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Asynchronous Event-Based Hebbian
Epipolar Geometry

Ryad Benosman, Sio-Hoï Ieng, Paul Rogister, and Christoph Posch

Abstract— Epipolar geometry, the cornerstone of perspective
stereo vision, has been studied extensively since the advent of
computer vision. Establishing such a geometric constraint is of
primary importance, as it allows the recovery of the 3-D structure
of scenes. Estimating the epipolar constraints of nonperspective
stereo is difficult, they can no longer be defined because of the
complexity of the sensor geometry. This paper will show that
these limitations are, to some extent, a consequence of the static
image frames commonly used in vision. The conventional frame-
based approach suffers from a lack of the dynamics present in
natural scenes. We introduce the use of neuromorphic event-
based—rather than frame-based—vision sensors for perspective
stereo vision. This type of sensor uses the dimension of time as
the main conveyor of information. In this paper, we present a
model for asynchronous event-based vision, which is then used to
derive a general new concept of epipolar geometry linked to the
temporal activation of pixels. Practical experiments demonstrate
the validity of the approach, solving the problem of estimating the
fundamental matrix applied, in a first stage, to classic perspective
vision and then to more general cameras. Furthermore, this paper
shows that the properties of event-based vision sensors allow the
exploration of not-yet-defined geometric relationships, finally, we
provide a definition of general epipolar geometry deployable to
almost any visual sensor.

Index Terms— Asynchronous acquisition, asynchronous sens-
ing, event-based vision, frame-free, frameless vision, neuromor-
phic electronics, stereovision, time impulse codification, time-
based imaging.

I. INTRODUCTION

THE fundamental matrix is a basic tool in the analysis
of scenes captured by two uncalibrated cameras. It has

been studied only for central cameras where all incoming rays
projecting onto the image plane intersect at one point (focal
point). In the case of uncalibrated central cameras, it has
become customary to refer to this matrix. The fundamental
matrix is a key concept: it summarizes the geometric informa-
tion and enables the recovery of the epipolar geometry for
uncalibrated perspective views [1]. It may also be used to
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reconstruct the scene from two uncalibrated views up to a
projective transformation [2], [3].

Epipolar geometry has also been studied in the case of more
general cameras, such as omnidirectional sensors [4], mainly
central ones. The difference with mainstream cameras is intro-
duced by the sensors’ unconventional surfaces of projection.
Svoboda and Pajdla [5] extended the classical epipolar geom-
etry of perspective cameras to all central catadioptric cameras,
as presented by Baker and Nayar [6]. Smadja et al. [7]
applied epipolar geometry to the case of a cylindrical surface
of projection, while Torii et al. [8] and Li [9] applied this
geometry to spherical cameras.

In the more general case of noncentral systems, the defin-
ition of epipolar geometry is harder to establish. Noncentral
cameras are optical sensors that collect light along rays that
do not all intersect at one point. Noncentral images can be
obtained in several ways. The first one relies on catadioptric
sensors using mirrors with noncentral properties. Within this
framework, a wide variety of possible mirrors can introduce
noncentrality. They are generally computed according to the
task to be achieved [10], [11]. Other techniques to produce
noncentral images use classical perspective cameras, usually
performing constrained motion. Noncentral images are then
produced by mosaicing techniques acquired by pushbroom
cameras, stereo panoramas, or spherical mosaics [12]–[16].

The definition of epipolar geometry in the most general
unconstrained case is still unknown. This is mostly because
geometric knowledge about noncentral systems remains
scarce. Swaminathan et al. [17] and Ieng and Benosman [18]
have studied caustic surfaces in catadioptric sensors. A caustic
surface corresponds to the envelope of all incoming rays and
can be seen as the set of focal points of the visual system. The
work done in this area mainly comprises theoretical studies
of the framework of special camera motion configurations
[19], [20].

Several researchers have attempted to define a general
geometric model of an imager. A nice example is described
in a paper that changed the standard approach of an image
sensor by modeling a camera as a set of raxels [21], defined
as the association of a ray of view with a pixel’s location.
Following this kind of approach, new calibration methods have
been presented, notably by Ramalingam et al. [22], Sturm [23],
and Debaecker et al. [24]. This approach also led to more
general and original studies, such as those of Kuthirummal
and Nayar [25].

In this paper, we propose a complementary contribution to
this research stream by providing a framework to estimate the

1045–9227/$26.00 © 2011 IEEE
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Fig. 1. (a) Protoype of the asynchronous neuromorphic sensor and its
integration with a lens and a usb 2.0 interface. (b) Sketch of the codification
of light intensities into temporal asynchronous events.

epipolar geometry of a multiple view system using event-based
“silicon retina” vision sensors [26], regardless of the geometry,
with the sole constraint that the cameras must have common
fields of view, i.e., their fields of view must overlap.

We introduce a computational model of asynchronous event-
based sensors that will be used to estimate—if exists—the
stereo rig’s epipolar geometry corresponding to central and
more general cases. Using the temporal properties of such
sensors, as will be shown, does not require sophisticated
minimizations and allows an almost natural determination of
the epipolar geometry in even the most general cases.

II. NEUROMORPHIC EVENT-BASED VISION

Modern non-biological information processing systems are
known to perform weakly when dealing with complex infor-
mation from sensory signals that seem to be easily and
effortlessly processed by animal or human brains. The supe-
rior performance of biological systems can still only partly
be accounted for, but it seems obvious that the processing
architecture and style of computation in nervous systems are
fundamentally different from what is currently deployed in
artificial synchronous information processing [27]–[31].

In the late 1980s, Mead showed [32] that standard semi-
conductor technology can be used to implement circuits that
mimic neural functions and to realize building blocks that
emulate the operation of their biological role models, i.e.,
neurons, axons, ganglions, etc., thus enabling the construction
of biomimetic devices that combine the benefits of silicon
very large scale integration technology with the processing
paradigms of biology. The notion underlying this paper on
such neuromorphic systems is to emulate biology’s use of
asynchronous exceedingly sparse data-driven digital signaling
as a core aspect of its computational architecture. Neuromor-
phic systems, like the biological systems they model, process
information using energy-efficient, often massively parallel,
event-based methods.

A major line of research in biomimetic systems has been in
the context of sensory transduction, most notably in vision.
Since the seminal implementation of a “silicon retina” by
Mahowald and Mead [33] in 1989, a variety of biomimetic
vision devices has been proposed and implemented [34]. In
the context of imaging and vision, it is crucial to observe that
biology has no notion of an image frame as a useful representa-
tion of visual information. On the other hand, the frame-based
approach is the unchallenged standard in machine vision,
and many techniques for information extraction (e.g., cosine
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Fig. 2. Codification of pixel gray-level variations into temporal contrast
events following the T codification process (5).

transform, perceptual linear prediction, SIFT, mel cepstrum,
etc.) have been developed for this type of scene representa-
tion. Neuromorphic vision sensors feature massively parallel
preprocessing of the visual information at the pixel level, com-
bined with highly efficient asynchronous event-based informa-
tion encoding and data communication. The temporal contrast
address-event representation dynamic vision sensor (DVS)
[35] used in this paper is built around an array of autonomous
pixels asynchronously generating continuous-time “spike”
events that encode relative changes in pixel illumination.

The device mimics the magnocellular transient pathway of
the human retina and senses the dynamic information present
in natural scenes at temporal resolutions much higher than
most conventional image sensors can achieve. In addition, the
device largely suppresses the temporal redundancy common to
all frame-based image acquisition techniques. The temporal
contrast events are communicated off-sensor in the form of
continuous-time digital data packets conveying the responding
pixel’s x, y array address. Data transfer is optimized for real-
time operation, trying to maximally preserve the event’s crucial
timing information. Finally, the sensor principle discards dc
information, the DVS does not deliver classical image data in
the form of absolute intensity information. The DVS output
consists of asynchronous address events that signal scene
reflectance changes at the times they occur. Each pixel is
independent and detects changes in log intensity larger than
a threshold since the last event it emitted (typically 15%
contrast). When the change in log intensity exceeds a set
threshold, an ON or OFF event is generated by the pixel
depending on whether the log intensity increased or decreased.
Since the DVS is not clocked like conventional cameras,
the timing of events can be conveyed with a very accurate
temporal resolution of the order of microseconds [35].

Fig. 1 shows typical DVS pixel signal waveforms. In
response to positive and negative photocurrent gradients, tem-
poral events of two polarities, referred to as ON and OFF
events, are generated by the pixel circuit. The gradient is
encoded in inter-event intervals (see Fig. 2).
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The extremely high temporal resolution of this vision sensor
allows the design of new methods usually not even imaginable
with the widespread standard frame-based devices that capture
images at frame rates rarely higher than a few hundred frames
per second. Because each pixel can be individually refreshed
every 1/10 000th of a second, the event-based sensors can
capture very fast dynamic scenes at “effective frame rates” of
tens of kilohertz. Many popular algorithms can be drastically
improved.

1) Highly accurate object segmentation in the context of
fast motion which can provide improved accuracy for
tasks such as face or gesture recognition.

2) Ability to handle and generalize complex geometric con-
straints (geometric calibration, epipolar geometry, etc.)
in nonconventional (e.g., catadioptric) imaging systems.

Many limitations encountered in conventional frame-based
vision are expected to be solved or reduced to some extent.
Our paper focuses only on the problem of noncalibrated stereo
vision, which is a prerequisite for many advanced event-based
vision applications.

III. FROM IMAGES TO FRAMELESS SPATIOTEMPORAL

LUMINANCE EVENTS

This section presents an event-based formalism that is
sufficiently generic to encompass DVS processing and to be
extendable to other variations of event-based vision sensors.

A gray-scale image is a regular M × N array of positive
numbers that measures the intensity of light incident to the
pixels of a charge coupled device or complementary metal-
oxide semiconductor sensor located at an image plane. A
sequence of images Iseq is taken periodically at temporal steps
�t , between instants t0 and t0 + n�t , such that

Iseq = {I (t0), I (t0 +�t), . . . , I (t0 + n�t)} (1)

with n ∈ N.
Given a pixel at [x, y]t , if we express its intensity as a

unidimensional function of time t

fx,y : [0, T ] �→ R
+

t �→ fx,y(t). (2)

A digital image taken at time t is the set of unidimensional
functions fx,y such that

I (t) = { fx,y(t)} x ∈ [0, M − 1]
y ∈ [0, N − 1].

(3)

Using (2), an image sequence (1) can also be written as a
set of 1-D functions fx,y(t) expressing the varying values of
pixels in time. We can then write

Iseq = { f0,0(t), f0,1(t), . . . , fM−1,N−1(t)} (4)

for t ∈ [t0, t0 + n�t] and n ∈ N.
Iseq is then composed of a set of discrete functions fx,y(t),

the values of which are provided using a global constant
sampling process. All values are provided at the same time, the
variations of functions fx,y(t) can only be detected at fixed
times. Using a fixed global frequency has the effect of not

only reducing the dynamics of the change detection process
in fx,y(t), but it also produces a large amount of redundant
data. This type of acquisition is incompatible with a compact
representation of the data, it consumes resources because it
acquires, transmits, and stores unnecessary redundant values.
There are several ways to quantize fx,y according to its values.

Let us define {tk}, the set of times of the signal sampling,
assuming that ∀k ∈ N, tk+1 > tk , and t0 is the initial time.
Some standard sets are the following:

T = {
tk | |F( fx,y(tk))− F( fx,y(tk−1))| = � f

}
. (5)

The signal is sampled each time the variation of the
magnitude of F is equal to � f . In principle, there is no
forward method to choose F , it must be selected according
to the task to be performed. In what follows, we will set F as
the identity function in order to study the general properties
of codification based on relative changes. In practice, there
is no elegant formulation of T , as it is difficult to make an
assumption about f to have f −1, since this contradicts the
random nature of light changes in scenes. Once T is set,
Ev(x, y, t) can then be defined as

Ev(x, y, t) = δ(t, tk) · sign
(

f ′x,y(t)
)

. (6)

δ() is the Kronecker delta function and sign() is the sign
function of a real number taking value in {−1, 1}.

Ev(x, y, t) gives a more compact representation of fx,y

using � f , its values are in the set {−1, 0, 1}. The value 0
corresponds to an absence of change of fx,y which remains
in an amplitude less than � f , while +1 and −1 indicate a
change, the direction of which is given by the sign.

Following the architecture of the DVS, F is set as the
log function. This choice was motivated by two main con-
siderations. The first comes from the goal to provide for
a wide dynamic range of pixel intensities. The second is
more connected to biomimetic issues, namely to design a
logarithmically encoding pixel that is sensitive to (temporal)
contrast as in vertebrate retinae [35].

IV. COMPUTATION OF THE EPIPOLAR CONFIGURATIONS

A. Classic Framework (Frame-Based)

The fundamental matrix is generally determined from a
set of point correspondences [36]–[38]. The most widely
used method employs the eight-point algorithm introduced
by Longuet-Higgins for computing the essential matrix [39].
The eight-point algorithm has the great advantage of being
linear, which allows it to be easily computed. If eight-point
matches are known, then the fundamental is the solution of a
set of linear equations. Otherwise, it can be found by solving
a linear least squares minimization problem. Other more or
less complex algorithms have been proposed. Several can be
found in [36], [40], or [41]. It has long been thought that the
eight-point algorithm is usually excessively sensitive to noise
in the matched points. Hartley [38] showed that the eight-point
algorithm implementations do not sufficiently take numerical
considerations into account. He then introduced a normaliza-
tion process of image points, using simple transformations
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Fig. 3. M(t), a 3-D point appearing in the scene performing an unknown
motion at time t , evokes response from pixel m1

i at time t1 and m2
j at time

t2. Due to the nonzero difference t2−t1 (of mean latencies) of each given
pixel pair, the autonomous operating principle of the pixel circuits, and the
asynchronous array readout, other pixels (e.g., m2

k or m2
l ) that have no a

priori relationship with M(t) can generate events at the sensor output in close
temporal proximity to t1, even closer than the actual response from m2

j .

(translation and scaling) to introduce stability into the process
of estimating the fundamental matrix.

The fundamental matrix is defined by the equation

p′T Fp = 0 (7)

for any pair of matching points p′ ↔ p in two images. With
sufficient number of matched pairs p′i ↔ pi , (7) can be
used to compute the unknown matrix F . In particular, writing
p = [u v 1]T and p′ = [u′ v ′ 1]T , each point match gives
rise to one linear equation in the unknown entries of F . The
coefficients of this equation are easily written in terms of
the known coordinates p and p′. Specifically, the equation
corresponding to a pair of points p and p′ will be

uu′ f11 + uv ′ f21 + u f31 + vu′ f12 + vv ′ f22

+ v f32 + u′ f31 + v ′ f23 + f33 = 0 (8)

with fi j being the i th row, j th column entry of F . The row
of the equation matrix may be represented as a row vector
[uu′ uv ′ u vu′ vv ′ v u′ v ′ 1]. From all the point matches, we
obtain a set of linear equations of the form

Af = 0 (9)

where f is a 9-vector containing the entries of the matrix F ,
and A is the equation matrix. Nowadays, computer text books
use this method, and the reader can find all the details of the
computation of the fundamental matrix in [1].

B. Event-Based Framework

Let two asynchronous event-based DVS sensors C1 and C2
observe a common part of a scene. A 3-D point M moving in
space triggers changes of luminance in the field of view of the
sensors (Fig. 3). Events will be written as Ev(mi

k, t), where m
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Fig. 4. Latency as a function of chip illumination. Error bars represent the
jitter.

is the spatial location m = (x, y)T , superscript i indexes the
sensor in which the event happens, and subscript k indexes the
event in the retina Ci . The 3-D point M(t) generates an event
Ev(mi

k , t) when it projects onto the i th sensor’s focal plane
Ci according to the classic known geometric relationship

(
mi

k

1

)
= Pi

(
M(t)

1

)
(10)

where Pi is the projection matrix associated to Ci [1].
Following the temporal properties of the asynchronous

event-based sensors, in an ideal case, the set of corresponding
Ev(mi

k , t) should be time-stamped with equal values, as they
are the consequence of the same event that happens at a given
time. We can then expect to be able to perform a direct match
on their times of arrival.

Unfortunately, due to the constraints of electronic archi-
tecture, events rarely arrive at the same time. The DVS
pixel is nonideal in many respects. It has limited contrast
sensitivity, nonzero and variable latency from visual stimulus
to event generation, random jitter in the event timing, and non-
stimulus-related background event activity due to noise and
leakage phenomena. At the system level, additional impacts
on the event timing precision due to limited communication
channel bandwidth, data collisions, and asynchronous bus
arbitration are observed.

In a typical application environment, most of these effects
can be neglected, and only latency and jitter are of concern.
The latency of the pixel response is the time from the
occurrence of an illumination change at the photodiode to the
corresponding event output. This variable delay time is, in
typical illumination conditions, limited by the photoreceptor
bandwidth, which is proportional to the photocurrent and
hence to pixel illumination (see Fig. 4). For a given scene, the
event latency can be assumed to be similar and constant for
a pair of pixels being stimulated at comparable illuminations
and by equal temporal contrast.

The jitter, defined as the standard deviation of the latencies
of one pixel stimulated by identical temporal contrasts, is
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Fig. 5. Distributions of event timings of a pair of pixels responding to a
number of identical temporal contrast stimuli at time t = 0. Pixel 1 has a
mean latency of t1 and a standard deviation of latencies of σ1, also known
as jitter (pixel 2 likewise).

caused by photocurrent and dark current shot noise in the
photoreceptor as well as readout noise in the pixel circuitry.
It can be modeled as Gaussian distributed around a scene
background illumination-dependent mean latency which is
constant but different from pixel to pixel and is due to process
parameter variations across the array (fixed-pattern noise) and
from chip to chip. This jitter, apart from effects on latency due
to the different illuminance of pixels, is the dominant source
of pixel-event timing variations.

Measurement results for the latency and jitter of a single
DVS pixel as a function of pixel illumination are shown in
Fig. 4. For a typical indoor application illumination range, as
present in the experiments in Section V, of 10–300 lux, the
jitter of one pixel is of the order of 100–200 μs.

Taking into account the experimentally established pixel
circuit characteristics, the distributions of event timings of a
pair of pixels responding to a number of identical temporal
contrast stimuli at time t = 0 can be depicted as shown
in Fig. 5. Pixel 2 with mean latency of t2 will, in most
cases, deliver its event after pixel 1, but not always. The
time difference T = t2 − t1 is not determined and can only
be described in probabilistic terms. These uncertainties in
pixel response times prevent the aimed-for stereo matching
of single pixel events solely based on the exact timing of
event occurrence. It is hence necessary to establish a search
window in time, centered at t1, during which the occurrence
of t2 is expected and consequently only an event falling into
this time window is accepted for stereo matching.

The mean difference T = t2 − t1 (of mean latencies) of
each given pair of pixels across two large arrays of pixels
is zero. However, a mean upper bound to the difference of
mean latencies for any given pair of pixels has to be taken
into account for establishing the size of a search window.
Experimentally establishing the upper bound to the difference
of mean latencies of all possible pairs of pixels from two
sensor arrays is very costly. An optimum search window
size can be established theoretically only if this parameter is
known. At this point, we can only estimate its value based
on our knowledge of the semiconductor fabrication process’s
parameter variations, as published by the foundry, to be on
the order of a few hundred microseconds. Following these
observations, our experiments used time search window sizes
between 500 μs and 2 ms.

O
1O
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j

B j
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1j2

Fig. 6. Epipolar geometry structure from the coactivity probabilistic field
and pixel’s activities.
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Fig. 7. Experimental setup the two DVS retinas are placed in front of an light-
emitting diode (LED)-lit liquid crystal display (LCD) screen. The screen’s
position was changed to provide several levels of depth. For each position
of the screen, the probability coactivation field was computed for 300 points.
For each depth, to each pixel p1 ∈ C1 corresponds a unique pixel p2 ∈ C2.

The nonzero t2 − t1, together with the autonomous oper-
ating principle of the pixel circuits and the asynchronous
array readout strategy, leads to a further complication of
the situation. Assume a moving scene point M(t) that will
generate corresponding events from pixels m1

i at time t1 and
m2

j at time t2. As shown in Fig. 3, when pixel m1
i generates

an event at time t1, other pixels (e.g., m2
k or m2

l ) that have no
a priori relationship with M(t) can also generate events in
close temporal proximity to t1, even closer as the actual
response from m2

j . This can be due to other scene-related
stimulation or also to background noise activity. Two funda-
mental strategies for resolving such event collision conflicts
are conceivable. Either all events that occur during the search
window are accepted as equiprobable matching partners, or
the whole event is discarded if more than one possible partner
appears in the search window.

C. Coactivation Sets

If M(t) produces two events Ev(m1
j , t j ) and Ev(m2

k , tk),
we then define Ak, j as the set of

Ak, j =
{

tk ∈
[
t j − T, t j + T

] ∣∣
∣Ev

(
m2

k , tk
)
�= 0

if Ev
(

m1
j , t j

)
�= 0

}
. (11)
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Algorithm 1 Algorithm to estimate coactivation probability
field B j for every m1

j ∈ C1

1: for all pixels m1
j ∈ C1 do

2: for all position of the screen do
3: Compute B j

pos at the current position
4: Posmax j ← find the position of the pixel with the

highest activity
5: update B j with the new computed B j

pos
6: end for
7: end for
8: Fit a line l j on positions Posmax j

9: return B j and l j for every m1
j ∈ C1.

Ak, j is the set of all the temporal activations of pixel m2
k ∈ C2

happening within a time window T from those of pixel m1
j∈ C1. Using the definition of Ak, j given by (11), we can write

P
(

Ak, j
) = P

(
Ev

(
m2

k , tk
) ∣∣

∣Ev
(

m1
j , t j

))
. (12)

This is obviously as stated previously for tk ∈ [t j −T, t j +T ].
We can then write

P
(

Ak, j
) =

P
(

Ev
(
m2

k , tk
) ∩ Ev

(
m1

j , t j

))

P
(

Ev
(

m1
j , t j

)) . (13)

If B j is the matrix of elements P(Ak, j ), then it contains the
probability of all temporal appearance of pixels in C2 for the
pixel m1

j ∈ C1

B j =
⎡

⎢
⎣

P(A1, j ) P(A2, j ) · · · · · ·
...

. . .
. . .

...
· · · · · · · · · P(Ak,N )

⎤

⎥
⎦ (14)

with N being the sensor’s total number of pixels. According
to noise parameters and the period of observation T , most of
Ak, j = 0, i.e., B j is a sparse matrix which can then be seen
as a coarse expression of the corresponding epipolar line of
pixel m1

j ∈ C2.
The probability of pixels’ activation is directly linked to

their possibility of match. If B j is observed over large periods
of time, it is then expected that the values of the probabilities
P(Ak, j ) of corresponding pixels ∈ C2 to m1

j are high, while
noncorresponding pixels are low, following an appearance
frequency directly linked to the sensor’s noise and events
appearing in scenes. The probability field B j contains a
geometrical structure equivalent to an epipolar line in the
focal plane (see Fig. 6). In the present case, the epipolar
structure is a line that can be estimated using robust fitting
techniques on most on active pixels. This process, as shown in
Fig. 6, associates a line l2j ∈ C2 corresponding to the epipolar
line of point m1

j ∈ C1. In a second stage, when more than
eight lines are estimated—in the case of a central perspective
planar sensor—the fundamental matrix can then be estimated
following a simple robust DLT alogorithm using the relation
l2j = Fm1

j for every j .
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Fig. 8. Activation probability field B j of a pixel (e) using four conditions
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D. Remarks

Notice that this estimated fundamental matrix is computed
in a very unusual way. There was no need to define or
match any pattern in scenes. The fundamental matrix appeared
implicitly from the coactivation of pixels and allowed epipolar
lines to appear spontaneously. It then becomes possible, in
a second stage, to provide an estimation of the fundamental
matrix. This unusual estimation process relies directly on the
observation of Hebb which states “If the inputs to a system
cause the same pattern of activity to occur repeatedly, the
set of active elements constituting that pattern will become
increasingly strongly interassociated. That is, each element
will tend to turn on every other element and (with negative
weights) to turn off the elements that do not form part of the
pattern. To put it another way, the pattern as a whole will
become auto-associated” [42].

The estimated fundamental matrix can then be the result of
temporal coactivations of pixels’ activities and can therefore
be a considered a Hebbian fundamental matrix.

V. EXPERIMENTAL EVALUATION

For the experimental evaluation of the epipolar geometry,
two DVS sensors were used [35]. We placed the two cameras
in front of an LED-lit LCD screen and, as discussed in
Section IV-B, identified the optimal search window experi-
mentally. The optimum window size was found to be 1 ms
(see Fig. 7 for a photograph of the experimental setup).

The screen’s position was changed, providing several levels
of depth. For every position of the screen, the probability
coactivation field was computed for 300 points of C1. The
screen continuously displayed a movie. We used many differ-
ent movies, the choice of a specific movie did not significantly
influence the result.
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Fig. 9. Geometric structure of the activation peaks corresponding to the
epipolar line of the monitored pixel. (a) Complete probability field activity
B j . (b) Thresholding the activation peaks of B j reveals the geometric line
structure of the epipolar geometry of the corresponding central setup.

A total of 24 random screen positions were used to provide
stimuli at different depths. For each position, each pixel
of C1 was associated to its coactivity probability field B j .
Fig. 8 shows the experimental results for four different screen
positions for a single pixel. A peak in the activation map,
clearly visible for each position, corresponds, as shown in
Fig. 7, to a matched point of the monitored pixel at the screen’s
depth. When all experimental positions were combined, the
geometric alignment of the peaks corresponded to the epipolar
line. The general procedure to obtain B j for every pixel of C1
that provides data to estimate the epipolar geometry is given
by algorithm (1). Fig. 9 shows the result of this operation for
a pixel of C1.

A. Algorithms

Following are descriptions of the main algorithms used.
They mainly differ in how the best pixel activity is computed
and which method and data were used to compute l j .

1) “Max-Fitting”: Raw Position of the Maximally Active
Pixels: In this algorithm, the epipolar line is robustly fitted
to the raw position of the maximally active pixels for every
screen’s position.
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Fig. 10. Angle (y-axis) between max points (x-axis), uncertain fitting, and
center of gravity, epipolar lines were estimated using the standard fundamental
matrix computation.
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(x-axis) with estimated epipolar lines.

2) “Cg-Fitting”: Gravity Center of B j
pos T hreshold ∈

[0, 1]: This algorithm differs by thresholding every B j
pos in

order to obtain the best active pixels. The computed position
of the maximally active pixels is the mean of the position of
remaining pixels. This algorithm allows us to get a subpixel
position resolution of the max.

3) “Cov-Fitting”: Covariance Fitting of l j Using Max
B j

pos > T hreshold ∈ [0, 1]: This algorithm is very similar
to the preceding one. It differs by the fitting of l j , which
introduces an uncertainty measure into the location of the max
position—highest coactivation location—using a covariance
matrix computed from the position of the remaining thresh-
olded points.

B. Results

We tried the various algorithms with five different videos
displayed on the LCD screen. The exact choice of the video
movie is of no relevance as long as it contains movements.
Each sample was presented to the cameras for a duration
of 20 min at every screen position. We made no specific
choice for the sequences used, they were chosen randomly.
In order to provide a “ground truth” and to allow comparison,
we estimated the fundamental matrix of the system using the
classic computation scheme with the toolbox provided in [43].
We used a blinking LED to produce a set of scene points, using
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the epipolar lines obtained by the estimation methods. Point 15 is clearly an
outlier for all the estimation methods.

Fig. 13. Experimental validation protocol 3-D reconstruction of the locations
of the center of gravity of a rotating disc, tracked and reconstructed in three
dimensions using the estimated fundamental matrix (disc device hand-held).

the center of gravity as an input for the robust estimation
process. A total of 22 points were used. In the following
experiments, the estimated fundamental matrix will be referred
to as the classic fundamental.

Several criteria were analyzed to test for the accuracy of
each presented algorithm. The fundamental matrix produced
by the classic method was used as the ground truth.

1) Lines produced by the fundamental matrices estimated
with each algorithm were compared with the classically
computed ones. Fig. 10 shows the slope differences of
epipolar lines with respect to the lines produced by the
classic method.

2) Fitting errors are shown in Fig. 11 and compared in
Fig. 12. One can see that the mean errors are less than
a pixel, with standard deviations of the same order of
magnitude. An examination showed that, if the classic
method usually provides fewer fitting errors, the event-
based methods using the centers of gravity or the local
maxima detection can perform as efficiently. Most of the

−10 0 10
390

400

410
−50

−45

−40

−35

−30

−25

−20

z

x

y

Fig. 14. 3-D reconstruction (in cm) of centers of gravity of the disc’s locations
in space. The mean estimated radius is 1.09 cm while the ground truth is 1 cm.

techniques provide usable results. Fig. 12 shows that
both the “max-fitting” and the “cg-fitting” algorithms
provide a precision better than one pixel. Notice that, in
itself, choosing the maximum pixel as an input to the
fitting of the epipolar line is sufficient. The “cov-fitting”
algorithm provided the least accurate results because
the covariance matrix depends on the orientation of the
screen, thereby introducing unnecessary inaccuracies.

3) “Hand-held” estimation (Fig. 12) corresponds to exper-
iments in real scenes. The stereo rig has been moved
freely in a normal indoor environment. The overall
results show that the method works in real applications
and is not restricted to an experimental setup with a
static vision system and the use of a screen.

The hand-held fundamental matrix was used in a 3-D
reconstruction process using a DVS stereo rig. As shown in
Fig. 13, the stereo system observed a disc rotating at 200 rpm.
Every 2 ms, the center of gravity of all incoming events was
extracted from both images and reconstructed in three dimen-
sions. The intrinsic parameters of each camera were previously
estimated using classic techniques as described in [1]. Fig. 14
shows the reconstructed locations of the center of the rotating
disc. The estimated radius of rotation of the disc from all the
3-D locations was 1.09 cm, while the real value was 1 cm.
The dispersion around the circular rotation plane, 1.1 mm, was
mainly due to the limited resolution of the sensors (128× 128)
and the fact that the rotating device was hand-held.

Further experimental results were acquired using a set
of frames built from the event-based sensor signals. This
approach is not meant to be applied to frames, but is proposed
for the purpose of illustration and to allow comparison with
classic fundamental estimations. Frames were built by integrat-
ing events over short time intervals. The illumination dynamic
was produced by means of a flashing light. Fig. 15 shows the
produced stereoscopic images with manually selected pixels in
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Fig. 16. Top: Chessboard stereo pair with a selected corner marked in the left image. Bottom: Results for the aforementioned versions of fundamentals. The
epipolar lines are all going through the associated corner in the right image up to some estimation errors.

the left view, the epipolar lines were computed according to
the fundamental matrices estimated with the aforementioned
algorithms. The same test was carried out with a chessboard
(see Fig. 16). The selection of a corner in the left image pro-
duced the associated epipolar line in the right one. The zoomed
image clearly shows the accuracy of each computed lines
going through the corresponding corner in the right image.

C. Remarks

Using an LCD screen as a stimulus generator allowed us
to speed up the experiment by generating dynamic events

at different depths. Since the screen produced frames, it is
legitimate to ask whether the proposed method is applicable
to a standard frame-based camera. To change the intensity of a
pixel, the liquid crystal of the screen must reorient itself. The
time needed to realize the change depends on the initial and
final intensity values. If the camera can capture the intensity
change dynamics, then the method described above will work
by distinguishing pixels according to the intensity dynamisms.
For an LCD screen with a mean response time of 16 ms, the
camera should be at least five to ten time faster: i.e., the camera
should be able to capture at 300–600 f/s. These frame rates are
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C 2

C1

C2

Fig. 17. Noncentral catadioptric setup with event-based cameras. Each
sensor, combined with its reflective surfaces, is a noncentral vision system.
The mounting is designed to probe the stereoscopic geometry of the device
from coactivation sets computed with the probability map.

only possible with high-speed cameras dedicated to a specific
use. On the other hand, this dynamic is perfectly within the
range of temporal resolution of a DVS. The number of events
generated is a function of the change of value encoding the
dynamic properties of the scene.

VI. PROBING NEW GEOMETRIES

The epipolar constraint condenses the geometric essence
of a central stereoscopic vision system: 3-D scene points and
camera centers are related by geometric loci called epipolar
planes, which are projected onto epipolar lines in the image
planes. Extensive work has investigated central stereovision
with frame-based cameras: the cameras’ geometry can be
recovered by estimating the fundamental matrix, even for
uncalibrated systems. Both operations are time and resource
consuming, as all the frame’s pixels must be processed
exhaustively.

Nonconventional sensors are expected to produce a non-
conventional geometric relationship, which is finally projected
into the image space. One representative example is the central
omnidirectional catadioptric sensor for which the epipolar
lines are replaced by conic curves [5], [44]. In an even
more general context, if an epipolar curve exists, it can only
be computed numerically, due to the noncontinuity of the
light sampling process or some singular configuration. Using
standard image processing techniques, estimating geometric
constraints can be difficult or even impossible because of
nonlinearities that limit the detection and matching algorithms.
Event-based sensing is adapted to dynamic contexts, and the
possibility of directly segmenting and matching events through
coactivation maps obviously opens new perspectives. Pixels

image 
plane

P
1

P
k

p1

C 2

C 1

Fig. 18. Example of a nonperspective stereo system the equivalent of the
epipolar line is built with coactivation selection. The schematic serves only
for the purpose of illustration and represents a particular case for which a
pixel on the right sensor is mapped to a curve on the left sensor. Nothing can
guarantee the existence of such a curve.

matched over time with coactivation maps will produce the
epipolar curves that can be used to analyze and characterize
the geometric configuration.

To illustrate the concept, we used a noncentral stereo system
that relied on two DVS cameras observing a spherical reflector
and another reflector of unknown shape (see Fig. 17). This
vision system is clearly noncentral. The process of estimating
an activation map was performed as explained in the previous
section. In the present case, shown in Fig. 18, a pixel p1 ∈ C1

intersects a set of lines corresponding to the pixels’ line of
view of C2. The intersections’ results are only restricted by
the sensors’ geometry—more likely a curve in this example.
The results of the coactivation of a set of connex pixels are
presented in Fig. 19. In the present case, the activation map
of each pixel p ∈ C1 is close to a curve and corresponds to
its common field of view with the rays of C2.

It seems obvious that the method could deal with more
complex geometries that do not necessarily follow a compact
parametric formulation. In that case, how could such informa-
tion be compactly represented?

In such cases, we would expect each pixel to correspond to
an activation map. The solution lies in the storage capacities,
which current technologies can encompass easily. The current
sensor prototype has a resolution of 128 × 128, let us then
imagine that higher resolutions will be obtained in the near
future, such as 1024× 768. At this resolution, if every pixel’s
activation map must be stored, and assuming a binary coding
of the information on the pixels’ intersections, the total cost
per pixel would be (1024 × 768)2 bits. Thus, the total cost
for all maps is 72 Gbytes. However, because the activation
maps are sparse structures, the total number of pixels of an
epipolar line compared to the total number of pixels of the
sensor represents at most 0.17%.

This is the upper bound of the ratio, as it corresponds
to the length of the diagonal divided by the total number
of pixels. If a sparse representation is used, then the total
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Fig. 19. Probability maps for a set of columnwise consecutive pixels in the
left sensor. For each pixel, the coactivated set is shown with the maximum
value underlying the best fit in the right sensor.

memory needed to store such a system would be 120 Mbytes �
0.17× 72 Gbytes. This drastically reduces the needed storage
space. The additional use of compression techniques and fast
memory access, such as lookup tables, are expected to speed
up the process further.

VII. DISCUSSION

The geometric foundation of stereovision has been consid-
ered well established for a long time, but this paper shows
a totally original way to tackle the problem with the help
of mechanisms inspired by biological vision. In this new
approach, time, which is usually considered a secondary
variable of the visual signal, prominently contributes to the
characterization of the vision system.

Because biological vision is naturally adapted to time-
based processing in a highly parallelized manner, bio-inspired
mechanisms open new paths to solving vision problems in
elegant ways and, more importantly, allow us to consider
new perspectives to solve usually nonsolvable problems using
standard tools.

The use of precise timings appears to be a key element of
this computational principle. Information is not only carried
by the nature of events (e.g., which type of ganglion cells fire)
but also in the precise temporal and spatial locations at which
they occur. The adjunction of time in perception seems to open
promising perspectives for which principles and properties are
yet to be discovered.

The example of epipolar geometry shown in this paper gives
an idea of the powerful potential of an event-based formalism
in conjunction with the adequate hardware: we have built a tool
which is similar to a contact probe. It measures directly the
geometric locus of the epipolar constraint without the need for
any prior knowledge of a binocular system. As it is, it can, in
principle, be used to explore even more complex multioccular
(or equivalently noncentral) systems.

VIII. CONCLUSION

This paper provided an event-based formulation of the
epipolar constraint for a stereovision system formed by
two asynchronous event-based cameras. Instead of exclu-
sively using geometric constraints to estimate the fundamental
matrix, the presented method showed that the use of time
allows the estimation of the epipolar constraint that appears as
a temporal consequence of spatial “coactivations” of pixels. A
direct consequence of the presented approach was its ability to
retrieve the epipolar geometry even in cases where it cannot be
written in a closed form. The fundamental link between two or
more views appears then naturally as a probabilistic wiring of
pixels. The presented event-based framework provides a gen-
eral tool to establish and estimate the geometric constraints of
any stereovision system regardless to its geometrical structure.

One of the most important properties of this approach was
its intrinsic ability to automatically define and extract the
needed features to compute the fundamental matrix. It was not
required to predefine them. The experimental results show the
applicability of the method to perspective binocular systems
but also to more complex configurations such as noncentral
systems for which we have currently no real knowledge. The
use of high temporal resolutions in computation should impact
other fields of computer vision in the near future by allowing
the reformulation of ill-posed techniques in a temporal manner
similar to biological system computations.
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