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This thesis presents the formulation and experimental validation of an autonomous

ground vehicle localization method that applies a low-cost, millimetre-wave radar per-

ception system for the detection and tracking of roadside retro-reflectors. Radar has

emerged as an essential component in the autonomous vehicle sensor suite due to its

low cost, resiliency to inclement weather conditions, and its benefit in direct mea-

surement of relative velocity. Many modern vehicles are equipped with pre-installed

automotive radar units for Advanced Driver Assistance Systems (ADAS) features such

as adaptive cruise control and collision detection systems. This work aims to leverage

existing low-cost radar infrastructure by developing software-based techniques for ve-

hicle localization. This approach has the potential to eliminate the need for hardware

modifications, thereby enhancing the practicality, cost-effectiveness, and accessibility

of the proposed localization method.

There are factors that make radar-based perception systems challenging, such as

the sparsity of radar point clouds, the impact of motion distortion on radar sensor

performance, and the event of missed and false detections. To overcome these chal-

lenges, we propose a feature extraction and fusion scheme that uses Density Based

Spatial Clustering of Applications with Noise (DBSCAN) and a Kalman filter. This

system effectively tracks radar returns attributed to retro-reflectors, enabling accurate
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vehicle localization with respect to the road ahead.

We tested the approach via indoor experiments that made use of Continental’s

ARS 408 radar, a mobile Husky A200 robot, and a Vicon motion capture system for

ground truth validation. Experiments were conducted to test the localization system

on curved and straight paths to resemble highway and highway-ramp driving scenar-

ios. The results from 30 experiments showed centimetre-level localization accuracy,

with an average Euclidean distance tracking error of 0.25 m for each reflector.
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Autonomous vehicles (AVs) have the potential to positively impact society by

enhancing road safety, alleviating traffic congestion, and increasing mobility for in-

dividuals with disabilities or those who are unable to drive. Current AVs, which rely

primarily on cameras and LiDAR for perception, have shown to achieve sufficient

performance under favorable weather conditions [2]. However, AVs face perception

and localization challenges in low-light and poor weather conditions, in part due to

the limitations of cameras and LiDAR [3]. To fully realize the potential of AVs, they

must be operational in all weather conditions. The challenge of AV localization and

road-following under severe weather on highways might be overcome by detecting

and tracking static infrastructure (i.e., passive retro-reflectors) with radar. We be-

lieve that even in low-light and low-visibility circumstances, such as fog and thick

snow, radar sensors may be capable of detecting such roadside reflectors. This is due

to the lower frequency operation (77 GHz) of automotive radar sensors [2]. Greisman

[4] performed experiments to detect conductive-painted lane markers through

snow coverage using automotive radar. We extend the concept of employing reflec-

tive infrastructure to enhance radar perception systems for vehicle localization. This
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thesis suggests that, by installing reflective roadside infrastructure, one might use

radar to robustly predict the path of a road despite the inherent noise and sparsity

of the radar’s acquired returns. A conceptual illustration of the proposed sensor-

infrastructure setup is provided in Figure 1.1, where a radar is mounted to the front

of an AV, and roadside retro-reflectors are used as landmarks to enable localization.

One of the primary benefits associated with radar sensors is their widespread

availability in modern vehicles. This work aims to leverage existing low-cost radar

infrastructure by developing software-based techniques for vehicle localization. With

the emergence of improved sensing technology, greater computation speed, and more

robust artificial intelligence systems, AV researchers are shifting their focus from

ADAS to fully-automated driving [3]. Due to the noise and sparsity of radar point

clouds, a large performance gain for radar sensors is needed in order to deploy viable

radar-based autonomous systems. However, the radar signal processing pipeline has

not evolved significantly over the years, resorting to classical methods such as the

Constant False Alarm Rate (CFAR) algorithm [5].

Researchers have started investigating how deep learning might be used to improve

radar-based perception tasks such as object detection and tracking [6], [7], [8]. The

nuScenes [9], RadarScences [10], CARRADA [11], and Oxford Radar RoboCart [12]

data sets are frequently used to train and evaluate deep learning radar perception

systems. To our knowledge, no prior work has applied low-cost radar sensors to

identify and track retro-reflectors through clustering and state estimation. This is

likely because there is no publicly accessible data collection that contains informa-

tion about retro-reflectors and most research efforts are focused on deep-learning so-

lutions. Through the application of clustering techniques, experiments suggest that

Dean Sacoransky - Electrical and Computer Engineering



1.1. RELATED WORK 3

our proposed method can deduce patterns from the collected radar data without the

need for labeling and collecting an expensive training data set.

Figure 1.1: A road following system for an autonomous vehicle, where reflective
beacons are positioned along the side of the road to facilitate radar-based landmark
detection and path prediction. This is a conceptual illustration and thus, the size,
scale, distances, and quantity of reflectors are approximate. This illustration was
created with the help of OpenAI’s DALLE model [1].

This section summarizes related literature, from radar data processing to unsu-

pervised learning and sensor fusion with radar.

Dean Sacoransky - Electrical and Computer Engineering



1.1. RELATED WORK 4

The signal processing pipeline for radar has recently gained attention in the lit-

erature. Radar images are often noisy and require processing techniques to filter out

clutter and isolate objects of interest. Feature detectors, such as CFAR, are used to

identify key points from radar returns [5]. CFAR filters out radar detections whose

returns are below a predefined power threshold. Feature descriptors, such as Oriented

FAST and rotated BRIEF (ORB), have been used to obtain information on landmarks

such as shape, orientation, location, and motion [13]. The Fast Fourier Transform

(FFT) has been used as a classical radar processing method for transforming data to

the range-Doppler domain to extract relative range and velocity information [4].

In recent years, modern radar processing techniques incorporating deep learning

have emerged. Brodeski [14] developed a data-driven deep learning approach to

radar signal processing, thus eliminating the need for parameter selection in methods

such as CFAR. Adolfsson [5] extended CFAR to CFEAR (Conservative Filtering

for Efficient and Accurate Radar Odometry) for accurate incremental odometry esti-

mation and surface estimation of unknown environments. CFEAR is a conservative

filtering approach that distinguishes signals from noise through k-strongest filtering.

This method reduces false positive radar detections at the expense of missing land-

marks with weaker returns [5]. Barnes [15] used deep learning-based methods in

an attempt to find optimal radar key points rather than using off-the-shelf key point

extractors such as ORB or SURF. These methods, however, do not apply clustering

techniques for filtering noise points from objects of interest.

Kopp [16] used the PointNet++ neural network architecture to identify

clutter in radar pointclouds. Prabhakara [17] presented an end-to-end neural

Dean Sacoransky - Electrical and Computer Engineering
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