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GNSS-Visual-Inertial State Estimator for Multi-Agent Systems
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Abstract— Cooperative localization is essential for swarm ap-
plications like collaborative exploration and search-and-rescue
missions. However, maintaining real-time capability, robustness,
and computational efficiency on resource-constrained platforms
presents significant challenges. To address these challenges,
we propose D-GVIO, a buffer-driven and fully decentral-
ized GNSS-Visual-Inertial Odometry (GVIO) framework that
leverages a novel buffering strategy to support efficient and
robust distributed state estimation. The proposed framework
is characterized by four core mechanisms. Firstly, through
covariance segmentation, covariance intersection and buffering
strategy, we modularize propagation and update steps in
distributed state estimation, significantly reducing computa-
tional and communication burdens. Secondly, the left-invariant
extended Kalman filter (L-IEKF) is adopted for information
fusion, which exhibits superior state estimation performance
over the traditional extended Kalman filter (EKF) since its state
transition matrix is independent of the system state. Thirdly,
a buffer-based re-propagation strategy is employed to handle
delayed measurements efficiently and accurately by leveraging
the L-IEKF, eliminating the need for costly re-computation.
Finally, an adaptive buffer-driven outlier detection method
is proposed to dynamically cull GNSS outliers, enhancing
robustness in GNSS-challenged environments.

[. INTRODUCTION

In recent years, multi-agent systems have demonstrated
great potential in a variety of applications, including col-
laborative autonomous exploration [1], [2] and search-and-
rescue missions [3], [4]. Robust collaborative localization
enables agent teams to operate autonomously in unstructured
and dynamic scenarios. A fundamental requirement for real-
world multi-agent deployments is distributed state estima-
tion, in which each agent estimates its own state from local
observations.

Currently, in outdoor scenes, Global Navigation Satellite
System (GNSS), particularly Real-Time Kinematic (RTK),
is widely used for estimating the agent’s position, as GNSS
provides global position without accumulating drift over time
[5]. In contrast, in GNSS-denied environments such as indoor
scenes, visual-inertial odometry (VIO) [6] or LiDAR-inertial
odometry (LIO) [7] are much preferred. Previous studies
[5], [8] have shown that combining GNSS positioning with
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Fig. 1. Decentralized GVIO system with two agents (Agent;, Agent,).
Each agent runs a local filter for propagation and private updates using IMU,
GNSS, and camera data. Collaborative updates occur when both agents
observe common landmarks via feature matching.

VIO enables high-precision localization while maintaining
low-drift performance at the global scale. Therefore, the
integration of GNSS and VIO offers an effective solution
for achieving accurate and robust distributed state estimation
in multi-agent systems (see Fig. 1).

However, applying distributed state estimation to multi-
agent systems remains challenging. As the number n of
sensors per agent increases, the computational burden of
naive estimators grows cubically [9], imposing heavy com-
putational loads and degrading real-time performance, espe-
cially on resource-constrained platforms. Additionally, main-
taining cross-covariance with other agents leads to com-
munication and memory burdens that grow linearly with
the number of encountered agents [10]. Thus, methods like
distributed approximated cross-covariance [11] are not well-
suited for large-scale swarms and long-duration missions
involving frequent encounters. Moreover, information fusion
from different sensors remains challenging due to varying
sampling rates and computational delays. Communication
and computational delays between agents are also inevitable
[12]. These issues can lead to delayed measurements, which
in turn may trigger extensive re-computations to maintain
filter consistency.

To this end, we propose a decentralized GVIO sys-
tem. This system features low computational and memory
burdens, effective handling of delayed measurements, and
robustness to unreliable GNSS observations. These charac-
teristics make D-GVIO well-suited for resource-constrained
platforms. More precisely, our contributions are:

o A buffer-driven decentralized collaborative GVIO sys-
tem enabling efficient and robust distributed state es-
timation. This system features low computational and
memory costs, and integrates an efficient delayed mea-
surement handling strategy using invariant extended
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Kalman filter (IEKF).

o An efficient GNSS outlier detection and culling strategy.
Unlike traditional chi-square test approaches that evalu-
ate Mahalanobis distance, this system employs a buffer-
based method that detects outliers by comparing GNSS
velocities against an entropy-adaptive threshold derived
from VIO kinematics and the Boltzmann criterion.

o Comprehensive experiments on open-source and real-
world datasets. Experimental results demonstrate the
efficiency and reliability of D-GVIO. Furthermore, in
order to support the community’s development, we have
open-sourced our code and datasets on GitHub.

II. RELATED WORK

In recent years, cooperative localization for multi-agent
systems has received significant attention. Existing ap-
proaches in cooperative localization can be divided into
centralized and decentralized [13]. The former relies on a
central unit acting as a server, where all agents upload their
sensor data for fusion. In contrast, the latter performs data
fusion locally on each agent, which requires efficient fusion
mechanisms and minimal data exchange [14], [15]. Although
a centralized system is easier to implement, it relies on a
central entity that must always be reachable and fault-free.
Therefore, this work focuses on the decentralized approach,
which is more robust and scalable.

In decentralized framework, using sensors such as cam-
eras, inertial measurement unit (IMU), or LiDAR to per-
form collaborative simultaneous localization and mapping
(SLAM) for multi-agent systems is an intuitive approach.
For cooperative SLAM in large-scale swarms, Schmuck et al.
proposed COVINS [16], which leverages the dynamic redun-
dancy pruning strategy, and efficient pose graph management
to achieve sub-decimeter localization accuracy in multi-
agent systems. However, this system relies on pose graph
optimization, incurring high computational costs and poor
real-time performance. Consequently, filter-based approaches
become preferable for resource-limited platforms. Zhu et
al. proposed Swarm-LIO [17], a decentralized filter-based
swarm LIO system achieving centimeter-level accuracy, and
its successor Swarm-LIO2 [14], which improves scalability
by using dynamic state compression and time compensation
to limit state dimension growth with swarm size. The afore-
mentioned studies for cooperative localization rely on sen-
sors such as IMU, LiDAR, and camera. Nevertheless, these
sensors cannot provide global positioning, leading to drift
accumulation [17]. Thus, GNSS integration, particularly with
high-precision RTK positioning, becomes crucial in GNSS-
available environments. Meanwhile, in challenged scenarios
such as tunnels and dense urban areas, efficient outlier
detection and robust measurement weighting strategies are
required to handle degraded and unreliable observations.

Distributed state estimation on resource-limited platforms
is vital for cooperative localization. Polizzi et al. [13]
proposed a decentralized VIO using a vector of locally
aggregated descriptors (VLAD) [18] based request-response
strategy for low bandwidth. However, the high-dimensional

covariance matrix required during propagation step results
in a great computational burden. Addressing this, Bromme
et al. [9] proposed a filtering-based multi-sensor fusion
method using covariance segmentation. Jung et al. [19]
then extended this to multi-agent systems, enabling efficient
distributed state estimation. This system minimizes commu-
nication and computation by only exchanging data during
joint observations. However, it scales poorly to large swarms
as maintaining inter-agent dependencies incurs memory and
communication burdens that grow linearly with the number
of encountered agents.

Moreover, handling delayed measurements from commu-
nication and computation delays remains challenging. Ex-
isting re-computation approaches [9], [13] incur high com-
putational burdens when high-frequency sensors are used.
For multi-agent systems, Tasooji et al. [20] proposed a
decentralized event-triggered method to mitigate accuracy
loss induced by delayed measurements, but this method
requires state augmentation, which increases the computa-
tional burdens. To efficiently handle delayed measurements,
Alexander [21] proposed a re-propagation method that prop-
agates the covariance and mean of error-state from the
measurement occurrence moment to the update completion
moment. However, the traditional EKF-based re-propagation
method cannot avoid accuracy degradation, since its state
transition matrix depends on the estimated state and thus
becomes inaccurate when the estimated state deviates from
the true state. Thus, it is meaningful to investigate how
to process delayed measurements rapidly while maintaining
state estimation accuracy.

III. METHODOLOGY

A. Overview

This work considers a system of n agents, each equipped
with an IMU, camera, and GNSS, maintaining a local
filter and capable of inter-agent communication (e.g., via
WiFi). A tightly-coupled approach is employed for camera-
IMU fusion due to its superior accuracy and robustness
[22]. Conversely, a loosely-coupled approach is used for
GNSS-IMU fusion to facilitate decoupling during GNSS
outages. As illustrated in Fig. 2, the proposed D-GVIO is
organized into three major modules: (i) The pre-processing
module handles GNSS position input, track management, and
IMU error compensation with SINS mechanization; (ii) The
measurement update module performs GNSS and visual
information fusion efficiently and robustly through private
updates, supported by outlier detection, cross-covariance
propagation, and re-propagation for delayed measurements;
(iii) The collaborative update module establishes feature
correspondences across agents and performs either collabora-
tive multi-state constraint Kalman filter (MSCKF) or SLAM
updates, with consistency ensured via covariance intersection
(CI) algorithm [23]. Due to the space constraints, the specific
procedures for collaborative MSCKF and SLAM updates can
be found in [13].
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Fig. 2. Block diagram of the proposed system. Each agent maintains local SLAM features and MSCKEF tracks for measurement updates. When receiving
messages from other agents, the system finds feature correspondences and performs collaborative MSCKF or SLAM updates.
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Fig. 3. Coordinate frames in the GVIO system and their transformations
between each other. The transformation of frame {C'} into the frame {I}
is (RL,pl) and the transformation of frame {I} into the frame {W} is

(R, pY)-
B. Reference Frames and Notations

The coordinate frames used in this work are shown in
the Fig. 3. {W} denotes the world frame. {E} represents
the Earth-Centered Earth-Fixed (ECEF) frame, which is the
reference frame of GNSS position measurements. These
measurements can be transformed into the world frame {W'}
using the rotation matrix RY and translation vector p¥. {I}
represents the IMU frame rigidly attached to the IMU, and
{C} denotes the camera frame rigidly attached to the camera.

In this work, the notation (e)“ represents a quantity
expressed in the frame {W}. The velocity and position of
the IMU w.r.t. the frame {W} are expressed as v}’ and pY,
respectively. The notation R} represents the rotation matrix
which rotates a vector ! defined in the frame {I} to a vector

v = R¥x! defined in the {WW} frame. Furthermore, [o]x
denotes the skew-symmetric matrix of a three-dimensional
vector, while [o]T is used to represent the transpose of a
matrix.

C. State Definition and Information Fusion via IEKF

In D-GVIO, the system state x of each agent can be
divided into IMU-related core states x 7, visual-related states
Xv, and GNSS-related states x4

X = (XIy Xv; Xg) = (R, 07, PT bg, ba, X, Xg) (1)
((vapcl)‘ (Rw vpcM)7f1~'~fN) (2)

where Xg = I is the arm lever between IMU center and the
GNSS antenna phase center X evolves on &product manifold
M = SE; (3) x (R%)® x (SO (3) x B%)™ x (RN x R?,
(RY, vy, pY) € SE; (3) is the extended pose and (bg, b,) €

(R3)2 are the gyroscope and accelerometer biases, respec-
tively. The visual-related states include the sliding window
states and the feature states. The sliding window states
include the poses (RY,pY) € SO (3) x R? of the camera
frame at the past M image time instances. The feature states
include the inverse depth parameterization of landmarks f;
with ¢« = 1,..., N [13]. (3) defines the (18 + 3N + 6M)-
dimensional logarithmic error on the manifold M based on
IEKF.

R, -Rivy -Ripy | [ Ry of py
n =1 Oixs 1 0 O1x3 1 0

01><3 0 1 01><3 0 1
R R} R.Loy - Rlvy RLpY - Rlpj

= O1x3 1 0 3)
O1x3 0 1

by = by — by, db, = by — by, exp (¢°x) = RS RY

opY =pY —pY.of; = fi— fi ol =l — 1,

where 7 is the left invariant error; éb, and 0b, are the errors
of gyroscope and accelerometer biases, respectively; exp ()
denotes the exponential map of the group SE; (3); ¢° is
the attitude error of the camera expressed in the form of a
rotation vector; dpl is the position error of the camera; d f;
and 4§, are the errors of the inverse depth parameterization
of landmarks and arm lever, respectively.

The IEKF [24] is used for information fusion from differ-
ent sensors and agents. The discrete propagation step at time
t;, is as follows:

Xlk—1 = f (Xb—1/k—1,u) “4)

Py—1 =Fi P11 F] + G,QiG} 5)

where X x—1 is a priori estimate with covariance Pyj_1;

f () is the process function; uy is the control input (e.g.

inertial measurements); F}j is the discrete state transition

matrix; Qy is the covariance of the process noise; Gy, is the

process noise matrix. It is noteworthy that the propagation

step requires propagating the core states covariance and

cross-covariance between the core states and the measure-
ment sensor states.

The observation information is fused into the estimated
state through the update steps [25]:

Ky = Py Hy" (Ny, + Hy Py Hy) ©)
Py = (I - KkaT) Pyj_1 £ APy @)

& = Ki (Y — h (Xkie=1)) » Xeje = Xuo—1 B & ()

-1
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where K, is the gain matrix at time tj; Hj is the mea-
surement matrix; IV is the measurement noise covariance
matrix; & (+) is a function of the state; yy, is the measurement
of the sensor at ty; A = (I — KkaT) is the correction
term [26]; & is the mean of error-state; Xy is a posteriori
estimate with covariance Py y; box minus B represent the
"minus" on the state manifold [14]. During the update steps,
the covariances and cross-covariances of all participating
agents or sensors will be updated.

D. Efficient Distributed State Estimation via Buffer-
Enhanced Covariance Management and Modular Architec-
ture

D-GVIO employs a modular framework, where each
agent maintains sliding buffers based on sensor fre-
quency. These include: a high-rate IMU buffer B/MU =
Hist{xx, Pk, Fi, Gi,t;} that stores core states (states
and covariance), state transition matrices, and noise
transition matrices; as well as low-rate sensor buffers
BGNSS — HiSt{Xk,Pk,Ak,tk}GNss and BVisual —
Hist{xx, Py, Ag,tx}V % for storing sensor states and
correction terms. Hist{-} denotes a time-horizon sliding
buffer that chronologically maintains elements within a fixed
duration [26], with older elements being discarded when
exceeding the horizon. Buffers are fixed-size and determined
by sensor rates: B/MU is larger due to the higher IMU
frequency, while BEVSS and BY#*5“ are smaller to reduce
the memory burden caused by storing cross-covariances. This
strategy maintains constant system maintenance complexity
and decouples different sensor states to enable modular
processing.

It is worth noting that D-GVIO adopts a tightly-coupled
VIO framework [22], which increases the dimensionality
of the covariance matrix compared to loosely-coupled ap-
proaches, leading to higher computational costs. To address
this, the covariance segmentation method is adopted to de-
couple cross-covariances from full-covariance propagation.
The full-covariance Py is partitioned into core covariance
Plﬁk and cross-covariance Pkcf ,’CS. Instead of propagating the
full-covariance matrix at each time step, the cross-covariance
propagation is deferred and reconstructed in the next update
step using stored state transition matrices F} and correction
terms Ay in the buffers (see Fig. 4). This cross-covariance
propagation strategy improves efficiency by avoiding full-
covariance propagation and enables modular sensor integra-
tion by keeping the core state estimates independent.

Moreover, when agent Ay and others co-observe a land-
mark or match SLAM features, a collaborative update is
triggered on Ay. While maintaining consistency typically
requires tracking inter-agent cross-covariances, this becomes
memory-intensive as the number of agents grows. To address
this, D-GVIO adopts the CI algorithm, which enables con-
sistent data fusion without explicitly maintaining inter-agent
correlations [27]. Specifically, the CI algorithm produces a
more conservative covariance estimate than the real estimate
one could obtain considering the cross-correlation, ensuring
the IEKF remains consistent and avoids overconfidence.

More importantly, CI algorithm entirely eliminates the need
to store and communicate inter-agent cross-covariances, sig-
nificantly reducing memory and bandwidth requirements.
This makes the CI particularly well-suited for resource-
constrained multi-agent systems. Furthermore, to achieve
low-bandwidth request-response communication, D-GVIO
employs VLAD to generate compact binary scene descrip-
tors, which can reduce inter-agent data exchange volume.
Each agent sends a RequestUAV message at 10 Hz contain-
ing a binary VLAD descriptor generated from ORB features
using a vocabulary of 64 centroids. The RequestUAV mes-
sage weighs approximately 2.05 kB, significantly smaller
than a full MessageUAV (approximately 190.7 kB).

Fig. 4.  Cross-covariance propagation is delayed until the next update
step (at time tj), and is propagated using the state transition matrix and
correction term stored in the buffer.

E. Efficient Delayed Measurement Handling Strategy Using
IEKF

In order to enhance real-time performance and better adapt
to the distributed nature of multi-agent systems, D-GVIO
decouples IMU processing from other sensor measurements
(e.g., vision or GNSS) into parallelized independent threads.
However, in multithreaded systems, since the processing time
of the IMU is often shorter than the update steps of other
sensors, computational or communication delays will lead
to extensive re-computation steps. In general, when delayed
measurements occur (see Fig. 5), the re-propagation strategy
[21], which propagates both the covariance and mean from
tr to t,, using the state transition matrices stored in the
buffer, can efficiently handle delayed measurements, and
this method can handle delayed measurements in private
update and cooperative update. The re-propagation steps are
as follows:

m m T m
PSy = ( II Ff> Pﬁk.( I FF) + My €m = < II Ff) & 9

i=k+1 i=k+1 i=k+1
My, k1 = 275911 FFGi_1Qi (FL‘CGi—l)T + GnQnGY, (10)
where M, ;.41 is the accumulated process noise from time
ty+1 to t,,. Therefore, using the state transition matrices

: , o [ @cores
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g v ‘*\ v ore >enso
£ (S ] O OSomsor 1
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5] =
>
| 00-00 - 00-
f I T T | T
time
t U
Fig. 5. Delayed measurement scenario: Sensor 1 performs update step at

time t;. Due to the communication and computational delays, the update
step is not completed until time ¢,,.
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stored in the buffer, the covariance and mean at time ¢,,, can
be efficiently computed through (9).

However, in traditional EKF, F} = g—g()zk‘k,l,uk) is
linearized at the estimated state X|x—1. An initial estimate
that deviates from the true state may yield an inaccurate Fy, ,
resulting in inconsistency issues. This issue is further exacer-
bated when delayed measurements occur, as re-propagation
of the covariance and mean via (9) is required. The time-
varying F}, during re-propagation introduces inconsistency
in the covariance propagation path. Although recomputing
each Fj would be accurate, it is computationally expensive.
To address this, the IEKF is adopted for information fusion.
In IEKEF, the system dynamics are required to be group affine.
This property guarantees that the left-invariant error or the
right-invariant error is autonomous, resulting in their state
transition matrix only depend on the control input uy, not
on the estimated state Xkl k—1 [28]. According to [29], the
state transition matrices and process noise matrix of L-IEKF
and right-invariant EKF (R-LIEKF) are as follows:

—whX  Osx3  Osxs | Isxs  Osxs ]
FL — gA"At AL _ —fix —whx 03;<3 1 03x3 Isxs an
g ' SOk T mwpx o Osx o Osx
O6x9 ' Ogxe ]
O3x3 Osxz Osxz 1 Ry Osxs 1
" X Opes Osey | 6F x RY RY
F;f = ATAL AR - g9 3x3  Usxs i A{u T (12)
CO5x_Isx Osxs 1 PY X RY O3
O6x9 ! O6x6 J
I o "0 R? 03x5 0343 | Ozxs ]
5% 6 6x3 | Y6x6 Sw pw pw non | Oaop
GE=| 0355 Osc3 ' 030 | GF=| 1" I?ﬂ, R Osxs | 0o (13)
R ioras S Py X RY 03x3 03x3 1 03x6
6x9 6x6 | |- --F-S == - ==~ s P
O6x9 ! Toxe

where w!, and f) represent the outputs of the gyroscope
and accelerometer, respectively; g is the gravity vector; A
and A% are the linearized error state matrices of L-IEKF
and R-IEKF, respectively; Gé and G,Ij are the process noise
matrices of L-IEKF and R-IEKF, respectively; At is the
sampling period.

As shown in (11), (12) and (13), FkL and G,’;‘ are inde-
pendent of the state estimate, whereas Fif* and GF exhibit
state dependence. We attribute this to the inclusion of biases
b, and b, in the system state, which is defined in the
body frame. L-IEKF defines all error states in the body
frame, naturally aligning with the bias coordinate system
and avoiding state dependence introduced by coordinate
transformation. Therefore, state-independent L-IEKF is used
in D-GVIO for information fusion.

FE. GNSS Outlier Detection and Culling Strategy

GNSS measurements in challenging scenarios (e.g., tun-
nels, dense urban areas) are prone to outliers, which can
severely degrade fusion-based odometry accuracy. However,
conventional outlier detection methods like the chi-square
test [30] suffer from covariance sensitivity and high com-
putational cost (due to covariance inversion operations).
Therefore, a buffer-based position constraint outlier culling
(PCOC) algorithm is proposed to overcome these challenges.
PCOC estimates velocity v{VSS from consecutive GNSS
positions p§VSS and p{™ and compares it to a dynamic
threshold derived from the mean and standard deviation

within the GNSS buffer BN, If vIN55 significantly
exceeds the threshold, the GNSS position p§/~V°* is regarded
as an outlier and subsequently removed.

To enhance outlier detection robustness, we propose an
entropy-adaptive velocity threshold strategy that jointly ex-
ploits GNSS and VIO kinematic information. In this strategy,
the local VIO module provides stable velocity estimates
v/ 19, from which we derive the acceleration |a}!®| =
|v)/ 1O — v 10| /At. The acceleration |a} 7| quantifies the
system’s dynamic uncertainty through the lens of information
entropy, where higher acceleration implies greater entropy
production. This entropy-acceleration relationship follows
from the Boltzmann entropy principle S = kpln (), with
Q) representing the accessible state volume and kp is the
Boltzmann constant. Specifically, the threshold adjustment
factor k is modeled as a function of the normalized velocity
7 and acceleration |a) 7| according to the 3¢ criterion:

Vihreshold = w+ ko, k=3+ (1 + 7.) -In (1 + ‘ak"/lo‘) (14)
where  Vipreshoia 18 the velocity threshold, » =
min(v) 19 /o™ 1) is the normalized velocity with
v as the empirical maximum velocity. The logarithmic
term In(1+|a} ©|) encodes the entropy production rate, and
the factor (1 + r) incorporates velocity-dependent effects.
This design ensures 30 bound for static scenarios while
enabling adaptive threshold relaxation during acceleration.
The specific process is depicted in Algorithm I.

Algorithm 1: Position Constraint Outlier Culling

Input: GNSS positions kaNSS, VIO positions p
GNSS buffer size W, Parameters 8 and v°™P

VIO BGNSS
k 5

-

. Preprocessing:
Compute GNSS velocity squared:
GNSS _ 1 3 GNSS GNSS
Uk = a7 2k=1(PF - PEr")
Compute VIO velocity squared:
VIO _ 1 3 VIO GNSS
vt = 17 Yooy 19 = PRECY)
Compute the mean and standard deviation:

_ GNSS ,,GNSS GNss]
po=mean([vp3, VPN L ORY)

o= std([vgﬂs‘;ﬂ vgﬂsﬁ,+l, . USNSS])
2. Compute velocity threshold:

V;hrsshold =p+ ko
3. Outlier detection:

it WF V99 > Vipresnolq) then

pk’NSS = Null« If it is an outlier, remove it.
else
pgNSS = kaNSSe If it is not an outlier, store it in the BENSS,
NNS GNSS
B ’ .push (p,c )
end if

3. return p§V IS BENSS

IV. EXPERIMENTS

In this section, we evaluate the proposed D-GVIO us-
ing both public and self-collected datasets, including eight
representative sequences. First, we compare the proposed
D-GVIO with state-of-the-art (SOTA) approaches on the
public simulation Castle Around dataset [13]. Next, we
assess the D-GVIO using EKF, L-IEKF, and R-IEKF, along
with a comparative analysis between D-GVIO’s distributed
state estimation approach and centralized EKF on the public
S3E Square [31] as well as our real-world datasets. In the
experiments, the initial yaw is derived from a dual-antenna
GNSS system, which calculates the heading by measuring
the phase difference of carrier signals between two physi-
cally separated antennas. In D-GVIO, the buffer sizes are
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configured as follows: the IMU buffer B/MU stores up to
300 states, while the GNSS buffer BSV55 and visual buffer
BVisual each store up to 10 states. Given the current lack
of open-source decentralized GVIO systems, we evaluate
the VIO performance of D-GVIO against the state-of-the-art
decentralized cooperative systems, COVINS [16] and X-VIO
[13]. For GVIO performance, we compare D-GVIO with two
representative single-agent systems: IC-GVINS [32], which
is based on graph optimization, and InGVIO [33], which is a
filter-based approach. For all three datasets, RTK positioning
solutions were adopted as the reference ground truth. All
experiments were conducted on a uniform hardware platform
(Ubuntu 20.04 LTS, Intel Xeon Silver 4214R, 64GB RAM).

A. Simulation Experiments

The Castle Around dataset (see Fig. 6(a)) simulates four
UAVs flying cooperatively around a 3D model of Inveraray
Castle, following a square trajectory of 220 m. It is generated
using the VI-Sensor Simulator (752x480, 30 Hz), with
simulated IMU (ADIS16448, 200 Hz) and RTK positioning
solution (10 Hz), featuring diverse altitudes and orientations
over 30 seconds of flight.

1) Performance Comparison with SOTA Approaches: A
comprehensive comparison with SOTA approaches is sum-
marized in Tables I and II. As shown in Tables I and II, D-
GVIO achieves absolute trajectory error (ATE) comparable to
X-VIO, but with significantly lower central processing unit
(CPU) and memory usage. Unlike the centralized EKF in
X-VIO, D-GVIO propagates only core covariances and em-
ploys an efficient delayed-measurement processing strategy,
substantially reducing memory and computation costs. The
ATE of D-GVIO is slightly higher than that of COVINS. This
outcome is expected, as the COVINS system incorporates
loop closure detection and global pose and map optimization
capabilities. Nevertheless, D-GVIO demonstrates reduced
memory usage, lower CPU usage, and lower number of
messages exchanged between agents compared to COVINS.
This is because the factor graph approach requires storing
the poses of historical keyframes, and landmarks. The fac-
tor graph optimization process involves iteratively solving
nonlinear least-squares problems, resulting in significant
memory and computational burdens. Compared with IC-
GVINS, D-GVIO maintains similar sub-decimeter ATE but
reduces CPU usage by 20-30% and memory consumption
by over 70%, demonstrating significantly higher efficiency.
In contrast, when compared with the filter-based InGVIO, D-
GVIO achieves superior ATE accuracy while also exhibiting
lower CPU and memory usage.

2) Consistency: Normalized Estimation Error Squared
(NEES) is an important metric for evaluating the consis-
tency of filter estimation performance, used to determine
whether the filter is overly optimistic or conservative. Fig. 7
demonstrates the average normalized estimated error squared
(ANEES) of the pose estimation by D-GVIO using L-IEKF,
R-IEKF, and traditional EKF over 10 simulation runs. Due
to space constraints, we have selected the ANEES results

of UAV 1 for demonstration. Note that the ANEES of
the position and orientation should be on average 3. In
the experimental results, the traditional EKF yields more
optimistic uncertainty estimates compared to other two fil-
ters. Meanwhile, the L-IEKF demonstrates the position and
orientation ANEES closer to the reference value than the R-
IEKF. These experimental results confirms the importance
of keeping the state transition matrix independent of system
estimates in D-GVIO.

TABLE I
ATE (METER) COMPARISON WITH THE SOTA ON THE CASTLE AROUND
DATASET.
Datasets Agent Ours X-VIO COVINS Ours InGVIO IC-GVINS
(VIO) (VIO) (VIO) (GVIO) (GVIO) (GVIO)

UAV 1 067 0.70 0.51 0.07 0.08 0.06

Castle Around UAV2 0.74 073 0.63 0.11 0.07 0.06

astie Around Ay 3 0.82  0.82 0.76 0.08 0.13 0.11

UAV 4 079  0.83 0.80 0.07 0.09 0.10
TABLE II

ALGORITHM PERFORMANCE COMPARISON WITH THE SOTA ON THE
CASTLE AROUND DATASET.

Algorithm Agent N. of Messages sent Max CPU (%) Max Mem (MiB)

UAV 1 1042 135.66 81.21
Ours UAV 2 1068 142.01 89.31
UAV 3 1231 167.75 95.22
UAV 4 1256 171.68 92.31
UAV 1 3568 200.10 657.89
UAV 2 3576 205.21 648.48
COVINS  UAV 3 3833 199.31 701.31
UAV 4 3842 210.21 722.65
UAV 1 1046 208.47 95.56
UAV 2 1055 211.28 102.85
X-VIO UAV 3 1267 211.28 112.42
UAV 4 1253 211.28 115.29
UAV 1 - 145.35 92.35
UAV 2 - 157.22 94.15
InGVIO UAV 3 - 161.21 97.29
UAV 4 - 175.68 93.87
UAV 1 - 180.47 305.56
UAV 2 - 195.32 312.40
IC-GVINS UAV 3 - 185.48 311.14
UAV 4 - 188.01 315.59

B. Real World Experiments

In the simulation experiments, we conduct comprehensive
comparisons and analyses of D-GVIO and SOTA approaches.
To further validate the performance of D-GVIO and the
improvements of its submodules, we conduct experiments on
two sets of real-world datasets: the open-source S3E square
dataset and a self-collected dataset. The open-source S3E
square dataset (Fig. 6(b)) features two wheeled robots (Robot
1 and Robot 2) following square trajectories, with synchro-
nized 10Hz image data and RTK positioning solution. Our
real-world dataset were collected in a high-rise building-
dense area of Wuhan University. This dataset was collected
by two remotely controlled wheeled robots (Robot 3 and
Robot 4) equipped with industrial-grade cameras, GNSS
receivers/antenna, and IMU sensor. Due to severe multipath
effects caused by the high-rise buildings, GNSS positioning
accuracy was significantly degraded in this environment. This
dataset can be used to validate the robustness of the D-GVIO
system and the performance of its outlier detection module.
The GNSS localization results for both robots are shown in
Fig. 6(c).
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Fig. 6.

Dataset scenarios (a) "Castle Around" four drones fly around the Inveraray Castle model (https://skfb.ly/6z7Rr) by Andrea Spognetta licensed

under Creative Commons Attribution-NonCommercial. (b) "S3E Square" two wheeled robots driving around the square. (c) "our real-world dataset”" two
wheeled robots driving in parallel around a building. The subplot within the yellow box highlights GNSS outliers.
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Fig. 9. The execution time of D-GVIO and centralized EKF. The legends
inform about the average execution time for each robot. The two plots in
the first row and second rows show the execution time of propagation and
vision-related private and collaborative measurement update steps for two
robots, respectively.

1) Positioning Accuracy and Computational Efficiency:
Fig. 8 demonstrates the ATE of D-GVIO with EKF, L-
IEKF, and R-IEKF. In the experimental results for both
robots, the traditional EKF exhibits larger ATE compared
to other two filters. Meanwhile, the L-IEKF demonstrates
a smaller ATE and significantly more stable error curves.
These experimental results are consistent with the results

reflected by the ANEES for the traditional EKF, L-IEKF, and
R-IEKF in our simulation experiments (see Fig. 7). Addi-
tionally, Fig. 9 shows the execution time of propagation and
private/collaborative update steps in D-GVIO compared to
the centralized EKF. In propagation, D-GVIO is significantly
faster due to the covariance segmentation strategy, which
only maintains the core covariance during propagation. In
updates, D-GVIO incurs a slight time increase from cross-
covariance propagation. However, given the significant re-
duction in propagation time and the more modular handling
of sensors in D-GVIO, this modest increase in update time
is acceptable.

Robot 3 Robot 4
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Fig. 10. Trajectories estimate results for Robot 3 and Robot 4 in the real-
world dataset.

2) GNSS Outlier Detection: As shown in Fig. 10, in
GNSS-challenged environments, D-GVIO demonstrates bet-
ter robustness to GNSS anomalies compared to D-GVIO
without the outlier detection module (D-GVIO-WOQOD), ef-
fectively preventing outliers from degrading positioning ac-
curacy and achieving superior localization performance com-
pared to IC-GVINS. Moreover, compared with the computa-
tionally efficient velocity constraint outlier culling (VCOC)
algorithm [8], D-GVIO demonstrates higher sensitivity to
GNSS outliers. As shown in the two subfigures of Fig.
10, D-GVIO achieves more accurate elimination of GNSS
outliers, whereas VCOC is less sensitive to smaller outliers.
This is because unlike VCOC, which relies on empirical
values for outlier rejection, our method dynamically adjusts
the threshold based on the vehicle’s acceleration, thereby
accounting for the dynamic nature of the driving process.
These results demonstrate that our method effectively detects
and removes GNSS outliers, thereby avoiding their impact
on positioning accuracy.
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V. CONCLUSION

This paper proposes D-GVIO, a decentralized GVIO
system featuring a buffer-driven architecture. Unlike con-
ventional approaches, D-GVIO decouples core states and
other sensor states via a modular buffer design, significantly
reducing computational and memory burdens. Furthermore,
D-GVIO adopts a buffer-based re-propagation strategy with
IEKEF to efficiently handle delayed measurements, as well as
an adaptive GNSS outlier detection mechanism to improve
robustness in GNSS-challenged environments. Evaluations
on three independent datasets show that D-GVIO achieves
higher computational efficiency, lower memory usage, and
better accuracy compared to SOTA approaches. Its efficiency
and reliability make it well-suited for resource-constrained
platforms in multi-agent collaborative localization. Future
work will focus on dynamic collaborative networks to en-
hance robustness and accuracy in large-scale systems.
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