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ABSTRACT

This paper presents a methodology by which kinematic variables of road vehicles
can be extracted from unmanned aerial vehicle (UAV) footage. The oriented bound-
ing boxes of the vehicles are identified based on the aerial view of the intersection,
and the kinematic variables, such as position, longitudinal velocity, lateral veloc-
ity, yaw angle and yaw rate, are determined. The bounding boxes are converted to
the perspective of a roadside camera using homography, to generate labeled data
sets for training the machine learning-based perception systems of smart intersec-
tions. Compared to ordinary GPS data-based technology, the proposed method pro-
vides smoother data and more information about the dynamics of the vehicles. In
the meantime, it does not require any additional instrumentation on the vehicles.
The extracted kinematic variables can be used for motion prediction of road traffic
participants and for control of connected automated vehicles (CAVs) in intelligent
transportation systems.
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1. Introduction

Unmanned aerial vehicles (UAVs), also referred as drones, have attracted increasing
attention of researchers in traffic monitoring and management due to their mobility
and low cost. Instead of fixed-location sensors, such as fixed cameras, radars, and loop
detectors, which can only collect data from specific perspectives at specific locations,
UAVs can serve as mobile sensors in modern traffic networks. UAVs can be coordi-
nated to collect large scale traffic data and the extracted vehicle trajectories can be
used to investigate safety (Zheng et al., 2022) and to study traffic congestion (E. Barm-
pounakis & Geroliminis, 2020). Drones can carry different types of sensors, such as
video cameras, thermal cameras, infrared cameras, LIDAR, and radar (Pajares, 2015).
Among these, high-resolution video cameras are the most popular sensors for traffic
monitoring (Datondji, Dupuis, Subirats, & Vasseur, 2016; Husain, Maity, & Yadav,
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2020). Probe vehicles equipped with high-precision GPS can also be used to collect
traffic data, but such instrumentation is expensive and only a small fraction of the
vehicles can be instrumented. Besides traffic surveillance, UAVs can also be used in
other applications, for example, freight delivery and road construction, but this is be-
yond the scope of this paper. The survey by E. N. Barmpounakis, Vlahogianni, and
Golias (2016) is listed for the interest of the readers.

Puri (2005) gives a comprehensive survey of early research activities on using UAVs
for traffic surveillance. Back then most of the work was still in the design stage, and
mainly focused on the control and operation of UAVs. The related research between
2005 and 2012 is summarized in (Kanistras, Martins, Rutherford, & Valavanis, 2013),
with real-time algorithms developed for vehicle detection, classification and tracking in
intelligent transportation systems. Y. Liu, Tian, Chen, Zhu, and Wang (2013) review
computer vision techniques used for vehicle detection and tracking. Algorithms are cat-
egorized as motion-based methods (which compare frames and search for differences or
trace the movements of pixels) and feature-based methods (which use inherent vehicle
features such as colors and edges). Tracking algorithms mostly follow the motion-based
method; namely, vehicles that are spatially close in consecutive frames can be identified
as the same vehicle. Contrarily, machine learning (ML) algorithms use feature-based
vehicle detection.

Recent advances in ML technologies bring traffic monitoring to a new stage. Won
(2020) provides a survey on vehicle classification with different sensors where ML tech-
niques play an important role. Bouguettaya, Zarzour, Kechida, and Taberkit (2022)
discuss vehicle detection from UAV images using different deep learning methods.
Compared to hand-crafted image processing or shallow learning methods, deep learn-
ing enhances the ability of real-time, accurate vehicle detection. Especially, convo-
lutional neural networks (CNNs), such as You Only Look Once (YOLO) (Redmon,
Divvala, Girshick, & Farhadi, 2016) and its variants, exhibit a lot of potential in
this sense, see e.g., Z. Liu et al. (2023). CNNs are often combined with other neural
network structures, for example, recurrent neural networks (RNNs), long short-term
memory (LSTM) (Hochreiter & Schmidhuber, 1997), and generative adversarial net-
works (GANs) (Goodfellow et al., 2020). RNNs feed the output from the previous state
as an input of the current state, and thus, can be used for vehicle tracking. LSTMs fix
some problems (such as vanishing gradient) of classical RNN methods. GANs can be
used to generate new images which are similar to the ones in the existing data sets. A
major challenge for learning-based methods is however the lack of labeled data sets.
Namely, these methods rely on classical (hand-crafted) image-processing techniques in
the training stage.

Meanwhile, classical computer vision methods are also applied to UAV images in
order to study traffic. Braut et al. (2012) use a hovering drone at an intersection to
recover origin-destination (OD) matrices. In order to reduce large vibration of the
drone, they use homography to transfer each video frame to a reference image. Guido,
Gallelli, Rogano, and Vitale (2016) present a method to extract vehicle positions and
speeds from UAV videos, and the results are compared with GPS data. To ensure
accuracy, it uses ground control points to match the image with the ground coordi-
nates. Khan, Ectors, Bellemans, Janssens, and Wets (2017) propose an automated
framework to extract vehicle trajectories from UAV-obtained video footage more effi-
ciently. Kaufmann, Kerner, Rehborn, Koller, and Klenov (2018) use UAV observations
to study the moving synchronized flow patterns in downtown areas. Chen, Li, Yang,
Qi, and Ke (2020) develop an ensemble detector for vehicle detection, use a kernelized
correlation filter for vehicle tracking, and convert the vehicle positions from Cartesian






