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is only sent in presence of brightness changes, the sensor
removes all the inherent redundancy of standard cameras,
thus requiring a very low data rate (KB vs MB). However,
since event cameras became commercially available only
recently (Lichtsteiner et al. 2008), little related work exists,
and, because their output is significantly different from that
of standard cameras, traditional vision algorithms cannot be
applied, which calls for new methods to process the data
from these novel cameras, and therefore be able to unlock
their potential.

1.1 Contribution

In this paper, we address the problem of structure estimation
(i.e., 3D reconstruction) with a single event camera by intro-
ducing the concept of event-basedmulti-view stereo (EMVS)
(Sect. 4), and we propose an algorithm to solve this problem.

Our approach (Sects. 5 –7) follows a space-sweep (Collins
1996) voting and maximization strategy to estimate semi-
dense depth maps at selected viewpoints, and then we merge
the depth maps to build larger 3D models. We evaluate the
method on both synthetic and real data (Sect. 8). The results
are analyzed and compared with ground truth, showing the
successful performance of our approach.

This paper is based on our previous work (Rebecq et al.
2016), which we extend in several ways:

– We provide a justification of the choice of perspective
sampling of space by analyzing the operation of event
back-projection (Sect. 6).

– We show how event back-projection can be efficiently
implemented and parallelized using homographies to
enable real-time performance, and we quantify the com-
putational performance of our method (Sect. 7).

– We improve structure estimation bymeans of simple pro-
cessing techniques, such as bilinear voting in the disparity
space image (Sect. 7.1) and median filtering of the semi-
dense depth map (Sect. 5.2.5).

– We include additional experiments (Sect. 8), showing the
applicability of our method.

2 Event Cameras and Applications

Event cameras are biologically inspired sensors that present a
new paradigm on the way that dynamic visual information is
acquired and processed. Each pixel of an event camera oper-
ates independently from the rest, continuously monitoring
its intensity level and transmitting only information about
brightness changes of given size (“events”) whenever they
occur, asynchronously, with microsecond resolution. Specif-
ically, if L(u, t) .= log I (u, t) is the logarithmic brightness
or intensity at pixel u = (x, y)! in the image plane, an

Fig. 1 The event camera “eDVS” produced by iniLabs (https://inilabs.
com/products/)

event camera such as the DVS (Lichtsteiner et al. 2008) (see
Fig. 1) generates an event ek

.= 〈xk, yk, tk, pk〉 if the change
in logarithmic brightness at pixel uk = (xk, yk)! reaches a
threshold C (typically 10–15% relative brightness change):

∆L(uk, tk)
.= L(uk, tk) − L(uk, tk − ∆t) = pkC, (1)

where tk is the timestamp of the event, ∆t is the time since
the previous event at the same pixel uk , and pk = ±1 is the
polarity of the event (the sign of the brightness change). A
comparison between the outputs of a standard and an event
camera is shown in Fig. 2.

Therefore, visual information is no longer acquired based
on an external clock (e.g., global shutter); instead, each pixel
has its own sampling rate, based on the visual input: event
cameras are data-driven sensors. This different paradigm of
acquiring visual information, i.e., reporting temporal con-
trast, offers significant advantages over that of standard
cameras, namely redundancy removal, a very high dynamic
range, no motion blur, and a latency in the order of microsec-
onds. However, new computer vision algorithms that exploit
the high temporal resolution and the asynchronous nature of
the sensor are required to cope with this unfamiliar represen-
tation of the visual information.

Event cameras find applications in real-time interaction
systems such as robotics or wearable electronics (Delbruck
2016), where operation under uncontrolled lighting condi-
tions, latency, and power are important. Event cameras have
been used for object tracking (Delbruck and Lichtsteiner
2007; Drazen et al. 2011; Delbruck and Lang 2013), surveil-
lance and monitoring (Litzenberger et al. 2006; Piatkowska
et al. 2012), object recognition (Wiesmann et al. 2012;
Orchard et al. 2015; Lagorce et al. 2016) and gesture control
(Lee et al. 2014). They have also been used for stereo depth
estimation (Rogister et al. 2012; Piatkowska et al. 2013)
(see also related work in Sect. 3), 3D panoramic imaging
(Schraml et al. 2015), structured light 3D scanning (Matsuda
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Fig. 2 Comparison of the output of a standard camera and an event
camera (DVS) when viewing a spinning disk with a black circle. The
standard camera outputs frames at a fixed rate, thus sending redundant
information when no motion is present in the scene. In contrast, event
cameras are data-driven sensors that output pixel-level brightness

changes with microsecond latency. Therefore, they do not suffer from
motion blur and produce no output if there is no visual change in
the scene. An animated version can be found here: https://youtu.be/
LauQ6LWTkxM

et al. 2015), optical flow estimation (Benosman et al. 2012,
2014; Rueckauer and Delbruck 2016; Bardow et al. 2016),
high dynamic range (HDR) image reconstruction (Cook et al.
2011; Reinbacher et al. 2016), mosaicing (Kim et al. 2014)
and video compression (Brandli et al. 2014a). In ego-motion
estimation, event cameras have been used for pose track-
ing (Weikersdorfer and Conradt 2012; Mueggler et al. 2014;
Gallego et al. 2017), and visual odometry and simultane-
ous localization and mapping (SLAM) (Weikersdorfer et al.
2013; Censi and Scaramuzza 2014; Kueng et al. 2016; Kim
et al. 2016; Rebecq et al. 2017). Event-based vision is a
growing field of research, and many more applications are
expected to appear as event cameras become widely spread.

3 Related Work on Event-Based Depth Estimation

Themajority ofworks on event-based depth estimation tackle
the 3D reconstruction problem by using two or more event
cameras that are rigidly attached (i.e., with a fixed baseline)
and share a common clock. These methods follow a two-step
approach: first they solve the event correspondence problem
across image planes and then triangulate the location of the
3D point. Events are matched in twoways: either using tradi-
tional stereo methods on artificial frames generated by accu-
mulating events over time (Schraml et al. 2010; Kogler et al.
2011b), or exploiting simultaneity and temporal correlations
of the events across sensors (Kogler et al. 2011a; Rogister
et al. 2012; Lee et al. 2012; Camunas-Mesa et al. 2014).

The event-based depth estimation problem thatwe address
is entirely different: (1) we consider a single camera and (2)
we do not require simultaneous event observations.

Depth estimation from a single event camera is more
challenging because we cannot exploit temporal correlation

between events across multiple image planes. Notwithstand-
ing, we show that a single event camera suffices to estimate
depth, and, moreover, that we are able to do it without solv-
ing the data association problem, as opposed to event-based
stereo-reconstruction methods.

Since the publication of our monocular event-based depth
estimation method (Rebecq et al. 2016), another solution
has been proposed in (Kim et al. 2016). Their method is
part of a pipeline that uses three filters operating in paral-
lel to jointly estimate the motion of the event camera, a 3D
map of the scene, and the intensity image. Their depth esti-
mation approach requires using an additional quantity—the
intensity image—to solve for data association (events corre-
sponding to the same 3D point have the same image intensity
under the Lambertian hypothesis). Intensity estimation and
depth regularization are carried out using dedicated hardware
(a GPU) to achieve real-time performance. In contrast, our
approach (Rebecq et al. 2016) leverages directly the sparsity
of the event stream to perform 3D reconstruction (it does
not need to recover the intensity image to estimate depth),
and is computationally efficient, running in real-time on the
CPU. In our most recent article (Rebecq et al. 2017), we
address the problem of parallel tracking and mapping with
an event camera; notably, we show how the 3D reconstruc-
tion method proposed in the present paper can be combined
with an event-based pose tracking algorithm to yield both
trajectory estimates as well as semi-dense 3D maps.

4 The Event-Based Multi-View Stereo Problem

MVS with traditional cameras addresses the problem of 3D
structure estimation from a collection of images taken from
known viewpoints (Szeliski 2010) of an intrinsically cali-
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Dynamic Vision Sensors (DVS) represent scenes as a
sequence of events
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Definition: A time-encoding machine with an event
operator E : RR ! RR and references {rn 2 RR}n2Z
is a map T : RR ! RZ such that RR 3 y 7! T y, with

– T y = {ti 2 R | ti > tj , 8i > j, i 2 Z},
– lim

n!±1
tn = ±1, and

– (E y)(tn) = rn(tn), 8tn 2 T y.
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+
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v(t)
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NON-INVERTING

SCHMITT TRIGGER

<latexit sha1_base64="i/4a1FSYfqCdnpxhpysl9ff2rkw=">AAACF3icbZDNSsNAFIUn/tb6l+rSTbAIddGSSFGXRTcuK9gfaEOYTCft0MkkzNwoJfRBXLjVx3Anbl36FL6CkzYLbXtg4OOce+HO8WPOFNj2t7G2vrG5tV3YKe7u7R8cmqWjtooSSWiLRDySXR8rypmgLWDAaTeWFIc+px1/fJvlnUcqFYvEA0xi6oZ4KFjACAZteWapj3k8whWogpeKqjM998yyXbNnspbByaGMcjU986c/iEgSUgGEY6V6jh2Dm2IJjHA6LfYTRWNMxnhIexoFDqly09npU+tMOwMriKR+AqyZ+3cjxaFSk9DXkyGGkVrMMnNlljlSBWpV2EsguHZTJuIEqCDzK4KEWxBZWUnWgElKgE80YCKZ/ohFRlhiArrKom7IWexjGdoXNeeyVr+vlxs3eVcFdIJOUQU56Ao10B1qohYi6Am9oFf0Zjwb78aH8TkfXTPynWP0T8bXL1SUnzg=</latexit>

↵(t� tn�1)
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y(t)
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Lemma: Let y 2 C1(R) be the input to the DF-TEM. The
output TDFy = {tn}n2Z satisfies

(Dy)(tn) = (�1)n+1 (� � ↵(tn � tn�1)) , 8tn 2 TDFy.
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Corollary: Let y 2 C1(R) with kDyk1  � be the input to
the DF-TEM. The output TDFy = {tn}n2Z satisfies

d(TDFy)
.
= sup

n2Z
|tn � tn�1| 

� + �

↵
.

METHOD OF ALTERNATING PROJECTIONS

GENERATOR KERNELS WITH COMPACT SUPPORT

BANDLIMITED SIGNALS
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The reconstruction problem: Given TDFy, find y.
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Consider the linear operator V : RZ ! RR defined by

Vx(t) =
X

n2Z
x(tn) [sn,sn+1[(t).
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MAP iterations: ⇧ = ⇧V (D'), x1 = ⇧VDy and

x`+1 = x1 + (Id�⇧V)x`.

We have kDy � xkk2L2(R)  ⌘kkDyk2L2(R) �!
k!+1

0.
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⌘
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Lemma: Let ', D', D2' 2 L2(R). Let the operator V be
defined with the set {tn}n2Z having increasing entries and
bounded density T = d({tn}n2Z) < 1. Then, 8y 2 V ('),

kDy � VDyk2L2(R) 
 
T

⇡
sup

!2[0,2⇡[

GD2'(!)

GD'(!)

!2

kDyk2L2(R),

where G'(!) =
⇣P

k2Z |'̂(! + 2⇡k)|2
⌘1/2

.
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Consider bandlimited signals y 2 B([�⇡,⇡]). The deriva-
tive signal Dy 2 B([�⇡,⇡]) \ V (Dsinc), i.e.,

Dy(t) =
X

k2Z
y(k) Dsinc(t� k) =

X

k2Z
Dy(k) sinc(t� k).

The samples {y(k)}k2Z can be obtained from samples of
the derivative

y(k) =
X

m2Z
Dy(m)

Si ((k �m)⇡)

⇡
.

Rebecq et al.
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Conventional sampling of continuous-time signals relies on
uniform sampling of the amplitude.

Rebecq et al.

Figure: [Top] Input to the Schmitt trigger and output of the DF-TEM; [Bottom] Input to 
the DF-TEM in the cubic B-spline integer-shift-invariant space and its reconstruction.
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Consider signals in the integer shift-invariant space V ('):

y(t) =
X

k2Z
ck'(t� k)

{'(·� k)}k2Z forms a Riesz basis for V (') and the
coefficient sequence c̃ = {ck}k2Z defines the signal.
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Samples of the derivative can be obtained using MAP.

The samples {y(k)}k2Z can be obtained from samples of
the derivative

y(k) =
X

m2Z
Dy(m)

Si ((k �m)⇡)

⇡
,

where Si(t) =
Z t

0

sin(u)
u

du is the Sine integral function.
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Samples y(k) can be obtained from derivative samples

y(k) =
X

m2Z
Dy(m)

Si ((k �m)⇡)

⇡
,

where Si(t) =
Z t

0

sin(u)
u

du is the Sine integral function.
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Consider the signals generated by finite sequences c =
[c0 c1 · · · cK�1]h and generator kernels with supp(') < K.
L � K time-instants construct an invertible linear system of
equations y =Mc, where y = [Dy(t1) Dy(t2) · · · Dy(tL)]h,
and [M ]i,j = D'(ti � j), i.e., c can be uniquely recovered.


