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Contour Motion Estimation
for Asynchronous
Event-Driven Cameras
Emulating the relevant transient retinal responses holds the key to

efficient tracking in a visual motion camera.

By Francisco Barranco, Cornelia Fermüller, and Yiannis Aloimonos

ABSTRACT | This paper compares image motion estimation

with asynchronous event-based cameras to Computer Vision

approaches using as input frame-based video sequences. Since

dynamic events are triggered at significant intensity changes,

which often are at the border of objects, we refer to the event-

based image motion as ‘‘contour motion.’’ Algorithms are

presented for the estimation of accurate contour motion from

local spatio–temporal information for two camera models: the

dynamic vision sensor (DVS), which asynchronously records

temporal changes of the luminance, and a family of new

sensors which combine DVS data with intensity signals. These

algorithms take advantage of the high temporal resolution of

the DVS and achieve robustness using a multiresolution

scheme in time. It is shown that, because of the coupling of

velocity and luminance information in the event distribution,

the image motion estimation problem becomes much easier

with the new sensors which provide both events and image

intensity than with the DVS alone. Experiments on synthesized

data from computer vision benchmarks show that our

algorithm on combined data outperforms computer vision

methods in accuracy and can achieve real-time performance,

and experiments on real data confirm the feasibility of the

approach. Given that current image motion (or so-called optic

flow) methods cannot estimate well at object boundaries, the

approach presented here could be used complementary to

optic flow techniques, and can provide new avenues for

computer vision motion research.

KEYWORDS | Asynchronous event-based vision; motion con-

tour; neuromorphic devices; real-time systems

I . INTRODUCTION

Computational approaches to the interpretation of motion,

after many years of research, still face significant

challenges in real-world scenarios. Classic frame-based

image acquisition often does not provide sufficiently high
temporal resolution to obtain motion signals accurately

enough to compute world models. Furthermore, the

images contain much more information than is needed

for processing motion, thus resulting in significant

amounts of unnecessary memory usage and computational

resources [1].

Transient retinal responses are the biological solution

to that problem. The transient pathway in the retina
asynchronously transmits in parallel the responses from

cells that are sensitive to temporal variations in the

luminance [2]–[4]. Neuromorphic engineers have been

working for a long time on determining the origin and

mimicking the behavior and transmission of these retinal

responses; the dynamic vision sensor (DVS) is the result of

this work. It provides event-based asynchronous responses

to changes in the scene reflectance. This means that with
this kind of sensor we efficiently transmit only the

information from changing elements in the scene,

providing not only their position but also the very precise
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time at which they occur. We consider these sensors an
opportunity to create real-time solutions to important

problems in computer vision while at the same time saving

a lot of resources.

Our goal is to understand the computational advan-

tages we gain from event-based information. Thus, let us

look at the basic visual motion processes that any system

has to solve. The early visual motion pathway in

mammalian vision includes the processes of image motion
estimation, estimation of the observer’s 3-D motion (or

egomotion), and segmentation.

The conventional approach of computer vision is to

compute, in a first stage, the image motion field (called

optical flow field) everywhere in the image, and then use it

in further stages for segmentation and 3-D interpretation

of the scene. However, the many feedback loops found

from neural studies [5]–[7] indicate that biological systems
do not perform the computations in that way. Considering

the computational challenges involved, we argue that the

different processes are intertwined and should be solved by

iterative refinement. This suggests an idea for a better

computational approach [8], [9]: early on we derive a

segmentation into differently moving objects and different

surfaces and compute a rough estimate of image motion;

then, we compute the egomotion, and after that we can
estimate a more accurate scene segmentation and image

motion.

The role of the DVS in this approach is essential. The

first stage of segmentation and image motion estimation is

provided by the event-based asynchronous signal. The

motion contours are salient with this sensor, and therefore

the problem lies in the software solution for their

estimation.
This has been understood by other researchers, who

have developed solutions to some of these problems.

Examples are: optical flow and depth estimation [1], [10]–

[12], tracking [13]–[15], segmentation and 3-D recon-

struction [13], [16], and classification [17].

In this paper, we first describe a method for estimating

image motion from DVS data only based on the local

spatio–temporal event distribution. Though there are
other previous approaches of image motion estimation

on DVS data, the proposed method is the first to consider

the effect of the gray levels of real images on the value of

the velocity. Second, we introduce the first method for

estimating image motion from both event data and gray-

level data. We show, that if we want to account fully for the

effects of the gray levels we would need quite intensive

computations if using DVS data alone, but by using both
DVS events and intensities we can estimate image motion

very accurately and in real time.

The paper is structured as follows. In Section I-A, we

describe the new asynchronous event-driven neuro-

morphic sensor. Section II presents the main problems

that conventional motion estimation strategies face.

Section III describes the new proposed algorithms for

contour motion estimation. Section IV shows how these
event-based algorithms solve the problems presented in

Section II. The experimental results and the validation of

the proposed methods are detailed in Section V. Finally,

Section VI presents the conclusions.

A. Dynamic Vision Sensors
There are several examples of event-driven sensors in

the literature. The DVS [1] uses address–event represen-

tation (AER), has a resolution of 128 � 128 pixels, and

simulates the transient responses based on the variations

in the image scene reflectance. Every pixel ðx; yÞ of the
sensor independently fires an event when detecting a

difference in the log of the intensity I that is greater than a

fixed threshold � , i.e., when

D log Iðx; y; tÞð Þð Þj j 9 �: (1)

In our case, � is 0.1 (i.e., the intensity changes by 10%). A

generated event contains information on the position, the

time (the temporal resolution is approximately 1 �s), and

the polarity (þ1 or �1) of the event.

Fig. 1 shows an example of DVS output. The left image
is a 2-D representation of the accumulation of events for a

period of 250 ms (positive and negative are represented as

bright and dark gray values). The right image illustrates the

spatio–temporal distribution of the events for that time

interval.

The proliferation of these sensors in the last few years

has demonstrated an increasing interest from the vision

research community. For example, Costas-Santos et al.
[18] present an AER retina based on spatial contrast as

sustained cells in the retina; Azadmehr et al. [19] show a

foveated AER retina; and Mallik et al. [20] present a

synchronous AER sensor sensitive to temporal changes

based on a threshold, although, in this case, with frame-

based temporal resolution.

The relevance of the new form of image acquisition for

problems of computer vision has been realized, and new
sensors such as the asynchronous time-based image sensor

(ATIS) [21] and the dynamic and active-pixel vision sensor

(DAVIS) (former ApsDVS [22]) have recently been

developed. These sensors, in addition to the AER, also

include absolute scene reflectance values to avoid blind-

ness to static regions. The ATIS sensor asynchronously

updates the gray-scale values, estimated as the inverse of

the time it takes to accumulate a certain photon count after
a DVS event occurs at a point. The DAVIS sensor, on the

other hand, integrates the asynchronous DVS with the so-

called active pixel sensor (APS), a frame-based synchro-

nous sensor acquiring intensity. The combination of

dynamic and static information in these sensors is

considered to provide a framework for solving problems

such as tracking and segmentation (with the DVS data),
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and recognition and classification (with the frame-based

information). Here we show that the static intensity

information also helps to improve image motion estimation.

II . MOTION ESTIMATION

In the field of computer vision the representation of

motion in the image is termed the optical flow, and is

computed from the change of the brightness pattern in the

image over time. Many techniques have been developed,

but accurate estimation of optical flow is still considered a
challenging problem. Existing techniques are classified

into gradient-based methods, frequency-domain methods,

and correlation methods, depending on whether the

computations are based on the derivatives of the image

intensity, local image frequencies derived from filters, or

region-based matching. The top algorithms today use

image gradients and follow the formulation in the seminal

work of Horn and Schunck [23] with different modifica-
tions. Let us denote the image intensity as a function

Iðx; y; tÞ of the spatial variables ðx; yÞ and time t, and

denote the instantaneous motion of a point in the image by

a velocity vector~v with horizontal and vertical components

ðu; vÞ. The basic formulation states that the intensity at a

point over a small time interval �t from time t to tþ �t is

constant, i.e.,

Iðx; y; tÞ ¼ Iðxþ u�t; yþ v�t; tþ �tÞ: (2)

Developing the above equation using a first-order

Taylor expansion, we obtain the following constraint

relating the spatial and temporal derivatives Ix, Iy and It

and the optical flow:

Ixuþ Iyv ¼ �It: (3)

Equation (3), called the optical flow constraint, defines at

a point the component of the flow in the direction of the

spatial image gradient ðIx; IyÞ. Clearly, from one equation,

only one component of the 2-D optical flow ðu; vÞ is

defined. This is often referred to as the aperture problem:

the image intensity within a small neighborhood usually

has one dominant gradient direction, and thus we only
can observe the movement parallel to the gradient, or

perpendicular (normal) to the edge in the image. Thus,

this component is termed the normal flow. To solve for

the two components of the optical flow, additional as-

sumptions about the flow in a neighborhood have to be

enforced.

In this work, in our comparison, we will use normal

flow only. The reason is that deriving the optical flow from
the normal flow is an independent computation, and it is

not interesting for the evaluation. Furthermore, the DVS

provides data only at locations of strong contrast and, at

many locations, one major gradient direction making the

computation of optical flow ill-posed. Since most DVS

events occur at the border of objects, we refer to the

normal flow computed there as contour motion, i.e., the

image motion perpendicular to contours. In the form of
equations, the normal flow (or the contour flow) is the

projection of the optical flow on the gradient direction.

From (3), we can write the normal flow vector ðun; vnÞ at a

point on the contour as

ðun; vnÞ ¼
�It

krIk2rI (4)

where It is the temporal derivative, and rI ¼ ðIx; IyÞ is the

vector of spatial derivatives of the intensity (the gradient)

at the contour point.

Standard optical flow methods, however, attempt to

compute both components of the optical flow by enforcing

constraints on the flow field. In mathematical terms, they

Fig. 1. Dynamic vision sensor output for a waving hand. The left shows an image formed by collecting events for 250 ms; the right shows a view of

the events’ spatio–temporal representation.
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regularize the constraint in (3) by modeling how the flow
varies in a spatial neighborhood. Most current algorithms

model it as a variation of the first-order derivatives of the

flow. The optical flow field (the flow at every image point),

denoted by the horizontal and vertical components uðx; yÞ
and vðx; yÞ, then is computed by minimizing a global

energy functional of the form

Z Z
!dðIxuþ Iyvþ ItÞ þ !sðux; uy; vx; vyÞdx dy (5)

where we dropped the dependence of the variables on

the image locations x; y. !d and !s denote the penalty

functions for the data (3) and the smoothness,

respectively.
Many state-of-the-art algorithms use two consecutive

frames only. They use different penalty functions; for

example, the L1-based minimizations have been shown to

be very successful [24], [25]. They take advantage of new

optimization methods and modern implementation prac-

tices. In addition, various preprocessing techniques, such

as median filtering within the multiscale image warping,

and extra steps to locate discontinuities near object
boundaries help improve the accuracy.

Nevertheless, there still exist fundamental problems

that mainly are due to the discontinuities in the motion

field and lead to errors at the boundaries of objects.

Referring to the minimizations above, first, even in the

optical flow constraint equation (3), we implicitly

assume that locally the image intensity is a smooth

function, i.e., there is only one motion and the spatio–
temporal image intensity is well approximated by a

linear function. When the motion is large, or there are

occlusions, these assumptions are violated. Second, the

optical flow is not a smoothly varying function at the

boundaries, and thus the regularization term is prob-

lematic, and has to be used carefully there. State-of-the-

art algorithms use a combination of techniques to locate

boundaries, and apply the smoothness constraints
appropriately, but in many situations the problems are

hard to solve.

Next, we analyze in more detail the major issues of

frame-based optical flow estimation techniques.

/ Fast motions cannot be accurately handled. In a

frame-based framework, fast motions are equiva-

lent to large interframe displacements. The

current solution consists in using an iterative
coarse-to-fine estimation approach. The image is

down-sampled to several coarser spatial resolu-

tions to create what is known as the pyramid.

Then, motion estimation is performed for the

coarsest image in the pyramid. This motion is used

in a compensation function to warp the image at

the next level in the pyramid. The residual motion

is computed between the warped images, and this
motion is used as input for the processing at the

next lower level, and so on. This way the flow

estimate is gradually refined. The main problem is

that this strategy is prone to propagate errors

along the scales. Using iterative warping at every

scale and nonlocal regularization terms between

scales to filter out outliers (such as median filters)

helps alleviate the problem, but does not eliminate
it. Especially, there are problems with large and

small motion in the same image, and small objects

moving very fast. Due to their high temporal

resolution, DVSs are considered a good solution.

As the DVS samples the intensity function more

frequently, fast motion does not cause large image

displacements between samplings, and it is thus

not a problem. They also allow us to save a lot of
resources, because the coarse-to-fine approaches

are very demanding in terms of memory and

computational load. Finally, we note that another

solution to limit the problem of estimating fast

3-D motions would be to increase the frame rate

using expensive high-speed cameras, but such

cameras provide redundant information demand-

ing much more processing. As mentioned, the
DVS has a temporal resolution of 1 �s,

simulating 106 frames per second (fps).

/ Textured regions are more reliable than bound-

aries. All optical flow methods require constraints

on the flow in a spatial region and a smoothing over

spatio–temporal regions. This works well within

image regions originating from textured 3-D

surfaces. The major problem comes from the
discontinuities; the image regions there cover at

least two different physical motions and contain

occlusions, causing techniques to fail. The origin of

the problem lies in the difficulty of estimating

accurately motion at the boundaries, but this also

makes it difficult to localize the motion boundaries,

turning this into a chicken-and-egg problem. On

the other hand, DVS data give us the spatially
localized information at very high temporal reso-

lution. This means that we can look for events

between neighboring pixels and localize differently

moving regions, and then in turn compute well the

image motion at the boundaries.

/ Large memory resources and heavy computational

processing are required for conventional sensors.

By only firing events when and where there are
intensity variations, DVS helps us save a lot of

resources. Furthermore, we only estimate normal

motion along the edges, which requires less

computation, but is sufficient for computing 3-D

motion (see [26]–[28]), and this can be used in

turn to address structure from motion and accurate

segmentation [9], [29].
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III . EVENT-BASED MOTION CONTOUR
ESTIMATION

First, this section describes recent work using asynchro-
nous event-based data to estimate image motion. Next, we

present our alternative to image motion estimation using

asynchronous event-based data. Finally, we present a

method for a new camera model, namely the DAVIS

sensor, that combines asynchronous event-based data with

synchronous frame-based intensity recordings.

A. Prior Work
The first approach to image motion estimation in the

DVS uses a form of correlation [30]. The method basically

matches events within spatial windows. First, an event-

based orientation filter locates events that are close-by in

time and lie on a line along some orientation. Then, a
search is performed to find a similar pattern of events of

the same orientation within a local window. The search is

limited to the normal direction (because of the aperture

problem), but this significantly reduces the accuracy in

estimation, especially at nonstraight boundary segments.

A similar idea was developed in [14] for hand gesture

recognition. Lee et al. propose a method for estimating the

so-called direction selective filter (DSF), which detects the
direction of motion within small regions using spiking

neural networks. It consists of a two-layer structure,

inspired by models of the primary cortex [31]: a first local

layer with multiple neurons sensitive to different motion

directions and their respective winner-take-all (WTA)

circuits, and a second global layer with one WTA circuit for

combining the weighted outputs of the first one. Again, the

accuracy of the results and the aperture problem are the
major issues.

In [32], a method for estimating optical flow, which

adapts the concepts of gradient-based techniques, and

specifically the Lucas–Kanade method [33], was presented.

The flow constraint is reformulated using instead of

intensity the accumulation of events during a small time

interval. However, the approximation of the spatial

gradient from accumulated events is quite inaccurate,
and thus speed cannot be estimated well.

Benosman et al. [11] introduced a very interesting

approach that takes advantage of the inherent temporal

nature of events. The method makes use of the exact

timing information provided by the DVS. The inverse

velocity is computed from the horizontal and vertical

derivatives of the function defined by the timestamps. To

reduce the impact of outliers, a regularization based on
plane fitting is used, similar to the total least squares

minimization, previously employed with the optical flow

constraint (3) [34]. In a 3 � 3 spatial neighborhood and

predefined time interval, a plane is fitted to the time-

stamps of the events.

The method works well and is very efficient.

However, it also does not fully consider the effect of

the spatial intensity gradient on the events. A strong

contrast edge creates multiple events at a point. The
method will give perfect estimates, if at every point the

last of these multiple events has arrived, which is usually

correct for strong contrast edges. In some way, the

method assumes that local intensity edges are tracked

and that the fitted plane is due to the firing of the same

physical points. At wider edges (edges with ramp

profiles) multiple points on an edge may fire within

the same time interval, possibly causing a confusion. The
regularization term makes the estimation more robust.

Since the neighborhood used for estimation is small, at

most locations the visual flow corresponds to the normal

flow, and in textured regions it will correspond to the

optical flow.

Finally, a spike-based neural implementation of the

idea was developed in [12]. Time delays are added to the

synapses to create receptive fields that are sensitive to
specific spatio–temporal stimulus.

B. Event-Based Motion Estimation
Imagine a vertical contour translating in the horizontal

direction. As the contour traverses from left to right, the

DVS will record events. The amount of events at a single

pixel location and the exact timing depend on both the
image contrast and the speed; they are proportional to the

product of contrast and speed. For example, an edge with a

contrast 2� (measured in the DVS as the change in the

logarithm of intensity) moving with velocity 1 pixel/s will

produce the same amount of events as an edge of contrast

1� moving with velocity 2 pixels/s. Thus, using the local

change of events only, as in gradient-based optical flow

Fig. 2. Events collected for 10, 25, 50, and 75 ms for the Pasadena

highway sequence [37]. Note the difference in the width of the motion

boundary for far and close objects in all the images.
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techniques, it would not be possible to disentangle contrast

and speed, to compute image velocity.

On the other hand, the distance traversed by points on

the contour provides the speed. Thus, if we could

accurately track contour points we could infer speed, but
accurately tracking single points is very challenging. We

thus take an approach that in some way combines tracking-

and gradient-based ideas by observing the movement of

contour points over different time intervals.

As the contour moves from left to right, it creates a

trace that only depends on the speed [35], [36]. The idea

of our method is to locate this trace. Visually this trace

can be seen in the width of a boundary, which we call the
motion boundary. That is, if we consider all the events

within a small time interval, we obtain a motion boundary

at the locations where the contour traces the image,

whose width is a measure of the contour’s speed. Fig. 2

illustrates the concept. It shows four images accumulating

events for 10, 25, 50, and 75 ms, respectively. The data

come from a driving scenario, with an onboard DVS

recording from a car [37]. The scene shows a bridge in
front, which crosses the road, trees on both sides, and a

street light on the right. Examining the event distribu-

tions, we can see that farther objects have narrower

boundaries because of lower image velocity, while closer

objects such as the street light on the right, have wider

boundaries, because of higher velocity.

Fig. 3 provides an overview of our method. First, the

motion boundary has to be located. Then, we approximate
the temporal and spatial derivatives using the maximum

and the total number of events along the motion boundary,

respectively. Next, values are corrected due to the

logarithmic input. The same process is performed for

multiple intervals of time, computing multiple velocity

estimates for X- and Y-directions, that are eventually

combined to obtain the final speed. Sections III-B1–III-B4
explain these components in detail.

1) Locating Motion Boundaries: First, we have to define

the group of connected pixels which make up the motion

boundary. We will estimate this boundary separately for

the vertical and horizontal direction to obtain the vertical

and horizontal components of the motion un and vn. Thus,

the following definitions are 1-D.
Let evðp; tÞ denote the individual events at spatial

location p and time t, which can take on values þ1 and �1.

Let CðpÞ denote the group of connected pixels where p is

the first position in the boundary with the first event in

time, and e is the last position. Let EðqÞ denote the number

of events at a point q. To refer to timestamps we use the

notation FðqÞ and LðqÞ for the time of the first and last

events at point q, respectively.
Since real-world data include noise, we first need to

specify how we estimate the motion boundary. For a given

time interval Dt events are collected. The motion

boundaries are found by locating groups of connected

pixels, with the condition that each pixel in the group has

at least one event. Furthermore, for any pixel q with more

than one event, we require the last event at location q to

precede the last event at the consecutive position, and
similarly for the first event. The index of the consecutive

position (whether it is increasing or decreasing)

Fig. 3. Overview of the motion estimation on contours using DVS (from left to right): DVS sensor [1], motion boundary location for a receding

chessboard pattern, estimation of maximum and sum of events on the contour for different temporal resolutions, combination for X- and

Y-directions of multiple temporal estimates, and final motion estimation (normal flow) on the contour.
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determines the sign of velocity. For practical purposes,

we set a threshold T (T ¼ 50 �s in the experiments) and

require

P
q2CðpÞ

sign Lðqþ 1Þ � LðqÞð ÞþP
q2CðpÞ

sign Fðqþ 1Þ � FðqÞð Þ9T;

if sign uðpÞð Þ ¼ 1P
q2CðpÞ

sign Lðqþ 1Þ � LðqÞð ÞþP
q2CðpÞ

sign Fðqþ 1Þ � FðqÞð ÞG� T;

if sign uðpÞð Þ ¼ �1

otherwise, CðpÞ ¼ ;:

8>>>>>>>>>>>>>><
>>>>>>>>>>>>>>:

(6)

The localization of motion boundaries is done for every
row and every column, and separately for positive and

negative events. Fig. 4 shows an example of real events

from a sequence, where the DVS sensor recedes from a

chessboard pattern. Looking at the event distribution for

the positions in the same row (marked with a solid red

line), we can see the different boundary widths. In this

case, the image velocity increases from the center of the

image to its border, and is positive for the left side of the

image, and negative for the right.

A further illustration is given in Fig. 5 for the

sequences ‘‘translation tree,’’ one of the sequences used

in the optical flow comparison (Section V-A). The events

were simulated using the ground truth flow to interpolate

3300 ‘‘virtual’’ images between consecutive frames in the

sequence. In the left column, the gray-level image is used,
and in the right column, the same image is binarized, thus

turning all edges into step edges. One can see that for the

binarized image the motion boundary is well localized, and

the velocity is positive. However, for the gray-level image

localizing the boundary is not so obvious, and one needs to

first localize the first and last events in order to even

determine the sign of velocity.

2) Velocity Estimation: We accumulate events over some

time interval Dt. The 1-D velocity uðpÞ then is computed as

DðpÞ, the displacement in the image that p moves during

the time interval Dt. However, we require an estimate of

the displacement at subpixel accuracy. We can obtain such

an estimate from the number of events.

As a contour point in the image moves, it creates a

trace. Let us for the moment ignore that the DVS records
events from logarithmic changes of intensity, but assume a

Fig. 4. Events collected with the DVS camera zooming out from a chessboard pattern. The first row shows on the left the collected positive (black)

and negative (red) events for row 70, and on the right an example of the output of the DVS, showing in grayscale the accumulated events per pixel

(white for positive and black for negative events). The second row shows the events accumulated for every pixel of row 70. Finally, the

ellipse marks all the events of the first motion boundary CðpÞ, and the second row shows EðqÞ for every location q.
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linear relation. Then, the number of events collected is

proportional to the distance traversed times the contrast

between the contour point and the traversed points. The
contour has an intensity profile which is a ramp function

(which can be narrow or broad). Assuming, Dt is

sufficiently large, such that the whole contour traverses

at least one pixel q, then the number of events collected at

q is proportional to the contrast between the contour point

and q. Thus, the displacement can be computed from the

ratio of the two event counts (7). This formulation holds

even for contours with an intensity profile stretching over

multiple pixels, as illustrated in Fig. 6. Referring to the

figure, the number of events in the motion contour is
proportional to the (shaded) area enclosed by the intensity

profiles at the start and end of the movement. This area is

the same for the same horizontal displacements and does

not depend on the slope of the edge; it is the area of the

rectangle (or paralellogram) formed by the profiles of the

step functions shown on the right. However, the compu-

tation becomes more accurate when the contours have a

Fig. 5. Simulated events collected for row 80 of the ‘‘translation tree’’ sequence [38]. The first row shows the image and the accumulated positive

events. The second and third rows show the positive events collected for row 80 of the image and the last event for every pixel. For the ideal

situation with step edges (left), and for the real sequence (right). The last row shows the speed estimated for pixel (80, 40) for different time

intervals (over 3300 time units at a step size of 100 time units).
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very steep ramp intensity profile, which usually is the case

at discontinuities between objects in the scene and the

background.

The edge contrast can be obtained from the pixel on the
motion boundary with the maximum number of events.

The displacement can then be computed as

DðpÞ ¼ sign uðpÞð Þ

P
q2CðpÞ

EðqÞ

max
q2CðpÞ

EðqÞð Þ (7)

where signðuðpÞÞ is the sign of the displacement,P
q2CðpÞ EðqÞ is the number of all events in the motion

contour, and maxq2CðpÞðEðqÞÞ is the number of events

corresponding to the contrast. In practice, we do not
compute the events of the contrast as the maximum

number of events, but to robustify, we compute it as the

median value from the five pixels with the largest amount

of events (see Fig. 7).

The 1-D image velocity uðpÞ then amounts to

uðpÞ ¼ DðpÞ
Dt

: (8)

3) Temporal Multiresolution Velocity Estimation: So far we

have only discussed the accumulation of events during a

fixed time interval. However, in DVS event space, the
information flow is continuous. We can make use of this

fine-grained information in time. Instead of accumulating

for a fixed time interval only, we can accumulate over

multiple time intervals, and combine the information for a

robust estimate.

Borrowing the concept of temporal integration from

biology [39]–[41], we estimate velocities for different

temporal resolutions. We implement a multiresolution

method using different time intervals Dti ¼ ½t0; ti�, where

t0 and ti are the timestamps of the first and last events in

the motion boundary of the accumulated events. Let the

set of time intervals be denoted f½t0t1�; ½t0; t2�; . . . ; ½t0; tn�g
with t1 G t2 G � � � G tn, and let the velocity estimated

from the events in time interval Dti be denoted uDti
ðpÞ. The

final velocity estimate is derived as the median of these

estimates, i.e.,

uðpÞ ¼ median
i¼1;...;n

uDti
ðpÞð Þ: (9)

This estimate is given in pixels per second.
The last row of Fig. 5 depicts for a point in the

‘‘translation tree’’ sequence the image velocity estimates

for different time intervals. In our implementation

(described in Section V), we used n ¼ 6 time scales.

4) Correction for Logarithmic Intensity: We have ignored

that the DVS records logarithmic changes in the intensity.

To obtain better subpixel accuracy displacement (and
velocity), we provide a compensation. We will only do this

for sharp edges, such as the contour edges analyzed in

Fig. 5. For such edges, the fractional part of the

displacement is due to the events in the last connected

pixel of the boundary only. The distance traversed is

linearly related to the intensity change, and we thus need

to adjust events on the last pixel.

Fig. 6. Intensity signals for time t and t þ Dt (solid and dashed lines,

respectively). The red columns denote the number of events per pixel

and the blue column denotes the sum of all these events along a broad

edge (left) and step edge (right). The area of the region between the

first and last curves is proportional to the number of events.

Fig. 7. Intensity signals and simulated events for row 80 of the

‘‘translation tree’’ sequence [38]. The events were simulated for a time

interval between two consecutive frames (denote t and t þ 1 in the

figure). For real images, the intensity slightly varies because of

background changes. Positive and negative events are handled

separately until the final velocity computation.
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The DVS records an event when the difference of the

logarithms of intensities at time tþ 1 and time t reaches � .

From this, we obtain that the intensity In at the nth event is

related to the original intensity Io as In ¼ Ioe�n. Since the

distance traversed is linearly related to the intensity

change, we need to compute the number of reconstructed

events Erec, which would be recorded if linear intensity
changes were recorded. Using as before maxðEðqÞÞ to

denote the number of events for the edge [corresponding

to the maximum intensity change ðImax � IoÞ], the

reconstructed number of events Erec for the intensity Ie

at the arrival of the EðeÞth event amounts to

Erec ¼
ðIe � IoÞ
Imax � Io

max EðqÞð Þ

¼ e�EðeÞ � 1

e� max EðqÞð Þ � 1
max EðqÞð Þ: (10)

Thus, the intensity adjusted estimation for the

displacement amounts to

DðpÞ¼sign uðpÞð Þ

P
q2 CðpÞ�ef g

EðqÞ

max
q2 CðpÞ�ef g

EðqÞð Þþ
e�EðeÞ � 1

e� max EðqÞð Þ�1

0
B@

1
CA: (11)

C. Fusion of DVS and Intensity Signals
In the last few years, new bioinspired devices have

appeared in the field, which combine asynchronous event-
based and intensity data. These devices provide a

framework similar to previously developed artificial

retinas (see [18], [42], and [43]). Simulating two different

kinds of ganglion cells, these sensors are a tool to study

both the transient and sustained data pathways in

mammalian vision; the transient through the asynchro-

nous event-based information, and the sustained pathway

through the intensity signal (although it is not provided in
terms of spatial contrast or on–off, off–on responses,

but in absolute terms). It is obvious that the intensity

signal is essential for visual recognition, but as shown next,

it also helps to improve the motion estimation on contours

by adding some redundancy.

The main difference is that, with DVS data only, we

have to reconstruct the contrast of the edge, and we can do

this only from longer time intervals. Using the new sensors
instead, we can compute the contrast directly by comput-

ing the spatial gradient of the data and thus perform our

computations over short time intervals. There is no need to

spend energy on localizing motion boundaries. Thus, the

addition of the synchronous frame-based data makes our

estimation faster and easier. The contrast is accurately

computed from the intensity, and the events on the motion

Fig. 8. Image motion estimation for position p ¼ 65; 132 in the central frame of the translation tree sequence. First row: occurrences of events per

time (left), relationship between events and intensity for position p (right). Second row: estimated value of the velocity. The red solid line

indicates the estimated average value.
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boundary are computed as before, but now we can use
narrow motion boundaries with as little as one pixel.

Given two neighboring pixels with intensity, Ip and

Ipþ1, their contrast will give rise to Ec events

Ec ¼ logðIpþ1Þ � logðIpÞ: (12)

Thus, from (7) and (8), we obtain that

uðpÞ ¼

P
q2CðpÞ

EðqÞ

EcDt
: (13)

Again, we combine the estimates over multiple time

intervals Dti using the median operation to make the

approach more robust.

To obtain the normal flow ðun; vnÞ on the contour, we

combine the estimates from the rows and columns.
Measurements on pixels parallel to the rows provide un

and measurements parallel to the columns provide vn.

The method works well for contours. However, if used

in highly textured regions, it will be less accurate, because

it relies on the accuracy of the spatial gradient, which

cannot be estimated well in these regions.

At contour points, where there is a depth discontinuity,

we may not observe a single motion. Simply, accumulating
events at the same position would lead to the same problems

of frame-based methods. However, here, because we have

many events, we can check for the continuity in image

motion. In Fig. 8, we show an example of two motions on the

same position for the translation tree sequence. The first and

second graphics show the events per time and intensity (if

available). The last one shows the value of the estimated

normal velocity. The average estimate is �2.13 pixels while
the ground truth is �2.186, with a relative endpoint error

(EPE) of 2.5%. Although small, the error would increase as

more events are accumulated.

We can find when to stop accumulating events. At a

single point, assuming there is only one velocity, the

intensity is linearly related to time. Since we have time and

intensity, we just need to check if a newly added event fits

the linear function defined by the previously collected
events. This way, we obtain a stop condition and know how

many events to accumulate.

IV. SOLUTIONS TO MOTION
ESTIMATION PROBLEMS

As discussed in Section II, the state-of-the-art motion

estimation methods of computer vision face major
problems, which we try to solve with the new sensors.

This section discusses the two main sources of error in

frame-based methods: fast motions and occlusions

(Section IV-A and B). Since frame-based methods are

computationally intensive, performance is also a relevant

issue to the community. Section IV-C shows some results

of the real-time implementation of the method.

A. Fast Motions
Current methods include multiresolution schemes [44]

using image pyramids enhanced with sophisticated

Fig. 9. From top to bottom: two consecutive frames of the

sequence, image of events, dense image motion estimation with

classic+NL-fast [45] algorithm, contour motion estimation with

classic+NL-fast, and contour motion event-based estimation. Note the

wrong estimation of classic+NL-fast for the ball moving very fast,

due to its size in a 1280 � 720 image.
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methods for filtering outliers to deal with large motions,

and they require a large amount of computational

resources. However, one of the problems still not resolved

is how to obtain good estimates for small, fast moving

objects, as pointed out in [45]. This kind of objects

disappear at the lowest resolution, and when they pop out
at higher resolutions, their fast motion makes them almost

invisible.

Fig. 9 shows two frames from a video (available at

‘‘Sports Science: Tests the benefits of doctoring a baseball’’

http://www.youtube.com/watch?v=arlWwQ_smnM), de-

picting a baseball player that is going to hit a ball. If we

compute the flow with one of the state of the art methods,

e.g., classic+NL-fast from [45], whose source code is
available, we find that the results fail to estimate the

motion of the ball. The problem is that the multiresolution

processing filters out the small fast moving ball at coarser

levels. Due to the high temporal resolution of the DVS,

there is no problem for our method. As we can see, we get

lots of events and can estimate the velocity of the ball.

B. Occlusions
Current methods deal with the occlusion problem by

trying to localize the occluded pixels to avoid the

propagation of estimates to or from them. Mainly two

strategies are used [46]: projection difference and flow

divergence. In the first approach, every pixel of the second

frame is projected into the first frame according to the

estimated flow. Large differences between the projected

frame and the actual frame indicate occlusion regions. In

the second approach, a negative value of the divergence of

the estimated flow is used as an indicator for occluded

regions. However, in both approaches, the actual motion

estimate is required. Since it is not available, it is

computed iteratively (see [45]).
Fig. 10 illustrates the occlusion problem. The sequence

shows a car moving to the left, a satellite moving up, and

the camera is also rotating. In the figure, on the left, the

original input frames are shown superimposed. We used

RGB images to display the motion, with the R channel

containing the first frame and the B channel containing

the second. Thus, occluded regions are shown in red color,

disoccluded regions in blue, and the rest is shown in gray.
The middle images show the error with respect to the

ground truth normal speed. The top image shows the

normal speed error for the event-based estimation, and

the bottom for the classic+NL-fast algorithm. For the latter,

the error is not randomly distributed like in the event-

based estimation. The highest errors are concentrated in

the occluded and disoccluded regions, especially around

the car, because the motion there is larger.
The right images show a zoom-in on two regions

(orange boxes on the original). The colors represent the

normal speed error (see the legend on the bar). We can see

in detail here that the estimation for the conventional

algorithm is wrong not only in the occluded area. Since a

spatial smoothness term is used in the minimization, the

errors are propagated from the occluded areas into the

neighboring pixels as well.

Fig. 10.Motion estimation for two consecutive frames of the satellite sequence [47]. Left: two frames superimposed in the blue and red channels.

Center: Normal speed error for our event-based estimation and the classic+NL-fast algorithm. Right: Normal speed error for two occluded areas

segmented from the original frame (see orange boxes).
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Due to the high-temporal resolution of the DVS, the

flow in these occlusion regions can be estimated well.
Occlusions are not a problem for the DVS. However, as

discussed, our method is geared for contours. In highly

textured areas, where motion boundaries are not well

defined, our event-based estimation is less accurate than

conventional algorithms.

C. Real-Time Performance
The performance of image motion estimation with

conventional methods is very low. State-of-the-art methods

employ a combination of techniques, including sophisti-

cated texture decomposition, multiresolution schemes,
graduated nonconvexity weighing functions, spline-based

bicubic interpolation, global smoothing terms, and nonlo-

cal regularization terms. A processing time of a few

minutes for the estimation of motion between two frames

is very common. In addition, the possible strategies for

further improvement seem to be exhausted. Some authors

even argued that an early segmentation of motion

boundaries is absolutely necessary to achieve further
significant improvements [48].

The asynchronous nature of the DVS, the high-

temporal resolution, and the ability of reconstructing the

intensity with every new event allow us to present this

work as a real-time accurate motion estimation. The

simulated frame rate for the 200 � 200 satellite sequence

using the method in Section III-C was found to be

approximately 31.6 fps. The frames in this case correspond
to the 15 000 events generated for a slice of 1 ms. The

MATLAB implementation runs in a standard Intel i5 PC.

Meanwhile, for the same sequence, using the same

machine, the dense classic+NL-fast algorithm takes

approximately 14.27 s to compute the flow between two

images.

More importantly, the event-based motion estimation

is scalable. For applications such as robotics, the real-time
performance is crucial. The implementation of the event-

based motion estimation is easy to parallelize in any

massively parallel processing specialized hardware such as

graphics processing units (GPUs), digital signal processors

(DSPs), or field-programmable gate arrays (FPGAs).

Contrary to conventional methods, here the normal speed

for every position is updated with any new event and

without any assumptions about the neighborhood.

V. EXPERIMENTAL RESULTS

This section has two parts: Section V-A uses simulated data

and presents a comparison between classical computer

vision methods and our event-based method and our

combined event-based and intensity-based method;

Section V-B uses real data to compare our algorithms to

other event-based motion estimation implementations of

the literature; approximate values of the ground truth are

known.

A. Simulated DVS Data
To compare the accuracy of the speed estimation, we

simulated the outputs of the DVS for the well-known
‘‘dimetrodon’’ and ‘‘rubberwhale’’ sequences from the

Middlebury database [49] and the classic ‘‘Yosemite,’’

‘‘translation tree,’’ and ‘‘diverging tree’’ sequences from [38].

‘‘Dimetrodon’’ and ‘‘rubberwhale’’ are real sequences from

a static camera and multiple moving objects with a strong

component of texture in the background. ‘‘Yosemite’’ is an

artificially created sequence simulating a fly through the

TABLE 1 Relative Average Endpoint Error (AEPE in Percent) Results for Standard Optic Flow Methods and the Event-Based Method

Fig. 11. Normal speed estimation for a pixel in the ‘‘translation tree’’

sequence.
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so-named valley, and the ‘‘tree’’ sequences are two artificial

sequences generated from a real image of a tree, with the

camera either translating parallel to or approaching the

scene (see Fig. 12).

The reason for using simulated events is so that we can

compare the accuracy of our methods to classic computer

vision approaches and make use of the benchmarks. The

simulated data were created as follows: the central frames

for the mentioned sequences were selected. Using the

ground truth motion (which is provided) the motions are

computed for very small time intervals (e.g., 50 000 time

units between two frames), and these motions are used to

interpolate intermediate images. For the occluded regions,

the ground truth is not available, but these regions are also

Fig. 12. Contour motion estimation. From left to right: original image of the sequence, events accumulated for frames 7 and 8 of the original

sequences, ground truth optical flow field, and event-based contour motion.
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not considered in the benchmarks. Unfortunately, this last

issue does not allow us to show one of the main advantages

of our method.

We should note that our methods using DVS data are

designed to estimate motion on contours. At this point,

however, we do not use a method to distinguish between

contour and high-contrast texture. Normal flow was

computed at every edge with sufficiently high contrast.
Our measure of comparison is based on the (commonly

used) relative average end point error (AEPE) in

E ¼ 1

N

X
i;j

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
uGT2

i;jþvGT2
i;j

q
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðui;j�uGTi;jÞ2þðvi;j�vGTi;jÞ2

q : (14)

In the above equation, ðu; vÞ and ðuGT; vGTÞ denote our
estimation and the ground truth. ði; jÞ denotes the position,

and N is the number of contour points. Our method

computes normal motion, i.e., the projection of the image

motion in the direction normal to the contour. For

comparison, we projected the ground truth image veloc-

ities at the contours onto the normal direction computed

by our event-based estimation. Table 1 shows the results of

the comparison for different algorithms: the Sun et al.
algorithm [45], and five classical optical flow methods

available in [50]. The term ‘‘density’’ in this table denotes

the percentage of image points for which we obtained flow

values between 0.52% and 9.7%). The estimates were

obtained as the average over 2000 repetitions.

Our method generally performs better than the

classical algorithms, except for the diverging tree se-

quence, because the texture and the global motion in this
sequence greatly benefit any motion estimation techniques

using assumptions about smoothed global flow. The

Sun et al. method [45] outperforms our method.

However, the problem with the evaluation is that since

we simulate the motion, we cannot take full advantage of

our proposed solution of locating the stopping point in

time to find the time interval for which to accumulate

events. The two-frame optical flow methods have an
advantage in the evaluation, because in many sequences in

the data sets the motion is globally smooth at most

locations. Furthermore, there is no estimation available for

the occlusions. Thus, there is no need to estimate in these

areas, but only to stop the propagation of wrong estimates

originating from the occluding areas. Finally, the

sequences are not very complex. In all these sequences,

the interframe distances are small, and they are free of

blurring and image artifacts.

Fig. 11 illustrates the normal flow estimation. Once we

have computed the horizontal and vertical velocity

components un; vn, the normal direction to the contour is

computed as parallel to the vector un; vn (denoted in the

figure as es?). The optical flow values computed by the

various algorithms are projected on this direction. The
results for the different sequences are shown in Fig. 12.

1) Combined Event-Based and Frame-Based Data: Table 2

compares the relative and absolute AEPE of our method

using both events and intensity information (Section III-C)

against the method of [45]. The results show that our

method is more accurate in estimating contour motion,

with the exception of the diverging tree sequence where
there is a lot of texture in the tree. This is detrimental for

the evaluation of our method but benefits [45], which

because of a single global motion has accurate estimates in

these regions due to the spatial smoothness constraints.

Additionally, our method is slightly worse for the Yosemite

sequence. In this case, it might be due to some well-known

artifacts of this particular sequence and, again, the global

motion of the sequence. However, note that we compare
our method against one of the best available methods in

the literature, ranked first until December 2013.

B. Real DVS/DAVIS Data
Fig. 13 shows examples of contour motion estimation

on real data with the DAVIS, but there is no ground truth

available for these scenes. The first row has a building
sequence with the camera moving to the right. The second

row has an indoor sequence with the camera static and a

person. The bottom row contains a cluttered sequence

with the camera moving in front of a bookshelf.

The next experiment demonstrates on a simple pattern

that our algorithm can accurately estimate flow. Fig. 14

shows the estimated normal flow on the contours of a black

star-shape pattern on white background, which in the first
row moves to the right, and in the second to the left. The

sequence was recorded with the DVS sensor and the

normal flow on the contours was estimated with the first

method (without using intensity information). Events

were accumulated for 30 ms, but for clarity the vectors are

shown at four times their value. Regarding the accuracy of

our estimations, we found that the error for the first

TABLE 2 Absolute and Relative Average Endpoint Errors (AEPE)
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sequence is 6.2% (0.29 pixel), and for the second it is 4.3%

(0.15 pixel). The ground truth was found by manually

tracking a number of well-defined points (such as corners)

for 100 ms, and estimating the rigid motion of the star.

Then, we estimated the normal flow by projecting the flow

onto the gradient (which was known because we created

the pattern).

Next, we present an indoor scene in which the camera
is static and a person is moving to the left (see Fig. 15). In

this case, the sequence was recorded with a DAVIS

prototype, which provides asynchronous event data and

synchronous intensity. The second image shows the

normal flow on the contours of the person; nothing else

is moving. The computation was performed for the events

between two consecutive frames (since the frame rate was

17 fps, the time period was 58.8 ms). We estimated the
flow by tracking points on the person and computed the

mean flow of the walking person. For comparison, we

projected this flow onto the direction of the gradients

(extracted from the intensity signal). The evaluation of our

method against the other methods in the literature gave

the following results: the normal flow on the contours

estimated with our first method (using only the events) has

an error of 1.34 pixel. For the method in [32], the error is

1.8 pixel/s, and in the second method in [11], the error is

1.87 pixel/s. Finally, the normal flow estimated with our
second method, which combines both signals (events and

intensity), has an error of 0.79 pixel (approximately 15%).

Finally, Fig. 16 provides another comparison of more

detail for a real sequence recorded with the DAVIS sensor.

The camera is translating from left to right, and due to the

difference in depth, the three main objects (boxes) move at

different speeds (closer objects move faster). We comput-

ed the velocity from the correspondence of points in the
different frames within the four highlighted blocks

denoted as A–D. Specifically, between each pair of

Fig. 13. Contour motion estimation for some real DAVIS sequences. First frame of the sequence (left) and contour motion estimation (right)

results. In the second row, a zoom-in on the moving human is shown.
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consecutive frames we computed the average speed for

each block. Since the image sequence was recorded at

17 fps and there are six intensity frames, we have five

chunks of DVS recordings in between the frames, each of

58.8 ms (in the figure, the five chunks are called fr1–fr5).

This second sequence was recorded with a new DAVIS

prototype, and we experienced several problems. There are
some bands of different intensity in the image causing

artifacts at their border, and most important, the positive

events were affected by a hardware problem that made

them switch their polarity.

For the evaluation, we ran our implementations of four
event-based motion estimation methods: the event-based

contour motion proposed in this work, the event-based

visual flow method proposed in [11], the event-based op-

tical flow Lucas–Kanade method proposed in [32], and our

method combining event and intensity signals. The

methods of [11] and [32] were implemented following

the description in the papers. For the algorithm in [11] we

used the parameters described in the paper, except for th2,
which was set to 0.15. For the implementation of (in [32]),

we set Dt to 500 �s, and we used 5 � 5 neighborhoods for

the least square estimation of optic flow.

Referring to the reported results in Fig. 16, the first

value of the series represents the ground truth for the

different regions (denoted as GT). The other values show

the estimates for the frames in the five chunks of DVS

data (fr1–fr5). On average, all methods behave reason-
ably well. Let us note that we removed outliers in all

methods (with speeds higher than 170 pixel/s). Our

method using only DVS data behaved the best, and is

more stable than others with an average standard devia-

tion of 3.09 pixel/s. Our method that combines intensity

and events could not provide good estimates for blocks B

and D, because, as mentioned before, there is a hard-

ware problem with the DAVIS prototype that makes
some of the positive events (both present in these two

blocks) switch their polarity. However, the estimates for

blocks A and C are very stable as well (the average

standard deviation is 7.3 pixel/s). The main problem for

the algorithm of [32] might be the smoothing process

used to estimate the optical flow. For [11], the results are

also good, but the error is higher than with our method,

especially at ramp edges (most noted at blocks A and C,
which have the most prominent ramp-profile edges). In

both cases, the main challenges are the gray contrast and

broadness of these edges.

The presented results show that our algorithms based

on events can estimate well motion in natural scenes by

making use of the high temporal resolution of the data in a

Fig. 14. Contour motion estimation for two DVS sequences of a black

star pattern in a white background. The accumulations of events are

shown on the left, and the contour motion estimations using only

events, on the right. In the first row, the pattern moves to the right and

in the second one to the left.

Fig. 15. Contour motion estimation with DAVIS camera for an indoor sequence. The camera is static and a person is moving to the left in the scene.

The first image shows the intensity signal and the second one the normal flow on the contours.
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bioinspired way. As can be seen qualitatively, the methods

give correct estimates not only for step edges, but also for
broader edges stretching along multiple pixels. Addition-

ally, we have shown that the methods are efficient and

require little resources, thus providing the basis for a new

framework in computer vision utilizing bioinspired event-

based hardware.

VI. CONCLUSION

We have presented algorithms for estimating image

motion on contours from asynchronous event-based

information. Conventional image motion estimation can-

not handle depth discontinuities well, while our methods

provide accurate estimates on contours, thus solving the
problem of conventional approaches.

The first technique presented, which uses as input DVS

data, reconstructs the contrast at contours from the events

and follows the contour points over time. The accuracy of

the technique is due to the use of exact timestamps, and a

temporal multiresolution integration.

The second method uses a combination of event-based

motion information and intensity information. We showed
that using both sources of data brings great advantages.

The method, in essence, computes contrast from the

intensity, and temporal derivatives from the event-based

Fig. 16. Motion evaluation for real DAVIS sequence for four methods. The first row shows the first frame of the sequence recorded with the DAVIS

sensor (left) and the normal flow estimated with our event-based method (right). The four overlaid rectangles denote the regions for which

we evaluated the estimates. The second and third rows show the estimated speed within the different blocks, for our event-based method, the

visual flow method [11], the event-based optical flow Lucas–Kanade method [32], and our method, which combines event and intensity data.
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motion information, and it also combines measurement
over multiple time intervals for robustness. The method is

very accurate and can be realized in real time.

At this point, the work presented is still largely

conceptual. The DAVIS sensor is still under development,

and benchmarks with ground truth for DVS data have not

been created yet. As sensors become available and better in

performance, the community will need to create new

benchmarks with ground truth for both neuromorphic and
regular cameras, and we will then be able to tune our

methods to the specific hardware constraints.

Regarding further software development, so far, we

have not developed a reliable way of distinguishing

between contours at boarder and texture. As discussed,

the stopping condition will play a major role in distinguish-

ing. In addition, we plan to study constraints that exploit

the different spatial distributions of the events. Further
work then involves studying how contour motion can be

used for other early vision processes to address the whole

early motion pathway.

Finally, we argue that rather than considering event-

based computations in isolation and as an alternative to

conventional motion processing, they could be looked at

as a way to overcome the major issues that conventional

motion estimation methods of computer vision are trying
to solve. Since the conventional strategies are becoming

exhausted, this new idea of integrating synchronous and

asynchronous, frame-based and event-based mechanisms

could be a viable alternative. As shown here, through

the integration, we can achieve a great reduction in the

use of computational resources and an increase in

performance. h
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