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Abstract

Structure and continuous motion estimation from point cor-
respondences is a fundamental problem in computer vision
that has been powered by well-known algorithms such as
the familiar 5-point or 8-point algorithm. However, despite
their acclaim, these algorithms are limited to processing
point correspondences originating from a pair of views each
one representing an instantaneous capture of the scene. Yet,
in the case of rolling shutter cameras, or more recently,
event cameras, this synchronization breaks down. In this
work, we present a unified approach for structure and lin-
ear motion estimation from 2D point correspondences with
arbitrary timestamps, from an arbitrary set of views. By for-
mulating the problem in terms of first-order dynamics and
leveraging a constant velocity motion model, we derive a
novel, linear point incidence relation allowing for the ef-
ficient recovery of both linear velocity and 3D points with
predictable degeneracies and solution multiplicities. Owing
to its general formulation, it can handle correspondences
from a wide range of sensing modalities such as global
shutter, rolling shutter, and event cameras, and can even
combine correspondences from different collocated sensors.
We validate the effectiveness of our solver on both simu-
lated and real-world data, where we show consistent im-
provement across all modalities when compared to recent
approaches. We believe our work opens the door to effi-
cient structure and motion estimation from asynchronous
data. Code can be found at https://github.com/
suhang99/AsyncTrack-Motion-Solver.

1. Introduction
Finding the continuous motion of a single monocular cam-
era is one of the most fundamental problems in the area
of geometric computer vision. In the calibrated case, the
core of the solution to the visual odometry problem en-
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Figure 1. We develop a linear N-point solver for recovering 3D
points Pi and the velocity v of a camera undergoing quasi-linear
motion, given a set of timestamped observations (xij , tij). No
assumptions are made about the temporal synchronization of ob-
servations xij , yielding a general algorithm that can handle ob-
servations from global shutter, rolling-shutter, and fully asyn-
chronous rolling sensors, such as event cameras. Observations
xij are converted into rotation compensated bearing vectors f ′ij

.
=

exp
([

ωt′ij
]
×

)
K−1x̃ij , and used to construct a set of linear point

incidence relations. Here t′ij = tij − ts denotes relative time, ts
the reference time, K the camera intrinsics, ω the angular rate,
which can be given by an IMU or upstream estimation algorithm.

tails the identification of the extrinsic parameters relating
a pair of views of a scene, meaning a Euclidean transforma-
tion consisting of a relative orientation and an up-to-scale
translational displacement. Note however that in the video-
based, continuous motion setting, there is only a marginal
difference between finding the relative pose and finding lo-
cal camera dynamics. Indeed, if the images come from a
constant-rate video stream, we merely have to divide the
relative displacement variables by the frame sampling pe-
riod to obtain approximate local camera dynamics.1

1The matter may complicate if more jerky stop-and-go motion is in-
volved, in which case key-frame selection may be required, and the op-
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It might not seem obvious, but the primary reason why—
in the classical visual odometry scenario—we stick to rel-
ative transformation parameters rather than first-order dy-
namics is the very nature of the sampling mechanism of
traditional cameras: Images are sampled synchronously,
and—at least in the common case—at a relatively low rate,
which easily tends to temporally under-sample more agile
camera motion. For this reason, motion estimation is tradi-
tionally framed as the recovery of delta transformations, in-
stead of local first-order dynamics. However, with the intro-
duction of temporally denser and notably asynchronously
sampling sensors , the consideration of first-order dynamics
and a constant velocity motion model becomes a practical
necessity.

Important examples of such sensors are given by high-
speed cameras, rolling shutter cameras, and event cameras.
Rolling shutter cameras notably capture images one row at
a time, in a quasi-asynchronous way, leading to timestamp
differences at different rows of the image, and these differ-
ences need to be meaningfully addressed in a given motion
estimation algorithm. The event camera on the other hand is
a relatively new type of visual sensor [25] and has been a re-
cent enabler of high-speed and low-power computer vision
due to its unique working principle. It consists of indepen-
dent pixels that return an asynchronous stream of per-pixel
brightness change measurements, i.e. events. Each event
indicates a discrete, signed change in perceived brightness
timestamped by a clock with microsecond-level resolution.

In this work, we focus on motion estimation using ge-
ometric feature-based methods. While a plethora of such
methods exist for global shutter and rolling shutter cam-
eras, none manage to natively support features extracted
at asynchronous timestamps from potentially row-wise or
completely asynchronous sensors. We fill this gap by build-
ing upon a recently introduced geometric method for line
feature-based motion and structure estimation from asyn-
chronous measurements [10, 11], and extend it to operate on
3D points instead. Originally proposed for event cameras,
the solver utilizes a small, sparse set of events generated
anywhere along the reprojection of a straight line perceived
under constant linear motion. Surprisingly, given sufficient
measurements of a single line, it is possible to recover the
full 3D location of the straight line as well as a projection
of the 3D camera velocity.

The present work makes the following contributions:
• We propose a new solver for geometric motion and struc-

ture estimation from asynchronous, time-stamped repro-
jections of points measured under the assumption of con-
stant linear motion with known rotation. We thus ex-
tend previous line-feature-based solvers by a novel, point-

timization problem typically transitions into a multi-view, absolute pose
bundle adjustment scheme. However, the statement is approximately valid
under the assumption of a simple, continuous trajectory.

feature based approach, and contribute to a growing theo-
retical body of geometric incidence relations that operate
over dynamics and measurements sampled arbitrarily in
space and time.

• The proposed method is a single-stage linear solver that
operates over an arbitrary number of asynchronous point
feature tracks and is highly efficient by employing the
Schur complement trick. We furthermore outline the ex-
act conditions under which the full linear velocity be-
comes observable. Surprisingly, under a linear motion
model, three temporal observations of only a single point
enable us to recover the full orientation of the displace-
ment baseline as well as the corresponding 3D point.

• Through our experiments, we demonstrate general appli-
cability of the theory to various types of cameras, includ-
ing regular global shutter cameras, rolling shutter cam-
eras, and event cameras.

2. Related Work
Geometric Solvers: The geometric solution of camera mo-
tion is undoubtedly one of the major success stories of com-
puter vision. Based on epipolar geometry [15], a plethora
of algorithms has been proposed to efficiently estimate
scene properties and camera parameters from a set of 2D
point correspondences (i.e. pixel observations) between two
views [34, 43].

Relaxing the synchronicity assumption is already
required when addressing correspondences captured from
rolling shutter images. Important theory has been de-
vised to estimate absolute pose and motion from known
2D-3D correspondences using either linear or polynomial
solvers [1, 21, 22, 40]. In particular, Saurer et al. [40]
use a similar point incidence relation as the one presented
in this work. Unlike these works, our method uses only
2D point measurements and simultaneously solves motion
and structure via a linear system. The work in [24] targets
homography estimation from point correspondences de-
rived from rolling shutter images, but requires the observed
3D points to be on a plane. Dai et al. [5] also relax
the synchronicity assumption, however using a pair-wise
epipolar co-planarity constraint instead of the N-point
incidence relation proposed in this work. Further related
approaches are given by n-linearities [15], visual-inertial
bootstrapping approaches [20], or recent works on visual
odometry on cars [16]. However—though able to process
N-point feature tracks—these approaches are proposed
for regularly sampling global shutter cameras, or simply
multiple individual cameras. To the best of our knowledge,
we propose the first theory that relies on a constant velocity
motion model and permits for fully asynchronous measure-
ments.

Event-based Motion Estimation: Various methods for
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feature extraction and tracking—both data-driven [14, 30,
31], and traditional [12, 13, 23]—as well as visual odome-
try [18, 19, 27, 33, 36, 39, 45, 48] have already been pro-
posed. A common strategy in many of these works, particu-
larly in learning-based pipelines, is to aggregate events into
synchronous, frame-like representations. This approach,
however, sidesteps the advantage of event cameras. In
parallel, some earlier research explicitly exploit the asyn-
chronous nature of the data, developing methods for mo-
tion estimation that operate directly on the event stream.
Despite these different approaches, the critical question of
closed-form bootstrapping often remains unaddressed. An
interesting alternative for event-based motion and struc-
ture estimation that processes raw events with their original
timestamp is given by contrast maximization [8, 38, 44].
By employing a compact parametric image warping func-
tion, events are unwarped into a reference view in which—
owing to the sparsity of strong appearance gradients—the
entropy of their distribution is minimized. Although the
framework has been successfully applied to various prob-
lems such as motion estimation, optical flow, and depth
estimation [14, 17, 26, 42], it is a computationally in-
tensive approach that involves iterative batch optimization
over many events and remains restricted to homographic
warping scenarios (e.g. pure rotation, planar scene). Sev-
eral works [4, 28, 35] also combine event cameras with
IMU sensors to address high-speed maneuvers and chal-
lenging conditions, leveraging the complementary proper-
ties of both sensing modalities.

Recent approaches have explored efficient, sparse geo-
metric solvers better suited to the asynchronous nature of
event data. Peng et al. [37] and Xu et al. [46] utilize three-
view geometry based on 3D lines for camera ego-motion
estimation. Gao et al. [10, 11] improve this idea by devel-
oping an N-point linear solver for line and motion estima-
tion, providing new insights into the manifold distribution
of the events generated by the observation of a straight line
under motion. Built upon this, Zhao et al. [47] propose a
new solver for full-DoF motion estimation via rank mini-
mization. Unlike these approaches, our work focuses on
asynchronous point feature tracks and exploits their spatio-
temporal characteristics for accurate motion estimation.

3. Methodology
We model the observations of M 3D points {Pi}Mi=1 by a
calibrated camera undergoing an arbitrary 6 degrees of free-
dom (DoF) motion on the time interval T = [ts −∆t, ts +
∆t], with reference time ts, and half-width ∆t. We de-
note the camera pose at time t ∈ T with C(t) ∈ SE(3).
Throughout this duration we assume each point Pi ∈ R3 to
be observed Ni times by a point tracker, leading to spatio-
temporal track observations Xi = {(xij , tij)}Ni

j=1 in the im-
age plane. Each observation (xij , tij) comprises the projec-

tion xij of point Pi at timestamp tij in the image plane.
Note that no assumption is made on the synchronicity of

timestamps tij , leading to a very general formulation. This
formulation can handle a wide range of tracking scenarios
and sensing modalities:
1. Tracks derived from a sequence of global shutter images,

which may or may not be temporally aligned due to loss
of tracking or track initialization.

2. Row-wise synchronized tracks derived from a rolling
shutter camera, where points at different row coordinates
do not necessarily share the same timestamp tij .

3. Fully asynchronous feature tracks from an event camera.
These tracks may be densely sampled in time and have
little to no timestamp coherence.

We will show that our solver seamlessly handles all of these
cases. In Sec. 3.1, we will present the relevant incidence
relation, which forms a set of linear constraints between the
point location, camera motion, and point observation. Then,
in Sec. 3.2 we will present how to write a set of such con-
straints as a linear system, before solving it in Sec. 3.3. We
discuss properties of the solver in Sec. 3.4. Sec. 3.5 con-
cludes with implementation details.

3.1. Incidence Relationship
We will assume a configuration as illustrated in Fig. 1,
where a camera with pose C(t) composed of orientation
R(t) and position p(t) undergoes quasi-linear dynamics on
the small interval T = [ts −∆t, ts +∆t].

Let x̃ij be the 3D homogeneous coordinate of x and
fij = K−1x̃ij be the normalized coordinates (i.e. bearing
vectors) of the feature tracks previously described. Our in-
cidence relation leverages the fact that the 3D point Pi ob-
served at time tij should project onto the observed point fij .
We find the 3D point in camera coordinates P′

ij at time tij
as

P′
ij = R⊺(tij) (Pi − p(tij)) . (1)

The above constraint implies that fij and P′
ij are paral-

lel, which can be formulated as a constraint on their cross-
product

fij × (R⊺(tij) (Pi − p(tij))) = 03×1 . (2)

Using properties of cross products and introducing the ro-
tated bearing f ′ij

.
= R(tij)fij yields

f ′ij × (Pi − p(tij)) = 03×1 , (3)

which is our desired incidence relation, also treated in [40].
In the appendix we show that this incidence relation can be
specialized to the epipolar constraint used in the familiar 5-
point or 8-point algorithm [15] or the line incidence relation
used in the recent line solver in [10, 11]. In the next section,
we will describe how to use this relation to solve for the 3D
points and camera motion.
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3.2. Transition to Linear System
Expressing all quantities with respect to the reference frame
C(ts) = I4×4 at time ts we expand the motion of the
camera with a Taylor Series R(tij) ≈ exp(

[
ωt′ij

]
×) and

p(tij) ≈ vt′ij . We introduce angular rate ω, linear velocity
v and relative timestamp t′ij = tij − ts. The operation [.]×
maps vectors to a skew-symmetric matrix. Note that the de-
gree of expansion is arbitrary, and each chosen degree will
yield a given system of equations that are linear in the 3D
points and body rates. In what follows, however, we will
focus on a linear expansion, and will present the arbitrary
case in the appendix, and applications in the experiments.

As done in previous work, we focus on finding the linear
velocity v for a given ω, which we assume to be given either
by an external IMU (as in [11]), or other rotation estimation
algorithms [7, 47].

We make use of the fact that the cross product with f ′ij
can be rewritten as a product with

[
f ′ij
]
×[

f ′ij
]
× Pi − t′ij

[
f ′ij
]
× v = 03×1 . (4)

We gather all such constraints that involve the point Pi into
a single system of equations. [f ′i1]× −t′i1 [f

′
i1]×

...
...[

f ′iNi

]
× −t′iNi

[
f ′iNi

]
×


︸ ︷︷ ︸

.
=
[
Fi Gi

]
∈R3Ni×6

[
Pi

v

]
= 03Ni×1 . (5)

In a last step, we stack all such constraints originating from
different points Pi into one large system yielding


F1 G1

F2 G2

. . .
...

FM GM


︸ ︷︷ ︸

.
=A∈R3N×(3M+3)


P1

P2

...
PM

v


︸ ︷︷ ︸
.
=x∈R3M+3

= 03N×1 , (6)

where we call N =
∑

i Ni the total number of observa-
tions. Finally, we notice that this system imposes a linear
constraint on the unknown points Pi and camera velocity
v, and thus it admits an efficient solver, discussed next.

3.3. Solver
The linear system above could be solved with standard
tools, by employing a singular value decomposition (SVD)
on the matrix A and then recovering the last column of the
orthogonal matrix V corresponding to the smallest singular
value of A. However, as the number of observations in-
creases, computing the singular value decomposition may

start to pose a computational burden. For this reason, we
first limit our focus to only recovering v, and then show
how to find the Pi. As we will see, the sparse structure of
A allows the derivation of an efficient solver. We start off
by left multiplying the linear system by A⊺, and writing the
resulting system as a block system of equations:

A⊺A︸ ︷︷ ︸
.
=M

x =

[
MA MB

M⊺
B MD

] [
P1:M

v

]
= 0(3M+3)×1 , (7)

where we have stacked Pi into P1:M , and the dimensions
of the subblocks are MA ∈ R3M×3M , MB ∈ R3M×3 and
MD ∈ R3×3. We write out the explicit form of these matri-
ces in the appendix. We then employ the Shur-complement
trick to write a system only in v which has the form

(MD −M⊺
BM

−1
A MB)︸ ︷︷ ︸

.
=B∈R3×3

v = 0. (8)

This last equation can be efficiently solved by employing
SVD on the matrix B, finding the normalized velocity es-
timate v̂ as the principle direction corresponding with the
smallest singular value of B. Note that the velocity is nor-
malized due to absence of scale in a monocular setup.

One may think that the inversion of MA in Eq. 8 is ex-
pensive since MA ∈ R3M×3M leading naively to O(M3)
complexity. However, the matrix MA is actually block di-
agonal with M blocks of size 3 × 3, leading to an efficient
inversion algorithm of complexity O(M) instead. More-
over, all terms can be computed from a linear combination
of terms [f ′ij ]

2
× = f ′ijf

′
ij

⊺−∥f ′ij∥2I3×3, leading to significant
sharing of computation. Finally, having found the estimate
v̂ we can find the solution to Pi as

P̂i = −(F⊺
i Fi)

−1F⊺
i Giv̂ , (9)

which can be done efficiently by reusing computation
from Eq. 8. Now let us analyze the properties of our solver,
how many solutions it generates, and when it may fail.

3.4. Solver Properties
Solution Multiplicity: We start off by discussing the so-
lution multiplicity of the above solver. The SVD operation
in Eq. 8 yields two possible unit vectors v̂ and −v̂ which
entail the two possible solutions P̂1:M and −P̂1:M . During
deployment, we select the correct solution by recognizing
that the recovered points P̂i must have positive depth. We
thus test for the following condition

(P̂i)z = −((F⊺
i Fi)

−1F⊺
i Giv̂)z > 0 (10)

and invert the velocity if it is violated.
Degeneracy: Next, let us analyze when degenerate solu-
tions may be encountered. We see that the solution of v
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in Eq. 8 depends on the inversion of MA which in turn de-
pends on the inversion of block diagonal matrices of the
form F⊺

i Fi. To successfully invert these matrices, we re-
quire that Fi has a full rank. Fi is composed of matrices
[f ′ij ]× which only have two independent rows. We may thus
consider the reduced form of Fi with size 2Ni × 3 where
we have deleted every third row. Thus, to have full rank
Ni ≥ 2, i.e. we must enforce that every track has at least
two different observations. In practice, we do this by sim-
ply discarding tracks with only one observation. Finally,
enforcing rank(B) ≥ 2 ensures that the SVD step succeeds
in Eq. 8. For a discussion on the rank of B see the appendix.
Constraint Analysis: The system in Eq. 6 has 3M + 2 un-
knowns (number of variables minus one for unobservability
of scale), and 3N constraints. However, each [f ′ij ]× only
adds two linearly independent constrains, so the number of
constraints is actually 2N . Thus recovering all unknowns
needs

2N ≥ 3M + 2 =⇒ N ≥
⌈
3M

2

⌉
+ 1 (11)

observations. As discussed above, we require at least two
observations per 3D point for stable inversion, i.e.

N ≥ 2M (12)

We now consider four cases:
• M = 1: Here N = N1 ≥ 3 leads to a overconstrained

system of at least 6 equations with 5 unknowns. Dropping
one equation makes this case minimal.

• M = 2: Here N ≥ 4. In particular N1 = N2 = 2 leads
to minimal solver with 8 equations in 8 unknowns. For
larger N the system becomes overconstrained again.

• M = 3: Here N ≥ 6 with N1 = N2 = N3 = 2 yielding
a minimal system of 12 equations in 12 unknowns.

• M > 3: Here N ≥ 2M leading to an overconstrained
system of 2N equations in 3M + 2 unknowns.

Interestingly, the first three cases all give rise to minimal
3 point, 4 point or 6 point algorithms. We summarize the
complete algorithm in Alg. 1.

3.5. Implementation Details
We derive feature tracks from a variety of input modalities
using off-the-shelf trackers, and then embed the proposed
point solver into a RANSAC loop. This loop removes out-
liers from poor tracking, and produces a refined estimate
based on the found inliers [6].
Feature Tracking: We use off-the-shelf trackers designed
for (i) global shutter cameras, (ii) rolling shutter cameras,
and (iii) event cameras. Each tracker provides observations
xij , which are converted into rotated bearing vectors f ′ij ,
based on IMU angular rate readings ω. For global shutter
cameras, the timestamp tij of the observation is simply the
image timestamp. For rolling shutter cameras tij− yij

(H−1)Trs

Algorithm 1 N-Point Solver for Structure & Motion
Input: A set of track observations (xij , tij), and angular
rate ω from an IMU. Reference time ts.
Output: Estimates of points P̂i and linear velocity v̂.
• Compute rotated bearing vectors f ′ij = exp

(
[ωt′ij ]×

)
fij .

• Compute Fi and Gi in Eq. 5. Ensure that rank(Fi) = 3,
otherwise terminate.

• Compute B in Eq. 8 and solve for v̂. Terminate if the
rank of B is smaller than 2.

• Compute P̂i from Eq. 9.
• Check the depth via inequality Eq. 10. If it is negative,

invert the signs of P̂i and v̂i.

is corrected by the row index yij scaled by the row scan-
ning time Trs, and height in pixels H of the sensor. For
event cameras, timestamps are assigned based on measured
events, resulting in asynchronous tracks. Tracks shorter
than 2 are pruned to avoid degeneracy in the solver.
RANSAC: In each iteration of RANSAC we perform the
following three steps: First, to balance computational com-
plexity with spatio-temporal distribution, we sample M fea-
ture tracks, and then Ni = n ≥ 2 temporally distributed ob-
servations (f ′ij , t

′
ij). Then, we generate a velocity hypothe-

sis v̂ based on the N =
∑

i Ni observations following the
solver in Sec. 3.3, and rejecting the solution yielding neg-
ative point depth. Next, inliers are identified via the con-
sistency of v̂ with observations (f ′ij , tij). For track i, we
predict the 3D point P̂i from Eq. 9, map it into the frame at
each time tij , resulting in P̂′

ij = P̂i− v̂t′ij and then project
it into the current frame, yielding bearing estimate f̂ ′ij . We
use the average angular residual θ̄ between the observed and
estimated bearing vectors along the track as error metric

θ̄i =
1

Ni

Ni∑
j=1

arccos

(
f ′

⊺
ij f̂

′
ij

∥f ′ij∥∥f̂ ′ij∥

)
(13)

A track is classified as an inlier if θ̄i is lower than a cer-
tain threshold (e.g. 5◦), and the hypothesis with the highest
number of inliers is retained throughout iteration.

After termination, the inliers corresponding with the best
hypothesis are used to estimate the hypothesis v̂ leading to
a refined estimate. The inlier ratio serves as a confidence
metric reflecting the solver’s robustness to outlier tracks.

4. Experiments
We comprehensively evaluate the performance of the pro-
posed point solver, in two stages: First, we validate our
method in a simulated environment (Sec. 4.1), where we
study its sensitivity to different noise source including
timestamp jitter, pixel noise and noise on the angular rate
readings. We also study its accuracy as a function of the
number of tracks and number of observations per track.
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Figure 2. Left: Pixel noise sensitivity; Middle: Timestamp jitter impact; Right: Rotation perturbation effects. Each plot compares three
observation levels with the number of features and the number of observation per track: sparse (5-5), moderate (20-20), and dense (100-50).
Shaded regions represent error bounds across 1000 trials.

In a second step, we then report results in real world set-
tings (Sec. 4.2), where we study its application to tracks
derived from global-shutter, rolling-shutter and event-based
cameras. Throughout the experimental section, we will re-
port the accuracy of the scale-less velocity similar to [11],
which is defined as the angular error between the true ve-
locity vgt and estimate v̂ by

θerr = arccos
(

v⊺
gtv̂

∥vtrue∥∥v̂∥

)
(14)

Errors in 3D point estimation are not reported, as they are
typically subsumed in the velocity error. In the appendix,
we also apply our method for normalized acceleration esti-
mation, with a similar error metric as above.

4.1. Simulation Experiments
We set a virtual camera with a resolution of 640× 480 and
a focal length of 320 pixels. A velocity vector with fixed
magnitude ∥v∥ = 1m/s and random direction is generated
to simulate camera motion. Static 3D points are randomly
distributed within a one-meter cubic volume positioned two
meters in front of the camera. This ensures that no points
cross the camera plane during the motion. Observations are
generated over a sliding time window of 0.2 seconds, with
timestamps uniformly sampled within this interval. Each
scenario is repeated 1,000 times to ensure statistical sig-
nificance. Our solver achieves a minimal-case runtime of
63 µs on CPU (Intel Xeon Platinum 8352V@3.5GHz). In
the following sections, we analyze three key factors: noise
resilience, observation count and track length.

4.1.1. Analysis of Noise Resilience
We first evaluate the solver’s robustness under three noise
sources: inaccurate point tracking, temporal misalignment,
and orientation drift in camera pose. As illustrated in Fig. 2,
experiments vary noise level across practical ranges: pixel
noise (0 - 5 pixels), timestamp jitter (0 - 50ms), and rota-
tional perturbation (angular velocity noise of 0 - 30 deg/s),

while testing three different settings of observation. The
results demonstrate that the solver achieves sub-5◦ error at
moderate noise levels (1 pixels, 10 ms jitter, 5 deg/s), val-
idating its feasibility in typical operational scenarios. No-
tably, timestamp jitter exhibits a nonlinear error escalation,
with error rising sharply beyond 15 ms. In contrast, pixel
noise induces near-linear error scaling, suggesting the tol-
erance to common feature-tracking inaccuracies, while ro-
tation perturbation has linear impact on the performance.
We also notice more observations can effectively mitigate
errors due to pixel noise and timestamp jitter, yet yield lim-
ited improvement for rotation-induced errors. Nevertheless,
external sensor such as IMU can address this limitation by
providing rotation-compensated inputs.

4.1.2. Analysis of Spatial-temporal Observations

We also analyzed the effects of feature track count M and
per-track observation number Ni = n under two com-
bined noise conditions: 1px + 1ms + 2deg/s and 2px +
2ms + 5deg/s. In general, track count (M ) correlates
with spatial resolution—high-resolution cameras (e.g. reg-
ular frame-based sensors) can maintain hundreds of tracks
spatially. Observation count (Ni = n) depends on tempo-
ral resolution: event cameras, with microsecond-level pre-
cision, can densely sample a track over short time windows,
enabling high n values (e.g. 50 observations) even in con-
strained durations, which explains our choice of the upper
bound. As shown in Fig. 3 (left), increasing tracks from 3
to 30 significantly reduces velocity errors under both noise
levels, but has marginal gains beyond 30 tracks. In con-
trast, raising observation counts per track under fixed time
windows (Fig. 3 right) shows limited efficacy. Thus, the in-
terplay between M and n reflects sensor-specific spatiotem-
poral trade-offs: frame-based systems excel in spatial cover-
age (high M ) with temporally sparse measurements, while
event cameras leverage temporal uniformity (high n) de-
spite lower track counts. This highlights how sensor archi-
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Figure 3. Track count (left) vs. Observation count per track (right). Box colors indicate noise levels (green: low, violet: high).
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Figure 4. Velocity errors vs. time window length and noise.

tecture shapes robustness under multi-source noise.

4.1.3. Analysis of Track Length
We further analyze the impact of the track length–
determined by the temporal observation window–on veloc-
ity estimation. The time interval indicates the spatial dis-
placement of feature tracks on the imaging plane: longer
windows generally provide longer tracks, as features travel
larger pixel distances under camera or scene motion. As
illustrated in Fig. 4, we indirectly control track length by
varying the size of the time window. Under combined noise
conditions, larger time windows consistently improve the
solver’s robustness. Longer tracks are able to average out
high-frequency noise which enables the solver to recover
stable velocity estimates. It also suggests that 3D points
with smaller depth that induce larger apparent motion on
the imaging plane can provide more reliable results. No-
tably, event cameras, which maintain temporally uniform
observations, can benefit from larger time window.

4.2. Real Experiments
In a next step, we deploy our solver on real data col-
lected with three different sensing modalities (as described
in Sec. 3) using public datasets: The Event Camera
Dataset [32] was collected using a DAVIS camera [2] which
provides a pixel-aligned and time-synchronized stream of
global shutter (240 × 180@24Hz) and event camera data,

as well as IMU measurements. The VECtor dataset [9] pro-
vides event camera data and global shutter frames (1224 ×
1024@30Hz) from a stereo rig, as well as IMU data. Fi-
nally, the TUM dataset [41] provides rolling shutter images
(1280 × 1024@20Hz). We compare our method against
eventail [11], an asynchronous line-based velocity solver. It
uses clusters of events, each generated by a separate line to
regress velocity components, and fuses these to a full nor-
malized velocity via velocity averaging. On rolling shutter
images we implement a similar baseline based on eventail,
termed eventail + RS. eventail + RS first extracts Canny
edges [3] from the rolling shutter images, and then treats
the detected points as events with timestamps assigned ac-
cording to their row index. We do not report acceleration
estimation results on real data due to high noise sensitivity,
and leave addressing this challenge for future work.

Experimental Setup: For global and rolling shutter
images, we employ the standard Kanade-Lucas-Tomasi
Tracker [29]. For global shutter images we assign times-
tamps at the midpoint of the exposure time. For rolling
shutter images we compute timestamps based on the row in-
dex of the feature and scanning time. For event camera data
we use the recent learning-based point tracker ETAP [14]
to generate point tracks that preserve the high temporal res-
olution. To ensure the numerical stability of the solver, we
filter out tracks shorter than 10 pixels, as these often amplify
noise. All methods operate within identical time windows
to enable fair comparison. In each sequence we use angu-
lar rates measured by an IMU to rotation compensate the
bearing vectors. The RANSAC pipeline is configured with
a maximum iteration of 200, with each iteration sampling
M = 4 randomly selected tracks containing Ni = 5 obser-
vations. A point track is classified as an inlier if its angular
error falls below 5◦. To speed up convergence, we terminate
RANSAC when the inlier ratio exceeds 0.9.
Application to Global Shutter Cameras We report the re-
sult of our method in Tab. 1. It can be seen that our method
using global shutter images achieves a lower error than the
eventail solver operating on events. This is due to two ef-
fects: First, the eventail solver relies on extracting events
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Table 1. Mean / median velocity error in degrees on tracks from
global shutter images. * and gray: results on subset with track
inlier ratio > 0.9. eventail + E uses events from an event camera.

Seq. eventail [11] + E Ours Ours*

desk-normal 22.7 / 23.4 15.1 / 8.5 10.2 / 7.3
sofa-normal 21.9 / 17.6 15.9 / 7.8 9.8 / 6.3
mountain-normal 25.2 / 21.4 17.1 / 7.5 10.9 / 6.1

shapes translation 31.8 / 32.7 17.1 / 7.2 9.9 / 6.2
boxes translation 34.8 / 34.1 16.5 / 11.6 13.3 / 10.7

Table 2. Mean / median velocity error in degrees on tracks from
rolling shutter images. * and gray: results on subset with inlier
ratio > 0.9. eventail + RS uses canny edges from rolling shutter
images. “no correction”: no rolling shutter timestamp correction.

Seq. with correction no correction

eventail [11] + RS Ours Ours* Ours Ours*

Seq 4 43.8 / 40.8 27.5 / 20.1 22.6 / 17.4 28.1 / 22.9 22.8 / 15.7
Seq 5 45.5 / 44.8 24.7 / 17.0 19.3 / 13.8 27.0 / 18.4 19.2 / 14.6

generated by 3D lines in the scene, which is limited to
highly geometric structures. By contrast our method can
rely on tracks which can be extracted more easily. The sec-
ond effect is the use of images vs. events. Events are known
to suffer from changing appearance due motion changes,
leading to drift in the feature tracks [12, 13]. We will see
later that combining tracks from colocated GS cameras and
events can improve results, even beyond the results using
global shutter cameras alone. Next, we focus on the results
marked with *, indicating evaluation on the subset where
over 90% of tracks are termed inliers. On this subset, er-
rors are further reduced, showing the importance of having
geometrically consistent observations.
Application to Rolling Shutter Cameras We report the re-
sults of our method in Tab. 2. We see that our point solver
yields a significant improvement with respect to the eventail
solver. This is mainly due to the fact that eventail found few
lines in the presented sequences. By contrast, our method
relies on feature tracks which are more easily extracted. We
also show a result without rolling shutter timestamp correc-
tion, denoted with “no correction”. It is visible that this re-
duces the accuracy of the method by a few degrees, showing
the benefit of correct timestamp association, and the flexi-
bility of our method to take non-synchronized feature tracks
into account. Finally, as before we see that results on the
subset marked with * are better, indicating the importance
of geometrically consistent tracks for estimation.
Application to Event-based Cameras Finally, we apply
our method to tracks derived from an event-based cam-
era, and show results in Tab. 3. Our point solver run-
ning on events alone outperforms eventail by 10 − 30%,
and this is again due to the use of point tracks instead of
lines. Interestingly, frame-based tracks yield better perfor-

Table 3. Mean / median velocity error in degrees on tracks from
events. * and gray: results on subset with track inlier ratio > 0.9.
E stands for events from an event camera. E+GS refers to our
method combining tracks from events and global shutter images.
Note that for - no collocated GS and event sensor are available.

Seq. eventail [11] + E Ours + E Ours* + E Ours + E + GS Ours* + E + GS

desk-normal 22.7 / 23.4 19.3 / 17.8 14.2 / 14.2 – –
sofa-normal 21.9 / 17.6 19.0 / 18.5 16.3 / 14.9 – –
mountain-normal 25.2 / 21.4 17.1 / 16.1 16.9 / 15.8 – –

shapes translation 31.8 / 32.7 16.8 / 10.1 13.0 / 9.1 14.4 / 7.5 7.0 / 6.7
boxes translation 34.3 / 34.1 12.6 / 10.0 12.1 / 7.7 10.3 / 8.1 9.3 / 5.9

mance than event-based ones, particularly on the VECtor
sequences. This aligns with our simulation findings where
higher feature density (from frame cameras’ 5× resolution
advantage over event cameras) improves spatial sampling.
We show the benefit of combining tracks from different
sensing modalities, denoted with E+GS. In particular, the
sequences shapes translation and boxes translation were
recorded with a DAVIS camera [2] which features pixels
that simultaneously record events and global shutter images.
In this setting, we see that adding images significantly re-
duces errors. Moreover, comparing to Tab. 1 we also see
that adding events improves over the global shutter result,
highlighting the complementarity of the sensors. This re-
sult highlights the benefit of having an asynchronous point
solver that can flexibly incorporate both global shutter and
event-based observations.

5. Future Work and Conclusion

Future Work: While we believe that the proposed solver
makes a significant stride toward handling asynchronous
tracks in an efficient way, we acknowledge its dependence
on available angular rates from an IMU. Initial steps have
been made in incorporating angular rate estimation into ex-
isting solvers [10, 11], but further work is needed to make
these solvers efficient. Finally, we only show linear accel-
eration estimation in simulation (see appendix), and found
significant challenges with noise on real-world data. This
indicates estimation stability issues for higher-order deriva-
tives. Future work should aim to identify and reduce the
effect of noise on higher-order derivative estimation.
Conclusion: We present a linear N-point solver for recover-
ing structure and linear motion from asynchronous feature
tracks. It generalizes solvers that rely on additional struc-
ture constraints such as points lying on a line, or time con-
straints, such as assuming synchronized timestamps. We
showed experimentally that the motions recovered by our
solver are more accurate than those produced by previous
work, and also more robust in natural, line-deprived envi-
ronments. We believe that our solver sets the stage for many
new innovations to come by enabling the seamless integra-
tion of asynchronous feature tracks into geometric solvers.
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