavelet scattering transform feature extraction method to

extract nonlinear features to enhance the classi�cation.

4.2.3 Signal Model

The permittivity, � = �
0
� j�

00
, of a material is a complex quantity. The real part

of the permittivity, �
0
, determines how much the material slows down the EM

wave, while the imaginary part, �
00
, represents the material's ability to dissipate

energy. In a vacuum, there is nothing to interact with the EM waves, so the

wave propagates at the speed of light without slowing down. Thus, the real

part of the permittivity is � o (a non-zero constant), while the imaginary part is

zero because the vacuum cannot dissipate or store energy. For an insulator, the
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material slows down the EM waves relative to a vacuum, so its real part�
0

is

greater than � o. Additionally, if the insulator is not perfect, it can store some

energy, resulting in a small but non-zero imaginary part�
0
. For a conductor, the

permittivity is dominated by the imaginary part �
00
, which is very large due to the

metal's high conductivity. This large imaginary part indicates that the material

strongly dissipates the energy of the EM wave, causing it to attenuate rapidly

within a very short distance (known as the skin depth). The real part�
0

of the

permittivity of conductor is typically negative at high frequencies, re
ecting the

material's ability to re
ect EM waves rather than slow them down. This is why

metals are highly re
ective and opaque to EM waves.

The re
ection of millimeter waves depends on the skin's permittivity, which

is inversely proportional to the incident frequency, and in
uenced by the water

content in its various layers [86, 87]. Frequencies above 30GHz attenuates to zero

at the epidermis, layer close to the skin, the 24GHz can penetrate further and

attenuates to zero at the dermis, while the lower frequencies can penetrate further

deep.

Consider a scenario, as shown in Fig. 4.4, where a patient's chest is exposed

to electromagnetic (EM) radiation from a radar transmitting a FMCW signal

s(t) = Aej 2� (f c+ Bt
2T )t ; (4.32)

wheref c is the carrier frequency of the radar,T is the pulse width, andB is the

signal bandwidth. The frequency of the transmitted signal at timet, f (t), can

be estimated by di�erentiating the phase of the signal in (4.32).

As illustrated in Fig. 4.4, when the transmitted waveform interacts with the

human body, part of it re
ects o� the surface, while the rest penetrates the chest

and re
ects from various internal layers. These re
ections originate from di�erent

depths, resulting in a received signal composed of multiple frequency components,

each with a distinct amplitude. The amplitude of each component is in
uenced

by the body's water content, enabling the analysis of physiological changes based
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Figure 4.4: The transmitted and re
ected signals from the patient's chest will vary
depending on the body's dehydration level, which acts as a channel. Di�erent
frequencies will experience varying levels of attenuation based on the hydration
status.

on the re
ected signal. Consequently, the exposed body of the patient can be

modeled as a dynamic channel, where the impulse response varies in response

to 
uctuations in the water content. Given this model and de�ning h(t) as the

body's impulse response, the signal after re
ection from the human's body at the

surface of the chest can be expressed as

r (t) = h(t) � s(t � to);

=
Z

h(� )ej 2� (f c+ Bt
T )(t � to � � )d�: (4.33)

where to is the time a waveform takes to go from the radar to the surface of

the body. It is important to note that the above response holds true only if the

body's impulse response,h(t), remains consistent across all frequencies. However,

in most practical scenarios,h(t) may vary with frequency. In such cases, a time-

frequency analysis is required to accurately capture the body's behavior.

In radar systems, where the transmitter and receiver are collocated, the re-

ceived signal undergoes demodulation at the receiver. This process can be math-
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ematically expressed as

x(t) = r (t � to)s� (t);

=
Z

h(� )ej 2� (f c+ Bt
2T )(t � 2to � � )e� j 2� (f c+ Bt

2T )td�;

= e� j 2� (f c+ Bt
2T )2to

Z
h(� )e� j 2� (f c+ Bt

2T )� d�;

= e� j 2� (f c+ Bt
2T )2to H

�
f c +

Bt
2T

�
= e� j 4�R o

� H
�

f c +
Bt
2T

�
e� j 2� Bt o

T t :

where H
�
f c + Bt

2T

�
represents the gain of the human body channel at the time-

varying frequency
�
f c + Bt

2T

�
. In this formulation, if the body's gain for the input

frequency remains constant at any given timet, the receiver will produce a con-

sistent beat frequency. However, variations in the body's water content can lead

to 
uctuations in this gain. Consequently, to comprehensively analyze the hu-

man body channel response, time-frequency analysis emerges as the most suitable

approach and will be employed in the subsequent discussion.

4.2.4 Proposed Methodology

This section outlines the methodology for the proposed dehydration classi�cation

problem in three key steps. The �rst step is the data pre-processing block, which

involves cleaning and preparing the received demodulated data for analysis. This

is followed by the feature extraction block, where relevant features are identi-

�ed and extracted from the pre-processed data. Finally, the classi�cation block

utilizes these features to classify the dehydration status of the target. Fig. 4.5

provides a block diagram illustrating the overall proposed methodology.

Figure 4.5: Proposed Methodology for dehydration classi�cation.
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Data Pre-Processing:

The data pre-processing block involves cleaning (such as noise removal, clutter

reduction, etc.,) and preparing the demodulated received data to ensure it is

suitable for analysis. The received demodulated signal is passed through a window

function (e.g., Hamming or Hanning) to reduce sidelobes and improve target

detection which is given by

xwindowed (t) = x(t) � w(t) (4.34)

wherew(t) represents Hamming or Hanning window function.

Fast Fourier Transform (FFT) is employed on the windowed demodulated

received signal (4.34) to compute the range pro�les of di�erent targets. In our

approach, we identify the speci�c beat frequencies (f bmin < f b0 < f bmax ) corre-

sponding to the target of interest (f b0 ) while suppressing undesired beat frequen-

cies i.e., interference or targets other than target of interest. This is achieved

by applying a second-order section (SOS) butterworth bandpass �lter, designed

to maintain a 
at frequency response in the passband [88, 89]. This e�ectively

isolates the target of interest signal with minimal distortion while attenuating

unwanted frequencies, such as signals from other objects or undesired peaks/tar-

gets:

y(t) = SOS �lter( xwindowed (t)) (4.35)

Integrating multiple received antenna's coherently improves the signal-to-noise

ratio and enhances target detection. However, in this paper we consider the single

receiving antenna. Next, we extract relevant features from pre-processed data

using Wavelet Scattering Transform (WST).

Wavelet Scattering Transform:

Wavelet scattering network allows the extraction of low-variance features from

real-valued time series data, suitable for machine learning and deep learning ap-
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plications. These features are robust to translations of the input based on a

user-de�ned invariance scale and remain continuous in the presence of deforma-

tions. The WST is simply an iterative combination of a deep convolution network,

consisting of low-pass �lter averaging, wavelet transform, and nonlinear modulus

operations [90].

Let consider a �( t) be the low-pass �lter that provides locally translation in-

variant descriptions ofy. For given time-domain signal,y(t), the WST proceeds

iteratively: Initially, convolves the input signal with the scaling �lter, �( t) to

derive the zeroth-order scattering coe�cientsS0(t) = y(t) � �( t). This generates

a locally translation invariant feature of y, but also results in the loss of high fre-

quency information. However, lost high frequencies can be recovered subsequent

steps of the WST process:

1. Wavelet Transform and Modulus: Apply the wavelet transform to the

input data using each wavelet �lter, 	 j 1 (t), from the �rst �lter bank followed by

modulus of each �ltered output, resulting in the scalogram,U1 expressed as

U1 = fj y � 	 j 1 (t)jgj 1 � � 1
(4.36)

2. Averaging: Average each modulus with the scaling �lter to obtain the �rst-

order scattering coe�cients, S1 expressed as

S1 = fj y � 	 j 1 (t)j � �( t)gj 1 � � 1
(4.37)

After step 2, S1 have information about the low frequency components ofjy �

	 j 1 (t)j. To recover the high frequency information lost by averaging, repeat the

step 1 i.e, Wavelet and modulus operation toS1 with second �lter bank, 	 j 2 (t),

which is given by

U2 = fk y � 	 j 1 (t)j � 	 j 2 (t)jgj 1 � � 1 j 2 � � 2
(4.38)
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and second order scattering coe�cients obtained by

S2 = fk y � 	 j 1 (t)j � 	 j 2 (t)j � �( t)gj 1 � � 1 ;j 2 � � 2
(4.39)

By iterating the above process will de�ne the wavelet scattering coe�cients for

higher orders (m � 2), which can be expressed as

Sm = fj � � � k y � 	 j 1 (t)j � 	 j 2 (t)j � � � � 	 j m (t)j � �( t)gj i � � i
(4.40)

wherei = 1; 2; � � � ; m. After extracting features using the WST, the next step is

to feed these features into multiple classi�ers to identify the dehydration status.

Classi�cation:

In this section, we detail the �nal component of our proposed methodology: clas-

si�cation. We train and evaluate a comprehensive range of machine learning

and deep learning models to classify dehydration levels accurately. The machine

learning methods we implemented include K-Nearest Neighbors (KNN), Support

Vector Machines (SVM), Kernel methods, Naive Bayes, and Neural Networks.

Each method is selected for its unique ability to capture diverse patterns within

the radar data, essential for precise dehydration classi�cation. By rigorously

training and testing these models, we aim to determine the most e�ective algo-

rithm for reliable and e�cient non-invasive dehydration monitoring.



Chapter 5

Results and Discussion

This chapter presents a comprehensive analysis of the results obtained from both

simulated and experimental data for FL-MIMO SAR imaging and biomedical

radar applications. The primary objective is to evaluate the e�ectiveness of the

proposed deep learning-based approaches in enhancing SAR imaging resolution

and improving biomedical radar-based monitoring techniques. The results are

structured to provide a clear comparison between simulated and real-world data,

highlighting performance di�erences and benchmarking these methods against

traditional approaches. This chapter is divided into three major sections: FL-

MIMO SAR Imaging Results - analyzes the improvements in azimuthal resolution

achieved using Deep Basis Pursuit (DBP) and Convolutional Decoder (ConvDe-

coder) methods compared to traditional approaches. Both simulated and exper-

imental results are presented to validate the e�ectiveness of these techniques.

Biomedical Radar Applications { evaluates the performance of radar-based heart

rate (HR) and breathing rate (BR) estimation, as well as dehydration status

monitoring. While HR and BR results are presented only for simulated data,

the dehydration monitoring analysis includes both simulated and experimental

results to assess its feasibility for real-world applications.

The following sections provide an in-depth analysis of the results obtained for

both SAR imaging and biomedical radar applications.

5.1 Results of FL-MIMO SAR Imaging

In this section, we present veri�cation of the proposed method on simulated data

as well as experimental real data. For all experiments in this work, we have
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used a ResNet architecture for the CNN. Input data is vectorized over columns

before entering the architecture. Since the data is complex, we consider real and

imaginary parts as separate input channels to the CNN. As shown in Fig. 5.1

input to the architecture is a two channel tensor. The proposed architecture

consists of 32, 32, and 2 �lters, respectively. The �nal layer consists of only

convolution block which is mapped back to the two channels. We implement all

convolutional layers with �lters of size 3� 1. We use euclidean norm loss function

for training. The loss is computed in the image domain when ground truth

is available i.e., supervised learning and in measurement domain when ground

truth is not available i.e., unsupervised learning. We use PyTorch for network

implementation.

Figure 5.1: Architecture of the CNN-based Denoiser.

5.1.1 Simulated Results

We consider FMCW-MIMO radar with two transmit antennas and four receive

antennas. MIMO radar is operating at carrier frequency 77GHz. We consider

signal bandwidth of 2 GHz. We consider the target scene as a grid in Cartesian
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(a) (b)

(c) (d)

Figure 5.2: Final reconstructed image results for simulated data using (a) Target
Scene (b) MF based FL-MIMO-SAR Imaging (c) Compressive sensing based FL-
MIMO-SAR Imaging (d) DBP based FL-MIMO-SAR Imaging.

coordinate system. We consider extended targets which occupy a set of cells in

the target grid. The size of the cell is same as range resolution in both x and

y axis. For simulations, radar moves along the x-axis at y = 0. We setup the

target scene similar to the nature of a typical road scene. We consider 4 targets

in this experiment. The targets are separated by 0.375m along y-axis i.e., consist

of �ve cells. Along x-axis, the targets are separated by 0.9m i.e., consist of twelve

cells. We place the targets center at a distance of 10m from the radar. Fig.

5.13a shows the simulated target scene. We consider angular coverage of 50� and

angular steps of 0:5� . We limit max range per aperture to 25m. We generate

the FL-MIMO-SAR measurements by moving MIMO radar along x-axis till 8m
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Figure 5.3: Comparison of simulated data Y-magnitude plots for MF, CS and
DBP based FL-MIMO-SAR Imaging.

Figure 5.4: Comparison of MSE (at cross-range gap between the targets) on sim-
ulated data, for MF-based, CS-based and DBP-based FL-MIMO-SAR Imaging.
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Figure 5.5: MSE plot of simulated target for DBP-based method for di�erent
SNRs.

from the origin i.e., 107 aperture steps, where the distance between consecutive

aperture steps is one grid cell i.e., 7.5cm (which is the range resolution). The

matched �ltering (MF)-based reconstruction (A H y) with MBP is shown in Fig.

5.13b. As we can see from Fig. 5.13b, targets along the x-axis (range domain)

are distinguishable but along the azimuth direction we cannot distinguish the

targets. Fig. 5.13d shows the results of state-of-the-art compressive sensing (CS)

based reconstructions [26]. CS-based reconstruction is better than MF-based

reconstruction but unable to separate the targets clearly along azimuth direction

(and takes more time (304.5 minutes) compared with DBP (5.7 minutes)). Fig.

5.13c shows the results of proposed DBP-based reconstruction. We can see better

results compared to MF-based and CS-based reconstructions. The targets are

easily distinguishable both in range and azimuth domains. From Fig. 5.3 we

can see that DBP has better performance in restoring the non-target space, thus,

reducing the noise and improving the resolution, in comparison to the other two

methods. All the re
ectivities in Fig. 5.13, and Fig. 5.3 are in dBs.

We consider the previous scenario of 4 extended targets placed at a distance

of 10 m along x-axis. To evaluate the performance of our proposed method,

we provide mean squared error (MSE) plots. Speci�cally, we evaluate the MSE
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(a) (b) (c)

Figure 5.6: Comparison of MSE plots for simulated data using MF-based, CS-
based, and DBP-based methods at SNRs: (a) 0dB, (b) -10dB, (c) -20dB.

at the gaps between the targets, along the cross-range (averaged over di�erent

range bins). This analysis provides valuable insight into the e�ectiveness of our

method in capturing and reconstructing the gaps accurately, which re
ects the

statistical nature of resolution enhancement. In Fig. 5.4, we present the MSE

plots for di�erent reconstruction methods, i.e., MF, CS, and DBP. From the

�gure, it can be observed that the DBP-based method outperforms the CS-based

and MF-based methods. This indicates that our proposed DBP-based method

yields superior resolution enhancement compared to the other methods.

We consider the previous scenario of 4 extended targets placed at a distance

of 10m along x-axis. To demonstrate the resilience of our proposed DBP-based

method against varying noise levels, we consider the reconstruction performance

for di�erent signal-to-noise ratios (SNRs) (i.e., -25 dB, -20 dB, -15 dB, -10 dB,

-5 dB, and 0 dB). To evaluate the impact of noise on our method, we present the

MSE analysis. The MSE is evaluated at the gaps between the targets along the

cross-range. The MSE plots for DBP-based method for di�erent SNRs are shown

in Fig. 5.5. From Fig. 5.5, we observe that the DBP-based method excels at

reducing the MSE as the SNR increases. Further, we compare the MSE results

of the DBP-based method with CS-based and MF-based methods, for di�erent

SNRs, as shown in Fig. 5.6. From these results, it is evident that the DBP-

based method outperforms the CS-based and MF-based methods in the presence
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Figure 5.7: Comparison of PSFs for a point target using MF-based, CS-based,
and DBP-based FL-MIMO-SAR Imaging.

of varying levels of noise as well.

Figure 5.8: Comparison of Y-magnitude plots on simulated data for DBP based
FL-MIMO-SAR Imaging for di�erent spacing between the targets along Y-axis.

We considered a scenario with a single point target placed at a distance of 10

m along the x-axis. We generate the FL-MIMOSAR measurements by moving

MIMO radar along x-axis till 8 m from the origin i.e., 107 aperture steps, where

the distance between consecutive aperture steps is one grid cell i.e., 7:5 cm (which

is the range resolution). The point spread function (PSF) of the target for MF-

based, CS-based, and DBP-based methods are shown in Fig. 5.7. From Fig. 5.7,

we can see that the DBP-based method has better (i.e., smaller) 3-dB beamwidth

compared with both MF-based and CS-based methods.

We consider di�erent scenarios with 4 extended targets by varying the sep-
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(a) Spacing between point targets is
0.375m

(b) Spacing between point targets is
0.225m

Figure 5.9: Y-magnitude plots on simulated data of three point targets using
proposed DBP based FL-MIMO-SAR Imaging for di�erent spacing between the
targets along Y-axis.

Table 5.1: Speci�cation of MIMO Radar

Parameter Value

Carrier frequency 77 GHz
Frequency range 76 - 78 GHz

Transmit bandwidth 2 GHz
Tx activation sequence [1 2]

Ramp duration 200� s
Sampling rate 10 MHz

Number of samples 2000
Horizontal 3 dB beamwidth (TX) 51�

Horizontal 3 dB beamwidth (RX) 76:5�

aration between targets as, 0.225m, 0.375m and 0.675m along y-axis (azimuth).

The magnitude plots are shown in Fig. 5.8. In this case, targets are at 0� look

angle (therefore, we do not expect any SAR gain). In the present scenario of

the targets (at a distance of 10m), FL-MIMO-SAR can traditionally resolve the

targets separated by a distance of 2.5m (i.e., cross-range resolution). However,

our proposed method is able to resolve the targets with a separation of 0.375m

(along with suppression of the noise 
oor), which is an improvement by almost 7
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times. Nonetheless, the target separation of 0.225m was not fully recovered.

We have also considered a scenario with three point targets, one in the center

and two on the sides, placed at a distance of 10m along x-axis and each target

is separated by a distance of a) 0.375m along y-axis and b) 0.225m along y-axis,

from the target center. The Y magnitude plots of the recovered image are shown

in Fig. 5.9. From Fig. 5.9, we can see the point targets are separated clearly.

Theoretically, in such a scenario (with targets at an angle 2:14� , 0� and � 2:14� ),

FL-MIMO-SAR can resolve the targets separated by a distance of 1.24m (i.e.,

cross-range resolution). However, in this case targets are separated by distance

of 0.375m and 0.225m, which is substantially smaller separation than the expected

resolution and our proposed method is still able to resolve the targets.

5.1.2 Experimental Results

(a) (b)

(c)

Figure 5.10: (a) Two targets (b) 77 GHz MIMO radarbook (c) FL-MIMO-SAR
experimental setup.

We use Inras 77 GHz FMCW-MIMO radarbook [91, 92] with two transmit
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(a) (b)

(c)

Figure 5.11: Final reconstructed image results for experimental real data using (a)
MF based FL-MIMO-SAR Imaging (b) Compressive sensing based FL-MIMO-
SAR Imaging (c) DBP based FL-MIMO-SAR Imaging.

(Tx) and 16 receive (Rx) antennas. MIMO radarbook is shown in Fig. 5.10b.

The Tx antennas can be activated alternately in order to generate a virtual array.

The speci�cations of FMCW-MIMO radar are shown in table 5.1. We consider

two rectangular metallic boxes as stationary targets for experiment. The target

scene setup is shown in Fig. 5.10a. The targets are placed at a distance of 10m

from MIMO radar along x-axis and separated by 0.4m along y-axis. We have

collected the measurements by moving MIMO radar along x-axis till 8m from the

origin. The distance between consecutive aperture steps is 2.5cm. The matched

�ltering based reconstruction (A H y) with MBP result is shown in Fig. 5.11a.

From Fig. 5.11a, we can observe that the targets along the azimuth direction are



79

Figure 5.12: ConvDecoder architecture with up-sampling, convolutional, ReLU,
and batch normalization layers.

non-distinguishable. Fig. 5.11b shows the results of compressive sensing based

reconstruction. CS-based reconstruction is also unable to distinguish the targets

along azimuth direction. Fig. 5.11c shows the results of deep learning i.e., DBP

based reconstruction. Note, we do not know the target noise statistics (� ). So,

we considered histogram based noise 
oor estimation to estimate noise statistics.

We can see better results for DBP-based reconstruction compared to MF-based

and CS-based reconstructions. Here, targets are easily distinguishable in azimuth

domain. All the re
ectivities in Fig. 5.11 are in dBs.

5.1.3 Simulated Results for ConvDec

We verify the proposed method via simulations. In this work, instead of just

point targets, we considered extended targets. In ConvDecoder architecture, real

and imaginary parts of images are considered by two separate channels. In the

proposed architecture, each layer (except the last layer) consists of the following

components: up-sampling, a convolutional operation, ReLU activation function,

and Batch Normalization (BN). Fig. 5.12 shows the ConvDecoder architecture.

We choose a �xed input (speci�cally, a randomly generated initialization). The

proposed architecture learns the weights by minimizing the loss function (3.32).

We considered FMCW-MIMO radar with two transmitting antennas and four
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receiving antennas. The bandwidth and carrier frequency of the radar are 2 GHz

and 77 GHz respectively. Four extended targets are placed at a distance of 10m

with a separation of 0.375m along the y-axis and 0.9m along the x-axis (shown

in Fig. 5.13a). We considered the angular coverage of 50� with angular step 0:1� ,

i.e., n� = 500. By moving toward the target along the x-axis in steps of 1 range

bin (7.5cm), we generated the FL-MIMO measurements for each aperture step

for a total aperture length of 8m.

(a) (b)

(c) (d)

Figure 5.13: Reconstructed image results (a) Target Scene (b) MF-based FL-
MIMO-SAR Imaging (c) DBP-based FL-MIMO-SAR Imaging (d) ConvDecoder-
based FL-MIMO-SAR Imaging.

Fig. 5.13a shows the target scene. The match-�ltering (MF)-based recon-

struction (A H y) with MBP results are shown in Fig. 5.13b. We can observe that

targets along the x-axis (range direction) are clearly separable but not along the
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(a) (b)

Figure 5.14: Reconstructed image results considering only few aperture steps
(a) DBP-based FL-MIMO-SAR Imaging (b) ConvDecoder-based FL-MIMO-SAR
Imaging.

y-axis (azimuth direction). The DBP-based reconstructed image is shown in Fig.

5.13c. We can observe that targets are clearly separable along both the x-axis and

y-axis. Fig. 5.13d shows the reconstructed image by the proposed ConvDecoder-

based method. We can observe that targets are clearly separable along the x-axis

and y-axis as well. additionally, we can observe that sidelobes are suppressed

clearly compared to the DBP-based method and MF-based reconstruction.

To compare the ConvDecoder method with the DBP-based method in the case

of reduced number of available measurements, we considered only the last few

SAR aperture steps (27 steps) of the generated simulated data. The performance

results for the DBP-based reconstruction and ConvDecoder-based reconstruction,

are shown in Fig. 5.14. We can observe that the proposed ConvDecoder-based

method has outperformed the DBP-based method, both in terms of the resolu-

tion/separation as well the sidelobe levels.

5.2 Results of Heart Rate and Breathing Rate Estimation

We present veri�cation of the proposed method on simulated data. We simulate

di�erent scenarios to evaluate the e�ectiveness of the proposed algorithm.
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5.2.1 Simulated Results

Table 5.2: Target parameters for the considered experiment

Range Angle Doppler Frequencies Amplitude(s)
Target 1 3m � 30� 1 Hz and 2.5 Hz 1+1 ip

2
; 1� 1ip

2

Target 2 9m 50� -1 Hz and -2 Hz 0:5� 1ip
2

; 1+0 :5ip
2

Target 3 5m 10� -1 Hz and 4 Hz 1� 1ip
2

; 1+0 :5ip
2

Target 4 1m � 60� 0 Hz 1
Target 5 7m 0� 0 Hz 1

In our simulation, we utilize an FMCW radar system equipped with one trans-

mit and 20 receive antennas. The radar operates at a frequency of 24 GHz with

a bandwidth of 250 MHz. Each FMCW radar pulse has a duration of 300� s and

is transmitted with a pulse-repetition-interval of 50ms. A total ofNc = 16 chirp

pulses are transmitted during the experiment. The received signal is sampled at

a frequency of 42:66MHz, with Ns = 128 samples collected after the transmission

of each chirp pulse. The signal-to-noise ratio is calculated using the following

equation

SNR = 10 log
�

j� 1j2 + j� 2j2

� 2

�
;

where � 2 is the noise power. In the �rst simulation, our experimental scenario

includes three moving and two stationary targets. The range, angle, and Doppler

frequency of each target are given in Table 5.2. During this simulation, we apply

the FFT across the fast-time samples collected from each receive antenna. Each

FFT output corresponds to a range. For a particular transmitted chirpi = I ,

the fast time FFT outputs from each antenna are collected to form a matrix. By

applying FFT across the rows, the angular location of targets, if present in any

range bins, can be estimated. The FFT algorithm uses samples from di�erent

antennas corresponding to a particular chirp to estimate the angular location.

However, the FFT algorithm cannot leverage data from multiple chirps and an-

tennas to achieve high angular resolution. Our proposed algorithm (explained in
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(a) (b) (c)

Figure 5.15: Range and DOA estimations for the scenario of �ve targets using
(a) FFT, (b) MUSIC, and (c) Capon.

(a) (b) (c)

Figure 5.16: Doppler frequencies estimation using proposed method of three mov-
ing targets. (a) Target located at 9m introducing Doppler frequencies of -1Hz and
-2Hz, (b) target located at 5m introducing Doppler frequencies of -1Hz and 4Hz,
and (c) target located at 3m introducing Doppler frequencies of 1Hz and 2.5Hz.

Sec. 4.1.4) and MUSIC algorithm are designed to exploit data from all anten-

nas and chirps to provide higher angular resolution. In Fig. 5.15, we compare

the performance of the FFT, MUSIC, and our proposed algorithms. The results

demonstrate that MUSIC and our proposed algorithm provide much better an-

gular resolution compared to the FFT-based algorithm. Moreover, our proposed

algorithm yields clearer peaks compared to the MUSIC algorithm, as shown in

the bar chart.

After successfully estimating the DOA of targets using the Capon algorithm,

we utilized our proposed algorithm (as explained in Sec. 4.1.4) to estimate the

Doppler frequencies of three moving targets. The corresponding results are il-

lustrated in Fig. 5.16, which exhibit high-resolution sharp peaks for all three

targets. These peaks can be easily found by applying any 2D matrix peak search

algorithm. It should be noted that the proposed method yields two symmetric,
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(a) FFT (b) MUSIC

(c) Yule-AR (d) Proposed Algorithm

Figure 5.17: Comparison of FFT, MUSIC, Yule-AR, and proposed Capon-based
method for the Doppler frequency estimation of target 1 located at a distance of
3m and at an angle of� 30� . The SNR = 0dB and the target induces Doppler
frequencies of 1 Hz and 2.5 Hz.

interchangeable solutions, which isn't a major concern when prior knowledge of

Doppler frequencies exists. For instance, in vital signs estimation, we know that

the heart rate's Doppler frequency is higher than the breathing rate's.

In the third simulation, we conducted a comparative assessment of our pro-

posed algorithm's performance for estimating the Doppler frequencies of target

1 against three established algorithms: FFT, MUSIC, and Yule-AR, the corre-

sponding outcomes are presented in Fig. 5.17. Fig. 5.17a illustrates the results

obtained using the FFT algorithm, yielding a poor frequency resolution with

signi�cant side lobes. Conversely, Fig. 5.17b displays the output generated by

the MUSIC algorithm, which exhibits two additional peaks in addition to the

true peak values, albeit with notably reduced side lobes when compared to the

FFT-based approach. The Yule-AR algorithm, depicted in Fig. 5.17d, produces
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(e) FFT (f) MUSIC (g) Yule-AR (h) Proposed method

Figure 5.18: Comparison of Doppler frequency estimation using FFT, MUSIC,
and proposed Capon method for a target is located at the range 3m and angle
� 30� with SNR = 0dB and � 2 = � 1=2. In the �rst row f d1 = 4Hz, f d2 = 1Hz, and
� f d = 3Hz, while in the second rowf d1 = 1Hz, f d2 = 1:5Hz, and � f d = 0:5Hz.

two distinct peaks with a good frequency resolution and negligible side lobes.

In contrast, our proposed algorithm's output shown in Fig. 5.17d presents two

well-de�ned peaks with nearly imperceptible side lobes.

To demonstrate the e�ectiveness of our proposed Doppler frequency estima-

tion method across varying amplitudes of Doppler frequency signals introduced

by a target, we positioned a target at a distance of 3m and an angular location

of -30 degrees, characterized by� 1 = 1+ jp
2

and � 2 = � 1
2 . We explored two sce-

narios: In the �rst case, we setf d1 = 4Hz and f d2 = 1Hz, while in the second

case, we con�guredf d1 = 1:5Hz and f d2 = 1Hz. In Figure 5.18, we conducted a

comprehensive comparison of our proposed algorithm against FFT, MUSIC, and

Yule-AR. The �rst row of the �gure shows the simulation results for the �rst case,

where we observe that FFT has broad frequency estimation lobes but can accu-

rately estimate both frequencies. The MUSIC algorithm has narrow frequency

estimation lobes, but it yields two frequency peaks corresponding to a lower am-

plitude frequency component. Notably, the Yule-AR method yields two peaks

with more precise frequency estimation lobes. Therefore, our proposed algorithm

o�ers sharp, impulse-like frequency peaks, thereby surpassing other methods in
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