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Introduction

« Distance estimation is required for a variety
of robotic applications including navigation,
manipulation and planning

* Inspired by the mammal’s visual system,
which gazes at specific objects and
estimates when the object will reach it [1],
we develop a novel constraint between time-
to-contact, acceleration, and distance

* The result allows a monocular camera and
IMU to accurately measure distance to a
visual patch while ignoring the rest of the
Incoming image
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Figure 1. A visual patch being tracked over time
changes in shape and location in a way that
can be modelled by an affine transformation.
The parameters of the transformation
determines time-to-contact directly. The tau-
constraint uses time-to-contact to efficiently
estimate the distance to the tracked patch.

Contributions

* Aclosed form solution for estimating the 3D
position of the camera given a short history
of time-to-contact and acceleration that we
call the tau-constraint

« A computationally efficient pipeline for 3D
position estimation using the tau-constraint,
which demonstrates viability with
Inexpensive sensors

« Comparisons against the popular VIO
methods, VINS-Mono [2] and ROVIO [3], as
well as the fiducial marker based posed
estimation method, AprilTag 3 [4]

Results

We redefine time-to-contact as frequency-of-
contact with the relation and generalized to 3
dimensions using by defining the quantity:
_ X(t)
F(t) = 70
X Is the relative position between the camera and Z
IS distance along the optical axis.

Theorem (tau-constraint). If F(t) and X(t) are
known for all t in a closed interval, and Z(t) = € > 0,
then the following constraint between depth Z(0),
frequency-of-contact F, and acceleration X holds
for each point on the scene patch.

Z(0)E(t) = A{X}(t)
Where,

B(t) = f 5 (] 20|
(1

Figure 2. Camera coordinate system used to
define frequency-of-contact.
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Figure 3. Five seconds of a typical sequence
along with the patch fixated on. Ten sequences
were recorded with ground from a Vicon system.
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Figure 4. System overview of our method to estimate camera position using the tau-constraint. The
output of the tau-constraint block is the solution to: argmin |[EzZ(0) + A{a%? } + A{1o 11} 92|13

le(®)]2 (m)

Z(O) VA
Seq. 1 2 3 4 5 6 ] 8 9 10
Sequence Duration (s) 1499 26.14 32.22 36.23 16.35 16.27 8.02 32.15 26.75 40.07
Distance Traveled (m) 15.71 29.65 22.14 34775 15.56 1578 7.30 26.75 2140 35.36
Method ATE (cm) |
AprilTag 3 [20] 2.88 - 2.66 - 3.77 - 0.66 - 2.55 -
VINS-Mono [27] 5.39 8.79 14.21 15.37 - 6.11 1.15 18.45 13.07 4.34
ROVIO [7, 5] 7.55 089 11.86 33.23 29.96 2.84 0.69 393 16.62 3.79
T-constraint (ours) 8.06 6.91 11.96 10.27 16.80 721  10.70 434 238 3.24

T-constraint (ours) (30 Hz LK output)  7.75 659 1243
T-constraint (ours) (15 Hz LK output)  9.81 7.59 16.17

15.04 17.40 8.18 591 475 363 349
19.29 14.96 870 586 537 347 348

Table 1. Sequence duration, path length (meters), and centimeters of Average Trajectory Error (ATE).
Overall average ATE: tau-constraint 8.5cm, VINS-MONO 12.2 cm, ROVIO 16.9 cm

Conclusions
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Figure 5. L2 error of all methods on for Seq. 9.
On this sequence our accuracy exceeds even
AprilTag 3’s.

* Our method ran 6.8x to 27x faster than two
state-of-the art VIO methods that would
typically be used for the same task, while
achieving 30% to 50% less ATE

« This speedup is largely due to using only a
small portion (initially 2.5%) of the image

* Development of the tau-constraint, in theory
and practice, Is a promising direction for VIO,
VI-SLAM, active perception, and robotics
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