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Abstract—Event cameras, as bio-inspired sensors, are asyn-
chronously triggered with high-temporal resolution compared to
intensity cameras. Recent work has focused on fusing the event
measurements with inertial measurements to enable ego-motion
estimation in high-speed and HDR environments. However, exist-
ing methods predominantly rely on IMU preintegration designed
mainly for synchronous sensors and discrete-time frameworks.
In this paper, we propose GPO, a continuous-time preinte-
gration framework that can efficiently achieve tightly-coupled
fusion of fully asynchronous sensors. Concretely, we model the
preintegration as two local Temporal Gaussian Process (TGP)
trajectories and leverage a light-weight two-step optimization to
infer the continuous preintegration pseudo-measurements. We
show that the Jacobians of arbitrary queried states can be
naturally propagated using our framework, which enables GPO
to be involved in the asynchronous fusion. Our method realizes
a linear and constant time cost for optimization and query,
respectively. To further validate the proposal, we leverage GPO
to design an asynchronous event-inertial odometry and compare
with other asynchronous fusion schemes. Experiments conducted
on both public and own-collected datasets demonstrate that the
proposed GPO offers significant advantages in terms of accuracy
and efficiency, outperforming existing approaches in handling
asynchronous sensor fusion. The code of GPO can be found at
https://github.com/NPU-RCIR/GPO-Preint.

Index Terms—event-inertial fusion, Gaussian process regres-
sion, motion estimation, asynchronous fusion.

I. INTRODUCTION

He estimation of ego-motion is critical for robots to ac-
complish automated tasks, such as bridge inspection [1],
disaster rescue [2], and autonomous driving [3]. Traditionally,
this problem has been addressed by fusing various sensors
using filter-based [4], optimization-based [5], or learning-
based methods [6]. However, these conventional discrete-time
estimation frameworks struggle with handling high-frequency
or even asynchronous sensors effectively. To address this
challenge, continuous-time methods have been proposed to
associate measurements from different sensors with a unified,
time-indexed trajectory, such as B-splines [7] or Temporal
Gaussian Processes (TGP) [8].
Recent studies have demonstrated that event-inertial odom-
etry based on continuous-time frameworks have great po-
tential for ego-motion estimation in high-speed and High
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Dynamic Range (HDR) scenarios [9], [10]. Nonetheless, ex-
isting continuous-time event-inertial systems often involve
a substantial number of inertial factors and optimize them
together with kinematic states of a global motion trajectory,
leading to high computational consumption. Other schemes
integrate inertial measurements (referred to as preintegration)
between keyframes to reduce the number of inertial factors,
but paying the cost of neglecting the rich motion information
between integration intervals. Consequently, event factors can
only rely on an imprecise prior trajectory to build re-projection
relationships. Since the prior trajectory may violate the true
motion, it can corrupt the estimation.

Continuous-time preintegration methods mitigate these is-
sues by modeling the integration procedure as continuous
inference using differential equations or latent states [11], [12].
This enables the asynchronous fusion ability to query on a
local inertial preintegration trajectory. The primary drawback
is that the initialization and inference are still time-consuming
for online applications. In addition. the differential equation-
based methods often have less supports for asynchronous
querying and back-end optimization.

To address these challenges, we propose a hybrid estimation
framework that combines the advantages of both discrete- and
continuous-time methods. We introduce a continuous Gaussian
Process pre-Optimization (GPO) framework to estimate the
inertial preintegration pseudo-measurements. Our GPO em-
ploys a light-weight two-step optimization and achieves linear
solving and constant query times, enabling precise kinematic
state queries at arbitrary time. The asynchronous fusion ability
of GPO is further validated by integrating it into an asyn-
chronous event-inertial fusion system. Both the simulation and
real-world experiments demonstrate the superior efficiency and
accuracy performance of our method compared to state-of-the-
art ones. In summary, the contributions of this paper are listed
as below:

1) An efficient pre-optimization method that converts raw
inertial measurements to continuous local TGP trajec-
tory, enabling constant querying time at arbitrary time.

2) A Jacobian propagation strategy that enables adjustment
of system states for any synchronous or asynchronous
cost terms.

3) A complete asynchronous fusion pipeline for GPO,
where the asynchronous fusion ability of GPO is val-
idated by tightly-coupled fusion of event associations
and inertial measurements at arbitrary timestamps.

4) Verification and analysis of the developed system on
both public datasets and real-world experiments.
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II. RELATED WORK
A. Continuous-Time Estimation and Preintegration

The concept of preintegration was initially introduced by
Lupton et al. [13] and Forster et al. [14]. Recently, Zhang et
al. [15] utilized the discrete-time preintegration to a global
TGP-based continuous-time fusion framework. However, it
can only offer a relative motion measurement between two
adjacent motion states, and ignores the contribution of high-
frequency motion information for asynchronous sensor fusion.
The discrete-time preintegration assumes constant measure-
ments during each integration step, which may introduce
additional errors. Differential equation-based methods [11],
[16], [17] were designed to alleviate it by modeling the rigid
motion using the kinematic formula. The Gaussian Process
(GP)-based preintegration methods were proposed to model
the IMU measurements as a group of latent states [18], [19].
But it only consider the 1-axis-rotation scenario and still rely
on the iterative numerical integration. Further improvements
were reported in LPM and GPM [20], [21] to model 3-axis
rotation as latent states of three independent GPs. They further
proposed GP-Preintegration (GPP) to support both attitude
and translation preintegration by six independent GPs [12],
where LPM is leveraged to finish initialization. Although their
methods offer an asynchronous fusion capability, the high
computational burden can degenerate the real-time perfor-
mance. Recently, Burnett et al. [22], [23] modeled the raw
IMU measurements as the direct observations of a global TGP
trajectory. However, it introduced numerous inertial factors
and thus requires high computational cost. Conversely, our
proposal introduces the TGP theory into preintegration and
suggests a two-step pre-optimization to instantiate a local TGP
trajectory, which achieves superior efficiency.

B. Event-Inertial Odometry

Event-inertial odometry (EIO) has garnered significant at-
tentions for its potential to estimate ego-motion in challenging
scenarios [24]. Mahlknecht er al. [25] synchronized measure-
ments from the Event-based KLT (EKLT) tracker [26] via
extrapolation of fixed number of events and fused them with
IMU data using a filter-based back-end. Rebecq et al. [27],
[28] introduced a keyframe-based framework in which feature
points from motion-compensated event frames are fused with
discrete-time preintegration. Researchers also utilized Time
Surface (TS) [29], which stores timestamps of most recent
events at each pixel, to detect and track features using frame-
based techniques [30], [31] and fuse them with discrete-
time preintegration. In general, these methods transform asyn-
chronous event streams into synchronous data associations and
convert high-rate IMU data into inter-frame motion constraints
through discrete-time preintegration. However, discrete-time
estimation frameworks neglect the asynchronous nature of
event cameras, resulting in suboptimal performance in chal-
lenging scenarios.

Event-triggered frameworks have been proposed to preserve
the high-temporal resolution and asynchronous nature of event
cameras. Liu et al. [32] introduced a monocular asynchronous
back-end (without IMU) to trigger optimization by incoming

events. Wang et al. [10] developed a stereo event odometry
using global TGP with an incremental back-end. Dai et al. [33]
designed an event-inertial odometry where LPM was used to
realize tightly-coupled fusion. Le et al. [34] extended this work
by introducing a line feature tracker. Li et al. [35] realized
asynchronous fusion of event-inertial odometry using GPP.
Wang et al. [9] further extended this work by introducing a
total asynchronous front-end and realized asynchronous fusion
using various inertial schemes on global TGP. However, the
initialization and query operators of the GPP are quite time-
consuming. Moreover, the GPP initialized six independent GPs
to fit the SE(3) pose, which results in a sub-optimal attitude
accuracy in practical EIO. Instead, the proposed GPO adopts
two local TGP trajectories (on SO(3) and R?) to model the
continuous-time inertial preintegration, which handles the ro-
tation Lie group more elegantly and achieves higher accuracy
and efficiency in the real EIO system. Compared with global
TGP-based methods [9], [23], our GPO excludes TGP states
from the back-end optimization, thereby significantly reducing
problem dimensionality.

I1I. METHODOLOGY
A. Inertial Preintegration

Define the measurements of the gyroscope and accelerome-
ter be w and a, respectively. The IMU’s measurement model
is as follows:

©=wp+by+g,
a= Cfbl(rfZ - gz) + ba + Sas

where ¢, ~ N(0,Q,) and ¢, ~ N(0,Q,) are the measure-
ment noises, Cy; the rotation matrix, rfi the translation, g;
the gravitational acceleration, b, and b, the gyroscope and
accelerometer biases. The observed value wé’i represents the
body (b-superscript) angular velocity with respect to inertial
navigation frame (z-superscript) and expressed in body frame
(b-subscript), and the body acceleration #%% is the second time
derivative of rfi. According to previous research [12], [14],
the inertial preintegration pseudo-measurements in the time
period [t,,t,11] can be expressed by

(D

tnt1

AC = T] exp ((@(r) — b)dr).

tn

tnt1
Av = / Y () @) — ba)dr, )
t’,;n«i»l T
Ar = / C.(s)(a(s) — b,)dsdr,
tn  Jtn

where 7 and s indicate the timestamps, exp() : R?* — SO(3)
represents the exponential map, and AC € SO(3),Av €
R3, Ar € R? is the rotation, linear velocity and translation
components, respectively. As the multiplication is applied to
compose on SO(3), AC uses the product integral. Note that
C,,(7) is the rotation integral at time 7 and can be computed
from AC simultaneously. When the estimated IMU biases b,
and b, are changed, the inertial preintegration measurements
in (2) are updated with linearized Jacobians.
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Fig. 1. System framework of the proposal. The GPO infers a local TGP-based trajectory during each pre-optimization (left part). The local trajectories, within
the sliding-window of event-inertial odometry, will be queried by event feature trajectories to create asynchronous projection factors (right part).

B. GP Regression on Preintegration States

Although the inertial preintegration works well when ap-
plied in discrete-time visual-inertial system, it would be
suboptimal for the asynchronous measurement fusion, such
as the event-inertial odometry and incompatible frequency
measurements of gyroscopes and accelerometers. We address
this drawback by integrating a pre-optimization step, where
raw inertial measurements are modeled as a local continuous-
time trajectory (termed pseudo-measurement trajectory) using
the sparse GP regression method.

Given the raw measurement @(7;) and a(7;), 7,7, €
[tn,tnt1], we expect to search the preintegration pseudo-
measurements at arbitrary timestamp 7 € [t,,, t,,41], even if the
raw IMU measurements are asynchronous (i.e., 7; # 7; when
1 = j or Tjy1 — T; 75 Ty — Ti—1 O Tj41 — Tj 7é Tj — Tj,1).
Assume the angular acceleration w(7) to obey a zero-mean
GP. The differential equation for the rotation preintegration
state can be defined as

C(r) = C(r)(w(n)", () ~GP(0,Q.i(r—1")), (3)

where A is the the skew-symmetric operator, 0(7 — 7’) is the
Dirac delta function, and Q. is the power spectral density
matrix [8]. Regarding the rotation preintegration AC' in (2)
as a continuous-time process, it can be described using the
GP in (3) as
if 7=1,,
if 7= tn-‘rla (4)
w(r) = (1) = by,
where w(7) is modeled as the bias corrected angular velocity.
A local variable ¢ (7) is introduced to convert the nonlinear
differential equation (3) to be a piece-wise linear one as

Ci(1) = Crexp((¢x(7))"),
Pi(1) ~ GP(0,QcH(r — 7)),

where C), = C(7y) is the linearization point and C(r)
C(7) is the rotation preintegration. The time derivative

(&)

of

local variable has a relationship with the bias-corrected angular
velocity as w(7) = J (¢x(7))dr(7), where T (¢p(7)) is the
right Jacobian of ¢ (7). In contrast, the state space equations
for translation and velocity are inherently linear, defined as

a(t) ~GP(0,Q,6(t — 1)),
(6)
where a(7) = Ci(7)(a(r) — b,) is a localized acceleration
measurement (see Fig. 1 left part) corrected by the bias, and
a(7) is the “jerk” of the preintegration trajectory. As done in
(4), we expect 7(7) = Ar and v(7) = Av, when 7 = t,41.
Both (5) and (6) have the similar closed-form solution as

v(r), o(1) = a(7),

x (1) = Ap(T)xk (1) + i (T)Tr(Th41),
Ap(1) = ®(7, 1) — Wi (T)®(Thet 1, )

V(1) = Qr(T)®(Thi1,7) ' Qre(Ths1) Y, @)

where xy(7) is the local state variable, ®(7, ¢;) the transition
function, Q(7) the covariance matrix, and A (7) and W (7)
are the interpolation coefficients derived from ®(7,t;) and
Q. (7). The detailed forms of Q(7) and ®(7,7%) can be
found in [35], [36]. In our context, the local state variables can
be defined as (1) = [d)k(r),qﬁk(T)] for (5), and pi(7) =
[r(7),v(T),a(T)] for (6), respectively. In fact, pi(7) = p(7)
is a global state variable, we add subscript k£ for unifying the
representation.

C. Two-step Pre-Optimization

Let 9 = t, and 7x = t,4+1, we uniformly sample
K + 1 points within the preintegration period [t,,, t,,4+1]. The
raw IMU measurements can be instantiated as a pseudo-
measurement trajectory by estimating GP states at these sam-
pled timestamps. Based on the foregoing pseudo-measurement
model, two pre-optimization steps are adopt to infer this trajec-
tory. Let the local TGP-based states for gyroscope preintegra-
tion be x{ = [Cj,wy], and for accelerometer preintegration
be x§ = [rk, Vg, ar), where k € {0,1,--- , K'}. The objective
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of pre-optimization, consisting of measurement residuals and
GP prior residuals, can be defined as

M, K—1
min Y [le} (7 i), + Y e T g, (8)
Xk k41 =0 k=0
M, K-1
min > [le](7r, ) S, + D len(r i) gz, 9)

Xkk+1 5250 k=0

where e, e} indicates the related gyroscope (12) and ac-
celerometer (13) measurement residuals in [, 7;41], and e,
e, are the corresponding GP prior residuals as defined in (10)
and (11), the covariance matrices Q, Q¥ can be analytical
inferred from Q., Q. as done in [35], [36]. These problems
are solved using GTSAM [9]. We use different subscripts
{i,74,k} to represent the possible asynchronism among raw
measurements and estimated GP states. Based on the prior
assumptions in (5), (6), the related prior residuals can be given
by
_ Atpwy, — log(Cy ' Chp)
ec(TkaTk+1) = | wy, — J(log(C,;leH))*lwkH
(10)
[ ATvy, + %ATgak — Tk k+1
v, + ATpag — Vi+1 ,
ap — Q41

an

er(Tka Tk+1) =

where A7y, = T 41—y, and 7y g1 = r(Tk41) — 7 (7). Since
we have defined the relationship between GP states and raw
IMU measurements in (4), (6), their corresponding residuals
have concise forms as follows:

12)
13)

eﬁ,(m,mﬂ) =w(n) — i)g — wi(71),
el (Tk, Tkr1) = Ci(75)(@(r;) — ba) — ax (7)),

where 7, < 7;,7; < Tp+1. Note that wy(7;) is calculated by
firstly interpolating the local state ~x(7;) using (7) and then
wi(1;) = T (¢1(73))Pr (7). The rotation component Cy(7;)
is interpolated using (5), (7). According to the prior model, the
pseudo-acceleration ay(7;) on the local TGP trajectory can be
obtained from aj and a4 by linear interpolation.

D. Event-Inertial Odometry

As shown in Fig. 1, an asynchronous event-inertial odom-
etry is designed to validate the asynchronous fusion ability
of GPO. We adopt the same asynchronous front-end as done
in [9], but develop a different back-end for GPO. In our
EIO, feature trajectories are tracked from raw event streams
and inherently asynchronous with arbitrary timestamps. We
leverage the proposed two-step pre-optimization to infer a
series of local pseudo-measurement trajectories online. Then,
they are fixed and involved in pseudo-measurement query
and Jacobian propagation for asynchronous event projection
factors. Both event projection and pseudo-measurement factors
are tightly coupled in the back-end factor graph. Eventually,
the expected motion states are estimated by solving the factor
graph with a sliding-window optimizer.

For a given event projection factor occurring at an arbitrary
timestamp, the residual Jacobians about neighbor estimated

pose and velocity can be analytically inferred with the queried
pseudo preintegration measurement. The Jacobians about es-
timated biases need further consideration. The previous GPP
method [12] calculates time-consuming numerical Jacobians
of all latent states by extra integration steps. Instead, the
proposed GPO memorizes the procedural Jacobians on times-
tamps of pseudo measurements using discrete-time formula
and further propagates them to the arbitrary queried time using
the Chain Rule. Assume e.,(7) be an asynchronous event
projection residual, the Jacobians can be derived by

0z(Th41)

Oecy(T)  Oecy(T) ( Ox(T) Ox(TH) Ox(T)
ob(t)  Ox(r) (&%(Tk) ob(t)  O0x(1y1) 6b(z’l)4)
where 7 € [rg,Tg+1] is the projection timestamp, and
(1) and x(7r41) are two nearest neighboring pseudo
states, and b(7) is the bias variable. Normally, the Jacobian
Oeey(T)/0x(T) can be derived from the observation model,
and the GP model of GPO can give g;(;)) analytically. The
pseudo state x(7) is obtain by composing the last estimated
state x(t,) and later pseudo measurements Ax(7y), i.e.,
(1) = x(t,) B Az(r;), where B is the plus operator for
linear vectors and the matrix multiply for Lie group. Note that
Az (1) = {x7,x%} has been previously estimated in (8)-(9),
and then used as a pseudo measurement in the backend factor
graph to estimate the system state x(t,,), as shown in Fig. 1.
Similarly, the IMU bias is regarded as constant within the
whole integration period [t,,, t,41). Therefore, we have

8w(7k) ~ a$(7’k) 8A$(Tk)
0b(T) OAx(t) Ob(rg) ’

in which the procedural Jacobian aﬁ)ﬁ:’)‘") can be efficiently

inferred when initializing the pseudo measurements just sim-
ilarly as done in discrete-time preintegration.

15)

IV. EXPERIMENTS

In the experiments, we compare the proposed GPO with two
similar GP-based methods, LPM [21] and GPP [12], to eval-
uate their accuracy, robustness, and computational efficiency.
Additionally, we evaluate the performance of our EIO system
against state-of-the-art methods by testing on public datasets
and real-world experiments.

A. Precision Comparison

1) Preintegration Errors: An IMU simulator [12] is devel-
oped to generate raw IMU measurements and ground truth
with different motion patterns. Then, we randomly sample
the measurements and integrate them using LPM, GPP, and
our GPO with five different integration periods and repeat
each evaluation for 100 trials. For fair comparison, we set
the same Gaussian noise (1 x 107> m/s? for accelerometer
and 1 x 107° rad/s for gyroscope ) and zero bias for all six
axes. The errors of preintegration are summarized in Fig. 2-A.
We compare their AC, Awv, Ar with the ground truth. The
GPP achieves the highest accuracy in rotational integration
across different durations. The proposed GPO consistently
outperforms LPM in all scenarios, achieving superior accuracy,
especially in velocity and position integration during fast
motions over long durations.
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Fig. 2. Simulation evaluations of the proposed GPO. (A) Accuracy comparison under various integration durations. We randomly sample 100 trials and

compare their AC, Av, Ar with the ground truth for each integration period

. (B) Procedural Jacobians evaluations. The Jacobian OAx(7)/0b(7) calculated

using (14), (15) is adopted to correct the integration results of known biases, and compared with the reintegration results. Ten interpolation times 7 are
randomly sampled within the integration duration, with 100 trials per evaluation. (C) Robustness evaluations. Raw IMU measurements are contaminated with

Gaussian noise of varying magnitudes. (0.5 s, 100 Hz).

2) Jacobian Errors: The Jacobians of preintgration results
with respect ot IMU bias aﬁffy) are calculated using (14)
and (15). It is employed to estimate bias updates and to
refine the integration results within fusion systems. Intuitively,
accurate Jacobians would lead to improved estimation results.
For evaluation, the ground-truth biases and the Jacobians from
various methods are used to correct the preintegration results,
which are then compared to the reintegration results obtained
with the known biases. Ten interpolation times 7 are randomly
sampled within the integration duration, and each evaluation is
conducted over 100 trials. As shown in Fig. 2-B, the proposed
approximate method (see Sec. III-D) achieves competitive
results in all cases.

3) Robustness against Noise: Inevitably, real IMU sensors
contain varying degrees of noise. Therefore, robustness to
noise is a crucial criterion for evaluating the performance of
a preintegration method. To this end, we designed different
noise levels in the simulator and calculated the preintegration
errors under two motion patterns. The results are shown in
Fig. 2-C. All three methods exhibit comparable sensitivity to
noise for slow motion. However, when applied to fast motion,
GPO and GPP demonstrate superior noise robustness. Notably,
under varying gyroscope noise levels, our GPO achieves
lower positional integration errors compared to GPP, indicating
enhanced robustness.

B. Time-Complexity Comparison

We summarize the time costs of preintegration and query,
respectively. For each repeated integration trial (100 trials),
10 time points are randomly sampled within the integration
duration, and the query operation is performed to compute
the preintegrated quantities {AC (1), Av(7), Ar(7) }, along
with the associated Jacobians and covariance. All compu-
tational efficiency evaluations are conducted on a desktop
computer with an Intel Xeon Gold 6248R@4GHz, running
Ubuntu 20.04 LTS. The experiments utilized only CPU re-
sources without GPU or other parallel acceleration for the sake
of fairness. The results are displayed in Fig. 3. The integration
operation of the LPM resembles discrete-time preintegration
and demonstrates the lowest computational cost (top, blue
dashed line). Although the proposed GPO involves a two-
step optimization process, it maintains high efficiency, with
the computational time increasing linearly as the integration
duration grows (top, green solid line). In contrast, the GPP
is the most computationally expensive approach, characterized
by a cubic time complexity (top, red dotted line). Furthermore,
its computation time becomes increasingly unstable as the
integration duration grows (top, red shaded area). Notably,
our GPO achieves the best constant computational cost for
querying pseudo-measurements, Jacobians, and covariance
matrices (bottom, green solid line). This property makes GPO
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alternatives.

particularly well-suited for fusing high-temporal-resolution
measurements from other asynchronous sensors.

C. Event-Inertial Odometry Application

Beyond preintegration evaluation, we introduce a dedicated
event-inertial odometry system, where motion trajectories are
inferred solely from fully asynchronous event associations
and inertial measurements, in order to validate the asyn-
chronous fusion capability of the proposed GPO. We incor-
porate GPP and global TGP into the same framework for
a fair comparison. The detailed description can be found
in [9], [12]. Our event-inertial odometry system leverages a
similar initialization procedure as in [9]. The asynchronous
feature trajectories are first sampled at a fixed frequency of
20 Hz. At each sampling timestamp, we interpolate the pixel
coordinates between adjacent feature points to ensure precise
temporal alignment. This procedure effectively converts the
asynchronous initialization problem into a synchronous one.
Subsequently, the visual-inertial initialization method [37] is
employed to obtain initial estimates of pose, linear velocity,
and bias. Finally, the complete asynchronous feature trajecto-
ries are incorporated into a full optimization to further refine
the initial states and landmarks.

1) Results for public datasets: Our event-inertial odom-
etry is compared with state-of-the-art monocular methods,
including Ultimate-SLAM (USLAM) [28], DEVO [6], and
PLEVIO [38], as well as stereo methods, including ESVIO
(labeled as ESIO, E+I) [39], ESVIO+IMU [40], and ESVO2
[41]. To validate GPO in high-speed, aggressive, and HDR
scenarios, we select DAVIS240C (DAVIS) [42], UZH-FPV
(FPV) [43], VECtor [44] and HKU-Stereo (HKU-S) [39]
datasets. These datasets contain both monocular and stereo
event and inertial measurements, captured by high-speed flying
drones and hand-held devices with rapid shaking and rotation.

THE COMPARATIVE RESULTS WITH MONOCULAR METHODS
J 9 3 s
Dataset  Sequence USLAM [28] DEVO [6] PLEVIO [38] TGP [9] GPP [34] GPO (Ours)
Crmse IMPE  Crmse / MPE  Crmse I MPE  Crmse /| MPE  Crmse | MPE  Crimse / MPE
boxes_6 745/ 0.41 66.68 1 0.73 -/0.21 3.9770.39 26.36/ 0.61 9.0270.34
boxes_t 15.67/ 0.37 3.40 1 0.06 -10.06 9.72/0.20 15.35/ 0.37 10.15/ 0.28
poster_6 3707024 138.64 / 0.47 -/0.14 5.20/0.40 37.96/ 0.75 5.30/0.30
poster_t 6.07/0.25 2.67/0.06 -/0.54 1.57/0.14 7.86 / 0.26 4.1970.21
DAVIS  dynam_6 5.7910.34 4.28 7 0.09 -/048 1.13/0.29 1.46 /0.23 0.75 7 0.11
dynam_t 17.43/ 1.00 3.64/0.09 -/0.24 1.13/0.16 1.45/0.14 0.97 / 0.06
hdr_bo 2.18/0.45 3.83/0.07 -/0.10 233/031 39.12/ 0.60 7.56 / 0.34
hdr_po 4.65/0.31 16.41/0.22 -/1012 1.53/0.28 3.30/0.19 6.83 /0.19
Avg. 7.871042 29.94/ 0.22 -/0.24 3327027 16.61 7 0.40 5.60/0.23
in_45_2 XX 5.39/0.89 -/- 3.45/0.91 1.88 /7 0.77 2.70/ 0.60
in_45_4 -19.79 2417039 -/- 1.06/1.07 0.97 7 0.40 1.87/0.37
in_45_9 -/4.74 17.60/ 1.23 -/- 3187092 4757 0.74 4.24 /0.61
FPV in_for_9 XX 1.95/0.53 -/ 0.44 3.59/1.56 4.571/1.18 413/ 1.05
in_for_10 XX 2.01/0.48 -/ 1.06 2.04/0.91 3.97/0.63 1.75 7 0.70
Avg. -1727 5.8770.70 -10.75 2,66 /1.07 3.23/0.74 2.94/0.67

Units: [%] for MPE, [deg] for C,
of DEVO, whereas the SE(3)
Square Error of attitude matrices. The bold colored numbers indicate the best precision performance among the compared methods
(orange for the best MPE, green for the best Crmse), While underlined and bold black numbers denote the second-best precision. “X”
represents that the particular method fails in a sequence, and “-” means the value is Itis that the
results of all methods except PLEVIO are reproduced using their open-source codes, which may lead to discrepancies compared to the
values reported in their original papers. Each evaluation was repeated more than ten times, and the best results were selected to minimize
the impact of random fluctuations.

.. MPE is the Mean Position Error. The S1M (3) alignment is applied to the estimated trajectory
ent is used for other event-inertial methods to ensure a fair comparison. Cymse is the Root Mean

The DSEC [45] dataset is selected to validate the performance
in large-scale environments. For fair comparisons, we align
the scale of monocular methods when comparing them with
stereo systems. The scale of DEVO is also corrected when
compared with our event-inertial odometry. The Mean Position
Error (MPE) and the Root Mean Square Error of rotation
angles C,.,,s. are evaluated as error metrics to quantify the
position and attitude errors of the estimated trajectories. For
example, MPE=0.88 % represents the mean position error
would be 0.88 m when the total trajectory length is 100 m.
The estimated results are summarized in Table I and II. Our
GPO achieves second best position and attitude accuracy on
the DAVIS240C dataset. The high accuracy of DEVO may
benefit from the precise tracking of its learning-based frontend
and the use of SITM(3) alignment. However, for the ultra-
high-speed sequences in the UZH-FPV (labeled as FPV in
Table I) dataset, the voxel grids used by DEVO can become
degenerate due to motion blur. In contrast, our GPO-based
pipeline achieves the best performance through high-temporal-
resolution tracking and fully asynchronous fusion. USLAM
(E+I) fails in most high-speed sequences, whereas PLEVIO
(E+F+I) maintains its accuracy through the incorporation of
intensity frames and line features. As shown in Table II, our
asynchronous monocular pipeline demonstrates best accuracy
in most sequences of VECtor and HKU-Stereo datasets. Al-
though the position accuracy may be facilitated by scale align-
ment, our method outperforms the compared stereo methods in
terms of robustness under aggressive scenarios. For the large
scale sequences of DSEC, the TGP-based pipeline obtains the
highest precision in both attitude and position estimation. This
is mainly attributed to the use of the White-Noise-on-Jerk
(WNQJ) prior. Since these sequences are captured using a
car moving at nearly constant velocity with smooth rotations,
the motion patterns closely align with the assumptions of the
WNOIJ model.

2) Results for own-collected data: The DVXplorer (640 x
480 pixels) event camera is mounted to a DJI M300 quadrotor
(see Fig. 4). The event streams of camera and the inertial
measurements of the quadrotor are simultaneously collected
together with ground truth. Ground truth is provided by an
Optitrack motion capture system for indoor sequences and
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THE COMPARATIVE RESULTS WITH STEREO METHODS
Dataset  Sequence ESIO [39] ESVO+IMU [40] ESVO2 [41] TGP [9] GPP [34] GPO (Ours)
Crmse | MPE Crmse | MPE Crmse IMPE  Crmse I MPE  Crmse / MPE  Crimse | MPE

city_04_a 4.83/433 3997038 3.62/0.23 1.87/0.58 3917359 6.75/2.65

city_04_b 10.08/ 6.02 3.65/091 2907/ 1.24 1.33/0.06 19.89/ 0.05 26.49/ 0.03

city_04_c 4.52/1.59 16.29/ 1.07 740/ 0.84 2.85/0.96 2.16 /1 0.47 2.09/0.22

DSEC city_04_d 12.03/11.03 26.12/ 1.20 19.95/ 0.86 10.13/ 0.20 10.70/ 0.45 11.03/ 0.21
city_04_e 19.42/11.74 13.51/ 0.82 7337042 1.1570.27 2.89/0.03 426/0.03

city_04_f 32,62/ 9.02 6.39/1.19 12.09/ 0.50 7.56 1047 3.18/0.11 3297020

Avg. 13.92/7.29 11.66/ 0.92 8.88 / 0.68 4.15/0.42 7.12/0.78 8.99/0.56

desk_f1 6.60 / 4.67 XX X1x 18.72/ 1.23 17.19/ 0.87 674/ 0.74

hdr_f1 XX XX XX 4.65/0.72 6.86 /0.92 4.38/0.62

VECtor mount_f1 X1x XX X1x 5771033 4.94 /041 3247023
- robot_f1 X1x X1x X1x 9.30/1.07 3.83/0.62 1.67/0.42
sofa_f1 X1x XX X1x 10.78/ 0.73 11.38/ 0.68 6.61/0.45

Avg. 6.60/ 4.67 -/ - -/- 9.84/0.82 8.84/0.70 4537049

agg_flip 20.10/ 3.40 XX X1x 10.29/ 1.11 9.71/0.81 7.9270.64

agg_rot 28.43/ 0.83 XX X1x 9.30/0.16 778/ 0.19 1.88 /7023

agg_tran 17.53/ 0.57 XX X1x 7.73170.22 6.87/0.19 4.8970.19

HKU-S  hdr_agg 18.52/ 1.44 XX X1x 22.24/ 0.60 10.68/ 0.48 19.46/ 0.55
hdr_circle 13.95/ 0.50 X1x X1x 7.94 1049 6.93/0.85 6.01/0.32
hdr_tran_rot 23.85/ 0.95 X1 x X1x 1.84/0.30 6.65/0.45 7.35/0.41

Avg. 20.40/ 1.28 -/ - -/- 9.89/0.48 8.10/0.50 7.92/0.39

Units: [%] for MPE, [deg] for Cymsc. MPE is the Mean Position Error where the SE(3) transformation is used to align the estimated
trajectory and ground truth for stereo methods, while the S1M(3) transformation is leveraged to align estimated trajectories of monocular
methods. The results for ESIO, ESVO+IMU, and ESVO2 on the DSEC dataset are obtained using their public available raw trajectories, while
other unavailable results are reproduced using their source codes with and i

TABLE III
THE RMSE OF OWN-COLLECTED DATA

USLAM [28] TGP [9] GPP [34] GPO (Ours)
Sequence

Crmse MPE  Crmse MPE  Crmse MPE  Crmse MPE
indoor_02 7.16 2.83 630 1.15 6.51 1.38 290 0.86
indoor_03 98.18  5.47 408 085 507 203 232 1.02
outdoor_01 9.87 450 2.66 230 073 247 053 215
outdoor_02 X X 1.64  0.37 1.47  1.05 0.74 092
outdoor_03 X X 1.03 045 0.61  0.15 049  0.15
outdoor_05 111 292 337 1.80 6.44 237 1.60 1.12
outdoor_06 17.60  8.36 150  0.32 328 046 1.64  0.54
Avg. - - 294 103 344 142 146  0.97

Units: [%m] for MPE, [deg] for Crmse. All methods are aligned with the ground truth using
the position and yaw angle transformation.

Reported Events

DVXplorer Event Camera

Fig. 4. Real-world experiment scenario.

by Real-Time Kinematic (RTK) for outdoor scenarios. The
quadrotor mainly executes aggressive translational motion,
which means the baseline trajectories have smaller variations
in yaw angles, as displayed in Fig. 5. The roll and pitch
variations are mainly caused by the acceleration of the drone.
As shown in Table III, our GPO-based method outperforms the
others in both attitude and position estimation. Compared with
global TGP, GPO improves the position and attitude accuracy
by 5.83% and 50.34%. Intuitively, the GPO can be regarded
as a low-pass filter for the noisy inertial measurements,
thereby it can reduce the accidental measurement errors in
raw measurements. Otherwise, its continuous-time integration
model can normally achieve higher accuracy than discrete-
time preintegration. In summary, the GPO will become a more
efficient and precise candidate for fusing totally asynchronous
measurements with IMU.

=== Estimated Traj.
== = Ground Truth

18

z [m]

14

12

10

Landmark Depth [m]

Fig. 5. Estimated trajectory and landmarks for outdoor_05.

TABLE IV
THE RUNTIME COMPARISON OF EACH MODULE

Sequence  Method Front-End Preintegration  Construct Factors ~ Optimization
dmns Go  BTx10 I i woas
N
Wi O agaos R 1276 248

Units: [rns/event] for the asynchronous Front-end, [ms] for other modules. Bold numbers
indicate higher time efficiency.

3) Efficiency Analysis of the Odometry System: To assess
the time efficiency of the GPO method in practical odometry
systems, the computational breakdown for each module is
recorded and compared with the GPP-based odometry. Since
the asynchronous front-end processes raw event streams in
an event-by-event manner, the average processing time per
event, rather than per frame, is reported, as shown in Table I'V.
Despite the time cost being reduced to ps magnitude, the
serial processing still introduces a time lag that is roughly
two times the real-time requirement. As our GPO obtains
constant time cost for querying pseudo-states, the GPO-based
method achieves superior time efficiency for constructing
factor graph and back-end optimization, as in Table IV. The
higher integration efficiency of GPP primarily results from the
segmented parallel solving strategy during testing. A similar
approach could be adopted for GPO in the future to further
enhance its integration performance.

V. CONCLUSION

In this study, we proposed GPO, an efficient local TGP-
based preintegration method specially designed for asyn-
chronous fusion. We evaluated its performance against other
GP-based methods, LPM, GPP, and global TGP. The experi-
mental results demonstrate that GPO effectively balances accu-
racy, robustness, and computational efficiency. GPO achieves
a constant time cost for querying pseudo-measurements, Jaco-
bians, and covariance matrices, and linear cost for preintegra-
tion. The local pre-optimization can reduce the complexity of
back-end optimization and improve the estimation accuracy.
Therefore, we suggest the GPO be a new optional scheme for
asynchronous sensor fusion.
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