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Event-Based Stereo Visual Odometry With Native
Temporal Resolution via Continuous-Time

Gaussian Process Regression
Jianeng Wang and Jonathan D. Gammell

Abstract—Event-based cameras asynchronously capture indi-
vidual visual changes in a scene. This makes them more robust than
traditional frame-based cameras to highly dynamic motions and
poor illumination. It also means that every measurement in a scene
can occur at a unique time. Handling these different measurement
times is a major challenge of using event-based cameras. It is often
addressed in visual odometry (VO) pipelines by approximating
temporally close measurements as occurring at one common time.
This grouping simplifies the estimation problem but, absent addi-
tional sensors, sacrifices the inherent temporal resolution of event-
based cameras. This paper instead presents a complete stereo VO
pipeline that estimates directly with individual event-measurement
times without requiring any grouping or approximation in the
estimation state. It uses continuous-time trajectory estimation to
maintain the temporal fidelity and asynchronous nature of event-
based cameras through Gaussian process regression with a physi-
cally motivated prior. Its performance is evaluated on the MVSEC
dataset, where it achieves 7.9 · 10−3 and 5.9 · 10−3 RMS relative
error on two independent sequences, outperforming the existing
publicly available event-based stereo VO pipeline by two and four
times, respectively.

Index Terms—Event-based Visual Odometry, Vision-Based
Navigation, Localization, SLAM.

I. INTRODUCTION

V ISUAL Odometry (VO) is a technique to estimate ego-
motion in robotics [1], [2], [3], [4], [5]. VO systems using

traditional frame-based cameras often struggle in scenarios with
high speed motion and poor illumination. In these scenarios, the
motion blur and poor image contrast of frame-based cameras
result in bad estimation performance.

Event-based cameras perform better than traditional cameras
in these challenging scenarios. They detect pixelwise intensity
change and report the time at which the change occurs asyn-
chronously. This gives them high temporal resolution and high
dynamic range avoiding the limitations of frame-based cameras
and providing the potential for more accurate VO systems [6].
Any event-based VO system must address the asynchronous
event times. Many pipelines do this by grouping similar fea-
ture times to a common time [7], [8], [9]. This allows for the
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Fig. 1. Illustration of the continuous-time trajectory estimation pipeline. Event
clusters are defined by an asynchronous event data stream in discrete windows
based on number of events and their times (e.g., t1 ≤ t ≤ t2). Features (red) are
detected from the resulting clusters and matched with features occurring in other
clusters (blue) to create tracklets. Each event feature in the tracklet, yj,k , is a
measurement of landmark, pj , and defines a trajectory state in the estimation
problem, xk = {Tk,1,�k}, at the measurement time, tk . The camera motion
is estimated as a continuous-time trajectory function, x(t), defined by the
discrete states and a physically founded motion prior.

direct application of frame-based VO pipelines but sacrifices
the temporal resolution of event cameras.

This paper instead presents an event-based VO system that
uses the unique asynchronous timestamps directly in the estima-
tion problem without grouping or approximation. It estimates the
camera motion as a continuous-time trajectory represented by
states at unique feature times and a white-noise-on-acceleration
(WNOA) motion prior. The trajectory is estimated using non-
parametric Gaussian process regression. This results in a con-
tinuous, physically founded trajectory that exploits the temporal
resolution of asynchronous event cameras and can estimate
complex, real-world motions. (Fig. 1). This paper presents a
complete event-based stereo VO pipeline using continuous-
time Gaussian process regression. It is compatible with any
feature detector and tracker, including frame-based methods
for traditional cameras, without reducing the temporal resolu-
tion of event-based cameras. It also uses Motion-Compensated
RANSAC (MC-RANSAC) [10] to consider the unique measure-
ment times during outlier rejection and independently provide
better tracklets and initial conditions for estimation. The re-
sulting continuous-time trajectory provides estimates of camera
poses at any and all timestamps in the estimation window.

It is evaluated on the publicly available Multi Vehicle Stereo
Event Camera (MVSEC) dataset [11], where it obtains a more
accurate and smoother trajectory estimate than the state-of-the-
art Event-based Stereo Visual Odometry (ESVO) [9]. It achieves
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7.9 · 10−3 and 5.9 · 10−3 root-mean-squared (RMS) relative
error in SE(3) and 5.78% and 4.93% final global translational
error as a percent of path length on two independent MVSEC
sequences. This outperforms the publicly available ESVO on
these sequences, especially in terms of trajectory smoothness
and RMS relative error where it is two- and four-times better,
respectively. The rest of the paper is organized as follows.
Section II summarizes the existing literature on event-based VO.
Section III presents the complete pipeline of Gaussian-process
continuous-time VO. Section IV evaluates the system and ESVO
on the MVSEC dataset and discusses the results. Section V
presents the summary of the work.

II. RELATED WORK

Event-based motion estimation techniques can be described
by their handling of asynchronous event times as either grouping
times into discrete frames (Section II-A) or considering times
individually (Section II-B).

A. Grouped-Time Approaches

Grouping event data together creates data frames like tradi-
tional cameras. Traditional VO pipelines can then be used to
estimate camera poses at the discrete times assigned to the event
frames. These frame times reduce the temporal resolution of
the data by replacing all the individual events in a frame with a
single time.

Initial event-based VO research focuses on simplified scenar-
ios, e.g., 2D planar motion [12] or rotation-only motion [13].
Research extends estimation to SE(3) motion by incorporating
complementary sensors into the estimation pipeline. Kueng et
al. [14] fuse both events and traditional-camera frames to detect
features on the image frames and track them using events.
Weikersdorfer et al. [15] use both event and RGB-D cameras
to provide depth information for each event and create a 3D
map for localization.

Event-based Visual Inertial Odometry (VIO) systems specif-
ically include inertial measurement units (IMUs) and are a
popular area of research. Zhu et al. [16] and Rebecq et al. [17]
accumulate events in a spatial-temporal window to reconstruct
frames for feature tracking. The resulting tracklets are used
to minimize reprojection and initial error for pose estimation.
Ultimate-SLAM [7] extends [17] to use the IMU to generate
motion-compensated event frames and reformulates the cost
function for camera egomotion estimation. Chen et al. [18]
extract features using an asynchronous feature detector (Arc*
[19]) from a stereo pair of event cameras and adopt an estimation
pipeline similar to [7]. IMU Dynamic Vision Sensor Odometry
using Lines (IDOL) [20] uses an alternative VIO paradigm. It
uses Gaussian process regression to preintegrate IMU measure-
ments and associate each event with timely accurate IMU data.
This maintains the temporal resolution of the event data but still
estimates the trajectory at the discrete states of the event frames.

Kim et al. [21] estimate SE(3) motion using only event-
based cameras. They interleave three filters to estimate cam-
era motion, intensity-based frames and scene depth. EVO [8]
improves computational performance by interleaving geometric
semidense mapping [22] and image-to-model alignment for pose
estimation. ESVO [9] uses parallel tracking and mapping to
estimate the egomotion trajectory and a semidense 3D scene
reconstruction. Hadviger et al. [23] present a feature-based
stereo VO pipeline using events, which group events into frames

and then adopts a similar estimation framework to a traditional
frame-based stereo VO pipeline [3].

Discrete-time event-based VO groups multiple event times
into a single time. This is helpful for feature detection and
tracking but approximates the time of individual event features
and reduces the temporal resolution of the measured data. This
approximation is inconsistent with the asynchronous nature of
event cameras and introduces potential measurement errors. This
paper instead presents a VO pipeline that estimates the camera
trajectory from individual event times and maintains the tem-
poral resolution of event cameras. It uses only an event-camera
stereo pair and can be implemented with either frame-based or
event-based feature detection and tracking.

B. Individual-Time Approaches

Including all the individual, possibly unique event times in the
estimation maintains the temporal resolution of event cameras
but defines an underconstrained problem. Similar estimation
problems are solved for rolling-shutter cameras and scanning
lidars using continuous-time estimation [24], [25]. These tech-
niques estimate the camera trajectory as a continuous function
where pose can be queried at any time in the estimation window.
A comparison of discrete and continuous-time trajectories can
be found in [26].

Mueggler et al. [27] use a continuous-time pose estimation
framework that uses IMU measurements and represents the
trajectory as cumulative cubic B-splines. This avoids group-
ing event feature times and maintains their temporal res-
olution, but requires preprocessing to obtain a scene map.
Wang et al. [28] use volumetric contrast maximization for
continuous-time estimation. The trajectory is initialized with
an Ackermann motion model [29], and globally optimized with
a B-spline-based continuous-time estimation framework. This
allows the estimator to maintain the native temporal resolution
of the event data but limits it to planar motion.

Liu et al. [30] also estimate continuous-time trajectories with
Gaussian process regression and a WNOA motion prior, but in
a monocular VO system. Their estimation runs asynchronously
and considers individual event times but, unlike traditional VO
pipelines, couples tracklet outlier rejection with the motion
estimation which may introduce different sources of error. The
evaluation of their algorithm on real-world event datasets is also
limited to five-second sequences.

This paper presents a complete continuous-time event-based
stereo VO pipeline that maintains individual event times in
the trajectory estimation. In contrast to these existing works,
it maintains temporal resolution with either frame-based or
event-based feature detection and tracking and with a RANSAC
formulation [10] that separates outlier rejection from estimation.
It uses a WNOA motion prior to estimate a full SE(3) trajectory
directly from event tracklets and their unique timestamps. This
approach takes full advantage of the asynchronous nature of the
event cameras and allows pose to be queried at any time in the
estimation window.

III. METHODOLOGY

This paper presents an event-based stereo VO system that
uses the native temporal resolution of event-based cameras for
estimation (Fig. 2). Features are detected by clustering the event
streams of each camera while maintaining the unique event times
and tracked in a traditional frame-based manner (Section III-A).
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Fig. 2. Overview of the presented VO pipeline. The system takes an asynchronous stereo event stream and clusters the events into event frames and SAEs.
Features are detected and tracked in the event frames and each feature is assigned an event time from the SAE. The resulting asynchronous event feature tracklets
are filtered with a motion-compensated RANSAC that accounts for their asynchronous times. This gives a consistent inlier tracklet set and motion prior for the
continuous-time estimator.

This allows for the use of any frame-based feature detection
and tracking method or could be directly replaced by event-
based approaches. The resulting asynchronous tracklets are
then filtered for outliers with a motion-compensated RANSAC
(Section III-B). This removes outliers more accurately than other
methods by accounting for the different tracklet times. The
camera trajectory is then estimated from all the unique tracklet
states using Gaussian process regression with a WNOA prior
(Section III-C). This results in a continuous-time VO system
that estimates the camera pose at each unique tracklet time and
can be queried for the pose at any other time in the estimation
window.

A. Event Feature Extraction and Matching

Geometric features are extracted from clustered events
(Section III-A1) using traditional frame-based feature detec-
tion techniques, and then matched between the stereo pair and
through time to construct feature tracklets (Section III-A2). The
temporal resolution of event cameras is maintained by assigning
(possibly unique) times to each feature from the corresponding
event in a Surface of Active Events (SAE) [31]. This allows the
pipeline to use any frame-based feature detector and tracker and
still create asynchronous tracklets for estimation. It could also
be directly replaced with event-based methods, e.g., Arc* [19]
or HASTE [32].

1) Event Clustering: The stereo event stream is rectified and
clustered to construct new SAEs and new binary event frames
(Fig. 2). The left and right event streams are synchronously
clustered by registering events within a user-specified time win-
dow or until either camera registers more than a user-specified
number of events in that time. These thresholds define a mini-
mum effective frame rate when the scene changes slowly (e.g.,
small motion) and a faster frame rate when it changes rapidly
(e.g., high-speed motion), while keeping the left and right frames
synchronized for feature matching. The SAE records the most
recent event timestamp of each pixel location and is used to
maintain the asynchronous nature of the event camera. The
binary event frame is a grey image where white pixels denote
events, regardless of polarity.

2) Feature Detection and Matching: Features are indepen-
dently detected in the left and right binary event frames for each
stereo pair of clusters (Fig. 2). These features are then matched
using a quad-matching scheme. Features in the current left frame
are first matched to the current right frame. The matched features
are then successively matched from the current right frame to the
previous right frame, from the previous right frame to previous
left frame and finally from the previous left frame back to the
current left frame. Features successfully matched to all these
pairs are kept as tracklets. This feature detection and tracking
can use any traditional frame-based approach.

The timestamp of each tracklet state is assigned from the
nearest event in the associated SAE. This allows traditional
frame-based feature detection methods to detect asynchronous
tracklets that maintain the original temporal resolution of the
event data. Event-based feature detection and tracking algo-
rithms generate these asynchronous tracklets directly and could
be used instead.

Tracklets are extended beyond consecutive frames by match-
ing the new tracklets to previously detected tracklets in ear-
lier frames. This is done by independently checking each new
tracklet against a user-specified number of previous frames and
recording any additional matches.

The tracklets are filtered using user-specified thresholds to
discard those that have

1) a large time difference between stereo features,
2) a small disparity between stereo features,
3) a short length, and
4) a short time.
These filtering schemes remove incorrect matches and im-

prove tracklet quality. This feature extraction and matching pro-
cess is performed independently at different image resolutions to
detect and track features of different size. The resulting tracklets
are then processed together to remove outliers.

B. Outlier Rejection

Traditional VO pipeline uses Random Sample Consensus
(RANSAC) [33] to remove tracklet outliers before estimation.
Traditional RANSAC assumes tracklet states occur at common
times and uses a discrete transform motion model. This assump-
tion is incorrect for asynchronous event tracklets and this paper
instead uses MC-RANSAC [10], which makes no assumptions
about common state times and uses a constant-velocity model
in SE(3). The fast version of MC-RANSAC (Section III-B1)
is used to find an initial inlier set by repeatedly selecting track-
lets, calculating the constant-velocity model, and segmenting
the tracklets into inliers and outliers based on a user-specified
threshold. This process is repeated a user-specified number of
times and then the largest inlier set is refined using the full iter-
ative MC-RANSAC (Section III-B2) to find the final inlier and
outlier segmentation (Fig. 2). Both versions of MC-RANSAC
are compared to traditional RANSAC in [10].

1) Fast MC-RANSAC: The set of tracklets between two event
clusters is a number, Mclst, of stereo measurements of different
landmarks at possibly unique times. MC-RANSAC segments
these tracklets into inliers and outliers by finding the most
tracklets that can be explained by a single velocity. The constant
SE(3) velocity of the sensor, � ∈ R6×1, is

� =

[
v

ω

]
,
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where v,ω ∈ R3×1 are linear and angular velocity components,
respectively. This constant velocity over a time, Δt, gives the
relative SE(3) transformation,

T = exp (Δt�∧),

where exp(·) is the matrix exponential and (·)∧ is the lifting
operator that converts R6×1 to R4×4 [34].

A velocity can be calculated from tracklets faster but less
accurately by minimizing the error in Euclidean space,

Jfast(�) =
1

2

Mrand∑
j=1

eTfast,j,kefast,j,k, (1)

where Mrand ≤Mclst is the the number of randomly selected
tracklets and efast,j,k ∈ R3×1 is the motion-model error,

efast,j,k = P
(
pj,k
k − z

(
Tk,k′ ,p

j,k′
k′

))
, (2)

where P is the mapping from homogeneous to 3D coordinates,
pj,k
k ∈ R4×1 is the position of the jth landmark relative to

the camera pose at time tk, Tk,k′ is the transformation from
timestamp tk′ to tk, tk′ < tk is the earlier time of the tracklet
segment, and z(·) is the constant-velocity motion model,

z
(
Tk,k′ ,p

j,k′
k′

)
= Tk,k′p

j,k′
k′

Assuming a short duration tracklet, the corresponding small
transformation is approximated as

T ≈ 1+ ξ∧ = 1+Δt�∧, (3)

where 1 ∈ R4×4 is the identity matrix, ξ ∈ R6×1 is the pose in
vector form and Δt is the duration of the tracklet. Substituting
(3) into (2) approximates the error term as,

efast,j,k ≈ P
(
pj,k
k − (1+Δtk,k′�

∧)pj,k′
k′

)
= dj,k −Δtk,k′Dj,k�, (4)

where

Δtk,k′ = tk − tk′ ,

dj,k = P
(
pj,k
k − pj,k′

k′

)
,

Dj,k = P
(
pj,k′
k′

)�
,

and (·)� is the R4×1 to R4×6 operator [34]. Substituting (4)
into the Euclidean space cost function in (1), differentiating
with respect to �, and setting the result equal to zero gives
the velocity best describing a set of Mrand tracklets,

� =

⎛
⎝Mrand∑

j=1

Δt2j,kD
T
j,kDj,k

⎞
⎠
−1 ⎛

⎝Mrand∑
j=1

Δtj,kD
T
j,kdj,k

⎞
⎠ .

This velocity can then be used to segment all Mclst tracklets into
inliers and outliers by comparing their reprojection error relative
to tracklet length,

erel =
yj,k − s

(
z
(
exp (Δtk,k′�

∧) ,pj,k′
k′

))
‖yj,k − yj,k′ ‖ , (5)

to a user-specified threshold, where yj,k is a measurement of
the jth landmark at time tk and s(·) is the nonlinear camera
projection model from a 3D landmark to a 2D image point.

The process of randomly selecting a small number of tracklets,
quickly calculating a velocity from them, and then using this
velocity to classify all the tracklets as inliers or outliers is
repeated a user-specified number of times. The largest inlier
set found is used as the initial segmentation for the full iterative
MC-RANSAC.

2) Iterative MC-RANSAC: A more accurate iterative MC-
RANSAC approach minimizes the reprojection error of each
tracklet in image space with the cost function,

Jiter(�) =
1

2

Mfast∑
j=1

eTiter,j,kR
−1
j,keiter,j,k, (6)

where Rj,k is the covariance matrix for the measurements of the
jth tracklet and Mfast is the number of inliers found by the fast
MC-RANSAC. The reprojection error is

eiter, j,k = yj,k − s
(
z
(
exp (Δtk,k′�

∧),pj,k′
k′

))
. (7)

The error function is linearized by representing the velocity as
a nominal value, �̄, and a small perturbation, δ�,

� = �̄ + δ�. (8)

Substituting (7) and (8) into (6), differentiating with respect to
δ�, and setting the result equal to zero gives the perturbation
that minimizes the linearization,

δ�∗ =

⎛
⎝Mfast∑

j=1

HT
j,kR

−1
j,kHj,k

⎞
⎠
−1 ⎛

⎝Mfast∑
j=1

HT
j,kR

−1
j,keiter,j,k

⎞
⎠ ,

where Hj,k is the Jacobian of error function in (7),

Hj,k =
∂s

∂z

∣∣∣∣
z̄

Δtk,k′Tk,k′
(
pj,k′
k′

)�
T −1k,k′J k,k′ ,

where the partial derivative of the sensor model is evaluated at
the nominal value, T k,k′ is the adjoint of SE(3) and J k,k′ is
the left Jacobian of SE(3) [34].

This process is iterated until convergence to find the velocity
best describing the initial inlier set found by fast MC-RANSAC,

�̄ ← �̄ + δ�∗.

This velocity is then used to segment all Mclst tracklets into
inliers and outliers by comparing their reprojection error using
(5) to a user-specified threshold. This is more accurate outlier
rejection than using fast MC-RANSAC alone.

C. Continuous-Time Trajectory Optimization

Traditional discrete-time estimation requires at least three
measurements at every estimation state. This is often achieved
in event-based VO by grouping event features to common
times, which reduces the temporal resolution of event cameras.
Continuous-time trajectory estimation can instead operate di-
rectly on asynchronous tracklets, which may result in estimation
states with less than three measurements, by incorporating a
motion prior or basis function. This allows continuous-time
estimation techniques to maintain the temporal resolution of the
event cameras.
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The inlier tracklets from MC-RANSAC are used to de-
fine the trajectory optimization problem (Fig. 2). Each unique
tracklet timestamp defines a state in the estimation problem.
The continuous-time trajectory is estimated from these states
using Gaussian process regression with a WNOA prior [24]
(Section III-C1). This iterative process uses the velocities found
during MC-RANSAC as an initial condition.

The WNOA motion prior is physically founded and ac-
counts for real-world kinematics, unlike other continuous-time
parametrizations that enforce mathematical smoothness inde-
pendent of its physical plausibility. It is compared quantitatively
to other estimation techniques in [24], [35]. The resulting tra-
jectory can be queried for the camera pose at any timestamp in
the estimation window (Section III-C2).

1) WNOA Estimator: The estimated states are defined as

x =
{
Tk,1,�k,p

j,1
1

}
j=1,...,M,k=1,...,K

,

where Tk,1 ∈ SE(3) is the pose at the time tk relative to
the initial pose, �k is the corresponding 6DOF body-centric
velocity and pj,1

1 is the position of the jth landmark relative to
the initial pose. The camera trajectory is represented by discrete
estimated states, Tk,1 and �k, which can be denoted with a
slight abuse of notation as xk = {Tk,1,�k}. The acceleration,
�̇, is assumed to be a zero-mean, white-noise Gaussian process,

�̇ ∼ GP(0,Qcδ(t− t′)), (9)

where Qc ∈ R6×6 is a diagonal power spectral density matrix,
and δ(·) is the Dirac delta function.

The WNOA assumption defines a locally constant velocity
motion model. A local trajectory state, γk, can be defined as a
continuous-time function with respect to the global trajectory
state,

γk(τ) =

[
ξk(τ)

ξ̇k(τ)

]
=

[
ln(Tk(τ)T

−1
k )∨

J (ln(Tk(τ)T
−1
k )∨)−1�k(τ)

]
,

where Tk(τ) is the pose at time tk ≤ τ ≤ tk+1, J (·)−1 is the
inverse left Jacobian function, ln(·) is the inverse exponential
map, and (·)∨ is the inverse lifting operator [34].

The estimator minimizes a joint cost function,

Jjoint(x) = Jprior(x) + Jmeas(x), (10)

where Jprior(x) is the motion prior cost function and Jmeas(x)
is the measurement cost term. The prior cost function penalizes
trajectory states that deviate from WNOA assumption. The prior
cost function is

Jprior(x) =
1

2

K−1∑
k=1

eTprior,k+1,kQ
−1
k (tk+1)eprior,k+1,k,

where the prior error is

eprior,k+1,k =

⎡
⎢⎣ ln

(
Tk+1,1T

−1
k,1

)∨
− (tk+1 − tk)�k

J
(
ln
(
Tk+1,1T

−1
k,1

)∨)−1
�k+1 −�k,

⎤
⎥⎦ ,

(11)

and the prior covariance matrix at tτ from tk is,

Qk(τ) =

[
1
3Δt3τ,kQc

1
2Δt2τ,kQc

1
2Δt2τ,kQc Δtτ,kQc

]
, (12)

where Δtτ,k = τ − tk and Qc ∈ R6×6 is the power spectral
density matrix defined in (9).

The measurement cost function that minimizes the feature
tracklet reprojection error is

Jmeas(x) =
1

2

∑
j,k

eTmeas,j,kR
−1
j,kemeas,j,k,

where Rj,k ∈ R3×3 is the measurement covariance matrix of
the jth landmark viewed from the kth state and the tracklet
reprojection error is

emeas,j,k = yj,k − s
(
z
(
Tk,1,p

j,1
1

))
. (13)

The optimal camera trajectory is obtained by optimizing the joint
cost function,

x∗ = arg min
x
{Jmeas(x) + Jprior(x)},

using the Gauss-Newton method. The states are approximated
as operating points, xop = {Top,�op,pop}, and perturbations,
δx = {δξ, δ�, δζ}, linearizing (10) as

Jjoint(x) = Jjoint(xop)− bT δx+
1

2
δxTAδx, (14)

where

A =
∑
j,k

PT
j,kG

T
j,kR

−1
j,kGj,kPj,k

+
∑
k

PT
kE

T
kQ

−1
k (tk+1)EkPk,

b =
∑
j,k

PT
j,kG

T
j,kR

−1
j,kemeas,j,k

+
∑
k

PT
kE

T
kQ

−1
k (tk+1)eprior,k+1,k,

where Pj,k and Pk are matrices to pick the specific components
of the total perturbation, Gj,k is the Jacobian of (13),

Gj,k =
∂s

∂z

∣∣∣∣
z̄

[(
Top,k,1p

j,1
op,1

)�
0 Top,k,1

[
1

0T

]]
,

and Ek is the Jacobian of the prior error function in (11),

Ek =

[
E11 Δtk+1,k1 E13 0

E21 1 E23 E24

]
,

where

E11 = J −1k+1,kT k+1,k, E13 = E24 = −J −1k+1,k,

E21 =
1

2
��

k+1J −1k+1,kT k+1,k, E23 = −1

2
��

k+1J −1k+1,k,

and (·)� is the R6×1 to R6×6 operator [34].
Taking the derivative of (14) with respect to δx∗, setting the

result equal to zero and solving the resulting linear system,
Aδx∗ = b, gives the perturbation that minimizes the lineariza-
tion. The estimation states are updated,

Top,k,1 ← exp(δξ∗)Top,k,1,

�op,k ←�op,k + δ�∗,

pop,j ← pop,j + δζ∗.
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and the process is iterated until convergence. The final estimate
is the landmark position and the continuous-time trajectory
represented as discrete state poses, discrete local velocities, and
the WNOA prior.

2) Querying the Continuous-Time Trajectory: The
continuous-time trajectory can be queried for the camera
pose at any time during the estimation window, t1 ≤ τ ≤ tK .
The pose is interpolated between the states at the two closest
times, tm ≤ τ ≤ tn, using the WNOA prior. The local trajectory
state, γm(τ), is interpolated [24] as

γm(τ) = Λ(τ)γm(tm) +Ω(τ)γn(tn),

where

Λ(τ) = Φ(τ, tm)−Ω(τ)Φ(tn, tm)

Ω(τ) = Qm(τ)Φ(tn, τ)
TQm(tn)

−1

Φ(τ, tm) =

[
1 (τ − tm)1

0 1

]
,

and Qm(·) is defined in (12).
This interpolation can also be used to define the estimation

states at a subset of the measurement times [24], [35].

IV. EXPERIMENTS

The presented pipeline is evaluated on the MVSEC
dataset [11] and compared against the publicly available
ESVO [9], a discrete event-based stereo VO pipeline. MVSEC
consists of complex, nonconstant-velocity motion with stereo
event camera data and 100 Hz ground truth poses for indoor
scenes. The indoor1 and indoor3 sequences are used since
ESVO provides tuning for these sequences. The performance
of both algorithms is evaluated using global and relative error
(Section IV-A) and the results are discussed in Section IV-B.

A sliding-window version of the system is implemented in
MATLAB using LIBVISO2 [36] for feature detection and track-
ing. The sliding window width is five and LIBVISO2 is run on
both full- and half-resolution images. Tracklets are filtered out
if they

1) have more than 20 ms time difference between stereo
features,

2) have less than 2px disparity,
3) have less than 2px length, and
4) last less than 40 ms in time.
Outlier rejection was done with 10000 iterations of fast MC-

RANSAC followed with one call of iterative MC-RANSAC,
both using an inlier threshold of 5%. The estimator uses
the covariances Q−1c = 50diag(1, 1, 1, 10, 10, 10) and R−1j,k =

0.1diag(5, 5, 1) and terminates when the cost change between
two iterations is less than 1%.

A. Evaluation Metrics

Global error quantifies the estimator accuracy relative to the
initial pose. Relative error quantifies the amount of error in each
estimate and is often used to calculate aggregate values over
the trajectory. Both can be calculated from ground truth using a
single general equation [37],

err(tm, tn) = ln
(
TmGT,mTn,mT−1mGT,mT−1nGT,mGT

)∨
,

Fig. 3. Trajectory plots of the presented Gaussian process continuous-time
approach (GPCT), ESVO and ground truth (GT) results in 3D space. GPCT per-
forms better in challenging scenarios like rotation and back-and-forth motions.
It also has a smoother trajectory due to the WNOA motion prior.

where Tn,m is the estimated transform to the nth frame from
the mth frame, TnGT,mGT is the ground truth transform to the nth

frame from the mth frame, and TmGT,m is the transform to the
ground truth mth frame from the estimate of the mth frame. The
global error at a time, tk, is then defined relative to the initial
pose,

GE(tk) = err(tk, t1),

and the relative error is defined relative to the previous pose,

RE(tk) = err(tk, tk−1).

The error of the presented continuous-time system is
calculated using the timestamps of ESVO. For global error, the
continuous-time trajectory is aligned with ESVO’s initial pose
and then queried at its own state times. For relative error, the
continuous-time trajectory is only queried at the discrete state
times of ESVO so that both estimators have the same durations
between estimates and their relative errors can be compared
directly. The high frequency ground truth trajectory is linearly
interpolated to the timestamps of the estimated states.

The prototype implementation of the continuous-time system
does not run in real time. The system’s computational perfor-
mance should be improved by implementing it in a more efficient
language, such as C++, and using keytimes to reduce the number
of the estimation states [24], [35].

B. Results

The estimated trajectories are evaluated qualitatively relative
to the ground truth in 3D (Fig. 3). They are evaluated quantita-
tively by calculating the global and relative errors with respect
to ground truth (Fig. 4, Tables I and II). The errors are evaluated
statistically using root-mean-squared (RMS), standard deviation
(St. Dev.) and maximum error (Max). The maximum global error
and final global error are also presented as a percentage of the
integration of the norm of the relevant ground-truth component
(e.g., path length). The qualitative results demonstrate the ben-
efits of the WNOA prior, with the presented system having a
smoother estimated trajectory than that of ESVO. The presented
system also quantitatively has smaller RMS relative error and
better or equivalent maximum global error than ESVO.

1) MVSEC indoor1: The presented system has a similar
performance in global error to ESVO (Fig. 4(a)). The relative
error is smaller than ESVO (Fig. 4(c)) with an RMS value that
is two-times better (Table II). This illustrates the better local
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Fig. 4. Global and relative error of the presented Gaussian process continuous-time approach (GPCT) and ESVO as a function of path length on MVSEC indoor1
and indoor3. The translational and rotational global error are plotted separately and the relative error is plotted as a single SE(3) quantity. Note that the relative
error y-axis is a logarithmic scale which suppresses spikes. The grey shaded areas represent complex camera motions that result in poor feature quality. The pink
areas indicate featureless regions where the presented technique relies solely on the motion prior.

TABLE I
GLOBAL ERROR OF THE PRESENTED GAUSSIAN PROCESS CONTINUOUS-TIME APPROACH (GPCT) AND ESVO

TABLE II
RELATIVE ERROR OF THE PRESENTED GAUSSIAN PROCESS CONTINUOUS-TIME

APPROACH (GPCT) AND ESVO

consistency of the trajectory estimate and explains the smooth
trajectory plot in Fig. 3(a).

The grey shaded areas in Fig. 4(a) denote complex motions
where significant error occurs. When the camera undergoes

large motions (e.g., large rotation) the observed scene changes
drastically. This reduces the quality and quantity of tracklets
found by the clustered feature detection and tracking and as a
result the quality of the trajectory estimation. This can be im-
proved with better feature tracking, likely specifically designed
for event-based cameras.

2) MVSEC indoor3: The presented system estimates a
smoother trajectory than ESVO in the indoor3 segment. The
estimator qualitatively describes the ground truth motion and is
locally consistent. It has almost a four-times better RMS relative
error than ESVO (Table II)

Challenging camera motions are marked in Fig. 4(b) as pink
and grey shaded areas. The grey areas correspond to a back-and-
forth camera motion and results in poor performance for both
techniques. ESVO loses tracking and has to reinitialize, resulting
in large global and relative error spikes (Fig. 4(a) and (d)). The
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presented system performs better than ESVO in this area, but
feature quality also decreases which increases both global and
relative error.

The pink areas correspond to a large rotational motion. Fea-
ture tracking fails for the presented system during this motion
but the WNOA prior carries the estimate through without caus-
ing significant error. This demonstrates the robustness of the
presented system to feature tracking failure and the potential
to improve performance with ongoing research on event-based
feature tracking.

V. CONCLUSION

This paper presents a complete event-based continuous-time
VO pipeline that maintains the temporal resolution of event
cameras throughout the estimation. This pipeline can use either
traditional frame-based or new event-based feature detectors and
trackers to generate asynchronous tracklets. These tracklets are
filtered for outliers using a motion-compensated RANSAC that
accounts for the unique tracklet times. The pipeline estimates a
continuous-time trajectory using nonparametric Gaussian pro-
cess regression with a physically founded WNOA motion prior
that can be queried for the camera pose at any time within
the estimation window. The system’s performance is evaluated
on the publicly available MVSEC dataset where it achieves
better performance than the publicly available ESVO pipeline,
especially in terms of RMS relative error.
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