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Asynchronous Event-Based Binocular Stereo Matching
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Abstract— We present a novel event-based stereo matching
algorithm that exploits the asynchronous visual events from a
pair of silicon retinas. Unlike conventional frame-based cameras,
recent artificial retinas transmit their outputs as a continuous
stream of asynchronous temporal events, in a manner similar to
the output cells of the biological retina. Our algorithm uses the
timing information carried by this representation in addressing
the stereo-matching problem on moving objects. Using the high
temporal resolution of the acquired data stream for the dynamic
vision sensor, we show that matching on the timing of the visual
events provides a new solution to the real-time computation of
3-D objects when combined with geometric constraints using the
distance to the epipolar lines. The proposed algorithm is able
to filter out incorrect matches and to accurately reconstruct the
depth of moving objects despite the low spatial resolution of the
sensor. This brief sets up the principles for further event-based
vision processing and demonstrates the importance of dynamic
information and spike timing in processing asynchronous streams
of visual events.

Index Terms— Asynchronous acquisition, event-based vision,
frameless vision, retinas, stereo vision, time impulse encoding.

I. INTRODUCTION

Current methods to compute high-speed real-time stereo
are still too computationally expensive. The generation of
3-D models able to process data in real time beyond the
classically used 60 Hz remains a difficult problem. This is
mainly due to the high amounts of redundantly acquired data
that need to be processed in every incoming frame. Frame-
based acquisition of light intensities over regular temporal
intervals raises important computational limitations. It lacks
temporal dynamics, as it implies a process of integration of
light over fixed temporal intervals, which is incompatible with
precise timings usually used in neural communication [1].
Biological systems are data-driven, and they encode visual data
asynchronously as sparse spiking outputs rather than frames
of pixel values [2].

The aim of the event-based neuromorphic field is to emu-
late biology’s use of asynchronous, exceedingly sparse, and

Manuscript received April 27, 2011; revised November 17, 2011; accepted
November 19, 2011. Date of publication December 27, 2011; date of current
version February 8, 2012.

P. Rogister, P. Lichtsteiner, and T. Delbruck are with the Institute
of Neuroinformatics, University/ETH Zurich, Zurich 8057, Switzerland
(e-mail: rogister@ini.phys.ethz.ch; patrick.lichtsteiner@espros.ch; tobi@ini.
phys.ethz.ch).

R. Benosman and S. Ieng are with Vision Institute, UPMCINSERM-
CNRS, Paris 75252, France (e-mail: ryad.benosman@upmc.fr; sio-hoi.ieng@
upmc.fr).

Digital Object Identifier 10.1109/TNNLS.2011.2180025

2162–237X/$26.00 © 2011 IEEE



348 IEEE TRANSACTIONS ON NEURAL NETWORKS AND LEARNING SYSTEMS, VOL. 23, NO. 2, FEBRUARY 2012

data-driven digital signaling as a core aspect of its computa-
tional architecture. Since the pioneering work on the address-
event representation (AER) vision system [3], the performance
of the latest developed retinas allows one to consider a new
paradigm in visual computation [4], [5]. Following biological
systems, pixels are independent, they collect and send their
own data as a local information from a single pixel inde-
pendently of the others. The trigger for the pixel readout, or
sendout, can be chosen as a threshold on its activity changes.
The collected data include the spatial location of active pixels
and an accurate time stamping at which a change occurs
above a threshold. Additional information such as polarity of
events (positive or negative change of light) can be added.
Computationally, this representation differs from frames in two
respects:

1) it encodes the data in a compressed form in a stream of
events;

2) events can be processed locally while encoding the
additional temporal dynamics of the scene.

The 3-D reconstruction of scenes using multiple cameras is
a fundamental problem in computer vision. In general, few
stereo studies have focused on the important link between
stereo and motion, and the importance of temporal dynamics.
Dynamic information is crucial for stereo matching, as it
introduces an additional temporal constraint in the recovery
of scenes’ structures.

Existing techniques that work on space and time all deal
with spatiotemporal volumes of images. They rely heavily on
the use of local spatiotemporal representation of luminances
to encode orientation [6], or to define an extension of corner-
based descriptors to temporal volumes of images [7]. Other
techniques rely on heuristics to provide matches from a model-
based reasoning [8], or constraints on the temporal derivative
of disparity [9]. Some works have concentrated on defin-
ing appropriate temporal integration windows as part of the
matching process [10]. In other cases, they reinforce disparity
estimates from the previous frame using optical flow [11].
Stereo and motion estimation have been combined using
partial derivatives [12] as well as Markov random fields [13].

Asynchronous event-based acquisition properties, as we will
show, allow a simplification of the 3-D matching process
together with a low computational cost. Stereo matching can
then be computed in a manner that is not only faster and
more efficient, but also more akin to the way in which
natural systems process visual information. Artificial vision
and neural network theories for depth computation rely mainly
on firing rates, but few theories of computation are specifically
spike-based. The key idea is to set stereo correspondence on
matching temporal occurrences of events, the structure of the
binocular stimulus is then reflected by the events’ synchrony
patterns across the two retinas.

II. NEUROMORPHIC SILICON RETINA

Biological retinas, unlike frame-based cameras, transmit less
redundant information about a visual scene in an asynchronous
manner. The various functionalities of the retina have been
incorporated into neuromorphic vision sensors since the late
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Fig. 1. (a) First-generation DVS sensor with 128 × 128 pixels [15].
(b) Principle of ON and OFF spikes generation of DVS pixels, adapted
from [15]. Top: the evolution of pixel’s voltage Vp proportional to the log
intensity. Bottom: the corresponding generation of ON (voltage increases
above change threshold) and OFF (voltage decreases) events, from which
the evolution of Vp can be reconstructed.

1980s with the pioneering work of Mahowald [3]. Since
then, the most interesting achievement in neuromorphic retinas
has been the development of activity-driven sensing. The
event-based vision sensors output compressed digital data in
the form of events, removing redundancy, reducing latency,
and increasing dynamic range compared with conventional
imagers. A complete review of the history and existing sensors
can be found in [14].

The dynamic vision sensor (DVS) used in this brief is an
AER silicon retina with 128 × 128 pixels [15]. 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 emitted event (typically 15% contrast).
As shown in Fig. 1, 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 approximately 1 μs. Thus the
“effective frame rate” is typically several kilohertz.

The retina pixels also implement the local gain adaptation
mechanism, which allows them to work over scene illumina-
tions that range from 2 lux to over 100 klux. When events
are transmitted off-ship, they are timestamped using off-chip
digital components and then transmitted to a computer using
a standard USB connection.

The advantages of the sensor over conventional clocked
cameras are that only moving objects produce data, thereby
reducing the load of postprocessing.

A. Neuromorphic Stereo Systems

There have been numerous studies on the neural compu-
tation of depth. In [16], the Marr–Poggio cooperative stereo
algorithm [17] is implemented in a chip. A stereo system
is introduced in [3] and [18], which uses the output of two
spiking retinas connected to a correlator array. The approach
relies on a local inhibition driven along the line of sight
and implements the uniqueness constraint (one pixel from the
one view is associated with only one in the other, except
during occlusions), while the lateral excitatory connectivity
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Fig. 2. Space–time representation of events generated in response to a
rotating black bar. Each dot represents a DVS event.

gives more weight to coplanar solutions to discriminate false
matches from correct ones. Another multichip stereo system
uses a combination of AER Gabor-type chips and digital chips
to implement disparity-tuned complex neurons constructed
according to the binocular energy model [19]. Other neuro-
morphic stereo approaches use the output of the event-based
DVS retinas in a classic frame-based approach to retrieve 3-D
information [20]. Another study designed an event-to-frame
converter to reconstruct frames and then tested two stereo
frame-based vision algorithms: one window-based and one
feature-based using center-segment features [21].

B. Visual Input Events

The DVS models the transient responses of the retina [2].
The stream of events from the retina can be defined mathe-
matically as follows. Let e(p, t) be an event occurring at time
t at the spatial location p = (x, y)T . The values e(p, t) are
set to be −1 or +1 when a negative or a positive change of
contrast is detected, respectively. We can then define St1,t2 the
spatiotemporal set of events occurring in the temporal interval
[t1, t2] as

St1,t2 = {e(p, t)|t ∈ [t1, t2]} . (1)

The absence of events when no change of contrast is detected
implies that redundant visual information usually recorded in
frames is not carried in the stream of events. Fig. 2 shows an
example of the spatiotemporal visualization of a set of DVS
events in response to a rotating bar.

III. EVENT-BASED MATCHING

A. Time Window

Let two retinas Ri and R j observe a common part of a
scene. A 3-D point X moving in space triggers changes of
luminance in the field of view of the retinas. Events will be
written as e(pi

k, t), where superscript i indexes the retina in
which the event happens and subscript k indexes the event in
the retina Ri . The 3-D point X(t) generates an event e(pi

k, t)
when it projects onto the i th retina’s focal plane Ri according
to the well-known geometric relationship

(
pi

k

1

)
= Pi

(
X(t)

1

)
, if e(pi

k, t) 
= 0 (2)

where Pi is the projection matrix associated to the retina i [22].

At some time t , a change of luminance caused by a moving
edge will affect pixels and eventually generate events in both
retinas. The timing of these outputs events will not correspond
to the exact timing of the real luminance changes in the
physical world. There is a latency in pixels reaching the
threshold and generating the events, this latency varies across
pixels and retinas. There is also an additional jitter in the
timing of the events, due to the on-chip circuits that are needed
for transmitting the events off-chip on a shared digital bus.
Spatial aliasing also affects events’ timing, thus it is impossible
to match pixels across retinas based on the exact timing of their
output events.

As shown in Fig. 3(a), e(pi
1, t1) and e(p j

1, t2) both corre-
spond to X(t). Due to the variance in the transmission of the
temporal information, it is unlikely that t1 = t2 [see Fig. 3(b)].
It is also not possible to match events based on the shortest
time difference of occurrence. The activity of nonrelated
pixels can generate events with timings between two matching
events. Events e(p j

2, t3) and e(p j
3, t4) corresponding to other

activities in the scene might trigger events that are closer
temporally to e(pi

1, t1) than e(p j
1, t2).

Although we cannot use the exact timing or close to the
exact timing to discriminate matches, we can define a time
window in which true matches are more likely to occur. Thus
we define within a time window δt [see Fig. 3(b)], so that
for an incoming event e(pi

1, t) in Ri , there exists a set S j (t)
containing events in R j defined by

S j (t) =
{

e(p j
k , t ′) in R j |∀t ′, |t ′ − t| <

δt

2

}
. (3)

B. Distance to the Epipolar Line

The epipolar geometry is the intrinsic projective geometry
between two views [22]. It is independent of scene structure,
and depends only on the cameras’ internal parameters and
relative pose. The fundamental matrix F is computed from
a set of point correspondences as introduced in [22]. Let
e(pi

1, t) and e(p j
1, t ′) be two corresponding events, then the

fundamental matrix is defined by the equation

(p j
1 1)T F

(
pi

1

1

)
= 0 (4)

for any pair of matching events in both retinas’ focal planes.

F links Ri to R j , with F
(pi

1
1

) = li j . The epipolar line li j is
in R j , and it contains all possible matches of event e(pi

1, t)
in R j [see Fig. 3(a)].

We can then use the distances of possible matches—that
lie within the temporal window δt constraint—to the epipolar
lines. The set of possible matches M of an event e(pi

1, t) is
then given by

M(e(pi
1, t)) =

{
e(p j

k , t ′) ∈ S j (t)|∀k, d(p j
k , li j ) < �p

}
(5)

where d(p j
k , li j ) is the Euclidian distance of p j

k to li j , and �p

in pixels is a threshold representing the maximum distance
allowed. It is generally set to 1 pixel. The main idea of the
stereo matching is that, considering a short time interval, it is
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very unlikely that two uncorrelated events happen at the same
time and fall on the same epipolar line.

C. Additional Constraints

Other straightforward constraints enforce the removal of the
remaining ambiguities.

1) The polarity of the events, taken into account so that ON
events from one retina are matched only to ON events
in the other retina.

2) Similarly for OFF events, the uniqueness constraint,
applied so that an event cannot be matched with more
than 1 event in the other retina.

3) The ordering constraint, which a classical binocular
stereo constraint on ray orientation [23].

4) The temporal activity of pixels, where two pixels are
matched if their number of total emitted events over a
time period is close.

The general matching steps are summarized in Algorithm 1.

IV. EXPERIMENTS

The stereo matching algorithm has been implemented in the
open-source Java software project (jAER). We use two DVSs
classically calibrated using the method described in [22].
Fig. 4 shows the two retinas observing a rotating disc on
the right. The two retinas are mounted on a synchronization
board providing a common timestamp clock for the timing
of events in both DVSs. The synchronization board outputs a
single stream of events. The synchronization board sends the

Algorithm 1 Stereo algorithm for retina event matching
Require: Two retinas Ri , R j

Require: F , an estimation of the fundamental matrix for
the pose
for all events e(pi

k, t) in retina Ri do

Compute the epipolar line li j = F
(pi

k
1

)

Determine the set of events S j (t)
Extract from S j (t), the subset M(e(pi

k , t)) of all possible
matches
Select events fulfilling chosen additional constraints
such : polarity, uniqueness, orientation,…

end for
return M(e(pi

k, t))

3.3 cm

Fig. 4. Two 128 × 128 DVSs mounted in a stereo rig observing a rotating
disc on which two points are drawn. The disc rotation frequency is 16 Hz,
while the distance between the two dots is set to 3.3 cm.

events to a Pentium 4 laptop through a high-speed USB 2.0
connection.

Fig. 5 presents the results of the event-based stereo matching
algorithm on the DVS outputs. Disparity maps are created
from the events generated by a pen moved back and forth
at three different distances from the two retinas which are
separated approximately by 10 cm, as illustrated in Fig. 5.
The computed disparity is color-coded from blue to red for
disparities results varying between 0 and 127 pixels, respec-
tively. The default value for background unprocessed pixels
is 0. The matching used a time window of δt = 1 ms, and a
maximum distance to epipolar line �p = 1 pixel. Two pixels
are matched if their number of emitted events corresponds up
to a maximum difference of 3. All additional constraints were
applied in all experiments.

As shown in Fig. 5, the disparity is a decreasing function
of the depth. Some pixels are not matched, which is due to
multiple matching. There are cases where more than one pixel
fulfills all the constraints, in this case the match is simply
discarded.

The second experiment on disparity uses the DVS outputs
in response to two pens simultaneously moving in the field
of view of the stereo setup. This configuration is particularly
interesting, as the two pens oriented vertically will generate
events that will happen at the same time and possibly lie on
the same epipolar lines. The ordering constraint [23] helps
to discard false matches by setting a forbidden zone along
epipolar lines according to the orientation of the line of sight
of pixels. The results in Fig. 6 shows that the disparity map
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Fig. 5. (a) DVS output in response to a pen being moved back and forth at
three different depths: close (left), medium (middle), and far (right) roughly
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view using a color code to distinguish between events from the two retinas:
green/violet (ON/OFF) for the left retina events and salmon/cyan (ON/OFF)
for the right retina events. (b) Corresponding color disparity maps for the pen
at the different depths.
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Fig. 6. (a) Raw data and (b) disparity map of two moving pens at different
depths.

computed by the two pens is coherent with the depth of the
objects with no mix between the events of each pen.

Fig. 7(a) shows the total event rate generated by the two-
pen experiment binned over a time interval of 1 ms. Data-
driven “bioinspired” DVS sampling removes redundancies at
the lowest level, so few operations have to be performed
over a short period of time. As shown in Fig. 7(b), the
corresponding computational costs are low, giving a mean
computation time of 0.3 ms (30% CPU load) measured using
a non-optimized Java implementation. The asynchrony of the
sensor outputs allows faster acquisition and data transfer,
which induce nonsaturation of the CPU, thus allowing real-
time processing of binocular data.

The last experiment’s aim is to show the accuracy and
temporal precision of the matching. We test whether we can
reconstruct the distance between two objects independently of
their depth from the binocular system. As shown in Fig. 4, the
goal of the experiment is to reconstruct the 3-D positions of
two rotating dots at a frequency of 16 Hz, each of 1 cm in
diameter and spaced by a distance of 3.3 cm.

Due to the speed of the rotation of approximately 100 rad/s,
a classical frame-based stereo setup acquiring frames at 60 Hz
will be able to see a dot every 2.7 cm. The diameter of a
dot being 1 cm, the acquired images will be blurred, thereby
inducing imprecision in the 3-D localization of the rotating
dots.
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Fig. 7. (a) Number of events per 1 ms. (b) Computation cost corresponding
approximately to 30% CPU load.

The matching is performed directly on incoming events.
Independently of the size of matching time interval δt = 1 ms,
the DVS allows tracking the dot every microsecond. The
matched 3-D points are computed at the precision of the delay
factor δt = 1 ms that is needed to link both retinas’ activations.
The tracker is then updated at a precision of 1 ms and allows
tracking the dot every 0.16 cm in real time giving a speed
factor of 17 times faster than a classic acquisition at 60 Hz.

An additional 3-D tracking algorithm is used to define the
location of each dot. The process works as follows. When the
number of 3-D points reconstructed reaches a given threshold
(> 20 points), two spatiotemporal volumes are initialized and
positioned around the two sets of computed 3-D points. Then,
as used in [24] in a 2-D case, every volume’s size and position
are updated according to each new incoming reconstructed
3-D point. From the estimated position of each dot, computed
for every incoming 3-D point with a precision of 1 μs, it is
then possible to estimate the known distance between the dots.
Fig. 8(a), (c), and (e) shows a typical example of reconstructed
dots over a period of 3 s in response to the rotating stimulus
which is placed approximately at three different depths of 30,
40, and 60 cm, respectively, from the stereo retinas’ setup. The
motion being a pure rotation, the reconstructed trajectories of
each dot is a circle.

The estimation of the distance between the two dots is given
by Fig. 8(b), (d), (f). The measured results provide an average
error of 3.67%, 4.23%, and 5.79% with a standard deviation
of, respectively, 2.51%, 3.04%, and 5.67% for 30, 40, and
60 cm, respectively. From these results, we can see that the
reconstructed precision is approximately proportional to the
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Fig. 8. (a), (c), and (e) Typical example of reconstructed dots over a period
of 3 s in response to the rotating stimulus which is placed at three different
depths from the stereo setup at 30, 40, and 60 cm, respectively. Since the
motion is a pure rotation, the reconstructed trajectories of each dot (given
by a different symbol) is a circle. (b), (d), and (f) Estimation of the distance
between the two dots. The average percentage of errors for each depth is,
respectively, 3.67%, 4.23%, and 5.79%, with a standard deviation of 2.51%,
3.04%, and 5.67%, respectively.

actual depth, albeit with a slight increase of the error due to
the noise in the 3-D tracking and reconstruction. The results
provide an accurate 3-D localization. The low resolution of
the current DVS prototypes (128 × 128 pixels) restricts the
accuracy and limits the use of the setup to relatively close
moving objects.

V. DISCUSSION

This brief focuses on synchrony induced by the dynamic
content of observed scenes and links coincidence detection
properties of neurons to computation [24] rather than by cou-
pling between neurons [25]–[27]. This may provide a partial
answer to the controversial question of the role of precise spike
timing in neural computation and show how temporal precision
and synchrony of spikes are important in computation [28],
[29]. Due to the jitter of the used spiking retinas and similarly
to biological inter-areal connections [30], precise timing is
lost. However, the computational mechanism used in this brief
does not critically rely on precise or reproducible spike timing,
but on reproducible scene’s stimulus-dependent synchrony.
Precise spike timing is then not in itself important, and only

the relative spike timing carries information about the depth
of visual stimuli. This indicates that, in biological systems, the
spike timing variations that prevent trial-to-trial reproduction
may not affect the exploitation of relative spike timing.

VI. CONCLUSION

This brief presented an event-based stereo matching algo-
rithm and showed that the asynchronous high temporal reso-
lution properties of the acquisition are particularly efficient in
terms of the tradeoff between computational load and accuracy.
Most asynchronous event-based sensors do not directly mea-
sure light intensities, therefore the standard schemes of stereo
computation are no longer appropriate. The sparse nature of
the acquired signals allows us to explore new paradigms in
3-D computation. The entirely event-driven algorithm of stereo
vision described in this brief takes full advantage of the data-
driven neuromorphic signal. The combination of spatial and
temporal constraints fully uses the high temporal resolution of
neuromorphic retinas. It allows us to produce an optimal stereo
algorithm that is able to perform stereo computation at high
frequencies using a single standard PC. The use of more reti-
nas should increase the impact of the geometric constraints and
introduce more robustness to the system. The asynchronous
event-based acquisition is a promising 3-D technology offering
yet unexplored potential to overcome current limitations of
frame-based 3-D vision. The promising results are much faster
than current techniques, as an example, the Microsoft Kinect
computes depth at 30 Hz but at a much higher resolution of
640 × 480 pixels. This technique should be of great use for
the robotics and computer vision communities especially in
embedded computer vision applications. This technology is
promising and will become of higher interest once retinas with
larger spatial resolutions are available.
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Frames for Exact Inversion of the Rank Order Coder

Khaled Masmoudi, Student Member, IEEE ,
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Abstract— Our goal is to revisit rank order coding by propos-
ing an original exact decoding procedure for it. Rank order
coding was proposed by Thorpe et al. who stated that the
order in which the retina cells are activated encodes for the
visual stimulus. Based on this idea, the authors proposed in [1]
a rank order coder/decoder associated to a retinal model.
Though, it appeared that the decoding procedure employed
yields reconstruction errors that limit the model bit-cost/quality
performances when used as an image codec. The attempts made
in the literature to overcome this issue are time consuming
and alter the coding procedure, or are lacking mathematical
support and feasibility for standard size images. Here we solve
this problem in an original fashion by using the frames theory,
where a frame of a vector space designates an extension for the
notion of basis. Our contribution is twofold. First, we prove that
the analyzing filter bank considered is a frame, and then we
define the corresponding dual frame that is necessary for the
exact image reconstruction. Second, to deal with the problem of
memory overhead, we design a recursive out-of-core blockwise
algorithm for the computation of this dual frame. Our work
provides a mathematical formalism for the retinal model under
study and defines a simple and exact reverse transform for it with
over than 265 dB of increase in the peak signal-to-noise ratio
quality compared to [1]. Furthermore, the framework presented
here can be extended to several models of the visual cortical
areas using redundant representations.

Index Terms— Bio-inspired image coding, frames theory,
out-of-core, rank order code, scalability.

I. INTRODUCTION

Neurophysiologists made substantial progress in better
understanding the early processing of the visual stimuli.
Especially, several efforts proved the ability of the retina to
code and transmit a huge amount of data under strong time
and bandwidth constraints [2]–[4]. Thus, our aim is to use
the computational neuroscience models that mimic the retina
behavior to design novel lossy coders for static images. In this
brief, we assume that the retina encodes the visual information
by the order in which its ganglion cells react to the stimulus -
recalling that these cells react through the emission of elec-
trical impulses (the spikes). This choice was motivated by
Thorpe et al. neurophysiologic results on ultrarapid stimulus
categorization [2], [5]. The authors showed that still image
classification can be achieved by the visual cortex within very
short latencies of about 150 ms. As an explanation, it was
stated that: There is information in the order in which the
cells fire, and thus the temporal ordering can be used as a code.
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