Event-Aided Time-to-Collision Estimation for
Autonomous Driving

Jinghang Li'* ©, Bangyan Liao?*©, Xiuyuan Lu*®, Peidong Liu%®,
Shaojie Shen3®, and Yi Zhou!™

! School of Robotics, Hunan University
2 School of Engineering, Westlake University
3 Dept. of ECE, Hong Kong University of Science and Technology

Abstract. Predicting a potential collision with leading vehicles is an
essential functionality of any autonomous/assisted driving system. One
bottleneck of existing vision-based solutions is that their updating rate
is limited to the frame rate of standard cameras used. In this paper,
we present a novel method that estimates the time to collision using a
neuromorphic event-based camera, a biologically inspired visual sensor
that can sense at exactly the same rate as scene dynamics. The core
of the proposed algorithm consists of a two-step approach for efficient
and accurate geometric model fitting on event data in a coarse-to-fine
manner. The first step is a robust linear solver based on a novel geomet-
ric measurement that overcomes the partial observability of event-based
normal flow. The second step further refines the resulting model via a
spatio-temporal registration process formulated as a nonlinear optimiza-
tion problem. Experiments on both synthetic and real data demonstrate
the effectiveness of the proposed method, outperforming other alterna-
tive methods in terms of efficiency and accuracy. Dataset used in this
paper can be found at https://nail-hnu.github.io/EventAidedTTC/|
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1 Introduction

The ability to identify objects that pose a conflicting threat to the host vehicle
and make a brake decision is fundamentally important in Level-2 and beyond
autonomous/assisted driving techniques. The time for such a potential collision
between the host vehicle and the leading vehicle is coined by time to collision
(TTC), which has been used for alerting drivers and autonomous driving sys-
tems for deceleration. The most straightforward way to calculate TTC requires
knowing the absolute distance and relative speed between the two vehicles. Thus,
LIDAR/Radar based solutions are typically applied |33l38]. However, it has been
witnessed that experienced human drivers perform well on controlling the rela-
tive speed adaptively, indicating that visual information alone is enough for the
task of TTC estimation.
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(a) Geometry of the event-based TTC problem. (b) Motion of contours and the
corresponding events triggered.

Fig. 1: Illustration of the TTC estimation problem. (a) The leading vehicle is perceived
by an following observer. (b) Events are triggered as the image size of the leading vehicle
varies in the presence of relative speed. A motion flow field of outward expansion is
visible in the close-up of the proposed image representation of events (seefor detail),
indicating a decrease in the relative distance and an increase of collision risk.

There is a large body of literature on TTC estimation using standard cameras
. The most widely studied case uses a monocular standard
camera and calculates the TTC using a pair of successive images. The leading
car’s scale (i.e., image size) varies in the presence of relative speed w.r.t the
host vehicle, and the TTC can be recovered from such a scale variation. One
bottleneck of these solutions is that their updating rate is limited to the frame
rate of standard cameras. Standard cameras used in autonomous/assisted driving
systems typically run around 10 Hz due to the consideration of cost, bandwidth,
and energy consumption. The interval between two successive exposures (i.e.,
100 ms), even not taking into account the computation time of the applied TTC
algorithm, can be a notably big latency to a collision warning system, especially
when the relative speed increases drastically.

Event-based cameras are biologically-inspired novel sensors that mimic the
working principle of vision pathway of human beings. Different from standard
cameras, an event-based camera reports only brightness changes at each pixel
location asynchronously. This unique characteristic leads to much better per-
formance in terms of temporal resolution and dynamic range. Therefore, event
cameras are inherently well-qualified to deal with robotics applications involving
aggressive motion and high dynamic range (HDR) scenarios [27,[30].

In this paper, we look into the problem of TTC estimation using an event-
based camera. We focus on predicting a potential collision from event data given
the presence of a leading vehicle as a prior. Our goal is to obtain accurate TTC
estimates at an ultra framerate by leveraging the asynchronous characteristic
and high temporal resolution of event cameras. As illustrated in Fig. [I, the
image size of the leading vehicle varies when there is a relative speed between
the leading vehicle and the observer. Such a scale variation induces an optical
flow field of radial expansion (or contraction), and meanwhile a set of events
are triggered as those contours expand (or contract). Ideally, the TTC can be
derived from the divergence of this flow field . However, recovering the full
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flow field from event data is not trivial and even intractable because event data
report only photometric variations along local gradient directions. To this end,
we propose a geometric method that can recover the TTC from the profile of
event-based normal flow. Specifically, the contribution of this paper consists of:

— A time-variant affine model, derived from the dynamics of contour points,
that accurately guides the warping of events in the spatio-temporal domain.

— A robust linear solver based on the proposed geometric measurement that
can overcome the partial observability of event-based normal flow.

— A nonlinear solver that further refines the resulting model via a spatio-
temporal registration process, in which efficient and accurate data associa-
tion is established by using an ingeniously modified representation of events,
i.e., linear time surfaces.

Outline: The rest of the paper is organized as follows. Section [2] gives a
literature review on the development of TTC techniques. Section [3| discloses the
proposed event-based method for TTC estimation. Our method is evaluated in
Sec. @ and conclusions are drawn in Sec. [l

2 Related Work

2.1 History of TTC Estimation

The earliest work in regards to TTC estimation can date back to the 1980s.
D.N.Lee claimed that TTC was widely used in nature, such as birds’ landing |15],
and he also argued that TTC could provide enough information for a driver to
adjust the velocity w.r.t obstacles [14]. The connection between the TTC and the
2D motion (optical flow) field is first disclosed in [25], which derives the TTC
from the motion field’s divergence and realizes obstacle avoidance. Successive
work [22,123] prove that the first-order visual models are sufficient to obtain
TTC estimates, and [22] further demonstrates that normal flow is enough to
recover the divergence as long as the displacement between the successive frames
is small. Since then, a large number of similar ideas have been witnessed |28[35]
36|, including some variants that leverage the scale variation of features [524].
More recently, learning approaches have been applied to solve the TTC problem.
|20] proposes an end-to-end deep learning approach that directly estimates the
time to collision using a sequence of images as input. |2| formulates the TTC
problem (on multiple obstacles) as a pixel-level multiple binary classification
task for different TTC thresholds. Although modern state-of-the-art solutions
have pushed a remarkable step forward in terms of computational efficiency,
the latency that originates from the sensing end (i.e., frame-based cameras) still
exists. The only way to circumvent this bottleneck is to bring in sensors that have
a higher temporal resolution to sense at the same rate as the scene dynamics.

2.2 Tryouts with Event-based Cameras

The research on the TTC problem, or more generally speaking, obstacle avoid-
ance using event-based vision has received large attention from the community
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of robotics [81/31,/132,37] and neuromorphic engineering [4]. Inspired by methods
using standard cameras, most event-based solutions are built on top of optical
flow from event data [1,3}[19,43,44]. Among the flow-based methods, we find a
major category [4,/6], which typically starts with localizing the Focus of Expan-
sion (FOE) by increasingly shrinking the intersection area of multiple negative
half-planes. These methods facilitate UAV heading and TTC estimation in the
presence of marking lines. However, the generalizability of TTC estimation is
hindered by the specific conditions it relies on (i.e., requiring marking lines),
and its accuracy is notably influenced by the imprecisely estimated FOE. Be-
sides, it’s also worth mentioning that a parametric model of events’ motion can
be regressed from event data without explicitly solving the optical flow prob-
lem. A unifying contrast maximization framework presented in [10], also known
as Contrast Maximization (CM), can fit a family of geometric models on event
data without explicit data association, such as features and optical flow. Given
the resulting geometric model (e.g., an affine model), the TTC can be easily
recovered using the derivation in [22}/23,/25]. Such pipelines have been witnessed
in [21}34]. Our method is similar to |21] in the sense that we also leverage the fact
that TTC is the inverse of the radial flow field’s divergence, but with differences:
(i) Our geometric model is more general and can handle 2D planar translation,
while [21] makes a simplification for competitive running time; (ii) Our model
fitting method via spatio-temporal registration is more efficient than CM-based
pipelines due to the least-squares nature; (iii) We provide a robust linear solver
for initialization, which locates the convergence basin in a closed-form manner.

3 Methodology

In this section, we first state the specific problem solved in this work (Sec. .
Second, we introduce a time-variant geometric model, derived from the real dy-
namics of contour points, that accurately guides the warping of events (Sec. .
Third, we detail the method for geometric model fitting on event data via solving
a spatio-temporal registration problem, in which a novel representation of events
is proposed for efficient and accurate data association (Sec. . To initialize,
we also propose a robust linear solver, which is based on a novel geometric mea-
surement that overcomes the partial observability of event-based normal flow
(Sec. [3.4). Finally, the design of a complete forward collision warning (FCW)
system built on top of the proposed event-based method is discussed (Sec. .

3.1 Problem Statement

Given the identification result of a preceding vehicle as a prior, the goal of this
work is to estimate the TTC during the blind period of the standard camera (i.e.
the time interval between two successive exposures) using event data as input.
The presence of relative speed between the proceeding vehicle and the observer
leads to a size variation of the former on the observer’s image plane, and such a
zoom-in or zoom-out behavior of the car’s contours will trigger a set of events.
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The TTC information is encoded in the ow eld of these contour points, which
can be typically parametrized using a geometric model. Our method estimates
the TTC by tting such a parametric model on event data.

3.2 A Flow-Dynamics Consistent Geometric Model

Consider a proceeding vehicle followed by an observer running in the same lane. If
the relative instantaneous angular velocity and linear velocity between them are
denoted in the observer's body frame a8! =[! ;! ;! JTand® =[ ,; y; .I7,
respectively, the scene ow of a 3D contour point®P = [X;Y;Z]" will be
Be= B Bp B :letp =[xy]" =[X=Z;Y=Z]" be the image ofP rep-
resented by the normalized coordinates.

Usually, the relative angular velocity can be omitted in our context and it's
also reasonable to assume a constant relative linear velocity during a short time
interval. Some existing methods|[28,35,36] using as input the optical ow (or 2D
feature correspondences) between two frames further assume a constant optical
ow, and thus, the ow vector from start time tg to reference timet,.s becomes

1 x T X(tO) z
Z(t)) y+Y(to) 2

This gives rise to a constant parametric ow model, e.g. an a ne transformation
[36], and the TTC can be simply calculated from the model parameters [12] (p.
383). However, such a strong assumption may violate the time-variant nature of
the ow eld, especially when the relative distance varies notably within a short
period of time. The key to the problem of geometric model tting on event data
is applying an accurate model. Therefore, we propose a time-variant parametric
model derived from the real dynamics of the ow eld.

Written in a continuous-time form, the optical ow u can be de ned as the
ordinary di erential equation (ODE) of p,

- _ox(t) _ 1 x + x(t) 2 .
HO=RM= vy Tz v,

based on which the posmqg ofp at t can be accurately obtained by the
following integral: p(tres ) = tret u(t)dt + p(tp). By solving the above ODE and
substituting the boundary condltlon at t into its general solution, we obtain

p(tref ) p(tO) (tref tO): (1)

)

x T X(tO) z

1
F(tref ) {% + y(tO) z

A(p(to); =Z(trer))

(tret  to) + p(to); ©))
}

P(tref ) =

where A(p(to); =Z(te)) consists of a time-variant a ne model and can be
regarded as the average ow during the time interval. Note that the only dif-
ference between Eq[[3 and Eq[]1 is replacing (to) with Z(tre ). This small
change leads to a more accurate geometric model, which is crucial to the fol-
lowing spatio-temporal registration. A justi cation of this can be found in the
supplementary material.
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