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Millimeter-wave radars are increasingly integrated into commercial vehicles to support

advanced driver-assistance systems, enabling robust object detection, localization, and

recognition as a crucial component of environmental perception in autonomous driving

systems. This thesis focuses on radar perception algorithm design, incorporating fundamental

signal processing, and novel deep learning applications to address open challenges observed

in autonomous driving.

To tackle challenging conditions for autonomous driving, where optical sensing may be

limited, we propose a novel radar multiple perspectives convolutional neural network (RAMP-

CNN). This model extracts object location and class information from range-velocity-angle

heatmap sequences. To reduce complexity, we combine lower-dimension network models

within our RAMP-CNN, achieving significant performance enhancement. Experimental

results demonstrate superior average recall and average precision compared to prior works in

all testing scenarios. Notably, the RAMP-CNN model exhibits robust performance during

nighttime, showcasing the potential for low-cost radars as substitutes for optical sensing

under adverse conditions.

Current vehicular radar imaging suffers from poor azimuth resolution for side-looking

operation due to antenna size constraints. To address this limitation, we propose a multiple-

input and multiple-output synthetic aperture radar (MIMO-SAR) imaging technique. By

applying coherent SAR principles to vehicular MIMO radar, we enhance the side-view



angular resolution. The proposed MIMO-SAR algorithm employs a 2-stage hierarchical work-

flow, significantly reducing computation load while preserving image resolution. Coherent

processing over the synthetic aperture is enabled by integrating a radar odometry algorithm

to estimate the trajectory of the ego radar. Validation of the MIMO-SAR algorithm is

conducted through simulations and real experiment data collected from a vehicle-mounted

radar platform.

Anti-collision assistance (as part of the current push towards increasing vehicular au-

tonomy) critically depends on accurate detection/localization of moving targets in vicinity.

An effective solution pathway involves removing background or static objects from the

scene, so as to enhance the detection/localization of moving targets as a key component for

improving overall system performance. We present an efficient algorithm for background

removal for automotive scenarios, applicable to commodity frequency-modulated continuous

wave (FMCW)-based radars. Our proposed algorithm follows a three-step approach: a)

preprocessing of back-scattered received radar signal for 4-dimensional (4D) point clouds

generation, b) 3-dimensional (3D) radar ego-motion estimation, and c) notch filter-based

background removal in the azimuth-elevation-Doppler domain. The performance of our

algorithm is evaluated using both simulated data and experiments with real-world data. By

offering a fast and computationally efficient solution, our approach contributes to a potential

pathway for challenges posed by non-homogeneous environments and real-time processing

requirements.

Overall, this thesis contributes to the advancement of autonomous driving systems by

introducing efficient and enhanced radar perception techniques. The proposed algorithms

address critical challenges, paving the way for safer and more reliable autonomous vehicles

in diverse and complex driving environments.
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Chapter 1

INTRODUCTION

1.1 Background

Road accidents, primarily caused by human errors, contribute to approximately 94% of all

accidents, as reported by the National Highway Traffic Safety Administration (NHTSA) in

a recent technical report [2]. In response to this concerning statistic, autonomous driving

systems (ADSs) have emerged as a promising solution with the potential to mitigate accidents,

reduce emissions, improve transportation for the mobility-impaired, and alleviate driving-

related stress [3]. The widespread deployment of ADSs is projected to yield substantial

annual social benefits, estimated to reach nearly $800 billion by the year 2050. These benefits

encompass congestion reduction, decreased energy consumption, fewer road casualties, and

increased productivity resulting from the reallocation of driving time [4, 5].

The Society of Automotive Engineers (SAE) has defined a comprehensive hierarchy

of five driving automation levels [6, 7]. This hierarchy begins with Level-0, indicating no

automation, and progresses through Level-1, characterized by primitive driver assistance,

such as adaptive cruise control and anti-lock braking systems. Level-2 represents advanced

driver-assisted systems (ADAS) with features like emergency braking and collision avoidance.

Level-3 involves conditional driving automation with human-in-loop override. Level-4 entails

full automation in limited conditions, typically requiring special infrastructure or detailed

maps, while Level-5 signifies full automation in all conditions [5, 8]. Presently, most car

vendors offer Level-2 automation, exemplified by General Motors’ Super Cruise and Tesla’s

widely recognized Autopilot [9]. Mercedes-Benz and Audi have taken the lead with Level-3

vehicles available to the public. Audi’s Traffic Jam Assist enables drivers to disengage

from driving under certain conditions, and Waymo operates at Level-4 autonomy in select

testing markets, allowing vehicles to navigate alongside other road users without human

intervention.



2

However, achieving Level-4 and 5 driving automation in complex urban road networks

poses significant challenges. The dynamic and unpredictable nature of environmental

variables, including weather conditions and the behavior of surrounding objects, presents

formidable obstacles. In response to these challenges, autonomous vehicles incorporate

a diverse array of sensors and vehicle-to-vehicle (V2V) communication [10–14] (or other

wireless IoT techniques [15–21]) to empower their perception systems with a comprehensive

understanding of the complex and evolving environment. The performance and utilization of

these integrated sensors play a crucial role in ensuring the safety and feasibility of automated

driving vehicles [22]. Nonetheless, the growing number of sensors also raises concerns

regarding hardware costs [23].

In the realm of autonomous vehicles, a multitude of sensors, including cameras, LiDARs,

and radars, are strategically mounted on vehicles, earning them the distinction of ”smart”

sensors due to their ability to provide target tracking, event descriptions, and other relevant

information as part of their output [22]. Each sensor type offers unique advantages and

contributes to the comprehensive perception system of autonomous vehicles. Cameras, known

for their cost-effectiveness, play a pivotal role in detecting both moving and static obstacles

within their field of view, offering high-resolution images of the surrounding environment.

This capability empowers vehicles to identify critical elements such as road signs, traffic

lights, road lane markings, barriers, and various objects, especially relevant in off-road

driving scenarios. LiDAR, on the other hand, operates based on emitting pulses of infrared

beams or laser light, which then reflect off target objects. Its superiority lies in its high

measurement range and accuracy, resilience to environmental changes, and rapid scanning

speed. As a result, LiDAR has found widespread application in diverse areas, ranging from

autonomous robots, drones, humanoid robots, to autonomous vehicles [22].

Radar, an established technology, employs electromagnetic waves to detect and measure

the range, velocity, and angle of objects in the vehicle’s environment. Distinguished by its

weather resistance and independence from illumination conditions, radar stands as a reliable

and robust sensing modality for autonomous vehicles. Moreover, mmWave radar provides

fine Doppler resolution and precise estimation for moving targets. Despite its relatively

coarse resolution compared to cameras, radar sensors compensate for this limitation by
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synergistically integrating data from other sensors, such as cameras and LiDAR, thereby

enhancing object recognition capabilities [23].

To enable a reliable and accurate understanding of the environment, this thesis proposal

focuses on using radar perception to address three open challenges observed in autonomous

driving systems.

The first challenge revolves around object detection under various weather conditions.

Inclement weather, such as rain, snow, fog, and harsh sunlight, can significantly impact

the performance of traditional sensors like cameras and LiDAR, which are central to object

detection in autonomous vehicles. These weather-related obstacles can lead to compromised

perception accuracy and decision-making, making it difficult for autonomous vehicles to

reliably navigate through diverse environmental conditions. Addressing this challenge is

crucial for ensuring the safety and effectiveness of autonomous driving systems, necessitating

the development of robust sensor fusion techniques and advanced algorithms that can adapt

and perform optimally in adverse weather conditions.

The second challenge is the limitation of having a low-resolution image of the surrounding

environment. Low-resolution images may lack the necessary level of detail required for

accurate object detection and localization, potentially compromising the safety of passengers

and other road users. Moreover, in complex urban environments with dense traffic and

intricate structures, low-resolution images may not provide sufficient information for precise

path planning and decision-making, leading to suboptimal navigation and increased chances

of collisions or traffic violations. The lack of high-resolution images can severely hamper the

perception capabilities of autonomous vehicles, hindering their ability to operate effectively

and safely in real-world driving scenarios, especially in adverse weather conditions or low-light

situations.

The third challenge lies in complicated stationary backgrounds, particularly in urban

environments, which can create cluttered and visually complex scenes. This clutter can

interfere with the accurate detection and recognition of dynamic objects, making it chal-

lenging for autonomous vehicles to distinguish between moving and stationary elements.

Additionally, complicated stationary backgrounds may lead to false positives in object

detection, potentially causing the vehicle to react inappropriately. Advanced sensor fusion
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Figure 1.1: Outline of our research contributions: (a) Radar object recognition for au-

tonomous driving, (b) MIMO-SAR high-resolution imaging, (c) Static background removal

in vehicular radar.

techniques and sophisticated algorithms are required to effectively differentiate between

static and dynamic elements in urban environments, ensuring accurate perception and safe

navigation in dense urban areas.

By addressing these challenges through the utilization of mmWave radar perception and

developing innovative algorithms, this thesis aims to enhance the perception capabilities

of autonomous driving systems, making them more robust, reliable, and safe in various

environmental conditions and complex scenarios.
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1.2 Summary of Research Contributions

In the deployment of fully autonomous vehicles, numerous challenges arise across perception,

decision-making, and control domains. In this thesis, we specifically delve into the role of

mmWave radar within the autonomous system and explore its potential in addressing the

open challenges faced by autonomous driving systems, with a particular focus on perception.

To ensure a reliable and accurate understanding of the environment, this thesis centers on

addressing three key perception challenges through the utilization of mmWave radar, as

shown in Fig. 1.1.

Enhanced Perception in Adverse Conditions: Adverse environmental conditions, such

as nighttime, glaring sunlight, snow, rain, or fog, can significantly impact optical sensing

capabilities. To maintain robust perception under such challenging circumstances, we

propose a novel radar multiple perspectives convolutional neural network (RAMP-CNN).

This network extracts crucial information, including the location and class of objects, by

further processing the range-velocity-angle heatmap sequences from mmWave radar. By

employing a combination of lower-dimensional network models, we achieve remarkable

performance enhancement while managing complexity. The proposed RAMP-CNN aims

to deliver semantic environment perception comparable to optical sensors, even in adverse

conditions.

Improved Side-View Angular Resolution: Present-day vehicular radar imaging often

suffers from poor azimuth resolution during side-looking operation due to limitations in

antenna size and placement. To overcome this limitation and enhance side-view angular

resolution, we introduce a novel multiple-input and multiple-output synthetic aperture radar

(MIMO-SAR) imaging technique. By applying coherent SAR principles to vehicular MIMO

radar, we improve imaging capabilities and address the challenge of poor azimuth resolution.

The proposed MIMO-SAR algorithm employs a 2-stage hierarchical workflow, significantly

reducing computation load while preserving image resolution. We also integrate a radar

odometry algorithm to enable coherent processing over the synthetic aperture, ultimately

providing improved side-view imaging for enhanced perception.

Efficient Background Removal in Dense Traffic Scenarios: Image understanding within
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complex and dense traffic environments presents significant challenges for autonomous

driving systems. In these scenarios, removing background or static objects becomes crucial

to enhance the detection of moving targets and improve overall system performance. To

address this challenge, we present an efficient algorithm for background removal in automotive

radar applications, specifically utilizing frequency-modulated continuous wave (FMCW)

radar. Our algorithm follows a three-step approach, involving radar signal preprocessing,

robust 3D ego-motion estimation, and notch filter-based background removal in the azimuth-

elevation-Doppler domain. By efficiently removing background clutter, our approach enhances

perception within complex traffic scenarios and offers a fast and computationally efficient

solution suitable for real-time processing requirements [24].

In this thesis, we explore the capabilities of mmWave radar in addressing these perception

challenges, aiming to contribute to the advancement of autonomous driving technology. By

leveraging the strengths of mmWave radar and innovative algorithm design, we seek to

improve the safety, reliability, and efficiency of autonomous vehicles, thereby bringing us

closer to the realization of fully autonomous driving in diverse and challenging environments.

In addition to the research work related to the thesis, several non-thesis research projects

that contribute to the field of radar perception and autonomous driving systems have

been undertaken. One such project involved presenting basic radar signal processing

algorithms and setting up an experimental testbed [25,26]. This work laid the foundation

for understanding radar signal processing techniques and their application in real-world

scenarios. Another significant contribution is the development of an updated testbed featuring

Texas Instrument’s mmWave cascaded-chip 2D-array radar, along with corresponding signal

processing algorithms [27]. Furthermore, I have demonstrated expertise in the development

of an open carry and concealed object detection system based on the cascaded-chip radar

platform [28]. This research endeavor highlights the practical application of radar perception

in security-related scenarios, showcasing the versatility of radar-based systems beyond

autonomous driving. Besides, I have shown interest in autonomous driving occupancy

representation and automotive radar cognition [29–31]. These interests indicate a holistic

approach to advancing the field of autonomous driving, encompassing both perception and

decision-making aspects. Moreover, my efforts in sharing open-source radar datasets (raw
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I-Q data) [32, 33] collected using 77GHz FMCW radar showcase a commitment to fostering

collaboration and facilitating progress in the field. These datasets serve as valuable resources

for researchers to validate and refine various radar algorithms in real-world driving and

indoor scenarios, further contributing to the advancement of autonomous driving systems.

Outside the realm of autonomous driving, I possess a keen interest in the domain of edge

computing. Specifically, I am drawn to the intricate dynamics of mobile edge computing

networks (MEC), where my focus lies in the intricate interplay of caching, pushing, and

computing, seeking avenues for joint optimization [34,35].

1.3 Thesis Outline

The remainder of this thesis is organized as follows. In Chapter 2 of this thesis, we proposed

an enhanced automotive radar object detection system. In Chapter 3 of this thesis, we

propose a hierarchical high-resolution imaging algorithm for side-looking MIMO-SAR radar.

In Chapter 4 of this thesis, we propose a static background removal algorithm in the

complicated driving environment for vehicular radar. In Chapter 5, we conclude this thesis

and point out the future directions of interest. This thesis includes the material in the

author’s previous papers published on IEEE [25,27,36,37] 1 and arXiv [24].

1.4 Conventions and Notations

Throughout this thesis, we use (·)−1, (·)T , (·)∗, (·)H to represent inverse, transpose, conjugate,

and conjugate transpose. x, x, and X denotes the scalar, vector, and matrix respectively.

Tr(•) denotes the trace. ⌈•⌉ and ⌊•⌋ denote integer round up and down.

1In reference to IEEE copyrighted material which is used with permission in this thesis, the IEEE does
not endorse any of University of Washington’s products or services. Internal or personal use of this
material is permitted. If interested in reprinting/republishing IEEE copyrighted material for advertising
or promotional purposes or for creating new collective works for resale or redistribution, please go to
http://www.ieee.org/publications standards/publications/rights/rights link.html to learn how to obtain a
License from RightsLink.
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Chapter 2

ENHANCED AUTOMOTIVE RADAR OBJECT DETECTION

2.1 Motivation

In challenging conditions - nighttime, glaring sunlight, snow, rain, or fog - the utility of pure

optical sensing (camera and lidar) is diminished [38]; hence the primary objective of this

work is to enable low-cost mmWave radar as a potential substitute. To achieve this, radars

should deliver semantic environment perception close to what optical sensors provide. The

analog-to-digital converted (ADC) raw data of FMCW radar has 3 dimensions: samples (fast

time), chirps (slow time), and receivers), which can be mapped to the 3D radar cube with 3

new dimensions: range, Doppler velocity, and angle. In this work, we adopt the 3-DFFT

[25] to obtain the 3D radar cube that is named the range-velocity-angle (RVA) heatmap1.

The small form factor of TI 77 GHz boards - while a desirable feature - limits the number

of antennas that can be integrated, resulting in poor angular resolution. Specifically, two

targets at the same distance and radial velocity are not resolved in angle if separated by

less than resolution beamwidth; even if resolvable, the spatial dimension is not well-defined.

Hence to achieve reliable object recognition using such hardware, [25, 39] have sought to

exploit the unique movement patterns over time for different classes of objects, i.e. rely on

temporal patterns over multiple frames rather than spatial discrimination from single-frame

data. While several prior works [25, 39–42] explore radar object recognition with various

input data formats using neural network (NN), none has ever combined the spatial and

temporal domain information, i.e., by jointly processing the 3D radar cube sequences (from

multiple frames). Our fundamental contribution is a deep learning network design with 3D

radar cube sequences as input that approaches performance upper bound by exploiting all

available information. However, it is impractical to implement 4D (3D from radar cube plus

1In general, by the heatmap we refer to the complex image resulting from the FFT operations. When
for visualization purposes, we take the amplitude value of the complex heatmap. In this work, the angle
represents the azimuth angle if not specified.
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time sequences) convolution processing as the resulting computation complexity exceeds any

known CNN models. Therefore, we propose to combine several lower-dimension (3D) models,

which nonetheless exceed the performance of prior methods with acceptable computation

complexity. Basically, each 3D radar cube (RVA heatmap) is sliced into 2D images from 3

perspectives, that is, range-angle (RA) heatmap, range-velocity (RV) heatmap, and velocity-

angle (VA) heatmap. The RA, RV, and VA heatmap sequences are then processed by three

parallel DL models to generate different feature bases, which are fused to make the object

recognition decision. We name the above radar network architecture RAMP-CNN.

Supervised learning methods need a huge amount of training data and corresponding

ground truth labels, a challenge for every deep learning (DL)-based approach. In particular,

human labeling of radar data is unreliable even in good conditions, in contrast to labeling

camera images. To solve this problem, we propose to set up a vehicular radar-camera system

to collect synchronized radar data and camera images for building the UWCR dataset.

Cameras are used for teaching radars the locations (range and angle) and classes of objects

under good light and weather conditions, which is achieved by implementing the object

detection and depth estimation algorithm on captured images. To further improve the

performance of the RAMP-CNN model, we propose the following two modifications to avoid

overfitting in the training stage, which have been validated in the ablation study.

Radar data augmentation algorithms: Data augmentation encompasses a suite of

techniques that enhance the size and quality of training datasets such that better DL models

can be built. Traditional image augmentation algorithms include geometric transformations,

color space augmentations, mixing images, etc. We propose 4 basic data augmentation

operations - flipping, translating, interpolating, and mixing - that work for radar data

by accounting for radar imaging physics: energy loss with range and nonuniform angular

resolution12.

New loss function design: The feature basis from the RA, RV, and VA input -

named RA, RV, and VA features respectively - are fused within the feature fusion module.

When fusing, RA features remain unchanged while RV and VA features are mapped to

the range-angle domain. The resulting issue is that NN may well give more weight to the

straightforward and accessible RA features than other velocity-based features, leading to
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overfitting. Therefore, to push NN to effectively utilize RV and VA features, we add a new

term - that only takes RV and VA inputs - to the original loss function.

In summary, the main contributions of this chapter are four-fold:

• Design a novel temporal-spatial RAMP-CNN model that jointly processes the 3D

radar cube sequences to achieve superior performance than all prior works, as validated

by extensive testing with our UWCR dataset. The proposed RAMP-CNN model is

validated to work robustly in the nighttime, where cameras (and other passive optical

sensors) are largely ineffective.

• For training the RAMP-CNN model, we propose and establish a vehicular radar-camera

system that uses cameras to teach radars the locations and classes of objects under

good light and weather conditions.

• To avoid overfitting in the training stage, we propose the modified data augmentation

algorithms suitable for radar data and design a new loss function that pushes the

RAMP-CNN model to utilize more velocity-related features.

2.2 FMCW Radar Signal Model and Processing

2.2.1 Frequency-Modulated Continuous Wave (FMCW) Radar

FMCW radar transmits a periodic wideband linear frequency-modulated (LFM, also called

chirps) signal as shown in Fig. 2.1. The transmit (TX) signal is reflected from targets and

received at the radar receiver. FMCW radars can detect targets’ range and velocity from the

receive (RX) signal using the stretch or de-chirping [25] processing structure in Fig. 2.2. The

mixer at the receiver multiplies the RX signal with the TX signal to produce an intermediate

frequency (IF) signal. At the receiver end, the IF signal is passed into an anti-aliasing

low-pass filter (LPF) and an ADC for the following digital signal processing.

2.2.2 Signal Model

The source transmits a sequence of Nc chirps (with chirp duration Tc) that constitute a frame

of duration Tf, as shown in Fig. 2.1. With carrier frequency fc, sweep slope Sw, amplitude
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Figure 2.1: The transmitted FMCW chirps and corresponding return signal.

AT, and initial phase ϕ0, the FMCW transmit signal for chirp 0 is given by [43]:

sT(t) = AT cos

(
2π

(
fct+

1

2
Swt

2

)
+ ϕ0

)
(2.1)

For a target at distance r from radar, the delayed return of the transmitted signal

corresponding to the round-trip delay τ = 2r
c0

is given by sR(t) = sT(t− τ), where c0 is the

speed of light. In the receiver chain shown in Fig. 2.2, the received signal sR(t) is mixed with

the transmitted signal sT(t) to obtain the de-chirped signal which is applied to a low-pass

filter to filter out the high-frequency component and retain the difference signal [44]. The

resulting intermediate frequency (IF) signal [45] corresponding to chirp 0 is given by:

sIF(t) =
ATAR

2

 cos

[
2π

(
Swτt+ fcτ − 1

2
Swτ

2

)] (2.2)

Consider the scenario shown in Fig. 2.3, where the vehicle-mounted radar is assumed

to have a constant velocity vs = (vx, vy) relative to the stationary target within a frame2,

and vx, vy are the velocity components along x- and y-direction. The radar is assumed

located at the origin at t = 0 without loss of generality; at time t, the distance be-

tween radar location (xs(t), ys(t)) and that of stationary target (xtg, ytg) is given by r(t) =√
(vxt− xtg)2 + (vyt− ytg)2.

2We assume the vehicle-mounted radar motion is linear over the (short) frame Tf [46]. For different frames,
the velocity can be different, as when the trajectory is non-linear.
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Figure 2.2: The receiver chain for FMCW radar.

For very short chirp duration Tc (a few microseconds), the round-trip delay is assumed

fixed for each chirp and therefore can be represented as τn = 2r(nTc)
c0

for chirp n. Across

chirps within a frame, τn can be expressed as a linear approximation with the relative radial

velocity vr (see Fig. 2.3, where vr is velocity component projected onto the radial direction

θ) [47], i.e.,

τn = τ0 −
2vrnTc

c0
(2.3)

where τ0 =
2
√

x2
tg+y2tg
c0

is the round-trip delay for chirp 0.

For the above scenario, the quadrature ADC samples of the IF signal of chirp n is given

by sIF(i, n), where i is the index of ADC samples within a chirp (see Fig. 2.2). The samples

sIF(i, n) are obtained by replacing t and τ in Eq. (2.2) with i/fs and τn, where fs is the

ADC sampling frequency [47].

sIF(i, n) =
ATAR

2
exp

(
j2π

(
Swτn

i

fs
+ fcτn − 1

2
Swτ

2
n

))
(2.4)

For the MIMO radar with NTx transmitters and NRx receivers, we can create a NTxNRx-

element virtual array via transmitting orthogonal waveforms. Therefore, the ADC-sampled

IF signal Eq. (2.4) is extended for virtual MIMO operation as follows: for Rx q of the virtual

array, we add a phase term 2πqh sin θ/λ corresponding to the far-field target’s angle of

arrival θ [48, 49] into Eq. (2.4).

sIF(i, n, q) =
ATAR

2
exp

(
j2π

(
Swτn

i

fs
+ fcτn − 1

2
Swτ

2
n +

qh sin θ

λ

))
(2.5)
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Figure 2.3: The illustration of the scenario for a moving radar within one frame.

where h is inter-Rx distance of virtual array (h = λ/2).

2.2.3 Range, Velocity and Angle Estimation

We operate the 3-dimensional fast Fourier transform (3D-FFT) - Range FFT, Velocity FFT,

and Angle FFT - on the digitized IF signal Eq. (2.5) to estimate the range, Doppler velocity,

and azimuth angle spectrums. The obtained 3D spectrum is named Range-Velocity-Angle

RVA cube.

Range Estimation

The IF signal has a beat frequency fb = Swτn, where τn is related to the distance to the

target. To estimate the beat frequency, a fast Fourier transform (Range FFT) is used to

convert the time domain IF signal into the frequency domain [25]; the peaks in the resulting

spectrum (or range profile) can be transformed to the distance of target. The Range FFT

implemented on chirp n and receiver q is given by SR(mr, n, q) = F{sIF(i, n, q)}, where mr

is the range bin. The range resolution is determined by the swept RF bandwidth B with

the well-known equation Rres =
c0
2B .
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Velocity Estimation

According to Eq. (2.3) and Eq. (2.4), the relative radial velocity vr will cause a Doppler

phase shift ∆ϕv = 4πvrTc
λ in IF signal between consecutive chirps. Hence, a fast Fourier

transform (Velocity FFT) is executed across chirps to estimate phase shift and then transform

it to velocity [25]. The Velocity FFT performed on the range profile is expressed as

SRV(mr,mv, q) = F{SR(mr, n, q)}, where mv is velocity bin. The velocity resolution of this

method is given by Vres =
λ

2NcTc
[50], where Nc is number of chirps in a frame.

Angle Estimation

The return from a target located at angle θ (far field) results in a steering vector with

fixed phase shift ∆ϕθ =
2πh sin θ

λ for a uniform linear array [49]. Then the angle estimation

can be conducted by a fast Fourier transform (Angle FFT) across the signal over the Rx

elements [25, 51]. The Angle FFT is represented as SRVA(mr,mv,mθ) = F{SRV(mr,mv, q)},

where mθ is azimuth angle bin. The angle resolution for MIMO radar is θres =
λ

NTxNRxh cos θ

[50]. For non-stationary targets, the motion-induced phase errors should be compensated

before Angle FFT on the virtual Rx elements corresponding to the second Tx in the case of

TDM-MIMO [51]. According to [52], these are corrected via phase compensation of ∆ϕv
2

(half the estimated Doppler phase shift), which can be obtained from the Velocity FFT

results.

2.2.4 MIMO and Virtual Array

The MIMO radar is efficient in improving angular resolution by forming a virtual array and

increasing valid antenna aperture. This is achieved by sending orthogonal signals on multiple

TX antennas, which enables the contribution of each TX signal to be extracted at each RX

antenna. Hence, a physical TX array with NT elements and RX array with NR elements will

result in a virtual array with up to NTNR unique (non-overlapped) virtual elements [53].

The virtual array is located at the spatial convolution of TX antennas and RX antennas, i.e.,

convolution produces a set of virtual element locations that are the summed locations of

each TX and RX pair. To reduce array cost (fewer physical antenna elements), non-uniform
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Figure 2.4: The architecture of RAMP-CNN model.

arrays spanning large apertures have been proposed, e.g., the minimum redundancy array

(MRA) [27,54].

When performing angular estimation on a MIMO virtual array, the motion-induced

phase errors (i.e., for non-stationary targets) should be compensated on virtual elements

before performing Angle FFT. The motion-included phase difference has to be considered

under the time-division multiplexing (TDM) scheme because of the switching time between

the transmitters. The correction of phase error can be done via compensation of half the

estimated Doppler phase shift (∆ϕv/2) obtained from the Velocity FFT results [52].

2.3 RAMP-CNN model: A Convolutional Neural Network for Radar Data

2.3.1 3-Perspectives Autoencoders Design

As shown in Fig. 2.4, the main body of the RAMP-CNN architecture is composed of 3

convolutional autoencoders. These autoencoders extract features from the heatmap sequences

of different perspectives: RA, RV, and VA.

Why Convolutional Autoencoder: CNNs are known for excellent feature extractors

in some tasks, e.g., object detection, and segmentation. The convolutional autoencoders

(CAE) - consisting of an encoder and a decoder - render a compact feature representation of

the input, by learning the optimal filters that minimize the reconstruction error [55,56]. The
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output feature representation/basis is the same size grid as the input and the cell value of the

grid is the feature strength. Each (input) image-plane pixel location maps to multiple feature

grid indices. Thus, operations such as weighted-sum followed by a suitable non-linearity on

the feature grid cells can be used to determine the presence of particular-type objects at

one location. The parameters for such operations (i.e., weights and bias) can be trained by

suitable NN iteration.

The Physical Significance of Network Design: The first CAE processes the complex-

valued RA heatmap sequences with 3D conv layers and transposed conv layers. Similar

to [42], we pick one RA heatmap from each frame to form the heatmap sequences, and

the singled out RA heatmap is obtained by computing Range FFT and Angle FFT at an

arbitrarily selected chirp3. For the RA heatmap sequences input, those 3D convolution

operations take advantage of not only the object’s spatial patterns in a single frame but

also the temporal information behind the change of spatial patterns across frames. Some

aspects of spatial patterns - like the distribution of reflection intensity - directly contribute

to object recognition, e.g., larger objects (vehicles) contain stronger-reflectors than small

objects (humans). Across multiple frames, the convolution in time would utilize the temporal

information behind the change of spatial patterns. As the RA heatmap input is with the

complex-valued format, the temporal information can be expressed as the change in both

amplitude and phase. The phase change of mmWave signal along time is sensitive to the

object movement, e.g. 1mm position movement results in phase shift ∆ϕ = π for 77 GHz

radar. While the sampling rate of RA heatmap input is a bit lower (30 FPS), we believe the

embedded phase shift would still be beneficial.

The second and third CAE process the absolute-value RV and VA heatmap sequences

respectively. The RV and VA heatmaps are calculated from the original RVA heatmap by

summing the power over the omitted dimension. What two CAEs have in common is: in

a single RV or VA heatmap, they extract features from the distribution of range-velocity

or velocity-angle cells; while across multiple heatmaps, they extract an object’s movement

patterns from the change of radial velocity with time. These two CAEs essentially utilize

3For the range bin where there exist CFAR detections, we compensate the Doppler phase shift with its
maximum-intensity velocity (obtained from the range-velocity spectrum).
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Figure 2.5: Details of Convolutional AutoEncoder (CAE), consist of six 3D conv layers and

three 3D transposed conv layers.

the abundant velocity-based information behind the phase change across chirps within each

frame, which is the biggest difference from [42].

Network Details: We adopt the 3D Convolutional-De-Convolutional [55] (shown in

Fig. 2.5) model as our CAE, which is effective in summarizing spatiotemporal patterns

from raw data into high-level semantics. Each CAE includes six 3D conv layers and three

3D transposed conv layers. All 3D conv layers are followed by a bn (batch-normalization)

layer and the relu activation function. The first two 3D transposed conv layers are followed

by the prelu activation function. The layer details (including parameter selection) of CAE

are presented in Fig. 2.5. For illustration, the first blue cuboid part in Fig. 2.5 represents

the 3D conv layer and a bn layer. The kernel size of the 3D conv layer is (9, 5, 5) and the

number of output feature channels is 64. To preserve the phase information in RA heatmap

input, we represent complex-valued heatmap by two real-valued channels that store the real

and imaginary parts following [57]. While for RV and VA heatmap inputs, it suffices to only

keep the absolute value and use the one-channel representation.

2.3.2 Feature Fusion Module

The feature basis extracted from RA, RV, and VA inputs all support the final classification

decision. Our final output is expressed as an image in the RA domain, which means the RA

feature can be directly inputted into the network to obtain the corresponding RA-format
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Figure 2.6: The structure of feature fusion module.

output. The key issue is how to further use RV and VA features to support an improved

final classification. This is similar to initial human perception using the visual sensor (eyes)

supported by supplementary sense organs (ears, nose) for final determination. A person with

impaired eyesight will rely more on other sensors, e.g. acquire initial angle information/feature

via the ear4. The above analogy applied to radar processing suggests how to use the VA

feature - which provides good azimuth angle information and no range information. As shown

in Fig. 2.6, the VA feature is condensed along the velocity dimension by summing, then the

condensed vector is replicated in the missing dimension - range. Similarly, we replicate the

RV feature along the angle dimension. Thereafter, we concatenate all features along the

channel dimension and input them into the deep network for classification decisions.

Convolution Layers after Feature Fusion Module: There are two conv layers that

take as input the fused features and make recognition decisions: one 3D inception layer, and

one ordinary 3D conv layers with kernel size (3, 3, 3). Note that the ordinary conv layer

operates on time, range, and angle dimension, while the inception layer operates on channel,

range, and angle dimension of fused features. To avoid collapsing the time dimension on the

4The ear does not provide good range localization, and hence suggests an equal probability prior to the
range.
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Figure 2.7: The framework of camera teaching radar for the training stage.

inception layer, we repeat the operation on each timestamp and concatenate all inception

results along the time dimension. The 3D inception layer includes 3 convolution kernels: (3,

5, 5), (3, 3, 3), (3, 1, 21). The first two kernels allow NN to take advantage of multi-level

feature extraction, i.e. it extracts both general 5× 5 size feature and local 3× 3 size features.

The last kernel with dilation 6 is used to push the NN to observe a larger area in angle -

hence to solve the false alarm problem on the side-lobes5. We make it dilated convolution

- with angular kernel size 21 and dilation 6 - to cover almost all angle cells, as well as to

reduce complexity.

2.3.3 Camera Supervision

The established radar camera system generates synchronized camera images and raw radar

data. As shown in Fig. 2.7, we apply the object detection [58] and depth estimation [59]

algorithm on captured camera images to obtain the locations (i.e., range and azimuth angle)

and classes of all objects of interest in the scene. Under good light and weather conditions,

the obtained information from cameras is treated as ground truth for supervising the output

of RAMP-CNN. Note that camera-assisted radar learning only happens in the training stage,

5The side-lobe in radar heatmap is easy to be recognized as objects of a certain class. This is because the
convolution-kernel operators of CAEs do not force each feature to be global (i.e., to span the entire visual
field) [56].
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while in testing, radar acts independently. To ease the training burden, we use the center key

point to represent the existence of objects following [60]. For each ground truth center point

p with location (pr, pθ), class id pc and frame id pt, we compute its Gaussian representation:

Yt,r,θ,c =


exp(− (r−pr)2+(θ−pθ)

2

2σ2
p

) if c = pc and t = pt

0 otherwise

(2.6)

where σp is an object size-adaptive standard deviation. We then splat all ground truth center

points onto Y ∈ [0, 1]D×W×H×C , and take the element-wise maximum if two Gaussians of

the same class and same frame overlap6. Y is used as the ground truth in the loss function.

2.3.4 Loss Function for All-perspectives Learning

Let XRA, XRV, XVA be the input RA, RV, and VA heatmap sequences, the aim of RAMP-

CNN model is to predict center-point heatmap sequences Ŷ ∈ [0, 1]D×W×H×C in RA domain,

where Ŷt,r,θ,c = 1 corresponds to a detected center point at range r, azimuth angle θ, frame

t and class c, while Ŷt,r,θ,c = 0 represents background. The prediction Ŷ includes a map

for every frame time. The center point types of each map include C = 3 classes of objects:

pedestrian, cyclist, and car. For the prediction Ŷ and ground truth Y , the training objective

is a modified penalty-reduced pixel-wise logistic regression with focal loss [61,62]:

LŶ Y =
−1

Nobj

∑
t

∑
r

∑
θ

∑
c

l(Ŷt,r,θ,c, Yt,r,θ,c),

where l =



κ(1− Ŷt,r,θ,c)
α log(Ŷt,r,θ,c) if Yt,r,θ,c = 1

κ(1− Yt,r,θ,c)
β(Ŷt,r,θ,c)

α log(1− Ŷt,r,θ,c) if Yt,r,θ,c = 0

and Yt,r,θ,c̄ > 0

(1− Yt,r,θ,c)
β(Ŷt,r,θ,c)

α log(1− Ŷt,r,θ,c) otherwise

(2.7)

where α and β are hyper-parameters of focal loss [62], and Nobj is the number of objects

in ground truth. The normalization by Nobj is chosen to normalize all positive focal loss

instances to 1. Compared to [62], we add a new scalar hyper-parameter κ, which put more

6The symbols D, W , H and C here represent the size of Y on time, range, azimuth angle, and class
dimension respectively.
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Figure 2.8: The loss function for all-perspectives supervision.

loss/focus at the region where objects exist to shorten the training time. In this work, we

choose κ = 4, and following [61], we use α = 2 and β = 4 in all our experiments.

When designing the loss function, we also take into account the fact that NN may well

give more weight to the straightforward and accessible RA features than other velocity-

based features, leading to overfitting. This point can be illustrated with the above human

perception example again. A person with unimpaired eyesight will not rely much on the

other sensors (ears, nose), thus resulting in weaker supplementary function compared to a

person with impaired eyesight7. The above analogy applied to loss function design suggests

how to make NN fully utilize all three perspectives (RA, RV, and VA) and particularly

enhance the supplementary function provided by RV and VA perspectives. We add a new

loss constraint LŶ ′Y besides the original loss term LŶ Y mentioned above. To obtain LŶ ′Y ,

we set XRA = 0 in the new loss term, i.e. we input X = (0, XRV, XVA) to the NN Pw(Y |X)

7To train this supplementary function for a non-disabled person, it is better to create a situation where
eyes are not working, e.g., blindfolding
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again such that getting the new prediction Ŷ ′. Then Ŷ ′ is also supervised by ground truth

Y with Eq. (2.7) to obtain LŶ ′Y .

The final loss is the weighted sum of two terms:

Lloss = LŶ Y + γLŶ ′Y (2.8)

where γ is the hyper-parameter to balance two terms, chosen to be γ = 0.5 in this work.

2.4 Radar Data Augmentation Algorithms

Many image data augmentation algorithms have been proposed to increase the amount

of relevant data and prevent the NN from overfitting, thus essentially boosting overall

performance. However, most of the existing data augmentation algorithms cannot be applied

to the radar data because of a few key differences from traditional RGB images - complex

inputs, energy loss with range, and nonuniform resolution in the angular domain. In this

subsection, we focus on 4 basic data augmentation operations and explain how to apply

them to radar data: flipping, translating, interpolating, and mixing.

Horizontal Flipping: The horizontal flipping operation will swap the left and right

parts of the processed 3D radar cube along the azimuth angle dimension. This operation

can be applied to radar data directly as to images because radar has symmetric properties

(resolution and antenna gain) in the angular domain.

Translating in Range: With the translating in range operation, we will do a pre-defined

range shift ∆r for all objects in the RA domain. As shown in Fig. 2.9, for the first step, we

transform the polar-coordinates8 (r, θ) radar data into the uniform Cartesian-coordinates

(x, y) radar data with the well-known projection: x = r sin θ, y = r cos θ. This relation is

nonlinear, therefore the new cell in Cartesian coordinates is not rectangular, interpolation

and down-sampling operations are needed to sample the Cartesian plane uniformly. Assume

a target at location (r1, θ1) with corresponding Cartesian coordinates (x1, y1), and the

distance from target to radar boresight is fixed even with range shift. Then, the range

shift ∆r for this target is equivalent to the shift y-axis while keeping the x-axis fixed in the

8The processed 3D radar cube is represented as the polar-coordinates format in the RA domain, which is
non-uniform for the representation of objects.
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Figure 2.9: The design of translating in range and angle.

Cartesian plane. This maps the previous cell (x1, y1) to the new cell (x′1, y
′
1) with relation:

x′1 = x1, y
′
1 =

√
y21 +∆r2 + 2∆rr1, where r1 =

√
x21 + y21, and r′1 =

√
x′1

2 + y′1
2 = r1 +∆r.

It is easy to prove that the above projection operations can be approached by changing

the phase across antennas:
ϕr′1,q

ϕr1,q
=

qd sin θ′

qd sin θ
=

r1
r1 +∆r

(2.9)

where ϕr1,q is the original phase for range r1 and qth Rx, ϕr′1,q
is the phase for projected

range r′1 and qth Rx.

Meanwhile, the energy loss due to range shift needs to be compensated according to the

radar range equation [63]:

Ax1,y1

Ax′
1,y

′
1

=

(
r′1
r1

)2

=

(
r1 +∆r

r1

)2

(2.10)

where A is the signal amplitude.

The details of deriving the relationship for translating the range dimension are presented

in Appendix A.1.

Translating in Angle: With the translating in angle operation, we will do a pre-defined

angle shift ∆θ for all objects in the RA domain. The angle shift in the polar plane is equivalent

to the rotation around the origin in the Cartesian plane. Therefore, as shown in Fig. 2.9,
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after transforming to the Cartesian-plane data, we use the following relation to map the

target in cell (x1, y1) to the new cell (x′1, y
′
1): x′1 = r1 sin (θ1 +∆θ) , y′1 = r1 cos (θ1 +∆θ),

where θ1 = arctan (x1
y1
), and θ′1 = arctan (

x′
1

y′1
) = θ1 +∆θ. If there is no more than one target

in a range bin, we can approximate the above projections with shifting ⌊Nθd(sin θ1−sin θ′1)
λ ⌉

cells in the polar-coordinates angular spectrum, where Nθ is the number of points for Angle

FFT. Based on radar range equation [63], we also need to compensate for the antenna gain

(G) loss due to angle shift:

Ax1,y1

Ax′
1,y

′
1

=
Gθ1

Gθ′1

(2.11)

The details of deriving the relationship for translating the angle dimension are presented

in Appendix A.2.

Interpolating: The interpolating operation is to fill in the blanks (the white stripes in

the last two images of Fig. 2.9) left by the translating operation. We utilize the environment

noise for interpolating in order to imitate the situation where there is no object in the blank

area. The environment noise samples are obtained by sorting all data of the 3D radar cube

with amplitude and then taking the bottom (smallest) 5% of it.

Mixing: The mixing operation is to add up two 3D radar cubes that could have been

done with other augmentation techniques - like flipping and translating.

2.5 Experiment

2.5.1 UW Camera-Radar (UWCR) Dataset

A large camera image and radar raw data (I-Q samples post-demodulated at the receiver)

dataset for various objects has been collected for multiple scenarios - parking lot, curbside,

campus road, city road, freeway, etc. - by a vehicle-mounted platform that is driven. In

particular, significant effort was placed into collecting data for situations where cameras are

largely ineffective, i.e. under challenging light conditions. We show the camera images and

radar range-angle heatmaps of several scenario examples in our UWCR dataset in Fig. 2.11,

and present detailed dataset distribution in Table. 2.1.

The data collection platform shown in Fig. 2.10 consists of 2 FLIR cameras (left and right)

and two TI AWR1843 EVM radars [64] with configurations in Table. 2.2. Two radar EVM
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Figure 2.10: Radar-Camera data capture platform: (a) This platform consists of 2 FLIR

cameras and two perpendicular radars from TI - the right radar is with the 1D horizontal

antenna array, and the left one is with the 1D vertical antenna array. (b) Data capture

platform mounted on a vehicle with front view.

boards are placed to form a ‘2D’ antenna array system9 that can provide more abundant

object information. We place one radar array horizontally and the other one vertically to

collect the data from both the range-azimuth angle domain and the range-elevation angle

domain. We only use the radar data from the horizontal array so far, and we will incorporate

the vertical array data into future work. The binocular cameras are synchronized with

radars, and they can provide the location and class of semantic objects after we implement

the Mask R-CNN detection model [58] and unsupervised depth estimation model [59] on the

captured camera images. The semantic object detection results and depth estimation results

generated from cameras are manually calibrated and then saved as the requisite ground

truth for the following training and evaluation.

9Here, ‘2D’ is equivalent to two perpendicular 1-D arrays.

10The training set here doesn’t count the augmented data.

11The nighttime data are not labeled, so we don’t count the number of different classes of objects here.
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Table 2.1: Dataset distribution for training and test

Augmented data Training set10 Testing set

Frames 26462 67198 25098

Included ped. cyc. car 53275, 18840, 18731 55203, 24742, 46446 14541, 7607, 7471

Parking Lot Curbside On-road nighttime

Frames 9900 7200 4398 3600

Included ped. cyc. car 5750, 4501, 2700 3581, 1172, 2039 5210, 1934, 2732 -11

Table 2.2: Parameters and configurations of TI’s AWR1843 FMCW radar [25]

Parameter Calculation Equation Configuration Value

Range resolution (Rres) Rres =
c0
2B = 0.23 m Frequency (fc) 77 GHz

Velocity resolution (Vres) Vres =
λ

2NcTc
= 0.065 m/s Sweep Bandwidth (B) 670 MHz

Angle resolution (θres) θres =
λ

NRxd cos θ
≈ 15° Sweep slope (S) 21 MHz/µs

Max. operating range (Rmax) Rmax =
fsc0
2S = 28.5 m Sampling frequency (fs) 4000 Ksps

Max. operating velocity (Vmax) Vmax = λ
4Tc

= 8.3 m/s Num. of chirps in one frame (Nc) 255

Max. operating angle (θmax) θmax = sin−1
(

λ
2d

)
= 90° Num. of samples of one chirp (Ns) 128

Num. of transmitters, receivers 2, 4

Frame rate (fF) 30 FPS
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Figure 2.11: 8 scenario examples in the collected UWCR dataset: rows 1, 3 are the camera

images; rows 2, 4 are the corresponding radar Range-Azimuth angle heatmaps.

2.5.2 Data Processing

3-DFFT Preprocessing: We implement the 3-DFFT [25] algorithm on the raw I-Q

radar data samples to obtain the RVA heatmap sequences. The FFT on range, angle,

and velocity dimensions are all 128 points. We choose the input frame number M = 16.

Therefore, the size of the preprocessed input data is 128× 128× 128× 16 that corresponds

to [range bins× angle bins× velocity bins× frame number].

Data Augmentation: We implement the proposed data augmentation algorithms on

the processed RVA heatmap sequences, which include flipping, range translating, angle

translating, and mixing the input data. The augmented data is saved locally and only is

used as part of the training data to avoid overfitting.

Training and Test sets: We partition our UWCR dataset into the training set and test

set. Any nighttime scenario data cannot be used in the training set as the corresponding

low-light camera images cannot provide the ground truth labels. So all nighttime data is

placed into the test set for qualitative performance evaluation only, i.e., the performance of

nighttime data isn’t evaluated with numerical metrics. The data distribution for the training,

augmented, and test set are shown in Table. 2.1 (rows 1-3). Note that the training set in

the table doesn’t count augmented data, and the whole training data are the collection of

the training set and augmented data. The test set is divided into 4 scenarios: parking lot,

curbside, on-road, and nighttime. Table. 2.1 also shows their data distribution.
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2.5.3 Experiments

We compare the RAMP-CNN model with RODNet-CDC [42], RODNet-HG [42], the state-of-

art radar object classification models, as well as the CDMC [25], a model that fully exploits

the micro-Doppler signatures of moving objects. We train the RAMP-CNN model and

retrain the RODNet-CDC, RODNet-HG, and CDMC following the below details.

Proposed RAMP-CNN model: We train the RAMP-CNN model on a complete

training set (includes augmented data) with Cyclic learning rate (minimum 5 × 10−6,

maximum 5 × 10−5, and cycle duration 860 iterations) [65], batch size 5 for the first 10

epochs. Then we continue to train the RAMP-CNN model with a Step learning rate (starts

from 5× 10−6, and decays 0.2 every 5 epochs), batch size 4 for the next 24 epochs. We use

the Adam gradient descent optimizer [66] and 1 TITAN RTX GPU for the training of all

experiments. To verify the capability of the proposed radar data augmentation algorithms

(see Section 2.6.2), we also train a new RAMP-CNN model following the same procedures as

above, but without augmented data.

RODNet-CDC and RODNet-HG: We train the RODNet-CDC and RODNet-HG

model with Cyclic learning rate (same as above), batch size 4 for 10 epochs, and then train

them with Step learning rate (same as above), batch size 4 for the following 22 epochs.

The gradient descent optimizer is Adam [66]. The loss function for RODNet-CDC is the

Minimum Square Error (MSE) provided by PyTorch, and the loss function for RODNet-HG

is Cross Entropy. Note that the training set for RODNet-CDC, RODNet-HG, and CDMC

[25] model doesn’t include the augmented data.

CDMC: Following [25], we generated about 1.2× 105 concatenated STFT heatmaps in

total from the training set. By feeding the training STFT heatmaps to the VGG16 classifier,

we trained the model from scratch with the batch size 5, learning rate 1× 10−4 for the first

10 epochs, and learning rate 1× 10−5 for the next 10 epochs. The gradient descent optimizer

is also Adam [66] and the loss function is the Cross Entropy provided by TensorFlow.
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Table 2.3: Performance comparison between different models

Model Overall Parking Lot Scenario Curbside Scenario On-road Scenario

AP AR AP AR AP AR AP AR

CDMC [25] 30.55% 54.79% 65.74% 76.56% 28.68% 53.93% 4.88% 25.76%

RODNet-HG [42] 71.84% 76.03% 93.87% 95.36% 61.65% 70.09% 41.97% 53.04%

RODNet-CDC [42] 71.46% 78.15% 92.72% 95.07% 64.01% 71.97% 46.52% 58.61%

Prop. RAMP-CNN 81.23% 84.25% 97.38% 98.37% 79.25% 84.21% 57.07% 64.85%

2.5.4 Evaluation Metrics

We use the average precision (AP) and average recall (AR) to evaluate performance - using

true positive, false positive, and false negative rates in Eq. (2.12). Here, true positive

(tp) represents correctly located and classified instances, false positive (fp) represents the

false alarm, false negative (fn) represents the missed detection and/or incorrectly classified

instance.

Precision =
tp

tp + fp
, Recall =

tp

tp + fn
(2.12)

We adopt the CFAR [63] and threshold 0.2 to filter out the target center points from

prediction Ŷ . Whether the targets are correctly located is determined by an object size-

adaptive distance threshold, i.e., if the distance between the prediction and ground truth is

smaller than the threshold, we assume the prediction is correctly located.

2.5.5 Evaluation Results

We test the RAMP-CNN under 4 different scenarios: parking lot, curbside, on-road, and

nighttime (See Fig. 2.12 and Fig. 2.13 for testing examples). The parking lot scenario is

manually controlled to have moving and/or static objects in a clear parking lot. For the

curbside scenario, we set up the data collection platform on the curbside and then recorded

multiple moving objects on a clear road. The on-road scenario is more like an autonomous

driving scenario where we drive around and record all objects on the city road. For the
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Figure 2.12: 10 test examples from the parking lot scenario, curbside scenario, and on-

road scenario: Columns 1-3 are the parking lot scenario; Columns 4-6 are the curbside

scenario; Columns 7-10 are the on-road scenario. For each column, the top-row image is

the synchronized camera image for visualization, the second-row image is the corresponding

radar RA heatmap, and the bottom-row image is the visualization of the RAMP-CNN model

results.

Figure 2.13: 3 test examples from the nighttime scenario. The arrangement of this figure is

the same as that in Fig. 2.12.
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nighttime scenario, we collect the data under challenging light conditions where cameras

are largely ineffective. The testing results of RAMP-CNN and other baselines are shown in

Table. 2.3.

The Parking Lot Scenario The parking lot test set has the data of 9900 frames which

contain 5750 pedestrians, 4501 cyclists, and 2700 cars. The parking lot scenario is relatively

easy for the object recognition task as the background is clean and the objects are few. The

RAMP-CNN model achieves nearly perfect performance (97.38% AP, 98.37% AR), and

beat all prior works. We show 3 test examples in Fig. 2.12.

The Curbside Scenario: The curbside test set has the data of 7200 frames which

contain 3581 pedestrians, 1172 cyclists, and 2039 cars. This scenario allows multiple objects

to appear at the same time and some of them to be close so that it is harder than the parking

lot scenario. The AP (79.25%) and AR (84.21%) of the RAMP-CNN model have around

15% improvement over the best results of prior work - RODNet-CDC model (64.01% AP,

71.97% AR). We show 3 test examples in Fig. 2.12.

The On-road Scenario: The on-road test set has the data of 4398 frames which contain

5210 pedestrians, 1934 cyclists, and 2732 cars. This test set is collected from the city-road

driving experiments which include several challenging situations, e.g., the reflections from

the environment, a large number of cars in the field of view, crowded pedestrians, etc. The

RAMP-CNN model obtains 10% improvement in AP and 6% improvement in AR

over the RODNet-CDC baseline. We show 3 test examples in Fig. 2.12.

The Nighttime Scenario: We test the RAMP-CNN under nighttime to support the

objective of this work - advance the cause of radar as a low-cost substitute for optical sensors

that fail under such severe conditions. As shown in Fig. 2.13, the RAMP-CNN model

performs as well as under the daytime scenario, i.e. radar is impervious/robust to sunlight

change. As it is hard to implement ground truth labeling on the nighttime set, we don’t

numerically evaluate the performance here.
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Table 2.4: The performance of RAMP-CNN model for static object scenario and moving

object scenario

Model Static Object Scenario Moving Object Scenario

AP AR AP AR

CDMC [25] 32.34% 50.73% 28.68% 53.93%

RODNet-HG [42] 56.26% 61.36% 61.68% 70.11%

RODNet-CDC [42] 65.02% 69.91% 64.01% 71.97%

RAMP-CNN 67.58% 70.27% 79.25% 84.21%

2.6 Analysis and Ablation study

2.6.1 Impact of adding Temporal information

Compared to prior works, the proposed RAMP-CNN model fully exploits the temporal

information behind the chirps within one frame, as well as the change of spatial information

(range-angle info.) across frames; hence we expect it to essentially achieve performance

improvements for moving objects. To verify this, we choose a part of the data from the parking

lot and curbside scenario, and redivide them into the static object set and moving object set.

We evaluate the performance of RAMP-CNN, CDMC, RODNet-HG, and RODNet-CDC

models on the static object set and moving object set respectively. From the evaluation

results (Table. 2.4), we know that for static object scenario, the performance of RAMP-CNN

(AP around 67%, AR around 70%) in the same level with RODNet-CDC, but much better

than RODNet-HG model; for moving object scenario, there is a performance gap (about 15%

AP and 13% AR) between RAMP-CNN model (AP 80%, AR 84%) and other baselines (AP

around 65%, AR around 71%). The results above verify that the added temporal information

in the RAMP-CNN model is helpful for the recognition of moving objects.
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Table 2.5: Ablation Study

Model Data

Augmen-

tation

New

training

loss

Overall Parking lot scenario Curbside scenario On-road scenario

AP AR AP AR AP AR AP AR

RAMP-CNN ! 76.78% 81.39% 95.91% 97.21% 66.47% 75.83% 52.79% 62.66%

RAMP-CNN ! 76.93% 81.41% 93.90% 95.46% 75.52% 81.81% 54.10% 61.86%

RAMP-CNN ! ! 81.23% 84.25% 97.38% 98.37% 79.25% 84.21% 57.07% 64.85%

2.6.2 Ablation Study

An ablation study refers to removing some “part” or “module” of the model or algorithm,

and seeing how that affects performance. In this subsection, we will study the contribution

of two parts of the RAMP-CNN model - data augmentation and new training loss - to the

performance. Following the training procedure mentioned in Section 2.5.3, we train two

‘incomplete’ RAMP-CNN models - one removes the data augmentation part, and the other

one replaces the proposed training loss with the ordinary focal loss [61, 62]. The trained

models are all evaluated on 4 test sets mentioned above for comparison with the performance

of the ’complete’ RAMP-CNN model (presented in Table. 2.3). The experiment results of

the ablation study are shown in Table. 2.5.

The experiments between the RAMP-CNN model with and without data augmentation

confirm that the proposed augmentation algorithms help to boost model performance by

avoiding overfitting. For illustration, the data augmentation algorithms make RAMP-CNN

get 12% AP improvement and 8% AR improvement in the curbside scenario and get 4% AP

improvement and 2% AR improvement in the on-road scenario. The experiments between

the RAMP-CNN model with and without the proposed training loss function verify that

the proposed training loss helps improve performance by pushing the RAMP-CNN model

to learn more Doppler-related features. Specifically, RAMP-CNN obtains around 4% AP

improvement and 3% AR improvement in both the parking lot scenario and curbside scenario

as well as the on-road scenario.
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2.6.3 Complexity Analysis

Time complexity: Time complexity is the amount of time it takes to run the algorithm.

We count the number of floating-point operations (FLOPs) required by the algorithm, to

measure time complexity. The time complexity of the overall CNN is the sum of the time

complexity of all conv layers12 [67]:

Time ∼ O

Nconv∑
l=1

Inl ·Kn
l · Cl−1 · Cl

 (2.13)

where Nconv is the number of conv layers, n is the dimension of convolution kernels (1-dim, 2-

dim or 3-dim convolution), I is the size of the feature map, K is the size of convolution kernel,

Cl is the number of output channels of the lth conv layer, that is, number of convolution

kernels of this layer. Another indicator to measure a model’s time complexity is the training

or prediction time. If the time complexity is too high, it will lead to a large amount of time for

model training and prediction. Therefore, we also measure the frame-level prediction/testing

time for different models to evaluate the time complexity. We show the results in Table. 2.6.

Space complexity: Space complexity quantifies the amount of memory needed by an

algorithm to run as a function. This consists of two parts: the total number of parameters

(first term of Eq. (2.14)), and the occupied memory of the feature map output at all layers

(second term of Eq. (2.14)).

Space ∼ O

Nconv∑
l=1

Kn
l · Cl−1 · Cl +

Nconv∑
l=1

Inl · Cl

 (2.14)

We show the space complexity results, as well as the number of layers for different models

in Table. 2.7. From Table. 2.6 and Table. 2.7, we know that compared to the 4D-CDC model,

RAMP-CNN needs almost 100 times fewer FLOPs, around half amount of parameters, and

35 times smaller feature map size. For practical application, this means RAMP-CNN would

not only run 100 times faster than 4D-CDC for both training and prediction but also take

35 times less memory. That confirms the claimed statement - RAMP-CNN has much less

computation complexity than the 4D model. Also, compared to the RODNet-CDC model,

12The time cost of fully connected layers and pooling layers is not involved in this formulation. These
layers typically take 5-10% computational time.
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Table 2.6: Time Complexity Analysis

Model FLOPs Prediction time (per frame)

RODNet-CDC 4.75× 1011 11.2 ms

4D-CDC13 1.64× 1014 -14

RAMP-CNN 1.41× 1012 31.1 ms

Table 2.7: Space Complexity Analysis

Model Parameters amount Feature map size Layers number15

RODNet-CDC 3.47× 107 6.31× 107 6, 3

4D-CDC 1.79× 108 6.58× 109 6, 3

RAMP-CNN 1.04× 108 1.89× 108 20, 9

the time and space complexity of RAMP-CNN is around 3 times higher. That, however,

means the performance improvement of the RAMP-CNN model comes at the expense of

increased complexity.

2.7 Summary

The proposed RAMP-CNN model achieves significant performance improvement over prior

works on object recognition under the parking lot, curbside, and on-road scenario, which

establishes a new state-of-art baseline. In some hard cases, the radar object recognition func-

13To compare the complexity between one 4D model and the RAMP-CNN model, we replace the 3D
convolution kernels in the RODNet-CDC model with the 4D convolution kernels and call the new model
4D-CDC.

14Note that we didn’t implement the 4D-CDC model, so the prediction time and layer numbers are ignored
here.

15The number of conv layers and transposed conv layers in models. For RODNet-CDC and RAMP-CNN
model, the layers are all 3D; while for 4D-CDC model, all layers are 4D.
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tionality of RAMP-CNN might still be poor for supporting autonomous driving presently16.

However, it can be further improved in the future by incorporating more preprocessing to

increase spatial resolution or adopting an advanced radar platform with more antennas.

RAMP-CNN is also verified to work in nighttime scenarios, where cameras are largely

ineffective due to the low light. Further, prior works [38, 69, 70] have been showing that

mmWave radars are with excellent environmental resistance and robustness because the

millimeter-wave is less attenuated by fog, rain, or snow. Therefore, we have reason to believe

that RAMP-CNN can be applied to these adverse conditions as a good substitute for optical

sensors. However, due to the difficulty of capturing data in such circumstances locally, this

must be left for future work.

There are several other advantages of the RAMP-CNN model - it has excellent range

localization ability because of the centimeter-level range resolution (∼3.75 cm with 4 GHz

sweep bandwidth). As shown in Fig. 2.12 (column 10), RAMP-CNN can resolve multiple

close pedestrians with range and localize them separately. Besides, the RAMP-CNN model

has great generalization for the input data with a higher dimension. For example, if we add

the elevation dimension (from the vertical radar array) to the current RAMP-CNN input,

then the formed 5D data can still be sliced and processed by several lower-dimension (3D)

models that nonetheless achieve better performance with acceptable computation complexity.

RAMP-CNN model fully exploits the temporal information behind the chirps in one frame,

as well as the change of spatial information (range-angle info.) across frames. Thus, the

performance of RAMP-CNN particularly for moving objects, shows significant improvements

relative to state-of-art. The ablation study shows that both the proposed data augmentation

algorithms and training loss are helpful for boosting the performance of RAMP-CNN. It

is worth noting that major performance improvement comes from the main body of the

RAMP-CNN model (3-Perspectives model); the cumulative impact of all elements in the

RAMP-CNN architecture results in promising performance improvement, at the expense of

increased complexity.

16Based on the performance of camera object detection in [68], we infer that the acceptable/desired average
precision and recall for radar would be 0.8 with different classes of objects.
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Chapter 3

HIGH-RESOLUTION SIDE-LOOKING RADAR IMAGING

3.1 Motivation

Side-looking radars are widely used to support lane change or keeping assist, blind spot

detection, and rear cross-traffic alert. For these applications, a high-resolution radar image

is key to the effective separation of close objects, detection of the spatial extension of traffic

participants, and enhanced object recognition [36]. 77GHz FMCW radars can already

achieve centimeter-level range resolution (∼ 3.75 cm with 4GHz sweep bandwidth). The

remaining challenge is to improve the azimuth angle (cross-range) resolution. There exist two

main classes of approaches for side-view automotive radars to improve azimuth resolution:

MIMO processing [25,27,51,71], and synthetic aperture radar (SAR) [72–74].

MIMO radar systems transmit mutually orthogonal signals from multiple transmit

antennas, followed by joint processing of the signals at all receive antennas [51] for extraction

of target information. For example, if a MIMO radar has NTx Tx antennas and NRx Rx

antennas with appropriate arrangement, a NTxNRx-element virtual antenna array [51] can

be created by conducting beamforming on the received signals, thereby obtaining a finer

azimuth resolution compared with its phased array counterpart. The state-of-art Texas

Instrument (TI) 77 GHz FMCW radar chip AWR1843 is capable of synthesizing 8 virtual

receivers with 2 Tx and 4 Rx [64] using TDM [51,75], resulting in 15◦ azimuth resolution

[25] which is insufficient for high-resolution target discrimination.

SAR is a well-known imaging technique that overcomes the limits of a small physical

aperture on the angular resolution by coherently processing the returns from a series of

transmitted pulses to create a large synthetic aperture[48]. SAR is applicable for imaging

stationary targets and background with an active source mounted on a moving platform

(e.g. vehicle-mounted radar), while the moving targets can be observed via inverse SAR

(ISAR) concepts with a stationary radar setup [76,77]. Besides, automotive (vehicle-based)



40

SAR algorithms need to cope with specific difficulties - notably estimation of vehicle motion

and (importantly) achieving real-time operation. Accordingly, prior research on automotive

SAR algorithms has focused on speeding up post-processing via techniques to reduce the

algorithmic run-time complexity [72,78–80].

In this section, we propose a new MIMO-SAR algorithm that exploits key features of

FMCW MIMO radar to achieve computationally efficient SAR imaging. Specifically, MIMO

processing is used for initial low-cost target detection and localization to narrow down

the region of interest (ROI) for subsequent finer-resolution SAR processing. We adopt the

time-domain Back-projection SAR algorithm [73] - that lends itself naturally to parallel

processing with graphics processing units (GPU) [81,82] - to progressively operate on ROI

as new snapshots are coherently added and processed. To reduce SAR processing frequency

(i.e. PRF) and consequent complexity, the returns from a train of FMCW chirps are stored

in a range-velocity-angle (RVA) data cube that is processed via the 3D-FFT algorithm;

thereafter we select the max-intensity velocity component for subsequent SAR processing.

The above 2-stage hierarchical workflow drastically reduces the computation load while

preserving high-resolution imaging.

Coherent SAR processing requires phase compensation of source motion trajectory to

achieve coherent in-phase processing. In turn, this requires accurate vehicle ego-motion

estimation. The traditional solution is to use onboard inertial measurement units (IMU) [83]

that combine measurements from the wheel speed sensor, gyroscopes, and accelerometers.

However, high-precision IMUs are cost-prohibitive for automotive applications, inspiring the

need for self-contained alternatives such as radar odometry, to determine the velocity and

direction of motion of the vehicular radar [1,46,84]. Our approach is based on analyzing the

distribution of the radial velocities of the received reflections (targets) over their azimuth

angles, which can be provided by the MIMO processing stage described above.

In summary, the main novel contributions of this chapter are four-fold:

• A new hierarchical MIMO-SAR algorithm that reduces computational complexity while

preserving high-resolution imaging.

• A radar odometry algorithm to estimate the trajectory of ego-radar and enable MIMO-
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Figure 3.1: MIMO-SAR algorithm illustration: target detection and localization (MIMO

processing) are operated for every frame; back-projection SAR algorithm is performed on

RVA cubes generated from every K chirps by 3D-FFT.

SAR coherent processing.

• Discussion on the limit of pulse repetition frequency (PRF), coherent processing interval

(CPI), and region of interest (ROI) to ensure system performance.

• Validation of the proposed MIMO-SAR algorithm by both simulations and real data.

3.2 Signal Model

The signal model used in this work is consistent with the description provided in Chapter

2.2. As previously mentioned, we consider an FMCW radar system operating in a MIMO

configuration. The received radar signal is modeled as a set of post-demodulated I-Q samples,

which capture the reflection and scattering information from the surrounding environment.

3.3 MIMO-SAR Algorithm

The hierarchical MIMO-SAR algorithm workflow is divided into 2 stages - MIMO processing,

and SAR processing - to reduce the computation load, as shown in Fig. 3.1. The load
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Figure 3.2: (a) The block diagram for CFAR-based target detection and localization algorithm;

(b) Illustration for peak grouping.

decrease is achieved by both spatially focusing on the Regions-of-Interest (ROI) provided

by MIMO processing and temporally reducing the SAR sampling rate (or PRF) using RVA

cubes. Specifically, MIMO processing is performed for every frame to localize the detected

targets in the field of view such that we can narrow down the ROI for subsequent SAR

imaging. For SAR processing, we implement the Back-projection algorithm [73,81] on the

RVA data cubes (provided by 3D-FFT on every K chirps1) to obtain high-resolution imaging.

3.3.1 MIMO Processing

MIMO radar can provide an estimation of range, Doppler (radial) velocity, and azimuth

angle for the detected targets in the field of view, which confers two advantages to our

MIMO-SAR algorithm compared to traditional SAR processing: 1) Initial target localization

enables a hierarchical approach whereby selecting ROI within imaging plane for subsequent

SAR processing effectively reduces computation complexity; 2) Analyzing estimated Doppler

velocities and azimuth angles for detected stationary targets enables radar ego-motion

estimation, which is necessary for SAR phase compensation along trajectory (Section 3.3.3).

The computation load of SAR imaging increases in direct proportion to the potential

target area of the SAR image plane. Classic SAR algorithms coherently process each

cell in the SAR image plane. This is redundant since in practice, most of the energy (or

1The MIMO localization and radar odometry are operated every frame because the accuracy and resolution
of velocity estimation are greater with longer observation [50]. However, the SAR image is updated once
for every K chirps (a subset of the frame) to avoid the azimuth aliasing.
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useful information) is concentrated in a subset. Therefore, to reduce the computational

complexity, we propose to select the ROIs in SAR images based on the localization of

detections provided by constant false-alarm rate (CFAR) detector [48, 85], and then perform

subsequent processing only on the selected regions. The CFAR-based target detection and

localization algorithm operates on the raw radar I-Q samples vide Eq. (2.5) for each frame as

presented in Fig. 3.2(a). First, the Range and Velocity FFTs are performed on I-Q data in a

frame to obtain the range-velocity (RV) map for initial target detection. The RV maps from

all receivers are integrated non-coherently (i.e., sum the magnitude RV maps) to increase

the signal-to-noise ratio (SNR) of the resulting RV map [86].

Post summing, the cell-averaging CFAR [48] algorithm is applied to detect targets and

obtain their 2D (range and velocity) localization. During the CFAR detection process,

each cell/bin is evaluated for the presence or absence of a target using a threshold, and

the threshold adapts itself according to the noise power estimate within a sliding window.

Thereafter, peak grouping for all CFAR-detected targets is done based on their 2D localization

- see Fig. 3.2(b) - by checking if the detected amplitude is greater than that of its neighbors.

For an illustration of Fig. 3.2(b), in the 3× 3 kernel centered at CFAR detection 1, CFAR

detection 2 will be discarded if it is with smaller amplitude. In the end, we calculate the

Angle FFT2 for each detected target across the RV maps of all receivers (in the virtual array

formed by TDM-MIMO) to estimate its azimuth angle.

Assume a group of targets is detected from the first frame’s radar data with the above

algorithm. For each detection with range and azimuth angle (r, θ), its relative Cartesian

position (xr, yr) with respect to radar is given by xr = r sin θ, yr = r cos θ. The relative

position (xr, yr) is transformed to the position (x, y) in global geometry plane (see Fig. 3.3)

by adding radar trajectory(xs(t), ys(t)), i.e., (x, y) = (xr, yr) + (xs(t), ys(t)). Based on the

calculated global positions of targets, say {(x1, y1), (x2, y2)} for example, we then can define

2Before this Angle FFT, we compensate the motion-induced phase error for TDM-MIMO, using the
detected Doppler velocity.



44

Figure 3.3: A example that shows how to define the ROI based on the localization of 2

detected targets (x1, y1), (x2, y2).

the ROI Ug in geometry plane that need to be imaged:

(3.1)

{
(x′, y′) | {x1 −

∆x1
2

≤ x′ ≤ x1 +
∆x1
2

, y1 −
∆y

2
≤ y′ ≤ y1 +

∆y

2
}

∪ {x2 −
∆x2
2

≤ x′ ≤ x2 +
∆x2
2

, y2 −
∆y

2
≤ y′ ≤ y2 +

∆y

2
}
}

where the overall regions are the union of two small regions that are centered on (x1, y1), (x2, y2)

respectively. The ∆x1, ∆x2, ∆y are the side length of two small regions. For each region,

we use a fixed side length ∆y along the y-axis and customize the side length along the x-axis

for defined azimuth scope ∆θ (i.e., ∆x = r∆θ).

The radar trajectory (xs(t), ys(t)) is required for defining ROI Ug (indicated above), as

well as for the phase compensation for coherent SAR processing. In Section 3.3.3, we explain

the radar odometry algorithm that takes the radial velocities and azimuth angles of detected

targets as input to estimate the moving trajectory of ego-radar.

3.3.2 Back-projection SAR Processing

In the last section, we use the MIMO processing to define ROI Ug in the geometry plane that

needs to be imaged. In this section, we would operate the Back-projection algorithm on ROI
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Figure 3.4: The transformation from a general position (x, y) in geometry plane to the pixel

(kx, ky) in SAR image plane.

to get a high-resolution image. Firstly, the region Ug in the geometry plane is transformed

to a grid of pixels Us in the SAR image plane. As illustrated in Fig. 3.4, a general position

(x, y) in geometry plane corresponds to the pixel (kx, ky) in the SAR image plane:

x = kx∆wx, y = ky∆wy (3.2)

where ∆wx, ∆wy are the pixel width and height.

For each pixel (kx, ky) in the Us, we coherently sum up its corresponding radar measure-

ment for multiple snapshots using matched filter response. Such an algorithm updates the

SAR image for every snapshot and reuses the previous calculations when updating with any

new measurement. As presented in Fig. 3.1, we select one snapshot from every K chirps with

a 3D-FFT algorithm to reduce SAR sampling rates. The parameter K is carefully chosen

based on Section 3.4.1 to avoid azimuth aliasing in defined scope ∆θ. Using 3D-FFT3, the

radar I-Q samples of K chirps are converted to an RVA data cube where the corresponding

radar measurement for pixel (kx, ky) can be found. That is, for pixel (kx, ky), we calculate

its relative distance d and azimuth angle θ to radar, and use them (d, θ) to localize the

corresponding radar measurement in RVA data cube SRVA (i.e., a radar measurement is

3Note that we use small FFT points here to avoid the migration [87] and also to reduce the computation
complexity.
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represented by a small red cube in Fig. 3.1). For example, we consider a train of K chirps

that start from t (e.g., t = nTc + pTf for chirp n of frame p). At time t, the relative distance

d(t) and azimuth angle θ(t) for pixel (kx, ky) is given by:

d(t) =
√

(xs(t)− kx∆wx)2 + (ys(t)− ky∆wy)2

θ(t) = arcsin

(
xs(t)− kx∆wx

d(t)

) (3.3)

The calculated d(t) and θ(t) are mapped to the range bin mr and angle bin mθ of the

RVA cube respectively [36] to localize the radar measurement: mr = ⌊2MrSwd(t)
c0fs

⌋, mθ =

⌊Mθh(xs(t)−kx∆wx)
λd(t) ⌋. The velocity bin mv is chosen to have the max-intensity velocity

component at the location (mr,mθ). Therefore, the corresponding radar measurement

for pixel (kx, ky) at time t is given by SRVA,t(mr,mv,mθ). For a coherent summation of

the radar measurements from multiple snapshots, their phase must be compensated by a

matched filter response H(t) for the relative distance d(t) [73] [81].

H(t) = exp

(
j2πfc

2d(t)

c0

)
(3.4)

The last step for Back-projection SAR processing is to coherently sum the compensated

radar measurements from all observed snapshots. For example, for Nf frames as input where

each frame contains Nc/K snapshots, there are NfNc/K snapshots in total. We denote the

start time for the lth snapshot of frame p by tl,p = (l−1)KTc+pTf. Then the Back-projection

processing for pixel (kx, ky) is given by:

(3.5)I
(
kx, ky

)
=

Nf∑
p=0

Nc/K∑
l=0

H∗(tl,p) · SRVA,tl,p(mr,mv,mθ)

To form an image using this method, we apply Eq. (3.5) for each pixel in ROI Us, and

leave the rest of the pixels in the SAR image blank.

3.3.3 Ego-motion Estimation with Radar Odometry

As mentioned earlier, one benefit of FMCW MIMO radar is access to an accurate estimate

of the target’s radial Doppler velocity and azimuth angle within a frame [25]. This in

turn enables radar odometry since the sensor’s velocity can be estimated by analyzing the
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relationship between the radial Doppler velocities and azimuth angles of all static targets in

the field of view [1,84]. As illustrated in Fig. 3.5, if a radar sensor is moving with vs, then

all stationary targets move with relative velocity (blue line) equal to the sensor’s speed with

opposite heading. Given that Doppler radar only measures the radial velocity component

(green line) of the target, we can reconstruct the sensor’s velocity components along the

x-axis and y-axis (vx, vy) by analyzing the velocity profile of at least two stationary targets

[1, 84].

For Nd detected stationary targets in a frame, the velocity profile of these targets is

given by Eq. (3.6), where vr,i and θi are the measured radial Doppler velocity and azimuth

angle for ith stationary target [1].
vr,1
...

vr,Nd

 = −


sin (θ1) cos (θ1)

...
...

sin (θNd
) cos (θNd

)


 vx

vy

 (3.6)

We solve Eq. (3.6) via the minimum mean-square-error (MMSE) estimator [88] to obtain

the frame-level radar velocity v̂s = (v̂x, v̂y). We denote the estimated sensor velocity for

frame p by v̂s,p = (v̂x,p, v̂y,p) and assume that radar moves with constant velocity within

frame [46]. Then the position of radar (xs(t), ys(t)) at time t is obtained by integrating the

estimated sensor velocity profile. Considering the chirp n of frame p that starts at time

t = nTc + pTf, the corresponding radar position estimation (x̂s(t), ŷs(t)) is given by:

x̂s(t) =

p−1∑
u=0

v̂x,uTf + v̂x,pnTc

ŷs(t) =

p−1∑
u=0

v̂y,uTf + v̂y,pnTc

(3.7)

where the initial location of radar is set to the origin without loss of generality, Tf is the

frame duration, and Tc is the chirp duration.

In reality, moving objects are expected in an experimental scenario, resulting in mixing

detection of stationary objects and moving objects. Therefore, we employ Random Sample

Consensus (RANSAC) algorithm [89] prior to radar odometry to separate out needed

stationary targets and determine Nd [1]. RANSAC is an iterative method for optimal
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Figure 3.5: Illustration for radar odometry algorithm [1].

extraction of inliers (corresponding to stationary targets) that fit model Eq. (3.6) very well

and separation of outliers (moving targets or clutter) by random sampling of observed data

[89].

3.4 System Parameter Requirement

3.4.1 Pulse Repetition Frequency (PRF)

The along-track sampling/update rate is a significant limitation of SAR imaging. Here, we

use the PRF to represent the sampling rate. The PRF must be greater than the azimuth

signal bandwidth to avoid azimuth resolution ambiguities caused by aliasing [90]. By the

Nyquist sampling theorem, it is usual to ensure that the SAR element spacing ∆u is less than

λ/2 to avoid the aliasing lobes [91, 92]. For the moving radar with velocity vs, wavelength λ,

PRF fp, the azimuth sampling constraint can be expressed as: vs · 1
fp

< λ
2 . This requires

either increasing the PRF (reduce K in Fig. 3.1) or limiting the maximum velocity of source
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radar.

For the proposed MIMO-SAR algorithm, the above azimuth sampling requirement might

be relaxed by considering the potential aliases only within a small region (as shown in

Fig. 3.3). From [91], the minimum required sampling space ∆u for imaging the defined small

region that has azimuth scope ∆θ without alias is given by ∆u < λ/
(
2 sin ∆θ

2

)
. Hence, we

can obtain the sampling constraint for moving radar with MIMO-SAR:

vs ·
1

fp
<

λ

2 sin ∆θ
2

(3.8)

For example, the along-track sampling for 77GHz radar should be finer than 2mm.

Given fp = 556Hz (SAR updating every 1.8ms, K = 20 in Fig. 3.1), radar must travel no

faster than 1.1m/s, which is unrealistic for automotive scenario. Limiting to the azimuth

scope ∆θ = 5° for each small region, the radar should move no faster than 25.1m/s. In

practice, the chosen PRF is a little higher than the minimum requirement for oversampling.

3.4.2 Coherent Processing Interval (CPI)

The CPI for SAR processing is defined as the total duration over which the received echo

can be coherently processed. We assume that the coherent phase course can no longer

be guaranteed when the matched filter response Eq. (3.4) has a phase error greater than

threshold π/2, resulting in a loss of image quality. We analyze two sources of the phase error

in Eq. (3.4): system clock error and velocity estimation error from ego-motion.

The matched filter response is exp
(
j2πfc

2d
c0

)
, where the inaccurate carrier frequency

fc and distance d can result in the phase error. If the system clock provided by the local

oscillator has an error, there will be a deviation on both fc and the measurement timing

(therefore affecting d). According to Eq. (3.3) Eq. (3.7), any velocity error in estimating

radar’s ego motion will also affect d. Based on [93], the maximum clock error for TI’s on-

board 40MHz oscillator is 200 ppm, which is very small compared to the potential velocity

error. We therefore only consider the effect of velocity error on CPI in the following analysis.

We assume the velocity errors ϵvx , ϵvy for any frame are independent Gaussian variables,

i.e., ϵvx ∼ N (0, σ2), ϵvy ∼ N (0, σ2). Then the distance deviation ∆d at frame p is the
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accumulation of the previous velocity error components projected to the radial direction θi.

∆dp =

∣∣∣∣∣∣
p−1∑
i=0

(
cos θi · ϵvx,i + sin θi · ϵvy,i

)∣∣∣∣∣∣ · Tf (3.9)

Since ϵvx,i, ϵvy,i are all independent Gaussian variables, we have:

cos θi · ϵvx,i + sin θi · ϵvy,i ∼ N (0, σ2)

p−1∑
i=0

(
cos θi · ϵvx,i + sin θi · ϵvy,i

)
∼ N (0, pσ2)

(3.10)

Therefore, ∆dp follows the folded normal distribution [94] with expectation E
[
∆dp

]
=√

2p
π σTf. Based on Eq. (3.4), the relative phase error caused by E

[
∆dp

]
can be expressed

as ∆ϕp = 4πfc E
[
∆dp

]
/c0. When ∆ϕp exceeds a threshold ϕTh, we define the limits of CPI.

Thus, the number of frames Nf within CPI is given by:

Nf =
1

2π

(
c0 · ϕTh

4fcσTf

)2

(3.11)

For example, given ϕTh = π/2, fc = 77GHz, Tf = 33.3ms, σ = 0.005, the CPI Nf ≈ 14

frames.

3.4.3 Region of Interest (ROI)

The definition of ROI in Section 3.3 is important for balancing computational efficiency and

overall imaging quality. Each ROI square is defined by two parameters: side length along

y-axis ∆y and azimuth scope ∆θ. With smaller ∆y and ∆θ, the ROI covers a smaller area

for imaging, thus resulting in a lower computation load. Besides, Equation Eq. (3.8) implies

that smaller ∆θ gives a lower PRF requirement as well for avoiding azimuth aliasing in ROI.

However, it is possible to miss interested targets in imaging results if we choose too small

∆y or ∆θ, i.e., when the resulting ROI is not big enough to cover the undetected targets of

the CFAR algorithm. In the following experiments, we use a sensitive CFAR detector with a

probability of false alarm 10−4 and select medium-size ROI with ∆y = 0.9m and ∆θ = 5◦

accordingly to achieve the necessary balance.

4Tc is equal to single chirp duration times the number of Tx (i.e., NTx) under TDM MIMO configuration.
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Table 3.1: system parameter calculation (based on [25]) and configurations for mimo-sar

processing

Parameter Calculation Equation Configuration Value

Range resolution (Rres) Rres =
c0
2B = 0.447m Frequency (fc) 77GHz

Velocity resolution (Vres) Vres =
λ

2NcTc
= 0.0848m/s Sweep Bandwidth (B) 335MHz

Angle resolution (θres) θres =
λ

NTxNRxh cos θ ≈ 15◦ Sweep slope (Sw) 21MHz/µs

Max operating range (Rmax) Rmax = fsc0
2Sw

= 28.5m Sampling frequency (fs) 4000 ksps

Max operating velocity (Vmax) Vmax = λ
4Tc

= 10.82m/s Num of chirps in one frame (Nc) 255

Max operating angle (θmax) θmax = sin−1
(

λ
2h

)
= 90° Num of samples of one chirp (Ns) 64

Num of transmitters, receivers (NTx, NRx) 2, 4

Duration of chirp4 and frame (Tc, Tf) 90 µs, 33.3ms

3.5 Simulations

3.5.1 Imaging Point Targets

Simulation Studies via MATLAB : Assume two static point targets in the field of view at the

same range (5m) but at angles (−0.5◦, 0.5◦) that are within a current angular beam-width

(hence cannot be separated by conventional 3D-FFT processing). The initial location of the

radar sensor is (0, 0), and it is assumed to move with velocity
(
vx, vy

)
=
(
1m/s, 0

)
. Other

system configurations for radar are presented in Table 3.1. We use MATLAB to simulate

the TDM-MIMO radar with the I-Q samples post-demodulated at the receiver.

Range-Angle Imaging for MIMO Radar: To compare the imaging capability of different

algorithms, we show the range-angle image [25] for MIMO radar data. The range-angle

maps are obtained by operating Range and Angle FFTs on the simulated I-Q samples of the

first frame. We then average the amplitude range-angle maps of all chirps to get the final

image. As shown in Fig. 3.6(a), the generated range-angle map presents the imaging for two

point-targets with very close azimuth angles. Results tell that two point-targets can not be

separated with the current MIMO beam width (around 15◦ resolution).

MIMO-SAR Imaging : Using the MIMO operation (CFAR detection and peak grouping),
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Figure 3.6: Imaging two close point targets: (a) Range-angle map imaging for the first frame;

(b) MIMO-SAR imaging (magnitude I of Eq. (3.5)) for 13 frames.

Table 3.2: Parameter values for MIMO-SAR algorithm

Parameter Value

Num of chirps for SAR processing (K) 20

Pixel size of SAR image (kx, ky) 0.01m, 0.1m

y-axis side length for each ROI (∆y) 0.9m

Azimuth scope for each ROI (∆θ) 5◦

Range FFT points 64

Velocity FFT points for target detection 256

Velocity FFT points for SAR processing 20

Angle FFT points for target localization 128

Angle FFT points for SAR processing 16
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Figure 3.7: The curves of phase error versus time, for velocity error σ = 0.003, 0.005, 0.007,

0.01.

we select the ROI that covers two point-targets. The selected region covers the −0.2m ∼

0.2m (4.6◦ coverage) in x-axis and 4.5m ∼ 5.5m in y-axis. The spacing of the x-axis and

y-axis are 0.01m and 0.1m respectively. We assume that radar velocity is known at the

receiver in this simulation, and perform the Back-projection SAR processing on each pixel of

ROI for 13 frames. The parameters for MIMO-SAR are set according to Table 3.2. As shown

in Fig. 3.6(b), the resulting MIMO-SAR image shows a clear separation between two nearby

point targets in azimuth, thereby validating that the MIMO-SAR imaging algorithm can

effectively increase azimuth angle resolution, and achieve separation of close point targets.

3.5.2 Verifying Predicted CPI for MIMO-SAR

From Eq. (3.11), the CPI for SAR processing is mainly determined by the root-mean-square

velocity error σ of radar’s ego-motion. With increasing time, the accumulated velocity error

causes an increase in phase error in the matched filter response Eq. (3.4), thus limiting the
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Figure 3.8: MIMO-SAR simulation for the parking lot scenario: (a) The ego-centric view of

the environment with one driving car, two parked cars, and 1 truck; (b) The bird-view for

the parking lot environment; The red points are the point-representation of the extended

cars and truck; (c) MIMO-SAR imaging result (magnitude I of Eq. (3.5)) for parking lot

scenario where we use three rectangles to cover the imaging cars and truck.

CPI. To validate the predicted CPI, we reuse the simulation environment in Section 3.5.1,

add r.m.s. ego-motion velocity error σ, and evaluate the phase error of a pixel in ROI versus

time. This simulation was averaged 1000 times to plot the mean phase error vs. time curves

for different velocity error values.

We show the curves for velocity error 0.003, 0.005, 0.007, and 0.01 respectively in Fig. 3.7,

and mark the frame points that attain the phase error threshold π/2. For example, given

σ = 0.003, the calculated CPI from Eq. (3.11) is 38 frames. It shows that in the blue curve

of Fig. 3.7, the phase error of frame 38 is nearest to π/2. Similarly, we validate that the

CPIs for velocity error 0.005, 0.007, 0.01 are 14, 7, 4 frames respectively.

3.5.3 MIMO-SAR Imaging for Simulated Parking Lot Scenario

Simulation Environment : We simulate the driving environment for a parking lot with the

MATLAB Automated Driving Toolbox [95] to validate the MIMO-SAR algorithm. As shown

in Fig. 3.8(a), this simulation environment contains 1 (self) driving car, 2 parked cars, and 1
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Figure 3.9: (a) Integrated radar-camera data capture platform mounted on one vehicle; (b)

FLIR cameras and TI radar board with 1-D horizontal array; (c) Horizontal antenna array

includes 2 Tx with distance 2λ and 4 Rx with distance λ/2, yielding virtual MIMO array

with 8 Rx elements.

parked truck. The driving car is with constant moving velocity 4m/s, and integrated with a

radar sensor on its left side to observe the parked vehicles. Each extended vehicle is modeled

as a group of point targets (see Fig. 3.8(b)) in the radar’s field of view. We then simulate

the radar I-Q samples for these point targets with parameters configured as Table. 3.1.

MIMO-SAR Imaging : We perform the MIMO-SAR algorithm on simulated I-Q samples

assuming that the moving velocity of radar is unknown. That is, before operating the

Back-projection SAR, we use the radar odometry to estimate the radar trajectory. The

parameters for MIMO-SAR are set according to Table. 3.2. The MIMO-SAR imaging

result for the data from 3 frames is shown in Fig. 3.8(c) where we use three rectangles

to highlight the parked cars and 1 truck. The synthetic aperture for 3 frames is around

0.4m (4m/s× 3× 33.3ms = 0.4m), which is much larger than the intrinsic MIMO aperture

(4λ ≈ 16mm). It turns out that MIMO-SAR is effective for imaging the boundary of

extended objects and separating close objects with large synthetic apertures.

3.6 Experimental Results

3.6.1 Experiment Platform Setup

A set of camera images along with corresponding radar raw data (I-Q samples post-

demodulated at the receiver) [36] have been collected by a vehicle-mounted platform (see



56

Figure 3.10: MIMO-SAR imaging for roadside experiment 1: (a) The camera image for

the imaging environment with two parallelly parked cars; (b) MIMO-SAR imaging result

(magnitude I of Eq. (3.5)) where we use two rectangles to cover the parked cars; (c) Range-

angle map imaging for single-frame radar data.

Fig. 3.9(a)). The platform is placed on one side to facilitate sideways data collection whereby

roadside objects are illuminated. The data collection platform - see Fig. 3.9(b) - consists of 2

FLIR cameras (left and right) and a TI AWR1843 EVM radar [64]. As shown in Fig. 3.9(c),

the AWR1843 radar is integrated with 2 Tx and 4 Rx5, which forms an 8-element horizontal

virtual array with TDM-MIMO. We configure the parameters of this radar according to

Table. 3.1. The binocular cameras are synchronized with radar to provide visualization

for imaging scenarios. Since there is no external navigation sensor (IMU or GPS) on the

platform, we include radar odometry with RANSAC for all experiments below to estimate

the necessary radar motion trajectory.

3.6.2 Experiments

Roadside Experiment 1 : The scene for the first experiment contains 2 parallel parked cars

and the background (fence and tree), as shown in Fig. 3.10(a). Similar to the above, the

MIMO-SAR algorithm is operated on the collected radar I-Q samples lasting for 3 frames.

We present the MIMO-SAR map in Fig. 3.10(b) where the pole and two closely parked cars

5The 3rd elevation transmitter on AWR1843 radar board is not used.
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Figure 3.11: MIMO-SAR imaging for roadside experiment 2: (a) The camera image for the

imaging environment with two static people; (b) MIMO-SAR imaging result (magnitude I

of Eq. (3.5)) where we use two rectangles to cover the standing persons; (c) Range-angle

map imaging for single-frame radar data.

are well-separated.

Roadside Experiment 2 : The second experiment shown in Fig. 3.11(a) is going to image

2 standing persons and background (bus stop and tree). Its MIMO-SAR imaging result

from 3 frames is presented in Fig. 3.11(b), from which we can identify the persons from the

strong-reflection background (i.e., bus stop and the sign between two persons).

The above experiments validate the effectiveness of the MIMO-SAR algorithm for imaging

closely located objects in the foreground (extended vehicles and standing persons) among a

sophisticated background (building, tree, bus stop, fence, etc). To show the performance gain

provided by a large synthetic aperture, we compare each MIMO-SAR imaging result with

its range-angle map counterpart. The range-angle maps - see Fig. 3.10(c), and Fig. 3.11(c)

- are obtained from the I-Q samples of a single frame, using the method in Section 3.5.1.

Based on the analysis of antenna aperture size in Section 3.5.3, the synthetic aperture of

vehicular-based MIMO-SAR for 3 frames (∼ 100ms) is many times larger than the intrinsic

MIMO aperture, resulting in much greater azimuth angle resolution than conventional

range-angle imaging.
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Table 3.3: computational complexity analysis

Method FLOP Run time per frame

MIMO-SAR algorithm 7.7326× 107 1.17 s

Back-projection algorithm [73] 7.1532× 109 134.19 s

Range-angle imaging 1.4894× 107 0.23 s

3.7 Discussion

3.7.1 Computation Complexity Analysis

We compare the computational complexity of different radar imaging algorithms using two

metrics: the number of float point operations (FLOP) and running time. We run algorithms

for the roadside experiment 1 to calculate their FLOPs and averaged running time per frame.

For the MIMO-SAR algorithm, we don’t take the complexity of radar odometry into account

for a fair comparison. The comparison baselines are the range-angle imaging indicated above,

and the Back-projection algorithm - a traditional SAR imaging algorithm that only takes

the radar I-Q samples of one receiver as input [73]. We let the back-projection algorithm

update the whole SAR image at every chirp to satisfy the azimuth sampling constraint. We

present the calculated results for three algorithms in Table. 3.3. First, from the comparison

between MIMO-SAR and range-angle imaging, we conclude that the performance gain of

MIMO-SAR comes at the expense of around 5 times heavier computation load. Second, it

tells that the MIMO-SAR algorithm needs almost 93 times fewer FLOPs compared to the

Back-projection algorithm [73]. While performing on the MATLAB R2019b with an Intel

i7-9750H CPU, MIMO-SAR needs 1.17 s running time per frame that is 115 times faster

than the back-projection algorithm. The above results confirm our claimed statement - the

hierarchical MIMO-SAR algorithm drastically reduces the computational complexity.

The running time for the MIMO-SAR algorithm (1.17 s per frame) can be further reduced

to achieve real-time capability. Since the Back-projection processing is suitable for easy
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Figure 3.12: Back-projection SAR imaging result using 3 frames for roadside experiment 1

in Fig. 3.10.

parallel implementation6 utilizing GPUs [73,96], the calculation time for MIMO-SAR can

be efficiently distributed. Besides, some adjustments of parameter values, such as increasing

the pixel size kx, ky of SAR image, and decreasing the side length ∆x, ∆y of the interested

region, would reduce the computation load linearly, which allows a trade-off to achieve

real-time capability at the cost of image quality degradation.

3.7.2 Strengths and Limitations

To summarize, the proposed MIMO-SAR algorithm enables high azimuth resolution imaging

for closely located objects in the foreground with much-reduced algorithm run time. Experi-

ments in Section 3.6 show that vehicular-based MIMO-SAR can synthesize a large aperture

by exploiting vehicle motion, resulting in better azimuth angle resolution and separation

ability (of close targets) than conventional range-angle imaging. Meanwhile, the proposed

hierarchical MIMO-SAR algorithm requires 1.17 s average run time per frame in Experiment

1, which is 115 times faster compared to its counterpart Back-projection algorithm. Note

6The calculations are performed pixel-wise on the SAR image, so they can be distributed in GPUs. In
addition, the calculations for different snapshots can be done parallelly before the coherent summation.
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that MIMO-SAR preserves the high-resolution imaging quality while reducing computation

load, since we exploit all available information on ROIs, i.e., using the virtual aperture

created by MIMO, and condensing multiple chirps for each update. To illustrate it, we

plot the Back-projection SAR imaging result for roadside experiment 1 and show it in

Fig. 3.12 for comparison with the corresponding MIMO-SAR map in Fig. 3.10(b). Results

indicate that the MIMO-SAR map enables to visually separate the cars and poles just as the

Back-projection SAR map, though with some losses to the image SNR due to lower PRF.

One limitation of the MIMO-SAR algorithm is that it is modeled for stationary targets

only and we can not apply it directly for moving targets such as pedestrians and other

vehicles. However, it is possible to address this problem by introducing ISAR concepts

[76,77] to MIMO-SAR that incorporates the target motion.

3.8 Summary

In this chapter, we proposed a new MIMO-SAR algorithm for FMCW automotive radar to

get high-resolution imaging. MIMO-SAR incorporates a MIMO processing stage to narrow

down the ROI for subsequent finer-resolution SAR processing, which drastically reduces

the computation load. Besides, we integrated a radar odometry algorithm to estimate the

requisite ego-radar trajectory without relying on additional IMU sensors. We validated the

MIMO-SAR by both simulations (via MATLAB) and experiments using a vehicle-mounted

side-view radar. For future work, we will continue to explore better ways of radar imaging

and make the high-resolution radar images apply to practical use.
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Chapter 4

STATIC BACKGROUND REMOVAL IN VEHICULAR RADAR

4.1 Motivation

Autonomous driving systems that rely on multi-sensor fusion and scene perception are key

to achieving future L4 and L5-level vehicular automation [30,36,37, 97,98]. However, image

understanding in sophisticated environments such as city roads with dense multi-purpose

traffic, remains a significant current bottleneck. In these scenarios which contain both moving

and static objects/backgrounds, the removal of static objects is a well-known approach to

enhance moving target indication (MTI) [99–102].

MTI is a mature technology derived from air-borne radar systems [99] that has been

used to detect and track moving targets while filtering out clutter - the unwanted echoes

from the background and other stationary objects. To improve MTI in air-to-air and

air-to-ground surveillance scenarios in the presence of clutter and other interference, space-

time adaptive processing (STAP) is a long-established signal processing technique [99]

that utilizes 2-dimensional joint adaptive filtering in the spatial and temporal domains to

maximize the signal-to-interference ratio (SIR) [100]. Optimal filters for STAP-based MTI

generally require prior knowledge of clutter statistics of the cell under test [101]. Adaptive

methods such as sample matrix inversion (SMI) iteratively estimate the true interference

covariance matrix based on received sample inputs [102]. It has been shown that SMI

requires twice the degree of freedom (DOF) training samples to ensure adequate SIR and

requires training samples containing only clutter that share the same statistics as the clutter

in cell-under-test (i.e., implicitly assume homogeneous environments), and are independent

and identically distributed (IID) [103]. To address the challenges of acquiring training data

volume and computation complexity in computing the clutter covariance matrix for real-time

operations, various pre and post-Doppler STAP methods have been developed [104–108].

These explore the trade-off between sub-optimal filtering with lower complexity and the
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Table 4.1: Discussion of STAP Methods

Methods Assumption Processing DOF Pros & Cons

optimal

STAP

[109]

clutter echoes present in

all array channels and

pulses.

STAP on all array

channels and pulses

NcNh optimal filter-

ing, heavy com-

putation

adjacent-

bin

post-

Doppler

STAP

[110]

Post Doppler process-

ing, clutter echoes oc-

cupy only a few Doppler

bins while present in all

pulses.

Initial Doppler pro-

cessing, and STAP

on array channels

and remaining adja-

cent Doppler bins

NhL suboptimal fil-

tering, reduced

computation

joint

domain

localized

STAP

[111]

Post Doppler processing

and beamforming, clut-

ter echoes occupy only

a few Doppler and angle

bins.

Initial Doppler pro-

cessing + beamform-

ing, and STAP on re-

maining adjacent an-

gle bins and Doppler

bins

HL suboptimal fil-

tering, further

reduced com-

putation

resulting degradation of clutter suppression performance.

4.1.1 Prior Art: STAP Approaches

The displaced phase center antenna (DPCA) is a deterministic STAP method [106] suited for

synthetic aperture radar (SAR) scenarios, that requires specific conditions to hold. It relies

on identical channels between TX locations and target, with antenna phase centers displaced

precisely along the flight axis, and a pulse repetition frequency that matches the platform

velocity [108]. By utilizing a shifted array aperture to compensate for platform motion,

DPCA removes clutter through the subtraction of returns corresponding to consecutive
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pulses. However, meeting these requirements in practice can be challenging due to channel

or phase errors. In addition to DPCA, there are other STAP algorithms that aim to reduce

computation by reducing the total DOF (product of spatial and temporal DOF ). Among

them, post-Doppler methods efficiently reduce the temporal DOF by performing Doppler

processing before applying STAP [109]. One such method is the adjacent-bin post-Doppler

STAP [110], which adaptively processes the spatial returns from adjacent Doppler bins.

This approach divides the NcNh-DOF space-time filtering problem into Nc separate NhL-

DOF space-time filtering problems, where Nc, Nh, L are dimensions of time, space, and

the number of adjacent Doppler bins (L ≪ Nc), respectively
1. Another technique is joint

domain localized STAP [111], which incorporates additional beamforming in the spatial

domain and applies STAP on adjacent Doppler and angle bins. This method divides the

NcNh-DOF space-time filtering problem into NcNh separate HL-DOF space-time filtering

problems, where H is the number of adjacent angle bins selected (H ≪ Nh), and we assume

the beamforming does not change the spatial dimension. A systematic discussion of various

STAP methods in terms of their processing procedures, assumptions, resulting DOF, and

pros & cons are presented in Table. 4.1.

The STAP methods have also found widespread application in ground-penetrating and

through-the-wall radars, where background removal is commonly referred to as the process

of removing ground-reflected clutter and walls respectively to reveal masked targets [112].

Various techniques have been employed including coherent background subtraction, mean

subtraction [113,114], frame differencing [115], and component selection using singular-value-

decomposition (SVD) [116] and principal component analysis (PCA). Coherent background

subtraction assumes knowledge of the wall characteristics and requires access to a reference

scene, which can be challenging to obtain in automotive applications. On the other hand,

frame differencing and mean subtraction take advantage of the clutter’s time and angle

invariance. These methods calculate the clutter signal by averaging over time and aspect angle

to mitigate its effects. These revisions aim to enhance clarity, conciseness, and cohesiveness

while preserving the original content and reference format. Recent advancements in deep

1We assume Doppler processing/beamforming does not change the size of the time/space dimension in the
DOF analysis.
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learning (DL) have also contributed to the field, providing new ideas for radar image

processing in automotive radars [25,36,117–119], as well as clutter suppression in airborne

radars [103]. In [103], a novel DL framework is proposed to suppress clutter in the angle-

Doppler spectrum, addressing the challenges of insufficient training samples and low detection

probability in non-homogeneous clutter environments.

4.1.2 Issues with Existing Methods

The above ‘traditional’ methods are not readily applicable to vehicular radars for several

reasons. First, unlike the air-borne scenario, the automotive environment is non-homogeneous,

meaning that the type of objects or background can vary across the field of view. This poses

a challenge for STAP as it may not have enough qualified training samples that are IID

(i.e., twice the system’s DOF from adjacent range bins), resulting in significant performance

loss. Second, the motion of the source vehicle leads to rapidly changing clutter statistics

for both the ground and stationary targets (trees, buildings, etc.). Therefore, the clutter

removal algorithms designed for ground-penetrating radar or through-the-wall radar are not

directly applicable to vehicular radar. Third, vehicular radars require real-time processing

for environment perception implying that algorithms with heavy computational requirements

such as STAP, cannot be directly deployed in-situ on vehicles and will need modifications.

4.1.3 Contributions

Recent advancements in 77GHz FMCW radars have demonstrated highly accurate object

detection and localization capabilities, regardless of environmental conditions [25, 27, 36,

120]. In particular, these radars excel in fine-resolution Doppler velocity measurement [25],

presenting an opportunity for background removal in automotive scenarios. The Doppler

velocities of static objects are determined by their azimuth and elevation angles as well as the

radar’s instantaneous velocity and direction of motion [37]. This allows for the localization

of background objects by identifying their “specific Doppler velocity profile” and removal via

filtering in the azimuth-elevation-Doppler domain. This approach offers several advantages

over temporal and spatial domain filtering methods when dealing with the challenges posed
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by automotive scenarios. It does not rely on any training data and is applicable to both

moving and stationary radar; finally (and perhaps critically) it operates efficiently without

the need for heavy STAP-like covariance matrix computations.

While our proposed method also applies Doppler processing and beamforming prior

to background removal, there is a fundamental difference vis-a-vis classic STAP methods.

STAP methods estimate the clutter covariance matrix from space-time samples to obtain the

filter weights that maximize the SIR for specific Doppler-angle pair. The Doppler processing

and beamforming steps in post-Doppler STAPs concentrate the clutter in a reduced number

of Doppler/angle bins, effectively reducing the DOF for clutter covariance estimation. In

contrast, our proposed method directly suppresses background clutter by identifying the

Doppler frequency corresponding to each azimuth-elevation angle and applying notch filtering

to remove the clutter components from the input. The fine Doppler velocity resolution of

vehicular radar gives more accurate Doppler estimation than before, which makes it possible

to locate and notch the clutters from the Doppler domain without applying STAP. Thus,

the proposed method avoids the computation of the clutter covariance matrix, allowing for

faster and more efficient processing.

In this chapter, the presented background removal algorithm for FMCW-based MIMO

radar consists of a radar signal preprocessing step followed by 3D ego-motion estimation,

and notch filter-based background removal in the azimuth-elevation-Doppler domain. The

contributions of our work can be summarized as follows:

• We develop a model for the received signal of FMCW MIMO radar with time-division

multiplexing specifically for point targets in automotive scenarios. Using this model,

we propose a signal processing framework that extracts 4D point clouds from the raw

radar signal.

• We propose a 3D ego-motion estimation algorithm that takes radar point clouds as

input and accurately estimates the radar ego velocity along the x, y, z axes. Our

algorithm incorporates the consideration of measurement error and tackles the issue of

Doppler ambiguity that can arise in massive MIMO systems, offering a robust solution.
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• We propose a background removal algorithm that identifies Doppler frequencies corre-

sponding to the background via the “specific Doppler velocity profile” and removes

the background via notch filtering in the azimuth-elevation-Doppler domain.

• To evaluate algorithm performance, we conduct tests using simulated data from the

MATLAB Automated Driving toolbox. Additionally, we validate our approach through

extensive experiments with real-world data collected from Texas Instrument (TI)’s

cascaded-chip radar board under practical driving scenarios.

Figure 4.1: Model scenario - a moving radar and a moving point target in Global Cartesian

coordinates for a single frame at t = 0, with radar at origin and target at (x0, y0, z0). Radar

(target) moves with velocity v⃗c (v⃗a), respectively. The target exhibits a relative Doppler

velocity v⃗r with respect to the radar over this frame.

4.2 Signal Model

In this section, we model one frame of the FMCW radar return signal for a general point

target in autonomous scenarios. We assume that each radar TX transmits a sequence of Nc

chirps with duration Tc in a frame. With carrier frequency fc and chirp slope Sw, amplitude
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AT, and initial phase ϕ0, the transmit signal of the FMCW radar during time t within a

frame is given by sT(t) = AT cos

(
2π
(
fct+

1
2Swt

2
)
+ ϕ0

)
.

For target at distance r from radar, the received reflected signal sR(t) incurs round-trip

delay τ = 2r/c0, i.e., sR(t) =
AR
AT

sT(t − τ), where c0 is the speed of light and AR is the

received signal amplitude. The received signal is mixed with the transmit signal at the

receiver to produce the difference intermediate frequency (IF) signal sIF(t):

(4.1)sIF(t) =
ATAR

2

 cos

[
2π

(
Swτt+ fcτ − 1

2
Swτ

2

)]
In the global coordinate system of Fig. 4.1, the vehicle-mounted radar moves from the

origin at t = 0 with ego velocity v⃗c(t) = (vx(t), vy(t), vz(t)) at time t. For frame-by-frame

modeling, we assume that the velocities of the radar and any targets may be assumed

constant over a frame duration (typically milliseconds). Therefore, we simplify the time-

dependant variables v⃗c(t) by v⃗c etc. in the following analysis. Fig. 4.1 shows a point

target located at a range r, azimuth angle θ, and elevation angle φ (corresponding to

Cartesian-coordinates location (x0, y0, z0) = (r cosφ sin θ, r cosφ cos θ, r sinφ)), moving with

velocity v⃗a = (va,x, va,y, va,z) in one frame. The target exhibits a relative Doppler velocity

(the velocity along the radial direction) v⃗r with respective to the radar; the amplitude of

v⃗r (denoted by vr) is obtained by projecting the inverse platform velocity −v⃗c and target

velocity v⃗a onto the radial direction as follows:

vr =
(
(va,y − vy) cos θ + (va,x − vx) sin θ

)
cosφ+ (va,z − vz) sinφ (4.2)

If v⃗a = 0 (target is stationary), the relative Doppler velocity amplitude is represented by:

vr = −(vy cos θ + vx sin θ) cosφ− vz sinφ (4.3)

FMCW radar sends a sequence of chirps within a frame, and the round-trip delay at

each chirp varies (slightly) due to relative motion. By decomposing the t into fast time

tf (time within a chirp) and slow time n (the chirp index, i.e. time between chirps), i.e.,

t = nTc + tf , we can represent the round-trip delay for the target at n-th chirp τn using its

Doppler velocity vr and the round-trip delay for the first chirp τ0 = 2
√

x20 + y20 + z20/c0:

τn = τ0 −
2vrnTc

c0
(4.4)
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Figure 4.2: A TDM-MIMO setup with NT TXs and NR RXs and the resulting NTNR-element

virtual array. Each element in the virtual array is formed by a TX-RX pair.

Substituting Eq. (4.4) into Eq. (4.1) and then sampling Eq. (4.1) in fast time tf with

frequency fs, we can get the (post analog-to-digital conversion (ADC)) sampled IF signal

with chirp index n and fast-time sample index m:

sIF(m,n) =
ATAR

2
exp

(
j2π

(
Swτn

m

fs
+ fcτn − 1

2
Swτ

2
n

))
(4.5)

Under the time division multiplexed (TDM)-MIMO setup depicted in Fig. 4.2, we

consider a radar system consisting of NT transmitters (TXs) and NR receivers (RXs), where

TXs and RXs are arranged vertically and horizontally, separated by identical separation h.

The TDM-MIMO scheme ensures the orthogonality of the transmit signals by sequentially

transmitting chirps from each TX and allows recovery of the individual transmitted signals

at the receive array. The measurements at the physical receive array corresponding to each

orthogonal TX waveform can then be stacked as a matrix to effectively create a ‘virtual’

array [51]. For the setup in Fig. 4.2, the measurement at the (p, q)-th virtual array location

is the signal transmitted from q-th TX and received by p-th RX, where p ∈ {1, 2, . . . , NR}

and q ∈ {1, 2, . . . , NT }. Thus TDM-MIMO operation results in a 2D array of NTNR

measurements, where the corresponding virtual MIMO antenna locations result from vector

superposition of the TX and RX antenna locations [51].

From array theory [27], for a far-field target with azimuth angle θ and elevation angle

φ, the IF signal at the (p, q)-th virtual array location contains the additional phase terms
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Figure 4.3: The overall workflow for the proposed system is operated in a frame-by-frame

manner. The radar I-Q data for each frame is processed by the radar point cloud extraction

module, 3D ego-motion estimation module, and background removal module to get the

post-background removal results.

induced by the target’s angles: 2πph cos θ/λ and 2πqh sinφ/λ. In the TDM-MIMO setup,

the duration of transmitting one chirp by NT TXs is extended to NTTc (which differs from

the chirp duration Tc in the single TX case), resulting in a new round-trip delay τ ′n for the

target during the n-th chirp:

τ ′n = τ0 −
2vrnNTTc

c0
(4.6)

In summary, the IF signal for chirp n, fast-time sample m, and (p, q)-th virtual antenna

in TDM-MIMO setup is given by:

(4.7)sIF(m,n, p, q) =
ATAR

2
exp

(
j2π

(
Swτ

′
n

m

fs
+ fcτ

′
n−

1

2
Swτ

′
n
2
+

ph cos θ

λ
+

qh sinφ

λ

))

4.3 System Design: Background Removal

The designed system for background removal in radar images is operated in a frame-by-frame

manner (i.e., the data for each frame is processed separately), as shown in Fig. 4.3. It starts

by processing the radar I-Q data sIF(m,n, p, q) of one frame and extracting the point clouds

with (r, vr, θ, φ) values as shown in Fig. 4.4. The extracted point clouds are used as input

for 3D radar ego-motion estimation to solve the ego velocity (vx, vy, vz) for that frame. To

account for the presence of both stationary and moving targets in the point clouds, we

incorporate the random sample consensus (RANSAC) [121] into the ego velocity estimation to

separate the point clouds of stationary targets. Moreover, the proposed 3D ego-motion model

takes into consideration the Doppler ambiguity and the measurement errors of Dopplers and
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angles, enhancing the robustness and accuracy of the estimation. Once the radar ego velocity

(vx, vy, vz) is determined, a background removal algorithm that identifies Doppler frequencies

corresponding to the background via the “specific Doppler velocity profile” and removes the

background via notch filtering in the azimuth-elevation-Doppler domain is implemented on

the radar images. In the following, we introduce the three main components of the system

design: radar point cloud extraction, 3D radar ego-motion estimation, and static background

removal.

Figure 4.4: Workflow for processing one frame of radar data to extract radar point clouds: a

collection of detections with corr. (r, vr, θ, φ) values.

4.3.1 Radar Point Cloud Extraction

The point cloud extraction process is accomplished using basic fast Fourier transform (FFT)

processing and cell-averaging constant-false-alarm-rate (CA-CFAR) detection techniques.

The detailed workflow is illustrated in Fig. 4.4, where the input to the workflow is the ADC

I-Q data, and the output is a collection of detections represented by their (r, vr, θ, φ) values

that constitute ‘point clouds’.

The signal processing architecture is based on the approach presented in our prior work

[25], with an additional step for elevation angle estimation. The first step estimates the range

and Doppler velocity via two sequential FFTs - Range FFT and Doppler FFT - as shown[25].

The Range FFT is performed across the samples in the fast time domain to extract the
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round-time delay term Swτ
′
n/fs in Eq. (4.7), and the Doppler FFT processes the slow time

(chirps) to extract the Doppler-induced phase term −4πfcvrNTTc/c0 in Eq. (4.7) for each

range bin. The resulting Range-Doppler (RD) map is then processed by the CA-CFAR

algorithm [48] to detect peaks and obtain their ranges and Doppler velocities (r, vr). During

the CA-CFAR detection process, each cell in the RD map is evaluated for the presence or

absence of a target using a threshold, where the threshold is set according to the noise power

estimate within the training cells.

Thereafter, the azimuth and elevation angles (θ, φ) are estimated for each detection

at (r, vr) via an angle of arrival (AoA) estimator. While there are many approaches to

AoA estimation, we adopt the FFT-based (conventional) AoA estimator. For the specific

range-Doppler cell corresponding to (r, vr), we use FFTs to process the measurements of

the virtual array (shown in Fig. 4.2) along the horizontal or vertical direction to extract the

phase term 2πh cos θ/λ or 2πh sinφ/λ in Eq. (4.7), thus obtaining estimates for (θ, φ). For

non-stationary targets, the motion-induced phase errors at each virtual antenna location

should be compensated for different TXs before the AoA FFT [52]. In general, for a uniform

linear transmit array with NT TXs, the received phases at the virtual elements corresponding

to the i-th TX are corrected via rotation of (i− 1)∆ϕv/NT , where ∆ϕv = −4πfcvrNTTc/c0

from prior Doppler estimation [52].

4.3.2 3D Radar Ego-motion Estimation

We assume that there are Ntotal detections (indexed by i) in the extracted point clouds,

identified by (ri, vr,i, θi, φi), a sub-set of which belong to the class of stationary targets,

which is initially unknown. Representing the stationary subset size by N , from Eq. (4.3), the

relationship between the Doppler velocities and angles ofN stationary targets (i = 1, 2, . . . , N)

can be expressed as follows:
vr,1
...

vr,N

 = −


sin θ1 cosφ1 cos θ1 cosφ1 sinφ1

...
...

...

sin θN cosφN cos θN cosφN sinφN



vx

vy

vz

 (4.8)

For more accurate modeling, we assume errors are associated with azimuth angle measure-
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ment θi, elevation angle measurement φi, and Doppler velocity measurement vr,i. Denoting

the ground-truth values for the azimuth angle, elevation angle, and Doppler velocity by Θi,

Φi, and Vr,i, the measurement errors given by Θi − θi, Φi −φ and Vr,i − vr,i, respectively, are

assumed to follow zero-mean Gaussian distributions [122] with no mutual coupling. We next

build an orthogonal distance regression (ODR) solver for Eq. (4.8). that estimates(vx, vy, vz)

as well as (Θi,Φi, Vi, i = 1, . . . , N) based on the measurement error model above. For

simplicity, we denote the vector of (vx, vy, vz) by vc, the set {Θi, i = 1, . . . , N} by Θ, the set

{Φi, i = 1, . . . , N} by Φ, and the set {Vi, i = 1, . . . , N} by V in the following. The objective

function and constraint for the ODR estimator are given by [123]:

arg min
vc,Θ,Φ,V

N∑
i=1

η21(Θi − θi)
2 + η22(Φi − φi)

2 + (Vi − vr,i)
2

s.t. Vi = − sinΘi cosΦivx − cosΘi cosΦivy − sinΦivz, ∀i = 1, . . . , N

(4.9)

where η21, η
2
2 are the relative weights for the first two terms (assuming the weight for the

third term is 1). η21, η22 are determined by the ratios of the variances of the Doppler

velocity measurement errors (σ2
v), azimuth angle measurement errors (σ2

θ), and elevation

angle measurement errors (σ2
φ), as follows:

η21 =
σ2
v

σ2
θ

, η22 =
σ2
v

σ2
φ

. (4.10)

In practice, we determine the variance of measurement errors based on the theoretical

resolution and substitute it into Eq. (4.10) to calculate the weights η21, η
2
2.

The constraint in Eq. (4.9) can be utilized to eliminate the term of (Vi − vr,i)
2 from the

objective function (thus also eliminate unknowns V) by substitution, thereby transforming

the original constrained optimization problem in Eq. (4.9) into an unconstrained minimization

problem [123,124], as follows:

arg min
vc,Θ,Φ

N∑
i=1

η21(Θi − θi)
2 + η22(Φi − φi)

2 + [sinΘi cosΦivx + cosΘi cosΦivy + sinΦivz + vr,i]
2

(4.11)

The new optimization problem has unknowns vc,Θ,Φ and aims to minimize the sum

of squares of the orthogonal distances of measurements to the fitting hyperplane. To solve
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this, we propose an algorithm consisting of three steps, summarized in Algorithm 1 outlined

below.

Step 1. Obtain an initial solution for vc,Θ,Φ:

The unknowns Θ,Φ is initialized using the measurement values {θi, i = 1, . . . , N}, {φi, i =

1, . . . , N}, and initial value of vc is determined by solving Eq. (4.8) via the RANSAC algo-

rithm and least-square regression (LSR). Let P =


sin θ1 cosφ1 cos θ1 cosφ1 sinφ1

...
...

...

sin θN cosφN cos θN cosφN sinφN



and Q =


vr,1
...

vr,N

, then the Least Squares solution to Eq. (4.8) is v̂c = (PTP)−1PTQ. In

automotive scenarios, the elevation angle φi is typically small for long-range targets and

consequently, the last column of P has values close to zero. This can lead to near- singular

matrix of PTP and numerical difficulties in computing the inverse of PTP. To address

this, we adopt the Moore-Penrose pseudo-inverse denoted by (·)† to obtain a more reliable

solution, i.e.:

v̂c = (PTP)†PTQ (4.12)

where the unique pseudoinverse exists for any matrix (even singular) [125]. An efficient way

to compute the pseudoinverse is by using SVD [126]. If PTP = WΣUT is the SVD of PTP,

then (PTP)† = UΣ†WT . For a rectangular diagonal matrix such as Σ, its pseudoinverse

Σ† is obtained by taking the reciprocal of each non-zero element on the diagonal, leaving

the zeros in place, and transposing the matrix [126].

A key underlying issue when solving for (vx, vy, vz) in Eq. (4.8) is identifying or separating

the subset of stationary detections from the set of all detections. For this, we use the RANSAC

algorithm [1,121] on the input point clouds to find the inliers that achieve the best consensus

for estimates obtained from Eq. (4.8). Following the workflow in Fig. 4.5, RANSAC randomly

selects a subset of points from the dataset and fits the model, then identifies all data points

in the full set that are consistent with the model within a certain threshold - these are inliers,

while the remaining points are outliers [121]. The above two steps are iteratively repeated
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Figure 4.5: Workflow of RANSAC algorithm for identifying the inliers (the static subset)

from the input point clouds (r, vr, θ, φ).

for a prescribed number of trials. After all trials, the model with the highest number of

inliers is selected and the corresponding inliers are output. Increasing the number of trials

improves the robustness and accuracy of the identified inliers because a more accurate model

estimation can be explored through random sampling. In our case, the obtained inliers

represent the stationary targets, while the outliers correspond to the moving targets. The

identified inliners are then plug into Eq. (4.12) to get v̂c as the initial value of vc.

Step 2. Using the initial solution, we employ the modified trust-region Levenberg-

Marquardt-type (MTRLM) algorithm (from the ODRPACK library [127]) to solve Eq. (4.11)

and obtain an improved estimation v∗
c ,Θ

∗,Φ∗.

The MTRLM algorithm combines the Levenberg-Marquardt method with the trust-

region approach to improve the efficiency and robustness of solving nonlinear least squares

problems [127]. After initialization, the MTRLM algorithm iterates the following steps

until convergence: a) Compute the Jacobian and Hessian matrixes of the parameters, b)

Determine the step size using the trust-region concept and the Jacobian and Hessian matrixes,

c) Update the parameters of the model using the step size determined in the previous step,

and d) Check for convergence criteria [127]. By following this iterative process, the MTRLM

algorithm refines the initial solution and determines the best-fit solution (v∗
c ,Θ

∗,Φ∗) to the

problem in Eq. (4.11).

Step 3. After the MTRLM algorithm converges, output the optimized radar ego velocity

v∗
c .
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Algorithm 1 3D Ego-motion Estimation Algorithm

1: procedure Estimate

2: # Step 1

3: initialize Θ,Φ using measurements θi, φi.

4: initialize vc using the solution to Eq. (4.8) v̂c determined by RANSAC and LSR.

5: # Step 2

6: use MTRLM algorithm to iteratively optimize parameters vc,Θ,Φ in Eq. (4.11) until

convergence.

7: when coverage, obtain v∗
c ,Θ

∗,Φ∗.

8: # Step 3

9: output v∗
c .

10: end procedure

4.3.3 Dealing with Doppler Ambiguity: Heurestics

From [25], with NT TXs and a chirp duration of Nc, the maximum unambiguously measurable

Doppler velocity of radar is given by:

vmax =
λ

4NTTc
(4.13)

where NTTc is the pulse repetition interval in TDM-MIMO. The current 4D imaging radar

trend [128] is towards increasing the density of MIMO arrays. Hence, as the number of

TXs NT increases, it leads to a proportional reduction in the maximum unambiguously

measurable velocity vmax [25], causing Doppler ambiguity whenever the true Doppler exceeds

vmax.

In majority of urban street driving scenarios with a maximum speed limit of 25mph (i.e.,

11.2m/s) [129] for ego vehicle (with radar mounted), as long as the radar pulse repetition

interval is smaller than 87 us, Eq. (4.13) suggests that a desired vmax (greater than 11.2m/s)

is achieved, resulting in no-ambiguity measurements of stationary targets’ Doppler velocities.

This implies that by appropriate choice of pulse repetition interval, the Doppler ambiguity

issue can be managed and the 3D ego-motion estimation method in Section 4.3.2 applied.
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Nonetheless, a generalization of the proposed 3D ego-motion estimation method to include a

Doppler ambiguity is necessary, and we propose a heuristic solution next.

Since ambiguity implies that true Doppler velocities beyond the range [−vmax, vmax] will

alias to an observed lower Doppler frequency within the range, we propose adding 2k vmax,

where k ∈ Z is an integer, under the assumption that all Doppler measurements from static

sources are aliased with the same k value. Hence we introduce an additive alias term 2kvmax1

(1 is a column vector of ones with size N) to the right-hand side of the Eq. (4.8) as follows:
vr,1
...

vr,N

 = −


sin θ1 cosφ1 cos θ1 cosφ1 sinφ1

...
...

...

sin θN cosφN cos θN cosφN sinφN



vx

vy

vz

+ 2kvmax1 (4.14)

While k is unknown, bounds on possible k values are readily determined, depending

on vmax and the maximum vehicle driving speed. For example, if vmax = 5m/s and the

maximum vehicle driving speed is 11.2m/s (the speed limit for urban street driving), then

k ∈ K = {−1, 0, or 1}. This is because when k is -1 or 1, the maximum/minimum Doppler

velocity of any stationary target can be folded into the range of [−vmax, vmax] by adding

2kvmax
2.

We propose a heuristic approach to solve the best k as well as the radar ego velocity

(vx, vy, vz) or vc from Eq. (4.14). That is, for each k ∈ K, we substitute it into Eq. (4.14)

and then apply the 3D ego-motion estimation algorithm proposed in Section 4.3.2 to solve

(vx, vy, vz). We iterate all k and determine the optimal k that yields the maximum number

of inliers (from the RANSAC output in step 1 of Algorithm 1). In other words, we choose

the k value that maximizes the number of data points that satisfies Eq. (4.14). Consequently,

the best-fit radar ego velocity v∗
c would be the one corresponding to the optimal k.

4.3.4 Static Background Removal from Radar Image in Azimuth-Elevation-Doppler Domain

After obtaining the estimated radar ego-motion velocity v∗
c , we leverage this information

to remove the reflection of the static background from the radar images. Radar images are

generated from FFT-based spectrograms, using the techniques described in [25,36]. Initially,

2k = 0 represents the no-ambiguity case when the actual moving speed of radar lies within the bound.
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we assume no Doppler ambiguity and background removal is implemented via an inverse

approach to Eq. (4.8), wherein we compute the expected Doppler velocity vr for each feasible

azimuth-elevation angle pair (θ, φ) that satisfies the relationship in Eq. (4.8). We then utilize

a 3D notch filter to eliminate the Doppler component from the radar image in the Doppler

domain.

Notch filtering refers to removing or zeroing out specific components in the Doppler

spectrum by element-wise multiplication with the frequency response of the filter. The

frequency response of a 3D notch filter is obtained by combining the frequency responses

of three one-dimensional (1D) filters. First, we design three separate second-order infinite

impulse response (IIR) notch filters [130] for rejecting the frequency corresponding to azimuth

angle θ, elevation angle φ, and Doppler vr. Second, the frequency response of each 1D filter

is expanded to 3D by replicating itself along the other two dimensions. Third, we take

the point-wise minimum among the three expanded 3D filters to find the desired frequency

response for the 3D notch filter. This methodology offers a simplified yet effective means of

designing the 3D notch filter for background removal in the radar image.

To remove the static background, we perform element-wise multiplication between the

radar image Sinput and the frequency response of the 3D notch filter H(θi, φi, vri) constructed

above for each angle pair (θi, φi) and corresponding Doppler velocity vri . Assuming there are

a total of M angle pairs covering all azimuth and elevation angles, the background removed

radar image Soutput can be calculated as follows:

Soutput = Sinput ⊗
M∏
i=1

|H(θi, φi, vr,i)| (4.15)

where ⊗ represents the element-wise multiplication.

Remark 1: The computation required for the background removal step can be significantly

reduced by utilizing a fixed 3D notch filter that is easily adapted to different notch frequencies

(θi, φi, vr,i) by simple frequency translation. This eliminates the need to design a new filter

for each specific notch frequency. Further, the frequency response of the notch filter can be

limited to a narrow region around the desired notch frequency (θi, φi, vr,i). By focusing only

on a limited area, the number of operations required for the element-wise multiplication

between the filter and the radar image is significantly reduced.
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Remark 2: If the image is desired only for a specific elevation angle (i.e. fixed φ), it is

possible to greatly reduce the number of angle pairs that need to be considered during the

iteration process. Consequently, instead of employing a 3D notch filter, a more efficient 2D

notch filter for background removal may be employed.

Figure 4.6: (a) Simulation scenario overview. (b) The simulated reflection points for targets

are presented in the bird’s-eye view.

4.4 Simulations

In this section, we performed simulations using the MATLAB Automated Driving Toolbox

to simulate a scenario involving a moving vehicle equipped with an automotive radar, in a

scene comprising both background (static) and moving objects. We applied both the 3D

ego-motion estimation algorithm developed here and the background removal algorithm to

the simulated raw radar data in order to explore system performance.
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4.4.1 Simulated Scenario and Configuration

Scenario

We simulated a typical driving scenario involving an ego-moving vehicle along a linear road,

three parked vehicles each on either side of the road, and one moving vehicle ahead of the

ego-moving vehicle, as illustrated in Fig. 4.6(a). The ego-motion car has a forward velocity

of (8m/s, 0,−0.5m/s) and an acceleration of (2m/s2, 1m/s2, 0) and is equipped with a

front-view FMCW radar. The other moving car had a constant velocity of (5m/s, 0, 0). The

parked cars were represented by a collection of 3D reflection points within the radar’s field

of view, as indicated by the red markers in Fig. 4.6(b). Using the reflection points and the

signal model described by Eq. (4.7), we generated post-demodulated ADC samples for each

frame at the receiver, considering specific radar configuration described next.

Configuration

The radar configurations used for generating the ADC samples are as follows: fc = 77GHz,

Sw = 21.0017MHz/us, AT = AR = 1, ϕ0 = 0, fs = 4Msps, the number of samples per chirp

is 128, the number of chirps per frame sent by each TX is 255. We assume the formed virtual

array is planar with 8× 8 elements and antenna distance h = λ/2, where λ is the wavelength

c0/fc. We consider the pulse repetition interval for TX to be 60 us, corresponding to a

maximum unambiguous Doppler velocity of 16.5m/s, which creates no Doppler ambiguity for

most of the city/town street driving cases and is referred to as the ‘w/o Doppler ambiguity ’.

For evaluation purposes, we simulated a total of 40 frames with a frame rate of 20 fps.

4.4.2 3D Ego-motion Estimation

Baselines

The results from the ODR-based method in Sec. 4.3.2 are referred to as ‘ODR’ in the

subsequent evaluation. For an assessment of the estimation accuracy of the proposed method,

we used the output of RANSAC and LSR v̂c (step 1 in Algorithm 1) as a baseline, referred

to as ‘LSR’ in the following. It is expected that the ODR performs better than the LSR
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Table 4.2: Results for 3d ego-motion estimation.

Scenario Method RMSE (m/s)

vx vy vz

w/o Doppler

ambiguity

LSR 0.0627 0.0489 0.4355

ODR 0.0619 0.0389 0.3245

since in Algorithm 1, the LSR estimation serves as the initialization for ODR optimization.

Implementation

We applied the ODR and LSR-based 3D radar odometry algorithm to the simulated radar

ADC samples in order to estimate the ego-motion velocity for each frame, using the following

parameter values: 128 range FFT points, 256 Doppler FFT points, 128 FFT points for

azimuth angle estimation, 128 FFT points for elevation angle estimation, CFAR false alarm

probability of 10−2, and measurement error standard deviations of σθ = 0.25, σϕ = 0.25, and

σv = 0.085. The standard deviations σθ, σϕ, and σv were determined based on the theoretical

resolution of azimuth angle, elevation angle, and Doppler velocity, respectively [25]. The 3D

ego-motion estimation algorithm utilized the RANSAC algorithm with a sample size of 4,

a maximum distance threshold of 0.1m/s for determining inliers, and a maximum number

of trials of 2000. All methods were implemented with the same parameter values (where

applicable) to ensure a fair comparison. To evaluate the accuracy of ego-motion velocity

vc estimation, we compared the root mean square error (RMSE) relative to known ground

truth values that were set for each frame. The results are presented in Table 4.2, where the

3 dimensions of vc - vx, vy, vz - are listed separately.

Results and Analysis

For the results presented in Table 4.2, several observations can be made. First, the ODR pre-

dictions for vx and vy are accurate with low RMSE (0.0619m/s and 0.0389m/s, respectively),



81

Table 4.3: Results for 3d ego-motion estimation with Doppler ambiguity.

Scenario Method RMSE (m/s)

vx vy vz

with Doppler

ambiguity

LSR 0.0497 0.0361 0.3011

LSR (k = 0) 9.5405 5.4323 2.3244

ODR 0.0411 0.0193 0.1536

while the prediction for vz has a larger error of 0.3245m/s. A similar trend is observed for

the LSR algorithm. This discrepancy is mainly due to the fact that the column sinφi in

matrix P of Eq. (4.12) is close to zero, as most of the elevation angles φi are small and

the estimation of vz is more sensitive to errors. Secondly, compared to LSR, ODR achieves

significant improvements in the vy and vz directions. This is attributed to the introduction

of a model for measurement errors in the ODR model and the additional refinement process

in step 2 of Algorithm 1.

4.4.3 3D Ego-motion Estimation with Doppler Ambiguity

While most operational cases fall into the ‘w/o Doppler ambiguity’ regime, we consider

a scenario where the pulse interval for a TX is increased, leading to Doppler ambiguity.

We consider a longer pulse repetition interval 180 us, which corresponds to the maximum

unambiguous Doppler velocity 5.5m/s. We refer to this scenario as ‘with Doppler ambiguity ’

in the subsequent evaluation. For a regular urban street driving with a speed limit of

11.2m/s, we make the set for all possible k values to be K = {−1, 0, 1}. Since the heuristic

algorithm proposed in Section 4.3.3 only adds one step for estimating k to the algorithm

in Section 4.3.2, we still use ‘ODR’ to refer to and adopt the same baseline (i.e. ‘LSR’)

and metric in Section 4.4.2 for comparison and evaluation. To highlight its importance, we

also consider the serious impact of not tackling the Doppler ambiguity (running algorithm

assuming k = 0) and refer to this baseline as ‘LSR (k = 0)’ within the description in
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Figure 4.7: Regression planes of LSR, LSR (k = 0) estimate, and ODR methods for the

scenario of ‘with Doppler ambiguity’.

Section 4.4.2.

From the results shown in Table 4.3, several observations can be made. First, among all

three methods, ODR continues to achieve the best ego-motion estimation performance in

all three dimensions: vx, vy, and vz. This outcome confirms the effectiveness of the ODR

approach in handling errors in the variables model. Secondly, the LSR (k = 0) method

performs poorly compared to LSR and ODR as it fails to account for the Doppler velocity

measurements that lie outside [−vmax, vmax], resulting in a poor fit to the data in Eq. (4.14).

To illustrate it, we present the regression fitting results of the three methods in Fig. 4.7. The

input radar detections are shown as blue circles, the regression plane for ODR is represented

in orange, the regression plane for LSR is shown in blue, and the regression plane for LSR

(k = 0) is depicted in yellow. From Fig. 4.7, it is evident that the LSR (k = 0) method only

fits a portion of the radar input, and the overall regression plane deviates significantly from

the correct regression plane (e.g., the one obtained by ODR) when Doppler ambiguity exists.
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Figure 4.8: Doppler-azimuth angle images (for 0◦ elevation angle) before and after the

background removal.

4.4.4 Background Removal Algorithm

Implementation

We applied the proposed static background removal algorithm to the simulated data under

the ‘w/o Doppler ambiguity’ scenario. The required radar ego velocity was estimated through

the ODR method in Section 4.4.1. The results from post-background filtering are shown via

two 2-D Doppler-azimuth and range-azimuth angle images to avoid plotting sophisticated

3D images. As discussed in Section 4.3.4, these images are obtained by performing FFT

operations on the raw radar ADC data [25].

Results and Analysis

The background removal results for the first frame of the simulated data are illustrated

in Fig. 4.8 and Fig. 4.9. Specifically, we focused on 0◦ elevation plane for both the

Doppler-azimuth and the range-azimuth angle image. In Fig. 4.8(a), which represents

the Doppler-azimuth angle image before background removal, we observe that the main

Doppler components of the static background are limited to the range [−7m/s,−10m/s].

We also observe that the relationship between the Doppler velocities of the static background

and its azimuth angles follows a U-shaped pattern. Mathematically, this can be explained by
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Figure 4.9: Range-azimuth angle images (for 0◦ elevation angle) before and after the

background removal.

Eq. (4.3) when φ = 0. After substituting φ = 0 into Eq. (4.3), we get vr = vy cos θ− vx sin θ

represents a U-shaped curve when plotted for θ ∈ [−π
2 ,

π
2 ]. After applying the background

removal algorithm, the resulting Doppler-azimuth angle image is shown in Fig. 4.8(b). In

this image, the mainlobe of the Doppler signal for each azimuth angle has been filtered

out, leaving only a few remaining sidelobe components. Fig. 4.9(a) displays the original

range-azimuth angle image, where the reflections from the moving car are mixed with clutter

from stationary backgrounds (static cars). Separating these components through spatial

filtering alone can be challenging. However, by utilizing the proposed background filtering

method in the azimuth-elevation-Doppler domain, we obtain a significantly cleaner spatial

image, as depicted in Fig. 4.9(b). This processed image effectively distinguishes the extended

moving car and removes a significant portion of the clutter present in the original image.

To quantitatively assess the performance of the background removal algorithm, we

analyzed the range profiles before and after the background removal process. In Fig. 4.10,

the range profiles are plotted along with the average amplitudes (in dB) of the target (the

moving car) and the background (the static cars). These amplitudes are labeled as the

‘signal ’ and ‘interference’, respectively, and the ratio between them (i.e., SIR) is computed

as the evaluation metric. Before background removal, the signal amplitude was measured



85

Figure 4.10: Range profile before and after the background removal.

at −3 dB, while the interference amplitude was −8 dB leading to SIR of −3− (−8) = 5dB.

After the background removal, the signal amplitude increased to 0 dB, while the interference

amplitude significantly decreased to −37 dB. This results in a significantly improved SIR of

0−(−37) = 37 dB. The significant improvement in the SIR, from 5dB to 37 dB, demonstrates

the remarkable clutter suppression capability of the proposed algorithm.

4.5 Experiments

Besides simulations, we also gathered significant measurement data using an off-the-shelf

automotive radar testbed that allows us to assess the performance of the proposed static

background removal algorithm in a real-world setting.

4.5.1 Experimental Setup and Configuration

Setup

A testbed was constructed using a TIDEP-01012 77 GHz mmWave radar [128] and two

cameras, as depicted in Fig. 4.11(a). The Texas Instruments radar evaluation module employs
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Figure 4.11: (a) Experimental radar testbed mounted on a vehicle. (b) The front view of

the cascaded-chip radar board with the RX and TX highlighted. (c) The arrangement for

the TX array, RX array, and the formed virtual array using TDM-MIMO.

a cascade of four radar chips, enabling greater MIMO dimension[128]. For data capture, the

testbed was positioned at the front of the vehicle, enabling simultaneous collection of camera

images and corresponding radar raw data (post-demodulated I-Q samples) [36]. The front

view of the radar setup is illustrated in Fig. 4.11(b), featuring a 2D arrangement with 12

TXs and 16 RXs. By employing TDM MIMO techniques [25,27], the orthogonal signals from

different TXs result in the formation of a 2D virtual receiver array, as shown in Fig. 4.11(c),

obtained through the spatial convolution of all physical TX and RX pairs [25, 27]. The

virtual array exhibits a sparse configuration (with 4 non-uniformly spaced elements spanning

a 3λ aperture) in the vertical direction and a large uniform array (consisting of 86 uniformly

spaced elements spanning a 42.5λ aperture) in the horizontal direction.

Configuration

The specific configuration of the cascaded-chip radar used in the data capture is as follows:

fc = 77GHz, Sw = 45MHz/µs, fs = 15Msps, NT = 12, NR = 16, Tc = 20 µs, sweep

bandwidth 384MHz, the number of chirps per TX per frame is 128, the number of samples

per chirp is 128, and the frame rate is 30 fps. Based on Eq. (4.13), the maximum unambiguous

Doppler velocity is 4m/s.
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Figure 4.12: Typical Experiment scenario.

4.5.2 Background Removal Algorithm

Scenario

The experimental data was collected in a practical scenario with an ego car in motion in

a complex environment, as shown in Fig. 4.12. The scene consisted of various stationary

objects such as fences, trees, buildings, and parked cars on the roadsides. Additionally,

there was a bus moving towards the ego vehicle. The testing phase involved the analysis

of 15 frames of recorded radar I-Q samples, capturing the dynamics of the scene and the

interactions between the ego car and its surroundings.

Implementation

We implemented the proposed 3D radar odometry algorithm and static background removal

algorithm using the following parameter settings: Range, Doppler, Azimuth Angle, Elevant

Angle FFTs with 128 points each, CFAR false alarm probability of 10−2, ambiguity set

K = {−1, 0, 1}, and measurement error standard deviations σθ = 0.023, σϕ = 0.5, σv = 0.0634.

For the 3D ego-motion estimation, we utilized the RANSAC algorithm with a sample size of

4, a maximum distance threshold of 0.2m/s for determining inliers, and a maximum number

of trials set to 2000. The implementation was carried out using MATLAB R2019b on a

computer equipped with an Intel i7-9750H CPU. Due to the limited availability of accurate

radar ego-motion ground truth in real-world experiments, we were unable to perform a
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comprehensive evaluation of the 3D ego estimation results.

Results and Analysis

We present the qualitative results of the static background removal algorithm in Fig. 4.13

and Fig. 4.14. Our focus is on the plane of 0◦ elevation for the Doppler-azimuth angle image

and range-azimuth angle image. Fig. 4.13 shows the Doppler-azimuth angle image before

and after the background removal. In Fig. 4.13(a), we observe that the Doppler components

of the stationary background reflections span a range [1.5m/s, 3m/s], forming a U-shaped

relationship with the azimuth angle. Considering the vehicle’s average speed (which exceeds

4m/s), the actual Doppler velocity for the stationary background should be a negative value

calculated based on the azimuth angle and radar ego velocity. The measured Doppler velocity

within the range of 1.5m/s to 3m/s indicates the presence of Doppler ambiguity (i.e k ̸= 0).

By utilizing our proposed 3D ego-motion estimation algorithm, the best k value is estimated

as 1, confirming our earlier assumption. In Fig. 4.13(b), we observe that after the background

removal, the strong Doppler components for each azimuth angle are mostly filtered out, while

the main lobe from the moving bus and some sidelobe components from the background are

still present. Furthermore, we assess the performance of the background removal algorithm

on the range-azimuth angle image, as depicted in Fig. 4.14. In Fig. 4.14(a), we observe that

the background components are efficiently removed, with the post-removal clutter amplitude

below −10 dB, while the signal reflections from moving objects exhibit minimal change. This

demonstrates the effectiveness of the static background removal algorithm in suppressing

clutter and preserving the desired moving targets.

4.6 Discussion

4.6.1 Sensitivity Analysis for Ego-motion Estimation

The performance of the proposed end-to-end background removal algorithm relies on the

accuracy of 3D ego-estimation results. It is important to note that the RANSAC algorithm is

not guaranteed to find the correct inliers in all cases. It is possible for the 3D ego-estimation

algorithm to converge to a model that contains false inliers (i.e., data points that do not
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Figure 4.13: Doppler-azimuth angle images (for 0◦ elevation angle) before and after the

background removal.

Figure 4.14: Range-azimuth angle images (for 0◦ elevation angle) before and after the

background removal.
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belong to the static background) or to miss some of the static elements, especially in

challenging scenarios with a few static objects and a high density of moving objects. In the

former cases, the presence of false inliers in the subsequent processing steps will lead to

inaccurate background removal. To showcase the sensitivity of the ego-motion estimation

algorithm in such instances, we extend the simulation to different scenarios. The original

scenario in the simulation of Section 4.4.1 has 6 static cars off the road and 1 moving car

on the road (except the ego car). We increased the number of moving cars to 3, 6, and 10

respectively, and tested the performance of ego-motion estimation. The results in Fig. 4.15

show that the ego-motion estimation errors for the scenarios of 1, 3, 6, and 10 moving

cars are on a similar level, which indicates that with a sufficient amount of static cars, the

ego-motion estimation is robust to the number of moving objects. Next, we kept 10 moving

cars and reduced the number of static cars to 3 and 1. The results in Fig. 4.15 show that the

ego-motion estimation works well for having 3 static cars but does not work for only 1 static

car. Hence without a sufficient amount of static objects relative to the number of moving

objects, the ego-motion estimation algorithm cannot identify the static set correctly using

the RANSAC algorithm, which impacts the subsequent steps. In summary, the above shows

that ego-motion estimation can work robustly unless there are very few stationary objects

(relative to moving targets) in the scene. In such cases, combining other methodologies such

as sensor fusion, to improve the robustness of 3D ego-motion estimation may be a potential

solution.

4.6.2 Time Complexity Analysis

To analyze the time complexity of the algorithms, let’s denote the dimensions of the radar

data cube as Ns (samples), Nc (chirps), Nh (horizontal antennas), and Ne (vertical antennas).

The overall time complexity of the proposed algorithm can be divided into three parts: 3D

ego-motion estimation, radar imaging, and background filtering. For the 3D ego-motion

estimation, the approximate complexity is O(NsNcNhNe logNsNc) + O(NsNc), which is

determined by the range-Doppler FFT and CFAR detection operations. Here, we do not

include the complexity of the azimuth angle FFT, elevation angle FFT, and ODR estimator
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Figure 4.15: Performance of 3D ego-motion estimation for the cases of different numbers of

moving cars and static cars.

since the number of CFAR detections in these steps is relatively small. Regarding radar

imaging, the approximate complexity is O(NsNcNhNe logNhNe), assuming that we start

from the range-Doppler intermediate results obtained in the previous step. For background

filtering, the approximate complexity is O(NhNeC), where C is the computation required for

every notch filtering, which can be very small based on the analysis presented in the remark.

Therefore, the overall time complexity of the algorithm is O(NsNcNhNe logNsNcNhNe),

after summing up the complexities mentioned above and ignoring the smaller terms.

We compare the time complexity of the proposed algorithm with two best-known reduced-

rank STAP baselines: adjacent-bin post-Doppler STAP [110] and joint domain localized

STAP [111]. Note that two baselines do not consider the elevation domain Ne in its degree

of freedom for filtering. For a fair comparison to our algorithm, we assume the two baselines

repeat the filtering operation at each elevation sample and incoherently sum the results. For

adjacent-bin post-Doppler STAP, the overall time complexity is determined by the range-

Doppler estimation, which isO(NsNcNhNe logNsNc), and the space-time adaptive processing

with reduced DOF NhL, where L is the number of adjacent Doppler bins. For space-time

adaptive processing, the complexity of processing one Doppler-angle position includes
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Table 4.4: Time Complexity of Algorithms

Methods Time Complexity

proposed method O(NsNcNhNe logNsNcNhNe)

adjacent-bin post-

Doppler STAP [110]

O(NsNcNhNe(logNsNc + (NhL)
3))

joint domain local-

ized STAP [111]

O(NsNcNhNe(logNsNcNh + (HL)3))

covariance matrix calculation O(2(NhL)
3), covariance matrix inverse O((NhL)

3), and weight

computation and application O((NhL)
2 + (NhL)) [131]. By summing up these complexities

for all range bins, all Doppler-angle positions, and all elevation samples, the overall time

complexity of space-time adaptive processing is O(NsNcNhNe(NhL)
3). Therefore, the overall

time complexity for adjacent-bin post-Doppler STAP is O(NsNcNhNe(logNsNc + (NhL)
3)).

Compared to adjacent-bin post-Doppler STAP, the joint domain localized STAP further

reduces the DOF to HL through beamforming on the antenna (space) domain, where H is the

number of adjacent angle bins. Similar to the previous analysis, we can break down the time

complexity of joint domain localized STAP into two parts: range-Doppler-angle estimation,

which has a complexity of O(NsNcNhNe logNsNcNh), and space-time adaptive processing,

which has a complexity of O(NsNcNhNe(HL)3). Therefore, the overall time complexity of

joint domain localized STAP is O(NsNcNhNe(logNsNcNh + (HL)3)). Based on the above

analysis and the results summarized in Table. 4.4, it is evident that the proposed algorithm

has a significantly lower time complexity compared to the two state-of-the-art reduced-rank

STAP methods. This is particularly advantageous when the Ne dimension is typically very

small in practical scenarios, resulting in logNhNe ≪ (NhL)
3 and logNe ≪ (HL)3.
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4.7 Summary

This chapter presents an efficient algorithm for background removal in automotive radar

applications using FMCW radar. The algorithm encompasses radar signal preprocessing, 3D

ego-motion estimation, and clutter removal in the azimuth-elevation-Doppler domain using a

notch filter approach. Extensive evaluations and analyses have demonstrated the algorithm’s

effectiveness in suppressing background clutter and reducing computation. However, the

proposed background removal algorithm highly relies on the accuracy of 3D ego-estimation

results, which may lack performance when applied to real-world conditions where there

are few stationary objects and the 3D ego-estimation works poorly. Besides, the current

3D ego-motion estimation does not consider the temporal consistency across frames, which

leads to a suboptimal solution. As a future direction, we plan to explore and develop

robust techniques for enhancing 3D ego-motion estimation accuracy (e.g., multi-sensor fusion,

incorporating multiple frames), which has the potential to address this issue and further

improve the overall performance of the algorithm.
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Chapter 5

CONCLUSIONS AND FUTURE DIRECTIONS

Throughout this thesis, several research works and preliminary results have highlighted

the potential of mmWave radars in various applications for autonomous driving and security

check. In the context of mmWave radars, we have explored feasible avenues to leverage

available sensing and data sources, enabling the design of learning-based algorithms for these

applications, and ensuring performance, reliability, and robustness under diverse scenarios.

Specifically, in Chapter 2, we presented a deep learning-based system for recognizing road

users in challenging conditions, a crucial aspect of autonomous driving. In Chapter 3, we

introduced the novel MIMO-SAR algorithm, enabling high-resolution imaging in vehicle-

mounted side-view radars while reducing computational load. Additionally, in Chapter 4,

we proposed a stationary background removal algorithm catering to the complexities of

vehicular radar. These contributions collectively underscore the potential of mmWave radars

in advancing the field of autonomous driving applications.

Looking ahead, there are numerous opportunities for further research and development in

this field. As radar-based applications continue to gain traction due to advancements in hard-

ware, sensing, and computing technologies, designing intelligent systems with performance

and reliability guarantees becomes essential. Future research directions may include exploring

novel algorithms and models to further enhance the capabilities of radar-based systems.

Incorporating enhanced-angular-resolution SAR imaging into the current framework of radar

object detection is a promising direction to push the limit of the system’s performance.

Additionally, investigating the fusion of radar data with other sensor modalities, such as

cameras and LiDAR, could lead to more robust and comprehensive perception systems.

Furthermore, the application of machine learning and artificial intelligence techniques in

radar signal processing holds the potential for optimizing radar performance and expanding

its use in various domains.
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In conclusion, this thesis sets the stage for further exploration and innovation in the field

of mmWave radar applications for autonomous driving and security check. By leveraging

the power of data-driven technologies and intelligent signal processing algorithms, we can

unlock new possibilities and advancements in radar-based systems, ultimately contributing

to safer, more efficient, and reliable autonomous driving and security solutions.
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radar polygon: A lightweight and predictable occupancy representation for short-range
collision avoidance,” 2022, available at https://arxiv.org/pdf/2203.01442.pdf.

[30] D. Sihao, X. Gao, and H. R. Dasari, “Deformable radar polygon systems and methods
for a virtual bumper,” May 18 2023, uS Patent App. 17/980,618.

[31] S. Jin, X. Gao, and S. Roy, “Cognition in automotive radars,” in Next-Generation
Cognitive Radar Systems (Radar, Sonar and Navigation), K. V. Mishra, B. S. M.R.,
and M. Rangaswamy, Eds. IET, 2023.

[32] X. Gao, Y. Luo, G. Xing, S. Roy, and H. Liu, “Raw adc data of 77ghz
mmwave radar for automotive object detection,” 2022. [Online]. Available:
https://dx.doi.org/10.21227/xm40-jx59

[33] X. Gao, S. Roy, H. Liu, Y. Luo, and G. Xing, “Raw adc data of 2d-
mimo mmwave radar for carry object detection,” 2022. [Online]. Available:
https://dx.doi.org/10.21227/begn-ye78

[34] X. Gao, Y. Sun, H. Chen, X. Xu, and S. Cui, “Joint computing, pushing and caching
optimization for mec networks via soft actor-critic learning,” 2023.

https://arxiv.org/pdf/2203.01442.pdf
https://dx.doi.org/10.21227/xm40-jx59
https://dx.doi.org/10.21227/begn-ye78


100

[35] X. Gao, Y. Sun, H. Chen, S. Cui, and X. Xu, “Soft actor-critic learning-based
joint computing, pushing, and caching framework in mec networks,” arXiv preprint
arXiv:2305.12099, 2023.

[36] X. Gao, G. Xing, S. Roy, and H. Liu, “Ramp-cnn: A novel neural network for enhanced
automotive radar object recognition,” IEEE Sensors Journal, vol. 21, no. 4, pp.
5119–5132, 2021.

[37] X. Gao, S. Roy, and G. Xing, “Mimo-sar: A hierarchical high-resolution imaging
algorithm for mmwave fmcw radar in autonomous driving,” IEEE Transactions on
Vehicular Technology, vol. 70, no. 8, pp. 7322–7334, 2021.

[38] S. Zang, M. Ding, D. Smith, P. Tyler, T. Rakotoarivelo, and M. Kaafar, “The impact
of adverse weather conditions on autonomous vehicles: how rain, snow, fog, and hail
affect the performance of a self-driving car,” IEEE Vehicular Technology Magazine,
vol. 14, no. 2, pp. 103–111, 6 2019.

[39] A. Angelov, A. Robertson, R. Murray-Smith, and F. Fioranelli, “Practical classification
of different moving targets using automotive radar and deep neural networks,” IET
Radar, Sonar Navigation, vol. 12, no. 10, pp. 1082–1089, 2018.

[40] B. Major, D. Fontijne, A. Ansari, R. Teja Sukhavasi, R. Gowaikar, M. Hamilton,
S. Lee, S. Grzechnik, and S. Subramanian, “Vehicle detection with automotive radar
using deep learning on range-azimuth-doppler tensors,” in The IEEE International
Conference on Computer Vision (ICCV) Workshops, Oct 2019.
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[73] F. Harrer, F. Pfeiffer, A. Löffler, T. Gisder, and E. Biebl, “Synthetic aperture radar
algorithm for a global amplitude map,” in 14th Workshop on Positioning, Navigation
and Communications (WPNC), 2017, pp. 1–6.

[74] A. Laribi, M. Hahn, J. Dickmann, and C. Waldschmidt, “Performance investigation of
automotive sar imaging,” in IEEE MTT-S International Conference on Microwaves
for Intelligent Mobility (ICMIM), 2018, pp. 1–4.

[75] X. Hu, Y. Li, M. Lu, Y. Wang, and X. Yang, “A multi-carrier-frequency random-
transmission chirp sequence for tdm mimo automotive radar,” IEEE Transactions on
Vehicular Technology, vol. 68, no. 4, pp. 3672–3685, 2019.

[76] X. Dong and Y. Zhang, “Sar/isar imaing using commercial millimeter-wave radar,” in
6th Asia-Pacific Conference on Synthetic Aperture Radar (APSAR), 2019, pp. 1–4.

[77] J. Kulpa, M. Malanowski, D. Gromek, P. Samczyńsk, K. Kulpa, and A. Gromek,
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Appendix A

RADAR DATA AUGMENTATION

A.1 Translating in Range

Suppose there is a target located at a certain range r1, azimuth angle θ1, the corresponding

FMCW de-chirped signal (single chirp) at time t and receiver q can be expressed as [132]:

f(t, q) = A1 exp

(
j2π

(
fcτ1 + Stτ1 −

1

2
Sτ21 +

qd sin θ1
λ

))
(A.1)

where τ1 = 2r1
c0

is the round-trip delay between radar and target, A1 is the signal amplitude

determined by target’s radar cross section (RCS), range, and antenna gain.

With the Quadrature analog-to-digital conversion (ADC) sampling, the de-chirped signal

can be expressed as f( i
fs
, q), i.e., t is replaced by the sampling time i

fs
, where i is the sample

index, and fs is the sampling frequency.

Implementing the Range FFT on the digitized de-chirped signal, we obtain the range

profile FR(mr, q) below:

FR(mr, q) =

Ns−1∑
i=0

f(
i

fs
, q) exp(−j

2πmri

Mr
)

=A1 exp

(
j2π

(
fcτ1 −

1

2
Sτ21

))
exp

(
j2π

qd sin θ1
λ

)

×

Ns−1∑
i=0

exp

(
j2πS

i

fs
τ1

)
exp(−j

2πmri

Mr
)


=A1 exp

(
j2π

(
fcτ1 −

1

2
Sτ21

))
exp

(
j2π

qd sin θ1
λ

)

×
1− exp

(
j2πNs

(
Sτ1
fs

− mr
Mr

))
1− exp

(
j2π

(
Sτ1
fs

− mr
Mr

))

(A.2)

where Mr are the number of points for Range FFT, mr ∈ {0, 1, ...,Mr − 1} is the range bin
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index. The mapping relationship between any range r and bin index is shown below:

mr = ⌊2MrSr

c0fs
⌋ (A.3)

If the target at (r1, θ1) with corresponding Cartesian-coordinates (x1, y1) has a translation

in range, ∆r, as we defined in Section 2.4, i.e. x′1 = x1, y
′
1 =

√
y21 +∆r2 + 2∆rr1, then its

new location (r′1, θ
′
1) would be r′1 = r1 +∆r, θ′1 = arctan(

x′
1

y′1
). According to the radar range

equation, the energy loss ratio due to range shift is (r1/ (r1 +∆r))2. Thus, the corresponding

FMCW de-chirped signal fnew(t, q) for the target at new location (r′1, θ
′
1) is expressed as:

fnew(t, q) = A1

(
r1

r1 +∆r

)2

exp(j2π(fcτ
′
1 + Stτ ′1 −

1

2
Sτ ′1

2
+

qd sin θ′1
λ

)) (A.4)

where τ ′1 =
2r′1
c0

is the new round-trip delay between radar and target.

The range profile for the digitized signal fnew(
i
fs
, q) can be obtained with similar deriva-

tions in Eq. (A.2) and Eq. (A.3). That is,

FR, new(mr, q) =A1

(
r1

r1 +∆r

)2

exp

(
j2π

(
fcτ

′
1 −

1

2
Sτ ′1

2
))

× exp

(
j2π

qd sin θ′1
λ

) 1− exp

(
j2πNs

(
Sτ ′1
fs

− mr
Mr

))
1− exp

(
j2π

(
Sτ ′1
fs

− mr
Mr

))
(A.5)

Based on the triangular geometry, the sin θ′1 term in Eq. (A.5) can be simplified by

sin θ′1 =
x′
1

r′1
= x1

r′1
. Ignoring the change of Doppler phase term exp

(
j2π

(
fcτ

′
1 − 1

2Sτ
′
1
2
))

,

we would approximate the remaining terms of Eq. (A.5) with the original profile Eq. (A.2)

by following relation:

FR, new(mr, q) ≈
(

r1
r1 +∆r

)2 ∣∣FR(mr +∆mr1 , q)
∣∣

× exp

(
j

r1
r1 +∆r

ϕ
(
FR(mr +∆mr1 , q)

)) (A.6)

where ∆mr1 = ⌊−2MrS∆r
c0fs

⌉, ϕ
(
FR(mr +∆mr1 , q)

)
is the phase of FR(mr +∆mr1 , q).

Eq. (A.6) implies that we would obtain the new range spectrum FR, new(mr, q) by shifting

∆mr1 cells in the original range spectrum FR(mr, q), and then scale up or down its amplitude

and phase with coefficient
(

r1
r1+∆r

)2
, r1
r1+∆r respectively. When there are multiple targets

located at different range bins, we can filter out the spectrum of each target, and then

implement the above transformations for each target.
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A.2 Translating in Angle

Implementing the Range FFT and Angle FFT on the digitized de-chirped signal represented

by Eq. (A.1), we obtain the 2D range-angle spectrum below:

FRA(mr,mθ) =

Ns−1∑
i=0

NRx−1∑
q=0

f(
i

fs
, q) exp(−j

2πmri

Mr
) exp(−j

2πmθq

Mθ
)

=FR(mr)

NRx−1∑
q=0

exp(j2π
qd sin θ1

λ
) exp(−j

2πmθq

Mθ
)

=FR(mr)

1− exp

(
j2πNRx

(
d sin θ1

λ − mθ
Mθ

))
1− exp

(
j2π

(
d sin θ1

λ − mθ
Mθ

))
(A.7)

where FR(mr) =
Ns−1∑
i=0

A1 exp

(
j2π

(
fcτ1 + S i

fs
τ1 − 1

2Sτ
2
1

))
exp(−j 2πmri

Mr
) is the Range FFT

output for range bin mr; Mθ is the number of points for Angle FFT; mθ ∈ {0, 1, ...,Mθ − 1}

is the angle bin index. The mapping relationship between any azimuth angle θ and bin index

is:

mθ = ⌊Mθd sin θ

λ
⌋ (A.8)

If the target at (r1, θ1) has a translation in angle, ∆θ, as we defined in Section 2.4,

i.e. r′1 = r1, θ
′
1 = θ1 +∆θ, and the antenna gain ratio due to angle shift is

Gθ′1
Gθ

, then the

corresponding FMCW de-chirped signal fnew(t, q) for the target at new location (r1, θ
′
1) is

expressed as:

fnew(t, q) = A1

Gθ′1

Gθ
exp(j2π(fcτ1 + Stτ1 −

1

2
Sτ21 +

qd sin θ′1
λ

)) (A.9)

Again, the range-angle spectrum for the digitized signal fnew(
i
fs
, q) can be obtained with

similar derivations in Eq. (A.7) and Eq. (A.8). That is,

FRA, new(mr,mθ) =
Gθ′1

Gθ
FR(mr)

1− exp

(
j2πNRx

(
d sin θ′1

λ − mθ
Mθ

))
1− exp

(
j2π

(
d sin θ′1

λ − mθ
Mθ

)) (A.10)

With ∆mθ1 = ⌊Mθd(sin θ1−sin θ′1)
λ ⌉, we can approximate new range-angle spectrum (A.10)

with the old one (A.7) by following relation:

FRA, new(mr,mθ) ≈
Gθ′1

Gθ
FRA(mr,mθ +∆mθ1) (A.11)
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Eq. (A.11) implies that we would obtain the new range-angle spectrum FRA, new(mr,mθ)

by shifting ∆mθ1 cells along the angular direction in the original spectrum FRA(mr,mθ).

Similarly, when there are multiple targets located at different angle bins, we can also filter

out the spectrum of each target, and then implement the above transformations for each

target.
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