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Abstract

In this paper we show the first implementation of event-based optical flow for Micro
Aerial Vehicle landing. We compare two different approaches to obtain event-based optical
flow: either by reshaping frame-based methods or by designing an entirely new methodology.
Concerning the former, the Least-squares Event-based Optical Flow algorithm, we propose
an augmented method to improve the current performance. From event-based optical flow,
we compute ventral flow and divergence. These are derived for the first time as functions
of event-based optical flow. Since divergence is computed relative to a focus of expansion,
we also analyze the accuracy of 5 different methods adapted to event-based optical flow for
estimating such point. Experiments conducted with Dynamic Vision Sensor 128 confirm an
improvement of 29% in our augmented algorithm. It has a correlation with ground truth of
72% for ventral flow in y-direction and 73% for divergence; and a Root-Mean Square Error of
0.367rad/s for ventral flow in y-direction and 0.789s−1 for divergence. We also present the
beginning of an analysis on the influence of the vehicle attitude changes in the optical flow
outputs.

Keywords: optical flow, address-event-representation, dynamic vision sensor, landing, ventral
flow, divergence

1 Introduction

Autonomous flight of Micro Aerial Vehicles
(MAVs) is important for many missions. When
the vehicles and/or the environment go out
of sight of a possible operator, the MAV still
ought to be able to navigate and complete
its mission. Since MAVs are light-weight, au-
tonomous navigation solutions must also be
light-weight, both its sensors and its processing
devices.

There are many bio-inspired algorithms that
aim at simplifying the processing task so that
it can be implemented in smaller devices ( [1],

[2], [3], [4], [5]). However, many of these use
traditional cameras that make frames at e.g.,
30Hz. This prevents MAVs from relying on
Optical Flow (OF) for really fast maneuvers.

Hence, there is a growing interest in neu-
romorphic sensors. Multiple studies over the
years have proven that insects see with very
simple eye physiology and by collecting only
little information from the environment ( [6],
[7], [8], [9]). By modeling the way insects see,
neuromorphic sensors present simple architec-
tures capable of microsecond time resolution
and requiring much less memory data. One
of such sensors is the Dynamic Vision Sensor
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(DVS) [10].
In this article, we investigate and compare

different algorithms for calculating OF from
DVS data. The Distance Time Ratio (DTR)
algorithm was developed taking advantage of
event-based data characteristics. We intro-
duce a new method, modified Least-squares
Event-based Optical flow (mLEO), as an im-
provement of Least-squares Event-based Opti-
cal flow (LEO).

We start by presenting background informa-
tion on relevant topics in Section 2. Frame-
based OF theory is discussed in Subsec-
tion 2.1. We then introduce the Address-
Event-Representation (AER) communication
protocol, which is used throughout this project
to communicate and process data; in Subsec-
tion 2.3 we explore the relevance of using this
protocol. We describe on Subsection 2.4 the
DVS technology and on Subsection 2.5 the
software tool jAER Project. Then, in Section 3
we describe the three event-based OF algo-
rithms. In Section 4 we determine the OF vari-
ables relevant to landing: ventral flow and di-
vergence, as a function of DVS data. As di-
vergence is computed relative to a Focus Of
Expansion (FoE) , in Section 5 we present 5
different methods of estimating this point from
event-based data.

Our experimental results are described in
Section 6. After specifying the experimen-
tal setup in Subsection VI-A, we compare the
OF algorithms implemented (Subsection VI-
B). Algorithms LEO and mLEO require the
setting of time window lengths over which to
integrate data; in Subsection VI-C we perform
a sensitivity analysis on the influence of those
time windows in the global results. A compar-
ison between the FoE estimation methods is
performed in Subsection VI-D.

During MAV operation attitude changes af-
fect the field of view of the DVS, which disturbs
OF results. In Subsection VI-E we present the
beginning of an analysis on the influence of the

MAV’s attitude in ventral flow and divergence
results. Conclusions are drawn in Section 7.

2 Background Information

2.1 Frame-based OF computation

Optical Flow is the apparent 2D motion of
data pixels due to real movement of the cam-
era and/or the environment. Since there are
two unknown variables (pixel-velocity in x-
direction px and pixel-velocity in y-direction
py) optical flow computation requires two con-
straints. The first constraint was proposed by
Horn and Schunck [12]: brightness constancy;
whereas Lucas and Kanade proposed one possi-
ble second constraint: optical flow of one pixel
is constant inside a spatial window around that
same pixel [13].

For constant optical flow inside a (n×n) spa-
tial window, the optical flow problem can be
mathematically described as in Eq. (1) where
B is brightness, and ∂B

∂x , ∂B
∂y and ∂B

∂t are its spa-
tial and temporal derivatives. Each line j cor-
responds to one pixel inside the (n×n) window
where local optical flow is assumed constant.
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For frame-based data, spatial derivatives are
trivially computed as the brightness difference
between two consecutive pixels, in the corre-
sponding direction. Temporal derivative is the
brightness difference between two frames.

2.2 AER communications protocol

Event-based data follows the Address Event
Representation (AER) communication proto-

2



col, inspired in the physiology of biological neu-
rons. In this protocol information is sent asyn-
chronously in the form of an event. When new
data is available in the emitter chip, it sends
an event to the receiver chip with at least two
pieces of information: an address and a times-
tamp. The address indicates where in the emit-
ter chip is it coming from; the timestamp indi-
cates when it occurred.

In the case of vision applications, an event
occurs when brightness intensity changes in the
pixel.

2.3 Relevance of event-based optic
flow

Two major characteristics of event-based data
is sparseness and high time resolution. Since
events only occur when brightness changes,
events are sparse along the image. And be-
cause the event-based sensor only handles one
event at a time, time resolution can reach the
order of microseconds. These characteristics
make it impractical to implement frame-based
OF methods to event-based data as there is
not enough information for the computation
of brightness spatial and temporal derivatives.
Integration of event-based data could be con-
sider, but it is a naive option since event-based
data would loose its aforementioned character-
istics (sparseness and microsecond time resolu-
tion) in the process.

One possibility is to adapt the frame-based
method to event-based data. That is, to use
event-based data to estimate the brightness
derivatives, and then make a least-squares
fitting just like in Eq. (1). Alternatively,
new methods can be developed which do not
include computing or estimating time and
spatial derivatives of brightness. With more
freedom of design, these new methods are able
to explore the characteristics of event-based
data. Both alternatives are analyzed in this
project.

By exploring the advantages of event-based
OF , it is possible to develop new applications
that were not feasible with frame-based OF .
They include detection and discrimination of
two types of yeast cells in a liquid [14], LED
markers tracking [15], control of inverted pen-
cil [16], and high-speed pose tracking [17]. To
the authors’ knowledge, this is the first time
event-based OF is used in a feature-free air
navigation application.

2.4 Dynamic Vision Sensor

The DVS is a neuromorphic visual sensor de-
veloped by iniLabs Ltd [10]. This sensor is
an alternative to conventional video cameras
for applications focusing on motion activity.
Instead of saving entire images in successive
frames at a fixed rate, it only outputs changes
in scene reflectance. Consequently, parts of the
environment which do not experience motion
are not recorded at all.

Every time a pixel experiences a variation
in light intensity which exceeds a predefined
threshold it generates an event. This event
is then sent from the sensor’s chip in AER
communication protocol with three parame-
ters. The first two parameters contain the
standard information on AER communications
protocol. In addition, there is the polarity pa-
rameter which describes the change in light in-
tensity: whether it increased or decreased. It
is used for discriminating the beginning and
end of forms in the image. In summary, the
parameters sent by the DVS chip are:

• address of emitting pixel in the DVS chip;

• timestamp of event, in microseconds;

• polarity of event: +1 when light intensity
increases (ON events); -1 when light in-
tensity decreases (OFF events).

3



The basic DVS prototype is the DVS128,
which has 128x128 pixels distributed in a
square grid. It offers a 1µs temporal resolution,
with 15µs latency and it is completely asyn-
chronous. It has a dynamic range of 120dB
and it consumes 23mW at 3.3V . The DVS128
has 5×5×7.5 and weights 120g. In this project,
the DVS128 prototype was used to acquire all
visual data.

More recently, there is also available an
embedded version of the DVS128 in very small
size. The Very Small eDVS has 20×20×13mm
and weights only 2.5g. With the same speci-
fications as the basic prototype DVS128 plus
embedded micro-controller and connectors,
it is an ideal on-board sensor for micro air
vehicles.

2.5 jAER Project

The jAER Project is sponsored by the Insti-
tute of Neuroinformatics at the UZH and ETH
Zurich, Switzerland, by iniLabs GmbH, and by
the European Union FP7 BioICT project See-
Better.

Written in Java, it allows real time process-
ing of systems and sensors with AER proto-
col. Possible sensors include dynamic vision
sensor silicon retinas (namely DVS128), silicon
cochleas, servo motor controllers, and optical
flow chips. These sensors can be used individ-
ually, or in different combinations of each other
(including stereo vision).

In the jAER Project all algorithms are im-
plemented in the form of filters applied to
DVS data. Every time a new asynchronous
event arrives, either from a sensor or a data
file, pre-selected filters are executed. In our
project we used mainly the SimpleOrientation-
Filter and the DvsDirectionSelectiveFilter.

3 Event-based OF algorithms

3.1 DTR algorithm

One of the filters in the jAER Project com-
putes OF by taking full advantage of event-
based data. Pixel-velocities is estimated by de-
termining the distance-time ratio between two
neighbor events [18].

The fundamental assumption is that two
neighbor events separated in time and space
represent in fact the same edge in the environ-
ment, simply moved in space over some time.
Consequently, the time necessary for an event
to appear at a nearby pixel is an indication of
pixel-velocity. This assumption is only valid if
events are in the perpendicular direction of the
edge orientation.

Orientation of event i is a property that
describes the spatial orientation (relative to
the image) of the edge which event i is part of.
There are 4 possible orientations: 0 degrees
(horizontal), 45 degrees, 90 degrees (vertical),
and 135 degrees. In order to compute this
property, the algorithm searches in which
orientation relative to i are the neighbor
events that fired most recently. This is an
accurate assumption because an edge activates
all relevant pixels almost simultaneously when
compared to pixel-velocities. This algorithm
is implemented in SimpleOrientationFilter on
jAER Project.

Algorithm 1 describes DTR, as it is im-
plemented in DvsDirectionSelectiveFilter on
jAER Project.

The output of DTR (local pixel-velocities px
and py) is subsequently sent to a lowpass filter,
together with the timestamp tk of the original
event. This lowpass filter computes the pixel-
velocities for the entire image (Px, Py). More
information on this lowpass filter is described
in Appendix A.
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Algorithm 1 DTR: Distance-Time Ratio

Input: e(xk, yk, tk), and all neighbor events
Output: px, py of event k

Initialization : Set search distance in pixels
s = bn/2c

1: obtain orientationk from list of events’
properties

2: Set search direction ⊥ orientationk

3: for s ∈ search distance do
4: Compute distancelast event in s←→ k

5: Compute timelast event in s←→ k

6: Determine distance-time
ratiolast event in s←→ k

7: end for
8: p = mean(all distance-time ratios in s)
9: from p and orientationk compute px and py

10: return px, py

3.2 LEO algorithm

LEO is an event-based OF algorithm adapted
from frame-based methods [11]. It proposes an
estimation of the brightness derivatives, which
are then used to solve the least-squares fitting
in Eq. (1).

In LEO, brightness derivatives are estimated
via integration of events over a time window.
To estimate spatial derivative, events are inte-
grated over ∆t1; for time derivative estimation,
integration must occur in a smaller time win-
dow ∆t2. Eqs. (2) describe how these deriva-
tives are estimated from event-based data. In
these equations, e(x, y, t) is the polarity of an
event occurring at time t at spatial location
(x, y). Values for e(·) are set to +1 if it is an
ON event, or -1 if it is an OFF event.

(
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j
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Algorithm 1 describes LEO as originally pro-
posed [11]. Again, (px, py) are sent to the low-

Algorithm 2 LEO: Least-squares Event-
based Optical flow

Input: e(xk, yk, tk), and all neighbor events
Output: px, py of event k

Initialization : Set n, ∆t1, ∆t2
1: Compute spatial and time derivatives ac-

cording to Eq. (2a), Eq. (2b) and Eq. (2c)
2: Solve least-squares fit Eq. (1)
3: return px, py

passfilter to obtain (Px, Py).
[Remaining content subject to Confidential-

ity Agreements]

3.3 mLEO algorithm

[Subsection subject to Confidentiality Agree-
ments]

4 Relevant Output Variables
for MAV Landing

4.1 Divergence

Divergence quantifies the spatial variation of
optical flow velocity in the radial direction
away from the focus of expansion. It is related
to time-to-contact τ by Eq. (3) [4].

D =
2

τ
[s−1] (3)

Divergence is defined as [4]:

D =
∂vx
∂x

+
∂vy
∂y

(4)
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[Remaining content subject to Confidentiality
Agreements]

4.2 Ventral flow

Ventral flow ω is a measure of the translational
velocity divided by height [4].

ω =
v||

h
(5)

[Remaining content subject to Confidential-
ity Agreements]

5 Focus of Expansion Estima-
tion Methods

[Section subject to Confidentiality Agree-
ments]

6 Experimental Evaluation

[Section subject to Confidentiality Agree-
ments]

7 Conclusion

[Section subject to Confidentiality Agree-
ments]

A Lowpass Filters

[Appendix subject to Confidentiality Agree-
ments]
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